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Background: The most aggressive type of skin cancer, melanoma, has a high
prevalence of metastases and a poor prognosis. Despite advancements in
treatment, drug resistance and tumor microenvironment heterogeneity,
especially involving neuro-immune interactions, continue to exist. The goal of
this study is to uncover the cellular heterogeneity of melanoma in order to
pinpoint molecular targets and tumor-promoting subtypes.
Methods: Melanoma single-cell RNA sequencing data came from GEO. Twelve
cell types were discovered after Harmony batch effect adjustment and Seurat
quality control; melanoma cells were subtyped. Functional expression of
differential genes was examined using gene ontology and gene set
enrichment. Cytotrace measured subtype differentiation potency. PySCENIC
revealed transcription factor regulatory networks, and CellChat predicted
intercellular communication between malignant cell subtypes and other cell
types. Functional experiments with A375 and MEWo cell lines—lentiviral shRNA
knockdown, CCK-8 proliferation, wound healing, transwell migration, and �ow
cytometry apoptotic assays—con�rmed the analysis.
Results: Single-cell RNA sequencing was utilized to analyze melanoma cell
subtypes and their interactions in the tumor microenvironment. C2 IGFBP3+,
which had the lowest CytoTRACE2 score and was enriched in late tumor stages,
affected melanoma development. This subtype expressed prominent
immunomodulatory pathways. The C2 subtype mediate signaling to
�broblasts/pericytes via the PROS pathway and myeloid/plasmacytoid dendritic
cells via the MHC-II pathway. The C2 subtype was strongly linked with FOSL1
expression, which may affect gene transcription and illness progression. FOSL1
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knockdown signi�cantly increased apoptosis and decreased melanoma cell
motility and proliferation in vitro .
Conclusion: We identi�ed immunoregulatory C2 IGFBP3+ melanoma cell
subtypes in our investigation, and FOSL1 was a crucial transcription factor that
aided in cell migration, proliferation, and survival. Because the C2 subtype
involves the MHC-II and PROS signaling pathways, which have been shown to
have roles in neuroimmunology, neuroin�ammation, and pain regulation, it may
serve as a hub for neuro-immune interactions in the tumor microenvironment.
Precision treatments for melanoma may be advanced by focusing on the FOSL1
o r C 2 s u b t y p e p a t h w a y s , w h i c h m a y a s s i s t i n o v e r c o m i n g
immunotherapy resistance.
KEYWORDS

melanoma, single-cell sequencing, tumor microenvironment, neuro-immunity,
novel biomarker
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1 Introduction
Melanoma is an extremely aggressive form of skin cancer,

its frequency showing a steady increase in recent decades. Th
factors for melanoma include environmental variables
ultraviolet radiation exposure and internal factors such as fa
history, a history of atypical moles, and the number of moles1).
Melanoma arises from neural crest-derived melanocy
establishing an intrinsic connection to the nervous system2).
Solid tumors, including melanoma, are increasingly recognize
be innervated, which plays complex roles in tumor progress
metastasis, and modulation ofthe tumor microenvironment
(TME), including immune responses (3–6). Bidirectional
communication between nerves, immune cells, and cancer
forms the emerging� eld of cancer neuroimmunology.

The clinical manifestation of melanoma is signi� cantly diverse
whereas original tumors typically appear on the skin, melan
may also develop in ocular areas and mucous membranes or
as metastatic illness without a discernible underlying cutan
lesion (7). The prognosis for melanoma is predominantly po
especially in advanced stages, as people frequently pursue m
advice at these later phases (8). Surgical surgery is the fundamen
treatment for early-stage melanoma (1). Nevertheless, atypic
presentations such as amelanotic melanoma, provide diagn
dif� culties due to their possibility of clinical misdiagnosis, w
maintaining a mortality risk similar to that of pigmented melanom
(9). Furthermore, melanomas detected via self-examination
generally thicker, more prone to ulceration, exhibit a gre
likelihood of spreading and associated with a heightened ra
melanoma-related mortality (8, 10).

Most conventional treatment options for melanoma inclu
radiation therapy, chemotherapy, and surgical excision (11).
However, these conventional treatments occasionally have lim
success in treating metastatic melanoma, and they frequently d
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signi� cantly improve patient survival rates (12–15). Although
surgical surgery is frequently recommended for early-s
melanoma, the cancer’s ef� cacy signi� cantly declines once it ha
metastasized (12, 16). Chemotherapeutic drugs, like dacarbaz
and paclitaxel, demonstrate minimal ef� cacy in melanoma
treatment and are often linked to signi� cant side effects (17, 18).

Recent treatment approaches have been developed in res
to recent discoveries in discovering the molecular basi
melanoma (19, 20). In the treatment of melanoma, target
therapy and immunotherapy have come to be necessary be
they obstruct changes in genes like BRAF and MEK, preventin
growth and spread of tumor cells (21–23). However, targete
therapy’s ef� cacy is frequently only temporary because m
patients develop drug resistance shortly after starting treatm
leading to tumor recurrence (17, 24, 25). The therapy’s ef� cacy is
limited in individuals without BRAF mutations, leading to a gro
of patients who do not bene� t from the treatment (26, 27).
Therefore, the administration of various targeted therapies
conjunction is crucial to delay the emergence of resistance (24, 28).

Immunotherapy operates by stimulating the patient’s immune
system to identify and attack tumor cells (29–31). Recent melanom
immunotherapy progress is signi� cant, especially with the use
immune checkpoint inhibitors (ICIs), including anti- PD- 1 age
(e. g., Nivolumab and Pembrolizumab) and anti- CTLA- 4 agent
g., Ipilimumab), which have shown a marked improvemen
survival rates for melanoma patients (32, 33). By reactivating T
cells, these medications increase the immune system’s ability to
recognize and treat malignancies (21, 22). A signi� cant number of
patients continue to receive immunotherapy despite the ong
advantages that some patients have (34, 35). A signi� cant obstacle
in melanoma immunotherapy is the heterogeneity and intricac
the tumor microenvironment, where the interactions betw
immune cells, stromal cells and tumor cells in the tum
microenvironment signi� cantly affect the effectiveness
frontiersin.org
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therapeutic interventions (36). Conventional biomarkers fo
immunotherapy, such as tumor mutation burden and PD-
expression, have shown poor reliability when predicting pa
responses to treatment (37). To address these issues, researcher
looking into the use of precise care and immunotherapy (38, 39).
Although its reply rate is relatively lower, immunotherapy posse
the potential for enduring lesion management. Recent rese
indicates that the integration of targeted therapy w
immunotherapy may augment the therapeutic effectivenes
immunotherapy, potentially yielding a synergistic anti-tum
impact (40–43). The nervous system is a signi� cant but little
understood TME component besides the well-studied interac
between tumor, immune, and stromal cells (44, 45). Neural activity,
neurotransmitters, neurotrophic factors and neuroin� ammation
could profoundly in� uence tumor immunity, potentially
contributing to immunotherapy resistance and disea
progression (46). Understanding the interplay between tumor c
heterogeneity, particularly immunomodulatory subtypes and ne
components within the TME is crucial for developing more effec
therapeutic strategies (47).

Single-cell RNA sequencing (scRNA-seq) technology offers
perspectives on tumor heterogeneity and microenvironmen
dynamics. In order to improve our understanding of tum
growth, immune responses, and treatment resistance,
sophisticated analytical method enables the identi� cation of rare
cell populations, co-expression patterns, and regulatory netw
(48–51). Single-cell analysis has been used to study the imm
system’s environment in melanoma, enabling the identi� cation of
novel therapeutic targets and the prediction of biomarkers (52, 53).
The incorporation of bioinformatics analysis enables single
technologies to� nd genetic indicators linked to prognos
facilitate the development of novel therapeutic targets
eventually inform clinical treatment decisions (54–58).

Motivated by these discoveries and the increasing importan
the neuro-immune axis in cancer, we performed a scRNA
analysis on melanoma cells to further clarify the tumor’s cellular
heterogeneity and microenvironment. By mapping t
transcriptomes of distinct cell populations, we aim not only
identify immunomodulatory tumor subtypes and key regulators
also to explore potential intersections between these� ndings and
neural in� uences within the TME, providing a more holistic view
melanoma microenvironment complexity. This work intends
create a basis for customized strategies to tackle the thera
dif� culties presented by melanoma.
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2 Materials and methods

2.1 Single-cell data acquisition

The dataset for single-cell melanoma analysis was obta
from the GEO database (https://www.ncbi.nlm.nih.gov/geo/) with
accession number GSE277165. The dataset for study com
melanoma samples from ten biopsies. Ethical approval
Frontiers in Immunology 03
1
unnecessary since the study utilized publicly accessibl
database information.
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2.2 Data processing and visualization

R (v 4.3.3) and the Seurat analysis framework (v 4.4.0)
employed to examine the raw data (59, 60). We � rst detected and
removed doublet cells utilizing the DoubletFinder algorithm (v 2.
(61). To select high-quality single cells, we implemented rigo
quality control measures: the total UMI count (nCount) ranged fr
500 to 100,000, the number of detected genes per cell (nFeatur
limited to 300-7500, mitochondrial gene expression was restrict
below 25%, and erythrocyte gene expression was con� ned to under
5%. The“NormalizeData” function was employed to standardize t
data, and the top 2,000 highly variable genes were identi� ed from the
normalized expression matrix utilizing“FindVariableFeatures” (62,
63). The expression values were normalized utilizing the“ScaleData”
function (64,65). Subsequent to principal component analysis (PC
batch effects were corrected using the Harmony package (v 0.1.66,
67), and the� rst 30 principal components were selected for Unifo
Manifold Approximation and Projection (UMAP) dimensionali
reduction and visualization, yielding spatial distribution maps (68).
For cell type identi� cation, we referenced the CellMarker datab
and assigned appropriate markers to the detected cell clu
determining the distribution and fraction of various cell types (69,
70). To examine the heterogeneity of melanoma, we reclustere
melanoma cells and annotated each subgroup based on their u
marker genes.
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2.3 Cellular preference and functional
enrichment analysis

The Odds Ratio (OR) model was employed to evaluate the
speci� city of cells in different biopsy samples across several pri
melanoma stages (Group I: stage I, Group II: stage II, and Grou
stage III) (71). We subsequently utilized the Wilcoxon rank-su
test using the default parameters of the“FindAllMarkers” algorithm
(Log FC > 0.25) to identify differentially expressed genes (DEG
each cell population and subpopulation. The ClusterPro� ler
(v4.6.2) and SCP (v0.4.8) packages were employed for Ge
Ontology Biological Process (GOBP) analysis, alongside Gen
Enrichment Analysis (GSEA) to examine the co-expression pat
of gene modules (72, 73). To investigate dynamic functional activi
at the single-cell level, the AUCell method was utilized to eva
the enrichment of stem cell-related gene sets, rating cells thr
the “AUCell_buildRankings” function (74).
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2.4 Cellular differentiation analysis

To investigate the differences in developmental
differentiation state among melanoma subpopulations,
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assessed cell stemness utilizing the CytoTRACE2 R pa
(v 0.3.3) (75). A KNN graph illustrating the undirecte
interactions among cells was initially generated. CytoTRA
was later utilized to determine the ideal temporal sequenc
cells. The k-nearest neighbors (KNN) graph and speci� ed time
were subsequently utilized to construct a transfer matrix, which
later represented on a UMAP scatter plot.
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2.5 Intercellular communication network
establishment

We performed a thorough investigation of the cellular con
network in the disease microenvironment utilizing the CellC
software (v 1.6.1) (76). By integrating ligand-receptor interactio
datasets, we predicted essential signaling pathway functions
“netVisual_diffInteraction” function was used to demonstrate t
differences in communication strength among subtypes, while
“identifyCommunicationPatterns” function was employed to
determine the number of communication patterns. T
CellChatDB database (http://www.cellchat.org/) was employed to
identify relevant signaling pathways and receptor interactions.
value threshold of 0.05 was set to determine biologically signi� cant
intercellular communication events.
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2.6 Gene regulatory network by SCENIC

Utilizing the SCENIC software package (v0.10.0) in a Py
3.7 environment, we reconstructed the gene regulatory net
from scRNA-seq data and found stable cellular states. The
regulatory network was constructed using co-expression and
motif analysis. The cell state was ascertained by examinin
network’s activity in each cell. We methodically evaluated
enrichment and regulatory function of transcription factors (T
by creating an AUCell matrix (77).
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2.7 Cell culture

The human melanoma cell lines A375 and MEWo w
acquired from the Cell Bank of the Chinese Academy of Scie
in Shanghai, China, and were authenticated using STR pro� ling.
Cells were grown in RPMI-1640 media (Thermo Fisher Scien� c,
USA) augmented with 10% fetal bovine serum (FBS, Thermo F
Scienti� c, USA) and 1% penicillin-streptomycin (Thermo Fish
Scienti� c, USA) at 37 °C in a humidi� ed environment with 5% CO2.
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2.8 Lentiviral transduction and FOSL1
knockdown

Lentiviral vectors encoding shRNAs (GenePharma, Shan
China) targeting FOSL1 (sh-FOSL1–1 and sh-FOSL1-2) an
control vector (shCtrl) were transduced into A375 and MEW
Frontiers in Immunology 04
age

2
of
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cells utilizing Lipofectamine 3000 (Thermo Fisher Scienti� c, USA),
in accordance with the manufacturer’s guidelines. Following a 48
hour period, cells were subjected to selection using purom
(1 mg/mL, Thermo Fisher Scienti� c, USA) for a duration of 5 day
The knockdown ef� ciency was con� rmed using qRT-PCR an
Western blot analysis.
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2.9 Quantitative real-time PCR

Total RNA was obtained from A375 and MEWo cells utiliz
TRIzol™ reagent (Thermo Fisher Scienti� c, USA) in accordanc
with the manufacturer’s guidelines. The purity and concentration
RNA were evaluated using a NanoDrop 2000 spectrophotom
(Thermo Fisher Scienti� c, USA). For cDNA synthesis, 1mg of total
RNA was reverse transcribed utilizing the PrimeScript™ RT
Reagent Kit (Takara, Japan) with gDNA Eraser to elimin
genomic DNA contamination.

Quantitative reverse transcription polymerase chain reac
(qRT-PCR) was conducted utilizing TB Green™ Premix Ex Taq™

II (RR820A, Takara, Japan) on a QuantStudio 5 Real-Time
System (Applied Biosystems, USA). The thermal cycling param
were as follows: 95°C for 30 seconds, succeeded by 40 cycles
for 5 seconds and 60°C for 30 seconds. A melting curve stud
conducted to verify ampli� cation speci� city.

The relative expression of FOSL1 was determined utilizing
2^–DDCt technique, employing GAPDH as the internal control.
reactions were conducted in triplicate. The primer sequence
speci� ed in Supplementary Table 1.
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2.10 Western blotting

Upon achieving around 70% con� uence post-transfection, th
cells were lysed using RIPA buffer for collection. The resu
lysates underwent centrifuged at 12,000 rpm for 15 minute
eliminate cellular debris, and the supernatants were harveste
further protein analysis via SDS-PAGE. The isolated proteins
subsequently transferred to PVDF membranes and treated wit
bovine serum albumin (BSA) for 1.5 hours at ambient tempera
to reduce non-speci� c interactions. Subsequently, the membra
were treated with the primary antibody (Cell Signaling Technol
Cat# 5281 for FOSL1; Cat# 5174 for GAPDH) overnight at 4
followed by a one-hour incubation with a horseradish peroxid
conjugated secondary antibody. Protein detection was perfo
using an improved chemiluminescence substrate
Western blotting.
ai,

o

2.11 Cell proliferation assay (CCK-8)

Transduced A375 and MEWo cells were plated in quintupli
at a density of 2×10� cells per well in 96-well plates. Cell viab
was assessed from days 1 to 5 with the CCK-8 kit (Doji
Laboratories, Kumamoto, Japan). At each time interval, 10 µ
frontiersin.org
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CCK-8 reagent was introduced to each well and incubated f
hours. Absorbance at 450 nm was quanti� ed utilizing a microplate
reader (BioTek Instruments).
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2.12 Colony formation assay

Cells (500 per well) were inoculated in 6-well plates
cultivated for 10 to 14 days. Colonies were treated with
paraformaldehyde (Beyotime Biotechnology, Shanghai, China
15 minutes, stained with crystal violet (Beyotime Biotechnol
Shanghai, China) for 30 minutes, and subsequently photograp
Colonies including above 50 cells were counted manually.
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2.13 Wound healing assay

Cells were inoculated into 6-well plates and cultivated
complete con� uence. A sterile 200 µL pipette tip was employed
generate a linear incision across the cell monolayer. Following
washing to eliminate debris, cells were cultured in serum-
media. Wound closure was documented at 0 hours and 72 h
using an inverted microscope (Leica DMi8), and wound width
quanti� ed with ImageJ software.
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2.14 Transwell migration assay

Cell migration was evaluated utilizing transwell chambers (8
hole size, Corning, USA). 5×104 cells in 200 µL of serum-free med
were introduced into the upper chamber, while 600 µL of med
containing 10% FBS was allocated to the lower chamber. Follo
24 hours of incubation, migrating cells on the lower membr
surface were� xed using 4% paraformaldehyde, stained with 0
crystal violet, and enumerated in� ve random � elds under
a microscope.
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2.15 Apoptosis assay (Flow cytometry)

Apoptosis was evaluated with Annexin V-FITC/PI dou
labeling (BD Biosciences, San Jose, USA). Cells were col
rinsed with cold PBS, and resuspended in 1× binding bu
Annexin V-FITC and PI were administered following t
manufacturer’s procedure, and samples were incubated in
dark for 15 minutes. Stained cells were examined with a
FACSCanto II� ow cytometer, and the data were processed u
FlowJo software (v10.8).
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2.16 Statistical analysis

Statistical analysis was performed using R software (v4.3.0
Python software (v4.2.0). The Wilcoxon test and Pear
correlation coef� cient were utilized to assess the signi� cance of
Frontiers in Immunology 05
2differences between groups. Results were considered statis
signi� cant whenP < 0.05.
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3 Results

3.1 Development of the single-cell
transcriptomic atlas for melanoma

This research created a single-cell transcriptome ma
melanoma using data from the GEO database (GSE277
which includes scRNA-seq data from ten samples. After strin
quality control and unsupervised clustering, 114,443 high-qu
cells were retained to characterize the cellular topography of i
melanoma.Figure 1Adepicted the clustering results of all cells.
employing canonical marker genes and their unique expres
pro� les, we accurately identi� ed 12 distinct cell types: melanom
cells, T/NK cells,� broblasts, myeloid cells, endothelial ce
epithelial cells, pericytes, proliferating cells, B/plasma cells,
cells, lymphatic endothelial cells, and plasmacytoid dendritic
(pDCs). Samples from stage I, II, and III melanoma w
categorized into Groups I, II, and III, respectively. Melano
cells and T/NK cells were signi� cantly abundant in the stage
and III cohorts. Furthermore, cell cycle analysis revealed
melanoma cell subtypes exhibited the highest proportion of
in the G1 and S phases. Differential gene expression analysis a
groups identi� ed a set of melanoma cell-speci� c marker gene
(S100B, MIA, DCT, SERPINE2, andS100A1) (Figure 1B), most of
which were considerably upregulated in Group II. We subsequ
conducted an examination of the distribution and densities o
cell types expressing pMT, nFeature RNA, nCount RNA,
stemness AUC, G2/M score, and S score (Figure 1C). Cell
proportion analysis con� rmed that melanoma cells and T/N
cells were the principal constituents of Groups II and III, with
majority of melanoma cells in the G1 phase (Figure 1D). By
analyzing phase distributions, groups, and originals across 1
types, we established that most melanoma cells were located
G1 phase, Group II, and derived from T4b tumor stage sam
(Figure 1E). Furthermore, the Ro/e (observed/expected ra
preference study independently validated the enrichmen
melanoma cells in Group II and further suggested that melan
cells exhibited a greater propensity to occupy the G1 an
phases (Figure 1F).
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3.2 Single-cell sequencing disclosed
melanoma cellular populations’ differential
stemness and functional enrichment
pro� les

Stemness is characterized by the ability to maintain
undifferentiated state, perform self-renewal, and differentiate
several lineages. To investigate the differences in stem cell attr
among classi� ed cell types in melanoma, we utilized a bubble plo
visually depict the expression pro� les of stemness-related gen
frontiersin.org
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FIGURE 1

Exploring melanoma heterogeneity through scRNA-seq analysis. (A) UMAP visualization of the distribution characteristics of all cell samples based on
speci�c marker genes for cell type identi�cation and annotation. The four-panel �gure on the right showed the overall distributions of the clusters,
sample originals, tissue groups (Group I, Group II and Group III), and cell phases (G1, G2/M and S phase). (B) Bubble plot analyzed the average
expression levels of the top �ve marker genes in each cell type and group, with bubble size proportional to gene expression percentage, and the
color gradient indicating data normalization. (C) Distribution characteristics of pMT, nFeature RNA, nCount RNA, Cell Stemness AUC, G2/M Score,
and S Score. (D) Stacked bar charts quanti�ed the differences in cell composition among the groups (upper) and phases (lower). (E) Quanti�cations
of the phases (upper), groups (middle) and originals (lower) in each cell type (F) Ro/e scores revealed the preference of cell types for different groups
(left) and phases (right). (G) Bubble plot revealed the differential expression of stemness feature genes across different cell types. (H) Volcano plot
visualized DEGs in various melanoma cell types, highlighting the top �ve upregulated and downregulated genes in each cell type (P-adj < 0.05), with
dashed lines marking the signi�cance boundary. (I) Bubble plot using GSEA enrichment analysis with GOBP terms of different biological processes
for each cell type.(J) GSEA enrichment analysis of melanoma cells.
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across various cell types. The results revealed that melanom
exhibited substantial expression of critical stemness-assoc
genes, namelyHIF1A, EPAS1, TWIST1and EZH2 (Figure 1G).
Furthermore, we utilized volcano plots to highlight the� ve most
signi� cantly upregulated and downregulated genes among
twelve identi� ed cell types (Figure 1H). In melanoma cells, th
elevated genes includedMAP2K7, RIOK1, GOPC, KHDC4and
PDPK1, which may be associated with stress/drug resista
protein synthesis, and the regulation of cellular migrati
Conversely, the downregulated genes, including asATF2, MED21,
USP33, STAT6and PDS5B, may signify repression or function
de� ciencies in DNA repair, differentiation, and microenvironme
remodeling. We performed a series of thorough enrichment stu
based on differentially expressed genes across cell types. The
results demonstrated a notable enrichment of melanoma ce
pathways related to melanin synthesis and deposition, speci� cally
“Pigmentation,” “Cellular pigmentation,” “Pigment biosynthetic
process,” “ Pigment metabol ic process,” “ Melanosome
organization,” and “Developmental pigmentation” (Figures 1I, J).
These� ndings provided molecular evidence that highlights
disruption of melanocytic differentiation and genomic stability
the melanoma tumor microenvironment, offering crucial insig
and a mechanistic foundation for future research on melan
progression and therapeutic resistance.
w

te

s
on

e
he
o
f

tio
cti

s
m

ell
as

n

ring
sis for
ways
vate
, and

larly
ed
ion,
in

to
rent

olic
d a

ts
to

trate
ons,
ities,

l
. We
3.3 Identifying and characterizing subtypes
of melanoma cells

Considering the pivotal role of tumor cells in melanoma,
reexamined 47,047 melanoma cells and discerned� ve distinct
subtypes (Figure 2A): the C0 subtype, characterized by eleva
TYRP1expression; the C1 subtype, de� ned by heightenedRNASE1
expression; the C2 subtype, distinguished by increasedIGFBP3
expression; the C3 subtype, identi� ed byHHATL expression; and
the C4 subtype, recognized byGCGexpression. UMAP faceting wa
utilized to methodically analyze the distribution patterns am
different groups and stages (Figure 2B). Proportional analysis
revealed an elevation of C0TYRP1+ in Group I, C1 RNASE1+
and C4GCG+ in Group II, and C2IGFBP3+ and C3HHATL+ in
Group III (Figure 2C). The � gure additionally depicts th
distributions and proportions of subtypes originating from t
original samples. We next displayed the results of CNVsc
nFeature RNA, nCount RNA, G2/M score, and S score
different tumor cell subtypes utilizing violin plots (Figure 2D).
UMAP facing was used to methodically examine the distribu
patterns of various melanoma cell subtypes, highlighting distin
spatial characteristics for each subtype (Figure 2E). Figures 2Fand
Figure 2Gillustrate the expression patterns of marker gene
melanoma cells. Ro/e preference analysis validated the enrich
of subtypes across groups and phases, indicating a higher c
abundance of C2 and C3 subtypes in Group III, and an incre
abundance of C3 and C4 in the G2M/S phase (Figure 2H).

To enhance the visualization of gene expression pro� les, we
presented the� ve principal marker genes for each subtype i
Frontiers in Immunology 07
cells
ted
bubble plot (Figure 2I), with the top three depicted in UMAP plot
(Figures 2J-N). The examination of volcano plots revea
signi� cant variations in gene expression across the� ve
subtypes (Figure 2O).
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3.4 Differentiational pro� les of melanoma
cells revealed by stemness analysis

Figure 3A shows a variance in the differentiation poten
between melanoma cells from the CytoTRACE2. UMAP
violin plots were used to represent the CytoTRACE2 ratings
various subtypes and groups (Figures 3B-D). The results reveale
that the C2IGFBP3+ subtype was the most differentiated, as see
a markedly lower CytoTRACE2 score, while the C3HHATL+
subtype displayed the contrary tendency. No signi� cant
differences were identi� ed across the groups. We analyzed
differential expression levelsof stemness-related genes amo
different subtypes and groups, revealing thatKLF4 was markedly
elevated in the C2IGFBP3+ melanoma cells.TWIST1and MYC
demonstrated substantial expression in C3HHATL+ melanoma
cells (Figure 3E).
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3.5 Metabolic reprogramming in melanoma
cells

To examine the metabolic function of melanoma cells du
disease progression, we performed pathway enrichment analy
each subtype, revealing the top 20 metabolism-related path
(Figure 3F). Pathways such as oxidative phosphorylation, pyru
metabolism, tyrosine metabolism, glycolysis/gluconeogenesis
cysteine and methionine metabolism demonstrated particu
signi� cant AUC scores. Additionally, UMAP plots were utiliz
to depict the expression distribution of oxidative phosphorylat
pyruvate metabolism, and tyrosine metabolism pathways
melanoma cells. UMAP plots and violin plots were utilized
examine the AUC ratings of these routes among diffe
subtypes and groups (Figure 3G).
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3.6 Functional enrichment in melanoma
cells

After understanding the differentiation potential and metab
pathways of melanoma cell subtypes, we performe
comprehensive investigation oftheir roles. Initially, GOBP
analysis was conducted on each subtype. The resul
demonstrated that the C0 subtype was primarily linked
localization processes, the C1 subtype to cell-subs
interactions, the C2 subtype to leukocyte and immune functi
the C3 subtype to apoptotic, triphosphate, and splicing activ
and the C4 subtype to localization and Cajal processes (Figure 4A).
Due to the C2 subtype’s distinct correlation with immunologica
mechanisms, we focused our research on this subtype
frontiersin.org
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FIGURE 2

Characterization of melanoma cell subtypes pro�les. (A) UMAP plots presented the clustering distribution characteristics of �ve distinct melanoma cell
subtypes identi�ed based on differential marker gene expression, with contour lines outlining the boundaries of each subtype. The outer axis represented
the log scale of each neutrophil subpopulation. The three-ring annotation layer encoded subtype (outer ring), groups (middle ring), and cell phase stage
(inner ring). UMAP plots, arranged in the four corners and proceeding clockwise from the upper left corner, illustrated the expression distribution of G2M
scores, S scores, Cell Stemness AUC, CNV scores across all melanoma cells. (B) Faceted UMAP plots compared the distribution characteristics of each
group (left) and phase (right). (C) Distribution of the melanoma cell types from each sample original (upper left) and distributions of the originals in each
melanoma cell type (upper right and lower). (D) Violin plots showed the AUC of CNV score, nFeature RNA, nCount RNA, G2/M Score and S Score.
(E) Faceted UMAP plots compared the distribution characteristics of individual melanoma cell subtypes. (F, G) UMAP visualization of the distribution
patterns of speci�c marker genes for each melanoma cell subtype, with violin plots showed their AUC across subtypes. (H) Ro/e scores revealed the
preference of melanoma cell subtypes for different groups (left) and phases (right). (I) Bubble plot analyzed the average AUC of the top �ve named genes
in each melanoma cell subtype, with bubble size proportional to gene expression percentage, and the color gradient indicating data normalization.
(J-N) UMAP plots displayed the distribution patterns of the top three marker genes in all melanoma cell subtypes, with the order of left to right showing
C0, C1, C2, C3 and C4. (O) Volcano plots visualized DEGs in melanoma cell subtypes, highlighting the top �ve upregulated and downregulated genes in
each subtype (P-adj < 0.05), with dashed lines marking the signi�cance boundary.
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