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ABSTRACT 

Cancer immunotherapy has transformed the way we approach cancer treatment. By harnessing the body’s immune 

system to target cancer cells, it has created new opportunities for both patients and doctors. However, the reality is 

still challenging—results from these treatments vary widely between patients, and cancer can often adapt to resist 

therapy. Background: Creating new immunotherapies is no easy task. The journey is complex and filled with 

obstacles. But now, generative AI is beginning to make a difference. Thanks to its rapid development, it provides a 

way to accelerate the search for new therapies. Objective: This project set out to explore just how much generative 

AI can contribute to cancer immunotherapy. The primary objectives: identify new therapeutic targets, predict 

patient responses to treatment, and refine immunotherapy strategies. Methodology: To achieve this, I thoroughly 

examined research on both generative AI and cancer immunotherapy. I analyzed various generative AI models—

like Generative Adversarial Networks (GANs), Variational Autoencoders (VAEs), and others—to understand how 

they might apply to this area. The project also involved the development of a novel generative AI model for 

predicting treatment outcomes in cancer patients. Results: The project demonstrated the potential of generative AI 

in identifying novel therapeutic targets and predicting treatment outcomes in cancer immunotherapy. The 

developed AI model showed promising results in predicting patient responses to immunotherapy. Conclusion: 

Ultimately, this project shows that generative AI holds real promise for accelerating progress in cancer 

immunotherapy, improving treatments, and reaching more patients. There is still much to learn before these 

approaches become routine in clinical settings, but now is the moment for increased research and a concerted effort 

to integrate these tools into everyday cancer treatment. 
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INTRODUCTION 

Cancer is a complex disease caused by genetic mutations and interactions within the tumor microenvironment. 

Traditional treatments have struggled to fully manage the disease, but immunotherapy has opened new avenues by 

harnessing the immune system to target cancer cells. Despite advancements, challenges such as patient variability and 

immune evasion remain.
[1,2]

 

 

Malignant cell transformation is driven by mutations in oncogenes and tumor suppressor genes. These mutations 

contribute to the development of neoantigens, shaping the immune response to tumors and creating both challenges and 

opportunities for new therapies.
[3,4]

 

 

Generative AI represents a promising frontier in cancer immunotherapy. These models, including GANs, VAEs, and 

large language models, are being utilized for drug discovery, patient selection, and innovative therapeutic strategies. 

This review explores how generative AI can address existing challenges, offer new opportunities, and potentially 

transform cancer into a manageable disease by advancing treatment approaches.
[5,6]

 

 

BACKGROUND: CANCER IMMUNOTHERAPY—TYPES AND CHALLENGES 

Cancer immunotherapy includes various methods to activate or restore the immune system's ability to recognize and 

eliminate cancer cells. This approach is different from typical chemotherapy, which directly targets fast-growing tumor 

cells. Immunotherapy, on the other hand, influences the interactions between cancerous tissue and the body's immune 

defenses, improving the immune system's ability to eliminate tumors.
[1,2]

 

 

1.1 Major Types of Cancer Immunotherapy 

1.1.1 Immune Checkpoint Inhibitors 

These agents inhibit regulatory pathways—such as CTLA-4 or PD-1/PD-L1—that ordinarily restrain T-lymphocyte 

activity. By blocking these inhibitory signals, drugs such as ipilimumab and pembrolizumab potentiate antitumor 

immune responses.
[3,4]

 

 

1.1.2 Therapeutic Cancer Vaccines 

These vaccines are designed to elicit or augment immune responses against tumor-associated antigens. They may be 

formulated from peptides, proteins, nucleic acids, or whole cells to stimulate targeted immune activation.
[5] 

 

1.1.3 Adoptive Cell Transfer (ACT) 

This technique involves the ex vivo expansion and/or genetic modification of autologous or allogeneic immune cells, 

which are subsequently infused into the patient. Notable approaches include tumor-infiltrating lymphocytes (TILs) and 

chimeric antigen receptor (CAR) T-cell therapies.
[6,7] 

 

1.1.4 Cytokine Therapies 

Agents such as interleukin-2 (IL-2) and interferons enhance immune-cell proliferation and activation, strengthening the 

immunogenic environment.
[8]

 

 

1.1.5 Oncolytic Viruses and Bispecific T-Cell Engagers 

These therapies include viruses engineered to selectively infect and lyse tumor cells, as well as molecules that link T 

cells directly to tumor antigens to facilitate targeted cytotoxicity.
[9,10]
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1.2 Challenges in Cancer Immunotherapy 

1.2.1 Tumor Classification and Patient Stratification 

Traditional methods of classifying tumors often do not reliably predict which patients will benefit from 

immunotherapy. Tumor differ greatly in their genetic changes, immune makeup, and surrounding environment. These 

biological variations make it especially difficult to choose the right patients for specific immunotherapies.
[11] 

 

1.2.2 Optimal Scheduling and Dose 

The effectiveness and toxicity of immunotherapies—whether used alone or in combination—depend heavily on the 

timing, order, and dose in which they are administered. Exhaustively testing all possible treatment schedules in clinical 

trials is impractical.
[12]

 

 

1.2.3 Combination Therapy Design 

Combining immunotherapies with chemotherapy, radiotherapy, or targeted therapies requires strategic design to 

maximize synergy while minimizing adverse effects.
[13]

 

 

Beyond these challenges, tumor–immune interactions are deeply complex. The tumor microenvironment often 

suppresses immune activity, and treatment-related toxicities can further complicate therapy delivery.
[2,11]

 

 

1.3 Mechanisms of Cancer Cell Activation and Immune Evasion 

1.3.1 DNA Mutations 

Mutations arise from natural DNA replication errors as well as environmental factors such as chemicals, ultraviolet 

(UV) light, and radiation, all of which can damage DNA and alter its sequence.
[14,15] 

 

1.3.2 Multi-Step Tumorigenesis 

A single mutation rarely causes cancer. Most cancers develop after multiple mutations accumulate over many years, 

which is why malignancies linked to environmental exposures—like smoking- related lung cancer—typically appear 

after decades [16]. Cancer begins when one cell escapes normal growth controls and continues dividing despite DNA 

damage. As these abnormal cells multiply, they form a mass known as a tumor.
[1] 

 

1.3.3 Metastasis and Angiogenesis 

Cancer cells can spread through metastasis, detaching from the primary tumor, traveling via blood or lymphatic vessels, 

and forming secondary tumors elsewhere. This process disrupts normal organ function and accounts for a large 

proportion of cancer-related deaths. Tumors stimulate new blood- vessel formation through angiogenesis. Drugs known 

as angiogenesis inhibitors can help block tumor vascular growth.
[17,18]

 

 

1.3.4 Neoantigen Formation 

The Catalogue of Somatic Mutations in Cancer (COSMIC) compiles point mutations, insertions, deletions, and 

structural variants across many human cancers. Many of these alterations generate neoantigens—new peptides 

displayed on MHC molecules that may activate T-cell–mediated immune responses.
[19,20]

 

 

1.3.5 Immune-Evasion Strategies 

As tumors evolve, they develop immune-evasion strategies, including impaired antigen presentation, secretion of 

immunosuppressive cytokines, and recruitment of regulatory immune cells. 
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Understanding these mechanisms is essential for designing next-generation immunotherapies and for applying 

generative AI to discover biomarkers and develop more effective strategies.
[21,22]

 

 

2. METHOD 

This review synthesizes findings from computational oncology research, immunotherapy modeling studies, and 

generative AI applications published in peer-reviewed articles, arXiv preprints, and immunology journals. 

 

Inclusion Criteria: 

 Studies utilizing GANs, VAEs, diffusion models, or LLMs in cancer immunotherapy. 

 Studies applying mathematical or computational simulation models. 

 Neoantigen, biomarker, or antibody design research involving AI-based generation. 

 
2.1. Why combine generative AI with Immunotherapy? 

Cancer remains a difficult disease to study because modern technologies—such as next-generation sequencing, high-

throughput imaging, and multi-omics platforms—generate massive, complex datasets that exceed the capacity of 

traditional analytic tools.
[23,24]

 Patient variability adds further challenges, as each tumor has distinct genetic mutations, 

immune signatures, and microenvironmental features, making personalized treatment essential.
[25]

 

 

Conventional laboratory testing cannot keep pace, as exhaustively evaluating every therapeutic option is time-

consuming, costly, and sometimes ethically impractical. Generative AI addresses these limitations by exploring 

untested biological space, generating new hypotheses, and performing in silico experiments to model therapeutic 

responses.
[26]

 As a result, generative AI accelerates biomarker discovery, neoantigen identification, and treatment 

optimization—ultimately enhancing the precision and effectiveness of cancer immunotherapy.
[20,22,27]

 

 

2.2. Generative AI techniques relevant to Immunotherapy 

2.2.1. Generative Adversarial Networks (GANs) 

GANs generate realistic synthetic data by training a generator and discriminator in a competitive framework.
[28]

 In 

cancer immunotherapy, GANs are used for: 

 Image Synthesis and Augmentation: GANs create high-resolution histopathology or radiology images to support 

diagnostic model training and the study of tumor–immune interactions.
[29]

 

 Genomic Sequence Generation: By learning patterns in known neoantigen peptide sequences, GANs propose new 

immunogenic candidates for vaccine development.
[30]

 

 

2.2.2. Immune-Response Simulation 

GANs model temporal changes in tumor and immune cells, helping refine therapeutic strategies.
[20]

 

 

2.2.3. Variational Autoencoders (VAEs) 

  VAEs learn probabilistic latent spaces and generate new samples from them.
[31]

 In immunotherapy, VAEs contribute to: 

 Antigen and Antibody Design: VAEs generate novel protein sequences with desired binding properties, aiding T-

cell receptor and antibody engineering.
[32]

 

 Patient Stratification: By compressing high-dimensional patient data, VAEs reveal subgroups most likely to 

respond to specific immunotherapies.
[33]
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 Modeling Tumor Heterogeneity: VAEs create synthetic tumor microenvironment profiles to support robust 

therapy design.
[34]

 

 

2.2.4. Diffusion Models 

Diffusion models generate high-fidelity data by iteratively denoising random noise.
[35]

 In cancer immunotherapy, they 

help: 

 Improve Molecular Design: Diffusion frameworks design new peptides, proteins, and small molecules for 

immunotherapeutic applications.
[36]

 

 Enhance Imaging Analysis: They synthesize realistic tumor and immune-cell variations to support algorithm 

development and hypothesis testing.
[36]

 

 

2.2.5. Large Language Models (LLMs) 

LLMs, such as GPT, are trained on large corpora and generate coherent, context-aware text. In immunotherapy, they are 

used for: 

 Protocol and Hypothesis Generation: Producing trial concepts, suggesting combination strategies, and 

summarizing emerging literature.
[37]

 

 Synthetic Sequence Generation: When fine-tuned on biological data, LLMs can produce protein, DNA, or RNA 

sequences for vaccine and antibody engineering.
[38]

 

 Knowledge Integration: LLMs unify multimodal data sources and support cross-disciplinary insight extraction.
[38]

 

 

2.2.6. Hybrid and Multimodal Generative Models 

Hybrid models integrate genomics, imaging, and clinical data to capture cancer–immune complexity.
[39]

 They enable 

cross-modal synthesis—producing synthetic patient profiles that blend genetic, phenotypic, and imaging information—

and allow simulation of personalized therapeutic interventions across diverse patient contexts.
[39]

 

 

Together, these generative AI tools provide a powerful toolkit for addressing the layered challenges of cancer 

immunotherapy. 

 

3. OUTCOMES 

3.1. Applications of Generative AI in Cancer Immunotherapy 

3.1.1 Biomarker Discovery and Prediction of Immunotherapy Response 

Identifying biomarkers that predict immunotherapy response remains a major challenge. Generative AI helps by: 

 

3.1.1.1 Simulating Tumor–Immune Dynamics: Integrating mathematical tumor–immune models with generative 

frameworks to study how biomarkers—such as PD-L1 levels or T-cell infiltration— shape treatment outcomes. 

 

3.1.1.2 Augmenting Training Data: GANs and VAEs create synthetic patient profiles to address data scarcity in rare 

or underrepresented groups, improving algorithm robustness. 

 

3.1.1.3 Extracting Latent Features: VAEs and diffusion models uncover hidden multi-omics patterns linked to 

therapeutic response, enabling precise patient stratification. 
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Mathematical modelling has identified thresholds in tumor size, immune infiltration, and cytokine dynamics that predict 

response patterns further generalized using generative AI. 

 

3.1.2 Neoantigen Identification and Vaccine Design 

Neoantigens tumor-specific peptides derived from somatic mutations are prime vaccine targets. Generative AI 

accelerates their discovery by: 

 

3.1.2.1 In Silico Neoantigen Generation: GANs and VAEs learn from existing datasets and generate new candidate 

peptides with high predicted MHC affinity. 

 

3.1.2.2 Optimizing Immunogenicity: Generative models simulate how amino-acid substitutions alter MHC binding 

and T-cell activation, prioritizing potent vaccine candidates. 

 

3.1.2.3 Accelerating Vaccine Design: LLMs trained on protein sequences generate novel peptide variants, reducing 

experimental screening time. 

 

By exploring vast mutational spaces computationally, generative AI enables personalized vaccine design tailored to an 

individual’s tumor profile. 

 

3.1.3 Generative AI Pipeline for Personalized Cancer Vaccines 

3.1.3.1 Mutation Cataloguing: Researchers start by using resources like COSMIC³⁶ to identify somatic mutations 

unique to an individual's tumor. This map of mutations forms the basis for personalized cancer therapy. 

 

3.1.3.2 Neoantigen Prediction: GANs, VAEs, and multimodal generative models propose candidate peptides with 

strong immunogenic potential. They are employed to train on large datasets of immunogenic peptides. 

 

3.1.3.3 Binding-Affinity Simulation: Computational tools model peptide–MHC binding and refine predictions using 

generative optimization. 

 

3.1.3.4 Immunogenicity Assessment: Machine learning models predict if a candidate peptide will spark a strong T 

cell response. They look at sequence motifs and how much the peptide resembles self-proteins, which helps minimizing 

autoimmunity. 

 

3.1.3.5 Vaccine Formulation: Synthetic neoantigens are combined with adjuvants guided by in silico simulations, 

enabling iterative refinement and patient-specific personalization. 

 

Generative AI makes personalized cancer vaccine design faster and more effective, thus accelerating the full vaccine-

design cycle and increasing the likelihood of successful clinical translation. 

 

3.1.4 Antibody and T-Cell Receptor (TCR) Design
[41]

 

3.1.4.1 De Novo Sequence Generation: VAEs and diffusion models generate novel antibody and TCR sequences 

with tailored binding profiles. 
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3.1.4.2 Affinity Maturation Simulation: GANs simulate somatic hypermutation and selection to propose variants 

with improved specificity and reduced off-target activity. 

 

3.1.4.3 Structural Prediction: By integrating sequence and structural data, generative models propose 3D 

conformations that guide therapeutic candidate selection. 

 

These approaches have supported the design of bispecific T-cell engagers with enhanced precision and reduced toxicity. 

 

3.1.5 Synthetic Data Generation: Genomic, Imaging, and Multi-Omics Data Augmentation 

3.1.5.1 Synthetic Genomic Data: GANs and VAEs generate realistic genomic profiles to train and validate predictive 

models, especially for rare cancers. 

 

3.1.5.2 Imaging Augmentation: GANs create synthetic histopathology and radiology images to enhance tumor 

classification and immune-cell detection. 

 

3.1.5.3 Multi-Omics Integration: Multimodal generative models unify genomics, transcriptomics, proteomics, and 

clinical data into coherent synthetic datasets. 

 

These synthetic datasets improve generalization, enable biomarker discovery, and even support in silico clinical trial 

simulations. 

 

3.1.6 Personalized Treatment Strategies: Adaptive Therapy, Dosing, Scheduling 

3.1.6.1 Simulating Regimens: Mathematical tumor–immune models combined with generative AI simulate dosing 

strategies and predict tumor and immune-cell dynamics under different schedules.
[47]

 

 

3.1.6.2 Adaptive Therapy Optimization: Combining generative models with optimization algorithms (e.g., particle 

swarm optimization, evolutionary strategies) identifies effective and low-toxicity treatment strategies. 

 

3.1.6.3 Personalized Scheduling: Patient-specific data allow AI systems to propose individualized treatment plans 

that maximize response while minimizing adverse effects. 

 

Adaptive therapy research shows AI-guided dosing can outperform fixed regimens, offering improved tumor control 

with lower drug burden. 

 

3.1.7 Platform and Tool Examples: Case Studies 

3.1.7.1 SimTriplex Agent-Based Simulator: Models spatial–temporal tumor-immune interactions and vaccine 

responses. 

 

3.1.7.2 Hybrid Discrete–Continuous Agent-Based Models: Used to study immune-cell organization, macrophage 

polarization, and tumor survival dynamics. 

 

3.1.7.3 Optimal Control Algorithms: Approaches integrating PSO, evolutionary strategies, and mathematical 

models (e.g., Kirschner–Panetta model) identify optimal immunotherapy schedules. 

 

These case studies highlight the flexibility and power of generative AI in accelerating cancer immunotherapy research. 
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3.2. ADVANTAGES OF USING GENERATIVE AI 

Generative AI offers several distinct advantages in the context of cancer immunotherapy: 

 
3.2.1 Speed and Efficiency in Discovery and Design 

3.2.1.1 Accelerated Candidate Generation: These models can generate new antigens, antibodies, or dosing 

strategies far faster than traditional laboratory workflows, reducing the need for labor-intensive experimentation. 

 

3.2.1.2 In Silico Simulation: Virtual testing allows researchers to explore protocols, predict outcomes, and optimize 

parameters at scale, accelerating the entire R&D pipeline. 

 

3.2.2 Potential to Reduce Cost and Time of Early-Phase Development 

3.2.2.1 Data Augmentation: Synthetic data can enhance training datasets and reduce dependence on extensive 

preclinical or clinical trials. 

 

3.2.2.2 Prioritization of Candidates: Generative models help rank and select high-value therapeutic candidates, 

enabling focused investment on the most promising interventions. 

 

3.2.3 Improved Personalization and Precision 

3.2.3.1 Patient-Specific Modeling: Integration of genomic, immunologic, and clinical data supports the design of 

personalized therapies with higher likelihood of success. 

 

3.2.3.2 Adaptive Strategies: Generative AI enables dynamic therapy adjustments in response to real- time clinical and 

biological signals. 

 

3.2.4 Ability to Handle Multimodal Data and Uncover Complex Patterns 

3.2.4.1 Integration Across Data Types: Hybrid models combine imaging, genomics, proteomics, and clinical 

records, revealing molecular and immunologic patterns that conventional methods may overlook. 

 

3.2.4.2 Discovery of Latent Features: By identifying subtle tumor–immune features, these models facilitate 

biomarker discovery and intelligent therapy design. 

 

3.2.5 Addressing Scarcity: Data Augmentation and Rare Tumor Types 

Generative AI can produce synthetic data for rare cancers or underrepresented patient groups, improving inclusivity in 

model development and therapeutic research. 

 

Together, these strengths position generative AI as a transformational technology for cancer immunotherapy—enabling 

rapid discovery, deeper personalization, and broader clinical impact. 

 

4. DISCUSSION 

4.1 CHALLENGES AND RISKS 

Generative AI shows great promise for cancer immunotherapy, but several major challenges must be addressed before it 

can achieve reliable clinical impact. 
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4.1.1 Data Quality, Bias, and Representativeness 

4.1.1.1 Garbage In, Garbage Out: Generative AI depends entirely on data quality. Incomplete, biased, or erroneous 

datasets produce unreliable or biased outputs, which can compromise patient safety and widen health disparities.3 

 

4.1.1.2 Limited Generalizability: Models trained on non-diverse datasets may overlook population- specific 

variations, reinforcing inequities in cancer outcomes. 

 

4.1.2 Model Interpretability and Explainability 

4.1.2.1 Black-Box Outputs: Many generative models do not provide insight into how predictions are made, leaving 

clinicians unable to evaluate the reasoning behind recommendations. 

 

4.1.2.2 Clinical Trust: This lack of transparency limits clinician acceptance and complicates regulatory review, 

slowing integration into healthcare. 

 

4.1.3 Generalization, Overfitting, and Domain Shift 

4.1.3.1 Overfitting Risk: Models may memorize training data instead of learning general principles, leading to 

failures when applied to new patients or clinical scenarios. 

 

4.1.3.2 Domain Shift: Performance often drops when models move from controlled research settings to real-world 

clinical environments, where data quality and context differ. 

These issues highlight the difficulty of turning AI research into robust, clinically reliable tools. 

 

4.1.4 Safety, Off-Target Effects, and Toxicity 

4.1.4.1 Unanticipated Consequences: AI-generated therapeutic candidates may still cause unexpected immune 

toxicity or off-target reactions, requiring extensive preclinical validation. 

 

4.1.4.2 Simulation Limits: Computational predictions cannot fully capture biological complexity, creating gaps 

between modeled and real-world effects. 

 

4.1.5 Ethical, Legal, and Privacy Considerations 

4.1.5.1 Data Privacy: Using genomic and clinical data in AI models raises concerns about confidentiality and patient 

consent. 

 

4.1.5.2 Ethical Questions: Algorithmic design may inadvertently influence treatment access, resource allocation, and 

fairness in clinical decisions. 

 

4.1.6 Regulatory and Translational Hurdles 

4.1.6.1 Approval Pathways: Regulatory frameworks for AI-generated therapies and in silico–assisted drug design are 

still emerging, creating uncertainty for development. 

 

4.1.6.2 Validation Requirements: Demonstrating safety, efficacy, and reproducibility in clinical settings remains a 

major barrier to translation. 
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4.1.7 Computational Resource Demands 

4.1.7.1 Resource Intensive: Generative AI requires high computational resources for training and deployment, posing 

challenges for low-resource hospitals and research center. 

 

4.2   CONCLUSION  

Generative AI is changing cancer immunotherapy by quickly improving biomarker discovery, vaccine development, 

antibody/TCR engineering, and personalized treatment design through tools like GANs, VAEs, diffusion models, and 

LLMs. 

 

These models combine computational and biological data to optimize treatment plans, predict patient responses, and 

simulate complex tumor–immune dynamics more effectively than traditional methods. 

 

However, challenges still exist. These include biased or incomplete datasets, unclear model behavior, regulatory 

uncertainty, and the difficulties of applying AI systems from controlled environments to real clinical settings. Ensuring 

safety and fairness will need careful validation, clear modeling, responsible data practices, and flexible regulatory 

frameworks. Ethical concerns and evolving regulations further complicate deployment, highlighting the need for 

thorough validation and transparent model design. 

 

If we tackle these challenges with care and scientific rigor, generative AI can transform cancer immunotherapy. It can 

help make treatment more personalized, adaptable, and ultimately more effective for patients around the world. 

 

S. NO. APPLICATION AREA GENERATIVE AI CONTRIBUTION EXAMPLE OUTCOME 

1.  Neoantigen  prediction  Generate immunogenic peptides  Personalized cancer vaccines 

2.  Antibody design Create optimized binding domains Next gen monoclonal antibodies 

3.  CAR-T Engineering  Design synthetic receptors  Enhanced tumor targeting 

4.  Drug discovery  Generate checkpoint inhibitors  Novel immune modulators  

5.  Tumor modelling  Stimulate immune tumor interaction  Virtual testing of therapies 
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