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Abstract

Introduction: Skin cutaneous melanoma (SKCM) is a malignant skin cancer
characterized by heterogeneous outcomes. Autophagy exerts dual effects on tumor
progression and immune modulation.

Objective: This study aims to investigate whether autophagy-related genes can
stratify melanoma patients with different prognoses and to examine their association
with the immune microenvironment.

Methods: We identified 371 autophagy-related genes from the Human Autophagy
Database and analyzed transcriptomic and clinical data from 405 SKCM cases from
The Cancer Genome Atlas (TCGA). An autophagy-based prognostic signature was
initially screened by univariate Cox regression and then refined using Least Absolute
Shrinkage and Selection Operator Cox regression. Risk scores derived from this
signature classified patients into high- and low-risk groups, and the predictive power
of the signature was validated in TCGA and Gene Expression Omnibus datasets.
Functional enrichment, differential expression, and immune deconvolution analyses
(Cell-type Identification by Estimating Relative Subsets of Known RNA Transcripts)
were used to explore molecular and immune differences between groups.

Results: We constructed a 102-autophagy-related-gene signature, which robustly
stratifies patients with distinct survival outcomes in different cohorts. Low-risk
tumors exhibited immune-activating transcriptional programs and higher infiltration
of cluster of differentiation (CD)8* T lymphocytes, natural killer cells, plasma cells,
and memory CD4*T lymphocytes. High-risk tumors were associated with oncogenic
signaling pathways and immunosuppressive subsets, such as M2 macrophages
and Tregs. Canonical immune checkpoints, including PDCD1, CD274, CTLA4, LAG3,
and TIGIT, were upregulated in the low-risk group and correlated significantly with
effector immune infiltration, presenting an “immune-inflamed” phenotype.
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Conclusion: This autophagy-related-gene signature distinguished prognostic
subgroups and highlighted biological and immune diversity in melanoma, providing
potential directions for future autophagy research.

Keywords: Skin cutaneous melanoma; Autophagy; Immune microenvironment;
Prognostic signature; Checkpoint blockade

1. Introduction

Melanoma is a lethal skin cancer that derives from
melanocytes, accounting for nearly three-quarters of
all deaths from skin cancers worldwide.'? Its incidence
continues to increase, especially among fair-skinned
populations with chronic ultraviolet exposure, which
induces DNA damage and drives mutations in oncogenes,
such as BRAF and NRAS’* Advanced melanoma is
characterized by rapid dissemination and unfavorable
prognosis, imposing a substantial burden on healthcare
systems."** Recent breakthroughs in molecular targeted
agents (such as BRAF inhibitors) and immunotherapies
(such as immune checkpoint inhibitors) have conferred
significant survival benefits to patients, but responses to
these therapies are highly heterogeneous, and some patients
may fail to respond or develop acquired resistance.®’
Consequently, identifying reliable molecular biomarkers
to predict prognosis and treatment outcomes has become
an urgent clinical need. Previous clinical factors, such as
tumor stage and Breslow thickness, cannot fully account for
melanoma’s molecular complexity.® Therefore, integrative
genomic models that combine molecular features to better
explain clinical phenotypes and predict risk would be
beneficial for personalized treatment.

Autophagy is a  well-conserved intracellular
degradation and recycling process that exerts dual and
context-dependent effects in cancer.” During early tumor
development, autophagy can maintain cell homeostasis
and reduce genomic instability, potentially suppressing
tumor formation.'*"" Once tumors are established, tumor
cells exploit autophagy to survive under stress, promote
metabolic adaptation, and escape from immune attack.?
In recent years, researchers found that autophagy was
involved in the tumor progression, metastatic capacity,
and therapy resistance of melanoma®, suggesting that
autophagy-related transcriptional programs may hold
prognostic and therapeutic relevance.

Recently, several autophagy-related prognostic
models have been constructed in melanoma, and all
have demonstrated independent prognostic value for
overall survival (OS).!*'* However, most existing models

primarily focus on survival prediction and have paid
limited attention to the immune microenvironment,
despite growing evidence showing that autophagy
interacts closely with tumor immunity.” Building on
these foundations, our study integrates a comprehensive
analysis of both autophagy-related genes and immune
characteristics, providing a deeper understanding of the
biological programs underlying risk stratification and
suggesting possible links between autophagy and immune
responsiveness.

In this study, we identified a set of autophagy-
associated genes and applied Cox regression to identify
the relevant prognostic genes within The Cancer Genome
Atlas (TCGA)-skin cutaneous melanoma (SKCM) cohort.
After selecting these genes, we validated the model
across multiple independent Gene Expression Omnibus
(GEO) datasets to ensure its stability and generalizability,
confirming that the risk score derived from the prognostic
signature retains predictive power across various patient
populations. Beyond survival prediction, we examined the
distinct molecular and phenotypic features of the high- and
low-risk groups using functional enrichment and immune
deconvolution analyses. Our results demonstrate that the
signature captures distinct immune features, suggesting
its potential to reveal key insights into the relationship
between autophagy and tumor immunity in melanoma.

Overall, our study establishes a reliable autophagy-
related-gene signature that reflects both prognostic and
immune features of melanoma, offering a resource for
future research on autophagy-based immunotherapy.

2. Materials and methods

2.1. Data sources and autophagy gene collection

The gene set comprising 371 autophagy-related genes
was sourced from the Human Autophagy Database.”
Transcriptomic sequencing data and matched clinical
information from SKCM cases were extracted from
the TCGA-SKCM resource through the University of
California, Santa Cruz Xena portal to serve as an internal
cohort. To validate the robustness of our findings in the
internal dataset, independent datasets (GSE215119,
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GSE190113, GSE65904, and GSE91061) were accessed via
the GEO repository for external validations.

2.2, Data preprocessing and cohort partitioning

In the TCGA-SKCM cohort, we removed samples lacking
complete clinical information or OS data. The remaining
RNA sequencing data were originally in fragments per
kilobase of transcript per million mapped reads (FPKM)
format. We transformed these values into log,(FPKM + 1)
to normalize skewed expression distributions, yielding 405
tumor samples for analysis.

External datasets underwent appropriate preprocessing
based on their platform types. The microarray dataset
(GSE65904) was processed by mapping probe IDs to
official gene symbols according to platform annotations.
When several probes mapped to the same gene, we used
the mean signal intensity of these probes as the final
expression level. For the three RNA-seq datasets, including
GSE190113, GSE215119, and GSE91061, which provided
gene-level read counts, we converted the expression values
into transcripts per million to control sequencing depth
and gene length. All validation datasets were then log2-
transformed. To ensure datasets from different platforms
were comparable, we used z-score normalization within
each cohort. This step reduced the influence of batch
effects and allowed us to focus on relative gene expression
patterns rather than absolute expression values.

We randomly allocated patients to a training set (70%,
n = 283) and a test set (30%, n = 122), ensuring balanced
distributions of clinical variables. The training set was
utilized to establish a model and select parameters, while
the test set and external GEO datasets were used to evaluate
the stability and general performance of the signature.

2.3. Cox regression analysis

To explore the association between autophagy-related
genes and patient outcomes, we first performed univariate
Cox regression on the training set. Each gene in the gene
set (n = 371) was assessed individually for its association
with OS. The genes with a significant association with OS
(p-value < 0.05) were retained as candidate genes (n = 140)
for subsequent modeling. The analysis was performed in R
software (v4.2.1, R Foundation for Statistical Computing,
Austria) using the survival package. To reduce feature
redundancy and prevent overfitting, we next applied
the Least Absolute Shrinkage and Selection Operator
(LASSO) Cox regression model on the training set to
select prognostic genes. The analyses were conducted
using the R package glmnet with 5-fold cross-validation
to select the optimal penalty parameter. The model with
the lowest lambda value (lambda.min) was selected as the

final model, yielding a prognostic signature consisting of
102 genes. Non-zero coefficients were extracted using the
coef function in glmnet.

2.4. Risk score calculation and patient stratification

For each patient, we computed the risk score as follows
(Equation [1]):

Risk score = ZZ:I B; x Expression, (1)

where f3 stands for the regression coefficient of gene j from
the LASSO Cox model, and Expression, is the normalized
expression level of gene j. Patients in each dataset (ie.,
the internal TCGA set and the external GEO sets) were
divided into high- or low-risk groups based on the cohort-
specific median risk score.

2.5. Survival analysis and multivariate Cox
regression

We assessed differences in OS between risk groups using
Kaplan-Meier (KM) survival curves, calculated via
the survfit function in the R package survival. Survival
differences between groups were evaluated by the log-rank
test. Survival curves were visualized using the ggsurvplot
function from the survminer package, allowing clear
comparison of long-term survival trends.

To evaluate the independence of the autophagy-related-
gene signature from clinical variables, multivariate Cox
regression was performed incorporating risk score, age,
gender, and tumor stage. Tumor stage was dichotomized
into early (stage 0, I, and II) and late (stage III-IV).
Hazard ratios, 95% confidence intervals, and p-values were
derived with the Wald test. The Benjamini-Hochberg false
discovery rate (FDR) method was utilized to correct for
multiple comparisons. The forest plot was generated with
the ggforest function in the R package survminer.

2.6. Differential expression analysis

To identify transcriptional alterations associated with the
autophagy-related prognostic signature, patients in the
TCGA training set were assigned to the high- or low-
risk groups based on the median risk score. Differential
expression analysis was performed using the R package
limma to identify differentially expressed genes (DEGs).
Genes with an FDR-corrected p-value < 0.05 (Benjamini-
Hochberg correction) and an absolute log, fold change > 1
were considered significant.

2.7.Visualization of differentially expressed genes

The overall distribution of DEGs (n = 553) was illustrated
using a volcano plot, which highlights both the magnitude
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and significance of expression differences. The top 10
upregulated genes in each group were labeled to enhance
interpretability. To visualize representative transcriptional
patterns, the top 50 significant DEGs (ranked by FDR-
corrected p-value) were selected for hierarchical clustering.
The heatmap was generated by the R package pheatmap
to display their expression profiles across high- and low-
risk groups, with rows representing genes and columns
representing patients.

2.8. Functional enrichment analysis

We performed gene ontology (GO) annotation to identify
the functional enrichment of DEGs. Significantly enriched
biological processes (FDR-adjusted p < 0.05) were
identified through functional enrichment analysis using
the R package clusterProfiler. The results were displayed as
bar plots for clear visualization.

2.9. Immune cell-infiltration analysis

We analyzed immune cell composition in each risk group by
the Cell-type Identification by Estimating Relative Subsets
of Known RNA Transcripts (CIBERSORT) algorithm."
This tool estimates the relative abundance of 22 immune
cell types based on gene expression data and a reference
signature matrix (LM22). CIBERSORT was run with
1,000 permutations to ensure reliable deconvolution.” The
fractions of immune populations in each category were
compared between the two risk groups by the Wilcoxon
rank-sum test, regarding p < 0.05 as statistically significant.
Visualization was performed with the R package ggplot2.

2.10. Immune pathway activity scoring via single-
sample gene set enrichment analysis

To measure the activity of immune-related biological
processes, we conducted single-sample gene set
enrichment analysis using the gsva() function (method
= “ssgsea’) in R. Gene sets corresponding to immune
pathways were retrieved from the GO database, including
leukocyte-mediated ~ immunity  (GO:0002443  and
G0:0002449), adaptive immune response (GO:0002250),
B cell-mediated immunity (GO:0019724), leukocyte cell-
cell adhesion (GO:0007159), and regulation of T cell
activation (GO:0050863). Gene sets corresponding to
these GO terms were retrieved from the R package org.
Hs.eg.db. For each individual in the TCGA test dataset and
the GSE65904 validation cohort, enrichment scores were
computed, and group differences were compared using the
Wilcoxon rank-sum test. Results were visualized with box
plots in the R package ggplot2.

2.11. Correlation between checkpoint expression
and immune infiltration

To explore associations between checkpoint expression and
immune infiltration levels, Spearman correlation analysis
was performed between checkpoint gene expression
levels and the estimated fractions of immune cell subsets
derived from CIBERSORT analysis. Spearman correlation
coeflicients and corresponding p-values were calculated
using the stats package in R, and results were visualized
with scatter plots generated by the R package ggplot2.

3. Results

3.1. Development and verification of a prognostic
model based on autophagy-associated genes

To investigate the prognostic relevance of autophagy-
related genes in SKCM, we identified 371 autophagy-
related genes from the Human Autophagy Database.
Transcriptomic profiles and matched clinical information
of SKCM patients were sourced from the TCGA-SKCM
cohort. After excluding cases with incomplete survival or
clinical data, 405 patients were included in the analysis.
These patients were randomized into a training set (n =
283,70%) and a test set (n = 122,30%) to allow independent
model evaluation.

In the training set, we initially conducted univariate
Cox regression to identify genes associated with OS. We
identified 140 genes in total (p < 0.05, Figure 1A). We then
applied LASSO Cox regression to further narrow down
the candidate genes and built a final prognostic model
composed of 102 autophagy-related genes. A risk score
was calculated for each patient, and patients were stratified
into two risk groups (high vs. low) based on the median
risk score in the training cohort, as described in Section 2
(Materials and Methods).

According to KM analysis, high-risk patients had
significantly worse OS than low-risk patients (Figure
1B). The model also exhibited independent prognostic
value in the TCGA test set (Figure Al). Additionally, the
model showed similar performance in three GEO datasets
(GSE215119, GSE190113, and GSE65904; Figure A1B and
AIC). These results indicate that the autophagy-related
prognostic signature is reproducible across multiple
datasets.

To further characterize the molecular features associated
with risk stratification, we visualized the expression profiles
of all genes included in the signature across patients in the
training set (Figure 1C). Genes with negative regression
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Figure 1. Construction and validation of an autophagy-related prognostic signature in skin cutaneous melanoma. (A) Volcano plot of univariate Cox
regression analysis for 371 autophagy-related genes. Red dots indicate risk genes (HR > 1, p < 0.05), blue dots represent protective genes (HR < 1, p < 0.05),
and grey dots denote genes without significant prognostic value (p > 0.05). (B) Kaplan-Meier survival curves for patients in The Cancer Genome Atlas
training set stratified by the 102-gene signature risk score. (C) The heatmap shows the expression profiles of 102 Least Absolute Shrinkage and Selection
Operator-selected prognostic genes in the training set. Top annotation bars indicate clinical variables, including risk group, overall survival status, stage,
and age. (D) Forest plot of multivariate Cox regression analysis evaluating the independent prognostic value of the risk score alongside clinical variables
(age, gender, and tumor stage). HRs and 95% ClIs were derived from Cox proportional hazards models. Statistical significance was determined by the Wald
test and adjusted for multiple comparisons by the Benjamini-Hochberg FDR method in D.

Notes: *p < 0.05; ***p < 0.001.

Abbreviations: Cls: Confidence intervals; FDR: False discovery rate; HR: Hazard ratio; NS: Not significant; OS: Overall survival.
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coeflicients tended to show higher expression in the low-
risk group, reflecting their association with better outcomes.
Conversely, genes linked to poorer prognosis, as indicated
by positive regression coeflicients, were more abundant in
patients classified as high risk (Table S1). The expression
patterns showed limited correlation with conventional
clinical variables, suggesting that the prognostic signature
provides information beyond traditional staging systems.

We next examined whether the risk score could serve
as an independent prognostic factor beyond established
clinical variables. To address this, we performed a
multivariate Cox regression analysis that included age,
gender, tumor stage (early vs. late), and the risk score.
We found that the risk score remained a strong and
significant predictor of OS (Figure 1D). Tumor stage also
demonstrated an independent association with survival,
consistent with its well-established role in melanoma
outcomes.” In contrast, neither age nor gender showed
a significant effect in the multivariate model. In total,
our results show that the risk score is an independent
and powerful prognostic indicator that improves patient
stratification and may provide new insights for clinical
prediction based on autophagy-related gene expression.

3.2. Immune landscape associated with the risk
signature

To uncover the biological processes driving the prognostic
separation defined by the autophagy-based signature,
we compared the gene expression patterns between
patients classified by risk score in the TCGA training set.
Differential expression analysis identified 553 genes that
were significantly altered between the two groups. The
volcano plot demonstrated a predominance of upregulated
genes in the low-risk group (Figure 2A), consistent with
the clustering pattern of the top 50 DEGs, which showed
preferential expression in low-risk tumors (Figure 2B).

Closer inspection revealed that numerous DEGs that
encode immune-regulatory and interferon-stimulated
factors showed increased expression in the low-risk
group. For instance, SAMDYL, an interferon-inducible
antiviral factor and tumor suppressor critical for innate
immune defense, harbors germline and somatic variants
associated with myeloid malignancies, including pediatric
myelodysplastic syndromes/acute myeloid leukemia and
monosomy-7 syndromes.”*** BIRC3, encoding cellular
inhibitor of apoptosis protein 2, participates in the
regulation of apoptosis and nuclear factor kappa-light-
chain-enhancer of activated B cells (NF-xB) signaling
and contributes to tumor cell survival and immune
homeostasis.* Cylindromatosis (CYLD) protein, a
deubiquitinase and tumor suppressor, restrains NF-kB

signaling and interacts with additional pathways relevant
to immune regulation.* Consistent with this role,
its reduced expression is known to associate with an
inferior prognosis in melanoma.” In our cohort, CYLD
upregulation emerged as a defining feature of the low-
risk group and underlies its favorable prognosis. IFIH]I
encodes melanoma differentiation-associated protein
5, a cytosolic viral RNA sensor, which activates type I
interferon responses and downstream adaptive immunity.*
Collectively, the upregulation of these genes in the low-risk
cohort suggests the presence of a transcriptional program
conducive to immune activation and enhanced antitumor
surveillance.

Conversely, genes enriched in the high-risk group
were mainly linked to tumor-promoting pathways and
immune suppression. RAC3, encoding steroid receptor
coactivator 3/amplified in breast cancer 1, functions
as an oncogenic coactivator that enhances tumor cell
proliferation and migration partly through protein
kinase B (AKT)-related signaling, thereby supporting
malignant progression.”” Because activation of the
phosphoinositide 3-kinase-AKT pathway is known to
foster an immunosuppressive tumor environment®, RAC3
overexpression may indirectly contribute to impaired
antitumor immunity. ZNF703 is frequently upregulated
in solid tumors and promotes epithelial-to-mesenchymal
transition (EMT), a process known to facilitate invasion
and to attenuate immune detection, thereby linking
ZNF703 to both aggressive disease and potential immune
evasion.’*> DLL3 encodes an atypical Notch ligand
aberrantly expressed in neuroendocrine malignancies,
altering tumor cell communication, and has emerged as
an actionable immune target in antibody drug conjugate
and T-cell redirecting therapies.*® Finally, GSTP1 encodes
a detoxification enzyme, which contributes to resistance
against platinum-based chemotherapy and is associated
with unfavorable outcomes across several cancer types.*
These findings suggest that the transcriptional programs
activated in the high-risk group favor tumor progression
and dampen antitumor immunity.

Given the known crosstalk between immune cells
and tumor-intrinsic signaling,*® we performed functional
enrichment analysis to contextualize our gene-level
observations in melanoma. The DEGs were significantly
enriched in immune-related processes, including
leukocyte-mediated immunity, T-cell activation, and
leukocyte proliferation (Figure 2C). These results suggest
that enhanced immune activity is a key feature of the low-
risk group, which may explain their improved survival.

To gain a deeper insight into the immune contexture,
we applied CIBERSORT to deconvolve the bulk
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Figure 2. Differential expression and immune infiltration patterns associated with the autophagy-related prognostic signature. (A) Volcano plot showing
DEGs between two risk groups in the training set. (B) Heatmap of the top 50 DEGs demonstrating distinct clustering of patients by risk status. (C) Bar
plot of GO biological process terms significantly upregulated for the DEGs. The bar length represents the number of upregulated genes (count). The color
intensity of bars corresponds to the statistical significance (FDR-corrected p-value). (D) Bar plot demonstrating differential abundance of 22 immune cell
subsets between risk groups, as estimated by CIBERSORT. Statistical significance was determined by the Wilcoxon rank-sum test in D.

Notes: *p < 0.05; **p < 0.01; **p < 0.001; ****p < 0.0001.

Abbreviations: DEGs: Differentially expressed genes; FC: Fold change; GO: Gene ontology; ns, not significant.
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transcriptomic data into relative proportions of 22
immune cell subsets, as described in Section 2 (Materials
and Methods). Substantial differences in immune
infiltration were observed between the two groups (Figure
2D). The high-risk group exhibited elevated proportions
of M2 macrophages and regulatory T cells (Tregs), both
of which are known to dampen antitumor immunity and
promote immune evasion.”®” Tregs suppress cytotoxic
T-cell activity and weaken immune surveillance, while M2
macrophages also facilitate tumor growth and angiogenesis
by releasing cytokines.®** The low-risk group, on the other
hand, showed greater infiltration of naive B cells, plasma
cells, activated natural killer (NK) cells, and both cluster
of differentiation (CD)4* memory and CD8* cytotoxic T
lymphocytes, consistent with an immune-inflamed tumor
microenvironment. Similar findings from previous studies
have linked strong infiltration of helper and cytotoxic
immune cells with better survival in melanoma.*!

Taken together, these results suggest that the
autophagy-related prognostic signature not only stratifies
patients by survival outcomes but also captures distinct
immune landscapes. The low-risk group is characterized
by protective immune programs and enhanced antitumor
surveillance, whereas the high-risk group is dominated
by oncogenic drivers and features an immunosuppressive
microenvironment.

3.3. Validation of the immune landscape in test and
external cohorts

We next validated the immune patterns in the
independent TCGA test cohort by examining immune-
related transcriptional programs and infiltration profiles.
Consistent with the training set, the low-risk group showed
markedly elevated immune pathway activity (Figure 3A)
that collectively orchestrates effective tumor immune
surveillance.”>*® For instance, the regulation of T-cell
activation directly influences cytotoxic T-lymphocyte
expansion and effector function, processes that have
been repeatedly linked to durable responses in melanoma
patients treated with immunotherapies.*' Likewise, B-cell-
driven immune activity and plasma cell maturation
promote antibody secretion and aid in antigen presentation
and T-cell activation, potentiating antitumor immune
responses.* The enrichment of these immune-activating
programs in the low-risk group therefore provides a
mechanistic rationale for their superior survival outcomes.
To further assess generalizability, we validated these
findings in an independent external cohort (GSE65904).
The low-risk group displayed a similar enrichment of
immune-related pathways (Figure 3B), suggesting that the
immune activation associated with the autophagy-related
risk score is reproducible across datasets.

Building on these pathway-level findings, we sought
to determine if the transcriptional differences translated
into a distinct cellular landscape within the tumor
microenvironment. Applying CIBERSORT to deconvolute
the immune cell composition, we identified consistent
and reproducible shifts across both the TCGA test set
and the external GSE65904 cohort. High-risk tumors
contained a higher proportion of immunosuppressive cell
populations, particularly M2 macrophages and regulatory
T cells, whereas low-risk ones were characterized by
elevated plasma cells, activated NK cells, CD4* memory
T lymphocytes, and CD8" T lymphocytes (Figures
3C-3D). These infiltration patterns closely mirrored the
immune landscapes in the training set, suggesting that the
autophagy-based risk score robustly captures melanoma
immune polarization across independent datasets.

Taken together, our analysis goes beyond simple
prognosis  prediction by linking the autophagy-
related-gene signature to an immune-activated tumor
microenvironment. The consistency of these immune-
related patterns across the training, test, and external
validation cohorts further indicates that the constructed
signature captures key immune features that are conserved
in melanoma. This highlights the potential biological
significance of the immune landscape in shaping the
tumor’s behavior, which may contribute to the prognostic
relevance of the signature.

3.4. Correlation between immune checkpoint
expression and immune cell infiltration

To further delineate the immune context of the autophagy-
related prognostic signature, we examined the expression
patterns of canonical immune checkpoint molecules in
the TCGA training set. The five canonical inhibitory
checkpoints (PDCD1, CD274, CTLA4, LAG3, and TIGIT)
were significantly upregulated in the low-risk group
compared to the high-risk one (Figure 4A). Inhibitory
molecules, such as programmed cell death protein 1 (PD-
1) (encoded by PDCD1I) and programmed death-ligand 1
(PD-L1) (encoded by CD274), often actas a brake to prevent
T-cell overactivation.*® Although tumor cells exploit their
interactions with CD8* T lymphocytes to evade immune
surveillance, their expression is a reliable indicator of pre-
existing antitumor immunity.* PDCDI expression often
correlates with infiltration of effector T cells and favorable
outcomes in melanoma patients undergoing checkpoint
blockade therapy.”” Similarly, CD274 expression has been
associated with higher response rates to anti-PD-1/PD-L1
therapy and is frequently observed in tumors exhibiting an
immune-inflamed phenotype.** Cytotoxic T-lymphocyte-
associated protein 4 (CTLA-4) is a well-established
coinhibitory receptor, and combination PD-1/CTLA-4
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Figure 3. Inmune-related pathways and immune infiltration patterns stratified by the autophagy-related prognostic signature. (A-B) Boxplots showing
single-sample gene set enrichment analysis enrichment scores of immune-related pathways in the TCGA test set (A) and the external validation dataset
GSE65904 (B). Pathways include leukocyte-mediated immunity (GO:0002443, GO:0002449), adaptive immune response (GO:0002250), B cell-mediated
immunity (GO:0019724), leukocyte cell-cell adhesion (GO:0007159), and regulation of T-cell activation (GO:0050863). (C-D) Boxplots showing the
relative abundance of 22 immune cell types estimated by CIBERSORT in the TCGA test set (C) and the GSE65904 validation cohort (D). Statistical
significance was determined by the Wilcoxon rank-sum test in D.

Notes: *p < 0.05; **p < 0.01.

Abbreviations: GO: Gene ontology; NK: Natural killer; ns, not significant; ssGSEA: Single-sample gene set enrichment analysis; TCGA: The Cancer
Genome Atlas.
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inhibition (for example, nivolumab plus ipilimumab)
has been established for first-line treatment of metastatic
melanoma.® In addition, lymphocyte-activation gene 3
(LAG-3) and T-cell immunoreceptor with immunoglobulin
and immunoreceptor tyrosine-based inhibitory motif
domains (TIGIT) have emerged more recently as promising
checkpoint targets: for instance, the RELATTIVITY-047 trial
demonstrated a significant improvement in progression-
free survival with combined LAG-3 and PD-1 blockade
compared to PD-1 monotherapy”' The coordinated
expression of 7these checkpoints, which are central
regulators of T-cell activation and immune homeostasis™,
often reflects an immune-inflamed tumor phenotype, as
strongly evidenced by recent investigations.” Moreover,
studies indicate that within the melanoma tumor niche,
CD8" T lymphocytes exhibiting a dysfunctional phenotype
often co-express TIGIT®, further linking checkpoint
upregulation with effector T-cell infiltration and immune
activation in melanoma.

To determine whether checkpoint expression was
associated with immune infiltration, we conducted
Spearman correlation tests to evaluate associations between
immune checkpoint expression level and immune cell
composition inferred by CIBERSORT analysis. As shown in
Figure 4B, checkpoint expression correlated positively with
CD8* T lymphocytes and activated NK cells. This suggests
that in the low-risk group, increased checkpoint expression
reflects an ongoing antitumor immune response, driven by
effector cell infiltration, rather than indicating intrinsic
immune suppression, which aligns with recent studies.”

These findings suggest that low-risk tumors exhibit
an immune-active microenvironment, with traits
commonly associated with an “immune-hot” tumor
microenvironment, a term used to describe tumors
with high expression of immune checkpoints, abundant
effector T lymphocytes and NK-cell infiltration, and
elevated interferon signaling**® Such “immune-

Figure 4. Immune checkpoint expression and correlation with immune infiltration. (A) Boxplot showing the expression of five canonical immune
checkpoint genes (PDCD1, CD274, CTLA4, LAG3, TIGIT) between high- and low-risk groups in The Cancer Genome Atlas training set. (B) Scatter plots
showing Spearman correlations between checkpoint gene expression and the fractions of cluster of differentiation (CD)8* T cells and activated natural

killer (NK) cells estimated by CIBERSORT.
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hot” tumors generally have favorable prognoses and
increased sensitivities to immune checkpoint inhibitors.”
Given these immune-inflamed characteristics, we next
investigated whether the autophagy-related-gene signature
we constructed could distinguish responses to therapy
in melanoma patients undergoing immune checkpoint
blockade.

3.5. Independent validation of the autophagy-
related-gene signature in an anti-programmed cell
death protein 1-treated melanoma cohort

To further assess the potential clinical relevance of our
autophagy-related prognostic signature in the context of
immunotherapy, we performed an independent validation
using the publicly available dataset GSE91061, which
includes melanoma patients treated with anti-PD-1
therapy.** Risk scores showed an increasing trend from
responders to stable disease, then to non-responders,
although the trend was not statistically significant

(Figure A2A), likely due to the limited sample size and
heterogeneous clinical and sequencing conditions.
Consistent with findings from the TCGA training set,
tumors in the low-risk group exhibited significantly higher
expression of key immune checkpoint genes (Figure A2B).

Together, these observations suggest that the autophagy-
related-gene signature is associated with differences in
immune activity within the tumor microenvironment,
although its predictive value for immunotherapy response
remains to be validated in larger, well-annotated clinical
cohorts.

4. Discussion

In this study, we developed and validated a comprehensive
102-autophagy-related-gene prognostic signature that
robustly stratifies melanoma patients into distinct risk
groups across multiple independent cohorts (Figure
5). Compared with prior autophagy-based models that

Figure 5. Overview of study workflow and main findings. The overall analytical workflow of the study is illustrated. Transcriptomic and clinical data
of melanoma (TCGA-SKCM, n = 405) were collected, and 371 autophagy-related genes were selected. Univariate and LASSO Cox regression analyses
were applied to build an autophagy-related-gene signature (n = 102 genes). The patients from the TCGA cohort were randomly assigned to a training
set (n = 283) or a test set (n = 122), followed by validation in external melanoma datasets. The model effectively discriminated between two risk groups
(high vs. low) that exhibited significantly different overall survival. Differential expression and immune deconvolution analyses revealed that the low-
risk group exhibited elevated infiltration of immune cells and increased expression of immune checkpoints, indicating an immune-inflamed tumor
microenvironment, whereas high-risk tumors were enriched in immunosuppressive cell subsets.

Abbreviations: FC: Fold change; LASSO: Least Absolute Shrinkage and Selection Operator; SKCM: Skin cutaneous melanoma; TCGA: The Cancer
Genome Atlas.
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primarily focused on prognostic classification'*¢, this
work provides an integrative view linking autophagy-
related transcriptional programs with the immune
landscape of melanoma. By integrating transcriptomic,
pathway, and immune-cell composition analyses, this
study provides a comprehensive view of how autophagy
correlates with tumor-immune states, thereby offering
insights into the biological basis of risk stratification and
potential implications for immunotherapy research.

Critically, the tumor immune landscape differed
significantly between risk groups. In low-risk tumors, we
observed higher expression of several immune-regulatory
genes (including SAMDYL, BIRC3, CYLD, IFIHI) that
are functionally linked to innate and adaptive antiviral/
antitumor signaling. Conversely, genes upregulated in
the high-risk group (e.g., RAC3, ZNF703, DLL3, GSTPI)
have been implicated in oncogenic signaling, EMT,
and pro-tumor programs that may promote immune
evasion, consistent with the broader programs previously
associated with poor response to checkpoint blockade in
melanoma.®®

Functional enrichment analysis demonstrated that
genes upregulated in the low-risk group were involved in
immune-related pathways. This is consistent with earlier
work showing that active T-cell and B-cell programs
strongly predict a favorable prognosis and are often
associated with responsiveness to immune checkpoint
inhibitors.**% The convergence of gene-level and pathway-
level evidence suggests that the autophagy-related-gene
signature captures an immune-active tumor state rather
than merely reflecting general transcriptional variation.
Moreover, analysis of immune cell composition showed
that the low-risk group had greater infiltration of effector
cells, such as CD8" cytotoxic T lymphocytes and activated
NK cells. This pattern suggests an inflamed and immune-
active tumor environment. In contrast, the high-risk group
showed higher levels of M2 macrophages and regulatory
T cells, indicating an immunosuppressive setting often
associated with therapeutic resistance.®** These opposing
immune states, often described as “immune-inflamed”
versus “immune-suppressed” phenotypes, are in line
with established immuno-oncologic paradigms®*-** and
suggest that autophagy-related gene expression may serve
as a transcriptional correlate of immune polarization in
melanoma. To better understand this pattern, we examined
the expression of five canonical immune checkpoint genes,
all of which were significantly upregulated in the low-
risk group. Although these molecules mediate immune
inhibition, their upregulation usually reflects an adaptive
reaction to sustained immune activation, rather than
indicating intrinsic immune suppression.®® In numerous

studies, checkpoint expression often marks tumors
with effector T-lymphocyte infiltration and interferon
signaling, representing an adaptive brake on excessive
immune activity."% This explanation is supported by the
positive relationship between checkpoint expression and
the abundance of CD8* T cells and activated NK cells.
Therefore, the higher checkpoint expression observed
in low-risk tumors may reflect a dynamic equilibrium
between immune activation and regulation, as seen in
tumors with a favorable prognosis and greater response to
immunotherapy.®”°

To explore the possible clinical meaning of this
immune-related pattern, we performed an exploratory
validation using an anti-PD-1-treated melanoma dataset
(GSE91061).** The results showed that patients who did
not respond to therapy tended to have higher risk scores,
although the difference was not statistically significant.
Tumors in the low-risk group showed higher expression
of key immune checkpoint genes, consistent with the
immune-active gene expression pattern seen in the
TCGA cohort. These results indicate that the autophagy-
based signature reflects two distinct immune states, one
immune-active and the other immune-suppressed. The
findings also suggest that this signature may help describe
the interaction between tumor cells and the immune
system. However, further validation in larger and well-
characterized clinical cohorts is needed to confirm its
predictive value for immune checkpoint therapy.

The relationship between autophagy and antitumor
immunity is complex and varies depending on the
cellular and microenvironmental context. In immune-
activated environments, autophagy can support antigen
presentation and promote effector cell activation. These
effects strengthen immune surveillance and contribute
to tumor control”™’? In contrast, within tumor cells,
autophagy may act as a protective mechanism that weakens
immune recognition. For example, by degrading major
histocompatibility complex class I molecules, tumor cells
can reduce antigen visibility to cytotoxic T lymphocytes.”
Autophagy has also been shown to sustain tumor growth
and immune evasion by activating pro-survival pathways,
such as signal transducer and activator of transcription 3
signaling, and by clearing cytotoxic granules released by
NK cells.”” The coexistence of these opposite functions
may underlie the dual prognostic associations of autophagy
across cancers, underscoring the need for cell-type-specific
and spatially resolved investigations in melanoma.

Several limitations of this study should be
acknowledged. First, our analyses were based on bulk
RNA-seq data, which cannot fully capture the spatial
distribution or heterogeneity of immune cells within the
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tumor microenvironment. Second, although the 102-
gene signature demonstrated robust performance across
multiple independent datasets, the study design remains
retrospective, and prospective validation in patients
undergoing immunotherapy will be necessary to confirm
its predictive value. Third, factors such as tumor mutational
burden and neoantigen load, which are known to influence
immune responses’, were not incorporated, and they
could further refine prognostic accuracy. Fourth, while our
analyses suggest biological associations between autophagy
and immune activation, experimental studies are needed
to establish causal mechanisms. Finally, we acknowledge
that the 102-gene signature is relatively large, which may
limit its direct clinical applicability. Nevertheless, the
comprehensive transcriptomic information captured
by the full model substantially enhances prognostic
performance. Future efforts will aim to balance clinical
feasibility and model complexity by refining the signature,
integrating biological relevance and interpretability to
develop a smaller, clinically practical gene panel.

In conclusion, this study identifies an autophagy-
related-gene signature that independently predicts
melanoma prognosis and reflects differences in immune
activity within the tumor microenvironment. While
its relationship with immunotherapy response remains
exploratory, the signature suggests a biological link
between autophagy and immune polarization. These
insights may provide a foundation for future research
combining autophagy modulation with immune-based
cancer therapies.

5. Conclusion

In summary, we constructed a prognostic model based
on an autophagy-related-gene signature that effectively
distinguishes melanoma patients with different survival
outcomes. Tumors classified as low-risk exhibited an active
immune contexture with increased infiltration of effector
immune cells. In contrast, high-risk tumors were marked by
oncogenic signaling pathways and an immunosuppressive
milieu. These findings suggest a close link between
autophagy-related transcriptional programs and immune
regulation in melanoma. Although additional studies are
needed to determine its utility in predicting responses
to immunotherapy, our work highlights the value of
integrating autophagy markers into melanoma prognosis
and provides a framework for future translational research
in this area.
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Appendix

Figure A1. Validation of the prognostic signature in internal and external cohorts. (A) Kaplan-Meier curves showing overall survival differences between
two risk groups in The Cancer Genome Atlas test set. (B—C) Validation of the signature’s prognostic ability conducted using Gene Expression Omnibus
cohorts (GSE215119, GSE190113, and GSE65904), demonstrating consistent survival separation between risk groups.

Figure A2. Validation of the autophagy-related risk signature in an anti-PD-1-treated melanoma cohort (GSE91061). (A) Distribution of risk score among
patients with different immunotherapy outcomes (responders, stable disease [SD], and non-responders). (B) Comparison of immune checkpoint gene
expression between two risk groups. Overall differences among the three groups were evaluated using the Kruskal-Wallis test in A. Other statistical
significance was determined by the Wilcoxon rank-sum test in A and B. Notes: *p < 0.05; **p < 0.01.
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