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Chinese medical entity recognition model with knowledge fusion
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(School of Computer Science and Technology, Harbin Institute of Technology, Harbin 150001, China)

[ Abstract] Extracting knowledge from medical texts is of great significance to the construction of medical auxiliary diagnosis
system and other applications. Entity recognition is an important step. Most of the existing entity recognition models are based on the
deep learning model of annotation data, which rely heavily on high—quality large—scale annotation data. In order to make full use of
the existing medical dictionary and pre-training language model, this paper proposes a Chinese medical entity recognition model
with knowledge fusion. On one hand, domain knowledge is extracted based on domain dictionary; on the other hand, the pre-—
training language model BERT is used as general knowledge, and then domain knowledge and general knowledge are integrated into
the model. In addition, convolution neural network is introduced to improve the context modeling ability of the model. In this paper,
experiments are carried out on multiple datasets. The experimental results show that knowledge fusion can effectively improve the

effect of medical entity recognition.
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Fig. 1 General knowledge extraction based on BERT
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Tab. 2 Medical entity recognition dataset
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Tab. 3 Experimental results of medical entity recognition
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