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Abstract

The high incidence and mortality of malignant tumors pose persistent challenges to global healthcare systems. Traditional prognostic
assessment relies on the TNM staging system, which inadequately reflects the molecular complexity of tumors. With the advancement
of high-throughput sequencing technologies and artificial intelligence, deep learning-based survival prediction models integrating
clinical and multi-omics data have emerged as a research hotspot. This review systematically summarizes the theoretical foundations,
model architectures, and research progress in this field, with emphasis on the applications of deep feature learning in multimodal
patient representation, individualized risk prediction, heterogeneity subtype identification, and disease evolution trajectory inference.
Key challenges including data heterogeneity, sample size limitations, model interpretability, external validation, and ethical privacy
concerns are thoroughly discussed. Future directions such as multi-center data standardization, explainable Al architectures, transfer
learning, and federated learning are prospected, providing references for precision oncology and personalized clinical decision-making.
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