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Background: The existing studies indicate that RNA binding proteins (RBPs) are closely
correlated with the genesis and development of cancers. However, the role of RBPs
in cutaneous melanoma remains largely unknown. Therefore, the present study aims
to establish a reliable prognostic signature based on RBPs to distinguish cutaneous
melanoma patients with different prognoses and investigate the immune infiltration of
patients.

Methods: After screening RBPs from the Cancer Genome Atlas (TCGA) and Gene
Expression Omnibus (GEO) databases, Cox and least absolute shrinkage and selection
operator (LASSO) regression analysis were then used to establish a prediction model.
The relationship between the signature and the abundance of immune cell types, the
tumor microenvironment (TME), immune-related pathways, and immune checkpoints
were also analyzed.

Results: In total, 7 RBPs were selected to establish the prognostic signature. Patients
categorized as a high-risk group demonstrated worse overall survival (OS) rates
compared to those of patients categorized as a low-risk group. The signature was
validated in an independent external cohort and indicated a promising prognostic ability.
Further analysis indicated that the signature wasan independent prognostic indicator
in cutaneous melanoma. A nomogram combining risk score and clinicopathological
features was then established to evaluate the 3- and 5-year OS in cutaneous melanoma
patients. Analyses of immune infiltrating, the TME, immune checkpoint, and drug
susceptibility revealed significant differences between the two groups. GSEA analysis
revealed that basal cell carcinoma, notch signaling pathway, melanogenesis pathways
were enriched in the high-risk group, resulting in poor OS.

Conclusion: We established and validated a robust 7-RBP signature that could
be a potential biomarker to predict the prognosis and immunotherapy response of
cutaneous melanoma patients, which provides new insights into cutaneous melanoma
immunotherapeutic strategies.

Keywords: cutaneous melanoma, immune cell infiltration, tumor microenvironment, prognosis, prognostic
signature
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INTRODUCTION

Cutaneous melanoma is the most aggressive and dangerous skin
malignancy with high levels of morbidity, and its incidence
continues to increase each year (Swetter et al., 2019). Patients
with early-stage can usually be cured by surgical resection,
and more than 90% of patients survive for more than 5
years (Siegel et al., 2020). Once metastasis occurs, patients
suffer from a dismal prognosis with a median overall survival
(OS) of only 6 to 10 months, and the 5-year survival rate
is dismal (<10%) (Schadendorf and Hauschild, 2014; Tang
et al., 2016). Generally, the risk stratification and prognosis
of patients with melanoma are mainly determined by clinical
characteristics, such as Breslow thickness, ulcers, and lymphatic
vascular infiltration (Hyams et al., 2019). Nevertheless, due to
the phenotype and genetic heterogeneity of malignant melanoma,
conventional clinicopathological features are still limited or
restricted in their ability to accurately predict individual
outcomes (Diamantopoulos and Gogas, 2016). Therefore, these
sobering data highlight the urgent need for the development
of novel malignant melanoma-specific genomic models to
accurately predict clinical outcomes of melanoma patients and
provide a guide to more effective individual therapies.

RNA binding proteins (RBPs) effectively and ubiquitously
regulate transcripts throughout their life cycle (Corley et al.,
2020). RBPs contain a large class of more than 2,000 proteins
that play vital roles in multiple RNA processes, including stability,
transport and translation, splicing, and degradation of RNAs
(Mohibi et al., 2019; Corley et al., 2020). Recent studies have
shown that RBPs not only affect normal cell processes but also
have become major players in the initiation and progression of
cancer (Masuda and Kuwano, 2019; Schuschel et al., 2020; Weiße
et al., 2020). Dysregulation, localization, or post-translational
modification of RBPs can not only increase the expression of
oncogenes but also promote tumorigenesis by reducing the
expression of tumor suppressor genes. For example, the RBPs
RBM38 and RBM24, as single members of the RBP family
containing RRM, have similar functions by regulating the same
target. Both RBM38 and RBM24 can be induced by the tumor
suppressor p53, thereby inhibiting the translation of p53 mRNA
(Zhang et al., 2011; Zhang M. et al., 2018). RBM38 promotes
or inhibits tumor formation mainly depends on the state of
p53 because RBM38 can inhibit the expression of wild-type and
mutant p53 through mRNA translation (Zhang et al., 2014).
PCBP1 has been reported to be a tumor suppressor to inhibit
tumorigenesis, development, and metastasis in several types
of cancer (Zhang et al., 2020). Elevated PCBP1 was found to
promote p27 mRNA stability and translation, but inhibit the
expression of oncogenic STAT3 isoform and MAPK1 (Shi et al.,
2018; Zhang Y. et al., 2018; Wang et al., 2019). The RBPs hnRNP

Abbreviations: RBPs, RNA binding proteins; TCGA, The Cancer Genome Atlas;
GEO, gene expression omnibus; LASSO, least absolute shrinkage and selection
operator; TME, tumor microenvironment; OS, overall survival; GSEA, gene
set enrichment analysis; AUC, area under curve; KM, Kaplan-Meier; PCA,
principal component analysis; ROC, receiver operating characteristic; BLCA,
bladder urothelial carcinoma; BRCA, breast invasive carcinoma; OV, ovarian
serous cystadenocarcinoma; MESO, mesothelioma; LUAD, lung adenocarcinoma.

K has been reported to upregulate the expression of several
oncogenes, such as MYC and Src (Adolph et al., 2007; Gallardo
et al., 2020). However, the mechanisms by which most RBPs cause
cancer is still unknown.

In the present study, we constructed a robust 7-RBP
prognostic signature based on public datasets. The signature
was verified in an independent external cohort and indicated a
promising predictive ability. Then, a nomogram combining risk
score and clinicopathological characteristics was then established
to evaluate the 3- and 5-year OS in cutaneous melanoma patients.
Analyses of immune infiltrating, immune-related pathways,
TME, immune checkpoint, and drug susceptibility revealed
significant differences between the two groups. GSEA analysis
revealed that basal cell carcinoma, notch signaling pathway,
melanogenesis pathways were enriched in the high-risk group,
resulting in poor OS.

MATERIALS AND METHODS

Data Source and Preprocessing
The RNA-sequencing profiles and clinical data for TCGA SKCM
cohort were obtained from The Cancer Genome Atlas (TCGA)
database1. SKCM-related datasets GSE65904 from the GEO
database2 were used as an independent external validation set.
For data cleaning, samples with missing clinical data were
excluded. After preprocessing, there were 413 samples in the
TCGA dataset, 210 in the GSE65904 dataset. The clinical
statistics information is shown in Table 1. A total of 1542 genes
coding for RBPs were obtained from the previous publications
(Baltz et al., 2012; Castello et al., 2012; Kwon et al., 2013;
Cunningham et al., 2015).

Prognostic Signature Construction
To screen the prognostic related RBPs, univariate Cox regression
analysis was conducted to evaluate the relationship between the
expression level of RBPs and the OS of patients in the TCGA
cohort. P-value < 0.05 was set as cutoff criteria. To minimize
the risk of over-fitting and remove highly related genes, the
“glmnet” R package was used for Lasso regression analysis,
and the stepwise multiple Cox regression method was used to
establish the optimal model. Risk score = Exp1 × β1 + Exp
2 × β2 + · · · + Exp n × βn. β is the regression coefficient,
while Exp represented gene expression level. Based on the median
of estimated risk score, patients were categorized into low- and
high-risk subgroups. Survival analyses were carried out for the
comparison of the prognostic outcomes between two subgroups
using the “survival” and “survminer” R packages. Further, the
ROC curves were applied to assess the predictive capabilities of
the above signature by “SurvivalROC” R package. In addition,
principal component analysis (PCA) and t-SNE were carried
out to explore the different gene expression patterns of the
two risk groups.

1https://portal.gdc.cancer.gov/
2https://www.ncbi.nlm.nih.gov/geo/
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TABLE 1 | Clinicopathologic characteristics of melanoma patients in TCGA
and GEO cohorts.

Variables TCGA cohort GSE65904 cohort

(n = 413) (n = 210)

N (%) N (%)

Age

≤60 218 (52.8) 83 (39.5)

>60 195 (47.2) 127 (60.5)

Gender

Female 156 (37.8) 86 (41.0)

Male 257 (62.2) 124 (59.0)

Tumor type

Primary tumor 99 (24.0) /

Regional cutaneous 64 (24.0) /

Regional lymph node 198 (47.9) /

Distant metastasis 52 (12.6) /

Breslow depth

≤1.5 101 (24.5) /

1.5–3.0 71 (17.2) /

>3 165 (40.0) /

Unknown 76 (18.4) /

Ulceration

No 135 (32.7) /

Yes 160 (38.7) /

Unknown 118 (28.6) /

Stage 122 (32.5)

I-II 218 (52.8) /

III-IV 195 (47.2) /

Tumor status

Tumor free 164 (39.7) /

With tumor 95 (23.0) /

Unknown 154 (37.3) /

Validation of Prognostic Signature
Using the same method as that used in the training dataset,
the risk score of each patient in the GSE65904 validation
dataset and the corresponding median risk scores were calculated
separately, after which the patients were grouped two groups
(high and low). The survival curves of the two groups were
plotted using the Kaplan-Meier method. Time-dependent area
under the curve (AUC) analysis was performed to assess the
predictive performance of the model.

Immune Infiltrating Analysis
Given the critical role of immune infiltrating cells in cutaneous
melanoma tumorigenesis and development, the abundance of 22
immune cell types were calculated by CIBERSORT3 algorithm
(Newman et al., 2015). The tumor microenvironment (TME)
scores of each single melanoma patient were estimated using the
ESTIMATE algorithm (Yoshihara et al., 2013). In addition, the
expression of the immune checkpoint was used to examine the
molecular relationship with the prognostic signature.

3https://cibersort.stanford.edu/

Drug Susceptibility Analysis
We use the R software package “pRRophetic” to predict the
antineoplastic drug susceptibility for patients with the high-
and low-risk groups. The regression analysis was conducted
to obtain the half-maximal inhibitory concentration (IC50)
estimated value of each specific antineoplastic drug treatment.

Development and Validation of a
Prognostic Nomogram
The univariate and multivariate Cox regression analyses were
conducted to detect whether this signature can act as an
independent prognostic factor for cutaneous melanoma patients.
Stratification analyses were performed to further validate the
predictive accuracy of the model. These variables include age
(≤60 and >60 years), gender (male and female), tumor stage (I–
II and III–IV), Breslow depth (≤1.5, 1.5–3.0, and >3.0), tumor
type (primary tumor, regional cutaneous, regional lymph node,
and distant metastasis), ulceration (yes and no), and tumor
status (tumor-free and with tumor). To quantitatively estimate
cutaneous melanoma prognosis in clinical practice, a prognostic
nomogram that integrated both the signature, age, and tumor
stage was generated based on the multivariable Cox regression
analysis. The ROC curve and calibration plot were drawn to
estimate the predictive performance and discriminating ability of
the nomogram scoring system.

Gene Set Enrichment Analysis (GSEA)
Gene set enrichment analysis software (version 4.1.0) was utilized
to investigate the meaningful biological processes that might be
involved in causing the different prognoses between low- and
high-risk groups based on the Hallmarks gene collection file
(C2cp.kegg.v7.2.symbols.gmt). The number of permutations was
set to 1,000 times, and the “phenotype labs” were set to high-risk
score versus low-risk score. The outcomes meet FDR q < 0.25
and NOM p < 0.05 were considered significant.

Statistical Analyses
All statistical analyses were implemented using R version 4.0.4.
We used the Chi-squared test and Fisher’s exact test to evaluate
the differences in categorical data between different datasets
and groups and the Mann-Whitney U test or Student t-test to
compare the quantitative data.

RESULTS

Identification of RBPs in Cutaneous
Melanoma
Figure 1 showed the research idea about this study. A systematic
analysis was carried out for the critical roles and the potential
prognostic values of RBPs played in cutaneous melanoma. At
first, we downloaded transcriptome information and clinical data
from TCGA and GEO datasets. Then, a total of 1541 RBPs
were acquired from previous publications, which were integrated
with the mRNA from the TCGA database to obtain 1492 RBPs
in cutaneous melanoma. A total of 1374 RBPs were identified
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FIGURE 1 | Flow diagram showing the design of the study.

by taking the intersection of 1492 RBPs and mRNAs from
the GEO dataset.

Construction of the RBPs-Related
Signature
The relationship between the expression of these 1374 RBPs and
OS was analyzed by univariate Cox regression. As a result, 35
RBPs were left as prognostic-associated candidates (P < 0.001)
(Figure 2A). Then, sixteen prognostic RBPs were conducted with
LASSO regression analysis (Figure 2B) and partial likelihood
deviance (Figure 2C). Subsequently, multivariate Cox regression
analysis on the 16 RBPs was conducted to further select a
robust and effective risk model for prognosis prediction and
identified 7 RBPs (RPF1, RBM43, RPP25, APOBEC3G, PATL2,
FBXO17, and NYNRIN) (Figure 2D). A prognostic signature
based on 7 RBPs, including 3 high-risk RBPs (RPP25, FBXO17,
and NYNRIN) and 4 low-risk RBPs (RPF1, RBM43, APOBEC3G,
and PATL2), and the risk score were obtained. The risk score
was obtained in line with the expression quantities of the 7
RBPs in various samples and the correlation coefficients. The risk
score = (−0.23148 × level of RPF1) + (−0.22826 × level of
RBM43) + (0.17848 × level of RPP25) + (−0.16324 × level of

APOBEC3G)+ (−0.34232× level of PATL2)+ (0.12702× level
of FBXO17) + (0.14216 × level of NYNRIN). After scoring each
patient’s risk through the signature, patients above and below
the mean risk score were assigned to the high- and low-risk
group, respectively. Figure 2E showed the status and survival
time of patients in the training set. PCA and t-SNE analyses
indicated that discernible dimensions between high- and low-
score patients (Figures 2F,G). Comparing the KM curves of
the two groups, we found a significant difference in the OS of
patients between the two groups. Patients with highrisk have
an expressively lower OS than those with low-risk (P < 0.001,
Figure 2H). The AUC of the ROC curves was 0.805 in the
training cohort, suggesting the great predictive performance of
this signature (Figure 2I).

External Validation of the Prognostic
Significance of RBPs
The GSE65904 dataset was separately used to determine the
validity and robustness of the signature as an independent
validation cohort (Figures 3A–F). The risk scores, survival status
of patients, and PCA and t-SNE demonstrating the variation
tendencies of high- and low-risk groups were, respectively,
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FIGURE 2 | Establishment of 7-RBP signature in TCGA dataset. (A) Forest plot of univariate Cox regression analysis for prognostic RBPs. (B,C) The LASSO
regression analysis and partial likelihood deviance on the prognostic RBPs. (D) Forest plot of multivariate cox regression analysis for prognostic RBPs. (E) The
ranked dot plot indicates the risk score distribution and scatter plot presenting the patients’ survival status. (F,G) The PCA and t-SNE analyses were performed
between the two risk groups. (H) KM analysis of the OS between the two groups. (I) ROC curve of 7-RBP signature.

as shown in Figures 3C,D. As shown in Figure 3E, the OS
between the high- and low-risk groups was proved to be
statistically different (P < 0.001), which is consistent with
the training set. The AUC for this risk score signature is
0.718, proving that the model has a promising predictive
value (Figure 3F). To understand whether this newly identified
RBP signature can specifically predict prognosis of cutaneous
melanoma or has general prognostic value for other cancers,
we evaluated prognostic value of the RBP signature in 32
cancer types using the TCGA pan-cancer data and found
that the signature can also predict prognosis of other 5 types
of cancer (Supplementary Figures 1, 2), including bladder
urothelial carcinoma (TCGA-BLCA), breast invasive carcinoma
(TCGA-BRCA), ovarian serous cystadenocarcinoma (TCGA-
OV), mesothelioma (TCGA-MESO), and lung adenocarcinoma

(TCGA-LUAD). Taken together, these results further validated
that signature has high validity for survival prediction in
cutaneous melanoma.

Correlation of the Signature With TME in
Cutaneous Melanoma
To explore the role of the signature on the TME of cutaneous
melanoma, we analyzed the association between the signature,
the abundance of 22 immune cells, 13 immune-related pathways,
and TME score (Stromal score, Immune score, and Estimate
score). Interestingly, high risk score was positively correlated
with M0 macrophages, M2 macrophages, resting mast cells,
activated mast cells, neutrophils, and negatively corrected with
B cells memory, M1 macrophages, Monocytes, activated NK
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FIGURE 3 | Evaluation of 7-RBP signature in GSE65904 dataset. (A) The ranked dot plot indicates the risk score distribution. (B) Scatter plot presenting the
patients’ survival status. (C,D) The PCA and t-SNE analyses were performed between the two risk groups. (E) KM analysis of the OS between the two groups.
(F) ROC curve of 7-RBP signature.

cells, Plasma cells, activated T cells CD4 memory, CD8 T cells
(Figure 4A), and 13 immune-related pathways (Figure 4B). In
addition, several vital immune-checkpoint-relevant genes were
also analyzed and indicated that the risk score was significantly
associated with the expression of the checkpoint markers,
PD-1 (PDCD1), PD-L1 (CD274), and CTLA-4 (Figure 5A),
implicating the potential roles of the signature model in the
response to immunotherapy in cutaneous melanoma patients.
Finally, the signature was negatively associated with immune

score (P < 0.001), stromal score (P < 0.001), and ESTIMATE
score (P < 0.001; Figures 5B–D).

Drug Susceptibility Analysis
To manifest the application of antineoplastic drugs in melanoma
patients hierarchically, we explored the antineoplastic drug
susceptibility in the high- and low-risk groups based on the
prognostic signature. As shown in Figure 6, after comprehensive
analysis for the antineoplastic drugs, we noted that Gefitinib,
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FIGURE 4 | Relationships between the signature and tumor immune cell microenvironment. (A) Infiltration abundances of immune cell types. (B) 13 immune-related
functions. *p < 0.05 and ***p < 0.001.

Bosutinib, Cisplatin, Embelin, Etoposide, AKT inhibitor VIII,
and Gemcitabine were more susceptible to the patients in the
low-risk group compared with the patients in the high-risk group,
while patients with high-risk seem more vulnerable to Docetaxel,
Paclitaxel, and Erlotinib.

Development of a Nomogram for
Prognosis Prediction
Univariate and multivariate Cox regression analyses were
performed to determine whether the risk scores were

independent risk factors of melanoma. The result confirmed
that age, tumor stage, and risk score were independent
prognostic factors (Figures 7A,B). To assess whether signature
retained its prognostic value in various subgroups, we
conducted a clinical stratification analysis. Kaplan-Meier
analysis indicated that the OS of the high-risk score group
was remarkably shorter than that of the low-risk score
group (Figure 7C).

For the establishment of quantitative methods for cutaneous
melanoma prognosis, a prognostic nomogram was established
according to age, tumor stage, and risk score (Figure 8A).
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FIGURE 5 | Relationships between the signature and immune checkpoints as well as TME score. (A) Immune checkpoints. (B–D) The TME score (Immune score,
Stromal score, and Estimate score).

FIGURE 6 | Relationships between the signature and drug susceptibility. (A) Gefitinib, Bosutinib, Cisplatin, Embelin, and Etoposide. (B) AKT inhibitor VIII,
Gemcitabine, Docetaxel, Paclitaxel, and Erlotinib.

The AUCs of the nomogram at 3- and 5-year survival times
were 0.739 and 0.728, respectively (Figure 8B). We used the
calibration curve to show the prediction value of the nomogram,

which results indicating that curve of the nomogram at 3, and
5 years OS were close to 45◦line (Figures 8C,D), indicating high
predictive accuracy.
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FIGURE 7 | Univariate and multivariate Cox regression analyses assessing the independent prognostic value of risk score and clinical variables. (A) Univariate Cox
regression analysis. (B) Multivariate Cox regression analysis. (C) The stratification analysis assessing predictive ability of the signature in different subgroups.

Gene Set Enrichment Analysis
Gene set enrichment analysis was used to discover the underlying
biological mechanisms to further understand the development of
cutaneous melanoma and the reasons for the different prognoses
of patients with different scores. As shown in Figure 9, multiple
significant signaling pathways were enriched in high- and low-
risk group patients, but there was a different enrichment in
the two groups. The high-risk group was mainly involved in
basal cell carcinoma, notch signaling pathway, melanogenesis,
and purine metabolism, while toll-like receptor, Jak-STAT,
chemokine, natural killer cell-mediated cytotoxicity signaling

pathway were the most significantly enriched signaling pathways
in the low-risk group (Figure 9).

DISCUSSION

Despite breakthrough advancements in cutaneous melanoma
treatment, some cutaneous melanoma patients still have a poor
prognosis, especially when metastasis is detected. Due to the
phenotype and genetic heterogeneity of malignant melanoma,
conventional clinical features are still limited to accurately
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FIGURE 8 | Construction and evaluation of a nomogram for survival prediction of melanoma patients based on risk score and clinical variables. (A) The nomogram
was developed for predicting the 3- and 5-year OS of melanoma patients. (B) ROC curves for 3- and 5-year OS of the nomogram. (C,D) Calibration curves for
predicting 3- and 5-year OS.

predict individual outcomes and survival. Accurate prognostic
prediction and individualized clinical treatment strategy are the
basis of precision medicine (Arnedos et al., 2014). Most of the
established clinical markers for treatment response and prognosis
of cutaneous melanoma are based on clinical features, and their
accuracy and specificity are limited. Traditional AJCC TNM
staging is mainly based on anatomical information and cannot
adequately assess the prognosis of cutaneous melanoma patients.
Therefore, exploring the molecular mechanisms and screening
reliable melanoma-specific genomic signatures are urgently
needed to improve prognosis assessment and individualized
treatment. In recent years, with in-depth research on the
regulatory role of RBPs in various RNA processes, researchers
gradually realized the importance of RBPs in cancer. However,
a systematic analysis of the relationship between RBPs and
cutaneous melanoma is lacking. In the present study, we
established an RBP-related prognostic signature, assessed the
correlation between this model and prognosis as well as the
immunotherapy response, and evaluated the potential clinical
applications of the model.

The high-throughput “omics” data combined with
bioinformatic analysis provided valid and economical methods

to depict the prognostic value of RBPs in cutaneous melanoma.
First, we combined the mRNA expression profiles of patients
retrieved from the TCGA database and identified 1374 RBPs.
Then, univariate, LASSO, and multivariate Cox regression
analyses were carried out to develop a 7-RBP signature. The
signature could classify patients into different risk subgroups
with significantly different prognoses both in the TCGA and
GEO sets. The reliability of the signature in predicting OS of
melanoma patients was validated through ROC curves and PCA
analyses between the two subgroups in the TCGA and GEO
sets. To understand whether this newly identified RBP signature
can specifically predict prognosis of cutaneous melanoma or
has general prognostic value for other cancers, we evaluated
prognostic value of the RBP signature in 32 cancer types using
the TCGA pan-cancer data and found that the signature can
also predict prognosis of other 5 types of cancer. Analyses
of immune infiltrating, TME, immune checkpoint and drug
susceptibility revealed significant differences between the two
groups. The GSEA indicated that cancer-related processes and
pathways were significantly enriched in the high-risk group
defined by the RBP-related signature. Additionally, a nomogram
combining 7-RBP-signature with clinical characteristics was
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FIGURE 9 | Gene set enrichment analysis (GSEA) for the signature based on RBPs. (A) Enriched KEGG pathways in the high-risk group. (B) Enriched KEGG
pathways in the low-risk group.

performed to verify the robustness of the model for speculating
OS in melanoma patients. The favorable predictive performance
of the nomogram was validated by the discrimination and
calibration curves.

The prognostic signature contained 7 RBPs. Some of the
RBPs were found to affect the malignant phenotypes of tumors,
such as RPP25, FBXO17, RBM43, and APOBEC3G. Consistent
with the results of this study, previous studies have shown
that RPP25 was significantly upregulated in tissues and cell
lines of cervical cancer relative to the normal tissues. RPP25
can serve as a target gene of miR-3127-5p to promote the
EMT process in cervical cancer (Yang et al., 2020). FBXO17,
a negative regulator of glycogensynthase kinase-3β (GSK-3β),
was identified by polyubiquitination and targeting of kinases
to proteasomal degradation (Suber et al., 2017). FBXO17 was
found to be upregulated in tumor tissues and promote malignant
progression of cancer through different mechanisms, such as
activation of Akt (Suber et al., 2018), or wnt/β-catenin pathway
(Liu et al., 2019). Patients with elevated FBXO17 have a worse
prognosis in multiple cancers, such as high-grade glioma (Du
et al., 2018) and hepatocellular carcinoma (Liu et al., 2019).
RNA-binding motif protein 43 (RBM43) was reported to be
a tumor suppressor and correlated with poor prognosis in
liver cancer. The overexpression of RBM43 can inhibit the
proliferation of hepatocellular carcinoma cells, and decreased the
growth of transplanted tumors in vivo through modulation of
cyclin B1 expression (Feng et al., 2020). APOBEC3G has been
reported to be dysregulated in tumor tissues and is associated

with the prognosis of multiple cancers (Leonard et al., 2016;
Han et al., 2020). There is an obvious correlation between
APOBEC3G and tumor-infiltrating immune cells (Leonard et al.,
2016; Han et al., 2020).

There is growing evidence that the TME, in which immune
cells and molecules are important components, acts an important
role in tumor development and the degree of immune
cell infiltration is highly correlated with patient prognosis
(Seager et al., 2017). The typical structure of the TME is
composed of stromal components, endotheliocyte, mesenchymal
stem cells, tumor-associated fibroblast and pericyte included,
and immunocytes (Turley et al., 2015). With the recent
development of technologies such as RNA-seq, it is possible
to systematically analyze the TME and the functional diversity
of tumor-infiltrating immune cells, the sensitivity of patients
to immunotherapy, and the prognosis (Zhang and Zhang,
2019). Melanoma is one of the most immunogenic tumors
because it has an incredibly high genomic mutation load
and is most likely to trigger a specific adaptive anti-tumor
immune response. Therefore, it has the greatest potential for
response to immunotherapy (Marzagalli et al., 2019). In this
research, we first explored the relationship between the RBP
signature and tumor-infiltrating immune cells. We discovered
that the relative contents of B cells memory, M1 macrophages,
Monocytes, activated NK cells, Plasma cells, activated T cells CD4
memory, CD8 T cells, and 13 immune-related pathways were
negatively correlated with the risk score. We further conducted
correlational analysis for the signature and the expression of
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tumor immune checkpoint genes and noticed that with the
risk score was significant with the expression of the checkpoint
markers, such as PD-1, PD-L1, and CTLA-4, implicating the
potential roles of the signature in the response to immunotherapy
in cutaneous melanoma patients. Recently, the study of
immune checkpoint therapy targeting PD-1 and CTLA-4 was
blooming. The immunotherapies aiming at PD-1 and CTLA-
4 have been widespread applied for melanoma (Specenier,
2016; Franklin et al., 2017). PD-1 is an important checkpoint
receptor on the surface of T cells, and PD-1 combined with
its agonist PD-L1 can also inhibit T cell activation. PD-L1
is expressed by melanoma cells or tumor-associated stroma,
and this expression is closely related to the efficacy of anti-
PD-1 immunotherapy (Taube et al., 2014). Several anti-PD-1
antibodies, such as nivolumab, ipilimumab, and pembrolizumab,
have been approved for the treatment of melanoma (Franklin
et al., 2017). Moreover, we further evaluated the association
between the signature and TME. The result indicated that
the signature was negatively associated with an immune score,
estimate score, and ESTIMATE score might indicate that high-
risk score inhibits immunoreaction to promote the progression
of melanoma cells.

This study, for the first time, established a prognostic
model based on RBPs, which could be a good tool for
predicting the prognosis of cutaneous melanoma patients.
Nevertheless, we have to admit that some limitations were also
existing in our study. First, the results of this retrospective
study based on bioinformatics analysis might exist a bit
of bias, the prediction accuracy of the model needs to be
further confirmed using prospective multicenter randomized
controlled trials. The validation in cellular experiments,
and animal and tissue models warrant further investigation.
Second, the information from the TCGA database is limited
and incomplete, which may reduce the predictive accuracy
of the model.
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