TAERL SRR, 2 43 4, 55 9 1. 11821189, 2021 4E 9 A
Chinese Journal of Engineering, Vol. 43, No. 9: 1182—-1189, September 2021
https://doi.org/10.13374/j.issn2095-9389.2021.01.13.002; http://cje.ustb.edu.cn

T ALBERT 5 X[ GRU B H 22 I & 7 A Ay

RAHD, SR, WALDE, 5 F 4

D) bR R AL S 8 A5 TR, JE5T 100083 2) AR MR T2 JL 5T #5528 2, Jb 5T 100083
B {7 VE# , E-mail: xieyh@ustb.edu.cn

& OE MM, BYEA A AR B AE 0 R, 2 v B AR R Y S B B A S T A A 4 O £ A TR A e I U R Ao A5
Y, i AR R SCAAE B, B i 6 I 0955 28 IR IR AR 285, A S0 Hp Bl B2 97 1) I IR E R (A SR g o B %) AR O o [ 0 A A5
R E ARG A IR I AR SO S S ), BT b B A R R AU, R — T I 28 A ALBERT FOXLIn] | 14546 BF B 0T
(Bi-GRU ) B I A2 (57 A AR T b 5 36 R o 52 390 19 448 SRR Y, AR SR M %) O 7 o I R IR 2 67 94 ) 830 A T T 22 J2 ST L
BRI | e S AR AR R ELAT B R MR M, 5 Word2Vee SCAS IR 7 WA A L, AU Y ALBERT TR 2B 10 1) SCAR R kA
BRI T A HERA K. {ERIRISE T, ALBERT BlYI B RUAH Lk BERT A RIBEAIR T AR S 80, AR808/N T BRI/, &
28, ARTCHE P RN (AR B ZE R 4E | F1{E3R 8] T 0.8013.

KRR ZARZ A ALBERT; [ IR, BN & A7 i

73S TP391.1

Localization model of traditional Chinese medicine Zang-fu based on ALBERT and Bi-
GRU

ZHANG De—zhengl’2>, FAN Xin-xin"?, XIE Yong-hong"z)g, JIANG Yan-zhao'?

1) School of Computer and Communication Engineering, University of Science and Technology Beijing, Beijing 100083, China
2) Beijing Key Laboratory of Knowledge Engineering for Materials Science, Beijing 100083, China
X Corresponding author, E-mail: xieyh@ustb.edu.cn

ABSTRACT The rapid development of artificial intelligence (AI) has injected new vitality into various industries and provided new
ideas for the development of traditional Chinese medicine (TCM). The combination of Al and TCM provides more technical support for
TCM auxiliary diagnosis and treatment. In the history of TCM, many methods of syndrome differentiation have been observed, among
which the differentiation of Zang-fu organs is one of the important methods. The purpose of this paper is to provide support for the
localization of Zang-fu in TCM through Al technology. Localization of Zang-fu organs is a method of determining the location of
lesions in such organs and is an important stage in the differentiation of Zang-fu organs in TCM. In this paper, the localization model of
TCM Zang-fu organs through the neural network model was established. Through the input of symptom text information, the
corresponding Zang-fu label for a lesion could be output to provide support for the realization of Zang-fu syndrome differentiation in
TCM-assisted diagnosis and treatment. In this paper, the localization of Zang-fu organs was abstracted as multi-label text classification
in natural language processing. Using the medical record data of TCM, a Zang-fu localization model based on pretraining models a lite
BERT (ALBERT) and bidirectional gated recurrent unit (Bi-GRU) was proposed. Comparison and ablation experiments finally show
that the proposed method is more accurate than multilayer perceptron and the decision tree. Moreover, using an ALBERT pretraining

model for text representation effectively improves the accuracy of the localization model. In terms of model parameters, the ALBERT
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pretraining model greatly reduces the number of model parameters compared with the BERT model and effectively reduces the model

size. Finally, the F1-value of the Zang-fu localization model proposed in this paper reaches 0.8013 on the test set, which provided certain

support for the TCM auxiliary diagnosis and treatment.

KEY WORDS multi-label text classification; ALBERT; GRU; localization of Zang-fu; traditional Chinese medicine (TCM)
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Fig.1 Zang-fu localization model structure

iy N Z W IR SCAS 64T 4k 3 i oy A ABEARU

TN 2525 fiw A B9 SCASE 18 ALBERT T 5
T LR ARAT SCAS (1 [n] 5 FRAE.

Bi-GRU JZ it 41 ALBERT Tl 551 5 14
] 42775, 34 Bi-GRU i — 25 G i 4K L5 )23 1 L.

G M )23 3k L Sigmoid Ay TG PR B 4x 3% 4
J2 W 45 A 280 N LR 46 28 0 ~ 1 2Z ), I
B R T 45 T 10 B 1 A3 0 o s 28 i s AR
o ZEJUE T 2 61 45 2R
2.2 ALBERT Fijll R 4%

H BERT B9 20 LIk, Bl ZRB AU R A T 1R
KIS HE DS A R SR . (HE R S
B ORI Rk TARZ [n) 8, b an X 43 J2E sk
R R | AR AR AR B R B K | ABE AR 1] e B ] R
KBRS, AT g H TSI SRR SR T K
[, Lan 225 42114 T ALBERT #%, 4Lt T* BERT,
ALBERT i 1 T 2 Fh 8 1% < e ik 21> 70 1] 25 45 75 2
B W 7 %, IF R 68 A I 9 ( Sentence
order prediction, SOP) 1T: 55 {{.% BERT "' i) NSP {T.
% . ALBERT J& — i % i 2% 1) 3 T Transformer )
KL 0] G By 2% ¢ 7~ #5780 (A lite bidirectional encoder
representations from transformers) . i i X #5431 X
BALTT I BE AL 5, 7585 AU B 08 2 2] B 58 4% 1Y 1
MU IR . ALBERT B B 45 #4 &) 2 ff 7w, Hoh
[E\,Ez,+ ,E, 1, E,JHF UG SCAR ] 5, trm A Transfor-
mer 5 7Y 191

B 2 ALBERT HiIZ5H
Fig.2 ALBERT model structure

SIS PACIRDE g R B GUE TR DA @ NI ol 'S
FRrm RN, B WE(T, T, Tot, T,
W& T HEATINESCREE.

F£ ALBERT 1, #2115 T 2 Frif LIk /b BERT &
B W) s (1) % 8% WordPiece 11 [1] 7= K /)N E il
B2 K/ H, 280 (2) )22 S8k, |
TER Y Z AN 2 Z (Al AR (Rl B 2 8. 5 —Fh oy ik



FRFEF S, 3T ALBERT 5 XU ] GRU A9 H S I fIff <8 o7 455 764

- 1185 -

PORNEIN N = G W TS =i N o (s (S
AS/NFERE . R PR One-hot [7] & 7 422 M B 31 /)N
R H % RS 6], 7 2 S0 B AT e S 3] — IR 4
Tl ik A 25 ] E, P e SR 3] B s [R) . 3 5 3 A
fift, F iR A S BN o(V x HFEAR B o(V X E + E X H),
TERZ RN HiE KT EW, S8 96 W 8NS5
. 5 2 RO VR A )R SR AR
TSR, IF HiE i SO, 3Tt T RO A k.

Ak, XFF BERT H ) NSP 1% 55, ALBERT i
17 TekitE. BT BERT H NSP AT:45 2 Fi 4~ a)
FE TR SCA R A5 82 HH B AY — 432445, HAE iR e
TS LAY PR ), SR E TR SR A i
— )R T . R T B A R A5 AR AR T
20 ] T S0 ) - 3 O R AE ) TR Sk, XK
NSP {F:45 @ B4k, BTl ALBERT #2145 5 5 15
M55 (SOP), RPIEFIE R AAE, 5 NSP 4155
(14) 1E 3 8y XA ], S A B — o SR R S 252
()] F IR E AT 28 4 J5 A 1575 5. #E NSP Al
SOP A R PEXT L S2 56 v, NSP {Efi it SOP 1) {5 kg
JE AL N 52%, T SOP 75 NSP AT 45 K5 ¥k 78.9%,
H SOP 578 JLF- i A1 T Ui AT 55 rh &R AH Lk NSP 47
T FEFHAERA T SOP A E T NSP (A .

Zeak bR A I, 7E R AR TR I 245 3 1Y
ALBERT T Il A 74 m A2 £ A /0 fl A 50 22 i 3
R SUE R, AR T R,
2.3 Bi-GRU E

TG IR LSTM AYAERN, JEAH LT LSTM
IXR) £ T 7 B P 475 A At 2 IR0 9% ),

GRU M 2438 i3 5| AT T HLE R S 715 B
. 7E LSTM 4% v, i AT RN 38 s ] 2 AR ¢
R, HEMHMWA T ITUA. GRUKRATTS
R T4 IR 7 1] (Update gate), 5] A T
H 1] (Reset gate). [AiF, GRU A 5] A% 4 i
12 8TT, B S AR AS b A SR Ry 22 18] 5
AL R

GRU #5357 7 AN &l 3 .

hz*l

B3 GRU H¥c
Fig.3 GRU unit

IR, AIR I 3 PR GRU 3 i 4 370 T
Bl BT R ASECAC R A A RO RS
hy, T THRRE HARBEHT.

BRI i 25 A REOREZ AR 25 15 24 il dag A B
TE UNAAT 7= HE AL

O A R RORUZ RS S 2 i Ak
TEEAT 2 /0 Z IR

PO AL Ry 3 25 0 BB RS 5 2 i
ABRTE M AR BYE LA, O B T 4 %
Y BB R S5 R ABTEIZ .

7 AR AR IR A e PSR 1) MR ICAZ Iy
Z T BB RS Ry R A SU5HT A9 B2 IR A

bR AR, AT IR B 4 850, ik
Erc i A NCIE R A CIE N T Rk v IS SR |
P AT BT A2 R 0 B 2 AR 2 )

re=0 W, [hy_1,x]+b,) (1)
z=0(W,-[h_1,x,]+b) (2)
h, = tanh (W, - [r; % By, x,] + bp) (3)
hy=(1-z)%h_ +2,%h (4)

A, roh (N ZIE B, 2388 ¢ 2R R,
R R ¢ I B BB IR A, b e ¢ 20 (3
ARZS, b R (1= DI ZI B BORZ RS, (W, W, W]
FETN A5 BB A3 X N AL R B RS, (brbo,bi) 9
B n] i, o~ sigmoid FAIE PREL, *R R IG5 I8 H AR
(Hadamard product). AH# T RNN %!, GRU g %
AU ff R BR BV R IR AL TS LSTM A e, GRU
RV Sy {87 L, {5 S BCE /D, hf AR 5 7= A
SUEOEES

GRU fF 24 RNN [y 45 Ffi [a] RNN — ¢, B B A
k. R UL, NG R, B E— RS
J AL & B A JE R A R Y, T LR S T, 45 k™
. X FESREZ TINS5, RS
T AR B G ASE A8 v ot R Ok Ui A H A L
I, A SCE i Y1 25 E 7] 2= > F1 R[] % 2 P4~ GRU
P25 ) 2%, BB % 1 0 ) R ) 2% 2 2o B2 o i e bR
A KF I 1 AT, M 4 S S B 1) AR
Ry E e B 25 AL, XS I 45 5t T LUR TS B A4S
B RSO TR GRU #8440 5] 4 Ff 7.
24 WHE

WA v B — AN E AR B 22 A4S RIS 14 8 A, i
F5E AR 1) oA 22 R 28 43 2 e T AR 22 0 R
ZWESREZ RN RANET, 2550
— AR LR I 8 T 24200, m 2532, —
MHEARETHRE T D280 Weiek -« pre, <



- 1186 -

TRERLF2ER, 26 43 5, 56 9

B4 Wi GRU BEUR
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Table 1 Zang-fu location data format

No. Symptoms Tag
1 Legs ache, and wake up unable to sleep, along with hemoptysis and a sore throat spleen, kidney, heart
2 The patient had high blood pressure, weakness in the right limb, and pain in the left upper arm liver, kidney
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Table 2 Parameters in the training process

Parameter name Parameter value

Max_seq_lenth 128
GRU_units 128
Dropout 0.4
Learning_rate 1x10™*
Epochs 10
Batch_size 128
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Table 3 Comparative experimental results of multiple label

classification

No. Method Precision Recall Fl-value
1 Word2Vec+Bi-GRU 0.8015 0.7653 0.7830
2 MLP Classifier 0.7091 0.7067 0.7079
3 Decision Tree Classifier ~ 0.6744 0.6633 0.6688
4 ALBERT+Bi-GRU 0.8301 0.7745 0.8013

# 4 BERT 4 ALBERT Xf HL 3045 R
Table 4 Comparative experimental results of BERT and ALBERT

Model
Id Method  Precision Recall Fl-value Time/s parameters/
MB
BERT+Bi-
1 GRU 0.8253  0.7783 0.8011 99.8219 363.3
ALBERT+Bi-
2 GRU 0.8301 0.7745 0.8013 84.7045 373

RS AR R

Table 5 Ablation experiment multiple label classification results

Method Precision Recall Fl-value
ALBERT 0.7711 0.7315 0.7508
ALBERT+Bi-GRU 0.8301 0.7745 0.8013
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