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Abstract: To enhance the comprehensiveness and accuracy of the medical decision support
knowledge graph, a collective entity disambiguation method based on structured gradient tree
boosting (CED-SGTB) was proposed to address challenges in the medical domain, including
long, complex, and highly specialized entity texts, as well as the ambiguity of the same entity
across different databases. Firstly, medical decision texts were cleaned and processed, and
neural networks were deployed to collaboratively detect and annotate entities within the texts.
Secondly, global entity disambiguation was achieved by optimizing the current candidate entities
and previous entities through global features. Thirdly, a golden path bidirectional beam search
algorithm was designed to reduce model variance. Finally, the results of comparative experiments
and ablation experiments demonstrate that CED-SGTB outperforms traditional methods in terms
of accuracy and F1-score and can more accurately complete entity disambiguation tasks.
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Fig. 1 Overall scheme design diagram of entity disambiguation for medical decision support
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Fig.2 Collective entity disambiguation method with structured gradient tree boosting
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Fig. 3 Word vector representation layer based on
BERT model
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Table 4 Disambiguation performance changes under
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Fig. 9 Comparison of F1 scores for different
disambiguation models at different epochs
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