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Abstract: [Purpose/Significance] This paper systematically reviews the research progress of discriminative learning in
multimodal medical data fusion, summarizes its core methods, technical pathways, and clinical potential, aiming to provide
theoretical support and practical guidance for advancing medical artificial intelligence from perceptual fusion to cognitive fusion.

[Methods/Process] Through literature analysis and technical synthesis, this work focuses on the three levels of multimodal
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fusion—feature-level, decision-level, and hybrid-level—and examines the innovative application of discriminative learning

doi:10.3772/j.issn.2095-915x.2026.01.005

across different fusion strategies. It integrates traditional linear models such as linear discriminant analysis, support vector
machines, and canonical correlation analysis, along with deep learning approaches including autoencoders, hypergraph neural
networks, and Transformers, to explore key techniques including feature selection, cross-modal alignment, and uncertainty
modeling. The performance of these methods is evaluated in scenarios such as cancer survival analysis and neurodegenerative
disease classification. [Results/Conclusions] Discriminative learning significantly enhances the accuracy and robustness of fusion
models through dynamic feature weight assignment (e.g., attention mechanisms), multimodal knowledge decomposition, and
cross-scale collaborative modeling. Its value has been preliminarily validated in clinical scenarios such as brain disease diagnosis
and cancer prediction. [Limitations] The methods presented in this paper still require further breakthroughs in model complexity,
computational cost, and clinical interpretability. The heterogeneity of cross-modal data remains not fully resolved, and model
interpretability still falls short of the stringent requirements of medical practice. Future efforts should focus on knowledge-driven
fusion mechanisms, model lightweighting, and the development of trustworthy Al systems.

Keywords: Discriminative Learning; Multimodal Medical Data Fusion; Interpretability; Precision Medicine
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