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Named Entity Recognition model for Electronic Medical Records Based on External Knowledge
Integration and Prompt L.earning
LI Yang', CAO Zijia', XIAO Wangli', ZHAO Wenhan'
'Affiliated Hospital of Yangzhou University, Yangzhou 225000, China

(Abstract)  Purpose/Significance To enhance the recognition capability of medical entities in electronic
medical records, provide foundational support for clinical decision support and medical knowledge base
construction, and facilitate hospital informatization. Method/Process named entity recognition model for
electronic medical records based on external knowledge integration and prompt learning is proposed.First,
learnable domain-specific prompt vectors initialized from category description texts are constructed and
concatenated with the original text to generate domain-focused word embeddings via the ERNIE model. Second,
the softLexicon method and an attention mechanism are employed to integrate external dictionary, enhancing the
model’s ability to represent ambiguous entities and boundaries. Finally, a two-stage recognition mechanism is
adopted, where candidate span pruning and hard negative sample generation improve boundary detection accuracy,
and an attention mechanism is used to enable interaction between candidate spans and prompt vectors for
classification.Results/Conclusion Comparative experiments and ablation studies were conducted on four publicly
available electronic medical record datasets, and the experimental results demonstrate the effectiveness of the
proposed model.

( Key words ) named entity recognition; prompt learning; external knowledge integration; two-stage
recognition mechanism;
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