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Abstract: With the development of medical informationization, more and more medical information is digitally recorded. These
medical information contains a wealth of medical knowledge. How to effectively improve the effective extraction and utilization

of massive medical text information has become a huge challenge for the development of medical informationization. In order to
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solve the problem of insufficient data labeling and blurring of medical entity boundaries, this paper proposes a word embedding

doi:10.3772/j.issn.2095-915x.2019.06.006

language representation model based on a large number of medical literature pre-training, which uses a large number of medical
literature to pre-train the BERT model to obtain the EMR-BERT model, and then embeds the text into the training text through
EMR-BERT. It means that the result is input to the Bi-LSTM model, and finally the output is obtained by using the CRF model.
Through multiple sets of comparison experiments, the results of EMR-BERT+BiLSTM+CRF model is better than the current

mainstream model. Therefore, the model can effectively solve the problem of insufficient annotation data and fuzzy boundary of

the entity in the medical electronic medical record field.
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P R F1 P R F1 P R F1
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%, BERTBASE+ Bi-LSTM+CRF 7E Batch size
=32, )R =De5H, KB EFIUERN
59.98, EMR-BERT+ Bi-LSTM+CRF f£ Batch
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