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Chinese Medical Named Entity Recognition Based on RBAC Model

ZHANG Bin, ZHAO Tingting, ZHANG Bixia, CHEN Yarui, WANG Yuan
(College of Artificial Intelligence, Tianjin University of Science & Technology , Tianjin 300457, China)

Abstract: Chinese medical named entity recognition aims to extract structured entities from unstructured data. Current
mainstream research uses a large amount of training data. Aiming at the problem of lack of training data for Chinese medical
named entity recognition, a RoOBERTa-BiGRU-Attention-CRF (RBAC) model based on joint segmentation and a novel data
enhancement method for named entity recognition based on semantic search are proposed in this article. Specifically, the
pretrained model and the Bidirectional Gated Recurrent Unit (BiGRU) are first used to extract the deep bidirectional semantic
representation of the text, and then the semantic representation is sent to the word segmentation module and the named entity
recognition module respectively. The word segmentation module uses conditional random fields (CRF) to obtain word seg-
mentation information. The named entity recognition module uses BiGRU and multi-head attention to obtain a mixed seman-
tic representation, and then is sent to CRF to obtain the tag sequence for named entity recognition. Experimental results on
the CCKS2019 Chinese electronic medical record datasets showed that the F; of this method reached 90.5% when the
amount of data was small, thus proving the effectiveness of this method.
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Tab. 2 Precision, recall and F; score of various models on
CCKS2019 Chinese electronic medical record

(16)

datasets
FiAl Wit/ HEE%  F/%
BiLSTM + Softmax!"! 87.2 80.6 83.7
BiLSTM + CRF 88.3 80.8 84.3
BERT + CRF 85.7 79.2 82.2
BERT + BiLSTM + CRF 88.4 83.9 86.0
BERT + BiGRU + CRF 88.8 84.4 86.4
RoBERTa + BiLSM + CRF 88.4 84.4 86.3
RoBERTa + BiGRU + CRF 88.5 84.8 86.5
TemplateNER!"®! 89.1 85.8 87.4
RBAC 89.3 86.1 87.5
LightNER!"” 90.2 87.5 88.8
RBAC + DA, 90.5 87.6 89.0
EntLMU'8! 91.3 87.4 89.3
RBAC + DA, 92.7 88.4 90.5
RBAC + DA; 91.1 87.3 89.2
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Tab.3 F, score of RBAC model on each entity category
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Disease  85.43 87.46 89.17 88.45
Surgery  90.88 89.28 90.68 89.61
Medicine  95.32 95.44 96.25 95.21
Anatomy  84.65 85.35 86.06 85.27
Check 89.23 90.67 91.34 90.34
Inspection  89.18 89.03 90.89 90.32
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Fig. 4 Experimental results of RBAC model under dif-
ferent data enhancement factors
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JHTIBRAR, entity type:FFAR, start_pos:26, end_pos:55
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Fig. 5 Prediction results for complex entities
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