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Weihua He1†, Yadong Wang1†, Ti Guo2*, Caidie Zhang1
1 Department of Emergency,Wuhan Hospital of Traditional Chinese Medicine, No. 303, Sixin Avenue, HanYang District, Wuhan City, Hubei Province, China
2 Department of ‌Integrated Traditional Chinese and Western Medicine, Hubei Cancer Hospital, No. 116, Zhuodaoquan South Road, Hongshan District, Wuhan City, Hubei Province, China
† These authors contributed equally to this work.
*Corresponding Author: Ti Guo(guo654119010@163.com)
Abstract
[bookmark: OLE_LINK2]Background: Skin cutaneous melanoma (SKCM) is an aggressive malignancy with poor prognosis. Recent studies have shown that immune cells in the tumor microenvironment, particularly resting regulatory T cells (Resting Treg), play a crucial role in tumor development and immune evasion. However, the exact relationship between these immune cells and SKCM, as well as the underlying mechanisms, remain incompletely understood.	Comment by 作者: Does SK stand for Skin? Please add otherwise the abbreviation is nonsensical. 	Comment by 作者: In our manuscript, “SK” stands for “Skin”, and thus SKCM refers to “Skin Cutaneous Melanoma”, which is the standard abbreviation used by The Cancer Genome Atlas (TCGA) and widely adopted in melanoma research. 
Methods: In this study, we analyzed immune cell subpopulations in SKCM using single-cell RNA sequencing (scRNA-seq) data and employed Mendelian randomization (MR) to assess the impact of genetic variations on the proportion of Resting Treg cells. Additionally, we constructed a prognostic model based on Resting Treg-related genes and performed independent prognostic analyses to evaluate the accuracy of this model in predicting the survival of SKCM patients.
Results: Through scRNA-seq data analysis, we identified various T cell subtypes associated with SKCM and found extensive interactions between Resting Treg cells and other T cell subpopulations. The MR analysis showed that the association between specific SNPs and the proportion of CD39+ Resting Treg cells remained significant even after accounting for pleiotropic bias. The constructed prognostic model demonstrated high accuracy in predicting the survival of SKCM patients, with robust predictive ability as indicated by ROC curve analysis.
Conclusion: This study elucidates the potential role of Resting Treg cells in the development of SKCM and constructs an effective prognostic model. These findings not only enhance our understanding of the tumor immune microenvironment but also provide a new perspective for personalized treatment of SKCM. Future research is needed to further validate these results and explore the specific functions of Resting Treg cells in the tumor microenvironment.
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1. Introduction
[bookmark: OLE_LINK3]Skin cutaneous melanoma (SKCM) is an extremely aggressive form of skin cancer, with increasing incidence and mortality rates worldwide [1]. Originating from melanocytes in the skin, melanoma is characterized by rapid progression and high metastatic potential, posing significant challenges to clinical treatment. The pathogenesis of melanoma is complex and involves multiple factors, including ultraviolet (UV) exposure, genetic susceptibility, and alterations in the tumor microenvironment [2-5]. In recent years, although some progress has been made in the treatment of melanoma [6, 7], the molecular markers for melanoma are still not fully understood, and there is a lack of effective molecular markers for early diagnosis and treatment monitoring. Therefore, there is an urgent need to identify new molecular markers to improve the diagnostic accuracy of melanoma, predict treatment responses, and provide a basis for the development of new therapeutic strategies.	Comment by 作者: Add citations	Comment by 作者: Added	Comment by 作者: Citation	Comment by 作者: Added	Comment by 作者: Citation	Comment by 作者: Added
In recent years, the advent of immune checkpoint inhibitors (ICIs) has greatly changed the treatment landscape of SKCM [8]. However, some patients still do not respond to these therapies, highlighting the necessity for further research into the immune microenvironment of melanoma. T cells play a complex role in the progression of cancer. On one hand, T cells attack tumor cells by recognizing tumor-associated antigens on tumor cells and releasing cytotoxic factors, thereby exerting antitumor effects [9] [10-12]. However, tumor cells can evade immune surveillance through various mechanisms, such as upregulating immune inhibitory molecules like CTLA-4, PD-1/PD-L1, and LAG-3. These molecules, when bound to their corresponding receptors on T cells, inhibit T cell activity, leading to T cell exhaustion and weakened antitumor immune responses [13]. In addition, immunosuppressive cells in the tumor microenvironment, such as regulatory T cells (Tregs), myeloid-derived suppressor cells, and tumor-associated macrophages, can also inhibit T cell function by secreting immunosuppressive factors or directly interacting with T cells [14]. Therefore, the interactions between T cells and tumor cells, as well as other cells in the tumor microenvironment, might collectively determine the progression of melanoma and the response to immunotherapy [15].	Comment by 作者: This review focuses on metabolics of skin cancer and not T cells, please add the right reference. 	Comment by 作者: We thank the reviewer for this insightful comment. We agree that the citation in this section should be more relevant to melanoma metabolism rather than general T cell biology. We have therefore revised the reference and added appropriate literature focusing on the interplay between tumor metabolism and T cell function in melanoma.
In this context, the present study investigates the role of resting Tregs in the development of SKCM by combining single-cell RNA sequencing (scRNA-seq) technology and Mendelian randomization (MR) analysis. Our results reveal a significant association between Resting Treg cells and SKCM and construct a prognostic model based on Resting Treg-related genes, which shows high accuracy in predicting the survival of SKCM patients. These findings not only provide a new perspective for understanding the immune microenvironment of SKCM but also offer potential molecular targets for the development of new therapeutic strategies.

2. Methods
2.1 Dataset Acquisition and Preprocessing
In the MR analysis, this study collected the "ukb-b-2750" dataset from the IEU database (https://gwas.mrcieu.ac.uk/), which includes GWAS summary data for 463,010 European participants (1,058 cases of malignant melanoma of the lower limb and 461,952 controls) based on 9,851,867 Single nucleotide polymorphisms (SNPs), sourced from the MRC-IEU consortium using the HG19/GRCh37 genome build. Additionally, study data ranging from GCST90001391 to GCST90002121 were obtained from the GWAS Catalog (https://www.ebi.ac.uk/gwas/studies/GCST90002121). In these studies, peripheral blood samples were analyzed by flow cytometry, categorizing 731 immune cell phenotypes into four major classes: 118 absolute cell counts, 192 relative counts, 389 median fluorescence intensity (MFI) measurements of surface antigens, and 32 morphological parameters. These immune cell phenotype data consist of 1,635 samples and 14,155,839 SNPs. The MFI, AC, and RC features cover various immune cell types, such as B cells, cytotoxic T lymphocytes, T cell maturation stages, monocytes, myeloid cells, and TBNK (T cells, B cells, natural killer cells). The MP features primarily involve functions related to CTL and TBNK cell types (for detailed information, see Table 1 in the supplementary materials). The MFI, Absolute Count, and Relative Count features cover various immune cell types, including B cells, cytotoxic T lymphocytes (CTLs), different stages of T cell maturation, monocytes, and myeloid cells, as well as TBNK (T cells, B cells, and Natural Killer cells). The Multiparameter features are primarily associated with functions related to CTLs and TBNK cell types (for detailed information, see Table 1 in the supplementary materials). Moreover, scRNA-seq data from 5 acral melanoma and 3 SKCM samples were collected from the GSE215120 dataset in the Gene Expression Omnibus (GEO) database.	Comment by 作者: What does the abbreviation stand for, please add, also fro RC	Comment by 作者: Added	Comment by 作者: ? what does this abbreviation stand for 	Comment by 作者: Added	Comment by 作者: 	Comment by 作者: Added
Additionally, clinical data for 472 samples from the TCGA-SKCM cohort were collected from The Cancer Genome Atlas (TCGA) database (https://portal.gdc.cancer.gov/), including 78 samples from trunk skin melanoma and 394 samples from other melanoma subtypes. Whole-genome expression analysis results for 214 unique metastatic melanoma samples were obtained from the GSE65904 dataset to validate prognostic markers. The TCGA-SKCM cohort samples were used as the training set to construct the prognostic model, while the GEO cohort samples served as the validation set to verify the reliability of the prognostic model.

2.2 MR Analysis
MR analysis was performed using the “MendelianRandomization” (version 0.8.0) and “TwoSampleMR” (version 0.5.6) packages in R. SNPs significantly associated with the exposure traits (eQTLs of target genes) were extracted from the IEU OpenGWAS database using the extract_instruments() function with a genome-wide significance threshold of p < 5 × 10⁻⁸. To ensure instrument independence, linkage disequilibrium clumping was conducted using the default parameters (r² < 0.001, 10,000 kb window). The F-statistic was calculated for each SNP to assess instrument strength, and only SNPs with F > 10 were retained to avoid weak instrument bias.The proportion of variance explained by each exposure was estimated, and the inverse variance weighted method was used as the primary causal estimator. Sensitivity analyses, including heterogeneity testing, MR-Egger pleiotropy test, and MR-PRESSO global test, were performed to evaluate potential violations of MR assumptions. Analyses were parallelized using the “parallel” package (version 4.2.2) to improve computational efficiency. To account for multiple testing, p-values were adjusted using the Bonferroni correction, and associations with adjusted p < 0.05 were considered statistically significant. Volcano plots and forest plots were generated to visualize the causal estimates and confidence intervals.

2.3 scRNA-seq Data Analysis Methods
2.3.1 Basic scRNA-seq Analysis Methods
The "Seurat" package (version 4.4.0) in R software was used to process scRNA-seq data. This included the number of genes per cell (nFeature_RNA), the total number of UMIs per cell (nCount_RNA), and the percentage of mitochondrial (percent.mt) and ribosomal (percent.rb) reads. Cells were filtered based on the following criteria: nCount_RNA between 1,000 and 100,000, nFeature_RNA between 200 and 8,000, percent.mt less than or equal to 20%, and percent.rb less than or equal to 20%. The filtered dataset was normalized using the LogNormalize method with a scale factor of 10,000.	Comment by 作者: version	Comment by 作者: Added
Highly variable genes were identified using the variance stabilizing transformation (VST) method, and the top 2,000 genes were selected for downstream analysis. The data were standardized to have a mean of 0 and a standard deviation of 1 for each gene across all cells. PCA was performed using the top 2,000 highly variable genes, and the first 20 principal components were used for dimensionality reduction with the UMAP technique. UMAP and PCA plots were generated to visualize cell clusters before batch correction. The Harmony batch correction method was applied to the dataset to correct for potential batch effects, with the number of principal components for Harmony set to 8 and the clustering resolution parameter optimized to 1. Cells were clustered using the Louvain algorithm with a resolution of 1, and cell types were annotated using the SingleR package  (version 2.0.0) based on reference datasets from the Human Primary Cell Atlas and marker genes from previous studies.	Comment by 作者: version, please run SessionInfo() in your script and extract the information about the package versions	Comment by 作者: Added
T cell populations were subsequently extracted. During the quality control phase, cells were filtered according to the criteria of nCount_RNA (1,000-40,000), nFeature_RNA (200-6,000), percent.mt (≤20%), and percent.rb (≤20%). The LogNormalize method was used for normalization with a scale factor of 10,000. In the highly variable gene identification step, the VST method was employed to select 2,000 highly variable genes. The Harmony method was applied with 10 principal components, and clustering was performed using the Louvain algorithm at a resolution of 0.4. Marker genes for each cluster were identified using the FindAllMarkers function (minimum percentage 0.25, log fold change threshold 0.1) and saved.

2.3.2 Cell Communication Analysis
Cell communication analysis was conducted using the "CellChat" package (version 1.6.1) in R. First, a CellChat object was created and analyzed using the human CellChat database. Expression data were preprocessed to identify overexpressed genes and ligand-receptor pairs, which were then projected onto a protein-protein interaction network. Communication probabilities were calculated to infer cell communication networks, which were aggregated and visualized. Additionally, network centrality scores were computed to identify key senders and receivers in the communication network.	Comment by 作者: version	Comment by 作者: Added

2.3.3 hdWGCNA Analysis Method
High-dimensional weighted gene co-expression network analysis (hdWGCNA) was performed on scRNA-seq data of melanoma T cells using the "hdWGCNA" package (version 0.2.19) in R. Data were preprocessed, and meta-cells were constructed using PCA and KNN algorithms. After determining the soft threshold power and constructing the co-expression network, module eigengenes were calculated for each module. Gene connectivity within modules was assessed, and hub genes were identified. Module scores were assigned to cells, and the co-expression network was visualized to explore correlations between modules and features.

2.4 Prognostic Model Construction and Independent Prognostic Analysis
Cox proportional hazards regression models were used to analyze the impact of various variables on patient prognosis. Data included patient survival outcomes and survival times. Univariate Cox regression analysis was initially conducted with a p-value threshold of 0.05 to select variables potentially related to prognosis for inclusion in multivariate Cox regression analysis. In the multivariate analysis, variance inflation factors (VIF) were calculated to exclude multicollinearity issues (VIF < 10). Additionally, proportionality hazards (PH) assumption tests were performed to ensure that variables met the prerequisites of Cox regression (P > 0.05). Ultimately, the predictive performance of the model was assessed using the concordance index (C-index) calculated from the multivariate Cox regression model, and a risk score was calculated for each sample for further analysis of survival differences between different risk groups. Kaplan-Meier (KM) survival curves and time-dependent Receiver operating characteristic (ROC) curves were used to analyze patient survival data. KM survival curves were plotted using the "survival" and "survminer" packages (version 0.4.9) in R to compare survival differences between groups, calculate median survival times, and display censored data. Time-dependent ROC curves were analyzed using the "timeROC" (version 0.4) and "ggplot2" (version 3.5.1) packages in R to evaluate the predictive efficacy of prognostic variables at specific time points.	Comment by 作者: version	Comment by 作者: Added
When constructing the Nomogram, a scoring scale was set to represent the status of each variable, and the total score was calculated to predict the probability of event occurrence. The Nomogram was drawn using the "rms" package (version 6.8.1) in R, with prediction time points (e.g., 1 year, 3 years, 5 years) set to assess the model's predictive capacity over different time ranges. The predictive performance of the model was ultimately assessed using the C-index, and the scores of each variable and their contributions to the total score were displayed in the Nomogram. Model performance was further evaluated using calibration curves. Subsequently, Decision Curve Analysis (DCA) was employed to assess the clinical utility of the prognostic model. DCA measures the clinical value of the model at different threshold probabilities based on the risk scores generated from

2.5 Statistical Analysis
All statistical analyses were conducted using R software (version 4.2.2). Continuous variables were presented as mean ± standard deviation or median with interquartile range, depending on the data distribution. Comparisons between two groups were performed using Student’s t-test. For comparisons among more than two groups, one-way ANOVA was applied as appropriate. Categorical variables were compared using the chi-square test or Fisher’s exact test. Survival analyses were carried out using the KM method, and statistical significance between survival curves was assessed with the log-rank test. Univariate and multivariate Cox proportional hazards regression models were used to evaluate prognostic factors, and hazard ratios with 95% confidence intervals were reported. The proportional hazards assumption was checked by Schoenfeld residuals. ROC curves and the corresponding area under the curve (AUC) values were calculated to assess predictive performance at 1-, 3-, and 5-year time points. Calibration curves and C-index were used to evaluate model calibration and discrimination. Decision curve analysis (DCA) was employed to estimate the net clinical benefit of the model. For all analyses, two-tailed P < 0.05 was considered statistically significant.


3. Results
3.1 Causal Association Between Resting Treg Cells and the Risk of SKCM
Figure 1 presents the technical roadmap of this study. Initially, we identified significant associations between the risk of SKCM and various immune cell subpopulations, such as HLA DR+ NK and CD3+ lymphocytes, using a volcano plot (Figure 2A). Subsequently, MR tests were employed to evaluate the consistency of different genetic instrumental variables on the proportion of CD39+ resting Treg cells (Figure 2B), revealing that the weighted median method performed best in terms of heterogeneity. Further comparisons of the efficiency of MR methods (Figure 2C) indicated that the inverse variance weighting method was superior to other methods in terms of statistical efficiency. Sensitivity analyses (Figures 2D-E) validated the robust associations between specific SNPs (e.g., rs4918962, rs11718018, and rs10882701) and the proportion of CD39+ resting Treg cells, which remained significant even when accounting for potential pleiotropic bias.
[image: ]
Figure 1 Schematic diagram of the technical roadmap of this study.
[image: Figure 2]
Figure 2 MR analysis of 731 immune cell phenotypes associated with SKCM. (A) Association between IFIT2 gene expression and lymphocyte subtypes. The x-axis represents the log-transformed odds ratio (ln(OR)), and the y-axis represents the negative log10 of the P-value (-log10(P-value)). (B) MR test results using different methods. The x-axis represents the effect of SNPs on the proportion of CD39+ resting Treg cells, and the y-axis represents the effect of SNPs on UKB-b-2750. (C) Comparison of efficiency (1/SE) and P-values among different MR methods. The x-axis represents the P-value, and the y-axis represents the inverse of efficiency. (D) Sensitivity analysis results of MR for the proportion of CD39+ resting Treg cells. Each point represents an SNP, with the x-axis representing the P-value. (E) MR Egger sensitivity analysis results for the proportion of CD39+ resting Treg cells. Each point represents an SNP, with the x-axis representing the P-value.

3.2 Characterization and Classification of T Cell Subtypes in SKCM
Through preliminary analysis of the scRNA-seq data of SKCM, we performed stringent quality control on all cells. The distribution of key indicators such as the number of detected genes (nFeature_RNA), total UMI count (nCount_RNA), percentage of mitochondrial gene expression (percent.mt), and percentage of ribosomal gene expression (percent.rb) in the post-quality control cell population is shown in Figure S1A. To eliminate batch effects between different samples, we used the Harmony algorithm for batch correction (Figure S1B). Subsequently, we performed clustering analysis on the cells (Figure 3A) and annotated six different cell clusters (Table S1). A total of cell types including Melanoma cells, T cells, Endothelial cells, Macrophages, Interstitial cells and fibroblasts were annotated (Figure 3B-C). The proportion of different cell types in different samples showed significant heterogeneity (Figure 3D). When annotating T cell subtypes, we first subset the T cell population from the scRNA-seq data, followed by quality control, batch correction, and clustering analysis, and then annotated different T cell subtypes. T cells were divided into subtypes such as activated central memory T cells, Tregs, cytotoxic T cells, activated effector T cells, and effector memory T cells (Figure S1C-D and Figures 3E-G). In addition, we also statistically analyzed the proportion of different T cell subtypes in the samples and presented them in the form of stacked bar charts (Figure 3H). Using the deconvolution approach provided by the ssGSEA algorithm, we assessed the infiltration levels of various T cell subtypes in the TCGA-SKCM transcriptome data. Samples were stratified into high and low infiltration groups based on the median values of infiltration abundance. The results indicated that, with the exception of activated effector T cells, there were significant prognostic differences between the high and low abundance groups defined by resting Treg, activated central memory T cells, and cytotoxic T cells (Figure S2).	Comment by 作者: Please add table of e.g. top10 cluster markers and annotation. 	Comment by 作者: In Table S1 of the "Supplementary Materials.xlsx" file of the supplementary materials	Comment by 作者: how many cell types? Add number	Comment by 作者: Added	Comment by 作者: Why did you change from t-SNE to UMAP visualization? Also Tissue stem cells are normally not found in this high percentage, please re-annotate with skin specific markers.  	Comment by 作者: We re-annotated the cell clusters based on the type of the organization and ensured the consistent use of t-SNE for presentation.	Comment by 作者: Based on which markers?	Comment by 作者: In Figure 3G, we present the expression patterns of the marker gene in different cell clusters.	Comment by 作者: Based on which marker genes?	Comment by 作者: In Figure 3G, we present the expression patterns of the marker gene in different cell clusters.
To gain a deeper understanding of the interactions between T cell subpopulations and their potential cell communication mechanisms, we systematically analyzed the interactions between different T cell subpopulations. By constructing a cell communication network, we revealed the number and strength of interactions between different T cell subpopulations (Figure 4A, Table S2-S3). The network diagram shows that Resting Treg have extensive interactions with other T cell subpopulations, indicating that they may play a key role in cell communication. When Resting Treg acts as a ligand, its interactions with other T cell subpopulations are mainly mediated through the macrophage migration inhibitory factor (MIF) pathway, involving molecules such as CD74 and CD44 (Figure 4C). When Resting Treg acts as a receptor, its interactions with other T cell subpopulations are mainly mediated through the TNFSF9-TNFRSF9 pathway (Figure 4D). We further analyzed the input and output pathway strengths of different T cell subpopulations. Cytotoxic T cells mainly act as signal emitters, while effector memory T cells primarily act as signal receivers (Figures 4E-F). In addition, we investigated the expression of key genes involved in the MIF, TNFSF9-TNFRSF9, and CXCL13-CXCR3 pathways in different T cell subpopulations. MIF pathway-related genes CD74 and CXCR4 are highly expressed in Resting Treg (Figure 4G). TNFSF9-TNFRSF9 pathway-related genes show significant expression differences among different T cell subpopulations, with Resting Treg exhibiting high expression of TNFRSF9 (Figure 4H). CXCL13-CXCR3 pathway-related genes are highly expressed in activated central memory T cells, indicating that they may play a key role in cell communication in this subtype (Figure 4I). Finally, through consensus clustering analysis, the gene expression data were clustered into distinct modules, each representing a group of genes with similar expression patterns. These modules were further associated with specific T cell subtypes (Figure S3).
[image: ]	Comment by 作者: A, B and F can go to supplement, please include dotplots or heatmaps of marker genes of cell and T cell populations	Comment by 作者: Updated
[bookmark: OLE_LINK1]Figure 3. Basic processing of scRNA-seq data and identification of T-cell subtypes. (A) t-SNE of all cells colored by unsupervised clusters (0–21). (B) Dot plot of canonical markers used to assign major lineages (Melanoma: PMEL, S100B; T cells: CD4, CCR7; Endothelial: PECAM1, VWF; Fibroblast(s): COL1A1, FBLN1; Macrophage: CD68, CTSS). (C) t-SNE of all cells colored by inferred lineages (Melanoma cells, T cells, Endothelial cells, Fibroblast(s), Interstitial cells, Macrophage). (D) Stacked bar charts showing the proportion of each lineage in every sample (GSM6622292–GSM6622302). (E) Harmony-integrated embedding of the T-cell subset after subsetting from the full dataset. (F) T-cell embedding annotated into five subtypes: Activated central memory T cells, Resting Treg, Cytotoxic T cells, Activated effector T cells, and Effector memory T cells. (G) Dot plot of subtype-defining markers (e.g., CXCR4, CD69 for activation; FOXP3, IL2RA for Treg; CD8A, GZMB/PRF1/GNLY for cytotoxicity; MKI67, TOP2A for cycling) with percent expressed and average expression indicated. (H) Stacked bar charts showing the proportion of T-cell subtypes across samples (GSM6622292–GSM6622302).

 [image: ]	Comment by 作者: Increase font size for headings, hard to read	Comment by 作者: We have enlarged the font of the subgraph.
Figure 4. Cell communication among T cell subtypes. (A) Network diagram showing the number of interactions among five T cell subtypes, including activated central memory T cells, resting Treg cells, cytotoxic T cells, activated effector T cells, and effector memory T cells. (B) Network diagram displaying the interaction strength (weights) between the same T cell subtypes, where the edge thickness represents communication intensity. (C–D) Ligand–receptor interaction analysis depicting significant signaling pathways mediating communication between resting Treg cells and other T cell subtypes. Notable pathways include MIF–(CD74+CXCR4), MIF–(CD74+CD44), and TNFSF9–TNFRSF9. Circle size indicates statistical significance (p-value), and color represents communication probability. (E–F) Heatmaps showing the incoming (E) and outgoing (F) signaling strength of major ligand–receptor pathways (MIF, CD137/TNFSF9, CXCL) among different T cell subtypes. (G–I) Violin plots showing the expression levels of genes involved in MIF (CD74, CXCR4, CD44) (G), CD137/TNFSF9–TNFRSF9 (H), and CXCL13–CXCR3 (I) pathways across different T cell subtypes.

3.3 Identification and Functional Enrichment of Resting Treg-Associated Gene Modules
To further elucidate the molecular characteristics of Tregs cells (Resting Treg), we applied high-dimensional weighted gene co-expression network analysis (hdWGCNA). Initially, we determined the optimal soft threshold for constructing a scale-free topological model. As shown in Figure 5A, the soft threshold was set at 7. We identified 14 modules within the resting Treg cells (Figure 5B) and depicted the distribution of top hub genes in these modules (Figure 5C). Additionally, varying degrees of correlation were observed among these modules (Figure 5D), suggesting potential functional interactions between them. We also investigated the associations between these modules and different T cell subtypes (Figure 5E).
Three modules closely related to Resting Treg (M3, M5, and M7) were selected for enrichment analysis (Figures 5F-5H) (The specific genes in the module are presented in Supplementary Material Table S2). Genes in the M3 module were involved in pathways related to viral response, regulation of leukocyte differentiation, transcription factor binding, and RNA processing, which may influence the immune balance in the tumor microenvironment and the biological behavior of SKCM cells. The enrichment of hepatitis B and C pathways may indirectly reflect the impact of immune status on tumor progression. Genes in the M5 module were associated with T cell receptor signaling pathways and α-β T cell activation, which are crucial for immune cell recognition and attack of SKCM cells. Histone methylation and binding may affect the expression of related genes through epigenetic modifications, while the FoxO signaling pathway may influence the survival and drug resistance of SKCM cells. Genes in the M7 module were primarily enriched in immune response and regulation of tumor cell biological behavior. Antigen processing and presentation, as well as MHC class II protein complexes, play key roles in activating CD4+ T cells and promoting immune responses, aiding the immune system in recognizing and attacking SKCM cells [16, 17]. The trans-Golgi network and clathrin-coated vesicles are involved in protein modification and transport, potentially affecting the antigen-presenting capacity of tumor cells. Death receptor and tumor necrosis factor receptor activity may regulate apoptosis and survival in melanoma cells.	Comment by 作者: for readability it would help which enrichment plot belongs to which module (via headings) 	Comment by 作者: We have added titles to Figure 5F-H to clearly indicate the module to which the enrichment graph belongs.	Comment by 作者: I do not have it and can therefore not check	Comment by 作者: Table S2 is located in the "Supplementary Materials.xlsx" file of the supplementary materials.	Comment by 作者: Add citation	Comment by 作者: Added
To assess the differences in pathway activity between resting Treg cells and other T cell subtypes, we performed GSEA analysis (Figure 5I). The results highlighted two key pathways: oxidative phosphorylation and the IL6/JAK/STAT3 signaling pathway (Figures 5J-K). This suggests that Resting Treg cells in SKCM may rely more on glycolysis than oxidative phosphorylation for ATP generation. The activity of the IL6/JAK/STAT3 signaling pathway is likely associated with the survival, proliferation, and inflammatory environment of SKCM cells, as well as immune escape mechanisms. Finally, metabolic pathway analysis of Resting Treg revealed that pathways such as starch and sucrose metabolism, pentose phosphate pathway, Niacin and nicotinamide metabolism, Glycerolipid metabolism, Galactose metabolism and D-glutamine and D-glutamate metabolism were upregulated (Figure 5L). 
 [image: ]	Comment by 作者: please resolve issue with overlapping text in D. hard to read.
F-H add heading stating which module this plot refers to,  	Comment by 作者: We have successfully resolved the issue of overlapping text in Figure 5D and added title labels to Figures 5F-H to indicate the corresponding modules.
Figure 5 Identification of key molecular features of resting Treg cells. (A) Determination of the optimal soft-thresholding power for weighted gene co-expression network construction using the hdWGCNA method. The plots show the scale-free topology fit index, mean connectivity, median connectivity, and maximum connectivity across different soft power thresholds. (B) Hierarchical clustering dendrogram of resting Treg-related genes. Different colors represent distinct co-expression modules identified through dynamic tree cutting. (C) Distribution of top hub genes (based on module membership, kME) within each resting Treg module (M1–M14). Representative hub genes for each module are labeled. (D) Heatmap displaying eigengene correlations among different resting Treg modules, highlighting their inter-module relationships. (E) Correlation heatmap showing the association between module eigengenes and different T cell subtypes, including activated central memory, resting Treg, cytotoxic, activated effector, and effector memory T cells. (F–H) Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis of genes in the M3, M5, and M7 modules, respectively, illustrating biological processes and signaling pathways enriched in resting Treg-associated modules. (I) Gene Set Enrichment Analysis (GSEA) evaluating pathway activities of differentially expressed genes in resting Treg cells compared to other T cell subtypes. (J–K) GSEA enrichment plots showing representative hallmark pathways significantly enriched in resting Treg cells, including oxidative phosphorylation and IL6–JAK–STAT3 signaling. (L) Bubble plot summarizing significantly enriched metabolic pathways in resting Treg cells relative to other T cell subtypes, such as glycolysis, pentose phosphate pathway, and amino sugar metabolism.

3.4 Construction and Validation of a Prognostic Model for SKCM Based on Key Genes
We comprehensively analyzed the prognostic genes related to resting Treg cells using univariate Cox regression analysis. Based on their significant associations with survival outcomes, we selected IL32, FOXP3, SPOCK2, IL2RA, TBC1D4, CD27, ICOS, LAIR2, TIGIT, TNFRSF4, TNFRSF18, and LTB. All SKCM samples in TCGA databset were divided into high and low expression groups according to the median expression values of these genes. KM survival curves were used to compare the survival probabilities between the high- and low-risk groups for each gene (Figures 6A-L). By integrating the identified genes, we developed a comprehensive prognostic model. The KM survival curves (Figure 6M) for the high- and low-risk groups divided by the risk score provided by this model showed a significant difference in survival probability between the two groups. The predictive accuracy of the model for 1-, 3-, and 5-year survival predictions in SKCM patients was evaluated based on ROC curves (Figure 6N). The AUC values were 0.682 for 1 year, 0.685 for 3 years, and 0.708 for 5 years, indicating that the model achieved a modest but acceptable predictive performance. In the external validation cohort, the model-stratified high- and low-risk groups still exhibited significant differences in prognosis (Figure S4). Further analysis with ROC curves demonstrated that the model achieved AUC of 0.602, 0.696, and 0.640 for predicting 1-year, 3-year, and 5-year survival outcomes of patients, respectively.	Comment by 作者: Which dataset?	Comment by 作者: Updated
We also performed independent prognostic analysis and constructed a nomogram model based on clinical factors such as pathological T stage, N stage, M stage, Stage classification, and age (Figure 6O). The calibration curve (Figure 6P) showed good consistency between the predicted and observed 1-year survival probabilities, indicating the reliability of the nomogram. The predictive performance of the nomogram for 1-, 3-, and 5-year survival predictions was further evaluated using ROC curves (Figure 6Q). The AUC values were 0.72 for 1 year, 0.72 for 3 years, and 0.73 for 5 years, confirming the validity of the nomogram in predicting survival outcomes.
 [image: ]	Comment by 作者: Add the respective gene names on top of the KM curves
Figure 6 Construction of the prognostic model. (A)-(L) KM survival curves for high- and low-risk groups divided by prognostic genes (IL32, FOXP3, SPOCK2, IL2RA, TBC1D4, CD27, ICOS, LAIR2, TIGIT, TNFRSF4, TNFRSF18, and LTB) identified through univariate Cox regression analysis. In each plot, the blue curve represents the low-risk group expression, and the red curve represents the high-risk group expression, with HR (hazard ratio) and P-values indicating significant differences between the two groups. (M) KM survival curve for high- and low-risk groups divided by the prognostic model. The blue curve represents the low-risk group, and the red curve represents the high-risk group, with HR = 2.34 (1.78 - 3.08), P < 0.001, indicating significantly lower survival probability in the high-risk group. (N) ROC curves for predicting 1-, 3-, and 5-year survival using the model. AUC values are 0.682 (1 year), 0.685 (3 years), and 0.708 (5 years), demonstrating limited but measurable discriminative ability of the model. (O) Nomogram model constructed based on clinical factors. The figure lists various clinical factors affecting patient prognosis, including pathological staging (T, N, M, Stage) and age. (P) Calibration curve of the nomogram model. The figure shows the comparison between predicted and observed 1-, 3-, and 5-year survival probabilities, indicating accurate model predictions. (Q) ROC curves for predicting 1-, 3-, and 5-year survival using the nomogram model. AUC values are 0.72 (1 year), 0.72 (3 years), and 0.73 (5 years), demonstrating the model's modest predictive ability.	Comment by 作者: You mean expression, otherwise low risk would have worse survival 	Comment by 作者: Updated

3.5 Molecular Subtyping of SKCM Based on Prognostic Gene Expression
To determine the potential of prognostic genes in SKCM subtyping, we employed multiple clustering algorithms (consensus clustering, matrix factorization, spectral clustering, and K-nearest neighbors) based on the silhouette coefficient to identify the optimal clustering model using transcriptome data of TCGA-SKCM cohort. Spectral clustering was found to be the optimal model when clustering samples into two clusters. Figure 7A shows the distribution of the two clusters in a two-dimensional space. The two clusters exhibited significant differences in survival and tumor mutational burden (TMB) landscapes (Figure 7C). In terms of immune landscape, further analysis using ESTIMATE scores revealed significant differences in stromal score, immune score, and ESTIMATE score between the two clusters (Figure 7D). Immune cell infiltration analysis showed significant differences in various T cell subtypes and M1 macrophages between the two clusters (Figure 7E). GSVA analysis identified significantly different pathways involved in the two subtypes (Figure 7F). For example, protein secretion may facilitate tumor cell proliferation and dissemination; the upregulation of the KRAS signaling pathway, a common oncogenic pathway in SKCM, contributes to tumor cell growth and survival; the PI3K-AKT-MTOR signaling pathway, another key oncogenic pathway, promotes cell cycle progression and metabolic reprogramming, thereby favoring tumor progression. For the pathways significantly associated with Cluster 2 (green annotations), they may lose their inhibitory effects on tumor cell growth in SKCM due to functional suppression. For instance, the downregulation of the UV response up pathway may reduce the cell's ability to repair UV-induced damage, thus favoring tumor development; the downregulation of myogenesis pathways may affect cell differentiation and function in the tumor microenvironment, thereby promoting tumor invasion and metastasis; the downregulation of glycolysis pathways may affect the energy supply of tumor cells but may also indirectly promote tumor progression by influencing the tumor microenvironment.	Comment by 作者: Which data are used?	Comment by 作者: Updated
Further differential expression analysis of the subtypes (Figure 7G) and subsequent Metascape and GO/KEGG enrichment analyses of the identified Differentially Expressed Genes (DEGs)(Table S5) revealed several pathways related to SKCM development (Figures 7H-I). In the Metascape enrichment analysis, miRNA-targeted genes in lymphocytes may affect immune cell function and tumor immune escape; processes such as protein modification, cell division, mRNA metabolic processes, and protein localization to organelles may influence tumor cell proliferation, signaling, and function; Rho GTPase signaling may promote tumor cell invasion and metastasis; vesicle-mediated transport and regulation of cell cycle processes play key roles in tumor cell proliferation. GO/KEGG enrichment analysis identified pathways including protein degradation, translation initiation, nucleolar function, chromosomal stability, energy metabolism, cell adhesion, DNA repair, protein folding, and material transport. Abnormal regulation of these processes may promote tumor cell proliferation, invasion, and metastasis, affect treatment response, and are important targets for developing new therapeutic strategies.	Comment by 作者: List DEGs in table	Comment by 作者: In Table S5 of the "Supplementary Materials.xlsx" file of the supplementary materials
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[bookmark: OLE_LINK5]Figure 7 Results of subtype identification. (A) Sample distribution based on spectral clustering with a cluster number of 2. The figure shows the distribution of different samples in the two clusters, with red and blue representing the two different clusters. (B) KM survival curves between subtypes. The figure shows the survival probability over time for the two subtypes, with the red curve representing Cluster 1 and the blue curve representing Cluster 2. (C) TMB landscape between subtypes. The figure shows the distribution of TMB in the two subtypes, with red and blue representing Cluster 1 and Cluster 2, respectively. (D) Box plots showing differences in stromal score, immune score, and ESTIMATE score between subtypes. (E) Box plots showing differences in the abundance of multiple immune cell infiltrations between subtypes. (F) GSVA analysis between subtypes. The figure shows the enrichment of different gene sets in the two subtypes, with red and blue representing Cluster 1 and Cluster 2, respectively. (G) Volcano plot of DEGs between subtypes. The figure shows the volcano plot of DEGs between the two subtypes, with red dots representing upregulated genes, blue dots representing downregulated genes, and gray dots representing genes with no significant differences. (H) Bar chart of Metascape analysis of DEGs between subtypes. The figure shows the enrichment of DEGs in different pathways between the two subtypes. (I) Bar chart of GO enrichment analysis of DEGs between subtypes. The figure shows the enrichment of DEGs in different GO terms, including biological processes, cellular components, and molecular functions.

4. Discussion
This study integrates scRNA-seq data with MR analysis to explore the potential causal relationship between resting Tregs and SKCM risk. The key findings indicate that the association between specific SNPs and the proportion of CD39+ resting Treg cells remains significant even after accounting for pleiotropic bias, which aligns with our expectations and further supports the critical role of these immune cells in tumor development.	Comment by 作者: risk or progression	Comment by 作者: Added
Compared to previous studies, the novelty of this research lies in the use of high-dimensional scRNA-seq data to identify T cell subtypes and the application of MR analysis to assess the impact of genetic variations on immune cell proportions. This approach not only enhances analytical precision but also provides new insights into the complex interactions of immune cells within the tumor microenvironment. For instance, our analysis reveals extensive interactions between resting Treg cells and other T cell subsets, which may significantly influence tumor immune escape mechanisms. CD137, an activation-induced T cell co-stimulatory molecule, plays an important role in melanoma therapy. Anti-CD137 monoclonal antibodies promote the production of interferon (IFN)-γ and induce cytotoxic markers in CD8+ T cells, demonstrating potent anti-tumor properties. When combined with other anti-cancer therapies such as radiotherapy, it shows significant tumor regression in non-immunogenic or weakly immunogenic tumors. Currently, the humanized anti-CD137 antibody BMS-663513 is undergoing clinical trials in patients with solid tumors, including melanoma [18]. CXCL10 has a dual role in melanoma; the CXCL10-CXCR3 axis may either promote or inhibit cancer development in melanoma cells and their microenvironment. Multiple CXCR3 splice variants affect its function, and it holds potential as a therapeutic target [19]. GDF-15 hinders T cell entry into the tumor microenvironment by impairing T cell adhesion to activated endothelial cells. In melanoma patients, its serum levels are closely associated with the failure of PD-1 immune checkpoint blockade therapy, and anti-GDF-15 treatment can improve T cell trafficking and therapeutic efficacy in mouse tumor models [20]. MIF is overexpressed in SKCM cells, particularly in metastatic disease, and is positively correlated with disease aggressiveness. It is involved in melanoma angiogenesis, immunity, and metastasis. Therapeutic strategies targeting MIF may offer new effective treatments for metastatic melanoma, and its sensitivity to cells is independent of BRAF mutation status, making it a potential treatment option for patients who relapse after BRAF inhibitor therapy [21]. Furthermore, differential expression analysis between resting Treg and other cells identified specific biological and metabolic pathways unique to resting Treg. Oxidative phosphorylation (OXPHOS) and glycolysis play important roles in SKCM. The metabolic plasticity and symbiosis between these two pathways confer survival advantages to melanoma cells, allowing them to adapt to harsh environments and develop chemoresistance. Mesenchymal stem cells in the tumor microenvironment can transfer mitochondria to melanoma cells, helping them restore OXPHOS capacity and promoting melanoma progression. Targeting mitochondrial transfer may be a new approach to treating this refractory disease [22]. In SKCM, GPR56 activation can induce the JAK-STAT3 signaling pathway, which synergizes with the Rho-ROCK-MLC signaling pathway to promote amoeboid morphology and IL-6 upregulation in melanoma cells, thereby influencing tumor invasion and metastasis. This provides a potential therapeutic target for melanoma [23]. Regarding metabolic pathways, CLK1-regulated abnormal splicing events of AIMP2 play a key role in SKCM tumorigenesis and metastasis through the galactose metabolism pathway, which is closely associated with metastasis and disease stage in SKCM patients [24]. 
Through hdWGCNA analysis, multiple resting Treg-related gene modules (M1, M5, and M7) were identified. For the pathways enriched in M1, Preferentially Expressed Antigen in Melanoma (PRAME), as a nuclear receptor and transcriptional regulator, is abnormally overexpressed in SKCM and is associated with more aggressive tumor phenotypes, making it a diagnostic and prognostic marker. As part of the transcriptional regulatory complex, PRAME affects cell differentiation and proliferation by inhibiting the retinoic acid signaling pathway, providing a potential target for melanoma immunotherapy [25]. The relationship between DNA-binding transcription factor binding and skin melanoma lies in the fact that the transcription factor PU.1 can induce distal enhancer remodeling of the IL-1β gene in non-myeloid-derived melanoma cells B16BL6 by binding to specific DNA sequences, thereby promoting enhancer-promoter looping and histone modification (H3K27ac), creating conditions for NF-κB recruitment and eRNA transcription, and affecting IL-1β gene expression. This reveals the potential mechanism by which PU.1 regulates the expression of inflammation-related genes in melanoma cells [26]. For the pathways enriched in M5, increased levels of histone lactylation modification are associated with poor prognosis in uveal melanoma. It promotes YTHDF2 expression, which recognizes and degrades m⁶A-modified PER1 and TP53 mRNA, accelerating the development of uveal melanoma and providing new targets for melanoma treatment [27]. Histone methylation is closely related to the function of the CYLD gene. CYLD deficiency leads to increased levels of heterochromatin-associated histone H3K9me2, promoting melanoma cell proliferation. Inhibition of EHMT2 can alleviate this effect, indicating that histone methylation plays an important role in the development and progression of melanoma and provides new potential targets for melanoma treatment [28]. In addition to epigenetic regulation, metabolic pathways also play fundamental roles in melanoma progression. They provide energy and synthetic precursors to support rapid cell proliferation. The pentose phosphate pathway not only supplies NADPH for antioxidant defense but also provides pentoses for nucleic acid synthesis, which is crucial for the proliferation and survival of melanoma cells. Niacin and nicotinamide metabolism provide precursors for NAD+ and NADP+ in melanoma cells, which are involved in energy metabolism and cell signaling. Glycerolipid metabolism affects the composition of cell membranes, potentially influencing the membrane structure and function of melanoma cells. Galactose metabolism and D-glutamine and D-glutamate metabolism provide essential amino acids and sugars, participating in cell adhesion, migration, and nitrogen metabolism. For the pathways enriched in M7, death receptor activity promotes tumor cell apoptosis by activating cytotoxic T cells, and immune checkpoint molecules such as CTLA-4 and PD-1 are key targets. Monoclonal antibodies targeting these checkpoints (e.g., Ipilimumab, Pembrolizumab, and Nivolumab) enhance T cell immune responses against tumors. However, while combination therapy may improve efficacy, it also increases the risk of immune-related adverse events [29]. ICIs (e.g., Ipilimumab and Nivolumab) activate the immune system to attack tumor cells, but these drugs may increase the risk of transplant rejection in organ transplant recipients. Although there have been cases where Ipilimumab treatment did not lead to transplant rejection, acute transplant rejection has been reported in kidney transplant recipients after Nivolumab treatment, suggesting that Nivolumab may play a role in transplant rejection [30].
In addition, this study constructed a prognostic model for SKCM based on resting Treg cell-related genes and demonstrated its effectiveness in predicting patient survival. The model was constructed using 12 prognostic genes. IL32 can be expressed by some SKCM cells and is induced by pro-inflammatory cytokines TNFα and IFNγ. Its expression is associated with T cell infiltration in the SKCM tumor microenvironment and is positively correlated with a treatment-resistant dedifferentiated gene signature [31]. In our analysis, IL32 was enriched in inflammatory pathways identified by GSEA, including IL6–JAK–STAT3 signaling, further supporting its immune-activation role. FOXP3 expression in SKCM cells is a poor prognostic factor for melanoma. In tumor regression areas, there are more dendritic cells and fewer Tregs. FOXP3 may be a useful target for melanoma treatment, and inhibiting FOXP3-positive tumor clones and Tregs may eliminate the ability of tumor cells to evade host immune defenses [32]. This aligns with our cell–cell communication results showing strong immunosuppressive signaling mediated by FOXP3⁺ Tregs. High expression of SPOCK2 in SKCM is associated with good prognosis and long survival rates. It inhibits the proliferation, migration, and invasion of melanoma cells by regulating the MAPK/ERK signaling pathway. Consistent with this, our enrichment analysis indicated that SPOCK2-related modules were negatively correlated with pathways promoting proliferation. Elevated expression of IL2RA in skin melanoma may increase the proportion of Tregs within the tumor by activating the JAK-STAT signaling pathway, thereby promoting SKCM metastasis and is associated with poor prognosis [33]. This was supported by our module-level enrichment where IL2RA was clustered with other JAK-STAT genes in resting Treg-related modules. In the SKCM microenvironment, the co-expression of CD27 affects the functional balance of immune cells. CD4⁺CD25⁺FOXP3⁺ Tregs mostly co-express CD27, giving them strong immunosuppressive capabilities, while the proportion of CD27⁻ cells among cytotoxic CD8⁺ T cells is very low, leading to insufficient anti-melanoma cytotoxic activity. This functional imbalance caused by CD27 may favor melanoma progression [34]. Our CellChat analysis confirmed CD27-related ligand–receptor interactions as enriched signaling axes between Treg subsets and effector T cells. DNA methylation and mRNA expression levels of ICOS are closely related to immune cell infiltration, SKCM differentiation, prognosis, and immune checkpoint blockade therapy response. Hypomethylation of ICOS is associated with poor prognosis in non-ICB-treated patients, but in ICB-treated patients, it predicts higher response rates and longer progression-free survival and overall survival. ICOS expression in tumor cells can be induced by drug demethylation, suggesting that ICOS may play a previously undescribed role in tumor cells [35]. This is in line with our finding that ICOS was located within a WGCNA module enriched for immune checkpoint pathways. Increased collagen levels are associated with resistance to PD-1/PD-L1 blockade therapy. TIGIT is expressed on tumor-infiltrating lymphocyte (TIL) subsets and co-localizes with PD-1. Its expression is related to the degree of TIL infiltration, suggesting that targeting multiple immune checkpoint proteins such as TIGIT may help overcome current challenges in immune checkpoint therapy [36]. Our GSEA results further highlighted TIGIT-associated signaling within immunoregulatory pathways, strengthening its potential as a checkpoint target. Diphenylcyclopropenone (DPCP), as a local contact sensitizer, can produce therapeutic effects on SKCM metastases, even beyond the directly treated sites. Proteomic analysis of patient serum after DPCP treatment revealed upregulation of various immune-related proteins, including TNFRSF4, which may represent a prognostic biomarker for the effectiveness of DPCP in treating SKCM metastases [37]. Correspondingly, TNFRSF4 was identified within one of our hub-gene modules enriched for T cell activation pathways. In adoptive cell therapy using tumor-infiltrating lymphocytes for SKCM, patients with low TIL levels show significantly increased frequencies of CD4⁺ cells expressing ETS2 and OSM, and tend to express TNFRSF18. Increased CD4⁺ cell frequency is negatively correlated with TIL infusion quantity, and TIL infusion quantity is associated with prolonged overall survival [38]. Our network analysis also highlighted TNFRSF18-related costimulatory signaling, reinforcing its prognostic significance. Low-dose STING agonist ADU S-100 administered intratumorally can promote tumor vascular normalization and tertiary lymphoid structure formation by upregulating TLS-inducing factors, including LTB, thereby enhancing CD8⁺ T cell and dendritic cell infiltration into tumors, improving the tumor immune microenvironment, and controlling tumor growth [39]. This finding complements our enrichment results showing activation of type I interferon and TNF-related signaling modules, further supporting the translational potential of STING pathway modulation. Therefore, our model not only has high predictive accuracy but also provides potential biomarkers for future personalized treatment strategies. AUC values of 0.682 (1 year), 0.685 (3 years), and 0.708 (5 years), demonstrating limited but measurable discriminative ability and suggesting potential utility in identifying biomarkers for future personalized treatment strategies.	Comment by 作者: AUC values of 0.6-0.7 do not show high predictive accuracy, please rephrase.	Comment by 作者: Updated
Furthermore, based on prognostic genes, two SKCM subtypes were identified. There are significant differences in survival and TMB between the subtypes. In terms of immune landscape, the two subtypes show significant differences in the abundance of various T cell infiltrations. However, this study also has some limitations. First, due to reliance on publicly available GWAS datasets, our analysis may be subject to sample selection bias. Second, although MR analysis reduces the impact of confounding factors, it cannot completely exclude unobserved confounders. In addition, our analysis is primarily based on association studies and therefore cannot directly infer causality. Despite these limitations, our findings provide new insights into the immune microenvironment of SKCM and offer a theoretical basis for future research. In particular, our findings highlight the potential role of resting Treg cells in tumor development, which may provide targets for the development of new immunotherapy strategies. Future studies should further explore the specific functions of these immune cell subsets and how they interact with other components of the tumor microenvironment to promote SKCM treatment.
Furthermore, based on prognostic genes, two SKCM subtypes were identified, showing significant differences in overall survival and TMB. In terms of the immune landscape, the two subtypes exhibited marked differences in the abundance of various T cell infiltrations. However, this study also has several limitations. First, due to reliance on publicly available GWAS and transcriptomic datasets, our analysis may be subject to sample selection bias. Second, although MR analysis reduces the influence of confounding factors, it cannot completely eliminate the effect of unmeasured confounders. Third, our results are mainly derived from computational and statistical analyses, and lack direct experimental validation. In particular, the expression levels and biological functions of the identified key genes have not yet been verified through in vitro or in vivo experiments such as quantitative PCR, Western blotting, or immunohistochemistry. Therefore, further experimental studies are required to confirm these findings and to elucidate the underlying molecular mechanisms. Despite these limitations, our study provides new insights into the immune microenvironment of SKCM and highlights the potential role of resting Treg cells in tumor development, which may serve as promising targets for future immunotherapy. Future research should integrate large-scale clinical data with experimental validation to explore the functional relevance of these immune cell subsets and their interactions within the tumor microenvironment.


5. Conclusions
In summary, the conclusions of this study underscore the pivotal role of immune cells in the development of SKCM and provide novel directions for future research and clinical applications. Through further investigations, we anticipate gaining a deeper understanding of the complex interplay between tumors and the immune system, ultimately leading to more effective therapeutic strategies for patients.
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R-HSA-5653656: Vesicle—mediated transport

GO:0010564: regulation of cell cycle process

R-HSA-1640170: Cell Cycle

G0:0022613: ribonucleoprotein complex biogenesis

G0:0009015: response to virus

GO:0080135: regulation of cellular response to stress
R-HSA-9824446: Viral Infection Pathways

R-HSA-8953897: Cellular responses to stimuli

G0:0006351: DNA-templated transcription

G0:0010256: endomembrane system organization

G0:0051640: organelle localization

GO:0010638: positive regulation of organelle organization
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t value of GSVA score, tumor
versus non—malignant

proteasomal protein catabolic process

proteasome—-mediated ubiquitin—dependent protein
catabolic process
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