0 +t ﬁ #u 1+ % http: / www. jsjkx. com

COMPUTER SCIENCE r)()l: 10. 11896/]5]1{){. 200200020
EF BERT 5 Bi-LSTM gt & FE NN A ERH XA
RIS Bzh4r3E
oW OB R KRT EmE o
1) MFEHFAFEFEELIAE¥KE I 510000

QWL HELAFEMEFXE M 310000
(3051095449 @ qq. com)

i E PERHAARE  PERAIATOLLLFERMEFRWESFGELE, MAEATERAIAZERANAZ G, —A8 K F
B A A FAR IR 25 B R A AR AT R KRG R, At X — P8 AR — At E R AR e 3R
583 50EaE ARG ARAME, X P 2RI E — KX F BERT+Bi-LSTM+ Attention &% 449 9% 71 48 T A 4 £ A2 A |
1& Al BERT 1 kﬁlz&ﬁliixi\@’i’f/?%#iﬁ%‘)\ b BERT 5 word2vec 42 & 5 3291 2% 2 R , *F b Bi-LSTM+ Attention #=
LSTM A2 & 44 R, £ 84 E &% ,BERT+B-LSTM+ Attention A RAE LT ERA I ANRR IS L5 @EHNT REHY
AverageF1 18 (Bp 89.52%), @it 2tk X #,BERT 4 word2vec B AR 9 AN 4 X XA B F 4942 7, B Bi-LSTM+ Attention #
&& LSTM #: % 49 2 R A B #9324, B 032 h 69 BERT+ Bi-LSTM+ Attention @A KB AR A L AR S 5 £ LA — 28
WAL,
X417 . BERT ; Bi- LSTM; Attention; LSTM
hEESES TP391.1;TP183

Extraction and Automatic Classification of TCM Medical Records Based on Attention Mechanism
of BERT and Bi-LSTM
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Abstract The development of traditional Chinese medicine has gradually become a hot topic,among which the medical records of
traditional Chinese medicine contain huge and valuable medical information. However,in terms of the text mining and utilization
of TCM medical records,it is always difficult to extract effective information and classify them. To solve this problem,it is of
great clinical value to study a method of extracting and automatically classifying TCM medical records. This paper attempts to
propose a short medical record classification model based on BERT+ Bi-LSTM -+ Attention fusion. BERT preprocessing is used
to obtain the short text vector as the input of the model,to compare the pre-training effect of BERT and word2vec model,and to
compare the effect of Bi-LSTM + Attention and LSTM model. The experimental results show that BERT+ Bi-LSTM -+ Atten-
tion fusion model achieves the highest Average F1 value of 89.52% in the extraction and classification of TCM medical records.
Through comparison,it is found that the pre-training effect of BERT is significantly improved compared with that of word2vec
model,and the effect of Bi-LSTM -+ Attention model is significantly improved compared with that of LSTM model. Therefore, the
BERT+ Bi-LSTM + Attention fusion model proposed in this paper has certain medical value in the extraction and classification
of medical records.
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Table 1 Text classification examples of TCM medical records
D Input (short Output
medical record) (category)
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Table 2 Example of TCM records text data structure
Number Text content Category
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Fig. 6 Example of representation class document text
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Fig. 7 Text vector obtained from text in Fig. 6
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Fig. 8 Flow chart of text classification steps in BERT-Bil.-Att fusion model
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