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Abstract Entities such as drug names are difficult to identify accurately in Chinese medical questioning
texts due to the frequent occurrence of colloquial irregular expressions and jargon. To make full use of the
important role of inter-word relations in Chinese sentences, a medical named entity recognition model for
enhancing global information is proposed. The model enhances the word embedding representation using an
attention mechanism and enriches the global information representation of sentences in two ways simultaneously,
based on the use of the sequence processing capability of bidirectional long and short-term memory networks to
obtain contextual information. Firstly, a graphical convolutional network layer is constructed to enrich inter-word
dependencies based on syntactic relationships to obtain additional dependencies between words; secondly, an
auxiliary task is constructed to predict the class of syntactic dependencies between words. Experimental results on
the Chinese medical consultation dataset show that the model is very competitive, with an F1 value of 94.54%.
Significant improvements are achieved in the recognition of entity classes such as drugs and symptoms compared
to other models. Experiments on the Weibo public dataset also show that the model has general-domain
applications.

Key words attention mechanism; bidirectional long and short-term memory network; graph convolutional
network; medical consultation; named entity recognition
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A LA A NER & 2 UF 4 48 bR o RS TR R
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SoftLexicon F1 DCSAN!"® & /& & T LA VR FF 2
SIRIBERY, WA SR SR R, (H R A A
X N [, AR S P AR A b s, A4
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A LLE Y, M4k L Glo-MNER 7£ B 57 1912 %
AR bR BB HAD B A B B 3T, Ter
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o BESREAMEL S0 e, (23 Fpk
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L2 EVS S I TR P DN R U DI Z SR GEPS
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BRTE UL S SR AN HE A 55 [ L. SERPPAG AR 4
B

®4 REAESTHRETE %

Method UAS LAS
DDParser 90.31 89.06
GCNIER50IK 94.80 90.68
GCNEA 100K 95.72 92.88
GCNIER5007% 96.23 93.45

N T BAERE RSB TN ) GON A5 R A0 4 Bh AT 5572
P<27 NER {155 ERIMER], ASCEPX 7 RAE. GCN
AV BY S SRS BT 1 HRESESR, W3k 5 fs.

sieEh s
FS5 HRSCIE %

Model P R F1
Glo-MNER 94.67 93.95 94.31
-attention 91.44 93.62 92.51
-GCN 92.72 90.15 91.42
-parser 92.11 91.30 91.70

Model P R F1 MacroF1
Lattice-LSTM 90.84 90.34 90.59 90.28
SoftLexicon(LSTM) 91.25 92.28 91.76 91.84
BERT-CRF 91.60 93.01 92.30 91.92
DCSAN 91.52 92.70 92.11 92.51
Bi-LSTM-CRF 86.19 90.11 88.11 88.30
Glo-MNER 94.67 93.95 94.31 94.54
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Model Drug Drug_Category Operation Symptom Medical_Examination
Bi-LSTM-CRF 86.14 88.52 88.66 87.76 90.42
Lattice-LSTM 88.96 90.31 89.01 90.79 9231

BERT-CRF 90.58 91.51 91.10 92.43 93.98
SoftLexicon(LSTM) 90.40 91.73 91.58 91.75 93.61
DCSAN 90.87 91.80 93.51 91.81 94.54
Glo-MNER 92.72 94.59 96.59 94.96 93.83
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Model P R F1
SCHk[26] 63.33 39.18 48.41
ik[27] 61.68 48.82 54.50
SoftLexicon(LSTM) - - 58.12
FLAT®" - - 63.42
Glo-MNER 71.78 64.69 68.05
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