
Creating a multifaceted
prognostic model for cutaneous
melanoma: the convergence of
single-cell and bulk sequencing
with machine learning

Fei Mao1 and Neng Wan2*
1Department of Urology, The Affiliated Huaian No. 1 People’s Hospital of Nanjing Medical University,
Huai’an, China, 2Department of Plastic Surgery, The Affiliated Huaian No. 1 People’s Hospital of Nanjing
Medical University, Huai’an, China

Background: Cutaneous melanoma is a highly heterogeneous cancer, and
understanding the role of inflammation-related genes in its progression is crucial.

Methods: The cohorts used include the TCGA cohort from TCGA database, and
GSE115978, GSE19234, GSE22153 cohort, and GSE65904 cohort from GEO
database. Weighted Gene Coexpression Network Analysis (WGCNA) identified
key inflammatory modules. Machine learning techniques were employed to
construct prognostic models, which were validated across multiple cohorts,
including the TCGA cohort, GSE19234, GSE22153, and GSE65904. Immune
cell infiltration, tumor mutation load, and immunotherapy response were
assessed. The hub gene STAT1 was validated through cellular experiments.

Results: Single-cell analysis revealed heterogeneity in inflammation-related
genes, with NK cells, T cells, and macrophages showing elevated
inflammation-related scores. WGCNA identified a module highly associated
with inflammation. Machine learning yielded a CoxBoost + GBM prognostic
model. The model effectively stratified patients into high-risk and low-risk
groups in multiple cohorts. A nomogram and Receiver Operating
Characteristic (ROC) curves confirmed the model’s accuracy. Low-risk
patients exhibited increased immune cell infiltration, higher Tumor Mutational
Burden (TMB), and potentially better immunotherapy response. Cellular
experiments validated the functional role of STAT1 in melanoma progression.

Conclusion: Inflammation-related genes play a critical role in cutaneous
melanoma progression. The developed prognostic model, nomogram, and
validation experiments highlight the potential clinical relevance of these genes
and provide a basis for further investigation into personalized treatment strategies
for melanoma patients.
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Introduction

Cutaneous melanoma, a malignant neoplasm originating from
melanocytes, represents a formidable challenge in the realm of
cancer research and clinical management (Marzagalli et al., 2019;
Long et al., 2023; Patel et al., 2023). With its aggressive nature and
propensity for metastasis, melanoma is responsible for a
disproportionate number of skin cancer-related deaths worldwide
(Arnold et al., 2022). Despite advancements in early detection and
therapeutic approaches, a significant proportion of melanoma
patients still face poor prognoses, necessitating the development
of novel and more precise prognostic tools (Barry et al., 2018;
Granata et al., 2022; Perez et al., 2022).

The tumor microenvironment (TME) plays a pivotal role in the
progression and outcome of melanoma. Within this complex
ecosystem, various cellular and molecular components interact
dynamically to shape the course of the disease (Lee and Cheah,
2019; Chen et al., 2021; Xu et al., 2022). Among these factors,
inflammation has emerged as a central player, influencing tumor
initiation, progression, and response to treatment (Jin and Jin,
2020). The presence of chronic inflammation in the TME is
associated with increased tumor invasiveness, immune evasion,
and resistance to therapy, all of which contribute to poorer
patient outcomes (Iyengar et al., 2016). Thus, understanding the
inflammatory landscape withinmelanoma TME holds great promise
for improving prognostication and treatment strategies.

The advent of multiomics technologies has revolutionized our
ability to decipher the intricate biology of melanoma and its
microenvironment (Newell et al., 2022). Among these techniques,
single-cell sequencing has garnered significant attention due to its
capacity to unveil the heterogeneity and complexity of the TME at
an unprecedented resolution (Huuhtanen et al., 2023). By profiling
individual cells within the tumor, single-cell sequencing provides
insights into the diverse cellular populations, their functional states,
and the intricate molecular crosstalk that underlies melanoma
progression (Naulaerts et al., 2023). Bulk sequencing, on the
other hand, offers a comprehensive view of genetic alterations
and gene expression profiles across the entire tumor, enabling a
broader understanding of the genomic landscape (Wang et al.,
2022). Integrating these multiomics approaches with advanced
machine learning techniques presents an exciting opportunity to
construct robust prognostic models that can capture the interplay
between inflammation and melanoma progression.

However, while the potential of multiomics and machine
learning approaches in melanoma research is promising, it is
essential to acknowledge their limitations. Data integration from
disparate sources can be challenging, necessitating careful
preprocessing and harmonization to ensure the validity of
findings. Additionally, the dynamic nature of the TME poses a
significant challenge in capturing its complexity accurately.
Moreover, despite their predictive power, prognostic models
developed through bioinformatics analysis may require validation
in independent cohorts to establish their clinical utility.

In this study, we present a novel approach that combines single-
cell sequencing analysis, bulk sequencing analysis, and machine
learning to construct an inflammation-related prognostic model in
cutaneous melanoma. By leveraging the strengths of these
technologies, we aim to gain a deeper understanding of the role

of inflammation in melanoma progression and develop a robust
prognostic tool that can guide clinical decision-making. Through
this integrated approach, we hope to contribute to the growing body
of knowledge in melanoma research and advance towards more
effective strategies for the management of this challenging
malignancy.

Materials and methods

Bulk RNA-seq data download

In this study, a total of four bulk sequencing datasets for
cutaneous melanoma were downloaded and utilized. These
datasets include The Cancer Genome Atlas (TCGA) cohort,
GSE19234 cohort, GSE22153 cohort, and GSE65904 cohort
(Bogunovic et al., 2009; Jönsson et al., 2010; Cabrita et al., 2020).
The “sva” method was applied to standardize the downloaded bulk
data, effectively mitigating any noticeable batch effects. Additionally,
we matched gene expression data with clinical survival data.
Log2 transformation was uniformly applied to all the data.

Single cell-seq data download

The single-cell sequencing data for cutaneous melanoma
(GSE115978) was obtained from the GEO database (https://www.
ncbi.nlm.nih.gov/geo/) in count format (Jerby-Arnon et al., 2018).
To standardize this data, both the “LogNormalize” and “vst”
methods were applied. High variable genes were selected using
the “FindVariableFeatures” function. Subsequently, PCA
(Principal Component Analysis) was performed for dimension
reduction, and the batch effects were mitigated using the
harmony function. Cell types were annotated based on highly
expressed markers within each cluster, and visualization was
carried out using t-SNE and UMAP techniques.

Source of inflammation-related genes

Inflammation-related genes were sourced from the Genecards
database (https://www.genecards.org). Using the search bar,
“inflammation” was entered as the keyword for retrieval. The top
100 genes ranked by their scores were exported (Supplementary
Table S1). These genes are considered highly relevant to
inflammation and will be used for subsequent analysis.

Cells were scored on inflammation-related
genes at the single-cell level

The gene expression score was initially computed for the
melanoma single-cell sequencing data GSE115978 using the
“AUCell” R package. Following this, the 100 genes related to
inflammation were extracted to derive inflammation-related area
under the curve (AUC) scores. These scores were then divided into
two groups, namely, the high-AUC group and the low-AUC group,
based on the median value. Differential gene expression analysis was
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FIGURE 1
Single-cell sequencing analysis identifies heterogeneity in inflammation-related genes in cutaneous melanoma. (A) t-SNE dimensionality reduction
clustering of single-cell data into 19 clusters. (B) Annotation of cell clusters, revealing cell types including B cells, CAFs, endothelial cells, macrophages,
Mal cells, NK cells, and T cells. (C) Identification of differentially expressed genes between the high-AUC and low-AUCgroups. (D,E) Spearman correlation
analysis identifies the top 150 genes correlated with inflammatory AUC scores. (F) GSVA analysis reveals differential enrichment pathways between
high-AUC and low-AUC groups.
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subsequently conducted to identify genes that exhibited differential
expression between these two groups. To explore the differential
enrichment pathways between the two groups, Gene set variation
analysis (GSVA) analysis was employed.

Spearman correlation analysis on
inflammatory genes in single cell
sequencing data

Once the individual cell inflammatory AUC scores were acquired,
the “cor.test” function was employed to perform Spearman
correlation analysis to identify genes correlated with these AUC
scores. Subsequently, the first 150 genes found to be associated
with the AUC scores were intersected with the differentially
expressed genes identified between the two AUC groups. This final
outcome was regarded as the most pertinent set of genes related to
inflammation in the single-cell sequencing data.

Weighted gene coexpression network
analysis (WGCNA)

In this study, we conducted a Weighted Gene Co-expression
Network Analysis (WGCNA) of a set of 100 inflammation-related
genes on TCGA melanoma dataset. Following data normalization,
we constructed a co-expression network using the “WGCNA” R
package, identified gene modules, and assessed their correlation
with inflammation-related traits. Hub genes within modules were
determined based on intramodular connectivity, and functional
annotation was performed to elucidate the biological processes
associated with these modules. This analysis aimed to uncover co-
expression patterns, potential key regulators, and functional
insights related to inflammation in the TCGA dataset. Finally,
we intersected the key genes in the key modules obtained by
WGCNA with the key genes in the single-cell sequencing data,
and the remaining genes were used to construct a
prognostic model.

FIGURE 2
Weighted Gene Co-expression Network Analysis (WGCNA) uncovers key inflammatory modules in cutaneous melanoma. (A) WGCNA identifies
gene modules, with the blue module showing a strong positive correlation with inflammation-related traits. (B,C) The blue module contains 3,162 genes
highly associated with inflammation. (D) Intersection of genes fromWGCNAwith those from single-cell sequencing analysis yields 46 genes for machine
learning models.
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Machine learning to construct
prognostic models

In this study, we employed a multi-step approach to construct
prognostic models using a selected set of genes derived from
unifactor COX regression analysis on the TCGA dataset and
applied machine learning techniques in three independent GEO
cohorts. First, unifactor COX regression analysis was conducted on
the TCGA dataset to identify genes strongly associated with
prognosis. Subsequently, a variety of machine learning

algorithms, including RSF, COXBoost, Enet, GBM, Lasso,
plsRcox, Ridge, StepCox, and Survivor-SVM, were utilized
individually and in combinations to construct prognostic models
(Wang Q. et al., 2023; Wang D. et al., 2023; Pei et al., 2023). During
the construction of the model, the TCGA cohort is used as the
training set and the three GEO cohort is used as the validation sets.
The Concordance Index (C-index) comparison of the models is
performed in validation sets. To assess the performance of these
models, the C-index was calculated for each model, ranking them
from high to low. The “ComplexHeatmap” package in R was used to
visualize the results, providing a comprehensive overview of the
prognostic model performance across different algorithms and their
combinations. This analysis aimed to identify the most effective
models for predicting prognosis in the context of the three GEO
cohorts, with the C-index serving as a key metric for evaluation.

Evaluation and validation of
prognostic models

The prognostic model was applied to multiple cohorts, including
the TCGA cohort, GSE19234, GSE22153, and GSE65904. For each
patient in these cohorts, a risk score was computed. Subsequently,
patients were categorized into high-risk and low-risk groups based
on the median value derived from these four cohorts. To assess
survival outcomes, we utilized the Kaplan-Meier method to generate
survival curves and conducted log-rank tests to establish statistical
significance. Furthermore, we developed a nomogram that
integrates the risk scores with various clinical characteristics to
predict survival probabilities at 1, 3, and 5 years. To gauge the
nomogram’s accuracy, we constructed calibration curves.
Additionally, we evaluated the model’s robustness by generating
ROC curves and calculating the area under the curve (AUC).

Analysis of immunity and mutation in tumor
microenvironment

To gain deeper insights into the prognostic model’s relevance in
the tumor microenvironment, we conducted immune and
mutational analyses, along with predicting differences in
immunotherapy response between the high-risk and low-risk
groups. These analyses were carried out within the TCGA cohort.
Initially, we divided patients in the TCGA cohort into high-risk and
low-risk groups based on their risk scores, which were previously
calculated. Next, we obtained data regarding immune cell
infiltration and matched patient groups with their respective
immune cell infiltration profiles. The results were then visualized
using the “pheatmap” R package. Similarly, we calculated the tumor
mutation load (TMB) in a manner analogous to the immune cell
infiltration analysis. TMB data from the TCGA cohort were linked
with the risk score groups to identify genes with high mutation rates.
Visualization was accomplished using the “ComplexHeatmap”
package. Furthermore, we utilized the “estimate” R package to
compute immune scores, stromal scores, Estimate scores, and
tumor purity for both the high-risk and low-risk groups. To
evaluate the potential efficacy of immunotherapy, we employed
immunotherapy data from the TCIA database to predict TCIA

FIGURE 3
Machine learning models for prognosis in cutaneous melanoma.
CoxBoost + GBM method yields the most significant prognostic
model with a C index of 0.604.
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scores for the high-risk and low-risk groups, thereby assessing
differences in immunotherapy response.

Cell culture and transfection

The human malignant melanoma cell lines, namely, A375 and
WM115, were sourced from the cell repository established by the
Type Culture Collection of the Chinese Academy of Sciences. These
cell lines were cultured in DMEM (Gibco BRL, Rockville, MD,
United States), complemented with 10% fetal bovine serum (FBS,
Gibco BRL, Rockville, MD, United States), and a 1% penicillin-
streptomycin solution. Incubation was carried out at 37°C in a 5%
CO2 environment.

To conduct gene knockdown experiments, small interfering
RNA (siRNA) and its corresponding negative control (NC) were
custom-synthesized on our behalf by Ribobio, based in Guangzhou,

China. The specific siRNA sequences targeting STAT1 can be found
in Supplementary Table S2. Subsequently, we performed
transfections on A375 and WM115 cells using Lipofectamine
3000, following the manufacturer’s instructions provided by
Invitrogen, situated in Carlsbad, CA, United States.

CCK8, clony formation, transwell assays

The evaluation of cell proliferation in both A375 and
WM115 cell lines involved the utilization of Cell Counting Kit 8
(CCK-8). Following transfection, cells were seeded into 96-well
plates overnight, with each well containing 2000 cells
(maintained at 37°C under 5% CO2). Subsequently, a mixture
comprising 10 µL of CCK-8 labeled reagent (A311-01, Vazyme,
Nanjing, China) and 90 µL of serum-free medium was added to the
cells. They were then incubated in darkness at 37°C for 2 h, and the

FIGURE 5
Nomogram construction and evaluation. (A) A nomogram integrating risk scores, gender, age, and stage predicts survival probabilities at 1, 3, and
5 years. (B) Calibration curves demonstrate the accuracy of the nomogram.

FIGURE 4
Survival analysis based on the prognostic model in multiple cohorts. High-risk and low-risk groups stratified by the model consistently show poorer
prognosis in the (A) TCGA cohort, (B) GSE19234 cohort, (C) GSE22153 cohort, and (D) GSE65904 cohort.
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absorbance at 450 nm was measured using an enzyme marker
(A33978, Thermo, Waltham, MA, United States).

For the clony formation assays, transfected A375 and
WM115 cells were cultured in 6-well plates for approximately
12 days. Following this incubation period, cells were subjected to
staining with 0.1% crystal violet for 30 min, followed by a PBS wash.
The colonies exceeding 1 mm in diameter were then enumerated.

Invasion andmigration assayswere executed by employing a 24-well
transwell chamber (BDBiosciences, Franklin Lakes, NJ, United States). In
the upper chamber, A375 cells were suspended in 200 µL of serum-free
medium, while the lower chamber contained 600 µL of medium
supplemented with 10% fetal bovine serum. After incubating for 48 h,
the cells that had penetrated the upper membrane surface were
meticulously removed. The remaining cells were fixed with 4%
paraformaldehyde and subjected to staining with 0.1% crystal violet
(Solarbio, Beijing, China). Following this, three distinct fields of viewwere
observed and quantified under a light microscope at ×200 magnification.

Statistical analysis

In R software (version 4.3.2), the analysis involved several steps.
Single-cell analysis was executed using the Seurat package, while the
assessment of gene heterogeneity associated with inflammation was
conducted through the AUCell method. Highly correlated genes
were identified using Spearman correlation analysis, and modules
linked to inflammation were pinpointed using the WGCNA
method. Prognostic models were constructed using machine
learning techniques such as RSF, COXBoost, Enet, GBM, Lasso,
plsRcox, Ridge, StepCox, and survival-SVM. Survival analysis was
performed using the Kaplan-Meier (K-M) method, and the
robustness of the models was assessed using ROC curves.

Throughout the study, all experiments were rigorously repeated
three times to ensure the reliability of the findings, and statistical
significance was determined with a threshold of p < 0.05.

Results

Single-cell sequencing analysis identified
the heterogeneity of inflammation-related
genes in cutaneous melanoma

Following harmony batch removal and tSNE dimensionality
reduction clustering, the entire cell population was segregated into
19 clusters, as depicted in Figure 1A. Subsequently, through the
annotation of characteristic genes within these clusters, they were
identified as B cells, cancer-associated fibroblasts (CAFs), endothelial
cells, macrophages, malignant (Mal) cells, NK cells, and T cells, as
illustrated in Figure 1B. To assess the activation of inflammation-related
genes at the single-cell level, AUCell analysis was employed, classifying
cells into either the high-AUC group or the low-AUC group based on
the median value. Notably, NK cells, T cells, and macrophages exhibited
elevated inflammation-related scores. Further analysis involved the
extraction of differentially expressed genes between the high-AUC
and low-AUC groups, as depicted in Figure 1C. Spearman
correlation analysis was conducted to pinpoint the top 150 genes
strongly associated with the inflammatory AUC score, as showcased
in Figures 1D, E. Subsequently, 67 geneswere selected for further analysis
through the intersection with the pool of differentially expressed genes.
The identification of differentially activated pathways between the high-
AUC and low-AUC groups was accomplished using GSVA analysis,
encompassing pathways such as allograft rejection and inflammatory
response, as presented in Figure 1F.

FIGURE 6
Receiver Operating Characteristic (ROC) curves for the prognostic model in the different cohorts. (A) The risk score and nomogram exhibit higher
AUC values compared to other clinical indicators for 1, 3, 5, and 7-year survival predictions in TCGA cohort. (B) Time-ROC curves in TCGA, GSE19234,
GSE22153, GSE65904 cohorts.
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Weighted Gene Coexpression Network
Analysis (WGCNA) identifies key
inflammatory modules in
cutaneous melanoma

WGCNA analysis of cutaneous melanoma revealed the clustering
of various genes into distinct modules, and their relationships with
inflammatory phenotypes were assessed. Notably, the blue module

exhibited the most robust positive correlation with inflammatory
phenotypes, as illustrated in Figures 2A–C. Consequently, a total of
3,162 genes within the blue module were identified by WGCNA as
highly associated with inflammation. Subsequently, the 3,162 genes
obtained from WGCNA were intersected with the 67 genes acquired
through single-cell sequencing analysis, resulting in the identification
of 46 genes for the construction of machine learning
models (Figure 2D).

FIGURE 7
Analysis of immune cell infiltration, tumormutation load, and immunotherapy response in the tumor microenvironment. (A) Immune cell infiltration
landscape showing potential higher infiltration in the low-risk group. (B) Genes mutation landscape. (C) Elevated expression of immune checkpoint-
related genes in the low-risk group. (D) TCIA scores indicating potential better immunotherapy response in the low-risk group. (E) Correlation of risk
score with stromal score, immune score, ESTIMATE score, and tumor purity.
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Machine learning is used to construct the
optimal prognostic model

Following the acquisition of the aforementioned 46 genes, the
identification of prognostic-related genes commenced with
univariate COX regression analysis. Subsequently, a prognostic
model was constructed using a combination of machine learning
algorithms, including RSF, COXBoost, Enet, GBM, Lasso, plsRcox,
Ridge, StepCox, and survival-SVM. After thorough evaluation, it
was determined that the CoxBoost + GBMmethod yielded the most
significant prognostic model, with a C index of 0.604 (Figure 3). This
prognostic model consists of six genes, namely, FCGR2A, TLR2,
STAT1, IFIT2, LAP3, and PARP14.

Survival analysis of the prognostic model

In the TCGA cohort, GSE19234 cohort, GSE22153 cohort, and
GSE65904 cohort, the application of this prognostic model enabled
the stratification of all patients into high-risk and low-risk groups.
Notably, across all four cohorts, a distinctly poorer prognosis was
consistently observed in the high-risk group, as depicted in Figures
4A–D (p < 0.05).

Nomogram construction and evaluation

Utilizing TCGA data, a nomogram was developed to assess the
1, 3, and 5-year survival probabilities of patients by incorporating
their risk scores, gender, age, and stage. The nomogram
demonstrated that the estimated survival rates for patients at 1,
3, and 5 years were 0.987, 0.919, and 0.863, respectively, as illustrated

in Figure 5A. The calibration curve further confirmed the accurate
performance of the nomogram, as depicted in Figure 5B.

Subsequently, ROC curves were generated for 1, 3, 5, and 7-year
survival predictions within the TCGA cohort. It was observed that
both the risk score and the nomogram exhibited higher AUC values
compared to other clinical indicators, affirming the robust predictive
capabilities of the prognostic model and the nomogram, as depicted
in Figure 6A. Furthermore, time-ROC curves spanning 1, 3, 5, 7, and
10 years were constructed to assess the accuracy of the prognostic
model in the TCGA cohort, GSE19234 cohort, GSE22153 cohort,
and GSE65904 cohort, demonstrating the model’s effectiveness, as
illustrated in Figure 6B.

Immune cell infiltration, tumor mutation
load, and immunotherapy evaluation in the
tumor microenvironment

In our analysis, we initially constructed the immune cell
infiltration landscape, distinguishing between the high-risk group
(left) and the low-risk group (right) as shown in Figure 7A. Notably,
it became evident that the low-risk group potentially exhibited a
higher level of immune cell infiltration. Further exploration of the
differences in Tumor Mutational Burden (TMB) between these two
groups unveiled genes with the highest mutation frequency, as
illustrated in Figure 7B. Investigating immune checkpoint-related
genes, we observed that the low-risk group displayed elevated
expression levels of immune checkpoint-related genes, suggesting
a potential advantage in terms of immunotherapy responsiveness, as
indicated in Figure 7C. Additionally, utilizing the TICA score, we
found that the low-risk group had a higher TCIA score, potentially
indicating a more favorable immunotherapy response, as depicted in
Figure 7D. Various scores related to the tumor microenvironment
revealed that the risk score exhibited a negative correlation with
stromal score, immune score, and ESTIMATE score, while
displaying a positive correlation with tumor purity (Figure 7E)
(*p < 0.05, ***p < 0.001).

The key gene STAT1 was found in protein-
protein interaction network and verified by
cell experiment

By constructing a Protein-Protein Interaction (PPI) network,
our analysis revealed that among the six model genes,
STAT1 occupied a central position within the network,
suggesting it may have a crucial hub role, as depicted in
Figure 8. Consequently, we chose to validate the function of
STAT1 in cutaneous melanoma through cellular experiments.
First, the Cell Counting Kit-8 (CCK-8) experiment demonstrated
a significant decrease in the activity of A375 and WM-115 cell lines
following STAT1 knockdown, as shown in Figure 9A(***p < 0.001).
Furthermore, clonal formation assays indicated a marked reduction
in colony formation ability for both A375 and WM-115 cell lines
after STAT1 knockdown, as illustrated in Figures 9B, C (**p < 0.01,
***p < 0.001). Transwell experiments revealed a significant decrease
in the migration ability of A375 and WM-115 cell lines upon
STAT1 knockdown, as depicted in Figures 9D, E (***p < 0.001).

FIGURE 8
Protein-Protein Interaction (PPI) network identifies STAT1 as a
hub gene. STAT1 occupies a central position within the network
among the six model genes.
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Discussion

In recent years, significant progress has been made in advancing our
understanding of the cutaneous melanoma tumor microenvironment
(TME) (Bagaev et al., 2021; Hodis et al., 2022; Zhou et al., 2022). This has
resulted in increased illumination of the complex interplay between
disease progression and inflammation (Denk and Greten, 2022).
Melanoma, a formidable malignancy prone to metastasis, has long
been linked to chronic inflammation within its microenvironment

(Zhang et al., 2020). Progress in research related to inflammation has
revealed a crucial aspect of melanoma biology, holding profound
implications for both diagnosis and treatment. In this discussion, we
will delve into the latest insights concerning the role of inflammation in
the melanoma TME and the potential for transformation through the
integration of multiomics analysis, machine learning, and functional
validation in comprehending and managing this challenging disease.

In this study, a groundbreaking approach was employed,
combining single-cell sequencing data with bulk transcriptome

FIGURE 9
Validation of STAT1 function through cellular experiments. (A)CCK-8 experiment shows decreased cell activity after STAT1 knockdown. (B,C)Clonal
formation assays reveal reduced colony formation ability upon STAT1 knockdown. (D,E) Transwell experiments demonstrate decreased cell migration
ability following STAT1 knockdown. (*p < 0.05, **p < 0.01, ***p < 0.001).
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data to investigate the heterogeneity and prognostic significance of
inflammation in cutaneous melanoma for the first time. The pivotal
aspect of single-cell sequencing lies in the identification of various
cellular clusters within the tumor microenvironment. This
underscores the inherent cellular heterogeneity present in
cutaneous melanoma and emphasizes the intricate interplay
between inflammation and the progression of the tumor. The
elevated inflammation-related scores observed in NK cells,
T cells, and macrophages indicate the central role played by
these immune cells in shaping the melanoma microenvironment.
Comprehending this diversity of cells and the inflammatory context
is essential for the development of targeted therapies and
immunotherapies.

Weighted Gene Coexpression Network Analysis (WGCNA)
reveals gene modules strongly associated with inflammation,
providing a systems-level view of molecular interactions driving
the inflammatory response in melanoma. Particularly, the blue
module stands out as a potential source of key genes
contributing to inflammation. These findings deepen our
understanding of molecular mechanisms underlying melanoma
and offer potential targets for therapeutic intervention aimed at
modulating the inflammatory response.

Developing a robust prognostic model using machine learning
algorithms represents a significant advancement in clinical
management of cutaneous melanoma. By integrating diverse
genomic data, this model offers a more precise and personalized
approach to prognosis prediction. It has the potential to aid
clinicians in stratifying patients into risk groups, enabling
tailored treatment strategies. This personalized approach may
lead to more effective therapies and improved patient outcomes.

Consistent validation of the prognostic model across multiple
cohorts highlights its reliability and generalizability. The nomogram
derived from this model is a valuable tool for estimating patient
survival probabilities, offering clinicians an accessible means of
assessing prognosis. Superior performance compared to
traditional clinical indicators underscores its potential for
integration into routine clinical practice, ultimately enhancing
patient care.

Analyzing immune cell infiltration, Tumor Mutational Burden
(TMB), and immune checkpoint-related genes within the tumor
microenvironment provides crucial insights into potential
immunotherapeutic strategies. Higher immune cell infiltration,
increased expression of immune checkpoint-related genes, and a
more favorable TCIA score in the low-risk group suggest that these
patients may be more responsive to immunotherapy. This finding
has significant implications for treatment decisions, guiding the
selection of immunotherapeutic approaches for melanoma patients.

Validation of STAT1 as a central hub gene in the protein-protein
interaction network, coupled with functional experiments,
underscores its potential as a therapeutic target in cutaneous
melanoma. The significant impact of STAT1 knockdown on
various cellular functions highlights its potential as a target for
future therapeutic interventions. Targeting genes like STAT1 could
lead to the development of more effective treatments that directly
impact melanoma cell behavior.

In conclusion, our study’s findings provide a deeper
understanding of cutaneous melanoma’s complexity and its

relationship with inflammation. These insights have direct
implications for diagnosis and treatment. Prognostic model and
nomogram offer a practical means of improving patient care
through personalized prognosis assessment. Additionally, insights
into the tumor microenvironment and validation of key genes like
STAT1 open avenues for development of targeted therapies,
immunotherapies, and potential biomarkers to guide clinical
decision-making in cutaneous melanoma management. However,
there are some limitations to our study. All sequencing data came
from public databases, and no patient data and survival data from
our center were analyzed. We will make additions in the future.

Data availability statement

The data presented in the study are deposited in the GEO
repository, accession number GSE115978, GSE19234, GSE22153,
and GSE65904.

Author contributions

FM: Investigation, Methodology, Project administration,
Software, Supervision, Validation, Writing–original draft,
Writing–review and editing. NW: Formal Analysis, Investigation,
Methodology, Software, Writing–original draft, Writing–review
and editing.

Funding

The author(s) declare that no financial support was received for
the research, authorship, and/or publication of this article.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fcell.2024.1401945/
full#supplementary-material

Frontiers in Cell and Developmental Biology frontiersin.org11

Mao and Wan 10.3389/fcell.2024.1401945

https://www.frontiersin.org/articles/10.3389/fcell.2024.1401945/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fcell.2024.1401945/full#supplementary-material
https://www.frontiersin.org/journals/cell-and-developmental-biology
https://www.frontiersin.org
https://doi.org/10.3389/fcell.2024.1401945


References

Arnold, M., Singh, D., Laversanne, M., Vignat, J., Vaccarella, S., Meheus, F., et al.
(2022). Global burden of cutaneous melanoma in 2020 and projections to 2040. JAMA
Dermatol. 158 (5), 495–503. PMID: 35353115; PMCID: PMC8968696. doi:10.1001/
jamadermatol.2022.0160

Bagaev, A., Kotlov, N., Nomie, K., Svekolkin, V., Gafurov, A., Isaeva, O., et al. (2021).
Conserved pan-cancer microenvironment subtypes predict response to
immunotherapy. Cancer Cell 39 (6), 845–865.e7. Epub 2021 May 20. PMID:
34019806. doi:10.1016/j.ccell.2021.04.014

Barry, K. C., Hsu, J., Broz, M. L., Cueto, F. J., Binnewies, M., Combes, A. J., et al.
(2018). A natural killer-dendritic cell axis defines checkpoint therapy-responsive tumor
microenvironments. Nat. Med. 24 (8), 1178–1191. Epub 2018 Jun 25. PMID: 29942093;
PMCID: PMC6475503. doi:10.1038/s41591-018-0085-8

Bogunovic, D., O’Neill, D. W., Belitskaya-Levy, I., Vacic, V., Yu, Y. L., Adams, S., et al.
(2009). Immune profile and mitotic index of metastatic melanoma lesions enhance
clinical staging in predicting patient survival. Proc. Natl. Acad. Sci. U. S. A. 106 (48),
20429–20434. PMID: 19915147. doi:10.1073/pnas.0905139106

Cabrita, R., Lauss, M., Sanna, A., Donia, M., Skaarup Larsen, M., Mitra, S., et al. (2020).
Tertiary lymphoid structures improve immunotherapy and survival in melanoma. Nature
577 (7791), 561–565. PMID: 31942071. doi:10.1038/s41586-019-1914-8

Chen, D., Zhang, X., Li, Z., and Zhu, B. (2021). Metabolic regulatory crosstalk between
tumor microenvironment and tumor-associated macrophages. Theranostics 11 (3),
1016–1030. PMID: 33391518; PMCID: PMC7738889. doi:10.7150/thno.51777

Denk, D., and Greten, F. R. (2022). Inflammation: the incubator of the tumor
microenvironment. Trends Cancer 8 (11), 901–914. Epub 2022 Jul 28. PMID:
35907753. doi:10.1016/j.trecan.2022.07.002

Granata, V., Simonetti, I., Fusco, R., Setola, S. V., Izzo, F., Scarpato, L., et al. (2022).
Management of cutaneous melanoma: radiologists challenging and risk assessment. Radiol.
Med. 127 (8), 899–911. Epub 2022 Jul 14. PMID: 35834109. doi:10.1007/s11547-022-01522-4

Hodis, E., Torlai Triglia, E., Kwon, J. Y. H., Biancalani, T., Zakka, L. R., Parkar, S., et al.
(2022). Stepwise-edited, human melanoma models reveal mutations’ effect on tumor
and microenvironment. Science 376 (6592), eabi8175. Epub 2022 Apr 29. PMID:
35482859; PMCID: PMC9427199. doi:10.1126/science.abi8175

Huuhtanen, J., Kasanen, H., Peltola, K., Lönnberg, T., Glumoff, V., Brück, O., et al.
(2023). Single-cell characterization of anti-LAG-3 and anti-PD-1 combination
treatment in patients with melanoma. J. Clin. Invest. 133 (6), e164809. PMID:
36719749; PMCID: PMC10014104. doi:10.1172/JCI164809

Iyengar, N. M., Gucalp, A., Dannenberg, A. J., and Hudis, C. A. (2016). Obesity and
cancer mechanisms: tumor microenvironment and inflammation. J. Clin. Oncol. 34
(35), 4270–4276. Epub 2016 Nov 7. PMID: 27903155; PMCID: PMC5562428. doi:10.
1200/JCO.2016.67.4283

Jerby-Arnon, L., Shah, P., Cuoco, M. S., Rodman, C., Su, M. J., Melms, J. C., et al.
(2018). A cancer cell program promotes T cell exclusion and resistance to checkpoint
blockade. Cell 175 (4), 984–997. PMID: 30388455. doi:10.1016/j.cell.2018.09.006

Jin, M. Z., and Jin, W. L. (2020). The updated landscape of tumor microenvironment
and drug repurposing. Signal Transduct. Target Ther. 5 (1), 166. PMID: 32843638;
PMCID: PMC7447642. doi:10.1038/s41392-020-00280-x

Jönsson, G., Busch, C., Knappskog, S., Geisler, J., Miletic, H., Ringnér, M., et al. (2010).
Gene expression profiling-based identification of molecular subtypes in stage IV
melanomas with different clinical outcome. Clin. Cancer Res. 16 (13), 3356–3367.
PMID: 20460471. doi:10.1158/1078-0432.CCR-09-2509

Lee, S. S., and Cheah, Y. K. (2019). The interplay between MicroRNAs and cellular
components of tumour microenvironment (TME) on non-small-cell lung cancer

(NSCLC) progression. J. Immunol. Res. 2019, 3046379. PMID: 30944831; PMCID:
PMC6421779. doi:10.1155/2019/3046379

Long, G. V., Swetter, S. M., Menzies, A. M., Gershenwald, J. E., and Scolyer, R. A.
(2023). Cutaneous melanoma. Lancet 402 (10400), 485–502. doi:10.1016/S0140-
6736(23)00821-8

Marzagalli, M., Ebelt, N. D., and Manuel, E. R. (2019). Unraveling the crosstalk
between melanoma and immune cells in the tumor microenvironment. Semin. Cancer
Biol. 59, 236–250. Epub 2019 Aug 9. PMID: 31404607. doi:10.1016/j.semcancer.2019.
08.002

Naulaerts, S., Datsi, A., Borras, D. M., Antoranz Martinez, A., Messiaen, J.,
Vanmeerbeek, I., et al. (2023). Multiomics and spatial mapping characterizes human
CD8+ T cell states in cancer. Sci. Transl. Med. 15 (691), eadd1016. Epub 2023 Apr 12.
PMID: 37043555. doi:10.1126/scitranslmed.add1016

Newell, F., Pires da Silva, I., Johansson, P. A., Menzies, A. M., Wilmott, J. S., Addala,
V., et al. (2022). Multiomic profiling of checkpoint inhibitor-treated melanoma:
identifying predictors of response and resistance, and markers of biological
discordance. Cancer Cell 40 (1), 88–102.e7. Epub 2021 Dec 23. PMID: 34951955.
doi:10.1016/j.ccell.2021.11.012

Patel, S. P., Othus, M., Chen, Y., Wright, G. P., Jr, Yost, K. J., Hyngstrom, J. R., et al.
(2023). Neoadjuvant-adjuvant or adjuvant-only pembrolizumab in advanced
melanoma. N. Engl. J. Med. 388 (9), 813–823. PMID: 36856617; PMCID:
PMC10410527. doi:10.1056/NEJMoa2211437

Pei, S., Zhang, P., Yang, L., Kang, Y., Chen, H., Zhao, S., et al. (2023). Exploring the
role of sphingolipid-related genes in clinical outcomes of breast cancer. Front. Immunol.
14, 1116839. PMID: 36860848; PMCID: PMC9968761. doi:10.3389/fimmu.2023.
1116839

Perez, M., Abisaad, J. A., Rojas, K. D., Marchetti, M. A., and Jaimes, N. (2022). Skin
cancer: primary, secondary, and tertiary prevention. Part I. J. Am. Acad. Dermatol. 87
(2), 255–268. Epub 2022 Feb 14. PMID: 35176397. doi:10.1016/j.jaad.2021.12.066

Wang, D., Pan, B., Huang, J. C., Chen, Q., Cui, S. P., Lang, R., et al. (2023b).
Development and validation of machine learning models for predicting prognosis and
guiding individualized postoperative chemotherapy: a real-world study of distal
cholangiocarcinoma. Front. Oncol. 13, 1106029. PMID: 37007095; PMCID:
PMC10050553. doi:10.3389/fonc.2023.1106029

Wang, K., Patkar, S., Lee, J. S., Gertz, E. M., Robinson, W., Schischlik, F., et al. (2022).
Deconvolving clinically relevant cellular immune cross-talk from bulk gene expression
using CODEFACS and LIRICS stratifies patients with melanoma to anti-PD-1 therapy.
Cancer Discov. 12 (4), 1088–1105. PMID: 34983745; PMCID: PMC8983586. doi:10.
1158/2159-8290.CD-21-0887

Wang, Q., Zhao, Y., Wang, F., and Tan, G. (2023a). Clustering and machine learning-
based integration identify cancer associated fibroblasts genes’ signature in head and
neck squamous cell carcinoma. Front. Genet. 14, 1111816. PMID: 37065499; PMCID:
PMC10098459. doi:10.3389/fgene.2023.1111816

Xu, L., Hu, Y., and Liu, W. (2022). Pyroptosis-mediated molecular subtypes are
characterized by distinct tumor microenvironment infiltration characteristics in breast
cancer. J. Inflamm. Res. 15, 345–362. PMID: 35079221; PMCID: PMC8779844. doi:10.
2147/JIR.S349186

Zhang, W., Borcherding, N., and Kolb, R. (2020). IL-1 signaling in tumor
microenvironment. Adv. Exp. Med. Biol. 1240, 1–23. PMID: 32060884. doi:10.1007/
978-3-030-38315-2_1

Zhou, W., Xu, X., Cen, Y., and Chen, J. (2022). The role of lncRNAs in the tumor
microenvironment and immunotherapy of melanoma. Front. Immunol. 13, 1085766.
PMID: 36601121; PMCID: PMC9806239. doi:10.3389/fimmu.2022.1085766

Frontiers in Cell and Developmental Biology frontiersin.org12

Mao and Wan 10.3389/fcell.2024.1401945

https://doi.org/10.1001/jamadermatol.2022.0160
https://doi.org/10.1001/jamadermatol.2022.0160
https://doi.org/10.1016/j.ccell.2021.04.014
https://doi.org/10.1038/s41591-018-0085-8
https://doi.org/10.1073/pnas.0905139106
https://doi.org/10.1038/s41586-019-1914-8
https://doi.org/10.7150/thno.51777
https://doi.org/10.1016/j.trecan.2022.07.002
https://doi.org/10.1007/s11547-022-01522-4
https://doi.org/10.1126/science.abi8175
https://doi.org/10.1172/JCI164809
https://doi.org/10.1200/JCO.2016.67.4283
https://doi.org/10.1200/JCO.2016.67.4283
https://doi.org/10.1016/j.cell.2018.09.006
https://doi.org/10.1038/s41392-020-00280-x
https://doi.org/10.1158/1078-0432.CCR-09-2509
https://doi.org/10.1155/2019/3046379
https://doi.org/10.1016/S0140-6736(23)00821-8
https://doi.org/10.1016/S0140-6736(23)00821-8
https://doi.org/10.1016/j.semcancer.2019.08.002
https://doi.org/10.1016/j.semcancer.2019.08.002
https://doi.org/10.1126/scitranslmed.add1016
https://doi.org/10.1016/j.ccell.2021.11.012
https://doi.org/10.1056/NEJMoa2211437
https://doi.org/10.3389/fimmu.2023.1116839
https://doi.org/10.3389/fimmu.2023.1116839
https://doi.org/10.1016/j.jaad.2021.12.066
https://doi.org/10.3389/fonc.2023.1106029
https://doi.org/10.1158/2159-8290.CD-21-0887
https://doi.org/10.1158/2159-8290.CD-21-0887
https://doi.org/10.3389/fgene.2023.1111816
https://doi.org/10.2147/JIR.S349186
https://doi.org/10.2147/JIR.S349186
https://doi.org/10.1007/978-3-030-38315-2_1
https://doi.org/10.1007/978-3-030-38315-2_1
https://doi.org/10.3389/fimmu.2022.1085766
https://www.frontiersin.org/journals/cell-and-developmental-biology
https://www.frontiersin.org
https://doi.org/10.3389/fcell.2024.1401945

	Creating a multifaceted prognostic model for cutaneous melanoma: the convergence of single-cell and bulk sequencing with ma ...
	Introduction
	Materials and methods
	Bulk RNA-seq data download
	Single cell-seq data download
	Source of inflammation-related genes
	Cells were scored on inflammation-related genes at the single-cell level
	Spearman correlation analysis on inflammatory genes in single cell sequencing data
	Weighted gene coexpression network analysis (WGCNA)
	Machine learning to construct prognostic models
	Evaluation and validation of prognostic models
	Analysis of immunity and mutation in tumor microenvironment
	Cell culture and transfection
	CCK8, clony formation, transwell assays
	Statistical analysis

	Results
	Single-cell sequencing analysis identified the heterogeneity of inflammation-related genes in cutaneous melanoma
	Weighted Gene Coexpression Network Analysis (WGCNA) identifies key inflammatory modules in cutaneous melanoma
	Machine learning is used to construct the optimal prognostic model
	Survival analysis of the prognostic model
	Nomogram construction and evaluation
	Immune cell infiltration, tumor mutation load, and immunotherapy evaluation in the tumor microenvironment
	The key gene STAT1 was found in protein-protein interaction network and verified by cell experiment

	Discussion
	Data availability statement
	Author contributions
	Funding
	Conflict of interest
	Publisher’s note
	Supplementary material
	References


