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1  Introduction
Melanoma originates from pigment-producing melanocytes and is characterized by 
its aggressive invasiveness. It can rapidly penetrate the basal layer of the skin, enter the 
bloodstream and lymphatic system, and metastasize to distant organs such as the lungs, 
liver, brain, and bones, resulting in advanced-stage disease and poor prognosis [1]. In 
2020, there were approximately 325,000 new melanoma cases and around 57,000 deaths 
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Background  Cancer-associated fibroblasts (CAFs) are increasingly recognized as 
critical contributors to the limited efficacy of immunotherapy, particularly through 
the establishment of immune-excluded tumor microenvironments. However, the 
functional heterogeneity and spatial ecological roles of CAFs in melanoma remain 
poorly characterized.

Methods  We integrated single-cell RNA sequencing, spatial transcriptomics, and bulk 
RNA-seq data to systematically dissect CAF molecular programs in melanoma using 
weighted gene co-expression network analysis (WGCNA). Spatial distribution, CellChat, 
and ligand–receptor interaction analyses were applied to construct CAF-centered 
immune exclusion networks. A functional scoring model (riskScore) based on the CAF-
M1 module was developed to evaluate clinical relevance.

Results  CAF was spatially co-localized with endothelial cells, and engaged in strong 
crosstalk with multiple immune cell types via pathways such as COLLAGEN–integrin 
and THBS1–CD47. The derived riskScore model demonstrated robust prognostic value 
across TCGA-SKCM cohort.

Conclusion  Through spatial aggregation and multifaceted immune signaling, CAF 
constructs a multilayered immune-exclusion network in melanoma, linking stromal 
remodeling to immune evasion. These findings offer novel insights into CAF-driven 
immune resistance and may inform future stratified immunotherapeutic strategies.
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worldwide. By 2040, the number of new cases is projected to rise to about 510,000, with 
deaths reaching an estimated 96,000, indicating a notable upward trend [2].

In recent years, targeted therapies against key mutations such as BRAF and MEK, as 
well as immune checkpoint inhibitors (e.g., CTLA-4 and PD-1/PD-L1 antibodies), have 
significantly improved the prognosis of some patients with advanced melanoma, even 
enabling long-term remission in certain cases. However, treatment resistance, high 
relapse rates, and immune-related adverse events remain major challenges that limit 
overall clinical efficacy [3, 4]. One critical reason for the suboptimal response to immu-
notherapy is the widespread phenomenon of immune exclusion. Even when effector T 
cells are enriched around tumor tissue, they often fail to effectively infiltrate the tumor 
core due to physical barriers (e.g., dense stroma) or functional suppression (e.g., immu-
nosuppressive factors and disrupted signaling), contributing to a so-called cold tumor 
microenvironment [5]. This process is typically driven by multiple immunosuppressive 
cell types, such as regulatory T cells, M2-type macrophages, and CAFs, along with their 
associated molecular mechanisms. Therefore, systematically identifying the key cel-
lular components and regulatory pathways involved in immune suppression and T cell 
exclusion within the tumor microenvironment has become a central focus for improving 
immunotherapy response rates.

CAFs are key stromal components of the tumor microenvironment and are extensively 
involved in extracellular matrix (ECM) remodeling, angiogenesis, and immune regula-
tion [6]. Recent studies have shown that CAFs play a critical role in promoting tumor 
immune exclusion, suppressing immune cell infiltration, and mediating resistance to 
immunotherapy [6]. CAFs can form physical barriers by secreting matrix components 
such as collagen, thereby restricting the migration of T cells into the tumor core; they 
can also release immunosuppressive factors such as TGF-β and CXCL12, which induce 
T cell exhaustion or promote the recruitment of regulatory immune cells, ultimately 
shaping an “immune-excluded” tumor microenvironment [7]. In skin cancers includ-
ing melanoma, a study identified a conserved taxonomy comprising three CAF subsets: 
myofibroblastic (RGS5⁺), matrix-producing (mCAF), and immunomodulatory (iCAF) 
populations. Crucially, their work demonstrated a dynamic repopulation of these sub-
sets during tumor progression, with iCAFs becoming enriched in advanced disease [8].

Although the critical roles of CAFs have been increasingly recognized, CAFs them-
selves are highly heterogeneous, encompassing multiple functional states and molecu-
lar subtypes. Traditional studies have largely relied on single markers such as FAP and 
α-SMA (ACTA2) to define CAFs, which fails to fully capture their multidimensional 
functional characteristics [9]. In immune-dependent tumors such as melanoma, the 
specific roles of different CAF subpopulations in remodeling the immune microenvi-
ronment remain insufficiently characterized. For instance, CAFs located at the tumor 
periphery can secrete LOX protein to cross-link collagen, thereby enhancing the physi-
cal barrier and hindering T cell infiltration; meanwhile, inflammatory CAFs (iCAFs) 
within the tumor core secrete cytokines such as IL-6 to recruit immunosuppressive cells 
and foster an immunologically “cold” environment [7, 10]. Therefore, it is imperative to 
characterize the intrinsic heterogeneity of CAFs from a functional programming per-
spective and to identify key molecular modules involved in immune regulation, which 
will provide a foundation for further mechanistic studies and targeted interventions.
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Against this background, the rapid advancement of single-cell sequencing technologies 
has provided unprecedented resolution for dissecting the heterogeneity and functional 
states of CAFs in melanoma. Compared with traditional subpopulation classifications 
based on marker genes, module-based strategies that identify gene co-expression pat-
terns offer deeper insights into the potential functional programs and cooperative path-
ways of CAFs [11]. Meanwhile, the emergence of spatial transcriptomics has enabled 
the visualization and reconstruction of CAF localization within tumor tissues, their spa-
tial relationships with immune cells, and their impact on the surrounding microenvi-
ronment [12]. Therefore, integrating single-cell and spatial multi-omics approaches to 
map the associations between CAF functional modules and tumor immune exclusion 
may offer novel perspectives on CAF-driven immune evasion mechanisms and uncover 
CAF-related molecular features with potential prognostic and therapeutic value.

In this study, using melanoma as a model, we integrated single-cell transcriptomics, 
spatial transcriptomics, and bulk RNA sequencing data to systematically investigate the 
functional programs of CAFs and their roles in immune exclusion. We first constructed 
a weighted gene co-expression network within CAFs and identified 16 distinct func-
tional modules, focusing particularly on the CAF-M1 module, which is closely associ-
ated with extracellular matrix (ECM) remodeling and cellular contractility. Key genes 
within this module were further selected to develop a CAF-related prognostic risk scor-
ing model (riskScore) with robust stability and independent predictive value. In addi-
tion, through cell–cell communication analysis combined with spatial transcriptomic 
data, we revealed the central role of CAFs in the COLLAGEN signaling pathway and 
their spatial co-localization with immunosuppressive cells, suggesting that CAFs may 
mediate immune cell exclusion via a dual mechanism involving both physical barriers 
and functional suppression. Overall, this study systematically delineates the CAF-driven 
immune exclusion network, proposes CAF functional features with clinical prognostic 
and therapeutic potential, and provides a new theoretical basis for optimizing immuno-
therapy strategies.

2  Materials and methods
2.1  Study design

We first conducted single cell analysis in GSE215120 in melanoma. Additionally, High 
Dimensional Weighted Gene Co-expression Network Analysis (hdWGCNA) was per-
formed to classify gene modules associated with CAFs in the GSE215120. Machine 
learning was employed to identify significant prognostic genes in gene modules. 
Receiver Operating Characteristic (ROC) analysis, Kaplan–Meier (KM) survival analy-
sis, and a nomogram were utilized to evaluate the model's performance. Finally, Spatial 
Transcriptomics was conducted to validate our findings. The complete workflow of our 
study is illustrated in Fig. 1.

2.2  Data sources

Multiple datasets were obtained from the Gene Expression Omnibus (GEO) database 
and The Cancer Genome Atlas (TCGA) for this study, including GSE215120, TCGA-
SKCM and GSE250636.
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2.3  Analysis of scRNA -seq datasets

Firstly, we used the Seurat R package to cluster the single-cell dataset GSE215120 and 
performed basic cell annotation. Cells with a gene count between 300 and 8000, or with 
a mitochondrial gene ratio of less than 10%, were selected to exclude potential low-qual-
ity cells. Harmony was applied to eliminate batch effects among samples, followed by 
Principal Component Analysis (PCA) for dimensionality reduction, and UMAP for visu-
alization.To identify gene co-expression modules associated with specific biological fea-
tures, we performed high-dimensional Weighted Gene Co-expression Network Analysis 
(hdWGCNA). The hdWGCNA pipeline was applied to the single-cell expression matrix 
after quality control and normalization [13]. The default parameters for hdWGCNA 
include a gene selection method based on expression in a fraction of cells (0.05), a soft 
threshold power of 7. Subsequently, CellChat R package was used for intercellular com-
munication analysis to identify actively communicating cells associated with CAFs.

2.4  Establishment of the prognostic model

Univariate Cox regression, least absolute shrinkage and selection operator (LASSO), and 
multivariate Cox regression analyses were performed to identify independent prognos-
tic factors in the TCGA-SKCM cohort, with p < 0.05 considered statistically significant. 
Finally, nine genes were selected and incorporated into the prognostic model. Equation 
and calculation of risk score was in Supplemental Table 1.

GSE215120

hdWGCNA

CAFs-
M1

Signature
TCGA
SKCM

KM ROC Nomo

GSE250636

Cellchat

Fig. 1  Flowchart of the analysis. KM-Kaplan–Meier, ROC- Receiver Operating Characteristic, Nomo-Nomogram, 
Signature—Risk score genes

 



Page 5 of 15Hong et al. Discover Oncology         (2025) 16:2105 

2.5  Analysis of spatial transcriptomics

To assess background signal and validate the specificity of cell-type deconvolution in 
spatial transcriptomics data, we applied SpaCET and RCTD R packages to both tis-
sue-covered and blank regions to perform cell-type deconvolution based on reference 
single-cell RNA-seq data [14, 15]. The goal was to evaluate whether inferred cell-type 
proportions in the blank areas deviated from expected null distributions. Deconvolu-
tion results from the blank regions were compared with those from tissue regions to 
assess the signal-to-noise ratio and to determine an appropriate confidence threshold for 
downstream biological interpretation. Spatial feature expression plots were generated 
utilizing the “SpatialFeaturePlot” function within the “Seurat” R package.

3  Result
3.1  Single-cell transcriptome of patients with melanoma

Through our single-cell analysis, we identified a total of 8 distinct cell types, including 
Melanoma cell, T cell, NK cell, Endothelial, CAFs, B cell, Monocytes, and Keratinocytes, 
as shown in Fig.  2A. In our study, single-cell RNA sequencing was performed, yield-
ing a total of 58,418 cells, including 35,422 melanoma cells, 8561 T cells, 7315 NK cells, 
2203 endothelial cells, 2695 CAFs, 1295 B cells, 846 monocytes, and 81 keratinocytes. 
Furthermore, the cellular composition of each sample is illustrated in Fig.  2B. More-
over, UMAP projections of scRNA-seq data further classified these 8 distinct cell types, 
with representative marker genes, including Melanoma cell(PMEL), T cell(CD3D), NK 
cell(NKG7), Endothelial(VMF), CAFs(COL1A1), B cell(MS4A1),Monocytes(LYZ),and 
Keratinocytes(KRT14), as shown in Fig. 2C and 2D. Additionally, we presented a volcano 
plot to visualize the differentially expressed genes (DEGs) of each cell type, as shown in 
Fig. 2E. Furthermore, we performed functional analyses on different cell types to illus-
trate their biological roles, as depicted in Fig. 2F. We have also performed clustering to 
identify CAF subpopulations, with the corresponding cell types and clusters visualized 
in the UMAP projections presented in Supplemental Fig. 7A and Supplemental Fig. 7B. 
ACTA2, CXCL12, and SPP1 represent the markers for myCAF, iCAF, and apCAF, 
respectively in Supplemental Fig. 7C. As shown in Supplemental Fig. 7D, Supplemental 
Fig. 7E and Supplemental Fig. 7F, the word cloud, volcano plot, and KEGG enrichment 
results collectively reveal the distinct biological functions and significance of the three 
cell subpopulations.

3.2  Identification of gene modules associated with CAFs in melanoma

The hdWGCNA algorithm was employed to identify core genes associated with CAFs. 
Moreover, hdWGCNA is designed to decipher continuous, co-expression gene pro-
grams. A flexible threshold of 7 was selected to divide the genes into 16 functional mod-
ules in Fig. 3A and B. The interrelationships among the 16 gene modules were analyzed 
and are visualized in Fig.  3C. CAFs module has the highest correlation with genes in 
the CAFs-M1 module in Fig.  3D and 3F. The marker genes characterizing the CAFs-
M1 population are presented in Fig. 3E. Gene Ontology (GO) enrichment analysis was 
performed on 325 CAF-associated genes, and the results are presented in Figs. 3G and 
3H. The distribution of genes from each module, projected in the reduced dimensional 
space, is presented in Supplemental Fig. 1.
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3.3  Construction of a melanoma signature prediction model in machine learning

The outcomes of the LASSO regression, including feature selection and model fitting, are 
presented in Figs. 4A and 4B. Based on the integrated analysis of hdWGCNA, LASSO, 
univariate Cox, and multivariate Cox regression, a total of nine genes were ultimately 
included in the model in Figs. 4C. The survival time and risk index were visualized and 
are presented in Fig. 4D. The expression patterns of the model genes are visualized by 
the heatmap in Fig. 4E. The single-cell UMAP projection of the genes included in the 
model is displayed in Supplemental Fig.  2. Additionally, the prognostic significance of 
the model features was evaluated using Kaplan–Meier (KM) curves, with results dem-
onstrating statistical significance (p < 0.05) and time-dependent ROC curves in Fig. 4F 
and G. Univariate analysis yielded a riskScore = 1.733 (95% CI: 1.557–1,929, p < 0.001), 
while multivariate analysis showed a riskScore = 1.673 (95% CI: 1.500–1.865, p < 0.001), 
as presented in Fig. 5A and 5B. Notably, our model consistently outperformed individual 
prognostic indices in predictive capability, as demonstrated in Fig. 5C, 5D, 5E and 5F.

Fig. 2  A: UMAP projection of single-cell celltype. B: Relative abundance of 10 distinct samples. C: Violin plot dis-
playing marker gene expression for the 8 distinct cell types. D: Heatmap of gene expression across the 8 distinct 
cell types. E: Volcano plot of differentially expressed genes (DEGs) across the 8 distinct cell types. F: Functional 
annotation of the 8 distinct cell types. G: Featureplots of CAF marker genes

 



Page 7 of 15Hong et al. Discover Oncology         (2025) 16:2105 

3.4  The critical role of collagen signaling pathway between CAFs and melanoma cell

To explore which cell types CAFs mainly interact with, we performed CellChat analysis. 
Meanwhile, CAFs were found to play a pivotal role in cellular communication, as illus-
trated in Fig. 6A and 6B. The critical role of the COLLAGEN signaling pathway in regu-
lating interactions between CAFs and melanoma is demonstrated in Figs. 6C, 6E, and 6F. 
To comprehensively evaluate the functional significance of each signaling pathway, heat-
maps and dot plots were employed for visualization and comparison in Figs. 6D and 6G. 
Subsequently, collagen signaling pathway associated genes were visualized across differ-
ent cell types in Fig. 6H.

3.5  Spatial transcriptomics reveals the spatial distribution of cell types in melanoma

To investigate the spatial distribution of cell types, we performed spatial transcriptomic 
analysis. The deconvolution results obtained using RCTD are shown in Fig.  7A. The 
projection of the model genes onto the spatial transcriptomic data is shown in Supple-
mental Fig. 3. To explore the intensity of intercellular communication within the spatial 
context, we applied MISTy for cell–cell interaction analysis in Fig. 7B. The results of spa-
tial deconvolution performed by SpaCET are displayed in Supplemental Fig.  4. Based 
on this deconvolution method, the results of cell–cell interactions are shown in Fig. 7C. 
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Fig. 4  A: LASSO coefficient profiles of the candidate genes. B: Ten time cross-validation for tuning parameter 
selection in the LASSO. C: Venn diagram showing the overlap of gene sets identified from different analyses. D: Dis-
tribution of survival time and risk score for each patient. E: Heatmap of the expression profiles of the model genes 
across low and high group. F: Kaplan–Meier survival curves for high- and low-risk groups. G: Time-dependent ROC 
curves for the prognostic model at 1, 3, and 5 years
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Through SpaCET, we found that CAFs and endothelial cells exhibit similar expression 
patterns, which may provide a basis for the prognostic value of CAFs.

4  Discussion
In recent years, studies have increasingly revealed the multifaceted roles of CAFs 
in tumor immune evasion. CAFs not only promote the recruitment and activation of 
regulatory T cells (Tregs) by secreting immunosuppressive factors such as TGF-β and 
CXCL12, thereby suppressing effector immune responses, but also construct dense 
extracellular matrix (ECM) barriers that impede the infiltration of CD8⁺ T cells into the 
tumor core, collectively contributing to the formation of an “immune-excluded” micro-
environment [16, 17]. Some studies have indicated that the prostaglandin E2 (PGE2) 
pathway, which is highly expressed by cancer-associated fibroblasts (CAFs), is closely 
associated with the proliferation of tumor cells. In a neuroblastoma xenograft model, 
a significant decrease in tumor cell proliferation was observed through immunohisto-
chemical staining following the inhibition of the PGE2 pathway by microsomal pros-
taglandin E synthase-1 (mPGES-1) inhibitors [18, 19]. However, most previous studies 
have relied on traditional markers such as FAP and α-SMA for static classification of 
CAFs, which fails to capture the dynamic transcriptional continuum and functional het-
erogeneity underlying CAF behavior [6].
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This study focuses on melanoma, a highly immunogenic but markedly heterogeneous 
tumor type, and systematically investigates the molecular characteristics of CAFs and 
their roles in shaping an immune-excluded microenvironment. By integrating single-cell 
transcriptomic, spatial transcriptomic, and bulk RNA sequencing data, we employed 
weighted gene co-expression network analysis (WGCNA) to identify functional mod-
ules within CAFs. A total of 16 CAF-specific functional modules were identified, among 
which the CAF-M1 module was significantly enriched in actin cytoskeleton remodel-
ing, extracellular matrix (ECM) organization, and cell adhesion pathways, exhibiting a 
typical “contractile” CAF phenotype. The CAF-M1–based risk scoring model (riskScore) 
we constructed accurately reflected stromal activation and immune exclusion status and 
demonstrated robust prognostic performance across multiple melanoma cohorts. Fur-
thermore, riskScore functioned as an independent risk factor with strong generalizabil-
ity and clinical stratification value.

Spatial transcriptomics and cell–cell communication analyses further revealed that 
CAF-M1 cells were highly co-localized with M2 macrophages and endothelial cells, and 
established dense interaction networks with various immune-related cell populations 
via the COLLAGEN–integrin signaling axis. A recent study reveals that FAP⁺CAFs are 
the predominant stromal cell population associated with adverse clinical outcomes and 
immunosuppressive phenotypes in breast cancer. Mechanistically, FAP⁺CAFs secrete 
high levels of fibronectin 1 (FN1), which interacts with integrin α5β1 on macrophages 
to activate the FAK-AKT-STAT3 signaling pathway. This interaction drives macro-
phages toward an immunosuppressive M2-like phenotype, thereby contributing to the 
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establishment of an immunosuppressive tumor microenvironment.(40,263,422) Genetic 
deletion of HIF-1α in myeloid cells reduced the expression of fibroblast-activating fac-
tors in tumor-associated macrophages (TAMs), thereby decreasing cancer-associated 
fibroblast (CAF) abundance and suppressing tumor formation [20]. This dual mecha-
nism—comprising structural barrier formation and signaling-mediated immune sup-
pression—represents a CAF-driven immune exclusion architecture that has not been 
systematically characterized in previous studies focused primarily on soluble factors 
or single-pathway interactions. Our findings expand the current framework for CAF 
heterogeneity profiling and highlight the pivotal role of the CAF-M1 subpopulation in 
constructing “immune-cold” tumors. The proposed riskScore model holds promise as a 
precision tool for pre-immunotherapy assessment and offers both a theoretical founda-
tion and practical reference for individualized patient stratification and CAF-targeted 
therapeutic strategies.

Through detailed analysis of the gene composition within the CAF-M1 module, we 
found that several key molecules not only play central roles in maintaining the struc-
tural functions of CAFs but also are crucial in shaping the immune microenvironment 
and mediating immune cell exclusion. Cytoskeletal regulatory genes such as ACTA2, 
TAGLN, MYLK, and CALD1 enhance the contractility and tension of CAFs, promot-
ing the formation of dense stromal structures within tumor tissues—physical barri-
ers widely considered to directly impede CD8⁺ T cell infiltration into the tumor core 
[21–23]. Meanwhile, extracellular matrix components and crosslinking factors including 
COL1A1, COL3A1, LOXL2, and FN1 are significantly enriched in the CAF-M1 module, 
indicating this subpopulation’s high activity in collagen deposition, matrix densification, 
and tissue stiffening, which further reinforces the structural basis of immune exclusion 
[24, 25]. Specifically, COL1A1 and COL3A1 constitute the core framework of the ECM; 
LOXL2, a lysyl oxidase, crosslinks collagen fibers to increase matrix stiffness and stabil-
ity [26]; and FN1 (fibronectin), a key glycoprotein involved in ECM assembly and cell 
adhesion, acts as a scaffold for collagen fiber organization and structural integrity [27]. 
The concerted action of these molecules creates a dense and rigid ECM environment 
that promotes tumor progression and contributes to resistance to therapies, including 
immune checkpoint inhibitors.

Notably, as shown in Fig. 7, our spatial transcriptomics and cell–cell communication 
analyses further revealed that CAF-M1 is often enriched at the boundaries between 
immune and non-immune regions within the tissue microenvironment, exhibit-
ing strong spatial co-localization particularly with M2 macrophages and endothelial 
cells. This forms a "non-immune cell barrier zone" encircling the tumor core. More 
importantly, CAF-M1 engages in a high-intensity signaling interaction network cen-
tered around the COLLAGEN–integrin axis, through collagen-related ligands such as 
COL1A1/2, interacting with macrophages, tumor cells, endothelial cells, and dendritic 
cells. This dual mechanism—comprising both matrix construction and signaling regula-
tion—suggests that CAF-M1 not only acts as a physical barrier limiting T cell infiltration 
but may also regulate immune cell chemotaxis, localization, and activity through immu-
nosuppressive ligand–receptor axes, thereby cooperatively contributing to the sustained 
maintenance of immune exclusion.

In the CAF-M1–dominated cell communication network of melanoma, in addi-
tion to the central COLLAGEN signaling axis, multiple other signaling pathways 
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closely associated with immune regulation were found to be highly active. For example, 
CAF-M1 engages in strong interactions with immune cells through pathways such as 
THBS1–CD47, SPARC–ITGB1, and PDGFB–PDGFRB, potentially modulating their 
activation states and spatial distribution. Chemotaxis-related axes like CXCL12–CXCR4 
and ANGPTL4–S1PR1 may regulate immune cell homing and migration trajectories, 
while the TGF-β signaling axis is likely involved in the induction of T cell exhaustion 
and impairment of antigen presentation [28, 29]. Moreover, several core genes within 
the CAF-M1 module play pivotal roles in mediating these signaling interactions. For 
instance, THBS1 and SPARC may enhance the immunosuppressive effects of CAFs on 
CD8⁺ T cells and dendritic cells via integrin pathways (e.g., ITGA5/ITGB1) and the TGF-
β pathway, potentially promoting T cell exhaustion and diminishing antigen presentation 
capacity, respectively [30, 31]. PDGFRB and MMP11 participate in ECM remodeling 
and the release of chemotactic factors (such as CCL2 and CXCL1), thereby regulat-
ing the recruitment and M2 polarization of macrophages and neutrophils to shape an 
immunosuppressive milieu [32, 33]. CAF-M1 is also enriched in immunomodulatory 
genes such as VCAN, POSTN, LAMA4, and TNC, which may influence immune cell 
adhesion, migration, and inflammatory signaling thresholds through interactions with 
surface receptors like CD44, syndecans, and integrins; notably, POSTN has been associ-
ated with immunotherapy resistance in various cancers [34]. Although FAP, PDPN, and 
MFAP5 were not included in the final risk model, their high expression within the CAF-
M1 subpopulation suggests they may represent activation features of immunoregulatory 
CAFs beyond structural roles. Taken together, CAF-M1 in melanoma not only estab-
lishes stable interactions with diverse immune cells via the COLLAGEN axis but also, 
through its spatial enrichment and multifaceted signaling capabilities, constructs an 
integrated “physical barrier + signaling suppression” immune exclusion system, serving 
as a central hub for CAF-driven immunologically cold tumor environments.

In addition, we validated the spatial expression patterns of the key genes included in 
the risk scoring model and found that molecules such as MFGE8, HMOX2, HSPA2, 
SYDE1, APOLD1, and ARID5A exhibited clear expression bias in CAF-enriched 
regions, further supporting their consistency with immune microenvironment remodel-
ing and CAF-M1 localization. Among them, MFGE8 has been shown to contribute to 
immune tolerance in various tumors by promoting M2 macrophage polarization and 
suppressing T cell activity [35, 36]; HMOX2 is closely associated with oxidative stress 
and anti-inflammatory responses and may mediate signaling interactions between CAFs 
and macrophages [37]; HSPA2 and ARID5A may help maintain CAF activity or promote 
immune evasion by modulating stress responses and transcriptional regulation [38, 39]. 
Other scoring genes such as CHURC1, CSNK1E, and DYNLT3, though their roles in 
tumor immunity have not been fully elucidated, showed spatial co-expression patterns 
aligned with CAF localization, suggesting their potential involvement in CAF state tran-
sitions or immune regulation, warranting further investigation. These findings not only 
enhance the spatial interpretability of the risk model but also indicate that certain risk 
score genes may possess intrinsic immunomodulatory functions and hold promise as 
auxiliary targets for future therapeutic interventions.
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5  Conclusions
This study identifies a contractile CAF-M1 subpopulation in melanoma that contributes 
to immune exclusion by remodeling the extracellular matrix and engaging in immu-
nosuppressive signaling. CAF-M1 shows strong spatial co-localization with M2 mac-
rophages and endothelial cells, forming a physical and functional barrier to immune 
infiltration. A risk score model based on CAF-M1–related genes demonstrated strong 
prognostic value and may aid in identifying immune-cold tumors. These findings high-
light CAF-M1 as a potential target to improve immunotherapy outcomes in melanoma.

6  Limitation
Although this study systematically elucidated the multifaceted mechanisms by which 
CAF-M1 contributes to tumor immune exclusion and proposed a novel structure–func-
tion framework by integrating spatial transcriptomics and cell–cell communication data, 
several limitations remain to be addressed. First, the identification and functional infer-
ence of the CAF-M1 module were primarily based on transcriptomic data from public 
databases. While cross-validation across multiple independent melanoma cohorts sup-
ports the robustness of our findings, direct evidence at the protein level or from func-
tional experiments using clinical samples is still lacking, and the clinical applicability 
and biological causality of the model require further empirical validation. Additionally, 
CAFs exhibit tissue-specific characteristics across different cancer types, and their acti-
vation states, immunoregulatory capacities, and functional modalities may be influenced 
by tumor type and evolutionary stage. Thus, the conservation and generalizability of 
the CAF-M1 module in other solid tumors remain to be fully evaluated. Future studies 
incorporating CAF lineage tracing, functional perturbation experiments in animal mod-
els, and combined immunotherapy interventions could provide systematic validation 
of the causal role of CAF-M1 in reshaping the tumor immune microenvironment and 
modulating therapeutic responses, thereby advancing its translational potential in both 
mechanistic research and clinical application.
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