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Abstract
Background  Melanoma, a type of skin cancer that can spread to other parts of the body, currently lacks highly 
precise individualized treatment options.

Methods  We performed multi-omics integration on The Cancer Genome Atlas Skin Cutaneous Melanoma (TCGA-
SKCM) cohort to identify melanoma molecular subtypes. The identified genes were validated in independent meta 
cohorts from GEO, followed by transcriptome-wide association study (TWAS) validation using Genotype-Tissue 
Expression (GTEx) and UK Biobank datasets. Additionally, we analyzed machine learning-driven signature (CMLS) 
development, tumor microenvironment characteristics, immunotherapy response, and potential therapeutic targets. 
Finally, single-cell and spatial transcriptomics provided further biological insights and the pathomechanisms.

Result  Our study identified two distinct molecular subtypes of SKCM using multimodal data integration with the 
MOVICS package: Cancer Subtype 1 (CS1) and CS2. CS2 showed a better prognosis and was enriched in immune-
suppressive pathways such as WNT–β signaling, while CS1 exhibited higher activation of the PI3K pathway and DNA 
repair mechanisms, along with greater tumor invasiveness. TWAS analysis results combined the findings from TCGA-
SKCM and the meta-cohort, identifying six significant prognostic-related genes (SPRGs). The CMLS prognostic model, 
based on SPRGs (CAP2, SELL, and LAPTM5 as risk factors and GZMA, FCER1G, and LYZ as protective factors), stratified 
patients into high-group (poorer survival) and low-risk groups. Single-cell and spatial transcriptomic analyses further 
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Introduction
Melanoma is a malignant tumor from melanocytes, pri-
marily found in the skin [1]. Skin cutaneous melanoma 
(SKCM), which accounts for over 90% of cases, predomi-
nantly affects individuals of White populations, following 
by Black or Brown skin color and east Asian populations 
[1]. The pathogenesis of this disease is largely attributed 
to exposure to ultraviolet radiation (UVR) [2]. Epide-
miologic surveys have shown that the incidence of mel-
anoma is on the rise globally, especially in areas where 
fair-skinned people are overexposed to the sunlight, and 
that the incidence in Europe has continued to increase in 
recent years in all age groups and is expected to continue 
in the coming decades [3].

SKCM is primarily managed with wide excision [1], 
while non-surgical approaches include the use of topical 
imiquimod 5% cream and radiation therapy [4–6]. For 
individuals diagnosed with high-risk resectable mela-
noma, current standards recommend adjuvant treatment 
with either anti-death protein 1(anti-PD-1) checkpoint 
inhibitors or BRAF-targeted therapies, both of which 
have demonstrated significant efficacy in decreasing 
tumor recurrence rates and prolonging distant metas-
tasis-free survival outcomes [1, 5, 7]. In the treatment 
of advanced melanoma, tumor-infiltrating lymphocyte 
(TIL) therapy, targeted therapies, and checkpoint immu-
notherapies are commonly utilized [8–10]. However, 
strategies focused on the individual treatment of SKCM 
have achieved only limited success so far. Immuno-
therapy has garnered significant research attention and 
shown positive results in some patients. Nonetheless, 
many patients continue to see limited clinical benefit 
from this treatment [11, 12]. This may be because most 
cancer patients do not respond to Immune checkpoint 
inhibitors (ICIs), and a significant number of those who 
do develop either innate or acquired resistance, limiting 
the clinical effectiveness of the treatment [13]. Consid-
ering the high costs and potential for severe side effects 
of immunotherapy, there is a clear need to utilize large-
scale multi-omics data and advanced machine learning 
algorithms to identify biomarkers that can help predict 
outcomes and guide immunotherapy management in 
SKCM patients.

In this study, we performed a subtype analysis using 
an integrative multi-omics approach combining mRNA, 
long non-coding RNA (lncRNA), and microRNA 
(miRNA) expression profiles, genomic mutations, and 
epigenomic DNA methylation data to develop a prog-
nostic model, further validated through single-cell 
transcriptomics and spatial transcriptomics. Initially, 
a multi-omics integration analysis was conducted on 
The Cancer Genome Atlas Skin Cutaneous Melanoma 
(TCGA-SKCM) cohort to identify molecular subtypes of 
melanoma. The genes identified in the training cohorts 
were validated in independent meta-validation cohorts 
from GEO. Subsequently, transcriptome-wide associa-
tion study (TWAS) analysis was conducted as an addi-
tional validation step using independent cohorts from 
the Genotype-Tissue Expression (GTEx) project and the 
UK Biobank. Furthermore, we conducted comprehen-
sive analyses to gain important molecular insights into 
melanoma, focusing on the consensus machine learn-
ing-driven signature (CMLS), tumor microenvironment 
characteristics, immunotherapy response, and potential 
therapeutic targets. Finally, single-cell and spatial tran-
scriptomics (ST) analyses were used to validate these 
findings.

Materials and methods
Study design
The flowchart of our study was presented in Fig. 1. First, 
a multi-omics integration analysis was performed on the 
TCGA-SKCM cohort to identify molecular subtypes of 
metastatic melanoma. The genes identified in the train-
ing cohorts were then validated using independent meta-
GEO validation cohorts from GEO, followed by TWAS 
analysis using independent validation cohorts from 
GTEx and the UK Biobank. Additionally, comprehensive 
analyses were conducted on the development of CMLS, 
tumor microenvironment characteristics, immunother-
apy response, and potential therapeutic targets. Finally, 
the findings were further validated through single-cell 
transcriptomics and spatial transcriptomics to enhance 
biological insights.

validated CMLS prognostic results, highlighting distinct tumor microenvironment interactions and progression 
trajectories.

Conclusion  Identifications of molecular subtypes and CMLS represent a valuable tool for early prediction of patient 
prognosis and for screening potential candidates likely to benefit from immunotherapy, with broad implications for 
clinical practice foundation for personalized therapies.

Keywords  Cutaneous melanoma, Multi-omics, Prognostic model, Single-cell transcriptomics, Spatial transcriptomics, 
TCGA-SKCM cohort, Transcriptome-wide association study, Tumor microenvironment characteristics, Therapeutic 
targets
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TCGA preprocessing of multi-omics and multi-center 
cohort data for SKCM
We collected multi-omics data of metastatic mela-
noma from the TCGA-SKCM cohort (​h​t​t​p​​s​:​/​​/​p​o​r​​t​a​​l​.​g​​
d​c​.​​c​a​n​c​​e​r​​.​g​o​v), which includes transcriptomic expres-
sion profiles of mRNA and lncRNA, DNA methylation 
data, somatic mutation data, and clinical information. 

The transcriptomic profiles of mRNA and lncRNA were 
obtained using the TCGAbiolinks R package (ver-
sion = 2.30.4) [14], while the mature miRNA IDs were 
recorded using the mirbaseVersions.db R package (ver-
sion = 3.18) [15]. Somatic mutations were retrieved using 
TCGAbiolinks and processed with maftools. DNA meth-
ylation profiles and clinical data were downloaded from 

Fig. 1  The overall study design and workflow, illustrating the multi-omics integration process, molecular subtyping of melanoma, immune microenviron-
ment characterization, and validation through external datasets, single-cell, and spatial transcriptomics analyses
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UCSC Xena (https://xenabrowser.net/). We performed 
several quality control steps: (1) Removing clinical sam-
ples with missing values (denoted as 'NA') or infinite 
values; (2) Retaining only protein-coding genes in the 
mRNA dataset; (3) Calculating the mean TPM (tran-
scripts per million) for each gene, lncRNA, and miRNA; 
and (4) Applying a log transformation for normalization. 
Somatic mutations were counted using maftools. For 
RNA sequencing data, TPM normalization was used, as 
it is comparable with microarray-based gene expression 
profiles and enhances sample comparability.

In addition to TCGA-SKCM, we included 11 exter-
nal SKCM datasets for validation: meta-GEO cohort 
(combined with six bulk RNA-seq datasets cohorts)
(GSE65904, GSE19234, GSE22153, GSE22154, 
GSE91061, GSE46517; available at ​h​t​t​p​​:​/​/​​w​w​w​.​​n​c​​b​i​.​​
n​l​m​​.​n​i​h​​.​g​​o​v​/​g​e​o), three single-cell RNA-seq datasets 
(GSE215120, GSE148190, GSE151091), and two spatial 
transcriptomics datasets (ST) including the GSM5420750 
sample from GSE179572 (​h​t​t​p​​s​:​/​​/​w​w​w​​.​n​​c​b​i​​.​n​l​​m​.​n​i​​h​.​​g​o​v​​/​
g​e​​o​/​q​u​​e​r​​y​/​a​​c​c​.​​c​g​i​?​​a​c​​c​=​G​S​M​5​4​2​0​7​5​0) and Human ​M​e​l​a​n​
o​m​a​, IF Stained from 10 × Genomics (Mastering Biology 
to Advance Human Health—10 × Genomics).

After downloading microarray-based datasets, expres-
sion matrices, and clinical information, we excluded 
samples without survival status and survival time. Back-
ground correction, log2 transformation, and quan-
tile normalization were performed. To merge different 
datasets, the “ComBat” function from the “sva” pack-
age was applied to adjust for batch effects and technical 
biases. To validate the effectiveness of the data merging, 
we performed Principal Component Analysis (PCA) on 
the merged samples both before and after the merging 
process.

Multi-omics consensus integration analysis
To perform an effective integrative analysis, we first 
matched five-dimensional omics data using sample IDs 
(n = 337). TPM expression data were log2-transformed. 
For DNA methylation data, we selected probes from 
CpG islands of promoters. For gene mutation matrices, 
mutations were defined when genes contained any non-
synonymous variants involving frameshift insertions or 
deletions, in-frame insertions or deletions, nonsense or 
missense mutations, splicing site mutations, and muta-
tions at translation initiation sites. In this study, we used 
the “getElites” function from the Multi-Omics Integra-
tion and Expansion for Cancer Subtypes (MOVICS) 
package (version = 0.99.17) to filter gene features [16]. 
For continuous variables (mRNA, lncRNA, miRNA, 
and methylation), we set the “method” parameter of the 
“getElites” function to “mad” to select the top 1,500 genes 
with the highest variation. We then set the “method” 
parameter to “cox” and integrated clinical data to identify 

prognostically relevant genes (P < 0.05) as part of an 
upstream dimensionality-reduction step recommended 
in the official MOVICS workflow, prior to unsupervised 
integrative clustering. For binary variable gene mutation 
data, we further screened genes based on mutation fre-
quency, setting the “method” parameter to “freq” to iden-
tify the top 5% most frequent mutated genes.

After preliminary feature selection, we determined 
the optimal number of clusters for our study. It is well 
known that the best number of clusters should be small 
enough to reduce interference but large enough to retain 
essential information. Therefore, we employed the “get-
ClustNum” function from the MOVICS package, which 
integrates clustering prediction indices (CPI), Gap-sta-
tistics, and Silhouette scores to estimate the number of 
subgroups. Drawing on prior knowledge from studies of 
urothelial carcinoma, we ultimately decided to classify 
SKCM into two subtypes and applied the “getMOIC” 
function for result analysis. Additionally, based on dif-
ferential expression analysis between the subtypes, we 
selected 100 subtype-specific upregulated genes as classi-
fiers. Ten clustering algorithms (CIMLR, ConsensusClus-
tering, SNF, iClusterBayes, PINSPlus, moCluster, NEMO, 
IntNMF, COCA, and LRA) were used as inputs for the 
“methodslist” parameter and used the default parameters 
provided by the MOVICS package. We obtained cluster-
ing results for each method, and based on these results, 
we integrated the clustering outcomes using the “get-
ConsensusMOIC” function, improving the robustness of 
clustering by applying the concept of consensus cluster-
ing. The “distance” and “linkage” parameters were set to 
“Euclidean,” and “average”, respectively. The final cluster-
ing results were derived through this integrated process. 
The multi-omics clustering and integration were con-
ducted strictly following the official MOVICS workflow 
and recommended parameters, as detailed in the pub-
lished MOVICS vignette (​h​t​t​p​​s​:​/​​/​x​l​u​​c​p​​u​.​g​​i​t​h​​u​b​.​i​​o​/​​M​O​V​​
I​C​S​​/​M​O​V​​I​C​​S​-​V​​I​G​N​​E​T​T​E​​.​h​​t​m​l​#​S​e​c​t​i​o​n​.​4).

Subtype-specific molecular features and stability
Using Gene Set Variation Analysis (GSVA) [17], we cal-
culated enrichment scores for multi-therapy-related fea-
tures, including cancer development-related features, 
molecular subtypes associated with SKCM, and fea-
tures related to targeted therapy and radiotherapy. We 
then incorporated 28 induced/repressed target-related 
transcription factors (TFs) and 71 candidate regulators 
related to chromatin remodeling in carcinogenesis, as 
identified by Lu et al. [18]. We compared the distribution 
of immune checkpoints across these subgroups, and the 
ESTIMATE R package was used to predict immune/stro-
mal scores for tumor tissues. Tumor-infiltrating lympho-
cyte DNA methylation (MeTIL) scores were calculated 
according to published protocols (reference). For subtype 

https://xenabrowser.net/
http://www.ncbi.nlm.nih.gov/geo
http://www.ncbi.nlm.nih.gov/geo
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSM5420750
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSM5420750
https://xlucpu.github.io/MOVICS/MOVICS-VIGNETTE.html#Section.4
https://xlucpu.github.io/MOVICS/MOVICS-VIGNETTE.html#Section.4
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stability, we firstly validated the clustering results using 
subtype-specific biomarkers from validation cohorts and 
then compared the consensus clustering with the consis-
tency of NTP and PAM classifiers.

TWAS analysis validation
We conducted a TWAS analysis using the PrediXcan 
method to identify the genes which screened by the 
TCGA-SKCM and meta-GEO [19], which utilizes elas-
tic net regression to determine the optimal hyperparam-
eters. The analysis was based on RNA sequencing data 
from the GTEx project (V8) and employed pre-trained 
prediction models available on Zenodo (​h​t​t​p​​s​:​/​​/​z​e​n​​o​d​​o​.​
o​​r​g​/​​r​e​c​o​​r​d​​s​/​3​5​1​8​2​9​9).

For the genome-wide  association  studies (GWAS) 
data, we used melanoma skin data from the UK Biobank, 
which includes approximately 500,000 participants aged 
40–69  years at recruitment [20]. The case definition for 
melanoma was based on ICD10 diagnoses, including 
inpatient, outpatient, and cause-of-death records. In 
total, 2,824 cases and 453,524 controls were included in 
the analysis (​h​t​t​p​​s​:​/​​/​w​w​w​​.​e​​b​i​.​​a​c​.​​u​k​/​g​​w​a​​s​/​s​​t​u​d​​i​e​s​/​​G​C​​S​T​9​
0​0​4​1​8​2​9).

Development of a consensus machine learning-driven 
prognostic feature
To enhance the comparability across different cohorts, 
we preprocessed all data by performing Z-score nor-
malization. To assess the relationship between CMLS, 
immunotherapy, and prognosis, we selected the TCGA 
cohort with relatively complete treatment information 
as the training set, and other cohorts as validation sets. 
Considering the small sample sizes in some cohorts, we 
merged four cohorts into a cohort named meta-GEO. To 
build a CMLS model with high accuracy and generaliz-
ability, we integrated ten machine learning algorithms, 
including random survival forest (RSF), elastic network 
(Enet), Lasso, Ridge, stepwise Cox, CoxBoost, partial 
least squares regression for Cox (plsRcox), supervised 
principal components (SuperPC), generalized boosted 
regression modeling (GBM), and survival support vec-
tor machine (survival-SVM) [21]. Notably, algorithms 
like stepwise Cox, RSF, CoxBoost, and Lasso have feature 
selection capabilities. During the model-building phase, 
we used the TCGA cohort as the training set for prelimi-
nary model construction. The analysis was conducted 
using the online platform "Bioinformatics Sprout" (101 
Algorithm Combinations for Prognostic Model Con-
struction—Bioinformatics Sprout, a specialized platform 
for bioinformatics analysis).

CMLS development pipeline
We performed univariate Cox analysis on the TCGA-
SKCM and meta-GEO SKCM cohorts. Genes with a 

p-value < 0.05 and consistent hazard ratio (HR) directions 
across all cohorts were considered as significant prog-
nostic-related genes (SPRGs). We applied ten machine 
learning algorithms, using 101 combinations to construct 
the most predictive CMLS with optimal C-index per-
formance. After developing the model on the training 
set, we further tested it across all validation cohorts. We 
calculated the average C-index for each model, with the 
highest value indicating the best-performing model.

Prognostic value, immunological characterization, and 
immunotherapy response analysis
Based on the CMLS model, we scored each sample in 
the training and validation sets, classifying them into 
high CMLS and low CMLS groups based on their scores. 
Kaplan–Meier survival curves were used to assess the 
prognostic significance of CMLS. The distribution of 
patients within the CMLS-High and CMLS-Low sub-
groups in Additional file 1: Table S1.

Using the IOBR package [22], we collected several 
previously published features related to tumor microen-
vironment (TME) cell types, immunotherapy response, 
immune suppression, and immune evasion. We applied a 
unified method to compute enrichment scores for each 
sample, providing a comprehensive analysis of immune 
differences between high and low CMLS patients. We 
compared the differences in Tumor Mutation Bur-
den (TMB) and CD8 + T-cell distribution, and com-
bined CMLS to reclassify patients. For immunotherapy 
response, we firstly incorporated the GSE91061 cohort, 
plotted survival curves of high and low CMLS patients 
after anti-PD1 treatment, and utilized subtype mapping 
to predict immunotherapy responses [23].

Computerized analysis to identify potential therapeutic 
drugs for high CMLS patients
We analyzed the activation status of carcinogenic path-
ways between high and low CMLS patients using GSEA 
(Gene Set Enrichment Analysis) (62). Extracted data for 
human cancer cell lines (CCL) were obtained from the 
Broad Institute’s Cancer Cell Line Encyclopedia (CCLE). 
Drug sensitivity data for CCLs were sourced from CTRP 
v.2.0 (​h​t​t​p​​s​:​/​​/​p​o​r​​t​a​​l​s​.​​b​r​o​​a​d​i​n​​s​t​​i​t​u​t​e​.​o​r​g​/​c​t​r​p) and the 
PRISM Repurposing dataset (​h​t​t​p​​s​:​/​​/​d​e​p​​m​a​​p​.​o​​r​g​/​​p​o​r​t​​
a​l​​/​p​r​i​s​m​/). Dose–response curve areas under the curve 
(AUC) were used as measures of drug sensitivity.

Single-cell level analysis of CMLS
Firstly, we downloaded single-cell transcriptomic data 
(GSE215120, GSE148190, GSE151091) from the public 
repository. From these datasets, we selected four skin 
malignant melanoma samples from GSE215120, and six 
lymphatic samples with triple files from GSE148190 as 
tumor samples, and a merged dataset of 22 normal nevus 

https://zenodo.org/records/3518299
https://zenodo.org/records/3518299
https://www.ebi.ac.uk/gwas/studies/GCST90041829
https://www.ebi.ac.uk/gwas/studies/GCST90041829
https://portals.broadinstitute.org/ctrp
https://depmap.org/portal/prism/
https://depmap.org/portal/prism/
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samples classified as normal samples. The data was read 
using the rhdf5 (R package, version 2.46.1) and Seurat (R 
package, version 4.3.0.1) packages, and merged using the 
Merge function.

To process the unique molecular identifier (UMI) 
count matrix, Seurat was applied, and cells with UMI/
gene counts exceeding the average limits (± two times the 
median absolute deviation) were filtered, if the UMI/gene 
count distribution follows a Gaussian distribution. The 
parameters were set to minGene = 500, maxGene = 5000, 
and pctMT = 20 to remove low-quality cells. Following 
this, library size normalization was performed using the 
NormalizeData() function in Seurat to obtain normalized 
counts with log transformation was applied. The top 2000 
highly variable genes were identified using the FindVari-
ableFeatures() function, following a previously described 
method.

Principal components (PCs) were computed based on 
the expression profiles of the top 2000 highly variable 
genes. Cell clustering was performed using the Find-
Neighbors() and FindClusters() functions in Seurat. For 
visualization, the RunUMAP() function was used to 
apply a 2D Uniform Manifold Approximation and Projec-
tion (UMAP) algorithm, and the results were visualized 
with the DimPlot() function. Marker genes for each clus-
ter were identified using the FindAllMarkers() function 
in Seurat identifying positive markers for a given cluster 
compared with all remaining clusters. To avoid any influ-
ence from the "Unknown" types, we excluded them from 
further analysis.

Trajectory analysis
Developmental pseudo-time analysis was performed 
using the package (version 2.30.1) to infer the develop-
mental trajectory of cells [24]. To reduce the number of 
cells for analysis, a random subset of half of the cells from 
the Seurat object was used. The RNA count data was 
extracted from the Seurat object and converted into a 
sparse matrix format to ensure compatibility with Mono-
cle. Cell and gene metadata were then extracted from the 
Seurat object and used to create AnnotatedDataFrame 
objects that construct a CellDataSet object in Monocle. 
Size factors were estimated to normalize gene expression 
across cells, and gene dispersion values were calculated 
to facilitate downstream differential expression analy-
sis. Genes with low expression were filtered out, and a 
set of highly variable genes was selected for trajectory 
inference based on differential gene expression analysis 
with a q-value threshold of < 0.01. These genes were used 
to order cells along the developmental trajectory, and a 
pseudo-time trajectory was constructed using Monocle’s 
trajectory inference functions.

Cell–cell communication analysis with CellChat
Cell–cell communication analysis was performed using 
the R package (version 1.1.3) to evaluate potential inter-
cellular communication [25]. The analysis began by set-
ting the Seurat object’s identity to cell type information, 
which was then used for downstream analyses. A Cell-
Chat object was created from the Seurat object using the 
createCellChat() function. The human CellChat database 
was assigned to the CellChat object by specifying Cell-
ChatDB.human as the reference.

The analysis pipeline involved several steps: Firstly, the 
data was subsetted to remove low-quality cells or genes 
using the subsetData() function; Secondly, the identify-
OverExpressedGenes() function was applied to identify 
genes overexpressed in different cell populations; Thirdly, 
the identifyOverExpressedInteractions() function was 
used to detect potential intercellular interactions based 
on the overexpressed genes; Fourthly, the computeCom-
munProb() function was used to calculate the likelihood 
of cell-to-cell communication, and interactions involving 
fewer than 50 cells were filtered out using the filterCom-
munication() function; Fifthly, the computeCommun-
ProbPathway() function was employed to compute 
communication probabilities based on signaling path-
ways, and finally, the interaction network was aggregated 
using the aggregateNet() function, consolidating similar 
interactions into a single representation. The centrality of 
nodes within the network was calculated using the netA-
nalysis_computeCentrality() function to assess the most 
influential cells in the communication network.

Scissors algorithm for identifying phenotype-associated 
cells
The Scissors algorithm is an innovative method for ana-
lyzing single-cell data, leveraging bulk phenotypes to 
identify subpopulations of cells that are highly correlated 
with these phenotypes from single-cell sequencing data 
[26]. For our analysis, high CMLS was chosen as the phe-
notype in the logistic regression model. The parameter 
alpha was set to 0.5, and the family was specified as bino-
mial to identify the most relevant hypoxic subtypes.

ST data analysis
ST data were processed and visualized using the Seurat R 
package. The Load10X_Spatial() function was employed 
to load the processed ST data, and the initial data were 
visualized using VlnPlot() and SpatialFeaturePlot() func-
tions, which provided insights into the distribution of 
spatially expressed features, such as "nCount_Spatial" 
and "percent.mt". Mitochondrial and ribosomal genes 
were filtered out using regular expressions to exclude 
these genes from further analysis. Additionally, genes 
expressed in fewer than 10 spots were excluded to ensure 
high-quality data.
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The ST data were then standardized using the SCTrans-
form method to mitigate technical noise. Dimensional-
ity reduction was performed via PCA, and clustering 
was applied based on the first 10 principal components, 
followed by visualization using UMAP. For metabolic 
analysis, the “scMetabolism” package (version = 0.2.1) 
was utilized to evaluate metabolic activity within the ST 
dataset [27]. The AUCell method was applied to assess 
metabolic pathways from the KEGG database, and the 
DotPlot.metabolism() function was used to visualize the 
expression of key metabolic pathways across different 
cell types. This integrated approach allowed for both spa-
tial mapping and metabolic profiling, providing deeper 
insights for further interpretation.

Additionally, we directly visualized the relevant 
genes in the obtained Human Melanoma, IF Stained 
(FFPE) dataset (Mastering Biology to Advance Human 
Health—10 × Genomics) using the official Loupe Browser 
software. “Tumor nest”, “melanoma cells”, and “tumor 
margin” regions were defined in the spatial dataset,  this 
process was conducted by experienced clinical dermatol-
ogists and senior oncology researchers to ensure patho-
logical accuracy.

Statistical analysis
For comparisons between two groups, normally distrib-
uted variables were analyzed using the unpaired Stu-
dent’s t-test, while non-normally distributed variables 
were analyzed using the Wilcoxon rank-sum test. For 
comparisons among more than two groups, parametric 
and non-parametric variables were tested using one-way 
ANOVA and the Kruskal–Wallis test, respectively. Two-
sided Fisher’s exact test was used for contingency tables. 
The critical value of CMLS scores was determined using 
the “surv-cutpoint” function from the survminer pack-
age (Version = 0.5.0). We repeatedly tested all potential 
cutoff points to identify the highest-ranking statistic and 
then classified the CMLS scores using a two-category 
method. Based on the maximum selected log-rank statis-
tic, patients in each cohort were classified into high and 
low groups to reduce compound batch effects, consistent 
with previous studies [28–30]. TWAS analysis was per-
formed in Linux operating system. Differential expres-
sion analysis was performed using the limma package 
(3.58.1) [31], and multi-omics clustering was conducted 
through the MOVICS package [16]. All statistical analy-
ses were performed in R (version 4.3.2).

Results
Multimodal consensus and prognosis-related molecular 
subtypes of SKCM
We analyzed the five datasets (mRNA, lncRNA, and 
miRNA expression profiles, genomic mutations, and 
epigenomic DNA methylation data), using the MOVICS 

package, and 10 multimodal integrated clustering algo-
rithms, in a total of 337 melanoma samples with matched 
multi-omics profiles, identifying two distinct subtypes: 
Cancer Subtype 1 (CS1) and CS2 (Fig.  2A–C). We then 
determined the optimal number of subtypes by referenc-
ing the Cluster Prediction Index, Gap-statistics, silhou-
ette scores, and previous research experience (Additional 
file 2: Figure S1-S2). Our classification system is strongly 
associated with overall survival (OS) (P < 0.001) (Fig. 2D). 
Notably, Cancer Subtype 2 (CS2) exhibited better sur-
vival outcomes. A summary of clinical covariates across 
CS1/CS2 subtypes and high/low CMLS groups is pro-
vided (Additional file 1: Table S3), and multivariable Cox 
analysis adjusting for age and stage confirms the inde-
pendent prognostic value of both CS1/CS2 and CMLS 
(Additional file 1: Table S4, Additional file 2: Figure S3). 
We validated the effectiveness of data merging by per-
forming principal component analysis (PCA) on the sam-
ples before and after merging, demonstrating improved 
sample integration after the merging process (Additional 
file 2: Figure S4 and S5).

Integration and consensus-based molecular subtyping of 
SKCM
Currently, most SKCM molecular subtypes are catego-
rized based on molecular expression levels, which are 
associated with specific biological functions. Therefore, 
we also aimed to explore the distinct molecular char-
acteristics of these two subtypes. We utilized GSVA to 
measure the enrichment of various molecular features in 
the samples (Fig. 3A). In CS2, significant enrichment was 
observed in the AKT signaling pathway, inflammatory 
signaling pathways, and autophagy pathways. In contrast, 
CS1 showed upregulated expression in the PI3K pathway 
and DNA repair and replication, while also displaying a 
significant downregulation in fibrosis. This fibrotic deg-
radation may suggest that CS1 has greater invasiveness 
during tumor progression. Furthermore, these two sub-
types showed considerable differences in their response 
to specific treatments and pathways such as CS2 was 
relatively enriched in immune-suppressive carcinogenic 
pathways, like WNT-β signaling, while CS1 may be more 
likely to benefit from radiotherapy or targeted therapies.

To further investigate transcriptomic differences, we 
analyzed potential regulatory factors related to cancer 
chromatin remodeling and 28 transcription factors (TFs) 
associated with SKCM (Fig. 3B). The activity of these reg-
ulatory factors was closely linked to the subtypes, con-
firming the biological relevance of the subtypes. MITF 
and AXL, known to be associated with poor prognosis 
in SKCM, were significantly overexpressed in CS1, while 
TP63, a tumor-suppressor gene, exhibited higher expres-
sion in CS2. The regulatory activity profiles related to 
cancerous chromatin remodeling further emphasized 
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the differential regulatory patterns between the subtypes, 
suggesting that epigenetically driven transcriptional net-
works may be critical factors distinguishing these molec-
ular subtypes.

Given the key role of the immune system in tumor 
initiation and progression, we quantified the activity of 
immune checkpoints and the infiltration levels of micro-
environment cells (Fig.  3C). We found that immune 
checkpoints were significantly activated in CS2, with 
high expression of CD274 promoting T lymphocyte-
mediated control of tumor cell growth. TNFRSF9, via 

the p38MAPK/PAX6 signaling pathway, inhibited can-
cer progression, enhanced T-cell function, and reduced 
exhaustion phenotypes. Regarding immune cell infiltra-
tion, CS2 showed relatively higher expression of gamma 
delta T cells, suggesting that CS2 may have an advantage 
in early recognition and rapid response to malignant 
cells. To further validate the stability of these subtypes, 
we combined four cohorts (GSE65904, GSE19234, 
GSE22153, GSE22154) after batch correction, naming the 
resulting meta-cohort. The closest template prediction 
(NTP) classified each sample in the external cohort into 

Fig. 2  The multiomics integrative consensus subtypes of SKCM. A Comprehensive heatmap of consensus ensemble subtypes, including mRNA, lncRNA, 
miRNA, DNA CpG methylation site, and mutant gene. B Clustering of SKCM patients through 10 cutting-edge multiomics clustering methods. C Consen-
sus clustering matrix for three novel prognostic subtypes based on the 10 algorithms. D Different survival outcomes among the three subtypes
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Fig. 3  Molecular landscape and validation of SKCM CSs. A The enrichment of three subtypes for different treatment-related signatures and bladder 
cancer-related signatures. B Regulon activity profiles for 28 TFs (top) and potential regulators associated with chromatin remodeling (bottom) of two sub-
types. C Immune profiles in the TCGA-SKCM cohort. The top annotation of the heatmap shows the immune enrichment score, stromal enrichment score, 
and DNA methylation of tumor-infiltrating lymphocytes. The top panel shows the expression of canonical immune checkpoint genes, and the bottom 
panel shows the enrichment levels of 24 TME-related immune cells. D Validation of SKCM CSs in the nearest template of the meta-GEO SKCM cohort. E 
Survival analysis of SKCM CSs in the meta-GEO SKCM cohort. F The consistency of NTP with CMOIC in the META-SKCM cohort. G The consistency of CMOIC 
with PAM in the META-SKCM cohort. H The consistency of NTP with PAM in the meta-GEO SKCM cohort

 



Page 10 of 24Huoshen et al. Human Genomics           (2026) 20:77 

one of the identified subtypes (Fig. 3D). Consistent with 
this, CS2 exhibited better prognosis in the validation 
cohort (P = 0.008) (Fig.  3E), and the stability of the sub-
types was confirmed through CMOIC, NTP, and PAM 
algorithms (Fig. 3F–H).

TWAS analysis validation and construction of CMLS
In sun-protected skin tissues, LYZ and GZMA were vali-
dated and found to be associated with melanoma (Addi-
tional file 2: Figure S6), while in sun-exposed skin tissues, 
LAPTM5, CAP2, and FCER1G were identified and linked 
to melanoma (Additional file 2: Figure S7). In whole 
blood, SELL and LYZ were validated and shown to be 
associated with melanoma (Additional file 2: Figure S8). 
Although the specific genes identified varied across tis-
sues, the majority are immune-related, and the observed 
tissue-specific associations likely reflect context-depen-
dent gene regulation across different tissue and cellular 
environments.We performed univariate Cox regression 
analysis and TWAS analysis validation to screen 6 SPRGs 
(CAP2, SELL, LAPTM5, GZMA, FCER1G, and LYZ) 
whose expression was significantly correlated with OS 
from the TCGA and meta-GEO cohorts (Fig.  4A). Sub-
sequently, these SPRGs were integrated into a framework 
for constructing the CMLS. Using TCGA as the training 
set and meta-GEO as the validation set, we built a con-
sistency model based on 101 algorithm combinations and 
calculated the average C-index of each model across all 
cohorts to evaluate the predictive performance (Fig. 4B). 
Among the 101 models, the RSF algorithm exhibited the 
highest average C-index, and was thus used to construct 
the final model. The Cox boost algorithm identified the 
most valuable SPRGs, while the stepwise Cox algorithm 
filtered out the most significant models, resulting in the 
construction of CMLS, which included all 6 identified 
SPRGs. After calculating the CMLS scores for each sam-
ple in all cohorts, survival curves were drawn. Patients 
with high CMLS in both TCGA and meta-GEO cohorts 
showed poorer clinical outcomes (P < 0.0001and P = 1.1e-
04, respectively) (Fig. 4D, E). These results were validated 
in the TCGA cohort and meta-GEO cohort through 
single-gene expression analysis and OS survival analysis 
(Additional file 2: Figure S9, S20).

Multivariate cox analysis of CMLS
Through multivariate Cox analysis, we identified that 
CMLS consists of three risk factors (CAP2, SELL, 
LAPTM5) and three protective factors (GZMA, FCER1G, 
and LYZ) (Fig.  4C). Further investigation revealed that 
CAP2 is strongly associated with malignant melanoma, 
with previous studies suggesting its potential as an inde-
pendent diagnostic factor [32].

Immune characteristics associated with CMLS
We conducted a comprehensive analysis of the tumor 
microenvironment (TME) in SKCM (Fig. 5A). Compared 
to the CMLS high group, the CMLS low group showed 
significantly more active CD8 + T cells, CD4 + T cells, co-
stimulating T cells, neutrophils, and dendritic cells. In 
contrast, the high CMLS group exhibited active M0 mac-
rophages, indicating that the high CMLS group was clas-
sified as a "cold tumor" phenotype, while the low CMLS 
group was more inclined to be a "hot tumor" phenotype. 
In terms of tumor exclusion (Fig.  5B), the low CMLS 
group exhibited more cancer-associated fibroblasts and 
tumor-associated macrophages, further supporting this 
classification. Regarding immuno-oncology biomark-
ers (io-biomarkers), the TME score, T cell infiltration, 
and antigen presentation machinery (APM) were sig-
nificantly activated in the low CMLS group, while mis-
match repair was relatively activated in the high CMLS 
group (Fig. 5C). This suggests that the low CMLS group 
has a stronger anti-tumor immune response, while the 
high CMLS group exhibits higher tumor malignancy. In 
the immune suppression profile (Fig. 5D), we found that 
the low CMLS group had higher expression of regula-
tory T cells (Tregs) and myeloid-derived suppressor cells 
(MDSCs).

Tumor mutational burden (TMB), tumor neoantigen 
burden (TNB) and their implications
TMB is currently recognized as a biomarker for evalu-
ating patient responses to immunotherapy, and it has 
shown promising prognostic value in several cancers. We 
analyzed the differences in TMB levels between the two 
groups and found no significant difference in early stages 
between high and low TMB within the low CMLS group 
(Fig. 5E). However, clear differentiation emerged in later 
stages. In the high CMLS group, it was difficult to predict 
outcomes based on TMB levels. TNB refers to the num-
ber of neoantigens generated by mutations in the tumor. 
Neoantigens are tumor-specific antigens caused by muta-
tions that can be recognized by the immune system. In 
the TNB combined with CMLS risk analysis, similar 
results to the above were obtained (Fig. 5F).

Correlation between CD8 + T cells and prognosis
To further investigate the relationship between CD8 + T 
cell expression and patient prognosis, we conducted 
a correlation analysis and survival curve plotting 
(Fig. 5G–I). We found the low-risk CMLS group has sig-
nificantly more CD8 + T cells than the high-risk CMLS 
group (P = 2.9e-15) and a significant negative correlation 
between the risk score and the number of CD8 + T cells 
(R = -0.57, P = 2.2e-16). While CD8 + T cells were signifi-
cantly activated in the low CMLS group, excessive activa-
tion was found to be detrimental to long-term survival.
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Fig. 4  The generation and prognostic value of CMLS. A The intersection of genes from the TWAS, TCGA, and meta-GEO SKCM cohorts were taken to 
obtain SPRGs. B Through a comprehensive computational framework, a combination of 101 machine learning algorithms was generated. The C-index 
of each model was calculated through the TCGA-SKCM and meta-GEO SKCM cohorts and sorted by the average C-index of the validation set. C The hub 
gene selected through the CoxBoost algorithm. D, E Survival analysis of SKCM patients with high CMLS and low CMLS in META-SKCM cohort and TCGA-
SKCM cohort
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Fig. 5  The TME-related molecular characteristics of high- and low-CMLS patients. A The distribution of TME immune cell type signatures between high-
and low-CMLS patients. B The distribution of immune exclusion signatures between high- and low-CMLS patients. C The distribution of immunotherapy 
biomarkers between high and low-CMLS patients. D The distribution of immune suppression signatures between high-and low CMLS patients. E, F Sur-
vival analysis combined CMLS with TMB and TNB. G The distribution of CD8 + T cells between high- and low-CMLS patients. H The relationship between 
CMLS and CD8 + T cells. I Survival analysis combined CMLS with CD8 + T cells
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Fig. 6 (See legend on next page.)
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Immunotherapy and potential drug discovery
Given that CMLS is closely associated with patient prog-
nosis, we utilized the Cancer Therapeutics Response 
Portal (CTRP) and Profiling Relative Inhibition Simulta-
neously in Mixture (PRISM) to screen for potential thera-
peutic drugs.

To enhance the robustness of our predictions, we 
included a cohort of melanoma patients treated with 
PD-1 inhibitors from the GSE91061 and classified them 
into high- and low-CMLS groups based on their CMLS 
expression levels (Fig.  6A). The results indicated that 
patients in the low-CMLS group exhibited better prog-
noses. Additionally, patients were classified into two 
groups based on treatment outcomes: progressive disease 
(PD) and partial/complete response. We observed that 
patients in the PD group exhibited significantly higher 
CMLS scores than those in the PRCR group, suggest-
ing that high CMLS may be associated with resistance to 
PD-1 inhibitor therapy (P = 0.014) (Fig. 6B). Further anal-
ysis using the Subtype Mapping Algorithm confirmed 
that this group was significantly more responsive to 
programmed cell PD-1 inhibitors (Bonferroni-corrected 
P < 0.01) (Fig. 6C).

Based on previous studies, we systematically explored 
potential therapeutic strategies for high-CMLS patients 
(Fig.  6D). From the CTRP database, we identified three 
potential therapeutic compounds: Niclosamide, Lin-
sitinib, DNMDP. Meanwhile, from the PRISM data-
base, we identified four additional potential drugs: JQ1 
(JQ1-(+), BRD: BRD-K54606188-001-13-1), Rimexo-
lone (BRD: BRD-K31627533-001-09-5), Desonide (BRD: 
BRD-K21528677-001-02-8), Bromosporine (BRD: 
BRD-K44665581-001-01-8).

We incorporated normal samples from the GSE146517 
dataset to validate the potential drug targets and merged 
them with the TCGA cohort. Using an unpaired t-test, 
we generated boxplots of gene expression (Fig.  6E), 
revealing that the expression of potential drug target 
genes was significantly higher in the normal group than 
in the cancer group, further supporting their therapeutic 
potential in melanoma.

Finally, we performed GSEA enrichment analysis on 
differentially expressed genes between high- and low-
CMLS groups in the TCGA cohort (Fig. 6F). The results 
showed that CMLS key gene CAP2 was significantly 
enriched in the "UV exposure downregulation path-
way", suggesting that CAP2 may play a specific role in 

UV-induced cellular responses. This finding provides 
new insights into the pathogenesis of melanoma and 
potential therapeutic strategies.

Analysis of CMLS at the single-cell level
We further investigated the expression patterns and 
underlying mechanisms of CMLS across different cellular 
subpopulations. Three datasets (GSE215120, GSE148190, 
and GSE151091) were collected, and skin malignant 
melanoma samples were selectively extracted from the 
GSE215120 dataset. The single-cell data were subse-
quently processed and annotated, resulting in an aggre-
gated gene expression matrix comprising 67,691 cells 
and 50,436 genes. At a resolution of 0.5, 18 distinct cell 
clusters were identified and visualized using t-distributed 
Stochastic Neighbor Embedding (t-SNE) (Fig.  7A). To 
delineate the major cell types, each cluster was anno-
tated using cluster-specific marker genes. Initially, 
malignant melanoma cells and normal nevus cells were 
distinguished based on the melanoma-specific marker 
MLANA and sample provenance. The remaining clusters 
were classified into nine non-tumor cell types, and we 
confirmed that the key cell types robustly express their 
well-established marker genes, demonstrating high speci-
ficity (Fig. 7B, C).

To eliminate the interaction effects between protective 
and risk genes, we divided CMLS into a protective group 
and a risk group, with each consisting of protective or 
risk genes, respectively. We then applied five single-cell 
scanning techniques to calculate the CMLS score, fol-
lowed by averaging the scores of these five techniques, 
termed “scoring”. The results revealed that the risk group 
showed significant activation in B cells and CD8 + T cells 
(Fig. 7F), particularly the former. Additionally, there was 
some expression in other immune cells, but expression in 
non-immune cells was minimal. In contrast, the protec-
tive group showed significant expression only in myeloid 
cells (Fig. 7G).

Next, we explored intercellular communication 
(Fig. 8A–C) and discovered that the Tregs cells activated 
the macrophage migration inhibitory factor (MIF) path-
way with B cells, suggesting a potential immunosuppres-
sive role for B cells. Furthermore, the COL1A2, COL1A1, 
and CD44 pathways were significantly activated between 
fibroblasts and melanoma cells. COL1A1 and COL1A2 
pathways are major components of the extracellular 
matrix, and CD44 pathways is a critical cell adhesion 

(See figure on previous page.)
Fig. 6  The value of CMLS in predicting immunotherapy response and potential drug discovery in MUC patients. A Survival analysis of high risk- and 
low risk-CMLS groups in patients receiving anti-PD-1 immunotherapy. B The distribution of CMLS in PD and PRCR immunotherapy response groups. C 
The subclass mapping algorithm predicts response to immunotherapy between high risk-and low risk-CMLS groups. D The correlation and differential 
analysis of drug sensitivity for potential drugs screened from the CTRP and PRISM datasets. E The unpaired differential expression analyses for potential 
target gene of screened drugs in normal and tumor tissue. *P < 0.05, **P < 0.01, ***P < 0.001. F Discovery of pathways significantly activated in the high 
risk-CMLS group through the GSEA algorithm
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molecule. Their activation suggests extracellular matrix 
remodeling, which enhances the migration and invasion 
abilities of melanoma cells, potentially correlating with 
poor prognosis.

Furthermore, trajectory inference analysis was per-
formed on our scRNA-seq data using Monocle package 
to explore the dynamics of CMLS expression at single-
cell resolution. Based on the CMLS scores derived from 
the five scanning techniques, B cells and myeloid cells 
were selected as target populations. In B cells (Fig.  8D, 
E), GZMA was significantly activated during early devel-
opmental stages, while CAP2, FCER1G, LYZ, and SELL 
were upregulated at later stages. In myeloid cells (Fig. 8F, 
G), FCER1G showed early activation, whereas LAPTM5 
exhibited pronounced downregulation in later stages, 
with CAP2 remaining unexpressed throughout the devel-
opmental trajectory.

Integrating bulk and single-cell sequencing data to 
identify phenotype-related subpopulations
To integrate the previous TCGA data with single-cell 
analysis, we used the Single-Cell Identification of Sub-
populations with bulk Sample phenOtype coRrelation 
(Scissor) method for joint analysis. This algorithm auto-
matically selects cell subpopulations from single-cell 
data that are most responsible for phenotype differences, 
using bulk data and phenotype information. Then, we 
evaluated the single-cell data using the Scissor package 
(Fig.  7D, E). We found that Scissor + cells were highly 
concentrated in melanoma cells, with some aggregation 
also observed in CD4 + T cells and normal nevi cells. This 
suggests a strong correlation between melanoma cells 
and high-risk CMLS.

Spatial transcriptomic analysis of CMLS
To investigate the spatial expression of CMLS, we col-
lected spatial transcriptomic data from primary malig-
nant melanoma (Human Melanoma, IF Stained (FFPE)) 
and brain metastatic melanoma (GSM5420750). We 
examined the expression patterns of CMLS genes and 
characteristic melanoma genes in primary malignant 
melanoma using Loupe Browser (Fig.  9B). MLANA and 
MITF exhibited significant expression in the tumor nest, 
with rapid decrease in expression at the tumor margin. In 
contrast, CAP2 and LAPTM5 showed increased expres-
sion at the tumor margin, suggesting that these genes 
are upregulated in newly formed tumor cells and may 
contribute to their invasiveness. Interestingly, LYZ also 
displayed a prominent peripheral expression pattern, 
possibly linked to immune cell infiltration at the tumor 
periphery. GZMA showed low expression in the tumor 
nest.

We estimated intercellular interactions using tool 
stLearn [33], treating the primary tumor nest as the 

developmental origin (cluster 4) (Fig.  9A). Spatial pseu-
dotime trajectory analysis was then performed using tool 
stLearn. We observed that in the development from clus-
ter 1 to cluster 11 (Fig.  9C) and from cluster 5 to clus-
ter 11 (Fig. 9E), MLANA and MITF showed a significant 
negative correlation (Fig. 9D, F). Cluster 3 appeared not 
only in the deep tumor area but also sporadically in nor-
mal tissue (Fig. 9G), suggesting it could represent meta-
static melanoma cells. During the development from 
cluster 8 to cluster 3, we found that besides MLANA, 
LAPTM4B also showed a significant decrease (Fig. 9H). 
We further validated this by observing the negative cor-
relation between LAPTM5 and LAPTM4B in TIMER2.0 
(http://timer.cistrome.org) (Fig.  10A), which confirmed 
that LAPTM5 expression is elevated in primary newly 
formed tumor cells.

Subsequently, we used the sixth cluster of the second-
ary tumor nest as the developmental origin (Fig. 10B) and 
found that during the outward tumor spread MLANA 
expression was enhanced, while the macrophage migra-
tion inhibitory factor (MIF) pathway was significantly 
activated (Fig.  10C, D). However, LAPTM5 showed a 
negative correlation, indicating that gene expression dif-
fers significantly between primary and secondary malig-
nant melanoma during tumor development.

Moreover, at the histological level, both primary and 
metastatic melanoma tumor nests were subdivided 
into three regions—Tumor Center, Melanoma Cells, 
and Tumor Margin—for metabolic pathway analysis 
(Fig. 10E, F). In primary malignant melanoma (Fig. 10G, 
H), tumor cells generally exhibit strong tyrosine metabo-
lism and pentose phosphate pathway activity, with glycol-
ysis intensifying gradually from the center to the margin. 
Conversely, N-glycan biosynthesis and mannose-type 
O-glycan biosynthesis decrease from the center to the 
margin, implying a reduction in cell adhesion capabilities. 
In metastatic melanoma (Fig.  10I, J), however, tyrosine 
metabolism is attenuated, while amino sugar and nucleo-
tide sugar metabolism and fatty acid elongation pathways 
progressively intensify during tumor development. These 
changes suggest alterations in cell surface glycosylation 
and the production of more complex lipid molecules via 
fatty acid chain elongation.

Discussion
Our study identified two distinct molecular subtypes 
of SKCM using multimodal data integration with the 
MOVICS package: CS1 and CS2. CS2 was enriched in 
immune-suppressive pathways like WNT-β signaling 
with a better prognosis, while CS1 exhibited higher acti-
vation of the PI3K pathway, DNA repair mechanisms, 
and downregulated fibrosis, indicating greater tumor 
invasiveness. TWAS analysis results combined the find-
ings from TCGA-SKCM and the meta-cohort, identifying 

http://timer.cistrome.org
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Fig. 7 (See legend on next page.)

 



Page 17 of 24Huoshen et al. Human Genomics           (2026) 20:77 

six significant prognostic-related genes (SPRGs) (CAP2, 
SELL, LAPTM5, GZMA, FCER1G, and LYZ). The 
CMLS prognostic model, based on six SPRGs, stratified 
patients into high-risk (poorer survival) and low-risk 
groups. Single-cell and spatial transcriptomic analyses 
further validated CMLS results, revealing differences in 
gene expression, tumor microenvironment interactions, 
and progression trajectories, providing insights into the 
molecular mechanisms driving SKCM.

CAP2, LAPTM5, LYZ, and FCER1G were already 
reported in previous SKCM studies. Adenylate cyclase-
associated protein (CAP) is a well-conserved actin-
monomer-binding protein, initially identified in yeast as a 
factor involved in RAS-activated adenylate cyclase activ-
ity [34].Notably, CAP2 overexpression has been proposed 
as a novel prognostic marker in melanoma, with stud-
ies showing that its expression increases progressively 
during tumor progression [32, 35]. Lysosomal-associ-
ated transmembrane protein 5 (LAPTM5) is a molecu-
lar partner of CD1e, a protein involved in lipid antigen 
presentation by dendritic cells [36]. Initially, LAPTM5 
expression was believed to be limited to the hemato-
poietic lineage and embryonic stem cells [37]. However, 
subsequent studies have revealed its upregulation in glial 
cells in response to neuronal apoptosis [38]. Addition-
ally, LAPTM5 has been found to be expressed in benign 
neuroblastomas [39], and it is significantly upregulated 
in two melanoma cell lines [36]. These findings suggest 
that LAPTM5 may play a role in tumor biology, particu-
larly in melanoma. Our study supports these findings, as 
we also observed significant upregulation of LAPTM5 in 
melanoma, further implicating it as a potential biomarker 
for cancer progression. LYZ encodes a protein with anti-
microbial activity against bacterial peptidoglycan, play-
ing a role in innate immunity. In SKCM, increased LYZ 
expression has been associated with macrophage infiltra-
tion [40]. Recently, it has been used to isolate synthetic 
bacterial vesicles, which, when combined with melanoma 
extracellular vesicles, contribute to tumor regression in 
melanoma-bearing mice [41]. Its prognostic value has 
also been confirmed in previous datasets [42], suggesting 
its potential as a biomarker for patient outcomes. Simi-
larly, LYZ significantly downregulated in melanoma in 
our study. FCER1G, located on chromosome 1q23.3 [43], 

encodes a key component of the high-affinity immuno-
globulin E (IgE) receptor and the interleukin-3 recep-
tor complex. Studies suggest its tumor-suppressive role 
in multiple myeloma [44] and a negative association 
with melanoma [45, 46]. Consistently, our study found 
FCER1G to be significantly downregulated in melanoma, 
indicating its potential role in reducing melanoma risk 
and serving as a biomarker for cancer progression.

Interestingly, SELL and GZMA were not reported in 
previous SKCM studies. L-selectin (SELL) is a type of 
leukocyte adhesion molecule involved in the interac-
tion between leukocytes and vascular endothelium [47]. 
It regulates immune cell trafficking and is upregulated 
in various cancers [48], making it a potential immuno-
therapy target. In a mouse model, SELL overexpression 
in T cells enhanced tumor infiltration and proliferation, 
improving the chance of tumor control [49]. Previous 
experiments constructed an aneuploidy related riskscore 
(ARS) model that included SELL, and patients in the low 
ARS group were more sensitive to immunotherapy [50]. 
Similarly, our study found SELL significantly upregulated 
in melanoma, reinforcing its role as a biomarker for can-
cer progression. Another gene, Granzyme A (GZMA), 
secreted by natural killer (NK) cells, has drawn significant 
attention as a biomarker for assessing cancer immuno-
therapy efficacy [51]. It has been identified as a poten-
tial prognostic marker across various cancer types [52, 
53]. Previous studies have highlighted its significance in 
breast cancer and lung squamous cell carcinoma, where 
higher GZMA expression is associated with improved 
survival outcomes [54, 55]. However, evidences suggest a 
pro-proliferative role of extracellular GZMA in colorec-
tal cancer progression [56, 57]. In our study, we observed 
GZMA downregulation in melanoma. Further investiga-
tions are warranted to elucidate the context-dependent 
role of GZMA across different cancer types. Future stud-
ies should explore the underlying regulatory mechanisms 
driving its differential expression, assess its impact on 
tumor microenvironment modulation in melanoma, 
and determine whether its functional role is influenced 
by specific immune or stromal interactions. Experimen-
tal approaches such as single-cell RNA sequencing, spa-
tial transcriptomics, and functional assays in melanoma 

(See figure on previous page.)
Fig. 7  Single-cell analysis and CMLS scoring results. A TSNE plot demonstrating the cell distribution from four skin malignant melanoma samples, six 
lymphatic samples and 22 normal nevus samples, color-coded by the annotated cell types. B The top-5 genes of each cell type, along with their sample 
sources and mitochondrial gene expression levels. C Feature plots presenting classical marker genes for the annotated cell types. D UMAP plot demon-
strating the cell distribution, color-coded by the annotated cell types. E UMAP visualization of the Scissor-selected cells across cell populations. F Evaluate 
the expression of risk factors in each cell type using five algorithms and their average scores. G Evaluate the expression of protective factors in each cell 
type using five algorithms and their average scores. A total of cells were classified into major immune, malignant, and stromal populations, including 
CD4⁺ T cells (n = 14,476), melanoma cells (n = 14,166), regulatory T cells (n = 13,247), NK cells (n = 5145), nevus cells (n = 6646), B cells (n = 3022), CD8⁺ T cells 
(n = 2589), epidermal cells (n = 2600), fibroblasts (n = 1233), endothelial cells (n = 1223), and myeloid cells (n = 441), with a small fraction of unclassified 
cells (n = 2903). All major cell populations were derived from multiple tumors, indicating that the identified clusters reflect biological heterogeneity rather 
than tumor-specific effects



Page 18 of 24Huoshen et al. Human Genomics           (2026) 20:77 

Fig. 8  Cell-cell communication analysis, CMLS scoring and trajectory analysis results. A Cell-cell pathway activation status. B, C Cell-cell communication, 
D B cell pseudotime developmental trajectory, E Temporal expression of CMLS genes in B cells. F Myeloid cell pseudotime developmental trajectory. G 
Temporal expression of CMLS genes in myeloid cells
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Fig. 9  The ST analysis results. A The spatial images of primary malignant melanoma. B The spatial expression of CMLS genes. C, D The developmental 
trajectory from the first cluster to the eleventh cluster, along with the gene expression changes during this process. E, F The developmental trajectory 
from the fifth cluster to the eleventh cluster, along with the gene expression changes during this process. G, H The developmental trajectory from the 
eighth cluster to the third cluster, along with the gene expression changes during this process
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Fig. 10  The additional ST analysis results. A The relationship between LAPTM5 and LAPTM4B. B The spatial images of metastasis in malignant melanoma. 
C, D The developmental trajectory from the fourth cluster to the sixth cluster, along with the gene expression changes during this process. E Cell annota-
tion of primary malignant melanoma. F Cell annotation of metastatic malignant melanoma. G, H Related metabolism of primary malignant melanoma. I, 
J Related metabolism of metastatic malignant melanoma
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models will be essential to clarify these discrepancies and 
uncover potential therapeutic implications.

Additionally, our study provides important insights 
into the biological significance of SKCM subtypes. CS1 
exhibits higher activation of PI3K pathways, DNA repair 
mechanisms, and downregulation of fibrosis, leading to 
more aggressive tumors, while CS2 is associated with 
better survival outcomes, exhibiting abundant immuno-
suppressive pathways such as WNT-β signaling. These 
findings suggest that the different molecular character-
istics of CS1 and CS2 lead to their different prognostic 
implications. Furthermore, the immune microenviron-
ment of CS2 is characterized by immune checkpoint acti-
vation and elevated immune cell infiltration, which may 
enhance its responsiveness to immunotherapy. These 
observations are consistent with previous studies empha-
sizing the prognostic impact of immune activity on 
SKCM. Our findings also suggest that the CMLS model 
based on the six SPRGs is an effective prognostic tool 
for stratifying patients into high- and low-risk groups. 
This stratification has potential clinical utility in guiding 
treatment decisions and improving patient management. 
Notably, we found that the immunosuppressive status of 
the good prognosis group was significantly higher than 
that of the poor prognosis group. This phenomenon may 
be related to the high activation of the immune system 
in the former group, in which the organism maintains 
immune homeostasis through a negative feedback regu-
latory mechanism during a strong immune response, 
leading to enhanced immunosuppression. This result 
suggests that the good prognosis group may have experi-
enced stronger immune activation, but it was also accom-
panied by a balanced process of immune regulation.

A primary advantage of our study is the comprehen-
sive integration of multi-omics data, including mRNA, 
lncRNA, miRNA, genomic mutation, and methylation 
profiles, which ensures robust classification of SKCM 
subtypes. The consistency of our subtypes across mul-
tiple independent datasets and clustering algorithms 
further demonstrates the reliability of our findings. In 
addition, the application of single-cell and spatial tran-
scriptome analyses provided additional levels of valida-
tion, allowing us to gain insight into tumor heterogeneity 
and microenvironmental interactions.

Nonetheless, we must also recognize several limita-
tions. First, this study is based on retrospective public 
datasets, which may introduce unavoidable selection 
bias, and prospective validation in independent clini-
cal cohorts will be required to confirm generalizability. 
Second, although the molecular subtypes and the CMLS 
signature were derived using established workflows and 
validated across multiple datasets and analytical layers, 
they were identified through computational integration 
rather than experimental perturbation. Besides CS1/CS2 

and CMLS show partial overlap with previously reported 
melanoma molecular subtypes and prognostic signa-
tures, this consistency across independent methods and 
datasets strengthens the robustness and reproducibil-
ity of these biological patterns rather than diminishing 
their significance or claiming entirely novel mechanisms. 
Third, the single-cell and spatial transcriptomic analyses 
were used to provide biological context and cross-scale 
support for bulk-level findings, particularly in relation 
to tumor–immune interactions and metabolic heteroge-
neity. However, the limited number of samples, hetero-
geneous tissue origins, and lack of dynamic modeling 
restrict their ability to support definitive mechanistic or 
causal conclusions.  In addition, we evaluated the clini-
cal relevance of CMLS in the context of immunotherapy. 
Validation in the GSE91061 cohort supports the predic-
tive value of CMLS for PD-1 blockade response, par-
ticularly in identifying non-responders. However, we 
acknowledge that the sample size of this cohort is rela-
tively modest. While these trends are biologically consis-
tent, the primary objective of CMLS remains prognostic 
stratification rather than treatment-specific response pre-
diction; therefore, these findings warrant further verifica-
tion in larger, prospective multi-center immunotherapy 
cohorts.  Finally, functional perturbation experiments 
of key SPRGs, dynamic systems modeling of cell–cell 
communication networks, and benchmarking against all 
previously published melanoma signatures were beyond 
the scope of the present study, which emphasizes multi-
omics consensus integration, cross-cohort validation, 
and interpretability. These extensions warrant future 
dedicated investigation.

Although CS1/CS2 and CMLS show partial overlap 
with previously reported melanoma molecular subtypes 
and prognostic signatures, this consistency across inde-
pendent methods and datasets strengthens the robust-
ness and reproducibility of these biological patterns 
rather than diminishing their significance. Our study 
focuses on multi-omics integration and cross-cohort 
validation; therefore, functional perturbation experi-
ments and dynamic systems modeling were beyond the 
current scope and warrant future investigation. Addition-
ally, while advanced machine learning or deep learning 
approaches may provide complementary validation, our 
consensus-based framework emphasizes interpretability 
and robustness across platforms.

Finally, although key pathways associated with prog-
nosis and immune phenotypes were identified, func-
tional experiments and real-world clinical validation are 
still required to establish causality and assess the utility 
of CMLS in guiding treatment strategies.Future stud-
ies should focus on validating in preclinical models the 
specific roles of the key biomarkers we identified, such 
as CAP2, GZMA, and SELL, in SKCM progression. In 
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addition, further exploration of the tumor microenviron-
ment at single-cell resolution will contribute to a deeper 
understanding of the cell–cell interactions that drive 
SKCM heterogeneity. Prospective cohort studies are also 
needed to confirm the value of CM prognostic models in 
the clinic and their potential in personalized therapy. In 
addition, a promising research direction is the develop-
ment of targeted therapies against identified pathways. 
Considering the differences in PI3K and WNT-β pathway 
activation between CS1 and CS2, therapeutic strategies 
could be tailored to the specific vulnerabilities of the dif-
ferent subtypes. Meanwhile, exploring the effects of com-
bination therapies such as immune checkpoint inhibitors 
and PI3K pathway inhibitors may provide new treatment 
avenues for SKCM patients.

Conclusion
Our findings have important clinical implications for 
the treatment of SKCM. The identification of different 
molecular subtypes lays the foundation for personalized 
therapeutic strategies. patients with CS2 which targets 
WNT-β pathway activation have a favorable immune 
profile and may benefit more from immune checkpoint 
blockade therapies, whereas patients with CS1 may 
require alternative therapeutic approaches targeting 
PI3K signaling or fibrosis-related mechanisms. In addi-
tion, the CMLS model based on six prognostic genes, 
CAP2, SELL, LAPTM5, GZMA, FCER1G, and LYZ, pro-
vides a promising tool for risk stratification in SKCM and 
may serve as a therapeutic target. Future studies should 
explore the incorporation of these findings into a person-
alized medicine framework to further enhance SKCM 
management.
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