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Abstract: The tumor microenvironment plays a crucial role in melanoma. In this study, the abundance 
of immune cells in melanoma samples was assessed and analyzed using single sample gene set 
enrichment analysis (ssGSEA), and the predictive value of immune cells was assessed using univariate 
COX regression analysis. The Least Absolute Shrinkage and Selection Operator (LASSO)-Cox 
regression analysis was applied to construct an immune cell risk score (ICRS) model with a high 
predictive value for identifying the immune profile of melanoma patients. The pathway enrichment 
between the different ICRS groups was also elucidated. Next, five hub genes for diagnosing the 
prognosis of melanoma were screened by two machine learning algorithms, LASSO and random forest. 
The distribution of hub genes in immune cells was analyzed on account of Single-cell RNA sequencing 
(scRNA-seq), and the interaction between genes and immune cells was elucidated by cellular 
communication.  Ultimately, the ICRS model on account of two types of immune cells (Activated CD8 
T cell and Immature B cell) was constructed and validated, which can determine melanoma prognosis. 
In addition, five hub genes were identified as potential therapeutic targets affecting the prognosis of 
melanoma patients. 
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1. Introduction 

Skin Cutaneous Melanoma (SKCM) is a deadly and invasive kind of skin cancer that develops 
when melanocytes in the skin epidermis’ basal layer undergo malignant transformation. The incidence 
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of melanoma is rising faster in developed countries. There will be approximately 99,780 new patients 
of melanoma in the United States in 2022, nearly double the 53,600 cases in 2002 [1]. Environmental, 
immunological, and genetic factors contribute to melanoma development. The primary treatment for 
non-metastatic melanoma is surgery. However, not all patients with the disease are candidates for it 
due to anatomical location, number of lesions, and recurrence rate following surgical resection. For 
the aforementioned circumstance, the response rate has been enhanced by the development of new 
medications with specific targeting and immunotherapy. Effective melanoma treatment options include 
immunotherapy and targeted therapy. Currently, immune checkpoint medications that target CTLA-4 
and PD-1 monoclonal antibodies are routinely utilized throughout the world to treat melanoma [2]. 
Relevant clinical studies have demonstrated good patient response to immunotherapy, such as immune 
checkpoint inhibitors. Unfortunately, many patients with the disease develop immune resistance to 
immunotherapy, which may be due to the complicated interactions between tumor cells and the tumor 
microenvironment [3]. The tumor microenvironment is heterogeneous and consists of various types of 
cells and extracellular matrix with unique Spatio-temporal interactions between these cellular 
components that influence the behavior of the tumor [4]. During melanoma development, the 
proliferation and apoptosis of tumor cells are determined by the activity of immune cells [5]. In the 
background of cancer immunotherapy, intratumoral heterogeneity influences the therapeutic 
effectiveness of anticancer medications. The tumor microenvironment (TME), which is heterogeneous 
and has unique spatiotemporal interactions between all cellular constituents, can be rationally 
explained as the source of therapeutic pressure and cancer adaptability [6]. It has been shown that 
tumor immune subtypes can be determined on account of the combined abundance of immune cells, 
which will help select suitable therapeutic strategies [7]. Therefore, constructing an immune cell risk 
score that can predict prediction is crucial for melanoma prevention and treatment. 

ScRNA-seq technology has recently made advancements that have made it easier to comprehend 
the heterogeneity of tumor cells. ScRNA-seq analysis is unquestionably a valuable method for learning 
the characteristics of various cell types within cells and is a critical component of single-cell 
sequencing technology [8]. For instance, a recent study found that scRNA-seq can analyze the genetic 
signature of drug-resistant clusters, find clusters that cause drug resistance, and assess cell clusters in 
tumor tissue [9]. ScRNA-seq can enhance the interpretation of how vital cellular constituents co-
stimulate tumor emergence behavior and describe tumors’ cellular composition [10]. This investigation 
field is also an essential part of cancer investigation. However, applying scRNA-seq in this field needs 
further in-depth studies. 

2. Materials and methods 

2.1. Data collection and processing  

The RNA-Seq TPM (Transcripts Per Kilobase of exon model per Million mapped reads) data and 
clinical data of SKCM samples were downloaded from the TCGA database 
(https://portal.gdc.cancer.gov/), and then we performed log2 transformation on the TPM data. The gene 
expression data of the skin samples from 812 healthy humans were downloaded from the GTEx (The 
Genotype-Tissue Expression) database (https://www.gtexportal.org/home/index.html). The 
corresponding information for melanoma was downloaded from the Gene Expression Omnibus 
(GEO) [11] (https://www.ncbi.nlm.nih.gov/) database for scRNA-seq data: GSE72056 and bulk RNA-
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seq data: GSE65904. The dataset of TCGA was utilized as the training set, and the GSE65904 cohort 
was utilized as the verification set. 

2.2. Construction and verification of the ICRS 

The ssGSEA method was employed to calculate the abundance of 23 immune cells in skin 
cutaneous melanoma according to the expression data of tumor samples [12]. Prognosis-relevant 
immune cells were screened on account of univariate COX regression analysis, followed by 
constructing the ICRS with predictive value on account of prognosis-relevant immune cells using the 
Lasso [13]. The immune cell risk score was calculated as follows: 

ICRS=෍Coef_i × Xi

n

i=1

 

where Coef represents the coefficient of prognostic immune cells and X denotes the abundance of 
predictive immune cells. The “glmnet” package was utilized to perform LASSO-COX regression 
analysis to remove excess prognostic immune cells in order to build an immune cell risk score 
subsequently. The entire sample was classified as different ICRS on account of the median risk score 
of the training cohort. Kaplan-Meier survival curves were plotted to determine the prognosis value of 
the immune cell risk score for melanoma. The “ESTIMATE” algorithm was utilized to assess the 
immune score, stromal score, and ESTIMATE score for each patient in the melanoma cohort [14]. 
CIBERSORT is a generalized deconvolution algorithm for quantifying the cellular fraction of a large 
number of tissues on account of gene expression matrices to evaluate the proportion of immune cells 
of 22 phenotypes. To confirm the precision of the inverse convolution algorithm, the threshold was set 
to a P value < 0.05. 

2.3. GSVA and differential analysis  

GSVA switched the analysis object from genes to gene sets for pathway-level differential analysis. 
GSVA portrays the overall differences between different immune cell risk scores on account of the 
training cohort. The Wilcoxon rank sum test was next utilized to calculate differential genes between 
different ICRS. |log2FoldChange| > 1 and P-Value < 0.05 were utilized as significance criteria to 
determine the differential genes. Gene Ontology (GO) enrichment analysis and Genomes (KEGG) 
pathway analysis of differential genes were performed using the “clusterProfiler” package of R software. 

2.4.  Machine learning 

Two machine learning methods were employed to bolster hub genes affecting melanoma 
prognosis. The LASSO is utilized to build a penalty function to obtain a more refined model by using 
the “glmnet” package. It is a biased estimation for data with multiple covariances that improve 
statistical models’ prediction accuracy and understandability. The package “randomForest” [15] was 
utilized to build a random forest model to filter DEGs. In the random forest classifier, the number of 
random seeds and decision trees is set to 123,456 and 300, respectively, to obtain a stable model error 
and high accuracy. The differential genes with utmost significance were screened as essential genes 
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affecting melanoma prognosis for subsequent analysis. For the accuracy of the results, the overlapping 
genes of LASSO and RF are regarded as hub genes affecting melanoma’s prognosis [16]. 

2.5. Analysis of scRNA sequencing data  

The scRNA-seq was downloaded from the GEO database, and the study included 4645 cells from 19 
patients. Cells with more than 10,000 genes and less than 200 genes were discarded. These cells did 
not include mitochondrial genes. Ultimately, a total of 4612 cells were included in this study for follow-
up analysis. First, we normalized the merged data by log-normalization and identified the first 2000 
highly variable genes by the “FindVariableFeatures” function. A principal component analysis (PCA) 
was subsequently performed to select significant main components (PCs) using the “JackStraw” and 
“ScoreJackStraw” functions. The “FindAllMarkers” function is utilized to recognize characteristic 
genes for each cell population [17]. The “RunTSNE” function is then utilized for cell clustering and 
visualization analysis of TSNE. T-SNE is an algorithm that converts multidimensional data into two-
dimensional or three-dimensional data by using accountable flow theory and topological algorithm 
while maintaining the original data distribution and similarity to achieve the effect of dimensionality 
reduction. Marker genes are subsequently annotated using the “singleR” package and corrected 
according to their features using CellMarker. 

2.6. Cell-cell communication 

Cellular communication between cell types is assessed by the “CellChat” package [18]. 
Specifically, Cellular communication is the process by which a portion of cells in vivo sends signals 
and the target cells receive them and translate them into changes in cellular function. The mechanism 
of communication between individual cell types was obtained by comparing the differences in ligand 
and receptor gene expression between cells of different sample groups across cell types. In this process, 
the ligand is considered the output signal and the receptor is considered the input signal. The ligand-
receptor interaction score reflects the possible interactions between cells. 

2.7. Verification of hub genes 

We downloaded 812 normal skin samples from the GTEx database for joint analysis, with 463 
melanoma samples from the TCGA database. Boxplot visualizes the differential expression levels of 
hub genes between tumor and normal groups. Kaplan-Meier curves allowed us to determine the impact 
of hub genes on melanoma prognosis. 

3. Results 

3.1. Construction of the ICRS 

The flow chart of this study is shown in Figure 1. In the training cohort, 17 immune cells 
associated with survival were ascertained using univariate COX regression analysis and subsequently 
screened by LASSO (Figure 2A,B) to obtain the ICRS constructed from Activated CD8 T cells and 
Immature B cells. The ICRS was calculated on account of the formula: the abundance of Activated 



2924 

Mathematical Biosciences and Engineering  Volume 20, Issue 2, 2920–2936. 

CD8 T cell × (-0.429966) + the abundance of Immature B cell × (-1.514149). The distribution of 
patients, state of survival, and expression abundance of Activated CD8 T cells and Immature B cells 
between the different ICRS are shown in Figure 2C. Kaplan-Meier curves indicated that patients in the 
high-ICRS group had great shorter survival times than those in the low-ICRS group (P < 0.05) (Figure 2D). 
Next, immune characteristics between the different ICRS groups were analyzed using ESTIMATE and 
CIBERSORT methods. We noted that the immune score, ESTIMATE score and stromal score were 
great higher in the low -ICRS group (Figure 2E–G), while the tumor purity was considerably higher 
in the high-ICRS group (Figure 2H). Furthermore, it is worth noting that in the results of immune cell 
infiltration, both T cell CD8 and B cells native were discovered to be more highly expressed in the low 
immune group (Figure 2I,J), which is consistent with our previous analysis (P < 0.001). 

 

Figure 1. Workflow of this study. 

3.2. External verification of the ICRS 

To further determine the accuracy of the ICRS, GSE65904 was employed as the verification 
cohort for analysis in this study. The abundance of 23 immune cells was evaluated by ssGSEA and 
modeled using the same formula as the training cohort. Next, melanoma patients were divided into 
different ICRS groups on the strength of the same cut-off of the ICRS as the training cohort. The 
distribution of patients, state of survival and the abundance of Activated CD8 T cell and Immature B 
cell expression in the different ICRS groups are shown (Figure 3A). Survival curves show a better 
prognosis for patients in the high ICRS group (P < 0.05) (Figure 3B). Next, we noted that immune 
scores, ESTIMATE scores, and stromal scores were significantly higher in the low-ICRS group of the 
verification cohort (Figure 3C–E). Meanwhile, the purity of tumors in the high subgroup significantly 
exceeded that of the ground subgroup. (Figure 3F). Furthermore, most immune cells were significantly 
more elevated in the low-ICRS group (Figure 3G,H). These results are consistent with the training 
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cohort, showing that the ICRS model identifies immune subtypes of melanoma well and effectively 
predicts the prognosis of melanoma patients. 

 

Figure 2. Construction and evaluation of the ICRS in the training cohort. (A,B) Coefficient 
path diagram and cross-verification curve of LASSO. (C) Distribution of patients, state of 
survival and abundance of immune cells between different ICRS groups. (D) Kaplan-
Meier survival curve analysis. (E–H) Differential profiles of the immune score, 
ESTIMATE score, stromal score and tumor purity. (I) Heatmap showing the differences 
of 23 immune cells between different groups. (J) Boxplot showing the difference of 22 
immune cells between different groups. 
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Figure 3. External verification of the ICRS accuracy in the verification cohort. (A) 
Distribution of patients, state of survival and abundance of immune cells between different 
ICRS groups. (B) Kaplan-Meier survival curve analysis. (C–F) Differential profiles of 
immune score, ESTIMATE score, stromal score and tumor purity. (G) Heatmap showing 
the differences of 23 immune cells between different groups. (H) Boxplot showing the 
difference of 22 immune cells between different groups. 

3.3. Differential analysis between the high- and low-ICRS groups  

Analyses were executed in the training cohort to elucidate the functional differences between the 
different ICRS groups. First, GSVA was utilized to illuminate the differences in pathways between the 
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two groups. The different ICRS groups are mainly enriched in immune-related pathways such as 
allograft rejection and antigen processing and presentation (Figure 4A). Next, differential analysis 
between different ICRS groups was identified using the Wilcoxon rank sum test, and 972 differential 
genes were obtained (Figure 4B). GO or KEGG enrichment analysis of 972 differential genes to 
identify the functions of these genes or the pathways involved in regulation. The results of GO 
enrichment analysis suggested that in terms of biological processes (BP), differential genes were 
mainly involved in processes such as leukocyte-mediated immunity and lymphocyte-mediated 
immunity, and in terms of cellular components (CC), differential genes were associated with T cell 
receptor complexes, MHC protein complex, and other components. In terms of molecular functions 
(MF), differential genes are mainly immunoglobulin receptor binding, cytokine activity, chemokine 
receptor binding and other procedures (Figure 4D). KEGG pathways are primarily enriched in Cell 
adhesion molecules and hematopoietic cell lineage (Figure 4C). These differential terms may be 
potentially responsible for prolonged survival time in low-ICRS groups. 

 

Figure 4. Differential Analysis between the different ICRS groups in the training cohort. 
(A) Heatmap of the first 25 critical terms of GSVA. (B) Volcano of differential genes 
between the different ICRS groups. (C) GO enrichment analysis of differential genes. (D) 
KEGG pathway analysis of differential genes. 

3.4. Identification of hub genes via machine learning 

We further screened these DEGs using Lasso and random forest classifiers to filter the hub genes 
with predictive values for melanoma. LASSO regression analysis screened 45 significant candidate hub 
genes (Figure 5A). In the random forest, the number of random seeds is set to 123,456. We chose 500 
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trees as the random forest model’s parameters, representing the model’s stable error (Figure 5B). 
Finally, we screened the 43 hub genes with the highest Gini index scores. Finally, we filtered the 43 
genes with the highest Gini index scores, and we obtained 45 hub genes in the Lasso analysis. The 
intersection of five potential candidate genes in RF and LASSO was shown by a Venn diagram 
(Figure 5C), and five genes (CXCL13, FCRL3, NCF1C, PLA2G2D, and SLAMF6) were identified 
as hub signature genes for subsequent analysis. Next, correlations among the five hub genes were 
analyzed using correlation analysis (Figure 5D). 

 

Figure 5. Machine learning screens candidate diagnostic biomarkers. (A) Biomarker 
screening in the Lasso model. (B) The relationship between the number of decision trees 
and the model error. (C) The Venn diagram shows that the two algorithms described above 
identified five candidate diagnostic genes. (D) Correlation analysis of five hub genes. 

3.5. Identification of specific targets affecting prognosis by scRNA sequencing data 

To better investigate the role of 5 hub genes in melanoma prognosis, we analyzed scRNA-
sequencing data, which included 4645 cells. A total of 4612 cells and 22,289 genes eventually passed 
the quality control filter and were utilized for further data analysis. Unsupervised clustering analysis 
was performed using the whole transcriptome of all single cells after batch effect correction, and the 
results were visualized using TSNE for downscaling. By using the “singR” package to annotate the 
cells, we obtained a total of 8 clusters of cells: T cells, B cell, Neurons, Monocyte, Tissue stem cells, 
NK cell, Fibroblasts, Endothelial cells, and visualized the top 5 significant differential genes in each 
cluster by heatmap (Figure 6A,B). Finally, we analyzed the distribution of the five hub genes in each 
cell cluster. We showed that SLAMF6 and FCRL3 were mainly distributed in T cells, B cells, and NK 
cell subpopulations, NCF1C was told primarily on B cells and Monocyte, CXCL9 was distributed in 
T cells, while PLA2G2D was not expressed in almost any cells (Figure 6C–G). 
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Figure 6. Visualization of scRNA-seq. (A) TSEN plot of all melanoma cells. (B) Heatmap 
of the top five DEGs in cell subpopulations. (C–G) Distribution of five key genes in 
different cell clusters. 

3.6. Cell-cell communication 

To better comprehend the intercommunication of different cell types in melanoma, we analyzed 
the interactions between eight cell types using cellular communication analysis. And further extracted 
individual cells to observe the communication between this cell and other cells (Figure 7A), and it was 
found that cellular communication between T cells and B cells was more assertive (Figure 7B). Next, 
we analyzed the cellular communication involved in the core gene. The results found that the core gene 
CXCL13 is present in the CXCL pathway between T cells and b cells, where CXCL13 is the ligand 
and CXCR5 is the ligand, so we further investigated the communication role and cellular action type 
analysis between immune cells in the CXCL pathway (Figure 7C). It was found that B cells, 
Endothelial cells, monocytes and Fibroblasts can act as both ligand and receptor cells in this pathway, 
where Endothelial cells, monocytes, and Fibroblasts can send signals to other cells. In contrast, T 
cells, Neurons, Tissue stem cells, and NK cells, can only act as ligand cells (Figure 7D,E). These 
results elucidate the possible interactions between these cell types and the cellular pathways involved 
in core genes. These help us further investigate the combined role of cell types and hub genes in 
melanoma prognosis. 
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Figure 7. Analysis of cellular communication in melanoma. (A) The number of 
interactions between immune cells. (B) Communication between B cells and other cells. 
(C) Cellular communication at the level of ligand-receptor pairs. (D) Hierarchical map of 
cellular communication demonstrating pathways. (E) Analysis of cellular action types. 

3.7. Verification of hub genes 

 

Figure 8. Verification of hub genes. (A–E) Survival analysis of five hub genes in the 
training cohort. (F–J) Survival analysis of five hub genes in the verification cohort. (K–O) 
Expression characteristics of CXCL13, FCRL3, PLA2G2D, NCF1C, and SLAMF6 in 
normal samples and melanoma. 
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To investigate the expression characteristics of hub genes between normal samples and melanoma, 
we downloaded 812 normal skin samples from the GTEx database for joint analysis with 463 
melanoma samples from the TCGA database to ascertain the expression differences of hub genes 
between the tumor and normal groups. The five hub genes, CXCL13, FCRL3, NCF1C, PLA2G2D, 
and NCF1C, were highly expressed in normal samples with significant significance (Figure 8K–O). 
Next, further survival curve analysis showed that the five hub genes, CXCL13, FCRL3, PLA2G2D, 
NCF1C, and SLAMF6, had longer survival times for high expression. Although the gene PLA2G2D 
was insignificant in the verification group (Figure 8A–J). The above results suggest that these five 
genes are good prognostic genes and may play a key role in influencing the recurrence of melanoma. 

4. Discussion 

Melanoma is composed of many different cells and the interaction between these cells is 
associated with tumor formation, metastasis, treatment resistance and immune infiltration [19]. These 
different cells interact with each other through ligand-receptor interactions. Because of the importance 
of this intercellular communication for patient prognosis, therapeutic approaches targeting intercellular 
interactions are becoming increasingly popular in clinical research. However, there have not been 
sufficient studies to identify the genes involved in intercellular communication. 

In this study, the TCGA dataset as a training cohort, the abundance of 23 immune cells was 
assessed by ssGSEA, and a combination of univariate and LASSO COX regression analysis was 
utilized to screen for Activated CD8 T cells and Immature B cells, which were significantly relevant 
with melanoma prognosis. A validated ICRS was constructed on account of these two immune cells. 
We investigated the model’s validity in predicting melanoma survival, showing that patients in the 
low-ICRS group had a better prognosis. The ICRS model also had an excellent diagnostic performance 
in the external verification cohort. These results indicate that prognostic models constructed on account 
of immune cells can precisely predict the survival rate of melanoma patients. 

In both cell types, the risk factors for T and B cells are less than 0, indicating that these two 
immune cells are protective factors in melanoma. Alterations in immune cell content play a significant 
impact in melanoma progression. Studies have reported that B cell in patients with advanced 
melanoma is pivotal for an efficient anti-tumor immune response and stable disease control. At the 
same time, B cells could play a crucial role in regulating early tumor progression in melanoma 
patients [20]. On the other hand, activated CD8 T cells were found in our study to play a crucial role 
in melanoma development. An increased number of CD8+ T cells can control tumor growth [21]. 

With the development of bioinformatics, many risk models have been constructed to assess the 
prognostic outcome of melanoma patients. Song et al. created a predictive model that utilizes 
coagulation-related genes to predict patient survival and facilitate clinical treatment management [22]. 
Yang et al. reported that the analysis of cuproptosis-related lncRNAs in SKCM opens new directions for 
SKCM treatment [23]. Fu et al. constructed an immunogenic cell death（ICD） gene-related model to 
initially explore the ICD and possible signaling pathways related to melanoma prognosis [24]. 
Nonetheless, these studies have all been multi-gene combination analyses to predict the prognostic 
impact on melanoma. Still, constructing predictive models with two immune cells, T cells and B cells, 
to expect melanoma survival is not reported. Notably, a predictive model built with T and B cells could 
represent the immune profile of melanoma and afford a basis for assessing the response to clinical 
treatment of melanoma. 
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In addition, the difference genes between the different ICRS groups were obtained by The 
Wilcoxon rank sum test. The different genes were discovered to be mainly enriched in immune-related 
pathways by GO and KEGG enrichment analysis. GSVA also elucidated the pathway differences 
between the different ICRS groups. On account of this, we further screened the hub genes by Lasso 
and random forest algorithms, and five hub genes were screened: CXCL13, FCRL3, NCF1C, 
PLA2G2D and SLAMF6. In a previous study, CXCL13 was found to be a prognostic biomarker in 
melanoma patients treated with immune checkpoint inhibition [25], which enrolls B cells into the 
tumor microenvironment, and CXCL13 decreases regulatory B cells in the tumor microenvironment 
and restrains tumor growth [26]. CXCL13 was identified as an immune-related biomarker relevant to 
tumor formation and prognosis in patients with melanoma [27]. These are consistent with our findings. 
FCRL3 accelerates TLR9-induced B-cell activation and inhibits plasma cell decomposition [28] and 
has also been validated as an underlying prognostic biomarker relevant to melanoma metastasis [29]. 
NCF1 has been reported to cause an autosomal recessive disorder, chronic sarcoidosis [30]. Its 
association with cancer and melanoma has not been reported and deserves further exploration in the 
future. PLA2G2D is associated with melanoma metastasis, and its more in-depth mechanisms need to 
be further explored. Anti-SLAMF6 was found to be effective in reclaiming CD8+ T cell function and 
directly influencing tumor progression [31]. SLAMF6 and SLAM-related protein levels in CD8+ T 
lymphocytes were lower in patients with severe repletion anemia than in normal controls and were 
inversely associated with CD8+ T lymphocyte functional molecular levels [32]. SLAMF6 is a 
suppressive immune receptor, and its deletion allows powerful CD8+ T cells to eliminate tumors [33]. 
Its relationship with T cells is closely related, but the mechanism of its effect on melanoma has not 
been explored. 

To further investigate the hub genes relevant to melanoma prognosis, we integrated bulk and 
scRNA sequencing data for analysis. In this report, the data set GSE72056 was obtained from the GEO 
database, including a total of 4645 cells from 19 melanoma patients [34]. The cells were annotated by 
singR software package, and we obtained eight cell populations of T cells, B cells, Neurons, Monocyte, 
tissue stem cells and NK cells. The present study used the interaction between T cells and B cells to 
construct the model. Tumor-associated B cells can attract effector T cells into the tumor and protect 
them. They can help activate the immune role of T cells, acting together with other immune 
components [35]. In addition, B cells may also activate and enroll other immune effector cells by 
secreting a range of cytokines (including TNF, IL-2, IL-6, and INF-γ) [36]. Several studies in cancer 
have now shown that the existence of TLS and B cells in tumor tissue is relevant to a better prognosis 
and that the anti-tumor effect of T cells is more substantial when B cells are present [37]. The tumor 
microenvironment also contains many immunosuppressive cells, such as mesenchymal cells, 
fibroblasts, regulatory T cells (Treg), macrophages (TAM), and myeloid-derived suppressor cells 
(MDSC). Treg cells can reduce anti-tumor immunity and accelerate tumor proliferation and metastasis 
by suppressing the functions of CD8+ T cells, NK cells, B cells and APC cells [38,39]. It has also been 
reported that melanoma growth and angiogenesis are precipitated after the inhibition of sensory neuron 
activity and decreased after the overstimulation of these neurons [40]. As a highly immunogenic tumor, 
the interrelationship between immune cells in melanoma has an essential impact on antitumor immune 
effects [41]. Therefore, studying the cellular composition of the tumor microenvironment and its 
dynamic changes is crucial for melanoma progression. 

Then, we predicted potential ligand-receptor pairs between immune cells and found that the core 
genes screened by machine learning are mainly involved in the CXCL pathway during cellular 
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communication. Analysis of the pathway’s receptor-ligand pairs revealed that CXCL13-CXCR5 
receptor-ligand pairs are only present in cellular communication between T and B cells. It was reported 
that CXCR5 is mainly conveyed in mature B cells and follicular helper T cells and that the 
CXCL13/CXCR5 axis coordinates cell-cell interactions and regulates lymphocyte infiltration in the 
tumor microenvironment [42]. Altered chemokine receptor-ligand expression of CXCR5/CXCL13 has 
been reported to be relevant in establishing B-cell dysfunction during HIV-1 infection [43]. The present 
study hypothesized that altered chemokine receptor-ligand expression of CXCR5/CXCL13 influences 
the immune infiltration of T lymphocytes during melanoma formation, which is one of the highlights 
of this study and requires further verification by subsequent studies. The present study also has some 
limitations. First, although we provided a prognosis model to predict melanoma survival, more prospective 
studies are needed to confirm the model’s reliability. We also need more experimental evidence to prove 
our conclusions and elucidate the exact mechanisms of hub genes in melanoma development. 

5. Conclusions 

In this study, a novel ICRS was built to effectively predict the immune subtypes of SKCM patients. 
A machine learning algorithm further screened five hub genes that may be involved in regulating the 
immune microenvironment. In addition, on account of the analysis of scRNA-seq data from melanoma 
samples, this study described the cell clusters in melanoma, leading to a deeper understanding of 
underlying intercellular interactions in the immune microenvironment of melanoma, and identified 
ligand-receptor genes that determine intercellular interactions, suggesting that they may be underlying 
therapeutic targets affecting the prognosis of melanoma. 
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