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Advances in Tumor Neoantigen Prediction Methods

WU Jingcheng, CHEN Shugqing”, ZHOU Zhan"(Zhejiang University, College of Pharmaceutical Sciences, Zhejiang Key
Laboratory of Preclinical Research on Antitumor Drugs, Hangzhou 310058, China)

ABSTRACT: Neoantigen is tumor specific antigen and a promising target for tumor immunotherapy. However, due to the
complex physiological process of neoantigen generating and stimulating T cell response, it’s still a huge challenge to discover
and identify neoantigen efficiently. With the accumulation of tumor immunogenomics data and the in-depth study of artificial
intelligence prediction methods, researchers could take advantage of artificial intelligence algorithms for neoantigen prediction
methods, laying a solid foundation for tumor immunotherapy based on neoantigens. The research reviewed the advances in tumor
neoantigen prediction methods for antigen processing and presenting, as well as antigen recognition by T cells.

KEYWORDS: tumor neoantigen; tumor immunotherapy; antigen presenting; prediction method; artificial intelligence
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Fig.2 Framework of DeepHLApan, a tumor neoantigen prediction algorithm based on deep learning
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