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Joint Extraction Method for Chinese Medical Events

YU Jie',JI Bin' , LIU Lei’, LI Sha-sha' .MA Jun' and LIU Hui-jun'
1 College of Computer,National University of Defense Technology,Changsha 410073, China
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Abstract The popularization of electronic clinical medical records (EMRs) makes it possible to use automated ways to quickly
extract high-value information from EMRs. As a kind of crucial medical information, tumor medical event is typically composed of
a series of attributes describing malignant tumors. Recently, tumor medical event extraction has become a research hotspot in the
academic community,and many influential academic conferences publish it as an evaluation task and provide a series of high-quali-
ty manually annotated data. Aiming at the discrete characteristic of tumor event attributes,this paper proposes a joint extraction
method, which realizes the joint extraction of tumor primary site and primary tumor size and also the extraction of tumor metasta-
sis sites. In addition,aiming to alleviate the small counts and types of annotated tumor medical texts,this paper proposes a pseu-
do-data generation algorithm based on the global random replacement of key information, which improves the transfer learning
ability of the joint extraction method for different types of tumor events. The proposed method wins the third place in the clinical
medical event extraction evaluation task of CCKS2020,and extensive experiments on CCKS2019 and CCKS2020 datasets verify
the effectiveness of the proposed method.

Keywords Chinese electronic medical record, Medical event extraction, Transfer learning,Joint extraction, Tumor event
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Fig. 1 Tumor clinical text example
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Fig. 2 Definitions of three tumor medical event attributes

CCKS2020 H73C HL 995 17 I PR B3 97 =5 24 Jih 00 00 AT: 55 K5
T 9 77 19 B A [ 28 700 Jo 93 7 = 1 P ST B 2 2T BB T B R
— T E B b . B O A I e A A A R A e 25 R A
K, FERIAEM IR LKA . ARG T CCKS2020 & 57 H
i OB 42 (9 DI 25 2 Cerain) AR 48 Cest) W 114 b 983 26 Y
8.k 153,

F 1 CCKS2020 B train Fl test £ 75 i g BE 97 < (28 B Ge i
Table 1

Statistics on types of tumor medical events included in

train and test of CCKS2020

CHLAT 2 9%9)
train test
fit 62.67 F 28.72
e 20. 81 i 13.18
i/ 4.00 El 12.16
3 2.38 Jiid 8.11
i 1.92 )i 7.43
bty 1.13 FE 5.41
Sy 7.09 H A 24,99

IFE 1 AT LAE W train s 32 24055 fili L 7L B Al o IS T
FifE, 5 L 83. 48% , H b il A 3¢ Y Mg R OT IF 4R Lk
62.67% . T test "PALE A A2 MR B2 97 14 IR 1% A 7E train
O L, N B LB T A DG Y R BT . A, train
H test AL B0 g o B2 97 A 78 BRI B AAAEAR K
M2 5
3.2 Akigit

& 3 25t T A SCHE H 19 v SCEE YT S 44 16 G il BT Uk 11 248
F &, AR ST 36 4 R 3 43+ 1) g T 2 350 o 0 R % T 9ge K
NI il B 5 20 iR 7 A% S i Bl

AR S5 W Sl U 9 T K R AL A% 8 1) B il B B T
Ak g iy 4 SR, I8 A BILSTM-CRF 451 20 4 i, JL A5
RIZEF N 4 FToR .

BILSTM-CRF £ # [ 88 — )2 J& embedding 2, W95 i 3C
AL E WA token BB token ik A FIR (— 4 token $83%
D3 SCAS g — AN SRR AT S, B S0 B BH b AF
B REBB LT XAMBRARRITI . &Rk X
A n A token, M X Ak A LR IFHN AT LR R X = (x1 5%z 5
Xy x,), Heix, €RY ,d J& token X A TR IYERE . TEH A

T — )2 Z Wi, B & dropout LI TG .

@ N\ BIiLSTM-CRF(T) s PNV
,.gz%/% —» NN e Y -
4 /2 - o ®
i 88 4 4 SR K & @ l
R/ME 2 17] l e
¥ & oA Bt T
BiLSTM-CRF(M) l )

o4 /N
n,§%%M
: , .

v

ol 44 1 3040
I Z.
L3 L P > HR4R

3w SCBR ST SRR iU B 2R 1R

Fig. 3 Architecture of joint Chinese medical event extraction method
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Table 2 Model hyperparameter settings
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Table 3 Software and hardware environments and experimental
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Table 4 Top five results of CCKS2020 medical event extraction
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Table 5 Experimental results of the proposed method and CCMNN
on CCKS2019 and CCKS2020 datasets
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#axt F1AE#TET 3. 13,78 CCKS2020 $rii 4 Frygaxt F1
PFT 414,

A, 2 5 A LULAS B, Tk R A U kiR & CC-
MNN, 76 B A B0 4 b BE 22 B 38K, REA LT A
B 1) R ITAS U7 ik 1 3 B 2% S B 1 . CCKS2020 048 42 1 |
2R A NI X AR U 43 A 22 S K 5 2) CCKS2019 Fil CCKS2020
WG B A RO o R R R R

Nt — BRI A )T B AR e CCMNN A9 1 2 4k, 3 AT
BE— G T A ST B A CCMNN 78 3 Ff g b B0 3l ek
Re. ST &5 R 6 i, T4 3C) 2 ft CCMNN SR H A
Ivi] F9 7532 il S e 2 Bl AR Aor , il ML 2 SR AL A ) L R R AT A
HEr#EXK6h,

F 6  ARICHPH CCMNN 7E CCKS2019 Fil CCKS2020 Hofs 5 F iy
F 0 JE I, R (F1 PR bR
Table 6 Medical event attribute extraction results of the proposed
method and CCMNN on CCKS2019 and CCKS2020 datasets

(F1 measure)

. CCKS2019 CCKS2020

i WHEE BAME  BEEER  EAWA
CCMNN 78.12 72.63 61.03 52.66
KX F &* 79. 44 81.56 61.44 60.17

I 6 AT LU L FE A EESE b AR SO B CCMINN
T7 125 LA S0 - — A% i 98 R R 50 7 il BB R L 4R T A T R i
Jo SN B L A SO B CCMINN 4% F1{5 A KR #9 $2
Tk, 435 9 +8. 93(CCKS2019) Ml + 7. 51 (CCKS2020) , # kb
CCMNN S FH & T 90 00 7 77 325 il BBCJRE & i 98 A /I A SC4
PR I0K A5 il R 7 1% T LA 8 4 T D e e 8 R /AN )l BB i
KRBT AT H Y

HEEFASC LN ERBF TR AR SR T — Rl F
CHEAE B A B BE AL 4 0 O s AR BB k. dst A
TMAIL™ R F T 2 B B dis O b 553 . 40 TMAIL 3 2o
Xt 955 I3 SCAS T ) ) - 3R AT 4 JR FEHE T Y O 2L 3R BUT 2800 iy
PR T %

S UG AR 3CHE O B0OHE AR R BRI A R TR TE
CCKS2020 #4E4E E#kAT T — RIS 5, |6, M HZE %
AT 2000 By PR B 5 SRS AR IR AN IR A I R BHE 4H
S5 EA SO B GRPh & % BEAY, JF 75 CCKS2020 WX 4R+
BEAT O, SLHEAT 5 500, SLIRES R AN 7 BrF, Horh train
FE 1% CCKS2020 i 1000 43 Il B 5 test 848 CCKS2020 1y
300 43 MR 35 5 train+ 500, train—+ 1 000, train+1 500 , train+
2000 4346 AR 7E train A G R BB B D AR T ACEE . 0
Hb s B T O bs T s B BEALME AR SO/ B Se gl B AT T
10 YA BUX 10 kAR F1E M FEEE A RL W F11{E.
2 7 AT LLE 7R train A 1000 43 Pk i B0 B, 4= 3¢
JrE MR T 74,68 (9 F1{H . il T4 30 k% CCKS2020 &
7 F A BOT AT 5 b i F1{E (73, 52), BeAh. R ATE 7T LU
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Table 7 Experimental results of the proposed method on CCKS2020

dataset for pseudo-labeled data

HES < WK & F1

train test 65.02
train+500 test 69.76
train+1000 test 74.68
train+1500 test 71.44
train+2 000 test 68.01

A FH O B0HE B A A, AR S0 ER E CCKS2020 A4
ST 65.02 (4 F1 {5 {87 O B0H6 1 58 B, A< SC 05 76 BT 9
Tt FLAE R 74. 68 46%F F1 (3RS T 9.66 M7, gk 1
JIi 31, CCKS2020 1l 25 42 M ik 45 6 5 1) o o8 12 97 =8 4 2%
RIMEAE ORI 22 5. Bl 92 45 S 86 1F 7 A% SCHR i £ 3¢
P 2E ARV W LA AR 1R AR SO YR FE AN () 28 Y g R 9 = A
il S 8] 1 5 B8 2% T B

GERIE ARSCHRE T — b SCEE T SR R BEA R
L ST R bR S R M A R, I LR T — R 3
T OCHEAR B A 3 E AL 4 09 D BN A ST 1 B T R R Y
TR RE S, AT AE CCKS2020 Hr3C #1955 U ifs R 2
I7 4 i IBOVE AT 55 P IRAR TSR = 4, 7 CCKS2019 AN
CCKS2020 %4 £ I 1y R i 52 96 3R W] A SC 7 6 A 1 CC-
MNN J5 3P BB A % K Ay 32 T4, It FEAE TR & g K /Nl B -
PEREIAT T R4 T R B T A SCH MR Ay, B4 SCH %
P& Y O B0HE 2B B E B R R B ALY L 5 B0 Y P B
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