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ABSTRACT
The high mortality rate of metastatic cutaneous melanoma (SKCM) remains a major challenge in clinical treatment. This study 
used single‐cell RNA sequencing (scRNA‐Seq) technology to compare the differences between metastatic and primary tumour 
cells. By manually annotating cell types, significant disparities in cell communication patterns and functional pathways between 
the two groups were identified. Combined with transcriptomic data, differential gene analysis was performed to screen out a 
core gene set associated with tumour metastasis. To achieve accurate prediction of tumour metastasis, this study innovatively 
constructed a binary classification algorithm (PSO–SVM) integrating particle swarm optimisation (PSO) and support vector 
machines (SVMs). This model optimises SVM parameters via the PSO algorithm, addressing the limitations of traditional 
machine learning models such as insufficient accuracy and poor generalization ability in tumour metastasis prediction. Verified 
by comparison with mainstream machine learning methods, the PSO–SVM model exhibited superior classification performance 
and successfully identified five key metastasis‐related genes: SFN, S100A8, KLF5, ARL4D and TINCR. Furthermore, the 
expression differences of these genes in the metastatic group were verified at the single‐cell level, clarifying their regulatory roles 
in different cell types and states. Through an innovative analytical strategy integrating single‐cell and transcriptomic data, this 
study elucidated the core molecular mechanisms of SKCM metastasis and key regulatory pathways in the tumour microen
vironment, providing potential biomarkers and therapeutic targets for the early diagnosis and targeted treatment of SKCM 
metastasis. This PSO–SVM–integrated analysis method also offers new insights for research on metastasis mechanisms of other 
cancers.

1 | Introduction

Melanoma is a highly aggressive malignancy arising from me
lanocytes, most commonly affecting the skin. Although early 
detection and surgical resection of primary cutaneous mela
noma confer favourable clinical outcomes, the disease is marked 
by insidious onset, high metastatic potential and delayed diag
nosis in the majority of patients, culminating in poor prognosis 
[1]. Moreover, primary and metastatic melanoma exhibit 
distinct therapeutic paradigms, underscoring the critical need 
for timely and accurate identification of metastatic traits to 
inform clinical decision‐making.

In recent years, the proliferation of next‐generation high‐ 
throughput sequencing technologies has led to the accumula
tion of vast tumour‐associated sequencing datasets, most 
notably in repositories such as The Cancer Genome Atlas 
(TCGA) and the Gene Expression Omnibus (GEO) [2]. These 
resources have profoundly advanced cancer research; however, 
conventional analytical approaches are increasingly inadequate 
to interrogate the complexity of large‐scale biological datasets. 
The advent of big data in biology has positioned machine 
learning as an indispensable tool for extracting actionable in
sights from bioinformatics data, with transformative success 
across diverse applications [3]. This interdisciplinary integration 
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has yielded numerous impactful findings, particularly in binary 
classification tasks involving biological features such as gene 
expression profiles, where traditional methods often fail to 
capture the underlying data patterns, necessitating more so
phisticated and efficient analytical frameworks.

In this study, we leveraged transcriptomic and clinical data from 
cutaneous melanoma patients in the TCGA and GEO databases, 
complemented by single‐cell RNA sequencing (scRNA‐Seq) 
profiling, to develop a predictive model for metastatic status 
using an integrated machine learning approach combining 
particle swarm optimisation (PSO) and support vector machines 
(SVMs). We systematically benchmarked this model against 
alternative machine learning algorithms, with the aim of facil
itating accurate identification of metastatic cutaneous mela
noma and thereby providing a robust basis for clinical 
stratification and staging [4]. Furthermore, through single‐cell 
resolution analysis, we delineated the expression dynamics 
and functional contributions of prioritized key genes across 
distinct tumour cell subsets and states, illuminating their 
mechanistic roles within the tumour microenvironment. 
Collectively, our findings identify novel potential biomarkers 
and therapeutic targets to enable early detection and precision 
intervention for metastatic cutaneous melanoma.

2 | Methods

The overall workflow of this study (Figure 1) encompasses four 
core stages: data sourcing, feature selection, single‐cell profiling 
and model development. Briefly, we integrated single‐cell and 
bulk RNA‐sequencing datasets from public repositories to 
perform differential gene screening and feature characterization. 

We then constructed and validated a binary classification model 
(combining PSO and SVM) for phenotype prediction, followed 
by single‐cell resolution analysis to delineate the expression dy
namics of key genes and their functional roles in tumour 
metastasis.

2.1 | Acquisition and Preprocessing of 
Transcriptomic Data

Bulk RNA‐sequencing data for 470 cutaneous melanoma (SKCM) 
samples were retrieved from The Cancer Genome Atlas (TCGA; 
https://portal.gdc.cancer.gov/), including raw count matrices, 
FPKM (Fragments Per Kilobase of exon model per Million map
ped fragments)–normalized expression profiles and correspond
ing clinical metadata. Among these samples, 103 were primary 
tumours (TP) and 367 were metastatic tumours (TM). To ensure 
consistency across downstream analyses, FPKM values were 
converted to TPM (transcripts per kilobase of exon model per 
million mapped reads). Additionally, the GSE190113 dataset (103 
SKCM samples with TPM‐normalized expression and clinical 
data) was obtained from the Gene Expression Omnibus (GEO; 
https://www.ncbi.nlm.nih.gov/gds/). All datasets underwent 
standardised preprocessing (including normalization and batch 
correction) to ensure inter‐dataset comparability.

2.2 | Acquisition and Preprocessing of Single‐Cell 
RNA Sequencing Data

The single‐cell RNA‐sequencing (scRNA‐Seq) dataset GSE189889 
(GEO) was used, which includes 9 SKCM samples (4 metastatic 

FIGURE 1 | Research flow chart.
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and 5 primary). Preprocessing (quality control, normalization and 
differential expression analysis) was performed using Seurat and 
Scanpy pipelines. Cell types were annotated manually (dis
tinguishing malignant vs. nonmalignant populations), and the 
malignant cell identity was validated via inferCNV (copy number 
variation inference).

2.3 | Weighted Gene Co‐Expression Network 
Analysis (WGCNA)

WGCNA was employed to identify co‐expressed gene modules 
and their associations with metastatic phenotypes, thereby 
prioritizing modules and core genes linked to metastasis. Using 
the R package WGCNA, we input the filtered gene expression 
matrix and metastasis status (TM vs. TP). An optimal soft‐ 
thresholding power (β) was selected to construct a topological 
overlap matrix (TOM) and a scale‐free co‐expression network. 
Similar modules were merged via dynamic tree cutting to 
complete the WGCNA workflow [5].

2.4 | Particle Swarm Optimisation (PSO) 
Algorithm

Particle swarm optimisation (PSO) is an efficient, versatile 
and easy‐to‐implement global heuristic optimisation algorithm 
inspired by the collective foraging behaviour of biological swarms 
(e.g., bird flocks and fish schools). Characterized by simplicity, 
low computational overhead and minimal tunable parameters 
[6], PSO is widely utilised for optimisation tasks—particularly 
hyperparameter search in the current model—owing to its abil
ity to enable information sharing among particles traversing 
the solution space to search for (near‐)optimal solutions [7]. 
Compared with Bayesian optimisation, PSO features simpler 
implementation; it is more adept at exploring a broader range of 
hyperparameter combinations than grid search, and it out
performs random search in efficiency by leveraging historical 
search information. The particle update process is governed by 
the following equations:

vt+1
id = ω ⋅ vt

id + c1 ⋅ r1 ⋅ (pid − xt
id) + c2 ⋅ r2 ⋅ (pgd − xt

id) (1)

xt+1
id = xt

id + vt+1
id (2)

Here, vt
id represents the velocity of a particle in a given dimen

sion, xt
id is its position and is the individual best position, pgd is 

the global best position, ω is the inertia weight, c1 and c2 are 
acceleration coefficients, and r1 and r2 are random numbers [8].

2.5 | Construction of the PSO–SVM Model

When optimising support vector machines (SVM) with the par
ticle swarm optimisation (PSO) algorithm, PSO is typically 
employed to fine‐tune SVM hyperparameters, thereby enhancing 
the model's performance and generalizability [9]. As a supervised 
learning algorithm suitable for both classification and regression 
tasks, SVM's performance is highly dependent on the 
selected hyperparameters [10]. As a metaheuristic approach, PSO 

simulates the collective foraging behaviour of biological swarms 
(e.g., bird flocks) to search for optimal solutions in complex 
spaces. In the present study, the PSO–SVM framework adopted 
standard default parameters (with the core focus on integrating 
multi‐omics data for melanoma metastasis prediction rather than 
optimizing the algorithm itself), and the detailed implementation 
parameters and protocols are specified below.

First, SVM hyperparameters—including the penalty factor (C), 
kernel type and kernel‐specific parameters—must be defined. 
Herein, the radial basis function (RBF) kernel was selected, with 
the penalty factor (C) and kernel parameter (γ) optimised via PSO 
within the ranges of C ∈ [0.01, 100] and γ ∈ [0.001, 10]. The se
lection of these hyperparameters is critical to SVM performance; 
however, the vast number of potential combinations necessitates 
systematic optimisation to identify the optimal set [11].

The PSO workflow involves initializing and updating a swarm 
of particles, where each particle explores the solution space to 
find the optimal solution. For SVM optimisation, each particle 
represents a unique combination of SVM hyperparameters (i.e., 
specific C and γ values within the predefined ranges). The core 
PSO parameters used in this study are as follows: number of 
particles = 30, maximum iterations = 100, inertia weight 
(ω) = 0.5 and acceleration coefficients c1 = 1.5 and c2 = 1.5. 
Each particle is characterized by two key attributes: a position 
(corresponding to hyperparameter values) and a velocity (gov
erning the manner of position changes during iterations). The 
fitness of each particle was evaluated using cross‐validation 
metrics (e.g., accuracy and F1 score) of the SVM model 
trained with its associated hyperparameter combination [12]. 
Notably, the dataset was split into a training set (70%) and a test 
set (30%) using stratified sampling to maintain the class distri
bution balance (primary vs. metastatic melanoma). Fivefold 
cross‐validation was performed on the training set to ensure 
reliable assessment of model stability during the fitness evalu
ation process.

The iterative optimisation process of PSO comprises the 
following key steps:

1. Fitness evaluation: Train an SVM model using the hyper
parameter combination encoded by each particle, and 
assess the model's performance via fivefold cross‐validation 
on the stratified training set.

2. Update particle velocity and position: Adjust each parti
cle's velocity and position based on four factors—its cur
rent position, current velocity, personal best position (the 
optimal solution found by the particle itself) and global 
best position (the optimal solution found by the entire 
swarm)—using the predefined PSO parameters (ω = 0.5, 
c1 = 1.5 and c2 = 1.5).

3. Update optimal positions: Track and update the personal 
best and global best positions to reflect the most promising 
solutions identified in the current iteration.

4. Termination of iterations: Repeat the above steps until 
either the predefined maximum number of iterations (100) 
is reached or the swarm converges to a stable solution 
(meeting the convergence criteria).
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During each PSO iteration, changes in particle positions trans
late to adjustments in SVM hyperparameters, aiming to improve 
the model's data fitting ability and performance metrics. Ulti
mately, the PSO algorithm identifies the optimal (or near‐ 
optimal) SVM hyperparameter combination, enabling the con
struction of an SVM model with enhanced generalizability [13]. 
For fair comparison, benchmark models including random 
forest (RF) and XGBoost were also trained with their default 
parameters (consistent with the ‘standard parameter’ approach 
of PSO–SVM) and evaluated using the same data splitting 
strategy and performance metrics, ensuring the consistency and 
impartiality of the comparative analysis.

2.6 | Single‐Cell Research Analysis

To gain mechanistic insights into cutaneous melanoma (SKCM) 
metastasis, we employed single‐cell RNA sequencing (scRNA‐ 
Seq) to systematically dissect molecular differences between 
metastatic and primary tumour cohorts. Detailed methodologies 
for each analytical component are described below:

Cell type annotation and validation: Following initial scRNA‐ 
Seq data processing, we performed comprehensive cell type 
annotation and validation. Using inferCNV, we verified the 
purity and consistency of melanoma cell populations extracted 
from the single‐cell dataset. This step is critical to ensure that 
subsequent differential expression analyses and machine 
learning model construction are anchored in accurate cell type 
classification, thereby safeguarding the reliability and repro
ducibility of our findings.

Data integration and batch effect correction: We integrated 
tumour cell datasets from metastatic and primary tumour 
groups, followed by batch effect correction to mitigate biases 
arising from technical variations. These preprocessing steps 
ensured data uniformity, laying a robust foundation for down
stream statistical analyses and model development [14].

Single‐cell–level differential expression analysis in tumour cells: 
After confirming the accuracy of cell type annotations, we 
performed differential expression analysis specifically on 
tumour cells using the FindMarkers function to compare gene 
expression profiles between metastatic and primary tumour 
groups. Standard thresholds were applied for DEG calling: (1) 
min.pct = 0.1 (requiring genes to be expressed in at least 10% of 
the cells to filter lowly expressed genes), (2) absolute log fold 
change (|logFC|) > 0.25 (to identify biologically meaningful 
expression changes) and (3) adjusted p‐value < 0.05 (Benjami
ni–Hochberg method for multiple test correction). This analysis 
identified a set of significant differentially expressed genes 
(DEGs) associated with the metastatic process, which may serve 
as potential biomarkers regulating the growth and dissemina
tion of metastatic melanoma.

IRGSEA analysis [15]: We applied IRGSEA (gene set enrich
ment analysis) to scRNA‐Seq data to identify functional gene 
sets specific to metastatic versus primary tumour groups. The 

following statistical criteria were used to determine significant 
enrichment: (1) normalized enrichment score (NES) with |NES| 
> 1.5 (to judge the direction and magnitude of enrichment) and 
(2) false discovery rate (FDR) < 0.25 (a conventional threshold 
for GSEA‐related analyses). By comparing the enrichment levels 
and expression patterns of these gene sets, we pinpointed key 
functional pathways and regulatory mechanisms that may drive 
melanoma metastasis. This analysis provided critical biological 
insights to inform feature selection for subsequent machine 
learning models.

Cell–cell communication network analysis: Cell–cell commu
nication network analysis of scRNA‐Seq data was performed 
using CellChat to unravel intercellular interaction patterns. 
Statistical testing of communication strength was conducted via 
permutation tests to calculate p‐values for communication 
probabilities, ensuring the significance of intercellular in
teractions. Only significant communication events with p < 0.05 
were retained to guarantee result reliability. By quantifying 
intercellular co‐expression profiles and signalling networks, we 
identified distinct cell communication signatures between 
metastatic and primary tumour groups. These signatures 
included direct cell–cell interactions as well as signalling 
pathway–mediated regulation, highlighting key signalling cas
cades that may play pivotal roles in metastatic progression [16].

Pseudotime analysis: Pseudotime analysis was conducted to 
simulate and compare cellular state transitions across different 
metastatic stages. Single cells were ordered along a pseudo
temporal trajectory corresponding to metastatic progression, 
and dynamic changes in cell type composition and cellular 
states were analysed at each stage. This approach captured the 
temporal dynamics of cellular phenotypes and functions during 
metastasis, revealing stage‐specific characteristics that distin
guish metastatic from primary tumour groups [17].

Collectively, these single‐cell analyses delineated the key bio
logical features and molecular mechanisms underlying mela
noma metastasis at unprecedented cellular resolution. These 
findings not only advance our understanding of tumour meta
static biology but also provide theoretical and experimental 
support for precision medicine and personalized therapeutic 
strategies for SKCM.

3 | Results

3.1 | TCGA Data Differential Analysis

Using DESeq2 [18], we performed differential expression 
analysis with the filtering criteria set at p < 0.05 and |log2 Fold 
Change| ≥ 1. Through this analysis, we identified a total of 
3637 significantly differentially expressed genes. Subsequently, 
we conducted differential expression analysis using edgeR [19] 
with the same filtering criteria, identifying 2102 significantly 
differentially expressed genes. The cross‐validation of these 
two methods further ensured the reliability of the screening 
results.
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Subsequently, we performed weighted gene co‐expression 
network analysis (WGCNA) following rigorous preprocessing 
and parameter calibration. First, outlier sample detection 
was conducted via hierarchical clustering prior to network 
construction; samples with excessively high topological overlap 
dissimilarity (> 0.25) were identified and removed to avoid 
confounding effects on network structure and module detection. 
Second, the soft‐thresholding power (β) was determined based 
on the scale‐free topology criterion: We calculated the scale‐free 
topology fitting index for β values ranging from 1 to 20 using the 
pickSoftThreshold function and selected the smallest β value 
that achieved a fitting index of 0.9 (a commonly used threshold 
for scale‐free topology). Ultimately, β = 10 was adopted, 
ensuring that the constructed gene co‐expression network 
approximated a scale‐free distribution and satisfied the core 
assumption of WGCNA.

The WGCNA results revealed that the brown module was the 
gene module most strongly associated with metastatic charac
teristics, with a correlation coefficient of 0.48. This correlation 
was highly statistically significant (p < 0.001); the significance 
was calculated via standard Pearson correlation test between the 
module eigengenes (MEs) of the brown module and the meta
static trait (tumour primary [TP] vs. tumour metastatic [TM]) 
values across all samples, with Benjamini–Hochberg correction 
applied to control the false discovery rate (FDR) in multiple 
testing. This module contained 554 genes, which showed sig
nificant expression differences between primary and metastatic 
melanoma. The identified gene module provided important 
evidence for feature selection in subsequent machine learning 
analyses and laid the foundation for exploring the mechanisms 
of melanoma metastasis.

3.2 | Single‐Cell RNA Sequencing Data 
Differences

We performed rigorous quality control (QC) on melanoma single‐ 
cell RNA sequencing (scRNA‐Seq) data with the following 
thresholds to filter out low‐quality cells: minimum number of 
detected features (nFeature_RNA) = 500, minimum number of 
reads (nCount_RNA) = 1000, maximum mitochondrial gene 
percentage = 30% (0.3) and doublet removal using the Doublet
Finder tool. After filtering for high‐quality cells, we standardised 
the dataset (transcripts per kilobase of exon model per million 
mapped reads [TPM] conversion was performed using the for
mula: TPM = (read count/gene length [kb])/(total read count of 
sample/106), followed by log2 transformation) and conducted 
dimensionality reduction analyses (principal component analysis 
[PCA] and uniform manifold approximation and projection 
[UMAP]). To eliminate technical biases, batch‐effect correction 
was implemented using Harmony software. These analyses 
revealed substantial heterogeneity in tumour cells between pri
mary and metastatic cohorts. As illustrated in Figure 2, clustering 
analysis combined with manual annotation enabled precise 
classification of major cell types, including tumour cells, immune 
cells and fibroblasts. In both metastatic and primary melanoma 
groups, melanoma cells were clearly distinguishable from other 
cell populations (e.g., CD4+ T cells, natural killer [NK] cells and B 
cells), with their malignant identity validated via inferCNV. 
Subsequent differential expression analysis using the Find
Markers tool [20] compared gene expression profiles between 
tumour cell populations from primary and metastatic groups, 
leading to the identification of 2026 differentially expressed genes 
(DEGs). These DEGs exhibited significant expression discrep
ancies between metastatic and primary tumour cells and are 

FIGURE 2 | Melanoma cell type annotation and inferCNV validation.
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potentially implicated in key biological processes driving 
tumour progression, such as metastasis, invasion and immune 
evasion.

3.3 | Integrated Analysis of Functional Pathways, 
Regulatory Mechanisms and Cell–Cell Interaction 
Patterns

To systematically dissect the gene set enrichment characteris
tics and dynamic regulatory rules of intercellular communica
tion networks during cutaneous melanoma metastasis, this 
study performed IRGSEA analysis on samples from metastatic 
and primary groups and systematically compared the differ
ences in cell interaction patterns between the two pathological 
stages by integrating cell communication sequencing data 
(Figures 3–5). The IRGSEA results (including ssGSEA and RRA 
dual validation, Figure 3) demonstrated that the enrichment of 
key signalling pathways in different cell subsets exhibited sig
nificant stage specificity and functional relevance: the hallmark 
epithelial–mesenchymal transition (EMT) pathway was signif
icantly enriched in both primary and metastatic lesions, con
firming its core regulatory role throughout the entire process of 
melanoma initiation, invasion and metastasis; in contrast, the 
HALLMARK‐UV‐RESPONSE‐DN pathway and the hallmark 
interferon–gamma response pathway were specifically highly 
expressed only in the metastatic group, suggesting that these 
pathways may be involved in mediating biological behaviours 
unique to the metastatic process (e.g., immune escape and 
distant colonization). Notably, the enrichment level of CD8+ T 
cells in the metastatic group was significantly higher than that 
in the primary group, indicating that this cell subset plays a 
critical role in regulating the immune microenvironment dur
ing tumour metastasis.

To further clarify the intrinsic association between the afore
mentioned pathway enrichment and cell functions, comple
mentary validation was conducted through intercellular 
communication network analysis (Figures 4,5): Compared with 
the primary group, the activity of the MIF signalling pathway in 
CD8+ T cells, macrophages and fibroblasts was significantly 
upregulated in the metastatic group, and the intensity of inter
cellular crosstalk among immune cell subsets (NK cells, CD4+ T 
cells and CD8+ T cells) was remarkably enhanced, suggesting a 
more complex interaction network within the immune micro
environment during the metastatic stage. Meanwhile, the key 
downstream ligand–receptor (L‐R) pairs of the MIF pathway 
(MIF‐(CD74+CXCR4) and MIF‐(CD74+CD44)) exhibited char
acteristics of high active expression in the metastatic group, 
which may regulate tumour invasion and metastasis‐related 
phenotypes by mediating transcellular signal transduction 
among tumour cells, immune cells and stromal cells. Collec
tively, these results indicate that the MIF signalling pathway can 
act as a core regulatory node driving melanoma metastatic pro
gression by coordinating the functional interactions between 
immune cells and fibroblasts.

In summary, through the integration of gene set enrichment 
analysis and intercellular communication network dissection, 
this section systematically reveals the cell type–specific 

functional characteristics, stage‐specific molecular pathway 
regulatory networks and abnormally activated intercellular 
interaction patterns during melanoma metastasis. It provides a 
novel perspective for in‐depth elucidation of the molecular 
mechanisms underlying melanoma metastasis and simulta
neously offers important experimental basis and theoretical 
support for the screening of precise diagnostic biomarkers and 
the development of targeted therapeutic targets for metastatic 
cutaneous melanomas on both the metastatic and primary 
groups.

3.4 | Multisource Integration to Refine Candidate 
Genes for Metastasis Prediction

We used multiple analytical methods to screen for key gene sets 
associated with tumour metastasis and constructed a PSO–SVM 
model to predict melanoma metastasis. During the screening 
process, DESeq2 and edgeR analyses identified 3637 and 2102 
differentially expressed genes, respectively. WGCNA analysis 
(Figure 6A) yielded 554 core genes, and single‐cell data analysis 
identified 2026 significantly differentially expressed genes. 
Finally, we used a Venn diagram (Figure 6B) to identify the 
intersection of these datasets, narrowing down to 22 candidate 
genes as the gene dataset for the model.

3.5 | Model Training and Validation Results

The training and validation results demonstrated that the 
PSO–SVM model achieved optimal predictive performance 
when selecting five specific genes (SFN, S100A8, KLF5, ARL4D 
and TINCR). The ROC–AUC value was 0.8651, as shown in 
Figure 7A, significantly outperforming other mainstream ma
chine learning methods such as random forest and XGBoost, as 
confirmed in Figure 7C. These genes exhibited significant dif
ferential expression in the metastatic group, suggesting their 
potential critical roles in the tumour metastasis process.

Figure 8D–F illustrate that these five genes (SFN, S100A8, KLF5, 
ARL4D and TINCR) showed high expression at the single‐cell 
level, particularly in specific subpopulations of the metastatic 
group, such as CD8+ T cells and fibroblasts. These genes may 
play pivotal roles in regulating the tumour microenvironment 
and promoting cell migration and invasion. These results not 
only validated the efficiency and robustness of the PSO–SVM 
model but also indicated that the genes it identified hold po
tential clinical value, providing significant evidence for the early 
diagnosis and targeted treatment of melanoma.

3.6 | Dynamic Changes in Cellular Phenotype and 
Function

As shown in Figure 7A and B, the trajectory of tumour cells 
evolving from the primary to the metastatic state exhibited a ‘Y’ 
shaped branching structure, revealing potential key turning 
points during the metastasis process. The analysis of target 
genes in Figure 7C indicated that ARL4D showed a significant 
increase in the late metastatic phase, suggesting it may be a 
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key gene. Meanwhile, KLF5 and S100A8 displayed dynamic 
fluctuations, indicating their association with metastasis, 
whereas SFN and TINCR showed weaker changes but slight 
upregulation in the late phase. These findings provide valuable 
insights into the mechanisms of tumour metastasis and poten
tial clinical applications.

4 | Conclusions

By integrating machine learning with single‐cell RNA sequencing 
(scRNA‐Seq) technology, this study elucidated the core molecular 
mechanisms driving cutaneous melanoma (SKCM) metastasis 
and identified five key regulatory genes, namely SFN, S100A8, 

FIGURE 3 | IRGSEA analysis results of the single‐cell metastasis group and the primary group.
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KLF5, ARL4D and TINCR. The significant differential expression 
of these genes in metastatic lesions implies their potential critical 
regulatory roles in SKCM progression, which is consistent with 
the prediction results of the PSO–SVM model established in this 
study. Notably, the PSO–SVM model outperformed other main
stream machine learning methods in tumour metastasis predic
tion [21], further confirming the reliability of these five genes as 
metastatic signature biomarkers. Moreover, single‐cell resolution 

analyses of cell communication and trajectory uncovered the 
remodelling of intercellular communication networks among key 
cell subsets in the metastatic group, with special emphasis on the 
central regulatory role of the MIF signalling pathway in the 
tumour microenvironment. Collectively, this study validated the 
clinical potential of these key genes from multiple perspectives, 
laying a solid theoretical foundation for subsequent experimental 
investigations and clinical translation.

FIGURE 4 | Cell‐cell communication analysis of the primary group.

FIGURE 5 | Cell‐cell communication analysis results: Primary tumor group.
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Despite substantial progress in deciphering the metastatic 
mechanisms of SKCM, this study has several limitations that 
warrant attention. First, the smaller sample size of the utilised 
datasets may impair the generalizability of our findings. Future 
studies should integrate larger scale‐independent cohorts to 
enhance the robustness and applicability of the proposed model. 
Second, the parameter optimisation and performance validation 
of the PSO–SVM model were exclusively based on the current 
dataset; therefore, its scalability and generalization capacity 
need further verification in additional independent cohorts. 
Finally, the functional roles of the identified key genes lack in‐ 
depth biological validation. Targeted mechanistic studies using 
in vitro cell lines and in vivo animal models are thus urgently 
required to clarify their underlying regulatory pathways.

Five SKCM metastasis–related genes (SFN, S100A8, KLF5, 
ARL4D and TINCR) were screened via machine learning. To 
reinforce the reliability of our conclusions, we conducted a 
direct comparative analysis of their functions and associations 
with SKCM metastasis, incorporating findings from existing 
literature as follows:

As a member of the calcium‐binding protein family, S100A8 has 
been well documented to promote tumour metastasis, which is 
highly consistent with our results. Sun et al. [22] demonstrated 
that S100A8 facilitates melanoma metastasis by regulating the 
immunosuppressive function of myeloid‐derived suppressor 
cells (MDSCs) to reshape the tumour immune microenviron
ment. This aligns with our observation that S100A8 is signifi
cantly upregulated in the SKCM metastatic group and involved 
in tumour microenvironment regulatory pathways, further so
lidifying its role as a core metastasis‐promoting factor in SKCM.

ARL4D, a member of the small GTPase family, has primarily 
been investigated in the context of breast cancer, and this study 
is the first to establish its close association with SKCM metas
tasis. Yagin, B et al. [23] confirmed that ARL4D interacts with 
ARF6 to regulate cytoskeletal rearrangement, thereby markedly 
enhancing the migration and invasion capabilities of breast 
cancer cells. Our findings show that ARL4D is abnormally 

upregulated in SKCM metastatic lesions, suggesting it may 
promote SKCM metastasis through a conserved cytoskeletal 
regulatory mechanism. This provides a novel direction for 
exploring the function of ARL4D in melanoma.

The role of SFN (also known as 14‐3‐3σ) in tumours is tissue‐ 
specific, and our results complement previous research on its 
function in breast and prostate cancers. Kanematsu et al. [24] 
reported that SFN exerts anti‐metastatic effects in breast and 
prostate cancers by inhibiting epithelial–mesenchymal transi
tion (EMT) and cancer cell invasiveness. However, our study 
detected significant abnormal expression of SFN in the SKCM 
metastatic group, indicating that it may adopt a distinct regu
latory mode in melanoma—potentially participating in meta
static progression by targeting specific downstream molecules. 
This discrepancy offers an important clue for investigating the 
functional heterogeneity of SFN across different tumour types.

As a zinc finger transcription factor, KLF5 has been validated as 
a metastasis‐promoting factor in various tumours, which is 
consistent with our findings in SKCM. Zhang et al. [25] showed 
that KLF5 accelerates the metastasis of breast and colorectal 
cancers by promoting cell proliferation and EMT. Our study 
further confirms that KLF5 is highly expressed in SKCM met
astatic lesions and participates in core metastatic regulatory 
pathways, suggesting it may drive SKCM progression through a 
conserved EMT‐mediated mechanism. This provides a universal 
basis for cross‐tumour metastatic mechanism research.

In contrast to the other four genes, research linking TINCR to 
tumour metastasis remains limited, and our study provides 
preliminary evidence for its association with SKCM metastasis. 
Existing literature indicates that TINCR is primarily involved in 
tumour initiation and progression by regulating epigenetic 
modifications and promoting cell differentiation [26], but direct 
evidence for its role in metastasis is scarce. Our findings reveal 
significant differential expression of TINCR in the SKCM met
astatic group, where it acts synergistically with other metastasis‐ 
related genes, implying it may indirectly regulate SKCM 
metastasis by modulating epigenetic factors. This discovery fills 

FIGURE 6 | Integration of multi‐method analyses to identify candidate genes.
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a gap in TINCR research in melanoma metastasis and identifies 
it as a key target for future mechanistic investigations.

Future studies should further explore the universality of these 
genes across other tumour types and their roles in immune 

regulation to refine the molecular network underlying tumour 
immune escape and invasive metastasis. Additionally, devel
oping targeted therapies against these key genes and performing 
integrated multi‐omics analyses will provide stronger support 
for personalized tumour diagnosis and treatment. These efforts 

FIGURE 7 | PSO–SVM model construction, validation, comparison and the expression of target genes.
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will not only deepen our understanding of tumour biology but 
also offer critical directions for the clinical translation of pre
cision medicine in melanoma, bringing new hope to patients.
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