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Abstract

Introduction: Cutaneous melanoma, a highly aggressive malignant tumor, continues
to pose significant challenges in early diagnosis and prognosis assessment. Although
anoikis-related genes (ARGs) play crucial roles in tumor progression, systematic
molecular diagnostic biomarkers remain lacking.

Objective: This study aims to elucidate the molecular mechanisms and diagnostic
value of ARGs in cutaneous melanoma using advanced bioinformatics and machine
learning approaches.

Methods: Multiple melanoma datasets from The Cancer Genome Atlas and GEO
databases (GSE3189, GSE15605, GSE19234, GSE65904, and GSE66839) were
integrated to analyze ARG expression patterns. Differential expression analysis
identified candidate genes significantly associated with cutaneous skin melanoma.
A total of 113 machine learning models were employed to screen and validate
candidate genes, with receiver operating characteristic curves evaluating diagnostic
value. Core genes were identified through protein-protein interaction (PPI) networks.
The immune infiltration correlations of core genes were analyzed, and their tissue-
level expression was validated using immunohistochemistry.

Results: Twenty-two ARGs were significantly enriched in cancer signaling pathways,
including phosphoinositide 3-kinase-protein kinase B, hypoxia-inducible factor 1, and
programmed death-ligand 1. Nine candidate genes were identified through differential
and intersection analysis, and eight model genes were further screened using machine
learning. Seven genes exhibited high diagnostic efficacy in both training and external
validation sets (area under the curve [AUC] >0.7). Survival analysis revealed that high
expression of carcinoembryonic antigen-related cell adhesion molecule (CEACAM)5,
CEACAMSG, epidermal growth factor receptor (EGFR), stratifin (SFN), and Polo-like
kinase 1 (PLK1) correlated with poor prognosis. PPl analysis confirmed these as core
regulatory factors, and immune infiltration analysis revealed strong associations
with dendritic cells, T cells, and macrophages. The five-gene combination yielded
excellent diagnostic performance, with AUCs of 0.969 (training) and 0.971 (validation).
Immunohistochemistry confirmed their elevated expression in melanoma tissues.
Conclusion: This study identified five key ARGs, CEACAM5, CEACAM6, EGFR, SFN, and PLK1, as
significantly upregulated in cutaneous melanoma and associated with poor prognosis. Their
combined diagnostic power suggests strong potential as clinical pathological biomarkers.

Keywords: Machine learning; Immunohistochemistry; Biomarkers; Melanoma;
Anoikis
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1. Introduction

Melanoma is a malignant tumor arising from melanocytes
or melanocyte-like cells in the skin, characterized by
its highly invasive and metastatic capabilities.! The
main subtypes of this oncological pathology comprise
superficial spreading melanoma (70% of cases), nodular
melanoma (5%), lentigo maligna melanoma (4-15%), acral
lentiginous melanoma (5%), amelanotic melanoma (4%),
and desmoplastic melanoma (<4%).? Epidemiological data
indicate that the incidence of melanoma continues to rise.?
Men are approximately 1.5 times more likely to develop
melanoma than women. However, studies examining
age-specific incidence rates show that women have higher
incidence rates before the age of 40 years, whereas by the
age of 75 years, the incidence in men is nearly three times
higher than in women.* While the incidence of numerous
other tumor types is declining, melanoma rates continue
to increase.” This persistent rise has become a significant
socioeconomic concern, with the average lifetime risk of
developing melanoma reaching as high as 50%.°

Despite recent advances in cancer treatment, melanoma
treatment still faces enormous challenges. Research by
Tumeh et al.” indicates that the response rates to current
targeted therapy and immunotherapies are only 7-12%,
highlighting the urgent need for deeper investigation into
the mechanisms of melanoma pathogenesis. One of the
major challenges is the more accurate and therapeutically
predictive identification of patient populations likely to
benefit from specific interventions.

Anoikis is a form of programmed cell death triggered
by the loss of attachment to the extracellular matrix, and
it plays a crucial role in tumor development.®® Frisch and
Screaton' elaborated that anoikis serves as an important
barrier to cancer cell metastasis by inducing cell death
when extracellular matrix support is lost. Alterations in
certain molecules/pathways have been associated with
resistance to anoikis in metastatic cancers.!’ Anoikis is
essential for both development and tissue homeostasis,
and studies suggest that this pathway can suppress tumor
cell formation.”” During tumor progression, anoikis
plays a critical role, as cancer cells must overcome their
dependence on surrounding tissues to acquire metastatic
potential.

Anoikis resistance is a key mechanism supporting the
growth and spread of numerous malignant tumors. In
cancer cells, anti-anoikis pathways such as phosphoinositide
3-kinase (PI3K)/protein kinase B (Akt) are often activated,
for example, epidermal growth factor (EGF)-like domain-
containing protein 7 regulates colorectal cancer cell
invasion and anoikis through the PI3K/AKT pathway."
Similarly, nuclear factor kappa-light-chain-enhancer of

activated B cell (NF-xB) activation, driven by inhibitor
of kB (IxB) degradation and IxB kinase activity,"* plays a
crucial role in anoikis regulation. IxBs retain NF-kB in the
cytoplasm, preventing its nuclear entry and maintaining its
inactive state.”® Therefore, a comprehensive understanding
of anoikis is necessary for elucidating melanoma
progression, metastasis, and chemotherapy resistance.

Despite its well-established importance in tumor
biology, the diagnostic potential of anoikis in melanoma
remains underexplored. Current pathological diagnosis of
melanoma primarily relies on morphological assessment
and alimited set of molecular markers, such as $100, human
melanoma black (HMB)-45, and melanoma antigen A
(Melan-A), which lack specificity in certain atypical cases
and may lead to diagnostic ambiguity or misdiagnosis,
particularly in early or borderline lesions. This underscores
the urgent need for more precise molecular diagnostic
tools.

This study aims to systematically identify key anoikis-
related genes (ARGs) involved in melanoma using various
machine learning algorithms, thereby establishing a novel
pathological diagnostic marker system. By integrating
transcriptomic data from multiple public databases,
and combining differential expression analysis, multi-
model machine learning screening, receiver operating
characteristic (ROC) curve assessment, and protein-protein
interaction (PPI) network analysis, we comprehensively
evaluate the diagnostic value of ARGs in melanoma.
Furthermore, immunohistochemical validation confirms
the tissue-level expression of the identified key genes,
providing an experimental basis for their clinical
application. This study therefore holds significant scientific
and translational potential for improving diagnostic
accuracy and patient outcomes in melanoma.

2. Materials and methods

2.1. Gene expression profile data sources and
processing

Skin cutaneous melanoma (SKCM) datasets were obtained
from The Cancer Genome Atlas (TCGA), including
transcriptomic matrices and clinical information for
(SKCM; n = 471) and normal tissue (n = 1). Normal skin
tissue expression data were sourced from the Genotype-
Tissue Expression (GTEx) portal (https://gtexportal.org/
home/). The GSE3189, GSE15605, GSE19234, GSE65904,
and GSE66839 datasets, all containing available overall
survival (OS) data, were retrieved from the public Gene
Expression Omnibus database. RNA expression data were
converted to transcripts per million. Somatic mutation
and copy number variation (CNV) data were also obtained
from TCGA. The GSE3189 and GSE15605 datasets were
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merged using the R package “sva” (Bioconductor, USA)
after batch effect removal. ARGs were obtained from
GeneCards (https://www.genecards.org/).

2.2, Differential expression gene analysis and data
intersection

Differentially expressed genes (DEGs) between the SKCM
and control groups were identified using the R package
“limma” The criteria for significance were |log2 fold
change (log2FC)| 1.5 and an adjusted p<0.05. Univariate
Cox regression analysis was then performed to screen
ARGs with prognostic risk potential. The intersection of
DEGs and ARGs was subsequently identified to obtain
overlapping genes.

2.3. Gene ontology (GO) and Kyoto Encyclopedia of
Genes and Genomes (KEGG) pathway enrichment
analysis

GO and KEGG pathway enrichment analyses were
conducted on the overlapping genes to explore their
functional roles in SKCM. The R packages “clusterProfiler,”
“DOSE,” and “org.Hs.eg.db” were systematically used for
the enrichment analyses. A p<0.05 was considered the
threshold for identifying significantly enriched terms.

2.4. Feature selection through machine learning-
based integration

Feature selection was performed on the overlapping genes
between DEGs and ARGs using a machine learning-based
integration approach. Twelve machine learning models
were employed—Ridge, Gradient Boosting Machine,
Support Vector Machine, Linear Discriminant Analysis,
Random Forest, Least Absolute Shrinkage and Selection
Operator, Stepwise Generalized Linear Model, Elastic Net,
Partial Least Squares Regression for Generalized Linear
Models, Extreme Gradient Boosting, Naive Bayes, and
Generalized Linear Model Boosting—generating a total
of 113 algorithmic combinations. All model combinations
were evaluated in both training and testing cohorts. Model
performance was evaluated using the area under the curve
(AUC) score. The model with the highest average AUC in
both cohorts was considered optimal, and feature genes
were identified from this best-performing model.

2.5. Diagnostic capability assessment, prognostic
analysis, and PPl of model genes

To explore the diagnostic and prognostic value of specific
genes in SKCM, rigorous bioinformatics analyses were
performed. First, the diagnostic efficacy of key genes was
comprehensively evaluated using ROC analysis with the
R packages “glmnet” and “pROC” Genes demonstrating
strong diagnostic performance (AUC >0.7) in independent

testing and validation sets were considered potential core
biomarkers, offering valuable insights for precise SKCM
diagnosis. Prognostic analysis of these core genes was
then carried out using the R package “survival” to examine
associations between gene expression and patient survival
outcomes, providing scientific evidence to support
personalized SKCM treatment strategies. PPI analysis of the
model genes was performed using the STRING database
(https://string-db.org/), and hub genes were identified
with Cytoscape software (Cytoscape Consortium, USA).

2.6. Correlation analysis between model genes and
immune cell infiltration

To investigate the correlation between model genes
and immune cell infiltration, CIBERSORT (Stanford
University School of Medicine, USA) was used to calculate
associations between immune-infiltrating cells and
model gene expression. CIBERSORT is a bioinformatics
tool based on gene expression data that quantitatively
assesses the proportions of different immune cell types
in tissue samples. The relationships between model genes
and immune-infiltrating cells were identified through
CIBERSORT analysis.

2.7. Combined ROC analysis of model genes and
nomogram construction

To comprehensively assess the synergistic diagnostic
potential of core genesin SKCM, in-depth multidimensional
analyses were performed. Using the R packages “pROC” and
“glmnet,” a refined combined ROC analysis was conducted
on the screened core genes to systematically evaluate
their collective diagnostic performance. GSE15605 and
GSE3189 were used as testing sets, while GSE46517 served
as the validation set. Additionally, to further investigate the
unique diagnostic value of each gene, clinical prediction
nomograms were constructed using the “rms” and “rmda”
packages. This approach not only illustrates the relative
weights and contributions of individual genes but also
provides intuitive tools for risk prediction and auxiliary
clinical decision-making.

2.8. Immunohistochemical analysis of core gene
proteins

To validate the protein expression patterns of core genes
in SKCM tissues, rigorous histological detection was
conducted. The experimental procedures included the
use of standard paraffin-embedding techniques for the
precise processing of SKCM tissue specimens. After
systematic dehydration, tissues were embedded in paraffin
and sectioned into thin slices. These sections were then
subjected to high-temperature baking to ensure stability
and enhance staining quality. Both routine hematoxylin
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and eosin staining and specific immunohistochemical
staining were performed. For immunohistochemical
staining, the following primary antibodies were used:
anti-carcinoembryonic antigen-related cell adhesion
molecule 5 (CEACAMS5; ab207718, Abcam, China; 1:300
dilution), anti-EGF receptor (EGFR; ab52894, Abcam,
China; 1:600 dilution), and anti-stratifin (SFN; ab268067,
Abcam, China; 1:800 dilution). Each antibody dilution
was optimized through preliminary experiments. Tissue
sections underwent standard deparaffinization and antigen
retrieval protocols. Primary antibodies were incubated
overnight at 4°C, followed by detection using the EnVision
Detection System (Dako, Denmark). Appropriate positive
and negative controls were included for each antibody. The
Human Protein Atlas database (https://www.proteinatlas.
org/) was used to validate the protein expression of the
core genes.

2.9. Statistical analysis

All statistical analyses were performed using R version4.4.1.
For non-parametric data, the Wilcoxon test and Kruskal-
Wallis test were used for comparing two independent
samples and multiple samples, respectively. A p<0.05 was
considered statistically significant. Related R packages,
including “ggplot2,” “ggpubr,” “survival,” “survminer;” and
others, were downloaded from Bioconductor or the R
packages repository. Statistical significance for all analyses

was set at p<0.05.

3. Results

3.1. Expression, mutation, and prognosis of ARGs in
melanoma

A total of 813 normal skin samples and 471 SKCM samples
were obtained from the TCGA and GTEx databases.
In this study, 22 ARGs were included in the analysis,
comprising seven high-risk genes and 15 low-risk genes
(Figure 1A and B). To further explore the mutational
characteristics of these ARGs in melanoma, somatic
mutation analysis was performed. The results demonstrated
that PIK3CG exhibited the highest mutation rate (7%),
while CEACAMS5 and EGFR had mutation rates of 5%. The
remaining ARGs displayed minimal or no mutations in
melanoma (Figure 1C). CNV-related mutations were also
common, with MCL1, CEBPB,and MAP2K]I predominantly
exhibiting amplification mutations, whereas SFN, CASP3,
and Insulin-like growth factor 1 (IGFI) mutations showed
predominantly deletion mutations (Figure 1D). CNV
alterations across chromosomes were visualized to identify
the genomic loci of affected ARGs (Figure 1E). Interaction,
association, and prognostic analyses revealed that IGFI,
BCARI1, EGFR, CEACAMS5, Polo-like kinase 1 (PLK1),
and SEN functioned as risk factors, while the remaining 16

ARGs served as protective factors. Most ARGs exhibited
positive correlations with each other, although BCARI,
CASP3, PLK1, SEN, PIK3CG, PTK2B, and CFLAR showed
negative correlations (Figure 1F).

3.2. Dataset batch correction and DEGs

We initially performed rigorous batch correction and
integration of the GSE15605 and GSE3189 datasets. Post-
correction results demonstrated high consistency between
the two datasets (Figure 2A). Based on the integrated
dataset, we conducted comprehensive differential gene
expression analysis to reveal molecular-level changes
between SKCM and control groups. The analysis identified
a total of 3749 DEGs, including 1769 downregulated genes
and 1980 upregulated genes. These key findings are detailed
in Table S1. Heatmap visualization (Figure 2B) intuitively
illustrates the distinct expression patterns of these DEGs
between normal and tumor samples.

3.3. Model gene acquisition through 113 machine
learning models

Through cross-analysis of DEGs and ARGs, we precisely
identified nine key overlapping genes (Figure 3A).
Subsequently, we constructed a comprehensive prediction
framework encompassing 113 machine learning
models and systematically evaluated classification
performance across training and testing cohorts. Within
this computational framework, the Elastic Net model
(Enet[alpha=0.4]) emerged as the optimal classifier,
achieving an exceptional average AUC of 0.959 (Figure 3B).
Based on this model, we successfully identified eight key
feature genes—CEACAMS5, CEACAM6, CEBPB, EGFR,
IGF1, PLK1, SEN, and tissue inhibitor of metalloproteinase
1. To comprehensively validate the diagnostic potential
of these model genes, we performed rigorous ROC
analyses in both the training cohort and independent
validation sets. The results demonstrated that CEACAMS,
CEACAMS6, CEBPB, EGFR, PLKI, and SFN exhibited
robust diagnostic performance across both cohorts, with
AUC values consistently exceeding 0.7 (Figure 3C and D).
These findings not only affirm the potential of these genes
as diagnostic biomarkers but also provide important
molecular insights for the precise diagnosis of SKCM.

3.4. Functional enrichment analysis of model genes

To elucidate the functional mechanisms of model genes
in SKCM initiation and progression, we performed
comprehensive bioinformatics functional enrichment
analysis, including GO and KEGG analyses. GO functional
enrichment analysis revealed that model genes were
significantly involved in several key biological processes.
At the biological process level, they were enriched in
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Figure 1. Genetic and expressional variations of anoikis-related genes (ARGs) in skin cutaneous melanoma (SKCM). (A) Expression of 22 ARGs in
SKCM versus normal Tissue Samples. (B) Forest plot showing the association between ARGs and overall survival rates. (C) Mutation frequencies of
22 ARGs in 473 SKCM patients from The Cancer Genome Atlas (TCGA)-SKCM dataset. Each column represents an individual patient. The top bar
graph displays tumor mutational burden. Right-side values indicate mutation frequencies per ARG. The adjacent bar chart shows the proportions of
different mutation types. The stacked bar graph below illustrates mutation types per sample. (D) Copy number variation (CNV) frequencies of ARGs in
TCGA-SKCM patients. (E) Genomic loci of CNV mutations in ARGs across the 23 chromosomes. (F) Interaction network of ARGs in SKCM. Circle size
reflects the impact of each regulatory factor on prognosis, with significance levels ranging from p<0.0001 to p<1. Purple semicircles indicate unfavorable
prognostic factors, while green semicircles represent protective factors. Connecting lines between regulators indicate interactions, with blue denoting
negative correlations and red denoting positive correlations.

Abbreviations: del: Deletion; Multi: Multiple.
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Figure 2. Data integration analysis before and after batch effect correction. (A) Expression data distribution after batch correction, showing successful
elimination of systematic differences between datasets; expression profiles of the two datasets became consistent. (B) Heatmap of differentially expressed

genes.

epithelial cell proliferation, regulation of protein kinase
activity, and the neuron apoptotic process pathways.
Cellular component and molecular function analyses
further demonstrated enrichment in processes such as cell
adhesion, cytoskeletal remodeling, and various key protein
interactions (Figure 4A). KEGG pathway analysis further
revealed the potential pathogenic mechanisms associated
with these genes. The results showed that the model genes
primarily participate in several critical signal transduction
pathways, including human cytomegalovirus infection, the
PI3K-Akt signaling pathway, and the hypoxia-inducible
factor-1 signaling pathway (Figure 4B). These pathways are
known to play crucial roles in tumorigenesis, progression,
and metastasis.

3.5. Core gene identification

Tothoroughlyinvestigatethe prognosticvalueof model genes
in SKCM, we performed a comprehensive survival analysis.
The study results revealed a critical prognostic pattern—
high expression of CEACAMS5, CEACAMS6, EGFR, PLK1,
and SFN was closely associated with significantly poorer
OS rates in SKCM patients (Figure 5A-E). In contrast, high
expression of IGFI and CEBPB appeared to confer certain
survival advantages to patients (Figure 5F and G). These
genes show varying degrees of association with clinical
features in melanoma. EGFR expression significantly
varied across tumor stages, CEACAMS5 expression was
influenced by age, while the other genes showed no
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Figure 3. Machine learning model performance evaluation and comparison. (A) Venn diagram showing the intersection of differentially expressed genes
and anoikis-related genes, yielding nine overlapping genes. (B) Performance heatmap of 113 machine learning algorithm combinations, displaying key
performance metrics. (C) Receiver operating characteristic (ROC) curve for the training set. (D) ROC curve for the validation set.

Abbreviations: AUC: Area under the curve; diff: Difference; Enet: Elastic Net model; GBM: Gradient Boosting Machine; glmBoost: Generalized Linear
Model Boosting; LDA: Linear Discriminant Analysis; plsRglm: Partial Least Squares Regression for Generalized Linear Models; XGBoost: Extreme
Gradient Boosting; Stepglm: Stepwise Generalized Linear Model; SVM: Support Vector Machine.
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Abbreviations: Akt: Protein kinase B; EGFR: Epidermal growth factor receptor; FoxO: Forkhead box O; HIF-1: Hypoxia-inducible factor 1; PD-L1:
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Figure 5. The Kaplan-Meier curves illustrate the overall survival of skin cutaneous melanoma (SKCM) patients with respect to anoikis-related genes (ARG)
expression. (A-E) High expression of certain ARGs is associated with unfavorable prognosis in SKCM. These genes include CEACAM6, CEACAMS5, SEN,
EGFR and PLK1. (F and G) Low expression of specific ARGs is detrimental to SKCM survival. These genes include IGFI and CEBPB.

Abbreviations: CEACAM: Carcinoembryonic antigen-related cell adhesion molecule; CEBPB: CCAAT enhancer binding protein beta; EGFR: Epidermal
growth factor receptor; IGFI: Insulin-like growth factor 1; PLK1: Polo-like kinase 1; SFN: Stratifin.

significant association with stage, gender, or age (Figure
Al). PPI network analysis further validated these findings,
highlighting CEACAMS5, CEACAM6, EGFR, and SFN as
key interconnected genes (Figure 6A and B). Through the
integration of survival curve analysis and in-depth insights
from protein interaction networks, we ultimately identified
CEACAMS5, CEACAMS6, EGFR, PLKI, and SFN as core
genes with important prognostic significance. These genes
not only demonstrated statistically significant differences in
survival analysis, but their complex interaction dynamics
also highlighted their critical roles in melanoma initiation
and development.

3.6. Correlation analysis between core genes and
immune cell infiltration

Through quantitative assessment of immune cells in tumor
samples using the CIBERSORT algorithm, we discovered
significant correlations between core genes and multiple
immune-infiltrating cells (Figure 7A). Correlation analysis
of CEACAMS5 with immune cells showed significant

associations with multiple immune cell subsets, including
activated dendritic cells, T cells, and plasma cells
(Figure 7B). Correlation analysis of CEACAM6 revealed
close associations with various immune cell types,
including dendritic cells and plasma cells (Figure 7C).
EGFR was particularly prominent in immune cell
correlation analysis, showing significant correlations
with T cell memory subsets, B cells, dendritic cells, and
other immune cell types (Figure 7D). SEN is primarily
positively correlated with activated dendritic cells, while
negatively correlated with M1 macrophages (Figure 7E).
Additionally, PLK1 shows a positive correlation mainly
with M0 macrophages and resting NK cells, and a negative
correlation with monocytes, regulatory T cells, plasma
cells, and CD8* T cells (Figure 7E).

3.7. Combined ROC analysis and nomogram
construction of core genes

To validate the diagnostic capability of the five core genes in
SKCM, we performed a combined diagnostic ROC analysis
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Figure 6. Protein-protein interaction network analysis of key genes. (A) Protein-protein interaction network constructed using the STRING database,
showing interactions among CEBPB, IGF1, EGFR, PLK1, CEACAMS5, CEACAMS6, TIMP1, and SEN. Nodes represent proteins with different colors
indicating distinct functional clusters. Edge thickness represents interaction confidence scores. The network reveals dense interconnections among these
proteins, suggesting coordinated biological functions. (B) Simplified network diagram displaying the core interactions between the eight key proteins.
Lines represent direct protein-protein interactions, with EGFR appearing as a central hub protein connecting multiple network components.
Abbreviations: CEACAM: Carcinoembryonic antigen-related cell adhesion molecule; CEBPB: CCAAT enhancer binding protein beta; EGFR: Epidermal
growth factor receptor; IGF1: Insulin-like growth factor 1; PLK1: Polo-like kinase 1; SEN: Stratifin; TIMP1: Tissue inhibitor of metalloproteinase 1.

on both testing and validation sets. In the testing and training
sets, the AUC values for the combined diagnosis of these
five genes were 0.969 and 0.971, respectively (Figure 8A and
B), demonstrating extremely high diagnostic accuracy and
stability. This indicates that these genes possess strong potential
for SKCM discrimination. The Clinical Impact Curve displayed
changes in the number of high-risk patients under different
risk thresholds (Figure 8C). Decision curve analysis showed
that, compared to the “all” and “none” models, our gene model
(red line) significantly improved the net benefit of clinical
decision-making across a wide range of threshold probabilities
(Figure 8D). The calibration curve demonstrated high
concordance between model-predicted probabilities and actual
outcomes (Figure 8E). The nomogram illustrated the potential
of these five core genes as diagnostic biomarkers for SKCM,
providing an important theoretical foundation for personalized
risk assessment and precision medicine (Figure 8F).

3.8. Immunohistochemical validation of core genes

To comprehensively validate the expression characteristics
of CEACAM5, CEACAMSG6, EGFR, PLK1, and SFN in SKCM,
we performed in-depth immunohistochemical analysis. The
results revealed significant expression of these key genes in
tumor tissues (Figure 9A-E). These immunohistochemical
findings not only confirmed the high expression of the
five core genes in SKCM but also suggested their potential
critical regulatory roles in tumor progression.

4, Discussion

This comprehensive study successfully identified and
validated a five-gene anoikis-related signature (CEACAMS,

CEACAMS6, EGFR, SFN, and PLKI) with exceptional
diagnostic and prognostic value in melanoma through
the integration of multiple machine learning algorithms
and multi-omics data analysis. Our findings provide new
molecular targets for precise melanoma diagnosis and
establish an important foundation for understanding
the mechanistic role of anoikis resistance in melanoma
development and progression.

Anoikis, a form of programmed cell death, is a crucial
mechanism for maintaining normal tissue and organ
homeostasis. It is primarily induced by the loss of cell-
extracellular matrix interactions.'* However, malignant
tumor cells can evade this natural protective mechanism by
acquiring anoikis resistance, thereby gaining invasive and
metastatic capabilities.” In melanoma, several intracellular
signaling cascades have been identified as potential drivers
of anoikis resistance.'® Simpson et al.'* demonstrated that
melanoma cells can effectively suppress anoikis through
the activation of multiple survival signaling pathways,
including PI3K/AKT and NF-xB pathways. Our findings
are highly consistent with this perspective, as KEGG
enrichment analysis revealed that the core genes identified
in our study are primarily enriched in the PI3K-Akt
signaling pathway, further validating the important role
of anoikis resistance in melanoma. Multiple studies have
shown that the acquisition of anoikis resistance in tumor
cells can be driven through various pathways.**#

The five-gene diagnostic panel identified in this study
demonstrates strong potential for clinical translation,
with significant advantages over current diagnostic
approaches. Our machine learning-based signature
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Figure 7. Correlation analysis between key genes and tumor-infiltrating immune cells. (A) Comprehensive correlation heatmap showing Spearman
correlation coefficients between the eight key genes (CEBPB, CEACAMS5, CEACAMS6, EGFR, IGF1, PLK1, SEN, TIMP1) and 22 types of tumor-infiltrating
immune cells. Cell-cell correlations are represented by color intensity, indicating correlation strength (blue: negative correlation, red: positive correlation).
p-values are indicated by color coding. (B-F) Individual correlation plots for each key gene, showing their associations with different immune cell types.
Each plot displays correlation coefficients on the x-axis, with dot size representing absolute correlation values and colors indicating statistical significance
(p-values). Significant correlations (p<0.05) are highlighted, revealing distinct immune infiltration patterns associated with each gene.

Abbreviations: Abs: Absolute; CD: Cluster of differentiation; cor: Correlation; NK: Natural killer; CEACAM: Carcinoembryonic antigen-related cell
adhesion molecule; CEBPB: CCAAT enhancer binding protein beta; EGFR: Epidermal growth factor receptor; IGF1: Insulin-like growth factor 1; PLKI:
Polo-like kinase 1; SFN: Stratifin; TIMP1: Tissue inhibitor of metalloproteinase 1.

achieved outstanding diagnostic performance, with
combined AUC values of 0.969 and 0.971 in the training
and validation sets, respectively, substantially exceeding
the performance of individual traditional biomarkers. This
high diagnostic accuracy addresses a critical clinical need,
as the current pathological diagnosis of melanoma relies
heavily on morphological assessment and a limited panel

of immunohistochemical markers, including S100, HMB-
45, Melan-A, and sex-determining region Y-related high
mobility group box-containing protein (SOX) 10.*

Recent studies have highlighted the diagnostic
challenges posed by atypical melanocytic lesions,
particularly in distinguishing early melanoma from
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Figure 8. Performance evaluation and clinical utility assessment of the five-gene diagnostic model. (A) Receiver operating characteristic (ROC) curve
analysis in the test dataset showing excellent discriminative performance of the five-gene model (CEACAM5, CEACAM6, EGFR, PLK1, and SFN) for
skin cutaneous melanoma diagnosis. The model achieved an area under the curve (AUC) of 0.969. (B) ROC curve analysis in the validation dataset
demonstrating robust model performance with an AUC of 0.971. (C) Clinical impact curve displaying the relationship between risk threshold probability
and the number of high-risk patients. The upper panel shows the number of patients classified as high-risk (red solid line) and those experiencing events
(red dashed line) across different threshold probabilities. The lower panel presents the cost-benefit ratio, aiding clinicians in determining optimal risk
thresholds for clinical decision-making. (D) Decision curve analysis comparing the clinical utility of different strategies. The red line represents our five-
gene model, while the gray and black lines represent the “treat all” and “treat none” strategies, respectively. (E) Calibration curve assessing the agreement
between predicted probabilities and observed outcomes. The solid line represents the apparent performance, the dashed line indicates bias-corrected
performance, and the dotted diagonal line reflects perfect calibration. (F) Nomogram for individualized risk assessment incorporating the five core genes
(CEACAMS5, CEACAMS6, EGFR, PLK1, and SEN). Each gene contributes points based on its expression level, and the total score corresponding to the
disease risk probability.

Abbreviations: CEACAM: Carcinoembryonic antigen-related cell adhesion molecule; EGFR: Epidermal growth factor receptor; PLK1: Polo-like kinase 1;
SEN: Stratifin.

dysplastic nevi and other melanoma mimics.* Elmore Similarly, PLKI1 overexpression has been identified as
et al.*® demonstrated significant inter-observer variability an independent poor prognostic factor across various
in melanoma diagnosis, with agreement rates as low malignancies,®® with high PLKI expression significantly
as 64% for borderline lesions. Our quantitative gene correlating with reduced OS and increased recurrence risk.”

expression-based approach offers the potential to reduce
such diagnostic uncertainty by providing objective,
reproducible molecular measurements that complement
traditional histopathological assessment.

Our research revealed that CEACAMS5 and CEACAM6
are significantly overexpressed in melanoma and closely
associated with poor patient prognosis. The CEACAM
family represents an important class of cell surface

Our survival analysis revealed that high expression of glycoproteins that exert complex regulatory functions in
all five core genes was significantly associated with poor tumorbiology.*Intheir comprehensivereview, Beauchemin
patient prognosis, establishing their dual utility as both and Arabzadeh noted that CEACAM molecules may play
diagnostic and prognostic biomarkers. This finding is dual roles as either tumor promoters or suppressors,
particularly important given the heterogeneous clinical depending on the cancer types.* In colorectal cancer,
behavior of melanoma and the pressing need for accurate high CEACAMS5 expression is significantly associated
prognostic stratification to guide treatment decisions.* with tumor invasiveness and metastatic potential.*> More

importantly, recent studies have indicated that CEACAM6

The prognostic value of individual genes within our o o . ) s
is linked to anoikis resistance and increased metastasis.

signature is supported by extensive literature. EGFR
overexpression has been consistently associated with poor The prognostic stratification achieved by our five-
outcomes in multiple cancer types, including melanoma.” gene signature enables the identification of high-risk
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Figure 9. Histopathological validation of five core genes in skin cutaneous melanoma tissues. (A) The hematoxylin and eosin (HE) image reveals
disorganized melanoma cells in the dermis. Immunohistochemistry (IHC) staining shows strong cytoplasmic positivity for stratifin in melanoma cells,
especially concentrated in the tumor nest region. (B) The HE staining displays high cellular density and pleomorphism. (C) HE staining reveals fibrotic
stroma and infiltrative tumor growth. IHC shows moderate epidermal growth factor receptor (EGFR) staining in tumor cells with a membranous pattern,
suggesting EGFR involvement in melanoma progression. (D) IHC analysis shows focal and cytoplasmic staining of carcinoembryonic antigen-related cell
adhesion molecule 6 in tumor cells, supporting its overexpression in selected melanoma cell populations. (E) IHC staining shows strong nuclear positivity
of polo-like kinase 1 (PLK1) in melanoma cells, consistent with its role in cell proliferation. The inset highlights a high PLK1 expression pattern within the
tumor core. Scale bars: (A-C) = 250 um, (D and E) = 25 um; Magnifications: (A-C) = x20, (D and E) = x40.

patients who may benefit from more aggressive treatment AKT and MAPK signaling pathways. Furthermore,
approaches or closer surveillance protocols. Contemporary clinical trial data from Nathanson et al.*® indicated that
melanoma management increasingly relies on molecular EGEFR inhibitors show therapeutic efficacy in melanoma
profiling for treatment selection, particularly in the context treatment, especially in patients with high EGFR
of targeted therapy and immunotherapy. Our signature expression, providing important translational value for our
provides additional stratification capability that could identification of EGFR as a diagnostic marker.

inform clinical decision-making and patient counseling

regarding prognosis and treatment options. PLK1 and SFN (14-3-3 protein ©), as important cell

cycle regulatory factors, also demonstrated significant

The identification of therapeutically targetable genes diagnostic and prognostic value in our study. PLK1 is a
within our signature opens new avenues for melanoma critical regulator of cell cycle progression, and its abnormal
treatment development. Each of the five core genes expression is closely associated with the development of
represents a potential therapeutic target with existing or multiple tumors.? Mechanistic studies by Liu and Erikson®”
emerging targeted agents. demonstrated that PLK1 effectively inhibits anoikis in

EGFR, another core gene identified in our study, tumor cells by phosphorylating several key apoptosis-
plays a crucial role in melanoma development and regulatory proteins. In melanoma, Cholewa et al*
progression. Abnormal activation of the EGFR signaling discovered that PLK1 likely plays an active role in oncogenic
pathway represents a key mechanism through which transformation. SFN, an important member of the 14-3-3
various malignant tumors acquire resistance to anoikis.* protein family, plays a crucial role in cell cycle checkpoint
Que et al* demonstrated that in melanoma, EGFR control and the regulation of apoptosis.” Research by
overexpression significantly enhances tumor cell survival Benzinger et al.*’ revealed that SFN can effectively inhibit
and anoikis resistance by activating downstream PI3K/ the initiation of cellular apoptotic programs by binding
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to various pro-apoptotic proteins. These findings provide
important mechanistic explanations for our observations
of high PLK1 and SFN expression in melanoma and their
association with poor prognosis.

Our immune cell infiltration analysis revealed close
associations between core genes and the tumor immune
microenvironment, a finding with important clinical
implications. As a highly immunogenic tumor, the
characteristics of the immune microenvironment in
melanoma provide valuable guidance for both diagnosis
and treatment.” Research by Gajewski et al.*' demonstrated
that the composition and functional status of the tumor
immune microenvironment are key factors affecting
melanoma patient prognosis and treatment response.

The significant correlation we observed between EGFR
and memory T-cell subsets is particularly noteworthy.
Memory T cells play an important role in anti-tumor
immunity, and their infiltration levels are closely
associated with long-term patient survival.*? In addition,
the correlation between CEACAMS and dendritic cells
also carries significant implications.* These findings not
only provide new perspectives for understanding the role
of core genes in melanoma immune evasion but also offer
important insights for developing personalized treatment
strategies based on immunotherapy.

The five-gene diagnostic panel identified in this study
demonstrates substantial potential for clinical translation.
Current pathological diagnosis of melanoma primarily
relies on morphological assessment and a limited set of
immunohistochemical markers, presenting diagnostic
challenges in certain atypical cases.* Our diagnostic model,
based on ARGs, provides clinicians with an intuitive,
quantitative diagnostic tool in the form of a nomogram,
which has the potential to significantly improve the
accuracy and consistency of melanoma diagnosis.

From a therapeutic perspective, the core genes we
identified also offer new opportunities for targeted
therapy. EGFR inhibitors have demonstrated efficacy in
the treatment of various tumors,*” while PLK1 inhibitors,
as emerging anti-tumor agents, have shown promising
prospects in clinical trials.* Furthermore, immunotherapy
strategies targeting the CEACAM family are also being
actively explored.

While our study provides robust evidence for the
diagnostic and prognostic value of the five-gene anoikis
signature, several limitations should be acknowledged and
addressed in future research. The immunohistochemical
validation was performed on a relatively limited sample
size, which constrains the generalizability of our protein-
level findings. Although we employed multiple validation

strategies, including cross-platform verification using
the Human Protein Atlas database and validation across
multiple independent transcriptomic datasets, larger
multi-center clinical validation studies are needed to
confirm the clinical utility of our signature. Future studies
should incorporate diverse patient populations from
various geographic regions and clinical centers to ensure
broad applicability. Furthermore, we plan to expand future
research by including additional experiments, such as
in vitro anoikis resistance models, molecular mechanism
investigations, integrative mechanistic studies, in vivo
validation, and clinical correlation analyses.

While our study provides extensive computational
evidence for the role of the identified genes in anoikis
resistance, direct functional validation through
experimental approaches is needed to confirm mechanistic
relationships. Future research should include: (i) in vitro
anoikis resistance assays using melanoma cell lines with
genetic modulation of the target genes; (ii) validation of five
biomarker genes across different melanoma subtypes; (iii)
in vivo metastasis models to evaluate the impact of gene
expression on metastatic colonization, and (iv) mechanistic
studies to elucidate-specific molecular pathways involved
in anoikis resistance.

Melanoma  exhibits  significant  intra-tumoral
heterogeneity, which may impact the consistency of
biomarker expression. Our analysis was based on bulk
tissue samples, which may not fully capture the cellular
diversity within tumors. Single-cell RNA sequencing
approaches could provide more detailed insights into gene
expression patterns across different cellular populations
within melanoma tissues. Translation of our findings
into clinical practice will require standardization of assay
methodologies, the establishment of appropriate cutoft
values, and integration with existing diagnostic workflows.
Prospective clinical studies are also necessary to evaluate
the performance of our gene signature in real-world
diagnostic settings and to assess its impact on clinical
decision-making and patient outcomes.

5. Conclusion

This study successfully identified five anoikis-related
diagnostic biomarkers for melanoma—CEACAMS,
CEACAMSG6, EGFR, SFN, and PLK1—through an innovative
multi-algorithm machine learning strategy. These genes
not only demonstrate excellent diagnostic performance
but also provide new insights into melanoma pathogenesis
through their critical roles in anoikis resistance and immune
microenvironment regulation. As precision medicine
advances, molecular diagnostics based on multi-gene
panels will become an increasingly important direction
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in tumor pathology. Our research makes a significant
contribution to this emerging field by establishing a robust
biomarker signature with potential clinical applications in
melanoma diagnosis and therapeutic development.
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Figure Al. Expression levels of five core genes (CEACAMS5, CEACAMS6, EGFR, PLK1, and SFN) were analyzed in melanoma patients. (A) CEACAM5
showed no significant difference in expression across tumor stages; however, a statistically significant difference was observed between age groups
(p = 0.02), suggesting that age may influence CEACAMS5 expression. (B) CEACAM6 showed no significant expression differences among tumor stages,
genders, or age groups. (C) EGFR expression differed significantly across tumor stages (with some pairwise comparisons yielding p<0.05), indicating that
EGER expression changes with disease progression; however, no significant differences were observed between genders or age groups. (D) PLKI expression
showed no significant differences across tumor stages, genders, or age groups. (E) SEN expression showed no significant differences across tumor stages,
genders, or age groups.

Abbreviations: CEACAM: Carcinoembryonic antigen-related cell adhesion molecule; EGFR: Epidermal growth factor receptor; PLK1: Polo-like kinase 1;
SEN: Stratifin
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