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[ Abstract] Maost of existing ‘methods for entity relationship recognitionjtake'aSingle sentence as processing unit,and fail to
address tagging errors' of entity relationships in the training corpus. Also, they cannot make full use of the mutual
reinforcement of multiple sentences that contain entity information'in relationship recognition. Therefore , this paper proposes
a recognition method based on bidirectional Gated Recutrent Unit ( GRU) and dual attention mechanism for entity
relationships of Chinese electronic medical records. This ‘paper proposes a BiGRU-Dual Attention model, and uses
bidirectional GRU to learn the context information Of characters in order to obtain more fine-grained features. Then the
character-level attention mechanism is introducédwuto \improve the weight of the characters that are key to relation
recognition. Also,the sentence-level attention“mechanism is employed to capture the features that can enhance recognition
performance from multiple sentences,so as to reduce the weight of mislabeled sentences. Experimental results show that
compared with the mainstream BiLSTM-Attention model,the proposed model increases the F1 value by 3.97% to 82.17% .
[ Key words] Chinese Electronic/’Medical Records ( EMR ) ; medical entity relation extraction; bidirectional Gated
Recurrent Unit( GRU) ;dual attention mechanism ;deep learning
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