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Abstract: In Chinese ical Named Entity Recognition (CNER), Chinese text lacks separators to delineate word
boundaries, and some existing methods are difficult to capture the long-distance interdependent features. This paper proposes
a pre-trained BERT-Transformer-CRF method to realize CNER. Firstly, BERT (Bidirectional Encoder Representation
Transformer) is applied to extract text features. Then, Transformer is utilized to capture the dependencies between characters
regardless of the distance between characters. In addition, as term dictionary and radical information of Chinese characters
contain deeper semantic information, the features of term dictionary and radicals are incorporated into the model to improve
its performance. Finally, CRF (Conditional Random Field) is applied to decode predicted labels. The experimental results
show that F'1 values of the proposed model on CCKS2017 and CCKS2021 datasets reach 96.22% and 84.65% respectively,
which is superior to the current mainstream named entity recognition model and has better recognition effect.

Keywords: Chinese Clinical Named Entity Recognition; radical feature; transformer; BERT
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Tab.5 Model comparison experiment on CCKS2021 dataset

oy P/% R/% F1/%
BiLSTM+CRF (#£k—) 80.17 80.35 80.26
BERT+CRF (##; ™) 83.31 84.29 83.78
BERT+BiLSTM+CRF 82.77 84.33 83.54

BTC 33 84.92 84.35
BTC+radical+dictionary . 85.52 84.65
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Tab.6 Recogniti®i, anél comparison of different types of

R P/Y% R/% FL/% entities (2 CCKS2021
BiLSTM+CRF (#£—) 86.66 89.18 87.90 P/% R/% F1/%
BERT+CRF (#£7) 91.50 89.94 90.71 83.08 84.25 83.66
BERT+BiLSTM+CRF 91.64 90.98 91.31 84.13 85.48 84.80
BTC 96.04 95.97 96.00 93.48 93.14 93.31
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Tab.7 Comparison with the existing deep model on
CCKS2017 dataset

ATBA oy F1/%
QIN et al® ROBERta—BiGRU—CRF 90.38
B s MHA-BIiLSTM—CRF 91.97
WU et al™ ROBERTa+RC 93.26
25 o) el BERT+BiLSTM—CRF+dictionary 93.81
[ RoBERTa—wwm—BiLSTM—CRF 94.08
AR BTC+racial+dictionary 96.22
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Tab.8 Prediction results of different models on CCKS2021

dataset for F1 value of each entity and the whole

F1/%
fREEL 81.55 83.63 83.53 83.66 84.18
FAR 76.55 83.46 82.21 84.80 83.46
it 79.66 93.60 93.28 93.31 93.45
Wiated  81.10 84.10 85.92 88.34 87.14
PERRFISHT  88.48 79.77 79.02 81.22 81.46
SLIERYE 87.91 83.37 82.96 83.01 84.24
Mgk 80.26 83.78 83.54 84.35 84.65
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