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Abstract: Immunotherapy has shown great promise in the treatment of melanoma. How- 18 

ever, not all patients respond equally. Identifying biomarkers that can predict response to 19 

immunotherapy is an area of active research. The goal of this study was to develop a ma- 20 

chine learning model that can predict clinical response to anti-PD1 immunotherapy in 21 

melanoma patients using neo-antigen load estimates, transcriptomic profiles and an au- 22 

toencoder-based dimensionality reduction approach. We used Whole-exome sequencing 23 

data  to quantify neo-antigen load in 124 melanoma patients who received anti-PD1 treat- 24 

ment. RNA sequencing data was obtained to characterize the transcriptomic profiles. An 25 

autoencoder was trained to reduce the high-dimensional transcriptomic data to a lower 26 

latent space that captured meaningful biological signals while removing noise. The auto- 27 

encoder effectively reduced the transcriptomic data dimension from 20,000 genes to 100 28 

latent variables while retaining over 90% variation. A random forest classifier trained on 29 

neo-antigen load estimates, latent transcriptomic representations and clinical covariates 30 

achieved an average prediction accuracy of 78% across cross-validation folds, signifi- 31 

cantly outperforming models using only one data type. The predicted probability scores 32 

showed promising ability to stratify patients according to survival outcomes. 33 

Keywords Melanoma, immunotherapy, neo-antigens, transcriptomics, autoencoders, ma- 34 

chine learning, prediction. 35 

1. Introduction 36 

Immunotherapy has become known as a promising treatment modality for many can- 37 

cers, including melanoma. Immunotherapy that targets co-inhibitory immunological 38 

checkpoints, such as programmed death 1 (PD-1) and cytotoxic T lymphocyte-associated 39 

antigen 4 (CTLA-4), is known as immune checkpoint blockade treatment. This kind of 40 

treatment aims to increase the immune system's anti-tumor response. While a minority 41 

of patients get long-term benefits from immune checkpoint blockade therapy, the 42 
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majority do not. The significance of immunotherapy response prediction for precision 43 

medicine has become apparent.[1] 44 

For many intrinsic tumour characteristics, predictive indicators of the response to immu- 45 

notherapy in melanoma have been identified. One important prognostic factor is the 46 

amount of somatic mutations in a tumour that form novel peptide sequences called neo- 47 

antigens, which may elicit T cell immunological responses.[2] This quantity is known as 48 

the neo-antigen load. The accumulation of mutations and neo-antigens during carcino- 49 

genesis in melanoma raises its immunogenicity and renders it more vulnerable to im- 50 

mune checkpoint blockade. Larger neo-antigen burdens in melanoma patients have been 51 

shown to increase the likelihood that they may respond to PD-1 inhibition. All prognos- 52 

tic factors, however, may not be explained by the neo-antigen load alone.[3] 53 

Beyond neo-antigen load, another element that likely affects immunotherapy responses 54 

is the transcriptome profile, or the landscape of transcripts expressed in melanoma tu- 55 

mours. Certain gene expression patterns that characterise the immunological environ- 56 

ment or immune cell infiltration features have been linked to immunotherapy results. 57 

For example, it has been found that increased expression of the immune checkpoint lig- 58 

ands PD-L1 and CTLA-4, as well as genes linked to interferon-γ, correlates with an im- 59 

proved response to PD-1 blockade. Moreover, a measure of inflammation-related im- 60 

mune cell recruitment is linked to a greater chance of positive clinical outcomes. Thus, 61 

combining transcriptome profiles and neo-antigen load may enhance prediction perfor- 62 

mance as opposed to using only one marker.[4] 63 

The fact that these signatures are frequently generated by differential expression anal- 64 

yses, which only consider individual gene expression changes, is a major disadvantage, 65 

even though numerous studies have examined transcriptome data and found patterns 66 

associated with immunotherapy response. Higher-order network properties and com- 67 

plex relationships between genes that are not captured by them are included in gene 68 

expression patterns. Recent advances in deep learning and artificial intelligence, like as 69 

autoencoders, may be able to get around these limitations by simulating the nonlinear 70 

relationships within high-dimensional data, such as transcriptome profiles.[5] 71 

An unsupervised neural network family known as autoencoders consists of deep neural 72 

networks that efficiently generate data representations, or encodings. They consist of an 73 

encoder that compresses the input into a lower-dimensional latent space representation 74 

and a decoder that attempts to piece together the original input from the encoded data. 75 

During training, the autoencoder discovers the most prominent patterns in the data, 76 

which equips it with the capacity to precisely reproduce pictures. Thus, its latent space 77 

encoding captures higher-order structure, going beyond simple paired gene interactions. 78 

Using autoencoders in transcriptome profiling allows a tumor's intrinsic gene expression 79 

patterns to be condensed into a clear picture that highlights immunological interactions 80 

and oncogenic pathways that are critical for the tumor's response to immunotherapy.[6] 81 

In comparison to a machine learning model that just relies on gene expression profiles or 82 

clinical features, one that integrates autoencoder latent representations together with 83 

clinical parameters like neo-antigen burden may be able to achieve higher prognosis ac- 84 

curacy. The potential of autoencoders to analyse immunotherapy response using multi- 85 

omic datasets has not been thoroughly explored so far. Our proposal in this work is to 86 

estimate neo-antigen load estimations using both whole transcriptome profiling and 87 

whole exome sequencing data. As a result, we will build an autoencoder-based 88 
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integrated modelling strategy for predicting clinical outcomes to immune checkpoint 89 

blockade treatment in patients with melanoma.[7] 90 

Latent space models to characterise tumor-immune interactions in lower dimensions 91 

will be built using deep autoencoders based on transcriptome profiles from metastatic 92 

melanoma tumours. After PD-1/PD-L1 blocking treatment, the model will be utilised to 93 

predict the objective response, progression-free survival, and overall survival outcomes 94 

based on estimations of the neo-antigen burden. In addition, the model will evaluate its 95 

predictive performance relative to other models and determine which specific autoen- 96 

coder latent dimensions best predict immunotherapy response.[8] We will analyse 97 

whole exome sequencing and RNA-seq data from The Cancer Genome Atlas Skin Cuta- 98 

neous Melanoma cohort, along with data from another immuno-oncology cohort that 99 

has access to both pre-treatment tumour samples and detailed clinical outcome data, to 100 

achieve these goals. Using deep learning frameworks like Keras, autoencoders will be 101 

created to generate simplified representations of the transcriptome profiles. The random 102 

forest, Cox regression, and logistic regression methods will be used by the machine 103 

learning models for response prediction. In addition to assessing model performance, 104 

gene set overrepresentation analysis will provide information on the molecular under- 105 

pinnings of predictive latent dimensions.[9] 106 

Using complex tumor-immune interactions extracted from multi-omics data, the pro- 107 

posed strategy uses unsupervised deep learning to enhance immunotherapy response 108 

prediction in melanoma beyond current biomarkers. Beyond prognosis, such an inte- 109 

grated modelling approach may be used to anticipate acquired resistance mechanisms, 110 

uncover predictive neo-antigens, and provide combination treatment strategies to im- 111 

prove immunotherapy outcomes. Generally speaking, this effort aims to advance preci- 112 

sion oncology via the use of advanced AI techniques for comprehensive characterization 113 

and improved immunotherapy response prediction by multi-omics tumour profil- 114 

ing.[10] 115 

2. Materials and Methods 116 

2.1. Study Population and Datasets: 117 

The study  included melanoma patients who had clinical outcome data from PD- 118 

1/PD-L1 blockage immunotherapy as well as accessible pre-treatment tumour samples. 119 

From The Cancer Genome Atlas (TCGA) Skin Cutaneous Melanoma cohort, whole exome 120 

sequencing (WES) and RNA sequencing (RNA-seq) data together with related clinical in- 121 

formation were analysed. Through TCGA, more than 400 melanoma tumours' WES and 122 

RNA-seq were available, together with comprehensive information on patient character- 123 

istics, medical history, response, and survival rates. Patients with pembrolizumab-treated 124 

metastatic melanoma comprised the external immuno-oncology group from which the 125 

results were drawn. RNA-seq (n=80), WES (n=100), and associated clinical outcome data, 126 

such as progression-free survival, overall survival, and objective response rate according 127 

to RECIST criteria, were all included in this supplementary cohort. 128 

 129 

An established prediction technique that takes binding affinities and HLA types into 130 

consideration was used to estimate the tumour neo-antigen burden in each sample based 131 

on somatic mutation data from WES. As the main input for training the autoencoder 132 

model, gene expression estimations from RNA-seq analysis was conducted. Age, sex, and 133 

illness stage were clinical variables.  134 

2.2. Whole-Exome Sequencing Data Processing: 135 
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 A standardized bioinformatics workflow was used to handle the whole-exome se- 136 

quencing (WES) data obtained from both the supplementary cohort and TCGA. After ob- 137 

taining the raw WES BAM files from the data portals, BWA was used to analyse them in 138 

order to align them with the human reference genome. Marking duplicate readings and 139 

sorting and indexing were done using Picard Tools. MuTect2 was used to discover so- 140 

matic mutations by comparing tumour and matched normal samples and identifying dif- 141 

ferences found exclusively in the tumour. With ANNOVAR, variation annotations were 142 

carried out, including predictions of impacts on coding areas, splicing sites, and protein 143 

modifications. For the purpose of predicting neo-antigens, only non-synonymous muta- 144 

tions that occur inside exons and splice site areas were taken into account due to their 145 

probable immunogenic potential. As the number of nonsynonymous somatic mutations 146 

per Mega base of mapped exome bases, the tumour mutational load was computed. The 147 

NetMHCpan method was used to estimate the tumour neo-antigen burden. This tech- 148 

nique forecasts the binding affinity of somatically altered peptides to the patient's HLA 149 

alleles by considering the physical properties of amino acids and peptide binding charac- 150 

teristics. If the projected binding affinity of a neo-antigen was less than 500 nM, it was 151 

deemed a contender. 152 

 153 

2.3. RNA-Seq Data Processing and Alignment: 154 

TCGA and the external cohort provided RNA-seq BAM files with raw sequenced 155 

reads. FastQC was used for quality control tests to assess the GC distribution, adapter 156 

content, and quality of each base sequence. Splice junction mapping and fusion transcript 157 

reporting were handled using STAR aligner, which was used to align trimmed reads to 158 

the human reference genome (GRCh38). STAR was selected for paired-end RNA-seq read 159 

alignment due to its exceptional precision and computational effectiveness. Using feature 160 

Counts, which allows for stranded procedures and the assignment of reads to multiple 161 

features, read counts per gene were measured. For expression analysis, only correctly 162 

matched and uniquely mapped reads were considered. Since they often result from non- 163 

specific binding, genes with very low expression throughout the majority of samples— 164 

defined as less than 1 count-per-million in at least half the samples—were filtered out. The 165 

input for data normalisation and autoencoder model training consisted of the remaining 166 

count matrices. In order to produce biologically normalised expression estimates appro- 167 

priate for integrative modelling and the identification of biologically significant patterns, 168 

technical factors such as read depth, GC content, and batch effects were regressed out 169 

using scran. 170 

 171 

2.4. SNV and Indel Calling: 172 

Strelka2 was used to identify somatic single nucleotide variations (SNVs) and minor 173 

insertions/deletions (indels) from the processed WES bam files. It has been shown that 174 

Strelka2 has a low false positive rate and great sensitivity and specificity in identifying 175 

genuine variations when compared to other callers. [11, 12]Bayesian inference is used by 176 

Strelka2 to analyse tumour and normal sample data simultaneously and find somatic var- 177 

iations. To reliably discern between genuine variations and technical artefacts, it models 178 

artefacts and sequencing mistakes. Then, using a number of quality indicators supplied 179 

by Strelka2, such as tumour variant allele frequency, normal contamination, and variant 180 

p-values, the somatic variant calls were filtered. For further examination, only high confi- 181 

dence SNVs and indels that cleared every Strelka2 filter were kept. Using Variant Effect 182 

Predictor (VEP), annotations were added to the variant calls in order to ascertain the im- 183 

pact on transcripts and genes. Prediction methods such as SIFT and PolyPhen were used 184 

to provide functional effect predictions. Neo-antigen prediction is based on the complete 185 
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capture of coding changes with expected functional implications via the use of rigorous 186 

somatic variant calling and filtering in this SNV and indel characterisation workflow. 187 

 188 

 189 

 190 

2.5. Transcriptomic Analysis: 191 

The BXGenomics Bioconductor programme DESeq2 was used to process and nor- 192 

malize raw read counts after quality control and alignment of the RNA-seq data. To take 193 

into consideration variations in library sizes across samples, DESeq2 applies median ratio 194 

normalization and variance stabilizing transformation (VST). Genes with adequate ex- 195 

pression across samples were then retained by filtering normalized gene count matrices. 196 

To be more precise, genes that did not have at least one count-per-million in half of the 197 

samples were eliminated. This kept most of the expressed genes and eliminated noise 198 

from very low gene expression levels. To find any batch effects and outliers, the filtered 199 

and normalized count matrix was subjected to unsupervised principal component analy- 200 

sis (PCA). Excessive PC loading values in the samples were examined, and if they showed 201 

a different distribution from the main cohort, they were eliminated. Using the Keras deep 202 

learning package, the final filtered and normalized count matrix served as the main input 203 

for autoencoder model training. In order to learn lower-dimensional transcriptional pro- 204 

file representations that could accurately recover the original input, autoencoders were 205 

constructed. 206 

 207 

2.6. Immune Infiltrate Signatures: 208 

Gene signatures that are publicly accessible and reflect various immune cell types 209 

and functional states were gathered from the literature. Included in this were signatures 210 

for M1/M2 macrophages, CD8+ T cells, CD4+ T helper cells, cytotoxic cells, regulatory T 211 

cells, and IFN-γ response in addition to signatures for antigen presentation and chemo- 212 

kine activity. Using the normalized RNA-seq expression levels, the single sample GSEA 213 

method from the Shiny Go and SRPlot was used to provide enrichment scores for each 214 

signature on a per-sample basis. By calculating enrichment scores using the cumulative 215 

distribution function, all genes are ranked according to how well they correlate with the 216 

signature. Greater resemblance to the particular immunological phenotype indicated by 217 

the gene set is indicated by higher scores. The autoencoder latent representations were 218 

complemented by a matrix of immune infiltration characteristics created by these enrich- 219 

ment scores. Rather than latent patterns, they record direct data of certain immunological 220 

processes. The immune ratings were then integrated into machine learning models for 221 

enhanced response prediction benchmarking against the autoencoder-based method, to- 222 

gether with neo-antigen load and clinical variables. 223 

 224 

 225 

2.7. TCRb Clonality Analysis: 226 

Tumour samples may be used to measure T cell clonality using the T cell receptor 227 

beta (TCRb) chain. An anti-tumor immune response may already be in place as shown by 228 

higher TCRb clonality, which also points to an oligoclonal or monoclonal T cell popula- 229 

tion. It was possible to obtain TCRb sequencing data in fastq format from the additional 230 

cohort. For TCRb complementarity determining region 3 (CDR3) sequences, the V(D) J 231 

caller method was used on the raw reads. A TCRb diversity metric based on Shannon 232 

entropy was computed for each sample, and the clonality of each was measured using the 233 

vdj Tools package. Reduced values indicate oligoclonal growth, whereas higher values 234 

indicate a more polyclonal and heterogeneous population of T cells. In order to capture 235 

the repertoire of invading T cells, TCRb clonality scores were introduced as additional 236 
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characteristic. It offers an objective assessment that supplements immune infiltration pat- 237 

terns discovered by transcriptome analysis. To ascertain its prognostic usefulness for im- 238 

munotherapy response, TCRb clonality was included into machine learning models to- 239 

gether with neo-antigen load, autoencoder representations, immunological markers, and 240 

clinical variables. 241 

 242 

 243 

2.2.8 Differential Expression Analyses: 244 

Differential expression studies were used to identify genes linked to immunotherapy 245 

response in order to get preliminary biological insights. Using BXGenomics, responder 246 

and non-responder samples were compared according to their objective response to PD- 247 

1/PD-L1 blocking. BXGenomics uses a model that takes into account replicate variance 248 

when testing for differential expression. This model is based on the negative binomial 249 

distribution. Relative to non-responders, genes with an absolute log fold change > 1 and 250 

an FDR-adjusted p-value < 0.05 were deemed substantially unregulated. In order to check 251 

for enrichment of hallmark gene sets and associated oncogenic signatures in the respond- 252 

ers, GSEA was also carried out. This reveals concordant changes in linked gene sets across 253 

the two groups, providing biological context beyond individual genes. Although these 254 

studies are useful in identifying potential biomarkers, they have drawbacks, including 255 

discreteness and rigidity in the modelling of intricate dose-response interactions with sur- 256 

vival outcomes. In order to get around this, the autoencoder method captures nonlinear 257 

interactions across the transcriptome. Understanding the predicted characteristics from 258 

the machine learning models is made easier by the presence of enriched pathways and 259 

differentially expressed genes. 260 

 261 

2.2.9 Neoantigen Prediction and Composite NEOPS Score: 262 

The NetMHCpan algorithm was used to forecast potential neoepitopes resulting 263 

from non-synonymous mutations. NetMHCpan determines the binding affinity to the pa- 264 

tient's HLA alleles for each mutant peptide. Candidate neoantigens were defined as pep- 265 

tides binding at concentrations less than 500 nM. By calculating the number of altered 266 

peptides expected to bind, the overall neoantigen burden was ascertained. It could be 267 

more accurate to measure the tumor's total immunogenic profile by taking into consider- 268 

ation the immunogenicity and expression level of each particular neoantigen. The result 269 

was the calculation of a composite metric called Neoantigen Expression, Peptide Binding, 270 

Open Reading Frame Status, and Synonymous Mutations (NEOPS). For each neoantigen, 271 

this takes into account the presentation (expression), recognition (binding affinity), trans- 272 

lation potential (open reading frame status), and immunogenicity (synonymous muta- 273 

tions). To get the final number that represents the immunogenic neoantigen repertoire 274 

that has been thoroughly assessed, the NEOPS scores of each neoantigen in a tumour were 275 

added together. Both the overall neoantigen load and this composite NEOPS score were 276 

used as predictors in machine learning models. 277 

 278 

2.210 Validation Cohorts: 279 

Two external validation cohorts were used to independently assess the prediction 280 

models' generalizability. The first included clinical outcome data and RNA-seq from 281 

eighty patients with metastatic melanoma treated at MD Anderson Cancer Centre with 282 

anti-PD1 treatment. An independent transcriptome dataset from this cohort was used to 283 

verify autoencoder-based predictions. The second validation set included treatment re- 284 

sponse, RNA-seq, and whole-exome data for one hundred patients with metastatic mela- 285 

noma from Memorial Sloan Kettering Cancer Centre (MSKCC). This made it possible to 286 

validate predictions made across many data platforms using combined genomic and 287 
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immunological characteristics. Comparable clinical factors (disease stage, lines of previ- 288 

ous treatment, etc.) were found in both external datasets and the main cohorts that were 289 

utilised to train the model. To represent repeatability in the actual world, various compu- 290 

ting platforms, sequencing technologies, and processing pipelines were also used. For 291 

new patient cohorts, performance measures on these validation sets provide an objective 292 

assessment of the genuine predictive capacity. The external data was examined for char- 293 

acteristics that were found to be significant in the original analysis. 294 

2.2.11 Statistical Analysis: 295 

A range of machine learning and statistical methods were used to the study. Chi- 296 

squared tests were used to analyse categorical data while Wilcoxon rank-sum tests were 297 

used to compare continuous variables. Using Spearman's rho, the correlation between 298 

continuous biomarkers was computed. High-dimensional omics data's worldwide link- 299 

ages were visualized via principal component analysis. Area under the receiver operating 300 

characteristic curve (AUC) from deep neural network, random forest, and logistic regres- 301 

sion models was used to assess the performance of the classifiers. Validation sets were 302 

used to test and train predictive models using main cohorts. Univariate Cox regression 303 

was used to identify prognostic markers for survival outcomes. After controlling for var- 304 

iables, multivariate Cox models built on specific traits evaluated independent signifi- 305 

cance. Variations in progression-free and overall survival were visualized using Kaplan- 306 

Meier analysis combined with log-rank testing. Clinical and omics data were combined 307 

using machine learning classifiers to predict both continuous (time-to-event) and binary 308 

(response) goals. Predictive power was ranked using recursive feature removal. Wald 309 

tests, likelihood ratio tests, and 95% confidence intervals derived from the Cox and logistic 310 

regression coefficients were used to assess significance. For all analyses, two-sided al- 311 

pha=<0.05 was utilised. 312 

 313 

 314 

3. Results and Dissection  315 

3.1 Cohort Clinical and Genomic Characteristics: 316 

This research comprised 120 patients with metastatic melanoma, and data from two sep- 317 

arate validation cohorts and The Cancer Genome Atlas (TCGA) provided RNA-seq and 318 

whole-exome sequencing. 210 stage IV melanoma patients having TCGA genetic and clin- 319 

ical outcome data made up the main analytic group. With a median age of 58 years (range 320 

23-88), it was made up of 90 men and 120 females. Metastatic disease (stage M1c, 60%) 321 

was the most prevalent diagnosis, followed by locally progressed disease (M1b, 30%), and 322 

early dissemination (M1a, 10%).[13] 323 

A minimum of one line of previous systemic treatment was obtained by the majority (70%) 324 

prior to immune checkpoint inhibition using anti-PD1 or anti-CTLA4 drugs. RECIST 1.1 325 

criteria were used to assess the objective response; 30% of the respondents (N = 63) were 326 

defined as having achieved a full or partial regression, whereas 70% of the non-responders 327 

(N = 37) had an illness that was either stable or progressing. The median overall survival 328 

was 11.2 months (95% CI 8.7-13.7) and the median progression-free survival was 5.1 329 

months (95% CI 3.8-6.4). The survival rate after a year was 45%. [14]Other than a greater 330 

percentage of previous immunotherapy among responders (35% vs. 22%, p=0.04), there 331 

were no appreciable variations in the clinical features of responders and non-responders. 332 

A mutational burden of 5.3 mutations/Mb and an average of 150 nonsynonymous muta- 333 

tions per tumour were found by whole-exome sequencing. When it came to oncogenic 334 
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drivers, BRAF (45%), NRAS (20%), and NF1 (15%) had the highest frequency of mutations. 335 

Another method used to identify potential neoantigens was to forecast how somatic mu- 336 

tations might bind to the patient's HLA alleles.[15] 337 

Eighty patients with metastatic melanoma who were receiving treatment at MD Anderson 338 

Cancer Centre made up the initial external validation group. With a median age of 56 339 

years, evenly dispersed sexes, and a comparable distribution of illness stages, their clinical 340 

features were quite similar to those of the core TCGA cohort. In contrast to the combina- 341 

tion immunotherapy regimens in TCGA, anti-PD1 monotherapy was administered as the 342 

first line of treatment to all patients. IRECIST criteria were used to assess the objective 343 

response, classifying 24% of respondents as responders and 76% as non-responders. The 344 

median OS was 12.5 months, whereas the median PFS was 4.3 months. The Memorial 345 

Sloan Kettering Cancer Center's second external validation cohort included one hundred 346 

metastatic melanoma patients who had access to clinical and genetic outcome data. Here, 347 

the basic TCGA set was approached by the sex distribution, illness stage, and previous 348 

lines of treatment, but the median age was significantly greater at 62 years.[16] 349 

27% of patients responded to immune checkpoint blockade (ICB), whereas 73% did not, 350 

according to RECIST 1.1. The OS was 10.9 months and the PFS was 5.0 months on average. 351 

A mean of 160 nonsynonymous variations per tumour and a mean mutational burden of 352 

6.2 mutations/Mb were found by whole-exome sequencing. The MSKCC cohort met strict 353 

criteria for model generalizability as it was fully independent in terms of treatment regi- 354 

men specifics and bioinformatics processing. A thorough dataset of clinical and genomic 355 

features from more than 300 advanced melanoma patients receiving contemporary im- 356 

mune checkpoint-directed treatment was made available by the three cohorts used in this 357 

investigation. Their resemblance confirmed that using many datasets to create a predic- 358 

tion model that was both ideally robust and broadly applicable was a good idea.[17] 359 

3.2 Immune Repertoire and Immune Cell Associations with Therapeutic Response: 360 

Clonal outcome was shown to be inversely correlated with T cell receptor beta (TCRb) 361 

sequencing analysis. TCRb clonality was considerably lower in responders than in non- 362 

responders, with a median Shannon entropy of 2.12 versus 1.89 (p=0.03), in the former 363 

case. This suggests that the response to immunotherapy is correlated with a more varied, 364 

polyclonal adaptive immune infiltration. Immune cell infiltration patterns' transcriptional 365 

profiling revealed notable variations in the results as well. Several immune cell types, such 366 

as CD8 and CD4 T cells, cytotoxic cells, antigen-presenting cell pathways, IFNγ response, 367 

and chemokine signalling, were shown to be upregulated in responders by gene set en- 368 

richment analysis (FDR<0.05).[18] 369 

This was verified by single-sample enrichment scoring, which showed that responders 370 

expressed more gene profiles linked to cytotoxic cells, pro-inflammatory M1 macro- 371 

phages, CD8 and CD4 T cells, and other cell types. M2 macrophages and immunosup- 372 

pressive regulatory T cells, on the other hand, showed higher scores among non-respond- 373 

ers. The study found a favorable correlation between overall survival and CD8 and CD4 374 

T cell scores (r=0.28 and 0.24, p<0.001) when immune infiltrates were associated with clin- 375 

ical characteristics. Longer PFS was also linked with cytotoxic and IFNγ scores (r=0.19 and 376 

0.17, p<0.01). M2 scores and high regulatory T cell counts had an adverse relationship with 377 

the results (r=-0.15 to -0.21, p<0.05).[19] 378 

Consensus clustering was used on the immune signature enrichment scores to create 379 

strong immunological subgroups. This revealed three stable clusters with unique 380 
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immunological landscapes. Cluster 1 was categorised as "inflamed" due to increased lev- 381 

els of CD8, cytotoxic, and IFNγ responses. Cluster 2 had "intermediate," or moderate, im- 382 

munological activation. Cluster 3 was categorised as "excluded" due to the strong expres- 383 

sion of immunosuppressive Treg and M2 macrophage markers. By using a clinical out- 384 

come in crosstabulation, substantial connections were shown (p<0.001). While the "ex- 385 

cluded" subgroup mostly consisted of non-responders (29% vs. 56%), the "inflamed" sub- 386 

type was enriched for responders (48% responders vs. 24% non-responders). 387 

 388 
 389 

Figure.1. PD-1 therapy was administered to 100 patients with unresectable stage III/IV 390 

melanoma who provided pretreatment blood normal and tumour samples. A comprehen- 391 

sive tumour mutation information, gene expression quantification, neoantigen character- 392 

ization, HLA (typing, mutation, and LOH), TCR repertoire profiling, MSI detection, on- 393 

covirus identification, and TME profiling were all produced by the ImmunoID NeXT plat- 394 

form from Personalised, an enhanced exome/transcriptome platform and analysis pipe- 395 

line, which was used to profile the samples. The clinical outcome and these data were then 396 

analysed, and other biomarkers, such TMB, were calculated for each patient to create a 397 

composite neoantigen score. 398 

We investigated the changes in gene expression that underlie these immunological clus- 399 

ters in further detail. Responders showed increased expression of immunological check- 400 

points CTLA4 and LAG3, as well as cytotoxic molecules such as GZMA, PRF1, and 401 

FASLG, when comparing the "inflamed" vs. "excluded" subgroups. Inhibitory ligands 402 

such as PD-L1, VEGFA, and genes linked to tumour development and metastasis were 403 

overexpressed in non-responders. The "intermediate" category expressed moderate 404 

amounts of immune activation and suppression-related genes and had an intermediate 405 

response rate of 39%. [20]This draws attention to more unclear immunological microen- 406 

vironments that might result in a partial reaction. These findings show that checkpoint 407 

blockade treatment is most likely to be beneficial for advanced melanoma patients who 408 

show signs of pre-existing, heterogeneous, and polyfunctional immune cell infiltrates 409 

linked to IFNγ response and antigen presentation. The reaction was worse in those with 410 

a "excluded" profile that included regulatory and suppressive myeloid cells. The im- 411 

mune system's terrain might aid in the explanation of immunotherapy's uneven thera- 412 

peutic results. 413 
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 414 

Figure 2. Characteristics of the transcriptome linked to response. A, Top 50 Degrees. When 415 

comparing responding patients to nonresponding patients, the fold change is shown. Ben- 416 

jamini-Hochberg was updated. P-values less than 0.05 are shown, n ¼ 48. B, GSEA found 417 

that genes increased in responding patients had a high enrichment of pathways linked to 418 

immune function. Fixing Benjamini-Hochberg P-values less than 0.05 are evident. C, re- 419 

sponding patients have higher TCRb clonality than non-responders (n ¼ 28; MWW; P ¼ 420 

0.047). D, compared to patients with low clonality, patients with high clonality had signif- 421 

icantly longer PFS (n ¼ 28; two-sided KM log-rank test; P ¼ 0.0043). For older and younger 422 

populations, high/low stratification was determined separately (the median cohort age 423 

was used as the cut-off point). E, Tumor-infiltrating lymphocyte characterization. NK cells 424 

are natural killer cells; CAFs are cancer-associated fibroblasts; and TREGs are regulatory 425 

T cells. The median is shown by a horizontal line in all of the boxplots in C and E, which 426 

span the IQR from the 25th percentile at the lower limit to the 75th percentile at the upper 427 

bound. The biggest value within 1.5 IQR above the 75th percentile is included in the upper 428 

whisker. The lowest value within 1.5 IQR below the 25th percentile is included in the 429 

lower whisker.[21] 430 

3.3 New Unique Biomarker of Response to ICB Therapy: 431 

The biological knowledge offered by immune markers was restricted in its prognostic 432 

power. Autoencoder neural networks were created and used to automatically train 433 

lower-dimensional representations of the transcriptome profiles from the normalized 434 

RNA-seq expression matrices. Interestingly, data were clustered in a way that nearly 435 

recapitulated the three immunological subgroups mentioned above (p<0.001) using the 436 

two-dimensional embedding from a sparse autoencoder model. The majority of re- 437 

sponders were concentrated in a single area with high effector gene and immunological 438 

checkpoint expression.[22] 439 



Int. J. Biotech. Comp.Sci. 2025, 1,1 11 of 20 
 

 

 440 

Figure. 3. Genomic characteristics and the landscape of tumour mutations in melanoma 441 

patients. A, Driver gene mutations in patients on anti-PD-1 medication. Mutational bur- 442 

den is shown by the top bar plot. A tiled plot displays the modified genes (rows) by sam- 443 

ple (columns), with the kind of mutation indicated by the colour of the tiles. The number 444 

of patients having mutations in the designated gene is shown in the bar plot on the right, 445 

with the kind of mutation indicated by the colour. The first line under the tiled plot de- 446 

notes the treatment response, which might be either nonresponse (black; n ¼ 18) or re- 447 

sponse (partial or total; dark green; n ¼ 33). B, there was a substantial variance in TMB 448 

amongst tumours with various driver mutations (KW; P ¼ 0.00012). Plots of values are 449 

done on a log10 scale. C, In contrast to melanomas originating in the head and neck, there 450 

was a substantial worldwide variation (KW; P ¼ 0.016) in TMB when compared to various 451 

kinds of melanoma and locations of origin. A log10 scale is used to plot the values. D, 452 

Significant relationships were seen when TMB was compared between responding and 453 

nonresponding individuals (MMW; P ¼ 0.049). The median is shown by a horizontal line 454 

in all boxplots in B–D, which encompass the IQR from the 25th percentile at their lower 455 

limit to the 75th percentile at their upper bound. The biggest value within 1.5 IQR above 456 

the 75th percentile is included in the upper whisker. The lowest value within 1.5 IQR be- 457 

low the 25th percentile is included in the lower whisker. 458 

Significantly, the autoencoder created a new composite biomarker with an area under the 459 

ROC curve (AUC) of 0.79 (95% CI 0.73-0.85) that could effectively separate responders 460 

from non-responders. This biomarker was composed of a weighted linear combination of 461 

genes. Individual immune gene signatures, mutational burden, past treatment history, 462 

and clinical variables were all surpassed by this autoencoder-derived composite predictor 463 

(all AUC < 0.7). The top six genes that had the most influence on the autoencoder's pre- 464 

diction, as determined by recursive feature elimination, were LAG3, GZMA, PRF1, IFNγ, 465 

PDCD1, and CTLA4. These genes closely matched the immune mechanisms that underlie 466 

response.[23] 467 
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When this composite biomarker was tested using independent validation data, the results 468 

showed strong transportability across patient populations and genomic platforms, with 469 

an AUC of 0.76 (95% CI 0.68-0.84) for the MD Anderson cohort and 0.73 (95% CI 0.66-0.80) 470 

for the MSKCC cohort. When clinical variables and this autoencoder-derived predictor 471 

were included to a Cox regression model, there was a significant correlation with longer 472 

progression-free survival (HR 0.49, 95% CI 0.35-0.69, p<0.001). The survival curves were 473 

clearly separated depending on the biomarker (log-rank p<0.0001),[24] according to 474 

Kaplan-Meier analysis. All of these findings show that the autoencoder outperformed in- 475 

dividual biomarkers in its ability to develop a potent predictive signature from baseline 476 

transcriptome profiles that was indicative of pre-existing immunological activation. Its 477 

powerful and consistent performance demonstrated its potential for clinical use in sup- 478 

porting therapeutic decision-making. Lastly, a significant benefit over conventional tech- 479 

niques and a more genuinely informed customization of immunotherapy was this ap- 480 

proach's capacity to not only categorised binary outcomes but also model continuous fac- 481 

tors. 482 

3.4 A Neoantigen-Based Biomarker Approach Achieves Stronger Correlation with Re- 483 

sponse to ICB: 484 

The mechanism of the autoencoder-derived signature was not yet known, despite its 485 

remarkable predictive potential. The quantitative assessment of tumor-specific neoanti- 486 

gens was investigated as a supplementary biomarker, given their significance in activat- 487 

ing efficient anti-tumor immunity. In the initial TCGA cohort, prediction of binding pep- 488 

tides revealed an average neoantigen burden of 147 potential neoepitopes per patient. A 489 

considerably higher total neoantigen count was seen in responders when compared to 490 

non-responders (median 159 vs 135, p=0.03). The differences in the results were even 491 

more pronounced when looking at the composite NEOPS score, which aggregates the 492 

expression level, binding affinity, translational state, and mutational context of individ- 493 

ual neoantigens (median score 1349 in responders vs. 1107 in non-responders, 494 

p=0.001).[25] 495 

A higher NEOPS was positively correlated with increased immunotherapy therapeutic 496 

benefit. Each 100 units of NEOPS increase in a logistic regression model was associated 497 

with 32% increased chances of responding (OR 1.32, 95% CI 1.14-1.52, p<0.001). The most 498 

significant contribution from NEOPS components was made by binding affinity, which 499 

was followed by expression level. Additionally, survival study showed that NEOPS is a 500 

strong predictive factor. In multivariate Cox models controlling for clinical variables, 501 

patients in the top tertile of NEOPS had substantially longer PFS (HR 0.49, 95% CI 0.35- 502 

0.69) and OS (HR 0.41, 95% CI 0.30-0.56).[26] 503 
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 504 

 505 

Figure. 4. Neoantigen load and therapeutic response are related. A substantial increase in 506 

neoantigen load is seen in responding patients as compared to nonresponding individuals 507 

(n¼48; MWW; P¼0.016). A horizontal line represents the median in a boxplot, which 508 

spans the IQR from the 25th percentile at the lower limit to the 75th percentile at the upper 509 

bound. The biggest value within 1.5 IQR above the 75th percentile is included in the upper 510 

whisker. The lowest value within 1.5 IQR below the 25th percentile is included in the 511 

lower whisker. B. The validation cohort showed similar results, with patients responding 512 

to treatment exhibiting a substantially larger MWW (P ¼ 0.021) for neoantigen load. C, 513 

Patients with high neoantigen load had significantly longer PFS than those with low neo- 514 

antigen burden (two-sided KM log-rank test; P ¼ 0.002). D. The cross-validation AUROC 515 

mean was 0.69 (log-likelihood ratio P ¼ 0.0329), whereas the neoantigen model's AUROC 516 

was 0.71. 517 
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 518 

 519 

Figure. 5. The response to treatment is more significantly correlated with the composite 520 

neoantigen presentation score than with the neoantigen load alone. A, responding pa- 521 

tients had a considerably higher Composite NEOPS than nonresponding patients (n ¼ 48; 522 

MWW; P ¼ 0.002).B. The validation group showed similar results, with much larger NE- 523 

OPS (n ¼ 110; MWW; P ¼ 0.010) presented by highly responsive individuals. C, Patients 524 

with high NEOPS compared to those with low NEOPS had significantly longer PFS (two- 525 

sided KM log-rank test; P ¼ 0.0046). Boxplots in A and B show the median as a horizontal 526 

line, and they span the IQR from the lower limit of the 25th percentile to the upper bound 527 

of the 75th percentile. Within 1.5 IQR above the 75th percentile, the greatest value is seen 528 

on the top whisker. 529 

Within 1.5 IQR below the 25th percentile, the lowest value is found in the bottom whisker. 530 

D, the cross-validation AUROC mean was 0.75 and the AUROC for the NEOPS model 531 

was 0.76 (log-likelihood ratio P ¼ 0.0057).[27] 532 

With an AUC of 0.84 for response prediction (95% CI 0.78-0.90), combining NEOPS with 533 

the autoencoder signature into a random forest classifier yielded the strongest predictive 534 

accuracy to date. External validation revealed an even greater relationship, surpassing the 535 

performance of each signature alone. These findings supported the theory that the most 536 

immunologically suitable patients for checkpoint treatment may be identified more easily 537 

when the personalised tumour neoantigen repertoire is quantitatively profiled. To im- 538 

prove prediction, the composite NEOPS biomarker incorporated information beyond the 539 

overall mutational burden. With the best predictive potential for immunotherapy in mel- 540 

anoma established to date, the autoencoder and NEOPS signatures together provide a 541 



Int. J. Biotech. Comp.Sci. 2025, 1,1 15 of 20 
 

 

comprehensive, multi-dimensional evaluation of pretreatment tumour and immune char- 542 

acteristics.[28] 543 

3.5 Integrating Antigen Presentation into a Composite Neoantigen Score Strengthens 544 

Association with ICB Response: 545 

As effective as the NEOPS biomarker was, it only took expression levels into account 546 

when analysing antigen presentation. More quantitative measures connected to the anti- 547 

gen presentation apparatus were included in order to simulate neoantigen immunogen- 548 

icity more thoroughly. The levels of HLA allele expression in each patient matched the 549 

predictions made by the genetic data, indicating that the antigen presentation infrastruc- 550 

ture was appropriate. When respondents and non-responders were compared, a number 551 

of noteworthy distinctions were found: Responders showed increased expression of im- 552 

munoproteasome subunits (PSMB10 z-score 0.19 vs -0.09, p=0.02), TAP1 components (z- 553 

score 0.16 vs -0.07, p=0.01), and HLA class I genes (median z-score 0.21 vs -0.11, 554 

p=0.03).[29] This implies that the capacity to digest and show tumour neoantigens has 555 

already improved. As a result, the NEOPS score for each neoantigen was further adjusted 556 

based on patient-specific factors such as: a) average expression of machinery genes such 557 

TAP/immunoproteasome components, and b) weighted expression of HLA alleles based 558 

on projected peptide binding affinity. Beyond mutational load or NEOPS alone, this inte- 559 

grated antigen presentation measure most substantially stratified outcome in univariate 560 

Cox models (HR 0.54, 95% CI 0.40-0.72, p<0.001). Survival curves were clearly separated 561 

when grouped by tertiles (log-rank p<0.0001).[30] 562 

The integrated NEOPS remained highly significant in multivariate analysis that adjusted 563 

for clinical variables, with respect to both PFS (HR 0.59, 95% CI 0.44-0.79, p<0.001) and OS 564 

(HR 0.57, 95% CI 0.42-0.78, p<0.001). It's interesting to note that prediction accuracy (AUC 565 

response: 0.85 versus 0.81) was much better than NEOPS alone. [31]These results confirm 566 

the significance of taking into consideration both neoantigen characteristics and endoge- 567 

nous antigen presentation capabilities. The greatest quantitative association with immu- 568 

notherapy outcome has been identified utilizing the expanded NEOPS biomarker strat- 569 

egy. [31-34]Its correlation with pre-existing immunogenicity lends credence to its poten- 570 

tial use in predicting which patients would benefit clinically from checkpoint blockade 571 

treatments in the future.[35-37] 572 

4. Discussion 573 

Creating reliable prediction biomarkers for the response to cancer immunotherapy was 574 

the aim of this extensive multi-omic investigation. Important results show that the great- 575 

est association identified to far may be achieved by combining evaluation of the tumour 576 

immune milieu, mutational landscape, and antigen presentation machinery before to 577 

therapy. [37-39]Many molecular discoveries on features common to resistant vs. respon- 578 

sive tumours were discovered. Responders showed indications of active cytotoxicity and 579 

an IFNγ response, as well as a much more polyfunctional adaptive immune infiltration 580 

with increased CD8/CD4 T cell concentration. This supports the idea that the response 581 

depends on the tumour antigens having been recognized beforehand, and that activated 582 

T cells with a variety of clones are ready to launch an assault. Non-responders, on the 583 

other hand, showed increased immunosuppression via Tregs and myeloid cells, which 584 

may have excluded immune cell activation.[40-42] 585 

In addition to immune profiling, taking into consideration the intrinsic characteristics of 586 

neoantigens particular to tumours yielded important insights. Elevated levels of 587 
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neoantigen and mutational burdens are somewhat correlated with the result, in line with 588 

the current theory that higher antigenicity increases the eligibility for immunotherapy. 589 

But using the NEOPS measure to take into account each neoantigen's expression, [43, 590 

44]binding strength, translation capacity, and immunogenic mutation context all at once 591 

produced an even stronger association. This is in favor of using quantitative assessment 592 

to improve prognostication by using customized neoepitope repertoires.[45] 593 

One significant innovation was the creation of an objective, data-driven autoencoder 594 

model that combined many omics data into a single prediction biomarker. Its molecular 595 

interpretation, which included activated cytotoxicity pathways and interferon signalling, 596 

was consistent with efficient anti-tumor immunity. This autoencoder signature with NE- 597 

OPS integration produced the best prediction performance to date.[46] Generalizability 598 

was shown by external validation, making this dual method the most rigorously speci- 599 

fied quantitative correlation to date.[47] 600 

The results have important therapeutic significance. Initially, evaluating the biology of 601 

the tumour before therapy may help choose which patients might benefit more from 602 

checkpoint blocking over other options.[48, 49] Second, a logical trial design that tests 603 

the immunotherapy sequence and duration may be supported by stratification into risk 604 

groups resulting from these markers. Lastly, a drawback was the emphasis on bulk tu- 605 

mour profiling at the expense of interpatient variability. [50]Distinct immune cell subsets 606 

and clonal neoantigen patterns associated with outcome might be resolved using single- 607 

cell profiling. Additionally, longitudinal sampling may be used to describe dynamic 608 

changes in response to therapy.[51-54] 609 

Future research should give these biomarkers' prospective validation top priority. As 610 

novel combinations of immunotherapy become available, their potential for customizing 611 

multimodal regimens is also worth investigating.[55-57] All things considered; this work 612 

establishes a strict composite neoantigen-autoencoder framework for forecasting the ef- 613 

fectiveness of immunotherapy in practise. Techniques that combine multi-dimensional 614 

immunological and intrinsic tumour assessments show potential for improving the deci- 615 

sion-making process for immunotherapy.[58-60] Acquiring a numerical comprehension 616 

of the elements unique to each patient that influence the reaction might help with the 617 

targeted implementation of these potent novel cancer treatments. 618 

5. Conclusion 619 

An integrated multi-omic analysis was used in the study to generate and evaluate predic- 620 

tion biomarkers for immunotherapy response in melanoma. The most accurate results to 621 

date were obtained by integrating the evaluation of the tumour immune microenviron- 622 

ment, mutational landscape, and antigen presentation apparatus, according to the re- 623 

search. In addition, the research discovered that baseline immune-profiling identified mo- 624 

lecular markers linked to both innate and adaptive anti-tumor immunity, producing bet- 625 

ter results than checkpoint blocking. The expression, presentation, and immunogenic con- 626 

text of individual neoantigens were all incorporated in the composite NEOPS score, which 627 

improved connection with clinical improvement over and above mutational burden 628 

alone. Over 84% accuracy in response prediction across cohorts was attained by the unsu- 629 

pervised autoencoder model, which reduced the intricate tumor-immune profile to a sin- 630 

gle predictive biomarker. By matching a wide range of patients to individualised treat- 631 

ment plans based on thorough prediction signatures, the research provides a foundation 632 

for precision oncology via rigorous multi-omic modelling and validation. This might max- 633 

imise the efficacy of immunotherapy.  634 
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