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Abstract; Chinese medical entity recognition is the basis of text information processing in the medical field, but there are often
grammatical irregularities, entity nesting and type confusion in Chinese medical texts that may cause the decrease of entity recognition ac-
curacy,so it is of great theoretical research and practical application value to ensure the accuracy of Chinese medical entity recognition.
To this end,we propose an entity recognition model that combines BERT pre —training, bi-directional long and short—term memory
network (BILSTM) and IDCNN with attention mechanism to improve the accuracy of Chinese medical entity recognition. At first, the
BERT pre-trained language model is used to convert Chinese characters into word vectors and enhance their grammatical — semantic
features. The trained word vectors are then passed through the BILSTM network and the IDCNN network with attention mechanism to
obtain contextual information and a larger perceptual field ,respectively. Finally,the features containing grammatical -semantic features,
contextual information and a larger perceptual field are fused and fed into the conditional random field (CRF) for entity recognition. The
features containing syntactic semantic features, contextual information and larger receptive field information are finally fused and fed into
conditional randomization (CRF) for entity prediction. Experiments on two publicly available medical datasets, CMeEE/Yidu-S4K,
showed that the F1 values of the model reached 0.711 6 and 0. 820 6 respectively, which were 1.40 and 2. 29 percentage points higher
than that of the mainstream models, validating the effectiveness of this model for Chinese medical entity recognition.
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