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Chinese Medical Named Entity Recognition Method Incorporating Machine Reading Comprehension

LUO Yuanyuan',YANG Chunming'*,LI Bo' ,ZHANG Hui* and ZHAO Xujian'"*
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2 School of Mathematics and Physics,Southwest University of Science and Technology, Mianyang, Sichuan 621000, China

3 Sichuan Big Data and Intelligent System Engineering Technology Research Center, Mianyang,Sichuan 621010, China

Abstract Medical named entity recognition is the key to automatically build a large-scale medical knowledge base. However,
medical entities are often nested,and it can not be recognized by the sequence labeling method. This paper proposes a Chinese
medical named entity recognition method based on reading comprehension framework. It models the nested named entity recogni-
tion problem as a machine reading problem,uses BERT to establish the connection between the reading comprehension problem
and medical text,and introduces a multi-head attention mechanism to strengthen the semantic connection between the problem
and nested named entity, and finally uses two classifiers to predict the beginning and end positions of entities. This method
achieves the best results with an Fl-score of 67. 65% when compared with the current five mainstream methods. Compared with

the most classical BILSTM-CRF, the Fl-score improves by 7. 17% ,and the nested “symptom” entities increase by 16. 81%.

Keywords Named entity recognition, Chinese medical, Nested entities, Machine reading comprehension, Multi-head attention
mechanism
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Fig.1 Two cases of nested Chinese medical entities
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Table 1 Detailed description of CHIP2020 dataset
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2 CHIP2020 BUHE 48 Se A 43 A 1 i
Table 2 Entities distribution of CHIP2020 dataset
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Table 3 Example of machine reading comprehension triple data
format
Question Answer
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Table 4 F1 values of two question generation methods
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iR
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Fig. 5 Comparison of overall F1 values of six models
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F 5 ARRBERITESA LRI R
Table 5 Effects of different models on various entity classes
A 99)
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Table 6 Number of nested entities of each type in CHIP2020
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Table 7 Ablation experiment
R 26)
Settings F1 # 7+
CRF 58.26
+BILSTM 60. 48 +2.22
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- Multi-head Attention(Ours) 67.65 +1.02
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