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Abstract: Automatically extracting unknown drug—drug interactions from biomedical literature can update the
drug database quickly, which is of great importance and medical value in application. Existing neural network mod-
els often can only learn a single one—sided feature in a certain aspect from sentence sequences or other external infor-
mation, but it is difficult to fully mine the potential long—distance dependency features from sentences to obtain a
comprehensive feature representation. This paper proposes a novel drug—drug interaction extraction method combin-
ing semantics and dependency. In this method, we not only use the Bi-GRU network to learn the semantic feature

representation from the sentence sequence and the shortest dependency path of the target drug entities, but also com-

* Wi BE#:2021-07-27
HELWB W A RF»3 41 H (2018)J2534 ), Nature Science Foundation of Hunan Province (2018]J2534) ; % 2% 0 5 i £ ) 15 45 3%
T e A T AT LG A RO 4 101 H (2020WLFZZC003) , Open Research Fund of Key Laboratory of Network Crime Investigation of Hunan Pro-
vincial Colleges (2020WLFZZC003) ; [# % ® S 0F & 11 %13 B (2016YFC0901705) , National Key Research and Development Program of
China (2016YFC0901705)
EE® NP #(1980—) , 20, MR VDA I R 482 B Rl B d=
T AFEE R A, E-mail :anying@csu.edu.cn



% 6 3

WA AN E R SCRVRAT R A I 25 W) AR AT DG A Al 91

bine the multi-head self-attention mechanism to further capture the potential dependencies between words. Finally,

these multi-source features are fully fused to effectively improve the performance of drug—drug interaction extraction.

The experimental results on the DDIExtraction-2013 dataset show that our method outperforms other existing meth-

ods and obtains an F1 value of 75.82%.

Key words: drug—drug interaction; relation extraction; recurrent neural networks; multi-head self-attention

mechanism ; the shortest dependency path
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softmax PRI BZ L 25 Wy %t 8 150 1 S ARy

y(p €)= softmax(W, - r + b,) (23)
Hrw b, A EZSE .

3 KWERESN

3.1 HiEK

A SCAdFH ) 52 56 K04 3 >k B DDIExtraction—
2013 P %5 45 5 . % B4 4 7E DDIExtraction—2011
PEE a5 6L & 192K H DrugBank 23 %2 DDISCAR (T
FEerl b B E— N T MedLine f# 22 SCAC, 3L 3140
905 173 AR (H A 730 5 DrugBank SCAS , 175 5}
Medline SCAS). i i BEALIEFE 1) 7 20, 1 RHE S 77%
() SCA R AR I ZRAR | TR0 2 (4958 43 DU A A i
BHGEE AT SCARER LA XMLAS A 7174, SR
(8 24540 4 R 24 ) AR B A B 18 X7 12 Pl AR DG 81 K
SEIN TR , AR T 45 358 L0 A A AEAH B
YERL X AEAEAR BAE B 25 90%5F 4 53 LAF U2

Int: ") LR T AN H AR 25 W) 2 0] 22 K A= A
VERT AER S #E— 20 U]

Advise: H] UL TP BAR2h W) 2 0] 25 & B
FHEAEH, IR H T 8.

Effect: ] FR L] T P4~ A AR 25 %) Z W) 2 Kk A= 4
HAER, R IR T A B A )

Mechanism : A] P T /A~ B AR 2454 Z 6] 23 %
AR EAE T 41 1 1% DDA 25403h 1 “# L .

AR TIUAL B AL B v BIr 3R A0 5 MU, e AT 0 £
a4 R S FEAT T RH ) AL B e D A AR
PEGIHE B NE 1R . NRB AT LI & 144
S SR B AR T 166 A4S IEARE A 14 785 4> TURE ()
T LU AR, XTI R 00 2 A B L U g
8 AN IEREBE S SRE ], I AR BIPESETH
A A g MU B4 BT A SRR B A LB SE
R, 2 5 RE M.

%1 DDIExtraction-2013 HiFE5KITER
Tab.1 DDIExtraction—-2013 dataset statistics

ERs AR
BT S

1E 4020 3854 979 971
kil 23772 8987 4737 2049

Advise 826 814 221 221

Int 188 188 96 92

Effect 1687 1592 360 357

Mechanism 1319 1260 302 301

3.2 IWREMITIER
A3 AH FH LA TensorFlow A J ity ) Keras HE 223k
S UAH SRS FEAR Y . JR) i AR R A Y 4E 5 )
B 200 A1 15. 9 1 B ki 006, FRAT TP Y ) ik
A JZ i 2 #R R T Dropout 3 % ( Dropoutl 1
Dropout2). FZ LIS EB B WK 2 s .
R2 FEXBBHRE

Tab.2 Main experimental parameters setting

Z K4 18
Batchsize 64
Bi-GRU [z BT 4L 200
Dropout1 0.7
Dropout2 0.5
ESE S 0.001
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2 HACE 2 — 25 Wy WU AT AR LA DT
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Y%k # 0E A MR . B B B A 8 A AL - HE
%P(precision) A @%R(Recall)ﬂ]F]{E(F]—score).
FAR AT R

D) BCHERA 3« DARRIBCAY 5 28 08 A o 1 A J32 ok Xof
BRI AT DAL, AnF

. TP
micro = p = s
2) WA ] 0 DA A 4 30 1Y) g RE R X 5 L AT

(PN

(24)

TP
" TP + FN (25)

3R F, (E : RS A A 4 3 F AL R AT 255
E3 AW

micro — R

2 X micro — p X micro — R

micro — F =

(26)

micro — p + micro — R
o TP (True Positive ) 42 48 8% 1E #5328 M IEHEARY
FEARAEL, FP(False Positive) 15 T FEA P g A5 12 4325
R IEFEARPIFEAA KL, FN (False Negative) 18 1IE AR
TR RSN AR I FEARA KL
3.3 Baseline 7%

J T VPR A SCER I T R A RO, RS DR
JUFf baseline Jr k#1717 LA .

FBK—irst"” s 1205 ¥E & —F 5L T A% 1Y Jy ik, i o
RS N (A2 N, B THRIE I N4 )
SCEL DDIAYHEHL .

Feature—based kernel ®: 1% J5 ¥ & —Fh 3 FHF1E
7 B BRI T 2 AH AR A9 T TR AT,
TERFIE , IR Rl DDL

Basic—CNN"': 1% J5 i 1) ] 4 B bl 28 0 2% A s
Te gt RS B[] ek o 2 >0 SRR IR DR S B DA AR W B 2 SOAR
Fili X DDL

MCCNN'"™ 3275 7 18 2o AN (] f) 36 1 il 5 22 i)
Te] AR A 2 O B O U B YR ] B R OR , A
FHA TR 28 5 28 D il D DL

GRU+GCN™ % J5 £ 2 — Fi 45 5 T GRU Al
GCN(Graph Convolutional Network ) 4 1 & #it 25 [ 2%
I3 0 AR5 SRR ik P rh g 2] REAE SR X DDT R Ay
oK.

UGC-DDI" %77 i il i fil 5 P 2B A A
AIFAE B R LSTM M rh 4 BRURRAE > Al B DD

Dep—LSTM'™ 1 1% J7 i & — 6 F Bi-LSTM Ay
R 254 T AT P SVRRIE FISE FARAT 56 R W ARAE .

LSTM+A" 1% 05 53— B oG 47 B A5 B
T2 ST ML, 3R] Bi—LSTM M ) 2% 2 R AE 52 i
DDI {4l .

BERE"™" - 1% J5 I FH TR & S ) o 26 >F T - b 45
A SCRHIE AR R FRAE R B4 A) 7, JF il 5 1R
AT Je fi AR SR A I 26 32547 DDAl .
34 RO
3.4.1 HFIERRE-09 A RO B iE

R T B UE RS R SO AR G R FRNE A A0
FRATAEA SR A [y Fe ity 1 52T 4 F sl fifi A7) 7
FF 51 455 i B S A A7 6 AR R 1 ) T AR AR Y O 5 3,
TRt A 256 1h SCRMAE G R 19 DDIE J7 47 T
PERE LU . I SOX] PR R A4 - 1) PRAl ) F S5 AR AT
AR HRAE A9 Bi—-GRU #5251 (SDP) 5 2) B4l 1| A1)
HIFAE A BI-GRU B AU (Sen) 5 3) B4l ] ] 4] 17 471
BRI IR 456 17 23k A = I PLH A9 Bi-GRU #1#
(Sen+Attention) ;4)SDP 1 Sen 47 1745 6 )5 AR
(Sen+SDP).

=3 HERMEITER RN
Tab.3 Effect of fusion multi—source features

on model performance

Pl% RI% F /%
SDP 56.01 49.13 5237
Sen 74.53 72.63 73.56
Sen+Attention 77.52 7222 74.78
Sen+SDP 75.7 74.16 74.92
AR5k 77.23 74.46 75.82

FH 28 3 FI7m B S IR 25 SR ] DU 5], SDP A fg v
R A IR AN F AR T X FAS R A R A Y X S
RN S AR A2 LB T H AR 259 LR 2 [A)3R 4
I L) ] 5 5 B AVF 2 oA - E B
SECHURDE B 2 2R . A R AR AR
FIFIPAEL S T B R se s w s, NI, B
F A F 7 R4 T REAE 2 2] () Sen BERYZRAT T 48 15
T SDP ALY B B . 38 1k @l A ) T3 91 R SR AR AT
AR T 7 T B 4AE , Sen+SDP B 3545 T B 5 A T
oA LT PR RR AR () P R FLHERA R A [ R A
F A 9K 8] T 75.7% ., 74.16% F1 74.92%. 1L4h,
Sen+Attention 8 SR W AAAE FH T ) F ¢ S ARIE , {H
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Je, T2k HEENPLHI I 858 T RRLR IR
IR B OB R A BE 7, 9T LA, JHG e Al 7 e B T
FA—FRIE R Iy 5974815 T 423K Sen+SDP I PERE . A
SCHR BB Rl 1 SCRMRAF OC 2 1 6 Ak |, )
FH 23k A TE B I HLH E— 2B 3R T TR BL Rk 2R
N2 ey, IR T e A3 % b 7 ¥ v R i Y
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JIALHIA T4 T DDA BE 1 B T A 65 1Y 12
HEFER .

3.4.2 5 baseline 7 ik a9 Mk rb %

F4JEIR T ILRMCERME M 2590 A BAE DG R 3l
WOk 5 AR SO B PEREXT LU A5 3R . AR aT LR
BT HLE S ) B ik S R TR AR ST 1 U7 AR
W HAE — 2., FBK-ist”' 1 F [ R A
65.10% , 52 It A3 L35 i B IR . JR A4S Feature—
based kernel 38 3 fiff FH 221 AT 5 A0 R0 FREAIE
AR A T DDLAY IR PR RE  H I FE WA
T1.1% . 3% 32 %L J2 PR Ay ok 26 7 12 3 i ) FH AR N T
I A% G AR TR SEIURRAE A 4, R IE R
1) F2 LR RS 4 T A AR 2l R b5 M 128 T ik 1Y)
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Tab.4 Comparison with other baseline methods

Y Pl%  RI%  F /%
HTFpLE FBK-irst'® 64.60 6560  65.10
FAMTIE Feature-based kemel ™ 7370 6870 71.10
Basic—CNN1! 7570 6466  69.75
MCCNN!Y 7599 6525  70.21
GRU+GCN!* 73.60 6820  70.80
STV UGC-DDI" 762 668  71.20
ERe] UWRES Dep-LSTM! 12! 7253 7149 72.00
LSTM+Aut"'®) 75.80 7038 72.99
BERE'?" 76.80 7130  73.90
KSR 7723 7446  75.82

HHZ T TR 2= 2 Tk T DL A 3l
I3z 4 T MR AR T AR DGR, A T R A R
fiE2F 2 ML RBE ) . Hirp , MCCNN"Y 3 3 R[] A 3
T 25 A A WA A 0] ) 22 15 21 e 2 A FRRAE 3R (B
ST 2R T AT R A B AR R DURTE TR
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1 Dep—LSTM " Fili & 1 Ji b 4] - 47 v 1) B0 1) R
SCRFIE DA B PR 5 48 sk /) 3k P61 v 44 81 1 G At ) 7
SEFRRAE, BT DL, 35 B RE Y % F MCCNN. UGC-
DDI?" )y 38 3o f# F UGC (user generated content) ¥
524 DDI A 4l P (L T 2247 F () SRR 2.
MALEE T F A . LSTM+Au 5 T WA+ %
B Hp 2 ST REAE AN, 33 1 1 R AL R il Ak 4 ) A%
PRI A AR S NIRRT 1 P — 20 4 v 2
T 72.99%. BERE""' | j& 3@ i Tree-GRU 55 4K 15341
1] 1 RN T, 2D SRR R SCRFIE R A S
A ) P B e T R ML AR RN A 2 B
LHHEFRRIEAT 328 S T 73.9% 1 F (8 . (EA5 1
B 1535 T XA T8 AT SCRFIE | 5 AR A 1%
Fo P B i 25 R RRAE A K FR 223k F TR R T HLH R H
() BRLTE] R AR B G R, AR SC AR FE B E T
75.82% ,3RAG T T AL TERE .
3.4.3 EESHT

35 IR T ASOT AR [F 26 51 DDI A 43 2 45
B NSRRI LLE 1, — 2L 405 A FEA B A 1% 55
X FEATIT A FEA T A 155 PRI N IEFEAR
2 5 AR IEREAR Y 38% 5 7E 979 M IEAEA A 190
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X RO R 25 YA A R R PR AE f £
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TRINEAEAE ZAHAL IR B AR 259 900K, X 45 H s
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fect”“Advise” fl1“Mechanism” =25 DDI_F S T &4
(2B . Horpr, “Advise” 288 DDI (4 BUR S T B i
179.34% 1 F {8 . 302 G F 25 g U AR TP
FC3E H BN AR E R I, (A S AT X S 5 T X 4
SR, X T “Int” 28U DD, 1 T I ke A 52> (R
1884~ , ANF AT YN b A 19 25% ) , Hoor I
fef 22 RS T 52.29% 1) F (8. [AF, AR A
W] LA B, 16 3L 96 A “Int” JE R A I FEAS
56 IR S H A 37 (29 66% ) 2K “Int”
RAPLR N “Effect” 2RI . &t FH# 534
FAUBOR MR T R 2 IS RS R RSOR A
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Tab.5 Performance of the model on various DDIs
PR Eff Advi I Mechani Negati Pl% R/% F H%
. ect dvise nt echanism egative 4 4 1 4
el
Effect 288 2 1 4 65 75.59 80.00 71.73
Advise 0 169 2 1 49 82.44 76.47 79.34
Int 37 0 40 2 17 70.18 41.67 52.29
Mechanism 4 7 0 232 59 77.08 76.82 76.95
il 52 27 14 62 4582 95.62 96.73 96.17
lanta, Georgia, USA: Association for Computational Linguistics,
4 Z:él: .L/k\' 2013: 351-355.
[3] HINES L E, MURPHY ] E. Potentially harmful drug - drug inter-
actions in the elderly: a review[J |. The American Journal of Geri-
2! S IR Wy I 2 2
E%*ﬁﬁ,ﬁzﬁﬁ%% TEEE&IE{:E% E%ﬁég :J:EEEX EF‘ atric Pharmacotherapy, 2011, 9(6) : 364-377.
VR RE AL S Yk £ 4
1 EE BT 55, BUA B9 38 T IR BE 2 ) i 7 R AR AR U (4] HOCHREITER S, SCHMIDHUBER J. Long short—term memory
] F A s H A AR B 2A ) H— B TR RTE [J]. Neural Computation, 1997, 9(8):1735-1780.
%{fﬁﬁi&%”}ﬂiz’gtﬁgﬁﬁﬂg;’:ﬁ;é{%‘%\gj{ﬁééﬁ [5] HONG L, LIN J, LIS, et al. A novel machine learning framework
E,(J %‘:?J‘_E%/j—:\‘ ) "ETX?iZ*IEJELﬁ ,Zlgi%l'_l—ll T‘gﬁpég‘:%iﬁ for automated biomedical relation extraction from large-scale lit-
N N N . N erature repositories [J]. Nature Machine Intelligence, 2020, 2:
SCA NOESEE RN 3 %
IR WBI R RREA T, 97
3 N2 ST r 1 i
%EM/@¥}J?§U EP%EIE'X#W{I—E E/J%EIIJ: ’%UFH Bi [6] HONIG P K, WORTHAM D C, ZAMANI K, et al. Terfenadine—
GRU M éﬁM H *ﬂ‘%%i'ﬁ: E’J%@Wﬁ%@ ':F‘ %H"X*H ketoconazole interaction: Pharmacokinetic and electrocardio-
éé/ﬁjﬁi %:‘ﬁE s E]Hﬁi&—‘ﬂ}éﬁﬁg% E ?_:‘E%n\jj *ﬂﬁ;‘u;’é graphic consequences [J]. JAMA The Journal of the American
%?E/EJ% Ij;] %Biiﬂzlﬁj ?}2‘;}'{7{ Eﬁ@iﬁ;&% , %Eﬁ%ﬁﬂﬁ Medical Association, 1993, 269(12): 1513-1518.
%@E*ﬁ %:‘{[E %Qk@ﬁﬁﬁﬂﬁﬁﬁ%g% #?Eﬁ&ﬁﬂﬁ [7] KIM S, LIU H, YEGANOVA L, et al. Extracting drug - drug in-
> ) X i NN
teractions from literature using a rich feature—based linear kernel
H %’% 2‘ AY \l:] l =]
?mﬂ‘TE%E%izli$iﬁ%$ﬁ§1’ﬁﬁﬁ3§§bﬁ]*ﬂ?ﬂﬂ approach [J 1. Journal of Biomedical Informatics, 2015, 55: 23
WY REARPERE . A SCHOAS R Z AN TE T, FATTI i 2 _30.
%EET IEJ—/ﬁI?W%%?FHEVEFH?é%E@%EX,W?ﬁ [8] KLEIN D, MANNING C. Accurate Unlexicalized Parsing [C]//
ﬁ%lﬁxﬁ/ﬂ¥qﬂ%%§ngrﬂ E‘J?é/% . E}E}EE@ Proceedings of the 41st Annual Meeting of the Association for
T ,ﬁ—i LJF‘ , ?Jaﬂ‘-] }HQ Tﬁ%*ﬁﬂﬁ% I‘ETJ %%*ﬁﬁ?ﬁﬁﬁ?ﬁ% Computational Linguistics. Sapporo, Japan: Association for Com-
. . " N putational Linguistics, 2003 : 423-430.
) A fiE EH A AE S B s A s —
/J 7 J ) TEEHX g jj ’ JTT ,f * %E&*}E% = ﬂ} [9] LIUS,TANG B, CHEN Q, et al. Drug—drug interaction extraction
AT AED TR (4 73lr
gﬁlﬁ)ﬁ%iﬁﬁﬁy&@ : via convolutional neural networks [J]. Computational and Math-
ematical Methods in Medicine, 2016, 2016: 1-8.
%%j{ﬁk [10] MIRANDA V,FEDE A, Nobuo, et al. Adverse drug reactions and
drug interactions as causes of hospital admission in oncology [J].
[1] CHO K,VAN MERRIENBOER B, GULCEHRE C. et al. Learning Journal of Pain & Symptom Management, 2011, 42(3): 342-353.
phrase representations using RNN encoder—decoder for statistical [11] NIVRE J. Dependency parsing[J]. Language & Linguistics Com-
machine translation [ C ]/ Proceedings of the 2014 Conference on pass, 2010, 4(3): 138-152.
Empirical Methods in Natural Language Processing (EMNLP). [12] PAULUS R, XIONG C,SOCHER R. A deep reinforced model for
Doha, Qatar: Association for Computational Linguistics, 2014: abstractive summarization [CJ// Proceedings of the 6th Interna-
1724-1734 tional Conference on Learning Representations. Vancouver, BC,
(2] CHOWDHURY M F M, LAVELLI A. FBK—irst: A multi-phase Canada: ICLR, 2018. DOI: 10.48550/arXiv.1705.04304.
[13] PYYSALO S,GINTER F,MOEN H, et al. Distributional semantics

kernel based approach for drug—drug Interaction detection and
classification that exploits linguistic information [ C ]/ Proceedings

of the 7th International Workshop on Semantic Evaluation. At-

resources for biomedical text processing [ C]// Proceedings of the

5th International Symposium on Languages in Biology and Medi-



100

PN QR 2]

2022 4F

[14]

[15]

[16]

[17]

[18]

[19]

[20]

cine. 2013: 39-44.

QUAN C,HUA L,SUN X, et al. Multichannel convolutional neural
network for biological relation extraction[J]. BioMed Research In-
ternational , 2016, 2016: 1-10.

RAIHANI A, LAACHFOUBI N. Extracting drug—drug interactions
from biomedical text using a feature—based kernel approach [J].
Journal of Theoretical & Applied Information Technology, 2016,
92 (1):109-120.

SEGURA-BEDMAR [, MARTINEZ P, HERRERO-ZAZO M.
SemEval-2013 task 9: Extraction of drug—drug interactions from
biomedical texts (DDIExtraction 2013) [ C1//Proceedings of the
7th International Workshop on Semantic Evaluation. Atlanta,
Georgia, USA: Association for Computational Linguistics, 2013
341-350.

SEGURA-BEDMAR I, MARTINEZ P, PABLO-SANCHEZ C D.
A linguistic rule=based approach to extract drug—drug interactions
from pharmacological documents[J]. BMC Bioinformatics, 2011,
12(Suppl 2): S1. DOI: 10.1186/1471-2105-12-S1-S1.
SEGURA-BEDMAR I, MARTINEZ P, PABLO-SANCHEZ C D.
The 1st DDIextraction—=2011 challenge task: Extraction of drug—
drug interactions from biomedical texts [C]// Proceedings of the
Ist Challenge Task on Drug-Drug Interaction Extraction. Huelva,
Spain: CEUR, 2011: 1-9.

TAN Z, WANG M, XIE ], et al. Deep semantic role labeling with
self-attention [ C J//Proceedings of the 32nd AAAI Conference on
Artificial Intelligence. New Orleans, LA, USA: AAAI press,
2018: 4929-4936.

TARI L, ANWAR S, LIANG S, et al. Discovering drug—drug inter-
actions: a text—mining and reasoning approach based on proper-

ties of drug metabolism [J]. Bioinformatics, 2010, 26 (18) : 1547 -

[21]

[22]

[23]

[24]

[25]

[26]

[27]

i553.

VASWANI A, SHAZEER N, PARMAR N, et al. Attention is all
you need [C// Proceedings of the 31st Annual Conference on
Neural Information Processing Systems. Long Beach, CA, USA:
Neural information processing systems foundation, 2017: 5999 -
6009.

WANG Linlin, ZHU Cao, Melo G D, et al. Relation classification
via multi-level attention cnns [ C]// Proceedings of the 54th An-
nual Meeting of the Association for Computational Linguistics. Ber-
lin, Germany: Association for Computational Linguistics, 2016:
1298-1307.

WANG W, YANG X, YANG C, et al. Dependency—based long
short term memory network for drug—drug interaction extraction
[J]. BMC Bioinformatics, 2017, 18(S16) : 578. DOI: 10.1186/
$12859-017-1962-8.

XU B, SHI X, YIN Y, et al. Incorporating user generated content
for drug drug interaction extraction based on full attention mecha-
nism[J]. IEEE Transactions on Nanobioscience, 2019, 18 (3):
360-367.

ZHAO D, WANG J, LIN H, et al. Extracting drug—drug interac-
tions with hybrid bidirectional gated recurrent unit and graph con-
volutional network [J]. Journal of Biomedical Informatics, 2019,
99:103295. DOI: 10.1016/j.jbi.2019.103295.

ZHAO Z,YANG Z,LUO L, et al. Drug—drug interaction extraction
from biomedical literature using syntax convolutional neural net-
work[ J]. Bioinformatics, 2016, 32 (22): 3444-3453.

ZHOU D,MIAO L,HE Y L. Position—aware deep multi-task learn-
ing for drug — drug interaction extraction[J]. Artificial Intelligence

in Medicine, 2018, 87:1-8.



