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Purpose: To identify the specific intratumoral and microenvi-
ronmental heterogeneity of acral melanoma (AM) and mucosal
melanoma (MM), we aimed to delineate their distinct cellular
compositions, evolutionary trajectories, and subtype-specific ther-
apeutic strategies.

Experimental Design: Single-cell transcriptomic and genomic
landscapes were analyzed across 42 melanoma (28 AM, 11 MM,
and 3 nonacral cutaneous melanoma) samples, supplemented by
in vitro and in vivo validation. Tumor and stromal cells were
profiled using single-cell RNA sequencing, whole-exome se-
quencing, and functional assays, including transwell migration,
co-culture systems, and xenograft models.

Results: Tumor cells exhibited divergent evolutionary routes,
with MM dominated by MGP*/PCOLCE" subpopulations showing
high epithelial-to-mesenchymal transition potential. MM displayed
elevated neutrophil infiltration and CXCL3" tumor-associated

Introduction

Over recent years, it has become clear that beyond the initial
mutations responsible for cancer initiation, disease progression is
largely driven by bidirectional interactions between phenotypically
plastic cancer cells and the microenvironment (1). Moreover, spe-
cific phenotypic states may be associated with differentiation, pro-
liferation, or invasion and some exhibit tolerance to targeted
therapies or immunotherapies. Understanding the repertoire of
phenotypes present within cancers and their interactions with the
stromal cells that shape the microenvironment is therefore a key
issue.

Melanoma represents an excellent model for understanding
how microenvironment-cancer cell interactions generate substantial
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macrophages, whereas AM was enriched with PI16" cancer-
associated fibroblasts promoting tumor proliferation. Molecular
classification revealed MM subtypes: an antigen-presenting subtype
linked to favorable outcomes and a proliferative subtype associated
with recurrence. TIGIT" regulatory T cells were enriched in AM,
suggesting targeted inhibition potential. Genomic analysis con-
nected BRAF/NRAS mutations to ALDOA" stem-like tumor cells
and identified prostaglandin D2 synthetase as a therapeutic target
in triple-wild-type/melanomas.

Conclusions: Our study provides a comprehensive compari-
son of AM and MM, uncovering subtype-specific stromal-
immune interactions and molecular programs. The findings
highlight actionable targets (e.g., TIGIT in AM and CXCL3"
macrophages in MM) and propose a framework for precision
therapies, biomarker-driven trials, and risk stratification to im-
prove outcomes in these aggressive melanomas.

phenotypic diversity and therapy resistance (2). However, most re-
search on melanoma has focused on the cutaneous form of the disease
that is driven by UV exposure with activation of the BRAF or NRAS
oncogenes with at least six different phenotypic states being identified
to date (3).Yet, although cutaneous melanoma (CM) has been a key
focus, melanomas also occur in other anatomic locations with dif-
ferent driver mutations and in which UV irradiation is not a cause.
However, although genetic drivers have been identified for non-CMs,
including acral melanoma (AM) and mucosal melanoma (MM; 4),
much less is known about the tumor microenvironment, the degree of
phenotypic heterogeneity, and the complex interactions between the
stroma and plastic melanoma cells.

MM is a rare form of melanoma that develops in mucous mem-
branes with more aggressive features. The 5-year survival of MM,
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Translational Relevance

Our study delineates the distinct intratumoral and microen-
vironmental heterogeneity of acral melanoma (AM) and mu-
cosal melanoma (MM), identifying subtype-specific therapeutic
vulnerabilities. The dominance of MGP*/PCOLCE" tumor cells
with high epithelial-to-mesenchymal transition potential in MM
and PI16" cancer-associated fibroblasts in AM highlights ac-
tionable targets for precision therapies. Molecular classification
of MM into antigen-presenting and proliferative subtypes, linked
to clinical outcomes, offers a framework for tailored immuno-
therapy and risk stratification. Enhanced neutrophil and
CXCL3" macrophage interactions in MM suggest strategies to
mitigate immunosuppression, whereas elevated TIGIT in AM
regulatory T cells supports targeted inhibition. These insights
enable the development of subtype-specific regimens,
biomarker-driven trials, and combination therapies to improve
survival in these aggressive melanomas.

considering all stages at the time of diagnosis, is 14% compared with
80% for CM (5, 6). The most common driver BRAF mutations found
in CM are usually rare in MM (7). BRAF mutations were only
identified in 26% of AM and 4% to 6% of MM in comparison with
50% to 80% in nonacral CM (8). Patients with MM are therefore
insensitive to BRAF/MEK-targeted inhibition (9). By contrast, a few
unique mutations were identified in MM, such as SF3BI R625 codon
mutations (10). Although MM showed a favorable response to
checkpoint inhibitions, such as anti-PD-1 antibodies, anti-CTLA4
antibodies, or both combination immunotherapy, the response rates
remain much lower than those in CM (11).

AM is characterized by a highly immunosuppressive microenvi-
ronment (12-15). The “cold” tumor microenvironment includes the
depletion of cytotoxic CD8" T cells, enrichment of regulatory T cells
(Treg), the presence of exhausted CD8" T cells, and the reduced
presence of other immune cells, such as NK and y§ T cells, when
compared with CM (14). One most recent study indicates that an
early and monoclonal seeding pattern in vertical invasion is from AM
to invasive AM, and that APOE'CD163" macrophages promote tu-
mor epithelial-to-mesenchymal transition (EMT) via IGF1-IGF1R
interaction, displaying one mechanism of the immunosuppressive
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microenvironment inducing metastasis (16). Collectively, these stud-
ies indicate that there is a significant heterogeneity between the tumor
cells and immune microenvironment in different subtypes of mela-
noma. Analyzing the heterogeneity of tumor cells and immune mi-
croenvironment among different subtypes of melanoma will help
elucidate the differences in therapeutic targets and immunothera-
peutic effects among different subtypes of melanoma. Although rel-
evant studies have found heterogeneity between tumor cells and the
immune microenvironment in melanoma of the skin and AM (11,
12), the heterogeneous cellular composition in the microenvironment
of MM remains unclear. The underlying connection between single-
cell transcriptome of melanoma and specific gene mutations has not
been reported. Moreover, a molecular clarification of MM is also
required for the precision medicine of patients diagnosed with this
disease.

Materials and Methods

Patient specimens

For the single-cell RNA sequencing (scRNA-seq) analysis, 14 pa-
tients diagnosed with AM and 11 patients diagnosed with MM who
underwent curative surgical resection were included. Fourteen pa-
tients diagnosed with AM were sourced from the Zhejiang Cancer
Hospital. Eleven patients diagnosed with MM were sourced from
Fudan University (ENT Hospital), Shanghai Ninth People’s Hos-
pital, and Fudan University Shanghai Cancer Center. The remaining
17 patients’ datasets were obtained from the GEO database under
accession numbers GSE215120 and GSE189889. These include
10 AM, 4 AM-Met (acral melanoma-metastasis), and 3 CM sam-
ples. Then, we wused the 23 CM samples from EGA:
EGADO00001009291 to validate our conclusions (17). Detailed clin-
icopathologic characteristics of these patients are summarized in
Supplementary Table S1. Tumor cells in both primary and meta-
static lesions were confirmed by pathologists via cytological detec-
tion during surgery and examination of paraffin sections after
surgery. The primary lesions of these patients had received targeted
therapy, immunotherapy, or other antitumor therapies prior to
surgery. All clinical specimens in this study were collected with
informed consent for research use and were approved by the in-
stitutional review boards of Zhejiang Cancer Hospital; Department
of Otorhinolaryngology, Eye & ENT Hospital; Shanghai Ninth
People’s Hospital; and Fudan University Shanghai Cancer Center in
accordance with the Declaration of Helsinki, under protocol
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numbers IRB202307, IRB20231127, IRB2021061, IRB1903198-8,
and IRB2018-86-T77. Consent was obtained for the publication of
relevant clinical information that may potentially identify individ-
uals, including details such as age, gender, therapy, overall survival
time, clinical stage, etc. Written informed consent was also obtained
from all patients participating in this study for the use of their tissue
samples and clinical information.

Preparation of single-cell suspensions

The fresh tissue was initially transferred to a petri dish and was
carefully placed on ice to maintain a controlled temperature. It was
then gently washed with the 1x PBS solution to effectively remove
any blood stains, grease, or other adherents from its surface. Sub-
sequently, the tissue was meticulously cut into small pieces, each
approximately 0.5 mm? in size. All washed fragments were added into
a dissociation solvent containing 0.35% collagenase IV, 5.2 mg/mL
papain, and 120 U/mL DNase I. The mixture was placed in a water
bath and agitated at 100 rpm for 20 minutes at 37°C to facilitate
tissue dissociation. To terminate the dissociation process, PBS
containing 10% FBS was used. Next, the cell suspension was filtered
through a 70- to 30-um cell strainer to remove any debris or large
particles. The suspension was then centrifuged at 4°C at 300g for
5 minutes to collect the cell sediment. After centrifugation, the cell
sediment was carefully collected and resuspended in 100 pL of 1x
PBS (0.04% BSA) solution. To eliminate red blood cells from the
suspension, 1 mL of 1x red blood cell lysis buffer (MACS 130-094-
183, 10x) was added, and the mixture was allowed to react at room
temperature or on wet ice for 2 to 10 minutes. These cells were then
centrifuged 300g for 5 minutes again at 4°C to collect cell sediment.
To further purify the cell suspension, 100 uL of cell removal beads
(MACS 130-090-101) was added, and the mixture was thoroughly
mixed and incubated at room temperature for 15 minutes. At the
end of the incubation period, the binding buffer was added, and the
suspension was passed through mass spectrometry columns (130-
042-201) to remove any reagents and dead cells removal beads. The
cells were then centrifuged once again at 4°C at 300g for 5 minutes
to collect the cell sediment. The cell sediment was resuspended in
1x PBS (0.04% BSA) and centrifuged again at 4°C at 300g for
5 minutes. This washing step was repeated twice to ensure the re-
moval of any remaining contaminants. Following the tissue disso-
ciation, red blood cell lysis, and dead cell removal steps, the
candidate cells were obtained. A cell suspension was then formed by
adding 100 puL of 1x PBS (0.04% BSA) into the purified cells. To
assess cell viability, the trypan blue staining method was used. Fi-
nally, the number of cells was counted using the Countess II au-
tomated cell counter. Samples with a total cell number <200,000 and
a nuclear ratio <80% were discarded.

Chromium 10x Genomics library and sequencing

Using the 10x Genomics Chromium Single-Cell 3’ Kit (v3), the
single-cell suspension was loaded into the 10x Chromium chip,
with the aim of capturing 8,000 cells. Following the generation of
Gel bead-in-EMulsion and barcoding, the Gel bead-in-EMulsion
reverse transcription reaction was conducted to obtain cDNAs. The
cDNAs were then amplified using PCR. After amplification, the
cDNAs were fragmented, end-repaired, A-tailed, ligated to an index
adapter, and further amplified. The library was sequenced by LC-
Bio Technologies on the Illumina NovaSeq 6000 sequencing system
(RRID: SCR_016387), using paired-end sequencing with a read
length of 150 bp, ensuring a minimum of 20,000 reads per cell.
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scRNA-seq data processing

The Cell Ranger pipeline (version 7.1.0; RRID: SCR_017344) was
used for demultiplexing, barcode processing, alignment, and initial
clustering of the raw scRNA-seq profiles. The raw sequencing reads
were mapped, annotated, and quantified using the GRCh38 refer-
ence annotation file (accessible at https://cf.10xgenomics.com/supp/
cell-exp/refdata-gex-GRCh38-2020-A.tar.gz). The unique molecular
identifier (UMI) count matrix was processed using Seurat in the R
package (version 5.0.3; RRID: SCR_016341; ref. 18), and a consistent
standard was applied to filter cells with UMI/gene numbers falling
outside the range of the mean value + 2 times the median absolute
deviation, assuming a Gaussian distribution of UMI/gene numbers
for each cell. After a visual inspection of the cell distribution, ad-
ditional low-quality cells were discarded, specifically those in which
more than 25% of the counts were attributed to mitochondrial
genes. Additionally, the DoubletFinder package (version 2.0.2;
RRID: SCR_018771) was used to identify potential doublets. We
treated individual samples as distinct batches and used the Harmony
algorithm (RRID: SCR_022206; ref. 19) with the default sigma and theta
parameters to correct for batch effects. Following the application of
these quality control criteria, a total of 319,382 high-quality single cells
were retained for downstream analysis. Normalized expression profiles
of all samples were merged using the Merge() function in R (version
4.3.0). Subsequently, library size normalization, log-transformation, and
identifying the 3,000 most highly variable genes were performed using
the SCTransform() function in Seurat.

Principal components were computed on the basis of expression
profiles of the top 3,000 highly variable genes. The FindNeighbors()
and FindClusters() functions in Seurat were used for cell clustering.
The RunUMAP() function was used for visualization when appro-
priate. Cells were visualized using a two-dimensional Uniform
Manifold Approximation and Projection (UMAP) algorithm, imple-
mented through the RunUMAP() and DimPlot() functions. Marker
genes in each cluster were identified using the FindAllMarker()
function in Seurat. Specifically, for a given cluster, the FindAll-
Markers() function identified positive markers compared with all
remaining clusters.

Whole-exome sequencing

Whole-exome sequencing (WES) was performed on frozen tis-
sues obtained from 12 patients diagnosed with melanoma. DNA
extraction was carried out using the QIAGEN DNeasy Blood &
Tissue Kit or the QIAamp DNA FFPE Tissue Kit (both from
QIAGEN). Subsequently, the DNA was fragmented using the
M220 Focused-ultrasonicator (Covaris) and subjected to sequencing
library construction. Exome capture was performed using the Twist
Exome 2.0 Plus kit (Twist Bioscience) according to the manufac-
turer’s recommended protocol. The final libraries were sequenced
for paired-end 150-bp reads using the Illumina NovaSeq 6000 se-
quencing system (Illumina) at LC-Bio Technologies.

WES data processing

Prior to alignment, the low-quality reads—(i) reads containing
sequencing adapters and (ii) nucleotide with g quality score <20—
were removed by using fastp (20). For the alignment step, Burrows-
Wheeler Aligner (RRID: SCR_010910; ref. 21) was utilized to
perform reference genome (hgl9) alignment with the reads con-
tained in paired FASTQ files. In the first postalignment processing
step, Picard tools (http://broadinstitute.github.io/picard/; RRID:
SCR_006525) were used to identify and mark duplicate reads from
BAM files. In the second postalignment processing step, local read
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realignment was performed to correct the potential alignment errors
around indels. Local realignment was performed to determine if a
site should be realigned. A computationally intensive algorithm was
applied to determine the most consistent placement of the reads
with respect to the indel and remove misalignment artifacts. Each
base of each read has an associated quality score, corresponding to
the probability of a sequencing error. Due to the systematic biases,
the reported quality scores are known to be inaccurate and should
be recalibrated prior to genotyping. After recalibration, the recali-
brated quality score in the output BAM more closely corresponded
to the probability of a sequencing error. Variant calls can be gen-
erated using either the HaplotypeCaller or UnifiedGenotyper tools
in GATK v3.5 (https://gatk.broadinstitute.org; RRID: SCR_001876).
Both methods analyze evidence of variation from the reference
genome through Bayesian inference. A Gaussian mixture model is
fit to assign the accurate confidence score to each putative mutation
call and evaluate new potential variants. Biological functional an-
notation is a crucial step in finding the links between genetic vari-
ation and disease. Variant effect predictor (RRID: SCR_007931; ref.
22) was used to add biological information to a set of variants. Due
to the unavailability of blood samples, we lacked matched normal
samples for the tumors. To reliably identify somatic mutations, we
used a pan-cancer panel of normal established by LC-Bio Tech-
nologies as the negative control for all samples in the GATK
Mutect2 pipeline.

Cells were labeled on the basis of the mutation results of WES of
each patient, such as triple-wild-type (triple-WT), BRAF, NRAS,
and NF1, and then analyzed for proportion differences in each
subpopulation in the tumor.

Single-cell deep constrained clustering

Single-cell deep constrained clustering (scDCC) is a deep learning
model (23) designed to produce biologically interpretable clustering
based on established domain knowledge. We applied scDCC to our
integrated single-cell dataset after batch effect removal using Har-
mony (19). The input to scDCC comprised the expression matrix of
the top 3,000 most highly variable genes identified with the
SCTransform method (24) in Seurat (18), along with cell constraint
pairs indicating which cells should be assigned to different clusters.
To generate the rationale constraint pairs, we calculated the enrich-
ment scores for major cell types using AUCell (RRID: SCR_021327;
ref. 25). The detailed marker gene list fed to AUCell is demonstrated
in Supplementary Table S2. We selected the top 100 cells with the
highest scores in each category as representatives and created cannot-
link constraint pairs between these representative cells from different
cell types. After the training step, we extracted the 32-dimensional
embedding layer and applied UMAP for further dimensionality re-
duction and visualization. scDCC effectively used consistent biologi-
cal knowledge, achieving superior performance compared with
Seurat’s purely unsupervised clustering.

Definition of cell scores and signatures

The average expression [measured by log, (CPM + 1), where
CPM denotes counts per million] of four cytotoxicity-associated
genes (TNF, IFNG, GZMA, and GZMK) and eight exhausted
markers (PDCD1/PD-1, TOX, CTLA4, HAVCR2/TIM-3, HAVCRI,
LAG3, and BTLA) was used to define the cytotoxic, the exhausted
score of CD4" and CD8" T cells. To score macrophages, the gene
sets reported (26) were applied to calculate the M1/M2 polarization
scores (Supplementary Table S4).
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Trajectory and RNA velocity analysis

To perform cell trajectory inference, the Monocle2 (27) package
(version 2.30.0; RRID: SCR_016339) and Monocle3 (28) package
(version 1.3.6; RRID: SCR_018685) were used, respectively. The
counts from the Seurat object were extracted, and then CytoTRACE
2 (bioRxiv 2024.03.19.585637) was used to compute the potency
score of each cell and assess the state of cell differentiation. These
potency scores back to the Seurat object were mapped to create a
boxplot based on clusters/subclusters. The clusters/subclusters with
the highest potency scores were defined as the initial point of
pseudotime. Initially, the raw count data were converted from the
Seurat object to the CellDataSet object using the ImportCDS()
function in Monocle. Subsequently, the DifferentialGeneTest()
function was used to select ordered genes (with a g value < 0.01)
that were deemed likely to be informative for ordering cells along
the pseudotime trajectory. After this, dimensional reduction clus-
tering analysis was conducted using the reduceDimension() func-
tion. This was then followed by trajectory inference using the
orderCells() function with default parameters. To track changes in
gene expression over time, the plot_genes_in_pseudotime() func-
tion was used. In order to recover the cellular dynamics of the
indicated cells, velocyto.py was used to extract splicing information
from the *.bam files generated by Cell Ranger. The calculation of
RNA velocity values for each gene in each cell and the embedding of
the RNA velocity vector in low-dimensional space were carried out
using the R package velocyto.R (version 0.6). Finally, the velocity
fields were projected onto the UMAP embedding obtained using
Seurat.

Nonnegative matrix factorization

To classify the molecular subtypes of tumor cells, we used the
GeneNMEF package (version 0.4.0). Initially, we applied nonnegative
matrix factorization (NMF; RRID: SCR_023124) to a list of Seurat
objects in order to extract gene programs. The selection of k = 3 for
the number of meta-programs (MP) was determined through iter-
ative experimentation. Specifically, we observed that each melanoma
type (CM, AM, and MM) exhibited two major MPs along with an
additional, smaller MP containing features of intermediate charac-
teristics. This choice of k = 3 balanced the need to capture key
biological features while maintaining clinical relevance for our ob-
jective to explore the relationship between MPs and clinical out-
comes. Subsequently, we clustered the gene programs derived from
all melanoma samples and grouped them into MPs. Lastly, we
computed MP metrics and identified the most influential genes
within each MP (k = 3; nfeature = 50).

Copy-number variation

Single-cell copy-number variation (CNV) evaluation was con-
ducted for each cell on the chromosome using the R package
inferCNV (version 1.18.1; RRID: SCR_021140). The CNV score for
each cell was calculated as the column mean of SDs of gene ex-
pression values from 1, which was then converted into a data frame.
Specifically, the CNV score (CNV_score) was computed as the
mean of (expression — 1)* across all genes for each cell. Subse-
quently, genes were arranged on the basis of their chromosomal
positions, and a moving average of gene expression was calculated
using a sliding window encompassing 101 genes. To normalize the
expression data, the mean value was subtracted, centering the ex-
pression levels around zero. The inferCNV analysis was performed
with the “denoise” option enabled, using default settings for the
hidden Markov model and setting the “cutoff” parameter to 0.1.
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K-nearest neighbors

The K-nearest neighbor algorithm was used to classify the sample
point by calculating the distance between it and known sample
points and then using a majority voting method, using the R
package FNN (version 1.1.4) with k set to 21.

Differential expression and pathway analysis

To identify differentially expressed genes, we used the Find-
Markers() function with the test.use parameter set to “presto” in the
Seurat package. In order to estimate pathway activities in individual
cells, we applied the gene set variation analysis (GSVA) using the
standard settings implemented in the GSVA package (version 1.50.1;
RRID: SCR_021058; ref. 29). For loading the gene set file, we used the
GSEABase package (version 1.64.0) and msigdbr package (version
7.5.1; RRID: SCR_022870). This gene set file was downloaded from
the Kyoto Encyclopedia of Genes and Genomes database (accessible
at https://www.kegg.jp/) and msigdbr (accessible at https://www.gsea-
msigdb.org/gsea/msigdb). Subsequently, differences in pathway ac-
tivities scored in each cell were calculated using the limma package
(version 3.58.1).

Cell-cell interaction analysis

We used CellPhoneDB (RRID: SCR_017054; ref. 30) and Cell-
Chat (RRID: SCR_021946; ref. 31) to infer unbiased cell-cell in-
teractions between melanoma cells and microenvironmental cells
(myeloid/T/B cells and fibroblasts), respectively. The normalized
gene expression data were used as the input of CellPhoneDB.
CellPhoneDB infers the potential interaction strength between two
cell clusters based on the gene expression levels of ligand-receptor
(LR) pairs while considering the structural composition of both
ligands and receptors. The potential interaction strength between
the two cell subsets was estimated on the basis of the expression of
their respective LR pairs. The enriched LR interactions were cal-
culated using the permutation tests with 1,000 iterations. Interac-
tions with P values <0.05 were considered statistically significant.
Based on the number of significant pairs, interactions that were
highly specific among cell types were then prioritized.

Correlation to public datasets

Bulk RNA-seq data and clinical data of melanoma samples
were obtained from The Cancer Genome Atlas-SKCM (RRID:
SCR_003193; ref. 32). In the expression matrix, genes with low ex-
pression levels were filtered out, retaining only those genes with ex-
pression levels >0 in more than half of the samples. Subsequently, the
expression data were normalized using the CPM function from the
edgeR package (33) and then subjected to logarithmic transformation
using log,. For the MGP"MEL (S5) subgroups in our integrated
scRNA-seq, genes with avg_log,FC > 0.55 and adjusted P < 0.01
compared with the rest of the melanoma cells were defined as
MGP*MEL signature (Supplementary Table S3). The GSVA package
was used to calculate the enrichment score for each patient, and then
the patients were divided into high-score (n = 222) and low-score
(n = 223) groups based on the median score. The Kaplan-Meier
(KM) survival method, implemented via the R package survival
(version 3.5.7; RRID: SCR_021137), was used to analyze the prognosis
between these groups, with differences in survival curves assessed
using the log-rank test.

Public scRNA-seq datasets for AM were collected from Zhang
and colleagues (12) and Li and colleagues (14), and datasets for CM
were collected from Pozniak and colleagues (17).
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Cell line and cell culture

A375 (CC-Y1030; RRID: CVCL_0132), A875 (CC-Y1037; RRID:
CVCL_4733), HEK293T (CC-Y1010; RRID: CVCL_0063), B16
(CC-Y2013; RRID: CVCL_F936), MEWO (JCM-H1419; RRID:
CVCL_0445), and NHDF (BNCC358600) cells were purchased from
EK-Bioscience company, BeNa Culture Collection, and Jiesimo
company. A375, A875, and HEK293T were cultured in complete
DMEM (C11995500CP, Gibco) supplemented with 10% FBS
(10091148, Gibco) and 100 U/mL penicillin-streptomycin. MEWO
cells were cultured in complete minimum essential medium (10%
bovine serum and 100 U/mL penicillin-streptomycin). B16 cells
were cultured in complete RPMI 1640 medium (C11875522CP,
Gibco; 10% bovine serum and 100 U/mL penicillin-streptomycin).

Plasmids and short hairpin RNA

All transient overexpression plasmids, as well as overexpression
plasmids of lentivirus and short hairpin RNA plasmids, used in this
study were constructed by OBiO Technology Corp., Ltd (Shanghai),
and validated by sequencing. The short hairpin RNA sequence of
aldolase A (ALDOA) and prostaglandin D2 synthetase (PTGDS) was
5'-GAGGGCCTATTTCCCATGA-3' and 5-GACTTGTATTGT-
TATTTAA-3.

Stable gene silencing and overexpression in cells

Simply put, HEK293T cells were transfected with 1.5 pg of len-
tiviral plasmid, 1 pg psPAX2, and 0.5 ug pMD?2.G in a six-well plate.
Cells were infected with lentivirus for 24 hours, incubated in fresh
culture medium, and then selected using 2 pg/mL puromycin.

Cell counting and colony formation assay

Fibroblasts with overexpressing PI16 and tumor cells (1 x 10%)
were transferred at a 1:10 ratio into 96-well plates. The growth of the
cells was determined by using Cell Counting Kit-8 (CCK-8; C0038,
Beyotime). After 48 hours, CCK-8 solution (10 pL) was added to
each well, and the cells were incubated for an additional 1 hour.
Then, the value of each well was measured by a microplate reader at
450 nm.

For colony formation assay, cells (0.5 x 10°) were seeded in six-
well plates and cultured in the incubator supplied with 5% CO, at
37°C. When the cells were prepared, they were washed with PBS and
then stained using crystal violet (Sigma-Aldrich) for 20 minutes at
room temperature. Colonies were counted using Image]. All the
experiments were repeated three times.

Transwell migration and invasion assays

Transwell migration and invasion assays were conducted us-
ing 24-well Transwell permeable inserts (Corning, #3422). For
the invasion assay, Transwell chambers were precoated with
Matrigel matrix (Corning, #354234). MGP and PCOLCE over-
expression plasmids (2 pg each) were transfected into A375 and
A875 cells by using Lipofectamine 3000 Transfection Reagent
(L3000015, Thermo Fisher Scientific) in a six-well plate and
cultured for 24 hours. Approximately 20,000 cells of different
groups were starved for 24 hours, then diluted in 200 pL of
serum-free medium and then seeded into the upper chambers. In
the lower chambers, 600 pL of medium containing 10% FBS was
added. After 48 hours of incubation, chambers were removed,
and the cells in the upper chamber were wiped off. Cells on the
lower membrane surface were fixed with methanol for 10 min-
utes and then stained using 0.5% crystal violet solution
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(Beyotime) for 20 minutes. Migrating and invading cells were
visualized and counted using a Nikon inverted microscope.

Flow cytometry

After overexpressing MGP and PCOLCE in six-well plates and
culturing for 24 hours, the cells were collected and fixed with 2%
paraformaldehyde solution. The fixed cells were labeled with an-
tibodies against CD45 (BioLegend, #368516), E-cadherin (BD
Pharmingen, #560062), and N-cadherin (BD Pharmingen,
#562119) and used to detect tumor cell invasion status by using
flow cytometry.

Peripheral blood samples (20 mL) were collected from patients
with AM and CM for flow cytometry. For assessing the CTLA4 and
TIGIT expression levels in Tregs of AM and CM, staining was
performed using antibodies against CD45 (BioLegend, #368516),
CD4 (Abcam, #ab213215), FOXP3 (Abcam, #ab215206), CTLA4
(Abcam, #ab237712), and TIGIT (Abcam, #ab321793). The flow
cytometry data were analyzed using FlowJo v10.8.1.

Immunoblot analysis

Cell lysis buffer (RIPA, 89901, Thermo Fisher Scientific) was used
to extract total cellular protein. All antibodies used are shown in
Supplementary Material (Supplementary Table S7).

Melanoma xenograft mice

Cells with gene overexpression or knockout (1.5 x 10°) were
mixed with 100 pL of culture medium supplemented with 10%
basement membrane matrix (Corning, #354234), and then subcu-
taneously injected into the axilla of 8- to 10-week-old nude mice
(purchased from Shanghai Model Organisms Center, Inc.). Tumor
size was measured once in 3 days. Mice were euthanized when the
allowed endpoint was reached. All mice were kept in pathogen-free
conditions in the animal facilities of the Experimental Animal
Center at Zhejiang University of Traditional Chinese Medicine. All
animal experiments were reviewed and approved by the Second
Affiliated Hospital of Zhejiang University School of Medicine and
the Experimental Animal Center of Zhejiang University of Tradi-
tional Chinese Medicine.

Multiplex immunofluorescence staining

In brief, different melanoma tissue sections were serially stained
by using the AlphaTSA Multiplex IHC Kit (AXT36100031, AlphaX).
A total of six antibodies were used, including myeloperoxidase
(Abcam, #AB208670, RRID: AB_2864724), CD4 (MXB Biotech-
nologies, #RMA-0620, RRID: AB_2925216), FOXP3 (Cell Signaling
Technology, #98377, RRID: AB_2747370), PMEL (Thermo Fisher
Scientific, #MA1-34759, RRID: AB_1955861), VIM (Abcam,
#ab92547, RRID: AB_10562134), and PI16 (Proteintech, #12267-1-
AP, RRID: AB_10697651). Fluorescent images were collected using

scRNA Landscape of Acral and Mucosal Melanomas

the THUNDER-DMS6B fluorescence microscope and analyzed using
Image]. For Figs. 2F, 41, and 5F, counts were based on a repre-
sentative field of view. For Fig. 3H, counts were based on the av-
erage gray value within a representative field of view.

Co-culture experiment of neutrophil and melanoma cells

Neutrophil isolation was performed using density gradient centri-
fugation. The blood of participants with MM and AM (Mel26, Mel27,
and Mell2 in Supplementary Table S1) was collected by venipuncture
into lithium heparin-coated vacutainers. According to the manufac-
turer’s instructions, the neutrophils were isolated by single-step cen-
trifugation of whole blood onto Polymorphprep (Axis Shield). Briefly,
collected blood was layered onto Polymorphprep and centrifuged at
500g for 40 minutes. The granulocyte layer was carefully removed and
resuspended in RPMI 1640 media (Gibco) with added 25 mmol/L
HEPES (Gibco). Erythrocytes were removed by hypotonic lysis and
platelets removed by further centrifugation of the cells at 150g for
3 minutes. In the end, neutrophils were resuspended in RPMI
1640 media. A cell counter was used to count the concentration.

For isolation of CD8" T cells, the peripheral blood (20 mL) was
collected from patients with melanoma Mel34. Single-cell suspen-
sion was added to the CD8" immunomagnetic bead solution (Mil-
tenyi Biotec) and incubated for 30 minutes at 4°C. After being
washed two times with buffer, the CD8" T cells were collected
through the mass spectrometry column in the magnetic field. The
number of CD8" T cells was counted by using a cell counter.

Cell co-culture validation was conducted using 24-well Transwell
permeable inserts (Corning, #3422). About 5,000 neutrophil cells
were diluted in 300 pL of medium (supplemented with 10% FBS)
and seeded into the upper chambers. In the lower chambers, co-
culture of CD8" T cells with melanoma tumor cells (1.5 x 10°) at a
ratio of 1:5 was supplemented in media with 10% FBS and cocul-
tured at 37°C in 5% CO,. After 24 hours of incubation, the upper
chambers were removed. Cells on the lower chambers were washed
with PBS. Subsequently, the cells were digested using trypsin, and
the number of melanoma cells was counted using a cell counter.

Co-culture experiment of cancer-associated fibroblast and
melanoma cells

The fibroblasts are derived from NHDF (human origin) and fi-
broblasts extracted from C57BL (mouse origin). Cell co-culture
validation was conducted using 24-well Transwell permeable inserts
(Corning, #3422). Melanoma cells (A875 or B16) were placed in the
lower chamber of a 24-well plate, either with fibroblasts over-
expressing PI16 or with primary fibroblasts, for 48 hours. Cells on
the lower chambers were fixed with methanol for 10 minutes and
stained using 0.5% crystal violet solution (Beyotime) for 20 minutes.
After multiple washes with PBS, all cells were eluted with anhydrous
ethanol and the optical density at 570 nm was measured.

Figure 1.

MM is dominated by MGP* and PCOLCE" S5 cells. A, Seven annotated melanoma molecular subtypes were classified by UMAP plot in AM, AM-Met, CM, and MM.
B, Cluster-specific gene heatmap of each subtype. C, GSVA of these subtypes. D, Bar plot showing the population distribution of each subtype in AM, AM-Met,
CM, and MM. E, Histogram illustrating the distribution of S5 subtype in AM, AM-Met, CM, and MM. The two-sided unpaired Student ¢ test was used to identify
significant difference. Error bars represent the mean + SEM. F, KM overall survival curves comparing patients with high S5 scores (n = 222) with those with low
S5 scores (n = 223). G, Pseudotime-ordered analysis (left) of these cell subtypes. Three cell fates were identified. Bar plot (right) showing the populations of
each subtype in the different branches of the trajectory. H, Ridge plots displaying the dynamic changes in cell number along the pseudotime. I, Bar plot showing
the proportions of S5 in the different branches of the trajectory. J, Two-dimensional plots showing the dynamic expression levels of MGP, PCOLCE, and
SFRP1 genes over pseudotime in AM, AM-Met, CM, and MM. K, Flow cytometry plots showing EMT tumor cells from the control (Ctrl) and MGP overexpression
(OE) cell line (n = 3). The bar plot displays EMT tumor cell proportions. Student t test. L, Transwell plot of MGP OE in A875 and A375 cell lines (left). The bar plot

displays migrated tumor cell number (right).
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Figure 2.

TIGIT is a suitable inhibitor for AM. A, UMAP plot illustrating tumor-infiltrating lymphocytes (TIL) in AM, AM-Met, CM, and MM. Color coding by TIL subclusters. B,
Bar plot displaying the population distribution of indicated subclusters in AM, AM-Met, CM, and MM. C, GSVA of selected hallmark pathways in these subclusters.
D, Bar plot displaying the population distribution of indicated CD4" T-cell subclusters (left) in AM, AM-Met, CM, and MM. Histogram (right) illustrating the
percentage of subtype of T cells across these groups. The two-sided unpaired Student ¢ test was used to identify the significant difference. Error bars represent
the mean + SEM. E and F, Representative IF images (E) and quantification (F) of FOXP3"CD4" Tregs in AM and AM-Met. (Continued on the following page.)
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Statistical analysis and study design

The unpaired, two-tailed ¢ test comparisons were performed
between two groups in xenograft studies. The KM survival method
was used to analyze the prognosis. The differences in survival curves
were assessed by using the log-rank test. The statistical tests were
performed with biological replicates. P < 0.05 was considered sta-
tistically significant. *, P < 0.05; **, P < 0.01; and ***, P < 0.001.

Data availability

The raw sequence data reported in this article have been de-
posited in the Genome Sequence Archive (Genomics, Proteomics &
Bioinformatics) and OMIX in National Genomics Data Center,
China National Center for Bioinformation/Beijing Institute of Ge-
nomics, Chinese Academy of Sciences under https://ngdc.cncb.ac.
cn/gsa-human/browse/HRA010364 and https://ngdc.cncb.ac.cn/
omix/release/OMIX009050. The raw sequencing data are available
for noncommercial purposes under controlled access due to data
privacy laws, accessible through formal request to the corresponding
authors. Code used in this article is deposited at https://github.com/
lobotyy/Melanoma-scRNA. For public datasets analysis, Li and
colleagues’ dataset was retrieved from GSE189889; Zhang and col-
leagues’ dataset was retrieved from GSE215120; and Pozniak and
colleagues’ dataset was retrieved from EGADO00001009291. The
remaining data are available within the article, Supplementary In-
formation. The raw data behind all of the figures and supplementary
figures are available upon request.

Results

Diverse composition and evolutionary routes of AM and MM

To interrogate the tumor heterogeneity of anatomically distinct
melanoma subtypes, single-cell transcriptomic and genomic land-
scapes were analyzed in AM (n = 28), MM (n = 11), and nonacral
CM (n = 3; Supplementary Table S1). A total of 319,382 cells were
obtained. A total of eight broad cell types, including endothelial
cells, melanoma cells, cancer-associated fibroblasts (CAF), myeloid
cells, T/NK cells, B cells, plasma cells, and epithelial cells were
identified using scDCC and marker genes as listed in Supplementary
Figs. S1 and S2 (34).

To decipher the landscape of tumor cells, based on unsupervised
cell clustering analysis, we grouped 113,115 melanoma tumor cells
into seven main subgroups (Fig. 1A). These subgroups exhibited
distinct functional gene expression signatures (Fig. 1B) and Gene
Ontology. All subgroups were characterized by their distinct func-
tional signatures as demonstrated in Fig. 1C. Subgroup 5 (S5), with
a high expression of MGP and PCOLCE, was specifically enriched
with the expression of genes linked to EMT (Fig. 1C; Supplemen-
tary Fig. S3D). Notably, different melanoma samples exhibited
significantly different proportions of each subgroup, respectively
(Supplementary Fig. S3A-S3C). Statistical analysis revealed that
MM had a significantly higher proportion of the EMT-enriched
S5 subgroup than AM and CM (Fig. 1D and E; Supplementary Fig.

scRNA Landscape of Acral and Mucosal Melanomas

S3E and S3F). To characterize the S5 identified in MM, it may be
interesting to explore its behavior in other melanoma types.
Therefore, we analyzed data from The Cancer Genome Atlas to
determine whether the S5 signature is associated with poorer overall
survival in CMs. We found that patients with high S5 scores tended
to exhibit worse prognosis initially (<200 days) but showed better
outcomes in the longer term (>250 days; Fig. 1F; Supplementary
Table S3). These results indicate that the S5 subgroup is a charac-
teristic subgroup of MM.

Next, we applied the cell trajectory analysis through Monocle2 to
capture the trajectory of tumor evolution and defined the evolution
stages as phases I to III (Fig. 1G and H). The proportions of the
subcluster pseudotime trajectory varied significantly among the AM,
AM-Met, CM, and MM (Supplementary Fig. S4A and S4B). Phase I
contained a substantial proportion of S6 (22%) and S7 (10%) cells,
and the proportions of S6 and S7 decreased with increasing dif-
ferentiation (from phase I to phase III), indicating their potential
role as early or progenitor-like states within this phase. The over-
expressing high expression of proliferation-related genes such as
MKI67 and TOP2A and tumor stem cell markers like VIM and MIA
were identified in phase I (Fig. 1G; Supplementary Fig. S4C and
$4D). S6 cells have high proliferation and metastasis potential as
stem-like cells (Supplementary Fig. S4E-S4G). A tiny proportion of
S1 was identified in phase I. The proportion of S1 was increased at
the later stages, especially in phase II. The overexpression of
immune-related genes including SPP1, HLA-C, and STAT3 was
identified in phase I (Supplementary Fig. S4C). Phase II was pri-
marily composed of S5, characterized by a significant EMT signa-
ture (Fig. 1G). The evolutionary characteristics indicated that
S6 and S7 cells may represent early or progenitor-like states in the
melanoma cell trajectory, although the directionality of this trajec-
tory in cancer remains complex and may not directly reflect de-
velopmental processes (Supplementary Fig. S4E and S4F). When
compared with other subtypes, AM-Met mainly originated from
S6 and has only a minimal proportion of S7.

Interestingly, unlike other types of melanoma, the proportion of
S5 was found to be similar across different phases in some patients
with MM (five of 11), despite the fact that S5 was present at a higher
proportion specifically in these five patients (Fig. 1I). This result
indicates a potential competing advantage of S5 in these patients
with MM. Correspondingly, several marker genes, including MGP
and PCOLCE, were found to highly express in S5. The over-
expression of MGP and PCOLCE genes was observed throughout
the entire evolutionary trajectory in five of 11 patients with MM
(Fig. 1J; Supplementary Table S10).

To determine whether MGP and PCOLCE contribute to driving the
phenotype of S5, we evaluated the cellular invasive ability by exam-
ining the expression of N-cadherin and E-cadherin after the over-
expression of MGP and PCOLCE in melanoma cells. Previous studies
have demonstrated that the downregulation of E-cadherin and
overexpression of N-cadherin are hallmark characteristics of EMT
(35). Flow cytometry results indicated that cells overexpressing MGP

(Continued.) Quantification was based on a representative field of view. Scale bar, 50 um. P value = 0.002; the assay was triplicated. The two-sided unpaired
Student t test was used to identify the significant difference. Error bars represent the mean + SD. G, Bar plot displaying the population distribution of indicated
CD8" T cells (left) in AM, AM-Met, CM, and MM. Histogram (right) illustrating the percentage of FOSB* T cells in different types of melanoma. The two-sided
unpaired Student t test was used to identify the significant difference. Error bars represent the mean + SEM. H, Dot plot showing percent expression (pct.exp)
and average expression (avg.exp) of TIGIT, CTLA4, TNFSF9, TNFSF4, and PDCD1 in AM, AM-Met, CM, and MM, respectively. I, Violin plots displaying the average
expression of TIGIT and CTLA4 in the Tregs of AM, AM-Met, CM, and MM. **** P < 0.0001; Kruskal-Wallis rank-sum test was used. J, RNA velocity analysis
demonstrating the evolutionary trajectory of immunity cell subclusters. K, Violin plots displaying the cytotoxic scores (right) and exhausted scores (left) in AM,
AM-Met, CM, and MM. **** P < 0.0007; the Kruskal-Wallis rank-sum test was used.
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Figure 3.

Stronger infiltration of neutrophils and CXCL3" tumor-associated macrophages in MM. A, UMAP plot of tumor-infiltrating myeloid cells (left) and their distribution
(right) in AM, AM-Met, CM, and MM. B, Bar plot displaying the population distribution of specific subclusters within non-TAMs and TAMs across the AM, AM-Met, CM,
and MM groups. C, Feature plots of classical marker genes for subcluster annotation. DC, dendritic cell; Mac, macrophage; (Continued on the following page.)

2504 Clin Cancer Res; 31(12) June 15, 2025 CLINICAL CANCER RESEARCH

920z Arenigad 6| uo Jasn piojxO Jo Ausseaun Aq ypd 91 e-42-109/1 291 L9E/S6YE/Z L1 E/Pd-ajome/sBIIB0URDUID/BI0 SleuInolioee)/:d)y WOl papeojumoq



or PCOLCE induced the downregulation of E-cadherin and over-
expression of N-cadherin (Fig. 1K). These results indicate that EMT
was activated after MGP or PCOLCE overexpression. Further explo-
ration of tumor invasiveness through transwell assay revealed that
overexpression of MGP and PCOLCE enhanced tumor invasiveness
(Fig. 1L; Supplementary Fig. S4H). All these results indicate that the
overexpression of MGP and PCOLCE contributes to the invasiveness
activity of S5 cells.

Analysis of lymphocytes in AM and MM

A total of 63,455 lymphoid cells were extracted, grouped into
21 clusters, and subsequently identified as 13 subclusters based on
marker genes listed in reference (36). Initially, we classified these
lymphocytes into B cells, NK cells, and T cells based on marker gene
expression. T cells were further subdivided and categorized into
CD4" T cells and CD8" T cells. Within these groups, distinct sub-
populations were identified. These include plasma cells IGHG" and
IGHA"), CD4" T cells [CCR7" (naive), CXCL13" (exhausted), and
FOXP3" (Treg)], and CD8" T cells [GZMK" (effector), FOSB*
(memory), HSPAIB" (memory), IFNG" (cytotoxic), and LAG3"
(exhausted); Fig. 2A]. The proportions of these subclusters varied
significantly among patients and in between the AM, AM-Met, CM,
and MM groups (Fig. 2B; Supplementary Fig. S5A-S5D). The
GSVA of hallmark pathways revealed IL2/STAT5 signaling enrich-
ment in CD8" T-cell subclusters in all different types of melanomas
(Fig. 2C; Supplementary Fig. S5E). The proportion of Tregs within
CD4" T cells was found to be significantly higher in AM than in
AM-Met, but not in CM and MM (Fig. 2D). We also found that
MM exhibited a similar T-cell immune landscape with AM and CM.
There were fewer FOSB* CD8" T cells in MM. However, the
number of cytotoxic CD8 cells was still no different (Fig. 2G;
Supplementary Fig. S5F). Interestingly, the overexpression of in-
hibitory genes, such as TIGIT and CTLA4, was identified in Tregs
compared with T cells and NK cells (Supplementary Fig. S5G and
S5H). We also found that CTLA4 expression was significantly higher
in Tregs of CM than in Tregs of AM and MM (Fig. 2H and [
Supplementary Fig. S6C-S6E). Anti-CTLA4 antibodies have been
used in melanoma treatment clinically and are usually more efficient
in patients with CM than in those with AM (37). Our results in-
dicate that the lower response rate of anti-CTLA4 antibodies in AM
and MM may correlate with the lower expression of CTLA4 in Tregs
of AM and MM. Notably, we also found that the expression of
TIGIT, one of the most promising targets of immunotherapy (38) of
Tregs, was significantly higher in AM than in CM and MM. The
lowest expression of TIGIT in Tregs was found in MM (Fig. 2H and
I; Supplementary Fig. S6C and S6D). On the basis of all these results
of TIGIT, we speculate that the response rate of anti-TIGIT anti-
body therapies should be lower in patients with MM than in patients
with AM and CM. RNA velocity analysis indicated that T cells
originated from naive cells and then differentiated into memory,
effector, and cytotoxic cells, ultimately culminating into exhaustion
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(Fig. 2J; Supplementary Fig. S6F and S6G). Additionally, we mea-
sured cytotoxic scores and exhausted scores of CD8" T cells (39)
and found that the exhausted scores of CD8" T cells were signifi-
cantly higher in CM than in AM and MM (Fig. 2K; Supplementary
Fig. S5H and S5I). This result is consistent with the better immu-
notherapy response rate in CM than in AM and MM (40). We also
found MM bore higher cytotoxic scores and lower exhausted scores
than CM (Fig. 2K).

To preliminarily verify the scRNA-seq result of lymphocytes,
multiplex immunofluorescence (IF) staining was performed. The
staining results confirmed that FOXP3" Tregs were indeed more
prevalent in AM than in AM-Met (Fig. 2E and F; Supplementary Fig.
S6A and S6B). Peripheral blood samples were collected from patients
with three AMs and three CMs for flow cytometry. Flow cytometry
analysis also showed that the proportion of TIGIT'FOXP3" CD4"
T cells in AM is significantly higher than that in CM (Supplementary
Fig. S6E). Taken together, these results indicate that the differences in
the immune microenvironment of different subtypes of melanoma
may be key influencing factors to influence the effectiveness of im-
munotherapy across different forms of melanoma.

Higher neutrophils and CXCL3" tumor-associated
macrophages are identified in MM

Twelve clusters of myeloid cells were identified from 21,662 iso-
lated myeloid cells, including dendritic cells, neutrophils, mast cells,
monocytes, and tumor-associated macrophages (TAM; Fig. 3A).
The proportions of these subclusters varied significantly among
patients (Supplementary Fig. S7A and S7B). TAMs were further
classified into five subgroups based on specific marker genes (41),
including ISG15", CXCL3", FLOR2", IL32", and SPP1" TAMs
(Fig. 3B and C; Supplementary Fig. S7C). Monocle2 analysis indi-
cated that the pseudotime trajectory began at ISG15" TAMs; pro-
gressed to be CXCL3", FLOR2", and IL32" TAMSs; and ultimately
culminated in becoming SPP1* TAMs (Fig. 3D; Supplementary Fig.
S7D and S7E). The high expression of most chemokines and cyto-
kine molecules was identified in CXCL3* TAMs, including
CXCL2 and CXCL3 (Supplementary Fig. S7F). M1/M2 polarization
scores (26) indicated that most macrophages were skewed toward
the M2 phenotype in the AM ecosystem. Specifically, low M1/
M2 scores were identified in IL32" TAM cells. ISG15" and CXCL3"
TAM cells showed higher M1 scores (Fig. 3E and F). Furthermore,
the higher infiltration of CXCL3" TAMs was found in MM than in
AM and CM (Fig. 3G; Supplementary Fig. S7G). Considering that
CXCL3 is the main chemotactic factor of neutrophil recruitment
(42), we subsequently detected neutrophils in MM and found that,
consistent with CXCL3" TAMs, MM exhibited a higher infiltration
of neutrophils than AM and CM. This result is consistent with the
higher infiltration of CXCL3" TAMs in MM (Fig. 3G; Supple-
mentary Fig. S7H).

To preliminarily verify the scRNA-seq results of neutrophils in
MM, IF staining of myeloperoxidase was performed. The high

(Continued.) Mono, monocyte. D, Pseudotime-ordered analysis of TAM subclusters. Arrows indicate the potential evolutionary direction in the trajectory. E, Feature
plots showing the M1/M2 polarization signatures in TAMs. F, Violin plots illustrating the M1/M2 polarization signatures in the indicated TAM subclusters. Significance
was determined using the Kruskal-Wallis rank-sum test. ****, P < 0.0007; ns, P > 0.05. G, Bar plot displaying the population distribution of indicated neutrophil
(denominator is non-TAM) and CXCL3* TAM (denominator is TAM) in AM, AM-Met, CM, and MM. The two-sided unpaired Student ¢t test was used to identify the
significant difference. Error bars represent the mean + SEM. H and |, Representative IF image (H) and quantification (I) of MPO" cells in formalin-fixed, paraffin-
embedded tissues of MM and AM. MPO positive indicates neutrophil cells. Cells were stained with anti-MPO (green) and DAPI (4’,6-diamidino-2-phenylindole; blue).
Quantification was based on the average gray value within a representative field of view. Scale bar, 100 um. P = 0.0033; the two-sided unpaired Student ¢ test was
used to identify the significant difference. Error bars represent the mean + SD. J and K, Co-culture system of neutrophil, CD8" T cells, and tumor cell line (A375 and
A875). J, The bar plot shows the count of melanoma cells. K, Three repeated experiments; the two-sided unpaired Student ¢ test was used to identify the significant
difference. Error bars represent the mean + SD. DC, dendritic cells. [J, Created in BioRender. Li, Y. (2025), https://BioRender.com/d18n133.]
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prevalence of neutrophils was identified in MM (Fig. 3H and I).
Besides their intrinsic killing function, neutrophils also exhibit
immunosuppressive effects in tumors (43). We speculate that a high
proportion of neutrophils in MM promote immune evasion by
inhibiting immune cells (CD8" T cells) in melanoma. To verify this
hypothesis, we extracted neutrophils and CD8" T cells from the
blood of patients with melanoma and then co-cultured these with
melanoma cells (A375 and A875) to detect the changes of T-cell
killing ability (Fig. 3]). CD8" T cells were directly co-cultured with
melanoma cells in the lower chamber, whereas neutrophils were
located in the upper chamber. The co-culture studies revealed that
neutrophils inhibit T-cell killing ability in melanoma (Fig. 3K). This
result indicated the immunosuppression role of neutrophils in MM.
The high inflation of neutrophils in MM may correlate with the low
immunotherapy response of MM.

PI16" CAFs were characterized in stromal cells of AM

To decipher the landscape of CAFs in AM and MM, seven clusters of
CAFs were identified from 21,346 isolated fibroblasts, including IL6"
CAFs, PTGDS" CAFs, muscle cells, CD53* CAFs, POSTN* CAFs,
APOD" CAFs, and PI16" CAFs (Fig. 4A; Supplementary Fig. S8A). The
proportions of these subclusters varied significantly among patients and
in between AM, AM-Met, CM, and MM (Supplementary Fig. S8B and

S8C). The identified subgroups were characterized by distinct marker
genes as listed in Fig. 4B (44, 45). We observed a significant heteroge-
neity in the proportions of CAFs in AM, AM-Met, CM, and MM. PI16"
CAFs were significantly more prevalent in AM and AM-Met than they
were in CM and MM (Fig. 4C and D; Supplementary Fig. S8D). These
CAF clusters were characterized by distinct signaling pathways and
metabolic features. Specifically, the enrichment of inflammatory response
pathways, IL2/STATS5 signaling, and cholesterol homeostasis was iden-
tified in PTGDS", IL6", and POSTN" CAF cells (Fig. 4E). The elevated
fatty acid metabolism and oxidative phosphorylation were identified in
PI16" and APOD* CAF cells. Monocle3 and CytoTRACE studies indi-
cated that the pseudotime trajectory began at PI116" CAFs; progressed to
become APOD™, POSTN*, and PTGDS" CAFs; and ended as IL6* CAFs
and CD53" CAFs (Fig. 4F; Supplementary Fig. S8E). This is consistent
with previous reports that P116" CAFs are the initial subpopulation with
the potential to differentiate into other CAF subtypes (45).

To validate the results collected from the single-cell sequencing,
we used multiplex IF staining to identify whether P116" CAFs were
more prevalent in AM than in MM. Our staining results confirmed
the results collected from scRNA-seq (Fig. 4G and H). Given the
role of fibroblasts in tumor proliferation (46), we further performed
the co-culture between PI16-overexpressing fibroblasts and tumor
cells to identify whether PI16" CAFs directly control tumor
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Student t test was used to identify significant
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GSVA of selected hallmark pathways in these
subclusters. F, Visualization of the cell embed-
ding landscape inferred by Monocle3 (left).
Subtypes are labeled by colors (right). G and H,
Representative IF images (G) and quantifica-
tion (H) of PII6"VIM* CAFs in fixed, paraffin-
embedded tissues of MM and AM. Cells were
stained with anti-COLAT (red), anti-Pl16
(green), and DAPI (4',6-diamidino-2-phenyl-
indole; blue). Quantification was based on a
representative field of view. Scale bar, 100 pum.
P = 0.0010; the two-sided unpaired Student
t test was used to identify the significant dif-
ference. Error bars represent the mean + SEM. I,
Co-culture system of PI16*CAF and melanoma
cells. The bar plot shows the OD (optical den-
sity) value of the CKK-8 trial (down). The Stu-
dent t test was used to identify significant
difference. J, Growth curve for xenograft ex-
periments with indicated tumor cells mixed
with PI16 overexpression in fibroblasts inocu-
lated subcutaneously into the flanks of nude
mice (A875) and C57BL mice (B16). Visible tu-
mors were measured every 3 days. Data are
mean + SEM relative to the control group
(n =5).
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proliferation. As a control, we used fibroblasts that do not have
PI16 overexpression. Our results indicated that PI16" fibroblasts
directly regulate tumor proliferation (Fig. 4I). Furthermore, we
validated the effect of PI16" fibroblasts on tumor growth in nude
mice. Immunodeficient mice were grafted with co-cultured PI16-
overexpressing fibroblasts and B16 or A875 melanoma cells. Xe-
nograft weight and survival assay indicate that injection of PI16-
overexpressing fibroblasts significantly induced tumor growth and
progression (Fig. 4J; Supplementary Fig. S8F and S8G). These re-
sults suggest that P116" CAFs promote the proliferation of mela-
noma cells.

Distinct cellular interactome landscape of AM and MM

To identify the cross-talk between tumor cells and other com-
ponents in the tumor microenvironment in AM and MM, Cell-
PhoneDB and CellChat were used to analyze intercellular LR
interactions (Fig. 5A; Supplementary Fig. S9A-S9C). Generally,
the interactions among CAFs were significantly higher than in
other cell types in all melanoma (Fig. 5A; Supplementary Fig.
S9C). Notably, we found that the interaction number and strength
were slightly higher in the ecosystem of AM-Met than of AM and
MM (Supplementary Fig. S9B). Comparing the levels of cellular
interactions across different melanoma subtypes, the higher in-
teractions were detected in MM, wherein strong interactions be-
tween melanoma cells and stromal cells were observed (Fig. 5A).
For LR interactions, 67 LR pairs specific to individual melanoma
subtypes were identified, including 18 pairs in MM (Fig. 5B).
Specifically, more than half (10/18) of the MM-specific LR pairs
are related to the CXCL3" TAMs in which upregulated DLL4 and
NOTCH2 signals were detected (Fig. 5B). These results suggest a
critical role of CXCL3* TAMs in regulating immunity response
and tumor growth in MM. Similarly, neutrophils were also highly
enriched in many MM-specific LR pairs, such as CXCL6 and
CXCRI (Fig. 5B). Moreover, PI16" CAFs, which are crucial in AM
(Fig. 4G and H), were found to be correlated with more than half
of the AM-specific LR pairs (Fig. 5C). Among them, we noticed
that the interactions between PI16" CAFs and melanoma cells
were significantly higher in AM than in CM and AM-Met
(Fig. 5B). The Kyoto Encyclopedia of Genes and Genomes path-
way analysis indicates that PI3K/AKT signaling in tumor cells was
the major signaling pathway after LR interactions of P116" CAFs
and melanoma cells in AM (Fig. 5D). Consistently, the AM-
specific RSPO1-LGR4 interaction was highly enriched in PI16"
CAFs in AM. This interaction activates WNT signaling to even-
tually activate PI3K/AKT signaling (Fig. 5B).

To validate the results collected from the single-cell sequencing,
we used multiplex IF staining and confirmed that overlapping of
PI16" CAFs with melanoma cells was more prevalent in AM than in
MM (Fig. 5E and F).

The single-cell transcriptomic landscape connects with the
specific genomic landscape

To further interrogate the tumor heterogeneity of AM and MM,
the genomic landscape of AM and MM was identified by WES
(Fig. 6A; Supplementary Fig. S10A and S10B; Supplementary Table
S9). The sequencing samples included the melanoma samples that we
collected (n = 12) and the published sequencing results (n = 28; refs.
12, 14). Different driver mutations were identified in our melanoma
samples, including BRAF and NRAS mutations (Fig. 6A). Correlating
these mutations with single-cell sequencing data revealed a significant
increase in the S6 subgroup in melanoma with NRAS or BRAF
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mutation compared with melanoma with the wild-type of BRAF,
NRAS, and NFI (triple-WT) mutations, which are defined as stem-
like subtypes characterized with a high expression of ALDOA and
ARF5 (Fig. 6B and C; Supplementary Fig. S10C).

Next, we conducted expression analysis of genes involved in
melanoma with different mutations or triple-WT. In triple-WT
melanoma, high reactive oxygen species production and protein
transportation were detected in the S6 subgroup. However, the
enriched ribosome pathways and metabolism-related pathways in-
cluding oxidative phosphorylation and glycolysis/gluconeogenesis
were detected in the S6 of melanoma with different driver mutations
like BRAF, NRAS, and NFI (Fig. 6D). The MAPK signaling pathway
was found to be downregulated in melanoma with BRAF mutations
(Supplementary Fig. S10D). Furthermore, we conducted expres-
sion analysis of genes involved in different mutation types and
triple-WTs. We found the expression of multiple glycolysis/
gluconeogenesis genes, including ALDOA, were elevated in BRAF
mutation (Fig. 6E). ALDOA is a key enzyme that plays an important
role in the intracellular glycolytic metabolic pathway and has been
reported to promote tumor cell proliferation and invasion (47). To
confirm the role of ALDOA in regulating cell proliferation in mel-
anoma cells with BRAF mutation, cell proliferation was measured in
A375 (BRAF V600E) and MEWO (triple-WT) melanoma cells with
ALDOA silencing using the CCK-8 (Cell Counting Kit-8) assay. We
found that cell proliferation was inhibited in melanoma cells with
ALDOA silencing (Fig. 6F; Supplementary Fig. S10E-S10G).

Given the fact that it lacks therapy target of the triple-WT mela-
noma, we investigated gene expression profiles in the triple-WT
melanomas and found that the expression of MET and glycoprotein
PTGDS was specifically upregulated (Fig. 6E). The PTGDS is a
member of the lipid transport protein superfamily and functions in
regulating tumor cell proliferation (48). To identify the role of PTGDS
in regulating the proliferation in triple-WT melanoma, we silenced the
PTGDS gene by small interfering RNA in a triple-WT melanoma cell
line, MEWO. We found that the cellular proliferation was inhibited in
MEWO cells with PTGDS silencing (Fig. 6F; Supplementary Fig.
S10C-S10G; ref. 49). To further identify the role of PTGDS in regu-
lating tumor growth in vivo, the melanoma xenograft model was used.
We found that PTGDS silencing significantly inhibited tumor growth
in vivo (Fig. 6G and H). These results indicate that PTGDS is a po-
tential therapeutic target of the triple-WT melanoma.

The molecular classifications of AM and MM based on the
single-cell transcriptome

Molecular classification is able to guide the targeted treatment of
melanoma (16). To uncover the more precise molecular classification
of melanoma, we performed a NMF analysis based on the unique
biological characteristics of scRNA-seq of melanoma. Overall, we
identified both common and specific molecular MPs of each mela-
noma subtype. The MP of cell cycle (MKI67/TOP2A/UBE2C) is the
common feature in all types of melanoma. The activation of ATP
metabolism (JUN/IER2/FOS) was specifically found in AM (Fig. 7A;
Supplementary Table S5). Similarly, CM presented with a unique MP
associated with a transporter activity (LRRC23/SLC2A14/STPG4;
Fig. 7B; Supplementary Table S5). Notably, the MP of antigen pre-
sentation is specifically identified in MM. This program is charac-
terized by pathways involved in antigen processing, peptide
presentation, and MHC molecules. The pathways of immune re-
sponse are mediated by FCERIG/HLA-DRA/HSPAG signaling
(Fig. 7C; Supplementary Table S5). To strengthen the reliability of
our findings and mitigate the constraint of having a limited number
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To further explore whether the specific MP of antigen presenta-
tion in MM is clinically associated with the treatment response of
immunotherapy, a total of five patients with MM underwent
treatment of surgical resection and postoperative immunotherapy.
Specifically, we scored each patient based on the two MPs in the
molecular classification of MM (Supplementary Table S5). Patients
with low activity of the antigen-presentation (MP1) program and
high activity of the proliferation (MP2) program were deemed as
high risk. By contrast, other combinations of MP1 and MP2 were
considered as low risk. Surprisingly, after approximately 12 months
of clinical follow-up, two patients who were classified as high risk
experienced recurrence, whereas all three patients who were rec-
ognized as low risk showed no evidence of disease recurrence
(Fig. 7D). Higher MP1 scores and lower MP2 scores showed trends
of better prognosis (Fig. 7E). Moreover, KM analysis revealed that
patients in the high-risk group were significantly associated with
poorer prognosis (Fig. 7F; Supplementary Fig. S11C; Supplementary
Table S6). Our classification approach therefore demonstrates a
promising potential in guiding clinical treatment. Patients with MM
with negative MP1 scores and positive MP2 scores exhibit poorer
responses to immunotherapy.

To enhance the robustness of our conclusions and compensate
for the limited number of CM samples, we used single-cell tran-
scriptome data from 23 untreated patients with CM sourced from a
public database for reanalysis. We found that the proportion of the
S5 tumor cell subpopulation in CM was significantly lower than it
was in MM, which is fully consistent with our previous findings
(Supplementary Fig. S12A-S12C). Furthermore, the level of
exhausted LAG3" CD8" T cells in CM was significantly higher than
it was in AM and MM (Supplementary Fig. S12D and S12E),
aligning with the increased sensitivity of CM to anti-PD-1 therapy
(50). Additionally, the proportions of neutrophils and CXCL3"
TAM:s within the myeloid cell population were higher in MM than
in AM and CM, including the 23 CM cases from the public database
(Supplementary Fig. S12F-S12G). Although the proportion of P116"
CAFs varied when more CM samples were included in the analysis
(Supplementary Fig. S12H and S12I), our focus was on the effect of
PI16" CAFs on tumor cells; thus this did not affect our conclusions
about CAFs. Overall, our conclusions are sufficiently reliable as
validated by the public database.

Discussion

MM and AM are characterized with less mutation burden and
expression of tumor antigens when compared with CM. Thus, both
are usually not sensitive to the current available targeted therapy
and immunotherapy in comparison with nonacral CM (50). Patients
with MM and AM are usually diagnosed at late stages with remote
metastases. Given the fact that there are very few reports on the
transcriptomic landscape of MM, in this study, we compared the
single-cell transcriptomic and genomic landscapes of 42 melanomas
of different anatomical locations, including 11 MMs and 28 AMs.

scRNA Landscape of Acral and Mucosal Melanomas

The results revealed that tumor cells exhibit common yet diverse
composition and evolutionary routes in MM and AM that we also
were able to show contained specific types of stromal and immune
cells. Moreover, the antigen presentation type and the cell cycle
activation type of MM identified in this study were found to possess
promising potential in guiding clinical treatment.

MM, which originates from melanocytes in the respiratory, gas-
trointestinal, and urogenital tract, is an aggressive subtype of mela-
noma that is rare in Caucasians and accounts for 0.8% to 3.7% of all
melanomas (51-53). The molecular basis for the aggressive phenotype
in MM remains unknown. Herein, we identified that MM had an
abundant S5 subgroup in which there was a high level of MGP and
PCOLCE expression and which was specifically enriched with the
expression of genes associated with EMT. Furthermore, specific types
of immune cells, including neutrophils and CXCL3" tumor-associated
macrophages were identified in MM. Both immune cells are immu-
nosuppressive. Additionally, the strongest LR interactions among
melanoma cells and stromal cells were observed in MM. Together,
these characteristics of MM may explain why MM is more aggressive
than CM. The stromal immunity features of MM are also consistent
with the immunotherapy response rate of MM, which is higher than it
is for AM and less than it is in CM (50).

Recent research on the immune features of AM has illustrated a
generally impaired immune landscape, characterized by a low in-
filtration of T cells and NK cells and a high infiltration of Tregs (12,
14). However, with a significantly larger sample size, our analysis
revealed that none of the proportions of distinct CD4" T, CD8" T,
Treg, and NK cells in AM and CM reached statistical significance.
Moreover, when examining the functions of these T cells, our
analysis further revealed that T cells in AM exhibited the lowest
exhaustion score, whereas those in CM demonstrated the highest
exhaustion score. These results challenge the prevalent view that the
ineffectiveness of immunotherapy for AM when compared with CM
is due to the lack of immune infiltration or immune exhaustion (14).
Our results indicate that the lowest cytotoxic score of T cells was
characterized in AM. Furthermore, the high TIGIT expression in
Tregs was found in AM. In addition, the lower expression of
PDCD1 and CTLA4 in Tregs of AM might also contribute to the
ineffectiveness of immunotherapy. Our analysis highlights the po-
tential effectiveness of immunotherapy targeting TIGIT for AM.
Although a recent study mentioned higher TIGIT in AM as a po-
tential target of immunotherapy, they did not reach statistical sig-
nificance because of the limited sample size (14). Besides, aside from
the distinct immune features of AM compared with other mela-
noma subtypes, our study further compared the distinct immune
characteristics between AM and AM-Met. In contrast to the non-
significant proportions of immune cells in most melanoma sub-
types, our study revealed significantly lower Treg levels in AM-Met
than in AM. This was accompanied by a lower expression of im-
mune checkpoints such as CTLA4 and TIGIT in Treg, which further
explains the highest cytotoxic score of T cells in AM-Met compared
with other melanoma subtypes. This contrast in immune features

Figure 5.

Strong interactions among melanoma cells and stromal cells were observed in MM. A, Heatmaps of cell-cell interaction in MM. B, Bar plot (top) showing subtype-
specific LR pairs in MM, AM, AM-Met, and CM, and heatmap (bottom) showing the enrichment of these LR pairs in cell clusters. C, Boxplot of cell-cell interaction
between PI16™ fibroblasts and melanoma cells. P values were calculated using the Wilcoxon rank-sum test. D, Kyoto Encyclopedia of Genes and Genomes (KEGG)
enriched functional terms of the genes mediating interactions between PI16" fibroblasts and melanoma cells. ECM, extracellular matrix. E and F, IF staining indicating
co-localization (E) and quantification ratio (F) of PI16" fibroblasts and melanoma cells in AM and MM. Cells were stained with anti-COLAT1 (red), anti-PI16 (green), anti-
PMEL (white), and DAPI (4’,6-diamidino-2-phenylindole; blue). Quantification was based on a representative field of view. Scale bar, 100 um. P = 0.00028.
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Figure 6.

Stem-like subtype cells; S6 of melanoma plays an important role in melanoma with driver mutant. A, Landscape of somatic alterations. B, Bar plot displaying the population
distribution of seven melanoma subtypes within the triple-WT, BRAF, NRAS, and NF1 mutation groups. C, Histogram illustrating the populations of S6 subtype in AM, AM-Met,
CM, and MM groups. The two-sided unpaired Student ¢ test was used to identify the significant difference. Error bars represent mean + SEM. D, Enriched functional terms of
mutation and triple-WT. E, Volcano plot indicating differentially expressed genes (DEG) of S6 in the annotated mutation cells. F, CCK-8 trial after knocking down the DEGs. The
bar plot shows the OD (optical density) value of the CKK-8 trial. G and H, Growth curve (G), tumor weight (H), and dissected tumors (H) for the xenograft experiments with
indicated cells inoculated subcutaneously into the flanks of nude mice. Visible tumors were measured every 3 days. Data are mean + SEM relative to the control group (n = 5).
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between AM and AM-Met suggests the need for completely dif-
ferent treatment strategies for patients with AM after metastasis.
Finally, despite the detailed investigation into the immune land-
scape of AM, the characteristics of stromal cells in AM have not
been well characterized. Although a recent study defined a new
cluster of CAFs in AM. However, no evidence showed that this new
cluster of CAFs was any different from that found in other mela-
noma subtypes (54). In this study, we showed that PI16" CAFs are
significantly more prevalent in AM than in CM and MM. Impor-
tantly, these CAFs exhibit significantly higher levels of interaction
with tumor cells through a series of AM-specific LR pairs, likely
activating PI3K/AKT signaling and contributing to the malignancy.
PI16 is a marker of fibroblasts with stem-like features (45). Scarce
but controversial features about P116* CAF have been revealed (55,
56). Its specificity and frequent interaction with tumor cells in AM
help illustrate the novel roles of these cells within tumor
microenvironments.

The frequent mutational activation of BRAF was identified in CM
in 2002 (57). A substantial effort has been made to identify addi-
tional driver mutations in melanoma since then. The analysis of
large-scale melanoma exosome data of 135 CM:s displayed five novel
melanoma genes, namely, RACI, SNX31, TACCI, STKI9, and
ARID2 (58), with new therapeutics that target RACI, STKI19, or
ARID2 being developed and evaluated (59-62). The genomic
landscape of AM and MM are very different with nonacral CM. AM
frequently harbors mutations in Ras family members NRAS, KRAS,
and HRAS (accounting for 22%), KIT (15%), BRAF (8%), and TP53
(4%; refs. 63, 64). Similarly, MM also carries BRAF and NRAS
mutations, albeit at lower frequencies than CM. Instead, KIT mu-
tations, as well as TERT promoter mutations, CCNDI1 amplifica-
tions, and CDK4 amplifications, are more prevalent in AM and MM,
playing critical roles in promoting cell proliferation and evading
apoptosis (4, 65). One most recent study indicates that AM in situ
tumors with invasive features exhibit more clonal mutations and
poorer genomic stability (16). However, there are few studies that
have examined the single-cell transcriptomic landscape in mela-
noma with specific driver mutations, especially in AM and MM. In
this study, we paired 21 cases of WES with scRNA-seq and linked
driver mutations with specific transcriptomic landscape. Melanoma
with BRAF and NRAS mutations were characterized by cells with a
high expression of ALDOA™ and GLMP", which serve as the
common ancestor of other melanoma cells (Fig. 6). Most of MMs
originated from MGP" and IGFBP* cells. These cells are charac-
terized by high EMT potential and are prominent through all phases
(Fig. 1). This linkage indicates the specific role of specific driver
mutations in melanoma development.

Melanoma is a highly heterogeneous skin cancer characterized by
diverse genetic, cellular, and microenvironmental factors. Molecular
typing is crucial for its diagnosis and treatment. Genetic testing was
recommended for all patients with melanoma to identify some key
molecular targets including BRAF, KIT, and NRAS (66). Based on the
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