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i E METEERFLORERZRE  PLXEFIAGHEREIE M, HATAEXREFLERIATRIBOEMLG 2L, T B
P LEFHABRGERELZABDREEFRARCERE—Z7 A T LSTM 942, Kwm. i T wé LSTM 69 4 ik &
FPMMLTIANTEERHA ML ERLEALETLERI ARG ERXRAMBRES ., AT HRAAEZHRAMBER T £ FHRIAH
A RRABGRIN G b o0 A E R, L PR BT TR EBRESR, FIATEHER T E, ABmRBETEEF X
B AN 5 ERA E & IS4 M % 4E 2 (Subject Enhanced Cascade Binary Pointer Tagging Framework for Chinese Medical
Text,SE-CAS), @it 7] N £ ARG IR AR AL B M A IR A0 A 2 0h 2 540, SF B AR ik . Juoh B4R &4 B3 — o ik
BRBER PG H AT & SRR ThmER LR RpBE, FREREN, MRERE CMelE KEE LRAFT
5.73% % FIAA4IF, @ ak L HiE L S MR T BRI FLILERALEE KA,

KB FARLARIGEERARNG  EF X ARBGIRES T 2505

mESES TP391

Application of Subject Enhanced Cascade Binary Pointer Tagging Framework in Chinese Medical
Entity and Relation Extraction

JIANG Zhihan' ,ZAN Hongying® and ZHANG Li’

1 Collage of Software, Jilin University,Changchun 130012, China

2 School of Computer and Artificial Intelligence,Zhengzhou University, Zhengzhou 450001, China
3 Collage of Life Science, Jilin University,Changchun 130012, China

Abstract With the rapid advancement of China’s biomedical industry,the volume of Chinese medical texts is escalating at a rapid
pace. Extracting valuable information from these texts can ease the learning curve for practitioners. To tackle the challenge of en-
tity relation extraction in the realm of Chinese medicine,a series of models based on bidirectional LSTM have been previously
proposed. However,to overcome the training speed bottleneck inherent to bidirectional LSTM, this study introduces the Cascade
binary pointer network framework to the domain of Chinese medical filed. To address the framework’s weak capability in identif-
ying main entities and the gradient issues arising {from reusing the coding layer, this paper introduces the main entity enhancement
module and employs conditional layer normalization. This paper presents the subject enhanced cascade binary pointer tagging
framework for chinese medical text (SE-CAS), tailored for Chinese medical text. The subject enhancement module accurately
identifies valid subjects detected by the subject recognition module and rectifies erroneously identified entities. Furthermore, the
conditional layer normalization method replaces the simplistic addition between word embeddings and subject embeddings found in
the original model. Experimental results demonstrate that the proposed model achieves a 5. 73% enhancement in F1 measure on

the CMelE dataset. The ablation study confirms the incremental impact of each module,and these improvements exhibit a cumula-

tive effect.

Keywords Entity relation extraction, CASREL, Medical relation extraction, Deeplearning,Subject recognition
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SRR MIPUE 55 2 A RTE S AP EEAL S Z—,
T8 A 45 K A0 B 254 AL B SCR AR B rp B B 3 S (AR o 5
AR I 4 52 MR L B S 44 22 [8] B AT 96 56 &R L OF L = SR IR
KR . TR R 2 G AP R AR A5 A B 25 4 e i

SCARAR B SR ML 9% T 18 352 55 H AR A B2 2 SOAS, e T
Ti) A 0y I = ATk ) S 4% 5 2 i R AT EE R A BIF S8 401 R 758 L
AR B 2 SCAS Hh L 5 195G 28 ik AT LU AT 55 320 23 O B

WAFVEE A L9 (iehyzan@zzu. edu. cn)

ZFFAEEE, —Iud SERTE F W) 8 AT 43 4 3 38 % (Nor-
mal) SR X} B & A (Entity Pair Overlap, EPO) Fll B 52 {f &
F M (Single Entity Overlap, SEO) ., & 3 B B Jhy fif A 52 & *F
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B FE SR, T 3 F 3 5 4 ) B L 06 AR R B 6 &R S Y K
&S, AR F2 IR PUNAT 55 b, Wei B B0 A3 3150 H
P SRR AR S 2 SR 20 TN % S A, SR L 76 A 0 S 2 4 asK
F AR A AT BRI, BB P AR PR X — 2 T,
FEHIAT 55 v, A 2R RE TR 32 2 S A, DU B B A 2 A ) R
g R . BRI, J2 B 40 5 I 4% HE 4 50 T i AR 47 iR B B AR
SR SEE U R B SRR IE A AR, X
A A R IR IR YT AR TR R SR

WA 1 BT T4 8 A SCAR S 5 A AR T RE &
BB I & AE . BB 40 AR TS 1k 25 A E (MAS) , H il R £ 3
EX-ADG -3 W 3 L N B e (1 8 AN e e
b BE I BE S LA K P AR M S R G RPN EE B H TR K
A 2P A5 405 B 22 Uk 45 T e A vl . 2 ORI G T L A I I
YNGR 24P 5 A S S A Sy L I A0 T Ak 25 A AE
(MAS)” ABAE Wei 55 () 5250 v 38 2 418 2 #4077 JF 1 bk 12 &5
iR G B 1l A0 0 /0 ) B TS AR R R o
Ko7 A — ZRBN R R T O RN g SR BRI T S £
Xif O Fr B B S A e R A AR 1 o A

IR 80

Bl 7 E 544K

B 2 o
HA A

Fohte | Ak i
AR E A A

CASREL-E SRR B B3k

7 O AT T R K AR BFR MO R E, BT E R4 LS L 4R AAE (MAS), HilE RR I
EEULM. FRAEERA. 2hapd. FohikcrSh. RngR
WULR PR AR ARIA R, EH L ER AR RGK S BB iR
1B 5 R VA O L i 2 L LA

B AR A

Bl g BRI B
Fig. 1 Diagram of traditional subject recognition

PRI o AR SR YT ) T SO R AR SO Y R R AL R A
T8 &1 W 25 45 5 (Subject Enhanced Cascade Binary Pointer Tag-
ging Framework for Chinese Medical Text, SE-CAS) , % 1% £
5B T EIE IR B B RE 1 B 1 SR B AE T I R A AR
WA TCAR L R Rl i SR — L B8R TR SRR
WU RE T . SE-CAS 75 A= ¥ B2 2 45U 3 A 36 58 47 19 1o P 0028
SE-CAS 7£ 1 SCBE 4 {7 B A B 48 BT T R A 52 36 A%
SETERG AR A R A FL(H LIS T R, H R R
F Ik 68. 2700 A HL L g B R 5. 81045 FI (H ik %)
65.55% AH LR J7 k4R R 5. 7304

2 MXIE

2.1 ZEXEHBNRE

T 6 AR = Jn 4L R BURY TF 52 26 T 9 K £k (Pipeline) Jr
BRI AR 55 03 NP TR 55 A B TR U RO R 4y
Je o SO R A — A TR B R i A SR AR 5 AT S AR

RN AR JE AR IR L Se iR RS B Z M e R, Sk
F RNN,CNN Fl LSTM H i 7K 2656 F il OB 0 9l i 252 42 4
EHFHASTFESZEEDLE, 20T XR = JTCHB L Z
V) 1 A DG IR LA B b it A 158 1 SR BRAL 4 2 i B R i G R 4
FAL S AT . W, 1 T K 207 vk 3 B S 4, Bk 2D X
7] A5 S A AN ) 56 R Y 2% it L TG V6 AR 4 b e o 52 (R 7 7% () A

Xt 3k — ) A, 5 22t 9T R R T AR AR TR 0 16k 5 il
05 ¥ R BE T b 5 0 4% () BB A U 1 IR T kR, RO, AR
TR TR Y J7 1™ AROBURRAE 09 T A, R K A
N8, RN G R O ik R R A A 2 W 4% A
B AR ST % SRR OE R . Zheng 450 4% 56 R Al LT
FH I T IN AR AT S5, I T Zon A B A R, Lee
G F 2018 AR T —Fh £ 2 W B 7 0 AR B Bl O
B R AU B R AR L B TR AR IS A SR
KRBT & SRV T B T R A A B U T L A il
JH 5 11 SR W (Copy Strategy) B4 vt £ 3t 5 BT il 5 P91 4 B ph
2’ 4% (Graph Convolution Neural Network, GCN) f) % 3] Yiij
AL 5] A SR Ak 2= 3 SR 1 Seq2Seq A5 AT L Je HLA & il
ML (Copy Mechanism) i 24T 55 2 ~J I 3 s 45 U 080, 5k 2o
RITE— BRI LS TR IEF MEi R, e, g il
SRR Y 24 Bk R 2 A A U 251 AT BERTM 4
T AR, Wei 554 3¢ R0 A Sk 524 2] 2 5 1 1) e S5 o8
B, IFiE i 44 CASREL ) Z 2 bRicE4R 58 I T = Je 41k &
PWAAL S5 . BAL . Wang 5507 51 AR F b5 i 7 5 0K A P it
it 22 A HT BB TPLinker 14 1 52 44 5¢ R Al U 55 Y
B, Zhang ZU N Mgt CASREL HRGICR 2 T —
RO e BOC R 4K 5 il LSS (R Y BE Y, 76 F1 (6 B IS 1 B
W AR AE % S AR I L AT R SR T S S A 4 i R O i)
AT SRR 5 3, Zhu 25000 S fif PR IE G 2% 2 O vk b iR B
SR R B O MR 22 . T 2022 4F it CASREL $2& 1 T ATM-
RELHIZ )7 247548 W fE fif ¢ CASREL 78 £ 35 U i # vp 1Y
At 2 AR ], A 32 SRR AT AR S AR U AR X B
J7 B AT S X 1A BN S S A A AT AR A B IR
RO L B A A X T S TR 3 A B IR R AR AR Ak
XA [ 0 Ay BR M R I 2 R R ) R B .
2.2 EYERZFTHENXRZZERIES

FLAE 2011 4F Uzuner %555 g b 52 06 52 40K 19 52 R 4l BUIR
TNBFIR BT LT 3 FhOC R IR SR RIR S
Ay P IR A A TR DT P, RS AT LA
T IURME 55« 50 S A 5 B ) =2 ) 1 6 R Al BB, DA R R 0 T
Hp A B 00 B 1 XU B2 B, 2015 4F Wei 200
PRI TN AW B A SOk A A 2 2 B R i 22 TR) TT RE AETE
FAIARE 5 OC FR BT 55 AT 55 85 43 Sl 5209 1) i 4 S A4 1R 501 B B R
2225 W) 75 5 55 9% % & 2 B (Chemical Induced Diseases Rela-
tion Extraction, CID) B Bt . MG AFFR K F B2 AR C &R
AT 55 . Sahu % F 2016 4545 CNN 51 F] T B2 450K L GiE
TR F IR BE A SN R AT AT . 2018 4 Zhang
DK 55 S RNN A CNN IR B 24 3 7 ik 5| A B4 1) IR 2443
B A 26 (E BAMBUT % H . Liu 207 %% BILSTM-CRF £ %1 jij
HE T B2 10 1 fr 44 SRR BT 55 b 2 24508 4 - i
TR R R, BEE OISR AL A [ 24, Luo 500 4 T 4%
TH RS ATT-BILSTM-CRF %1, 2020 4F, Lee %0 #11}
T =L Ry B2 SORTE 38 1 I 285 5 BioBERT , H VB &
M EY R =R EZ A5 R LIRS TS MR,
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Zhang 0T 2021 4£ 32 1 T BLSTM-MCatt-CNN, & 4% 75 &
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Fig. 2 Schema of SE-CAS

3.1 fmEIAELR

S fiff P TE % 2 S8R A% 5 X 1) LSTM AR A4 A0 24 7% 25 7T g
ST AN B ) A L B DI e T A0 R ], AR SC R B 2R
i BERT BL81E Jy 45 4 2% . BERT RJH T 3 T Transform-
ert ™ AR 1] 4 1 4 32, B 7E HE — B 1) 20 W) B 3R 43 1R 3
B 4 545 5 L IF ELAT XS [6) R AT 55 AR5 S0l A kAT
R E

B ROk 3t . BERT ¥ 80l 25 4 55 R o3 D 5 i 18 = AL AL
(Masked Language Modeling, MLM) il T — /1] il ill] ( Next
Sentence Prediction, NSP) B M $k . BERT REHE A 57 BRI i
R BRI X bR S0 g A Y D IR 2 MM R T /E .
B ARk 6, MLM LL 15% i HE 28 H 4 #K 37 7€ (masktoken,
[mask ) B AL 5 4> 5 A 5 51 0 #9 16 o6 i 47 B 4, 2 5l it
DI x gl 4 ik B0 30 g gk A7 B0 L 3 Rl BE A B SRR Ry
) F I KR . NSP i B B TE T B R 2 2] ) 7 ] G
RGP AT X X MY, H P 50X MY 2 X T —
)L AR 50 Yo ) S DK B ORE R B L AR R B 4 Tl 2
5] HIWHAE — 4 T X (XL, Y) B isNext  J& B a8 ), S ¢k

WA %k 2Z 8] 1 B R OC &R

BT DU R AETE R ARG 43 il AR 35 L i google B J7 & 1
K BERT R IEAR4F , B AR SCR F 09 48 — & % R DL Y145
FIE R BERT fA .

BERT-wwm /& Cui 55 4 f# & 4t BERT th LA 0 ki
4330 51 A T 4 dal ik (Whole Word Masking, WWM) £ R
T 52 1 (BT ASE TR, 4 ] S i i, 5 58 1 0 5 4 3B i, 00 F 4 A
(6] —im) (4 e Ay RN F AT A W . B A, X T Al O
AR O R — 16 14 T RE 7, £ 2 JELIe 1Y i A PR 5 R
Jy R R [LMASK ] B ok [MASK ] T — A~ 18 (¥ 7]
[MASK]#” i AWk R E W RN “fHEF
[MASK] [ MASK] 3 [ MASK] [ MASK] F — 4~ i 1y
[MASK] [MASK] [MASK]”, %7 ¥EBE TRBECR,

AR 0 B 25 AL A 49 45 BERT-wwm, RoBERTa-
wwm FI BERT % 3 Ffiféi 5,

3.2 EELAIEEER
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4.1 BUESE

AR SR R R A B b B 25 2020 AR B 2 200 AR
% 2 PR AL A B0 AR - oh SO R A5 {5 Bl BUBUE 4R (Chinese
Medical Information Extraction Dataset, CMelE) . % %t # 4
HS M 2 AR AL B2 30 = A 3k A b st R B R
B OFHE AR SIS R Dk KA CBRIID DL R S AR
g S fF A

PO AE 55 1 B8 408 8 HCOLRE 22 D PRLRE 2% ) 0 il IR 552
A5 IR 2 OV R i B LR SR 28008 K&t A TAR
T8 SEMR S ZR A HR SO 2 S0AR (85282 A Z U0 A LU R T e X
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14399

LE ¥ Rif%k @ ARE @ RAR%K2

3 CMelE #4509 %0 ) 70 15 0
Fig. 3 Data division of CMelE dataset
TE 2020 48 20 ZUAY B T2 800 58 19 2 JF U 7% 3l v, R i
MBS E AR AT 2SI MR ML L+ REX R
SR RERAS A8 R AL T H i FL (R k F) 64, 86% i
MBS A 1 1%,
4.2 iEMERR
A S % K i 28 (Precisions P) . 3 A & (Recall s R) F
F1 {H (F1-Measure) fE J % B0 4 10 0 P38 5 o
X T Ar 2RIl n] LU A SRR A T 4 R AL .
EIE ] (True Positive, TP) : 5L 5 by F (1) 45 F 9k FI b S B . {7
IE] (False Positive, FP) : 2B i 9 25 g W h B, R
5] (True Negative, TN) : 5Z br A {8 19 &5 S g HI W7 . B
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4.4 FII
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Table 1 Main experiment results
%

HE B E 4 EE F1
mhs 52.91 48.23 50. 46
Bmbhs 62. 38 61.61 61.99
CASREL-BERT 61.02 56.28 58.56
CASREL-BERT-wwm 62.57 56.52 59.39
CASREL-RoBERTa-wwm 62. 46 57.39 59.82
SE-CAS 68.27 63.03 65.55

AT DL R B A SO RN TE RS % 8 B SOm FL{H 45 A4S Jr
A Hoh B2 IR T R FLER S T s i 65,55 %,
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A D038 Sk 51N 3 S A SRR e A TR S R 15 3 S A i
W EE TE—ERE R/ THIRER =T dl 4 48 m T
BRI ARG B . FE 3 T 3%y T (4 T A b AR 7 L M R B o
S P R PR A Y Bmhs BB PR T 1. 420, HEIE R 5]
AT AR 46, 45 53 FAE 55 A8 45 30 B 6 . 6 2% S 4 Al
KRR RBE G — BT WD TR ER RN LA, X

ABCHE )RR BB AT T 2020 4F DU ST B 9 S 5 B 5 B 64. 86 %%
X DATIE I, 38 i Bt 2 8 4 T 00 445 7 B 2R A B T AU 1Y
NSRS M BT I EAT 45 P B O R ORI 4 s B AR
LI H T AN G B T A, PR R A O SRR A RIS
4.5 GHELIRIG

AR SCEL S 2 B AR AT P 45 B T WA R AL O T S8 E B
R R, R T AR 4 4USE /B A T e se s - D R
AP B 2 CASREL HEZR7E CMelE ¥ % LYz 17
52U A T &2 13—k i) CASREL-CLN £ % 7 4
PidE BB AT A D UM A T SR K s B He ) CASREL-
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%2 g,

2 AL
Table 2 Ablation study results

[€79)

L EHE R FI
CASREL 62.46 57.39 59. 82
CASREL-CLN 62.68 59.67 61.14
CASREL-SE 64.29 58.35 61.18
SE-CAS 68.27 63.03 65.55
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A MR A A A L o R AR B
DU RSy B QR o o WA N (R N R S R
T R T VR A R R 8 A Ko T AR b e R % I S
F/CT F30 L B BB B 2~ 4 mm, s IR KB IEH 1~2 1%
HEK 7 A0 N R 7 R Sy 2 S L A AR G AR A e )
— SR AR IR Y 56 R = on 4L, T 3 S M AR He U &
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