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Editorial on the Research Topic 


Prognostic gene signatures in skin cancer


Skin cancer is the most commonly occurring cancer worldwide with two major subcategories of melanoma and non-melanoma (1). Conventionally, skin cancers are treated with surgery and/or radiotherapy, however, if not diagnosed and treated early these malignancies can progress to locally advanced or metastatic stages. Over the past decade, a mechanistic understanding of immune regulation in skin cancer fueled the development of novel immunotherapy, including immune checkpoint inhibitors (ICIs), which has transformed the prognosis for many patients (2). Despite tremendous progress, currently, available therapeutics are still associated with sub-optimal responses due to drug resistance, especially against metastatic melanoma (3, 4). Hence, the identification of novel diagnostic, prognostic, and therapeutic targets is required for the management of skin cancers.

Bioinformatics analyses through several web servers and online tools (5) based on publicly available databases such as Genotype-Tissue Expression (GTEx) (6) and the Cancer Genome Atlas (TCGA) (7) have been used to identify potential prognostic markers in various cancers, leading to the establishment of predictive models to assess survival of individual patients (8). Importantly, prognostic gene signatures could help design novel strategies for the management of skin cancer. These studies are also important in guiding treatment selection and predicting patient outcomes. Moreover, the identification of potential biomarkers of skin cancers may also provide crucial information for the early detection of tumor relapse.

In this Research Topic, a total of 14 manuscripts were published focusing on prognostic genes in various skin cancer types including cutaneous melanoma (CM), uveal melanoma (UM), and cutaneous squamous cell carcinoma (cSCC). Overall, each team of investigators identified and validated either an individual gene or a multi-gene signature using several bioinformatics tools and/or in vitro experimental analyses. Below, we first discuss the studies focused on CM highlighting individual genes, and then a multi-gene signature, followed by the studies analyzing prognostic genes in UM and cSCC.

Zhang F et al. determined that eukaryotic translation initiation factor 6 (eIF6) may serve as a diagnostic and prognostic biomarker for predicting the survival of patients with cutaneous melanoma. Using immunohistochemistry (IHC) analysis of clinical specimens, the authors found that eIF6 was overexpressed in melanoma tumors compared to normal skin. eIF6 was also found to be significantly associated with decreased survival rates of patients with melanoma. Further, using in vitro experiments, this study showed that overexpression of eIF6 increased the proliferation and migration of melanoma cells. In addition, this study provided insights into the potential role of eIF6 in pan-cancer epigenetic regulation.

Zhong et al. described the oncogenic role of MYB proto-oncogene like 2 (MYBL2), a transcription factor that regulates the cell cycle. The authors showed overexpression of MYBL2 in malignant and metastatic melanoma patient samples, which was significantly associated with poor prognosis. The authors performed a loss-of-function study and demonstrated that MYBL2 depletion significantly decreased melanoma cell proliferation and migration as well as prevented cell cycle progression. They also showed that MYBL2 promoted the formation of melanoma stem-like cell populations, indicating its potential as a therapeutic target for treating resistant melanoma. Additionally, they constructed an MYBL2 regulatory network in melanoma by integrating RNA-seq and ChIP-seq data and identified three core target genes of MYBL2 that were EPPK1, PDE3A, and FCGR2A. Overall, this study concluded that MYBL2 may be a potential target for melanoma diagnosis and treatment.

Zhang J et al. showed decreased protocadherin 9 (PCDH9) expression in melanoma tissues compared to normal skin and pigmented nevus tissues using IHC analyses. The authors performed cell viability, cell cycle, apoptosis, and wound healing assay to determine the role of PCDH9 in melanoma. This study showed that an increase in PCDH9 could suppress melanoma cells and inhibit migration without exerting significant effects on the cell cycle. At a mechanistic level, the authors found that PCDH9 was negatively correlated with MMP2 and RAC1, while positively correlated with Cyclin D1. The authors concluded that PCDH9 could be useful as an independent prognostic marker for melanoma, and strategies to increase the expression of PCDH9 can be developed for the treatment of melanoma.

The study by Tong et al. aimed to identify new biomarkers for cutaneous melanoma and established a novel risk score system in melanoma prognosis. This study used univariate and multivariate Cox regression analyses to determine a model with four genes (ADAMDEC1, GNLY, HSPA13, and TRIM29). This four-gene risk score model was shown to be useful to predict the prognosis and treatment response in cutaneous melanoma. This model could be helpful to develop efficient therapeutic approaches against melanoma, however, additional studies are required to validate these findings.

Despite the success of immunotherapy that has transformed the prognosis for many cancer patients, no combined immune biomarkers are formally validated and recommended as a clinical tool for melanoma prognosis. In this regard, Zhang JA et al. described an immune-related prognostic gene signature in melanoma and correlated it with the immune infiltrating cells as well as the molecular subtypes of melanoma. The authors determined several differentially expressed genes such as IGHV1-18, CXCL11, LTF, and HLA-DQB1, which were associated with immune cell infiltration in patients with melanoma. In addition, the authors established a prognostic risk score for several types of immune infiltrating cells. These findings could be useful for future studies focusing on developing additional therapeutic strategies against melanoma.

Zhang H et al. constructed a 14-gene prognostic risk model based on cytolytic activity (CYT) level, an index of cancer immunity, in cutaneous melanoma using RNA sequencing data and clinical information from TCGA and GEO databases. The authors found that patients with high CYT levels had better prognoses. They also verified the expression of CYT-related genes in this prognostic risk model at the transcriptional as well as protein levels. In addition, the authors showed the utility of this model to predict and compare the response of patients to chemotherapy and immunotherapy. Altogether, this model could be helpful in the clinical management of melanoma.

Cutaneous melanoma is characterized by high immune cell infiltration in the tumor microenvironment (TME). However, an excess release of lactate, a major metabolic product, into the TME causes immunosuppression. Xie et al. determined the predictive value of lactate-related genes (LRGs) for prognosis and response to immunotherapy in patients with melanoma. This study found an inverse relation between the immune cells infiltration levels and clinical prognosis with patients’ risk scores based on the lactate-related prognostic signature and suggested that the low-risk cases could benefit better from immunotherapy. Overall, this lactate-related prognostic risk model may be explored in future clinical studies to predict survival and immunotherapy outcomes in patients with melanoma.

Interestingly, genes involved in DNA damage response could serve as promising candidates to predict response against ICIs. In this regard, Fischer et al. studied nine genes associated with xeroderma pigmentosum (XP), a genetic disorder caused by mutations in the genes of the nucleotide excision repair [7] pathway, which is primarily involved in the repair of ultraviolet radiation-induced DNA damage. As treatment with ICIs has been shown effective in XP patients with melanoma, the authors concluded that expression of XP-related genes could be used to predict melanoma prognosis as a well response to ICI treatment.

Zeng et al. established a prognostic nomogram based on metabolism-related genes (MRGs) and clinicopathological factors to predict melanoma prognosis. The authors identified several prognostic MRGs by comparing melanoma tumors with normal skin samples and suggested that two MRGs, tryptophanyl-tRNA Synthetase (WARS) and microsomal glutathione S-transferase 1 (MGST1) could be used as independent prognostic genes in melanoma.

Receptor tyrosine kinases (RTKs) are known to be overexpressed in tumors. In this regard, Lei et al. evaluated the association between overexpression of RTKs and survival in patients with melanoma based on several databases, which utilized IHC analyses. This study showed that overexpression of vascular endothelial growth factor receptor 2 (VEGFR2) was associated with worse patient survival in melanoma. Further, several other RTKs including epidermal growth factor receptor (EGFR), vascular endothelial growth factor receptor 1 (VEGFR1), insulin-like growth factor 1 receptor (IGF-1R), and mesenchymal-epithelial transition factor (MET) were also found to be associated with overall survival of patients with melanoma. This study concluded that overexpression of RTKs might be useful in accurate prognostic evaluation.

In another interesting study, Cheung et al. utilized next-generation sequencing (NGS) and performed hotspot mutation profiling on early-stage melanoma tumors obtained from patients at the Iowa City Veterans Affairs Medical Center. The authors found the highest prevalence of alterations in BRAF, TP53, NRAS, CDKN2A, KIT, and BAP1. In addition, they found significantly higher TP53 mutation in Veterans with prior history of melanoma. Overall, this study concluded that TP53 may be a useful marker to predict recurrent melanoma in the military population.

Luo et al. aimed to identify prognostic genes in uveal melanoma, the most common adult ocular tumor. The authors described prognostic implications of a ten-gene signature showing interactions with the immunodominant TME, which might be helpful to predict individual patient prognosis and develop new therapeutic strategies for patients with uveal melanoma.

Johnson et al. determined the role of complement factor H (CFH), a regulatory factor of the complement cascade, in the development of cSCC, the 2nd most common type of cancer in the US, following basal cell carcinoma. CFH has been shown to be associated with poor outcomes in different cancer types by affecting cell-mediated immunity. For this study, the authors utilized skin samples from sun-exposed normal individuals as well as cSCC patients. The results of this study showed that increased CFH levels in cSCC patients were independent of sun exposure and potentially linked to reduced effectiveness of the immune response leading to cSCC progression. The authors suggest that CFH levels might serve as a prognostic factor in cSCC.

Thind et al. performed whole-genome sequencing on lymph node metastases and blood DNA from cSCC patients with regional metastases of the head and neck. They designed a multifaceted computational analysis at the whole genome level to provide a deeper understanding of the genomic landscape of metastatic cSCC. The information provided in this study could be helpful to identify predictive biomarkers in primary as well as metastatic cSCC.

Taken together, the published studies in this Research Topic range from research articles to meta-analyses identifying various novel genes important in skin cancer prognosis and are appropriately collected under the title “Prognostic Gene Signatures in Skin Cancer”.
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Metabolic reprogramming is closely related to melanoma. However, the prognostic role of metabolism-related genes (MRGs) remains to be elucidated. We aimed to establish a nomogram by combining MRGs signature and clinicopathological factors to predict melanoma prognosis. Eighteen prognostic MRGs between melanoma and normal samples were identified using The Cancer Genome Atlas (TCGA) and GSE15605. WARS (HR = 0.881, 95% CI = 0.788–0.984, P = 0.025) and MGST1 (HR = 1.124, 95% CI = 1.007–1.255, P = 0.037) were ultimately identified as independent prognostic MRGs with LASSO regression and multivariate Cox regression. The MRGs signature was established according to these two genes and externally validated in the Gene Expression Omnibus (GEO) dataset. Kaplan-Meier survival analysis indicated that patients in the high-risk group had significantly poorer overall survival (OS) than those in the low-risk group. Furthermore, the MRGs signature was identified as an independent prognostic factor for melanoma survival. An MRGs nomogram based on the MRGs signature and clinicopathological factors was developed in TCGA cohort and validated in the GEO dataset. Calibration plots showed good consistency between the prediction of nomogram and actual observation. The receiver operating characteristic curve and decision curve analysis indicated that MRGs nomogram had better OS prediction and clinical net benefit than the stage system. To our knowledge, we are the first to develop a prognostic nomogram based on MRGs signature with better predictive power than the current staging system, which could assist individualized prognosis prediction and improve treatment.

Keywords: melanoma, metabolism related genes, overall survival, prognosis, nomogram


INTRODUCTION

Cutaneous melanoma (hereafter “melanoma”), a tumor most commonly observed in fair-skin populations, is the most lethal form of skin malignancy with great heterogeneity. Its incidence has been increasing worldwide over recent decades (1), and the prognosis of melanoma patients is poor due to its invasiveness and metastasis (2). Numerous efforts have been made to develop useful tools for melanoma prognosis predictions. The most frequently used tool is the American Joint Committee on Cancer's staging system for tumor-node-metastasis, but it is not satisfactory in current clinical practice. Increasing studies show that patients differed considerably in prognosis even at the same tumor-node-metastasis stage due to the discrepant genetic backgrounds (3). Therefore, it is still necessary to explore novel melanoma prognostic biomarkers for optimal therapeutic strategies.

Metabolic reprogramming, an emerging hallmark of cancer, allows cancer cells to survive, proliferate, and disseminate (4, 5). In the 1920s, Otto Warburg observed that proliferating ascites tumor cells preferentially performed glycolysis, even in oxygen-rich circumstances (6). This seminal finding has been observed in a wide variety of cancers and currently has been exploited clinically using 18F-deoxyglucose positron emission tomography (7). Mechanically, in proliferating tumor cells, glycolysis, instead of pure mitochondrial metabolism, could provide essential intermediates for biosynthetic pathways, such as lipid or nucleotide synthesis (8). Emerging studies highlight the close association between melanoma and metabolic reprogramming. For example, 18F-deoxyglucose positron emission tomography was applied for the detection of the early response to the B-Raf proto-oncogene, serine/threonine kinase (BRAF) inhibitor, vemurafenib, in BRAF-mutant melanoma patients (9). Also, some potential drugs navigating metabolic pathways have been exploited for melanoma in preclinical or clinical scenarios (10). Therefore, metabolism-related genes (MRGs) are promising therapeutic targets and prognostic predictors in melanoma.

Nomogram has become a reliable and convenient tool in cancer prognosis predictions (11, 12). Several prognostic nomograms have been established for predicting the prognosis of melanoma in recent years (13–15), while global expression pattern based on MRGs has not previously been recognized in melanoma. In this study, we aimed to develop and validate a novel prognostic nomogram based on MRGs signature and clinicopathological factors for ideally predicting the prognosis of melanoma patients.



MATERIALS AND METHODS


Acquisition of MRGs

MRGs were extracted from all 41 metabolic pathways in the Kyoto Encyclopedia of Gene and Genomes (KEGG) pathway (c2.cp.kegg.v7.0.symbols.gmt) from the Gene Set Enrichment Analysis (GSEA) website (https://www.gsea-msigdb.org/gsea/downloads.jsp#msigdb). Finally, a total of 948 MRGs were identified for our study.



Data Retrieval and Processing

The training cohort dataset with 460 melanoma RNA-sequencing data and clinical information was obtained from The Cancer Genome Atlas (TCGA) (https://portal.gdc.cancer.gov/). GSE15605 and GSE54467 were derived from the Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/). GSE15605, which included 46 primary melanoma samples and 16 normal skin samples, was used to identify differentially expressed genes (DEGs) using GEO2R. An adjusted P < 0.01 and a |log2 (FC) |> 2 were considered the cutoffs for identifying DEGs. GSE54467, which included 79 melanoma patients, was used as the GEO validation dataset. The intersected genes in TCGA cohort and GSE54467 dataset were extracted, and their expressions were normalized using the “limma” and “sva” packages using R software version 3.6.0. MRGs in these intersected genes were used for the following univariate Cox regression analysis. Patient clinical and pathological characteristics in TCGA and GEO cohorts are summarized in Supplementary Table 1.



Construction and Validation of the Prognostic MRGs Signature

A univariate Cox regression analysis was performed to screen out the prognosis related MRGs. Then the prognosis related MRGs were overlapped with the DEGs to obtain the prognostic MRGs. The least absolute shrinkage and selection operator (LASSO) regression analysis with tenfold cross-validation was subsequently applied by using “glmnet” and “survival” packages (16). The independent prognostic MRGs were generated through a multivariate Cox regression analysis and used to construct the prognostic MRGs signature with the following formula: Risk score = (β1 × expression of MRG1)+ (β2 × expression of MRG2)+ ⋯ + (βn × expression MRGn). Patients were divided into high-risk and low-risk groups according to the median risk score. Kaplan-Meier survival analysis was performed to evaluate the association between the prognostic MRGs signature and overall survival (OS) in melanoma patients. Moreover, univariate and multivariate Cox regression was used to identify the independent prognostic factors, including age, stage, and MRGs signature. The prognostic MRGs signature was externally validated in the GEO dataset and calculated with the same formula and cutoff. P < 0.05 was regarded as statistically significant.



Functional Enrichment Analysis

Gene ontology and KEGG pathway analyses were performed for the differentially expressed MRGs using “org.Hs.eg.db,” “clusterProfiler,” “enrichplot,” “ggplot2,” and “GOplot” packages in R. The adjusted P < 0.05 was considered statistically significant.



Validation of the Independent Prognostic MRGs

Gene Expression Profiling Interactive Analysis (GEPIA) is a web-based tool to analyze gene expression and function based on the RNA-seq data from TCGA (one normal sample and 460 melanoma samples) and Genotype-Tissue Expression (GETx) (557 normal samples). The differential expression of these independent prognostic MRGs was verified using GEPIA. Their expression of WARS and MGST1 were validated using clinical specimens from the Human Protein Atlas (HPA) database (http://www.proteinatlas.org). A Kaplan-Meier survival analysis was conducted to validate the prognostic value of the independent prognostic MRGs using GEPIA.



GSEA

GSEA was performed in java GSEA (version 4.0.3) based on the Molecular Signatures Database version 6.2. Through comparing the high- and low- risk groups in 460 melanoma patients from TCGA dataset. C2 (curated gene sets), C5 (GO gene sets), and C6 (Oncogenic signature) were searched to identify enriched KEGG pathways, biological processes, cellular components, molecular functions, and oncogenic signatures. FDR q < 0.05, |NES| > 1 were considered statistically significant.



Construction and Validation of the Nomogram

All the independent prognostic factors were enrolled to establish a nomogram in TCGA training cohort. A calibration curve was plotted to evaluate the consistency between the nomogram and actual observation. The concordance index (C index) and the area under the curve (AUC) in receiver operating characteristic (ROC) curves were applied to assess the predictive accuracy. Decision curve analysis, an approach to assess the clinical value of models by integrating the preferences of the patients into the analysis, was used to evaluate the clinical benefits of stages and our nomogram to facilitate decisions about test selection and use (17).




RESULTS


WARS and MGST1 Were the Independent Prognostic MRGs

The whole flowchart for the study procedure is presented in Figure 1. A total of 849 DEGs were found in GSE15605 by volcano plot (P ≤ 0.01, |log2FC| ≥ 2; Figure 2A). Using univariate Cox regression, 207 MRGs associated with OS were identified in TCGA training cohort (Supplementary Table 2). Differentially expressed MRGs were the intersection of the above two gene sets, and finally, 18 overlapping prognostic MRGs were obtained (Figure 2B). Gene ontology functional enrichment and KEGG analyses were performed on the prognostic MRGs (Figures 2C,D). Gene ontology enrichment analysis showed that these DEGs were mainly enriched in small molecule catabolic processes, cellular detoxification, and detoxification. KEGG analysis revealed that the DEGs were mainly enriched in tryptophan metabolism, metabolism of xenobiotics by cytochrome P450, and histidine metabolism. To avoid collinearity, the differentially expressed MRGs were entered into a LASSO regression with ten-fold cross-validation, and 12 candidate MRGs were ultimately selected (Figures 3A,B). Then, multivariate Cox regression was applied and results showed that tryptophanyl-tRNA synthetase 1 (WARS) (HR = 0.881, 95% CI = 0.788–0.984, P = 0.025) and microsomal glutathione S-transferase 1 (MGST1) (HR = 1.124, 95% CI = 1.007–1.255, P = 0.037) were the independent prognostic MRGs (Figure 3C).


[image: Figure 1]
FIGURE 1. A flowchart of the study procedure.
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FIGURE 2. Identification of prognostic metabolism related genes (MRGs) and functional enrichment analysis. (A) Volcano plot of differentially expressed genes (DEGs) between melanoma and normal samples of GSE15605 dataset. The red dots represent up-regulated genes, and the green dots represent down-regulated genes (adj. P < 0.01 and |log2 (FC) | > 2). (B) Venn diagram showing the intersection of the DEGs in GSE15605 and prognosis related MRGs. (C,D) Gene ontology (GO) terms (C) and Kyoto Encyclopedia of Gene and Genomes (KEGG) pathways (D) of 18 prognostic MRGs.
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FIGURE 3. Establishment of prognostic MRGs signature. (A) Selection of the optimal parameter in the least absolute shrinkage and selection operator (LASSO) regression with tenfold cross-validation. (B) LASSO coefficient profiles of the candidate prognosis related MRGs. (C) Multivariate Cox regression analysis of 12 candidate prognosis related MRGs.




Verification of WARS and MGST1 Expression and Prognosis

WARS and MGST1 were highly expressed and downregulated in GSE15605 melanoma datasets, separately (Figure 4A). The differential expression of these two genes was further validated in the GEPIA database (Figure 4B). Interestingly, their expressions were independent of the status of key melanoma mutations, including BRAF, neurofibromin 1 (NF1), and RAS mutations and triple wild type in melanoma (Figure 4C). Moreover, the protein level encoded by these two genes was consistent with their gene expression using the HPA website. WARS was strongly positive in melanoma tissue, while MGST1 was weakly positive in normal skin tissue (Figure 4D). Kaplan-Meier survival curves were further conducted to evaluate the prognostic value of each gene. Though WARS and MGST1 were not associated with disease free survival (Figure S1), we arrived at the same conclusion that WARS was a protective gene (HR = 0.59, P < 0.001), while MGST1 was a risk gene (HR = 1.3, P = 0.031) for OS in melanoma (Figures 4E,F).
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FIGURE 4. Verification of WARS and MGST1. (A) The expression of WARS and MGST1 between melanoma and normal skin in GSE15605. N (T) = 46 and N (N) = 16. ***P < 0.001. (B) The expression of WARS and MGST1 between melanoma and normal skin using Gene Expression Profiling Interactive Analysis (GEPIA) database. The number of sorts: N (T) = 460 and N (N) = 558. (C) The expression of WARS and MGST1 in three mutational signatures (BRAF, NF1 and RAS) and wild types (WT) of melanoma. The number of sorts: N (T) = 147 and N (N) = 558 in BRAF mutation; N (T) = 27 and N (N) = 558 in NF1 mutation; N (T) = 91 and N (N) = 558 in RAS mutation; N (T) = 47 and N (N) = 558 in WT. (D) The representative protein expressions of WARS and MGST1 between normal and melanoma tissues in the Human Protein Atlas database (http://www.proteinatlas.org). AOD, average optical density, calculated by integrated optical density/area. The expressions were quantified by Image J (version 1.52a). (E,F) Kaplan-Meier curves for overall survival (OS) of WARS (E) and MGST1 (F) in melanoma patients using GEPIA. N (high) = 229, N (low) = 229. T, tumor; N, normal skin. *P < 0.05.




MRGs Signature Acts as an Independent Prognostic Predictor

Based on WARS and MGST1, MRGs signature was established to predict melanoma prognosis according to the formula: MRGs signature = (−0.139 × expression of WARS) + (0.122 × expression of MGST1). The prognostic signature for each patient in TCGA training cohort was calculated. All patients were divided into high-risk or the low-risk groups using the median signature as the cutoff (−0.804). The result demonstrated that patients with higher risk scores had worse OS than those in the low-risk group (Figure 5A). The distributions of risk score, survival status, and a heatmap of the gene expression profile are presented in Figure 5B. Interestingly, in our MRGs signature, disease free survival was also much shorter in the high-risk group (Figure S2), suggesting that the MRGs signature is a better predictor than individual gene. To examine the robustness of the MRGs signature, we used a GEO dataset to externally validate the prognostic value of the model. The same signature formula and the cutoff were applied to classify the melanoma patients into the high-risk group (n = 38) and low-risk group (n = 41) in the GEO validation dataset. Consistently, the results showed that patients in the high-risk group generally had increased MGST1, decreased WARS, and worse overall survival than those in the low-risk group (Figures 5C,D). To determine whether MRGs signature could act as an independent prognostic factor, MRGs signature and clinicopathological factors including age, sex, and stage were entered into a univariate Cox regression analysis, indicating that the MRGs signature was significantly associated with OS (HR = 2.673, 95% CI = 1.614–4.428, P < 0.001; Figure 5E). A multivariate Cox regression analysis revealed that the MRGs signature was an independent prognostic factor (HR = 3.884, 95% CI = 2.236–6.746, P < 0.001; Figure 5E). These results were consistent in the GEO dataset (univariate Cox regression analysis: HR = 8.255, 95% CI = 2.681–25.415, P < 0.001; multivariate Cox regression analysis: HR = 4.143, 95% CI = 1.132–15.168, P < 0.001; Figure 5F).
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FIGURE 5. Construction and validation of MRGs signature in melanoma. (A–D) Kaplan-Meier analysis for OS based on the MRGs signature of melanoma patients in TCGA training cohort (A) and GEO validation dataset (C). The distribution of risk score, survival status and expression heatmap of the two MRGs in TCGA training cohort (B) and GEO validation dataset (D). (E,F) Cox regression analysis of MRGs signature and clinicopathological risk factors in TCGA training cohort (E) and GEO validation dataset (F).




GSEA for MRGs Signature

To identify the underlying molecular mechanism of the MRGs signature, we conducted GSEA to compare the high- and low- risk groups in 460 melanoma patients from TCGA dataset. In the high-risk group, no GO terms, KEGG pathways or oncologic signatures were significantly enriched. However, in the low-risk group, 574 GO terms were significantly enriched especially in regulation of type I interferon production, NF-κB pathway and regulation of autophagy Figure S3A. 20 KEGG pathways highlighted that antigen processing and presentation, apoptosis, and JAK/STAT signaling pathways were enriched in the low-risk group Figure S3B. Moreover, 14 oncogenic signatures were significantly enriched in low-risk group including the CAMP, MEK, P53, and other pathways Figure S3C. These significant terms in each module were summarized in Table S3.



Construction and Validation of MRGs Nomogram

To construct a clinically applicable method for predicting the prognosis of melanoma patients, independent prognostic predictors including age, stage, and MRGs signature were enrolled to establish a nomogram to predict the survival probability at 3 and 5 years based on TCGA training cohort (Figure 6A). The calibration plots (Figures 6B,C) showed an excellent match with the ideal curve at 3- and 5-years survival rates in TCGA training cohort. In the validation dataset, the calibration plots also showed good agreement between the predicted and actual outcome of 5-years OS rates (Figure 6D). The C index of the nomogram was 0.707 in TCGA training cohort. Moreover, the ROC curve showed a more favorable predictive ability for the 3-years OS rates (AUC = 0.746) as compared to MRGs signature (AUC = 0.640), age (AUC = 0.607), and stage (AUC = 0.672; Figure 6E), as well as for the 5-years OS rates (AUC = 0.697) as compared to MRGs signature (AUC = 0.635), age (AUC = 0.613), and stage (AUC = 0.592; Figure 6F). In the validation dataset, the C index of the nomogram for predicting OS was 0.730. The nomogram also has the largest discrimination ability (AUC = 0.813) as compared to MRGs signature (AUC = 0.723), age (AUC = 0.637), and stage (AUC = 0.680) for 5-years OS rates (Figure 6G). Decision curve analysis results in both TCGA training cohort and the GEO validation dataset suggested that our nomogram could be more beneficial than traditional stages in predicting the survival for melanoma patients (Figures 6H–J).
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FIGURE 6. Development and validation of MRGs nomogram. (A) Development of MRGs nomogram. (B–D) Calibration plots for predicting 3-years (B), 5-years (C) OS in the TCGA training cohort and 5-years OS in the GEO validation dataset (D). (E–G) Receiver operating characteristic (ROC) curves of the MRGs nomogram, MRGs signature, age and stage at 3-years (E) and 5-years (F) OS in the TCGA training cohort and 5-years OS in the GEO validation dataset (G). (H–J) Decision curve analysis of the MRGs nomogram and stage at 3-years (H) and 5-years (I) prediction in the TCGA training cohort and 5-years prediction in the GEO validation dataset (J).





DISCUSSION

Altered metabolism is considered to be related to cancer cell survival and growth (4, 18). Various metabolisms, such as the glucose and glutamine metabolism of cancer cells, can be significantly changed by tumor microenvironment across an individual tumor (19, 20). However, the tumor can also acclimatize itself to metabolic reprogramming, suggesting the specificity of metabolic targets to each cancer (20). Metabolic gene signatures have been shown to have a prognostic role in cancers (21, 22). Melanoma is a type of tumor highly related to metabolic reprogramming, including glycolysis, protein/amino acid metabolism, and lipid metabolism (23). The melanoma cells need to increase oxidative stress and undergo metabolic changes during metastasis (24). A recent study showed that metabolic differences among melanoma cells conferred differences in metastatic potential, which was due to the differences in the function of the MCT1 transporter (25). All these studies highlight the potential value of generating a metabolism-related model for the prognosis prediction of melanoma.

In the present study, we first identified 207 metabolism-related genes, based on TCGA, significantly correlated with prognosis in the univariate Cox regression analysis. In GSE15605, which contains the largest normal samples in the GEO database, 849 DEGs were identified by a volcano plot. Then the intersected genes between DEGs and prognostic MRGs were entered into a LASSO regression and multivariate Cox regression. Ultimately, MRGs signature, including WARS and MGST1, were obtained. According to the median risk score of MRGs signature, 460 melanoma patients in TCGA were divided into the high- or low-risk group. GSEA results showed a series of signaling pathway changes in the low-risk group including NF-κB pathway, regulation of autophagy, apoptosis, and JAK/STAT signaling pathways.

The role of WARS and MGST1 in melanoma has not been reported. The WARS gene encodes tryptophanyl-tRNA synthetase, an aminoacyl-tRNA synthetase involved in protein synthesis and the regulation of RNA transcription and translation (26). WARS has been reported to be an IFN-γ-inducible enzyme, which protects indoleamine-2,3-dioxygenase expressing cells from tryptophan catabolism and mediates high-affinity tryptophan uptake into human cells (26, 27). Considering that tryptophan represents a powerful immunosuppressive mechanism hijacked by tumors for protection against immune destruction, WARS mediated tryptophan metabolism plays an essential role in immuno-oncology (28). WARS is dysregulated in different cancers with paradoxical roles on tumor invasiveness (29–34). In colorectal cancer, WARS was negatively correlated with lymph node metastasis and tumor stage, which could be explained by its antiangiogenic properties (31). Moreover, down-regulation of WARS by hypoxia could be a factor responsible for pancreatic cancer with high metastatic ability (35). However, in oral cancer, WARS is overexpressed and positively correlates with cancer invasiveness (32). Through bioinformatics analysis, we identified that WARS was a protective gene in melanoma. WARS prevents tumor cell progression, probably by inhibiting the neoangiogenic potential of the tumor (36). Further mechanism studies are needed to elucidate the paradoxical roles of WARS in tumors.

The MGST1 gene encodes Microsomal Glutathione Transferase 1, a member of the MAPEG family (membrane associated proteins in eicosanoid and glutathione metabolism), which plays a well-established role in the conjugation of electrophiles and oxidative stress protection (37). The enzyme exhibits glutathione transferase and peroxidase activity, and shows activity against a variety of active substrates, from lipid peroxidation to cytostatic drugs (38). MGST1 is overexpressed in various cancers (38, 39) and associated with drug resistance (37). Linnerth et al. suggested that overexpression of MGST1 has been identified as an early marker in lung cancer (40). Further, Zeng and his colleagues demonstrated MGST1 knockdown could inhibit lung adenocarcinoma cell proliferation by inactivating the AKT/GSK-3β pathway signaling and promote cell apoptosis by regulating the mitochondrial apoptosis pathway related proteins (39). Moreover, MGST1 overexpression was correlated to higher metastatic potential in human prostate cancer (41). Surprisingly MGST1 mRNA or protein cannot be detected in neuroblastoma cells or tissues (42). Here we reported that MGST1 is a risk factor of melanoma and the detailed mechanism deserved further investigations. Our study provided not only a clinical tool for prognosis predictions but also the theoretical basis for future research studies.

After identifying the two metabolic prognostic genes, an MRGs signature was developed to predict the prognosis of melanoma patients. The MRGs signature was able to stratify OS in both training and validation cohorts and was a risk factor independent of clinicopathologic factors. We next established a nomogram for predicting 3- and 5-years OS based on MRGs signature, age, and stage. The ROC analysis and calibration plots were then applied to verify the prognostic accuracy, showing a good predictive performance of our model. Finally, the decision curve analyses in both training and validation datasets indicated that our model provided more clinical net benefits. Nomograms have been widely used in cancer management and prediction (43, 44). Several nomograms have been established for melanoma in recent years. Clinical and pathological features were applied to construct a nomogram to predict sentinel lymph node metastases in melanoma (45, 46). Nomograms were also developed to identify the risk, recurrence, and mortality in patients with negative sentinel lymph nodes (47, 48). There are two studies establishing models based on long non-coding RNA signatures to predict prognosis in melanoma patients (15, 49). To our knowledge, we conducted the first study to develop a nomogram to predict melanoma prognosis based on MRGs signature and clinicopathologic factors, exhibiting higher prognostic accuracy compared with the tumor-node-metastasis staging system.

Despite the potential clinical benefits of our results, our study has some limitations. We mainly focused on the effect of MRGs on melanoma prognosis; other genes, such as autophagy-related genes and immune-related genes, also contribute to the development and progression of melanoma. Additionally, our study was based on the whole population of melanoma patients, and the application to sub-populations still need investigated. Lastly, multicenter, large-scale prospective clinical trials are needed for further external validation of our nomogram.

In conclusion, a prognostic nomogram incorporating both MRGs signature and clinicopathological features for individual survival prediction was developed and validated, which is superior to the tumor-node-metastasis staging system.
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Background: Uveal melanoma (UM) is the most common primary intraocular cancer in adults. Genomic studies have provided insights into molecular subgroups and oncogenic drivers of UM that may lead to novel therapeutic strategies.

Methods: Dataset TCGA-UVM, download from TCGA portal, were taken as the training cohort, and dataset GSE22138, obtained from GEO database, was set as the validation cohort. In training cohort, Kaplan–Meier analysis and univariate Cox regression model were applied to preliminary screen prognostic genes. Besides, the Cox regression model with LASSO was implemented to build a multi-gene signature, which was then validated in the validation cohorts through Kaplan–Meier, Cox, and ROC analyses. In addition, the correlation between copy number aberrations and risk score was evaluated by Spearman test. GSEA and immune infiltrating analyses were conducted for understanding function annotation and the role of the signature in the tumor microenvironment.

Results: A ten-gene signature was built, and it was examined by Kaplan–Meier analysis revealing that significantly overall survival, progression-free survival, and metastasis-free survival difference was seen. The ten-gene signature was further proven to be an independent risk factor compared to other clinic-pathological parameters via the Cox regression analysis. Moreover, the receiver operating characteristic curve (ROC) analysis results demonstrated a better predictive power of the UM prognosis that our signature owned. The ten-gene signature was significantly correlated with copy numbers of chromosome 3, 8q, 6q, and 6p. Furthermore, GSEA and immune infiltrating analyses showed that the signature had close interactions with immune-related pathways and the tumor environment.

Conclusions: Identifying the ten-gene signature (SIRT3, HMCES, SLC44A3, TCTN1, STPG1, POMGNT2, RNF208, ANXA2P2, ULBP1, and CA12) could accurately identify patients' prognosis and had close interactions with the immunodominant tumor environment, which may provide UM patients with personalized prognosis prediction and new treatment insights.

Keywords: uveal melanoma, gene signature, risk score, prognosis, biomarkers


INTRODUCTION

Uveal melanoma (UM) is the most common primary intraocular cancer in adults, and the second most common melanoma subtype after cutaneous melanoma, accounting for 5% of all melanomas (1–3). Treatment approaches for primary UM include surgery and radiotherapy, which can often achieve excellent local tumor control (4). Nevertheless, nearly half of UM patients still develop tumor metastasis, mainly in the liver (3). Metastases have a predilection for the liver and once they have developed, median survival is about 1 year (5). Existing treatments for UM are not effective against tumor metastases (6), therefore, most research shifted their efforts on the development of targeted therapies or immunotherapy methods, such as immune checkpoint inhibitors, vaccination, or adoptive T cell therapy (7–11). Identifying potential biomarkers of UM may provide critical information for early detection of relapse or treatment (12). At present, although some studies have clarified some important genes and pathways of UM, the prognosis of it remains poor (12–14). Therefore, there is an urgent need to reveal new markers to assess UM prognosis.

During the past few decades, genetic or epigenetic alterations have been confirmed to be associated with the tumorigenesis and progression of UM (14). Gene mutations and chromosomal copy number variations are closely related to UM prognosis. According to reports, GNAQ and GNA11 mutations can promote cell proliferation and metastasis (15). The loss of one copy of chromosome 3 (monosomy 3) in UM is associated with an increased risk of metastasis and poor prognosis (16). In addition, other chromosomal abnormalities have been shown to correlate with poor prognosis and these include 6q loss, lack of 6p gain, 1p loss, and 16q loss (16–20). Therefore, further exploration of gene mutation and copy number variation in UM can provide incisive information for prognosis.

Here, we conduct comprehensive mining of the TCGA and GEO database to determine the minimum number of potentially robust genes that can be used to predict the prognosis of UM patients. Importantly, we used the LASSO algorithm, which can effectively analyze high-dimensional sequencing data (21). Besides, we assessed the accuracy of this ten-gene signature and validated it by compared to variants of chromosomes 3 and 8q, and testing in a validation cohort. Moreover, GSEA and immune infiltrating analyses were conducted to explore the role of the signature in the tumor microenvironment.



MATERIALS AND METHODS


Data Mining From the Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO) Databases

The gene expression profiles of UM from 80 patients, along with their clinical and curated survival data were downloaded from TCGA Xena Hub (https://tcga.xenahubs.net) with cohort name: TCGA-UVM. Besides, we researched the GEO database by setting a filter: (1) more than 60 cases; (2) with expression profiling data; (3) with survival data. Finally, GSE22138 with 63 cases was chosen for this study. In our research, TCGA-UVM was used as the training cohort, while GSE22138 was taken as the validation cohort. The research was conducted in accordance with the Declaration of Helsinki, and was approved by the Ethics Committee of Zhengzhou University.



Identification and Validation of Prognostic Gene Signature

To begin with, in the training cohort, Kaplan-Meier analysis was applied to screen the potential prognostic genes based on overall survival, disease-specific survival, and progression-free survival, respectively. Only genes that showed significant in all overall, disease-specific, and progression-free survival analyses were considered to pass Kaplan–Meier analysis screening. P < 0.0001 in the log-rank test was considered as significant. Also, univariate Cox regression analysis was performed on the training cohort to find potential prognostic genes (p < 0.0001). Same as before, only genes that showed significant in all overall, disease-specific, and progression-free survival analyses were considered to pass univariate Cox regression analysis screening. The intersected genes of identified in Kaplan–Meier and univariate Cox analyses were then entered into the LASSO Cox regression model analysis, which was implemented in the training cohort utilizing R software and the “glmnet” package. 10-fold cross-validation was applied to detect the best penalty parameter lambda (21–24). Based on the detected optimal lambda, we could obtain a list of prognostic genes with correlation coefficients from gene expression and patient survival data.

The risk score of each patient was calculated by a linear combination of the expression level of each gene weighted by its multivariate LASSO regression coefficient. Using the median risk score as the cut-off point, the patients in the training cohort were distributed to high-risk or low-risk groups, and Kaplan–Meier analysis was applied to evaluate the survival difference between the two groups. Besides, Cox and ROC analyses were conducted to further assess the prognostic value of the gene signature in training cohort. Subsequently, we validated the prognostic value of the gene signature in the validation cohort. The same formula was conducted to compute risk scores like that in the training cohort. Kaplan–Meier, Cox, and ROC analyses were implemented as described earlier.

In UM, chromosomal aberrations and gene mutations have been shown to be closely related to treatment options and prognosis. In Robertson's research, the status of chromosome 3, 8q, 6q, 6p, and 1p of each patient in the TCGA-UVM cohort has been studied and specifically described (16). The Spearman rank correlation coefficient was applied to assess the correlation between copy number aberrations and risk score, further evaluating the prognostic value of the gene signature identified in this study. P < 0.05 was considered statistically significant.



Gene Set Enrichment Analysis

The Hallmark (v7.1) and KEGG (v7.1) gene set collections were obtained from the Molecular Signatures Database v7.1 download page (https://www.gsea-msigdb.org/gsea/downloads.jsp). GSEA was performed based on the downloaded gene set collections using GSEA software (v4.0.3, https://www.gsea-msigdb.org/). The training cohort was taken for GSEA to reveal the functions and pathways in the differentially expressed genes between high-risk and low-risk groups. According to the GSEA User Guide, gene sets with | NES |> 1, NOM p < 0.05, and FDR q < 0.25 were considered significant.



Correlation of Risk Score With the Proportion of 20 Kinds of Tumor-Infiltrating Immune Cells (TICs)

The CIBERSORT calculation method was used to estimate the 20 kinds of TICs abundance distribution of all tumor samples in the training cohort. After quality filtering (p < 0.05) was performed on all the samples of TCGA-UVM, 36 samples were selected for the next analyses.



Statistical Analysis

All statistical calculations in this study were performed in R software. Kaplan–Meier analysis was performed to examine the prognostic differences between the groups, and the p-value was checked in the log-rank test. Univariate and multivariate Cox analyses were conducted to illustrate the relationship between the gene signature risk score and UM prognosis. The ROC curves were plotted with the “pROC” R package, to assess the sensitivity and specificity of the risk score for prognosis prediction. The area under the ROC curve (AUC) was used as an indicator of prognostic accuracy. The correlation between 20 kinds of TICs were examined by Pearson coefficient test. Spearman coefficient test was used for the correlation test between the TICs proportion and risk score. The Wilcoxon rank-sum test verified the differentiation of 20 kinds of immune cells between low and high-risk groups. In addition to noted before, all analyses p < 0.05 was a statistically significant threshold.




RESULTS


Clinical Characteristics

The flowchart of the present research is shown in Figure 1. Eighty UM cases that came from TCGA-UVM were taken as the training cohort. The dataset GSE22138 with 63 UM patients was used as the validation cohort. The detailed clinical characteristics of both cohorts were summarized in Table 1.


[image: Figure 1]
FIGURE 1. Brief flow chart of this study. The study was performed using TCGA-UVM and GSE22138 cohorts. The training cohort was applied to detect prognostic genes. LASSO regression model was for establishing a prognostic signature based on the prognostic genes. Then we validated the prognostic signature we established in the validation cohort. Finally, GSEA and TIC analysis were implemented to explore potential mechanisms further on the prognosis signature we found. LASSO, the least absolute shrinkage and selection operator Cox regression model; ROC, receiver operating characteristic; TICs, tumor-infiltrating immune cells; UM, uveal melanoma; GSEA, Gene Set Enrichment Analysis.



Table 1. Clinical characteristics of patients involved in the study.
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Construction of Prognostic Signature From Training Cohort

Kaplan–Meier and univariate Cox regression analysis were performed on 80 patients in the training cohort to assess the prognostic relationship between gene expression profiles and overall survival, disease-specific survival, and progression-free survival. Four hundred and twenty-three genes were extracted from the Kaplan–Meier analysis (Supplementary Table 1), while, 283 genes were identified significant in the Cox regression analysis (Supplementary Table 2). Taking together, 110 genes in the intersection of the two results are defined as potential prognostic genes for next analyses (Supplementary Table 3). These genes were then subjected to LASSO Cox regression analysis, and regression coefficients were calculated. The coefficient of each gene was plotted in Figure 2A. The model achieved the best performance when it included 10 genes (Figure 2B). These genes, their corresponding coefficients, and genomic location were shown in Table 2.


[image: Figure 2]
FIGURE 2. Prognostic gene signature was established by LASSO regression analysis. (A) LASSO coefficient profiles of the 110 genes in training cohort. (B) A coefficient profile plot was generated against the log (lambda) sequence. Selection of the optimal parameter (lambda) in the LASSO model for training cohort. LASSO, the least absolute shrinkage and selection operator Cox regression model.



Table 2. Genes in the prognostic gene signatures.
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Prognostic Value of the Ten-Gene Signature in the Training and Validation Cohorts

According to the gene expression level, and the risk coefficient of each gene, the risk score of each patient was calculated. The median risk score was the cut-off value for assigning patients to high-risk or low-risk groups. The prognostic value of the risk score was evaluated by comparing the survival differences between the high-risk group and the low-risk group.

The distribution of risk scores and overall survival status and the expression profiles of the ten-gene signature of the patients in the training cohort were plotted in Figure 3A. As shown in the figure, there are more deceased in high-risk patients, and the survival time is shorter than that of low-risk patients. The heat map shows that SIRT3, HMCES, SLC44A3, TCTN1, STPG1, POMGNT2, and RNF208 were under expressed in high-risk patients, while, ANXA2P2, ULBP1, and CA12 were highly expressed in high-risk patients. In addition, we examined the performance of these ten-gene signature in predicting progression-free survival in the training cohort. As shown in Figure 3B, in the high-risk group, more events happened, and shorter survival time gained. The pattern did consistent with that in predicting overall survival. Furthermore, we checked the predictive power of this ten-gene signature for metastasis-free survival in the validation cohort. It could be seen that there were more metastasis events occurred in the high-risk group than in the low-risk group, and the survival time of the high-risk group was also shorter (Figure 3C).


[image: Figure 3]
FIGURE 3. Characteristics of the ten-gene signature. (Upper and middle) The distribution of ten-gene risk score and patients' survival time, and events for training cohort based on overall survival (A), training cohort based on progression-free survival (B), and validation cohort based on metastasis-free survival (C). According to the median risk score, patients were divided into low-risk and high-risk groups. The left side of the black dotted line is the low-risk group, and the right side is the high-risk group. (Bottom) Heatmaps were plotted to illustrate the ten-gene expression profiles in the training cohort based on overall survival (A), training cohort based on progression-free survival (B), and validation cohort based on metastasis-free survival (C).


As plotted in Figure 4A, Kaplan–Meier survival analysis in the training cohort showed that the overall survival of patients in the high-risk group was poorer than that in the low-risk group (p < 0.0001, Figure 4A). Also, an unfavorable progression-free survival was seen in the training cohort (p < 0.0001, Figure 4B). To further explore the efficacy of the ten-gene signature in predicting prognosis (metastasis-free survival) in UM patients, we tested the ten-gene signature in the validation cohort. Adopting the same classification method, patients were divided into high-risk and low-risk groups based on the median risk score. Consistent with previous results, patients in the high-risk group showed significantly worse metastasis-free survival than patients in the low-risk group (p < 0.0001, Figure 4C).


[image: Figure 4]
FIGURE 4. Kaplan–Meier survival analyses based on the ten-gene signature. (A) Training cohort based on overall survival. (B) Training cohort based on progression-free survival. (C) Validation cohort based on metastasis-free survival. Differences between curves were detected by two-side log-rank test.


Univariate and multivariate Cox analyses were conducted in the training cohort based overall survival and progression-free survival, and validation cohort based on metastasis-free survival, using the available co-variables including risk score, age, gender, T classification, tumor stage, tumor thickness, tumor diameter, tumor side, tumor location, extrascleral extension, or retinal detachment to detect whether our ten-gene signature had the prognostic capacity that was independent from the clinic-pathologic characteristics. In the training cohort, both univariate and multivariate Cox regression analyses indicated that the ten-gene signature was a powerful variable associated with overall survival (HR = 4.893, 95% CI = 2.749–8.710, p < 0.001, and HR = 5.623, 95% CI = 2.687–11.764, p < 0.001, respectively; Figure 5A), and progression-free survival (HR = 2.432, 95% CI = 1.766–3.349, p < 0.001, and HR = 2.558, 95% CI = 1.658–3.946, p < 0.001, respectively; Figure 5B). Consistent with that in the training cohort, the ten-gene signature displayed pronounced capability in the validation cohort in predicting metastasis-free survival (Figure 5C). These results proved that the ten-gene signature was to be a strong and independent variable.


[image: Figure 5]
FIGURE 5. Forest plot summary of univariate and multivariate Cox analyses of prognosis. Univariate (upper) and multivariate (bottom) analyses were carried out using the ten-gene signature and clinical covariates in the training cohort based on overall survival (A), training cohort based on progression-free survival (B), and validation cohort based on metastasis-free survival (C). Colored solid squares represent HR, and the horizontal line across the HR represents the 95% CI. All p-values were calculated using the Cox regression hazards analysis. HR, hazard ratio; 95% CI, 95% confidence interval.


Subsequently, we conducted ROC analyses to assess how the ten-gene signature could behave in predicting prognosis. As shown in Figure 6A, the area under the ROC curve (AUC) of the ten-gene risk score model performed on overall survival in the training cohort was 0.916, which was superior to those of age, gender, stage, T classification, tumor thickness, tumor diameter, and extrascleral extension (0.609, 0.611, 0.591, 0.603, 0.579, 0.611, and 0.556, respectively). Consistently, in the prediction model of progression-free survival predicted in the training cohort, the ten-gene signature risk score also showed a powerful ability with AUC = 0.739, which was far better than other variates (Figure 6B). This finding was also confirmed in validation cohort for metastasis-free survival predication (AUC = 0.785, Figure 6C).


[image: Figure 6]
FIGURE 6. Receiver operating characteristic (ROC) analysis of the ten-gene signature risk score. ROC analysis of the sensitivity and specificity of the prognosis prediction by the ten-gene risk score, age, gender, T classification, tumor stage, tumor thickness, tumor diameter, tumor side, tumor location, extrascleral extension, or retinal detachment in training cohort based on overall survival (A), training cohort based on progression-free survival (B), and validation cohort based on metastasis-free survival (C). AUC, area under the ROC curve.


Furthermore, we performed correlation analyses to assess the relationship between the ten-gene signature and status of chromosome copy number aberrations. The status of chromosome copy number aberrations of each patient in the TCGA-UVM cohort was downloaded from Robertson's publication (Supplementary Table 4) (16). Spearman test was used to assess the correlation between copy chromosome numbers and the risk score. The results showed that the ten-gene signature was significantly correlated with copy numbers of chromosome 3, 8q, 6q, and 6p (Figure 7). Specifically, the gene signature displayed negative correlations with the copy number of chromosome 3 (R = −0.69, p = 1e−12), 6q (R = −0.24, p = 0.031), and 6p (R = −0.51, p = 1.2e−06) (Figures 7A,C,D), while, showed positive correlation with chromosome 8q copy number (R = 0.51, p = 1.3e−06) (Figure 7B).


[image: Figure 7]
FIGURE 7. The correlations between the ten-gene signature and the copy number aberrations in TCGA-UVM. The correlations between risk score and chromosome 3 (A), 8q (B), 6q (C), 6p (D), and 1p (E) mutations were plotted. The blue line in each plot was fitted linear model indicating the proportion tropism of the copy number along with risk score. The shade around the blue line represents the 95% confidence interval. The Spearman test was applied for the correlation examination. CN, copy number.




Gene Set Enrichment Analysis With the Ten-Gene Signature

In view of the negative correlation between the level of the ten-gene signature risk score and the prognosis of UM patients, the GSEA was conducted between the high and the low-risk groups. As displayed in Figure 8A and Supplementary Table 5, all significantly enriched gene sets of HALLMARK collection were seen in the high-risk group in pathways relate to immune response, inflammatory response, reactive oxygen species, notch signaling, glycolysis, IL-6/JAK/STAT3 signaling, and allograft rejection. For HALLMARK collection defined by the Molecular Signatures Database, all gene sets were also enriched in the high-risk score group. These pathways were mostly associated with p53 signaling, autoimmune disease, proteasome, natural killer cell, cytosolic DNA-sensing, allograft rejection, leishmania infection, and glycolipid metabolism (Figure 8B and Supplementary Table 6). These findings indicated that the risk score was potentially closely related to the status of tumor microenvironment.


[image: Figure 8]
FIGURE 8. Gene set enrichment analysis based on the ten-gene signature. (A) Enriched gene sets annotated by the HALLMARK collection between the high and low-risk groups in the training cohort. (B) Enriched gene sets annotated by the KEGG collection between the high and low-risk groups in the training cohort. Gene sets with |NES |> 1, NOM p < 0.05, and FDR q < 0.25 were considered significant.




Correlation of Risk Score With the Proportion of Tumor-Infiltrating Immune Cells (TICs)

To further check the correlation between the risk score and the immune microenvironment, as shown in Figure 9, we used the CIBERSORT algorithm to analyze the proportion of tumor-infiltrating immune subpopulations and constructed 20 immune cell profiles in UM samples. Combining the results of correlation analysis (Figure 10A, Supplementary Table 7) and difference analysis (Figure 10B), a total of three TICs were associated with ten-gene signature risk score (Figure 10C). Among them, T cells CD4 memory activated was positively correlated with risk score, while, Monocytes and Mast cells resting were negatively correlated with risk score.


[image: Figure 9]
FIGURE 9. TIC profile and correlation analysis. (A) The bar graph showed the proportion of 20 TICs in UM tumor samples in the training cohort. Each column indicates one sample. (B) Heatmap showing the correlation between 20 kinds of TICs. The numeric and shade of each small color box indicate the coefficient between two kinds of cells. X shape covered coefficient is no statistically significant. The Pearson coefficient was used for the significance tests. P < 0.05 is the cutoff. TIC, tumor-infiltrating immune cell; UM, uveal melanoma.



[image: Figure 10]
FIGURE 10. Correlation of TICs proportion with ten-gene signature risk score in the training cohort. (A) Only significantly correlated TICs was plotted. The blue line in each plot was fitted linear model indicating the proportion tropism of the immune cell along with risk score. The shade around the blue line represents the 95% confidence interval. The Spearman coefficient was used for the correlation test. (B) The violin plot showed the ratio differentiation of 20 kinds of immune cells between UM tumor samples with low and high-risk groups and was tested by Wilcoxon rank-sum. (C) The Venn plot displayed three kinds of TICs correlated with risk score co-determined by difference and correlation tests shown in violin and scatter plots, respectively. P < 0.05 is the cutoff. TIC, tumor-infiltrating immune cell; UM, uveal melanoma.





DISCUSSION

In the present study, we built an UM prognostic signature by comprehensively analyzing the TCGA and GEO. By investigating the relationship using Kaplan–Meier, univariate Cox analyses, and LASSO Cox regression model between the patients' prognosis and gene expression in the training cohort, we obtained a ten-gene signature that was pronounced related to outcome. By applying this signature in the training cohort, statistical significance was observed in univariate and multivariate Cox analysis, ROC analysis, and Kaplan–Meier curve between high-risk and low-risk groups. The prognostic ability of the ten-gene signature was also validated in the validation cohort, showing the broadness and effectiveness of the ten-gene signature in predicting UM prognosis. In addition, we found that the risk score was correlated with the copy number of chromosome 3 negatively, and chromosome 8q positively, which further indicates the significance of the signature we found. Then the GSEA and immune infiltration analyses showed that the ten-gene signature risk score might be immune-related and involved in the tumor microenvironment in UM patients. For research in gene-signature of UM, we are the first to apply chromosomal variation to perform validation of gene-signature reliability. Such work we have done aimed to guide future research in UM.

After we constructed the ten-gene signature, we firstly confirmed its capacity to distinguish the prognosis of patients effectively. As shown in Figure 3A, the high-risk zone not only counted more deaths, but also the patients in it presented a shorter survival time than that in the low-risk zone. Moreover, the heatmap indicated that each of these ten genes had a differential expression pattern between the low-risk and high-risk groups. Importantly, this ten-gene signature also owned pronounced performance in the training cohort for predicting progression-free survival (Figure 3B), and in the validation cohort for metastasis-free survival (Figure 3C).

In addition, we examined the prognostic value of the ten-gene signature by Kaplan–Meier analysis in the training cohort based on overall survival and progression-free survival, and in the validation cohort based on metastasis-free survival, finding its significantly predicting ability in UM patients (Figure 4). Furthermore, univariate and multivariate analyses were performed in the three cohorts to confirm that whether our ten-gene signature can be an independent from other variables in predicting UM outcome. As plotted in Figure 5, no matter in training cohort or validation cohort, no matter based on overall survival, progression-free survival, or metastasis-free survival, whether it is univariate or multivariate Cox regression analysis, the variable of risk score was always statistically significant. The results, here, verified the predictive ability of the risk score, and its independence.

To further assess the predictive power of this ten-gene signature, we performed ROC analysis. AUC can be used to check the accuracy and predictive ability of biomarkers in diagnostic tests (25). ROC analysis indicated that the AUC of the ten-gene signature stayed above 0.7 in these two cohorts, and superior to other variates (Figure 6). These ROC results again suggested that our signature might strengthen the predictive accuracy of prognosis in UM.

Our signature was composed of ten genes, which were SIRT3, HMCES, SLC44A3, TCTN1, STPG1, POMGNT2, RNF208, ANXA2P2, ULBP1, and CA12, respectively. In the signature model, ANXA2P2, ULBP1, CA12 were unfavorably genes for the outcome, whereas other genes presented protective function on the prognosis of UM patients. Pseudogenes are nonfunctional segments of DNA that resemble functional genes (26, 27). Previous studies have suggested that pseudogenes will only participate in regulatory roles (28). Recent studies have shown that most pseudogene breaks follow a certain pattern, and it is likely that the pseudogenes of this pattern can be repaired under certain conditions to restore function (27). ANXA2P2 is one of three pseudogenes of annexin A2 that have recently been shown to be aberrantly transcribed in hepatocellular carcinoma (HCC) cells (29). A recent report revealed that the expression of ANXA2P2 was up-regulated in HCC and promoted HCC to be an aggressive phenotype (29). ULBP1 is related to MHC class I molecules, but its gene maps outside the MHC locus (30, 31). It functions as a stress-induced ligand for NKG2D receptor (31). In UM, NKG2D expression was detected in primary tumor lesions, in which a large amount of NKG2D lymphocyte infiltration was also observed (32). Metastatic UM lesions lost MIC expression and are absent of NKG2D+ lymphocytes (33). A recent study demonstrated that soluble NKG2D ligand is a biomarker related to the clinical outcome of immune checkpoint blockade therapy in patients with metastatic melanoma (34). CA12 is a membrane-associated enzyme. CA12 is highly expressed in many human cancers and often indicates a poor prognosis, so it is a promising target for cancer treatment (35). Among the genes that we found to have prognostic protection, SIRT3, the major deacetylase in mitochondria, plays a crucial role in modulating oxygen reactive species (ROS) and limiting the oxidative damage in cellular components (36). In some types of cancer, SIRT3 functions as a tumoral promoter, since it keeps ROS levels under a certain threshold compatible with cell viability and proliferation. On the contrary, other studies describe SIRT3 as a tumoral suppressor, as SIRT3 could trigger cell death under stress conditions (36). HMCES is a critical component of the replication stress response, mainly upon base misincorporation (37). Deregulated APOBEC activity is the source of a variety of cancer mutagenesis (38). HMCES can respond to APOBEC-induced abasic sites, maintain genome stability, and promote replication extension; otherwise, replication will be slowed down by the participation of TLS polymerase (38). Therefore, HMCES plays a vital role in this tumorigenesis process (38). A lately study showed that SLC44A3 is different expressed between normal and UM (39), in addition, Li et al. (40) found it was found SLC44A3 were associated with better survival in UM and indicated their protective roles. Recent studies revealed that TCTN1 is widely up-regulated in various types of human cancer (41–44), and acts as an oncogene via promoting proliferation, migration, or inhibiting apoptosis. However, in a study conducted by Xue et al. (12), TCTN1 was found to be low expressed in high-risk patients with UM and has a protective effect on the prognosis of UM, which has been consistent with our study. STPG1 is found with few traces from existing studies, but shows to be a prognostic marker in endometrial cancer (favorable) and renal cancer (favorable) from The Human Protein Atlas portal (45). The high expression levels of human POMGNT2 in the brain, muscle, heart, and kidney in fetal as well as adult tissues suggest the importance of this gene during development (46). However, whether POMGNT2 plays a vital role in tumor progress remained unclear and needs more efforts in further research. RNF208 decreases the stability of soluble Vimentin protein through a polyubiquitin-mediated proteasomal degradation pathway, thereby suppressing metastasis of triple-negative breast cancer (TNBC) cells (47). In a comprehensive bioinformatics study, RNF208 was found to have decreased expression in UM and was associated with a better prognosis (12). There are relatively fewer studies related to these genes and UM. However, the ten-genes signature has a significant role in predicting and diagnosing UM in our research. The ten-gene signature or each of them may be the potential specific directions for future research on UM.

Studies showed that chromosome aberrations and gene mutations in UM are closely related to clinical results. The loss of a chromosome 3 in UM is associated with an increased risk of metastasis and poor prognosis (16). Recently, researchers also found that Monosomy 3 is associated with poor survival after UM treatment (19). Previous studies have shown that besides chromosome 3, the increase in chromosome 8q is also related to poor survival prognosis (48–51). In addition, other chromosomal abnormalities have been shown to correlate with poor prognosis and these include 6q loss, lack of 6p gain, 1p loss, and 16q loss (16–20). Among the ten gene signatures found in this study, five were located in the above-mentioned chromosomes (Table 2). Further on, we performed Spearman test to assess the correlation between the copy numbers of chromosome 3, 8q, 6q, 6p, and 1p and risk score, finding that the ten-gene signature risk score was significantly correlated with copy numbers of chromosome 3, 6q, and 6p negatively, and 8q positively (Figure 7), which further confirmed the crucial of the ten-gene signature in predicting prognosis of UM.

The GSEA found that gene sets enriched in pathways concerned with immune response, inflammatory response, p53 signaling, reactive oxygen species, Notch signaling, proteasome, natural killer cell, cytosolic DNA-sensing, and glycolipid metabolism. These findings demonstrated that ten-gene signature might potentially participate in the immune-dominant tumor microenvironment. The proportion of TICs analysis based on CIBERSORT algorithm found that activated T cells CD4 memory were positively correlated with risk score, while, Monocytes and Mast cells resting were negatively correlated with risk score, further supporting that the signature interacted closely with the tumor environment. Strategies targeting the tumor microenvironment of UM have the potential to improve the efficacy of standard and genome-based molecular therapeutics, and, as well, to help resolve many of the challenges associated with developing new drugs and running clinical trials (52). In our GSEA, KEGG collection indicated that NK cells were associated with the ten-gene risk score. This finding is consistent with previous research (53). Durante et al. (53) recent work identified LAG3 as a potential candidate for immune checkpoint blockade in patients with high risk UM, and demonstrated that LAG3 was expressed on NK cells, CD8+ T cells, and regulatory T cells, highlighting the vital of NK cells in UM. However, through immune cell and V(D)J immune repertoire analysis, Durante et al. (53) group found NK cells were few present, and they were distributed equally across tumor samples. This finding explains why NK cells stood out in GSEA but were not prominent in our CIBERSORT result. We thought the main reason was that the small amount of NK cells was “ignored” by the CIBERSORT algorithm, which led to the discrepancy of data analysis results. In Durante et al.'s (53) research, T cells were found present in all tumor samples and collaborated with LAG3 operating UM development. This conclusion was similar to our finding that the infiltration of CD4 T cells was correlated with the ten-gene risk score. Moreover, NK cells can recognize and directly kill early activated T cells, which can determine the quality and intensity of T cell responses, thereby affecting the immune process (54). As described above, although NK cells were “ignored” by the CIBERSORT algorithm, their ability in UM progress were not hidden, but be potentially “stolen” by T cells that are strictly related to it, further explained why NK cells appeared in our GSEA results but disappeared in the CIBERSORT conclusions.

The immune system uses multiple antigens to distinguish tumor cells from healthy cells (55). In many cancers, immune infiltration within the tumor is usually associated with a better prognosis and a favorable immunotherapy response (56). However, in primary UM, market-specific immunohistochemistry has demonstrated that dense infiltrate of leukocytes or macrophages is associated with monosomy 3 and a poor prognosis (57–59). UM cells express tumor-specific antigens, including the Melanoma Antigen Gene (MAGE) family proteins, premelanosome protein gp100, and tyrosinase (60, 61). But, both the innate and adaptive effector immune responses can be circumvented by UM cells (55), and previous studies have shown that UM cells have established a specific immune escape mechanism, leading to its progressive process and poor prognosis (55, 60–63). Contrary to other cancers, the increase in HLA class I expression is related to the poor prognosis of UM and is considered to be a mechanism by which natural killer cell-mediated cytotoxicity in the blood escapes tumors (64, 65). A recent study demonstrated that immune infiltration in UM is highly correlated with the upregulation of stimuli and targets (such as HLA and IFNG) that are fundamental for T cell-mediated immunotherapy (16). More recent reports suggest that disseminated conjunctival melanoma may be responsive to targeted molecular therapies, such as BRAF and MEK inhibitors in BRAF-mutant tumors (66), and checkpoint inhibitor immunotherapeutic agents, such as pembrolizumab (67). A better understanding of UM immunology can help select patients who may benefit from immunotherapy. However, the current knowledge of UM immunology is still in its infancy, and further research is needed to clarify the mechanism of UM inhibition and identify new targets to enhance anti-tumor immune reactivity.

DecisionDx-UM is a prognostic test that determines the metastatic risk associated with UM (68). Specifically, the assay determines the activity or “expression” of 15 genes which indicate a patient's individual risk, or class. The test classifies tumors as: Class 1 (low metastatic risk); Class 2 (high metastatic risk) (68). According to the report of the Collaborative Eye Oncology Group (COOG), the DecisionDx-UM GEP test is an accurate prospectively validated molecular classifier whose results are highly correlated with metastatic potential (69, 70). In a prospective multicenter study, Plasseraud et al. (71) demonstrated that the DecisionDecxD-UM could accurately predict the risk of metastasis in patients with UM. Compared with the seminal work of DecisionDx-UM, the present study obtained robust ten-gene signature by applying various statistical methods and validation in an independent cohort. Fewer gene numbers can save costs and improve efficiency in clinical practice. However, the results of the predecessors have been applied in commerce and have been widely reported and verified. In this regard, our research has great potential while still a long way to go.

Our research also has some limitations. Although TCGA-UVM is a cohort that is currently recognized by most scholars, the data in it are from large uveal melanoma treated with enucleation. Similarly, the GSE22138 cohort, which was published online on the GEO database platform, and its academic recognition is also undoubted. Still, most of the data in it came from large eye tumors. Such sample distribution in these two cohorts may not be consistent with the clinical population. Therefore, our research may have a selection bias for database selection. Our ten-gene signature came from retrospective data, and more prospective data were needed for proving the clinical utility of it. In addition, due to the limited clinical characteristics of patients included in TCGA cohort, we could not perform certain clinical subgroup analyses. Besides, there is currently no wet experimental data explaining the relationship between these ten-genes and their mechanism in UM samples. Therefore, between the ten-gene signature and the prognosis of UM, more effort is needed to clarify the potential relationship.



CONCLUSION

In conclusion, our research defined a robust ten-gene signature in UM. It is a comprehensive analysis of the TCGA and the GEO database. This signature was related to the prognosis of UM and can accurately identify the prognostic risk of patients. Notably, we evaluated the reliability and accuracy of the signature by compared to variants of chromosomes 3 and 8q, and examining in a validation cohort. What is more, the functions and immune infiltrating analyses revealed that the signature had close interactions with the immunodominant tumor environment, which may advance the development of new therapies for UM treatment.
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Melanoma remains a potentially deadly malignant tumor. The incidence of melanoma continues to rise. Immunotherapy has become a new treatment method and is widely used in a variety of tumors. Original melanoma data were downloaded from TCGA. ssGSEA was performed to classify them. GSVA software and the "hclust" package were used to analyze the data. The ESTIMATE algorithm screened DEGs. The edgeR package and Venn diagram identified valid immune-related genes. Univariate, LASSO and multivariate analyses were used to explore the hub genes. The "rms" package established the nomogram and calibrated the curve. Immune infiltration data were obtained from the TIMER database. Compared with that of samples in the high immune cell infiltration cluster, we found that the tumor purity of samples in the low immune cell infiltration cluster was higher. The immune score, ESTIMATE score and stromal score in the low immune cell infiltration cluster were lower. In the high immune cell infiltration cluster, the immune components were more abundant, while the tumor purity was lower. The expression levels of TIGIT, PDCD1, LAG3, HAVCR2, CTLA4 and the HLA family were also higher in the high immune cell infiltration cluster. Survival analysis showed that patients in the high immune cell infiltration cluster had shorter OS than patients in the low immune cell infiltration cluster. IGHV1-18, CXCL11, LTF, and HLA-DQB1 were identified as immune cell infiltration-related DEGs. The prognosis of melanoma was significantly negatively correlated with the infiltration of CD4+ T cells, CD8+ T cells, dendritic cells, neutrophils and macrophages. In this study, we identified immune-related melanoma core genes and relevant immune cell subtypes, which may be used in targeted therapy and immunotherapy of melanoma.
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Introduction

Melanoma still remains a potentially deadly malignant tumor at the beginning of the 21st century. The incidence of melanoma unfortunately continues to rise, while the incidence of many tumor types is declining (1). Melanoma is mainly seen in young and middle-aged people, and the median age at diagnosis is 57 years old. It has been observed that the incidence increases linearly from 25 to 50 years old and then slows down, especially in women (2). Although most patients have localized disease at the time of diagnosis and are treated by surgically removing the primary tumor, many patients develop metastasis (3). It is generally understood that the normal function of a healthy immune system can protect and prevent the development of malignant tumors, and people with a genetically compromised immune system may have increased susceptibility to tumors (4). Immunotherapy has become a new treatment method and is widely used in a variety of tumors, such as gastric and esophageal cancer, pancreatic cancer and ovarian cancer (5–7). Experiments have shown that immune stimulation can participate in the treatment of melanoma (8). Targeted therapy for specific genes is also a research hotspot (9). Combining targeted therapy and immunotherapy is an important strategy to treat melanoma (10–12). Therefore, screening immune-related biological targets has become particularly important.



Materials and Method


Data Collection

RNA sequence and clinical data of melanoma were collected from TCGA (13). We downloaded the expression profiles of mRNAs (level 3) in cases including tumor tissues and normal tissues from TCGA database (http://cancergenome.nih.gov/) on april 15, 2019. The sequenced data were obtained from Illumina HiSeqRNASeq. The corresponding clinical information of patients was also downloaded from TCGA database. ssGSEA groups TCGA melanoma transcriptome data. From the results of Bindea et al (14), we used a set of marker genes for immune cell types. We utilized 29 immune data sets (including immune-related pathways, immune cell types and immune-related functions) and the ssGSEA method with the R software gene set variation analysis (GSVA) package to operate the related expression pathways, penetration levels of different immune cells and Activity of immune-related functions. The melanoma samples from TCGA were divided into low- and high- immune cell infiltration cluster by "hclust" package (15). GSE15605 from the GEO database including 58 melanoma samples was recruited for external validation.



Verification of Effective Immune Grouping

The ESTIMATE algorithm was for identification of the differentially expressed genes (DEGs) in the melanoma expression profile data. The ESTIMATE algorithm was used to analyze the Immune Score, Stromal Score, Tumor Purity and ESTIMATE Score, and cluster heat maps and statistics were drawn for effective grouping.



Selection of Immune-Related Genes in Melanoma

TCGA data was divided into high- and low- immune cell infiltration cluster. According to the standards of p <0.05 and| log2FC |> 2, we used the edgeR package to analyze DEGs. We used the same criteria to perform differential analysis on cancer groups and para-cancer groups to screen immune-related cancerous genes. The Venn diagram identified real immune-related genes from the above two analyses.



Screen Prognostic Genes and Tap Their Characteristics

We utilized Univariate, lasso and multivariate analysis to dig out the correlation between the OS of patients and the expression level of immune-related genes. We calculated the regression coefficient and hazard ratio (HRs) of each gene, and finally the satisfactory mRNAs was identifed.



Construct a Prognostic Model of Immune-Related Genes

The prognostic risk scoring model of melanoma patients in training cohort is a collection of each optimal prognosis mRNA expression level and relative regression coefficient weights calculated from the multivariate model as the following method:

	

Relying on the median risk score, all patients in the cohort were classified into high- and low-risk groups. Kaplan–Meier survival curves of the two groups were completed. We proposed ROC curves (16) to evaluate the specificity and sensitivity of the model. We also conducted a multivariate analysis of several clinical characteristics of melanoma patients to check the independence of the prognostic models without their clinical characteristics.



Verify the Effect of Prognostic Models

With the cut-off values calculated from the training cohort, we compared the risk scores from the testing and entire cohort and then patient can be classified into high- or low-risk groups. Kaplan-Meier curve, Time-dependent ROC and Cox multivariate analysis were all conducted. Based on the clinicopathological characteristics, we conducted a stratification analysis of the entire cohort samples.



Confirmation of Hub Immune Related Genes

The "rms" package established the nomogram and calibrate curve, checking the accuracy and the consistency index between the predicted probability and the actual observation frequency. We next displayed the results in the calibration curve, in order to represent the performance of nomogram.



Analysis of Correlation With Immune Cell Infiltration

Immune infiltration data can be obtained from the tumor obtained from immune estimation resource (TIMER) database (17). We rely on the Pearson correlation coefficient to calculate the degree of correlation between immune infiltration and risk score. Meanwhile, we used the tumor-immune system interactions and drugbank (TISIDB) database to investigate the expression of these core immune-related genes in different molecular subtypes of cutaneous melanoma (18).



RNA Extraction, cDNA Synthesis, and qRT-PCR

Total RNA was extracted respectively from melanoma cell line A375, A815, SK-MEL-28 and normal human epidermal melanocytes (NHEM) using TRIzol® reagent (Invitrogen, Carlsbad, CA) according to the manufacturer’s protocol. cDNA was synthesized using reverse transcription kit (TaKaRa Biotechnology, Shiga, Japan). RNA expression levels were detected using the SYBR Green Mix (TaKaRa Biotechnology, Shiga, Japan). Target gene expression values were normalized to human GAPDH. The primer sequences were as follows: GAPDH (forward: 5′‐ACTTTGGTATCGTGGAAGGACTA‐3′, reverse: 5′‐GTCTCTCTCTTCCTCTTGTGCTC‐3′); IGHV1-18((forward: 5′‐AACCAGGCCAGTCATGTGAG‐3′, reverse: 5′‐TGTAAGCGCTGATCCATCCC‐3′); CXCL11(forward: 5′‐GACGCTGTCTTTGCATAGGC‐3′, reverse: 5′‐GGATTTAGGCATCGTTGTCCTTT‐3′); LTF(forward: 5′‐AGTCTACGGGACCGAAAGACA‐3′, reverse: 5′‐CAGACCTTGCAGTTCGTTCAG‐3′); and HLA-DQB1(forward: 5′‐GCGGGATCTTGCAGAGGAG‐3′, reverse: 5′‐ACTTTGATCTGGCCTGGATAGAA‐3′).




Results


Differentiated Grouping of Melanoma Tissue

We obtained melanoma samples and normal skin tissue samples from the TCGA database. We used ssGSEA to analyze the transcriptome data of melanoma tissue samples to assess the immune cell infiltration state. After controlling for the enrichment of multiple immune cell types, melanoma samples were divided into high and low immune cell infiltration clusters according to the degree of immune infiltration (Figure 1A). To test the authenticity of the above grouping scheme, we used the ESTIMATE algorithm to analyze the expression profile of melanoma and calculated the immune score, ESTIMATE score, stromal score, and tumor purity. The results suggested that the tumor purity of the high immune cell infiltration group was lower than that of the low immune cell infiltration cluster. In contrast, the values of the ESTIMATE score, immune score and stromal score were higher in the high immune cell infiltration cluster than in the low immune cell infiltration cluster (Figure 1A). The box chart shows that the high immune cell infiltration cluster had significantly higher immune score, ESTIMATE score and stromal score and lower tumor purity than the low immune cell infiltration cluster (Figure 1B). There were more immune components in the high immune cell infiltration cluster than in the low immune cell infiltration cluster, but the tumor purity of the high immune cell infiltration cluster was lower, and the expression levels of TIGIT, PDCD1, LAG3, HAVCR2, CTLA4 and the HLA family were also higher in the high immune cell infiltration cluster (Figures 1C, D). The CIBERSORT method was used to analyze the above two clusters and showed that there were more types of immune cells in the high immune cell infiltration cluster (Figure 1E). Survival analysis demonstrated that patients from the low immune cell infiltration cluster had worse prognosis than patients in the high immune cell infiltration cluster (Figure 1F).




Figure 1 | Grouping and verification of melanoma. (A) The immune cells were highly expressed in the high immune cell infiltration group (Immunity_H), and the low expression in the low immune cell infiltration group (Immunity_L). The Tumor Purity, ESTIMATE Score, Immune Score and Stromal Score were illustrated along with the grouping information. (B) There is a statistical difference of the Tumor Purity, ESTIMATE Score, Immune Score and Stromal Score between the high immune cell infiltration cluster and the low immune cell infiltration cluster (C, D) The expression of HLA family genes, TIGIT, PDCD1, LAG3, HAVCR2, and CTLA4 in the high immune cell infiltration cluster (red) were significantly higher than that of the low immune cell infiltration cluster (green) (E) The statistical graph shows the difference in the proportion of each immune cell between the high immune cell infiltration cluster (red) and the low immune cell infiltration cluster (green). (F) Survival difference between high immune cell infiltration cluster and low immune cell infiltration cluster. *P < 0.05, **P < 0.01, ***P < 0.001.





Analysis of DEGs With High and Low Immune Cell Infiltration

Based on the cutoff, which was |log2FC| > 2 and FDR < 0.05, we identified 1120 DEGs between the low and high immune cell infiltration clusters, which included 1116 upregulated DEGs and 4 downregulated DEGs (Figure 2A). We conducted a Venn analysis based on the immune genes from the import database and the DEGs from the high and low immune cell infiltration clusters. Then, we found 388 overlapping genes (Figure 2B), which were considered to be real DEGs.




Figure 2 | Analysis of differentially expressed genes. (A) The volcano graph shows the distribution of differential genes between high immune cell infiltration cluster and low immune cell infiltration cluster, red dots represent up-regulated genes, green dots represent down-regulated genes. (B) Using the Venn diagram to extract intersection points, we obtained a total of 388 differentially expressed genes.





Prognosis Models of Immune Cell Infiltration-Related DEGs

After integrating clinical information into gene expression profiles, we obtained 453 samples. We randomly selected 228 samples as the training cohort and the remaining 225 samples comprised the test cohort. All the samples together are referred to as the entire cohort. Then, we built a prognostic model with each cohort. In the training cohort, based on p < 0.05, univariate Cox regression analysis identified 171 genes (Table 1). The LASSO Cox regression algorithm was performed next (Figures 3A, B). Finally, multivariate Cox proportional hazards regression analysis was conducted, and the risk scores were calculated (Figure 3C). IGHV1-18, CXCL11, LTF and HLA-DQB1 were identified as immune cell infiltration-related DEGs. The risk score was calculated using the following formula: -0.000600085×IGHV1-18-0.032242183×CXCL11+0.003776394×LTF-0.007893899×HLA-DQB1. The survival status and risk score calculated by the prognostic model are illustrated in Figure 4A. Samples were classified into low- and high-risk clusters according to the median risk score. Survival analysis indicated that low-risk patients had significantly longer overall survival times than high-risk patients (Figure 4B). ROC curve analysis showed that the specificity and sensitivity were highest when the risk score was 0.72, 0.72, and 0.696 according to the 1-, 3-, and 5-year survival of the area under the receiver operating characteristic curve (AUC) value, respectively (Figure 4C). For the testing cohort, the risk score and survival status indicated by the prognostic model are displayed in Figure 4D. Samples were divided into low- and high-risk clusters according to the median risk score. Survival analysis indicated that low-risk patients had significantly longer overall survival times than high-risk patients (Figure 4E). ROC curve analysis showed that the specificity and sensitivity were highest when the risk score was 0.669, 0.622, and 0.599 according to the 1-, 3-, and 5-year survival of the area under the AUC value, respectively (Figure 4F). For the entire cohort, the risk score and survival status are illustrated in Figure 4G. Samples were classified into low- and high-risk clusters according to the median risk score. Survival analysis indicated that low-risk patients had significantly longer overall survival times than high-risk patients (Figure 4H). ROC curve analysis showed that the specificity and sensitivity were highest when the risk score was 0.694, 0.67, and 0.647 according to the 1-, 3-, and 5-year survival of the area under the AUC value, respectively (Figure 4I). The univariate model of the training, testing and entire cohorts is shown in Figures 5A–C, while the multivariate model of the training, testing and entire cohorts is shown in Figures 5D–F. The results all demonstrated that the prognostic model has independent and moderate prognostic power for immune cell infiltration. Taking the median risk score as the standard, we divided the sample of the entire cohort into a high-risk cluster and a low-risk cluster. Based on different clinical factors, we conducted a survival analysis of the two groups of samples. In the subgroup analysis stage II, stage III, stage IV, age ≤ 60, age > 60, female, male, with tumor and free of tumor, patients in the high-risk group had shorter overall survival times than those in the low-risk group (Figure 6).


Table 1 | Univariate Cox proportional hazards regression analysis.












Figure 3 | Prognosis model of training cohort. (A, B) LASSO Cox regression analysis of training cohort. (C) multivariate Cox proportional hazards regression analysis of training cohort.






Figure 4 | Prognosis model of training, testing and entire cohort. (A) The risk score and survival status of training cohort. (B) Survival analysis between low-risk patients and high-risk patients of training cohort. (C) ROC curve analysis of training cohort. (D) The risk score and survival status of testing cohort. (E) Survival analysis between low-risk patients and high-risk patients of testing cohort (F) ROC curve analysis of testing cohort. (G) The risk score and survival status of entire cohort. (B) Survival analysis between low-risk patients and high-risk patients of entire cohort (H) Survival analysis between low-risk patients and high-risk patients of training cohort (I) ROC curve analysis of entire cohort.






Figure 5 | Univariate model and multivariate model of the training, testing and entire cohort. (A) Univariate model of training cohort. (B) Univariate model of testing cohort (C) Univariate model of entire cohort (D) multivariate model of training cohort (E) multivariate model of testing cohort (F) multivariate model of entire cohort.






Figure 6 | Survival time of patients in high-risk and low-risk cluster of different subgroups.





Construction of the Predictive Nomogram

To predict the survival rate of melanoma patients from a clinical point of view, we constructed a nomogram using TCGA data to estimate the likelihood that the OS will last for 1, 3, and 5 years. We used the following six independent prognostic factors to predict the nomogram: age, AJCC stage, grade, histological type, risk score and tumor status (Figure 7A). The calibration chart shows that the effectiveness of the nomogram was very good, and the 45° line represents the best predicted case. (Figure 7B). ROC curve analysis illustrated that the 1-, 3-, and 5-year risk score AUC values were 0.719, 0.675 and 0.688, respectively. The AUC values for the 1-, 3- and 5-year clinical factors were 0.622, 0.731 and 0.753, respectively (Figures 8D–F). The 1-, 3-, and 5-year AUC values for age, gender, AJCC stage, and tumor status are shown in Figures 8A–C.




Figure 7 | The nomogram of predicting 1-, 3‐, or 5‐year OS and prognostic value of 4 genes in the entire set. (A) The nomogram for predicting 1-, 3‐, or 5‐year OS. (B) The calibration plots for predicting 1-, 3‐ or 5‐ year OS. Nomogram‐predicted probability of survival is plotted on the x‐axis; actual survival is plotted on the y‐axis.






Figure 8 | The relationship between four genes mRNA signature and different clinical features. (A, D) training cohort. (B, E) testing cohort. (C, F) entire cohort.





Validation of the Screened Genes by qRT-PCR and External Melanoma Database

Compared with the normal melanocytes, IGHV1-18, CXCL11 and HLA-DQB1 were highly expressed in melanoma cell line A375, A815 and SK-MEL-28, and LTF was downregulated in melanoma cell line A375, A815 and SK-MEL-28 (Figure 9), and both had statistical significance (P < 0.05). And the stability of the identified prognostic immune-related genes were substantiated by the external validation dataset GSE15605 containing 58 melanoma samples. Consistent with previous results, the expression of CXCL11 was higher while LTF was lower in the melanoma samples compared with normal samples. (Figure S1).




Figure 9 | The mRNA levels of IGHV1-18, CXCL11, LTF and HLA-DQB1 in melanoma cell line A375, A815, SK-MEL-28 and NHEM. Data are expressed as mean ± SEM. *P < 0.05. NHEM, normal human epidermal melanocytes.





Correlation of the Identified Prognostic Immune-Related Genes With the Immune Cell Subtypes That Infiltrate Melanoma and the Molecular Subtypes of Cutaneous Melanoma

Because the 4 genes IGHV1-18, CXCL11, LTF and HLA-DQB1 are associated with tumor immunity, we used the TIMER database to analyze the correlation between the prognosis of these 4 genes and the infiltration of immune cell subtypes in melanoma (Figure 10). The correlation value of B cells with the risk score was −0.241, and the correlation value of CD4+ T cells with the risk score was −0.235. The correlation value of CD8+ T cells with the risk score was -0.422. The correlation values of dendritic cells with the risk score was −0.511. The correlation value of macrophages with the risk score was −0.255, and the correlation value of neutrophils with the risk score was −0.442. The above results suggest that the prognosis of melanoma is significantly negatively correlated with infiltration by these immune cell subtypes. In addition, compared with the normal control, the expression of IGHV1-18, CXCL11 and HLA-DQB1 were higher in the patients with cutaneous melanoma, while the expression of LTF was lower (Figure S2). We divide cutaneous melanoma into four subtypes (BRAF-mutant, NF1-deficient, NRAS-mutant and triple wild-type). We found that the expression of CXCL11 (P = 0.1), LTF (P = 0.28), and HLA-DQB1 (P = 0.67) had no significant relation to the subtypes of cutaneous melanoma through TISIDB database (Figure S3).




Figure 10 | Correlation between the 4 immune-related genes prognostic signature for melanoma and the infiltration of immune cell subtypes. The six most relevant infiltration of immune cell subtypes are shown in the figure.






Discussion

Melanoma is the most invasive form of skin cancer, and the incidence continues to rise worldwide. Although intense intermittent sun exposure is the main risk factor for melanoma, family history of melanoma, genetic susceptibility, environmental factors, and immunosuppression are other factors that affect the incidence (19). In recent years, immunotherapy and targeted therapy of specific factors have been increasingly used to treat melanoma. Liao et al. developed a predictive model based on two gene signatures including CCL8 and DEFB1 but lacked an exploration of its relationship with immune cells (20). Meng et al. established a signature consisted of 33 immune-related gene (IRG) pairs which associated with OS in malignant melanoma and analyzed the variations of the abundance of immune cells (21). Liu et al. identified 10 DE IRGs between primary and metastatic melanoma, and investigated the immune infiltration and tumor mutation burden in different risk groups (22).

In this study, we focused on the immune infiltrating status in melanoma and selected IGHV1-18, CXCL11, LTF and HLA-DQB1 from immune cell infiltration cluster as immune cell infiltration-related DEGs through the analysis of differences in melanoma samples and the construction of prognostic models. In addition, we further explored the correlation of the immune cell infiltration-related DEGs with the specific immune cell subtypes, which may provide more details for the exploration of the mechanisms by which DEGs regulate the development and prognosis of melanoma.

The CXCL9, -10, -11/CXCR3 axis is involved in inflammatory responses, leukocyte trafficking, adaptive resistance, hematopoiesis, cancer cell transfer and angiogenesis. Tokunaga et al. found that the CXCL9, CXCL10, and CXCL11/CXCR3 axis can be used as novel tumor treatment targets (23). C-X-C motif chemokine 11 (CXCL11) is regarded as the dominant CXCR3 agonist and can be induced by IFN-γ and type I interferons (24). CXCL11 has been found uniquely expressed in the melanoma with rich lymphocyte, and may play a potential role in the construction of tumor microenvironment by recruiting activated T-cells (25). Kremenovic et al. revealed that CXCL11, as a myeloid activation (MA) signature gene, had a positive correlation with the presence of M1 macrophages, mature dendritic cells (DC) and CD8+ T cells in cutaneous melanoma patients (26).

The lactoferrin (LTF) gene, located at 3p21.3, acts as a tumor suppressor gene in diverse tumors. Zhang et al. demonstrated that LTF is dysregulated in nasopharyngeal carcinoma cell lines (27). Yi HM and others discovered expression, genetic and epigenetic alterations of the LTF gene in nasopharyngeal carcinoma cell lines (28). Wei et al. found that in B16-F10 melanoma metastasis model, the metastatic rate was higher in the LTF knockout mice (29). LTF may play a protective role in melanoma metastasis by inducing differentiation and apoptosis of myeloid-derived suppressor cells (MDSCs) and up-regulating TLR9 expression.

Polymorphisms of human leukocyte antigen (HLA) genes are thought to be associated with the susceptibility to a variety of malignancies and involved in the progress of carcinogenesis, tumor proliferation and immune escape (30). HLA-DQB1 is more extensively studied in gastric cancer and cervical cancer (31, 32). HLA-DQB1 * 0301 has been reported to be closely associated with the risk of melanoma development and progression (33). As far as we know there are indeed few reports on IGHV1-18 in melanoma. IGHV1-18 is commonly expressed in normal B cells, and the tumor or inflammatory conditions can affect B cells, which may result in mutations in the heavy chain clone gene and influence the antibody gene family usage preference (34, 35). Although IGHV1-18 has not been reported in melanoma, current studies suggest that the dynamic balance of B cells and antibodies may be related to the occurrence, development and prognosis of melanoma. In melanoma, B-cells can be polarized to produce IgG4, which has low anti-tumor efficacy and may represent a possible mechanism of tumor escape (36). In addition, although it is generally believed that Ig is produced only by B lymphocytes, recent studies have reported that IgG can also be produced by non-B cells, such as epithelial cancer cells. For example, compared with normal epithelial cells, IgG from cancer cells often show unique V(D)J rearrangement or mutation hotspots (37). Therefore, further research on IGHV1-18 changes in melanoma patients may be helpful for the diagnosis and prognosis of melanoma. We have included this part of discussion in our revised manuscript accordingly.

Immunotherapy, along with surgery, radiation therapy and chemotherapy, is rapidly becoming the standard treatment for cancer. In recent years, it has been demonstrated in a variety of tumor types that the level of immune cell infiltration is inversely related to tumor purity but positively correlated with responsiveness to immune checkpoint inhibitors, which results in better prognosis and immune response (38, 39). Our results showed that the status of overall increased infiltrating immune cells in melanoma has the potential to predict clinical prognosis. Melanoma could be divided into ”hot” and “cold” status (enrich in or lack of immune cells infiltration), and the hot status is likely to correlate with antigen processing and higher expression of interferons, TNF and chemokines pathways (40). We further analyzed the infiltrating immune cell subtypes which correlated with the prognosis of melanoma. CD8+ cytotoxic T lymphocytes (CTLs) are the preferred tool for targeting tumors, and effective antitumor immunity also requires CD4+ T cells (41). Experiments have shown that CD8+ T cells and CD4+ T cells play a role in the treatment of breast cancer, colon cancer, etc. (42, 43), especially in melanoma (44, 45). Enhanced dendritic actin network formation is clearly proven to have an effect on melanoma (46). Samaniego R and others found that macrophage expression can predict human primary cutaneous melanoma progression (47). Protumor activities of macrophages have also been detected in the progression of melanoma (48). Forsthuber A and others found that CXCL5 played a role as a regulator of neutrophil function in cutaneous melanoma (49). Soler-Cardona A and others also confirmed that this mechanism is related to lymph node metastasis (50). The above results indicate that our screening and prediction about immune cell subtypes are reliable, which is beneficial to further research on melanoma immunotherapy.

Nevertheless, our study remains certain limitations. First, the data on which the prediction model was established were obtained from available public databases, though we validated it in melanoma cell lines through qRT-PCR and other external datasets, the immunohistochemistry staining of the protein level associated with DEGs and infiltrating immune cell in tumor tissues also deserves further validation. In addition, the immune cell types were identified by marker genes, but the expression level of them may not constant per cell, and hence, the cell number may be incompletely relevant to the expression level of marker genes (51). Further, a more comprehensive analysis of more types of immune cells and the stromal cells should be a focus of future research.



Conclusion

In this study, by analyzing the differences between melanoma samples and immune cell infiltration data, we constructed a prognostic model and identified immune-related melanoma core genes. Relevant immune cell subtypes were also identified. In the future, the identified genes and subtypes may be used in targeted therapy and immunotherapy to provide new clinical treatment ideas.
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Background

Cutaneous melanoma (CM) is one of the most aggressive cancers with highly metastatic ability. To make things worse, there are limited effective therapies to treat advanced CM. Our study aimed to investigate new biomarkers for CM prognosis and establish a novel risk score system in CM.



Methods

Gene expression data of CM from Gene Expression Omnibus (GEO) datasets were downloaded and analyzed to identify differentially expressed genes (DEGs). The overlapped DEGs were then verified for prognosis analysis by univariate and multivariate COX regression in The Cancer Genome Atlas (TCGA) datasets. Based on the gene signature of multiple survival associated DEGs, a risk score model was established, and its prognostic and predictive role was estimated through Kaplan-Meier (K-M) analysis and log-rank test. Furthermore, the correlations between prognosis related genes expression and immune infiltrates were analyzed via Tumor Immune Estimation Resource (TIMER) site.



Results

A total of 103 DEGs were obtained based on GEO cohorts, and four genes were verified in TCGA datasets. Subsequently, four genes (ADAMDEC1, GNLY, HSPA13, and TRIM29) model was developed by univariate and multivariate Cox regression analyses. The K-M plots showed that the high-risk group was associated with shortened survival than that in the low-risk group (P < 0.0001). Multivariate analysis suggested that the model was an independent prognostic factor (high-risk vs. low-risk, HR= 2.06, P < 0.001). Meanwhile, the high-risk group was prone to have larger breslow depth (P< 0.001) and ulceration (P< 0.001).



Conclusions

The four-gene risk score model functions well in predicting the prognosis and treatment response in CM and will be useful for guiding therapeutic strategies for CM patients. Additional clinical trials are needed to verify our findings.





Keywords: prognosis, cutaneous melanoma, risk score, gene signature, survival



Introduction

Cutaneous melanoma (CM) accounts for over 74% of skin cancer related death each year (1), which makes it one of the most malignant cancers, with tremendously poor prognosis (2, 3). The incidence of CM has continued to increase annually. Although tremendous efforts toward early detection and therapeutics were made, advanced stage melanoma patients still exhibit disappointing prognosis with 5-year overall survival rate ranging from 45% for stage III to 18% for stage IV (4, 5).

Cutaneous melanoma is a highly heterogeneous tumor, in terms of clinical and complicated molecular (5). Several clinical features, such as age, gender, stage, ulceration and breslow thickness have been shown to be the important clinicopathological characteristics for predicting the outcome of CM patient (6). However, due to the high potentiality for CM metastasis, the prognosis remains poor. Molecular biomarkers are important in guiding treatment selection and predicting outcome in tumor patients (7–9). For example, the 21-gene recurrence score assay is prognostic for women with node-negative, estrogen-receptor-positive breast cancer treated with tamoxifen (10). Although hundreds of studies have explored the prognostic value of molecular markers, there is still no recommended molecular marker to predict CM prognosis.

In the current study, we were devoted to exploring new biomarkers and establishing a risk score model to predict prognosis, aiming to provide appropriate therapeutic methods for CM patients.



Materials and Methods


Gene Expression Omnibus (GEO) Datasets Collection and Enrichment Analysis

Gene expression raw microarray cell intensity (CEL) profiles of CM were evaluated in three independent datasets from the GEO database (accession number: GSE7553, GSE46517, and GSE15605), which included 57 tumor tissue samples and three normal skin samples; 85 tumor tissue samples and eight normal skin samples; 60 tumor tissue samples and six normal skin samples, respectively. The microarray data GSE65904 containing 214 patients was downloaded to verify our risk model. Four patients were deleted due to lack of follow-up information. When more than one probe matched the same gene ID, the mean expression value of the gene was used for our study.



The Cancer Genome Atlas (TCGA) Dataset

The TCGA CM dataset, containing 459 tumor samples which included raw counts of RNAseq expression data and clinicopathological characteristics were obtained from cBioPortal website. The TCGA dataset was randomly divided into two parts: the training cohort and the validation cohort.



Identification of Common Differential Expression Genes (DEG)

The GSE7553, GSE46517, and GSE15605 expression profiles were normalized and the DEG were calculated using the LIMMA package. In this study, Gene sets with False Discovery Rate (FDR) < 0.05 and with the threshold of |logFC|>1 were defined as DEGs. All the data processing and normalization were performed using the R software.



Identification and Selection of Prognosis-Related Genes

Univariate and multivariate Cox regression analyses model were commonly employed in survival analysis. Genes were considered significant when the P value were <0.05 in the univariate and multivariate Cox regression analysis based on training and validation cohorts. These genes were used to construct the risk model. The fitness of the models was compared based on Akaike information criterion (AIC) and the lowest value of AIC provided the sensitivity and specificity. Subsequently, four genes (ADAMDEC1, GNLY, HSPA13, and TRIM29) were selected.



Construction and Assessment of Risk Score System

Based on the prognosis associated genes, a risk score model was constructed for the CM patients. Each gene was added one at a time in the risk score system and the risk score for each patient was calculated as the sum of each gene’s score as follows:

	

In this formula, βgene(n) represents the coefficient of each gene from univariate Cox regression analysis, and Exp gene(n) displays the expression of each gene.

Then all TCGA patients were separated into high and low-risk subgroups according to the optimal cut-off value of risk score. The optimal cut-off value of risk score was determined by the time-dependent receiver operating characteristic (ROC) curve using “survivalROC” package. To compare the survival time difference between the low- and high-risk group, K-M curve was produced by the “Survminer” package using the log-rank test. The predictive accuracy of this risk score model was determined by time-dependent ROC curve analysis. The area under the curve (AUC) was calculated to measure the predictive ability of the gene signature for clinical outcomes.



Immune Infiltration Analysis

The abundance of tumor infiltrating immune cells in CM was predicted using the Tumor Immune Estimation Resource (TIMER) algorithm. The correlation between prognostic gene expression and the abundance of different immune cells, including CD8+ T cells, CD4+ T cells, macrophages, B cells, neutrophils, and dendritic cells was measured using the Spearman’s test. All hypothetical tests were two-sided and P values < 0.05 were considered statistically significant.




Results


Screening of DEG

To describe our study more clearly, a flow chart of the analysis procedure was developed (Figure 1). After the analyses of GSE7553, GSE46517, and GSE15605 data sets, DEGs were identified and selected. The overlap among three data sets included 103 DEGs was shown in the Venn diagram (Figure 2A). The volcano plots and heatmap of each data set are shown in Figures 2B–G.




Figure 1 | Overall workflow describing the process used to develop and validate the prognostic model to predict prognostic outcomes.






Figure 2 | DEGs in three data sets. (A) Venn diagram of DEGs. (B–D) The volcano plots visualize the DEGs in GSE7553, GSE15605, and GSE46517, respectively. The red nodes represent upregulated genes. The green nodes represent downregulated genes. (E–G) Heatmap of the top 103 DEGs according to the value of |logFC| > 1 and FDR < 0.05. The color in heat maps from blue to red shows the progression from low expression to high expression. logFC, log fold change.





Construction of Risk Score System

We conducted univariate and multivariate Cox regression to investigate the correlation of the DEGs with the overall survival of TCGA CM patients in training, validation and total cohort. Basic characteristics of the patients are shown in Table 1. The result revealed that GNLY, DFNA28, ADAMDEC1, ALOXE3, EFNA3, EPN3, EVPL, FERMT1, HSPA13, JAG2, RAPGEFL1, SULT2B1, TGM3, and TRIM29 were significant prognostic factors. Furthermore, in order to select the best performance efficacy predictive model with the lowest AIC value, we performed the stepwise multivariate Cox regression analysis to identify independent predictors for overall survival of total TCGA CM patients. Finally, four prognosis−associated genes (GNLY, ADAMDEC1, HSPA13, and TRIM29) were selected for constructing the risk score system (Table 2). The formula was as follows:

	


Table 1 | Basic characteristics of TCGA CM patients.




Table 2 | Univariate and multivariate analysis of prognosis genes for TCGA CM.



To evaluate the prognostic significance of the risk score, K-M plot of high and low risk CM patients were conducted. According to the optimal cut-off value of risk score, the patients in the total TCGA cohort were classified into high (312 patients) and low (147 patients) risk groups. Compared to the high-risk group with the median OS time of 27.76 months, the low-risk group with the median OS time of 56.8 months had a higher survival ratio (P<0.001; Figure 3A).




Figure 3 | The four-gene signature-derived risk score. (A) Kaplan–Meier overall survival analysis among TCGA CM patients stratified by risk score. Association between the risk model and different clinical characteristics. (B) Age. (C) Chemotherapy. (D) Breslow depth. (E) Tumor site. (F) Ulceration. (G) Metastasis. (H) Radiotherapy. (I) Stage. (J) The value of risk score (top), The corresponding expression of four genes (middle), and the associated clinicopathological parameters (bottom).



Furthermore, we analyzed the correlation between risk score and clinicopathological characteristics, which showed that high risk score was positively associated with elder age, ulceration, and breslow depth. Patients who received chemotherapy and radiotherapy prone to low-risk (Figures 3B–J).



Stratification Analysis

According to K-M analysis, CM patients with high risk score and larger breslow depth had the worst outcomes (Figure 4A), and CM patients with the ulceration and high- risk score had a shorter survival time than those with the non-ulceration group (Figure 4B). Furthermore, high risk score was also associated with poor prognosis in CM patients treated with chemotherapy or radiotherapy (Figures 4C, D), indicating that the risk score could predict the therapeutic reaction.




Figure 4 | Stratification analysis. Kaplan–Meier overall survival analysis of TCGA CM patients stratified by risk scores combined with (A) Breslow depth. (B). Ulceration. (C) Chemotherapy. (D) Radiotherapy.





Survival Predictive Model Based on Clinical Factors Alone or Their Combination With Risk Score

We constructed a survival prediction model to identify whether risk score in the presence of clinical factors to better discriminate survival of CM patients. Compared with the model with clinical factors alone, the model with addition of the risk score improved the sensitivity and specificity of discriminating 1-year (AUC, 0.57 to 0.66, Figure 5A), 3-year (AUC, 0.61 to 0.66, Figure 5B), and 5-year survival (AUC, 0.61 to 0.70, Figure 5C). When the model had both the risk score and clinical factors, its predictive ability for survival was greater [Concordance index (C-index) =0.66] than that with clinical factors alone (C-index=0.59).




Figure 5 | Survival prediction model under the comparison of clinical factors versus the combination of risk score and clinical factors. (A) One-year survival receiver operating characteristic curves (ROC); (B) 3-year survival ROC; (C) 5-year survival ROC.





External Validation of the Model in GSE65904

GSE65904 dataset was used to validate the prediction performance of the model and each patient’s risk score was calculated according to the formula of the model. All patients were divided into two groups: the high-risk group and the low-risk group by the optimal cut-off value of risk score. The K-M curve revealed significant difference in overall survival between groups in GSE65904. High-risk group had markedly poorer outcome than low-risk group with P < 0.05 in Figure 6.




Figure 6 | Survival analysis of the high-risk group and the low-risk group divided by the model in GSE65904 validation set. All 214 patients were classified into two groups: the high-risk group and the low-risk group by the optimal cut-off value of risk scores.





The Association Between Prognosis Related Gene and Immune Markers

In order to detect the correlation between prognosis related gene and the immune infiltration level, we concentrated particularly on the relationship between prognosis related gene and immune markers of various immune cells in CM using the TIMER database. There was a positive correlation between ADAMDEC1 expression and the dendritic cell (Cor=0.67, p=4.72e−59), neutrophils (Cor=0.652, p=3.99e−56), CD8+

T cells (Cor=0.572, p=2.05e−39), macrophages (Cor=0.404, p=3.12e−19), CD4+ T cells (Cor=0.385, p=3.45e−17), B cells (Cor=0.371, p=4.51e−16). Similar results were obtained for GNLY and HSPA13 (Figures 7A–C). While, the correlation between TRIM29 and immune infiltration is not obvious (Figure 7D). According to K-M analysis, high ADAMDEC1, HSPA13, and GNLY expression was significantly correlated with better prognosis, while high TRIM29 expression was markedly correlated with poor prognosis (Figures 7E–H).




Figure 7 | The correlation between prognostic genes expression and immune cell infiltration in CM (TIMER database). The correlation between the abundance of immune cell and the expression of (A) ADAMDEC1; (B) GNLY; (C) HSPA13; (D) TRIM29. Prognostic values of (E) ADAMDEC1, (F) GNLY, (G) HSPA13, (H) TRIM29 in TCGA CM.






Discussion

In present study, we selected and constructed a four-gene based risk score model for CM. We analyzed GSE7553, GSE46517, and GSE15605 data sets, 103 DEGs were identified and selected. Subsequently, univariate and multivariate COX regression were employed for the key genes. Fourteen genes (GNLY, DFNA28, ADAMDEC1, ALOXE3, EFNA3, EPN3, EVPL, FERMT1, HSPA13, JAG2, RAPGEFL1, SULT2B1, TGM3, and TRIM29) were finally identified to be the prognostic genes. Here we adopted stepwise multivariate Cox regression analysis to select the best performance efficacy predictive model with the lowest AIC value. Finally, a four-gene based model including GNLY, ADAMDEC1, HSPA13, and TRIM29 was successfully developed.

Furthermore, in order to evaluate the prognostic significance of the new risk model, we performed log-rank test and the ROC curve analysis to investigate association between the model and clinical parameters. As we expected, the high-risk cohort was correlated with poor outcome and was tend to larger breslow depth and ulceration.

For our prognosis related genes, researchers have revealed that some of them may be crucial in cancer development, including CM. For instance, ALOXE3, which encodes arachidonate lipoxygenase3, can serve as a potential predictive biomarker for colon adenocarcinoma patients. Low expression of ALOXE3 had a favorable prognosis of COAD (11). Gómez-Maldonado et al. identified EFNA3, a member of the ephrin type A ligands, is induced by hypoxia-inducible factor in human tumors and this induction is predictive of poor prognosis and increased risk of metastasis in breast cancer patients (12). EPN3 expression is upregulated in wounded epithelial tissues and it can drive breast tumorigenesis by increasing E-cadherin endocytosis, EPN3 is overexpressed in 40% of breast cancers and its overexpression is an independent predictor of distant metastasis (13, 14).. Envoplakin (EVPL) is a protein component of desmosomes and the DNA variant in intron of EVPL (rs2071194) has been found associated with papillary and follicular thyroid cancer risk (15). FERMT1, as an oncogene, promotes the degradation of IκBα, thereby activating NF-κB signaling and promoting gastric cancer (16). JAG2 is one of Notch ligands, which recently appear to exert various carcinogenesis. JAG2 expression significantly correlates with angiogenic processes and vascular development in breast cancer, and is induced at the transcriptional level in hypoxic tumor cells. The oncogene c-myc can also modulate JAG2 expression under hypoxic conditions (17). In 2013, Takahashi et al. reported that RAPGEFL1 was highly methylated in some ESCC cell lines and RAPGEFL1 could regulate by most miRNAs. Therefore, RAPGEFL1 may be the potential pathogenic genes for ESCC (18). TGM3 could affect epithelial-mesenchymal transition, play an essential role in tumorigenesis and progression. It might serve as a useful biomarker and potential therapeutic target for hepatocellular carcinoma treatment (19).

Several genes in our risk model had been investigated in immune response. TRIM29, a member of the tripartite interaction motif (TRIM) family of proteins, functions as a negative regulator of innate immune response. Studies have shown that knockdown of TRIM29 in airway epithelial cells enhances type I interferon production (20). TRIM29 is also recognized as an oncogene, and elevated gene expression in multiple tumors such as colorectal cancer and bladder cancer and so on (21). But the function of TRIM29 in cutaneous melanoma remained still unknown. Elizabeth et al. discovered that ADAMDEC1, an orphan ADAM-like metalloprotease, is expressed in the immune system, by dendritic cells and macrophages. In vitro, the expression of ADAMDEC1 was significantly elevated in M1 but not M2 macrophages. More research is needed to determine the associations between ADAMDEC1 and immune response and associations with survival for cancers (22). Granulysin (GNLY) is a cytolytic apoptotic molecule highly expressed in activated immune cells, particularly human cytotoxic T lymphocytes (CTLs) and natural killer (NK) cells (23). GNLY functions as a lytic molecule to carry out lysis or apoptosis product in target cells, including tumor cells or cells infected by pathogens. GNLY can also activate antigen-presenting cells through TLR4 (24). Multiple publications have confirmed the anti-tumor activity of GNLY (25–29). Ya-Wen reported that the serum level of GNLY was negatively correlated with the proliferation of transplanted tumor cells in HIS mice (30). All gene in this risk model are firstly studied in cutaneous melanoma.

To sum up, our research results indicate that the four-gene prognostic model is a reliable tool for predicting the overall survival of CM, it may be useful for guiding therapeutic strategies to improve the clinical outcome of melanoma patients. The low- risk group should avoid some unnecessary treatment to reduced drug toxicities, and high-risk group can receive other intensive treatment. For clinical application, more clinical studies are needed to further verify the prognostic and predictive significance of the risk score model.



Conclusions

In conclusion, the new risk score system functions well in predicting the prognosis and treatment response in CM patients, with the potential to optimize treatment options. More studies are needed to explore the biological function of these four genes in CM progression and to further verify the prognostic value of the model for clinical practice.
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Background

Assessment of immune-specific markers is a well-established approach for predicting the response to immune checkpoint inhibitors (ICIs). Promising candidates as ICI predictive biomarkers are the DNA damage response pathway genes. One of those pathways, which are mainly responsible for the repair of DNA damage caused by ultraviolet radiation, is the nucleotide excision repair (NER) pathway. Xeroderma pigmentosum (XP) is a hereditary disease caused by mutations of eight different genes of the NER pathway, or POLH, here together named the nine XP genes. Anecdotal evidence indicated that XP patients with melanoma or other skin tumors responded impressively well to anti-PD-1 ICIs. Hence, we analyzed the expression of the nine XP genes as prognostic and anti-PD-1 ICI predictive biomarkers in melanoma.



Methods

We assessed mRNA gene expression in the TCGA-SKCM dataset (n = 445) and two pooled clinical melanoma cohorts of anti-PD-1 ICI (n = 75). In TCGA-SKCM, we applied hierarchical clustering on XP genes to reveal clusters, further utilized as XP cluster scores. In addition, out of 18 predefined genes representative of a T cell inflamed tumor microenvironment, the TIS score was calculated. Besides these scores, the XP genes, immune-specific single genes (CD8A, CXCL9, CD274, and CXCL13) and tumor mutational burden (TMB) were cross-correlated. Survival analysis in TCGA-SKCM was conducted for the selected parameters. Lastly, the XP response prediction value was calculated for the two pooled anti-PD-1 cohorts by classification models.



Results

In TCGA-SKCM, expression of the XP genes was divided into two clusters, inversely correlated with immune-specific markers. A higher ERCC3 expression was associated with improved survival, particularly in younger patients. The constructed models utilizing XP genes, and the XP cluster scores outperformed the immune-specific gene-based models in predicting response to anti-PD-1 ICI in the pooled clinical cohorts. However, the best prediction was achieved by combining the immune-specific gene CD274 with three XP genes from both clusters.



Conclusion

Our results suggest pre-therapeutic XP gene expression as a potential marker to improve the prediction of anti-PD-1 response in melanoma.
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Introduction

Immune checkpoint inhibitors (ICIs) are a standard treatment for advanced melanoma and other immunogenic tumors. For the therapy of melanoma, they include ipilimumab, a monoclonal antibody directed against the cytotoxic T-lymphocyte-associated antigen 4 (CTLA-4) receptor, and nivolumab or pembrolizumab, antibodies targeting programmed cell death-1 (PD-1) receptor (1–3). Despite the impressive and long-lasting clinical activity of ICIs in some patients, many do not respond. Furthermore, severe side effects are frequent, especially in the combined application of ipilimumab and nivolumab (4). These typically include immune-related adverse events of multiple organs and tissues, leading to inflammations such as thyreoiditis, pneumonitis, colitis or hypophysitis (1, 3, 4). Thus, predictive biomarkers of ICI response are urgently needed in order to identify those patients who achieve the greatest ICI benefit (1–3).

For the efficacy of anti-PD-1 ICIs, different predictive biomarkers have been proposed (5, 6). These can be classified as follows: tumor-intrinsic biomarkers (e.g., tumor mutational burden (TMB) or neoantigen load), which are indirect measures of tumor antigenicity generated by somatic tumor mutations, and immune-specific biomarkers (e.g., T cell-inflamed gene expression profiles (GEPs) or programmed-death-ligand 1 (PD-L1) expression), which are indicative of a T cell-inflamed tumor microenvironment (TME) (6, 7).

Particularly, many studies on immune-specific biomarkers have been conducted recently (8). For instance, Ayers et al. (9) analyzed GEPs using RNA from baseline tumor samples of patients treated with pembrolizumab and eventually defined an 18-gene GEP, hereafter referred to as the Tumor Inflammation Signature (TIS). This signature was predictive in 220 patients with nine different cancers and contained IFN-gamma–responsive genes related to antigen presentation, chemokine expression, cytotoxic activity, and adaptive immune resistance (9). In a current large-scale metanalysis of 1,008 ICI treated cases (n = 353 with melanoma), different predictive biomarkers of ICI response were compared with each other (10). In the markers of immune infiltration category, the TIS single genes CXCL9, CD8A, and TIS itself were the predictors with the strongest effect size. The gene CXCL13 was also a highly predictive gene marker in the whole tumor cohort. Intriguingly, in the three melanoma anti-PD-1 cohorts (7, 11, 12) included in this meta-analysis, CD274 (coding for PD-L1) was a further predictive marker. However, looking at each cohort individually, only in the cohort published by Cristescu et al. (7) TIS, CXCL9, and CD274 were significantly positively associated with ICI response. Finally, the authors concluded that 34 predefined biomarkers (among them the markers of immune infiltration) could only explain about 60% of the total proportion of variance in ICI response, indicating that the remaining factors determining ICI response still need to be discovered (10).

Recent studies revealed that mutational processes directly altering the DNA damage response (DDR) could influence response to ICI (13–16). As one mechanism, DDR defects can lead to a higher TMB, which implicates a greater abundance of immunogenic neoantigens; this is impressively illustrated by the strong clinical activity of anti-PD-1 ICI in mismatch-mediated repair (MMR) deficient tumors (17–21). Notably, besides MMR, two other pathways are responsible for the repair of DNA single-strand breaks (SSB): base excision repair (BER) and nucleotide excision repair (NER). In contrast, DNA double-strand breaks (DSB) are repaired by homologous recombination and further by more error-prone nonhomologous end joining and microhomology-mediated end joining (22–25) Another DNA repair pathway is the Fanconi Anemia/BRCA pathway that restores DNA interstrand crosslinks.

In addition to an increased TMB, other more specific mechanisms leading to altered immunogenicity have been attributed to modified DDR pathways and signaling (6, 15, 25). These mechanisms include upregulation of PD-L1 expression by enhanced DDR signaling through SSB or DSB. Expression of PD-L1 is additionally increased by depletion of BRCA2, which is involved in homologous recombination, or by depletion of Ku70/80, a critical factor of nonhomologous end joining, and by BER reduction (26, 27). Importantly, increased PD-L1 expression after DSB and SSB was associated with the activation of STAT1, STAT3 and IRF-1, which are all part of the canonical interferon (IFN)-gamma-pathway (28). Additionally, for loss of interstrand crosslink repair function in breast cancer, an increased IFN-related gene expression, namely, the two critical mediators of CD4+ and CD8+ T-cell chemotaxis, CXCL10 and CCL5, was discovered (29). Those and other cytokines are involved in T-cell inflammation, which is often a prerequisite for anti-PD-1 ICI response (30). Mechanistically, the crosstalk between immune and cancer cells within the TME, leading to PD-L1 upregulation on cancer cells, is the basis for the mode of action of anti-PD-1 ICI (31). These observations support the joint analysis of DDR pathway and immune-specific gene expression in the TME (32).

Although several case reports stated impressive anti-PD-1 ICI responses of patients with NER germline defects, and while some of them have identified a higher TMB, the further immunogenic impact by alterations of this DDR pathway is far less explored (13, 25, 33–37). Biallelic pathogenic variants in one of the seven NER genes coding for the so-called complementation groups, XPA, ERCC3, XPC, ERCC2, DDB2, ERCC4, ERCC5, the NER gene ERCC1, and the gene coding for XP variant, POLH, are the causes of the rare hereditary disease Xeroderma pigmentosum (XP) (38). They lead to an absent or inactivated protein and are hereafter referred to as the nine XP genes. The NER is mainly responsible for the repair of UV-induced DNA lesions and is divided into a global genome (GG) and transcription-coupled (TC) repair subpathway, which shares a common end section (39). XP patients under age 20 years have a 10,000-fold increased risk for non-melanoma skin cancer and a 2,000-fold increased risk for melanoma, making skin cancer the most common cause of death in this population (40). Hence, XP patients with skin tumors could benefit greatly from successful ICI treatment, requesting investigation of the role of these nine XP genes for ICI response.

A recent study correlated DDR pathway mutations irrespective of XP disease with overall survival of 1,661 ICI-treated patients and revealed that the NER pathway was predictive of ICI benefit—independent of TMB and tumor type. However, in 40,181 unique cancers, only 3.4% of melanomas possessed NER gene mutations (41). Moreover, Litchfield et al. found no predictive role of DDR pathway mutations for ICI response in seven different tumor types (10). An aspect, presumably limiting further the predictive role of DDR mutations, is that different genes in the same DDR pathway can unevenly affect the TME and the ICI response, as shown for BRCA1 and BRCA2 mutations (11, 42).

Based on the discussion above, we focused on analyzing the nine XP genes away from mutation data to gene expression data to investigate the predictive role of XP gene expression as an anti-PD-1 response marker in melanoma. Accordingly, The Cancer Genome Atlas Skin Cutaneous Melanoma project (TCGA-SKCM) (43) dataset, consisting of systemic treatment-naïve primary and metastatic melanoma samples, was used to identify two primary clusters of XP gene expression. We discovered that these were inversely correlated with the expression of TIS and single immune infiltration genes. In TCGA-SKCM, no significant negative correlations between XP genes and TMB were observed. Importantly, besides being predictive for the response to a specific treatment, biomarkers can also be prognostic by providing information about the patients overall cancer outcome, regardless of therapy (44). Because this can potentially interfere with their predictive value, we used TCGA-SKCM to analyze the prognostic role of different factors, and from the XP genes found only the expression of ERCC3 to be prognostic. In contrast, expression of XP genes and clusters thereof could better predict response to anti-PD-1 ICs than well-established immune-specific biomarkers in two pooled clinical cohorts.



Material and Methods


Study Design

In Figure 1, we outline our analysis workflow beginning with the pre-processing of our three input datasets from TCGA-SKCM (43), Hugo et al. (11), and Riaz et al. (12). In parallel, we parsed the genes to be analyzed, the nine XP genes (XPA, ERCC3, XPC, ERCC2, ERCC4, ERCC5, DDB2, POLH, ERCC1), the 18 genes of the T- cell inflamed signature (9) (here named Tumor Inflammation signature, TIS) and the predictive biomarker, CXCL13, were retrieved through literature research (6, 10). The further utilized TIS score was calculated as the weighted sum of the 18 gene expression values according to Ayers et al. and Cristescu et al. (7, 45).




Figure 1 | A schematic diagram of our workflow, including TCGA-SKCM and two anti-PD-1 cohorts of melanoma patients.



Accordingly, the XP gene expression in TCGA-SKCM was clustered hierarchically to define two XP clusters consisting of the mean expression of the corresponding genes. As an additional parameter, we included the TMB for the TCGA-SKCM data in our workflow. An underlying association was investigated via Spearman correlation between the computed scores, the particular gene expressions of XP genes, and predictive biomarkers and TMB. Afterwards, we assessed in TCGA-SCKM whether XP or TIS score, single XP or immune infiltration gene expression, or TMB could be prognostic for survival. Except for the pre-processing, the specified workflow was repeated for multiple sample subgroups split by clinical parameters such as age, sample type or gender.

To evaluate the potential of the XP genes as a predictive biomarker for the ICI response, we utilized the two anti-PD-1 datasets and developed simple prediction models using Youden’s index and Xtreme gradient boosting.

All data analyses were performed using R version 3.6.3 (46). A p-value <0.05 was considered statistically significant in all analyses, and a p-value <0.005 was highly statistically significant.



Data Collection and Preprocessing

>Gene expression data used in this manuscript were obtained from TCGA-SKCM (http://cancergenome.nih.gov/, n = 464) (43) and two datasets of anti-PD-1 ICI cohort studies in melanoma patients, Hugo et al. (n = 28, GEO: GSE78220) (11) and Riaz et al. (n = 110, GEO: GSE91061) (12). The TCGA-SKCM dataset was reduced to n = 445 samples, which are fully annotated with clinical information, such as age, gender, and survival time. Likewise, we included samples of the other datasets after filtering for the mentioned clinical data availability and exclusion of on-treatment samples from the ICI cohorts, resulting in n = 26 (11) and n = 49 (12). All analyzed RNA-seq data were formatted as FPKM and log2 transformed. For TCGA-SKCM, somatic mutations were obtained from the TCGA data portal, and the TMB was calculated as log10 of the number of non-synonymous mutations per 50 Mb (package “maftools” v.2.2.10) (47). Responder (complete response [CR] or partial response [PR]) and non-responder (stable disease [SD] or progressive disease [PD]) were defined by RECIST criteria-based radiological response (7, 10). The clinical characteristics plus the scope of the computed scores of the utilized cohorts are listed in Table S1.



Clustering

In the process of clustering method selection, multiple clustering methods and distance metrics of hierarchical clustering were tested (Table S2). Clusters containing only one single gene were excluded because singe genes analysis of XP genes was performed apart. Hence, as the final XP clusters we selected the best performing partition with at least two genes per cluster, which was supported by the majority of all tested clustering methods and distance metrics.



Calculation of Scores

To identify a T cell-inflamed TME, we followed Ayers et al., based on the log2 transformed FPKM values; the TIS score was calculated as the weighted sum of the expression values of the 18 genes, enumerated in Table S3, applying the predefined weights derived by Ayers et al. (7, 9, 45). Considering the generation of scores based on the sum of signature related genes, we accordingly defined two XP gene cluster scores by summing up the expression values of genes in the same cluster.



Correlation Analysis

To assess the co-expression relationship between the considered genes, we cross-correlated the specified parameters. The Spearman rank correlation with p-value adjustment using Benjamini–Hochberg was performed by R package “psych” (v.2.1.3) (48) and visualized with package “ComplexHeatmap” (v.2.2.0) (49) using complete clustering with Euclidean distance for the dendrogram displayed at the columns.



Survival Analysis

For the survival analysis of the TCGA-SKCM data, we defined the overall survival (OS) as the time between melanoma diagnosis and the death or the last follow-up of the patient. The median follow-up was 669.50 days, while the survival status was decoded by 0 (alive) and 1 (dead). The constructed univariant Cox regression model predicted the overall survival from the continuous scores and gene expression values obtained from R packages “survival” (v.3.2-11) (50, 51) and “survminer” (v.0.4.9) (52). Kaplan–Meier analysis was used to calculate the survival probability of stratified patients, and the log-rank p-values for each analysis were given.



Response Prediction Model Construction

For anti-PD-1 response analysis, expression data of the two clinical cohorts (11, 12) were downloaded and reanalyzed using the Wilcoxon test and comparing expression levels of scores and single genes between responder and non-responder samples. The Youden index with associated ROC was determined for each parameter with R package “cutpointr” (v.1.1.0) (53, 54). The analysis was extended by multivariable predictive models for classification with the machine learning algorithm XGBoost (v.1.4.1.) (55) by partitioning the samples 75%/25% to training and testing data, respectively. The performed classification into responder and non-responder used “caret” (v. 6.0-86) (56) with the “xgbTree” method (55) and 10-fold cross-validation for combinations of multiple parameters.




Results


Heterogeneity of XP Gene Expression in TCGA-SKCM

First, we explored the nine XP genes XPA, ERCC3, XPC, ERCC2, ERCC4, ERCC5, DDB2, POLH, and ERCC1 in TCGA-SKCM and observed heterogeneous expression patterns. By unsupervised clustering, we could identify two XP gene expression clusters, referred to as XP gene clusters 1 and 2 (Figure 2). Cluster 1 comprised the genes XPA, ERCC4, and ERCC5, while cluster 2 included ERCC3, XPC, ERCC2, DDB2, POLH, and ERCC1. Remarkably, the same clustering appeared if the cohort had been priorly divided by sample type (primary or metastatic, Figures S1A, B), age (younger or older than median age of 58, Figures S1C, D), or gender (male or female, Figures S1E, F). Genes of both XP clusters and their function in the NER pathway and of POLH are summed up in Table 1.




Figure 2 | The heatmap of log2 transformed FPKM values of the nine XP genes for all patient samples in TCGA-SKCM. The columns are clustered by hierarchical clustering with Manhattan distance and complete linkage.




Table 1 | XP genes with corresponding clusters, their encoding proteins and their functionality in the NER pathway and translesion synthesis, respectively.



Altogether, median XP gene expression did not vary significantly in the analysis of subgroups. However, ERCC4, XPC, and POLH were expressed substantially greater in metastatic samples, whereas DDB2 was expressed considerably higher in primary tumors. Subdividing the whole TCGA-SKCM cohort by median age, we found that in melanoma tissue from younger patients, XP cluster 1 genes and also XPC and DDB2, belonging to XP cluster 2, were expressed to a relatively higher extent (Table S4). In samples from female patients, all XP genes, except ERCC1 and ERCC2, were expressed to a greater extent than in males.



Correlation Analysis Between XP & Immune Infiltration Genes, TMB and Computed Scores

Next, we investigated the correlation of XP genes and associated XP expression clusters to well-established predictive biomarkers of anti-PD-1 ICI response (Figure 3).




Figure 3 | Correlation analysis between expression of the nine XP genes, of computed XP and TIS scores and of single immune infiltration genes.



The expression of XP cluster 1 score with the 18-gene immune infiltration TIS score (p = 0.00034; R = 0.1793) as well with its single genes CD274 (p = 6.858 e−07; R = 0.244), CXCL9 (p = 1.640 e−06; R = 0.237), CXCL13 (p = 2.666 e−06; R = 0.232), and CD8A (p = 0.0107; R = 0.131) showed weak but significant positive correlations. Likewise, the XP cluster 1 genes XPA and ERCC5 were significantly positively correlated with TIS score and the above-mentioned immune infiltration genes. However, expression of ERCC4 was only significantly correlated with CD274 (p = 0.004; R= 0,146). Expression of XP cluster 2 score, on the other hand, was negatively correlated with the expression of TIS score (p = 0.037; R = −0.108), CXCL9 (p = 0.013; R = −0.127), CD8A (p = 0.012; R = −0.129), and CXCL13 (p = 0.01; R = −0.133). Importantly, the XP cluster 2 score genes ERCC1 and ERCC2 were individually highly significantly negatively correlated with TIS score (p = 0.0002, R = −0.186 and p = 0.0004, R = −0.176), immune infiltration genes and the XP cluster 1 score (Figure 3).

Tumor mutation burden (TMB) had weak positive correlations only with CD274 (p = 0.01342; R = 0.127), CXCL9 (p = 0.038; R = 0.1078), and also with the XP cluster 2 genes ERCC3 (p = 0.00196; R = 0.157) and ERCC2 (p = 0.027; R = 0.114). Importantly, no significant negative correlations between XP genes and TMB were observed.

When considering primary and metastatic samples separately, some differences were evident (Figures S2A, B): in primary samples only (n = 96), XP cluster 1 and cluster 2 scores had a positive correlation (p = 0.017; R = 0.279). Furthermore, the expression of the genes ERCC3 and XPC was closely correlated with the expression of the XP cluster 1 score and its genes XPA, ERCC4, and ERCC5. Now, with a few exceptions, there were no significant correlations between XP genes and TIS score or immune infiltration genes but a positive correlation of TMB with TIS score (p = 0.00993; R = 0.3), CD274 (p = 0.0048; R = 0.323), CXCL9 (p = 0.0046; R = 0.327), CD8A (p = 0.004; R = 0.325), and CXCL13 (p = 8.56 e−05; R = 0.422). Correlation of the by far larger group of metastatic samples (n = 349) revealed almost the same picture as for the whole group.

Further splitting by age and gender led to identical correlation patterns of XP gene clusters 1 and 2 with TIS score and immune infiltration genes, as we had observed for the whole TCGA-SKCM cohort (Figures S2C–F). Of note, the significant positive correlation of TMB with CD274 was only detected if considering just males or the younger subgroup of patients.



XP & Immune Infiltration Genes, TMB, and Computed Scores as Prognostic Biomarkers for Survival

The great majority of TCGA-SKCM samples were obtained in the pre-ICI era. Only two patients received anti-PD-1 ICI after acquiring their tumor, but the removal of these two patients did not lead to significantly different results (Table S5) (43). Hence, we sought to analyze if there is a linear association between the expressions of the XP genes or cluster scores with survival of patients in TCGA-SKCM, and independent of ICI. Additionally, we analyzed the prognostic value of parameters predictive of anti-PD-1 ICI response: The TIS score, selected single score genes (CD274, CXCL9, CD8A), CXCL13 TMB, and age.

Figures S3C, D demonstrated that neither single XP cluster 1 nor cluster 2 score were associated with survival in TCGA-SKCM. Considering the univariate Cox regression, out of the single XP genes, only ERCC3 expression (hazard ratio, HR = 0.66, p = 0.043) revealed a significant association with survival (Figure 4A). In contrast, TIS score (HR: 0.87), CXCL13 (HR = 0.93), TMB (HR = 0.74), and age (HR = 1.03) were all prognostic. TIS score and age also remained significant after segregation by the median. Figures S3A, B illustrate the corresponding Kaplan–Meier survival curves (log ranked p-values for age, p = 0.0014; TIS score, p = 0.0077).




Figure 4 | Overview of the univariate cox regression analysis for all TCGA-SKCM patients (A). The bar indicates the reference Hazard ratio of 1. The patients split by median age into older patients (B) and younger patients (C) show different Hazard ratios for the same parameters.



The same analysis was repeated independently for age-divided sub-cohorts to decrease the influence of age as a dominant factor. Through this fractioning, the median overall survival dropped from 3,424 days to 1,927 days in the older patient group, while it increased to 4,634 days for the younger patients.

In those subgroups, we noted some differences (Figures 4B, C and Figures S4–S7). Although age and TIS score remained significant prognostic parameters, ERCC3 (HR = 0.48, p = 0.0084) was the best predictor for survival and the only prognostic factor in the younger cohort. In the subgroup of older patients, CXCL13 (HR = 0.93) and, newly, XP gene cluster 1 (HR = 0.87) were additional prognostic parameters.



XP & Immune Infiltration Genes and Computed Scores as Predictive Biomarkers for Response to Anti-PD-1 ICI

Because of the remarkable anecdotal benefit of XP patients to anti-PD-1 ICI, we analyzed XP gene expression as a predictive biomarker for response to anti-PD-1 ICI in two pooled publicly available melanoma cohorts (n = 75) (11, 12).

The distribution of the responding (complete or partial response) patients differed significantly from the non-responders based on the XP cluster 1 score (p = 0.015), with a higher score indicating a greater response (Figure 5A). A similar significant difference between these two groups was also applied for the single XP cluster 1 gene ERCC5 (p = 0.026) (Figure 5B). Importantly, XP cluster 2 score, TIS score, and single genes indicative of immune infiltration, except CD27 and PSMB10, were not significantly associated with response in the pooled anti-PD-1 melanoma cohorts (Figure S8).




Figure 5 | Boxplot of ICI response data (n = 75), compared with Wilcoxon test based on the expression of (A) XP cluster 1 score and (B) ERCC5.



To assess the predictive performance of these single genes for ICI response, we computed the Youden index for each parameter (a XP gene or signature) and compared the areas under the receiver operating characteristic curves (AUC) (Table S6) (7). In this analysis, ERCC5 (AUC = 0.660), XP cluster 1 score (AUC = 0.654), XP cluster 2 score (AUC = 0.632), and CD8A (AUC = 0.627) were the best performing variables. Except XPA (AUC = 0.532), POLH (AUC = 0.545), and CD274 (AUC = 0.533), all other parameters outperformed TIS score (AUC = 0.586).

Expansion of these restricted single parameter analyses by combining multiple variables from two to five possible parameters led to many response classification models. Due to infinitive values for two samples, this analysis was limited to 73 patients. The combination of two parameters had the best results if one immune infiltration gene (like CD274 or CXCL13) was combined with one XP gene (CD274_ERCC4, AUC = 0.7; CXCL13_ERCC5, AUC = 0.68), or if XP gene cluster 2 gene ERCC2 was combined with ERCC5 (AUC 0.69). All these combinations outperformed any combination involving the TIS score (Table S7 and Figure 6A). The three-parameter-based analysis performed better than the combination of two parameters and revealed that combining XP genes provided the best classification triplet for response (ERCC3_XPC_ERCC4, AUC = 0.8; XPC_ERCC4_ERCC1, 0.75). (Table S8 and Figure 6B). The prediction of the combination of four variables had the best AUC value of 0.85, and even outperformed the combination of five parameters (Tables S9, S10 and Figure 6C). Of note, it included the combination of one immune infiltration gene (CD274), two XP cluster 1 genes (XPA, ERCC4) and one XP cluster 2 gene (ERCC2).




Figure 6 | ROC curves with AUCs of top 5 combinations of (A) 2 parameters, (B) 3 parameters and (C) 4 parameters for prediction of ICI response.






Discussion

Clustering by using mRNA gene expression levels can identify higher-level structures and relationships and establish a new molecular classification of tumors (57, 58). Furthermore, hierarchical clustering based on gene expression profiles (GEPs) can be used to, e.g., reveal immune competency or sensitivity to ICI treatment (9, 59).

Because melanoma has been the “model tumor” for the development of ICI and was also the first tumor entity in which ICI was approved, we focused our exploratory analysis on melanoma. Our study analyzed XP gene expression and deduced two different expression clusters (XP gene clusters 1 and 2, see Figure 2 and Table 1) with heterogeneous functions in the NER pathway and translesion synthesis. The proteins encoded by the XP cluster 1 genes ERCC4, i.e., XPF, and ERCC5, i.e., XPG, are responsible for the dual incision of DNA damage. Cluster 1 further includes XPA, the central NER coordinator, because of its interaction with almost all other NER factors (39, 60). Accordingly, it also interacts with ERCC1, an endonuclease and fulfills its function as a heterodimer with XPF (61, 62). Surprisingly, ERCC1 is part of XP cluster 2 instead of cluster 1, and there was a strong negative correlation between ERCC1 and ERCC4 expression in the TCGA-SKCM samples (Figure 3). Besides, in NER, the ERCC1–XPF complex is involved in interstrand crosslink and DSB repair, and mutations in one of the two genes result in a very complex constellation of clinical symptoms (39, 63). In epithelial ovarian cancer, ERCC1 and ERCC4 expression correlated on mRNA and protein level with one another, however, ERCC1 mRNA was negatively correlated, and ERCC4 mRNA was unrelated with its protein expression, suggesting a posttranscriptional mode of regulation (64). Because protein expression data was unavailable for most of our nine XP genes, we could not expand our analysis to protein correlations, which might have revealed substantially different clusters due to extensive posttranslational modifications in NER (39). In global genome-NER, damage recognition is performed by XPC and involves XPE (encoded by DDB2), which are both parts of XP cluster 2. Different genes of cluster 2 include ERCC2 (codes for XPD) and ERCC3 (codes for XPB), which are DNA helicases and part of transcription initiation factor IIH complex verifying DNA damage lesions. POLH, whose defect leads to XP variant, codes for the DNA error-prone polymerase eta involved in translesion synthesis (39, 65).

Subsequently, we investigated the correlation of the XP genes and clusters with well-known, ICI predictive biomarkers of a T cell-inflamed TME: The TIS score, namely, its single genes CD8A, CXCL9, CD274, and the recently postulated biomarker CXCL13, that could be characteristic of clonal neoantigen-reactive CD8 T infiltrating lymphocytes (6, 7, 9, 10). Of note, we revealed that XP cluster 1 and its genes XPA and ERCC5 had a highly significant positive correlation with the TIS score and all other immune infiltration associated genes (Figure 3). In line with this, Boonstra et al. (66) compared UVB suppression of ConA-induced IFN-γ production in XPA, XPC, and CSB deficient mice and demonstrated that only XPA mice showed a substantial reduction of IFN-γ production by UVB. Regarding gene correlations in TCGA-SKCM, our results are different from those of BER/SSB repair genes, which more homogeneously and almost exclusively present a negative correlation with CD274 expression (26).

A negative correlation with CD274, TIS score, or the other genes representative of immune infiltration was identified for the XP cluster 2 genes ERCC1 and ERCC2, which was true especially for samples of younger patients. However, neither the expression of ERCC1, ERCC2, nor of other XP genes was negatively correlated with TMB. Likewise, the frequency of XP gene mutations with median TMB values was not correlated in different cancers (41). Noteworthy, from the XP genes, ERCC3 expression even had a highly significant positive correlation with TMB in samples of the whole cohort and the younger subcohort (Figure 3 and Figure S2C). Taken together, the results from Hsiehchen et al. (41) and ourselves illustrate that the implications for tumor immunogenicity through XP gene mutations and diverse expression are presumably more complex than being based solely on the more abundant generation of neoantigens caused by somatic tumor mutations. Admittedly, we cannot precisely determine if the XP gene expression we assessed is preferentially constituted by tumor or other, e.g., immune cells in the TME (67). Circadian XP gene expression particularly affects XPA and could potentially impact the results of our analysis; however, it seems not to be relevant in actively proliferating tissues as tumors (68, 69).

Just recently, survival prognosis in melanoma was correlated with immune-related gene signatures (70–72). Of note, Danaher et al. (73) found that TIS was also highly statistically significantly prognostic in TCGA-SKCM, limiting its predictive value in melanoma patients. Accordingly, we analyzed the predictive role of all markers and found out that besides TIS, CXCL13, TMB, age, and ERCC3 were prognostic. Age and TMB have been revealed as prognostic biomarkers in different studies and cancer entities before, though results for TMB are not homogeneous and depend on the used thresholds (74–77). Correspondingly, in our univariate analysis with segregated parameters for high and low values based on medians, we found no difference between TMB groups (Table S11). CXCL13 was suggested as a prognostic biomarker in melanoma before, but the correlation of ERCC3 with survival needs further validation (78, 79).

Notably, after dividing the cohort by age, in younger patients, ERCC3 (HR 0.48) and TMB (0.66) revealed the lowest HR values; however, for TMB, it was not significant. This observation, together with the positive correlation between ERCC3 and TMB in younger patients, suggests that ERCC3 might have specific relevance for disease progression, especially in the young. In contrast, earlier reports have suggested that the presence of an intense immune infiltrate in older persons could have more prognostic weight (75). This assumption might explain that in our analysis, CXCL13 expression, as a specific marker of exhausted T cells, was only prognostic in melanoma tissue of older when subdividing by patient age. The same accounted for XP cluster 1, which in samples of older was highly correlated with TIS score and other immune infiltration genes (Figure 4 and Figure S2D).

An ongoing challenge is the identification of reliable biomarkers predictive of ICI response. Recent efforts leave single parameters and evolve into combinatorial biomarkers (6, 7, 10). Especially, the combination of tumor intrinsic factors, like TMB, and genes representative of immune infiltration in the TME, like TIS or CXCL13, show promise in exploratory studies (7, 9, 10, 80). Hence, we tested the single and combinational predictive performance of our parameters in two pooled anti-PD-1 cohorts. The existing immune-specific biomarkers were only of limited value and constructed prediction models (10). Importantly, we observed that the combination of either an immune-infiltrating gene (CD274) with three XP genes, or the combination of only three XP genes from both clusters provided the best ROC and AUC values (Table 2). Of note, the prediction was not improved by extension to five parameters; hence, we did not test further combinations of even more variables. Because of our small, pooled cohort and to avoid overfitting, we did conduct only a split of our data in training and testing set for our prediction models. We, therefore, admit that our constructed models lacked robustness to establish new ICI predictive biomarkers.


Table 2 | Combination of the best 25 performing models, based on the AUC values, across the different number of used parameters.



Our study has several limitations. First, we restricted our analysis to melanoma, and the samples sizes of the two clinical cohorts that we analyzed were small, limiting our results’ comparability. For example, TIS score and genes indicative of immune infiltration, which, except for CD8A, performed poor as singular splitting parameters in our pooled data of two anti-PD-1 cohorts (11, 12), were significantly predictive in the study of Cristescu et al. (AUC of TIS score = 0.638) (7, 10). Second, due to the standardized pre-processing, the sample size of the two cohorts had to be further reduced. For the anti-PD-1 cohorts, we did not analyze survival data restricting our analysis to ICI response, which is not an appropriate measure of long-term treatment benefit. Third, 11 of 26 patients included from the cohort of Hugo et al. (11) and 26 of 49 patients in the cohort of Riaz et al. (12) were not treatment-naïve and had received prior MAPK inhibitor treatment or anti-CTLA-4 ICI, respectively, before sample acquisition, potentially influencing gene expression. Nevertheless, primary and acquired resistance constitutes a major problem in the systemic therapy of melanoma, suggesting the analysis of the XP gene clusters in additional patients with therapy failure (2, 3, 6, 81). Fourth, in the two clinical cohorts that we considered, mainly metastatic tissue was analyzed, and our analysis was made regardless of gender and age, which could have had an influence, especially on XP GEPs. Fifth, due to limited data, TMB and clonal TMB, which were the best performing predictive markers in the meta-analysis of Litchfield et al. (10), could not be assessed in our study. Likewise, we did also not assess the expression of genes in other DDR pathways.

Despite all these limitations, our analysis provides significant new findings that deserve attention: Firstly, XP genes are expressed in two heterogeneous clusters in melanoma. Secondly, these clusters correlate differentially with markers of a T cell-inflamed TME, and correlations depend to a certain degree on melanoma tissue origin (primary vs metastatic), age, and gender. Thirdly, a higher ERCC3 expression could be associated with a better prognosis in melanoma, especially in younger patients. Lastly, the differentiated consideration of XP gene expression in the TME and its combination with established ICI predictive biomarkers could be useful in predicting anti-PD-1 ICI response in melanoma and should be explored by further studies.
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Cutaneous squamous cell carcinoma (cSCC) is a common form of skin cancer with an estimated 750,000 cases diagnosed annually in the United States. Most cases are successfully treated with a simple excision procedure, but ~5% of cases metastasize and have a 5-year survival rate of 25-45%. Thus, identification of biomarkers correlated to cSCC progression may be useful in the early identification of high-risk cSCC and in the development of new therapeutic strategies. This work investigates the role of complement factor H (CFH) in the development of cSCC. CFH is a regulatory component of the complement cascade which affects cell mediated immune responses and increases in complement proteins are associated with poor outcomes in multiple cancer types. We provide evidence that sun exposure may increase levels of CFH, suggesting an immunomodulatory role for CFH early in the development of cSCC. We then document increased levels of CFH in cSCC samples, compared to adjacent normal tissue (ANT) routinely excised in a dermatology clinic which, in paired samples, received the same level of sun exposure. We also provide evidence that levels of CFH are even greater in more advanced cases of cSCC. To provide a potential link between CFH and immune modulation, we assessed immune system function by measuring interferon gamma (IFN-γ) and FOXP3 in patient samples. IFN-γ levels were unchanged in cSCC relative to ANT which is consistent with an ineffective cell-mediated immune response. FOXP3 was used to assess prevalence of regulatory T cells within the tissues, indicating either a derailed or inhibitory immune response. Our data suggest that FOXP3 levels are higher in cSCC than in ANT. Our current working model is that increased CFH downstream of sun exposure is an early event in the development of cSCC as it interferes with proper immune surveillance and decreases the effectiveness of the immune response, and creates a more immunosuppressive environment, thus promoting cSCC progression.
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Introduction

Cutaneous squamous cell carcinoma (cSCC) is typically treated by tumor excision with a success rate of >95%. As a minority of cSCC are known to metastasize and cause clinically serious disease, research on cSCC is sparse and therapies for the ~5% of cases that do metastasize are limited, resulting in a 5-year survival rate of only 25-45% (1, 2). However, as the incidence of cSCC is increasing (3), an understanding of the factors that may increase the ability of these tumors to metastasize is of particular importance.

Evidence is accumulating that the tumor microenvironment is a key factor in the progression of all tumor types. The immunomodulatory nature of the tumor microenvironment has been shown to be particularly relevant due to discovery of the clinical efficacy of treatments targeting immune checkpoints. In this work, we focus on the potential role of two complement regulatory proteins, complement factor H (CFH) and complement factor I (CFI), in the immune response to tumors.

As regulatory proteins, CFH and CFI modulate the complement cascade at multiple points, but their most impactful effect is through reducing levels of several potent anaphylatoxins (including C3a and C5a). Local anaphylatoxin production increases recruitment of both innate and adaptive immune cells to the tumor. In addition, recently characterized as immune checkpoints (4), C3aR and C5aR signaling modulates the T cell response by promoting T cell survival and favoring differentiation of pro-inflammatory Th1 effector cells over immunosuppressive FOXP3+ regulatory T cells. Thus, the complement system is an integral part of a coordinated immune (5) response to tumors. As CFH and CFI are known to decrease levels of C3a and C5a, these two complement regulatory proteins function to dampen cell-mediated immune responses in inflammation and, although many questions still remain, have been shown to decrease immune responses by non-canonical mechanisms (5, 6).

Complement regulatory proteins may also play a direct role in promoting cSCC development. Keratinocytes have been shown to synthesize both CFH and CFI, as well as other complement proteins (7–10). Suggestive of a functional role, these regulatory proteins were shown to increase migration and proliferation when added to cSCC cell cultures and CFI appears to be related to tumor growth in vivo (7, 8). Interestingly, synthesis of CFH and CFI by human keratinocytes is upregulated by the pro-inflammatory cytokine interferon gamma (IFN-γ) (5–7). This suggests that cSCC may have the ability to upregulate complement regulatory proteins to actively derail the immune response to tumors once an immune response to a tumor is established. Thus, elevated complement regulatory expression may directly promote tumor survival and metastasis in addition to derailing the immune response to tumors.

To underscore the clinical importance of these regulatory components, analysis of the TCGA dataset reveals that CFH and CFI expression are unfavorable prognostic markers in renal and urothelial cancers respectively (11), and several studies have identified CFH as a cancer biomarker (12–14). Furthermore, clinical therapies using anaphylatoxin receptor antagonists and anti-CFH antibodies are being investigated (4, 15). In addition, recent data suggests that the role of complement in tumorigenesis is unexpectedly complex. Several complement components increase ERK 1/2 and it is interesting that these components both promote and inhibit formation of membrane attack complex (MAC) (7, 8, 16, 17). In addition, CFH has recently been shown to have intracellular activities and to promote tumor progression independently of the canonical extracellular role of complement (6, 18–20).

In this work, we seek to extend the understanding of the role of these complement regulatory proteins in the development of cSCC. First, we ask if sun exposure alters CFH and CFI expression using existing datasets. Second, focusing on cSCC tissue samples removed from patients routinely seen in a dermatology clinic, we ask if a difference in CFH levels can be detected in cSCC tissue samples compared to adjacent normal tissue; these paired tissue samples received the same level of sun exposure. Third, we ask if there is a shift in the cell-mediated immune response between cSCC and adjacent normal tissues by assaying IFN-γ and FOXP3 levels.



Methods


Patient Consent and Tissue Collection

All experimentation on human tissue samples was approved by Western IRB (WIRB Protocol #20142461) to Affiliated Laboratories BioRepository (ALBR). Additionally, the Midwestern Institutional Review Board approved the use of these clinic-based biorepository samples at Midwestern University (AZ#807). The single criterion for the collection of tissues for these procedures is a biopsy-proven diagnosis of cSCC. The initial diagnosis and classification of cSCC type was completed at the clinic as part of routine patient care prior to transfer of the sample to the research laboratory. No exclusion criteria were outlined in the original IRB protocol but samples from patients with a known blood-borne communicable disease were not used. All tissue specimens were obtained from patients who consented to donate excised tissue removed during Mohs surgery. For viable tissue used in explant cultures, cSCC tissue from the center of the apical side of the tumor was removed before processing the sample for histology. If needed for wound closure, the surgeon removed adjacent normal tissue (ANT) and these were matched with the tumor sample for paired analysis.



Explant Culture and Immunofluorescence of cSCC and ANT

Tissues were processed for culture and immunofluorescence as described in Belden et al. (21). Briefly, post-Mohs tissue was rinsed briefly in 70% ethanol to sterilize, covered with media, minced with a razor blade, and placed into 35 mm culture dishes. 20 µl of fetal bovine serum (FSB) was placed in each culture dish to cover tissue slices and left to dry in the culture hood for 20 minutes. 1 ml of culture media (1:1 mixture of DMEM : Ham’s F-12 supplemented with 10% FBS, 25 mM Hepes, and 100 IU/ml of penicillin and 100 µg/ml streptomycin) was then added to each dish/tissue slice and incubated at 37°C in a humidified CO2 incubator. When approximately 80% confluent, cultures of mixed cultures were passaged onto glass coverslips for immunofluorescence.

For immunofluorescence, explant cells were grown on eight-well chamber slides, washed with 1x PBS, fixed for 15 minutes with 4% paraformaldehyde in 1x PBS, rinsed with 1x PBS, and incubated in 0.05% Triton X-100 in 1x PBS for 5 minutes to permeabilize the cells, and followed by blocking with 1% BSA in 1x PBS for one hour. Blocking reagent was aspirated and cells were rinsed with 1x PBS and incubated overnight with 1:200 mouse anti-CFH (Abnova, OX-24) at room temperature. Primary antibody was omitted as a negative control. After washing with 1x PBS, cells were incubated with Alexa Fluor 488 goat anti-mouse and Alexa Fluor 568 phalloidin (1:500) for one hour at room temperature, washed with 1x PBS, mounted in fluoromount with DAPI (Electron Microscopy Sciences) and imaged with a Zeiss Apotome microscope.



Immunoblotting

Total protein from patient derived frozen tissue samples (Affiliated Dermatology Laboratory) were isolated using RIPA buffer (50 mM Tris HCl, pH 8.0; 150 mM NaCl; 1% NP-40; 0.5% sodium deoxycholate; 0.1% SDS; HALT (Protease and Phosphatase Inhibitor), DNaseI and DTT following an established protocol (21). Forty micrograms of total protein from each sample were resolved on either a 10% (FOXP3) or 4-20% (all other proteins) Mini-PROTEAN® TGX™ Precast Protein gel (Bio-Rad), transferred to a low fluorescent PVDF membrane, and blocked using 5% NFDM (non-fat dry milk, 1X TBS, 0.1% Tween 20) for one hour at room temperature. Primary antibodies in 1% NFDM used were 1:200 rabbit monoclonal histone H3 antibody (D1H2) (Cell Signaling Technology), 1:1000 rabbit anti-GAPDH (Cell Signaling Technology), 1:200 mouse monoclonal CFH (OX-24) (Abnova, OX-24), 1:200 mouse monoclonal IFN-γ (Santa Cruz Biotechnology), and 1:200 mouse monoclonal antibody FOXP3 (F9) (Santa Cruz Biotechnology). 1:10,000 AlexaFluor® 790 (Abcam) or 1:5,000 HRP-conjugated (Santa Cruz Biotechnology) were used as secondary antibodies. All blots were performed in triplicate and relative protein expression was measured using either an Odyssey® CLx (LI-COR Biotechnology) or ChemiDoc XRS (BioRad) imaging system. Band intensities were normalized to either GAPDH or H3 using Image J software (NIH).



Immunohistochemistry

Slides of formalin-fixed, paraffin-embedded (FFPE) cSCC and ANT tissue sections were either purchased (US Biomax & Biochain) or obtained from ALBR. A standard immunohistochemistry protocol was performed by baking the sections at 60°C for 60 minutes, de-paraffinizing by placing in xylene followed by reducing concentrations of ethanol (100% to 70%). De-paraffined sections were permeabilized using 0.25% Trypsin with no EDTA. For heat induced epitope retrieval, FFPE tissue sections were incubated in either citrate buffer (CFH) or basic buffer (FOXP3) at 95°C for 25 minutes, followed by blocking and overnight incubations at 37°C, and 4°C with primary antibodies, mouse anti-CFH (OX-24) (Novus Biological) and rabbit monoclonal anti-FOXP3 (Cell Marque). CFH slides were incubated with AP-conjugated secondary and permanent red stain. FOXP3 slides were incubated with an HRP-conjugated secondary and DAB stain (for array slides) or an AP-conjugated secondary antibody and permanent red stain (for ALBR slides). Mayer’s Hematoxylin was used as a counterstain (nuclei) followed by mounting with Flourmount G mounting medium. Slides were imaged using bright field Olympus (DP73 camera) microscope at 40X, 100X and 400X magnifications. An isotype control was performed for each tissue type and against each antibody species. Semi-quantitative analysis of IHC images was performed based on colorimetric intensity over a specified area of tissue sections using a 0-3+ scale, with 0 indicating no staining, 1+ indicating <10% staining, 2+ indicating 10-50% staining, and 3+ indicating >50% staining, and verified using ImageJ (NIH) (22).



Statistical Analysis

Analysis of GTEx (Genotype-Tissue Expression) data was performed using non-parametric tests in GraphPad Prism v9. A Mann-Whitney two-tailed T-test was used to analyse unpaired data and a two-tailed Wilcoxon matched-pair signed-rank test was used to analyse paired data. Statistical significance did not vary with or without removal of outliers using the ROUT method of identifying outliers. Correlation of paired data was performed using Spearman’s rank-order correlation coefficient.

Band intensities from immunoblot data were normalized to histone H3 or GAPDH. A ROUT test with an alpha value of 0.05 was used to identify potential outliers within each dataset. D’Agostino and Shapiro-Wilk tests followed by a T-test (paired or unpaired depending on the comparison) were used for determining the significance of differences for normally distributed independent variables. D’Agostino and Shapiro-Wilk tests followed by a Mann–Whitney U-test was used for determining the significance of differences between two non-normally distributed independent variables. A post-hoc power analysis was applied to data that did not show significance. Data analysis was performed with GraphPad Prism. Alpha (α) was set at 0.05 for all statistical tests and data with a p ≤ 0.05 were considered statistically significant.




Results


Sun Exposure and CFH Expression in Normal Tissue

To assess the effect of sun exposure on CFH and CFI, we interrogated all available data in the GTEx portal. In the dataset of 473 exposed (lower leg) and 387 non-exposed (suprapubic) unpaired patient samples, CFH mRNA expression is higher in exposed skin than non-exposed skin (p < 0.0001) but no difference in CFI mRNA levels was seen.

To determine the effects of sun exposure using paired patient samples, we analysed the subset of 278 subjects with GTEx values for both sun-exposed and non-exposed skin. Analysis of these paired data suggests that CFH mRNA in exposed skin increased significantly over non-exposed skin (p < 0.0001) (Figure 1A). CFH mRNA in non-exposed skin correlates with levels in exposed skin (coefficient = 0.35, p < 0.0001) (Figure 1B) which suggests that complement levels before sun exposure significantly contribute to CFH levels after sun exposure. Levels of CFI mRNA were much lower than CFH mRNA and no difference in CFI mRNA was seen between exposed and non-exposed levels (Figure 1C).




Figure 1 | CFH Transcript Number is Increased in Sun-Exposed Skin. GTEx data of 278 paired sun exposed (lower leg) and non-sun exposed (suprapubic) patient samples were analysed. CFH levels are increased in exposed skin (p<0.0001, two-tailed Wilcoxon matched-pairs signed rank test) but not CFI (A, C). Levels of CFH mRNA (TPM) in exposed skin correlates with unexposed skin (p<0.0001, Spearman’s rank-order correlation) (B). When sorted by non-exposed CFH levels, the levels and fold increase in paired exposed samples decreases with the exception being at the highest values of CFH in non-exposed skin (D). (****p<0.0001; ns, not significant).



To investigate these findings further, we next analysed the data from the 278 subjects with paired data by initial value of CFH mRNA in unexposed skin. While most initial CFH mRNA values are relatively low, those subjects with the highest values show a marked elevation in CFH mRNA in unexposed skin (blue line, Figure 1D). The mean fold change in CFH mRNA after sun exposure ranged from 9.2 to 596-fold with an average fold increase of 114.7 ± 5.4 tpm (transcripts per million ± SEM). These fold increase values gradually decrease with increasing CFH levels in unexposed skin (orange points and linear fit (black line), Figure 1D). Interestingly, while levels of CFI were not different between sun-exposed vs non-exposed skin, the correlative pattern was also seen in the CFI data and, suggestive of a link between these complement factors in paired patient samples, CFH levels correlate with CFI levels (coefficient = 0.58, p < 0.0001 in non-exposed and coefficient = 0.37, p < 0.0001 for exposed, data not shown).



CFH in cSCC Samples

Biopsy proven cSCC and adjacent normal tissue (ANT) from sun exposed skin were collected during routine Mohs micrographic surgery as previously described and primary cultures were established for both cSCC and ANT samples (21). Patients in the population had diagnoses of cSCC in situ, cSCC, early invasive cSCC, and invasive cSCC. As excised cSCC samples were typically small and had clean margins, it is expected that the cSCC samples analysed in this work contain a significant amount of ANT. This was confirmed by the observation that 75% of sections from excised tumor samples showed no evidence of cSCC after H&E staining as they sampled ANT removed with the biopsy proven cSCC (data not shown). We verified that CFH is produced by cells cultured from these tumor and adjacent normal tissue samples using immunofluorescent staining for CFH (Figure 2A). Cells in the mixed explant culture appear to synthesize CFH (top panel) and this staining appears to be in intracellular secretory vesicles (bottom panels). The intense punctate staining suggests that the majority of CFH may be contained within intracellular vesicles. In contrast, CFI was detected in positive control serum samples by immunoblotting but not reproducibly detected in cultured cells by immunofluorescence or in tissues samples by immunoblotting suggestive of lower expression levels of CFI in these samples consistent (data not shown). CFH was detected in immunoblots of cSCC and ANT tissue samples with patient serum included on the immunoblot as a positive control (Figure 2B). The differential splice product of the CFH gene, known as Factor H-like (FH-L), is also detected in our analysis. As FH-L retains key complement regulatory activities (7, 23), we included this product in the analysis.




Figure 2 | CFH and FH-L Expression in cSCC is Increased. Immunofluorescent microscopy of cells cultured from cSCC tissue show CFH staining (green) in cytosolic vesicles (A). Bands at the expected molecular weight for CFH and Factor H-like (FH-L) are detected in both adjacent normal tissue and cSCC samples (B). The ratio of CFH and FH-L band intensities, normalized to histone H3 intensity, was higher in cSCC tissue compared to ANT [(C), p=0.031 & (D), p=0.034, respectively]. In paired samples for non-invasive cSCC, CFH levels normalized to GAPDH are not significant. When CFH levels in ANT are compared to invasive cSCC, the difference is highly significant [(E), p<0.0001]. (*p<0.05; ***p=0.0001; ****p<0.0001; ns, not significant).



Analysis of band intensities indicates a 1.76- and 1.53-fold increase in expression for CFH and FHL-1 respectively when compared to paired ANT (p = 0.031, n=13 and p = 0.034, n=15 respectively) (Figures 2C, D). Although the magnitude of the difference is small, as noted above, the analysed Mohs samples contained a significant amount of normal tissue which may act to decrease the magnitude of the change in CFH seen in the cSCC samples. Tissues included in these analyses were derived from 7 patients diagnosed with cSCC in situ, 4 invasive cSCC, and 2 early invasive cSCC samples. CFH expression in invasive cSCC tissues increases 1.17-fold over non-invasive cSCC (p = 0.0001, n=12 cSCC, n=7 invasive cSCC). When compared to unpaired ANT, levels of CFH are 2.10 fold higher in invasive cSCC despite the large amount of non-cSCC included in the Mohs samples (p < 0.0001, n=12 ANT, n=7 invasive cSCC) (Figure 2E).



Immunomodulation in cSCC Samples

Levels of interferon gamma (IFN-γ) in the patient-derived cSCC samples above was quantitated next. This pro-inflammatory cytokine may mark an effective immune response and synthesis of CFH in keratinocytes has been reported to be under the control of IFN-γ (5–7). Immunoblotting revealed bands associated with the monomer and the biologically active glycosylated dimer form (Figure 3A, Supplementary Figure 1) (24, 25). After quantitation of both IFN-γ bands, no significant change in the level of IFN-γ between paired cSCC and ANT when normalized to histone H3 was detected (p = 0.150, n=11) (Figure 3B). In addition, when normalized to GAPDH, neither non-invasive or invasive cSCC IFN-γ levels change (p = 0.8511 and p = 0.687 respectively, n=15 ANT and noninvasive, n=7 invasive) (Figure 3C).




Figure 3 | IFN-γ Expression in cSCC is Unchanged. Bands at the expected molecular weight for glycosylated IFN-γ monomer and IFN-γ dimer are detected at in both adjacent normal tissue and cSCC samples (A). The ratio of intensity for both IFN-γ bands in paired samples was normalized to histone H3 intensity and is not significant (ns) (B). The ratio of intensity for both IFN-γ bands in unpaired non-invasive and invasive cSCC samples normalized to GAPDH compared to control was also not significant (ns) (C).



The transcription factor FOXP3 is often used to detect the presence of regulatory T cells which are reflective of a dampened immune response. Immunoblotting revealed a band at the expected molecular weight for FOXP3 (Figure 4A, Supplementary Figure 2). Levels of FOXP3 were quantitated in both non-invasive and invasive cSCC and compared to levels in adjacent normal tissue in our clinic samples. As seen in Figure 4B, paired non-invasive cSCC shows a significant increase in this transcription factor (p<0.001). However, when FOXP3 levels in invasive cSCC are compared to non-invasive, there is no change (Figure 4C). These data are consistent with an increase in FOXP3 levels during the initial stages of tumor development but FOXP3 may not be playing a role in promoting tumor progression once cancer has developed.




Figure 4 | Levels of FOXP3 are Increased in cSCC. Immunoblots detected a band at the expected molecular weight for FOXP3 in both adjacent normal tissue and cSCC samples (A). The ratio of FOXP3 band intensity normalized to GAPDH intensity was higher in cSCC tissue compared to paired ANT [(B), p<0.001] and non-invasive cSCC compared to unpaired ANT but there is no difference between non-invasive and invasive cSCC (C). (*p<0.05; ***p=0.0001; ns, not significant).





Relative CFH and FOXP3 in cSCC Samples by IHC

We next compared levels of CFH and FOXP3 in our patient-derived ANT and cSCC samples to commercially available arrays of advanced cSCC by immunohistochemistry (IHC). This allows us to directly assess levels of these proteins in newly diagnosed cSCC excised in a dermatology clinic as part of routine practice (ALBR Samples), which may not be as progressed, with the more advanced cSCC samples utilized in most studies. In addition, as the samples in these analyses retain the tissue integrity, they allowed for determination of colocalization of these proteins within the tumor tissues.

As shown in Figure 5, levels of CFH seen in ANT were compared to cSCC in routine clinic (ALBR; Figure 5A) and advanced cSCC (Array; Figure 5B) samples by IHC. As CFH is a secreted protein which may be detected intracellularly as well as bound to the extracellular matrix, no specific localization was expected. Consistent with being secreted by keratinocytes, higher levels of CFH appear to be localized in epidermal than dermal layers (red color) in both the ANT and cSCC samples. Suggestive of a relationship to sun exposure, CFH appears higher (1+) in sun damaged regions, as easily seen in the ALBR ANT sample but also in the Array ANT sample. Comparing cSCC tissues, CFH staining appears more intense than in ANT tissues, increasing to 2+ in routine clinic samples (ALBR cSCC) and to 3+ in advanced samples (Array cSCC). Additional IHC images at 400x magnification are provided in Supplementary Figures 3, 4. Thus, despite the limitation of variations in color due to the different sources and initial preparation of slides, these data suggest that more advanced tumors have higher levels of CFH than our patient-derived samples used in this study.




Figure 5 | CFH in Routine Mohs and Advanced cSCC Samples by IHC. cSCC removed from routine clinic patients by Mohs surgery [fixed after cryosectioning; (A)] and an array of advanced cSCC [formalin fixed; (B)] were labeled with mouse anti-CFH (OX-24) and an AP-conjugated secondary antibody with permanent red stain. Mayer’s Hematoxylin was used as a counterstain (nuclei). The degree of CFH staining in the ANT and cSCC samples was semi-quantitatively determined by using a 0-3+ scale, with 0 indicating no staining, 1+ indicating <10% staining, 2+ indicating 10-50% staining, and 3+ indicating >50% staining. ANT samples [(A, B), top panels] were scored as either 0 or 1+, the Mohs cSCC samples [(A), bottom panel] were scored as 2+, and the advanced cSCC samples [(B), bottom panel] were scored as 3+. The boxes within the 40x and 100x images delineate the tissue location shown in the 100x and 400x images, respectively.



Next, levels of FOXP3 in ANT and cSCC tissues from routine clinic (ALBR; Figure 6A) and advanced cSCC samples (Array; Figure 6B) were determined using IHC. As a transcription factor associated with development of regulatory T cells and, due to our results showing elevated CFH in these tumor samples, we expected FOXP3 staining to be more intense within the immune infiltrate surrounding tumor tissue (arrows). As shown in Figure 6B, moderate FOXP3 staining (2+) is seen in more advanced cSCC (Array samples). Additional IHC images at 400x magnification are provided in Supplementary Figures 5, 6. Although there are similar limitations of color variation due to different initial slide preparation as in Figure 5, there appears to be substantially less FOXP3 staining in routine clinic samples (Figure 6A) although we do see more FOXP3 staining in our less advanced patient-derived cSCC tissues (1+) than in ANT tissue (0). Our patient-derived cSCC tissues may not be as advanced as the tissues used for the commercial Array slides, which may explain the lack of significance between the two patient-derived cSCC tissues (Figure 4C) while the more advanced cSCC images show abundant FOXP3 staining using IHC (Figure 6B). Results suggest the FOXP3 positive immune infiltrate is increased in the advanced cSCC samples when compared to those in routine clinic samples, again correlated to the increased CFH observed in these advanced cSCC samples.




Figure 6 | FOXP3 in Routine Mohs and Advanced cSCC Samples by IHC. cSCC removed from routine clinic patients by Mohs surgery [fixed after cryosectioning; (A)] and an array of advanced cSCC [formalin fixed; (B)] were labeled with a rabbit monoclonal anti-FOXP3 (Cell Marque) and stained with an HRP-conjugated secondary antibody and DAB stain (for Array samples) and with an AP-conjugated secondary antibody and permanent red stain (for ALBR samples). Mayer’s Hematoxylin was used as a counterstain (nuclei). The degree of FOXP3 staining in the ANT and cSCC samples was semi-quantitatively determined by using a 0-3+ scale, with 0 indicating no staining, 1+ indicating <10% staining, and 2+ indicating 10-50% staining, and 3+ indicating >50% staining. ANT samples [(A, B), top panels] were scored as 0, the Mohs cSCC samples [(A), bottom panel; arrows in the 400x image denote positive nuclear localization] were scored as 1+, and the advanced cSCC samples [(B), bottom panel; arrows in the 400x image denote positive nuclear localization] were scored as 2+. The boxes within the 40x and 100x images delineate the tissue location shown in the 100x and 400x images, respectively.






Discussion

Data presented here strengthen the link between cSCC and CFH. By focusing on cSCC tumors excised from patients seen in routine Mohs microsurgery patients in an Arizona-based dermatology practice (where the typical patient likely received significant sun exposure), the link between CFH is extended to newly diagnosed and non-invasive cSCC. Although the observed CFH elevation was small, this is perhaps due to the relatively small size of the tumor and the amount of normal tissue included in the patient samples excised in the Mohs procedure. Indeed, we suspect that this may be the reason that CFI was not reliably detected in our samples as others have found that CFI levels in tissues are lower than CFH and consistent with GTEx data (Figure 1). Our GTEx analysis showed a significant difference in CFH levels between sun-exposed vs non-exposed tissues, suggesting that sun exposure influences CFH levels. While we observed increases in CFH levels in our patient-derived tissues consistent with sun exposure, we showed that our cSCC tissues express higher levels of CFH than ANT tissues. However, as our samples were paired, with each pair receiving the same level of sun exposure, the elevation in CFH in cSCC compared to ANT cannot be explained by sun exposure alone. Consistent with a role in progression, more advanced cSCC show markedly more dramatic increases in CFH and FOXP3 by IHC than the routine patient-derived samples. Thus, these data suggest that elevation in CFH appears early in the development of cSCC and is significant despite these complicating factors. Comparison of these data to an invasive cSCC set suggests a link with cSCC progression and raises the possibility that CFH levels may be an important prognostic factor in assessing cSCC.

As our collective data sets provide support for sun exposure affecting overall levels of CFH, we suggest that immune modulation is an early event in the development of cSCC. This finding is not unexpected as an increase in CFH is expected to reduce both innate and adaptive immune responses to tumors, a necessary step in tumor progression. Furthermore, the fact that IFN-γ levels do not increase in our cSCC samples when compared to ANT may be consistent with an ineffective immune response. It is interesting that we do not see elevated levels of IFN-γ as this cytokine has been shown to increase CFH secretion (5, 7). It is possible that in the early stages of an immune response to developing tumors, IFN-γ secretion leads to increased CFH expression which ultimately derails the immune response and allows tumor progression. Alternatively, elevated CFH may be downstream of sun exposure rather than increased IFN-γ levels. That said, it is also plausible that our immunoblotting techniques were not sensitive enough to detect any increase in IFN-γ (particularly as our cSCC samples contain substantial amounts of ANT). However, we suggest that the putative increase in regulatory T cells is more consistent with insufficient IFN-γ levels for an effective immune response. Specifically, although the pro-inflammatory tumor infiltrate is not directly assessed, we do detect increased levels of FOXP3 within cSCC samples (Figure 6). These data are consistent with published results (26). Although FOXP3 is often a marker for regulatory T cells, other cell types have been reported to transiently express FOXP3, including regulatory B cells and M2 macrophages [as more recently reviewed in (27)], which have been shown to be elevated in various tumors and are associated with anti-inflammatory and immunosuppressive roles (28–31). While we cannot definitively confirm all the FOXP3+ cells are regulatory T cells, we can conclude that the environment within the cSCC tissues is immunosuppressive compared to ANT and may be indicative of a reduced immune response that would favor tumor growth, regardless of cell lineage. Given that sun exposure may lead to CFH secretion by a mechanism which may or may not be linked to IFN-γ, it is impossible to determine given the nature of the tissues samples generated by Mohs surgery without altering the standard of care of these patients.

This work documents both an increase in CFH and FOXP3 in cSCC but does not directly address the relationship between these two findings. Published work suggests a plausible causal link between increased CFH secreted from cSCC and immunoevasion as suggested by increased FOXP3 levels. Expression of CFH by keratinocytes and cSCC cells lines has been well documented (5, 7) and it is expected that the increased expression of this complement regulatory protein would reduce levels of anaphylatoxins within the tumor, shifting the immune response from an effective Th1-mediated to an ineffective regulatory T cell response. However, how this altered CFH might affect the balance between effective and ineffective immune responses is not clear.

Although not immune cells, growing evidence suggests that cancer cells express anaphylatoxin receptors and are able to respond to increased anaphylatoxin levels. Specifically, a wide variety of cancers and cancer cell lines express C3aR and C5aR and respond by increased motility and activation of the ERK1/2 pathway to promote growth (32–37). Most relevant to this work, cultured cSCC respond to both CFH and CFI (5, 6) and the receptor for the more potent C5a can be detected in skin tissue and is expressed in skin cancer lines (11). Indeed, levels of C3aR and C5aR2 mRNA in the GTEx dataset increase with sun exposure while those of C5aR1 do not (Supplementary Figure 7). However, particularly as mRNA levels are very low, expression of these receptors must be verified with validated antibodies. Given that increased CFH and CFI would decrease C3a and C5a levels, increased CFH would not favor tumor progression through canonical complement pathways.

Data presented here helps to solidify the relationship between CFH and tumorigenesis but they also raise many questions about the role of CFH in cancer progression. Specifically, in addition to its role in cSCC, a role for CFH has been described for hepatocellular and clear cell renal cell carcinomas (ccRCC) but not does not appear to promote squamous cell lung carcinoma (6, 38). In addition, CFH may promote ccRCC but does affect tubular cells from which ccRCC arise (6, 39). Thus, the roles for complement proteins are complex and it is difficult to predict how alterations in CFH will ultimately affect tumorigenesis. Indeed, recent data expanding on the link between a CFH allele and the risk for age related macular degeneration has revealed distinct intracellular roles for CFH in metabolism and response to oxidative stress and CFH knock-down may alter NFkB and p53 function (18, 20). Although the complex role of CFH in cancer cells underscores the importance of further investigation of complement in the immune surveillance of cancers. However, the current samples do not allow us to clearly distinguish between intracellular and extracellular roles of CFH and additional studies with different experimental approaches are warranted.

There are many remaining questions regarding the role of CFH in cSCC and clarification of these points may have direct impact on treatment of patients with cSCC. To clarify whether the increase in CFH contributes to or is a result of tumor development, it will be important to establish signaling through anaphylatoxin receptors in cSCC and solidify the evidence of immune modulation. The ability of IFN-γ to increase CFH secretion by keratinocytes documented in cell lines can be replicated in patient samples needs to be investigated. This latter point is of particular importance as a current therapy, imiquimod (used in the treatment actinic keratosis and some cSCC), is associated with enhancing IFN-γ production to mount an effective immune response (40) through altering effector T cell responses (41). However, it should be noted that IFN-γ plays a complex role in immunity in that it both activates effector T cells as well as potentially being involved in induced regulatory T cells (42).



Conclusions

CFH may be elevated in cSCC tumors excised from patients seen in a routine Mohs microsurgery. This elevation in CFH appears to be independent of sun exposure and may act through derailing an effective immune response. Immune checkpoint therapies targeting anaphylatoxin receptors may be an effective treatment for cSCC in the future.
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Supplementary Figure 1 | IFN-γ With Loading Controls GAPDH and Histone H3. Immunoblot of ANT and cSCC samples probed with anti-IFN-γ, anti-GAPDH, and anti-H3. Bands corresponding to dimer and monomer IFN-γ, and both loading controls, were observed.

Supplementary Figure 2 | FOXP3 and Loading control GAPDH. Immunoblot of ANT and cSCC samples probed with anti-FOXP3 and anti-GAPDH. A longer exposure time was needed to visualize FOXP3 than GAPDH.

Supplementary Figure 3 | CFH in Routine Mohs cSCC Samples by IHC. Additional images at 400x magnification of cSCC removed from routine clinic patients by Mohs surgery (fixed after cryosectioning). Sections were labeled with mouse anti-CFH (OX-24) and an AP-conjugated secondary antibody with permanent red stain. Mayer’s Hematoxylin was used as a counterstain (nuclei).

Supplementary Figure 4 | CFH in Advanced cSCC Samples by IHC. Additional images at 400x magnification of advanced cSCC (formalin fixed) array slides. Sections were labeled with mouse anti-CFH (OX-24) and an AP-conjugated secondary antibody with permanent red stain. Mayer’s Hematoxylin was used as a counterstain (nuclei).

Supplementary Figure 5 | FOXP3 in Routine Mohs cSCC Samples by IHC. Additional images at 400x magnification of cSCC removed from routine clinic patients by Mohs surgery (fixed after cryosectioning). Sections were labeled with were labeled with a rabbit monoclonal anti-FOXP3 (Cell Marque) and stained with an AP-conjugated secondary antibody and permanent red stain. Mayer’s Hematoxylin was used as a counterstain (nuclei).

Supplementary Figure 6 | FOXP3 in Advanced cSCC Samples by IHC. Additional images at 400x magnification of advanced cSCC (formalin fixed) array slides. Sections were labeled with a rabbit monoclonal anti-FOXP3 (Cell Marque) and stained with an HRP-conjugated secondary antibody and DAB stain. Mayer’s Hematoxylin was used as a counterstain (nuclei).

Supplementary Figure 7 | Expression of Complement Receptors in GTEx Datasets. Analysis of unpaired GTEx data from sun exposed vs non-sun exposed shows that sun exposed tissue has a significant increase in mRNA expression of C3aR (p=0.0014) and C5aR2 (p=0.0005) compared to non-sun exposed skin. mRNA expression of C5aR1 was not significantly different in this analysis (p=0.4726).
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Skin cutaneous melanoma (SKCM) is a skin cancer type characterized by a high degree of immune cell infiltration. The potential function of lactate, a main metabolic product in the tumor microenvironment (TME) of SKCM, remains unclear. In this study, we systemically analyzed the predictive value of lactate-related genes (LRGs) for prognosis and response to immune checkpoint inhibitors (ICIs) in SKCM patients included from The Cancer Genome Atlas (TCGA) database. Cluster 3, by consensus clustering for 61 LRGs, manifested a worse clinical outcome, attributed to the overexpression of malignancy marks. In addition, we created a prognostic prediction model for high- and low-risk patients and verified its performance in a validation cohort, GSE65904. Between TME and the risk model, we found a negative relation of the immunocyte infiltration levels with patients’ risk scores. The low-risk cases had higher ICI expression and could benefit better from ICIs relative to the high-risk cases. Thus, the lactate-related prognosis risk signature may comprehensively provide a basis for future investigations on immunotherapeutic treatment for SKCM.
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Introduction

Skin cutaneous melanoma (SKCM) is more aggressive than other skin cancer types owing to its rapid progression, poor prognosis, and high mortality (1). Although the cases invasive melanoma account for ~5% of all skin malignant tumors, it causes >75% of skin cancer-related deaths. The five-year survival rates in localized or regional melanoma are 98% and 64%, respectively, however, these rates reduce to 23% in the advanced stages (2), thereby illustrating that early intervention to prevent the disease from metastasizing is essential for improving the clinical prognoses. In the early stages, surgery is the most effective curative strategy, while for the metastatic cases, systemic treatment plays a significant role in inhibiting further disease progression (3).

In recent years, immunotherapy has emerged as the most promising treatment modality against several tumor types. Immunotherapy comprises therapeutic strategies that target various components and signal pathways of the immune system (4). The specific mechanism of action is based on disrupting the tolerogenic nature of human cancer and rebooting the antitumor effects exerted on the tumor microenvironment (TME), resulting in the activation of autologous immune responses (5). Recently, immune checkpoint inhibitors (ICIs), including monoclonal antibodies targeting CTLA-4 and PD-1, have proved to be the greatest breakthrough in the field of tumor therapy. Although collectively ICIs have a response rate of 30–40% (6), a majority of patients lack satisfactory clinical efficacies owing to the complex mechanisms underlying tumor immunity (7). Furthermore, several reported genomic and immune biomarkers indicate that the therapeutic effects are not targeted and there is an inevitable bias whilst evaluating the treatment efficacies (8). Thus, it is challenging but necessary to identify a better predictor to evaluate the clinical outcomes accurately before prescribing ICI treatment.

TME consists of various cell types and an extracellular matrix, thereby supporting tumor behaviors, including their growth and metastases through the provision of energy and nutrients (9). Usually, the blood vessel network in TME is poorly developed or malformed, and thus, exchanging of nutrients and metabolic wastes is relatively impaired. This causes a breakdown of the metabolic balance in the tumor tissues, characterized by nutrition shortage and metabolite accumulation (10). Consequently, the above-mentioned transfer of metabolic mode in TME is a natural immune suppressor, along with the inactivation of immune cells and a decrease in protective inflammatory reactions (11). Additionally, accumulating evidence shows that targeting the metabolic mode in TME is a promising strategy to potentiate the effects of immunotherapy and is therefore worth further investigation.

Excessive production of lactate is the result of elevated aerobic glycolysis in the TME (12). Lactate is responsible for sustaining the acidic environment by decreasing the pH, thereby inhibiting the immune responses partly by inactivating the T cells as also through negative regulation of the T-regulatory cells in the anticancer immunity (13). Meanwhile, a recent study demonstrates that neutralization of the low pH environment in malignant melanoma aids better clinical efficacy of the anti-PD-1 immune strategy (14). In addition, lactate dehydrogenase is being used in clinical settings for the independent prediction of survival of melanoma patients; it is also recommended in the AJCC guidelines (15). Collectively, this indicates that the identification of lactate-related genes (LRGs) for predicting the prognoses in SKCM patients may aid appropriate guidance for therapeutic regimens.

In this study, we analyzed the complete gene expression profiles related to LRGs in 471 patients from The Cancer Genome Atlas (TCGA) database. Six genes were significantly correlated to lactate metabolism as per the Cox regression model. Next, we used the reconstructed model to assess clinical outcomes and responses to immunotherapy among the SKCM patients, and the results showed that this potential strategy may be useful for survival prediction and could be utilized as a novel immune-targeted therapy.



Materials and Methods


Data Collection

The transcriptomic profiles of 472 individuals were obtained from TCGA database (https://portal.gdc.cancer.gov), which consisted of data for one healthy skin and 471 SKCM tissues. We then extracted the data for 556 normal skin tissue samples from the Genotype-Tissue Expression Project (GTEx, https://gtexportal.org/home/) web portal to account for the small number of the controls from TCGA database. The gene expression data from TCGA and GTEx were merged and normalized using the “limma” package in R to control for batch effects (16). The abundances of genes were normalized using their fragments per kilobase million (FPKM) values. Furthermore, the GSE54467 (n=79) dataset (17) was extracted from the Gene Expression Omnibus database (GEO, http://www.ncbi.nlm.nih.gov/geo/) and used as an external confirmation cohort to validate the robustness of the gene signature. Patients with entire clinical data as well as those with a survival duration longer than 0 days were included in current research.



Differential Expression and Functional Enrichment Analyses for LRGs

A total of 184 LRGs were obtained from the Molecular Signatures Database (INCREASED SERUM LACTATE, M35671, http://www.gsea-msigdb.org/gsea/index.jsp) (18). The “limma” package was used to identify the differentially expressed LRGs between SKCM and healthy skin samples with thresholds of |log2 fold change (FC)| ≥ 1 and standard false discovery rate (FDR) < 0.05. The protein-protein interaction (PPI) network of differentially expressed LRGs was predicted using the STRING webtool (https://string-db.org/) (19). The hub sub-modules in the PPI network were selected using the MCODE plug-in in Cytoscape (20). The Gene Ontology (GO) and the Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses were performed using the “cluster Profiler” package in R (21).



Consensus Clustering

According to the expression profiles of differentially expressed LRGs in SKCM tissues, consensus clustering was performed using the “ConsensusClusterPlus” package in R by setting the number of groups to 9, the sample resampling to 80%, and the number of iterations to 1000 (22). The optimal cluster number was calculated using the consensus matrix and cumulative distribution function (CDF). The differences in the overall survival (OS) between different clusters were estimated using the Kaplan-Meier method. Comparisons of the distribution of categorical data among the clusters were done using the chi-squared test.



Construction and Validation of Prognostic LRG Signature

Univariate Cox analysis was employed to identify the differentially expressed LRGs having significant (P < 0.05) prognostic prediction value. The selected factors were integrated into the least absolute shrinkage and selection operator (LASSO) Cox regression algorithm and the risk of overfitting was minimized. Lastly, a multivariate Cox regression model was generated for selecting the genes and an LRG-based prognostic model was subsequently established. The risk score for each patient was calculated using the following formula: Risk Score = , where Coef(i) and x(i) were the regression coefficients in the multivariate Cox regression model and expression of each gene, respectively. The patients were classified either into the high-risk (≥ median number) or the low-risk (< median number) groups according to the median risk score. The survival curve, receiver operating characteristic (ROC) curve, risk score distribution, and heatmap were analyzed and the predictive effectiveness of the clinical signature was thus evaluated. External data from GSE54467 were used to assess the performance of the model in determining clinical outcomes.

For the analysis of the correlation of risk score value based on the signature with clinical parameters in TCGA-SKCM cohort, the chi-square tests were performed. The independence of both the clinical features and the LRG signature was assessed through univariate and multivariate Cox regression analyses. To evaluate the applicability of this signature, stratified Cox survival analysis was performed for subgroups having differential clinical characteristics.



Development of a Nomogram

Nomograms have been widely adopted as auxiliary tools to predict the individual probability of a clinical event in medical fields (23). Nomogram was built by including all independent prognostic factors (24). In this study, the independent prognostic factors were used to construct the nomogram for assessing the 1-, 3-, and 5-year OS in SKCM. Calibration, ROC, and decision curves were used to verify the ability of the nomogram for predicting the prognoses.



Functional Biological Analysis of DEGs in the LRG Signature

The differentially expressed genes (DEGs) between the low- and high-risk groups in TCGA-SKCM were analyzed using the “limma” package in R. Genes with |log2FC| ≥ 1 and FDR < 0.05 were identified as significant DEGs and included in the subsequent analysis. GO annotation and KEGG analyses of these DEGs between the two subgroups were performed. Additionally, a gene set enrichment analysis (GSEA) was performed to elucidate the significant functional phenotypes that were significantly different between the risk groups. The GSEA function in Java software was executed and the Hallmark gene set “h.all.v7.4.symbols.gmt” was used (18). The phenotypes with nominal P < 0.05 and FDR value < 0.25 were considered statistically significant.



Immune Infiltration Analysis

To uncover the relationship between the risk score and tumor-infiltrating immune cells, seven algorithms including TIMER (25), CIBERSORT (26), CIBERSORT-ABS, quanTIseq (27), MCP-counter (28), xCELL (29), and EPIC (30) were executed to calculate the immune infiltration values among the samples in TCGA-SKCM cohort. We used a heatmap to show the tumor immune cell infiltration computed using different algorithms for each patient. The Spearman correlation analysis was performed, and the correlation coefficients were presented on a lollipop plot.

Subsequently, single sample GSEA (ssGSEA) was used to quantitate the differences in the infiltration levels of immunocytes between the low- and high-risk subgroups using the “GSVA” package in R (31). The differences among the 16 immune cell types and 13 immune-related pathways were compared between the two subgroups. ESTIMATE was the algorithm that predicted the tumor purity, and the tumor microenvironment scores (including immune score, stromal score, and ESTIMATE score) for each SKCM sample from the gene expression data using the “ESTIMATE” package in R (32). Violin plots were plotted to demonstrate the differences in scores between the two groups.



Expression of Immune Checkpoint Inhibitors and Immunotherapeutic Responses

To investigate the underlying effects of this signature on the responses to immunotherapy, 47 ICIs were retrieved from published literature, and the expressions of these ICIs between the two groups were analyzed (33). The correlation of the prognostic signature with the expression of two ICIs, including programmed cell death protein 1 (PD-1) and cytotoxic T lymphocyte-associated antigen 4 (CTLA4), was also determined. The immunophenoscore (IPS) algorithms were leveraged to evaluate immunotherapeutic responses as described previously (34).



Tissue Samples

A total of 15 SKCM tissues and 15 normal skin tissues were obtained from patients received surgery at the Third Affiliated Hospital of Sun Yat-Sen University (Guangzhou, China). None of these patients had received pre-surgery chemotherapy or other treatment. All collected samples were stored in a −80°C refrigerator until further quantitative real-time PCR (qRT-PCR) analysis. The written informed consent was acquired from all subjects, and the present research was approved by the hospital ethical committee.



Quantitative Real-Time Polymerase Chain Reaction (qRT-PCR)

Total RNA was extracted using the TRIzol reagent (Invitrogen, Grand Island, NY, USA) and reverse transcribed into cDNA using the PrimeScript RT reagent Kit (TaKaRa, Japan) following the manufacturer’s protocols. qRT-PCR was performed with SYBR Green I Master Kit (Roche) on the LightCycler® 480 System (Roche). The relative mRNA levels were normalized against that of GAPDH using the 2−ΔΔCt method. The sequences of the primers used in qRT-PCR are listed in Table S1.



Statistical Analysis

All statistical analyses were performed on R unless indicated otherwise, following the methods described above. P < 0.05 was considered statistically significant.




Results


Identification of Differentially Expressed LRGs and Functional Enrichment Analysis

The flow chart of the study design is shown in Figure 1. First, we analyzed the DEGs between 471 tumor and 557 normal tissues from TCGA and GTEx databases. A total of 7507 DEGs were selected according to the criteria of |log2FC| > 1 and FDR < 0.05. Among them, 3789 DEGs were significantly upregulated in SKCM tissues as compared to the normal skin tissues, while the remaining 3718 were markedly downregulated (Figure 2A). In addition, 184 LRGs were obtained from the Molecular Signatures Database. We then acquired 61 differentially expressed LRGs by taking the intersection of DEGs and LRGs sets, which may be involved in the progress of increased serum lactate (Figure 2B). A PPI network was constructed for these 61 differentially expressed LRGs (Figure 2C). The most significant module was then identified using the MCODE algorithm (Supplementary Figure 1). The functions of these 61 differentially expressed LRGs were predicted, and the results of the GO annotation indicated these were markedly augmented in energy metabolism-related processes, including the mitochondrial respiratory chain complex assembly. The differential genes were mostly correlated with pathways of thermogenesis, oxidative phosphorylation, and non-alcoholic fatty liver disease, as evidenced by the KEGG enrichment analysis (Figure 2D).




Figure 1 | The flow chart of the study design.






Figure 2 | Identification of differentially expressed LRGs in TCGA cohort and functional enrichment analysis. (A) Volcano plot showing the DEGs between 471 SKCM and 557 non-tumor healthy samples. (B) Venn diagram showing the intersection of DEGs and LRGs. (C) The PPI network of differentially expressed LRGs. (D) GO and KEGG analyses of differentially expressed LRGs.





Determination of SKCM Clusters Using Consensus Clustering

To understand the integral role of lactate in SKCM, the SKCM samples were divided into diverse clusters (K = 2 to 9) according to the differential expressions of the 184 LRGs through an unsupervised consensus clustering method. The optimal division (K = 3) was the optimal number of clusters according to the consensus matrix (Figure 3A), consensus CDF curves (Figure 3B), and relative change in the area under the CDF curves (Figure 3C). The boundary of the consensus matrix was kept relatively strict, and the sample distribution reached maximal stability at K =3. A significant difference was observed in the prognoses\ of the SKCM patients, wherein those belonging to cluster 2 suffered poorer outcomes relative to clusters 1 and 3 (Figure 3D). In addition, PCA showed that it was feasible to divide the samples into discrete distribution patterns (Figure 3E). The chi-square analysis demonstrated statistically significant differences in the T stage (P = 0.048) and Ulceration Status (P = 0.030) between the SKCM patients and normal controls (Figure 3F).




Figure 3 | Consensus clustering analysis of 184 LRGs. (A) Consensus clustering matrix at K = 3. (B) The CDF curves for clusters at k = 2 to 9. (C) The relative change in area under CDF curves for different clusters from k = 2 to 9. (D) Survival analysis for SKCM samples is stratified to the three clusters. (E) PCA plot for the three clusters. (F) Heatmap and the clinical parameters of the three clusters. * P < 0.05.





Construction and Evaluation of the LRG Signature for SKCM

Univariate Cox regression analysis showed that 16 out of the 61 differentially expressed LRGs were significantly associated with OS (P < 0.05) in TCGA-SKCM cohort (Figure 4A). To narrow down the range of candidate genes and eliminate the risk of overfitting, a LASSO Cox regression was performed, and the penalty parameter was selected based on the minimum criterion. A total of 10 genes were retained for further analysis (Figure 4B, C) and six target genes (ISCU, MTO1, SLC25A3, HPDL, NDUFA13, and NARS2) were eventually used to construct the LRG prognostic signature based on the multivariate Cox proportional hazards model. The forest map indicated that ISCU and MTO1 were the protective factors with the hazard ratio (HR) < 1, while SLC25A3, HPDL, NDUFA13, and NARS2 were risk factors having a hazard ratio (HR) > 1 (Figure 4D). To better understand the role of these six LRGs, we obtained their expressions from the GEPIA database and found markedly low levels of ISCU and MTO1 in SKCM compared with normal samples, while those of SLC25A3, HPDL, NDUFA13, and NARS2 were substantially high (Supplementary Figure 2). The results were confirmed by qRT-PCR detection for ISCU, SLC25A3, HPDL, and NARS2, whereas no significant differences were present in the expression of MTO1 and NDUFA13 (Figure 4E). The Kaplan Meier survival analysis confirmed the enhanced expression of SLC25A3, HPDL, NDUFA13, and NARS2 which could contribute to the poor outcome of SKCM patients; moreover, high levels of ISCU and MTO1 were significantly associated with better survival in patients (Figure 4F), consistent with our previous analysis. For both TCGA and GSE54467 cohorts, the risk score for the LRG signature was calculated as follows: Risk Score = (-0.406 * ISCUexpression) + (-0.415 * MTO1expression) + (0.397 * SLC25A3expression) + (0.113 * HPDLexpression) + (0.198 * NDUFA13expression) + (0.129 * NARS2expression).




Figure 4 | Construction of the LRG prognostic signature in TCGA cohort. (A) Identification of the prognosis-related differentially expressed LRGs by univariate Cox regression analysis. (B, C) LASSO Cox regression analysis of 16 prognosis-related differentially expressed LRGs. (D) Forest plot of the six target genes that compose the LRG signature. (E) The expression levels of six target genes by qRT-PCR. (F) The Kaplan Meier analysis of the six target genes *P < 0.05; **P < 0.01;***P < 0.001.



SKCM cases were divided into low- and high-risk subgroups based on the median risk score. The Kaplan-Meier survival analysis demonstrated that the high-risk subgroup had a shorter OS than that of the low-risk group in TCGA-SCKM (Figure 5A) and GSE54467 cohorts (Figure 5D). ROC curves were employed to assess the predictive performance of the LRG signature, and the area under the curve (AUC) for TCGA-SKCM was 0.702 (Figure 5B). Similarly, the AUC was 0.621 for the GSE54467 cohort (Figure 5E). The distribution of the risk score and survival status in TCGA-SKCM are shown in Figure 5C. The high-risk group was associated with higher mortality as compared to the low-risk group. Moreover, SLC25A3, HPDL, NDUFA13, and NARS2 were markedly upregulated, while ISCU and MTO1 were substantially downregulated (Figure 5C). The results in the GSE54467 cohort were in line with the above-described findings (Figure 5F).




Figure 5 | The prognostic value of the LRG signature for SKCM patients. The survival analysis in TCGA cohort (A) and GSE54467 cohort (D). ROC curves indicated the predictive efficiency of the prognostic signature in TCGA cohort (B) and GSE54467 cohort (E). The risk score distribution, survival status, and heatmap for the expressions of the six genes in TCGA cohort (C) and GSE54467 cohort (F).





Relationship Between the Risk Score and Clinical Features

In addition, the correlation of the signature with the clinical features (age, gender, T stage, M stage, N stage, AJCC stage, Breslow depth, Clark level, ulceration status, and tumor location) was tested in TCGA cohort. It was found that the risk scores for the low-risk and the high-risk groups were significantly different for the T stage (Figure 6A), Breslow depth (Figure 6B), Clark level (Figure 6C), ulceration status (Figure 6D), and tumor location (Figure 6E). We also observed that the SKCM patients in the high-risk group had higher risk factors for disease progression, including advanced T stage, >5mm Breslow depth, IV-V Clark level, with ulceration, and distant metastases. In addition, the signature-based risk score was positively correlated with tumor progression. We then compared the differences in risk scores among the different clusters and found that cluster 2 presented a higher risk score than other clusters, which further verified our results (Supplementary Figure 3A). However, there were no significant differences in age, gender, M stage, N stage, and AJCC stage (Supplementary Figures 3B–F).




Figure 6 | The clinical utility of the LRG signature. The associations between the signature-based risk score and different clinical features, including (A) T stage, (B) Breslow depth, (C) Clark level, (D) Ulceration Status, and (E) Tumor Location. Univariate (F) and multivariate (G) Cox analyses for the signature-based risk score and other clinical features in TCGA cohort.



We reasonably speculated that the prognostic signature could serve as an independent prognostic factor for patients with SKCM. Therefore, univariate and multivariate Cox regression analyses were performed to confirm this hypothesis. The signature-based risk score was found to be significantly related to OS in univariate Cox analysis (HR = 2.017, P < 0.001) (Figure 6F). Moreover, multivariate Cox analysis showed that the risk score remained an independent factor (HR = 2.048, P < 0.001) (Figure 6G). Likewise, the T stage, N stage, and AJCC stage were also independent prognostic factors. Hence, the signature was an independent risk factor that influenced the survival of patients with SKCM.

Further, for validating the stability and applicability of the LRG signature, we performed a stratified survival analysis for the subgroups. In all the subgroups except for the breslow depth > 5 subgroup, the Kaplan-Meier survival curve showed that samples from the high-risk group had poorer clinical outcomes as compared to those belonging to the low-risk group (Supplementary Figure 4).



Construction of the Clinical Nomogram

Furthermore, we employed four independent prognostic features of OS, including the signature-based risk score, T stage, N stage, and AJCC stage to construct the nomogram to quantitatively estimate the 1-, 3-, and 5- year survival probabilities of SKCM patients in TCGA cohort (Figure 7A). In the nomogram score system, each variable was allocated a point, and then the sum of the points was calculated as the total score, and the predicted risk corresponding to the total score was the probability of survival (35). The accuracy and sensitivity of the predictions were confirmed using the calibration plot for the nomogram. To intuitively illustrate the performance of the nomogram, calibration curves were plotted which showed that the predicted results were consistent with the reality, thereby suggesting a highly accurate and sensitive prediction for SKCM (Figure 7B). The ROC curve analysis showed that the nomogram provided adequate discrimination for the two risk groups with an AUC of 0.743, thereby outperforming other independent clinical prognostic features (T stage, AUC =0.621; N stage, AUC = 0.580; AJCC stage, AUC = 0.572) (Figure 7C). The decision curves suggested that the nomogram had the highest overall net benefit within the threshold probabilities relative to any other clinical feature (Figure 7D).




Figure 7 | Construction and evaluation of the novel nomogram. (A) The nomogram for predicting the survival probability of SKCM patients has four independent prognostic features. (B) The calibration plots of the nomogram for predicting OS probability for 1-, 3-, and 5-years. (C) ROC analysis of the nomogram. (D) DCA of the nomogram.





Identification of the Prognostic Signature-Related Biological Processes and Pathways

To further detect the biological behaviors that were influenced by the prognostic LRG signature, we identified the DEGs between the low- and high-risk groups to perform the functional enrichment analyses. In total, 252 DEGs were screened for the subsequent analysis based on the criteria of |log2FC| > 1 and FDR < 0.05. The results suggested that the top three enriched GO terms for biological processes (BP) were humoral immune response mediated by circulating immunoglobulin, complement activation-classical pathway, and complement activation (Figure 8A). The cellular components (CC) significantly associated with these DEGs included the immunoglobulin complex, immunoglobulin complex-circulation, and lateral side of cytomembrane (Figure 8B). The molecular function (MF) analysis showed that the DEGs were related substantially with antigen binding, immunoglobulin receptor binding, and peptide antigen binding (Figure 8C). Collectively, the GO annotation suggested that the enrichment of the DEGs was mostly related to the immune-associated processes, which was validated by the KEGG analysis (Figure 8D). Besides, we also performed GSEA to compare the different hallmark pathways between the low- and high-risk groups. Most enriched hallmark pathways in the low-risk group were involved in immune regulation, including the complement activation, inflammatory responses, IL2-STAT5 signaling, TNFA signaling via NFKB, IL6-JAK-STAT3 signaling, and TGF-beta signaling pathways (Figure 8E). These findings suggested that the LRG-based prognostic signature was closely related to immunity and the low‐risk group had enhanced immune response phenotypes.




Figure 8 | Functional enrichment analyses of DEGs between low‐and high-risk subgroups based on LRG signature. Go annotation terms of DEGs between low‐and high-risk subgroups for biological process (A), cellular components (B), and molecular functions (C). (D) KEGG enrichment analysis for DEGs between low‐and high-risk subgroups. (E) GSEA findings.





Immune Infiltration Characteristics of TME

Following the aforementioned results, we postulated that the impact of LRG signature on the outcomes for a patient with SKCM may be associated with the immune microenvironment. Therefore, we assessed the differences in the immune cell components in SKCM tissues between low- and high-risk groups. The heatmap for various immunocyte components based on TIMER, CIBERSORT, CIBERSORT-ABS, quanTIseq, MCP-counter, xCELL and EPIC algorithms, is shown in Supplementary Figure 5A. In addition, Spearman correlation analysis was performed, and the correlation coefficients were visualized using a lollipop plot (Supplementary Figure 5B). In total, 93 microenvironment components that were examined were found to be diverse between the two groups. Among these, 79 components were negatively correlated with the signature-based risk score, while the remaining 14 were positively correlated. The detailed correlation between the risk score and six immune cell types was computed based on the TIMER database. With an increase in the risk score, there was a marked decrease in the proportion of immunocytes (B cells, CD4+ and CD8+ T cells, dendritic cells, macrophages, and neutrophils) in SKCM patients (Figures 9A–F).




Figure 9 | The correlation between the signature and infiltration abundances of six immune cell types. (A) B cells, (B) CD4+ T cells, (C) CD8+ T cells, (D) Dendritic cells, (E) Macrophages, and (F) Neutrophils.



Subsequently, we estimated the tumor purity and the tumor microenvironment scores using the ESTIMATE algorithm, and the results are shown as a heatmap (Figure 10A). The enrichment scores of various immune cell types and immune-related pathways between the two groups were compared. We observed that the abundances of the immune cells except for the iDCs and mast cells (Figure 10B), as well as all the immune-related pathways (Figure 10C), were markedly elevated in the low-risk group. These results suggested that the two subgroups exhibited distinct immune infiltration profiles. The distributions were then estimated using the ESTIMATE algorithm between the low- and high-risk groups. The immune, stromal, and ESTIMATE scores of the low-risk group were found to be significantly higher relative to the high-risk group (Figures 10D–F), while the levels of the tumor purity showed a reverse trend (Figure 10G). Survival analysis showed that the patients having a higher immune score, higher ESTIMATE score, and lower tumor purity exhibited better prognoses. However, the differences in the stromal scores were not statistically significant (Supplementary Figure 6). The above results demonstrated that there was a significant correlation of the signature-based risk score with the tumor immune microenvironment. In addition, the differences in the different immune cell types could account for the observed immune-associated biological phenotypes and pathways related to the LRG signature.




Figure 10 | Predicted evaluation of immune microenvironment characteristics. (A) Heatmap indicates the scores for tumor purity and the tumor microenvironment between the low- and high-risk groups. (B) The differences in the proportions of 16 immune cells between the low- and high-risk groups. (C) The differences in the proportions of 13 immune-related pathways between the low- and high-risk groups. The distributions of the immune score (D), stromal score (E), ESTIMATE score (F), and tumor purity (G) between the low-and high-risk groups *P < 0.05; ***P < 0.001; ns, no significance.





Differential Expression of ICIs and Assessment of Immunotherapy Response

The responses to ICI tumor immunotherapy have made important progress in recent years for several cancer types, including SKCM. To further investigate whether the LRG signature was associated with the ICI-related biomarkers, we compared the levels of expression of 47 genes between the two groups and found that 43 ICI-related genes were significantly differentially expressed and all of them were upregulated in the low-risk group relative to the high-risk group, except for CD276 and TNFRSF14 (Figure 11A). PD-1 and CTLA-4 are widely studied ICIs. As expected, the levels of expression of these two genes were negatively correlated with the risk score (Figure 11B, C). The IPS scoring scheme was used to simulate the potential immunotherapeutic responses in patients of the low- and high-risk groups. The relative probabilities of responding to CTLA4positive/PD-1negtive, CTLA4negtive/PD-1positive, and CTLA4positive/PD-1positive treatment in the low-risk group were found to be markedly higher relative to the high-risk group (Figure 11D). The differences between the two groups for CTLA4negtive/PD-1negtive treatment were not statistically significant. Herein, these data demonstrated that the patients with low-risk scores may respond better to the immunotherapy, thereby achieving more satisfactory clinical outcomes.




Figure 11 | Analysis of immunotherapeutic responses between different risk groups. (A) Expression of ICIs in different risk groups. (B) The correlation between risk score and PD-1 expression. (C) The correlation between risk score and CTLA4 expression. (D) IPS scoring scheme estimates the potential responses to immunotherapy in different risk groups *P < 0.05; ***P < 0.001.






Discussion

In our study, we aimed to identify an expression pattern of LRGs, their prognostic value, their impact on the TME, and immunotherapeutic responses in SKCM. First, we identified 61 differentially expressed LRGs by comparing the gene expressions between the SCKM and normal tissues. GO and KEGG enrichment analyses were performed based on these differentially expressed LRGs and the results showed that they were mainly involved in the processes related to energy metabolism. A previous study validates this typical characteristic of tumors, the abnormal energy metabolism, which is substantially different from normal tissues (36). Most tumor cells are highly dependent on aerobic glycolysis, and the remodeling of cellular energy metabolism pathways provides cancer cells with important metabolites, thereby potentiating large-scale biosynthesis, abnormal proliferation, and supporting tumorigenesis. Thus, the inhibition of this metabolic network may serve as a promising therapeutic strategy to selectively kill tumor cells (37).

To further elucidate the relationship between the aforementioned LRGs and survival of patients with SKCM, we determined three subtypes of SKCM, cluster 1, cluster 2, and cluster3, by a consensus clustering method based on the expression profiles of 184 LRGs. The diverse subtypes significantly affected the OS and showed significant differences in clinicopathological features. Specifically, the cases in cluster 2 had poorer prognoses, higher T stage, and with ulceration relative to clusters 1 and 3. Herein, we speculated that lactate metabolism was implicated in the disease progression and clinical outcomes of patients with SKCM.

Next, to evaluate the predictive effect of the LRGs, we constructed a six-LRG prognostic signature by combining Cox regression and Lasso Cox regression analyses. Among the six LRGs, SLC25A3, HPDL, NDUFA13, and NARS2 were risk-associated genes with poorer clinical outcomes, while ISCU and MTO1 were protective factors associated with longer survival duration. Further, we divided the cases into high- and low-risk groups based on the median risk score. As expected, the results of survival analysis were consistent, and the high-risk group presented a significantly worse OS than the low-risk group. Similar results were obtained for the stratified survival analyses among various subgroups. We also observed that SKCM patients belonging to the high-risk group were associated with certain risk factors, for disease progression, including advanced T stage, >5mm Breslow depth, IV-V Clark level, with ulceration, and distant metastases. Univariate and multivariate Cox regression analyses indicated that the signature was an independent risk factor for survival in SKCM.

Some of these six genes comprising the LRG signature have been reported concerning oncogenesis and tumor development. SLC25A3 is a mitochondrial phosphate carrier protein that plays a pivotal role in the aerobic synthesis of the adenosine triphosphate (ATP) (38). Accumulating evidence indicates that homozygous mutations in SLC25A3 are correlated with generalized disorders in mitochondrial-energy metabolism and multisystemic clinical presentation; its high expression is associated negatively with the survival of patients with osteosarcoma (39, 40). 4-hydroxyphenylpyruvate dioxygenase-like protein, HPDL, is a mitochondrial intermembrane space-localized protein that functions as 4-hydroxyphenylpyruvate dioxygenase. It positively regulates mitochondrial bioenergetic processes and ATP generation (41). Meanwhile, HPDL supports tumorigenesis in pancreatic ductal adenocarcinoma in a glutamine metabolism-dependent manner (42). NDUFA13 is a newly identified accessory subunit of mitochondria complex I with a unique molecular structure and a localization that is very close to the subunits of complex I responsible for low electrochemical potential (43). Additionally, it is related to cellular apoptosis in breast cancer (44), the recurrence of prostate cancer (45), and development of squamous cell carcinoma (46). NARS2 is a mitochondrial aminoacyl-tRNA synthetase gene, which encodes a member of the class II family of aminoacyl-tRNA synthetases (47). Mutations in this gene are reported to cause genetic disorders related to neurodegeneration, presenting various clinical features, including refractory seizures, rapid brain atrophy (48), Leigh syndrome, or/and Alpers’ syndrome (49). Its conjoined expression with GAB2 is a risk factor of non- Hodgkin B-cell lymphoma (50). The iron-sulfur cluster assembly protein, ISCU, is engaged in the transportation of iron-sulfur clusters in mitochondrial complex I enzymes, and also functions in mitochondrial respiration for the energy generation (51). Downregulation of ISCU ultimately disrupts mitochondrial energy metabolism, increases the production of mitochondrial reactive oxygen species (ROS), and enhances cell death through the inhibition of complex I. Chen et al. demonstrate that highly upregulated miR-210 can attenuate mitochondrial respiration, thereby resulting in the production of ROS and lactate generation by targeting ISCU, ultimately facilitating the survival of colon cancer cells under a hypoxic microenvironment (52). MTO1 is a mitochondrial tRNA-modifying enzyme that is reported to be a pathogenic factor for mitochondrial disorders (53). However, its expression profile and regulatory mechanisms in cancer have not yet been reported.

Furthermore, we developed the nomogram to quantitatively estimate the 1-, 3-, and 5- year survival probabilities for patients with SKCM by integrating four independent prognostic features, including the risk score. We verified the biological functions related to the prognostic LRG signature through the functional enrichment analysis of 252 DRGs. The results of GO and KEGG enrichment analyses showed that the biological functions were mostly implicated in immune-relevant processes and pathways. Based on the enrichment analysis of the hallmark pathways in diverse risk groups by GSEA, we found that most immune-related signaling pathways were markedly upregulated in the low-risk group, in line with our expectations. Therefore, we speculated that lactate metabolism was closely associated with immune-related processes and signaling pathways, thereby indicating its importance in the progression of SKCM.

As metastatic melanoma is characterized by lymphoid infiltration, it is typically regarded as an immunogenic tumor (54). Therefore, immunotherapy is a prospective therapeutic strategy for metastatic melanoma in addition to surgery, chemotherapy, and target therapy. However, a successful mechanism of action underlying responses to immunological strategy involves several factors, both intrinsic and extrinsic to the cancer cells (55). One of the crucial factors is certainly the TME. Accumulating evidence demonstrates that the biologically significant interaction between tumor tissues and the surrounding microenvironment extensively influences all the phases of the tumorigenic processes (56). Specifically, TME comprises stromal cells, immunocytes, and malignant cells, that collectively interplay with tumor cells and impose many challenges for the initiation, progression, and sensitivity/resistance against the immunotherapy (57). Additionally, a recent study shows that TME supporting tumor growth partly relies on its antitumor immune surveillance and this effect is in part sustained by the abnormal metabolism of tumor cells and cancer-associated fibroblasts in the microenvironment (58, 59).

Given these reasons, the activity of intracellular metabolic pathways of immune cells in TME has drawn widespread attention from researchers. Owing to their special metabolic mode, cancer cells tend to utilize glucose and produce excessive lactate even in an environment with a sufficient oxygen supply and release a large amount of lactate into the extracellular microenvironment, thereby causing acidosis, angiogenesis, and immunosuppression simultaneously (58). Consequently, this kind of metabolism modulation breaks the balance of the immune state in the tumor, resulting in an enhanced immunosuppressive effect by promoting the CD4+ CD25+ regulatory T (Treg) cell metabolic profiles and maintaining the acidity of the TME (60). However, excessive lactate attenuates the proliferation of immunocytes, including CD8+ T, natural killer (NK), and dendritic cells (61–63). Moreover, lactate potentiates the anti-inflammatory effects based on activation of the transformation of macrophages, thereby promoting angiogenesis, tissue remodeling, and finally accelerating tumor growth and invasion (63). Taken together, these results demonstrate that lactate in TME plays a key role in the disease progression and mediating the immunotherapeutic responses.

To date, immunotherapeutic strategies have concentrated on using monoclonal antibodies to activate cell-mediated immunity, also called ICIs (64). Although antibodies against CTLA4 and PD-1, used alone or in combination, both can exert a certain curative effect on the unresectable or metastatic melanoma, the clinical benefits remain unsatisfactory owing to the relatively low ORRs and the phenomenon of drug-resistance (65). Thus, the factors that influence clinical effects and drug resistance of immune strategies should be identified. A previous study demonstrates that the PD-L1 status in the tumor is a biomarker that reflects the response or resistance to ICIs, which was consistent with our conclusion (66). Furthermore, some comprehensive studies have revealed a mechanistically meaningful role of targeting TME, evidenced by the positive association of the ‘T-cell-inflamed tumor microenvironment’ with the effectiveness of diverse immune treatment (67–69).

In our study, we observed that the patients at low-risk tended to present better outcomes and immunotherapeutic responses due to their immune status owing to the TME as compared to the high-risk cases, therefore, in line with the same conclusion as the aforementioned scientific findings. Nevertheless, the main limitation to this study was the lack of experimental data to evaluate the specific mechanism underlying the biological behaviors. Additionally, large-scale multicenter trials are essential to validate the above findings for further clinical application.

In conclusion, we assessed the prognostic significance, effects on the TME, and response to ICIs of LGRs in SKCM. Three subgroups (clusters 1/2/3) identified by consensus clustering based on the expression patterns of LRGs, exhibited dissimilar clinical features. Risk stratification based on the lactate-related prognostic signature was negatively related to clinical prognoses and levels of infiltrating immunocytes in patients. Additionally, the model showed that the low-risk-score patients were likely to benefit more from ICI treatment. Collectively, our findings may be helpful to elucidate the lactate’s role in the TME of SKCM. To sum up, the reconstructed prognostic signature may be applied clinically to survival improvement as well as offer a creative target for curing SKCM patients in the future.
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Skin cutaneous melanoma (SKCM) attracts attention worldwide for its extremely high malignancy. A novel term cytolytic activity (CYT) has been introduced as a potential immunotherapy biomarker associated with counter-regulatory immune responses and enhanced prognosis in tumors. In this study, we extracted all datasets of SKCM patients, namely, RNA sequencing data and clinical information from The Cancer Genome Atlas (TCGA) database and the Gene Expression Omnibus (GEO) database, conducted differential expression analysis to yield 864 differentially expressed genes (DEGs) characteristic of CYT and used non-negative matrix factorization (NMF) method to classify molecular subtypes of SKCM patients. Among all genes, 14 hub genes closely related to prognosis for SKCM were finally screen out. Based on these genes, we constructed a 14-gene prognostic risk model and its robustness and strong predictive performance were further validated. Subsequently, the underlying mechanisms in tumor pathogenesis and prognosis have been defined from a number of perspectives, namely, tumor mutation burden (TMB), copy number variation (CNV), tumor microenvironment (TME), infiltrating immune cells, gene set enrichment analysis (GSEA) and immune checkpoint inhibitors (ICIs). Furthermore, combined with GTEx database and HPA database, the expression of genes in the model was verified at the transcriptional level and protein level, and the relative importance of genes in the model was described by random forest algorithm. In addition, the model was used to predict the difference in sensitivity of SKCM patients to chemotherapy and immunotherapy. Finally, a nomogram was constructed to better aid clinical diagnosis.
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Introduction

Skin cutaneous melanoma (SKCM) is one of the most lethiferous malignancies. Though SKCM only constitutes ~5% of all skin cancers, it accounts for >75% of skin cancer deaths (1). Currently, most melanomas are removed via the standard surgical technique that excises both the tumor and a margin of normal appearing skin (2). Unfortunately, surgical resection offers so little in the management of individuals with regional or distant metastases (3). Adjuvant therapies, such as radiotherapy, immunotherapy, biochemotherapy, can possibly benefit postoperative patients (4). But the conventional treatments have not improved the outcomes of SKCM, which may be due to the hypo-responsiveness and inherent resistance of melanoma cells (5). Immunotherapy has promised an optimizing future for SKCM in recent years (6–8), managing to enhance the prognosis of SKCM patients. Though it has shown great clinical effect, only a small percentage of patients profit by long-range treatment (9). Many factors like the tumor types (10), and age (11) have potential influence on the efficacy. Therefore, establishment of an efficient prognosis model is essential, and it can direct clinical treatment of SKCM patients.

Immune checkpoints refer to a plethora of inhibitory pathways hardwired into the immune system that are crucial for maintaining self-tolerance and regulating the strength of the peripheric immune system to minimize collateral tissue damage, realizing immune evasion in tumors (12). Therefore, immune checkpoint inhibitors (ICIs) are emerging as a promising antitumor immunotherapy. ICIs are able to unleash anti-tumor immunity and mediate durable cancer regressions (13) via inhibition of pathways like the cytotoxic T-lymphocyte-associated protein 4 (CTLA-4), programmed cell death-1 (PD-1), and programmed cell death ligand-1 (PD-L1). Elevated evidences have substantiated the use of ICIs in SKCM (14), starting with the earliest approval of an anti-CTLA-4 drug called ipilimumab for advanced-stage melanoma in 2011 (15). Currently, pembrolizumab and nivolumab, both inhibitors of PD-1, also are popularly used in clinical. Combination ICI therapy has shown unprecedented, long-lasting survival benefits in the treatment of metastatic melanoma (16). However, despite the impressive effects, a large proportion of patients do not respond to these drugs. A key challenge is to understand the variability of immune responses to ICIs. Granule exocytosis (perforin and granzymes) is considered as one of main pathways involved in cytotoxic lymphocyte-mediated tumor cell death, and it plays a crucial role in killing cancer cells during cancer immunosurveillance and immunotherapy (17). Michael et al. innovatively designed the cytolytic activity (CYT) score based on expression levels of granzyme A (GZMA) and perforin (PRF1) that relates with immune responses to ICIs immunotherapies and predicts prognosis (18). Zaravinos et al. once investigated that the CYT-high subgroup in colorectal cancer can be benefited to a higher percentage from ICIs immunotherapies (19). So, it is potentially valuable to explore genes related to CYT and define its ultimate effect.

Thus, on the whole, in this article, we probed the RNA sequence data from 446 SKCM specimens to find that CYT was a valuable prognostic biomarker for patients with SKCM. We also discovered that CYT may regulate tumor mechanism in many ways, which provides new ideas for the immunotherapy on SKCM.



Materials and Methods


Collection of SKCM Samples and Datasets

As conducting this research, several datasets from public databases were used. We downloaded the HTSeq-FPKM gene expression data and corresponding clinical information of all SKCM patients from the official website of the TCGA database (https://www.cancer.gov). We collected 472 samples in total (namely, one normal tissue sample and 471 SKCM tissue samples). Cases with incomplete clinical data were excluded. Finally, a total of 446 patients with full follow-up information were enrolled. In the process of further validation, we employed GSE65904 and GSE54467 matrices from the public repository of the Gene Expression Omnibu (GEO) (https://www.ncbi.nlm.nih.gov/geo/).



Evaluation of the Prognostic Value of CYT

In order to clearly define the prognostic value of CYT in SKCM, we performed KM survival analysis (an event dependent analyzing form to provide more accurate measurement of survival rates at different intervals (20)) and univariate Cox regression analysis on the overall survival (OS), disease specific survival (DSS), and progression-free-survival (PFS) of patients in the TCGA-SKCM dataset. We also combined results derived from the univariate Cox regression analysis of GSE65904 and GSE54467 to conduct a meta-analysis.



Identification of CYT-Related Genes (CYTRG) and Prognosis-Related CYTRG

Patients in the TCGA-SKCM dataset were grouped into a high-CYT and a low-CYT group by median split, and then we used differential analysis on both groups in order to identify genes that could characterize CYT that ‘CYTRG’. Prognosis-correlated CYTRG for SKCM patients were then recognized using univariate Cox regression analysis on CYTRG and corresponding clinical data.



Identification of Subgroups and Evaluation of Subgroups

Then non-negative matrix factorization (NMF) clustering was applied on the CYTRG to classify new subgroups (clusters 1 and 2) of SKCM patients using the NMF R package. NMF is widely used in bioinformatics and with its ability to extract meaningful information from high-dimensional data (21), the use value of identified CYTRG was accordingly confirmed. We conducted KM survival analysis, compared number of somatic mutations and performed Gene Set Variation Analysis (GSVA) to determine the discrimination between C1 and C2 groups. The Estimation of Stromal and Immune cells in Malignant Tumor tissues using Expression data (ESTIMATE) algorithm was used to calculate stromal score, immune score, and ESTIMATE score of the different subgroups. The abundance of tumor-infiltrating immune cells in the different subpopulations was then assessed using the Microenvironment Cell Populations-counter (MCP-counter) method, which was introduced by Becht et al. (22) that allows the robust quantification of the absolute abundance of eight immune and two stromal cell populations in heterogeneous tissues from transcriptomic data.



Establishment of the CYT−Related Prognostic Model

A total of 446 representative patients were extracted from the TCGA repository. They possessed complete survival information and all relevant clinical features, such as age, sex, tumor stage and tumor-node-metastasis (TNM) stage. We employed lasso-cox regression analysis to screen out crucial CYTRG that have close relation with DSS. Certain CYT-related coefficients (βi) were calculated with the multivariate Cox regression model. The risk score formula (Expi) that was composed of βi and expression levels of CYTRG was set up. The equation ‘Risk score = ∑ (βi ∗ Expi)’ was used to calculate each risk score for every patient. The samples were classified into either a high-risk or a low-risk cohort according to the cut-of (based on the median risk score). Using R software (version 4.04), KM survival analysis and log-rank test were performed to compare DSS in either high-risk or low-risk group.



Evaluation of This Prognostic Model

Then, a receiver operating characteristic (ROC) curve was generated by the R package survival ROC (23) and was used to understand the diagnostic value of this model (24). Also, we adopted the calibration curve method (CCM), principal component analysis (PCA), decision curve analysis (DCA) to further estimate the accuracy of this prognostic model. We evaluated the prognostic significance of the risk scores and also clinical variables, like age, sex, TNM staging, via univariate and multivariate Cox regression analyses. Moreover, according to the results from multivariate Cox regression analysis combined with tumor mutation burden (TMB), a nomogram was then built and concurrently could be used to predict DSS for the 1-year, 3-year, and 5-year of each SKCM patient. Briefly speaking, TMB refers to the number of mutations that exist within a tumor, and high TMB values are observed in melanoma and have been thought to be associated with responses to ICIs (25). The prognostic value of the novel model and the characteristic nomogram was further compared with the tumor staging system, TMB, age, tumor purity and gender in terms of the DCA plots, concordance index (Cindex), and restricted mean survival (RMS) curves.



Drug Sensitivity Analysis

Since chemotherapy is commonly applied to treat SKCM, we utilized R package “pRRophetic” to assess the chemotherapeutic response determined by the half maximal inhibitory concentration (IC50) of each SKCM patient on the Genomics of Drug Sensitivity in Cancer (GDSC) website. Besides, to elucidate the effects of CYT-related genes on drug sensitivity and tolerance in this model, we acquired transcriptome data from the CellMiner database (https://discover.nci.nih.gov/cellminer/) and FDA-certified drug sensitivity-related data. Then we utilized a Pearson correlation test to analyze the relationship between gene expression and drug sensitivity. The programmed cell death 1 (PDCD-1, also known as PD-1) and cytotoxic T-lymphocyte associated protein 4 (CTLA-4) pathways have been implicated in tumor immune evasion. So immune checkpoint inhibitors targeting PD-1 and CTLA-4 may thereby improve antitumor immunity. The immunophenoscore (IPS) was used to predict clinical responses to immune checkpoint inhibitors (26). The data of the IPS in SKCM patients were download from the Cancer Immunome Database (TCIA) (https://tcia.at/home). These results are able to better guide doctors in choosing different drug treatment on patients.



Expression and Modulation of Genes in the Signature

We conducted differential analysis on expression levels of genes in the signature between normal samples and tumor samples. We then searched for differential expression of genes between the high-risk and low-risk groups. The Human Protein Atlas (HPA) database (http://www.proteinatlas.org) was generated by Uhlén et al. (27), and contains an invaluable resource of human protein-coding genes, enlightening researchers on gaining insights of human proteins. Thus we explored the expression of CYTRGs represented in this signature in normal skins and SKCM tissues using the HPA database. The expression of one certain gene was investigated in normal and cancer tissues using the same antibody. Then we conducted spearman correlation analysis to demonstrate the relationship between CYT and genes in our model, which helped to confirm the rationality of CYTRG identified via the differential analysis.



Mutation Analysis and Tumor Mutation Burden (TMB) Calculation

Mutation analysis was conducted based on all available somatic mutation data of patients from the TCGA cohort. Then we visualized the somatic mutation data in the Mutation Annotation Format (MAF) using the “maftoools” R package, which is efficient and comprehensive and provides various functions for cancer genomic analyses (28). Subsequently, tumor mutation burden (TMB) differential analysis was performed between wild and mutation types based on defined genes in the model. We also conducted differential analysis on TMB between the high-risk and low-risk groups, and combined with TMB, we conducted survival analysis between the two groups.



Tumor Microenvironment (TME) Analysis

The newly described algorithm, ESTIMATE (Estimation of Stromal and Immune cells in Malignant Tumor tissues using Expression data) method, applied for assessment of the presence of stromal cells and the infiltration of immune cells in tumor samples using gene expression data (29), was used to calculate interstitial score, immune score, ESTIMATE score, and tumor purity for different molecular subpopulations.



Immune Cell Infiltration, Immune Checkpoint Gene and CYT Analyses

To better clarify the relationship between the tumor immune cell infiltration status and calculated risk scores, 7 software programs, namely, XCELL, TIMER, QUANTISEQ, MCP-counter, EPIC, CIBERSORT-ABS, and CIBERSORT were used to analyze the immune cell infiltration landscape. The lollipop diagram was displayed to show the correlation between risk score and immune infiltrated cells via Spearman correlation method. The differences of immune cell content in high-risk and low-risk groups were shown as boxplots using Wilcoxon signed-rank test. Besides, we conducted differential analysis on the mRNA expression of immune checkpoint genes and CYT elements (GZMA and PRF1). We also performed Spearman correlation analysis on PD-1, PD-L1, CTLA-4, CYT, GZMA, PRF1 and calculated risk scores. Furthermore, we ran a correlation analysis between CYT expression and immune cell contents. All results further substantiated the utility value of our signature.



Gene Set Enrichment Analysis

A Gene Set Enrichment Analysis (GSEA) on risk genes was performed to obtain the GO and KEGG pathways of this model. The gene set enrichment study was conducted to that are expressed between the high and low-risk classes of the MsigDB (c2.cp.kegg.v7.4.symbols.gmt;c5.go.v7.4.symbols.gmt). The gene set permutations were tested 1,000 times to demonstrate its ability to function consistently. The phenotype label was used to forecast adverse events.



Prediction of the Possibility That SKCM Patients are Grouped as High Risk

After determining which clinical trait has significant difference, a nomogram was drawn to predict whether a patient with SKCM belongs to the high-risk group. Pathological stage and tumor-bearing state are needed to help doctors better utilize this prognostic model.



Statistical Analysis

All statistical analysis was accomplished by R version 4.0.4 (Institute for Statistics and Mathematics, Vienna, Austria; https://www.r-project.org). The correlation was determined by Spearman correlation analysis. Wilcoxon test and t-test were utilized to compare clinical variables. Survival status was assessed by the Cox regression analysis. OS, DSS and PFS were generated by the Kaplan–Meier method and evaluated by the log- rank test. Two- tailed p <0.05 was considered statistically significant. The sensitivity and specificity of the model were evaluated using ROC curves. Additionally, we verified the confidence of the model using test datasets and entire datasets. Reasonably, hazard ratios (HRs) and 95% confidence intervals (CIs) were used to describe the relative risk.




Results


Patients With High CYT Have Better Prognosis

The study design flowchart is shown in Figure 1. In total, 471 SKCM tissues and 1 para-cancer tissue were obtained from the TCGA database. After initial screening, 446 samples with full clinical information were included in our study. Detailed clinical features of the samples are shown in Table 1. According to the median value of CYT, we separated all SKCM patients into a high-CYT and a low-CYT group, in which we conducted KM survival analysis, and the results indicated that the high-CYT group had better prognosis. Univariate Cox regression analysis told us that CYT was a protective factor validated in 3 independent datasets, and consequently the conclusion came that the higher CYT, the better prognosis for SKCM patients (Figure 2A). However, meta-analysis showed that significant heterogeneity remained when CYT was used to predict the prognosis for SKCM patients (Figure 2B). Therefore, to enhance prognosis judgment for SKCM, we performed differential analysis respectively on the high-CYT and low-CYT groups, and finally 864 genes that could manifest features of CYT (CYTRG) were identified (Figure 2C), which adequately indicated the exploring value of CYT.




Figure 1 | Flow chart of this study.




Table 1 | Baseline data of SKCM patients from TCGA cohort.






Figure 2 | Survival analysis and Meta-analysis. (A) Based on values of disease specific survival (DSS), overall survival (OS) and progression-free-survival (PFS), the survival analysis was conducted and the results showed that patients with high-CYT had better prognosis. (B) The univariate Cox regression analysis of GSE65904, GSE54467 and the TCGA-SKCM datasets were used to conduct a meta-analysis, which showed that CYT can be a protective factor for SKCM patients with a high heterogeneity, so CYT cannot be used to predict prognosis for SKCM patients directly. The volcano plot displays 864 differentially expressed genes (DEGs) between the high-CYT and low-CYT groups in the TCGA-SKCM cohort (C). Nonnegative matrix factorization (NMF) clustering was conducted and two subgroups were identified the optimal value for consensus clustering (D).





Demonstrating the Value in the Identified CYT-Related Genes (CYTRG)

To verify the high value of CYT-related genes (CYTRG) for research, we applied non-negative matrix factorization (NMF) clustering method based on the 864 identified genes, and an elementary classification of patient subgroups was set through the NMF consensus clustering, eventually with two subgroups (C1 group, C2 group) sorted out (Figure 2D). As shown in Figure 3A, the DSS time of each patient in clusters 1 and 2 were visualized and the number of patients at risk was also categorized in two lines. The results showed that patients in C1 group have better prognosis than those in C2 group. Additionally, the somatic mutation count in C1 group was also higher than that in C2 group (Figure 3B). The GSVA pathways in C1 group and C2 group showed significant difference too (Figure 3C). As shown in Figure 3D, the SKCM tissues in cluster 1 showed higher stromal score, immune score, and ESTIMATE score than cluster 2. Also, as shown in Figure 3E, the Microenvironment Cell Populations-counter (MCP-counter) algorithm was applied to calculate the abundance of immune cells in SKCM tissues, namely, B cells, T cells, NK cells, Neutrophils, Myeloid dendritic cells, Monocytic lineage, Fibroblasts, Endothelial cells, Cytotoxic lymphocytes, CD8+ T cells, with statistically higher abundance of 9 kinds among them in c1 (Neutrophils excluded).




Figure 3 | Evaluation of the two newly identified subgroups in terms of their differentiation. Survival analysis (A), Mutation analysis of somatic cells (B) and GSEA pathway differential analysis (C) on two subgroups. TME analysis of two identified subgroups was conducted (D). The abundance of tumor-infiltrating immune cells was evaluated by MCP-counter and the differential analysis was then conducted (E). *P < 0.05; ***P < 0.001.





Establishment and Evaluation of CYT-Based Prognostic Model

In the training sets, univariate Cox regression was used on CYTRG to ascertain 553 prognosis-related CYTRG. Then LASSO-Cox regression analysis was conducted and 14 key CYTRG were screened out (Figures 4A, B). βi was calculated using the formula below to establish the risk score model:

	




Figure 4 | Construction of the CYT-related risk model by Lasso–Cox regression analysis. (A) Partial likelihood deviance of variables revealed by the Lasso regression model. The red dots represented the partial likelihood of deviance values, the gray lines represented the standard error (SE), the two vertical dotted lines on the left and right represented optimal values by minimum criteria and 1−SE criteria, respectively. (B) Coefficient profiles of the 553 prognosis related CYT-related genes via Lasso–Cox regression analysis. (C) The coefficient values of 14 key CYT-related genes which were used to build the risk model were listed. Then validating the model. (D) Survival analysis, (E) ROC analysis, (F) Principal component analysis, (G) t-SNE analysis of two risk groups of the 14-gene signature in training cohorts, and (H–K) in testing cohorts.



This formula was visualized in Figure 4C. We set the median score of risk scores as the critical value, and divided 446 patients into the high-risk and low-risk group.

Kaplan–Meier curve showed the DSS of the low-risk group was much better than that of the high-risk group (p <0.001) (Figure 4D). ROC had satisfactory sensitivity and specificity (Figure 4E). PCA (Figure 4F) and t-SNE (Figure 4G) indicated high discriminatory power of our model. We obtained similar results using the same methods on the testing sets (Figures 4H–K).

Univariate Cox regression analysis (Figure 5A) illustrated that indexes CYT, tumor purity, risk score, age and tumor stage were closely associated with DSS. We further performed multivariate Cox analysis (Figure 5B), and found that the 14-gene signature could be served as an independent prognostic factor for SKCM (p <0.001), which meant that this signature can be useful to well complement traditional forms of tumor staging. Then we drew a nomogram for model visualization and clinical application, namely, age, tumor stage, TMB and risk score (Figure 6A). The area under the curve (AUC) values for the 1-, 3-, and 5-year DSS were “0.794”, “0.754” and “0.737”, predicted by this model (Figure 6B). The calibration curve of this predictive model suggested that the model had excellent predictive property and could definitely benefit patients because it exhibited an applicable prediction between the ideal prediction and actual observations (Figure 6C). Finally, we used DCA curves, C-index, RMS curves to confirm that this model and the newly-composite nomogram were admissible. The DCA curves showed the comparisons between the clinical net benefit of our model and the nomogram and that of other clinical traits (Staging, TMB, age, tumor putiry, gender) for SKCM patients (Figure 6D). Larger net benefits indicated that the model had the excellent clinical effectiveness for bringing benefits for SKCM patients. The C-index of the model and the nomogram was compared with that of other clinical traits, as shown in Figure 6E, and the concrete numbers were nearby 0.7, which meant the model was of very moderate to quite important magnitude. RMS curves were recommended by Eng et al. (30) as a flexible and interpretable descriptive technique to represent prognostic biomarkers. As shown in Figure 6F, the RMS represents the life expectancy at 20 years (240 months) for SKCM patients with different risk scores. The curve of the model achieved the highest leading position (HR: 5.338; P <0.001), indicating the high precision of our 14-gene signature. On the whole, our results validated the accuracy and feasibility of the signature.




Figure 5 | Univariate Cox regression analysis (A) and multivariate Cox regression analysis (B) illustrated that the 14-gene signature could be used as an independent prognostic factor for SKCM patients.






Figure 6 | Construction and evaluation of Nomogram. A nomogram constructed by TMB and multi-Cox regression analysis on risk, TNM stage, and age to apply the 14-gene signature in clinical practice (A). ROC curves (B) and calibration curves (C) indicate that the nomogram is accurate and specific. Further validation of the prognositic value in our signature (D–F). DCA curves for the signature, the nomogram and other clinical traits in terms of their net benefits for SKCM patients (D). Time dependent C-index curves of the model, the nomogram and other clinical traits (E). RMS curves for the signature, the nomogram and other clinical traits and the model has the best potency in predicting prognosis of SKCM patients (F).





Immunotherapeutic and Chemotherapeutic Responses of High- and Low-Risk Patients With SKCM

Immunotherapy has become a pillar of cancer therapy (31). By far the most widely used immunotherapeutic agents are blocking antibodies targeted to immune inhibitory receptors such as CTLA-4, PD-1, and PD-L1 (15). Unfortunately, not all types of cancer respond to it and not all patients can benefit from it. A lot of research show that strategies that combine traditional chemotherapy and burgeoning immunotherapy synergistically improve the outcome of cancer treatment (32). Expression levels of genes identified in this signature were significantly correlated with the sensitivity of various kinds of drugs by analyzing drug responses in the CellMiner database (Supplementary Figure S1). Thus, we further estimated the clinical response to immune checkpoint blockade (targeting CTLA-4 and PD-1 in high- and low-risk patients with SKCM). Then we used R package “pRRophetic” on Genomics of Drug Sensitivity in Cancer (GDSC) (https://www.cancerrxgene.org/) to estimate the half maximum inhibitory concentration (IC50) of chemotherapy response in each SKCM patient (Figures 7A–L). Results showed that in high-risk group, more promise in response to sorafenib and imatinib were presented, while gefitinib behaved better in low-risk group. We also investigated the response to chemotherapy in high-risk and low-risk patients with SKCM, and found that 9 chemotherapeutic drugs demonstrated obvious differences in estimated IC50 between high-risk and low-risk groups. Among them, 6 categories (gemcitabine, ZM.447439, NVP.BEZ235, roscovitine, NVP.TAE684 and vinblastine) showed increased sensitivity in low-risk group and the rest 3 categories (vinorelbine, docetaxel and doxorubicin) were more susceptive in high-risk group. In addition, IPS grade analysis showed that the IPS grade among low-risk patients was higher, which meant a better immunotherapy effect (Figures 7M–P). These results can better guide drug selection of patients and bring benefit for them.




Figure 7 | Immunotherapeutic and chemotherapeutic responses high- and low-risk patients with SKCM were shown. Lower IC50 of NVP.BEZ235 (A), NVP.TAE684 (B), roscovitine (C), vinblastine (E), ZM.447439 (G), gefitinib (J), gemcitabine (K) were associated with a lower risk score. Lower IC50 of sorafenib (D), vinorelbine (F), docetaxel (H), doxorubicin (I), and imatinib (L) were associated with a higher risk score. Distribution of immunophenoscore (IPS) in high-risk versus low-risk SKCM subtypes. Violinplot representation of IPS in the high-risk versus low-risk groups in CTLA4 negative and PD1 negative group (M), CTLA4 positive and PD1 negative group (N), CTLA4 negative and PD1 positve group (O), and CTLA4 positive and PD1 positive group (P).





Verification the Expression of Genes in the Signature

In the boxplot (Figure 8A), different expression levels of CYTRG in the signature between normal samples and tumor samples are shown. The heatmap shows the same comparisons between high-risk and low-risk groups (Figure 8B). Moreover, based on the HPA database, we intended to make a further validation of CYTRGs in this signature, and stepped forward to potentially confirm the value of these CYTRGs. These 9 recognized characteristic genes (IFITM1, UBA7, SEMA4D, NMI, GBP2, ERAP2, KRT17, BCHE, and TYRP1) (Figure 8C) from our model were present in the HPA database, whose differential expression levels between normal skin samples and SKCM samples were consistent with its transcriptional levels in both cohorts, which convincingly supported our findings herein. All immunohistochemical (IHC) images were downloaded from the HPA database. Furthermore, we identified genes with a relative importance >0.4 as the final filtration to highlight the most critical genes. Figure 8D shows the relationship between the error rate and the number of classification trees, and it also shows the top five important genes (IFITM1, UBA7, CCL8, HAPLN3, and SEMA4D). The value of genes in our model was confirmed again from the perspective of gene expression. Promisingly, these results can possibly inspire the scientists to explore CYT-related genes in preventing and curing the disease. The expression levels of CYT were strongly correlated with KIR2DL4, GBP2, SEMA4D, CCL8, UBA7, NMI, HAPLN3, JSRP1, TLR2, and IFITM1 (cor >0.5), moderately correlated with the expression levels of ERAP2 (cor >0.3), and weakly correlated with the expression levels of BCHE, KRT17, and TYRP1, which further verified the rationality of differential analysis to identify CYTRG (Supplementary Figure S2).




Figure 8 | The expression of genes in the signature, the boxplot shows the comparisons between normal types and tumor types (A), the heatmap shows the comparisons between the high-risk and low-risk groups (B), and the immunohistochemical stainings shows 9 gene expression on protein level (C). Error rate for the data as a function of the classification tree, out-of-bag importance values for the predictors (D).





Calculation of Mutations of Somatic Cells in SKCM Patients

The landscape of mutations of 14 hub genes in the signature was shown in the waterfall map (Supplementary Figure S3A). The KIR2DL4 gene nourished the highest frequency of nonsynonymous mutation in SKCM patients. The bulk mutation type of 13 genes is missense mutation, only ERAP2 gene has the most frequent mutation type as nonsense mutation. The boxplot displays the TMB difference of each gene in TCGA-cohort (Supplementary Figure S3B). We used the red color to represent the mutation types, and the blue color to represent the wild types. The diagram shows that the mutation type for each gene owns higher TMB. The result of differential analysis of TMB between the high-risk and low-risk group is shown in Supplementary Figure S3C. TMB in low-risk group is significantly higher than that in the high-risk group. As shown in Supplementary Figure S3D, the survival probability in the high-TMB group is higher than the low-TMB group. On the side, analyzing the survival probability jointly with TMB index, patients in the “high-TMB and low-risk” group have best prognosis (Supplementary Figure S3E). All these results bear out that high-TMB truly could be reckoned as a protective factor in SKCM patients. We observed extensive copy number variations (CNV) on fourteen key genes consisting of the groundwork for the signature through the CNV analysis. Among these genes, HAPLN3, ERAP2, IFITM1, BCHE, and NMI showed high CNV amplification frequency. In contrast, KIR2DL4, CCL8, TLR2, JSRP1, TYRP1, GBP2, UBA7, KRT17, and SEMA4D had significantly high CNV deletion frequency (Supplementary Figure S3F). The positions of CNV of the 14 hub genes on human chromosomes are shown in Supplementary Figure S2G.



Tumor Microenvironment (TME) in SKCM Patients

We used the ESTIMATE algorithm to calculate estimate score, immune score, stromal score, and tumor purity. Compared with the low-risk group, the immune score, stromal score and estimate score (Figures 9A–C) were higher in the high-risk group (p <0.001). Tumor purity (Figure 9D) was lower in the low-risk group. Moreover, a correlation analysis suggested risk score had a significant negative relationship with immune score, stromal score and estimate score (Figures 9E–G), and it had a significant postitive relationship with tumor purity (Figure 9H).




Figure 9 | Tumor microenvironment analyses. Comparisons between high-risk group and low-risk group in terms of immune score, stromal score, ESTIMATE score (A–C) and tumor purity (D). The relationship between the risks core and immune score, stromal score, ESTIMATE score (E–G) and tumor purity (H) in tumor tissues.





Patients in the Low-Risk Group had Better Immune Function, With Higher Immune Cell Content, Expression of CYT and Immune Checkpoint Genes

To better understand the correlation between risk score and immune cell content, the Spearman correlation analysis and Wilcoxon rank-sum test were run via 7 different software programs. The results are shown in Figure 10A. The correlation coefficient varied significantly among different types of immune cells, namely, B cells, T cells, macrophages, NK cells, neutrophils, myeloid dendritic cells, etc. Moreover, bulk differential analyzes on the amount of immune cells between the high-risk and low-risk group were also conducted via 7 different software programs, and the results are concordant among different software programs and reveal that the content of many immune cells differ vastly between the high-risk and low-risk group (Figure 10B). These results manifest that this signature has close correlation with immune, which elucidates that the signature may be an important immune marker. Furthermore, the mRNA expression landscape between the high-risk and low-risk group of a large number of immune checkpoint genes was shown in Supplementary Figure S4A. The differential analysis on the expression level of PD-1, PD-L1, and CTLA-4 between the high-risk and low-risk groups was performed. To underline the most widely used immune checkpoint genes, we also performed Spearman correlation analysis on PD-1, PD-L1, CTLA-4 and calculated risk scores. The expression level of the three genes is negatively correlated with the risk scores (Supplementary Figures S4B–D). The results showed that their expression level was higher in the low-risk group than that in the high-risk group (Supplementary Figures S4E–G). In addition, expression of CYT, GZMA, and PRF1 were higher in the low-risk group than high-risk group (Supplementary Figures S5A–C). And they were negatively correlated with risk score for SKCM patients (Supplementary Figures S5D–F). In Supplementary Figures S5G–I, we could see that CYT, GZMA and PRF1 had significant correlation with many immune cells, especially with CD8+ T cells (correlation coefficient >0.5, p <0.001). Results above may imply that our signature is a good reflection of CYT.




Figure 10 | The risk score correlated with the presence of many kinds of immune cells, which was analyzed via XCELL, TIMER, QUANTISEQ, MCPCOUNTER, EPIC, CIBERSORT-ABS, CIBERSORT (A). The heatmap shows the differential analysis of different numbers of immune cells between the high-risk and low-risk group (B).





Gene Set Enrichment Analysis

To further verify the observation based on this risk score model, Gene Set Enrichment Analysis (GSEA) was utilized to seek out enriched pathways in the KEGG and GO databases. We screened out eligible gene sets from KEGG and databases, and selected the most specific pathways. As shown in Supplementary Figure S6A, some gene sets were significantly upregulated in the high-risk subgroup, such as nitrogen metabolism, olfactory transduction, oxidative phosphorylation, parkinsons disease and ribosome. Some gene sets were significantly enriched in the low-risk subgroup, such as antigen processing and presentation, cell adhesion molecules cams, chemokine signaling pathway, cytokine–cytokine receptor interaction, hematopoietic cell lineage (Supplementary Figure S6B). In GO database, some gene sets were significantly upregulated in the high-risk subgroup, such as cornification, epidermal cell differentiation, epidermis development, keratinization, keratinocyte differentiation (Supplementary Figure S6C). Some gene sets were significantly enriched in the low-risk subgroup, such as activation of immune response, adaptive immune response based on somatic recombination of immune receptors built, alpha beta t cell activation, antigen processing and presentation, antigen receptor mediated signaling pathway (Supplementary Figure S6D). The abundant results may particularly inspire us to conduct further studies on the pathogenesis of SKCM tumor progression.



Risk Probabilities of SKCM Patients Can be Predicted by This Signature Based on Clinical Traits

For the purpose of letting the signature better serve clinical needs, we conducted a series of analyzes on the relationship between the 14-gene signature and clinical characteristics. Differential analysis on the risk scores of subgroups with various T stage was performed. The diagram shows that along with the progression of the disease, the risk score accordingly elevates (Supplementary Figure S7A). Additionally, we introduced a nomogram as a measure of risk scores for SKCM patients (Supplementary Figure S7B). Cablibration curves (Supplementary Figure S7C), ROC curves (Supplementary Figure S7D) and DCA curves (Supplementary Figure S7E) were drawn to indicate the predictive accuracy of the signature.




Discussion

The incidence of skin cutaneous melanoma (SKCM) continues to rise globally (33). SKCM is the deadliest type of skin cancer because of its early spread via the lymphatic vessels into lymph nodes and distant organs (34), leading to a remarkably poor prognosis and high recurrence rate. Traditional therapies have their limitations in improving the prognosis of SKCM patients. It is gratifying that the treatment landscape has shifted dramatically over a short period of time (6). Immunotherapy is reckoned as the most promising one of emerging treatments, but not all patients can benefit from it. Due to ubiquity of the immune system, immune-related adverse effects affect patients and even may lead to potentially life-threating conditions (35). Therefore, the identification of biomarkers that can predict immune responses of patients toward the specific treatment strategy so that doctors can choose the most suitable patients who will benefit from it is a prime objective of tumor study.

We noticed that in 2015, Rooney et al. elucidated the CYT value as the potential landmark that could be used to predict prognosis in cancers and had associations with counter-regulatory immune responses, which may contribute to reveal mechanisms of tumor development (18). Thus, genes associated with the CYT level are needed in order to help us better understand immune changes in human body during immunotherapy treating. It is noteworthy that in colorectal cancer, patients with higher CYT-values showed a more sensitivity to ICIs than those with lower CYT-values (19). Based on this, we identified CYT-related genes (CYTRG), established a CYT-related prognostic model, validated novel therapeutic treating targets for immunotherapies, enriched the thoughts for the treatment on SKCM in this study. For the first time, we surprisingly built a bond between SKCM and CYT score.

The CYT was calculated as the geometric mean of the GZMA and PRF1 expression in TPM. GZMA from NK cells and cytotoxic T lymphocytes (CTLs) activates gasdermin B (GSDMB) to trigger pyrotosis in target cells, which has been thought as a factor enhancing antitumor immunity (36). PRF1 also plays an important role in keeping the ability of NK cells and CTLs to strike down target cells, protecting the organism from immunosuppression and mainting immune regulation (37). Hence, through the primary analysis, we found that CYT was a protective factor for the prognosis of SKCM patients, which was within our expectations. Then, samples from TCGA database were divided into the high- and low-CYT group based on the median value of CYT scores.

Subsequently, 864 CYTRG were screened out, which further confirmed that CYT may possess abundant value in predicting prognosis for SKCM. This assumption was proved then. Fourteen CYTRG with relevant prognostic and predictive implications were identified and were used to construct the risk score model. Among them, eleven (KIR2DL4, GBP2, SEMA4D, CCL8, UBA7, NMI, HAPLN3, JSRP1, TLR2, IFITM1, and ERAP2) were favorable prognostic factors, whereas the other three (BCHE, KRT17, and TYRP1) were hazardous. Interestingly, some of them have already been verified to play an important part in SKCM. Zhou et al. (38) demonstrated that the low expression of KIR2DL4 is significantly associated with poor prognosis in SKCM. Moreover, KIR2DL4 as a receptor on HLA-G, has been thought as one of potential targets for immunotherapy to treat cancer (39). Fillmore et al. established stable clones constitutively expressing NMI (N-Myc interactor) in both breast and melanoma cell lines and eventually proved that NMI retards tumor growth (40). Also, Compagnone et al. (41) once gave evidence that ERAP2 may promote immune responses mediated by T cells and NK cells to certain cancers, with low expression related to poor prognosis. In consequence, the established signature can provide novel biomarkers for further studies. It could offer ideas for us to assess prognosis of SKCM patients and we found that in the low-risk group, DSS for SKCM patients was indeed longer than that in the high-risk group.

Whereafter, the close relationship between the DSS and CYT and other clinical features was also determined. Moreover, we verified the independence of this 14-gene signature as a prognosis predictor. Besides, a nomogram was built to visualize our model. Nomograms are widely used for cancer prognosis (42). Through multiple analyses, the signature was believed to own a fulfilling distinctness, sensibility and authenticity.

To illustrate that the model is pragmatic in nature on guiding clinical drug use, firstly we found that the expression levels of gene in this signature were expressively correlated with the sensitivity of various kinds of drug in the CellMiner database, which integrates the NCI-60 cell line database and drugs approved by the U.S. Food and Drug Administration, thought as an efficient tool to easily identify drugs that are effective against different types of cancer (43). Next we calculated IC50 to determine chemotherapeutic responses for each SKCM patient. Sorafenib and imatinib elicited a better potency in the high-risk group, while gefitinib did considerably better in the low-risk group. Sorafenib was experimented to prolong OS in mice by inhibiting migration and invasion of melanoma cells and the authors speculated it to be of potential use for treating SKCM (44). As a monotherapy or in combination with chemotherapy, sorafenib is of limited use, hence it is vital to explore biomarkers to choose the suitable patients that are more likely to respond to sorafenib (45). Likewise, as tyrosine kinase inhibitor, imatinib can regulate tumor immunity by depleting effector regulatory T cells (46), and it is gradually studied too (47–49). Gefitinib has also been explored (50, 51). Thus, this possibly could be used as reference for patients with different estimated prognosis via our model to choose suitable drugs. Moreover, we investigated various chemotherapeutic drugs. Gemcitabine, ZM.447439 (Aurora kinase inhibitor), NVP.BEZ235 (PI3K inhibitor), Roscovitine, NVP.TAE684 and vinblastine were more sensitive to patients in the low-risk group, while vinorelbine, docetaxel, doxorubicin were more sensitive to patients in the high-risk group. Chemotherapy always has a major role to play among all traditional therapies (5), therefore the findings in our study can be applied for guiding clinical chemotherapy in patients with SKCM.

Through a series of rigorous screening, our model identified that mRNA expression levels of 14 hub genes had differences between the normal/tumor group, and between the high-/low-risk groups. Besides, nine hub genes had differences at the protein expression levels between the normal/tumor tissues. In the further analysis of the 14 hub genes, IFITM1, UBA7, CCL8, HAPLN3 and SEMA4D emerged as the most important ones for the prognosis in SKCM patients. Among all listed genes, GBP2, TYRP1 and IFITM1 are of intense interest to further discussion. Guanylate binding protein 2 (GBP2) belongs to the vast guanine-binding protein (GBP) family that is consumingly induced by interferon- γ (IFN-γ). Its role in tumorigenesis has received increasing attention in recent years. Notably, Ji et al. (52) demonstrated that GBP2 reinforces anti-tumor functions by intercepting the Wnt/β-catenin pathway in SKCM and enhances prognosis. Yu et al. (53) found that GBP2 promotes glioblastoma invasion through Stat3/fibronectin pathway. While in breast cancer, GBP2 can also be stated as a tumor suppressor gene according to experimental evidence of scientists (54, 55). Sadly, there lacks solid studies on functions of GBP2 in SKCM formation for now, which also gives preliminary inspirations. On the contrary, human tyrosinase related protein 1 (TYRP1) is a melanosome protein involved in the pigmentary machinery of melanocytes and well-studied for its emerging roles in the malignant melanocyte and melanoma progression (56). Gilot et al. (57) even explored in depth that a reduction in the TYRP1 mRNA level should restore the tumor-suppressor activity of miR-16 and highlighted miRNA displacement as a promising targeted therapeutic approach for melanoma. The family of interferon-induced transmembrane (IFITM) proteins is interferon induced antiviral proteins, localized in the plasma and endolysosomal membranes. With regard to IFITM1, also known as 9-27 or Leu13, is reported to be overexpressed in a wide range of neoplasms and thought as an independent prognostic biomarker for patients with certain tumor types (58). Its role in SKCM prgression stays relatively obscure. Yang et al. (59) used to speculate that IFITM1 functions as a tumor suppressor gene and arrived at a preliminary confirmation of its prognostic role for SKCM. These results support that our model is of great value in predicting prognosis for SKCM patients, and hub genes in the model are potentially important from both a fundamental and practical point of view.

Tumor mutation burden (TMB) refers to the number of gene mutations within tumors. Considering its close connections with immune checkpoint inhibitor (ICI) treatments and other immunotherapies, high-TMB has been focused on its useful role as a novel biomarker for planning treatments and selecting ICIs across some cancer types, melanoma included (60–62). High TMB might promote neoantigen generation and T cells can react to neoepitopes generated from mutated genes that bind to MHC molecules, causing effective antitumor immune response (63). Chalmers et al. (64) analyzed 100,000 human cancer genomes and arrived at a conclusion that a substantial part of cancer patients with high TMB may benefit from immunotherapy. High TMB is associated with better prognosis in patients receiving ICI treatment (65). Herein we analyzed the somatic mutation profiles in SKCM samples. A landscape on mutation types of fourteen key genes in our model was shown. A series of results through the mutation analysis told us that high-TMB was connected with lower risk scores in SKCM patients and patients with higher TMB had better survival. Firstly, our results convey the conclusions that high-TMB in SKCM patients may equal to longer lifespan. Secondly, this might give thoughts for guiding ICI treatment for SKCM patients.

Furthermore, we analyzed tumor microenvironment (TME) by using the ESTIMATE algorithm. TME serves as a nutrient sink on which the tumor cells feed and develop (66). Groundbreaking studies in melanoma, ovarian and colorectal cancer have shown that certain features of the TME—in particular, the degree of tumor infiltration by cytotoxic T cells—can predict a clinical outcome of a patient (67). The classical tool—ESTIMATE computational method was used to estimate the ratio of immune-stromal component in TME, viewed in the form of three sorts of scores: immune score, stromal score, and ESTIMATE score. The stromal scores ranged from −1,778.68 to 1,898.41, the immune scores ranged from −1,458.20 to 3,748.11, and the ESTIMATE scores ranged from −2,582.43 to 5,069.01. Then we found that stromal scores, immune scores and ESTIMATE scores were all lower in the high-risk group than those in the low-risk group, which meant higher TME score contributed to better prognosis for SKCM patients.

Next, we analyzed the infiltration of immune cells in patients with SKCM. Tumor-infiltrating immune cells play a significant role in regulating responses to immunotherapies. Seven common methods were used to evaluate the correlation between tumor infiltrating immune cells and risk scores, namely, XCELL (68), TIMER (69), QUANTISEQ (70), MCPCOUNTER (22), EPIC (71), CIBERSORT-ABS (72), and CIBERSORT (73). We found that significant relation existed between risk scores and different types of immune cells, such as B cells, T cells, macrophages, NK cells, neutrophils, and myeloid dendritic cells. B cells are considered to be the main effector cells of humoral immunity which inhibit neoplastic progression by secreting immunoglobulins, promoting T cell response, and killing cancer cells directly (74). B cells are also discussed as an important prognostic and predictive biomarker in SKCM (75). Selitsky et al. (76) once experimentally confirmed that B cells can modulate the anti-tumor immune response by mediating proliferation and functional polarization of T cells, and they also found that a potential law in patients receiving CTLA-4 inhibitors where a lack of B cell response is possibly a sign of poor response to ICIs. Moreover, CD8+ and CD4+ T cells have been generally recognized as important anti-tumor immune cell subgroups with their cancer-cell killing efficacy, working as a crucial autoimmune gateway against cancer intrusion of an organism. We also found that in the low-risk group, immune checkpoint genes were higher and so as to Treg cells, which in our view was according to the better immune function compared to the high-risk group. Previous studies have shown that the upregulation of PD-L1 and its connection to antigen-specific CD8+ T cells can explain the confined host immunity in cancers (known as adaptive immune resistance), yet the high expression of PD-1, PD-L1 and other immunosuppressive molecules could be attributed to not only the mutations of tumor cells, but also the induction of tumor-infiltrating cells (12, 77). In TME, higher expression of immunosuppressive molecules can represent stronger immune attack, which can benefit the patients. Low levels of immunosuppressive molecules usually mean that the tumor cells are not recognized by the immune system or the immune system is already in ruins, which to some extent explains why immune checkpoint genes universally express more in the low-risk group. Moreover, we noticed patients in the low-risk group had higher TMB value and prolonged survival than the high-risk group. This also indicated that in the low-risk group, they had better immune functions, because tumor cells should withstand the anti-tumor immunity of the body with continuous mutations and produce more immunosuppressive molecules (termed as immune escape) (78). On the contrary, low TMB may signify a rather powerful invasion of tumor cells or an extremely damaged immune system, by which tumor cells do not need mutations to tolerate tumor immunity. These speculations are consistent with the higher levels of immune infiltrating cells in the low-risk group for SKCM. In further studies, we found that CYT, GZMA and PRF1 were highly expressed in the low-risk group, significantly negatively correlated with risk scores, and expressively positively related with CD8+ T cell content. Thus we hypothesized that high CYT in SKCM could mediate tumor immunity through CD8+ T cell and lead to better outcomes. And there was a moderate positive correlation between CYT and Macrophages 1 (M1), and a moderate negative correlation between CYT and Macrophages 2 (M2). M1 is mainly involved in inflammatory responses and anti-tumor processes, while M2 shows tumor-promoting activity (79). Thus we could better assume that SKCM with higher CYT would have better clinical prognosis because of stronger mmunogenicity and a more favorable TME. Furthermore, GZMA was a potent adjuvant that induced antigen-specific cytotoxic CTLs to play a prominent part in antitumor activity in mice when co-administered with antigen (80). Inoue et al. indicated that more expression levels of PD-1 ligands, GZMA and HLA-A in melanoma tissues may be conductive to respond preferentially to nivolumab treatment by expanding oligoclonal tumor-infiltrating lymphocytes (81). PRF1 was also confirmed to have close relation with better OS by modulating tumor immunity in cancers like head and neck squamous cell carcinoma, ovarian cancer and basal-like breast tumors, and liver cancer (82–84). In summary, our findings show that the patients in the low-risk group had better survival, and provide a theoretical basis for studying pathogeniss and treatment methods of SKCM. CYT, as a protective factor in SKCM, was again confirmed.

Through the GSEA of biological pathways for different risk subgroups in different databases, we found that a diverse array of immune-related signaling pathways showed significant differences, which lies within our expectations. Interestingly, the pathways like activation of immune response, antigen processing and presentation, cell adhesion molecules (CAMs) were significantly downregulated among high-risk group. Antigen processing and presentation is a classic adaptive immune-response course in which dendritic cells (DCs) are considered to play a central role potently and professionally (85). In many tumors, an immunosuppressive microenvironment can be attributed to the dysfunction of DCs to recognize, process, and present tumor antigens to T cells (86). The loss of CAMs in the early stage of melanoma allows the tumor cells to proliferate and intrude the dermis with the reduction of anchorage on the basement membrane and between the ambient keratinocytes (87), which allows distant metastasis in the follow-up mutations. These results illustrate that CYT regulates tumor pathogenesis by modulating various immune responses. Remarkably, our GSEA also offers some new insights into tumor mechanism governing, many of them certainly seem like an untapped area to explore. Parkinsons disease was enriched in the high-risk group. Forés-Martos et al. (88) demonstrated that significant genetic correlations exist between Parkinson’s disease, prostate cancer, and melanoma.

As is mentioned above, within this study, we found that PD-1, CTLA4 and PD-L1 genes were expressed more in the low-risk group. PD-1, CTLA4, PD-L1 inhibitors currently are among the hottest ICIs, contribute much to treat cancers, including SKCM. It may roughly possess accurate predictive capacity to identify patients who could respond well to immunotherapies. The underlying mechanism for this may be ascribed to that the higher TMB in the low-risk group contributes to more neoantigens generated by tumor mutations and more T lymphocytes infiltrated by tumors, which makes the tumor more immunogenic along with a stronger anti-tumor immune response [15]. In fact, this is consistent with the result that SKCM patients with higher TMB expression have better outcomes. However, it is cautionary to note that our results suggest that immune checkpoints are generally upregulated in SKCM patients, noting that they are more prone to immune escape during immunotherapy. These conclusions offer practice guidance, and shed a new light on the immunotherapy for SKCM.

Nevertheless, there were limitations in this study. This was a retrospective study with datasets from the TCGA database, lacking specific clinical information such as treatment and recurrence records. And our conclusions need to be validated in vivo or in vitro experiments to further examine the function of CYTRGs in SKCM progression and to understand mechanisms of neoplasia better. Still, prospective clinical studies are welcome to verify phenomena reflected in this research.

In summary, our analyses of gene expression matrix and corresponding clinical characteristics identified 14 prognosis-related CYTRGs in skin cutaneous melanoma. Based on the clinical characteristics of CYT, we constructed a novel risk scoring model, which can effectively evaluate the prognosis for SKCM patients and forecast the benefit of SKCM immunotherapy. Our study illustrated that CYT may positively influence the development and outcome of tumors by modulating tumor microenvironment. Thus, poor prognosis of high-risk patients with SKCM may be attributed to the lower immune functions of immune cells. And different sensitivity to therapeutic drugs between the high- and low-risk groups could also be due to differential expressions of immune checkpoints and cytokines. Significantly, our study showed that low-risk patients with SKCM benefit more from immunotherapies and the model can be employed as a key tool to facilitate rational drug use and guide clinical treatment.



Conclusion

Our study is the first to establish a 14 CYT-related-gene prognostic model. Abundant analyzes verify that this signature can be used as a promising predictive biomarker and therapeutic target for SKCM patients.
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Supplementary Figure 1 | Using CellMiner method to conduct correlation analysis between drugs and targeted genes.

Supplementary Figure 2 | The levels of gene in the signature correlate with CYT in SKCM patients.

Supplementary Figure 3 | The landscape of mutations of somatic cells in SKCM patients. (A) Waterfall map shows the mutational conditions of 14 genes involved in building the signature. (B) Boxplot displays the TMB difference of SKCM patients in TCGA-cohort. The red represents the mutation types, and the blue represents the wild types. *P < 0.05; **P < 0.01; ***P < 0.001. (C) Differential analysis of TMB between the high-risk and low-risk group. (D) Survival analysis between the high-TMB and low-TMB group. (E) Survival anlaysis on the 14-gene signature with the combination of TMB. The copy number variation (CNV) frequency percentage of the fourteen hub genes in SKCM. The red dot represents the CNV amplification, and the green dot represents the CNV deletion (F). The location of CNV of 14 hub genes on human chromosomes (G).

Supplementary Figure 4 | Correlation analysis and differential analysis of immune checkpoint genes. The overview of differential expression of immune checkpoint genes (A). Correlation analysis and differential analysis of PDCD1 (B, E), CTLA4 (C, F), and CD274 (D, G).

Supplementary Figure 5 | Correlation analysis and differential analysis of CYT, GZMA and PRF1. Comparations between high-risk group and low-risk group in terms of CYT, GZMA, PRF1 expression (A–C). The relationship between the risks core and CYT, GZMA, PRF1 expression (D–F) and their correlation coefficients (G–I).

Supplementary Figure 6 | Gene set enrichment analysis. Representative enrichment plots generated in the KEGG database, the pathways enriched in the high-risk group (A) and low-risk group (B) are displayed. Representative enrichment plots generated in the GO database, the pathways enriched in the high-risk group (C) and low-risk group (D) are displayed.

Supplementary Figure 7 | Correlation analysis on the relationship between the 14-gene signature and clinical characteristics. Differential analysis on risk scores of subgroups with various T stage (A). The nomogram based on OS/follow-up time, tumor status/T stage to evaluate risk scores (B). Cablibration curves (C), ROC curves (D), DCA curves (E) indicate the accuracy of the signature.
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The transcription factor MYBL2 is widely expressed in proliferating cells. Aberrant expression of MYBL2 contributes to tumor malignancy and is associated with poor patient prognosis. However, the downstream transcriptional network that mediates its oncogenic properties remains elusive. In the present study, we observed that MYBL2 was overexpressed in malignant and metastatic melanoma patient samples and that the high expression level of MYBL2 was significantly associated with poor prognosis. A loss-of-function study demonstrated that MYBL2 depletion significantly decreased cell proliferation and migration and prevented cell cycle progression. We also determined that MYBL2 promoted the formation of melanoma stem-like cell populations, indicating its potential as a therapeutic target for treating resistant melanoma. Mechanistically, we constructed an MYBL2 regulatory network in melanoma by integrating RNA-seq and ChIP-seq data. EPPK1, PDE3A, and FCGR2A were identified as three core target genes of MYBL2. Importantly, multivariate Cox regression and survival curve analysis revealed that PDE3A and EPPK1 were negatively correlated with melanoma patient survival; however, FCGR2A was positively correlated with patient survival. Overall, our findings elucidate an MYBL2 regulatory network related to cell proliferation and cancer development in melanoma, suggesting that MYBL2 may be potentially targeted for melanoma diagnosis and treatment.
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Introduction

MYB proto-oncogene like 2 (MYBL2, B-MYB), a member of the MYB transcription factor (TF) family, is widely expressed in most proliferating cells and has a wide range of functions (1). It participates in cell cycle regulation, DNA replication, and maintenance of genome integrity (2–4), suggesting that MYBL2 may be a potential key biomarker. In the cell cycle, the transcription level of MYBL2 can be regulated in an E2F-dependent manner (5). The DREAM complex structure (DP, RB-like, E2F, and MuvB) inhibits cell cycle-related gene expression during the quiescent phase. As cells enter the cell cycle, the MuvB core component of the DREAM complex and FOXM1 cooperate with MYBL2 to co-regulate the expression of G2/M genes (6). MYBL2 is upregulated disproportionately in p53 gene-mutated tumors, and it can even overcome DNA damage-induced G2 arrest in p53-mutated cells (7). The downregulation of MYBL2 leads to cell cycle arrest in the G2/M phase through the p53-p21-DREAM-CDE/CHR pathway (8). MYBL2 participates in different aspects of cell apoptosis and survival by regulating downstream gene and protein interactions. Grassilli et al. demonstrated that MYBL2 regulates anti-apoptotic Bcl-2 gene upregulation in mouse IL-2-dependent T cells, thus antagonizing doxorubicin-induced apoptosis (9). Moreover, Seong et al. showed that MYBL2 directly interacts with serine–threonine kinase receptor-associated protein (STRAP), so that more tumor suppressor protein TP53 can be translocated to promote cell apoptosis (10). MYBL2 is upregulated in many cancers, such as breast cancer, hepatocellular carcinoma, lung cancer, and colorectal cancer, and upregulated expression of MYBL2 is associated with poor prognosis in patients with cancer. However, additional agents involved in the MYBL2 downstream transcriptional network mediating its cancer-promoting properties remain unclear; furthermore, it is unknown which additional cancer entities are also affected by MYBL2 deregulation (1).

Malignant melanoma (MM) is one of the most aggressive skin tumors originating from melanocytes (11). Although it accounts for only a small number of skin cancers, it is more prone to spread and metastasis; hence, it is the most lethal type of skin cancer (12). Approximately 1.7% of new global cases and 0.6% of new cancer deaths worldwide in 2020 were due to MM (13). In recent years, the discovery of MAPKs and other key signaling pathways, BRAF and other drug targets, and progress in immunotherapy have greatly improved the prognosis of melanoma patients (14). However, due to the strong heterogeneity of melanoma in terms of genetic and epigenetic characteristics, signal transduction pathway activation, and biological behavior, these treatments are still ineffective or suboptimal in a considerable proportion of patients. Cancer stem cells are another major issue for melanoma metastasis and relapse—a small subset of cancer cells can survive and colonize new environments. Therefore, it is essential to develop new and effective approaches targeting cancer stem cells to overcome metastasis and drug resistance in patients with advanced melanoma.

In the present study, we aimed to determine the oncogenic role of MYBL2 and characterize MYBL2-mediated regulatory networks/direct targets in melanoma. Our results indicated that MYBL2 was highly expressed in melanoma samples, revealing a poor prognosis in patients with melanoma. Moreover, we determined that MYBL2 promoted the growth of melanoma cells and melanoma stem-like cell proliferation in a mouse model and in melanoma cells, indicating that MYBL2 may be used as a biomarker or therapeutic target. Next, 11 core target genes of MYBL2 were identified by integrating RNA-seq and ChIP-seq data, suggesting that MYBL2 promoted melanoma growth. Importantly, we identified three key genes (FCGR2A, PDE3A, and EPPK1) that were correlated with the survival of melanoma patients. These results revealed a MYBL2 regulatory network related to cell proliferation and cancer development pathways in melanoma. MYBL2 may be a potential target for the diagnosis and treatment of melanoma.



Materials and Methods


Cell Lines and Cell Culture

Human epidermal melanocyte HEMn-LP, embryonic kidney cell line 293T, and human malignant melanoma cell lines A375 and SK-MEL-28 were purchased from the Cell Resource Center of Peking Union Medical College (IBMS, CAMS/PUMC). The human metastatic melanoma cell line A2058 was kindly provided by Dr. Fang from the Beijing Institute of Genomics. HEMn-LP cells were cultured in 254 medium (Gibco, Thermo Fisher Scientific, Inc.), containing Human Melanocyte Growth Supplement (HMGS, Gibco, Thermo Fisher Scientific, Inc.), 100 μg/ml penicillin, and 100 μg/ml streptomycin. 293T, A375, SK-MEL-28, and A2058 cell lines were cultured in Dulbecco’s modified Eagle’s medium (DMEM) supplemented with 10% fetal bovine serum (FBS) (Gibco, Thermo Fisher Scientific, Inc.), 100 μg/ml penicillin, and 100 μg/ml streptomycin. The cultures were maintained in a humidified incubator with 5% CO2 at 37°C under standard cell culture conditions and routinely passaged when 80%–90% confluent.



Data Collection and Bioinformatic Analysis

Melanoma transcriptome data were obtained from The Cancer Genome Atlas (TCGA) database (https://portal.gdc.cancer.gov). Normal skin samples were obtained from the GTEx database. mRNA expression data involving 461 tumors and 558 normal patient samples were collected. For Kaplan–Meier curves, p-values and hazard ratios (HRs) with 95% confidence intervals (CIs) were generated by log-rank tests and univariate Cox proportional hazard regression. All analytical methods indicated above and R packages were performed using R software v.4.0.3 (15). p < 0.05 was considered to be statistically significant.



Tissue Microarrays and Immunohistochemistry

Skin cancer tissue microarray (TMA) (K063Me01) was purchased from Xi’an Biotech Co., Ltd. (Xi’an, China). Protein expression was detected by immunohistochemistry (IHC) and analyzed according to standard methods and microarray instructions. IHC staining was performed with a specific antibody (MYBL2, Thermo Fisher Scientific, PA5-79713) and then TMAs were examined and independently scored by two pathologists. Tumor stages of the specimens on the TMA were categorized according to the tumor–node–metastasis (TNM) system of the American Joint Committee on Cancer (AJCC) (16). Negative control (NC) groups were examined using conventional hematoxylin and eosin (H&E) staining. H&E staining was performed according to standard methods. IHC experimental evaluation criteria: After locating the staining results on the chip point by point, the color intensity of the cells was judged as follows: no staining = negative (-), light brown = weakly positive (+), brown = positive (++), and Tan = strongly positive (+++). According to the number of positive cells, subdivision into (-) means that the number of positive cells = <10%, (+) means that the number of positive cells = 10%–25%, (++) means that the number of positive cells is between 26% and 49%, and (+++) means that the number of positive cells = >50%. Finally, a qualitative and semi-quantitative color intensity result was obtained based on a comprehensive evaluation of the two results. At least 5–10 HPFs (high-power fields) were randomly observed, and average values were calculated.



MYBL2 Silencing and Overexpression

Pairs of complementary oligonucleotides encoding shRNAs were cloned into the lentiviral mammalian expression vector pLL3.7 (Addgene, Watertown, USA) according to the manufacturer’s instructions. The target sequences of the shRNA were as follows: sh1, 5′-GCTAACAACAAAGTTCCACTT-3′, and sh2, 5′-GCTTGGTGTGACCTGAGTAAA-3′. A non-silencing shRNA sequence without the MYBL2 shRNA component was used as an NC. For infection, 5 × 105 293T cells were plated in 6-cm plates and transfected 24 h later with 1 μg of DNA from lentiviral backbone vector and packaging plasmids according to the Lipofectamine 3000 transfection kit (Invitrogen, Thermo Fisher Scientific, Inc.) protocol. The medium was replaced with DMEM 24 h post-transfection. Cells were infected for 24 h at 37°C with 2 ml of lentivirus and 8 μg/ml polybrene (Sigma-Aldrich).

Full-length cDNA encoding human MYBL2 was synthesized and inserted into the pCDH-CMV-GFP-T2A-Puro vector (Addgene) to obtain the MYBL2-overexpressing plasmid pCDH-MYBL2. The recombinant lentiviral vector pCDH-MYBL2 was then transfected into melanoma A375 and A2058 cells. The transfection reagent Lipofectamine 3000 (Invitrogen) was mixed with Opti-MEM (Gibco, Thermo Fisher Scientific). Cells were infected for 24 h at 37°C with 2 ml of lentivirus and 8 μg/ml polybrene (Sigma-Aldrich). Cells were selected 48 h later using 1 μg/ml puromycin (Sigma-Aldrich). Knockdown and overexpression efficiency were determined by qPCR of MYBL2 mRNA and Western blot assays for MYBL2 protein.



Quantitative Real-Time Polymerase Chain Reaction

Total RNA was extracted from cultured cells using TRIzol reagent (Invitrogen, Thermo Fisher Scientific, Inc.) and cDNA was reverse-transcribed using the GeneCopoeia™ First Strand cDNA Synthesis Kit (Genecopoeia, USA). RT-qPCR analysis was performed using the SYBR PCR mix kit (TransGen, Beijing, China) according to the manufacturer’s instructions. The samples were run in triplicate in three independent experiments. GAPDH RNA was used as a reference housekeeping gene. All primer sequences were designed using Primer v.5.0 software (Premier Biosoft International, Palo Alto, CA, USA) as follows:

	homo MYBL2 forward, 5′-GTCCCCTGTCACTGAGAATAG-3′;

	homo MYBL2 reverse, 5′-GCTCCAATGTGTCCTGTTTG-3′;

	homo GAPDH forward, 5′-AGCCACATCGCTCAGACAC-3′;

	homo GAPDH reverse, 5′-TTAAAAGCAGCCCTGGTGAC-3′.



Transcript levels were calculated using the comparative threshold cycle (Ct) method normalized to GAPDH abundance.



Western Blotting

Western blot analysis was performed according to standard protocols. PVDF membranes (Bio-Rad, Hercules, CA, USA) were probed with specific antibodies, and immunoreactive proteins were detected using an enhanced chemiluminescence (ECL) kit (Thermo Fisher Scientific). GAPDH served as an internal control and was imaged and analyzed using a C-Digit Blotting Scanner (Azure Biosystems, Inc.). Human anti-MYBL2 antibody was obtained from Thermo Fisher Scientific (PA5-79713).



Cell Proliferation Assay

Inhibition of cell proliferation was quantified by Cell Counting Kit-8 (CCK-8; TransGen, Beijing, China) following the manufacturer’s instructions. Ten microliters of CCK-8 kit solution was added to the medium after a total of 3 × 103 cells were seeded into each well of 96-well plates. The optical density (OD) was measured at 450 nm using a microplate reader (Thermo Fisher Scientific, Inc.). Each measurement was repeated three times.



Flow Cytometric Analysis

Flow cytometric analysis was performed to determine the effect of MYBL2 on cell cycle distribution. Briefly, 3×105 cells grown in 6-well plates were treated with shRNA for 48 h. The cells were then harvested and fixed in 75% ethanol solution. After centrifugation, cells were washed (PI) for 30 min in the dark. Cell cycle distribution was analyzed by flow cytometry (NovoCyte 2040R; ACEA Bioscience, Inc.; Agilent Technologies).



Wound Healing and Transwell Migration Assays

Cell migration ability was assessed by wound healing and transwell migration assays. In the wound healing assay, in brief, 5 × 105 cells were cultured in 6-well plates in DMEM supplemented with 10% FBS to 80%–90% confluence in 24 h. The plate was scratched using a sterile 10-μl pipette tip to generate a uniform wound in the cell monolayer. The plate was washed with PBS to remove cell debris. After continuous incubation for 24 h, wound closure was monitored using an inverted fluorescent microscope. The width of the wound gap was analyzed using ImageJ software. The wound closure area was calculated as follows: migration area (%) = (A0 − An)/A0 × 100, where A0 represents the area of the initial wound area, and An represents the remaining area of the wound at the metering point.

In the transwell migration assay, cells were collected and seeded into the upper chamber (8 µm) at a density of 1 × 105 cells/well (Corning Inc., Corning, NY, USA). The lower chamber was filled with 800 µl of DMEM supplemented with 10% FBS, and the cells were incubated for 24 h at 37°C. The lower cells were fixed with 4% (w/v) formaldehyde and stained with 0.1% (w/v) crystal violet for 30 min. The number of migrated cells was counted under a microscope.



Stemness Indices Calculation

From the TCGA database, we downloaded RNA-seq (FPKM, Fragments Per Kilobase per Million) of melanoma cases from the Genomic Data Commons (GDC). Next, we converted the PFKM data to TPM and normalized the data log2 (TPM+1) while keeping samples with clinical information recorded. We then calculated mRNA stemness indices using the OCLR algorithm constructed by Malta et al. (17). Based on the characteristics of mRNA expression, the gene expression profile contained 11,774 genes. We used the same Spearman correlation (RNA expression data) and then subtracted the minimum value and divided the difference by the linear transformation of the maximum value to map the dryness index to the range [0,1]. These analysis methods and R package were implemented by R Foundation for Statistical Computing (15) v.4.0.3.



Colony Formation Assay

For tumorsphere formation, single-cell suspensions were harvested and seeded into 6-well ultra-low adherent cell culture plates at a density of 1,000 cells/ml in serum-free DMEM/F12 medium supplemented with 1% L-glutamine, 1% penicillin/streptomycin, 2% B27 (Invitrogen), 20 ng/ml epidermal growth factor (EGF, Sigma, St. Louis, MO, USA), and 20 ng/ml basic fibroblast growth factor (bFGF, Invitrogen). Seven days after seeding, tumorspheres with diameters > 30 μm were counted using Olympus cellSens Standard software. The total numbers of tumorspheres in 6 random fields under 10× objective lens were determined for each well. The experiments were repeated at least 3 times.



In Vivo Tumorigenicity

Six- to eight-week-old male BALB/c-nu/nu mice were purchased from Biotechnology Co., Ltd. (Beijing, China). Cells (1 × 107) in 100 μl of PBS were injected subcutaneously into the right flank of the mice. Body weight was monitored twice per week. Tumor dimensions were measured using calipers, and tumor volume size was calculated using the equation (length × width2/2). At the end of the experiment, the mice were euthanized, and the tumors were weighed and processed for further analysis. All animal experiments were performed in accordance with protocols approved by the Animal Ethics and Welfare Committee (AEWC) (approval no. IRM-DWLL-2019102).



Histology and Morphometric Analysis

Tumors were collected and fixed in 10% neutral-buffered formalin. Tissues were sectioned and stained with H&E. Images were acquired using an optical microscope (BX51, Olympus, Tokyo, Japan) to evaluate pathological morphology.



Whole-Transcriptome Sequencing

Total RNA was extracted and lysed in 500 μl of TRIzol reagent (MRC, Carrollton, OH, USA) and sent to China’s Shenzhen BGI (Shenzhen, China) for further analysis. An RNA-Seq library was created using the Illumina TruSeq RNA Sample Preparation Kit v.2 using a standard protocol. Genes with a p-adjusted value (false discovery rate) < 0.05 were selected for Gene Ontology (GO) analysis and heatmap construction. Pathway analysis was performed using the Kyoto Encyclopedia of Genes and Genomes (KEGG) database.



Chromatin Immunoprecipitation Followed by Gene Sequencing assay

ChIP assays were performed using the SimpleChip Plus Sonication Chromatin IP Kit (Cell Signaling Technology, China) following the manufacturer’s instructions. Briefly, A2058 cells were cross-linked with 1% formaldehyde solution for 10 min at room temperature and lysed in ChIP lysis buffer with freshly added 1× protease inhibitor cocktail (Roche Applied Science). Cross-linked DNA was then sheared to ~200- to 700-bp fragments via sonication with the following pulse mode settings: 10 s with 50 s cooling, amplitude 30%, and 8 cycles. Chromatin was then immunoprecipitated with pMYBL2 antibody (Abcam, ab76009) and DNA was recovered after phenol/chloroform extraction and ethanol precipitation. High-throughput sequencing using an Illumina HiSeq 3000 Sequencer was performed by the Chinese Shenzhen-based BGI (Shenzhen, China).



Statistics

Statistical analyses were performed using Prism 8 software (GraphPad, La Jolla, CA, USA). For comparisons between two groups, two-tailed Student’s t-test was used. Kaplan–Meier survival analysis was performed to compare survival curves. The statistical significance of protein associations in the TMA dataset was evaluated using Pearson’s chi-squared test. Statistically significant levels were defined as ns (not significant, p > 0.05), * p < 0.05, ** p < 0.01, ***p < 0.001. All data are presented as means ± SD.




Results


MYBL2 Is Upregulated in Patients With Melanoma

To determine the role of MYBL2 in human melanoma, paraffin sections of skin cancer TMAs (K063Me01) were stained by IHC. The results showed that MYBL2 protein was highly expressed in tumor cells, and a brown granular distribution was observed in the cells and cytoplasm. In the control group, the expression level of MYBL2 was low; in the malignant melanoma group, the degree of MYBL2 IHC staining was significantly increased, and most samples exhibited moderate positivity. In the metastatic melanoma group, the degree was the deepest, and most samples showed strong positivity (Figures 1A, B). Detailed clinical and pathological information are shown in Table 1. These results coincided with publicly available datasets of melanoma patients recorded from TCGA using the GEPIA interactive web server (18), which demonstrated that MYBL2 is significantly upregulated in malignant melanoma tissues compared with normal tissues (Figure 1D). The expression of MYBL2 was also detected in human melanocytes (HEMn-LP), human malignant melanoma cell lines (A375 and SK-MEL-28), and metastatic melanoma cell lines (A2058) by Western blotting. MYBL2 was expressed in all the tested cell lines, and higher expression level was observed in melanoma cell lines (A375, SK-MEL-28, and A2058) than in melanocytes (HEMn-LP) (Figure 1C).




Figure 1 | MYBL2 is upregulated in patients with melanoma. (A) IHC was performed to detect the expression of MYBL2 in normal skin tissue, malignant melanoma, and metastatic malignant melanoma samples (×200). (B) Analysis of IHC showing MYBL2 expression. (C) Western blot analysis of MYBL2 in three distinct cell lines: normal stage (HEMn-LP), onset of malignant melanoma (A375 and SK-MEL-28), and metastatic stage (A2058). (D) MYBL2 expression in 558 normal human and 461 melanoma patients. Analysis of MYBL2 mRNA expression across various types of samples based on the melanoma dataset from The Cancer Genome Atlas Genomic Commons (TCGA-GDC) Data Portal using GEPIA interactive web server. Normal skin sample data were obtained from the GTEx database. (E) High MYBL2 expression level correlated with poor survival of melanoma patients. Kaplan–Meier curve analysis based on the TCGA Skin Cutaneous Melanoma (SKCM) dataset showing melanoma patient overall survival grouped by high MYBL2 mRNA expression level (upper quartile, n = 120) versus those with low MYBL2 expression level (lower quartile, n = 120). *p < 0.05.




Table 1 | Clinical–pathological information and TNM staging of human melanoma specimens (n = 63) used in this study.



Kaplan–Meier analysis based on TCGA data revealed that high MYBL2 expression level was positively correlated with poorer progression-free survival of melanoma patients in the cohort of cutaneous melanoma (p = 0.0141, Figure 1E). According to MYBL2 expression levels, 455 melanoma patient samples were allocated into low- and high-MYBL2-expressing groups. The Kaplan–Meier survival plot was grouped by the median MYBL2 expression level in melanoma samples. In conclusion, these results illustrated a strong association between MYBL2 expression level and reduced survival in melanoma patients, and suggested that MYBL2 may be a useful biomarker for patient diagnosis and prognosis in melanoma cases.



MYBL2 Is Essential for Melanoma Cell Proliferation and Migration

To study the effects of MYBL2 on the biological behavior of melanoma cells and its role in tumor formation and growth rate, shRNA was used for gene silencing. The effect of MYBL2 knockdown (KD) was confirmed by qPCR and Western blotting (Figures 2A–D). Silencing of MYBL2 obviously inhibited the proliferation of melanoma cells compared to the control (Figures 2E, F).




Figure 2 | MYBL2 is essential to cell survival in melanoma cells. (A–D) qPCR and Western blot analyses of MYBL2 in melanoma cell lines A375 and A2058 using pLL3.7 lentivirus-expressing control shRNA (csh) and 2 different MYBL2 shRNAs (sh1 and sh2). (E, F) Proliferation of cells with csh, sh1, and sh2 targeting MYBL2 at 0, 24, 48, and 96 h was detected. (G, H) Flow cytometric analysis was performed to assess cell cycle phase status after staining with propidium iodide (PI). (I) Images and quantitative cell migration of melanoma cells after transfection with MYBL2-shRNAs lentiviruses. These experiments were repeated at least 3 times. *p < 0.05, **p < 0.01, ***p < 0.001. nsP > 0.05, no significant difference.



The effects of MYBL2 on cell cycle progression were analyzed using flow cytometry. As shown in Figures 2G, H, the proportion of cells in the G2/M cell cycle phase was significantly increased, while the proportion of cells in the G1 phase was markedly decreased in A375 and A2058 cells. These data showed that MYBL2 KD induced G2/M phase arrest.

To detect the relationship between MYBL2 expression and the migration of melanoma cells, wound healing and transwell migration assays were performed. shMYBL2 plasmids, which were transfected into A375 and A2058 cells, inhibited the migratory ability of these cells (Supplementary Figure 1 and Figure 2I). Wound healing and migration rates of sh1 and sh2 cells were significantly lower than those in the control groups. These studies indicated that MYBL2 promoted the proliferation and migration of melanoma cells.



MYBL2 Promotes Tumor Growth In Vivo

We further explored whether MYBL2 affects melanoma growth in vivo. A2058 cells stably transfected with the MYBL2 shRNA vector were inoculated into male nude mice to observe the effects of MYBL2 KD on tumor growth and progression. As shown in Figure 3A, KD of MYBL2 in tumor cells strongly inhibited tumor cell growth compared to that in the control group. Consistently, MYBL2 KD tumors had reduced cell proliferation, and the levels of MYBL2 were significantly decreased in MYBL2 KD tumors compared with the control group (Figure 3B and Supplementary Figure 2). These findings indicated that MYBL2 can affect melanoma cell growth in vivo.




Figure 3 | MYBL2 promotes tumor growth and progression in xenograft mice. Twenty-five days after subcutaneous inoculation of melanoma cells, tumors were removed, and diameters were measured (n = 5/group) ± standard deviation (SD). (A) Subcutaneous tumors generated in BALB/c-nu/nu mice, with MYBL2 KD-transduced A2058 cells. (B) Histological analysis of 25-day-old subcutaneous tumors after H&E and IHC staining for MYBL2. Magnification × 200. ***p < 0.001.





MYBL2 Promotes the Growth of Melanoma Stem-Like Cell Populations

The colony-forming assay is related to stem cell features (19–21). To evaluate the stemness of MYBL2-expressing melanoma cells, we downloaded and converted melanoma RNA-Seq (FPKM) data to TPM and normalized the data log2 (TPM+1), while keeping samples with clinical information recorded. We then calculated the stemness indices (mRNAsi) of high MYBL2 (top 50% and 25%) and low MYBL2 (top 50% and 25%) groups using a one-class logistic regression machine-learning algorithm (OCLR) (Figure 4A).




Figure 4 | MYBL2 promotes the growth of MSLC populations. (A) The distribution of OCLR scores in different groups, where the horizontal axis represents samples of different groups, and the vertical axis represents the distribution of OCLR scores, where different colors represent different groups. The upper left corner represents the significance p-value test method. (B) Tumorsphere formation in A375 and A2058 expressing csh or MYBL2 shRNAs (sh1 and sh2). Seven days after seeding, tumorspheres with diameters > 30 μm were counted using Olympus cellSens Standard software. The total numbers of tumorspheres in 6 random fields under 10× objective lens were determined for each well. The experiments were repeated at least 3 times. ****p < 0.0001.



Next, we analyzed the effect of MYBL2 KD on colony formation in A375 and A2058 cells. As shown in Figure 4B, MYBL2 KD significantly inhibited colony-forming ability compared to the control cells. These results indicated that MYBL2 may play a major role in stem cell homeostasis in MSLCs.



MYBL2 Resulted In Distinct Genetic Profiling

The introduction of MYBL2 into A2058 cells was confirmed by qPCR and Western blotting (Figure 5A). To explore the molecular mechanism of MYBL2 expression in melanoma, whole transcriptome sequencing of MYBL2-overexpressing A2058 cells was performed. Gene expression analysis using volcano plots showed 1,874 differentially expressed genes, including 810 downregulated genes and 1,064 upregulated genes [genes with a fold change ≥ 2 and a p-value (Student’s t-test) < 0.05] (Figure 5B). Moreover, the heatmaps of two replicates of the control and MYBL2-treated samples exhibited highly consistent transcriptional changes (Figure 5C). KEGG pathway analysis was performed to detect MYBL2 gene expression in melanoma cells. The top five pathways following MYBL2 treatment included pathways in cancer, small cell lung cancer, PI3K-Akt signaling pathway, bladder cancer, and inflammatory bowel disease (IBD) (Figure 5D).




Figure 5 | Distinct genetic profiling of MYBL2. (A) Western blot of MYBL2 in A2058 cells with control or MYBL2 overexpression. (B) Volcano plot showing differential gene expression (1,874 genes, FDR-corrected p-value < 0.05) in A2058 cells after overexpression of MYBL2. With ≥2-fold change cutoff, 810 genes were relatively downregulated and 1,064 genes were upregulated. (C) Heatmap of A2058 cells with stable MYBL2 overexpression. (D) KEGG pathway enrichment analysis (representative pathways) of genes in A2058 cells with stable MYBL2 overexpression. ***p < 0.001.





Identification of MYBL2 Targets in Melanoma Cells

To detect the specific transcription factor binding sites (TFBSs) of MYBL2 in A2058 cells, we performed ChIP-Seq to examine the genome-wide distribution of MYBL2 binding sites. The genomic locations of enriched peaks, annotated to the most proximal transcription start site (TSS), exhibited a wide distribution pattern (Figure 6A). In total, 85.7% of MYBL2 binding sites were in distal intergenic regions and 1.53% sites were located near gene promoters, while 2.02% and 10.04% mapped to exons and introns, respectively. Binding regions were identified from +100 kb to −100 kb. We detected only a few peaks close to the ± 3 kb TSS, and several peaks were located in intergenic regions >3 kb from the TSS (Figure 6B).




Figure 6 | ChIP-Seq profiles of MYBL2 in melanoma cells. (A) Pie chart of the percentage of MYBL2-binding sites across different human genomic regions. (B) Distribution of MYBL2 binding sites from ±100 kb to the transcriptional start site (TSS) across the human genome (x-axis, number of peaks in the genome; y-axis, distance relative to the TSS from −100 kb to +100 kb). (C) Logos of significantly enriched motifs detected. (D) GO enrichment analysis of MYBL2-binding target genes.



Binding site enrichment is a powerful tool for identifying relationships between characterized TFs of genes determined from genome-scale profiling experiments. We used Logos to display the top-scoring predicted motifs sorted based on p-values. The enrichment results identified a series of motifs of TFs with signal transducer and activator of transcription (STAT5, STAT6, and STAT4), SRY-box TF (SOX9, SOX10, and SOX21), E74-like ETS TF (ELF3 and ELF5), Smad TFs (Smad2 and Smad3), NFAT, and ERG (Figure 6C). Most of the top enriched TFs are involved in cell proliferation and cancer development (22–26), which could lead to abnormal cell proliferation, cell cycle progression, and apoptosis inhibition in many cancers, thereby enhancing the development of tumors (22); SOX family members are widely involved in the development of human malignant tumors (23). We determined that MYBL2 participates in developmental processes, signaling, and multicellular organismal processes by enriching MYBL2 binding target genes (Figure 6D).

MYBL2 target genes revealed the role of MYBL2 in cell proliferation and development. As RNA-Seq and ChIP-Seq are complementary approaches for elucidating gene regulatory mechanisms, we employed a combination of ChIP-Seq and RNA-Seq analysis on a genome-wide level. Integrated ChIP-Seq and RNA-Seq data analysis revealed that there were 11 overlapping genes, including 5 downregulated genes (SULF2, TPTE, ZNF92, FCGR2A, and FAM20C) and six upregulated genes (TMEM242, C1QTNF3, PDE3A, NRARP, SOX8, and EPPK1) (Figures 7A, B). In univariate Cox proportional hazard regression analysis, 3 of 11 genes (FCGR2A, PDE3A, and EPPK1) were significantly related to the prognosis of patients with melanoma (Figure 7C). To further investigate the prognostic analysis of three genes (FCGR2A, PDE3A, and EPPK1) in the prognostic model, Kaplan–Meier analysis indicated that three genes were associated with patient survival rate; PDE3A and EPPK1 were negatively correlated with survival of melanoma patients; however, FCGR2A was positively correlated with melanoma patient survival (Figure 7D and Supplementary Figure 3). To determine pairwise correlations involving MYBL2 expression and three genes (FCGR2A, PDE3A, and EPPK1), we reanalyzed the transcriptome data of melanoma cases from TCGA. We determined that MYBL2 expression was positively or negatively correlated with PDE3A (Supplementary Figure 2B, R = 0.1, p = 0.03) and FCGR2A (Supplementary Figure 2C, R = −0.15, p = 1.23e-03) expression. Next, the levels of EPPK1, PDE3A, and FCGR2A were determined in A375 and A2058 cells infected with MYBL2-shRNA lentiviruses by qPCR (Figure 7E). We observed that the levels of EPPK1 and PDE3A diminished, while FCGR2A was upregulated in the MYBL2-shRNA group compared with the scrambled shRNA group. In summary, these results revealed that three key genes (FCGR2A, PDE3A, and EPPK1) may be potential prognostic factors in patients with melanoma.




Figure 7 | Combined transcriptome profiling and ChIP-Seq analysis identifies 3 highly plausible direct targets of MYBL2. (A) Venn diagram showing the overlap of genes among RNA-Seq differentially expressed genes (DEGs) and ChIP-Seq peak. (B) Heatmap of 11 significantly DEGs. The data form the transcription profiling of A2058 with overexpressed MYBL2. (C) Multivariate Cox regression analysis of 3 significant genes (EPPK1, PDE3A, and FCGR2A). (D) Survival curve of 3 significant differential genes (EPPK1, PDE3A, and FCGR2A) using Kaplan–Meier curve analysis in melanoma patients. (E) Relative expression levels of MYBL2 target genes (EPPK1, PDE3A, and FCGR2A) in A375 and A2058 cells infected with MYBL2‐shRNAs lentiviruses compared with scrambled shRNA lentiviruses. *p < 0.05, **p < 0.01, ***p < 0.001.






Discussion

Melanoma is a malignant invasive tumor, and its global incidence rate is increasing. In the past decade, great progress has been made in elucidating the mechanisms of melanoma occurrence and progression. The treatment of melanoma patients has improved—local melanoma resection and local lymph node dissection, radiotherapy, chemotherapy or natural chemical combination therapy, gene therapy, and immunotherapy can be used to inhibit the metastasis of melanoma in vitro and in vivo. However, the long-term prognosis of patients with metastatic melanoma remains unsatisfactory, and the underlying mechanism of the pathogenesis and progression of melanoma remains to be elucidated. Therefore, it is important to identify effective molecular markers to explore new therapeutic targets.

MYBL2 is an important TF that mediates the occurrence and development of many types of tumors. It promotes the malignant transformation of tumors by regulating the biological processes of tumor cell proliferation (27), apoptosis (28), migration (29), and invasion (30). It has typical oncogenic characteristics. The difference in mRNA expression levels between cancer tissues and normal tissues is helpful in determining whether gene expression is related to the occurrence of cancer. In this study, the expression and function of MYBL2 in melanoma were studied in clinical cases and in vivo and in vitro. We observed that the expression level of MYBL2 in melanoma was higher than that in normal skin tissue and was associated with the progression and poor prognosis of melanoma patients. The results of this study are consistent with those of previous reports. Overexpression of MYBL2 is observed in a variety of tumors and is related to poor prognosis. Previous studies have also indicated that MYBL2 mRNA is overexpressed in cervical cancer using gene expression profiling and TaqMan PCR (31). Ren et al. also confirmed that the expression of MYBL2 is related to the prognosis of colorectal cancer patients. Through Cox multivariate regression analysis of the prognosis of colorectal cancer patients, MYBL2 protein expression and tumor stage were seen to be independent prognostic factors (32). Guan et al. selected cases of primary hepatocellular carcinoma from the TCGA database. Bioinformatic analysis revealed that the expression levels of MYBL2 mRNA and exon were significantly higher in the death group, and overall patient survival was poorer in the high-expression group of MYBL2 mRNA and exon. Univariate and multivariate regression analyses confirmed that high expression level of MYBL2 mRNA was an independent prognostic factor in patients with hepatocellular carcinoma (33).

Further study surrounding the mechanisms involving MYBL2 in melanoma by cytological functional testing is helpful to explain the expression of MYBL2 in tissues. In a subsequent in vitro mechanism study, we determined that shRNA lentivirus-mediated MYBL2 reduction could inhibit the proliferation, metastasis, and cycle arrest of melanoma cells. MYBL2 can promote cancer progression by promoting tumor cell proliferation and inducing treatment resistance and metastatic diffusion. Ren used siRNA to interfere with the expression of MYBL2 in colon cancer, and the proliferation of tumor cells was decreased (32). Jin et al. also showed that overexpression of MYBL2 can promote the proliferation of non-small cell lung carcinoma (NSCLC) cells, and that the ERK and Akt signaling pathways are involved in the regulation of MYBL2 in NSCLC (34). Other studies have also supported the relationship between MYBL2 and cell proliferation. Cell proliferation is related to the cell cycle; DNA-damaged cells do not progress through the G2/M phase, which leads to an increase in the number of cells arrested in the G2/M phase (35). In our study, we determined that MYBL2 KD decreased the proportion of cells in the G1 phase and induced G2 phase arrest in human melanoma A375 and A2058 cell lines. These results are consistent with those of previous studies (36–38); however, the underlying mechanisms need to be further explored.

The results of the present study showed that MYBL2 promoted cell proliferation. However, we need to further explore how MYBL2 affects the proliferation of melanoma cells. The integration of ChIP-Seq and RNA-Seq results showed that five genes were downregulated and six genes were upregulated. Moreover, the results of GO analysis showed that MYBL2 influenced a variety of biological processes, particularly cell proliferation and cancer development. When combined with the results of univariate Cox proportional hazard regression analysis, 3 of 11 genes (FCGR2A, PDE3A, and EPPK1) were related to the prognosis of patients with melanoma. PDE3A plays an important role in oocyte maturation and vascular smooth muscle cell proliferation (39). Moreover, high PDE3A expression level is associated with many types of tumors (40). EPPK1 is part of the epidermal growth factor (EGF) signaling pathway and promotes cell growth in cervical cancer via the p38 signaling pathway (41). At present, there are few studies regarding the FCGR2A gene, and its function in cancer is still uncertain. Therefore, our results indicate that FCGR2A, PDE3A, and EPPK1 are the main target genes for MYBL2 and may function as novel cancer biomarkers.

In conclusion, by analyzing the expression and prognostic value of MYBL2 in melanoma through multi-platform data integration, we determined that melanoma has the characteristics of typical MYBL2-dependent tumors. Patients with high MYBL2 expression level suffer a higher risk of recurrence, metastasis, and poorer prognosis. These results suggested that MYBL2 plays important roles in the malignant transformation in melanoma. Moreover, MYBL2 and its downstream transcriptional network can provide effective targets for tumor therapy, and it may be used as a biomarker for the diagnosis and prognosis of melanoma. These findings will provide a reference for the clinical management of melanoma and may lead to further research on the molecular mechanism of melanoma and drug development.
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To improve understanding of the genetic signature of early-stage melanomas in Veterans, hotspot mutation profiling using next-generation sequencing (NGS) was performed on melanoma tissue samples from patients at the Iowa City Veterans Affairs Medical Center (VAMC). Genetic analysis identified BRAF (36.3%), TP53 (25.9%), NRAS (19.3%), CDKN2A (11.1%), KIT (8.1%), and BAP1 (7.4%) mutations with the highest prevalence. Although common variants in BRAF were detected at lower rates than what is reported for the general population, 55.6% of cases showed activating mutations in the RAS/RAF pathways. Variants in TP53 and KIT were detected at higher rates than in the general population. Veterans with prior history of melanoma were at significantly higher odds of having TP53 mutation (OR = 2.67, p = 0.04). This suggests that TP53 may be a marker for recurrent melanoma and possibly alternative exposures in the military population. This study provides new information regarding the genetics of melanoma in a Veteran population and early-stage melanomas, highlighting risk factors unique to this population and contributing to the conversation about preventing melanoma deaths in US Military personnel.
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Introduction

Melanoma incidence has increased significantly over the past three decades. It is currently the fifth most common cause of cancer in men and women in the United States, and in 2021, it accounted for an estimated 4,600 deaths in men and 2,580 in women (1, 2). These findings are especially concerning for the military population as studies have shown that military personnel are at increased risk for melanoma compared to the general population (3–5). With a higher proportion of Caucasian males, military personnel are often at increased sun exposure from operating at more equatorial latitudes compared to the general public, and lack of effective sun protection behaviors (5–9). Additionally, other non-ultraviolet (UV) exposures have been identified to contribute to melanoma risk, including industrial chemicals, polyvinyl chloride, ionizing radiation, and high altitude, especially dependent on the specific duties and occupational environment (10). For instance, while radiation and high altitudes have been studied to increase melanoma risk in airline pilots, air force pilots may be assumed to incur similar exposures.

The genetics and pathophysiology of melanoma have not been well-studied in the Veteran population. Establishing relationships between melanoma genetic mutations and military service and exposures is significant because it may create opportunities to improve prevention and screening as well as optimize treatment for Veterans.

In general, the relationship between UV exposure and the somatic genetic mutations in melanoma has yet to be completely elucidated, and the majority of research on melanoma has thus far been on advanced-stage tumors. Several pathways have been described, including germline mutations in CDKN2A, somatic mutations in BRAF, and KIT tyrosine kinase mutations. BRAF, a serine/threonine kinase in the MAPK signaling pathway, was first reported in 46-66% of melanomas (11, 12). BRAF mutations are believed to arise from UV damage, though they appear to be more common in skin intermittently exposed to the sun rather than chronically exposed and may also be more common in melanomas in younger patients, lending credence to the Intermittent Exposure Hypothesis (13–17). One thought is that intense intermittent sun exposure causes genetic damage while also triggering immunosuppression, while chronic exposure allows for photo-adaption (18). In contrast, melanomas from chronically sun-damaged skin or from sites not routinely exposed such as acral or mucosal sites do not typically carry BRAF mutations and would be more associated with NRAS and KIT mutations respectively (13, 19). Notably, NRAS mutations are associated with nodular subtypes of melanoma and with poorer outcomes (20). Given the equatorial locations of military deployment as well as the nature of military work, military personnel may be more likely to experience chronic occupational sun exposure. Intermittent sun exposure is more sporadic in nature and would be more characteristic of an office employee who only receives intense sun exposure on vacations, for example. Accordingly, melanomas in the military population would be less likely to originate from the BRAF pathway when compared to the general population, which was our hypothesis, though this has not been established prior to this study.

While in principal, understanding these distinct genetic pathways is critical in personalizing the different treatment options, such as vemurafenib for BRAF, imatinib for KIT, or binimetinib for BRAF and NRAS, this theory has not yet materialized in standard clinical practice aside from using BRAF and MEK inhibitor for BRAF mutation (21). Additionally, earlier stage tumors may provide clearer understanding of the initial drivers of malignant transformation. The purpose of this study is to characterize the genetic signature of early-stage melanomas from Veterans who were successfully screened and timely diagnosed, which may therefore shed light on pathogenesis of melanomas in this population and in turn influence clinical approach to prevention, screening, diagnosis, and treatment.



Materials and Methods


Study Population

Tissue samples of confirmed melanoma cases in a 7-year period, between January 1, 2010 to January 1, 2017 were obtained from the Iowa City VAMC. Inclusion criteria included age at least 18 years old, stage at diagnosis 0 to 2. Exclusion criteria included concurrent internal malignant disease, incomplete medical records, and unavailable or inadequate tissue sample. Demographic and clinical data such as gender, race, age, military branch, previous history of melanoma or non-melanoma skin cancer, family history of skin cancer, diagnosis date, tumor stage, primary tumor location, tumor subtype, histopathology, and treatment were obtained by chart review. All human studies were approved by the authors’ Institutional Review Board.



Next-Generation Sequencing

Mutational analysis was performed using a custom AmpliSeq™ (Ion Torrent, Thermo Fisher Scientific, Waltham, MA) hotspot or targeted next-generation sequencing (NGS) panel of 25 genes having been reported mutated in melanoma including BRAF, NRAS and TP53. DNA was extracted from unstained sections from formalin-fixed paraffin embedded tissue blocks containing melanoma tumor cells, and 20ng of DNA was used for NGS library preparation. The libraries were bar-coded, clonally amplified, and sequenced on an Ion S5XL. The data were analyzed using the Torrent Suite Software followed by a laboratory-developed pipeline. The assay has an analytic sensitivity of 2.5% for single nucleotide variants (SNV) and small insertions and deletions. Adequate coverage was considered to be at least 250X, indeterminate coverage was considered to be 100-250X, and inadequate coverage was considered to be below 100X.



Statistical Analysis

Firth-penalized logistic regression models were used to assess the association between patient and clinicopathologic characteristics on presence of BRAF, NRAS, and TP53 mutations. Estimated effects of predictors are reported as odds ratios (OR) along with 95% confidence intervals. All statistical testing was two-sided and assessed for significance at the 5% level using SAS v9.4 (SAS Institute, Cary, NC).




Results

Of 185 Veterans diagnosed with melanoma from January 1, 2010 to January 1, 2017 at the VAMC, there were 135 Veterans who met our cohort criteria. The demographics of this cohort is outlined in Table 1 and shows a gender distribution of 96.3% male and 3.7% female. All 125 Veterans with reported race identified as Caucasian (100%) with 10 patients listed as having unknown race. Unknown values may be due to Veteran declining to answer or not being assessed for it. Mean age is 68.5 years. Military branch distribution was skewed towards the Army at 63.0% with 14.1% in the Navy, 11.9% in the Marines, and 11.1% in the Air Force.


Table 1 | Demographics of cohort.



Histopathologic features could be found in pathology reports of 110 Veterans of the 135 total Veterans included in this study. Twenty-five Veterans had pathology reports that did not include these features. Of the 110 samples, ulceration was noted for 7 (6.4%), mitoses were noted for 25 (22.7%), perineural invasion was noted for 2 (1.8%), regression was noted for 16 (14.5%), and desmoplasia was noted for 4 (3.6%). Tumor-infiltrating lymphocytes and microsatellitosis were assessed but not found in any of the 110 samples. For samples that were noted to have mitoses, the most common number of mitoses per mm2 noted was 1 (N=13), the greatest number of mitoses per mm2 noted in a single sample was 8, and the average number of mitoses per mm2 for the 25 samples that had them was 2.3. These results are summarized in Table 2. Immunohistochemistry was only performed on a small subset of these samples and as a result not evaluated. Univariate analysis of histopathologic features with regards to melanoma mutations did not show any with statistical significance.


Table 2 | Histopathologic features in melanomas of 110 patients.



We analyzed each of the 135 cases of melanoma with next-generation sequencing targeting 25 hotspot mutations to profile the underlying genetic mutations in our cohort. Results of next generation sequencing is summarized in Table 3 and shows 49 (36.3%) all-type BRAF mutations, 35 (25.9%) TP53 mutations, 26 (19.3%) NRAS mutations, 15 (11.1%) CDKN2A mutations, 11 (8.1%) KIT mutations, and 10 (7.4%) BAP1 mutations with the highest prevalence. Of the 49 BRAF mutations, 46.9% (23) were V600E mutations and 44.9% (22) were V600K. The remaining 8.2% (4) of BRAF mutations were V600N, S594N, N581I, and S607F. Of the 26 NRAS mutations, 38.5% (10) were Q61R mutations, 19.2% (5) were Q61K mutations, 19.2% (5) were Q61L mutations, 7.7% (2) were Q61H mutations, 3.8% (1) was a Q61P mutation, 11.5% (3) were G13R mutations, and 7.7% (2) were G12D mutations. Collectively, 84.6% (22) of NRAS mutations were in codon 61. Activating mutations in the RAS/RAF pathways, including BRAF V600E and V600K, HRAS, NRAS, and RAF1 mutations, collectively comprised 75 (55.6%) of the cohort. Twenty-three patients (17.0%) had tumor biopsies that were negative for any of the gene mutations targeted, and 54 (40.0%) had biopsies positive for more than one mutation.


Table 3 | Mutations found in melanomas of 135 patients by next-generation sequencing.



To understand the possible associations of demographic and clinical characteristics with the three most common mutations, we performed univariate analysis of the clinicopathologic data for BRAF, NRAS, and TP53 mutations. Results for BRAF mutations are detailed in Table 4. Veterans who had melanoma primary tumor in the head/neck (OR = 0.30, 95% CI 0.12, 0.74) and the extremities (OR = 0.21, 95% CI 0.09, 0.52) were at decreased odds for BRAF mutation than those in the trunk (p <0.01) as is seen in other studies (16, 17). Increasing age was associated with decreased odds for having BRAF mutation (OR = 0.97, 95% CI 0.94–0.99, p = 0.01).


Table 4 | Univariate analysis between demographic and clinical factors and BRAF mutations.



Univariate analysis of clinicopathologic data with NRAS mutations are summarized in Table 5. Veterans who had melanoma primary tumor in the extremities were at increased odds of NRAS mutation than those in the trunk (OR = 2.03, 95% CI 0.79–5.20) while those with head/neck melanoma were at decreased odds (OR = 0.28, 95% CI 0.06–1.25) compared to those with trunk melanoma (p = 0.02) as seen in other studies (22–24). Compared to superficial spreading subtypes of melanoma, lesions that were lentigo maligna melanoma (OR = 0.16, 95% CI 0.04–0.67) were at decreased odds of having an NRAS mutation (p = 0.02). In addition, personal history of non-cutaneous cancer increased odds of NRAS (OR = 3.05, 95% CI 1.22–7.59, p = 0.02). Moreover, Figure 1 shows which Veterans had melanomas with isolated or concurrent BRAF, NRAS, and TP53 mutations. While some melanomas had either BRAF or NRAS with TP53 mutations, BRAF and NRAS mutations were mutually exclusive.


Table 5 | Univariate analysis between demographic and clinical factors and NRAS mutations.






Figure 1 | Overlap of BRAF, TP53, and NRAS Mutations. Number of Veterans with melanoma harboring BRAF, TP53, and NRAS mutations out of our cohort of 135 Veterans are shown. A subset of melanomas has both BRAF and TP53 mutations and another subset has both NRAS and TP53 mutations. However, BRAF and NRAS mutations are mutually exclusive.



Results of univariate analysis of TP53 mutations are summarized in Table 6. We observed that Veterans with prior history of melanoma were at increased odds of having a TP53 mutation (OR = 2.67, 95% CI 1.05–6.80 p = 0.04). Unlike what we observed in our data for BRAF and NRAS, we did not find any association of TP53 mutations with any anatomic location of melanoma or melanoma subtype. Unexpectedly, our results appear to indicate that neither smoking status nor military branch were associated with BRAF, NRAS, or TP53 mutations.


Table 6 | Univariate analysis between demographic and clinical factors and TP53 mutations.





Discussion

The pathogenesis of melanoma development, including relationships to genetic mutations, continues to be elucidated. However, there is currently a dearth of research on melanoma in military personnel. In this study, we have been able to profile tumor hotspot mutations in early-stage melanomas in a veteran population.

Evaluation of the 110 samples with reported histopathologic features in patient medical records show that relatively few of the samples had these notable features. These features, including ulceration, mitoses, and perineural invasion, generally suggest more invasive tumors and have been correlated with poorer prognosis. It is unclear why twenty-five samples did not include evaluation of these features, which may limit interpretation. However, the data is consistent with having lower-staged melanomas, which were purposefully selected for this study with intention of identifying earlier features and mutations in pathogenesis. Univariate analysis was performed on histopathologic features and odds of melanoma mutations, but statistical significance was not found. Given the low feature count, we believe that this analysis lacked statistical power to identify significance if any were present.

Of 135 Veterans whose melanoma was analyzed by next-generation sequencing, 49 (36.3%) had BRAF mutations, 26 (19.3%) had NRAS mutations, and 35 (25.9%) had TP53 mutations, which were the three most common mutations. BRAF was initially found to be in 44-66% of melanomas in the general population, and that has since been corroborated with other reports in that range (11, 12). Our cohort had a lower prevalence of BRAF compared to what has been reported in the general population, which supports the idea that Veterans incur chronic sun exposure rather than intermittent sun exposure, though our population was also older. This is in line with the equatorial locations that many Veterans are frequently stationed at globally and domestically as well as previous work that has reported sun protection education and practice gaps in the military (5–9). Moreover, nearly half (44.9%) of the BRAF mutations were V600K mutations, which is greater than the 10–30% that has been reported in other studies (25, 26). BRAF V600K mutations have been more associated with chronic sun exposure compared to V600E mutations as well as older age and higher risk of metastasis, which suggests a different pathology than the more common V600E mutation (27, 28). In our cohort, BRAF was associated with younger age and tumor location in the trunk in this cohort, which are similar findings to what have been reported in the general population (16, 17, 29, 30). While the mean age of diagnosis of melanoma in the general population is 63, the mean age of our cohort approaches 69 years old, which corroborates the lower BRAF prevalence and greater percentage of V600K mutations (31).

NRAS mutation prevalence in this cohort was found to be within a comparable range of what has been reported for the general population (19% vs. 20%) (22). This is surprising considering that NRAS is associated with chronic sun damage and would therefore be expected to be at higher prevalence in this population given chronic occupational sun exposure, though that is not the case here. One possibility is that the pathogenesis involving greater cumulative sun exposure in this veteran population favors BRAF V600K over NRAS mutations. As shown in other studies, NRAS and BRAF mutations were mutually exclusive, showing distinct pathogenesis (11, 30, 32). Our study showed NRAS to be more common on the extremities, which again supports the connection with chronically sun-damaged skin. Nodular melanoma subtype and extremity anatomic location were also found to be at higher odds for NRAS, which agrees with what has been reported in the general population (22–24). Moreover, the breakdown of mutations in NRAS, with general predominance of codon 61 mutations, and more specifically Q61R, has been noted in other studies (33, 34). This may suggest that Veterans undergo similar pathogenesis as the general population in NRAS mutations, though exact statistical comparison is challenging given the low number of mutations observed. These findings raise the question of how much the genetic profile described in this veteran population results from chronic sun exposure as opposed to other risk factors that have so far not been well-examined, including chemical exposures and ionizing radiation.

TP53 mutation prevalence in this cohort was also higher than what has been reported for the general population (26% vs. 15-20%) (35, 36). Interestingly, having a previous history of melanoma before the current diagnosis for this study was associated with increased odds of having TP53 mutations. This suggests that TP53 mutations may be associated with increased risk for recurrence of melanoma. In one study, wild-type p53 enzyme was correlated with a longer relapse-free period in melanoma patients (37). That would suggest that p53 plays an important suppressive role in preventing melanoma tumorigenesis, and that TP53 mutations may disinhibit melanoma development, leading to recurrence of melanoma. Understanding TP53 subtypes could therefore be key to stratifying risk in the general population or even specifically within the military, which is especially critical given its higher prevalence in this population.

It is worth noting that KIT mutations, which are generally uncommon and have a reported 1-5% prevalence, was found to be 8% in our cohort (38, 39). KIT mutations are typically found in melanomas on mucosal and acral areas, which points toward non-UV exposures. Higher KIT mutations in Veterans therefore further suggests greater significance of other non-UV related risk factors in the military population. These may also explain melanomas in more varied Fitzpatrick skin types, though our study was limited by access to only types I-III. Unfortunately, the sample size of KIT mutations was not large enough to draw statistically meaningful relationships to demographic and clinical data.

These findings help shed light on melanoma in the Veteran population. Few studies have been conducted on trying to understand the pathogenesis of melanoma in military populations, and none have investigated the genetic profile of their melanomas. Additionally, because the study was conducted on earlier staged disease, it is more likely to show the initial drivers of carcinogenesis rather than cumulative mutations over time. This will help better elucidate the pathways that lead to melanoma development in this population. In combination with demographic information and clinic history, associations to exposures and risks can made. For instance, stronger relationships to cumulative sun exposure as well as non-UV exposures have been hinted by the lower prevalence of BRAF and increased KIT compared to what studies have found in the general population.

However, more work needs to be done to fully understand the exact exposures and mechanism of pathogenesis. This study primarily covered hotspots known to be commonly found in tumors, but other mutations may be missed. Additionally, the cohort consisted of only patients seen at the Iowa City VAMC and with a skew towards Army branch, which may not be completely representative of the military or Veteran population as a whole. Validation at other sites may be important in this regard. Lastly, this study did not have a matched control for direct comparison. While many studies have outlined the general rates and prevalence of mutations in melanoma in the general population, having a matched control would improve validity and increase the sensitivity of detecting significant deviations from a controlled sample.

In conclusion, we were able to profile 25 hotspot gene mutations in early-stage melanoma in Veterans, which showed lower prevalence of BRAF, higher KIT and TP53, and comparable NRAS mutations compared to what has been reported for the general population. In doing so, we were able to shed light on the unique genetic signatures that may be seen in this population. The lower prevalence of BRAF mutations and higher percentage being BRAF V600K points toward cumulative sun damage as a larger risk factor for Veterans, which in combination with previous studies showing poor sun protection education and practices in the military, strongly advocates for improvement in this regard. The higher KIT prevalence suggests increased non-UV risk factors, which will need to be further explored to identify and understand these exposures in order to improve prevention practices. TP53 mutations was more likely in individuals with previous history of melanoma, which identifies a subpopulation of Veterans who may need closer evaluation of melanoma recurrence. While this study provides new information regarding both genetics of melanoma in a Veteran population and early-stage tumors, more work will need to be done in order to better understand the exact role that these mutations play in pathogenesis. Future studies may include comparative studies with matched controls, validation at other VA medical centers, larger studies to increase statistical power, and expansion of the gene mutation panel to identify other drivers of malignancy. A follow-up study for this cohort may also be considered, though it is unclear how many of these Veterans will continue to receive routine care at the Iowa City VAMC. Ultimately, these findings should influence how we educate, screen, and treat melanoma in Veterans and active military personnel, and pave the way for continued research in this higher risk population.
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Background

Skin cutaneous melanoma (SKCM) is the deadliest skin cancer and has the most rapidly increasing incidences among all cancer types. Previous research elucidated that melanoma can only be successfully treated with surgical abscission in the early stage. Therefore, reliable and specific biomarkers are crucial to melanoma diagnosis since it often looks like nevi in the clinical manifestations. Moreover, identifying key genes contributing to melanoma progression is also highly regarded as a potential strategy for melanoma therapy. In this respect, translation initiator eIF6 has been proved as a pro-tumor factor in several cancers. However, the role of eIF6 in the skin cutaneous melanoma progression and its potential as a prognostic marker is still unexplored.



Methods

The immunochemical analysis of clinical specimens were served to assess eIF6 expression levels. Gene Expression Profiling Interactive Analysis (GEPIA) database consultations allowed us to find the survival rates of the eIF6-overexpressed patients. eIF6 cellular effects were evaluated in an eIF6-overexpressed A375 cell line constructed with a lentivirus. The analysis of down-stream effectors or pathways was conducted using C-Bioportal and STRING databases.



Results

Our results revealed that eIF6 was highly over-expressed in melanomas compared to normal skin specimens, and thus the abnormally high level of eIF6 can be a diagnostic marker for melanoma. The in silica analysis indicated that patients with eIF6 over-expression had lower survival rates than that low-expression in SKCM. Meanwhile, similar results also could be found in the other four types of cancers. In vitro, over-expression of eIF6 increased the proliferation and migration of melanoma cells. Correspondingly, pan-cancer clustering analysis indicated the expression level of intermediate filament proteins was correlated with that of eIF6 expression. In our study, all over-expressed keratin proteins, in accordance with over-expressed eIF6, had a negative correlation with melanoma prognosis. Moreover, the decreased methylation level of keratin genes suggested a new potential regulation mode of eIF6.



Conclusions

The up-regulated eIF6 could be a potential diagnostic and prognostic biomarker of melanoma. This study also provides insights into the potential role of eIF6 in pan-cancer epigenetic regulation.
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Introduction

Melanoma, also called malignant melanoma, is a type of skin cancer that arises from pigment-producing cells called melanocytes. It accounts for 10% of newly diagnosed cases of overall skin cancers and further increases in its prevalence and mortality worldwide. To date, the skin melanoma incidence rate has increased five-fold since the mid-1980s (1, 2). Nowadays, melanoma has become the most lethal type of skin cancer, with a mortality rate second behind lung cancer (3). The ideal treatment of melanoma is through surgical resection at the early stage. Otherwise, the survival rate of patients may be decreased significantly when the metastatic dissemination is occurred (4). Therefore, a precise early diagnosis is pivotal to the good prognosis of melanoma. Especially, the clinical manifestations of melanoma are not obvious in the early stage, mostly present as nevi-like skin lesions, which may or may not be associated with ulceration or bleeding. Thus, the clinical diagnoses are frequently unreliable (5, 6). In recent years, newly produced monoclonal antibodies specifically target tumor-associated antigens enable researchers to detect the onset and recurrence of malignant melanomas and make a specific histopathological diagnosis. Actually, monoclonal antibodies (McAbs) are developed for the histopathological diagnosis and classification of the cancers, such as the HMSA1 and HMSA2 McAbs that targeted melanosome-associated antigens. Nevertheless, the specificity of these McAbs were far from satisfaction. Some more specific McAbs, including NK1C3, S-100 and HMB-45, have been developed recently (7–9) to address this shortcoming. However, melanoma shows significant heterogeneity. In clinical cancer diagnosis, the cases with Melan-A negative or even with S100 negative have been often reported (10, 11). Therefore, the researchers hope to seek more specific diagnostic biomarkers to avoid misdiagnosis cases. Meanwhile, drug and immune therapy are the main choices for metastatic melanoma patients. Target therapy with BRAF/MEK inhibitors in metastatic melanoma has shown a high response rate. However, the cases that have resistance to this treatment still frequently occur due to the unsatisfactory selectivity of chemotherapeutic agents. Hence, there is an urgency to seek more promising diagnostic and prognostic biomarkers for melanoma therapy.

Previous reports showed that the continuous proliferating melanoma cells demand a high level of protein synthesis, and the dysregulation of mRNA translation is generally regarded as a typical tumorigenesis feature of melanoma (12, 13). In this process, protein synthesis includes four steps: initiation, elongation, termination, and ribosome recycling. The initiation is the most important step of protein translation because it is both highly regulated and rate-limited. In this respect, a set of proteins named eukaryotic Initiation Factors (eIFs) control the onset of translation in eukaryotic cells (14). Dozens of researches have identified the cancerous function in different eIFs. For example, recent studies have proved that eIF4B contributes to the cellular adaptation of asparagine in BRAF-mutated A375 melanoma. Meanwhile, in prostate cancer cells, eIF5B can activate the PD-1 checkpoint of the T cells by interacting with Wig1, causing T cell exhaustion and promoting tumor development and metastasis (15, 16). Among eIFs, eIF6 has attracted enormous interest because it not only regulates the ribosomal 60S subunit genesis inside the nucleus but also mediates ribosomal assembly in the cytoplasm (17). In 2008, Biffo et al. have firstly proved eIF6 as a rate-limiting factor in cell-cycle and tumorigenesis. Nowadays, the tumor-promoting pathways associated with eIF6 have been found in various types of cancer cells (18). For instance, in the myc-induced lymphomas mice model, eIF6 impairment can significantly reduce the tumor growth and prolong the tumor-free survival time through an mTORC-independent mechanism (19). In contrast, previous research found over-expression of eIF6 in ovarian cells and melanoma cell lines can effectively increase cell mobility and proliferation via CDC42 up-regulation (20). Furthermore, the increased eIF6 level has been reported to play a major role in association with poor prognostication of colorectal cancer, non-small cell lung carcinoma and malignant pleural mesothelioma (21–24). Thus, eIF6 is a promising diagnostic and prognostic candidate in melanoma.

In this work, we investigated the eIF6 expression features and its role in melanoma progression using clinical specimens and the TCGA database. We examined the prognostic value of eIF6 according to its expression and analyzed the patients’ survival data to infer its potential melanoma-promoting mechanisms. Our results revealed that the high eIF6 expression accompanied more dynamic cell skeleton gene expression and led to accelerated cellular proliferation. These findings elucidated the underlying regulation mechanisms of eIF6 in melanoma, and our pan-cancer analysis also provided clues of an epigenetic function of eIF6 in other types of cancers.



Methods


Gene Expression Profiling Interactive Analysis (GEPIA)

The analysis of patients’ survival rates was conducted using GEPIA, a web tool based on TCGA and GTEx databases. Based on the RNA-sequencing results, GEPIA supplies the expression levels of specific genes in various cancer types compared to those of adjacent normal tissues. GEPIA divides the cancer clinical data into two groups and compares the prognosis based upon the expression levels of the gene of interest. GEPIA is available at http://gepia.cancer-pku.cn/ (25).



c-BioPortal Analysis

The c-Bio Cancer Genomics Portal (http://cbioportal.org) is an open-source online platform supplying a multidimensional view of cancer genomics data. By now, it holds the data from 225 cancer studies. We classified the SKCM samples into an eIF6 overexpressing (i.e., an “altered”) group and an “unaltered” group. We compared the two groups’ RNA-sequencing data to assess the differences in expressed genes and DNA methylation data. We analyzed the altered group samples in the “TCGA Firehouse Legacy” dataset, which holds data from 479 skin melanoma samples. The search parameters of the altered group were “mRNA expression Z-scores relative to diploid samples”. The Z-score threshold was 2, which descripted the variation level of a certain number in samples identification. Since these samples accounted for 14% in all the SKCM patients, the 14% top of eIF6 expressed samples were defined as the “altered” group in SKCM patients (26).



Database for Annotation, Visualization, and Integration Discovery (DAVID) Analysis

We used DAVID to make the annotation and KEGG analysis. Resources in DAVID aim to interpret gene function from an extensive list. DAVID is also capable for KEGG pathway enrichment analysis. We got the list of differentially expressed genes (DEGs) from the c-BioPortal and gave functional annotations using DAVID. The DAVID is available at http://david.niaid.nih.gov (27).



Protein-Protein Interaction Analysis

The Search Tool for Recurring Instances of Neighboring Genes (STRING) database can visualize protein-protein interactions by presenting genes as colored nodes and linking the interacting genes with lines. In the interaction map of STRING, the genes which function or bind closely occupy neighboring places and have thick lines linking each other. STRING is also capable for gene annotation enrichment analysis, classifying the genes by the Gene Ontology terms. The STRING database is available at https://string-db.org/ (28).



Clinical Specimens and Immunochemistry

The First Affiliated Hospital of Shenzhen University provided us with melanoma samples. Immunochemistry experiments were conducted as described in the previous research (29). The antibodies used were purchased from Cell Signaling Technology, Inc. (eIF6, 3263S; HMB45, 38815S; S100, 90393) and Boster Biological Technology Co., Ltd. (Melan-A, M02033).



Cell Lines and Vectors

The A375 cell line was obtained from the American Type Culture Collection (ATCC). The cells were cultured in Dulbecco’s Modified Eagle Medium (Bibico, 11965084) containing 10% fetal bovine serum (Gibico, 10099) and 1% Penicillin-Streptomycin (Gibico, 15140122). The eIF6 over-expression cell line was established by infecting A375 cells with lentivirus, and the counterpart GFP-expression A375 cells as the control group. The target genes were carried by pGWLV01 plasmids (bought from GENEWIZ Cooperation). The plasmids were transfected into 293T cells with the help of polyethylenimine to produce virus. The virus was harvested at 48 and 72 h post-transfection and A375 cells were infected in the presence of 10 μg/mL of polybrene and 10 mM HEPES. The infected cells were screened by treatment with puromycin (50 μg/mL) for two days.



Wound Healing Assay

The wound-healing assay was used to test the ability of the cells migration as previously reported (30). Briefly, 2×106 cells were plated onto a 100-mm dish to create a confluent monolayer. The cells were scratched and resulting in a straight wound. The wound width was measured after incubation for 24 and 48 h.



Statistical Analysis

The significance test of change was evaluated with P value. P value < 0.05 was labeled as “*”. P-value < 0.01 was labeled as “**”. P-value < 0.001 was labeled as “***”.




Results


eIF6 Is Up-Regulated in Skin Melanomas and Is Related to Poor Prognosis

To identify the impact of eIF6 on tumor progression. We first compared the survival rate of 33 common types of cancers during the up-regulation of eIF6. Among them, about 50% of the cancers’ survival rates were lower in the eIF6 higher expression group. The patients with low-eIF6 expression survived longer than that of eIF6 over-expression in seven types of cancers. In eIF6 over-expression specimens, the survival rates of brain lower-grade glioma (LGG), liver hepatocellular carcinoma (LIHC), lung adenocarcinoma (LUAD), pancreatic adenocarcinoma (PAAD), and skin cutaneous melanoma (SKCM) were all significantly reduced (Figure 1A).




Figure 1 | Analysis of the correlation between cancer survival rates and eIF6 expression level. (A) Survival analysis of eIF6 in 33 types of cancers: The survival rates of 33 types of cancers were analyzed. The cancer types whose eIF6-high expressed patients showed significantly poorer prognoses were labeled with red frame. The cancer types whose survival rates were improved by high eIF6 levels were labeled with blue. (B) Melanoma patients were grouped according to their eIF6 expression levels, and their respective survival rates were compared.



Among these five types of cancers, the eIF6’s impact on LGG, LIHC and LUAD progression had been reported previously, while that on melanoma was still unclear. Thus we focused our interests on the melanoma study. We compared the survival curves of melanoma patients with high or low eIF6 expression levels and grouped them according to gradient inclusion criteria. For instance, we compared the top 10% of high-eIF6 expression patients with the bottom 10% of low-eIF6 expression patients. Then, the top 20% of patients were compared with the bottom 20%. In all of the survival curves, melanoma patients with high eIF6 expression had worse prognoses (Figure 1B).

Immunochemistry was used to determine the level of eIF6 protein in the melanoma specimens. Hematoxylin and eosin (HE) staining and immunochemistry analysis of HMB-45, S-100, and Melan-A were used to identify melanoma cells. The results indicated that melanoma cells had higher levels of eIF6 expression when compared to adjacent normal tissues (Figure 2). The eIF6 expression through all the stages of melanoma development was further investigated by GEPIA analysis, the results showed that compared with the stage 0, eIF6 level was up-regulated from stage I to stage IV. Especially in stage I and stage II, eIF6 level was even higher than that in the later stages (Figure S2). Additionally, the up-regulated eIF6 expression was further confirmed by Timer analysis, which suggest the potential effectiveness of eIF6 in early stage melanoma diagnosis (Figure S3).




Figure 2 | Histological examination of the tumor specimens (Area size: 0.5 cm2). (A) Hematoxylin-eosin staining (H&E) shows the histology of melanoma tumor. (B) Immunohistochemical staining of eIF6, HMB-45, Melan-A, and S-100 in melanoma tumor slices, respectively.





eIF6 Promotes the Proliferation and Migration of Melanoma Cell Lines

The poor survival rate of the eIF6 high expression group suggested that eIF6 profoundly impacted the tumor cells. As a translation initiation factor, eIF6 expression is intimately linked to ribosome biogenesis and thus affects protein synthesis. It is possible that eIF6 acts as a rate-limiting factor in cell proliferation. The cellular function of eIF6 was investigated using the melanoma cell line A375. eIF6 was over-expressed with lentivirus, and the over-expressed GFP cells were used as control.

While eIF6 was over-expressed, the growth curves of cells showed a significant shifted on day three and four (Figure 3A). We examined the cell-cycle markers PCNA and Cyclin D1 to validate the accelerated growth rates of cells. As shown in Figures 3B, C, all of these proliferation markers showed a drastic up-regulation accompanied accelerated cell growth phenotypes when eIF6 was over-expressed.




Figure 3 | Evaluation of the cellular functions of high-expressed eIF6 in A375 melanoma cells. (A) Growth curves comparison between eIF6-overexpressing and wild type (control) A375 cells. The growth rate of eIF6 overexpressing cells was significantly higher than controls. (B) Western blot analysis confirms the correlation of up-regulated eIF6 with the cell proliferation marker CyclinD1 and PCNA. (C) Quantification of the Western blot results by Image J. The grey density of the bands was measured by Image J, and the target gene expression level was normalized with the grey density of β-actin. The significance test of change was evaluated with P value. P value < 0.05 was labeled as “*”. P-value < 0.01 was labeled as “**”. P-value < 0.001 was labeled as “***”.



At both 24 and 48 hours, cells migration ability was assessed during the wound healing. We used Image J software to measure the average width of the scratches. As shown in Figure 4, after 24-hours incubation, the eIF6 over-expressed group was 10% narrower than the control group. It reached 25% at 48-hours, indicating over-expression of eIF6 could accelerate the migration of malignant melanoma cells in vitro.




Figure 4 | Wound healing assay measures the migration of melanoma cells with over-expression of eIF6. (A) The vertical red lines show the wound edges at 24 h and 48 h after scratching, and the horizontal lines show the relative distances between red stripes at the same observation times. The eIF6 over-expression cells migrated more quickly than the control group. (B) The spaces between wound edges were measured, and the values were significantly lesser than the eIF6 over-expression group after incubation for 48 h. The significance test of change was evaluated with P value. P value < 0.05 was labeled as “*”. P-value < 0.01 was labeled as “**”. P-value < 0.001 was labeled as “***”.





Upregulation of Ribosomal Proteins and Intermediate Filaments Is Linked to High eIF6 Expression

Several theories have been proposed to explain how eIF6 contributes to cell proliferation and migration, but none has been accepted as the most plausible. Using high-throughput sequencing data, we investigated the potential downstream effectors of eIF6. The results demonstrated that eIF6 expression significantly affected the survival rates of SKCM, LGG, LIHC, PAAD, and LUAD cells. In addition, we clustered the differentially expressed genes between the eIF6 high expression and low expression groups in these five types of cancers (the list of differential genes is in Supplementary Table 1). We found that the ribosomal genes showed an increased mRNA level in the eIF6 high expression group due to the co-expression of ribosomal genes.

In this study, the genes with similar functions were converged together in the protein-protein interaction analysis map (Figure 5). Interestingly, the clustering results showed enrichment of keratin proteins in SKCM, LUAD, and PAAD, but not in LIHC and LGG. It is reasonable to assume that many types of cancers have a specific and well-coordinated genes modulation. This indicated that a more dynamic synthesis of intermediate filaments (IFs) occurred with tissue-specific regulation. Typically, the high intermediate filament protein levels were linked to cell proliferation and migration, requiring active cytoskeleton assembly and disassembly. For example, keratin17 was identified as a significantly up-regulated gene in eIF6-high melanoma, and this gene has been reported for its proliferation-promoting function in multiple cancers (31, 32). In fact, when we studied the up-regulated keratin protein effects on cancer progression, all the keratins we found were linked to lower survival rates in cancers, including melanoma (Figure S4). The all genes hazard ratio was above 1, with a p < 0.05 except KRTCAP2 (Table 1). This finding agreed with the fact that an up-regulated eIF6 could aggravate melanoma progression. Besides, we also identified the eIF6 co-expressed genes associated with RNA processing, metabolism and proliferation in the SKCM, which suggested the complexity of the eIF6 signal regulation network (Figure S5).




Figure 5 | The protein-protein interaction clustering of differentially expressed genes while eIF6 was up-regulated in cancers. The significantly up-regulated genes in the eIF6 altered group were clustered according to protein interactions. The ribosomal proteins formed clusters in all five cancers. The cytoskeletal proteins were clustered in SKCM, LUAD, and PAAD, while the cell-cycle and metabolism proteins were clustered in PAAD and LUAD and LIHC cancers, respectively.




Table 1 | Up-regulated keratin genes of the high-eIF6 expression group in SKCM, LUAD, PAAD, LGG, and LIHC.





High eIF6 Expression Is Linked to the Global DNA Demethylation

We further investigated the TCGA Firehouse Legacy sequencing data set. As previously stated, the specimens were grouped according to the level of eIF6 expression. The higher eIF6 expressed groups showed global genome demethylation in SKCM, LIHC, LGG, LUAD, and PAAD (Figure 6A). The methylation levels of the SKCM, LIHC, and LGG specimens were showed a significant difference between the eIF6-high and eIF6-low groups. In melanoma, there were 10305 genes had higher methylation levels in the eIF6-low group, while 5395 genes in the eIF6-high group had higher methylation tendencies. In the eIF6-high group, 420 genes were demethylated, and 35 genes were hypermethylated, which was significant larger than that in the eIF6-low group (Table S2).




Figure 6 | Genome methylation analysis in pan-cancer. (A) Comparison of the differentially methylated genes between high-eIF6 and low-eIF6 groups. In all the five cancers analyzed, the low-eIF6 groups had more genes with higher methylation levels than the high-eIF6 groups. (B) Heat map of differential methylated genes. The heat map was drawn according to the genes relative methylation level of the eIF6-high group compared to the eIF6-low groups. The demethylated genes were labeled with green. Upregulated keratins were identified as demethylated genes, including KRT17, KRT15, KRT23, and KRT7. Genes functioned in cell fate decisions, and cell growth was also found demethylated.



We also clustered the demethylated genes in the five types of cancer, in which WNT and NOTCH family genes were found to be demethylated. These two gene clusters involved cell proliferation, differentiation, and cell fate (33). The methylation level of intermediate filament keratins was also investigated. The methylation levels of multiple keratin genes of the five cancers were decreased. In addition, KRT17 and KRT15 were up-regulated and demethylated in the eIF6-high expressed melanoma, suggesting that DNA demethylation was a potential transcription regulation mechanism of eIF6 (Figure 6B).




Discussion

eIF6 has been reported as an essential regulator in liver hepatocellular carcinoma, colorectal carcinoma, and non-small cell lung carcinoma, respectively (21, 23, 24). Our study showed that the eIF6 up-regulation also occurs during melanoma tumorigenesis, which relates to a poorer prognosis. Furthermore, pan-cancer analysis revealed that the up-regulation of eIF6 is associated with demethylation and higher expression levels of intermediate filament keratins, which may account for the increased proliferation and migration rates in multiple types of cancer cells. This study offered a better understanding of the functional role of eIF6 in cancer progression and provided new insights into the potential role of eIF6 as a melanoma predictive biomarker.

Additionally, previous reports showed that both eIF4E and eIF2α are also closely associated with melanoma (34, 35). In this study, the skin melanoma samples exhibited significantly increased eIF6 expression levels than the normal skin samples, corresponding to the up-regulated melanoma cells division rates (Figure 1). Earlier studies have suggested that eIF6 is up-regulation in hepatocellular carcinoma, lung adenocarcinoma, and colorectal cancer (21, 23, 24). Similarly, the increased eIF6 expression levels also could be observed in LGG and PAAD using the GEPIA database analysis. Conversely, eIF6 was only significantly down-regulated in LAML (Figure S1). These findings revealed that eIF6 up-regulation is a common feature in different cancer groups, implying eIF6 was regulated by an cancer-or proliferation-related upstream regulators. The eIF6 promoter contains a GA-rich sequence, in which a GA binding protein (GABP) complex has been identified as an eIF6 expression modulator (36). In tumorigenesis, GABP is a well-studied transcription factor involved in regulating proliferation, ribosomes, and metabolism (37). Moreover, other tumor-related transcription factors, such as c-myb, can enhance the activation effect when combined with GABP complex (38). The increased expression of eIF6 in melanoma could be attributed to increased transcription factor binding caused by tumorigenesis. Therefore, the abnormal up-regulation of eIF6 in melanoma is a sign of cancer cell proliferation.

Additionally, the eIF6 level is also predictive of melanoma prognosis. GEPIA analysis revealed a landscape of thirty-three different types of cancers influenced by eIF6 (Figure 2A). Among the different types of cancer, high-eIF6 expressed patients had significantly lower survival rates than low-eIF6 expressed patients in SKCM, LGG, LIHC, LUAD, and PAAD. Subsequently, we intensively studied the survival rate of melanoma under different cut-off values (Figure 2B). Typically, the prognosis of the high-eIF6 expressed group was significantly poorer than that of the low-eIF6 expressed group. This was because cancer cells proliferate at a high rate, the protein translation requests were also upregulated. However, because eIF6 is a rate-limiting translation regulator, we hypothesized that elevated eIF6 levels aided cancer progression and thus resulted in a worse prognosis by limitation the protein synthesis. The in vitro experiments proved that eIF6 over-expressed A375 melanoma cells had a faster proliferation and migration rate (Figures 3, 4). Indeed, a similar phenomenon has been previously observed in another melanoma cell line of WM793 (20). Therefore, it is reasonable to conclude that eIF6 is a critical regulator of tumor growth. Additionally, this hypothesis has also been proven because eIF6 knock-down could efficiently inhibit the progression of hepatocellular carcinoma and non-small cell lung carcinoma (21, 24). Since it has been reported that eIF6 is essential for immune system homeostasis in both mice and humans, we also investigated the tumor immunology of eIF6. Unexpectedly, all the results showed that no significant evidence suggested eIF6 could promote immune infiltration via immune modulation (Figure S6–S10) (39).

Besides acting as a nucleolus ribosomal genesis regulator, eIF6 can also regulate specific gene expression (40). We clustered the differential expression genes between high-eIF6 and low-eIF6 patients and found a co-expressive relationship between eIF6 and ribosomal proteins in SKCM, LIHC, LUAD, LGG, and PAAD (Figure 5). Since an abrogation of eIF6 hindered ribosomal 60S subunit biogenesis, the ribosomal proteins up-regulation also suggested that there may be a feedback loop involved in the regulation. In cancer cells, the higher ribosomal proteins expression and their corresponding protein translation may account for the lower survival rate of patients. In SKCM, LUAD, and PAAD clustering analysis, we found an up-regulation of keratin proteins in the high-eIF6 expression group (Figure 5). All the up-regulated keratins were correlated with the poor survival rate of patients (Hazard Ratio > 1; Table 1), which was consistent with the result of eIF6. In general, intermediate filaments (IFs), microtubes and microfilaments make up the cytoskeleton system of animal cells, in which, Keratin proteins are among the main components of IFs. There have been strong evidence indicating that the down-regulation or over-expression of IFs proteins can regulate various cellular behaviors, such as division, migration, growth, and apoptosis (41, 42). In this respect, eIF6 can selectively bind to IFs in mammalian cells, although the biological function of such complexes is not yet been determined, there is some evidence that the complexes formed by eIF6 and IFs are highly regulated during the oogenesis of Xenopus, suggesting they are probably contributing to the early development of embryo, which cells possessed the common feature of continuous mitosis with cancer cells (43). In order to understand this regulation mechanism better, a more detailed analysis is required in further studies. Nevertheless, as shown in Table 1, the high expression level of keratins show a dynamic assembly of IFs, contributing to cancer progression and metastasis, eventually leading to a lower patient survival rate.

Despite the detailed mechanisms of eIF6 that regulate keratins transcription remains unclear, eIF6 is commonly regarded as a vital translation regulator. It was reported that eIF6 could bind with chromosome DNA in the mitosis metaphase, which suggested that there may exist an unidentified mechanism that eIF6 directly regulates transcription (44). Herein we proposed a new concept that eIF6 may also regulate DNA methylation. We compared the number of genes whose methylation levels differed between the high-eIF6 and low-eIF6 groups (Figure 6). More higher-methylated genes were observed in the low-eIF6 group than that high-eIF6 group in all five types of cancers, suggesting eIF6 is an effective de-methylation regulator. With the up-regulated eIF6 levels, the lesser methylated whole genomes were well-matched with a more active genome transcription and more dynamic cellular activities, proliferation, and migration. In our study, the keratin genes up-regulated in high-eIF6 patients had a decreased methylation level (Table 2). We conclude that the IFs keratins are the downstream effectors of IF6, and the up-regulation of eIF6 causes a poor melanoma survival rate of patients by de-methylating and activating of keratin genes.


Table 2 | The list of lesser methylated keratin proteins.





Conclusions

In summary, the up-regulated eIF6 could be a potential diagnostic and prognostic biomarker indicating poor survival of melanoma. We investigated the survival rate of 33 common types of cancers and found that the up-regulation of eIF6 was generally accompanied lower-survival rate. It is possible that eIF6 acts as a rate-limiting factor that induces higher dynamic cell skeleton gene expression and promotes the proliferation and migration of melanoma, which relates to a poorer prognosis. Herein we proposed that eIF6 is a promising biomarker to improve the assessment of clinical melanoma since the early clinical manifestations of melanoma often look like nevi. Considering the tremendous clinical value of eIF6, we believe that future medical applications will benefit patients.
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Metastatic cutaneous squamous cell carcinoma (CSCC) is a highly morbid disease requiring radical surgery and adjuvant therapy, which is associated with a poor prognosis. Yet, compared to other advanced malignancies, relatively little is known of the genomic landscape of metastatic CSCC. We have previously reported the mutational signatures and mutational patterns of CCCTC-binding factor (CTCF) regions in metastatic CSCC. However, many other genomic components (indel signatures, non-coding drivers, and structural variants) of metastatic CSCC have not been reported. To this end, we performed whole genome sequencing on lymph node metastases and blood DNA from 25 CSCC patients with regional metastases of the head and neck. We designed a multifaceted computational analysis at the whole genome level to provide a more comprehensive perspective of the genomic landscape of metastatic CSCC. In the non-coding genome, 3′ untranslated region (3′UTR) regions of EVC (48% of specimens), PPP1R1A (48% of specimens), and ABCA4 (20% of specimens) along with the tumor-suppressing long non-coding RNA (lncRNA) LINC01003 (64% of specimens) were significantly functionally altered (Q-value < 0.05) and represent potential non-coding biomarkers of CSCC. Recurrent copy number loss in the tumor suppressor gene PTPRD was observed. Gene amplification was much less frequent, and few genes were recurrently amplified. Single nucleotide variants driver analyses from three tools confirmed TP53 and CDKN2A as recurrently mutated genes but also identified C9 as a potential novel driver in this disease. Furthermore, indel signature analysis highlighted the dominance of ID signature 13 (ID13) followed by ID8 and ID9. ID9 has previously been shown to have no association with skin melanoma, unlike ID13 and ID8, suggesting a novel pattern of indel variation in metastatic CSCC. The enrichment analysis of various genetically altered candidates shows enrichment of “TGF-beta regulation of extracellular matrix” and “cell cycle G1 to S check points.” These enriched terms are associated with genetic instability, cell proliferation, and migration as mechanisms of genomic drivers of metastatic CSCC.




Keywords: CSCC, cutaneous, squamous cell carcinoma, metastases, UTR - Untranslated regions, noncoding, mutations, whole genome sequencing



Introduction

Cutaneous squamous cell carcinoma (CSCC) is the second most common malignancy, after basal cell carcinoma (BCC), affecting up to 1,000,000 people in the United States annually (1). In time, and as a result of the aging population and changing ratios of BCC/CSCC, the mortality rate of CSCC is likely to exceed that of melanoma (2). Although primary CSCC is common, metastasis only occurs in 2%–5% of CSCC (3–5). CSCCs arising in the head and neck generally show a predictable pattern of spread, predominantly metastasizing to the intraparotid, level II (upper jugular), and perifacial lymph nodes (4). CSCCs that have metastasized to regional lymph nodes are associated with a worse prognosis (6), with modest progress made in the management of regionally advanced disease over the last 15 years. Most patients with regional metastases from CSCC of the head and neck are managed with a multimodality approach, which usually involves surgery (parotidectomy and neck dissection) and adjuvant external beam radiotherapy depending on the site and stage at the time of diagnosis (7–9). More recently immunotherapy has attracted great interest as a potential alternative for unresectable or distant metastatic disease (10, 11).

Despite the very high incidence, relatively little is known regarding the genomic landscape of metastatic CSCC. We have previously described the genomic mutational burden, mutational signatures, and mutations in CCCTC-binding factor regions using whole genome sequencing (WGS) data from 15 CSCC metastases (12) and associated cell lines (13). However, the majority of studies to date has reported on somatic variation in primary CSCC (14–17) and/or CSCC metastases (17–21), using whole exome sequencing (WES) and/or targeted next generation sequencing, which by definition focuses on the coding genome. Thus, the extent of analysis of non-coding (including regulatory) regions of the genome is limited and varies across studies. Pickering et al. (21), the only study employing WES and incorporating 32 primary and only seven metastatic samples, did not include regulatory or non-exome regions analysis. Both Li et al. (19) [29 lymph node metastatic formalin fixed paraffin embedded (FFPE) samples] and Zehir et al. (18) (MSK-IMPACT) (28 primary and 27 metastatic FFPE samples) used targeted next-generation sequencing (NGS), with limited non-coding analysis. Zehir et al. (18) specifically included the TERT promoter in their targeted panels but otherwise included no regulatory elements. Li et al. (19) similarly did not include regulatory or non-coding variant analysis. Yilmaz et al. (17) performed WES and/or targeted NGS on 18 metastatic and 10 primary FFPE CSCC samples and reported coding gene drivers based purely on mutational frequencies, without adjusting for gene length or covariates. Additional functional driver predictions analysis would be required to confidently call genes as drivers (22). Furthermore, FFPE processing has well-known impacts on the quality of DNA for sequencing analyses (23), and it is important to note that for most of the metastatic studies, FFPE samples were collected. Furthermore, none of these studies addressed variation in either 5′ or 3′ untranslated regions (UTRs) or other non-coding elements such as promoters (other than TERT promoter) or long non-coding RNAs (lncRNAs). Sequence variants occurring within these functional non-coding elements are important, as they have the potential to alter gene expression. For example, lncRNAs are thought to influence the expression of proteins by pre- and post-translational influences on DNA/RNA and proteins, chromatin function, miRNA activity, and signaling pathways by an array of mechanisms (24, 25). 3′UTRs regulate crucial aspects of post-transcriptional gene regulation (26). Mutations in these regions can deregulate gene expression by disrupting miRNA–mRNA interactions, in which both tumor suppressor genes and oncogenes can drive cancer progression (27, 28). This variation in the so-called cis-elements can also impact gene expression by altering translation initiation in cancer (29).

Given the shortcomings associated with WES and NGS analyses of complex genomes, in the current report we have performed WGS on 25 metastatic CSCC samples and applied a detailed, multifaceted computational analysis at the whole genome level to provide a comprehensive understanding of the genomic landscape of metastatic CSCC. This included processing of WGS data for somatic variations in both coding and non-coding regions and indel signatures, apart from structural variants and copy number alterations analyses. For non-coding genomic regions, we have focused on UTRs, lncRNA, and promoter regions, as these represent non-coding regions that are most accessible to interrogation in high mutational burden tumors using currently available tools.



Materials and methods


Study population, sample collection, and processing

This study was undertaken with Institutional Human Research Ethics approval (UOW/ISLHD HREC14/397). Thirty-two patients with resectable metastatic CSCC were identified by the treating surgeons preoperatively. Clinicopathological data including age, sex, extent of nodal metastases, histology, and immunosuppression status were collected. In addition to whole blood (for germline DNA), sections of fresh tumor from nodal metastases were collected during surgery and immediately snap frozen. These sections were used for DNA extraction (Qiagen AllPrep, Qiagen, Hilden, Germany) and for cellularity estimates. Only samples with >30% tumor (range, 35%–95%) proceeded to DNA quality control (QC). QC comprised spectrophotometry (Nanodrop 2000 Thermo Fisher Scientific Inc.), gel electrophoresis, and single nucleotide polymorphism (SNP) array. Of the 32 samples sequenced, 25 passed QC (96% from men) (Table 1). The remaining seven samples had insufficient clonal tumor content [median variant reads ≤ 5 or median variant allele frequency (VAF) < 0.1] or had an extreme GC bias as determined by PURity and PLoidy Estimator (PURPLE) (30). Briefly, if more than 220 copy number segments were unsupported by a corresponding structural variants at either end, the sample was flagged as fail-segment. The mean sequencing coverage of the 25 samples was 94.56× (range, 64–143) for tumor and 41.08× (range, 30–56) for blood.


Table 1 | Clinicopathological data of the cohort of 25 patients with CSCC lymph node metastases.





Variant calling and functional significance of SNVs and indels

FASTQ reads were aligned to reference genome GRChr38 using BWA-kit version 0.7.17 (BWA-MEM read aligner) (for details, refer to https://github.com/Sydney-Informatics-Hub/Fastq-to-BAM). The Genome Analysis Tool Kit (GATK) 4.1.2.0 and its BaseRecalibrator tool was used to refine the read alignment. SNPs and insertion–deletion (indel) variants were called by implementing GATK’s Best Practices Workflow. These pipelines use HaplotypeCaller for germline short variant discovery and Mutech2 caller for somatic short variant discovery for SNVs and indels (for details, refer to https://github.com/Sydney-Informatics-Hub/Somatic-ShortV). Furthermore, variants effect prediction and annotations were completed using OpenCravat platform (31). Mutation Annotation Format (MAF) files were generated based on variant effect predictor annotations. Three different methods for driver discovery were then used; OncodriveFML (32), MutSigCV (22), and dNdScv (33).

OncodriveFML predicts the functional significance of both coding and non-coding variants, as it is one of the few tools designed for non-coding genomic analysis (32). It first determines the functional impact of the observed somatic mutations using Combined Annotation Dependent Depletion (CADD) for specified genomic elements (UTR, promotor, and coding regions) across the cohort. Later, for the statistical significance, it compares the average functional impact score of the observed mutations in the element with the average functional impact scores of a similar number of the random mutational set. The CADD score provides a priority for identifying mutations with functional, deleterious, and pathogenic impacts. These scores are calculated by combining the information from multiple annotations into a single metric.

MutSigCV identifies genes that are mutated more often than expected by chance and reduces the number of false positives in the generated list of significant genes, which is especially useful for tumors, such as metastatic CSCC, with high mutation rates (22). This is achieved by incorporating various types of information such as patient-specific mutation frequencies and mutation spectra, gene-specific mutation rates, expression levels, and replication times.

dNdScv is designed to test for positive and negative selection in cancer genomes (33). As UV-induced cancer genomes such as CSCC can affect the accuracy of the dNdScv model, we carefully monitored the annotation of CC>TT changes (sometimes reported as C>T changes). Results report significance for missense and truncating mutations and indels as global p-values. Genes that were falsely flagged as significant with negative selection were not considered for this analysis.

For downstream analysis, genes that were predicted to be driver genes by at least two of these tools were considered. First, genes with significant p-values <0.005 were filtered from each of the three tools, and shared genes were determined using a Venn diagram. We then compared the functional impact of SNVs in these selected driver genes to previously reported primary and metastatic CSCC data (18, 19, 21, 34) available on cBioportal (35). This included 92 samples of metastatic CSCC (WES= 10, targeted NGS = 82) and 88 samples of primary CSCC (WES=32, targeted NGS=56).



Copy number variation

Copy number alterations in the 25 metastatic genomes were derived using PURPLE (30), which estimates copy number and purity of tumor sample by using read depth ratio from COBALT and tumor B-allele frequency (BAF) from AMBER. The pipeline is available at github of HMF Tools (https://github.com/hartwigmedical/hmftools). Driver genes with significant amplifications and deletions were then identified using PURPLE driver copy number outputs. For driver genes, PURPLE searches for genes with high level amplification (minimum exonic copy number > 3 * sample ploidy) and deletion (minimum exonic copy number < 0.5) and then uses iteration to establish the most significant focal peaks.

GRIDSS2 and its companion interpreter tool LINX were employed for somatic structural variant analysis and gene fusion (36). COSMIC3-based SNVs and indels signatures from the whole genome were built using MutationalPatterns (37) software.

The driver gene candidates obtained from various genetic alteration analyses such as copy number variation drivers, somatic variant drivers, and other non-coding drivers were combined for enrichment analysis. In the case of copy number gain/loss, we selected only those genes affected in >20% of the samples in our cohort. Using the Enrichr web application (38), we determined the involvement of the candidate driver genes in various cellular components of the cells, biological pathways, and predicted miRNA and drug targets.




Results


Patient characteristics and clinicopathological data

Twenty-five metastatic CSCC samples from lymph nodes in the head and neck region were collected between 2015 and 2019 that passed WGS QC criteria for analysis (Table 1). The median age of patients was 69 (range, 30–87), and 24/25 (96%) were male. While this sex disparity is a limitation of our study in that potential sex differences may have been missed, it is in keeping with the disease burden seen in our practice in NSW, Australia, particularly for advanced and metastatic CSCC (39). This is in keeping with findings that age, male sex, and immunosuppression are among the risk factors for metastasis (40). Two patients were immunocompromised; one patient was on long-term azathioprine for rheumatoid arthritis, and the other was on a combination of cyclophosphamide and tacrolimus following solid organ transplantation.

The location of the index primary lesion was known in 11 patients (Table 1). Nodal metastases were isolated from the neck in 13 patients and in the parotid in 12 patients. The majority of patients had either moderately differentiated (n = 8) or poorly differentiated (n = 12) CSCC, with evidence of extranodal extension found in 20/25 (80%) nodal samples.



Tumor mutational burden

Based on whole genome level calculations, the average tumor mutational burden (TMB) for SNVs and indels across the 25 cases was 238.7 mutations per megabase (median, 166.99 mutations/Mb; range, 32.52–995.66 mutations/Mb) and 2.25 indel/megabase (range, 0.63–5.9 mutations/Mb), respectively (Figures 1A, B; Supplementary Table S1) with the majority of somatic variants occurring in the non-coding regions as expected (12). The only female tumor in this cohort had the second highest TMB at 499 mutations/Mb. There was no correlation between age, differentiation, nodal stage, or extracapsular spread of the metastasis and TMB.




Figure 1 | Overview of tumor mutational burden and signatures (whole genome-based). Panels (A, B) illustrate the indel and SNV mutational burden in each sample, respectively. Panels (C, D) show indel (ID) and SNV mutational signatures for each sample, respectively, obtained using COSMIC V3.2 database. Full details are available in Supplementary Table S2.





Mutational signatures

We performed mutational signature analyses of the 25 genomes based on COSMIC V.3.2 (https://cancer.sanger.ac.uk/signatures/). Signatures are designated as single base substitution (SBS) or small insertion and deletion (ID) signatures. SBS signatures 7a and 7b were the most prevalent (Figure 1C; Supplementary Table S2) in keeping with a UV association in metastatic CSCC as we previously reported in a smaller cohort using COSMIC V2 (12). Substantial representation of SBS7c was also seen. SBS32 and SBS7d were observed in one sample. Indel signature analysis showed that ID8, 9, and 13 dominated over others (Figure 1D; Supplementary Table S2).



Short variants


Coding short variants

The overwhelming majority of coding SNVs were missense mutations, followed by nonsense mutation, which represented <5% of variants (Figure 2A). Figure 2B shows various DNA sequence alterations, including single, double, and triple nucleotide variants and insertion and deletion (Supplementary Data 1). Over 80% of SNVs were C>T (Figures 2C, D). This is consistent with the dominant effect of UV radiation on pyrimidine bases and the UV signature referred to above and is independent of the degree of differentiation or any other clinicopathological feature. Genes predicted to be driver genes via OncoDriveFML include TP53, CDKN2A, and ZNF730 having Q-values <0.1 (Figure 2E). MutSigCV and dNdScv analyses also found TP53 and CDKN2A as the most significant mutated driver genes in our cohort (Supplementary Table S3). Genes that were predicted to be driver genes (p-value < 0.005) by at least two tools were considered for downstream analyses (Figure 2F). This resulted in 12 genes: TP53, CDKN2A, C9, C9orf131, SLC22A6, KHDRBS2, COLEC12, LINGO2, CDHR5, ZNF442, PRLR, and DHRS4. Of this list, TP53, CDKN2A, and C9 were shared as significant by all three tools. Interrogation of the cBioPortal dataset for CSCC (metastatic = 92 and primary=88 cases) (18, 19, 21) with short variant analysis (Supplementary Figure S1) revealed recurrent mutations not only in TP53 and CDKN2A but also in C9, COLEC12, and SLC22A6. Not all genes identified as high impact and recurrent variants in our cohort were included in these targeted studies, which underscores the deficiencies of panel-based analyses in discovery projects.




Figure 2 | Overview of key coding mutations. (A) Variants classification, (B) variant types, where SNP, DNP, TNP, INS, and DEL are single nucleotide polymorphisms, double nucleotide polymorphisms, triple nucleotide polymorphisms, insertion, and deletion, respectively (C, left panel) % of various transitions, (C, right panel) Ti (transition) and Tv (transversion) in all 25 samples, and (D) % transitions for each sample. (E) Driver coding genes prediction results from OncodriveFML tool. The plot shows the most significantly altered genes (in the plots above the red line, Q-values are below 0.1). Q-values are corrected p-values using the Benjamini/Hochberg correction. (F) Venn diagram showing the overlap of genes predicted to be driver genes (p-value < 0.005) by three different driver detection tools, i.e., OncoDriveFML, MutSigCV, and dNdScv. (For details, refer to Supplementary Table S3). For further analysis, genes predicted to be driver genes by at least two tools were considered. (G) Detailed sample-level information of the SNVs and types of variants in the top altered genes (mentioned in Figure 2).



The only sample with no mutation in TP53 was CSCC_0009 (Figure 2G). The TMB of this sample was 122/Mb or 51% of the average across the cohort. Five samples without CDKN2A mutations averaged a TMB of 470/Mb or 201% of the average for the cohort.



Variation in non-coding regulatory regions

The 3′UTRs that potentially play an important role in metastatic CSCC were discovered using OncodriveFML. SNVs within the 3′UTR region of EVC, PPP1R1A, ABCA4, and LUM showed significantly higher observed functional impact than the expected functional impact (Q-value <0.03) (Figure 3A; Supplementary Table S3). We observed variation within the 3′UTR of both EVC and PPP1R1A in 48% of samples with a Q-value of 0.011 and 0.022, respectively (Figure 3B; Supplementary Table S4). The unique PPP1R1A variant with cDNA change of c.*491C>T [Chr12:54579896 (G to A)] was found in five samples (Supplementary Figure S2).




Figure 3 | Driver genes prediction in non-coding genomic regions. Plots show the result of OncodrivFML (2.2.0) tool and mutations in the most significantly altered non-coding genes or regions in the cohort of 25 patient samples. (A) Potential 3′UTR regions associated driver candidates. (B) Variants with significantly altered 3′UTR regions. (C) Potential lncRNA driver candidates. (D) Variants with significantly altered lncRNAs. Plots in panels (A) and (C) show the frequency of observed mutations with respect to the expected frequency of the mutations in the corresponding regions. Q-values are corrected p-values using the Benjamini/Hochberg correction. The plots in panels (B, D) show frequencies of 3′UTR and lncRNAs variants among the cohorts, respectively.



There are many reported limitations in the analysis and interpretation of 5′UTRs and promoters for high mutational burden tumors (41–43), a finding that we also observed (Supplementary Figure 3). Currently, no robust methodology exists to analyze these regions with confidence in CSCC; thus, analyses of 5′UTRs and promoter regions were not investigated further.

lncRNAs likely to have a potential impact on tumorigenesis were also predicted using OncodriveFML. Four lncRNAs were significantly (q < 0.05) biased towards high-impact mutations i.e., LINC01474 and LINC01003, RP4-597N16.4, and RP11-61J19.4 (Figure 3C; Supplementary Table S3). Among these, LINC01474 and LINC01003 showed a high statistical significance Q-value of 0.0158. lncRNA LINC01003 was altered in 64% of the cohort. Another recurrently mutated lncRNA in our cohort was RP11-61J19.4 (48% of samples) (Figure 3D; Supplementary Table S4).




Structural and copy number variation

The extent of chromosomal copy number gain and loss was averaged across the genome for all 25 tumor samples (Figure 4A; Supplementary Table S5). Chr5p and 8q were the most frequently amplified regions, with 18q being the region with the most recurrent deletion. At sample level (Figure 4B), there were chromosome arm gains in chromosome 7 and 5p in the majority of the samples and losses in 8p, 18q, and 21q. Recurrent gain of 7, 8q, and 5p and loss of 8p, 18, and 21 were also previously reported by Pickering et al. (21). Figure 4B also shows a Circos plot obtained from the PURPLE pipeline for CSCC_0004 as a representative example that summarizes various information at the sample level.




Figure 4 | Chromosomal and recurrent genetic copy number variation. (A) Combined chromosomal CNV across 25 metastatic CSCC samples at the chromosomal level. The X-axis represents the differences of mean minimum copy number (bands) and means of overall samples ploidy (after adjustment for purity). Refer to Supplementary Table S5. (B) Chromosomes arm loss and gain at the sample level (red denotes a gain, and blue denotes a loss). Both arms of chromosomes 7 and 5p show gains. 8p, 18q, and 21q show loss. (A chromosome arm is defined to be deleted if at least half of its bases are one or more copies less than the sample ploidy. A chromosome arm is defined to be amplified if at least half of its bases are one or more copies more than the sample ploidy.). Also shown is a Circos plot obtained from the PURPLE pipeline for CSCC_0004 as a representative example that summarizes various information at the sample level. (More details of interpretation at https://github.com/hartwigmedical/hmftools/blob/master/purple/README.md#circos).



Structural variation analysis revealed that CSCC metastases are characterized by various complex, deleted, and unbalanced translocation events. Table 2 provides the summary of various structural events observed. Deletion and complex structural variants are common in CSCC; however, unbalanced translocation and other structural events were also observed (Table 2). The detailed effects of these structural events for putative oncogenes and tumor suppressor genes (TSGs) are described in Table 3. Amplification events are linked to complex structural variants. Potential oncogene/TSG driver amplification and deletion were predicted by the PURPLE-GRIDSS-LINX pipeline, as reported in Table 3. Recurrent gene deletions were more common than gene amplifications. The most frequently deleted gene was PTPRD (Chr9p, 24% of samples). PTPRD deletion is already reported in primary and metastatic CSCC (44, 45). Deletion of PTPRD (n=6) and CDKN2A (Chr9p) (n=1) did not co-occur in our cohort (Table 3), although PTPRD loss and significant mutation of CDKN2A co-occurred in six samples (CSCC_9, 11, 12, 133, 132, and 134) (Table 3; Figure 2G). Deep deletion of CDKN2A was reported in only 2/92 cases available on cBioPortal (Supplementary Figure S1).


Table 2 | Summary of various event categories of structural variants.




Table 3 | List of reportable drivers (likelihood type onco/TSG) genes.



Loss of heterozygosity (LOH) was found at the focal, arm, chromosome, telomere, and centromere levels. The most common LOH events were that at the chromosome and arm level with these events concentrated to PTPRD locus (Table 3). No recurrent events for other genes were observed (Table 3). Various examples of PTPRD structural events are reported in Supplementary Figure S4. A few other examples of the unbalanced translocation and complex structural variants are shown in Supplementary Figure S5.

The most frequently amplified genes (2/25, 8%) were CALR, CCND1, and FGF3 (Table 3). Interestingly, EGFR was amplified in only one sample. Amplification of CCDN1 and FGF3 co-occurred in two samples (CSCC_0134 and CSCC_0132). CCDN1 and FGF3 are next to each other on the chromosome. These two cases had extensive nodal involvement (>50% of lymph nodes harboring tumor).

Despite this widespread genomic instability, only two coding–coding gene fusions were observed in our cohort. The first was between STRN and DLG2 in sample CSCC_0009 (STRN: exon 1 ENST00000263918; DLG2: exon 7 ENST00000376104). STRN encodes a calcium-dependent calmodulin-binding protein (46). DLG2 plays a role in pain signaling, and deletion is seen in both human and canine osteosarcoma (47). We noted above that CSCC_0009 is the only sample without TP53 mutations. CSCC_0009 came from a patient who had undergone liver transplantation and was on immunosuppressive therapy. The primary tumor that gave rise to this metastasis showed perineural involvement, which was also present in the metastatic deposit. The second gene fusion was between NTRK2 and HEBP2 in CSCC_0011. This seems to be caused by an unbalanced translocation event (Supplementary Figure S5B).



Enrichment analysis

Gene enrichment analysis was performed using the 21 genetically altered candidates identified above as significant/candidate driver genes, i.e., TP53, CDKN2A, C9, KHDRBS2, SLC22A6, COLEC12, LINGO2, CDHR5, ZNF442, C9orf131, PRLR, DHRS4, PPP1R1A, EVC, LUM, ABCA4, LINC01003, LINC01474 (RP11-151D14.1), RP4-597N16.4, RP11-61J19.4, and PTPRD. The top significant pathway enrichment terms [Bio Planet 2019 (48)] are shown in Figure 5A. Most of the significant BioPlanet-enriched terms come from TP53 and CDKN2A, such as TP53 network, tumor suppressor ARF, CTCF pathway, and cell cycle (G1/S checkpoint). However, CDKN2A, LUM, CDHR5, and COLEC12 contribute to important cancer-related enrichment pathways, such as “TGF-beta regulation of extracellular matrix.” Full details of these enrichment analyses are available in Supplementary Table S6.




Figure 5 | Enrichment analysis results of genetically mutated genes (21 candidates). (A) GO-Cellular Component terms showing eight significantly enriched terms (obtained from BioPlanet 2019). Panels (B, C) showing most significant Jensen diseases and Jensen compartments enriched terms, respectively. For details, refer to Supplementary Table S6.



The Jensen diseases enrichment tool identified skin cancer with highest significance (Figure 5B), with Jensen compartment-based enrichment analysis showing that most of these genes belong to the extracellular compartment (Figure 5C). Other ontology enrichment analysis (MGI mammalian phenotype level 4 2021; Supplementary Table S6) showed enrichment of increased fibroblast proliferation MP:0011703 where CDKN2A, TP53, and LUM alterations are the main contributors.

We also performed enrichment analyses to predict drugs and miRNA targets for these driver candidates. Figure 6A shows the top 10 significant hits against drug annotations, which suggests that many of these driver genes are known therapeutic targets (dSig; Supplementary Table S6). With respect to miRNA targets, hsa-miR-331-5p was predicted to interact with six driver gene candidates, including TP53 and C9 (Figure 6B). For this prediction, the enricher platform uses TargetScan miRNA database (50). At the same time, hsa-miR-1181 was one of the most significantly enriched miRNAs for these driver candidates, but can target only two driver genes.




Figure 6 | Enrichment analysis results for drug and miRNA targets. (A) Over-enrichment analysis of 20 driver candidates (deleted PTPRD excluded) against DSigDB (Drug SIGnatures DataBase) (49) annotation showing top 10 significantly enriched Drug/Compound. (B) Computationally predicted targets of miRNAs (TargetScan miRNA 2017). The x-axis represents the significance of the term (decreasing from left to right). (For details, refer to Supplementary Table S6).






Discussion

This is the largest study to employ WGS to assess the mutational landscape of metastatic CSCC and demonstrates the breadth of somatic variation across non-coding and coding regions. Furthermore, we updated and expanded the understanding of UV-mutational signature patterns in metastatic CSCC (12), including the identification of novel indel (ID) signature patterns. This highlights for the first time the nature and depth of variation within regulatory regions, with special attention devoted to UTR and lncRNA. Additionally, we reported various structural events at whole genome scale for this diseases and also compared driver genes and SNVs to previous WES/targeted NGS studies on metastasis CSCC.

At 238 mutations/Mb (median of 166.99 mutations/Mb) within metastatic CSCC at the whole genome scale, the rate of TMB is substantially higher than that of other cancers known to have a high mutational burden, including melanoma, which is 49 mutations/Mb (51). Pickering et al. (21) found a median of 61.2 mutations/Mb from their WES of high-risk primary (n= 32) and metastatic (n =7) CSCC. Their finding shows lower TMB than our study because they analyzed only coding DNA, which has much lower TMB than non-coding DNA in CSCC (12). The high TMB was associated with substantial structural variation, without recurrent gene fusions.

Alexandrov et al. (52) detailed patterns of mutational signatures in 23,829 tumor samples (1,965 WGS) from the Pan Cancer Analysis of Whole Genomes (PCAWG) datasets including 17 small ID signatures, expanded to 18 in COSMIC version 3.2 (https://cancer.sanger.ac.uk) (53). However, no cutaneous SCCs (primary or metastatic) are included in this dataset. We identified the predominance of ID signatures 8, 9, and 13 (100% of samples effected) in our 25 metastatic CSCC samples. ID8 is thought to be both related to double-strand DNA break repair dysfunction and to age-related changes. Melanoma is the only other cancer type reported to have a predominant ID 13 signature (52). Our data also provide evidence of concomitance of ID13 with SBS 7a and 7b (Figures 1C, D; Supplementary Table S2) in keeping with a UV-mediated mechanism for this signature. While we found ID9 to be a dominant indel signature in CSCC, it is rare in melanoma (2/104) but predominant in soft tissue sarcoma (52). The mechanism of ID9 is unclear, but this departure from what is found in melanoma clearly shows some point of difference in these UV-induced skin cancers. When comparing the TMB associated with ID9 signature among different cancers, the dominance in CSCC is clearly visible (Figure 7). One case of SBS32 is due to azathioprine exposure.




Figure 7 | Comparison plot of ID9 mutations for various cancers. CSCC shows the highest ID9 mutations per Mb. The bottom x-axis represents the cancer types, and the upper x-axis shows the number of samples measured for specific cancer types. y-Axis indicates the number of mutations per Mb. Data for other cancers was obtained from ID9 signature details from COSMIC V3.2 and compared with CSCC data. CSCC data is calculated as ID9 signature score/3100 (coverage for hg38 genome).



We identified substantial somatic variation within the 3′UTR region of EVC, LUM, and PPP1R1A. EVC affects ciliary Hedgehog (Hh) regulation. Aberrant overexpression of EVC (and upregulation of Hh) has been reported in adult T-cell leukemia as a result of epigenetic modulation (54). The expression of EVC is reduced in nodal deposits of metastatic breast cancer compared with primary breast cancer, suggesting a role in the metastatic process (55). LUM is a major keratan sulfate proteoglycan that plays a role in collagen fibril organization, circumferential growth, epithelial cell migration, and tissue repair, among many other functions (56). PPP1R1A encodes a protein phosphatase inhibitor, which appears to have a variable but significant role in the metastatic process. For example, it is overexpressed in Ewing sarcoma and has been proposed as a driver of metastasis (57). Conversely, levels of PPP1R1A were reduced in breast cancer when compared to adjacent non-diseased breast tissue (58). Within our cohort, we observed a unique recurrent missense mutation in the 3′UTR of PPP1R1A in five samples.

LINC01003 was the most mutated lncRNA in our cohort (64% of samples). In multiple myeloma, LINC01003 behaves as a tumor suppressor genomic element. Upregulation suppresses multiple myeloma by repressing cell viability and adhesion and promoting apoptosis. This effect is via its sponge effect on miR-33a-5p and its target PIM1 (59).

As has been frequently reported for CSCC (5) (Supplementary Figure S1), TP53 and CDKN2A were also the most recurrently altered genes in our cohort. Loss of function mutations within TP53 and CDKN2A are well known to adversely impact cell cycle pathway control and DNA repair mechanisms, thus increasing TMB. Furthermore, TP53 and CDKN2A mutations in other squamous cell carcinomas such as NSCLC (60) and HNSCC (61) correlates with response to immune checkpoint inhibitors. With TP53 and CDKN2A as driver genes in our study, the generally high response rates to immune checkpoint inhibitors in advanced and metastatic CSCC is not surprising. Kilnakis et al. (62) describe a pattern of TP53 mutation that differed between primary and metastatic disease in head and neck (mucosal) SCC. They found an overall lower rate of mutations in metastatic tumors but a higher concentration of missense mutations in the DNA binding regions of the gene. However, Yilmaz et al. (17) reported a significantly higher TP53 mutation frequency in metastatic (85%) compared to primary CSCC (corrected p-value <0.002). Our cBioPortal dataset analysis indicated no difference in variant frequency for TP53 between primary and metastatic CSCC (refer to Supplementary Figure S1), suggesting retention in metastatic tumors.

Of note in our study was the absence of significant or recurrent SNVs affecting NOTCH1/2. Inman et al. (15) compared well-differentiated to moderately and poorly differentiated primary CSCC and identified NOTCH1, NOTCH2, TP53, and CDKN2A as the most commonly mutated genes, with ATP1A1, HERC6, MAPK1P1L, GRHL2, TRAPPC9, FLNB, and MAP3K9 identified as common early events in primary CSCC. Within this group, GRHL2 was associated with less well-differentiated tumors including those with a worse prognosis. In our cohort, only a single splice variant in GRHL2 was identified, suggesting that its role in metastatic disease is limited.

C9 (encodes complement component 9) was also identified as a potential driver gene by three driver identification tools, with SNVs identified in 52% of the samples in our cohort. C9 is part of the membrane attack complex (MAC) and has been shown to modulate cellular behavior in the tumor microenvironment (TME) (63). Since the TME plays a crucial role in tumorigenesis, progression, metastasis, and recurrence, C9 might have significant potential in CSCC progression to metastasis. Various other components of the complement system have been linked to CSCC progression and immunosuppression and implicated as potential therapeutic targets (64–66). With respect to C9 specifically, it appears to be recurrently mutated in CSCC specimens (31% in primary and 10% in metastatic CSCC) as identified in the cBioPortal database (Supplementary Figure S1). and high expression levels have been proposed as a potential biomarker for the detection of gastric cancers (67) (68). Furthermore, the restrained expression of C9 in tumor-associated macrophages promotes non-small cell lung cancer progression (69).

Apart from TP53, CDKN2A, and C9, we identified nine other potential driver genes with the most recurrently mutated gene being KHDRBS2 (48% of cohort) with various impacts, including stop gained, complex, and synonymous types apart from missense variant across the cohort. In the cBioPortal database, this gene is mutated in 20% of metastatic CSCC specimens (Supplementary Figure S1), suggesting that it is a reasonably recurrently mutated gene in this disease.

A comparison of mutational frequency of primary and metastatic CSCC on the cBioPortal data suggests the potential of COLEC12 (primary=25%; metastatic=60%) and SLC22A6 (primary=16%; metastatic=30%) as drivers in metastatic CSCC (Supplementary Figure S1). Both COLEC12 and SLC33A6 are mutated in 44% of the samples in our cohort, and many of them are high-impact SNVs. COLEC12 is involved in leukocyte recruitment and cancer metastasis (70) and regulates the apoptosis of osteosarcoma (70). Moreover, COLEC12 is a potential biomarker of anaplastic thyroid cancer (ATC) (71). In one study of cancerous gastric stromal cells (GSCs), the role of COLEC12 is found in mediating the crosstalk between GSCs and dendritic cells (DCs) (72). On the other hand, SLC22A6 is known as an organic anion transporter 1 (OAT1). Expression and function alterations of OAT1 play an essential role in therapeutic efficacy and the toxicity of many drugs, such as for anti-cancer drugs methotrexate, bleomycin, and cisplatin-related toxicity (73–75). OAT1 variation associated with cardiotoxicity in pediatric acute lymphoblastic leukemia and osteosarcoma (76). Furthermore, the role of OAT1 in breast cancer metastasis has been reported (77). Important cancer-related roles of the other potential CSCC drivers are reported in Supplementary Table S7.

Loss of PTPRD was the most prominent copy number alteration in our 25 samples. PTPRD encodes protein tyrosine phosphatase receptor D, which belongs to a family of receptors whose action opposes that of the tyrosine kinases, which are central to cell growth and differentiation and oncogenic transformation. Large-scale genomic events impacting CDKN2A can also affect PTPRD due to their proximity on chr9 (78). In head and neck SCC, PTPRD inactivation significantly increases STAT3 hyperactivation, which was associated with decreased survival and resistance to epidermal growth factor receptor (EGFR)-targeted therapy (79). PTPRD has been implicated as a tumor suppressor in several cancers with inactivating somatic variants found in >50% of GBM and between 10% and 20% of head and neck mucosal SCC (HNSCC) (80). Lambert et al. (45) described deletions of PTPRD in 37% of metastatic primary CSCC and metastases. In addition, some of their cases also displayed a variant in the minor allele concordant with the deletion leading to a LOH event. It is thus possible that PTPRD plays a tumor suppressor role in preventing metastatic CSCC.

There were no recurrently amplified genes except for CALR, CCND1, and FGF3, which were each only amplified in 2/25 samples (Table 3). CALR encodes a ubiquitous endoplasmic-reticulum-bound calcium receptor (81). Cellular stress can move CALR fragments to the plasma membrane from the ER and influence immune recognition of cancer cells. Recent analysis of CALR fragments in myeloproliferative disease suggests an immunosuppressive influence of extracellular CALR (82). Cyclin D1 (CCND1) amplification is associated with nodal metastasis and worse survival in oral SCC (83). In a review of CCND1 copy number variation in metastatic non-cutaneous melanoma, amplification was prominent in those patients whose disease did not respond to immune checkpoint inhibition (84). FGF3 amplification is more common in metastatic breast cancer than primary tumors (85). Targetable FGF3 amplification was associated with a poorer prognosis and lung metastasis in hepatocellular carcinoma (86). This amplification was seen in only 2% of total HCC but was most common in those cancers showing rapid response to sorafenib.

With respect to enrichment of driver gene alterations observed in our samples, dysregulation of the cell cycle pathway appears to be the central genomic theme of metastatic CSCC supported mainly by TP53 and CDKN2A. CDKN2A encodes the CDK inhibitor p16INK4a. This inhibitor is an important controller of the activity of CDKs and progression from G1 to mitosis in the cell cycle. Inactivating mutations in CDKN2A with effects on p16INK4a regulatory functions uncouple cell cycle control to promote cell survival and tumorigenesis (87). CDK4/6 inhibitors such as palbociclib, which has demonstrated response in metastatic breast cancer, may likewise be a potential therapeutic strategy for metastatic CSCC. Interaction between CDKN2A and TP53 through MDM2 and its regulation by ARF (also encoded by CDKN2A) further disable cell cycle and apoptotic pathways (GO: molecular function enrichment shows MDM2/MDM4 family protein binding). The pro-tumorigenic functions of the p53-MDM2-ARF network is gaining traction as a target for novel therapeutic strategies (88), which could also be applied to CSCC.

The cellular process defined by the term “TGF beta regulation of extra cellular matrix” was also significantly enriched showing a role for LUM, CDHR5, COLEC12, and CDKN2A in this process (Figure 5A). Compartment enrichment analysis found that these genetically altered genes are part of the extracellular compartment. Our previous differential expression study confirmed that TGFβ and the extracellular matrix component have an important role in metastatic CSCC (89). Inactivation of cell cycle control (through CDKN2A alterations for example) would allow tumor cells to escape from TGFβ-mediated suppressive effects. As loss of this growth-inhibitory response occurs at a level downstream of the core TGFβ signaling pathway, TGFβ then switches to a tumor-progression factor promoting epithelial-to-mesenchymal transition while inhibiting proliferation, differentiation, and the antitumor activity of multiple immune cells (90). As TGFβ receptor inhibition in combination with gemcitabine or immunotherapy is showing promise in other cancers (91, 92), this approach may also be applicable to metastatic CSCC.

Finally, miR-331-5p shows promise as a potentiator of CSCC drivers. miR-331-5p downregulation contributes to chemotherapy resistance/relapse in leukemia (93), and it inhibits proliferation by targeting PI3K/Akt and ERK1/2 pathways in colorectal cancer (94).



Conclusion

WGS provides insight into the unparalleled burden of mutation within metastatic CSCC, and our study has provided a deeper understanding of the genomic complexity of this disease. The functional impact of the varied and complex genetic alterations observed in metastatic CSCC should be validated in the future in confirmatory studies comparing whole genomes of non-metastatic primary tumors to metastatic tumors. This knowledge would significantly contribute to the identification of biomarkers in primary CSCC for predicting metastasis.
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Background

Substantial evidence suggests that receptor tyrosine kinases (RTKs) are overexpressed in tumors; however, few studies have focused on the prognostic value of RTKs in melanoma.



Objectives

The objective of this study is to evaluate the association between overexpression of RTKs and survival in melanoma patients based on immunohistochemistry (IHC) analysis.



Methods

Our review is registered on PROSPERO (http://www.crd.york.ac.uk/PROSPERO), registration number CRD42021261460. Seven databases were searched, and data were extracted. We used IHC to measure the association between overexpression of RTKs and overall survival (OS), disease-free survival (DFS), progression-free survival (PFS), and clinicopathology in melanoma patients. Pooled analysis was conducted to assess the differences between Hazard Ratios along with 95% confidence intervals.



Results

Of 5,508 publications examined following the database search, 23 publications were included in this study, which included data from a total of 2,072 patients. Vascular endothelial growth factor receptor 2 (VEGF-R2) overexpression was associated with worse OS and DFS in melanoma. Furthermore, there was an association between OS and the expression of several RTKs, including epidermal growth factor receptor (EGFR), mesenchymal-epithelial transition factor (MET), vascular endothelial growth factor receptor 1 (VEGF-R1), and insulin-like growth factor 1 receptor (IGF-1R). There were no significant correlations between EGFR overexpression and worse DFS or PFS. EGFR overexpression was associated with worse OS cutaneous and nasal melanoma, but not uveal melanoma. However, MET overexpression was related to worse OS in both cutaneous and uveal melanoma. Furthermore, EGFR overexpression was associated with a worse OS in Europe compared to other geographic areas. Moreover, EGFR and MET overexpression showed significant prognostic value in patients with the cut-off “≥10% staining”.



Conclusions

Our findings build concrete evidence that overexpression of RTKs is associated with poor prognosis and clinicopathology in melanoma, highlighting RTK expression has the potential to inform individualized combination therapies and accurate prognostic evaluation.





Keywords: receptor tyrosine kinases, malignant melanoma, prognostic value, survival analysis, clinicopathological features



Introduction

Malignant melanoma is a type of skin tumor with a high mortality rate. If not detected early, melanoma will deteriorate and metastasize. Malignant melanoma most frequently occurs in males aged 50–70 years, although the incidence of malignant melanoma in young people, especially females, has increased in recent years (1). The advent of immunotherapy and targeted therapy for melanoma, such as anti-programmed death ligand 1 (PD-L1) and cytotoxic T-lymphocyte associated protein 4 (CTLA-4), has improved the survival rate of melanoma patients. Despite these therapeutic advances, patients with advanced malignant melanoma often develop drug resistance. Once distant metastasis occurs, the sustained response rate to drug therapy is only about 30% (2). Therefore, it is essential to further study melanoma pathogenesis as well as identify new biomarkers and combination treatment options to effectively treat this disease.

Receptor tyrosine kinases (RTKs) are single transmembrane receptors that participate in the development and progression of a variety of tumors. In solid tumors, overexpression or mutations of RTKs promotes the malignant biological behavior of tumor cells. Additionally, RTK overexpression is closely related to the maintenance of tumor stemness, drug resistance, recurrence, and high-metastasis rate (3–6). Some RTKs, such as epidermal growth factor receptor (EGFR) and vascular endothelial growth factor receptor (VEGFR), may represent potential biomarkers that can assist in the prognostic evaluation and inform treatment options. Faião-Flores et al. demonstrated receptor tyrosine kinase-like orphan receptor 1/2 (ROR1/2) and insulin-like growth factor 1 receptor (IGF-1R) signaling were critical pathways that participated in the escape of advanced uveal melanoma from MEK inhibition (7). Some small molecule tyrosine kinase inhibitors (TKIs) targeting carcinogenic-related RTKs have been put into clinical trials (8–10). However, it is still necessary to explore the value of RTKs as a prognostic tool, which can lead to accurate diagnosis and inform individualized treatment regimens. In some cancers, a number of RTKs, including EGFR or VEGFR, have been demonstrated as prognostic markers and there are targeting drugs for individualized therapy. However, it is still unclear which RTKs may represent prognostic biomarkers in melanoma as there is minimal evidence from comprehensive analysis to prove it. The exploration of carcinogenic RTKs has become a trendy field in cancer research. Deciphering the prognostic value of RTKs from a comprehensive analysis can provide substantial evidence for clinical survival estimation and inform the use of individualized, combined therapies especially for patients with advanced melanoma.

Because substantial evidence suggests that RTKs are overexpressed in tumors; however, few studies have focused on the prognostic value of RTKs in melanoma. To determine the prognostic value of RTKs, we systematically evaluate the association between overexpression of RTKs and clinicopathological features in patients with malignant melanoma.



Materials and methods

This systematic review and meta-analysis followed the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines and checklist. This study was preregistered on PROSPERO (https://www.crd.york.ac.uk/PROSPERO/) under number CRD42021261460.


Search strategy

Three independent reviewers (XL, YZ, LM) searched seven databases: PubMed, Cochrane, EBSCOhost, Embase, Ovid, ScienceDirect, and Web of Science without language restriction on 1st August 2021. Our search keywords were: “Melanoma” AND [“Receptor Tyrosine Kinases” OR “EGFR (Epidermal Growth Factor Receptor)” OR “IGFR (Insulin-Like Growth Factor Receptor)” OR “PDGFR (Platelet-Derived Growth Factor Receptor)” OR “VEGFR (Vascular Endothelial Growth Factor Receptor)” OR “FGFR (Fibroblast Growth Factor Receptor)” OR “NGFR (Nerve Growth Factor Receptor)” OR “HGFR (Hepatocyte Growth Factor Receptor)” OR “EPHR (EPH Receptor)” OR “AXLR (AXL Receptor)” OR “CCKR (CCK Receptor)” OR “TIER (TIE Receptor)” OR “RYKR (RYK Receptor)” OR “DDR (Discoidin Domain Receptor)” OR “RETR (RET Receptor)” OR “ROSR (ROS Receptor)” OR “LTKR (Leukocyte Receptor)” OR “ROR (Receptor Tyrosine Kinase Like Orphan Receptor)” OR “MUSKR (Muscle Associated Receptor)” OR “LMR(Lemur Receptor)”].



Inclusion and exclusion criteria

Studies were included in our meta-analysis and systematic review if they met the following criteria: (i) clinical study of RTK expression in melanoma; (ii) patients were diagnosed with melanoma by pathological or histological examination; (iii) immunohistochemical staining (IHC) was used to detect expression of RTKs in melanoma tissue; (iv) studies provided sufficient survival information for extraction or calculation of the individual Hazard Ratios (HR) and 95% Confidential Intervals (CI). We excluded studies if they met the following exclusion criteria: (i) melanoma was diagnosed without pathological or histological examination; (ii) basic research using cell line or animal model experiment; (iii) duplicate articles; (iv) review, conference abstracts, case reports, and letters. Two trained investigators independently screened study titles, abstracts, and full-text manuscripts for eligibility and disagreements were resolved by consensus of a third investigator.



Data extraction

Two independent reviewers (PJ and YH) extracted the following data from each selected manuscript: author name, year of publication, country, median patient age, study type, tissue type, RTKs and their expression, antibody used, cut-off value, clinicopathological features, follow-up time, outcome of study (time to event variables), HRs with 95% CIs for survival data, and Kaplan–Meier curves. Survival data were obtained from Kaplan–Meier curves. For studies without HR and 95% CI, we used the methodology previously proposed by Tierney and colleagues (11). Then, a third investigator (JG) verified the accuracy of the synthesized data, and disagreements were resolved by consensus.



Quality assessment

Quality assessment was performed by two investigators (XL and JG) independently using the 20-item Reporting Recommendations for Tumor Marker Prognostic Studies (REMARK) checklist (12, 13). The detailed explanation of 20 items used the checklist of McShane LM (14). According to the 20 items, each study was characterized as fully satisfied, partially satisfied, not satisfied, unclear, and not applicable. Discrepancies were resolved by a third investigator (LM).



Statistical analysis

The primary outcomes were Overall Survival (OS), Disease-Free Survival (DFS), and Progression-Free Survival (PFS). HR measuring the association between RTKs and its prognostic data were directly extracted from studies or estimated from the Kaplan–Meier survival curves with their 95% CI. Review Manager 5.3 was used for meta-analysis. Estimates of OS, DFS, or PFS were reported using HR and 95% CI. I2 value was used to describe heterogeneity among studies and P<0.05 indicated statistical significance. Subgroup analyses were used to study the prognostic value of RTKs by clinicopathological features, including disease type, geographic area, and the cut-off for each RTK marker.




Results

A total of 5,508 citations were identified from seven electronic databases (886 from PubMed, 74 from Cochrane, 285 from EBSCOhost, 2,234 from Embase, 421 from Ovid, 294 from ScienceDirect, and 1,314 from Web of Science). We excluded 5,478 studies after removing duplicates and screening titles and abstracts based on the exclusion criteria. Subsequently, 30 studies were assessed for eligibility by full-text reviewing. Among these studies, four studies were excluded due to the lack of sufficient survival data, two studies were excluded for not defining groups by RTKs expression and one was excluded because the HR or CI was not reported. Finally, 23 studies met the inclusion criteria and were selected for this meta-analysis. Among the included studies, eight studies used the Tierney method to estimate survival data from Kaplan–Meier curves due to the lack of direct survival data. The flow diagram shown in Figure 1 depicts the complete selection process.




Figure 1 | PRISMA flow diagram of selection process.




Study characteristics

The characteristics of 23 studies are presented in Table 1, which includes a total of 2,072 patients (15–37). Sample sizes ranged from 10 to 238. A total of 12 different RTKs were evaluated: EGFR, human epidermal growth factor receptor (HER)2, HER3, HER4, IGF-1R, VEGF-R1, VEGF-R2, VEGF-R3, mesenchymal-epithelial transition factor (MET), C-KIT, EphrinA1, and EphA2. RTK relative expression, antibodies used, and cut-off of biomarkers in each study are detailed in Table 2.


Table 1 | Characteristics of included studies.




Table 2 | Expression of RTKs in studies.





Quality of eligible studies

The REMARK checklist is widely used as a guideline to analyze the reporting of tumor markers in prognostic studies. In general, the overall quality of the 23 included studies was relatively high based on the REMARK checklist (Table S1), and the detailed clarification of 20 items followed the McShane LM checklist (Table S2) (14). Most studies failed to provide the rationale for their sample size, investigate assumptions, conduct sensitivity analyses, and conduct internal validation. In addition, due to the lack of standard prognostic markers recognized by the public, none of the studies showed a comparison of RTK expression with such indicators. Several studies did not clearly define all endpoints and missed estimated effects in multivariable analyses (15, 17, 19, 22, 25, 28, 29). However, because most included studies were retrospective and fulfilled the majority of our criteria, they have provided sufficient and convincing data for a comprehensive analysis.



Association between RTKs and OS

All included studies reported on the correlation between RTKs and OS (15–37). From these studies, we found that there was an association between overexpression of RTKs and OS. Worse survival could be found in patients with overexpression of EGFR (HR = 1.36; 95% CI, 1.07-1.73, P = 0.01, I2 = 31%), MET (HR = 1.54; 95% CI, 1.18-2.00, P = 0.001, I2 = 6%), VEGF-R1 (HR = 2.06; 95% CI, 1.03-4.15, P = 0.04), and VEGF-R2 (HR = 2.97; 95% CI, 1.51-5.86, P = 0.002, I2 = 0%) (Figure 2). However, there was no statistical difference between OS and IGF-1R (HR = 1.31; 95% CI, 0.92-1.87, P = 0.13, I2 = 88%), VEGF-R3 (HR = 1.76; 95% CI, 0.99-3.14, P = 0.05, I2 = 69%), C-KIT (HR = 0.65; 95% CI, 0.32-1.34, P = 0.24, I2 = 48%), EphrinA1 (HR = 1.38; 95% CI, 0.20-9.40, P = 0.74, I2 = 92%), and EphA2 (HR = 2.95; 95% CI, 0.84-10.30, P = 0.09, I2 = 85%) (Figure S1). Sensitivity analysis showed that there was a statistical difference between OS and IGF-1R using a fixed effects model (HR = 1.50; 95% CI, 1.31-1.73, P < 0.00001) without heterogeneity after excluding one study by Al-Jamal et al. (15). Furthermore, we discovered that there existed a statistical difference of pooled effect with no heterogeneity between VEGF-R3 and OS (HR = 2.46; 95% CI, 1.45-4.19, P = 0.0009) after excluding one study by Monteiro et al. (29) by using a fixed effects model.




Figure 2 | Forest plot illustrating the association between various RTKs and OS in melanoma. (A) EGFR, (B) MET, (C) VEGF-R1, (D) VEGF-R2.





Association between RTKs and DFS and PFS

Three studies reported DFS as the outcome, which included a total of 408 patients (17, 26, 33). Two studies (26, 33) found a significant association between increased VEGF-R3 and worse DFS in melanoma patients (HR = 3.07; 95% CI, 1.76-5.36, P < 0.0001, I2 = 44%) (Figure 3A). In addition, there was a significantly worse DFS in patients with overexpression of VEGF-R1 (HR = 2.50; 95% CI, 1.02-6.09, P = 0.04) and VEGF-R2 (HR = 7.35; 95% CI, 2.24-24.14, P = 0.001) (Figures 3B,C). However, one study by Boone et al. (17) reported that no significant association in patients with EGFR overexpression (HR = 3.03; 95% CI, 0.15-63.30, P = 0.47). One study by Nielsen et al. (30) found that there was no statistically significant association between high HER-4 and worse PFS (HR = 1.21; 95% CI, 0.75-1.95, P = 0.43) (Figure S2).




Figure 3 | Forest plot illustrating the association between various RTKs and DFS in melanoma. (A) VEGF-R3, (B) VEGF-R1, (C) VEGF-R2, (D) EGFR.





Association between RTKs and clinicopathological features

Nine studies (17, 21, 23, 24, 27, 30, 32, 35, 37) reported on EGFR and OS. Among them, five (17, 21, 24, 30, 32) reported on cutaneous melanoma, three (23, 27, 35) reported on uveal melanoma, and one (37) reported on nasal melanoma. We performed a subgroup analysis to assess whether the prognostic value of RTKs was related to pathology. By using a fixed effects model, we conducted a pooled analysis from six studies (17, 21, 24, 30, 32, 37), which demonstrated that EGFR overexpression was associated with significantly worse OS in patients with cutaneous melanoma (HR = 1.63; 95% CI, 1.13-2.36, P = 0.009, I2 = 0%) and nasal melanoma (HR = 3.51; 95% CI, 1.21-10.18, P = 0.02). However, there were no significant association between EGFR overexpression and uveal melanoma (HR = 1.07; 95% CI, 0.77-1.49, P = 0.68, I2 = 0%) (Figure 4A). Three studies (19, 20, 27) reported on the association between pathology and MET expression. MET overexpression was associated with a worse OS in cutaneous melanoma (HR = 3.23; 95% CI, 1.15-9.08, P = 0.03) and uveal melanoma patients (HR = 1.46; 95% CI, 1.11-1.92, P = 0.007, I2 = 0%) using a fixed effects model (Figure 4B). To find whether the prognostic value of RTKs is related to geographic research area, we performed a subgroup analysis for various categories: Europe, America, and Asia. Pooled analysis of EGFR expression from seven studies (17, 21, 23, 24, 27, 30, 32, 35, 37) demonstrated that EGFR overexpression was associated with a worse OS in Europe Genesis(HR = 1.41; 95% CI, 0.95-2.10, P = 0.09, I2 = 28%) and Asia (HR = 1.92; 95% CI, 0.78-4.75, P = 0.16, I2 = 61%) compared to other geographic areas (Figure 4C). After excluding one study by Trocme et al. (35), a statistically significant association was found in European patients with EGFR overexpression (HR = 1.63; 95% CI, 1.13-2.36, P = 0.009, I2 = 0). However, we could not study the overall effect of other RTKs due to the lack of sufficient studies and huge heterogeneity within the limited studies.




Figure 4 | Prognosis of various RTK and clinicopathological features. (A) EGFR and disease type, (B) MET and disease type, (C) EGFR and geographical areas.





Association between RTKs and biomarker cut-off

Biomarker cut-offs represented an important source of heterogeneity. Among the eight studies (17, 21, 24, 27, 30, 32, 35, 37) that reported on EGFR and OS, four (17, 21, 24, 27) of them used “≥10% of the tumor” as the cut-off, one (35) used “≥2+ staining”, one (37) used “0–100% staining”, one (32) used “German immunohistochemical scoring (GIS)>6”, and one (30) did not provide a clear definition. The study that used a cut-off of “≥10% of the tumor” revealed a significant association between EGFR expression and OS (HR = 1.60; 95% CI, 1.08-2.37, P = 0.02, I2 = 0%), whereas the rest studies did not show strong power due to the limited study quantity (Figure 5A). Three studies (19, 20, 27) reported the cut-offs for MET expression: two of them (20, 27) used “≥10%” and the other one (19) used “≥20%”. A statistically significant association was found in both two cut-off categories (“≥10%”, HR = 1.46; 95% CI, 1.11-1.92, P = 0.007, I2 = 0%) (Figure 5B). Due to the lack of studies focusing on other RTKs and biomarker cut-offs, we could not measure the pooled effect of these variables.




Figure 5 | Association of various RTKs and cut-off. (A) EGFR, (B) MET.






Discussion

To our knowledge, this is the first and largest meta-analysis that systematically explores the prognostic value of RTKs in malignant melanoma, which included 23 studies with a total of 2,072 patients. Our findings suggest that overexpression of RTKs, based on IHC analysis, is closely associated with poor prognosis in malignant melanoma patients. Furthermore, the prognostic value of the examined RTKs varied according to the clinicopathological characteristics of patients, such as pathological subtype, geographical area, and cut-offs of biomarkers, highlighting the clinical and predictive value of RTK expression.

The pooled prognostic value of RTK overexpression in melanoma has major implications for the field with respect to accurate survival estimation and the selection of individualized combination therapies. By comprehensively gathering and evaluating studies utilizing IHC analysis for resected melanoma, we innovatively investigated the relationship between overexpression of RTKs and survival outcomes. Our results indicated the prognostic value of overexpression of RTKs, including EGFR, MET, VEGF-R1, VEGF-R2, VEGF-R3, and IGF-1R. Numerous studies have reported that aberrant overexpression of RTKs were related with the pathogenesis of melanoma and these RTKs might be used as therapeutic targets. The abnormal expression and activation of EGFR are closely related to the progression and drug resistance of melanoma patients (38, 39). In our study, we also found an association between EGFR overexpression and worse OS in melanoma patients. Additionally, VEGFR has been identified as a potential therapeutic target for the treatment of melanoma, which may inhibit malignant melanoma metastasis and progression. Furthermore, several VEGFR inhibitors have been used in clinical trials to treat melanoma patients (40–42). Roger et al. found VEGFR expression can be used to evaluate chemotherapy efficacy and prognosis of melanoma patients following chemotherapy treatment (43). Our findings are consistent with their conclusions as the pooled HRs of survival data concerning VEGFR overexpression are relatively higher than other RTKs. Hepatocyte growth factor receptor (c-mesenchymal-epithelial transition factor, c-Met) is a transmembrane protein encoded by the Mesenchymal-epithelial transition factor (Met) gene, which is usually abnormally expressed in melanoma due to increased copy number, exon skipping, and gene mutations (19, 44). Several studies also found that c-MET may represent a potential biomarker and therapeutic target for melanoma, which warrants further exploration (45, 46). We also found that MET overexpression is associated with worse OS in melanoma patients, which could be partly explained by the oncogenic role of the Met pathway in the process of drug resistance and immune response. In addition, Villanueva et al. observed that the increased IGF-1R in post-relapse melanoma is consistent with acquired BRAF inhibitors resistance, which also confirmed the prognostic value of IGF-1R in disease progression (47). With more and more clinical trials targeting RTKs, the prognostic value of RTKs and combined therapies are expected to bring new hope to advanced melanoma patients.

In this meta-analysis, the association between the prognostic value of RTK overexpression and the clinicopathological characteristics of melanoma, including pathological subtype, geographic area, and the cut-offs for IHC analysis, was also explored. RTK expression or mutations depends on the melanoma subtype, such as mucosal melanoma (vs. cutaneous melanoma), acral lentiginous melanoma (vs. other cutaneous melanoma), and amelanotic melanoma (vs. melanotic melanoma). Due to the heterogeneity of melanoma, it is critical to investigate relevant RTKs based on their expression and prognostic value by disease subtype. By utilizing subgroup analysis, we found EGFR overexpression was associated with worse OS in cutaneous melanoma and nasal sinus melanoma, but not uveal melanoma. Moreover, MET overexpression was associated with worse OS in both cutaneous melanoma and uveal melanoma. Topcu-Yilmaz et al. suggested that EGFR overexpression was significantly correlated with clinicopathological parameters, such as mitosis rate, in uveal melanomas (48). We believe that the difference may be related to the different evaluating outcomes given we focused on survival data such as OS, PFS, and DFS. In addition, c-Kit mutations and expression were found in mucosal melanoma, acral lentiginous melanoma, and amelanotic melanoma. However, there was no significant association between OS and c-KIT in our study, which might be attributed to melanoma anatomical heterogeneity.

The incidence and prognosis of melanoma patients from various geographic regions were quite different. For instance, the proportion of acral melanoma in black patients with cutaneous melanoma was 80.0%, whereas it was relatively infrequent in Caucasian patients (49, 50). Furthermore, African descendants had more advanced disease stages and higher melanoma-specific mortality compared to Caucasians who usually had a better prognosis (51–53). In our study, we found a statistically significant association between EGFR expression and patients in Europe compared to other geographic areas. However, due to a lack of enough studies on these markers, we could not conduct a comprehensive analysis on the relationship between other RTKs and geographic factors, which might affect the geographic location-specific clinical application of RTK biomarkers for prognostic prediction.

The major strength of our study was the overall prognostic analysis of RTKs and their connection with clinicopathological characteristics. We strictly evaluated the quality of all included studies using the REMARK guidelines. We found some reports did not clearly define all endpoints and overlooked estimated effects in multivariable analyses, which were excluded from our analysis. Furthermore, we explored heterogeneity due to varying biomarker cut-offs used in different studies, which may directly influence the definition of RTK overexpression. We found that studies with EGFR or MET overexpression showed significant prognostic value in patients when the cut-off “≥10% staining of tumor cells” was applied. However, some included studies did not define the specific cut-off or used different cut-off standards from staining scores or other evaluation scores such as GIS scores. Future studies should unify on the cut-offs of biomarkers to conduct homogeneous research. Besides, single-target therapies are often ineffective and prone to recurrence in cancer treatment (54). Currently, most studies focusing combining targeting RTKs with immunotherapy are confined to basic studies, although several therapies using multi-target TKIs, such as imatinib and ipilimumab, have entered clinical trials (55). Due to the existing diversity in patients’ genetic subtypes and pathological characteristics, targeting prognostic RTKs with combination therapies may provide a comprehensive treatment regimen which may produce a long-term therapeutic effect and reduce immune-related adverse events.

This meta-analysis suffers from several limitations. First, due to the lack of sufficient studies reporting clinicopathology issues, such as recurrence, invasion (Breslow thickness), and distant metastasis, we could not conduct a comprehensive analysis on the relationship between these clinicopathologic variables and prognosis or survival. Also, we could not measure the publication bias due to the limited number of studies on each outcome. Additionally, some heterogeneity may arise due to the fact that survival data from several studies were estimated from Kaplan–Meier curves, which increased the chances of deviation to some extent. Most cases were retrospective analyses rather than randomized controlled clinical trials or prospective cohort studies, which may lead to publication bias. Finally, some RTKs have been studied extensively, whereas others are disadvantaged by limited studies. Such analysis can serve as preliminary findings on these lesser studied RTKs, although studies with large sample sizes are needed to get much more data to draw reliable conclusions.

In conclusion, our study provides concrete evidence that overexpression of RTKs is associated with poor prognosis and clinicopathology in malignant melanoma, highlighting the value of RTK in individualized combination therapies and accurate prognostic evaluation. The standard evaluating procedures and proper patients based on RTK expression should be further investigated. Randomized controlled trials or prospective cohort studies with large sample sizes are still required to comprehensively improve the prognostic application and combination therapies targeting RTKs in cancer research.
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Background

Melanoma has dramatically increased during last 30 years with low 5-year survival and prognosis rate.



Methods

Melanoma cells (A375 and G361) were chosen as the in vitro model. The immunohistochemical (IHC) analysis and bioinformatics mining exhibited the suppression of PCDH9 on melanoma. The interference and overexpression of PCDH9 were infected by lentivirus. The effects of PCDH9 on melanoma cells
were assessed in terms of alteration of PCDH9 such as cell viability, apoptosis, cell cycle, and wound-healing assay. Moreover, expressions of PCDH9 with other genes (MMP2, MMP9, CCND1, and RAC1) were also assessed by PCR.



Results

The alteration of PCDH9 has a negative correlation with MMP2, MMP9, and RAC1 but had a positive correlation with CCND1 (Cyclin D1) and apoptosis. Increase of PCDH9 could suppress melanoma cells and inhibit migration but not exert significant effects on cell cycle. IHC showed lower PCDH9 expression in melanoma tissue with main expression in cytoplasm.



Conclusions

Overexpressed PCDH9 suppressed melanoma cells, and PCDH9 can be considered as an independent prognostic factor for melanoma; even re-expression of PCDH9 can serve as a potential therapeutic strategy for melanoma treatment.





Keywords: PCDH9, RAC1, melanoma cell suppression, MMP2, MMP9, CCND1 (Cyclin D1)





Graphical Abstract | Proposed model for the role of PCHD9 regulates melanoma. Increase of PCDH9 suppressed NADPH oxidase activity, decreased ROS generation, and ROS-induced angiogenesis. PCDH9 can target complex-bound Rac1 to weaken angiogenesis by regulating NADPH oxidase, ROS production, and DNA damage susceptibility through cyclin D1 trafficking. VEGF binding to VEGFR2 leads to activating and translocating RAC1 into the plasma membrane. Whereas ROS-dependent signaling events may trigger angiogenesis (i.e., cell migration and proliferation) and influence MMP2 that affect growth factor and tumor promoter stimulation as well.





Introduction

Cutaneous melanoma, a type of skin cancer, develops in melanocytes, which takes up to 2% of all cancer deaths globally (1). The incidence rates of cutaneous melanoma are quite different among countries: lower incidence in Asia than in the West due to genetic sensitivity responses among populations. According to WHO’s Global Health Estimates, there are 0.43–0.48 new cases per 100,000 people in East and Southeast Asia, whereas 12.6–18.8 new cases per 100,000 people in North America and Europe each year (1). The prognosis of melanoma varies in different diagnostic stages: a 5-year survival rate of 98% for patients with non-metastatic cutaneous melanomas compared with 62% and 16% for patients suffering regional and distant metastatic melanoma, respectively (2). The melanoma characters of Asian and European population are different in subtypes frequencies, risk factors, and mutation patterns (3). Although the incidence rate of cutaneous melanoma is lower in the Asian population, the mortality rate is higher and commonly with poorer prognosis (4). Therefore, the existing studies based on the Caucasian populations are not suitable for melanoma in Asian countries. For the above reason, we conduct the study of melanoma inhibition by resveratrol and found that this natural product can suppress A375 (a melanoma cell line) along with protein expression fluctuation (PCDH9, RAC1, and Cyclin D1) (5). On the basis of this, the Chinese patients’ skin biopsy was assessed by immunohistochemistry (IHC) following the work by Dinehart et al. (6), in which the varieties of protocadherin 9 (PCDH9) expressions were found among patients’ skin, normal skin, and pigmented nevus tissue.

PCDH9 belongs to protocadherin, which constitutes the largest subfamily of cadherin group (including type I classical cadherins, type II atypical cadherins, desmosomal cadherins, flamingo cadherins, and protocadherin) (7). The protocadherin subfamily is calcium-dependent cell-cell adhesion molecules that revealed six extracellular cadherin repeats with conserved calcium ion–binding domain (8). The focused PCDH9, a member of δ1-subfamily (including PCDH1, PCDH7, PCDH9, and PCDH11), is involved in cell adhesion establishment and disruption (9). Previous studies have revealed a strong correlation between δ-PCDHs and tumor suppressor, along with the low expressions of δ-PCDH that correlate with poor prognosis. Meanwhile, studies found that δ-PCDH inhibits tumor cell proliferation by regulating cell proliferation (10). In addition, studies found that the overexpression of PCDH9 could suppress different cancers (11, 12) and tumor cells by arresting cell cycle at G0/G1 phase (13, 14). However, scarce data of PCDH9 focus on inhibiting melanoma. Moreover, the role of P-cadherin behaves differently depending on tumor cell context (15). Interestingly, melanoma cells represent unique response to cadherins. Unlike tissues like bladder (16, 17), the effective role of P-cadherin exhibits suppressive behavior on melanoma, whose membranous expression decreased at the metastatic stage (18, 19). RAC1, a GTPase, has been studied profoundly as a conserved member of RHO family and has been recognized as a central signaling hub for oncogene transforming. Meanwhile, some investigations discover its activating mutations in malignancies especially malignant melanoma (20). In addition, RAC1 expression correlates with melanocyte proliferation and can evade immune checkpoint (21). RAC1 also plays important roles in tumor biology by modulating cell processes (22, 23). Hence, RAC1 is a good indicator to reflect the effect of PCDH9 on melanoma. RAC1 functions as a molecule switch between active guanosine triphosphate (GTP)-bound and inactive guanosine diphosphate (GDP)-bound states through conformation changes closed to the nucleotide-binding site (7). RAC1 could affect cellular adhesion, migration, and invasion (24), and it plays important roles in tumor biology by modulating cell processes (22, 23). Furthermore, the activities of RAC1 have been reported to involve different stages of oncogenesis, such as initiation, progression, invasion, and metastasis (25), even it was ranked as the third most frequently occurring mutation in melanoma induced by UV (26, 27). In addition, some reported reactive oxygen species (ROS) involve in tumor cell migration and invasion (28, 29), and a key component of NAPDH-oxidase complex is formed by RAC1, one of the major enzymatic sources of ROS in various tissues (30). However, it is reported that RAC1-dependent nicotinamide adenine dinucleotide phosphate (NADPH) oxidase complex is involved in endothelial migration by mediation of angiotensin-1 (Ang-1) and vascular endothelial growth factor (VEGF) (31, 32). As known, the endothelial migration is essential for tumor cell invasion, where RAC1–NADPH oxidase complex induce expression of matrix metalloproteinases (MMPs) after growth factor and tumor promoter stimulation (33, 34). MMPs are involved in extracellular matrix (ECM) regulation, which is important in the maintenance of microenvironment and homeostasis (35). MMP2 and MMP9 belonging to MMPs are classified as gelatinases. Moreover, several studies demonstrated the important role of MMPs in melanoma (35). MMP2 has high expression levels in primary nodular melanoma that is the predominant subtype in Yogyakarta, Indonesia (1, 36). In addition, MMP2 has been believed to act as a pro-tumorigenic and pro-metastatic factor in different cancers including melanoma (37), whereas MMP9 shares the similar effect on tumor that can reconstruct the ECM to make tumor invasive process easier along with highest presence in tumor development (including melanoma). MMP9 has also been considered as an indicator of invasiveness in malignant melanoma and a marker of treatment by BRAF (B-Raf proto-oncogene, serine/threonine kinase) inhibitors, a common genetic mutation in melanoma (38). Hence, MMP2 and MMP9 were chosen as tumorigenic indicators to exhibit the correlation between PCDH9 and melanoma suppression. CCND1 encodes Cyclin D1 protein that belongs to highly conserved cyclin family that exhibits periodicity abundance throughout cell cycle. Cyclin D1–CDK4 complex regulates cell cycle during G1/S transition. Cyclin D1 is the component of ternary complex (Cyclin D1/CDK4/CDKN18) and is required for the Cyclin D1–CDK4 complex translocation. CCND1 was selected to compare with the cell cycle assay due to our previous investigation of melanoma inhibition by resveratrol (5).

According to previous studies of ours and others, the main objective of this investigation is to clarify the role of PCDH9 in melanoma and to provide evidence and a novel possible treatment of melanoma. Certain assays (cell viability, apoptosis and cell cycle assays, and PCR) were performed to explore the alteration influence of PCDH9 in melanoma cells. Currently, we found that the following: 1) overexpression of PCDH9 could suppress melanoma cells and inhibit migration; 2) the alteration of PCDH9 had a negative correlation with MMP2, MMP9, and RAC1 but positive correlation with CCND1 (Cyclin D1) and apoptosis; 3) although the cell regulator gene, CCND1 (Cyclin D1) altered with PCDH9 but did not exert significant effects on cell cycle; and 4) the IHC results exhibited the lower positive percentage of PCDH9 expression in human melanoma tissue than in normal skin or/and pigmented nevus tissue, and IHC also showed the PCDH9 expression in melanoma tissue and mainly expressed in the cytoplasm. It suggests that Cyclin D1 (CCND1) could affect tumorigenesis by mechanism of nuclear trafficking (39) but not via cell regulating. Together, our results reveal that the alteration of PCDH9 expression could suppress melanoma proliferation and cell migration.



Material and methods


Chemical and antibodies

Dulbecco’s modified Eagle’s medium (DMEM), fetal bovine serum (FBS), phosphate buffer solution (PBS) (pH = 7.2), Diethyl Pyrocarbonate (DEPC)-treated water (Ambion), and TRIzol reagent (Invitrogen) were purchased from Gibco (Thermo Fisher Scientific, Shanghai, China); ethanol (70%), isopropyl alcohol, and Triton X-100 were bought from Sigma-Aldrich (Shanghai, China); Cell Counting Kit-8 (CCK-8) was bought from Dongren Chemical Technology (Shanghai, China); GV358-PCDH9 lentivirus and GV358-siRNA (short interfering RNA) lentivirus were designed by GeneChem (Shanghai, China); SYBR® Premix Ex Taq™ Ex Taq ™ II and PrimeScript™ RT reagent Kit with gDNA Eraser were bought from Takara Bio Inc. (Beijing, China); water was obtained from EPED-20TF (Nanjing, China).



Cell culture

Both cell lines A375 and G361 (ATCC® CRL-1619™) were bought from the American Type Culture Collection (ATCC) (MD, USA). They were grown in DMEM supplemented with 10% heat-inactivated FBS as well as penicillin (100 IU/ml) and streptomycin (100 μg/ml). Cells were maintained in a CO2 incubator at 37°C under a humidified atmosphere (95% air, 5% CO2).



Sample collection and preparation

Tissues [human normal skin tissue (n = 45), human pigmented nevus (n = 30), and primary malignant melanoma tissue (n = 30)] were collected and prepared as paraffin specimens until use. These tissues were ethically acquired from the outpatient clinic of the Affiliated Hospital of Guangdong Medical University with Chinese population (Han people) with personal identifiers redacted. The protocol of biopsy was proceeded according to the Ethical Committee of Guangzhou Medical University (PJ2015055KT).



Immunohistochemical stains

The paraffin specimens were deparaffinizated including two 100% xylene changes (xylene I, 10 min; xylen II, 10 min) followed by rehydration with a graded series of ethanol (anhydrous ethanol I, 5 min; anhydrous ethanol II, 5 min; 95%, 85%, and 75% ethanol, 5 min each) and then rinsed under distilled running water for 3–5 min. Antigen retrieval consisted of a 2-min incubation of slides in citric acid retrieval solution heated to 98°C with a commercial steamer following a cool down step to room temperature (cold water and ice pack were added), slides were transferred into a wet box and were then rinsed three times with PBS. After protein blocking, primary antibodies (1:200) (anti-PCDH9, Sigma-Aldrich; lot #; HPA015581) were incubated at 4°C overnight. After being in room temperature for 30 min, the slides were washed three times with PBS for 3 min each. After removing PBS and protein blocking, secondary antibodies (1:1,000) were added at room temperature for 1 h. The slides were then washed three times with PBS for 3 min each. After removing PBS, one drop of the prepared Diaminobenzidine (DAB) solution (1 ml A:1 drop B:1 drop C) for DAB staining was added, and the slides were observed under a microscope. After being rinsed in running water for 10 min, hematoxylin was added for 1 min, and then, the slides were washed by water for 5 min. The slides were then dehydrated in a series of ethanol (75%, 85%, 95%, and 100%) and 100% xylene changes and mounted with a coverslip with dry neutral resin.



Evaluation of various protein expressions in MM

Various protein expressions in MM were evaluated by semi-quantitative analysis, according to the staining intensity and the percentage of positive cells. The score standards of staining intensity were as follows: no coloration, 0; low intensity (light yellow), 1; medium intensity (light brown), 2; and high intensity (dark brown), 3. Five fields of view were randomly selected under a microscope (×400), and 500 cells were counted as one unit; meanwhile, the percentage of positive cells was calculated. The percentage scores were as follows:<5%, 0; 6%–25%, 1; 26%~50%, 2; 51%~75%, 3; and >75%, 4. The score standards were the product of staining intensity and percentage of positive cells: 0, negative (−); 1 to 4, positive (+); 5 to 8, moderately positive (++); and 9 to 12, strongly positive (+++).



Survival analysis

Gene Expression Profiling Interactive Analysis (GEPIA) is web server for comprehensive expression analyses (40). This web-based tool is based on The Cancer Genome Atlas (TCGA) (41) and Genotype-Tissue Expression (GTEx) (42). The GEPIA web server provides survival analysis. GEPIA was used to analyze the tumor metastasis indicators of this study, i.e., MMP2.



Transfection

Melanoma cells (A375 and G361) were seeded in six-well plates (1 × 105 cell per well) the day before transfection and were transfected by two types of lentiviruses (siRNA and PCDH9) (S3). Control groups were transfected with the empty vector. Blank groups were treated with transfection reagent only. Transfection was performed using GeneChem Transfection Reagent (Shanghai, China), according to the manufacturer’s instructions. Seventy-two hours after transfection, cells were observed by a fluorescent inverted microscope as screened by puromycin. The efficiency of PCDH9 alteration in melanoma cells was detected by real-time PCR.



Cell viability by Cell Counting Kit-8

Cells were seeded into 96-well plates at a density of 2 × 105 cells per well and treated by non-transfected plasmid, transfected with empty plasmid, and transfected with PCDH9-overexpressed plasmid as explained above. After incubation at 24, 48, 72, and 96 h, 10 μl of CCK-8 was added to each well, and cells were incubated for another 4 h at 37°C. The level of colored formazan derivative was analyzed on Thermo Scientific Multiskan FC (Vantaa, Finland) at a wavelength of 450 nm. The viable cells were directly proportional to the formazan production, and the percentage of viable ones was calculated. Equations 1 and 2 were utilized to determine the viability rate and inhibition rate, respectively





V%: the viability rate;

As: the absorbing values of experimental wells (cells with medium, CCK-8, and PCDH9-overexpressed plasmid);

Ab: the absorbing values of blank wells (medium, CCK-8, and empty plasmid);

Ac: the absorbing values of control wells (cells with medium and CCK-8);

I%: the inhibition rate.



Apoptosis detection by flow cytometer

Apoptosis was analyzed by cytometric analysis, using FITC Annexin V Apoptosis Detection Kit (BD, USA). Cells were seeded in six-well plate at a density of 1 × 106 cells per well. Briefly, cells were treated with Camptothecin stock solution (10 mg of lyophilized powders were dissolved in 2.87 ml of Dimethyl Sulfoxide (DMSO) to make 10 mM stock solution; 1 μl was used) and incubated for 5 h at 37°C. After that, the cells were centrifuged (1,000 rpm for 10 min), washed twice with cold PBS, and resuspended in 1× binding; 5 μl of FITC Annexin V and 5 μl of PI (Bio-Rad) were added to cell suspension, incubated, and protected from light for 15 min at room temperature. Finally, samples were analyzed using the BD FACS Canto II flow cytometer.



Cell cycle assay

Cell cycle was analyzed using the flow cytometry. Briefly, cells were seeded in six-well plates at a density of 1 × 106 cells per well. Cells were then detached, centrifuged at (1,000 rpm for 10 min), and then vortexed with 5 ml of cold 75% ethanol. Cells were incubated at −20°C for 2 h and washed twice with PBS to remove ethanol. Cells were resuspended in 0.5 ml of PI/RNase staining buffer (Bio-Rad) for 15 min at room temperature; samples were analyzed using the BD FACS Canto II flow cytometer.



Wound-healing assay

Cells were seeded into six-well plates at a density of 1.5 × 105 cells per well until confluency of 80%–100% is reached and then scratched by a sterile 10-μl pipette tip. Cells were washed twice with PBS; then, a complete medium was added to allow cells moving into the gap and photographed by using an inverted microscope DMI3000B (Leica, Germany) at 0, 24, and 48 h. ImageJ (MD, USA) was used to measure the wound space. Migration rate was calculated as the proportion of initial scratch distant of each sample and the mean distance between the borderlines of the remaining free cells after migration.



Quantitative real-time PCR analysis

Each frozen pellet of melanoma cells (A375 and G361), treated in different experimental conditions, was homogenized in a lysis buffer. Total RNA was isolated through the TRIzol Reagent Total RNA isolation system (Thermo Fisher Scientific, USA) according to the manufacturer’s reference guide. Total RNA was quantified by nanodrop and was reverse-transcribed by a PrimeScript RT reagent kit (TaKaRa) and referred to SYBR Green qPCR assay introduction (SYBR® Premix Ex TaqTM II kit) by MasterCycler Gradient PCR (Thermo Fisher Scientific, USA). The reaction mixture (20 μl) was taken and incubated for 3 min at 95°C. Quantification of genes was performed with the 2−ΔΔCT method, as described previously (43): The sample was cycled (95°C, 10 s; 60°C, 20 s) for 40 times by the ABI7500Fast Real-time PCR System Amplifier (Thermo Fisher Scientific, USA). The primers designed for selected genes (PCDH9, CCND1, MMP2, MMP9, and RAC1) and amplicon sizes are shown in Supplementary Table S1.



Statistical analysis

Data are shown as means ± SEM from at least three independent experiments. Two-tailed Student’s t-test was used to compare differences between two groups. One-way ANOVA followed by least significant difference post hoc tests was used to compare differences among three or more groups (Originlab 2020, Northampton, MA, USA). A value of p< 0.05 was considered statistically significant, whereas a value of p< 0.01 was considered highly statistically significant. *p< 0.05, **p< 0.01, and ***p< 0.001.




Results


PCDH9 protein expressed differences in normal skin, pigmented nevus, and melanoma tissue tested by IHC stains

IHC results showed that the positive percentage of PCDH9 expression was lower in human melanoma tissue than in normal skin or/and pigmented nevus tissue; in addition, PCDH9 was mainly expressed in the cytoplasm, whereas a small amount was expressed in the nuclei. A positive percentage of PCDH9 was expressed in normal skin or/and pigmented nevus tissue but only 23.3% (7 of 30) in melanoma tissue, which was lower than that in non-tumor tissue (Table 1, Figure 1A). The IHC results are consistent with the studies of δ-PCDHs that include PCDH9 and are involved in cell adhesion establishment and disruption. Moreover, δ-PCDHs are demonstrated as tumor suppressors by regulating cell proliferation, and the lower expressions of δ-PCDH have poorer prognosis (10). Moreover, the expression of PCDH9 was significantly lower in high-grade and worse histological type of tumors of glioma, gastric, and prostatic cancers (44, 45).


Table 1 | The positive percentage of PCDH9 expression in normal skin, pigmented nevus, and melanoma tissues.






Figure 1 | (A) Immunohistochemical analyses of PCDH9 expression in normal skin, pigmented nevus, and melanoma tissue. Positive percentage of PCDH9 expression was lower in human melanoma tissue than in normal skin or/and pigmented nevus tissue. PCDH9 was mainly expressed in cytoplasm but a small amount in nuclei. S100 and HMB45 are melanoma markers. The scale bar represents 200 μm. (B) Survival curves of MMP2 in normal and skin cutaneous melanoma (SKCM) tissues based on TCGA data in GEPIA. Red line represents the samples with MMP2 highly expressed (n = 229), whereas blue line exhibits lowly expression (n = 229) (log rank, p = 0.0047). HR represents hazard ratio. The p-value of HR is less 0.05 (p = 0.0052).





The survival analysis of MMP2

GEPIA was used for survival analysis of MMP2: The cutoff was set as median; the hazards ratio are calculated based on Cox pH model; all datasets were selected (BRAF Hotspot Mutants, NF1 Any Mutants, RAS Hotspot Mutants, Triple WT). The survival rate of highly expressed MMP2 is poorer than that of lowly expressed MMP2, and the HR is 1.5 (p< 0.05) (Figure 1B). The result of MMP2 survival analysis revealed the positive correlation between MMP2 and poor prognosis of melanoma, and it is consistent to the previous studies (1, 35) due to pro-tumorigenic and pro-metastatic effects of MMP2 (37).



PCDH9 expression affected selected genes expression

PCDH9 was overexpressed by lentivirus with PCDH9 plasmid (Figure 2A) and interfered by lentivirus with siRNA (Figures 2D, E). The relative expression of selected genes (CCND1, MMP2, and RAC1) varied with PCDH9 expression, but the effectiveness on them was different. PCDH9 and CCND1 (Cyclin D1) exhibited a positive correlation (Figures 2B–E), whereas MMP2, MMP9, and RAC1 exhibited a negative correlation with both melanoma A375 and G361 cells (Figures 2B–E).




Figure 2 | Effects of overexpressed and interfered PCDH9 in melanoma cells measured by PCR analysis (A). The expressions of PCDH9 were significantly upregulated by lentivirus infection. Overexpressed PCDH9 significantly upregulated CCND1 and downregulated RAC1 and MMP9 in both cells [A375 (B) and G361 (C)]. Interfered PCDH9 downregulated CCND1 and upregulated RAC1 and MMP2 in both cells [A375 (D) and G361 (E)]. *p < 0.05, and ***p < 0.001 compared in groups by using one-way ANOVA followed by least significant difference post hoc tests.





Effects of overexpressed PCDH9 on cell viability

The overexpression of PCDH9 reduced the proliferation of melanoma cells. Overexpressed PCDH9 groups showed indeed a lower viability than control groups (Figure 3). As time passed, the viability of melanoma cells tended to stabilize, but PCDH9-overexpressed groups had less viable cells than control groups in different durations, and the differences between PCDH9 and control groups were significant (24, 48, 72, and 96 h) (Figures 3A, B).




Figure 3 | The viability of melanoma cells significantly was reduced by overexpressed PCDH9 in A375 (A) and G361 (B) cells. The alteration of PCDH9 expression significantly affected the apoptosis of melanoma cells by using one-way ANOVA followed by least significant difference post hoc tests.





Effects of PCDH9 alteration on apoptosis and cell cycle

The apoptosis percentage of PCDH9 overexpression was exhibited by Supplementary Figures S1A (A375) and Supplementary Figures S1B (G361), whereas the apoptosis percentage of PCDH9 interference was exhibited by Supplementary Figures S1C (A375) and Supplementary Figures S1D (G361). The cell cycle percentage of PCDH9 overexpression was exhibited by Supplementary Figures S2A (A375) and Supplementary Figures S1B (G361), whereas the cell cycle percentage of PCDH9 interference was exhibited by Supplementary Figures S2C (A375) and Supplementary Figures S1D (G361). The overexpression of PCDH9 promoted the apoptosis in both melanoma cells (Figure 4A), whereas the interfered PCDH9 barely influenced the apoptosis in both cell lines (Figure 4B). The alteration of PCDH9 and apoptosis exhibited a positive correlation (Figure 4). Regarding the cell cycle arrest, there was no discrepancy between overexpressed PCDH9 or interfered PCDH9 groups and other groups (blank and control groups) in both cell lines (A375 and G361) (Figures 5A–D). Cyclin D1, encoded by CCND1, is the component of ternary complex (Cyclin D1/CDK4/CDKN18) that can regulate cell cycle during G1/S transition, but the changes of PCDH9 did not affect cell cycle. The results revealed that PCDH9 may affect melanoma cells by different ways.




Figure 4 | The apoptosis percentage of PCDH9 overexpression was exhibited by (A) A375 and (B) G361. The overexpression of PCDH9 significantly promoted apoptosis in both cell lines. *p< 0.05 compared in groups by using one-way ANOVA followed by least significant difference post hoc tests. The interference of PCDH9 reduced apoptosis in A375 cell line and in a more modest manner in G361 cell lines. *p < 0.05 compared in groups by using one-way ANOVA followed by least significant difference post hoc tests.






Figure 5 | The varieties of PCDH9 expression did not significantly affect melanoma cell regulation. The cell percentage of melanoma cells affected by overexpressed PCDH9 in different cell period time in A375 (A) and G361 (B) cell lines. The cell percentage of melanoma cells affected by PCDH9 interference in different cell period time in A375 (C) and G361 (D) cell lines. *p < 0.05 compared in groups by using one-way ANOVA followed by least significant difference post hoc tests.





Effects of overexpressed PCDH9 on wound healing

With respect to cell migration, after quantifying the scratched boundary by ImageJ (Figures 6A, C), the results revealed that the relative density decreased with the duration of cell culture in the blank and control groups (p< 0.001), whereas the relative wound density did not significantly change in the overexpressed PCDH9 groups (p > 0.05) (Figures 6B, D). The relative wound density of scratched boundary was significantly different in the overexpressed PCDH9 groups compared with the blank and control groups after 24 and 48 h (p< 0.001) (Figures 6B, D). The wound did not heal so much, when PCHD9 were overexpressed (Figure 6).




Figure 6 | The scratched boundary of migrator cells was observed by inverted microscope DMI3000B (Leica, Germany). Representative image of melanoma cells invaded from the scratched boundary in A375 (A) and G361 (C) cell lines. Relative density of scratched boundary was not altered in overexpressed PCDH9 groups comparing with blank and control groups in A375 (B) and G361 (D) cell lines. *p < 0.05, and ***p < 0.001 compared in groups by using one-way ANOVA followed by least significant difference post hoc tests.






Discussion

Specimen investigations of IHC assay exhibited lower PCDH9 expressions in malignant melanoma specimens than in benign nevus tissue or/and normal skin. Moreover, our study revealed that PCDH9 was mainly expressed in the cytoplasm rather than in nuclei. This result is consistent with other cancers like glioma, gastric, and prostatic, in which lower expression of PCDH9 was observed in high-grade and worse histological type of tumors (44, 45). The survival analysis of MMP2 associated the high expression with the lower survival rate and the low expression with the higher survival rate. The HR was 1.5 (p< 0.05). Our study agreed with the previous investigations that MMP2 and MMP9 can represent a biomarker of malignant melanoma (37), and downregulating MMP2 expression would increase prognostic survival. We explored and performed a series of investigations, including cell viability assay, apoptosis assay, and PCR of PCDH9 alteration by lentivirus (GV358-PCDH9 and GV358-SiRNA) in A375 and G361. According to our results, overexpressed PCDH9 upregulated expressions of CCND1, whereas MMP2, MMP9, and RAC1 were downregulated. Interfered PCDH9 induced downregulation of CCND1, whereas MMP2, MMP9, and RAC1 were upregulated. The results agreed with the previous studies that the lower expression of PCDH9 was associated with the worse mean survival rate (44, 45). The alteration of PCDH9 exhibited positive correlation with apoptosis that the apoptosis was promoted with overexpressed PCDH9 but decreased with interfered PCDH9. The overexpression of PCDH9 reduced the viability of melanoma cells. Our results agreed with recent studies that found lower PCDH9 expression in various cancer types (41, 46, 47). The alteration of PCDH9 affected CCND1 (Cyclin D1), the cell regulator protein. The previous investigations of hepatocellular carcinoma (HCC) found that PCDH9 suppresses HCC cells by inducing cell cycle arrest at G0/G1 phase (13). Our results suggested that the effect of PCDH9 on melanoma by RAC1 suppresses RAC1-dependent NADPH oxidase activity to decrease ROS generation and ROS-induced angiogenesis. PCDH9 can target complex-bound RAC1 to weaken angiogenesis by regulating NADPH oxidase, ROS production, and DNA damage susceptibility through cyclin D1 trafficking. VEGF binding to VEGFR2 leads to activating and translocating RAC1 into the plasma membrane, whereas ROS-dependent signaling events may trigger angiogenesis (i.e., cell migration and proliferation) and influence MMP2, which affect growth factor, tumor promoter stimulation, and prognostic survival as well. Moreover, RAC1 could affect cellular adhesion, migration, and invasion as well (24). However, the alteration of PCDH9 expression did not affect melanoma cell regulation in a significant manner (p > 0.05). This result suggests that PCDH9 and Cyclin D1 (CCND1) could affect melanoma cell by different mechanisms. Cyclin D1 (CCND1) could affect tumorigenesis via nuclear trafficking (44), which resulted in PCDH9 mainly expressed in the cytoplasm but not in the nucleus. The results of wound-healing assay revealed that the overexpression of PCDH9 could inhibit the cell migration or the duration, which similar to PCDH9 affecting on HCC (48). Recently, Gross et al. found the role of store-operated Ca2+ entry (SOCE) in melanoma metastasis that the suppression of Ca2+ signaling worsened the melanoma progression and that the concentration of extracellular Ca2+ could play the important role (49). Unlike most tissues, melanocytes grow within the extracellular Ca2+; in contrary, non-native tissues will be tolerated at high concentration of extracellular Ca2+ (49). In the context of SOCE role, we speculate that the binding between PCDH9 and calcium ion can increase the adhesion of melanocytes, whereas the adhesion of non-native cells increases in lower expressions of PCDH9 that can enhance the migration of melanoma cells. To conclude, the increase of PCDH9 could suppress melanoma cells by observing the deregulation of MMP2, MMP9, and RAC1. Although the alteration of PCDH9 could influence CCND1 but not the cell cycle, which suggested it may affect melanoma cells by other mechanisms, such as SOCE combined melanoma cell migration, RAC1-dependent NADPH oxidase correlated with GTP-GDP switch. In summary, PCDH9 can be considered as an independent prognostic factor for melanoma, and re-expression of PCDH9 can serve as a potential therapeutic strategy for melanoma treatment.
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Sample Age Sex  Primary Metastasis Nodal Lymph node Extracapsular Grade’ Immuno-suppressive

(years) location location stage’ ratio” spread treatment
CSCC_0001 30 male  left lip left neck N3b 3/27 yes 1 no
CSCC_0002 78 male  right ear right parotid N3b 2/52 yes 3 no
CSCC_0003 74 male  unknown right parotid N3b 2/42 yes 3 no
CSCC_0004 64 male  bilateral lip bilateral neck N2c 3/55 no 2 no
CSCC_0005 78 male  left forehead left parotid N2a 4/4 Not stated 3 no
CSCC_0006 69 male left cheek left neck N3b 2/42 yes 3 azathioprine
CSCC_0007 87 male  unknown left neck N2b 1/16 no 3 no
CSCC_0009 66 male  bilateral right neck N3b 3/109 yes 2 cyclosporine A, tacrolimus
forehead
CSCC_0010 64 male left scalp left neck N3b 2/11 yes 3 no
CSCC_0011 69 male  unknown right parotid N3b 3/108 yes 3 no
CSCC_0012 77 male  right nose right neck N3b 4/64 yes 2 no
CSCC_0013 77 male  right pinna right parotid N3b /1 yes 2 no
CSCC_0014 79 female left cheek left perifacial N3b 1/1 yes 3 no
CSCC_0022 66 male  scalp left neck N3b 3/24 yes 3 no
CSCC_0024 54 male lip right neck N3b 3/32 yes 2 no
CSCC_0025 82 male  parotid Parotid N1 1/15 no 3 no
CSCC_0066 56 male  Unknown Parotid N1 1/1 no 3 no
CSCC_0124 80 male  Parotid Parotid N3b 1/6 yes Not  no
stated
CSCC_0125 43 male  parotid parotid N3b 1/20 not stated not no
stated
CSCC_0126 66 male  left temple left neck N3b 3/8 yes 3 no
CSCC_0130 70 male  unknown left parotid N3b 1/6 yes 3 no
CSCC_0132 76 male  right ear parotid/neck N2b 23/43 no 3 no
CSCC_0133 75 male unknown parotid N3b 1/4 yes not no
stated
CSCC_0134 71 male  unknown right neck N3b 917 yes not no
stated
CSCC_0135 82 male  unknown right neck 3b 1/48 yes 3 no

'Staging according to AJCC 8th edition.
*Lymph node ratio (Number of positive nodes/total nodes harvested).
3Grade 1: well differentiated; Grade 2: moderately differentiated; Grade 3: poorly differentiated.
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Gene symble Cytoband p-Value g-Value

SKCM
KRTAP19-1 21g22.11 0.0184 017
KRT17 17g21.2 0.0212 0.18
KRT15 17921.2 0.0921 0.355
KRT6B 12g13.13 0.138 0.431
LUAD
KRT16 17g21.2 0.0232 0.55
KRT6B 12q13.13 0.244 0.823
PAAD
KRT8 12q13.13 1.93E-04 0.0181
KRT18 12q13.13 1.40E-03 0.0408
KRT19 17921.2 3.01E-03 0.056
KRT15 17921.2 5.14E-03 0.0706
LGG
KRT7 12913.13 9.98E-03 0.101

The methylation levels of the differentially expressed genes listed in Table 1 were analyzed. A set of keratin genes was lesser methylated in the high-elF6 group. The lower methylation level
of keratins corresponded to their higher expression level in the high-elF6 group.
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This is the list of the keratin genes up-regulated over 2-fold (log fold change > 1) and changed with statistical significance (p-value < 0.05). The hazard ratio analysis allowed us to evaluate
the role of these genes in the survival of patients with various cancers. Al the listed genes hazard ratios were above 1-fold, which showed that their high expression were correlated with a

Worse prognosis.
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VA, Veterans Affairs; NMSC, Non-melanoma skin cancer.
Univariate analysis was performed on various clinical variables listed in the table to determine the odds of TP53 mutation. For each clinical variable, one group was assigned as a reference
for which to compare the odds of other groups, hence the odds ratio of the chosen reference group is 1. Odds ratio for other groups listed within a clinical variable will be in comparison to

the reference group odds of TP53 mutation.
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Personal history of melanoma Yes 23 0.93 0.30 2.92 0.90
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Family history of melanoma Yes 8 1.62 0.33 8.12 0.55
No 127 Ref == -
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VA, Veterans Affairs NMSC, Non-melanoma skin cancer.

Univariate analysis was performed on various clinical variables listed in the table to determine the odds of NRAS mutation. For each clinical variable, one group was assigned as a reference
for which to compare the odds of other groups, hence the odds ratio of the chosen reference group is 1. Odds ratio for other groups listed within a clinical variable will be in comparison to
the reference group odds of NRAS mutation.
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Genes Cluster Membership Corresponding Proteins Main Function

XPA 1 XPA Involved in multiple NER steps, e.g., DNA damage verification; interacts with almost all other NER proteins
ERCC4 1 XPF DNA lesion excision in a complex with ERCC1 at 5’ end from the lesion

ERCC5 1 XPG DNA lesion excision at 3’ end from the lesion

ERCC3 2 XPB DNA damage verification as TFIIH basal transcription factor complex DNA helicase subunit

XPC 2 XPC DNA-damage recognition in GG-NER

ERCC2 2 XPD DNA damage verification as TFIIH basal transcription factor complex DNA helicase subunit

DDB2 2 XPE Auxiliary DNA-damage-recognition factor in GG-NER

POLH 2 XPV DNA polymerase 1, which is an enzyme of translesion synthesis, that bypasses unrepaired DNA damage
ERCC1 2 ERCC1 DNA lesion excision in a complex with XPF at 5’ end from the lesion

GG, global genome; NER, nucleotide excision repair; TFIIH, transcription initiation factor IIH.
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Parameter for predictive model AUC # parameters

CD274_XPA_ERCC2_ERCC4 0.85 4
ERCC3_XPC_ERCC4 0.80 3
TIS score_ERCC2_ERCC1_cluster 1 XP score 0.78 4
TIS score_CXCL13_CXCL9_CD274_cluster 1 XP score ~ 0.78 5
CXCL9_CD8A_CD274_ERCC2_cluster 1 XP score 0.78 5
CXCL9_CDSA_XPC_ERCC1_cluster 1 XP score 0.78 5
CD8A_CD274_ERCC3_ERCC4_cluster 1 XP score 0.78 5
XPA_ERCC2_ERCC1 _cluster 1 XP score_cluster 2 XP 0.78 5
score

CXCL9_ERCC3_ERCC4_cluster 1 XP score 0.77 4
CXCL9_CD8A_XPA_ERCC2_ERCC5 0.77 5
CXCL9_CD274_XPA_ERCC4_ERCCT1 0.77 5
CDS8A_CD274_DDB2_ERCC1_cluster 1 XP score 0.77 5
CD274_XPA_XPC_ERCC4_ERCC1 0.77 5
CD274_DDB2_ERCC4_ERCCT1_cluster 1 XP score 0.77 5
CD8A_ERCC2_ERCCT1 _cluster 1 XP score 0.76 4
ERCC3_ERCC4_ERCC1 _cluster 1 XP score 0.76 4
XPC_ERCC4_ERCC1 0.75 3
TIS score_XPA_ERCC2 _cluster 1 XP score 0.75 4
CXCL9_CDSA _XPC_cluster 1 XP score 0.75 4
CXCL9_CD274_ERCCT_cluster 2 XP score 0.75 4
TIS score_CXCL13_CD8A_ERCC4_ERCC1 0.75 5
TIS score_CD8A_CD274_ERCCT1 _cluster 1 XP score 0.75 5
TIS score_CD8A_CD274_cluster 1 XP score_cluster 2 0.75 5
XP score

TIS score_CD8A_ERCC3_ERCCH4_cluster 1 XP score 0.75 5

TIS score CD274 ERCC2 ERCC4 cluster 1 XP score 0.75 5
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Antibody used for evaluation

N-20; sc-712, Santa Cruz Biotechnology, Calif; dilution 1:500
Zymed Laboratories Inc, CA, USA
Santa Cruz, USA; dilution 1:200

ERBB3: Cell Signaling Technologies; dilution 1:250
MET: Cell Signaling Technologies; dilution 1:300

IGF-1R: N-20, Santa Cruz Biotechnology, Inc. (Santa Cruz,
CA)

c-Met: ImmunKemi (Novocastra Ltd., Newcastle-upon-Tyne,
UK)

DAKO Ltd, Cambridgeshire, UK

Oncogene Science (Manhasset, NY); dilution 1:1000

34a; Oxford University, UK

R-1; Santa Cruz Biotechnology, Santa Cruz, CA; dilution 1:20
R&D systems

Membrane EGFR (Dako)
nuclear EGFR (Leica Microsystems)

C-KIT: A4502; Dako, Glostrup, Denmark
PDGFR-A: 3164; Cell Signaling Technologies, Beverly, MA,
USA

Santa Cruz Biotechnology, Inc., Santa Cruz, CA; dilution
1:200

EGFR (R-1; 200 pl/ml)
c-Met (DQ-13; 100 pg/ml)
Santa Cruz Biotechnology, CA, USA

NG

NG
RB-9045-P1; Thermo Scientific; dilution 1:50
A4502; IMPATH, Calif., USA

clone C-17; Santa Cruz; dilution 1:50

Ephrin-Al: pAb SC-911; Santa Cruz
EphA2: pAb SC-924; Santa Cruz

clone C-17; Santa Cruz; dilution 1:50

Ventana Medical Systems

clone: PC100; Vebdor: Thermo Fisher Scientific Co.,
(Waltham, Massachusetts, USA); dilution 1: 300

Cut-oft

v
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v

10%
moderate to strong staining

2 20%

2 10%

> 10%

= 50%

250%
NG
NG

= 10%

intensity > 1+

> 10% of tumor cells
> 5% in endothelial cells

>10%

NG

NG
NG

22+ or greater Immunostaining

German immunohistochemical scoring (GIS)
>6

staining index = 9

“2,” strong staining intensity

3+ staining intensities
>85% percentages of positive cells

positive tumor cells
(Range: 0-100%)

RTK
overexpression

88 (68%)
13 (11.4%)
21 (62.5%)

ERBB3 12 (92%)
MET 9 (43%)

c-Met:75 (56.82%)
IGF-1R:42 (31.82%)

15 (29.41%)
15 (41.67%)
14 (23.3%)
6 (28.57%)

VEGF-R1 22 (52%)
VEGF-R2 68 (57.3%)
VEGF-R3 34 (52.7%)

NEGFR 24 (21.82%)
MEGER 31 (28.18%)

C-KIT 8 (80%)
PDGFR-A 0

34 (60.71%)

EGFR 18 (30%)
c-met 33 (55%)

EphA2 26 (28.6%)
ephrinA1 28 (30.8%)

NG
NG

HER-2/neu 2 (0.9%)
c-Kit 46 (22.8%)

moderate to high 85
(65%)

high in metastases 35
(40%)

FGFR 17 (11.7%)
Ephrin-Al 23 (15.8%)
EphA2 23 (15.9%)

42 (33%)
17 (70.83%)

45 (70.3%)
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2019
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2008

2002

2012

2014

2018

Country Case
Finland 167
Belgium 114
China 56
Sweden 40
Sweden 132
UK 51
Sweden 36
Greece 60

Netherland 22
Switzerland 238
110

Croatia

Germany 10

China 56
India 60
China 91
Germany NG
Belgium 105
USA 202
Germany 130
Norway 176
Sweden 128
USA 24
China 64

Age

NG

52
years
(37-64)
44 +2
years
(18-78)
64
years
(42-86)
63
years
(25-85)
NG

61
years
(23-87)

NG

66
years
(38-91)
623 £
158
years
5225
years
(31-79)
65
years
(55-75)
56.05 +
11.34
years
(27-81)
45
years
(9-74)
NG

NG

52
years
(25-87)
57
years
(15-
101)
19-90
years

NG

63 +
119
years
60.58 +
14.89
years
62
years
(27-85)

Breslow Metastasis Disease

thickness

NG

NG

NG

NG

NG

=210 mm 51
<1 mml1

NG

<8 mm 26
(43.33%)
>8 mm 34
(56.67%)

NG

23+27

3.8 mm
(0.8-15)

NG

1.83 + 1.03
mm
(0.3-4.1)

NG

NG

NG

2.3 mm
(0.7-45.0)

2.6 mm
(0.4-8)

range 0.4-
17 mm

NG

NG

NG

NG

53
(29.52%)
25
(21.9%)

5
(8.93%)

NG

55
(41.67%)

15

(29.41%)

18
(50%)

NG

7
(31.82%)

19
(25.3%)

NG

NG

31
(55.36%)

(10%)

NG

NG

105
(100%)

NG

53
(40.77%)

56
(31.82%)

58
(45%)

24
(100%)

NG

type
uveal

melanoma

melanoma

uveal
melanoma

cutaneous
melanoma

uveal
melanoma

melanoma

uveal
melanoma

uveal
melanoma

uveal
melanoma

melanoma

melanoma

esophageal
melanoma

melanoma

uveal
melanoma

melanoma

melanoma

melanoma

melanoma

cutaneous
melanoma

recurrent

melanoma

uveal
melanoma

Metastatic
uveal
melanoma

mucosal
melanoma

Follow-
up

20 years
(16-25)
33
months
(17-50)
45.8 + 3.0
months
(6-156)
NG

NG

NG

138.25 +
90.99
months
(1-245)

80
months
(1-154)

NG

5.71 years

NG

NG

NG

28.2+
3244
months

NG

NG

NG

NG

56 + 25
months

76
months
(13-210)

NG

NG

NG

Outcome
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[eN

[eN
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os

os

0os

0os
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Significant findings

IGF-IR did not independently predict
metastasis from primary uveal melanoma.

EGEFR involves in progression and
metastasis of a subset of melanomas.

Overexpression of EphA2 is correlated
with prognosis of choroidal melanoma.

Higher MET expression had a shorter OS
in cutaneous melanoma.

IGF-1R may play as a prognostic role in
uveal melanoma.

HER-2 overexpression has no prognostic
significance in thick melanoma.

High IGF-1R expression is a predictor for
the metastasis of uveal melanoma:

PVEGFR2/KDR was significantly related
with poor prognosis of uveal melanoma.

EGFR expression is an important
prognostic factor in human uveal
melanoma.

VEGEF-C and VEGF-R2 might be new
prognostic marker in melanoma.

EGEFR protein overexpression is
correlated with shorter OS in melanoma.

Esophageal melanomas harbor genetic
aberrations of c-Kit, KRAS, and BRAF.

VEGF-C and VEGF-D may be indicators
for prognostic evaluation of melanoma.

High c-Met expression is associated with
death due to uveal melanoma.

EphA2-high/ephrinA1-low exhibited
poorer outcomes than EphA2-high/
ephrinA1-high in melanoma

High expression of VEGFR-3 is
associated with poor OS in melanoma.
HERA4 is associated with PFS of malignant
melanoma.

Both c-Kit and VEGF may have
significant therapeutic implications in
melanoma.

HER3 is a determinant for poor
prognosis in melanoma.
Ephrin-A1/EphA2 pathway might be
important for patient survival of
melanoma.

Nuclear HER3 is associated with
favorable overall survival in uveal
melanoma.

IGF-1R expression is correlated with poor
prognosis in metastatic uveal melanoma.

Positive HER4 expression is correlated
with the prognosis in mucosal melanoma.
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Hazard Ratio Hazard Ratio
A _study or Subaroup _log[Hazard Ratio] _ SE Weight IV, Random. 95% CI 1V, Random, 95% CI
6.1.1=>10%
Boone 2011 -3.22 210.82 0.0% 0.04[0.00, 1.127E178] * ¥
Eliopoulos 2002 0.6 0.6 7.0% 1.82[0.56, 5.91] -1
Katunari¢ 2014 1.0152 04602 10.5% 2.76 [1.12, 6.80] ——
Mallikarjuna 2007 03 024 21.5% 1.35[0.84, 2.16] T
Subtotal (95% Cl) 39.0% 1.60 [1.08, 2.37] N g
Heterogeneity: Tau? = 0.00; Chi? = 1.95, df = 3 (P = 0.58); I>= 0%
Test for overall effect: Z = 2.34 (P = 0.02)
6.1.2 = 2+ staining
Trocmé 2012 -0.1543 0.2365 21.8% 0.86 [0.54, 1.36]
Subtotal (95% CI) 21.8% 0.86 [0.54, 1.36]
Heterogeneity: Not applicable
Test for overall effect: Z = 0.65 (P = 0.51)
6.1.3GIS>6
Reschke 2008 0.9695 0.4736 10.0% 2.64 [1.04, 6.67 =
Subtotal (95% CI) 10.0% 2.64[1.04, 6.67]] -
Heterogeneity: Not applicable
Test for overall effect: Z = 2.05 (P = 0.04)
6.1.4 0-100%
Zhu 2018 12556 0.5434  8.2% 3.51[1.21, 10.18] ———
Subtotal (95% CI) 82%  3.51 [[1 21, 1n.1s1] g
Heterogeneity: Not applicable
Test for overall effect: Z = 2.31 (P = 0.02)
6.1.5NG
Nielsen 2014 0.1906 0.2469 21.0% 1.21[0.75, 1.96] -
Subtotal (95% CI) 21.0% 1.21[0.75, 1.96] >
Heterogeneity: Not applicable
Test for overall effect: Z = 0.77 (P = 0.44)
Total (95% Cl) 100.0% 1.52[1.07, 2.15] 2
itv: Tau? = 0.09: Chi? = = = |2 = 409
e e e W
= ’ Favors [experimental]  Favors [control]
Test for subarouo differences: Chi? = 9.69. df =4 (P = 0.05). I? = 58.7%
Hazard Ratio Hazard Ratio
B _study or Subgroup _log[Hazard Ratio] SE_Weight 1V, Random, 95% Cl IV. Random.95%Cl
6.2.1 >10%
Economou 2005 0.3784 0.1398 88.6% 1.46 [1.11,1.92] .
Mallikarjuna 2007 441 22042 0.0% 82.27(0.00, 1.577E197] * i
Subtotal (95% CI) 88.6% 1.46 [1.11,1.92] L 4
Heterogeneity: Tau? = 0.00; Chi? = 0.00, df = 1 (P = 0.99); I>= 0%
Test for overall effect: Z = 2.71 (P = 0.007)
6.2.2 >20%
Das 2019 1.1733 0.5271  11.4% 3.23[1.15, 9.08] -
Subtotal (95% CI) 11.4% 3.23[1.15,9.08] —
Heterogeneity: Not applicable
Test for overall effect: Z = 2.23 (P = 0.03)
Total (95% ClI) 100.0% 1.60 [1.11, 2.29] ’ L 4 )
Heterogeneity: Tau? = 0.02; Chi? = 2.13, df = 2 (P = 0.35); I* = 6% 0.01 01 1 10 100

Test for overall effect: Z = 2.55 (P = 0.01)
Test for subaroup differences: Chi? = 2.12. df = 1 (P = 0.14).

=52.9%

Favors [experimental] ~ Favors [control]
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Hazard Ratio Hazard Ratio

A _study or Subgroup log[Hazard Ratio] SE Weight IV, Fixed. 95% C| IV, Fixed. 95%Cl
4.1.1 Melanoma
Boone 2011 322 21082 0.0% 0.04[0.00, 1.127E178] ¢ ¥
Eliopoulos 2002 0.6 06 4.1% 1.82[0.56, 5.91] [ =_
Katunari¢c 2014 1.0152 0.4602 7.0% 2.76[1.12, 6.80] - =
Nielsen 2014 0.1906 0.2469 24.5% 1.21[0.75, 1.96] i
Reschke 2008 0.9695 0.4736 6.7% 264 [1.04, 6.67] =
Subtotal (95% CI) 42.3% 1.63 [1.13, 2.36] <>

Heterogeneity: Chi? = 3.83, df = 4 (P = 0.43); I = 0%
Test for overall effect: Z = 2.61 (P = 0.009)

4.1.2 Uveal melanomas

Hurks 2000 239 226.46 0.0% 10.91[0.00, 6.325E193] ¢ »
Mallikarjuna 2007 03 024 259% 1.35[0.84, 2.16]
Trocmé 2012 -0.1543 0.2365 26.7% 0.86 [0.54, 1.36]
Subtotal (95% CI) 52.6% 1.07 [0.77, 1.49]

Heterogeneity: Chi? = 1.82, df = 2 (P = 0.40); I = 0%
Test for overall effect: Z = 0.41 (P = 0.68)

4.1.3 Sinonasal melanoma

Zhu 2018 1.2556 0.5434 51% 3.51[1.21,10.18]
Subtotal (95% CI) 51% 3.51[1.21,10.18]
Heterogeneity: Not applicable

Test for overall effect: Z = 2.31 (P = 0.02)

Total (95% CI) 100.0% 1.36 [1.07, 1.73]
Heterogeneity: Chi* = 11.64, df = 8 (P = 0.17); I = 31%

Test for overall effect: Z = 2.52 (P = 0.01)

Test for subaroun differences: Chi? = 5.99. df = 2 (P = 0.05). I# = 66.6%

0.01 0.1 1 10 100
Favors [experimental]  Favors [control]

Hazard Ratio Hazard Ratio
B _studyor Subgroup _log[Hazard Ratio] _ SE Weight IV, Fixed, 95% CI IV, Fixed. 95% CI
4.2.1 Cutaneous melanoma
Das 2019 1.1733 05271  6.6% 3.23[1.15,9.08] -
Subtotal (95% CI) 6.6% 3.23[1.15, 9.08] —~—
Heterogeneity: Not applicable
Test for overall effect: Z = 2.23 (P = 0.03)
4.2.2 Uveal melanoma
Economou 2005 0.3784 0.1398 93.4% 1.46[1.11,1.92] .
Mallikarjuna 2007 441 22942  0.0% 82.27[0.00, 1.577E197] ¢ >
Subtotal (95% CI) 93.4% 1.46[1.11,1.92] L d
Heterogeneity: Chi? = 0.00, df = 1 (P = 0.99); I = 0%
Test for overall effect: Z = 2.71 (P = 0.007)
Total (95% CI) 100.0% 1.54[1.18, 2.00] L 4
ity: Chi2 = 2= 2= 69
e bW
estioroverall e e_ :Z=3.18 P ) Favors [experimental] ~ Favors [control]
Test for subaroun differences: Chiz = 2.12. df = 1 (P = 0.14). 12 = 52.9%
Hazard Ratio Hazard Ratio
C _study or Subgroup _log[Hazard Ratio] _ SE Weight 1V, Random, 95% CI 1V, Random, 95% CI
5.1.1 Europe
Boone 2011 -3.22 210.82 0.0% 0.04[0.00, 1.127E178] * 4
Eliopoulos 2002 0.6 0.6 5.7% 1.82[0.56, 5.91] -1
Hurks 2000 239 22646 0.0% 10.91[0.00, 6.325E193] ¢ s
Katunari¢ 2014 1.0152 04602  9.6% 2.76[1.12, 6.80] -
Nielsen 2014 0.1906 0.2469 33.4% 1.21[0.75, 1.96] ™
Reschke 2008 0.9695 0.4736 9.1% 264 [1.04, 6.67] -
Trocmé 2012 -0.1543 0.2365 Not estimable
Subtotal (95% Cl) 57.8% 1.63 [1.13, 2.36] L 4
Heterogeneity: Tau? = 0.00; Chi? = 3.83, df = 5 (P = 0.57); I’ = 0%
Test for overall effect: Z = 2.61 (P = 0.009)
5.1.2 Asia
Mallikarjuna 2007 0.3 0.24 354% 1.35[0.84, 2.16] =
Zhu 2018 1.2556 0.5434 6.9% 3.51[1.21, 10.18]
Subtotal (95% CI) 42.2% 1.92[0.78, 4.75] -
Heterogeneity: Tau? = 0.28; Chi? = 2,59, df =1 (P = 0.11); P = 61%
Test for overall effect: Z = 1.42 (P = 0.16)
Total (95% CI) 100.0% 1.61 [1.22, 2.13] L 2
itv: Tau? = 0.00: Chiz = =7(P= 2= 09
Heterogeneity: Tau? = 0.00; Chi? = 6.43, df = 7 (P = 0.49); I = 0% 0.01 01 1 10 100

Test for overall effect: Z = 3.33 (P = 0.0009)

F imental]  F: trol
Test for subaroun differences: Chiz = 0.11. df = 1 (P = 0.74). 12 = 0% avors [experimental] - Favors [control]
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Jafari 2018 1.692 05142 30.6% 5.43[1.98, 14.88] ]
Liu 2008 0.8688 0.3417 69.4% 2.38[1.22, 4.66] B
Total (95% CI) 100.0% 3.07 [1.76, 5.36] >

Heterogeneity: Chi? = 1.78, df = 1 (P = 0.18); I? = 44%

01 1 10

001 100
Test for overall effect: Z = 3.94 (P < 0.0001) Favors [experimental]  Favors [control]
Hazard Ratio Hazard Ratio
B Hazard Rati E_Weight 1V, Ran IVRa"dmii‘?CI
Jafari 2018 0.9156 0.4546 100.0% 2.50[1.02, 6.09]
Total (95% CI) 100.0% 2.50 [1.02, 6.09] [
Heterogeneity: Not applicable
0.01 0.1 1 10 100
Test for overall effect: Z = 2.01 (P = 0.04) Favors [experimental]  Favors [control]
Hazard Ratio Hazard Ratio
Cc Study or Subgroup log[Hazard Ratio] SE Weight IV, Random, 95% Cl IV, Random. Sii_ch"
Jafari 2018 1.9953 0.6064 100.0% 7.35[2.24,24.14]
Total (95% Cl) 100.0%  7.35[2.24, 24.14] —~—
Heterogeneity: Not applicable t + + J
Pplc: _ 0.01 0.1 1 10 100
Test for overall effect: Z = 3.29 (P = 0.001) Favors [experimental]  Favors [control]
Hazard Ratio Hazard Ratio
D Study or Subgroup log[Hazard Ratio] SE Weight IV. Random. 95% CI 1V. Random. Qﬁ(}l
Boone 2011 1.11 1.55 100.0% 3.03[0.15, 63.30]
Total (95% ClI) 100.0%  3.03 [0.15, 63.30] e
Heterogeneity: Not applicable 0.01 01 1 10 100

Test for overall effect: Z = 0.72 (P = 0.47)

Favors [experimental] ~ Favors [control]
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A _study or Subgroup _log[Hazard Ratio] SE Weight 1V, Fixed, 95% CI 1V, Fixed. 95% CI
Boone 2011 322 21082 0.0% 0.04[0.00,1.127E178] * .
Eliopoulos 2002 06 06 41% 1.82[0.56, 5.91] .
Hurks 2000 239 22646  0.0% 10.91[0.00,6.325E193] ¢ >
Katunaric 2014 1.0152 04602  7.0% 276 [1.12, 6.80] —=*
Mallikarjuna 2007 03 024 25.9% 1.35[0.84, 2.16] —_
Nielsen 2014 0.1906 0.2469 24.5% 1.21[0.75, 1.96] N L —
Reschke 2008 0.9695 04736  6.7% 2.64[1.04,6.67] ——— =
Trocmé 2012 0.1543 0.2365 26.7% 0.86 [0.54, 1.36] I —
Zhu 2018 1.2556 05434  5.1% 3.51[1.21,10.18] —
Total (95% CI) 100.0% 1.36 [1.07, 1.73] i

Heterogeneity: Chi? = 11.64, df = 8 (P = 0.17); I = 31%

Test for overall effect: Z = 2.52 (P = 0.01) 05 o7 1 15 2

Favors [experimental] ~ Favors [control]

Hazard Ratio Hazard Ratio
B _study or Subgroup log[Hazard Ratic]  SE Weight V. Fixed, 95% Cl IV, Fixed, 95% CI

Das 2019 11733 05271  6.6% 3.23[1.15,9.08]

Economou 2005 0.3784 0.1398  93.4% 1.46 [1.11,1.92] |

Mallikarjuna 2007 441 22942  0.0% 82.27[0.00, 1.577E197] * T
Total (95% CI) 100.0% 1.54 [1.18, 2.00] <

ity: Chiz = = = ;12 = 6%
Heterogeneity: Chi? = 2.13, df = 2 (P = 0.35); I = 6% 0.01 01 1 10 100

Test for overall effect: Z = 3.19 (P =0.001) Favors [experimental]  Favors [control]

Hazard Ratio Hazard Ratio
C r log[Hazard Rati E_Weight IV, Random, 95% CI IV, Rando ii"[_ncl
Jafari 2018 0.7247 0.3564 100.0% 2.06[1.03, 4.15]
Total (95% Cl) 100.0%  2.06 [1.03, 4.15] <
Heterogeneity: Not applicable ! t + i
0.01 0.1 1 10 100
Test for overall effect: 2 = 2.03 (P = 0.04) Favors [experimental] ~ Favors [control]
Hazard Ratio Hazard Ratio
D _study or Subgroup log[Hazard Ratio] SE_Weight IV, Fixed. 95% CI i 9
Giatromanolaki 2012 1.0784 0.4969 48.6% 2.94[1.11,7.79] L
Jafari 2018 1.0984 0.4832 51.4% 3.00[1.16,7.73] L
Total (95% CI) 100.0%  2.97 [1.51, 5.86] -
ity: Chiz - - 12 = 0Y + d
Heterogeneity: Chi? = 0.00, df = 1 (P = 0.98); I = 0% 0.01 01 1 10 100

Test for overall sffect: Z = 3.14 (P = 0.002) Favors [experimental] ~ Favors [control]





OPS/images/fonc.2022.819051/fonc-12-819051-g001.jpg
Records identified through Additional records identified
database searching (n=5508) through other sources (n =0)

Records after duplicates
remaved (N=4473 )

Records screened (n=4473)

Full-text articles assessed
far eligibility (n=30)

Studies included in quantitative
synthesis (meta-analysis) (n=23)

Records excluded, with reasans
(N=4443)

Basic research (n=2371)
Not specific melanoma (n=728)
No RTK (n=272)

Review. letter or conference
(n=241)

No IHC (n=267)

Missing survival data (n=564)

Articles excluded with reasons
(n=7)

No survival data far groups
with various RTKs expression
(n=4)

Defining groups not by RTKs
expression (n=2)

HR or CI not reported (n=1)






OPS/images/fonc.2022.819051/crossmark.jpg
©

2

i

|





OPS/images/fonc.2022.919118/table3.jpg
Sample  DEL GAIN LOH_CHR LOH_ARM LOH LOH_SV_TELO LOH_SV_CENTRO

CSCC_0001 SMAD4 SMAD4
CSCC_0002 CDKN2A

CSCC_0003 KDM6A KDM6A

CSCC_0005 MYC

CSCC_0007 CRLF2

CSCC_0009 PTPRD PTPRD

CSCC_0011 PTPRD CALR PTPRD

CSCC_0012 PTPRD EGFR PPP2R3B, PUDP, STS,WWC3 PTPRD
CSCC_0013 APC APC

CSCC_0014 CREBBP CREBBP
CSCC_0025 CDKN2C, PARD6G PARD6G CDKN2C

CSCC_0066 PTPN13 PTPN13

CSCC_0124 NEGRI NEGRI
CSCC_0132 PTPRD RAFI1,CCNDI1,FGF3 PTPRD

CSCC_0133 PTPRD CALR PTPRD
CSCC_0134 MCLI1,CCNDI,FGF3

CSCC_0135 PTPRD PTPRD

The types of drivers are as follows: GAIN, amplification by SV; DEL, homozygous deletion; LOH, focal LOH; LOH_ARM, chromosome arm level LOH; LOH_CHR, chromosome level
LOH; LOH_SV_TELO, LOH from SV to telomere; LOH_SV_CENTRO, LOH from SV to centromere. Only samples with events are shown in the table.
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For more details, refer to Supplementary Figures $4 and S5. Association can be noted between gain (Table 3) and complex SV events. The gene list was derived using LINX output. Only
samples with events are shown in the table.
NBAL_TRANS, unbalanced translocation; INF, inferred breakend; DEL, deletion; DUP, duplication; SGL, single breakend SV support
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Type Total PCDH9 (-) PCDH9 (+) Positive Percentage

Normal skin 45 0 45 100.0%
Pigmented nevus 30 0 30 100.0%
Melanoma 30 23 7 23.3%
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Breakdown of specific mutations are shown for BRAF, NRAS, KIT, and TP53. Note that
NRAS mutations involving codon 61, which typically codes for glutamine, had more
variable substitutions and were thus grouped together. Likewise, KIT and TP53 had
variable mutations and the full breakdown of mutations is not included in the table.
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Feature N Percent

Ulceration 7 6.4
Mitoses 25 227
Perineural invasion 2 1.8
Regression 16 14.5
Tumor-infiltrating lymphocytes 0 0

Microsatellitosis 0 0

Desmoplasia 4 3.6

Histopathologic features could be found in pathology reports of 110 Veterans of the 135
total Veterans included in this study. Twenty-five Veterans had pathology reports that did
not include these features. The table shows how many of each feature were noted and the
percentage representation out of 110. In 25 samples with mitoses identified, the most
common number of mitoses per mm? noted was 1 (N=13), the max was 8, and the
average was 2.3.
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Stage of Disease

0 1 2 Al
N (%)
All 16 100 19 135
Gender
Male 15 (93.8) 96 (96.0) 19 (100) 130 (96.3)
Female 1(6.3) 4(4.0) 0(0) 5(3.7)
Age Range
18-29 1(6.3) 2(2.0) 0(0) 3(2.2)
30 -49 1(6.3 10 (10.0) 1(6.3) 12(8.9)
50 - 64 1(6.3) 21(21.0) 3(15.8) 25 (18.5)
65-79 8(50) 53 (53.0) 12 (63.2) 73 (54.1)
80+ 5(31.3) 14 (14.0) 3(15.8) 22(16.3)
Mean Age (SD) 72.3(16.1) 67.6 (13.2) 70.0(11.8) 68.5 (13.3)
Race
Caucasian 14 (100) 93 (100) 18 (100) 125 (100)
Unknown* 2 7 1 10
Ethnicity
Hispanic 1(6.7) 0(0) 0) 1(0.8
Non-Hispanic 14 (93.3) 97 (100) 19 (100) 130(99.2)
Unknown* 1 3 0 4
VA branch
Army 10 (62.5) 59 (59.0) 16 (84.2) 85 (63.0)
Navy 2 (12.5) 14 (14.0) 3(15.8) 19 (14.1)
Marines 2 (12.5) 14 (14.0) 0(0) 16 (11.9)
Air force 2(12.5) 13(13.0) 0(0) 15 (11.1)
VA service yrs
<2 years 2(12.5) 6 (6.0) 2(10.5) 10(7.4)
2 years service 6 (37.5) 44 (44.0) 9 (47.4) 59 (43.7)
3 years service 3(18.8) 18 (18.0) 5(26.3) 26 (19.3)
4 years service 3(18.8) 18 (18.0) 1(6.3) 22(16.3)
>4 years 2 (12.5) 14 (14.0) 2(10.5) 18 (13.3)
Service-connected disability
Yes 7 (43.8) 42 (42.0) 10 (52.6) 59 (43.7)
No 9(56.2) 58 (58.0) 9 (47.4) 76 (56.3)
Service-connected disability for dermatologic condition
Yes 2(12.5) 7(7.0 2(10.5) 11(8.1)
No 14 (87.5) 93 (93.0) 17 (89.5) 124 (91.9)
Smoking status
Former 5(38.5) 47 (48.0) 5(27.8) 57 (44.2)
Current 3(23.1) 26 (26.5) 4(22.2) 33 (25.6)
Never 5(38.5) 25 (25.5) 9 (50.0) 39(30.2)
Unknown* 3 2 1 6

VA, Veterans Affairs.

*As demographic data is obtained from medical records, there were some unknown values. This may represent either Veterans declining to answer demographic questions or never having

heen assessed for it.
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Subject Location Type Subject Location Type

Al Skin Malignant B1 Skin Malignant
A2 Skin Malignant B2 Skin Malignant
A3 Skin Malignant B3 Skin Malignant
A4 Skin Malignant B4 Skin Malignant
A5 Skin Malignant B5 Skin Malignant
AB Skin Malignant B6 Skin Malignant
A7 Skin Malignant B7 Skin Malignant
A8 Skin Malignant B8 Skin Malignant
C1 Skin Malignant D1 Skin Malignant
c2 Skin Malignant D2 Skin Malignant
C3 Skin Malignant D3 Skin Malignant
C4 Skin Malignant D4 Skin Malignant
C5 Skin Malignant D5 Skin Malignant
Cé Skin Malignant D6 Skin Malignant
c7 Skin Malignant D7 Esophagus Malignant
c8 Skin Malignant D8 Urethra Malignant
E1 Cavidade nasal Malignant F1 Lymph node Metastasis
E2 Cavidade nasal Malignant F2 Lymph node Metastasis
E3 Mediastinum Malignant F3 Lymph node Metastasis
E4 Skin Malignant F4 Lymph node Metastasis
E5 Skin Malignant F5 Small intestine Metastasis
E6 Eye Malignant F6 Lymph node Metastasis
E7 Lymph node Metastasis F7 Liver Metastasis
E8 Lymph node Metastasis F8 Lymph node Metastasis
G1 Skin Control H1 Oral cavity Control

G2 Skin Control H2 Esophagus Control

G3 Skin Control H3 Esophagus Control

G4 Skin Control H4 Small intestine Control

G5 Skin Control H5 Small intestine Control

G6 Skin Control H6 Lymph node Control

G7 Skin Control H7 Lymph node Control

G8 Oral cavity Control
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Variable 0Odds of BRAF Mutation

Group N Odds Ratio 95% CI P-value

Smoker Former 57 1.03 0.43 248 0.13
Current 33 2.33 0.89 6.10
Never 39 Ref = =

VA Branch Air Force 15 1.85 0.43 7.93 0.31
Army 85 0.98 0.31 3.08
Navy 19 2.31 0.58 9.20
Marines 16 Ref e s

Age at diagnosis Units=1 135 0.97 0.94 0.99 0.01

Stage at diagnosis 1or2 119 1.23 0.41 3.74 o071
0 16 Ref -

Anatomic Extremity 47 0.21 0.09 0.52 <0.01
Head/Neck 39 0.30 0.12 0.74
Trunk 49 Ref = =

Subtype In situ 18 0.63 0.20 1.99 0.84
Lentigo 39 1.09 0.48 249
Nodular 13 1.00 0.29 3.44
Superficial 59 Ref - -

Personal history of melanoma Yes 23 0.46 0.16 1.30 0.14
No 112 Ref = s

Personal history of NMSC Yes 56 0.74 0.36 1.52 0.41
No 79 Ref = =

Family history of melanoma Yes 8 1.81 0.43 7.60 0.42
No 127 Ref = -

Family history of NMSC Yes 11 1.53 0.44 5.30 0.50
No 127 Ref - -

VA, Veterans Affairs; NMSC, Non-melanoma skin cancer.

Univariate analysis was performed on various clinical variables listed in the table to determine the odds of BRAF mutation. For each clinical variable, one group was assigned as a reference
for which to compare the odds of other groups, hence the odds ratio of the chosen reference group is 1. Odds ratio for other groups listed within a clinical variable will be in comparison to
the reference group odds of BRAF mutation.
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