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A Medical Entity Recognition Model Based on SoftLexicon

ZHANG Xu" °, ZHU Yanhui" >, LIANG Wentong" >, ZHAN Fei' *

(1. College of Computer Science, Hunan University of Technology, Zhuzhou Hunan 412007, China;
2. Hunan Key Laboratory of Intelligent Information Perception and Processing Technology, Hunan University of Technology,
Zhuzhou Hunan 412007, China )

Abstract: In view of the problem of missing sequence information based on the character granularity NER
in the task of naming entity recognition of Chinese electronic medical records, as well as the low computational
efficiency brought about by the introduction of external dictionary resource methods, a model based on SoftLexicon
has thus been proposed. First, each character in the sequence is mapped to a dense vector; next, an external dictionary
resource is introduced to construct SoftLexicon features for each character to be added to the corresponding word
vector representation; then, these enhanced characters representations are to be put into the Bi—-LSTM and CRF
layers so as to obtain the final recognition result. The model can effectively capture the characteristics in the sentence
sequence, and extract the dependencies between contexts, thus realizing the sequentiality of label prediction. With the
electronic medical record data provided by the CCKS-2020 medical named entity recognition evaluation task is as the
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experimental data set, the proposed method, compared with the traditional NER method based on character granularity,

has significantly improved entity recognition performance and efficiency.

Keywords: Chinese electronic medical records; name entity recognition; SoftLexicon; Bi-LSTM; CRF
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Table 6 Model performance experimental results
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82.21 85.77 83.56 84.65 88.32 85.21 86.73
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