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Abstract. Healthcare data, as a core element of modern medical research and practice, was characterized by multi-source
heterogeneity, fragmentation, and low utilization rate, making it difficult to effectively uncover the implicit correlations and
knowledge value. Overcoming the integration challenges of multi-source heterogeneous data became a key obstacle in shifting health
management from passive treatment to proactive intervention. Focusing on the core value and integration difficulties of healthcare
data, the research progress and technological breakthroughs were systematically reviewed. Through comprehensive analysis of
multimodal and multi-source heterogeneous data fusion, interpretable knowledge discovery, and cross-modal correlation mining, an
advanced technological framework for multi-source heterogeneous medical big data was innovatively proposed. This framework
supported the triple evolution of healthcare data systems toward multi-modal transformation, knowledge graph upgrading, and
interpretability innovation, thereby fully unleashing the multiplier effect of healthcare data as a national strategic resource.
Keywords: medical big data; multi-source heterogeneity; multimodal fusion; data driven and knowledge guided;
interpretable model
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Fig.1 Feature interaction-driven interpretable framework for cross-modal fusion data
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