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The durable responses and favorable long-term outcomes are limited to a proportion of advanced melanoma patients treated with immune checkpoint inhibitors (ICI). Considering the critical role of antitumor immunity status in the regulation of ICI therapy responsiveness, we focused on the immune-related gene profiles and aimed to develop an individualized immune signature for predicting the benefit of ICI therapy. During the discovery phase, we integrated three published datasets of metastatic melanoma treated with anti-PD-1 (n = 120) and established an immune-related gene pair index (IRGPI) for patient classification. The IRGPI was constructed based on 31 immune-related gene pairs (IRGPs) consisting of 51 immune-related genes (IRGs). The ROC curve analysis was performed to evaluate the predictive accuracy of IRGPI with AUC = 0.854. Then, we retrospectively collected one anti-PD-1 therapy dataset of metastatic melanoma (n = 55) from Peking University Cancer Hospital (PUCH) and performed the whole-transcriptome RNA sequencing. Combined with another published dataset of metastatic melanoma received anti-CTLA-4 (VanAllen15; n = 42), we further validated the prediction accuracy of IRGPI for ICI therapy in two datasets (PUCH and VanAllen15) with AUCs of 0.737 and 0.767, respectively. Notably, the survival analyses revealed that higher IRGPI conferred poor survival outcomes in both the discovery and validation datasets. Moreover, correlation analyses of IRGPI with the immune cell infiltration and biological functions indicated that IRGPI may be an indicator of the immune status of the tumor microenvironment (TME). These findings demonstrated that IRGPI might serve as a novel marker for treating of melanoma with ICI, which needs to be validated in prospective clinical trials.
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Introduction

Malignant melanoma is an aggressive malignant tumor with a poor clinical prognosis, the incidence of which is increasing globally (1–3). With the development of immunotherapy, immune checkpoint inhibitors (ICI) therapy has been approved as the standard treatment for melanoma (4–8). According to the reports from multiple clinical trials (9–12), the overall response rate (ORR) of PD-1 blockade with nivolumab or pembrolizumab ranged from 26% to 44%, thus indicating almost 50% of patients with severely progressed melanoma do not obtain complete or partial response, with roughly 24% reach a stable disease only. Notably, as the main subtypes of Asian patients with melanoma, only 10~20% of acral and mucosal cases can benefit from ICI therapy (13–15). Therefore, development of novel biomarkers in the hope of better prediction of the response to ICI therapy are urgently required.

Several biomarkers have been developed for predicting the benefit of ICI therapy for melanoma patients, including PD-L1 expression (16), tumor mutation burden (TMB) (17), interferon-γ signal (18, 19), and tumor infiltrating lymphocytes (TILs) (20). However, the immunohistochemistry analysis of PD-L1 varies significantly among different antibodies (21), thereby making it difficult to define the positive threshold of PD-L1 expression. In addition, the whole-genome sequences from 183 melanoma samples revealed that the burden of mutations is more frequent in cutaneous compared with acral and mucosal melanoma (22). Thus, the widespread detection value of TMB in acral and mucosal subtypes are limited.

The past decade has witnessed rapid progress in tumor genomics. Some studies utilized RNA sequencing data to establish immune-related gene signatures for the evaluation of immune response and prognosis in melanoma (23, 24). Unfortunately, none has been confirmed to be translated into clinical application owing to the small size of discovery data and lack of sufficient validation (25). Nowadays, a series of immunotherapy data regarding PD-1/PD-L1 or CTLA-4 blockade in melanoma patients have been reported all over the world. Integrated analyses may provide a complete picture of ICI therapy in different populations and summarize more superior predictive biomarkers. However, the information of gene expression profiling (GEP) was measured using different sequence platforms, which is not applied to normalizing gene expression levels through traditional approaches (26). Furthermore, the potential biological heterogeneity across datasets was also a challenge. Recently one method based on the construction of immune-related gene pairs (IRGPs) from GEP can be an excellent choice, which calculates the relative ranking of gene expression levels without the requirement for data preprocessing and has been demonstrated to establish robust models for the application of cancer classification (27–29). Hence, it is imperative to identify novel biomarkers based on IRGPs for guiding ICI therapy.

In this study, we integrated three published datasets of metastatic melanoma treated with anti-PD-1 (n = 120) and constructed an immune-related gene pair index (IRGPI). The IRGPI was constructed based on 31 immune-related gene pairs (IRGPs) consisting of 51 immune-related genes (IRGs), which may be a promising biomarker for predicting the response of ICI therapy and survival outcomes in melanoma patients. The predictive performance of IRGPI was also validated in Peking University Cancer Hospital (PUCH, n = 55) and VanAllen15 (n = 42) datasets treated with PD-1 or CTLA-4 blockade. Furthermore, the analyses of the TME, the immune cell infiltration, and biological functions of different IRGPI groups were also performed, which demonstrated that IRGPI may be an indicator of the immune status of the TME.



Materials and Methods


Patients and GEP

From March 2016 to March 2019, 55 melanoma patients treated with anti-PD-1 therapy were recruited for this study from PUCH. Formalin-fixed, paraffin-embedded pretreatment tumor samples were obtained from all patients. We separated all the clinical and pathological data by medical record review, including sex, age, primary site, metastasis status, and clinical efficacy. Tumor responses were evaluated using the Response Evaluation Criteria in Solid Tumors (RECIST) version 1.1, including complete response (CR), partial response (PR), stable disease (SD), and progressive disease (PD). CR and PR were regarded as responders, while PD and SD were regarded as non-responders. In this study, overall survival (OS) and progression-free survival (PFS) were used as the primary and secondary survival endpoints, respectively. Gene expression data for the PUCH cohort was based on the Illumina NovaSeq 6000 platform. The details of processing the GEP of the PUCH cohort have been described in our previous study (30). This study was conducted according to the Declaration of Helsinki Principles and approved by the Medical Ethics Committee of PUCH. Informed consent for the use of material in medical research was obtained from all participants.



External Data Acquisition

We obtained RNA-seq and clinical data from four publicly available cohorts of melanoma patients treated with anti-PD-1 or anti-CTLA-4 therapy, including Gide19 (n = 41) (31), Hugo16 (n = 28) (32), Riaz17 (n = 51) (33), and VanAllen15 (n = 42) (34). Data of Gide19 cohort (PRJEB23709) were downloaded from the European Nucleotide Archive database (ENA; https://www.ebi.ac.uk/ena). Data of Hugo16 cohort (GSE91061) and Riaz17 cohort (GSE78220) were downloaded from the Gene Expression Omnibus database (GEO; https://www.ncbi.nlm.nih.gov/geo/). Data of VanAllen15 cohort (phs000452.v2.p1) were downloaded from the database of Genotypes and Phenotypes (dbGap; http://www.ncbi.nlm.nih.gov/gap). The treatment response to immunotherapy consisted of CR/PR/SD/PD according to RECIST 1.1 guidelines, which were used in our analysis.

Moreover, we downloaded the RNA-sequencing data of all available cutaneous melanoma samples from The Cancer Genome Atlas (TCGA) database through the GDC tool (http://portal.gdc.cancer.gov/). The survival data of these patients were extracted from cbioPortal (http://www.cbioportal.org). Patients with OS less than one month were excluded from our analysis. In addition, we separated the TMB data of melanoma patients in the TCGA-SKCM cohort from The Cancer Immunome Atlas (http://tcia.at/home) (35).



Construction of the IRGPI

We constructed a predictive signature based on IRGs gathered from the ImmPort Web portal (https://www.immport.org/home) (36). Two IRGs constituted one IRGP and formed as “IRG-A|IRG-B”. The score of IRGPI was generated through pairwise comparison of gene expression levels in specific samples. When the expression level of IRG-A was higher than IRG-B, the IRGP was assigned a score of 1; otherwise, the IRGP score was 0. IRGPs with score of 0 or 1 in over 80% of the specimens were regarded as IRGPs with constant values, which does not contribute to the difference of patient survival (37). Therefore, we excluded these IRGPs with constant values from our analysis.

The Gide19, Hugo16, and Riaz17 cohorts merged into the meta cohort, which was used for the construction of IRGPI. Firstly, we used the log-rank test to investigate the correlation of each IRGP to patients’ OS in the meta cohort. According to the analysis results, IRGPs with a false discovery rate (FDR) < 0.001 were candidates to build the IRGPI. Then, the multivariate Cox regression analyses were performed to obtain the hub IRGPs and the respective coefficients. Finally, the IRGPI formula was defined as follows:

	



Validation of the IRGPI

The predictive and prognostic values of IRGPI for immunotherapy were validated in PUCH and VanAllen15 cohorts. Based on the treatment response to immunotherapy, we conducted the receiver operating characteristic (ROC) curve analysis to estimate the prediction accuracy of IRGPI. Using the cut-off value that generated the maximum Youden index (38), the patients were divided into IRGPI-high and IRGPI-low groups. Then, the log-rank tests were conducted for comparison of the survival outcomes between two IRGPI groups.



Tumor Immune Microenvironment Analysis

The transcriptomic data of TCGA-SKCM (skin cutaneous melanoma) cohort were used for analyzing the association of IRGPI with immune-related features. Using the IRGPI formula, we calculated the IRGPI score of each patient in the TCGA-SKCM cohort. The cut-off value for the IRGPI was determined on the basis of the association with patients’ OS by using X-tile software (version 3.6.1) (39). Based on two bioinformatic analyses of GEP data in the TCGA-SKCM cohort, we calculated the enrichment of immune cells between two IRGPI groups. Briefly, we used Estimation of STromal and Immune cells in MAlignant Tumor tissues using Expression data (ESTIMATE) method to calculate the immune score and ESTIMATE score of patients (40). CIBERSORT was further used to distinguish 22 immune cells, such as T cell types, B cell types, NK cells, and myeloid cell types (41). In the signaling analysis, we conducted gene set enrichment analysis (GSEA) to distinguish which immune-related pathways were markedly different between IRGPI-high and IRGPI-low groups.

To further characterize the tumor immune microenvironment between two IRGPI groups, we performed single simple GSEA on some previously published immune-related signatures (19, 42–45) and compared the score between IRGPI-high and IRGPI-low groups.



Statistical Analysis

All statistical analyses were performed using the R software (version 3.6.3) and Prism 8. Survival analyses were performed using the R packages “survival” and “survminer”. The signature of IRGPs was obtained using the R package “glmnet”. Univariate and multivariate Cox regression analyses were conducted using the R package “survival”. ROC curve analyses were performed using the R package “survivalROC”. ESTIMATE analysis was conducted using the R package “estimate”. CIBERSORT analysis was processed using the R packages “e1701”, “preprocessCore”, and “limma”. All statistical analyses were two-sided, and P < 0.05 was considered as statistically significant.




Results


Patients Characteristics

The flowchart of this study design is presented in Figure 1. A total of 217 patients treated with ICI from five cohorts were included in this study. We constructed the IRGPI based on the meta cohort (n = 120), which consisted Gide19 (n = 41), Hugo16 (n = 28), and Riaz17 (n = 51) cohorts. The PUCH (n = 55) and VanAllen15 (n = 42) cohorts were used for validation the prediction model. The clinicopathological characteristics are summarized in Table 1. The median follow-up is 13.1~32.7 months in five cohorts. Notably, 43.6% of patients in PUCH cohort were acral melanomas, which have been reported to be the main subtype of melanoma in Asians. However, the vast majority of patients in other cohorts were cutaneous melanoma.




Figure 1 | The flowchart showing the scheme of this study.




Table 1 | Clinicopathological characteristics of five immunotherapy cohorts included in this study.





Construction and Definition of the IRGPI

Among the 2487 IRGs from the ImmPort database, 1138 IRGs commonly occurred in the GEP of five cohorts and 1295044 IRGPs were calculated. We excluded 1251102 IRGPs (96.6%) with constant values in any cohort and 43942 IRGPs remained for subsequent construction of the IRGPI (Table S1). According to the univariate Cox regression analyses of the correlation between each IRGP and patients’ OS in the meta cohort, 236 IRGPs with adjusted P < 0.001 were selected as prognostic IRGPs (Table S2). Then, we performed the multivariate Cox regression analyses to filtrate IRGPs to construct the IRGPI. Finally, 31 IRGPs were filtrated to define the IRGPI (Table 2 and Figure S1A). The IRGPI consisted of 51 unique IRGs, most of which encoded molecules involved in antimicrobials, cytokines, and cytokine receptors.


Table 2 | Model information of IRGPI.





Evaluation of the Prediction Accuracy of IRGPI for the Efficacy of ICI Therapy

Based on the IRGPI formula, we calculated each patient’s IRGPI score in the meta cohort and exhibited the result in a heatmap (Figure 2A). We conducted ROC curve analysis to evaluate the prediction accuracy of IRGPI for the efficacy of ICI therapy in the meta cohort. With a cut-off value based on the Youden index of -1.221, we found that IRGPI-low group patients were correctly classified as CR/PR with a sensitivity of 71.7% (38/53). Further, IRGPI-high group patients were successfully classified as SD/PD with a specificity of 91.0% (61/67). The overall accuracy of IRGPI was 82.5% (99/120) with AUC of 0.854 (Figure 2B). IRGPI-low group showed a higher ORR than IRGPI-high group (71.7% vs. 9.0%; Figures 2C, E). Moreover, we evaluated the relationship between the IRGPI score and OS/PFS in the meta cohort. Kaplan-Meier survival analysis revealed that IRGPI-low group patients had significantly longer OS (P < 0.001; Figure 2D). The median PFS for IRGPI-high group patients was markedly shorter than IRGPI-low group patients in the Gide19 cohort (P < 0.001; Figure S2A). The pooled hazard ratio (HR) along with 95% confidence interval (CI) for the association between high IRGPI score and OS in 119 cases of patients was 8.02 (3.91~15.19), and no significant heterogeneity among the three datasets was observed (I2 = 0%, P = 0.98, Figure S1B). Overall, the IRGPI showed a superior prediction for the benefit of ICI therapy in the meta cohort.




Figure 2 | Construction and evaluation of IRGPI in the discovery cohort. (A) A heatmap of the identified 31 IRGPs with corresponding IRGPI groups. (B) ROC curve for the predictive performance of IRGPI. (C) The rate of durable clinical response for patients with high and low IRGPI scores. (D) Kaplan-Meier plots of overall survival segregated by IRGPI score with cut-off points selected according to the Youden index. (E) Waterfall plot of IRGPI for distinct clinical response groups. IRGPI, immune-related gene pair index; IRGPs, immune-related gene pairs; ROC, receiver operating characteristic; AUC, area under curve; CI, confidence interval.





Validation of the Robustness of IRGPI in Predicting the Efficacy of ICI Therapy

To verify the robustness of IRGPI in predicting the efficacy of ICI therapy, we assessed the correlation of IRGPI score with overall response rate and survival outcomes in VanAllen15 and PUCH cohorts. In the VanAllen15 cohort, the IRGPI successfully identified 31 of 42 patients with an overall accuracy of 73.8% and an AUC of 0.767 (Figure 3A). Similarly, in the PUCH cohort, the IRGPI demonstrated an overall accuracy of 72.7% (40/55) and AUC of 0.737 (Figure 3B). The ORR of IRGPI-high group was lower than IRGPI-low group in VanAllen15 cohort (64.3% vs. 7.1%; Figures 3C and S3A) and PUCH cohort (47.4% vs. 13.9%; Figures 3D and S3B), respectively. As expected, higher IRGPI conferred poor survival outcomes in VanAllen15 cohort (OS: P < 0.001, PFS: P < 0.001; Figures 3E and S2B) and PUCH cohort (OS: P = 0.004, PFS: P = 0.015; Figures 3F and S2C), respectively. These results confirmed that the IRGPI is reliable for the prediction of ICI therapy responsiveness in VanAllen15 and PUCH cohorts.




Figure 3 | Validation the performance of IRGPI in two cohorts. (A, B) ROC curves for the predictive performance of IRGPI in VanAllen15 and PUCH cohorts, respectively. (C, D) The rate of durable clinical response for patients with high and low IRGPI scores in VanAllen15 and PUCH cohorts, respectively. (E, F) Kaplan-Meier plots of overall survival segregated by IRGPI score with cut-off points selected according to the Youden index in VanAllen15 and PUCH cohorts, respectively. IRGPI, immune-related gene pair index; ROC, receiver operating characteristic; AUC, area under curve; CI, confidence interval.





Association of IRGPI With Tumor Immune Microenvironment in Melanoma

Reportedly, the infiltration of immune cells, especially CD8+ T cells, is associated with immunotherapy response in many types of cancer (46). Based on the above results, we further investigated the relationship between IRGPI and tumor immune microenvironment features in melanoma patients. The TCGA-SKCM cohort was stratified into IRGPI-high and IRGPI-low groups using X-tile software (Table S3 and Figure S4). Firstly, we calculated the immune score and ESTIMATE score of patients in TCGA-SKCM cohort by ESTIMATE algorithm. The data showed that both the immune score and ESTIMATE score were considerably increased in IRGPI-low group compared with IRGPI-high group (Figures 4A, B). Secondly, the CIBERSORT analytical tool was used to estimate the proportions of 22 types of immune cells in each SKCM sample. The results revealed that the infiltration levels of CD8+ T cells, activated memory CD4+ T cells, naive B cells, and NK cells in IRGPI-high group were lower than that in IRGPI-low group, while resting memory CD4+ T cells, M0 and M2 macrophages showed the opposite trend (Figure 4C). Finally, we performed GSEA to identify which pathways were enriched at specific IRGPI levels. As shown in Figure 4D, the pathways of inflammatory response, interferon response, antigen processing and presentation, and T cell receptor signaling were markedly upregulated in IRGPI-low group.




Figure 4 | Comparison of immune microenvironment characteristics according to IRGPI status. (A, B) ESTIMATE algorithm revealed the ImmuneScore and ESTIMATEScore between IRGPI-high and IRGPI-low groups. (C) Evaluation of 22 immune cell infiltrating using the CIBERSORT method. (D) GSEA plots of immune-related pathways in comparison between IRGPI-high and IRGPI-low groups. IRGPI, immune-related gene pair index; GSEA, gene set enrichment analysis. *P < 0.05, **P < 0.01, ***P < 0.001.





Correlation of IRGPI to Other Potential Immunotherapy Biomarkers in Melanoma

A series of potential biomarkers have been developed to predict the response of ICI therapy in malignant tumors, such as TMB, immune inhibitory receptor expression levels. We analyzed the relationship between IRGPI and TMB in TCGA-SKCM cohort and the results showed that higher IRGPI conferred lower TMB (Figure 5A). As expected, the expression levels of immune inhibitory receptors (including PD-1, CTLA-4, LAG3, TIM-3, and TIGIT) showed the same trend as TMB between IRGPI-high and IRGPI-low groups (Figure 5B). Moreover, the deficiency of human leukocyte antigen (HLA) could impair antigen presentation and initiate antitumor immunity, which consequently resulting in primary resistance to immunotherapy (47). We then investigated the correlation of IRGPI to the expression levels of HLA members and the data indicated most HLA members were substantially upregulated in IRGPI-low group compared with IRGPI-high group (Figure 5C).




Figure 5 | Association of IRGPI to other potential biomarkers in melanoma. (A) Comparison of tumor mutation burden level according to IRGPI status. (B) Correlation of IRGPI to immune inhibitory receptors, including PDCD1, CTLA4, LAG3, HAVCR2, TIGIT. (C) The profile of HLA member expression levels between IRGPI-high and IRGPI-low groups. (D) Box plot of the immune-related signatures in comparison of the IRGPI-high and IRGPI-low groups. IRGPI, immune-related gene pair index; HLA, human leukocyte antigen; IFN, interferon; Teff, effective T cells; TLS, tertiary lymphoid structure. *P < 0.05, ***P < 0.001.



Some immune-related GEP signatures have been described to predict the benefit of ICI therapy in melanoma (Table S4). We therefore compared these GEP signature scores between IRGPI-high and IRGPI-low groups. Consistent with other biomarkers, these GEP signature scores were significantly downregulated in IRGPI-high group compared with IRGPI-low group (Figure 5D).




Discussion

Over the past decades, the incidence of malignant melanoma has continued to increase, but the mortality has decreased, largely due to the rapid development of ICI and targeted therapies (48). Compared with the excellent clinical efficacy of ICI therapy in melanoma, the investigations of its biomarkers are relatively insufficient. The data from the real world revealed that durable responses and favorable long-term outcomes are limited a proportion of melanoma (12). Thus, more attention should be paid to the discovery and establishment of novel biomarkers for selecting patients who may benefit from ICI therapy.

In this study, we integrated the data of ICI therapy of melanoma patients from our center and other four Western cohorts (31–34), and constructed an individualized immune predictive signature (IRGPI). The rate of durable clinical response for IRGPI-low patients in the discovery cohort, VanAllen15 and PUCH cohorts were 71.7%, 64.3% and 47.4%, respectively. Further, the percentage of non-responder in IRGPI-high group in discovery cohort, VanAllen15 and PUCH cohorts were 91%, 92.9% and 86.1%, respectively. The AUCs of ROC curve were all more than 0.7 in the discovery and validation cohorts. This reflected the good prediction accuracy and sensitivity of IRGPI for ICI therapy. The patient classification based on IRGPI also showed significantly different survival outcomes. Meanwhile, it is noted that the patients from our center are mainly acral and mucosal subtypes, while the patients from four Western cohorts are mainly cutaneous melanomas, which is consistent with the previous studies (49, 50). Considering the differential subtypes of melanoma and robust prediction accuracy across five cohorts, we reasonably assume that IRGPI is a reliable biomarker for guiding ICI therapy in both Western and Eastern patients with melanoma.

The IRGPI consisted of 51 unique IRGs, of which 36 encoded molecules involved in antimicrobials, cytokines, and cytokine receptors, which play vital roles in the regulation of the response to tumor immune microenvironment. Meanwhile, many of these IRGs have been demonstrated to be correlated with PD-L1 signaling and anti-PD-1 therapy, such as MMP9 (matrix metallopeptidase 9) and EGF (epidermal growth factor). Zhao et al. found that TGFβ pathway inhibition promoted the proliferation expansion of stromal fibroblasts, thereby facilitating MMP9-dependent cleavage of PD-L1 surface expression, leading to PD-1 blockade resistance in melanoma models (51). Furthermore, inhibition of MMP9 promoted the therapeutic efficacy of PD-1 blockade, with a marked reduction of tumor burden and extension of survival time (52). Li et al. discovered that the immunosuppressive activity of PD-L1 was tightly regulated by ubiquitination and N-glycosylation, in which glycogen synthase kinase 3β (GSK3β) could induce phosphorylation-dependent proteasome degradation of PD-L1 (53). In addition, EGF could stabilize PD-L1 via GSK3β inactivation in basal-like breast cancer (53). Therefore, blocking of EGF signaling using gefitinib resulted in the destabilization of PD-L1, enhancing antitumor T cell immunity and the treatment response of PD-1 blockade in syngeneic mouse models. What’s more, some IRGs (including IFNG, PRF1, IDO1, CXCL13) were included in an IFN-γ-related T cell-inflamed GEP, which have been developed into a clinical-grade assay for evaluating the treatment efficacy of pembrolizumab in pan-tumors (19). As expected, the GSEA results of our study showed that lower IRGPI conferred upregulated interferon response and inflammatory signaling. The above data and analyses indicated that IRGPI could predict T cell inflammation in melanoma and explain the relationship between IRGPI and ICI therapy responsiveness to some extent.

TILs, especially CD8+ T cells, can be used for predicting ICI therapy responsiveness and survival outcomes (46). In our study, we calculated the relative proportion of 22 types of immune cells based on the CIBERSORT algorithm and the results revealed that melanoma samples with high IRGPI harbored more infiltration of CD8+ T cells, activated memory CD4+ T cells, naive B cells, and NK cells, which further elucidated the reason why IRGPI-high patients with melanoma can benefit from ICI therapy. However, the infiltration levels of regulatory T cells (Tregs) in IRGPI-high patients were also significantly higher compared with that in IRGPI-low patients, which was contradictory with the previous report of Tregs with an immunosuppressive role in TME (54). Further investigations are required to evaluate the infiltration levels of Tregs using immunohistochemistry or flow cytometry.

There are some limitations, unresolved concerns, and potential perspectives in our study. First, the current study combined the data from different datasets, which can sometimes present a selection bias, due to various therapy settings, different pre-existing mutations, and baseline patient characteristics. Although this gene-pair based approach we used in this study does not require normalization of GEP, this bias across cohorts is inevitable. Second, for the IRGPI, there are still some genes whose function are not fully elucidated. Further studies, such as knockdown or overexpression of IRGs in melanoma cell lines, are required to verify the role of these genes. Moreover, the basic experiments were also lacking to examine the immune cell infiltrating and PD-L1 expression of patients treated with ICI therapy. Finally, the patients in PUCH cohort were treated with different anti-PD-1 antibodies from various pharmaceutical companies, which may lead to drug bias. Compared with two previous studies (NCT02821000 and NCT02836795) of PD-1 blockade for treating melanoma patients, the data showed the ORR of two types of anti-PD-1 antibodies in mucosal subtype were 13.3% and 0, respectively (14, 55). Thus, further studies, preferably in a prospective setting, are required to stringently evaluate the correlation of IRGPI to the immunotherapy response and survival outcomes.



Conclusions

In summary, we constructed an individualized immune predictive signature (IRGPI), which could robustly predict the ICI therapy responsiveness and long-term survival outcomes. In addition, IRGPI may be an indicator of the immune characteristics of the TME in melanoma patients. These findings indicated that IRGPI might serve as a novel marker for treating of melanoma with ICI, which needs to be validated in prospective clinical trials.
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