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Named Entity Recognition in Electronic Medical Record Introducing
Attention Mechanisms

CHEN Chen,LIU Xiao-yun,FANG Yu-hua
(Information Technology Center,Xiamen Medical College,Xiamen 361023, China)

Abstract; Named entity recognition is a basic key task in natural language processing,and named entity recognition based on electronic
medical records is the basis of tasks such as clinical decision support and medical knowledge graph. For the problems that the traditional
bi—directional BILSTM—-CRF model combined long—short—term memory( BILSTM) and conditional random field ( CRF) is faced with
insufficient extraction of text features and insufficient recognition of unregistered words when dealing with the recognition of medical text
naming entities, attention mechanisms are introduced to propose a BILSTM—-CRF named entity recognition model based on the attention
mechanism. The model takes the word vector as the input of the neural network , modeling context information on the BiLSTM layer to
capture the bidirectional semantic dependence. The ATTENTION layer focuses on the salient features of the input data related to the
current output and suppresses the useless information. The CRF layer fully considers the label dependency information at the sentence
level to decode the prediction output for the whole sentence. The experiment shows that this model is better than the traditional model in
the recognition of named entity identification in electronic medical records.
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