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1. Introduction

Cancer immunotherapy has emerged in recent years as a major breakthrough in oncology, significantly improving the prognosis of
patients with various types of cancer and achieving remarkable progress, particularly in the treatment of malignant tumors. However,
substantial challenges such as therapeutic heterogeneity and drug resistance persist in clinical practice. The complexity and dynamic
evolution of the tumor microenvironment not only influence the response to immune checkpoint inhibitors but also contribute to the
development of primary or acquired resistance!.

To address these challenges, artificial intelligence (AI) technologies, especially large language models (LLMs) based on deep
learning, have become powerful tools for managing the complexity of cancer immunotherapy because of their strong capabilities
in data processing and pattern recognition. Al can integrate and analyze multi source heterogeneous information, including high
throughput sequencing, medical imaging, and clinical data, thereby providing critical support for precision oncology. As a cutting-
edge branch of Al, LLMs possess the ability to deeply understand and generate natural language, enabling applications in medical
text mining, clinical decision support, and multimodal data integration and analysis?.

In summary, although cancer immunotherapy has provided substantial clinical benefits, tumor heterogeneity and therapeutic
resistance continue to limit its overall effectiveness. Al technologies grounded in deep learning, particularly LLMs, are becoming im-
portant tools for overcoming these challenges due to their strong data processing capacity and advantages in cross modal information
integration. This letter aims to summarize the latest applications of Al and LLMs in cancer immunotherapy and to offer theoretical
and technical support for the advancement of precision cancer immunotherapy.

2. Applications of artificial intelligence in identifying targets for cancer immunotherapy

Integrating genomics, transcriptomics, proteomics, and other multi omics datasets using Al algorithms has become an important
strategy for identifying targets in cancer immunotherapy®. Multi-omics data provide multi level information ranging from gene
mutations and expression regulation to protein function. Through machine learning and deep learning techniques, Al can efficiently
process and analyze these high dimensional and complex datasets to identify potential immunotherapy targets. For example, Al
models can use feature selection and classification approaches to screen key genes and signaling pathways associated with tumor
immune evasion, helping to reveal critical regulatory nodes within the tumor microenvironment*. In addition, by incorporating single
cell sequencing data, Al can further dissect the heterogeneity of immune cells in the tumor microenvironment and assist in the precise
localization of potential targets. Single cell RNA sequencing combined with AI has been shown to identify immune related molecular
mechanisms, guide the discovery of new targets, and optimize immunotherapy strategies®. By integrating multi-dimensional omics
information, Al-assisted approaches not only improve the accuracy and efficiency of target identification but also provide theoretical
and technical support for personalized cancer immunotherapy (Fig. 1).

Deep learning models also demonstrate strong potential in analyzing large scale literature and clinical datasets to uncover novel
immune checkpoints. Through natural language processing techniques, especially LLMs, Al can automatically extract and integrate
massive amounts of textual information to rapidly identify new immunoregulatory targets and improve discovery efficiency. These
Al assisted targets can be advanced toward clinical translation through strategies that combine bioinformatics prediction with ex-
perimental validation. In addition to supporting target discovery, Al can also assist in the design of new immunotherapies, thereby
promoting the development of personalized cancer immunotherapy. With continued optimization of Al models and data integration
methods, Al is expected to play an increasingly central role in the discovery and validation of novel immune checkpoints®.
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Fig. 1. Multi-omics data integration and Al-driven personalized immunotherapy development workflow.

3. The auxiliary role of large language models in cancer immunotherapy

The application of LLMs in cancer immunotherapy has greatly advanced the mining of clinical text data and the construction
of knowledge graphs. LLMs are capable of processing massive volumes of medical literature and electronic health records (EHRs),
extracting key information related to immunotherapy from both structured and unstructured data. For example, LLM-driven auto-
mated literature screening systems can efficiently identify biomarkers, drug targets, and therapeutic strategies in precision oncology,
significantly improving both the accuracy and coverage of data retrieval’. In addition, LLMs can analyze patients’ clinical notes,
medical summaries, and laboratory reports to extract information on immunotherapy related adverse events, efficacy indicators, and
patient feedback, thereby supporting the creation of comprehensive clinical knowledge bases®.

Based on such information, constructing knowledge graphs for cancer immunotherapy becomes feasible. These knowledge graphs
integrate multi-source data including literature, clinical records, genomics, and imaging, forming semantically rich networks of
entities and relationships. In clinical trial design, drug target discovery, and adverse event mechanism studies, knowledge graphs
can reveal complex biological relationships and potential causal mechanisms, supporting the development of intelligent question
answering and clinical decision support systems®.

In assisting physicians with personalized treatment planning, LLMs can deeply analyze clinical texts and, in combination with
knowledge graphs, provide treatment recommendations and early warnings. For instance, in early warning systems for immune related
adverse events, LLMs can automatically analyze patient language to detect potential neurotoxicities and other adverse reactions,
enhancing patient safety. LLMs can also mine data from social media and patient forums to help clinicians understand patients’ real
world experiences with immunotherapy, facilitating personalized risk communication and psychosocial support!®.

LLMs demonstrate unique advantages in the design and optimization of cancer immunotherapy regimens. By integrating pa-
tients’ clinical features, genomic information, and imaging data, LLMs can generate personalized immunotherapy recommendations
to achieve precision medicine. For example, in non-small cell lung cancer (NSCLC) patients, LLMs combined with knowledge graphs
and machine learning models can accurately predict immunotherapy responses and provide interpretable treatment strategies for
clinicians. LLMs can also simulate the effects of different immunotherapy regimens, assisting in optimizing treatment strategies, such
as the combination of surgery, radiotherapy, and immunotherapy, to minimize adverse effects and maximize efficacy'' (Fig. 2).

Moreover, LLMs can continuously learn and update by integrating the latest clinical trial data and treatment guidelines, enabling
dynamic optimization of therapeutic strategies. For instance, LLMs can help identify the optimal applications of different immune
checkpoint inhibitors in combination with chemotherapy, offering NSCLC patients the best perioperative treatment plans'2.

In predicting and interpreting immune related biomarkers, LLMs can effectively identify potential markers associated with im-
munotherapy response by deeply mining gene expression data, clinical phenotypes, and pathological images. By integrating multi-
omics data with machine learning, LLMs can screen for gene mutations, expression profiles, and immune cell infiltration features
closely linked to immunotherapy outcomes. LLMs also enable the interpretation of complex biological information, translating high
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Fig. 2. Application scenarios of large language models in cancer immunotherapy.

dimensional omics data into clinically understandable insights and helping clinicians comprehend the biological significance of im-
mune pathways and cellular interactions'3.

In early diagnosis and treatment monitoring, LLMs support real-time analysis of dynamic patient data, such as circulating tumor
DNA, immune cell subset changes, and metabolomic indicators, predicting immunotherapy efficacy and providing early warnings
of adverse events. By integrating imaging features and inflammation markers, LLMs can accurately predict early responses to im-
munotherapy in NSCLC patients, promoting the advancement of precision immunotherapy'*.

4. Challenges and future perspectives

High quality and diverse clinical and omics data are fundamental for training and optimizing AI models. In cancer immunotherapy,
issues such as missing data, sample bias, and heterogeneity can significantly affect model performance. For instance, the complexity
of multi-omics and clinical data in cancer immunotherapy means that incomplete or missing information can reduce the accuracy
of predicting treatment responses. Furthermore, variations between institutions and isolated data silos limit data integration and
sharing, further impacting the effectiveness of Al model training.

Patient privacy protection and data security represent another major challenge for Al applications in healthcare. Cancer patients’
genomic information, imaging data, and electronic health records are highly sensitive and must comply with ethical and legal re-
quirements. To ensure data security, techniques such as differential privacy, homomorphic encryption, and blockchain have been
employed. In addition, federated learning, a distributed learning framework that does not require centralizing data, provides an
effective solution to the conflict between cross institutional data sharing and privacy protection.

The "black box" nature of LLMs limits clinicians’ trust and acceptance. Al models often lack transparency in their decision making,
making it difficult to interpret predictions and hindering clinical adoption'®. To improve model interpretability, researchers have
developed various explainable AI (XAI) techniques, including feature importance based methods and counterfactual explanations.
These approaches enable clinicians to better understand the driving factors behind treatment responses and the rationale for model
inferences.
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Looking ahead, research on Al model interpretability needs further strengthening. Combining multidisciplinary expert knowledge
can help build intelligent support systems aligned with clinical workflows. In parallel, large scale, multicenter clinical validation
trials are required to assess model safety, efficacy, and acceptability, thereby facilitating the clinical application of Al technologies
in cancer immunotherapy.

5. Conclusion

Artificial intelligence, particularly large language models, has demonstrated remarkable potential in the field of cancer im-
munotherapy. The development of these technologies has not only facilitated the translation of basic research into clinical applications
but also provided strong technical support for precision medicine. However, fully realizing their clinical value still requires overcom-
ing challenges related to data quality, interpretability, and model reliability. In the future, efforts should focus on advancing research,
promoting the integration of technological innovation with clinical needs, and driving the development of cancer immunotherapy to
deliver more precise and effective treatment options for patients.
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