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Drug-Drug relationship extraction based on entity
information and graph neural networks
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Abstract: Drug-Drug interaction refers to the mutual promotion or inhibition between drugs. For the ex-
isting drug relationship extraction methods, the use of external background knowledge and natural lan-
guage processing tools leads to the problem of error propagation and accumulation, and most existing
studies blind drug entities at the data pre-processing stage, ignoring the target drug entity information
that is helpful to identify the relationship category. In this paper, a drug interaction extraction model
based on pre-trained biomedical language model and word map neural network is proposed. In this mod-
el, the original feature representation of sentences is obtained by pre-trained language model, and the
global feature information representation of sentences is obtained by convolution operation on the word
map constructed based on data set. Finally, the feature representation of drug interaction relationship
extraction task was constructed by stitching the feature with drug target entities, which can not only ob-
tain rich global feature information but also avoid using natural language processing tools and external

background knowledge, and improve the accuracy of the model. The F, value of the model on the DDIE-
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xtraction 2013 dataset achieved 83. 25% , which outperforms the current latest methods by 2. 35%.

Keywords: Drug-Drug interaction relationship; Pre-trained biomedical pretrained language model; Drug

entity embedding; Graph neural network
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25Y1-25%) A0 H AE F (Drug-Drug Interaction,
DD I Z 1 U A ) 2 27 56 22 4l v e M A AT
%5 Z— B AE AW & 27 SO v i O 22 b 24
Yy SR Z Rl AE BAE DG &R FENG IR FH 2 2
Fh 259y [a] s i HT AT B2 A2 25 WA AR S X b
A AT REFE RS N sl 20 245 W8 R i R 1 Al 25
PN RN BE 55 N B3 AR A A6 B Kok B[R] H A
DDI A SR L. SRT . BE A A ) 5 27 SCHRAER
ARG, F 2l DDI {5 2 BE 2% i) 35 5t
I T A 250k, MG R 2 SCR v F B ER A A AL
7R C O RFSE N DL IR A AR R ) L

SEAESE , B DDIExtraction 20118 #1 DDIE-
xtraction 2013 24 ¥l BUAT: 55 1) & Afi » 4% Ff DDI
PEPOTIEPAR o KRBTSR N LA 3 25 B F
PEECVC BL A 7 i B TR A BL A2 > T i mnsE T
TREE 7 T 7 1. B TR CIT BE 0 J7 v 21X — 4k
M GE T R AR i 6 B A A5 R D JC B D ke
UM A Wy B2 AR Z (Al A1 SOOC R  H AN TT Zobm
WCBE  H TR ZE A B 2 L R e Ao TR B
ECT- S Gm RN, Hy T3 SRR X sl U 3
HANREAE N SO H R IR R AR AL B R 3R A
I Pl 7= A THLER 22 2T W7 vk SR T LA 22 2T 1
KA AMIBOR AR R SN A BT ik Jl i 27
AT 2 Fh 2 RE 1 RRAE  IF0 L A SR 1) i
BL B o 28 rh. 50 26 3L A =R DS S 1) Jy vk A
P BT HRRIE AL AR 27 2 D7k U T BRI )
I+ HE A B n A a k. (R EIHFREAN T E
SCRRAE Lo in) P )ik R AR, BT ARG SE R
AR B AN B 2R 15 5 AL B (Natrual Language
Processing, NLP) T E., [fij iX 24 T EIfJF R4 40
el B TE AN PRI MG 25 A A A 1R A 4 DA T 522 Wil 12 RE.
1558 TURBES: 2] 24 JE T2 28 1) 1 S RRAIE
L BRITE DDI 42 BT 55 i IS 1 B8R 1 i,
XA BRAE TR A KT TAHE RSO T
FI 2 MBI 27 ST AH G m FIVRRAE T s &
FAFMBHE RE R N DR, Ban, SR
2% (Convolutional Neural Network , CNN) FlE
Fp 28 M 4% (Recurrent Neural Network, RNN).

SR 33X LEA1 28 ) 28 AR LN 25 5 1 ) - S BT
SURRIE  PERETEAE A BE DL T3 TR RN N AZ T 5 1Y
R, PRI N B3R A MR B AN T 5k
G SRR B THE 55 PR RE. X 28 5 L ER A K b A2
kT DD 4 I (B AT SR A A LA BB, B o fil
FH SRR A BAY AT B T ey BR T L L8R
R SRR DR R e 3 B, A e 2R 4
ANBEIE AR, U S 7 I g - o 24 4 S A4
X Z (Bl AH EAE PG &R RZE05 5% 1 FI A+
HRC AR B Ah 55 SR R AU A A RRAE  Lb anie]
FEAE /) 1 AR AR AE LA BB R AR AT o 1T 3K 6 R
TE R PE RS T NLP T H, [N rT ge 2 A oy il 32
MG FIAR RN S BUL I P e T .

Z 3] VGCN-BERT FI I 5 (1 A= Wy < 24 1
= 5 8 (Biomedical Bidirectional Encoder Repre-
sentations from Transformers, BioBERT)™! () J3
RS EEXT IR B 1), AR SCH T T 01 2
A=W B 21 A 1 TRV B FR 28 I 2 OC ZR il
B #58 #Y (Relational BioBERT Vocabulary Graph
Convolutional Network, RBio-VGCN) , iZ & &Y 1§
it BioBERT [ gl 345 1) Fl L A4 i ARFAE BT
A EE LTRSS iapE RTINS IR IR VN
SalC K 347 K 48 1 (Graph Convolutional Net-
Work, GCNDU MR SRS 5 4] A1 G 42 R i X
FHIE, 5T BioBERT #HI AN R b iy B 122 AL
Tl A A G B S 2Rt UM S B A/ 38 H.
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BY SR MG AR AT AR T 19 R SUE BRI AT I 45 4
5L AHR DL R A A T B ) TR i
PRI 254, o A5 1250 A0 1T R 23 3 32 485 1R AL K A RN
B, AR T 259 HARSAARXTRRIE AR Bk ks
HHE AL

I F B ML LR T N T A R
AL, HA I gl H A BERT W i FH 2
JZRL] Transformer " 4545, MIHZ )2 2L HE T
BILHDRE ) (14 1 S 2T ) S 1] 46 51
i) i . BioBERT 2 85 — AN 76 4 1) 5 24 S 1
R 23 WU 25 (1018 75 R AL 1 4 AL 06

BERT WAL EAERI 1a AL S0 SR 5 1 A W) 2 2 4k
(8L PubMed $i# 22l PubMed Central 42304
#7112, Nguyen 257% £ T Relation BERTHY
B, i BioBERT k4% 7) ¥ B F UfF B 7224
YA AR B S LGS T R AP RE. (ER A
Rl B bR 258 S S AL I ARAEHT B BRSO
FRAE(S B T2 R Zhu 2507 ] BioBERT
PAFR) TR A IF A9 AR RE(S B H
(] Bt AR 5 | AR S 25 W0 i B I I DA
BEUL BB S h 25 R EAS B TR g | AR
R SR BRAIR T ARz A e

DA b 7 VAR AR T AR AR U S
IR 3K ] BE 2 ZA BT RIA R A S M B R LA SR A
Rz AR J7. JF H B AR SRR A+ A EAR B
5 HARSARA R SGE F R TR EA
PRI S 1 0 A K 22 8 T AR AR 1 B 1Ak B By B
B2 9 A, TR, AR SCHE Y ) RBio-VGCN
RERYE 1 7E DD £ 48 48 1 A8 S in) 1 TR 28 09 4%
{H1 450 F AT A M AR AE 09 [F] o 3k e 5 | AR
T SRR (R FH RS 4 v i Tl VAL 22 5 gk A
fd PSS =7 NLP T B @7 a7
3 KXFH*E
3.1 EHEHER

DDI ¢ F O M 48 A8 W B 2 SOk vp 9 41 1
XTI 25 SR Z B AR B S B A T 4028, A
SCAE 245 - 245 W0 AH HAE S s 4 DDIExtrac-

tion 2013 PEATSLEE . 25924 MY AH EL AR T 5 R Al
SEBIAnIEL 1 TR,

“Milk, milk products, and [calcium] -rich foods or drugs may impair the absorption of [EMCYT]."

B 1 #H9-hdin ZAER X & B H)

Fig. 1 Examples of drug-drug interaction extraction

XA g o 2 AR PR IC : eg = calci-
um” Fl e; =“EMCYT” A 3L Hbr & A g
) 2 i, M2 e, T 3R 1 e R Mecha-
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AT A S e, e KIHEA. 1 T 36755
RIFHIE 2 R RRE (5 18, A SO TR P 10
R TRRC I K T B A A SRR i

LR AR AR DDIE 55 H 5 B A1) TR A5 L
PRFEARRAIG R o AT TR G 4
JRy R ARG W) F bR SR A PR 5 il Softmax

ICEIEA T BFERAE, SR )5 1 H BioBERT 1 £ 21 PRV A — b 5 i A5 A S I AR, HEZR AN &) 2
BB TRIES A T & R IE T R .
=
_ & £ = :
| o ] AL
AR P AR
YN BRI TN AT
i
(Tm] [Tm]  [Tom] (Tm] [Tm] [Tm]
P BioBERT 4,‘,;\:',5»\:\:\’%;,!{‘:1}\\ C AR
Trm Trm Trm [Trm | [[Trm] [E
{
AL A2

A 2 RBio-VGCN A A 45 #y
Fig. 2 Structure of Rbio-VGCN model

3.3 BWAE

AR SCHRAIE S 880 v (0 245 ) A4 A OAH LA
I TAARRE. BT X B BR 259 SR XA H Ak X))
TR B BRSO 1Y 259 S T “ GRUGO” i
frEth. i PASUE AR E P E &bmictr 72
PSR DA P 2R A7 i 24 SEAR U, R R
1EA] s 24« “Dexamethasone at 10(—10)M or reti-
nyl acetate at about 3X 10(—9)M inhibits prolif-
eration stimulated by EGF.”, H.:tf “Dexametha-
sone”,* retinyl "L M “EGF” s 25 ¥y SL 4K, % 4]
T =AW R, S Y SR A A 2
Jei s AT LIS B =4 259 X0 ) 5, ZE X RS R) g
H AR AR AT RR AT S ARIC G - 257 4E =AM A
WAL R 1 PR,
3.4 BAE

AR R T4 m) b i i) 1 S ) [ — A
s [l I HARYE )19 R SGBESES Al rh
() 1) bt B ] £ o AR SCiE#E BioBERT X 41 -

TR AT . BB R T s = (o Jic s P £ 3R
AT R s w, R AT IR AE 7 AT
BioBERT XJ /5] 1 s 47 £ F 30464, 15 2 i A3
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s'=[w! J'-1 =BioBERT ([w; J'=1) (D
Hor e Sk, 1 BT SCH A% ) ik, 4EE R,
Horb d JE PR 5 1R Rt = A 28 5.
x1 BWNBALE
Processing of input sentence

Tab. 1

GER 2pxt Bl A
$ Dexamethasone $ at 10(—10)
M or # retinyl # acetate at about

(Dexamethasone,

retinyl ) false 3 X 10(—9) M inhibits prolifera-
tion stimulated by GRUGO.
$ Dexamethasone $ at 10(—10)
@ (Dexamethasone, false M or GRUGO acetate at about 3X

EGF) } 10(—9) M inhibits proliferation
stimulated by # EGF £#.
GRUGO at 10(—10) M or $ reti-

(retinyl, effect nyl $ acetate at about 3X 10(—

EGF) 9) M inhibits proliferation stimu-
lated by # EGF #.
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M A 2RI A A HhiRlE i A Z S TR
T AT 4 AR AR A W5 ) A DG Y 42 ) (5]
A TR R FUA 5 A R G R AE A
BASHAMETT Hit A BB R i A R4 s A5G
FRIEHRAPHE (D X P-E 5 B RHE R s 15 B8 H]
BioBERT £ 2 A {1 & ML, 11 A] F i A
)4 R B AR AT 7850 28 BH.(2) {45 R i
AP R AN 4 R RRAE (R S 2 m (3) i R an &
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A

(3)
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Fig. 3 Process of sentence embedding interacts with vo-

cabulary graph
3.5.1 My A AU HARME S B AR B
( Normalized Point-wise Mutual Information,
NPMD #4 FE a1 K], B 23X A~ 46 A A] UAR B 1 £
8 P TR 2 [A) AR G = ().

NPMI(,j) =

- 1 p(iLg)
fogp(, ) 8 popy P

Horpyd f gy 2 inlifs p GO p ()RR 12 P> H
BRI s p G ) Fon ATl @ FiAlTE j 7[R —
ZA)F i B, NPMI BB e [ — 1,
1] IR i) 22 ) B o SCRH S MEAR e o i £ %
IR AR A SR A A 5. FEAR SCH B 7 vk
TN A~ B 22 ) () NPMI KT 515, D)8 5% R

AN HgR] 2Z B N7 — 2R . AR S R B L XY B (E AE
0 3 0. 2 Z[A]) i PERE IS B A AL,
3.5.2 FCAERWMZEME  GCN i Kipf 20
PE B — A H A W L T S AR I Rl 22 W)
2% A AR JE 1 0 JE P HE T Y T A B AR
fiE s INTTTE— e R AR B 3 42 7 1 R Ui
B 48— AR GONL B R =R (5) .

H=AXW (5
Hid, X € R 3R n AN 55 m HEFRAE (R i AR
MW eR M RALTE MW A=D TAD F 21—
TR A B, A € R eoR — 4] F D
BRI R TOU ) B 4 AR 2 0 B, X A AT I —
ACHRAE SR T 3Rt G TR B 2 D) 4% A 0 3 3 2K B
BIER A

ASCHY H bR H 54 55 A ¢ 09 3R] i 1T
DDI 3¢ Z i B, 17 AN 2 At ik 2 v i 2 A4 5
PRI AR SCHR B R 2 5 TRl A ). R 4
FEH & AR R A ) AT LR (6) k3R
N2 BB L.

h=(Ax")TW =z AW (6
Hor AT = AR o A 5 B B A
F o 5iC E A RNC A R 1 4 R RRE. W [V
R M AT A AT o FACE. R F— S m
2] F BN, il LK (6) 1k o0

H=XAW (7

HB2 R — A7t A B R 2 2 R
BRI L] LA A

VGCN=ReLU (X, A W, )W, (%)
Hodr,m Fm —AHER B9 4] F 558G o RN EF
L BB s h SR BREUZ KN ¢ BRI I A 4E
FE 33 X A A AT 5 A L 22 I 45 A
KHYRHE » B 8 2 B R E RS S i A ) 4
PR 4 Jry TR RFAE.
3.5.3 3 EBEEANE ERETSWART
AR 2 R TRl IE J5 L s A R L T DR
[N R R K & o 11 R = D 1 Y B (58 B o s L IR
PR Y ET A LR SO B Al 5 G & U
K s HRE S

LA E — UL S AR A i Q. 1A S
K WEE 8O e VB iR & 1
B AR 108 A EE i ISR — A R m
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Attention(Q. K V) =Softmax( 5= )V (9)

Jdy

Horpr, /d SRR TR R 1 AU R,

AR SR H ) 10 S o A R ) 1 ] i 2 1
KM B R AR — R % A BioBERT o, AU 3K 45
TIAETE A R UG B B 3R 45 T A VGCN
HOR AR 2 A1 S AR S A E I PLE KA
) S i 8 RN RDI P o 22 X 285 1) 4 R s IR kA T 72
G328 H. AR B G55 A G I B AR R R,

Foy =ReLU (X AW )W, (10)
o Wi, g JE 8 S5 a1 B b2 W 45 10 i
WAERE sm J2— DU AR B KN s e S 3015 19 ik
ANHERE s v RN il r .

TEHRA 2 43 5 3R A5 bR A0 S5 /a) - 19 3R R B i
F o~ HFRSE A e, B H AR SR e, 19 2R 5 48 3C
Xk =AM FRoR AT PHE AR B R AR R FROR
H . Horp A P IO 4EBE AR by A i )
., D poR.

H,; =W, [ concat (Fuuse1se2) | Tb (1D
3.6 HHE

i 1 2 VE A )1 5 B s SR S 1
FoRMG BT 1IH —1k iy A A e R bR 2. i
JZFIH Softmax pRELIZELH —1k , (S T K HR K
B AR 1, G (12) f=l (13) FR.

v; =Softmax(H ) (12)

C* =argmax(y,) (13)
Horb, H S A ) F B 5 25 9 SE AR X 7 28 33 5
U5 P B LR R IR 5 3 251> 25 W 28 0l ) Ak
O MR R KRS,

AR A8 SRR pREHA T U 25 38 U T
AR A5 AT LIS BT A 2800 1 S PR 48 o3 A1
5 TN 53 A7 22 ] 1) 22 5.

Loss =— > logp(yi | s) a4
=1

Hrron FoRINGEIEE D= s, s {sus )
BRI v TR © AR s I BSR4 5
logCy; | s) KRR @ 5] s AR T > B S bR
2y AR,

4 L

4.1 HUIEERIFMHEE

AR SCA ) 25 - 24 AR B A P O & A EOEOH
4 DDIExtraction2013 U3 2 Fron. M 730 5
DrugBank H ) [ 2% SC A Fl MEDLINE H ) 175

T A L2 R AR B o P A N SRR v 572
s DrugBank H1 [y 5 2% SC A il MEDLINE Hr (1)
142 F i 2 0 ni; M4 B 158 J DrugBank 111
B2 3CA A MEDLINE i1 33 Fafiff 241 18K
A BT A 25 SRR AT T hRvE A LLF 5
P2y r-25 A BEAE S R 285, 1) Mechanism: ff
RPN SR 254830 T2 AL 5 2) Effect: B
WA T PIRR 25 A EAE FH A 45 55 3) Advise:
FEIR T b 2 (] B ] B A 25 4D It 13 ]
PR YIAEAE—E Y KR B AR E SCRIRROC R
f35) Negative: 15 BH A~ 25 ¥ 2 0] AN A7 76 0 B
YEH.

% 2 DDIExtraction 2013 #{#E &5 B %it
Tab. 2 The statistics information of DDIExtraction 2013

dataset
B3] Y  MHAE S
Negative 23772 4737 28 509
Mechanism 1319 302 1621
Effect 1687 360 2047
Advise 826 221 1047
Int 188 96 284

A 1) DD SRR T4 [91% R (RecalD) |
&% P (Precision) | I {H (F-score) =48 hp i
FTPEAh.

4.2 BHIEE

AR A 1A RTX3090-24G, i
PyTorch f£ 42 Chttps://github. com/pytorch/py-
torch) , T Zxif 5 AR R FH 2 T B8 22 45 i 48 L 3F
FTUIZRIY BioBERT . iz B 8405 12 JZ 1) Trans-
former. A< SCREAU{E Y 1) S 0B a2 3 7R,

*3 SHEIE
Tab. 3 Parameter value

SR IRAEL

Epoch 20

Batchsize 16
ESTE S 2e—5

FRA TR E 200
TR Z e 768

P TR 2 i A2 4 16
Dropout 0.1

4.3 ZIWER
AR CHEALAE DDIExtraction2013 £ 88 45 [ 1)
NS FRUNIEL 4 Fr7s . 18] 4 RBORY F (R 2R 5.
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Fig. 4 F, value graph

A SCEIT T ISR LUAE TR 4F 53 B AN )
Rt DD BRI . N 4 Fis , 2 55k
TR B s AR R 25 W 4% (VGCND Filig A H AR 254
SCAARAF (RBio-BERT + Entity) %52 36 45 5 1
=AU

HH % 4 T ml S 58 mT A, 24 A B0 5
BioBERT B i AN i AAEAn] SEAARAF B AN i) el i
25 25 AR AN REAR 47111 31 DDI ¢ &, £ il
A BFRSEARAE B G BRSO T 1. 550, 1t
WY B A5 SRS B F T O R ESE I Pk e, i ZEm

AJE BioBERT 47 |- hit A i i1 8 # 28 19 4 4
IR R AR 2 S5 SRR P RER T T 1. 15%. %
A 5500 AT 0 1 4 S 135 50 AT D4R T 06 26 0 e
W%,

R4 HBEE
Tab. 4 Ablations experiment

Ay P/% R/% F/%
RBio-BERT +VGCN+ Entity 82. 49 84. 02 83.25
RBio-BERT + Entity 81. 95 81. 86 81. 90
RBio-BERT +VGCN 81.12 81. 86 81. 49
RBio-BERT 82. 66 78.17 80. 35

T Fl 52 30 () 45 SR AR SCH g AR AT L)
FO G A PR 1 B 2 AR ) i 2
4 HAR SRS 1B =8 B U A, DT B - b 4
T HE AR il USSR

AT L I UE AR SCRE R AT RO AN
RBio-VGCN #5% 5 1) P G 5 12 240 4 1 H: il 45
RICLIITE g AT T R 5 RN T B 4R
DDIExtraction 2013 AN [RJAHY [y S G 25 5. 3R
5 H AT DU B AR SCREAIAE I AR b A 285 2R 4301 R -
Fi 1 83.25%,P H 82.49%,R 2}y 84. 02%,Jf- H.
FAh DDI 2RI FEWE 0 T 2810 i TAE. 7E 1
BT A B 22 5, AR SCHE AR F A E
A B i AR g s 2. 35 %,

x5 BEEARBLBERER

Tab.5 Comparison of baseline model experimental results

o AFh DDI 28R Fi {8 R (1 e R i
Advise Effect Mechanism Int P/% R/% F /%
MCCNNL18] 77.97 68.23 72.2 51.3 75. 99 65. 25 70. 21
CNN-GCNs[19] 81.62 71.03 73.83 45. 83 73.31 71. 81 72.55
RHCNN!20] 80.5 73.4 78.2 58.9 77. 30 73.75 75. 48
PM-BLSTM!2!] 81. 60 71. 28 74,42 48. 57 75. 80 70. 38 72.99
BiLSTM-CapsNet[11] - - - 78.78 70.5 74.16
ATT-BLSTM!22) 85.1 76. 6 77.5 57.7 78. 40 76. 20 77.30
R-BioBERT1%] 87.32 97. 42 77. 80 57.31 - - 80. 89
BioBERT+BiGRUL!7] 86. 0 80. 1 77.5 56. 6 81. 00 80. 90 80. 90
Ours 88. 74 81.41 87.52 59. 21 82. 49 84. 02 83. 25
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