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TCM Named Entity Recognition Model Combining BERT Model and Lexical Enhancement

LI Minzhe and YIN Jibin

Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming 650500, China
Abstract There are few researches on TCM named entity recognition,and most of them are based on Chinese medical cases,and
they do not perform well in TCM case texts. Aiming at the characteristics of dense named entities and fuzzy boundary in TCM ca-
ses,this paper proposes a method of TCM named entity recognition, LEBERT-BILSTM-CRF, which combines lexical enhance-
ment and pre-training model. This method is optimized from the perspective of the fusion of vocabulary enhancement and pre-
training model,and the vocabulary information is input into the BERT model for feature learning,so as to achieve the purpose of
dividing word class boundaries and distinguishing word class attributes,and improve the accuracy of TCM medical case named en-
tity recognition. Experiments show that when ten entities are identified on the TCM case data set constructed in this paper, the
comprehensive accuracy rate,recall rate and F1 of the TCM case named entity recognition model based on LEBERT-BILSTM-
CRF is 88.69% ,87. 4% and 88. 1Y% ,respectively. It is higher than common named entity recognition models such as BERT-CRF
and LEBERT-CRF.

Keywords Natural language processing,Chinese medicine case, Vocabulary enhancement, BERT, BILSTM-CRF
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Table 2 Accuracy,recall and F1 of different pre-trained models
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Table 3 Accuracy rate,recall rate and F1 of four models
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Fig. 7 Comparison of recognition accuracy of four models
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MEE WA 5 D 3R BUR AR B — DAL AL 45 R SA R 2k T IE )
RRBUR .

HeT R XS LS8 AT, in A BILSTM )2 f5 LEBERT-
BiLSTM-CRF #: 74 T & T BERT-CRF fil LEBERT-CRF (4
HERI A, LEBERT-BILSTM-CRF #8 % 75 1 5] A1 4F i (1 31 51
PR BT 43 A MRS R ERE IR W 44 TR AR T I Y AE AR R
S5 83.33%,94. 23%.87. 10% . L & HETR R N 88.69% .
5 H AL BB A H , LEBERT-BILSTM-CRF iX 6 il il A 5% 5 4

4 RFEBARITE 10 iy 4 SR E i %0 Ho 45 21

Table 4 Comparison results of recognition accuracy of different

models on ten named entities

(7]
LIS LBC BBC BS BC BBS LC LS LBS

£ 100 100 100 100 100 98.00 100 100
iEf%  87.10 74.15 80.00 70.75 76.23 82.35 77.78 83.12
W 94.29 94.61 94.29 95.24 94.32 94.24 92.31 93.62
4 94.23 79.34 90.52 79.35 81.76 92.04 92.92 92,61
A 100 94.37 100 94.37 100  98.00 100 100
Wik 80.00 79.78 85.19 80.67 83.06 85.06 84.62 84.98
Fk% 87.10 82.76 88.57 77.87 81.96 88.24 88.57 83.78
JECR 83.33 73.90 82.78 73.53 75.63 81.77 83.19 82.71
F4% 93.15 84.58 94.37 82.30 88.12 91.67 95.71 94.18
# K 66.67 63.53 72.00 64.63 66.96 67.86 62.96 68.92

5.5 SCIGRTEXTEE

W 5 Fr %), LEBERT-BILSTM-CRF 5 H i 4 %4 4 1 i
FE I [ 2 A 344 0 (LT G IR 170 76 & B 9 R P9 CLE S 2 B 1)
8%,

F 5 IR BRI i 1)

Table 5 Training time of different models

(min)

HA Bt R 18]
LEBERT-BiLSTM-CRF 103
LEBERT-BiLSTM-softmax 95
LEBERT-softmax 92
LEBERT-CRF 94
BERT-BILSTM-CRF 99
BERT-BiLSTM-softmax 95
BERT-softmax 87
BERT-CRF 92

3) 0 43 6 E 45 Y TR 3 4%
e 6.3 7 P, ok B — 3 4 5 0F 4 A B8R, R
LEBERT-BiLSTM-CRF #5545t H E 174 22 LR L5

F 6 H AT HIESE UM B e

Table 6 Partial validation set identification data

F it H ® ; g 3 5 k4
AR & B-disease I-disease I-disease 0 B-gender B-age T-age T-age
M AR 25 B-disease I-disease I-disease 0 B-gender B-age T-age T-age
FT ARSI UE SR B
Table 7 Partial validation set identification data
F " bii] B A 23
JR AR & B-triggers I-triggers B-triggers I-triggers I-triggers I-triggers
AR 4 B-triggers I-triggers B-triggers I-triggers I-triggers I-triggers

e, W I S o O 1 S f L R A
S N TR I S T A U 4 7 M Xt

FAE B AT 4 FARRG G F AT AR R
R BRI A5 % B A 28 AT LA A o A T — Bt S

230900030-5
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BUAEVE B ALE P A AGRNCAF & A BILSTM # — b 3%
BURT G SCfR BUR - AR A3 B BE Al 1 43 25 25 3R . CRF & 8K
Pt 3 E , B T 88. 69 %6 B UM v B 2R . 85. 8 %6 Ay IR Il A nl
B 87. 1% 1 F1 A8 . ZAAIAEFRATE £ () /N B I 7 5 9] 4 3
B FIRAR T AT IS5 5 AR MR AR O 4 E £ 1 R )
LK L5 A MR 3 3 0 & T 06 1 LEBERT #4 i 1 fth 43 2% 28
Al H BERT #5 B HoAth 43 28 &% 04 ok 28, U8 B T % B8 /76 vh
B ZE 15l i 4 2 OR 3 O T LA — Y SE R

85 b J7 4 B B A EE 3843 S A2 510 A9 DI SR 880 R 2
B0 7 a5 1 /N, DT X 2 R K — 8 R e e s
SR TR € T Ll B 1 A L S T QT
RS T2 b 25 0 T 00 o i 5 R R AR, R S 0 b B AR
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