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Abstract: In response to the issue of fuzzy event argument boundaries in traditional Chinese medicine ( TCM) event

extraction, an event extraction model integrating local and global semantic features (EE-LGSF) was proposed, which combined
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convolutional neural networks, bidirectional long short-term memory networks, and attention mechanisms to enhance the
effectiveness of TCM event extraction. Firstly, multi-dimensional local feature information of the text was extracted by
combining convolutional neural networks with different filter window sizes, while the global feature information of the text was
captured using bidirectional long short-term memory networks. Secondly, on this basis, dynamic interaction between local and
global information was achieved through gating mechanisms to enhance the ability of model to identify argument boundaries.
Furthermore, a fuzzy span attention mechanism was introduced to dynamically adjust the attention range, thereby optimizing
the decision-making process for argument spans. Finally, label prediction was performed using conditional random fields. The
results indicate that the proposed model improves the F1 score by 3.0 to 11. 0 percentage points on the TCM medical records
data-set, demonstrating superior performance in addressing TCM event extraction issues compared to related models. The
proposed model effectively leverages both local and global semantic information of the text, enhances the flexibility of span
learning and improves the capability of the model to identify argument boundaries, thereby achieving better performance in

TCM event extraction. It has reference value for the inheritance and development of TCM knowledge.

Keywords: natural language processing; event extraction; traditional Chinese medicine medical records; attention mecha-

nism; convolutional neural network; dynamic fusion; span
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Tab.1 Argument and argument role corresponding to the event type
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PR Al B T L R
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T TR LL 5 O Bk & FRR
Jik % Jik %
6 H 25 H 247 2 5 02 Wi v 1 6 45 2R (U G o7/ 3 TN =4S s /N 3
o A1 R 9 B A . A K k] 6 A 25 H&41Z2 PR
PIIBE . 5 8 A ek LU F A
HHIE R 1B 2 7 RO TEAB: BT O
. FENERT R (S BT T s g 1V N NERS T PR RN IR
" TR I R R A 1L IR J7 5l R IR A IR

A SR % 5 B % A D SCAR I AT B8 0 0 » 910 A SCA B3O8 L 35 A B 25 M AR IS TR 9 AT 4R L X S8 T
M 25 MR S R ORI 5 BRSO ATV U . W TAE SR I BUAS AT S BT, DLROKS: A 45 2R T
I A B A R AT R YE A AR PR 2 S5 AR A (] R 2 Y
Xt R S HEAT G 15 I 4] 23 O A R B 9 SR 1R L A AN B
Wi S i SCAS T SCH A D0 TR R A AT U1 o3 . AE D) o3
b, DR B RSO B s 5 IR TR 5 05 VRS R AT
TR CARBEAT I . LR 8+ 1 1 Loy

AR AR RS . BAARE Ik 2.,

2.2 EHHR

iE

k2 FHHMEE
Tab.2 Experimental dataset
Hde 4 FFRGR /A FAECE /A U /A
PIE =S 3872 76 527 4002
IREN:S 484 9 670 420
CoRTI S 484 9 528 411

AR S FH = A F F AR TE B BIO(B-begin, I-inside, O-outside) , B-X FRitot X WA &, - X Fnit
JC X By EIAL O FoRAIEIB T, A5l b =5 0 28 78 0% TR T AS [ 9 S8 ik & 3R (Bl T R B
ZESCAR A B AR 5 fol & 3 AT BE B o AR . R AR SR T 2R R 58 0 £ a5 — A i B OR
W 451) 40 B TIE R UE TR BH R T N N ARAE KR 2 AT G HR T v B B R O A S R A R T L bR
24 B (B-BZS]-ZH) FH (I-BZSJ-ZH) j (I-BZSJ-ZH) 3 (I-BZSJ-ZH) . 75 — A6 7 i 1 F AP R T3
Hir o PRI AN b A e X P B J v 7 vl ) MR FBC Y2 A 1 R T (B-BQST-22) R (I-BQSJ-Z2) B (I-BQSJ-Z2) ¥
(I'-BQSJ-Z2) . £ H LRI E 0 M A S X RARZE 3R 3.3 4 s,

k3 EHArEF X

Tab. 3 Event annotation method

HEH o EES o i)
HE AR B-BQSJ-ZZ I-BQSJ-ZZ
G B-BQSJ-SX I-BQSJ-SX
T “BH B-BQSJ-TX I-BQSJ-TX
Jik % B-BQSJ]-MX  I-BQSJ-MX
K A Py 25 B-JCSJ-JCNR  I-JCSJ-JCNR
KA KALiR B-JCSJ-JCIG  1-JCSJ-JCIG
2 11 [ B-JCSJ-JCS]  TIJCSJ-JCS)
BREFME E B-BZSJ-ZH I-BZSJ-ZH
bER/S B-ZLSJ-ZF I-ZLSJ-ZF
WITdAE B-ZLSJ-FJ] I-ZLS]-F]
el B-ZLSJ-ZY I-ZLSJ-Z2Y

2.3 SCIGF

MERRSHRE

% 4 BIO #riz =1

Tab.4 Example of BIO annotation

It bR vE
Ik ¢}
J& 0
=3 B-BZSJ-ZH
FH 1-BZSJ-ZH
[ 1-BZSJ-ZH
553 I-BZSJ-ZH
, 0
B-BZSJ-ZH
T 1-BZSJ-ZH
N 1-BZSJ-ZH
% 1-BZSJ-ZH

ALK H  BERT FRHCIR A 4EBE Ry 768, 2% 2 R E R 2X 10 7 BB ip HAL S B4 2 R R 1X10 1,
BiLSTM K Btk A 4k Bk 384, BILSTM 1Y [ )22 )2 80 2, Dropout W # 4 0. 5, Epoch i 20, FERE J1 3k %L
N 8 AR Adam,

AR SCAE FH = 0 BT 55 7P S5 B RN 38 bR B B0 R (P) VH PR (R) (JF1E R PG LA 1 R
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2.4 XPLEARE

LR e FH AS [ 94 90011 5 A TR o o o 400 3oL = 0 el B 3 0k o PR I AR SC % ) BERT-CRFY'
ALBERT-CRF"" \RoBERTa-CRF"" ff: h— 4 X B #E A . BERT-CRF 454 7 BERT M50 CRF (1551
PR BE J1 K 1 HE BUR 5k BIO AT 45 . R CRE 8 & 77 910 bk 1 19 — 2otk At i+ . ALBERT-CRF A
ALBERT 3h 2517 [f] £ £ 47 $# E 32 B, RoBERTa-CRF {ifi /] RoBERTa il 1t 75 K ML K} - B 245 3 1 T
Wk P T 1 5 Fon e )1, AR &2 44 0 bR SCHR i .

AN A 3 FhEE BT A 55— 2 X B AR . Lattice- LSTM-CRF " Jg— il [W % 45 44 4 1< S if 4T
12 W 2 SR 2 ARl OB Y s BER T-BIGRU-CRF il i BIGRU &b BB 745 B 1l CRF P AL bR 28 77 47 114 T
B i1 (4 3% B3P ; BERT-IDCNN-BILSTM-CRF“ it 7 BERT #Y L F 30/~ . IDCNN ) Jo S REAE $2 B BiL-
STM WK BE BRI 2 5 CRE 2 MFR % — B0tk B 7838 T SOR B RS 10 B

3 XBWERELHHN

3.1 HEEILELER

M 5 SLER S5 R AT LU AR SORER AE M R
LT A B AR, AR 1 AN R
AL, A SC B A AH B T BERT-CRF M

A5 TR

Tab.5 Experimental result

LAY P R F1
RoBERTa-CRF 7£ F1 fH L3 Bl#&F+ T 5. 40 f1  BERT-CRF 70. 31 68. 70 69. 50
3.98 NH4r 4. 5 ALBERT-CRF # RU4f [, F1  ALBERTCRF 71.54 66. 43 68. 89
e a s o RoBERTa-CRF 7417 67.97 70. 92
fEHET T 6. 01 A F A3 ek B E T A SCE A A7 Lattice LSTM-CRF 71.43 58. 39 64. 26
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Fig. 7 Structure of LFEM module after changing convolution kernel parameters
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