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Abstract: The incorporation of bioinformatics into the prediction of neoantigens has greatly enhanced
cancer immunotherapy by improving the understanding of tumor-specific antigens that can trigger
targeted immune responses. This review emphasizes the vital role of bioinformatics in identifying
neoantigens, which are unique antigens arising from somatic mutations, and their significance in
customizing cancer treatments like therapeutic vaccines and T-cell therapies. It critically examines
advanced sequencing technologies, such as whole-genome (WGS) and whole-exome sequencing
(WES), for their role in assessing mutations that lead to neoantigen production. The review also
discusses innovative computational methods, including artificial intelligence (Al), machine learning
(ML), and deep learning (DL), for their effectiveness in predicting immunogenic neoantigens and
tailoring personalized therapies. Case studies illustrate the successes achieved through these
bioinformatics advancements, showcasing their potential in developing personalized vaccines that
address the specific genetic makeup of tumors. Despite challenges like tumor heterogeneity and the
complexities of data analysis, ongoing advancements.
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1. Introduction

Cancer is primarily a genetic illness, during its course, it is accompanied by genomic instability leading
to point mutations and structural changes [1]. Cancers can be classified into metastatic and
nonmetastatic forms, with metastasis arising during the development of tumors. Metastatic
dissemination enables cancer cells to evade main tumors and establish colonies in other organs [2].
Tumors are intricate systems consisting of neoplastic cells, extracellular matrix (ECM), and "accessory"
nonneoplastic cells, such as resident mesenchymal support cells, endothelial cells, and infiltrated
inflammatory immune cells. Tumor growth is influenced by interactions between accessory cells and
cancer cells. During tumor growth, the structure of the tissue changes and becomes a specialized
microenvironment that is defined by a damaged extracellular matrix (ECM) and long-lasting
inflammation [3]. Cancer-related inflammation plays a role in causing genetic instability, modifying
epigenetic patterns, promoting the growth of cancer cells, enhancing pathways that prevent cell death,
stimulating the formation of new blood vessels, and facilitating the spread of cancer [4]. The role of
inflammatory immune cells in cancer-related inflammation is crucial, and several studies have
demonstrated how immune cells affect tumor fate at various stages of the disease, such as early
neoplastic transformation, clinically detected tumors, metastatic dissemination, and therapeutic
intervention [5].

Cells of the innate immune system, such as natural killer (NK) cells, eosinophils, basophils, and
phagocytic cells, have a role in suppressing tumors by either directly Killing them or by triggering
adaptive immunological responses. The adaptive immune system, which comprises lymphocytes, plays
a crucial role in both humoral and cell-mediated immune responses. Unfortunately, cancer cells have
developed defense mechanisms against immune surveillance, which impairs immune cells' ability to
act as effectors thereby rendering immunotherapy less successful [6]. Gaining insight into these intricate
interactions inside the tumor microenvironment (TME) is essential for the advancement of more potent
cancer treatments. Immunotherapy has made significant improvements in the treatment of a variety of
cancer types by utilizing the immune system's capacity to recognize and destroy cancer cells. Recent
advancements in single-cell technologies and spatial transcriptomics have yielded valuable information
about the diversity and spatial arrangement of immune cells within tumors. This has allowed for a
thorough understanding of the tumor microenvironment (TME) and the discovery of new targets for
therapeutic intervention [7].

These genetic changes can result in the production of neoantigens, or tumor-specific antigens. The
immune system interprets these neoantigens as alien, which sets off cellular immunological responses
[8]. One major problem that contributes to treatment failure and disease progression in human primary
and metastatic cancers is cancer heterogeneity. The immune system's selective pressure, hierarchical
architecture from the start of cancer stem cells, and genetic instability are a few of the factors that can
account for this variability [5]. Tumor clonal growth and heterogeneity reduction are facilitated by
cancer immune editing, which eradicates immunogenic cancer cells. Nevertheless, the absence of
immune selection leads to a greater diversity of neoantigens. Neoantigen heterogeneity in lung and
melanoma patients increases their vulnerability to T-cell attacks and responsiveness to tumor
checkpoint inhibition [9]. This heterogeneity is heightened due to the inactivation of DNA repair
machinery in colorectal, breast, and pancreatic cell lines. As genetic variation within a tumor increases,
certain subpopulations of cells may evade the immune system's defenses. Metastatic development and
therapeutic resistance often originate from a few clones inside the original tumors. In ovarian cancer,
shrinking metastatic tumors were linked to an immune infiltrate characterized by CD4+ and CD8+ T
cells, with higher tumor mutation and neoepitope load compared to advancing lesions [9].
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Understanding the intricate connections between cancer cells and immune responses is crucial for
developing effective cancer treatments.

1.1. Scope and Objectives of the Review

This review specifically examines the critical role of bioinformatics techniques in the prediction of
neoantigens, which are essential for advancing personalized cancer immunotherapy. The primary focus
is on how computational tools and sequencing technologies enable the identification of tumor-specific
neoantigens that can be targeted for tailored cancer treatments, including therapeutic vaccines and T-
cell-based therapies. The first domain explores the application of bioinformatics tools in the prediction
of neoantigens, which play a vital role in tailored cancer immunotherapies such as vaccinations and T-
cell treatments [10]. In addition, the second domain explores, data integration techniques for
researching tumor-immune interactions covered in the review, with a focus on the significance of
combining various data types from transcriptomics, proteomics, and genomes [11]. The third domain
discusses various tools and platforms, such as single-cell RNA sequencing, spatial transcriptomics,
CIBERSORT, and TIDE, which are being investigated to gain a thorough comprehension of the
interactions between tumors and the immune system [12-14]. These methods aim to uncover possible
targets for therapeutic interventions. The review also emphasizes the clinical benefit and ongoing
progress in the field of bioinformatics-driven immunotherapy development, including immune
checkpoint inhibitors, personalized cancer vaccines, and CAR-T cell therapy.

This review offers an extensive analysis of the transformative impact of bioinformatics on the field of
immuno-oncology. The review emphasizes the most recent progress in bioinformatics tools and
techniques, providing a clear explanation of cutting-edge methodologies. It also demonstrates the
practical significance of bioinformatics in the development of efficient immunotherapies, as evidenced
by case studies and success stories. In addition, it addresses potential future research avenues to improve
cancer treatment and tackles persistent problems like data integration and complexity. The review seeks
to be a beneficial resource for researchers and clinicians by summarizing important discoveries, tools,
and methodologies. It aims to assist in the development and implementation of innovative investigations
and therapeutic applications.

2. Bioinformatics Tools for Predicting Neoantigens

The study of neoantigens has greatly expedited the progress and regulatory approval of tumor
immunotherapies. These include cancer vaccines, adoptive cell therapy, and antibody-based therapies
[15]. Neoantigens are newly formed antigens created by tumor cells. They arise due to tumor-specific
alterations, such as genomic mutations, dysregulated RNA splicing, and viral open reading frames.
These antigens can trigger an immune response that bypasses central and peripheral tolerance
mechanisms. Neoantigens are crucial for personalized cancer immunotherapies and have the potential
to induce strong immune responses and reduce the likelihood of targeting normal tissues [16]. Their
unique characteristics make them potential candidates for immunotherapeutic techniques including
customized cancer vaccines and adoptive T-cell treatments. Synthetic peptides that imitate neoantigens
are used in personalized cancer vaccines to train the immune system to recognize and destroy cancer
cells. Adoptive T-cell therapies design T cells to target neoantigens, thereby improving cancer control
[17]. The prediction of neoantigens proves challenging due to tumor heterogeneity, as each tumor has
unique mutations and neoantigens can differ greatly between patients. As a result, it is necessary to
implement highly personalized strategies to effectively identify and target neoantigens [18].
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One of the challenges experienced by researchers in the field of immunology is accurately recognizing
immunogenic neoantigens. These are mutations that can trigger an immune response. However, not all
mutations result in neoantigens that can effectively elicit this response. To predict which mutations will
produce neoantigens that bind to major histocompatibility complex (MHC) molecules and are
recognized by T cells, computational tools are used. The stability and affinity with which neoantigen
peptides bind to MHC molecules are the main characteristics that computational methods need to
consider. Additionally, computational methods must account for how these complexes are recognized
by T-cell receptors [19, 20]. The tumor microenvironment plays a crucial role in the presentation of
neoantigens and the recognition of these antigens by the immune system.

Tumors can manipulate the immune response by downregulating antigen presentation machinery and
creating an immunosuppressive microenvironment. These mechanisms make it challenging to
accurately predict neoantigens and develop effective immunotherapies [21, 22]. Additionally, the field
of somatic mutation identification is not without its challenges. Significant challenges are posed by
technological restrictions, such as the inability to identify low-frequency mutations and differentiate
genuine somatic changes from sequencing artifacts. Furthermore, modern bioinformatics tools and
skills are required for the technically challenging integration of multi-omics data to provide a thorough
understanding of the neoantigen landscape [23]. However, despite these obstacles, significant progress
has been made in developing bioinformatics tools for neoantigen prediction. These tools are
continuously improving in accuracy and efficiency, and they play a crucial role in advancing
personalized cancer immunotherapy. Since somatic mutations lead to neoantigen formation, the first
step in neoantigen prediction is the identification of somatic mutation. Some of the sequencing
technologies and bioinformatics tools for predicting somatic mutations are discussed below.

To understand the complex mechanism of human diseases, researchers rely on integrating data from
multiple omics techniques, including genomics, transcriptomics, epigenomics, and proteomics to utilize
next-generation sequencing (NGS) in analyzing DNA. NGS enables the analysis of DNA through
various approaches such as whole-genome sequencing (WGS), whole-exome sequencing [24], and
targeted sequencing. This powerful tool allows for the sequencing of millions of DNA fragments
simultaneously, providing detailed information about the structure of genomes, genetic variations, gene
activity, and alterations in gene behavior [25].

2.1 Whole-genome sequencing (WGS)

Whole-genome sequencing (WGS) is demonstrated to be a powerful technique for determining an
individual’s DNA sequence. It lists all genes, regulatory areas, and non-coding elements in an
individual's genome. It can be applied in plant and animal studies, cancer research, rare genetic diseases,
population genetics, and genome assembly. This technique is highly useful in identifying genomic
variations from single-nucleotide polymorphisms (SNPs) to structural changes by sequencing the entire
genome [26]. There are two methods of WGS: Large and small, which are used to interpret eukaryotic
and prokaryotic genomes, respectively. Short-read sequencing is best for mutation calling, and long-
read for genome assembly. These two can be applied to accurate genome assembly without a reference
sequence [27].

86



The Islamic University Journal of Applied Sciences (JESC), Issue II, Volume VI, December 2024

2.2 Whole-Exome Sequencing (WES)

The whole-exome sequencing (WES) technique is centered on sequencing the exome, or the parts of
the genome that code for proteins. Though it is a minor portion of the whole genome, the majority of
variations that cause disease are found in the exome. WES is applied to identify genetic variations in
protein-coding genes, including single-nucleotide variants, insertions, deletions, and copy number
changes. Additionally, it can be applied to population and cancer genetics as well as rare clinical
ilinesses, where it is a more affordable option than WGS. Whole-exome sequencing enriches exonic
regions through hybrid capture or target-specific amplification techniques followed by high-throughput
sequencing. The Illumina NGS platform can be used with a variety of exome capture assays [28]. Since
WES is a component of WGS, the bioinformatic analysis method utilized for WES data is the same as
that used for WGS. Therefore, WGS is a valuable technique for identifying genetic variations in protein-
coding regions of the genome, making it particularly useful in disease research and clinical applications.

2.3 Targeted sequencing

Targeted sequencing is a successful approach that focuses on particular sections of the gene, enabling
the identification of different types of genetic variants linked to disease phenotypes. Although targeted
sequencing may have lower exploratory capabilities than WGS or WES, it offers benefits such as cost-
effectiveness and manageable data for medical professionals.

This allows for more precise and well-informed clinical decisions based on disease-specific information
[29]. In addition, targeted sequencing can offer enhanced coverage for rare alleles in genetic disorders
and low-frequency evolving mutant clones in cancer, enabling a more thorough comprehension of
tumor heterogeneity and disease progression. In general, targeted sequencing has the potential to
advance genomics research significantly, enhance personalized healthcare, and improve our
understanding of diseases. The candidate gene approach and commercially available targeted panels
come from large-scale WGS/WES projects. These panels can test both inherited (germline) and
acquired (somatic) variants. Some examples are listed in Table 1. Targeted panels use region-specific
primers to amplify selected DNA regions. The resulting libraries are then sequenced and analyzed with
bioinformatics tools. Overall, targeted sequencing is a valuable method for identifying genetic variants
linked to diseases, offering cost-effective and focused insights for clinical applications.
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Table 1: Some Examples of Targeted Panels in Research and Diagnostics

. . Inheritance Sample
Disease Condition Panel Name Type Type
Cardiovascular defects  Cardiovascular Panel Germline Blood
Arrhythmias and Arrhythmia and .
cardiomyopathies Cardiomyopathy Panel Germline Blood
Drug sensitivity Pharmacogenomics Panel ~ Germline Blood
Antimicrobial Antimicrobial Resistance Microbial Bacterial
treatment efficacy Panel Gene Culture
Infertility Infertility Panel Germline Blood
Homolo_goqs HRR Gene Panel Somatic Tgmor
recombination defects Tissue
Myeloid cancers Myeloid Cancer Panel Somatic Blood
HIV drug resistance HIV-X Gene Panel Pathogen Plasma
Anjumlcrolplal TB Resistance Panel Pathogen B .
resistance in TB Specimen
Metabolic disorders Metabolism Error Panel Germline DBS/Blood
Hereditary cancers BRCA and Hereditary Germline Blood

Cancer Panel

3. Bioinformatics Pipelines

The rapid advancements in next-generation sequencing (NGS) technologies have significantly aided in
the identification of mutations within the exomes of individual tumors. These mutations lead to
neoantigens, which can be presented by the patient’s Human Leukocyte Antigen [30] molecules to the
immune system, which triggers an immune response against the tumor. The identification and selection
of these neoantigens have become crucial in developing personalized cancer immunotherapies,
particularly in the design of cancer vaccines and adoptive cell therapies. The prediction of neoantigens
begins with the identification of somatic mutations, which is the critical first step in neoantigen
prediction, as these mutations lead to the formation of neoantigens. The advancement in sequencing
technologies and bioinformatics tools have greatly added to the identification of genetic differences and
differentiate between somatic mutations, which occur in specific cells, and germline variations, which
are inherited and present in all cells of an individual [31].

The process of neoantigen identification involves multiple computational steps, each contributing to
the accurate prediction of neoantigens. Initially, HLA typing is performed using RNA-seq, WGS, or
WES data to determine the specific HLA alleles of the patient, followed by the prediction of mutated
peptides resulting from somatic mutations identified in the tumor. The next step involves the
identification of neoantigens that are likely to be presented on the surface of tumor cells, which is
achieved by predicting the binding affinity of the peptides to the HLA molecules.
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Finally, candidate neoantigens are prioritized based on their predicted binding affinities and other
factors, such as proteasomal processing and peptide transport [32].

In recent years, there has been significant growth and improvement of bioinformatics pipelines to
improve the process of identifying and selecting neoantigens in a more precise and effective way. These
pipelines encompass advanced machine learning algorithms and merge various kinds of omics data,
like mass spectrometry and RNA-seq, to enhance the predictive power of neoantigen exploration. The
existing bioinformatics pipelines are characterized by the incorporation of four principal computational
components: HLA typing, mutation-driven peptide deduction, MHC binding and forecast of antigen
presentation, and prioritization of neoantigens. The integration of these distinct modules within the
bioinformatics pipelines plays a crucial role in advancing the field of neoantigen prediction, thus
facilitating the identification of potential targets for immunotherapy [33].

In this section, we discuss bioinformatics tools and pipelines, developed to address neoantigen
identification. These tools not only support the identification of potential neoantigens but also facilitate
their selection for therapeutic applications, paving the way for personalized cancer treatments. A
summary of these pipelines, including their strengths, limitations, and key references, is provided in
Table 1.

The Sequence Alignment/Map (SAM)-SAMtools is a suite of utilities for manipulating alignments in
the SAM (Sequence Alignment/Map) format, including sorting, merging, indexing, and generating
variant calls. It is used for processing next-generation sequencing data. The ‘mpileup’ function in
SAMtools is used to call variants, including somatic mutations, by generating a pileup format from
BAM files. It is widely adopted, simple to use, and highly efficient for basic operations on sequencing
data. However, it has limitations in handling complex variant calling scenarios and lacks advanced
algorithms for distinguishing somatic from germline mutations [34]. Another highly effective tool,
VarScan?2 that detects single nucleotide variants (SNVs) using SAMtools ‘mpileup’ data. It compares
tumor and normal sample data to identify germline and somatic mutations. Additionally, it detects copy
number analysis and structural variants. One of the main strengths of VarScan2 is its ability to
accurately call low-frequency variants. Nevertheless, this tool is constrained by accurate pileup
generation and may be less effective for highly heterogeneous samples [35]. Another robust toolkit
developed by the Broad Institute for identifying genetic variations in large-scale sequencing data is
GATK (Genome Analysis software). It offers a variety of tools for data pre-processing, variant calling,
and variant filtering. The HaplotypeCaller tool from GATK is widely recognized for its ability to call
germline variants, while MuTect2 accurately recognizes somatic variants. GATK is extensively
documented and is supported by the community. Moreover, it is adept at managing intricate genomic
regions. Nevertheless, big datasets, need a substantial resource [36]. MuTect is a tool within the GATK
suite specifically designed for identifying somatic point mutations in tumor samples. The tool employs
a Bayesian classifier to effectively distinguish between somatic mutations and sequencing artifacts or
germline variants by using matched normal samples. MuTect possesses high sensitivity and specificity,
rendering it highly proficient in the detection of infrequent somatic mutations. However, the tool is
focused on point mutations, and minor insertions/deletions, and is less efficient for major structural
variations [37]. Strelka is a specialized tool used for identifying single nucleotide variations (SNVs)
and small insertions or deletions (indels) in tumor-normal pairs. It utilizes a Bayesian framework to
precisely identify genetic variations and is capable of analyzing data from both WGS and WES. Strelka
is highly sensitive and accurately identifies low-frequency somatic mutations and small indels.
Moreover, it has high computational efficiency.
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However, it only emphasizes detecting minor genetic differences and not on larger structural changes
[38]. FreeBayes is a variant detector that can identify SNPs, indels, MNVs, and complex events in both
diploid and polyploid genomes. It is suitable for both germline and somatic variant calling. One of its
strengths is its ability to handle complex variants and mixed ploidy populations. However, it can be
computationally intensive and requires high-quality input data [39]. Platypus is a variant caller that
detects SNVs and indels from NGS data using local realignment and assembly. It is faster than other
tools and generates calls from raw aligned read data without preprocessing. It offers high accuracy and
is effective in identifying complex variants. However, it is computationally intensive and requires
significant memory resources [40]. Lancet is another pipeline for the somatic variant caller that employs
localized micro-assembly to identify SNVs and indels in tumor-normal pairs. It is particularly effective
in challenging genomic regions due to its high sensitivity and specificity; however, it is computationally
intensive and requires high-quality input data [41].

Another pipeline developed by Google Health is DeepVariant, which is a deep learning-based variant
caller. It uses a convolutional neural network (CNN) to call variants from NGS data, treating the variant
calling process as an image classification problem. It offers high accuracy and robustness and is capable
of handling complex variants and various sequencing technologies. However, requires significant
computational resources, particularly GPU power for training and inference [42]. SomaticSniper is a
variant caller that detects somatic mutations by comparing tumor and normal samples. It differentiates
somatic mutations from germline variants by identifying differences in base calls. It is simple to use
and offers effective analyses for paired tumor-normal samples, however, it lacks sensitivity for low-
frequency variants [43]. LoFreq is a variant caller that uses a Poisson-based model to detect low-
frequency variants in high-throughput sequencing data. It is highly sensitive and suitable for analyzing
heterogeneous samples, but may require significant computational resources for large datasets [44].
JBrowse is a genome browser that allows one to visualize and explore genomic data by integrating with
multiple variant calling methods. It displays somatic mutations and other genomic variations. Its
advantages include a user-friendly interface and compatibility with other bioinformatics tools. As it is
essentially a visualization tool, it must be integrated with other pipelines to do variant calling [45].
Germline is a software application that uses a probabilistic model to detect both somatic and germline
mutations in whole-genome sequencing data. It is well-suited for in-depth genomic investigations,
while conducting whole-genome analyses may necessitate substantial computational resources [46].
HaplotypeCaller is a GATK suite tool for calling variants by building haplotypes in specific genomic
regions. It is effective for both germline and somatic variations and provides high precision via local
haplotype assembling. However, it is computationally demanding and may necessitate substantial
resources for huge datasets [47].

Another robust pipeline is Pisces, which is a precise somatic variant caller optimized for Illumina
sequencing data. It offers high specificity and sensitivity for low-frequency mutations. Its strengths
include high accuracy and sensitivity; however, it may require significant computational resources [48].
A pipeline, Sentieon TNscope, is a high-performance variant caller that offers accurate and fast
identification of somatic mutations. Its performance is better with faster runtimes and supports large-
scale genomic studies. However, it requires licensing as commercial software [49]. A micro-assembly-
based variant caller for indels, developed in C/C++, is the Scalpel pipeline. It is high in accuracy in
calling indels from NGS data. And also offers a pipeline integration, simplifying workflows for
researchers working with NGS data. However, it may require more computational resources, potentially
slowing down analysis, especially for large datasets [50].
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For identifying somatic variants, a deep convolutional neural network-based pipeline, NeuSomatic, was
developed to accurately identify somatic mutations from high-throughput sequencing data. It offers
high accuracy and robustness; however, it requires significant computational resources, particularly
GPU power for training and inference [51].

Another variant caller that uses local haplotype assembly and Bayesian statistical models is Octopus. It
is highly accurate in germline and somatic variant calling. However, it is computationally exhaustive
and may necessitate substantial resources for large datasets [52]. Strelka2 is an updated version of the
Strelka variant caller, offering somatic and germline variant calling in both WGS and WES. It provides
high sensitivity and specificity and improves computational efficiency but may not capture larger
structural variations [53]. SomaticSignatures is an R package that offers tools for analyzing and
visualizing mutational signatures in somatic mutations. It is not a variant caller but can integrate results
from other variant callers for comprehensive analysis. The package is user-friendly and designed for
data exploration and hypothesis testing within the R environment. However, it requires input from other
variant calling tools and is R dependent, which may be a limitation for users not accustomed to the
programming language [54]. Maftools is an R package designed for analyzing and visualizing somatic
variants in cancer studies. It offers comprehensive visualization, user-friendly interface, and integration
capabilities for data from various sources. However, it is not a variant caller and requires variant data
from other pipelines. Additionally, it is R dependent, requiring familiarity with R, which may be a
limitation for some researchers. Overall, Maftools provides a comprehensive view of cancer genomics
[55]. DeconstructSigs is a R package that quantifies the contribution of known mutational processes in
cancer genomes. It is user-friendly, offering comprehensive documentation and examples.
DeconstructSigs can integrate output from various variant callers, making it versatile for different input
data types.

However, it does not perform variant calling and relies on variant data generated by other tools.
Additionally, users need to be familiar with R to effectively use DeconstructSigs, which may be a
barrier for those not accustomed to working with R [56]. Finally, understanding cancer genomes and
personalized treatment relies heavily on identifying somatic mutations. The wide array of
bioinformatics pipelines examined, each possessing distinct advantages and drawbacks, underscores
the intricate and meticulous nature necessary for the precise identification of mutations. Based on the
characteristics of their datasets and their specific requirements, researchers can choose the most suitable
tools. The comprehensive explanations and relative advantages and disadvantages of various
pipelines are summarized in Table 2, offering a great reference for choosing the most appropriate
pipeline for somatic mutation analysis.
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Table 2: Bioinformatics Pipelines for Somatic Mutation Identification
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. operations. n between
variants. .
somatic
and
germline.
Detects CA
SNVs and Effective for Less
indels, low-frequency effective
VarScan? 2009 Java suitable for variants, for highly [35]
tumor- includes copy heterogen
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GATK 2010 Java discover extensive ionally [36]
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4. Neoantigen Prediction and Bioinformatics Methods and Tools

Neoantigen prediction includes several steps: identifying somatic mutations, predicting peptide
sequences, evaluating binding affinities to MHC molecules, and assessing the immunogenicity of the
neoantigens. Certain notable case studies of successful neoantigen predictions in cancer treatment are
as follows:

A case study by Sahin et al. demonstrated the development of personalized neoantigen vaccines for
melanoma patients. The study applied an RNA-based poly-neo-epitope approach that included whole-
exome sequencing and RNA sequencing to identify tumor-specific mutations by predicting the binding
of the resulting peptides to MHC molecules using the NetMHCpan tool to mobilize immunity against
a spectrum of cancer mutations. All patients presented T-cell responses against multiple new epitopes
from the vaccine. The personalized vaccines thus developed when administered to the patients led to a
significant reduction in the rate of metastatic events, resulting in sustained progression-free survival
[57]. This case is a pioneering example of how in silico neoantigen prediction can be directly translated
into a therapeutic vaccine.

In another study, neoantigens were predicted as personalized immunotherapy for glioblastoma patients.
The neoantigens were identified by sequencing the tumor's genome and conducting in silico predictions
such as Broad Picard Pipeline and NetMHCpan tool [58].
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In another study, the team of researchers addressed the shortcomings and constraints associated with
non-chemotherapy treatment modalities for non-small cell lung cancer (NSCLC) by introducing a novel
approach involving neoantigen vaccines. These vaccines were engineered based on unique and
individualized tumor DNA mutations, thereby modulating immune response mechanisms to effectively
and precisely target the malignant cells responsible for the disease. Potential neoantigens from lung
cancer tumors were predicted and the binding affinity between these mutations and MHC class |
molecules (specifically the H-2 Kb allele in LLC cells and C57BL/6 mice) was predicted using
NetMHCpan, NetMHC, NetMHCcons, Pick Pocket, MHCflurry, SMM, SMMPBMC and MHCnug
getsl [59]. The comprehensive analysis of some of these case studies serves to effectively illustrate the
successful implementation of in silico techniques to successfully identify neoantigens that can be
employed in personalized therapeutic regimens to treat a diverse array of cancer types, Figure 1.
Neoantigen prediction and bioinformatics tools have shown promising results in developing
personalized cancer therapies through successful case studies.
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5. The Impact of Artificial Intelligence and Machine Learning on
Immuno-Oncology

The introduction of innovative technological developments, notably those related to artificial
intelligence (Al), machine learning (ML), and quantum computing, creates a powerful opportunity for
the progressive refinement of immuno-oncology, a sector dedicated to using the immune system in the
fight against cancer. The methodologies driven by Al can analyze extensive datasets with a level of
efficiency that far surpasses traditional analytical techniques, thereby unveiling new and transformative
insights into the complex biology of tumors and the multifaceted immune responses they elicit. In the
following section, the role of different types of technologies in neoantigen prediction and vaccine
development is discussed:

5.1 Application of Artificial Intelligence (Al) in Neoantigen Prediction

Recent advancements in technology have significantly improved the prediction of neoantigens by
enabling the analysis of large genomic and proteomic datasets. Specifically, deep learning algorithms
have shown promise in predicting which mutated peptides are likely to bind to a patient's MHC
molecules, which is essential for assessing the immunogenic potential of neoantigens.. Machine
learning techniques, as a branch of artificial intelligence, excel at estimating the binding affinities
between peptides and Major Histocompatibility Complex molecules, which is essential for determining
the potential for an immune response from a neoantigen. Traditional methodologies may lack the
feasibility to accurately predict immunogenic peptides as effectively as Al and ML; for instance, Al-
enhanced instruments like NetMHCpan leverage deep learning methodologies to refine peptide-MHC
binding predictions by integrating data from a broad spectrum of HLA alleles, including those with
minimal experimental binding evidence.

This skill is essential for crafting personalized cancer vaccines since it facilitates the choice of the most
viable neoantigens to hone in on the individual tumor makeup of the patient. Additionally, Al
frameworks are capable of modeling and optimizing the immune reaction, potentially discovering the
ideal set of neoantigens to be included in a vaccine, thereby improving its overall efficacy [60, 61]. Al
significantly enhances the development of personalized cancer vaccines by improving neoantigen
prediction and optimizing immune responses.

5.2 Application of Quantum Computing in Neoantigen Prediction

Quantum computing adds to the advancement in computational capabilities, by potential to transform
neoantigen prediction and vaccine formulation. In contrast to classical computing systems, which utilize
bits for information processing, quantum computing uses quantum bits, or qubits, enabling multi-fold
execution of intricate calculations [62]. This capability is especially valuable in analyzing the vast
multi-dimensional datasets required for accurate neoantigen prediction.. Quantum algorithms improve
the efficacy of bioinformatics workflows by accelerating the detection of candidate neoantigens and
enhancing the precision of predicting MHC-binding. This advancement not only expedites the
formulation of personalized cancer vaccines but also permits more advanced modeling of the immune
response. Additionally, combining quantum computing with artificial intelligence enables the creation
of superior predictive models, which can provide detailed dynamics between neoplastic cells and the
immune system. This integration ultimately forges a path for more potent immunotherapies [63].
Quantum computing significantly enhances neoantigen prediction and vaccine formulation in
immunotherapy, paving the way for more effective treatments.
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5.3 Application of Deep Learning in Neoantigen Prediction

Deep learning (DL), a subset of Al, has become a transformative tool in neoantigen prediction and
cancer vaccine development. DL models, such as convolutional neural networks (CNNs) and recurrent
neural networks (RNNs), are designed to automatically learn patterns from large datasets. These models
can also learn representations from data. These models are implemented in image recognition, natural
language processing, and bioinformatics [64]. Since deep learning models have the capability to analyze
complex biological patterns, therefore, in healthcare, it is applied to make algorithms for disease
diagnosis and personalized treatment [65]. Furthermore, deep learning is revolutionizing
immunotherapy by enhancing neoantigen prediction and facilitating the development of cancer
vaccines through advanced pattern recognition in biological data.

5.4 Application of Natural Language Processing (NLP) in Neoantigen Prediction

Natural Language Processing (NLP) plays a crucial role in managing and analyzing the extensive
unstructured biomedical text data present in immuno-oncology research. It is particularly effective in
extracting and processing information pertinent to neoantigen prediction from various sources,
including scientific literature, clinical trial reports, and genomic databases.These core processes
include: Information Retrieval (IR), which identify and retrieve relevant documents from large datasets
or databases in response to specific queries; Semantics and Information Extraction, which accurately
interprets the text. NLP systems are designed to perform semantic analysis, which involves recognizing
the relationships between words, their definitions, and their syntactic roles within a sentence. This
semantic understanding is crucial for tasks such as information extraction, where the goal is to identify
specific entities (e.g., genes, proteins, mutations) and their interactions within a text; Information
Extraction, which involves identifying and categorizing specific pieces of information from
unstructured text. In the context of immuno-oncology, IE is used to automatically extract data about
potential neoantigens, patient-specific mutations, and immune response markers from clinical reports
and research articles. This process is essential for building comprehensive databases of neoantigens,
which can be integrated into bioinformatics pipelines for personalized vaccine development [66].

NLP techniques are used to extract relevant information from scientific literature, clinical trial reports,
and patient records, which can then be integrated into bioinformatics pipelines for neoantigen prediction
[67]. For instance, NLP can be used to mine databases of scientific publications to search studies that
report on neoantigen discovery and validation, thus accelerating the research process by quickly
bringing relevant findings to the researchers [68]. Additionally, NLP algorithms can assist in the
annotation of genetic sequences by identifying and categorizing mutations that may produce
neoantigens. This automated processing of text data not only speeds up the research process but also
ensures that no critical information is overlooked, thereby enhancing the accuracy of neoantigen
predictions and the subsequent development of personalized cancer vaccines. Also, NLP significantly
enhances immunotherapy research by efficiently processing unstructured text data to extract vital
information for neoantigen development and personalized vaccine creation.
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6. Applications of Neoantigen Prediction in Personalized Cancer
Immunotherapy

In silico neoantigen prediction plays a crucial role in the development of personalized cancer vaccines,
such as NeoVax for melanoma. By employing advanced bioinformatics tools, researchers can analyze
whole-exome sequencing data to identify somatic mutations unique to an individual’s tumor. These
mutations generate neoantigens—tumor-specific peptides that the immune system recognizes as
foreign. Utilizing algorithms like NetMHCpan, scientists predict which neoantigens are most likely to
bind to the patient's MHC molecules, thereby facilitating a targeted immune response. The synthesized
neoantigens are then formulated into a personalized peptide-based vaccine, which has shown promising
results in clinical trials, demonstrating safety and the ability to elicit strong T-cell responses. The
success of NeoVax underscores the transformative potential of in silico neoantigen prediction in
tailoring vaccines that effectively target the distinct mutational profiles of individual tumors,
particularly in cases with high mutational burdens [69, 70]. Another personalized vaccine based on in
silico neoantigen is exemplified by platforms like iNeST (Individualized Neoantigen-Specific
Immunotherapy) developed by BioNTech and Genentech [71]. This innovative approach utilizes
whole-exome sequencing and RNA sequencing to identify somatic mutations in a patient's tumor,
followed by bioinformatics tools that predict immunogenic neoantigens based on their binding potential
to the patient's MHC molecules. Unlike traditional peptide-based vaccines, iNeST employs an mRNA
delivery system that encodes these predicted neoantigens, allowing for the direct translation into
neoantigenic proteins that elicit a robust immune response. Clinical trials, such as the Phase | study on
advanced melanoma patients, have demonstrated the efficacy of this method, showing significant T-
cell responses and tumor shrinkage. The advantages of mRNA technology, including the ability to
encode multiple neoantigens and rapid production, underscore the transformative potential of in silico
neoantigen prediction in advancing personalized cancer immunotherapy [72]. Another example is,
TG4050, created by Transgene. This innovative vaccine leverages whole-exome sequencing and RNA
sequencing to identify somatic mutations in tumors, followed by a bioinformatics pipeline that predicts
the most immunogenic neoantigens. By utilizing these predicted neoantigens, TG4050 employs a viral
vector-based approach to enhance the immune response, effectively presenting these neoantigens to the
immune system. Early clinical trials have demonstrated TG4050's ability to elicit strong T-cell
responses, indicating its potential effectiveness in treating various solid tumors, particularly those with
lower mutational burdens. This highlights the significance of in silico prediction in tailoring vaccines
to individual patients, ultimately advancing personalized cancer immunotherapy [73]. Additionally, In
silico neoantigen prediction plays a crucial role in the development of neoantigen-based therapies,
particularly in the engineering of chimeric antigen receptor (CAR)-T cells. By utilizing WES and
advanced computational algorithms, researchers can identify patient-specific neoantigens that are
unique to individual tumors. This personalized approach allows for the precise engineering of CARs
that specifically target these neoantigens, leading to the expansion of T cells ex vivo before re-infusion
into the patient. The effectiveness of this strategy has been demonstrated in clinical studies, such as the
work by Tran et al. (2016), which showcased significant tumor reduction in patients with epithelial
cancer.

Ultimately, in silico neoantigen prediction enhances the specificity and efficacy of CAR-T therapies,
minimizing off-target effects and providing a promising avenue for treating solid tumors with tailored
immunotherapeutic options [74]. Therefore, neoantigen predictions have transformed immuno-
oncology with personalized cancer vaccines and therapies like NeoVax and iNeST.
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These bioinformatics-driven therapies have enabled precision medicine, where tumors are treated
according to their genetics. As bioinformatics tools improve and new technologies like Al and quantum
computing are integrated into research, neoantigen prediction will improve, leading to more effective
and personalized cancer treatments.

7. Challenges and Future Perspectives

Bioinformatics in immuno-oncology encounters various technical obstacles due to the intricate nature
and volume of the data involved. A primary challenge is the precise identification and prediction of
neoantigens. Regardless of the advancements in sequencing technology and computational techniques,
the precision of predictions remains limited, particularly regarding MHC class Il-restricted epitopes,
which demonstrate increased variability and longer peptide lengths. Additionally, there are technical
constraints concerning the sensitivity and specificity of algorithms utilized for HLA typing, mutation
detection, and neoantigen prediction. These tools frequently yield inconsistent results depending on the
quality of input data and the specific algorithms applied, resulting in discrepancies across different
studies. Another hurdle faced is the tremendous data output resulting from next-generation sequencing
(NGS) techniques. The processing and examination of these extensive datasets necessitate considerable
computational power, including high-performance computing (HPC) systems. Therefore, there is a
pressing need for more accessible tools that researchers can utilize without requiring specialized
bioinformatics expertise, as current tools often demand substantial knowledge in computational
biology. The future of bioinformatics in immuno-oncology is dependent on the ongoing improvement
of computational approaches. ML and DL algorithms can be implemented with further advancement to
boost the precision of neoantigen prediction and HLA typing, since these algorithms are capable of
learning from extensive datasets, allowing them to analyze intricate patterns that cannot be identified
by the conventional methods. When spatial transcriptomics is combined with single-cell RNA
sequencing (scRNA-seq), it enhances the ability to point to the location of neoantigens in the tumor
microenvironment. Such an analysis offers valuable insights into the spatial dynamics governing
immune responses. Further, the construction of hybrid models can involve the synthesis of data-
informed techniques alongside mechanistic models related to immune responses. These hybrid
frameworks will synthesize multi-omics data to simulate the interactions occurring between tumors and
the immune system. This methodology will enable researchers to predict the outcomes associated with
various immunotherapeutic strategies. Personalized immunotherapy denotes the significant
advancement in cancer treatment, wherein therapies are customized to the unique genetic and
immunological characteristics of each individual. The comprehension of tumor immunology and
growth and advancement in bioinformatics tools for neoantigen prediction is aligned with the design of
personalized vaccines and adoptive cell therapies. Moreover, the amalgamation of multi-omics data and
real-time monitoring technologies will significantly improve the identification of biomarkers and
therapeutic adjustments, thereby optimizing treatment efficacy.

8. Conclusion

In conclusion, bioinformatics approaches have gained paramount importance in the field of immuno-
oncology, driving significant advancements in personalized cancer treatment. Al, ML, and quantum
computing have enabled the development of more effective immunotherapies, such as personalized
vaccines and adoptive T-cell therapies.
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These technologies have not only improved the development of bioinformatics pipelines to accurately
predict the neoantigen prediction but also facilitated the analysis of complex biological data, leading to
a deeper understanding of the tumor microenvironment. Neoantigen prediction plays a crucial role in
personalized immunotherapy, as demonstrated by therapies like NeoVax and neoantigen-targeted CAR-
T cells. These advancements showcase the effectiveness of tailored treatments that target individual
tumor mutations, leading to better clinical outcomes and extended survival for patients. However, the
field still faces challenges, including the need for more sensitive and specific algorithms and the
computational power required to process plethora of heterogenous datasets. Future research will likely
focus on overcoming these challenges by refining computational approaches, integrating multi-omics
data, and developing more accessible tools for researchers. The ongoing evolution of bioinformatics in
immuno-oncology holds great potential for enhancing the efficacy of cancer treatments, ultimately
leading to better patient outcomes.
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