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Background: Cutaneous melanoma (CM) is a highly aggressive skin malignancy with marked molecular 
heterogeneity and poor prognosis. Pyroptosis, an inflammatory form of programmed cell death, has been
implicated in tumor progression and immune regulation; however, its prognostic value in CM remains
incompletely understood.
Results: Gene expression data from the Gene Expression Omnibus (GEO) and The Cancer Genome Atlas 
skin cutaneous melanoma (TCGA-SKCM) cohorts were analyzed to identify pyroptosis-related differen-
tially expressed genes (PRGs). Eight CM-associated PRGs were identified through integrated differential 
expression and intersection analyses. Functional enrichment analyses revealed that these genes were 
involved in inflammatory responses, immune regulation, and cell cycle-related pathways. A prognostic 
model was constructed using univariate Cox and least absolute shrinkage and selection operator 
(LASSO) regression analyses in the TCGA-SKCM cohort. Six PRGs were incorporated into the prognostic
signature, of which ISG15, GZMB, and EGFR were independently associated with patient survival. The
model demonstrated good predictive performance, as confirmed by receiver operating characteristic
curves, Kaplan-Meier survival analysis, calibration plots, and decision curve analysis at 1-, 3-, and
5-year time points. Immune infiltration analysis revealed that ISG15, GZMB, and EGFR expression were
positively correlated with the enrichment of multiple immune cell populations. Mutation profiling

https://doi.org/10.1016/j.ejbt.2026.100709
http://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:gggzhenhua@hotmail.com
mailto:jjfeng1971@outlook.com
https://doi.org/10.1016/j.ejbt.2026.100709
http://www.sciencedirect.com/science/journal/07173458
http://www.elsevier.com/locate/ejbt
http://crossmark.crossref.org/dialog/?doi=10.1016/j.ejbt.2026.100709&domain=pdf


Y. Jiang, Y. Chen, S. Gao et al. Electronic Journal of Biotechnology 81 (2026) 100709
How to cite: Jiang Y, Chen Y, Gao S, et al. Identification and validation of a pyroptosis-relevant model for
the prognosis of cutaneous melanoma. Electron J Biotechnol 2026;81. https://doi.org/10.1016/j.ejbt.2026.
100709.

further supported the clinical relevance of these prognostic genes.
Conclusions: In summary, we developed a pyroptosis-related prognostic model for cutaneous melanoma 
and identified ISG15, GZMB, and EGFR as clinically relevant prognostic biomarkers. Our findings enhance
the understanding of pyroptosis-associated molecular mechanisms in CM and support their potential
utility in prognostic stratification.

© 2026 The Author(s). Published by Elsevier Inc. on behalf of Pontificia Universidad Católica de Val-
paraíso. This is an open access article under the CCBY-NC-ND license (http://creativecommons.org/licenses/ 

by-nc-nd/4.0/).
1. Introductio n

Cutaneous melanoma (CM), arising from the malignant trans-
formation of melanocytes, is one of the most aggressive forms of
skin cancer [1]. Although CM accounts for approximately 4% of 
all skin cancer cases, it is responsible for nearly 75% of skin can-
cer–related deaths [2]. Early-stage melanoma can often be effec-
tively treated by surgical excision, particularly when the primary 
tumor is thin. However, therapeutic options for metastatic mela-
noma remain limited. Despite significant advances in targeted 
therapies and immunotherapies, either alone or in combination,
intrinsic and acquired resistance to treatment, as well as
treatment-related adverse effects, continue to pose significant clin-
ical challenges [3,4,5,6]. 

The pronounced biological heterogeneity of melanoma is a key 
factor underlying therapeutic resistance and variable clinical out-
comes [7,8]. With ongoing advances in gene sequencing technolo-
gies, attention has increasingly focused on molecular and 
epigenetic mechanisms in tumor research. Given the complexity 
of the molecular processes influencing CM progression and prog-
nosis, polygenic models are generally more accurate than single-
gene markers for prognostic prediction [9,10,11]. Therefore, identi-
fying reliable prognostic gene signatures is essential for risk strat-
ification, individualized treatment planning, and survival
prediction in patients with CM.

Pyroptosis, also known as inflammatory programmed cell 
death, is characterized by cell swelling, membrane rupture, and
the release of intracellular contents, leading to a robust inflamma-
tory response [12]. Accumulating evidence suggests that under 
chronic inflammatory conditions, pyroptosis-associated signaling 
may contribute to tumor initiation and progression, while also pro-
moting immune-mediated tumor cell death in certain contexts
[13]. Cao et al. previously reported a pyroptosis-related gene signa-
ture capable of predicting survival outcomes in patients with skin
cutaneous melanoma [14]. However, the relationships among 
pyroptosis-associated molecular features, temporal dynamics, 
and clinical outcomes remain incompletely understood. Further 
investigation into the roles of pyroptosis-related genes (PRGs) 
and their interactions with the tumor immune microenvironment
is therefore warranted. Such studies may improve prognostic
assessment and provide insights into novel therapeutic strategies
for CM [15]. 

Several pyroptosis-related prognostic signatures for mela-
noma have been reported; however, most were derived from a 
single cohort or platform and may thus reflect cohort-specific 
effects. In addition, previous models rarely required reproducibil-
ity of differentially expressed genes across multiple independent 
datasets, and immune-microenvironment validation was often
limited. To address these gaps, we integrated three independent
Gene Expression Omnibus (GEO) cohorts with The Cancer Gen-
ome Atlas skin cutaneous melanoma (TCGA-SKCM) cohort and
focused on intersecting differentially expressed genes (DEGs)
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that were consistently dysregulated across platforms. We further 
constructed two complementary prognostic frameworks, includ-
ing an immune-linked model, and evaluated clinical utility by 
decision curve analysis, thereby providing a more generalizable 
and biologically contextualized pyroptosis-relevant prognosis
system for CM. Together, this strategy provides a more general-
izable and biologically contextualized prognostic system for
pyroptosis in CM.

2. Materials and methods

2.1. Data extraction

Gene expression microarray datasets were obtained from the 
Gene Expression Omnibus (GEO) database (https://www.ncbi. 
nlm.nih.gov/geo/), including GSE15605 (58 melanoma, 16 normal), 
GSE46517 (104 melanoma, 7 normal), and GSE114445 (16 mela-
noma, 6 normal). These datasets were downloaded using default 
GEO query settings. Transcriptomic and clinical data for skin cuta-
neous melanoma were obtained from TCGA-SKCM using the
TCGAbiolinks R package with default parameters [16]. We acquired 
473 CM samples, each containing comprehensive clinical data. 
Normalized FPKM expression values and corresponding clinical
data were retrieved from the UCSC Xena platform (https://xenab-
rowser.net/) [17]. The count sequencing data and associated clini-
cal information from the CM dataset (TCGA-SKCM) were
normalized using the limma package [18]. PRGs were collected 
from GeneCards (https://www.genecards.org/) [19] (https:// 
www.genecards.org/) and the Molecular Signatures Database
(MSigDB) (https://www.gsea-msigdb.org/) using the keyword ‘‘py-
roptosis” and default search settings. After removing duplicates,
598 candidate PRGs were retained [20]. 

2.2. CM-related differentially expressed genes

To identify DEGs associated with CM, the GEO microarray data-
sets GSE15605, GSE46517, and GSE114445 were normalized and 
analyzed using the limma package in R with default normalization 
and linear modeling procedures. Limma was selected because it is 
specifically designed for microarray-based expression analysis and 
has been widely validated for differential expression studies [18]. 
Differential expression analysis was conducted by fitting linear 
models and applying empirical Bayes moderation. Genes with an 
absolute log2 fold change (|log2FC|) > 1 and an adjusted p-value 
(Benjamini–Hochberg correction) < 0.05 were defined as signifi-
cantly differentially expressed. Genes with log2FC > 1 were consid-
ered upregulated, whereas genes with log2FC < −1 were 
considered downregulated. To identify pyroptosis-related DEGs 
associated with CM, DEGs common to the three GEO datasets were 
determined using Venn diagram analysis. These overlapping DEGs 
were further intersected with PRGs to obtain CM-associated
pyroptosis-related DEGs. Differential expression results were
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visualized using ggplot2 to generate volcano plots and pheatmap 
to construct heatmaps, both using default visualization
parameters.

2.3. Functional enrichment analysis of differentially expressed PRGs

Differentially expressed PRGs were subjected to functional 
enrichment analysis. Gene Ontology (GO) enrichment analysis, 
including biological process (BP), cellular component (CC), and
molecular function (MF), was performed using the clusterProfiler
package in R with default parameters [21,22]. p-values were 
adjusted using the Benjamini–Hochberg method, and terms with 
adjusted p < 0.05 were considered statistically significant. The clus-
terProfiler package was selected because it is a widely used and
well-validated tool for functional enrichment analysis in transcrip-
tomic studies [22]. 

2.4. GSEA and GSVA

Gene Set Enrichment Analysis (GSEA) was performed to evalu-
ate whether predefine d gene sets showed statistically significant
differences between biological phenotypes [23]. In this study, phe-
notypic grouping was defined as tumor versus normal samples 
within each GEO dataset (GSE15605, GSE46517, and GSE114445), 
based on their original clinical annotations. Genes were ranked
according to their differential expression between the two
phenotypes.

GSEA was conducted using the clusterProfiler package with 
default settings, except where specified. The following parameters 
were applied: 1000 permutations, minimum gene set size of 10, 
and maximum gene set size of 500. These gene set size thresholds
are recommended to avoid instability caused by excessively small
gene sets and dilution effects from overly large gene sets and are
consistent with the original GSEA methodology [23]. p-values were 
adjusted using the Benjamini–Hochberg method, and gene sets 
with adjusted p < 0.05 were considered significantly enriched.
The c2.cp.v7.2.symbols gene set was obtained from the Molecular
Signatures Database (MSigDB) [20]. 

Gene Set Variation Analysis (GSVA) was performed using the 
GSVA R package with default kernel estimation and normalization
parameters [24]. GSVA is an unsupervised, nonparametric method 
that estimates pathway activity at the individua l-sample level,
enabling comparison of pathway enrichment between tumor and
normal samples [24]. The h.all.v7.4.symbols.gmt gene set from 
MSigDB was used to assess pathway activity differences between
cutaneous melanoma tissues and normal skin tissues in the
GSE15605 dataset.

2.5. Tumor microenviron ment analysis

The relative abundance of tumor-infiltrating immune cells was 
estimated using the single-sample gene set enrichment analysis 
(ssGSEA) method implemented in R with default parameters. Pre-
defined immune cell gene signatures were used to calculate
enrichment scores, which represent the relative infiltration levels
of each immune cell type in individual samples [25,26]. The asso-
ciation between pyroptosis-related DEG expression and immune 
cell infiltration was analyzed in the TCGA-SKCM cohort. Immune 
infiltration differences between cutaneous melanoma and normal
skin samples in the GSE15605 dataset were visualized using the
ggplot2 package with default plotting parameters.

2.6. Construction of protein–protein interaction (PPI) networks

Protein–protein interaction (PPI) data for pyroptosis-related 
differentially expresse d genes were obtained from the STRING
3

database (https://string-db.org/). The database was queried using 
default evidence sources with a minimum interaction confidence 
score of 0.4 (medium confidence), a commonly used threshold that
balances interaction reliability and network coverage [27]. The 
resulting PPI network was imported into Cytoscape (offline) for 
visualization and network analysis, using default layout
parameters.

2.7. The creation of interaction networks involving mRNA-RBP, mRNA-
TF, and mRNA-drug associations

To explore the post-transcriptional and transcriptional regula-
tory mechanisms of pyroptosis-related differentially expressed 
genes (DEGs), interaction networks involving mRNA–RNA-
binding protein (RBP) and mRNA–transcription factor (TF) associa-
tions were constructed. mRNA–RBP interactions were obtained
from the starBase database (https://starbase.sysu.edu.cn/), which 
integrates experimentally validated CLIP-seq and degradome
sequencing data [28]. Default query parameters were applied. 
The miRNA Target Prediction Database (miRDB) was used as a sup-
plementary resource for RBP-related annotation [29]. 

Transcription factor–gene interactions were identified using the
CHIPBase database [30] (version 2.0; https://rna.sysu.edu.cn/chip-
base/) and the hTFtarget database [9] (https://bioinfo.life.hust. 
edu.cn/hTFtarget), both queried with default parameters. These 
analyses were performed to characterize potential upstream tran-
scriptional regulators of pyroptosis-related DEGs.

In addition, mRNA–drug interaction analysis was conducted 
solely as an exploratory, hypothesis-generating analysis to deter-
mine whether identified prognostic genes have known interactions 
with existing drugs that could potentially influence gene expres-
sion in real-world clinical settings (e.g., patients with comorbidi-
ties receiving pharmacological treatment). Importantly, this
analysis does not imply therapeutic recommendations and does
not affect the diagnostic or prognostic model developed in this
study. mRNA–drug interactions were retrieved from the Drug–
Gene Interaction Database (DGIdb) (https://www.dgidb.org/) using 
default query settings [31]. All interaction networks (mRNA–RBP, 
mRNA–TF, and mRNA–drug) were visualized in Cytoscape using
default layout parameters.

2.8. ROC assessment

Receiver operating characteristic (ROC) curve analysis was per-
formed to evaluate the prognostic performance of pyroptosis-
related DEGs [32]. ROC curves and corresponding areas under the 
curve (AUCs) were generated using the survivalROC R package 
with default parameters. The AUC was used as a measure of dis-
criminative ability, reflecting the balance between sensitivity and
specificity. In accordance with commonly accepted clinical inter-
pretation guidelines, AUC values closer to 1.0 indicate stronger dis-
criminative performance, whereas values near 0.5 indicate limited
predictive ability [32,33]. These interpretations are widely applied 
in biomedical and clinical prognostic studies.

2.9. Analysis of clinical associations

Univariate Cox proportional hazards regression analysis was 
performed to evaluate the association between pyroptosis-
related DEGs and patient prognosis in cutaneous melanoma 
(CM). Variables with p-values < 0.1 in univariate analysis were 
selected for inclusion in multivariate Cox regression models, a 
commonly used threshold to avoid excluding potentially relevant 
prognostic factors in multivariable modeling. Cox regression anal-
yses were conducted using the survival R package with default
parameters. Based on the results of the multivariate Cox regression
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analysis, a prognostic nomogram was constructed to estimate 1-, 
3-, and 5-year survival probabilities for CM patients using standard
nomogram construction methods.

The predictive performance of the nomogram was evaluated 
using calibration curves, which compare predicted survival proba-
bilities with observed outcomes. Calibration analysis was per-
formed using default settings. In addition, decision curve analysis 
(DCA) was conducted to assess the clinical utility of the prognostic
model by quantifying net benefit across a range of threshold prob-
abilities. DCA was implemented using the ggDCA R package with
default parameters [34]. To further investigate the relationships 
among gene expression levels, clinicopathological characteristics, 
and patient outcomes, differential expression analyses of 
pyroptosis-related prognostic biomarkers were conducted within 
the TCGA-SKCM cohort. Associations between biomarker expres-
sion and clinical variables were evaluated across multiple parame-
ters. Survival outcomes, including overall survival (OS), disease-
specific survival (DSS), and progression-free interval (PFI), were
analyzed to determine the prognostic relevance of these
biomarkers.

2.10. Gene mutation and single-gene analyses

Gene mutation profiles of pyroptosis-related prognostic differ-
entially expressed genes (DEGs) were analyzed using the cBioPor-
tal for Cancer Genomics database (https://www.cbioportal.org/). 
Mutation data from the TCGA-SKCM cohort were queried and visu-
alized using default filtering and visualization parameters provided
by cBioPortal [23]. Protein expression patterns and single-cell 
expression profiles of pyroptosis-related prognostic biomarkers 
were examined using the Human Protein Atlas (HPA) database
(https://www.proteinatlas.org/) [35]. Tissue-level protein expres-
sion and single-cell RNA expression data were retrieved using 
default query settings. These analyses were performed to further
characterize the expression distribution of prognostic genes in
human tissues and skin cell populations.

2.11. Statistical analysis

All statistical analyses were performed in R (version 4.1.2) using 
appropriate packages and default parameter settings, unless other-
wise specified. Comparisons between two groups were conducted 
using the Wilcoxon rank-sum test, while comparisons among more 
than two groups were performed using the Kruskal–Wallis test. 
Survival analyses, including overall survival (OS), disease-specific
survival (DSS), and progression-free interval (PFI), were conducted
using Kaplan–Meier survival curves, and statistical differences
between groups were evaluated using the log-rank test. A two-
sided p-value < 0.05 was considered statistically significant. A
schematic overview of the analysis workflow is presented in Fig. 1.
3. Results 

3.1. Gene expression analysis in CM

Gene expression profiles were systematically analyzed to iden-
tify DEGs between CM tissues and normal skin tissues across three 
independent GEO datasets (GSE15605, GSE46517, and 
GSE114445). Following normalization, differential expression anal-
ysis was performed using the limma framework, and genes meet-
ing the criteria of |log2 fold change (FC)| > 1 and adjusted p-
value < 0.05 were considered statistically significant. In the
GSE15605 dataset, 18,469 genes were analyzed, of which 2813
were identified as differentially expressed. Among these, 987 genes
were upregulated, and 1826 genes were downregulated in
4

melanoma tissues compared with normal skin tissues. The overall 
distribution and magnitude of differential expression are illus-
trated in the volcano plot shown in Fig. 2A.

Analysis of the GSE46517 dataset identified 625 DEGs from 
12,549 analyzed genes, including 188 upregulated genes and
437 downregulated genes. The corresponding volcano plot is
presented in Fig. 2B, demonstrating a distinct separation 
between differentially expressed and non-differentially expressed 
genes. Similarly, in the GSE114445 dataset, 473 DEGs were iden-
tified among 21,656 analyzed genes, including 270 upregulated
and 203 downregulated genes. The results of the differential
expression analysis for this dataset are visualized in Fig. 2C.  To
identify robust CM-associated transcriptional alterations, we next 
examined the overlap of DEGs across all three GEO datasets.
Venn diagram analysis revealed 124 common DEGs shared
among GSE15605, GSE46517, and GSE114445 (Fig. 2D), indicat-
ing a conserved gene expression signature associated with cuta-
neous melanoma across independent cohorts. To investigate the 
involvement of pyroptosis in CM, the shared DEGs were inter-
sected with a curated list of PRGs. This integrative analysis iden-
tified eight pyroptosis-related DEGs: MMP1, FGFR3, SPP1, CXCL8,
EGFR, GZMB, LRP4, and ISG15 (Fig. 2E). These genes represent 
potential molecular links between pyroptosis and melanoma
pathogenesis.

The expression patterns of these eight pyroptosis-related DEGs 
were further examined across the three GEO datasets. Heatmap 
visualization demonstrat ed consistent and distinct expression dif-
ferences between melanoma and normal skin samples in
GSE15605 (Fig. 2F), GSE46517 (Fig. 2G), and GSE114445 
(Fig. 2H). The concordant expression trends observed across inde-
pendent datasets underscore the robustness of these pyroptosis-
associated genes in CM and provide a strong foundation for subse-
quent functional and prognostic analyses.
3.2. Analysis of functional pathways involving pyroptosis-related DEGs

To characterize the functional roles of pyroptosis-related 
DEGs in CM, GO enrichment analysis was performed, including
BP, CC, and MF categories (Table 1). Enriched GO terms were 
identified using thresholds of adjusted p < 0.05 and 
FDR < 0.05. BP enrichment analysis demonstrated that the eight 
pyroptosis-related DEGs were significantly associated with pro-
cesses such as ossification, regulation of protein localization to
the membrane, response to UV-A radiation, biomineral tissue
development, and biomineralization (Fig. 3A). These processes 
are closely related to skin homeostasis and melanoma biology, 
particularly UV-induced cellular stress responses and alterations 
in extracellular matrix remodeling and membrane-associated sig-
naling, which are known contributors to CM initiation and
progression.

In the MF category, the enriched terms were predominantly 
related to transmembrane receptor protein tyrosine kinase activity 
and transmembrane receptor protein kinase activity (Fig. 3 B). 
These molecular functions are essential for intracellular signal 
transduction, tumor cell proliferation, and immune-related signal-
ing, suggesting that pyroptosis-related DEGs may influence CM 
progression through receptor-mediated pathways. Network-
based visualization of GO enrichment further illustrated the func-
tional interconnections among enrich ed BP and MF terms. The BP
enrichment network (Fig. 3 C) and MF enrichment netw ork
(Fig. 3 D) revealed coordinated involvement of pyroptosis-related 
DEGs in membrane-associated signaling, stress-response path-
ways, and immune-related processes, supporting their potential 
roles in inflammatory signaling and tumor-microenvironment
interactions in CM.

https://www.cbioportal.org/
https://www.proteinatlas.org/
move_f0005
move_f0010
move_t0005
move_f0015


Y. Jiang, Y. Chen, S. Gao et al. Electronic Journal of Biotechnology 81 (2026) 100709

Fig. 1. Workflow. DEGs: differentially expressed genes, GO: Gene Ontology, GSEA: gene set enrichment analysis, PPI network: protein–protein interaction network, RBP: RNA
binding protein, TFs: transcription factors, LASSO: least absolute shrinkage and selection operator, GSVA: gene set variation analysis.
3.3. GSEA identifies cell cycle dysregulation and inflammation-
associated signaling in CM

GSEA was performed to further investigate pathway-level dif-
ferences associated with DEG expression patterns in CM across 
the GSE15605, GSE46517, and GSE114445 datasets. Significantly 
enriched gene sets were identified using thresholds of p < 0.05 
and FDR < 0.05. In the GSE15605 dataset, enriched gene sets were
primarily associated with epidermal differentiation and cell cycle
regulation, including formation of the cornified envelope,
keratinization, mitotic spindle checkpoint, separation of sister
5

chromatids, and resolution of sister chromatid cohesion
(Fig. 4B–F; Table 2). These pathways reflect dysregulated prolifer-
ation and aberrant differentiation processes characteristic of mela-
noma progression.

Consistent enrichment patterns were observed in the GSE46517 
dataset, in which DEGs were significantly associated with M-phase 
progression, mitotic metaphase and anaphase, formation of the 
cornified envelope, keratinization, a nd sister chromatid separation
(Fig. 4H– L; Table 3). The recurrence of these pathways across 
independent datasets highlights conserved alterations in cell cycle 
control and epidermal structure in CM. Notably, the GSE114445
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Fig. 2. Analysis of metabolically related differential genes in CM. A, B, C Differential gene analysis volcano plot of CM tissues (group: tumor) and adjacent normal tissues 
(group: normal) of GSE15605 (A), GSE46517 (B), and GSE114445 (C) datasets. (D) Venn diagram of DEGs in GSE15605, GSE46517, and GSE114445 datasets. E Venn diagram of
common DEGs (dataset DEGs) and pyroptosis-related genes in the dataset. F, G, H Complex numerical heatmaps of pyroptosis-related DEGs in GSE15605 (F), GSE46517 (G),
and GSE114445 (H) datasets. CM: cutaneous melanoma, DEGs: differentially expressed genes.
dataset demonstrated enrichment for pathways closely linked to 
the tumor microenvironment and inflammatory responses, includ-
ing matrisome-associated pathways, secreted factors, allograft
rejection, and signaling for proinflammatory and profibrotic medi-
ators (Fig. 4N–R; Table 4). These results suggest that, in addition to 
proliferative dysregulation, pyroptosis-related DEGs are involved 
in extracellular matrix remodeling, immune activation, and 
inflammation-related processes in CM. Collectively, GSEA across 
three independent datasets revealed both shared and dataset-
specific enrichment patterns, indicating that pyroptosis-related
transcriptional alterations in CM are associated with cell cycle dys-
regulation, epidermal remodeling, and inflammation-related sig-
6

naling pathways, supporting their biological relevance in
melanoma development and progression.

3.4. Establishment of the PPI, mRNA-RBP, mRNA-TF, and mRNA-drug
interaction maps

To explore the interaction landscape of pyroptosis-related DEGs 
in CM, a PPI network was constructed using the STRING database 
with a confidence threshold of 0.4 a nd visualized in Cytoscape
(Fig. 5 A). Among the eight pyroptosis-related DEGs, seven genes 
(MMP1, FGFR3, SPP1, CXCL8, EGFR, GZMB, and ISG15) formed an 
interconnected network. Network topology analysis indicated that
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Table 1 
GO enrichment analysis results of pyroptosis-related differentially expressed genes.

Ontology ID Description Gene ratio Bg ratio p-value p. adjust q value 

BP GO:0001503 Ossification 5/8 420/18800 2.87948E-07 0 6.85013E-05 
BP GO:1905477 positive regulation of protein localization to membrane 3/8 103/18800 8.76728E-06 0.002 0.001 
BP GO:0070141 response to UV-A 2/8 14/18800 1.43823E-05 0.002 0.001 
BP GO:0031214 biomineral tissue development 3/8 170/18800 3.9348E-05 0.003 0.001 
BP GO:0110148 biomineralization 3/8 172/18800 4.07453E-05 0.003 0.001 
BP GO:1905475 regulation of protein localization to membrane 3/8 172/18800 4.07453E-05 0.003 0.001 
BP GO:0050730 regulation of peptidyl-tyrosine phosphorylation 3/8 261/18800 0 0.01 0.004 
BP GO:0010518 positive regulation of phospholipase activity 2/8 55/18800 0 0.014 0.006 
BP GO:0019058 viral life cycle 3/8 317/18800 0 0.014 0.006 
BP GO:0051205 protein insertion into membrane 2/8 60/18800 0 0.014 0.006 
MF GO:0004714 transmembrane receptor protein tyrosine kinase activity 2/8 60/18410 0 0.011 0.003 
MF GO:0019199 transmembrane receptor protein kinase activity 2/8 79/18410 0 0.011 0.003 
MF GO:0004713 protein tyrosine kinase activity 2/8 135/18410 0.001 0.016 0.005 
MF GO:0019838 growth factor binding 2/8 139/18410 0.001 0.016 0.005 
MF GO:0005178 integrin binding 2/8 156/18410 0.001 0.016 0.005 
MF GO:0004252 serine-type endopeptidase activity 2/8 174/18410 0.002 0.016 0.005 
MF GO:0008236 serine-type peptidase activity 2/8 191/18410 0.002 0.016 0.005 
MF GO:0017171 serine hydrolase activity 2/8 195/18410 0.002 0.016 0.005 
MF GO:0005125 cytokine activity 2/8 235/18410 0.004 0.021 0.006 
MF GO:0031386 protein tag 1/8 13/18410 0.005 0.024 0.007
MMP1 had the highest degree of connectivity, making it the most 
central hub gene within the PPI network, while EGFR, CXCL8, and 
SPP1 also displayed multiple interactions, though to a lesser 
extent. To further characterize post-transcriptional regulation, an 
mRNA–RBP interaction network was constructed based on star-
Base data. This network comprised seven mRNAs, 297 RBPs, and
151 mRNA–RBP interaction pairs, highlighting extensive post-
transcriptional regulatory potential for pyroptosis-related DEGs
(Fig. 5B; Table S1).

Transcriptional regulatory relationships were examined using 
CHIPBase and hTFtarget databases. Integration of these datasets 
identified 339 TFs interacting with pyroptosis-related DEGs, and
the resulting mRNA–TF network was visualized in Cytoscape
(Fig. 5C). Consistent with the PPI analysis, MMP1 demonstrated 
the highest number of TF interactions, with 37 mRNA–TF interac-
tion pairs, suggesting a prominent role in upstream transcriptional
regulation (Table S2). 

In addition, mRNA–drug interaction analysis was performed as 
an exploratory assessment of known drug–gene associations. 
Using DGIdb, 406 potential drugs or small molecules interacting
with seven pyroptosis-related DEGs were identified (Fig. 5D; 
Table S3). Notably, EGFR was associated with the largest number 
of drug interactions (n = 158), reflecting its well-characterized 
pharmacological relevance. This analysis was intended to provide
contextual information on known gene–drug relationships and
does not imply therapeutic application within the scope of the cur-
rent diagnostic-focused study.

3.5. Development of a prognostic model for differentially expressed 
genes associated with pyroptosis and GSVA

To construct a robust prognostic model for CM, LASSO regres-
sion was applied to the eight pyroptosis-related DEGs in the
TCGA-SKCM cohort (Fig. 6A). Unlike conventional regression mod-
els, which include all candidate variables and may be affected by 
multicollinearity and overfitting in high-dimensional transcrip-
tomic data, LASSO regression performs variable selection and coef-
ficient shrinkage simultaneously, enabling the identificatio n of the
most informative prognostic features. Based on the optimal pen-
alty parameter, six genes (ISG15, LRP4, GZMB, EGFR, SPP1, and
FGFR3) were retained in the LASSO-based prognostic model
(Fig. 6B). A risk score was subsequently calculated for each patient 
using the expression levels of these genes, and patients were strat-
ified into high- and low-risk groups according to the median risk
7

score. The distribution of risk scores, survival status, and expres-
sion patterns of the six prognostic DEGs is shown in Fig. 6C, 
demonstrating clear separation between risk groups.

To further explore the biological characteristics associated with 
the identified prognostic genes, GSVA was performed to compare 
pathway activity between CM tumor tissues and normal skin tis-
sues in the GSE15605 dataset. GSVA revealed 50 hallmark gene
sets with significant differences between tumor and normal sam-
ples (Fig. 6D; Table 5). Among these, pathways related to E2F tar-
gets, DNA repair, G2M checkpoint, and mitotic spindle exhibited 
markedly higher enrichment scores in CM tumor tissues, indicating 
enhanced proliferative and cell cycle activity. Conversely, path-
ways including estrogen response late, bile acid metabolism, myo-
genesis, and cholesterol homeostasis displayed lower enrichment
scores in tumor tissues compared with normal skin. These findings
suggest that the pyroptosis-related prognostic DEGs identified by
LASSO regression are associated with distinct alterations in cell
cycle regulation, metabolic processes, and differentiation-related
pathways in CM.

3.6. The role of the tumor microenvironment in pyroptosis-related
prognostically differentially expressed genes

To investigate the immune landscape associated with 
pyroptosis-related DEGs in CM, immune cell infiltration was ana-
lyzed using ssGSEA. In the GSE15605 dataset, immune infiltration 
levels were compared between CM tumor tissues and normal skin 
tissues. The analysis revealed significantly higher infiltration of 10
immune cell types, including CD8 T cells, DCs, iDCs, mast cells, NK
CD56bright cells, NK CD56dim cells, Tem cells, Tgd cells, Th1 cells,
and Th2 cells, in tumor samples compared with normal controls
(Fig. 7A). These results indicate enhanced immune activity within
the CM tumor microenvironment.

To further explore the relationship between pyroptosis-related 
prognostic DEGs and immune infiltration, correlation analyses 
were performed in the TCGA-SKCM cohort across 24 immune cell 
types. Notably, the expression of ISG15, GZMB, and EGFR showed 
significant positive correlations with the enrichment of most
immune cell populations (Fig. 7B– D), suggesting that higher 
expression of these genes is associated with increased immune 
infiltration and immune activation within the tumor microenvi-
ronment. In contrast, the expression levels of LRP4, SPP1, and 
FGFR3 were significantly negatively correlated with t he enrich-
ment of most immune cell types (Fig. 7E– G), suggesting a potential
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Fig. 3. Functional enrichment analysis (GO) of pyroptosis-related DEGs. A, B GO functional enrichment of pyroptosis-related DEGs. BP analysis results in bubble chart display 
(A), MF analysis results in bubble chart display (B). C, D GO function enrichment of pyroptosis-related DEGs. BP analysis results of ring network diagram display (C), MF 
analysis results of the ring network diagram display (D). The bubble color in the bubble plot (A, B) indicates the size of the Padj value for GO terms; blue indicates a small Padj 
value, and red indicates a large Padj value. In the circular network diagram (C, D), blue dots represent specific genes, and pink circles represent specific pathways. p-
value < 0.05 and FDR value (q value) < 0.05 were considered to be statistically significant for the functional enrichment analysis entry screening criteria. GO Gene Ontology, BP
biological process, MF molecular function. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
association with reduced immune infiltration or an immune-
suppressive tumor microenvironment. Collectively, these findings 
demonstrate that pyroptosis-related prognostic DEGs are closely
linked to immune cell infiltration patterns in CM.

3.7. Study of prognostic DEGs involved in pyroptosis

The above analyses demonstrated a strong association between 
the expression of six pyroptosis-related prognostic DEGs and CM. 
To further evaluate their clinical relevance, expression patterns of 
these DEGs were examined across TCGA-SKCM and GEO datasets,
and their relationships with clinicopathological characteristics
were assessed using TCGA-SKCM clinical data (Table 6). ROC curve 
analysis was performed using the GSE15605 dataset to assess the 
discriminati ve performance of the six pyroptosis-related prognos-
tic DEGs (Fig. 8A–F). AUC values were used to assess each gene’s 
ability to distinguish CM tissues from normal skin tissues. In accor-
8

dance with commonly applied interpretation frameworks in clini-
cal biomarker studies using patient-derived samples, higher AUC 
values indicate stronger discriminative performance, whereas val-
ues closer to 0.5 suggest limited predictive ability.

Among the analyzed genes, ISG15 (AUC = 0.769; Fig. 8 A) and 
GZMB (AUC = 0.779; Fig. 8 C) exhibited acceptable discriminative 
performance, indicating a moderate ability to distinguish CM from 
normal samples. Notably, FGFR3 (AUC = 0.945; Fig. 8 F) demon-
strated strong discriminative performance, suggesting high poten-
tial clinical relevance. The remaining genes (LRP4, EGFR, and SPP1) 
also showed meaningful discriminatory capacity, consistent with 
their selection in the LASSO-based prognostic model. AUC values 
were interpreted according to established clinical biomarker eval-
uation criteria: AUC > 0.9 is typically considered excellent discrim-
ination, and values between 0.7 and 0.9 reflect moderate 
discriminative ability in clinical prognostic studies, such as diag-
nostic test validations involving patient-derived samples
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Fig. 4. GSEA enrichment analysis of cutaneous melanoma dataset. A GSEA enrichment analysis of the GSE15605 dataset for the main 5 main biological features. B–F The DEGs 
in the GSE15605 dataset were significantly enriched in pathways such as Reactome formation of the cornified envelope (B), Reactome keratinization (C), Reactome Mitotic 
spindle checkpoint (D), Reactome separation of sister chromatids (E), Reactome Resolution of sister chromatid cohesion (F). G The GSEA analysis of the GSE46517 dataset 
mainly includes 5 main biological characteristics. H–L DEGs in the GSE46517 dataset were significantly enriched in Reactome m phase (H), Reactome mitotic metaphase and 
anaphase (I), Reactome formation of the cornified envelope (J), Reactome keratinization (K), Reactome separation of sister chromatids (L). M The GSEA analysis of the
GSE114445 dataset mainly includes 5 main biological characteristics. N-R Reactome matrisome associated (N), Reactome matrisome (O), Reactome secreted factors (P),
Reactome allograft rejection (Q), Reactome overview of proinflammatory and profibrotic mediators (R). The screening criteria for significant enrichment of GSEA analysis
results are p < 0.05 and FDR value (q value) < 0.05. DEGs: differentially expressed genes.

9
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Table 2 
GSEA analysis of dataset GSE15605.

Description Set size Enrichment score NES p-value p adjust 

REACTOME_FORMATION_OF_THE_CORNIFIED_ENVELOPE 66 −0.693925415 −3.5047563 0.00110742 0.05668621 
REACTOME_KERATINIZATION 75 −0.67345626 −3.4932027 0.0010846 0.05668621 
REACTOME_MITOTIC_SPINDLE_CHECKPOINT 17 0.664822134 3.29486566 0.00401606 0.05668621 
REACTOME_SEPARATION_OF_SISTER_CHROMATIDS 21 0.603005725 3.23299599 0.00444444 0.05668621 
REACTOME_RESOLUTION_OF_SISTER_CHROMATID_COHESION 20 0.600643833 3.20959876 0.00421941 0.05668621 
REACTOME_RHO_GTPASES_ACTIVATE_FORMINS 20 0.562960785 3.00823573 0.00421941 0.05668621 
REACTOME_MITOTIC_METAPHASE_AND_ANAPHASE 23 0.529621127 2.95214176 0.0044843 0.05668621 
KEGG_TOLL_LIKE_RECEPTOR_SIGNALING_PATHWAY 14 0.647081762 2.87080085 0.00373134 0.05668621 
WP_TOLLLIKE_RECEPTOR_SIGNALING_PATHWAY 14 0.647081762 2.87080085 0.00373134 0.05668621 
WP_TYPE_II_INTERFERON_SIGNALING 11 0.715190079 2.80420338 0.00359712 0.05668621 
WP_SARSCOV2_INNATE_IMMUNITY_EVASION_AND_ 

CELLSPECIFIC_IMMUNE_RESPONSE 
18 0.521541458 2.64300784 0.00423729 0.05668621 

WP_TCELL_ACTIVATION_SARSCOV2 12 0.638754537 2.62838783 0.00355872 0.05668621 
REACTOME_DNA_REPAIR 11 0.626954419 2.45823838 0.00359712 0.05668621 
REACTOME_INTRA_GOLGI_AND_RETROGRADE_GOLGI_TO_ER_TRAFFIC 21 0.455044862 2.43970854 0.00444444 0.05668621 
WP_ALLOGRAFT_REJECTION 20 0.451554296 2.41292432 0.00421941 0.05668621 

Table 3 
GSEA analysis of dataset GSE46517.

Description Set size Enrichment score NES p-value p. adjust 

REACTOME_M_PHASE 19 0.681964026 3.43504113 0.00492611 0.04170772 
REACTOME_MITOTIC_METAPHASE_AND_ANAPHASE 15 0.660115608 3.03113309 0.00420168 0.04170772 
REACTOME_FORMATION_OF_THE_CORNIFIED_ENVELOPE 33 −0.677056563 −2.9978564 0.0011655 0.04170772 
REACTOME_KERATINIZATION 33 −0.677056563 −2.9978564 0.0011655 0.04170772 
REACTOME_SEPARATION_OF_SISTER_CHROMATIDS 14 0.654011495 2.86369819 0.00420168 0.04170772 
REACTOME_MITOTIC_PROMETAPHASE 14 0.653575128 2.86178748 0.00420168 0.04170772 
REACTOME_CELL_CYCLE_CHECKPOINTS 15 0.614415774 2.8212876 0.00420168 0.04170772 
REACTOME_MITOTIC_SPINDLE_CHECKPOINT 11 0.735690236 2.82030757 0.00373134 0.04170772 
REACTOME_DEVELOPMENTAL_BIOLOGY 79 −0.518136659 −2.7444975 0.00107066 0.04170772 
REACTOME_APC_C_MEDIATED_DEGRADATION_OF_CELL_CYCLE_PROTEINS 11 0.713804714 2.73640826 0.00373134 0.04170772 
REACTOME_RESOLUTION_OF_SISTER_CHROMATID_COHESION 12 0.638470882 2.558798 0.00387597 0.04170772 
WP_NETWORK_MAP_OF_SARSCOV2_SIGNALING_PATHWAY 21 0.41198059 2.25129523 0.00492611 0.04170772 
WP_OVERVIEW_OF_PROINFLAMMATORY_AND_PROFIBROTIC_MEDIATORS 19 0.439735141 2.21493838 0.00492611 0.04170772 
WP_HAIR_FOLLICLE_DEVELOPMENT_CYTODIFFERENTIATION_PART_3_OF_3 23 −0.5463908 −2.168208 0.00243902 0.04170772 
REACTOME_NEUTROPHIL_DEGRANULATION 24 −0.468322353 −1.882999 0.00362757 0.04170772

Table 4 
GSEA analysis of dataset GSE114445.

Description Set size Enrichment score NES p-value p adjust 

NABA_MATRISOME_ASSOCIATED 52 0.487427029 3.01096378 0.00136799 0.00868946 
NABA_MATRISOME 60 0.443377593 2.84902163 0.00135135 0.00868946 
NABA_SECRETED_FACTORS 29 0.540634309 2.74221111 0.00149254 0.00868946 
WP_ALLOGRAFT_REJECTION 10 0.737918659 2.52643622 0.0017094 0.00868946 
WP_OVERVIEW_OF_PROINFLAMMATORY_AND_PROFIBROTIC_MEDIATORS 16 0.605733695 2.45911148 0.00161812 0.00868946 
KEGG_CHEMOKINE_SIGNALING_PATHWAY 17 0.5649845 2.3568847 0.00159236 0.00868946 
WP_NETWORK_MAP_OF_SARSCOV2_SIGNALING_PATHWAY 19 0.524921386 2.27050714 0.00156986 0.00868946 
REACTOME_INNATE_IMMUNE_SYSTEM 54 0.360663372 2.25327096 0.00137363 0.00868946 
REACTOME_CHEMOKINE_RECEPTORS_BIND_CHEMOKINES 15 0.552488901 2.21517626 0.0015873 0.00868946 
KEGG_TOLL_LIKE_RECEPTOR_SIGNALING_PATHWAY 12 0.591669155 2.15786715 0.00167785 0.00868946 
WP_TOLLLIKE_RECEPTOR_SIGNALING_PATHWAY 12 0.591669155 2.15786715 0.00167785 0.00868946 
REACTOME_ADAPTIVE_IMMUNE_SYSTEM 31 0.406380165 2.13007345 0.00146199 0.00868946 
REACTOME_G_ALPHA_I_SIGNALLING_EVENTS 23 0.437007373 2.00583658 0.00316456 0.01484907 
WP_LUNG_FIBROSIS 11 0.607984917 2.16887938 0.00504202 0.01646424 
WP_HAIR_FOLLICLE_DEVELOPMENT_CYTODIFFERENTIATION_PART_3_OF_3 11 −0.539178939 −2.0828892 0.004914 0.01646424
[23,32,36]. Overall, these findings indicate that pyroptosis-related 
prognostic DEGs exhibit varying but biologically relevant discrim-
inative performance in CM. Importantly, ROC results were inter-
preted in conjunction with survival and multivariate analyses,
supporting the robustness of the identified prognostic gene signa-
ture rather than relying solely on single-gene diagnostic
performance.

3.8. Investigation into the prognostic performance and significance of
pyroptosis-related DEGs

The prognostic performance of pyroptosis-related DEGs was 
evaluated using the LASSO-based risk model constructed from six
10
genes (ISG15, LRP4, GZMB, EGFR, SPP1, and FGFR3). Based on the 
calculated risk scores, patients in the TCGA-SKCM cohort were 
stratified into high- and low-risk groups. Kaplan–Meier analysis 
demonst rated a significant difference in overall survival between
the two groups, indicating that the LASSO-derived model effec-
tively discriminated patient prognosis (p < 0.001; Fig. 9A).

To further assess the prognostic relevance of individual genes, 
Kaplan–Meier survival analyses were performed for each of the 
six pyroptosis-related DEGs. Amo ng them, ISG15 (p = 0.002;
Fig. 9 B), GZMB (p < 0.001; Fig. 9 D), and EGFR (p = 0.030; Fig. 9 E) 
were significantly associated with patient survival. In contrast, 
LRP4 (p = 0.060; Fig. 9 C), SPP1 (p = 0.092; Fig. 9 F), and FGFR3 
(p = 0.383; Fig. 9 G) did not show statistically significant associa-
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Fig. 5. Construction of protein–protein interaction network (PPI), mRNA-RBP and mRNA-TF. A Protein interaction network (PPI) of DEGs related to pyroptosis. B, C The mRNA-
RBP (B) and mRNA-TF (C) interaction networks of DEGs related to pyroptosis. In the mRNA-RBP (B) interaction network, the dark blue oval block is mRNA; the green block is 
RBP. In the mRNA-TF (C) interaction network, the dark blue oval block is mRNA; the pink diamond block is TF. In the mRNA-drugs (D) interaction network, the blue oval block
is mRNA; the orange hexagonal block is the drug. TF transcription factor; RBP RNA binding protein. (For interpretation of the references to color in this figure legend, the
reader is referred to the web version of this article.)
tions with survival in the TCGA-SKCM cohort. To validate whether 
the identified genes were independent prognostic factors, univari-
ate and multivariate Cox regression analyses were conducted. The 
results demonstrat ed that ISG15, GZMB, and EGFR remained signif-
icantly associated with patient prognosis after adjustment for clin-
ical variables, including T stage, N stage, and age (Table 7). The 
hazard ratios and confidence intervals derived from Cox regression 
analyses are summarized in the forest plot shown in Fig. 10A.
11
Based on the multivariate Cox regression results, a prognostic 
nomogram was constructed to estimate 1-, 3-, and 5-year survival 
probabilities for CM patients (Fig. 10 B). Calibration analysis 
demonstrated good agreement between predicted and observed 
survival outcomes at all three time points, indicating satisfactory 
predictive accuracy of the nomogram (Fig. 10 C). Finally, DCA was 
performed to evaluate the clinical utility of the LASSO-Cox regres-
sion model. The DCA curves for 1-year, 3-year, and 5-year survival
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Fig. 6. Construction of a prognostic model of pyroptosis-related DEGs and GSVA analysis. A LASSO regression prognostic model diagram of pyroptosis-related DEGs. B, C 
LASSO regression prognostic model variable trajectory plot (B), risk factor plot (C). D GSVA analysis results of pyroptosis-related prognostic DEGs. The screening standard of
significant enrichment of GSEA analysis results is p < 0.05. GSVA gene set variation analysis, LASSO least absolute shrinkage and selection operator.
consistently showed that the prognostic model provided a higher 
net benefit across a wide range of threshold probabilities than
default strategies (Fig. 10D–F), supporting its potential clinical 
applicability for prognostic assessment of CM.

3.9. Clinical examination of prognostic DEGs involved in pyroptosis

To further investigate the clinical relevance of pyroptosis-
related prognostic DEGs in CM, associations between gene expres-
sion and patient survival outcomes were evaluated using TCGA-
12
SKCM clinical data. From the eight CM-PRGs, six genes (ISG15, 
LRP4, GZMB, EGFR, SPP1, and FGFR3) were initially selected 
through LASSO-Cox regression to construct the prognostic signa-
ture. Subsequent Kaplan–Meier survival analysis and multivariate 
Cox regression confirmed that ISG15, GZMB, and EGFR retained 
independent prognostic significance. These three genes were 
therefore incorporated into the final immune-associated prognos-
tic framework for CM. The prognostic impact of ISG15, GZM B,
and EGFR expression was further examined with respect to OS,
DSS, and PFI (Fig. 11A– I). Elevated expression of ISG15 was
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Table 5 
GSVA analysis of dataset GSE15605.

ID logFC AveExpr t P-value adj. P. Val B 

HALLMARK_ESTROGEN_RESPONSE_LATE −0.3552306 0.00523445 −6.1049274 3.21E-08 9.80E-07 8.53916706 
HALLMARK_E2F_TARGETS 0.46249879 0.00036802 6.0585138 3.92E-08 9.80E-07 8.34538334 
HALLMARK_BILE_ACID_METABOLISM −0.336187 −0.006659 −5.7706973 1.34E-07 2.23E-06 7.15656237 
HALLMARK_MYOGENESIS −0.2773486 −0.0105327 −5.5989902 2.75E-07 3.44E-06 6.4587392 
HALLMARK_CHOLESTEROL_HOMEOSTASIS −0.3057454 −0.0082706 −5.4886436 4.36E-07 4.36E-06 6.01518322 
HALLMARK_DNA_REPAIR 0.30979784 0.00722165 5.32013451 8.72E-07 6.46E-06 5.34571371 
HALLMARK_G2M_CHECKPOINT 0.39741293 0.00401032 5.31105594 9.05E-07 6.46E-06 5.30992671 
HALLMARK_ESTROGEN_RESPONSE_EARLY −0.3020971 0.00459429 −5.2300574 1.26E-06 7.86E-06 4.99195463 
HALLMARK_KRAS_SIGNALING_DN −0.249785 0.00500806 −4.9908124 3.29E-06 1.83E-05 4.06720896 
HALLMARK_MITOTIC_SPINDLE 0.25547671 0.0086382 4.93870244 4.05E-06 2.02E-05 3.86879192 
HALLMARK_FATTY_ACID_METABOLISM −0.2619928 −0.0103595 −4.5547091 1.79E-05 8.05E-05 2.44262306 
HALLMARK_UNFOLDED_PROTEIN_RESPONSE 0.31016723 0.00412745 4.5352222 1.93E-05 8.05E-05 2.37202756 
HALLMARK_INTERFERON_ALPHA_RESPONSE 0.4442234 −0.0105498 4.47649369 2.41E-05 9.27E-05 2.1603652 
HALLMARK_ADIPOGENESIS −0.2665832 −0.0123876 −4.453262 2.63E-05 9.40E-05 2.07709516 
HALLMARK_PROTEIN_SECRETION 0.27135108 0.00822356 4.24564564 5.68E-05 0.00018929 1.3448452 
HALLMARK_XENOBIOTIC_METABOLISM −0.2123322 0.00238003 −4.2052057 6.58E-05 0.00020567 1.2047824 
HALLMARK_PEROXISOME −0.1907361 −0.0058166 −3.8994136 0.00019559 0.00057527 0.17432922 
HALLMARK_PI3K_AKT_MTOR_SIGNALING 0.19014358 0.0120888 3.6807231 0.00041366 0.00114907 −0.5298252 
HALLMARK_COMPLEMENT 0.22382884 0.00736163 3.49630237 0.00076211 0.00200554 −1.1009616 
HALLMARK_INTERFERON_GAMMA_RESPONSE 0.32337868 −0.0049694 3.4413436 0.00091086 0.00227716 −1.2669894 
HALLMARK_MYC_TARGETS_V1 0.29057711 0.00618932 3.41976926 0.00097643 0.00232484 −1.3316288 
HALLMARK_MYC_TARGETS_V2 0.23894629 0.00150777 2.86773196 0.00524628 0.01192337 −2.8775759 
HALLMARK_NOTCH_SIGNALING −0.1449621 −0.01517 −2.7612072 0.00709531 0.01542459 −3.1507063 
HALLMARK_ALLOGRAFT_REJECTION 0.24294467 0.00040595 2.66636081 0.00922422 0.01874484 −3.3866662 
HALLMARK_APOPTOSIS 0.13210961 0.01128387 2.66052731 0.00937242 0.01874484 −3.4009536 
HALLMARK_TNFA_SIGNALING_VIA_NFKB 0.19163996 0.00124812 2.61086909 0.01072429 0.02062363 −3.5215087 
HALLMARK_APICAL_JUNCTION −0.1160385 0.00194128 −2.509388 0.01404926 0.02601715 −3.7618743 
HALLMARK_PANCREAS_BETA_CELLS −0.1257018 0.00386981 −2.42739 0.01738363 0.0310422 −3.9501226 
HALLMARK_UV_RESPONSE_UP 0.11519184 0.00569211 2.29791665 0.02409715 0.04154681 −4.2362938 
HALLMARK_IL2_STAT5_SIGNALING 0.10114653 0.00732942 1.80486785 0.0747425 0.12060009 −5.1970853 
HALLMARK_IL6_JAK_STAT3_SIGNALING 0.13570259 −0.0017138 1.80468074 0.07477206 0.12060009 −5.1974099 
HALLMARK_P53_PATHWAY −0.0742735 0.00480348 −1.5389604 0.12763925 0.1986674 −5.626681 
HALLMARK_HEME_METABOLISM −0.0592492 0.00184285 −1.5248458 0.13112048 0.1986674 −5.6476907 
HALLMARK_WNT_BETA_CATENIN_SIGNALING −0.0823701 −0.0090859 −1.4968067 0.13825812 0.20332076 −5.6888844 
HALLMARK_INFLAMMATORY_RESPONSE 0.11235321 0.00030054 1.45997576 0.1480928 0.20614158 −5.7418943 
HALLMARK_COAGULATION 0.0694333 0.00896561 1.45877657 0.14842194 0.20614158 −5.7435992 
HALLMARK_APICAL_SURFACE −0.0776044 0.00666986 −1.4391951 0.15387714 0.20794208 −5.7712502 
HALLMARK_MTORC1_SIGNALING 0.09245359 0.0067485 1.38937277 0.16845643 0.22098998 −5.840001 
HALLMARK_TGF_BETA_SIGNALING 0.08349612 0.00307249 1.3765572 0.17237218 0.22098998 −5.8573121 
HALLMARK_OXIDATIVE_PHOSPHORYLATION −0.1055574 0.00054639 −1.2562596 0.21256619 0.26570773 −6.0123157 
HALLMARK_HYPOXIA −0.0618201 0.00618637 −1.1826637 0.24033824 0.29309541 −6.1004229 
HALLMARK_HEDGEHOG_SIGNALING 0.0603932 0.00184103 1.15897012 0.24981063 0.29739361 −6.1276955 
HALLMARK_EPITHELIAL_MESENCHYMAL_TRANSITION 0.07908182 −0.0021911 1.10351722 0.27300973 0.31745317 −6.1894346 
HALLMARK_SPERMATOGENESIS 0.04240557 −0.0005832 1.00806187 0.31637105 0.35951256 −6.2888185 
HALLMARK_GLYCOLYSIS 0.04242968 0.0009774 0.84688057 0.39951068 0.44390076 −6.4366856 
HALLMARK_REACTIVE_OXYGEN_SPECIES_PATHWAY −0.0317087 0.00687532 −0.4815595 0.63139327 0.68629703 −6.6778517 
HALLMARK_ANGIOGENESIS 0.03121967 −0.0117536 0.46192418 0.64535099 0.6865436 −6.687086 
HALLMARK_ANDROGEN_RESPONSE −0.0216723 0.00762615 −0.434485 0.66507016 0.69278141 −6.6993499 
HALLMARK_KRAS_SIGNALING_UP −0.014198 0.00611951 −0.2391106 0.81161262 0.82817614 −6.7650296 
HALLMARK_UV_RESPONSE_DN 0.00182154 −0.000401 0.03704628 0.97053757 0.97053757 −6.7929106 

GSVA gene set variation analysis.
significantly associated with improved OS (p = 0.0005; Fig. 11A), 
DSS (p = 0.0019; Fig. 11B), and PFI (p = 0.015; Fig. 11C). Similarly, 
higher expression of GZMB was significantly correlated with favor-
able OS (p < 0.001; Fig. 11D), DSS (p < 0.001; Fig. 11E), and PFI 
(p = 0.005; Fig. 11F).

In contrast, EGFR expression demonstrated a distinct prognostic 
pattern. Higher EGFR expression was significantly associated with
OS (p = 0.0114; Fig. 11G) and DSS (p = 0.0257; Fig. 11H), whereas 
no statistically significant association was observed with PFI
(p = 0.0930; Fig. 11I). These results suggest that EGFR may exert 
differential effects on long-term survival outcomes compared with 
disease progression dynamics in CM. Collectively, these findings
indicate that ISG15 and GZMB are consistently associated with
favorable survival outcomes across multiple clinical endpoints,
13
while EGFR exhibits selective prognostic relevance. This highlights 
the heterogeneous clinical impact of pyroptosis-related DEGs and
supports their utility in prognostic stratification of CM patients.

3.10. Mutation profiling of prognostic DEGs linked to pyroptosis

Mutation profiling of the three pyroptosis-related prognostic 
DEGs (ISG15, GZMB, and EGFR) was performed using the TCGA-
SKCM cohort via cBioPortal to characterize their geno mic alter-
ation patterns (Fig. 1 2). Across the cohort, genetic alterations 
affecting these genes included missense mutations, splice-site 
mutations, truncating mutations, gene amplification, and deep
deletions (Fig. 12 A). Among the three genes, EGFR exhibited the 
highest alteration frequency, with genomic alterations detected

move_f0060
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Fig. 7. Assessment of the tumor microenvironment of DEGs associated with pyroptosis. (A) The immune infiltration results of the dataset GSE15605 are grouped and 
compared. (B–G) Pyroptosis-related prognostic DEGs ISG15 (B), GZMB (C), EGFR (D), LRP4 (E), SPP1 (F), and FGFR3 (G) in the TCGA-SKCM data set. The correlation results show 
that the expression of immune cells. The symbol * is equivalent to p ≤ 0.05, which is statistically significant; the symbol ** is equivalent to p ≤ 0.01, which is highly
statistically significant; the symbol *** is equivalent to ≤0.001, highly statistically significant. ssGSEA single-sample gene-set enrichment analysis, TCGA The cancer genome
atlas, SKCM cutaneous melanoma.

14



Y. Jiang, Y. Chen, S. Gao et al. Electronic Journal of Biotechnology 81 (2026) 100709

Table 6 
Patient characteristics of CM patients in the TCGA datasets.

Characteristic Levels Overall 

N 351 
T stage, n (%) T1 40 (11.3%) 

T2 74 (21%) 
T3 90 (25.6%) 
T4 147 (41.9%) 

N stage, n (%) NX 26 (7.4%) 
N0 199 (56.7%) 
N1 59 (16.8%) 
N2 31 (8.8%) 
N3 36 (10.3%) 

M stage, n (%) M0 339 (96.6%) 
M1 12 (3.4%) 

Pathologic stage, n (%) Stage I 77 (21.9%) 
Stage II 138 (39.3%) 
Stage III 124 (35.3%) 
Stage IV 12 (3.4%) 

Age, n (%) ≤65 223 (63.5%) 
>65 128 (36.5%) 

OS event, n (%) Alive 178 (50.7%) 
Dead 173 (49.3%) 

Fig. 8. Differential expression analysis of pyroptosis-related prognostic DEGs in the GSE1
(B), GZMB (C), EGFR (D), SPP1 (E), and FGFR3 (F) in the GSE15605 dataset. p > 0.05, no s
significant; p < 0.001, extremely statistically significant. The closer the AUC in the ROC cu
accuracy; AUC ranged from 0.7 to 0.9 with some accuracy; High accuracy above 0.9 AU
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in approximately 12% of TCGA-SKCM samples. In contrast, GZMB 
and ISG15 showed relatively lower alteration frequencies (∼2.2% 
and ∼1.7%, respectively). Missense mutations and copy-number 
amplifications dominated EGFR alterations, consistent with its 
established role as a genomically unstable oncogenic driver in 
CM. In contrast, alterations in ISG15 and GZMB were primarily
composed of missense mutations and copy number changes. Fur-
ther analysis of mutation distribution revealed that ISG15 muta-
tions were limited in number and predominantly localized to
exon 2, with all detected variants classified as uncertain signifi-
cance (Fig. 12B). GZMB mutations were distributed across exons 
2–4, with several missense variants located at phosphorylatio n-
associated sites, suggesting potential effects on immune-related
protease activity (Fig. 12C).

Notably, EGFR mutations were widely distributed across exons 
1–28 and involved multiple protein domains, including extracellu-
lar, transmembrane, and cytoplasmic regions (Fig. 12 D). These 
alterations encompassed missense, splice-site, and truncating 
mutations, as well as amplification events, reflecting substantial 
structural and functional diversity. Collectively, mutation profiling
5605 dataset. A-F ROC curves of pyroptosis-related prognostic DEGs ISG15 (A), LRP4 
tatistical significance; p < 0.05, statistically significant; p < 0.01, highly statistically 
rve was to 1, the better the diagnosis would be. AUC ranged from 0.5 to 0.7 with low
C. ROC receiver operating characteristic curve.
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Fig. 9. Prognostic analysis of DEGs related to pyroptosis. A KM curve for prognostic analysis of the LASSO regression model of pyroptosis-related prognostic DEGs in the 
TCGA-SKCM dataset. B–G Prognostic analysis KM curve of pyroptosis-related prognostic DEGs ISG15 (B), LRP4 (C), GZMB (D), EGFR (E), SPP1 (F), FGFR3 (G) in the TCGA-SKCM
data set. p > 0.05, no statistical significance; p < 0.05, statistically significant; p < 0.01, highly statistically significant; p < 0.001, extremely statistically significant. TCGA: The
cancer genome atlas, SKCM: cutaneous melanoma, LASSO: least absolute shrinkage and selection operator, KM curve: Kaplan–Meier curve.
demonstrated that pyroptosis-related prognostic DEGs exhibit 
heterogeneous genomic alteration patterns in CM. While ISG15 
and GZMB showed relatively low mutation frequencies, their prog-
nostic relevance appears to be primarily driven by transcriptional
16
and immune-associated mechanisms rather than genomic instabil-
ity. In contrast, EGFR displayed frequent and diverse genomic alter-
ations, supporting its multifaceted role in CM progression and its
interaction with inflammatory and immune-related pathways.
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Table 7 
COX regression to identify clinical features of pyroptosis-related differentially expressed genes.

Characteristics Total (N) Univariate analysis Multivariate analysis 

Hazard ratio (95% CI) P-value Hazard ratio (95% CI) P-value 

Pathologic T stage 362 
T1 42 Reference 
T2 77 1.523 (0.826–2.806) 0.178 1.473 (0.738–2.942) 0.273 
T3 90 2.135 (1.179–3.867) 0.012 1.884 (0.951–3.731) 0.069 
T4 153 3.780 (2.109–6.776) <0.001 3.719 (1.904–7.263) <0.001 
Pathologic N stage 403 
N0 225 Reference 
N1 73 1.503 (1.018–2.220) 0.040 1.565 (1.017–2.410) 0.042 
N2 49 1.540 (0.977–2.429) 0.063 1.861 (1.092–3.171) 0.022 
N3 56 2.744 (1.777–4.236) <0.001 4.052 (2.392–6.862) <0.001 
Pathologic M stage 431 
M0 407 Reference 
M1 24 1.902 (1.032–3.506) 0.039 1.495 (0.616–3.628) 0.373 
Age 457 
<= 60 247 Reference 
> 60 210 1.663 (1.256–2.201) <0.001 1.293 (0.925–1.807) 0.132 
ISG15 457 
Low 230 Reference 
High 227 0.650 (0.495–0.852) 0.002 0.925 (0.658–1.300) 0.655 
GZMB 457 
Low 228 Reference 
High 229 0.505 (0.383–0.666) <0.001 0.596 (0.419–0.848) 0.004 
EGFR 457 
Low 226 Reference 
High 231 1.349 (1.030–1.768) 0.030 1.455 (1.053–2.011) 0.023
3.11. Expression distribution and single-cell profiling of prognostic
DEGs associated with pyroptosis

To further characterize the expression patterns of pyroptosis-
related prognostic DEGs at the tissue and cellular levels, RNA and 
protein expression data for ISG15, GZMB, and EGFR were analyzed 
using the HPA database. Analysis of ISG15 expression revealed ele-
vated RNA levels in tissues enriched with immune activity, includ-
ing the proximal digestive tract, bone marrow, and lymphoid
tissues. Protein-level expression of ISG15 showed limited tissue-
specific resolution in HPA, consistent with its inducible nature
and context-dependent expression (Fig. 13A). Single-cell analysis 
of human skin tissue demonstrated that ISG15 expression was pri-
marily associated with immune-related and stromal cell popula-
tions, including c-2 T cells, c-5 Langerhans cells, and smooth
muscle cell subsets (c-8 and c-11) (Fig. 13B), supporting its 
involvement in immune and inflammatory processes within the
skin microenvironment.

Expression analysis of GZMB showed high RNA and protein 
levels in bone marrow and lymphoid tissues, consistent with its 
established role in cytotoxic immune responses. In skin tissue, 
GZMB protein expression was detectable and predominantly asso-
ciated with immune cell populations. Single-cell profiling further
demonstrated a strong association between GZMB expression
and c-2 T cells in human skin (Fig. 13C–D), highlighting its role 
in immune surveillance and tumor–immune interactions. EGFR 
exhibited broad RNA expression across multiple tissue types, 
including skin, connective tissue, liver, gallbladder, endocrine tis-
sues, and female reproductive tissues. Protein expression of EGFR
was detected in respiratory tissues, skin, bone marrow, and lym-
phoid tissues (Fig. 14A). Single-cell analysis of human skin tissue 
revealed that EGFR expression was most strongly associated with
basal keratinocyte populations, particularly c-6 and c-7 basal ker-
atinocytes (Fig. 14B), consistent with its role in epidermal growth
and differentiation.

Finally, expression profiling across multiple human tissues and 
cell lines demonstrated widespread expression of ISG15 across
17
diverse biological systems, including neural, reproductive, skin, 
and myeloid-derived cell lines (Fig. 14C). In contrast, GZMB 
showed restricted expression, reflecting its immune cell–specific
function (Fig. 14D). Notably, EGFR exhibited high expression in
A-431 skin-derived cells (Fig. 14E), consistent with its known over-
expression in epithelial malignancies. Collectively, these results 
demonstrate distinct tissue- and cell-type–specific expression pat-
terns for pyroptosis-related prognostic DEGs. ISG15 and GZMB are 
predominantly associated with immune-rel ated cell populations,
whereas EGFR is primarily expressed in epithelial and keratinocyte
populations, supporting their complementary roles in immune reg-
ulation, inflammation, and tumor biology in CM.

4. Discussion 

Globally, in 2020, SKCM accounted for 57,043 deaths and 
324,635 new cases, reflecting its aggressive nature and poor prog-
nosis once advanced [37,38]. Although the post-surgical 5-year 
survival rate for localized disease approaches 98% [39], this rate 
declines dramatically to approximat ely 23% following systemic
metastasis [40]. Moreover, a subset of advanced SKCM exhibits 
resistance to radiotherapy and chemotherapy due to high biologi-
cal aggressiveness [41]. While immunotherapy and targeted ther-
apy have become central to systemic treatment [42,43], 
substantial interpatient heterogeneity persists, with individuals 
at similar clinical stages and undergoing similar treatments
demonstrating markedly different outcomes [44,45]. 

These observations highlight the need for robust molecular 
biomarkers that can improve prognostic stratification and thera-
peutic decision-making. Recent advances in sequencing technolo-
gies have facilitated the development of multigene prognostic 
models that reflect pathway-level dysregulation rather than iso-
lated gene effects. Among emerging mechanisms, pyroptosis has 
gain ed attention due to its complex role in tumor biology
[46,47]. As an inflammatory form of PCD, pyroptosis is closely 
linked to inflammasome activation and inflammatory signaling, 
particularly through NLRP3-related pathways [48,49]. Increasing
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Fig. 10. Prognostic performance of pyroptosis-related prognostic DEGs. A–C Forest plot (A), nomogram (B), 1, 3, and 5-year calibration curve plot (C) of univariate and 
multivariate COX regression analysis of pyroptosis-related prognostic DEGs, in the TCGA-SKCM dataset. D–F: 1-year (D), 3-year (E), 5-year (F) DCA plots of the LASSO-Cox
regression prognostic model. TCGA: The cancer genome atlas, SKCM: cutaneous melanoma, LASSO: Least absolute shrinkage and selection operator, DCA: decision curve
analysis.
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Fig. 11. Clinical analysis of prognostic DEGs related to pyroptosis. A–C Correlation analysis of pyroptosis-related prognostic differentially expressed gene CXCL8 with clinical 
OS (A), DSS (B), and PFI (C) in the TCGA-SKCM dataset. D–F Correlation analysis of pyroptosis-related prognostic differentially expressed gene GZMB with clinical OS (D), DSS 
(E), and PFI (F) in the TCGA-SKCM dataset. G–I Correlation analysis of pyroptosis-related prognostic differentially expressed gene EGFR with clinical OS (G), DSS (H), and PFI (I)
in the TCGA-SKCM dataset. p > 0.05, no statistical significance; p < 0.05, statistically significant; p < 0.01, highly statistically significant; p < 0.001, extremely statistically
significant. OS overall survival, DSS disease-specific survival, PFI progression-free interval.
evidence indicates that pyroptosis profoundly influences immune
modulation within the TME [50]. However, pyroptosis can exert 
both tumor-suppressive and tumor-promoting effects, depending
19
on cellular context and immune interactions [46]. Consequently, 
its precise contribution to SKCM progression and prognosis
remains incompletely understood.
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Fig. 12. Mutation analysis of DEGs associated with pyroptosis. A Mutation analysis results of pyroptosis-related prognostic DEGs, ISG15, GZMB, and EGFR in the TCGA-SKCM 
dataset. B–D Pyroptosis-related prognostic DEGs ISG15 (B), GZMB(C), EGFR (D) gene mutation site analysis results in the TCGA-SKCM dataset. All data are from the cBioPortal
database. TCGA: The cancer genome atlas, SKCM: cutaneous melanoma.
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Fig. 13. Analysis of expression distribution of pyroptosis-related prognostic DEGs ISG15 and GZMB and single cell analysis. A mRNA and protein expression of ISG15,  a  
differentially expressed gene related to pyroptosis, in normal human body tissues. B Display of results from single-gene analysis of ISG15, a differentially expressed gene 
related to apoptosis prognosis in the HPA database, in skin tissues. C mRNA and protein expression of GZMB, a differentially expressed gene related to apoptosis, in normal
human body tissues. D Single gene analysis of GZMB, a differentially expressed gene related to cell scorch in HPA database, in skin tissues. All data are from The Human
Protein Atlas database.

 

In the present study, patient stratification and prognostic pre-
diction were achieved by integrating GEO datasets with TCGA-
SKCM data. Eight pyroptosis-related DEGs were consistently iden-
tified across datasets, underscoring their robustness. Immune and 
pathway analyses revealed marked differences in immune-cell 
composition and biological processes between patient subgroups,
suggesting that pyroptosis-related transcriptional alterations con-
tribute to CM heterogeneity. Notably, ISG15 and GZMB emerged
as favorable prognostic indicators in both GEO and TCGA cohorts,
supporting the concept that specific pyroptosis-related genes can
independently predict CM outcomes.

Network-based analyses demonstrated that MMP1 occupied a 
central position within the PPI and transcriptional regulatory net-
works. MMP1, a matrix metalloproteinase belonging to the MMP
family, plays a key role in ECM degradation and tumor invasion
[51,52]. Prior studies have shown that MMP1 promoter polymor-
phisms are associated with CM susceptibility [53], supporting its 
functional relevance in melanoma progression. Functional enrich-
ment analyses further indicated that pyroptosis-related DEGs were
21
involved in membrane-associated signaling, UV-response path-
ways, and receptor tyrosine kinase activity, all of which are biolog-
ically relevant to melanoma pathogenesis.

GSEA revealed consistent enrichment of cell cycle–related path-
ways, including mitotic spindle regulation and chromosomal 
maintenance, across multiple datasets. These findings align with 
previous evidence that chromosomal instability is a frequent event
in CM and contributes to tumor initiation and progression by
impairing DNA replication and spindle checkpoint control [54].  In
addition, enrichment of proinflammatory and profibrotic pathways 
observed in one cohort highlights the inflammatory heterogeneity 
of CM and supports a link between pyroptosis-related genes and 
inflammation-driven tumor behavior. This observation is consis-
tent with prior reports demonstrating the diagnostic and prognos-
tic relevance of inflammation-associated markers in CM [55]. 

Using LASSO regression, six pyroptosis-related DEGs were 
incorporated into an initial prognostic model, among which 
ISG15, GZMB, and EGFR retained independent prognostic signifi-
cance in subsequent survival and Cox regression analyses. Elevated
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Fig. 14. Analysis of expression distribution of pyroptosis-related prognostic DEGs, EGFR and single cell analysis. A mRNA and protein expression of EGFR, a differentially 
expressed gene related to pyroptosis, in normal human body tissues. B Display of results from single-gene analysis of EGFR, a differentially expressed gene related to
apoptosis prognosis in the HPA database, in skin tissues. All data are from The Human Protein Atlas database. C–E Cell line analysis of differentially expressed pyroptosis-
related prognostic DEGs genes ISG15, GZMB, and EGFR in homo tissues and organs of the normal human body.
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expression of ISG15 and GZMB was associated with improved OS, 
DSS, and PFI, suggesting that enhanced immune-mediated tumor 
control contributes to favorable outcomes. ISG15, an interferon-
inducible ubiquitin-like modifier, plays a pivotal role in immune
regulation and inflammatory signaling [56]. The composition of 
ISG15 differs among species and tissues. The ISG15 gene produces 
free ISG15 protein, which is then post-translationally attached to 
cellular proteins and released into the extracellular environment.
ISG15 acts as a modifier, similar to ubiquitin, capable of attaching
to substrates in a manner analogous to ubiquitylation, known as
ISGylation [57,58,59]. Previous studies have shown that free 
ISG15 and its conjugates are primarily elevated as a defense mech-
anism against pathogens in pre-malignant cells and damaged neu-
rons. Nonetheless, the protective mechanism mediated by ISG15/
ISGylation becomes deregulated over time, leading to cellular dam-
age and subsequent pathology [60]. Moreover, there is ample evi-
dence indicating that irregular ISG15/ISGylation can lead to the
development of tumors, deterioration of neural functions, and
inflammation [61,62,63,64,65,66]. GZMB, a prevalent protease, is 
secreted by NK cells and cytotoxic T lymphocytes and degrades 
cytokines and ECM proteins. Granzyme B participates in cell death 
by splitting caspase-3, -7, -9, and -1024. Additionally, granzyme B
initiates pyroptosis independently of caspases when introduced
into the target cell via the immunological synapse [67,68,69]. The 
diverse functions of GZMB underscore its vital role in orchestrating 
immune reactions and cellular protective strategies. Previous stud-
ies have suggested that GZMB serves as an indicator of the emer-
gence and evolution of SKCM [70]. 

Immune infiltration analysis using ssGSEA revealed strong pos-
itive correlations between ISG15, GZMB, and immune-cell enrich-
ment, supporting the notion that a favorable prognosis is linked 
to an immune-active TME. Conversely, LRP4, SPP1, and FGFR3 were 
negatively correlated with immune infiltration, suggesting poten-
tial roles in immune suppression or tumor immune escape.
Together, these findings indicate that pyroptosis-related genes
influence CM prognosis primarily by modulating tumor–immune
interactions rather than through isolated genetic effects.

Several limitations should be acknowledged. The study relied 
on retrospective public datasets, and sample size limitations may 
introduce bias. Although multiple independent cohorts were ana-
lyzed, prospective validation in larger, well-annotated clinical pop-
ulations is necessary. Furthermore, the absence of functional
experiments limits mechanistic interpretation. Future studies
incorporating molecular assays such as PCR, western blotting,
immunohistochemistry, and in vivo models are required to vali-
date the biological roles of these genes.

5. Conclusion s

In conclusion, by integrating three GEO cohorts with TCGA-
SKCM, this study identified eight CM-specific pyroptosis-related 
DEGs and established reproducible prognostic frameworks for 
cutaneous melanoma. Among these genes, a robust immune-
associated three-gene model comprising ISG15, GZMB, and EGFR 
demonstrated accurate survival stratification and was closely 
linked to broad alterations in immune-cell infiltration. These find-
ings suggest that pyroptosis influences CM outcomes primarily 
through modulation of tumor–immune interactions. Collectively,
this work refines risk assessment in CM and highlights
pyroptosis-related pathways as biologically and clinically mean-
ingful targets. Future large-scale prospective validation and mech-
anistic studies are warranted to confirm clinical utility and to
further elucidate how pyroptosis-related genes regulate the
immune microenvironment in melanoma.
23
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