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Abstract

Melanoma is characterized by a high mutational burden making it an established model for
studying tumor neoantigens and developing strategies for personalized immunotherapy. In
this study, a reproducible bioinformatics pipeline was developed and implemented for the
identification and prioritization of candidate neoantigens derived from non-synonymous
somatic mutations in melanoma, using genomic data from the MSK-IMPACT cohort (mel-
mskimpact-2020; n = 696) and comparative reference information from TCGA-SKCM. From
the somatic mutation annotation file (MAF), 16,311 non-synonymous mutations were fil-
tered, from which 50,480 mutant 8–11-mer peptides were generated using a sliding-window
approach centered on the mutated position. Peptide–HLA class I binding affinity was pre-
dicted using MHCflurry 2.0 across six representative alleles (HLA-A*02:01, HLA-A*24:02,
HLA-B*35:01, HLA-B*39:05, HLA-C*04:01, and HLA-C*07:02). Candidate prioritization was
initially based on predicted binding percentile (rank ≤ 2), identifying 12,209 peptide–HLA
combinations with high predicted binding affinity. To refine candidate selection, additional
computational analyses were incorporated, including proteasomal cleavage prediction
using NetChop 3.1 and estimation of T-cell epitope immunogenicity using the Immune
Epitope Database (IEDB) immunogenicity predictor. Furthermore, a direct comparison
between mutant (MUT) and corresponding wild-type (WT) peptides was performed us-
ing ∆affinity and ∆rank metrics to evaluate the predicted impact of somatic mutations
on HLA binding. The analysis revealed a predominance of peptides associated with the
HLA-B locus, particularly the allele HLA-B*35:01, among the interactions with the lowest
predicted binding percentiles. Several high-ranking peptide candidates were derived from
genes with known roles in melanoma biology, including PLCG2, GATA3, AKT1, PTEN,
PTCH1, and SMO. Overall, the integrative computational framework implemented in
this study enables the systematic prioritization of candidate neoantigens derived from
non-synonymous mutations in melanoma. This pipeline provides a reproducible strategy
for exploring tumor neoantigen repertoires and may serve as a foundation for subsequent
experimental validation and for studies related to neoantigen-based immunotherapies
and immunopeptidomics.
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1. Introduction
The adaptive immune response to solid tumors involves the recognition of tumor-

derived peptides presented by major histocompatibility complex class I molecules (MHC-
I/HLA-I). Among these peptides, neoantigens generated from non-synonymous somatic
mutations represent a class of tumor-associated epitopes that may be recognized by
CD8+ T cells [1,2]. Because these mutated sequences are absent from normal tissues during
central tolerance, they can introduce antigenic determinants that differ from those derived
from self-proteins [3].

Structural and functional studies of the T cell receptor–peptide–MHC (TCR–pMHC)
complex have shown that even single amino-acid substitutions may influence the structural
configuration modify the interface available for T-cell receptor engagement. Such structural
changes may affect peptide–MHC complex stability and influence the quality of immune
recognition. Therefore, the biological relevance of a neoantigen depends not only on the
presence of a somatic mutation, but also on how that mutation affects peptide presentation
and T-cell recognition [1,2].

However, the biological relevance of a neoantigen does not depend exclusively on its
intrinsic ability to bind HLA-I but also on its evolutionary context within the tumor. Clonal
neoantigens, which are present across all tumor subpopulations, have been associated
with greater immunoreactivity and improved response to immune checkpoint blockade
compared with subclonal neoantigens [4]. In parallel, PD-1 blockade has been shown to
remodel the tumor antigen repertoire through immune editing, antigen loss, and alterations
in antigen presentation pathways [5]. These findings indicate that the identification of
clinically relevant neoantigens should consider not only peptide–HLA binding features
but also clonal stability and tumor evolutionary dynamics [4,5].

Cutaneous melanoma represents a suitable model for neoantigen research because of
its high tumor mutational burden, well-characterized genomic landscape, and recognized
immunogenicity [6,7]. Its genomic architecture includes recurrent alterations in genes such
as BRAF, NRAS, NF1, and TERT, as well as mutational processes associated with ultraviolet
radiation exposure [6]. In addition, elevated tumor mutational burden has been associated
with improved response to immune checkpoint inhibitors, particularly PD-1 blockade,
further supporting the relevance of mutation-derived epitopes in this tumor type [7].

Large-scale genomic and immunological studies have provided valuable resources for
the characterization of melanoma and its antitumor immune landscape [6,8]. In parallel,
studies of tumor-infiltrating lymphocytes have identified CD8+ and CD4+ T-cell popula-
tions capable of recognizing mutation-derived epitopes in melanoma, underscoring the
relevance of neoantigens in shaping antitumor immune responses [8,9].

The therapeutic relevance of neoantigens has also been explored through personalized
immunotherapy strategies. Personalized vaccines based on tumor-specific peptides have
been shown to induce neoantigen-specific T-cell responses and immunological memory
in patients with melanoma [8]. More recently, personalized mRNA-based neoantigen
vaccines administered in combination with immune checkpoint inhibitors have shown
encouraging clinical results in patients with resected melanoma [9]. In parallel, tumor
antigen-specific T-cell therapies, including T cell receptor-engineered approaches directed
against mutation-derived epitopes, have further strengthened the translational relevance
of neoantigen identification in cancer immunotherapy [10].
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From a computational perspective, the identification of candidate neoantigens gen-
erally follows a multi-step analytical framework that includes the detection of somatic
mutations, generation of mutant peptide sequences, and prediction of peptide binding
to HLA class I molecules [11–13]. Although peptide–HLA binding affinity is an impor-
tant parameter in this process, antigen presentation also depends on additional biological
steps, including proteasomal processing, peptide transport, and peptide–MHC complex
stability [14]. For this reason, recent methodological studies recommend the integration
of multiple computational predictors to improve the prioritization of candidate neoanti-
gens [11,13].

Machine learning-based predictors such as MHCflurry 2.0 have been developed
to estimate peptide–HLA class I binding affinity across multiple alleles using models
trained on large experimental datasets [15]. Additional computational tools can provide
complementary information for neoantigen prioritization, including proteasomal cleavage
prediction using NetChop and sequence-based immunogenicity estimation. In addition,
comparison between mutant peptides and their corresponding wild-type sequences can
help estimate the impact of somatic mutations on peptide–HLA interactions through
metrics such as differences in predicted binding affinity or percentile rank.

In this context, melanoma provides a suitable system for implementing and evaluating
computational pipelines for neoantigen identification. Therefore, the aim of the present
study was to develop and implement a reproducible bioinformatics pipeline for the identifi-
cation and prioritization of candidate neoantigens derived from non-synonymous somatic
mutations in melanoma. This framework is based on in silico prediction of peptide–HLA
class I interactions and integrates multiple computational features to support biological
prioritization rather than experimental validation.

2. Scientific Basis
The accurate prioritization of tumor neoantigens represents a central requirement

for the development of personalized immunotherapies, particularly in tumors charac-
terized by a high tumor mutational burden such as melanoma. Despite advances in
established bioinformatic predictors, only a fraction of coding mutations ultimately gener-
ate peptides capable of eliciting detectable immune responses. This limitation highlights
the importance of implementing controlled and methodologically robust computational
pipelines for the systematic prioritization of candidate neoantigens. Current clinical strate-
gies—including personalized vaccines and T cell receptor-engineered T cell (TCR-T) ther-
apies—depend critically on the quality of the initial set of computationally prioritized
candidate peptides [5,6,9].

Structural evidence indicates that peptide–MHC (pMHC) binding affinity, although es-
sential, is not sufficient to determine immunogenicity. Mutations affecting both anchor
and non-anchor positions can modify the topology of the pMHC complex and alter the
surface recognized by the TCR without substantial changes in HLA–peptide affinity [1,2].
Furthermore, tumor evolutionary dynamics determine the functional relevance of each
epitope, with clonal neoantigens being more likely to generate clinically effective T cell
responses than subclonal ones [16].

The predictive performance of computational neoantigen identification frameworks
improves when additional biological variables are considered alongside peptide–HLA
binding predictions. These factors include peptide–MHC complex stability, gene expres-
sion levels, antigen processing features, and physicochemical properties of peptide se-
quences [11–14,17]. However, the incorporation of these variables requires harmonized
datasets and reproducible computational frameworks capable of integrating heterogeneous
biological evidence.
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In this context, melanoma provides a suitable system for evaluating neoantigen predic-
tion pipelines because of its high mutational burden, extensive genomic characterization,
and well-documented T cell-mediated immune responses [6,7]. Publicly available genomic
resources have further strengthened its value as a reference model for computational
immuno-oncology studies [18].

The mel-mskimpact-2020 dataset provides a suitable platform for implementing a
reproducible computational workflow focused on the systematic generation and priori-
tization of neoantigens derived from non-synonymous mutations. This dataset includes
detailed mutation annotations generated through clinical sequencing assays, enabling
consistent extraction of coding variants for downstream computational analyses. The inte-
gration of mutation annotation, peptide generation, peptide–HLA binding prediction using
machine-learning models such as MHCflurry 2.0, and complementary prioritization crite-
ria—including proteasomal cleavage prediction and immunogenicity estimation—follows
current methodological recommendations for computational neoantigen discovery in per-
sonalized immunotherapy research [9,12,19].

This approach is intended for the computational prioritization of candidate neoanti-
gens based on in silico analyses and should be interpreted within the context of hypothesis
generation for subsequent experimental validation.

3. Materials and Methods
This study implements a computational prioritization framework based on in silico

immunogenomic analyses to identify and rank candidate neoantigens derived from somatic
mutations reported in melanoma genomic datasets. The analytical workflow integrates
publicly available genomic data with established bioinformatic prediction tools to evaluate
peptide–HLA class I binding affinity together with additional features related to antigen
processing and predicted T-cell immunogenicity. A schematic representation of the com-
putational workflow used to identify and prioritize candidate neoantigens derived from
somatic mutations in melanoma is shown in Figure 1.

Figure 1. Pipeline overview.

The pipeline includes mutation filtering, generation of mutant peptides (8–11-mers),
prediction of peptide–HLA class I binding using MHCflurry, comparison between mutant
and wild-type peptides, proteasomal cleavage prediction using NetChop, T-cell immuno-
genicity prediction using the IEDB tool, and gene expression analysis using TCGA-SKCM
transcriptomic data to prioritize biologically relevant neoantigen candidates. The bioin-
formatic tools and computational resources used throughout the pipeline are summarized
in Table 1.
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Table 1. Computational pipeline for neoantigen prediction from melanoma somatic mutations.

Pipeline Step Tool/Resource Version Purpose

Somatic mutation
dataset retrieval

cBioPortal
(mel-skcmimpact-2020) –

Access and retrieval of melanoma
somatic mutation data used as
input for the analysis

Mutation filtering and annotation Genomic dataset processing –

Selection of non-synonymous
somatic mutations suitable for
downstream
neoantigen prediction

Mutant peptide generation Custom sliding-window
approach –

Generation of mutant peptides of
8–11 amino acids centered on the
mutated position

Peptide–HLA binding prediction MHCflurry 2.0

Prediction of peptide binding
affinity to HLA class I molecules
using IC50 and percentile
rank metrics

Strong binder selection Binding affinity criteria –
Identification of candidate
peptides with predicted strong
binding (percentile rank ≤ 2%)

Proteasomal cleavage prediction NetChop 3.1
Prediction of proteasomal
cleavage likelihood to assess
antigen processing compatibility

Immunogenicity prediction IEDB Epitope
Immunogenicity Predictor –

Estimation of predicted T-cell
immunogenicity of
candidate peptides

Mutant vs. wild-type comparison Comparative binding analysis –
Evaluation of ∆affinity and ∆rank
to estimate the impact of somatic
mutations on HLA binding

All analyses were performed exclusively using computational approaches. No biolog-
ical samples, cell-based assays, or experimental validation procedures were included in
this study.

3.1. Somatic Mutation Data Collection

Somatic mutation data associated with melanoma were retrieved from publicly avail-
able cancer genomics resources through the cBioPortal for Cancer Genomics [20,21], includ-
ing the mel-mskimpact-2020 melanoma cohort generated using the MSK-IMPACT clinical
sequencing assay [22].

The MSK-IMPACT program represents a large clinical sequencing initiative that per-
formed targeted next-generation sequencing across hundreds of cancer-related genes in
more than 10,000 tumor samples [22].

Only non-synonymous somatic mutations located in protein-coding regions were
retained for downstream analysis, as these variants may generate altered peptide sequences
suitable for neoantigen prediction. Mutation annotations were extracted to preserve trace-
ability between genes, genomic variants, and the peptide sequences generated in subse-
quent steps of the computational pipeline.

3.2. Generation of Mutant and Wild-Type Peptides

For each selected somatic mutation, mutant peptide sequences were generated to
represent potential HLA class I epitopes derived from the altered proteins. Peptides were
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generated using a sliding-window approach centered on the mutated amino acid position,
producing peptide lengths compatible with HLA class I presentation (8–11 amino acids).

For each mutant peptide (MUT), the corresponding wild-type (WT) peptide sequence
was also generated to enable direct comparison between mutated and non-mutated peptide
variants during binding affinity prediction.

3.3. HLA Allele Selection

Six HLA class I alleles were included in the analysis: HLA-A*02:01, HLA-A*24:02,
HLA-B*35:01, HLA-B*39:05, HLA-C*04:01, and HLA-C*07:02. These alleles were selected
to represent the three classical HLA class I loci (HLA-A, HLA-B, and HLA-C) within the
neoantigen prediction pipeline.

The selected panel was used as a representative set to evaluate peptide-binding
predictions across multiple HLA loci while maintaining computational feasibility given
the large number of candidate peptides generated. This design allowed the inclusion of
alleles from each of the three classical HLA class I loci while keeping the computational
workflow tractable and enabling locus-level comparison of predicted peptide-binding
patterns, consistent with current computational neoantigen prediction frameworks [11–13].

3.4. Peptide–HLA Binding Affinity Prediction

Predicted binding affinity between candidate peptides and HLA class I molecules
was evaluated using the machine learning-based prediction tool MHCflurry 2.0 [15]. This
predictor estimates peptide–HLA binding using models trained on large experimental
peptide–MHC binding datasets and reports two principal metrics: predicted binding
affinity (IC50, expressed in nanomolar units) and percentile rank relative to a reference set
of random peptides [15].

In this study, percentile rank values were used as the primary metric for peptide
prioritization, as this measure provides a normalized estimate of binding strength across
different HLA alleles. Peptides with predicted percentile ranks ≤ 2% were retained for
downstream prioritization analyses as candidate binders. This threshold is commonly used
in computational neoantigen discovery workflows to identify peptides with predicted HLA
binding potential [11–13,15].

3.5. Proteasomal Cleavage Prediction

To incorporate an additional layer of analysis related to antigen processing, proteaso-
mal cleavage prediction was performed using NetChop 3.1 with the C-terminal model [23].
This analysis was applied to the subset of peptides previously prioritized on the basis of
peptide–HLA binding affinity predictions. Predicted cleavage sites were identified using
the default threshold recommended by the NetChop algorithm.

The objective of this analysis was to evaluate whether candidate peptide sequences
exhibited predicted cleavage patterns compatible with intracellular proteasomal processing,
a key step in the HLA class I antigen presentation pathway.

3.6. Predicted T-Cell Immunogenicity Analysis

To incorporate an additional prioritization parameter, predicted T-cell immunogenicity
scores were calculated using the epitope immunogenicity prediction tool available through
the Immune Epitope Database (IEDB) [24]. This tool estimates the likelihood of T-cell
recognition on the basis of amino acid sequence features derived from experimentally
validated epitopes.

Immunogenicity predictions were applied to the subset of peptides previously pri-
oritized based on peptide–HLA binding affinity. The resulting scores were used as com-
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plementary information to rank candidate neoantigens together with binding affinity and
antigen processing predictions.

3.7. Mutant vs. Wild-Type Binding Comparison

To evaluate the predicted impact of somatic mutations on HLA binding affin-
ity, mutant peptides (MUT) were compared with their corresponding wild-type (WT)
peptide sequences.

Two comparative metrics were calculated for each peptide pair:

∆affinity = affinity_MUT − affinity_WT (1)

∆rank = affinity_WT − rank_MUT (2)

These metrics allow direct assessment of the predicted effect of somatic mutations on
peptide–HLA binding properties.

• Negative ∆affinity values indicate stronger predicted binding for the mutant peptide.
• Positive ∆rank values indicate improved percentile rank for the mutant peptide

relative to the corresponding wild-type sequence.

3.8. Neoantigen Candidate Prioritization

Candidate neoantigens were prioritized through an integrated computational frame-
work that considered predicted peptide–HLA binding affinity (IC50 and percentile rank),
predicted proteasomal cleavage patterns, predicted T-cell immunogenicity scores, and com-
parative evaluation of mutant and wild-type peptide sequences.

This framework was used to rank candidate peptides for further investigation and
biological interpretation. The resulting candidates represent in silico prioritized neoantigens
and should not be interpreted as experimental confirmation of antigen processing, peptide
presentation, or immunogenicity.

3.9. Gene Expression Analysis

To provide transcriptomic context for the genes associated with prioritized neoantigen
candidates, gene expression analysis was performed using RNA-seq data from the TCGA-
SKCM cohort [25]. Expression values were obtained in transcripts per million (TPM) using
the TCGAbiolinks package in R-Studio Versión: 4.3.0 [3].

For each gene associated with prioritized neoantigen candidates, the median ex-
pression level and the percentage of samples with detectable expression (TPM > 1) were
calculated across the cohort. Because mutation data were derived from the MSK-IMPACT
dataset and expression data from TCGA-SKCM, this analysis provides cohort-level tran-
scriptomic information rather than matched mutation–expression measurements.

4. Results
This section presents the findings derived from the systematic computational analysis

performed in this study. The results are organized according to the main stages of the
workflow, including somatic mutation profiling, recurrent gene identification, and the
prioritization of candidate neoantigens. Quantitative findings are emphasized in relation
to their biological relevance and potential implications for personalized immunotherapy.

4.1. Cohort Characterization and somaTic Mutation Landscape

The analysis was conducted using the mel-mskimpact-2020 cohort [22], which com-
prises 696 melanoma tumor samples with paired tumor-normal sequencing profiles. As an
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external genomic reference, the TCGA-SKCM cohort (n = 472 samples) was used to provide
contextual information for the mutational landscape observed in the primary dataset [25].

The descriptive characteristics of the MSK-IMPACT cohort were consistent with the
clinical and epidemiological profile commonly reported for advanced cutaneous melanoma,
including a predominance of male patients, a mean patient age close to 60 years, and a high
proportion of metastatic tumors.

At the genomic level, recurrent alterations were identified in well-characterized
melanoma-associated genes, including BRAF, NRAS, NF1, TP53, and TERT, which are
frequently reported in melanoma genomic studies [6,7].

After applying filtering criteria to retain only coding, non-synonymous somatic vari-
ants, a total of 16,311 mutations were selected for downstream analysis. These variants
included missense substitutions, nonsense mutations, in-frame insertions or deletions,
and splice-associated coding alterations. The distribution of these recurrent driver genes
across both datasets is summarized in Table 2.

Table 2. Comparison of recurrent melanoma driver genes between the MSK-IMPACT cohort and the
TCGA-SKCM dataset.

Gene MSK-IMPACT (n) TCGA-SKCM (n)

BRAF 329 281
NRAS 211 131
NF1 258 78
TP53 196 67
TERT 76 13

4.2. Generation of Mutant Peptide Repertoire

From the filtered set of non-synonymous somatic mutations, mutant peptide sequences
were generated to represent potential neoantigenic epitopes derived from altered proteins.

Peptides were generated using a sliding-window approach centered on the mutated
amino acid residue, ensuring that the altered position was included in each candidate
peptide. Peptide lengths of 8–11 amino acids were considered, corresponding to the
canonical size range associated with HLA class I presentation.

This procedure generated a total of 50,480 unique mutant peptide sequences, which
constituted the initial set of candidate peptides derived from the mutational landscape
of melanoma.

Quality control procedures were applied to verify the correspondence between each
annotated mutation and the generated peptide sequence, ensure preservation of the
correct reading frame, and exclude peptide sequences containing non-canonical amino
acid residues.

The resulting peptide repertoire was subsequently used as input for peptide–HLA
class I binding prediction and downstream neoantigen prioritization analyses.

4.3. Peptide–HLA Class I Binding Prediction

MHCflurry 2.0 [15] was used to predict binding affinity between the generated mutant
peptides and HLA class I molecules. This machine learning-based algorithm is widely used
for peptide–HLA binding prediction.

Binding predictions were performed for six representative HLA class I alleles: HLA-
A*02:01, HLA-A*24:02, HLA-B*35:01, HLA-B*39:05, HLA-C*04:01, and HLA-C*07:02. These
alleles were selected to represent the three classical HLA class I loci (HLA-A, HLA-B,
and HLA-C) while maintaining computational feasibility given the large number of candi-
date peptides generated.
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For each peptide–HLA combination, MHCflurry estimated both binding affinity (nM)
and percentile rank, which reflects the relative strength of binding compared with a large
reference set of random peptides.

Candidate neoantigens were initially prioritized using a percentile rank threshold
≤ 2%, a criterion commonly used in computational neoantigen prediction workflows to
identify peptides with predicted HLA binding potential [11–13,15].

These peptide–HLA binding predictions formed the basis for subsequent neoantigen
prioritization and downstream analyses.

4.4. Prioritization of Candidate Neoantigens

From the complete set of predicted peptide–HLA interactions, candidate neoantigens
were prioritized on the basis of their predicted binding affinity and percentile rank obtained
from the MHCflurry 2.0 analysis [15].

Peptides with a percentile rank ≤ 2% were considered candidate binders and retained
for further evaluation. This threshold is commonly used in computational neoantigen
prediction workflows to identify peptides with predicted HLA binding potential [11–13,15].

Using this filtering criterion, a subset of candidate neoantigens with favorable pre-
dicted binding properties was identified from the initial peptide repertoire. These candi-
dates correspond to peptides derived from somatic mutations with predicted capacity to
bind HLA class I molecules.

To further refine candidate prioritization, predicted T-cell epitope immunogenicity
scores were obtained for the top-ranked peptides using the IEDB epitope immunogenicity
predictor [24].

Table 3 summarizes the top-ranked candidate neoantigens identified in the analysis,
including the associated gene, peptide sequence, HLA allele, predicted binding affinity
(nM), and predicted IEDB immunogenicity score.

Table 3. Integrated prioritization of top candidate neoantigens based on predicted peptide–HLA
binding affinity (MHCflurry 2.0) and IEDB immunogenicity scores.

Gene Peptide HLA Allele Binding Affinity (nM) IEDB Immunogenicity Score

PLCG2 FPNDYTLSF HLA-B*35:01 20.48 −0.053
GATA3 HASPHLFTF HLA-B*35:01 20.49 0.078
SMO NRPYAVILF HLA-C*07:02 29.43 0.170
PDGFRB YMAPDYNYV HLA-A*02:01 10.40 0.011
PTEN DHNPPQLEL HLA-B*39:05 39.69 −0.084
AKT1 HPFLTALKY HLA-B*35:01 23.17 −0.034
PTCH1 YPNGYPFLF HLA-B*35:01 23.36 0.110
INPP4A LFDALPREI HLA-C*04:01 27.43 0.128
PTPRD AYDHSRVLL HLA-C*04:01 28.12 −0.044
ASXL1 LPAEIPPVF HLA-B*35:01 24.32 0.247

4.5. Comparison Between Mutant and Wild-Type Peptides

To evaluate the effect of somatic mutations on predicted peptide-HLA binding, mu-
tant (MUT) peptides were compared with their corresponding wild-type (WT) peptide
sequences. Predicted binding affinity and percentile rank values were obtained for each
peptide pair using MHCflurry 2.0 [15].

Comparison between mutant and wild-type peptides was assessed using ∆affinity and
∆rank, as described in the methodological section. Negative ∆affinity and Positive ∆rank
values indicate improved predicted binding properties for the mutant peptide relative to
the corresponding wild-type sequence.
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Several mutant peptides exhibited lower predicted binding affinity values and im-
proved percentile ranks relative to their corresponding wild-type counterparts, suggesting
that specific amino acid substitutions may influence predicted peptide–HLA interactions.
This comparative framework is commonly used in computational neoantigen prioritization
workflows to estimate the impact of somatic mutations on peptide–HLA interactions and
to identify mutation-derived peptides with enhanced binding potential relative to their
wild-type counterparts [11–13,15] (Table 4).

Table 4. Comparison of Mutant vs. Wild-Type Peptide Binding Affinity for top candidate neoantigens
with improved mutant binding properties.

Gene Mutation HLA Allele Mutant Peptide Wild-Type Peptide
Mut

Affinity
(nM)

WT
Affinity

(nM)
∆Affinity ∆Rank

CREBBP p.E3D HLA-C*04:01 MADNLLDGP MAENLLDGP 14,735.927 25,524.938 −10,789.011 15.233
RHOA p.R5W HLA-A*02:01 MAIAVWKLW MAIARRKLV 6942.337 13,834.949 −6892.612 3.063
MITF p.S3F HLA-A*02:01 MQFESGVP MQSESGVP 8379.331 15,010.266 −6630.935 3.109
DNAJB1 p.G2S HLA-A*02:01 MSKDYQYIL MGKDYQYIL 3938.190 9769.711 −5831.521 2.246
CREBBP p.E3D HLA-A*02:01 MADNLLDGP MAENLLDGP 19,244.983 24,847.932 −5602.950 8.614
CREBBP p.E3D HLA-C*07:02 MADNLLDGP MAENLLDGP 21,894.959 27,353.451 −5458.492 23.430
PAX5 p.D2N HLA-A*02:01 MNELKYNPI MDELKYNPI 12,537.777 17,461.802 −4924.025 2.977
MITF p.S3F HLA-C*07:02 MQFESGVP MQSESGVP 10,690.248 15,265.057 −4574.809 4.938
PBRM1 p.S3F HLA-C*07:02 MGFKRRRAT MGSKRRRAT 18,998.191 23,555.303 −4557.112 11.552
SMAD3 p.S3F HLA-A*02:01 MSIFLPTP MSSILPTP 14,941.168 18,767.922 −3826.754 2.817

Binding affinity values were predicted using MHCflurry 2.0. ∆affinity was defined
as the difference between mutant and wild-type binding affinity values (affinity_MUT–
affinity_WT), whereas ∆rank was defined as the difference between the percentile ranks
of the wild-type and mutant peptides (rank_WT–rank_MUT). Negative ∆affinity values
and positive ∆rank values indicate improved predicted binding properties for the mutant
peptide, reflected by lower predicted binding affinity values (IC50) and a better percentile
rank relative to the corresponding wild-type sequence.

4.6. Proteasomal Cleavage Prediction

To evaluate whether prioritized peptide sequences were compatible with intracellular
antigen processing, proteasomal cleavage prediction was performed using NetChop 3.1
(C-terminal model) [23]. Predicted cleavage sites were interpreted in the context of gener-
ating the C-terminal ends of candidate epitopes, a critical step in antigen processing prior
to HLA class I presentation.

This analysis was applied to the subset of top-ranked candidate neoantigens identified
during the peptide–HLA binding prediction stage. In total, 179 amino acid positions
across the analyzed peptide sequences were evaluated. NetChop predicted 70 potential
cleavage sites, corresponding to an estimated cleavage proportion of 39.1% across the
analyzed sequences.

These results indicate that several candidate peptides exhibit sequence patterns com-
patible with predicted proteasomal processing, supporting their potential biological rele-
vance within the antigen presentation pathway.

The results of the proteasomal cleavage analysis are summarized in Table 5.
Proteasomal cleavage prediction was performed using the NetChop 3.1 C-terminal

model with default parameters. Predicted cleavage sites were defined as sequence positions
assigned a positive cleavage prediction by the NetChop algorithm, corresponding to scores
above the recommended threshold.
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Table 5. Proteasomal cleavage analysis of top neoantigen candidates (NetChop 3.1, C-term model).

Analysis Result

Total amino acids analyzed 179.0
Predicted cleavage sites 70.0
Cleavage proportion (%) 39.1

4.7. Predicted T-Cell Immunogenicity Analysis

To further characterize prioritized neoantigen candidates, predicted T-cell immuno-
genicity scores were calculated using the IEDB epitope immunogenicity prediction tool [24].

This analysis was applied to the subset of peptides previously prioritized on the
basis of predicted peptide–HLA class I binding affinity. The IEDB predictor estimates
immunogenicity scores using sequence-derived features associated with experimentally
validated epitopes, thereby providing an additional computational layer for evaluating the
likelihood of T-cell recognition [24].

The resulting scores were used as a complementary parameter for the characterization
and prioritization of candidate peptides, together with predicted binding affinity and
antigen processing features.

Among the analyzed peptides, several candidates exhibited positive predicted im-
munogenicity scores, including peptides derived from SMO, PTCH1, INPP4A, and ASXL1,
suggesting greater potential for T-cell recognition.

The predicted immunogenicity scores for the prioritized candidate peptides are pre-
sented in Table 3.

4.8. Gene Expression Analysis of Neoantigen-Associated Genes

To provide additional transcriptomic context for genes associated with prioritized
neoantigen candidates, gene expression levels were analyzed using RNA-seq data from the
TCGA-SKCM melanoma cohort [25].

Expression values were quantified as transcripts per million (TPM) and summarized as
the median expression across samples for each gene associated with prioritized candidate
peptides. The use of TCGA transcriptomic data enabled evaluation of gene expression
patterns at the cohort level, thereby providing relevant biological context for the potential
impact of mutation-derived peptides [25].

Several genes linked to prioritized neoantigen candidates, including AKT1, SMO,
ASXL1, PDGFRB, and PTEN, exhibited higher median expression levels than the remaining
genes included in the analysis. In contrast, genes such as INPP4A, PLCG2, PTCH1, GATA3,
and PTPRD showed lower median expression across the cohort.

In addition to expression magnitude, the proportion of samples with detectable ex-
pression (TPM > 1) was evaluated to describe the frequency of gene expression across the
TCGA-SKCM dataset. Notably, genes such as PDGFRB, ASXL1, AKT1, and PTEN were
expressed in nearly all samples, indicating consistent transcriptional activity across the
cohort. In contrast, genes such as PTPRD and GATA3 were detected in a smaller proportion
of samples, suggesting more heterogeneous expression patterns.

These expression patterns are illustrated in Figure 2A and Figure 2B, which summarize
the median TPM values and the percentage of samples with detectable expression for genes
associated with prioritized neoantigen candidates, respectively.

Because mutation data were obtained from the MSK-IMPACT dataset, whereas ex-
pression data were derived from TCGA-SKCM, this analysis provides cohort-level tran-
scriptomic context rather than matched mutation–expression relationships.
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Figure 2. Transcriptomic context of genes associated with prioritized neoantigen candidates in the
TCGA-SKCM cohort. (A) Median gene expression levels expressed as transcripts per million (TPM).
(B) Percentage of samples with detectable expression (TPM > 1).

4.9. Overall Summary of Results

The computational workflow implemented in this study enabled the systematic identi-
fication and prioritization of candidate neoantigens derived from non-synonymous somatic
mutations in melanoma. From an initial set of 16,311 coding variants, a total of 50,480 mu-
tant peptide sequences were generated using a sliding-window approach.

Peptide–HLA binding predictions performed using MHCflurry 2.0 [15] identified a
subset of 12,209 peptide–HLA combinations that met the predefined prioritization criterion
based on percentile rank (≤2%), representing candidate peptides with predicted HLA
binding potential.

Subsequent integration of complementary computational features, including proteaso-
mal cleavage prediction and T-cell immunogenicity estimation, enabled further refinement
of candidate neoantigens. Comparative analysis between mutant and wild-type peptides
provided additional support for the predicted impact of somatic mutations on peptide–HLA
binding properties.

The prioritized candidate peptides were derived from mutations affecting genes
with diverse biological functions, including genes previously reported in melanoma
genomic datasets.
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The prioritized candidate peptides were derived from mutations affecting genes with
diverse biological functions, including genes previously reported in melanoma genomic
studies [6,7]. In addition, transcriptomic analysis using TCGA-SKCM data [25] provided
cohort-level expression context for genes associated with prioritized neoantigen candidates,
supporting their potential biological relevance.

Overall, these results describe a structured computational framework for the identifica-
tion and prioritization of mutation-derived candidate neoantigens in melanoma. The find-
ings should be interpreted within the context of in silico prediction and provide a basis for
subsequent experimental validation and hypothesis-driven investigation in personalized
cancer immunotherapy.

5. Discussion
The present study implemented a computational workflow for the identification and

prioritization of candidate neoantigens derived from non-synonymous somatic mutations
in melanoma. The analytical strategy integrated mutation filtering, mutant peptide gen-
eration, peptide–HLA class I binding prediction, mutant-versus-wild-type comparison,
proteasomal cleavage prediction, sequence-based immunogenicity estimation, and tran-
scriptomic contextualization using an independent melanoma cohort. Multi-step computa-
tional pipelines integrating these components are widely used in immunogenomic studies
aimed at identifying mutation-derived peptide candidates in cancer [11–14,24].

Within this context, the study was explicitly framed as a computational prioritization
framework intended to identify candidate neoantigens on the basis of in silico predictions.
Accordingly, the results should be interpreted within the context of hypothesis generation
and do not represent experimental validation of antigen processing, peptide presentation,
or immunogenicity.

Predicted peptide–HLA interactions were observed across alleles from the HLA-A,
HLA-B, and HLA-C loci, indicating that candidate peptides were distributed across the
evaluated HLA repertoire. Within the analyzed allele panel, HLA-B*35:01 accounted for the
largest proportion of peptide–HLA combinations within the selected percentile threshold.

Structural and computational studies of peptide–MHC complexes have shown that
differences in peptide-binding repertoires among HLA molecules are associated with allele-
specific binding motifs and the structural configuration of the peptide-binding groove [1,2].
However, the distribution observed in this study should be interpreted with caution, as the
analysis was restricted to a representative panel of six HLA class I alleles.

The selection of HLA-A*02:01, HLA-A*24:02, HLA-B*35:01, HLA-B*39:05, HLA-
C*04:01, and HLA-C*07:02 was intended to represent the three classical HLA class I loci
while maintaining computational feasibility given the large number of mutant peptides
generated. In particular, the inclusion of HLA-A*02:01 and HLA-A*24:02 facilitates compar-
ison with prior neoantigen prediction frameworks and immunogenomic studies in which
these alleles are frequently evaluated [12–14]. Nevertheless, restricting the analysis to a
limited allele panel may influence the observed distribution of peptide–HLA interactions
and limit the generalizability of the results.

Candidate prioritization relied primarily on peptide–HLA binding affinity and per-
centile rank predicted using MHCflurry 2.0 [15], a machine learning-based predictor trained
on large experimental peptide–MHC binding datasets. Because percentile rank is commonly
used in neoantigen discovery pipelines as a normalized metric that facilitates comparisons
across different HLA alleles [11–13,15], it served as a central filtering criterion in the present
analysis. In total, 12,209 peptide–HLA combinations met the predefined threshold of
rank ≤ 2%. Even so, this relatively large candidate set reflects the permissive nature of
this threshold and represents an initial prioritization step rather than a final selection of
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therapeutic targets. More broadly, recent computational frameworks have emphasized that
neoantigen prioritization benefits from the integration of multiple filtering and ranking
criteria rather than reliance on peptide–HLA binding predictions alone [19,26–28].

An additional analytical component of the pipeline involved direct comparison be-
tween mutant peptides and their corresponding wild-type counterparts, enabling estima-
tion of mutation-associated changes in predicted HLA binding using ∆affinity and ∆rank
metrics. In this respect, several mutant peptides exhibited lower predicted binding affinity
values and improved percentile ranks relative to their corresponding wild-type sequences,
suggesting that specific amino acid substitutions may influence predicted peptide–HLA
interactions. Although these computational differences do not establish immunogenicity,
they provide a useful criterion for identifying mutations associated with altered predicted
binding properties [11–13,15,19,26].

Because peptide–HLA binding affinity alone does not fully capture antigen pre-
sentation probability, the pipeline incorporated proteasomal cleavage prediction using
NetChop 3.1 [23]. Proteasomal processing represents a key step in the generation of pep-
tides presented by HLA class I molecules, and computational prediction of cleavage sites is
widely used to provide additional context in neoantigen discovery pipelines [14,23,27,28].
In line with this, the predicted cleavage patterns observed in this analysis indicate that sev-
eral candidate peptides contain sequence features compatible with proteasomal processing.

The workflow also incorporated predicted T-cell immunogenicity estimation using the
IEDB epitope immunogenicity tool [24]. As a complementary parameter to peptide-HLA
binding affinity, immunogenicity prediction estimates sequence features associated with
T-cell recognition. Previous studies have shown that peptide–HLA affinity alone does not
determine immunogenic potential and that multiple structural, functional, and biochemical
factors influence T-cell recognition [1,2,14,16,29,30]. Consistent with this, some peptides
with strong predicted HLA binding in this study exhibited moderate immunogenicity
scores, highlighting the multifactorial nature of T-cell epitope recognition.

To provide additional biological context, gene expression analysis was performed
using RNA-seq data from the TCGA-SKCM cohort [25]. In this regard, the incorporation
of mRNA abundance as an additional analytical layer represents an important refinement
of the computational prioritization framework, as it enables evaluation of whether genes
associated with candidate neoantigens are transcriptionally active in melanoma [25].

Because the MSK-IMPACT dataset used for mutation analysis does not include tran-
scriptomic measurements, direct mutation–expression integration at the sample level was
not possible. Instead, transcriptomic data from TCGA-SKCM [25], were used to assess
expression patterns of genes associated with prioritized candidate peptides. Therefore,
the expression results should be interpreted as population-level transcriptomic context
rather than direct evidence of expression of specific mutated alleles.

Within this transcriptomic context, several genes linked to prioritized candidates,
including AKT1, PDGFRB, ASXL1, PTEN, and INPP4A, were expressed across a substan-
tial proportion of melanoma samples. Thus, the integration of expression data provides
additional biological context for candidate prioritization and supports the relevance of
these genes within the tumor transcriptional landscape.

Candidate peptides identified in this study were derived from mutations affecting
genes previously reported in melanoma genomic analyses, including PTEN, AKT1, PLCG2,
SMO, and PTCH1. As these genes are involved in signaling pathways frequently altered
in melanoma, their presence in the prioritized candidate set reflects the mutational com-
position of the analyzed dataset, consistent with previous reports [6,7,25,31]. Similarly,
comparison between the MSK-IMPACT and TCGA-SKCM datasets confirmed the presence
of recurrent melanoma-associated genes such as BRAF, NRAS, NF1, TP53, and TERT.
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Several limitations should be considered when interpreting these results. Mutation
and expression data were derived from independent cohorts and were not matched at the
individual sample level. Although proteasomal cleavage prediction and immunogenicity
estimation were incorporated, additional components of antigen processing and presenta-
tion, including TAP-mediated transport, peptide trimming, and peptide–MHC complex
stability, were not explicitly modeled [14,23]. Likewise, the study did not evaluate tumor
clonal architecture, HLA loss of heterozygosity, or immune escape mechanisms, which
could also affect neoantigen presentation [4,5]. Finally, the candidate peptides identified in
this study represent computationally prioritized predictions and were not experimentally
validated using immunopeptidomic or functional T-cell assays.

Taken together, these findings describe a reproducible computational prioritization
framework for the identification of mutation-derived candidate neoantigens in melanoma.
By integrating peptide–HLA binding prediction, mutant-versus-wild-type comparison,
proteasomal cleavage analysis, immunogenicity estimation, and transcriptomic contextu-
alization, this in silico framework may serve as a useful basis for future studies aimed at
the experimental evaluation of candidate neoantigens in the context of personalized cancer
immunotherapy [11–14].

6. Conclusions
This study presents a reproducible in silico bioinformatics workflow for the identifica-

tion and prioritization of candidate neoantigens derived from non-synonymous somatic
mutations in melanoma. The analytical framework integrates somatic mutation filtering,
mutant peptide generation, peptide–HLA class I binding prediction using MHCflurry 2.0,
comparison between mutant and wild-type peptides, proteasomal cleavage prediction,
sequence-based immunogenicity estimation, and transcriptomic contextualization using an
independent melanoma cohort.

Analysis of the MSK-IMPACT melanoma dataset (mel-mskimpact-2020) identified
16,311 non-synonymous somatic mutations, from which 50,480 mutant peptides were gen-
erated using a sliding-window approach. Among the resulting peptide–HLA combinations,
12,209 interactions met the predefined prioritization threshold (percentile rank ≤ 2%), indi-
cating that a subset of the mutation-derived peptide repertoire satisfied the computational
criteria applied in this study.

Within the evaluated allele panel, candidate peptide–HLA interactions were identified
across alleles from the HLA-A, HLA-B, and HLA-C loci. A higher proportion of prioritized
combinations was associated with HLA-B*35:01; however, this observation should be inter-
preted within the context of the selected allele panel and not as a definitive representation
of HLA distribution in melanoma populations.

Several prioritized candidate peptides were derived from genes recurrently altered in
melanoma genomic datasets, including PLCG2, GATA3, AKT1, PTEN, PTCH1, and SMO.
In addition, comparison between mutant peptides and their corresponding wild-type
counterparts identified sequence changes associated with differences in predicted peptide–
HLA binding metrics, suggesting that specific amino acid substitutions may influence
peptide–HLA interactions.

To provide additional biological context, transcriptomic data from the TCGA-SKCM
cohort were analyzed to evaluate the expression of genes associated with prioritized candi-
date peptides. Although mutation and expression data were obtained from independent
cohorts, the analysis indicated that many genes associated with prioritized peptides exhib-
ited detectable expression in melanoma, thereby providing complementary transcriptomic
context for the computationally prioritized candidates.
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Taken together, these results describe a structured computational prioritization frame-
work for the identification of mutation-derived candidate neoantigens in melanoma. It
should be emphasized that the present study represents an in silico prioritization strat-
egy based on publicly available genomic datasets and computational prediction tools.
Therefore, the peptides identified in this study should be interpreted as computationally
prioritized candidates, and their biological and clinical relevance remains to be established
through further experimental and translational validation.

Limitations and Future Work

Several limitations should be considered when interpreting the results of the
present study.

The analysis was restricted to a representative panel of six HLA class I alleles (HLA-
A*02:01, HLA-A*24:02, HLA-B*35:01, HLA-B*39:05, HLA-C*04:01, and HLA-C*07:02),
selected to represent the three classical HLA class I loci while maintaining computational
feasibility given the large number of mutant peptides generated during the prediction
pipeline. Although this design enabled the evaluation of peptide–HLA interactions across
multiple loci, restricting the analysis to a limited allele panel may influence the observed
distribution of prioritized peptide–HLA combinations and limit the generalizability of
the results. Therefore, the allele-specific patterns observed in this study should be inter-
preted as exploratory rather than definitive. Future studies could expand the pipeline to
include broader HLA allele panels in order to evaluate candidate repertoires across more
diverse populations.

Somatic mutation data and transcriptomic data were derived from independent co-
horts. Mutation analysis was performed using the MSK-IMPACT melanoma dataset,
whereas gene expression analysis was conducted using RNA-seq data from the TCGA-
SKCM cohort. As a result, mutation and expression measurements were not paired at the
individual tumor sample level. Although the TCGA-based analysis provided additional
context indicating that many genes associated with prioritized peptides are transcription-
ally active in melanoma, the integration of matched genomic and transcriptomic datasets
would enable a more precise evaluation of mutation–expression relationships in future
studies [31].

Although the workflow incorporated proteasomal cleavage prediction (NetChop 3.1)
and sequence-based immunogenicity estimation, the present pipeline does not explicitly
model other key components of antigen processing and presentation, including TAP-
mediated peptide transport, peptide trimming in the endoplasmic reticulum, and pep-
tide–MHC complex stability. These factors are known to influence antigen presentation
beyond peptide–HLA binding affinity and are increasingly considered in integrated neoanti-
gen prediction frameworks [17,18]. Therefore, the current results should be interpreted
within the scope of the analytical features included in this pipeline. Incorporating these ad-
ditional layers would provide a more comprehensive representation of antigen presentation
in future computational frameworks.

The present study does not include analyses of tumor clonal architecture or immune
escape mechanisms, such as variant allele frequency (VAF), clonal versus subclonal mu-
tation structure, HLA loss of heterozygosity, or alterations affecting beta-2 microglobulin
(B2M). These factors may influence the generation, persistence, and immunological vis-
ibility of tumor-derived neoantigens during tumor evolution and have been associated
with differential responses to immunotherapy [5,6]. Consequently, the absence of these
parameters represents an additional limitation that may affect the biological interpretation
of the prioritized candidates.
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The candidate peptides identified in this study were prioritized exclusively through
computational analyses and were not experimentally validated. Consequently, the present
results do not demonstrate peptide processing, surface presentation, or T-cell recogni-
tion. Experimental validation using mass spectrometry–based immunopeptidomics, pep-
tide–MHC stability assays, and functional T-cell activation or recognition experiments will
be necessary to evaluate the biological relevance of the prioritized candidates [11,12].

Future work may also benefit from systematic comparisons among multiple neoanti-
gen prediction frameworks, including MHCflurry, NetMHCpan, and complementary
antigen-processing models, in order to assess inter-model robustness and improve prioriti-
zation strategies [3,14]. Such comparisons were not included in the present study because
these predictors require additional parameterization and benchmarking across alleles.
In addition, applying the workflow to additional melanoma cohorts and to other tumors
characterized by high mutational burden may allow further evaluation of its reproducibility
and transferability across different genomic contexts.

Overall, the computational prioritization framework presented here provides a struc-
tured basis for subsequent studies integrating broader HLA representation, matched tran-
scriptomic datasets, additional antigen-processing models, clonal architecture analyses,
and experimental validation approaches.
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