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Drug-drug Interaction Prediction Method Based on Multi-level Attention Mechanism

and Message Passing Neural Network

RAO Xiao-Jie' ZHANG Tong"? MENG Xian-Bing' CHEN C. L. Philip"*

Abstract Drug-drug interaction (DDI) denotes the presence of inhibitory or promoting effects between different
drugs. The existing DDI prediction methods often directly use drug molecular feature representation, while ignoring
the different effects of different atoms within drug molecule on DDI. To solve this problem, a DDI prediction meth-
od is proposed based on multi-level attention mechanism and message passing neural network. This method models
the task as a link prediction problem of predicting DDI by extracting the drug molecular features from their se-
quence representations. First, the atomic feature network is developed based on attention mechanism and message
passing neural network. Through integration with the proposed positional encoding based on molecular centroid, the
proposed network can learn from different atoms and the correlated chemical bonds to construct drug molecular
graph features. Second, attention mechanism-based molecular feature network is designed, and the DDI prediction
can then be realized by using supervision and contrastive loss learning. Finally, experiments demonstrate the effect-
iveness and superiority of the proposed method.
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Fig.2 Framework of the message passing atomic feature network base on attention mechanism
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(Receiver operating charaeteristic curve) [ R

(18)

(Area under ROC, AUROC). PRC (Precision-re-
call curve) R (Area under PRC, AUPRC) Hl
F1 7%k (Fl-score, F1).

3.1 XMEEHFENBRIEIRE

A 13 F BA R LR DDI #0774
RN TT, 4 NEET AR GeHL A% 7 1 1) DDI fitill 77
VRN T B S5 R (IR B2 2% 2] DDI Tl J7 .

FET LG LA 21 DDI Bl 77 545 LR
6 FhJ7%: BT a5 M AHIVE R DDI 1 77 % NN
(Nearest neighbor)®; T 4r25 4% & 1K) DDI il
J7k, X HAHE 3 AN T AN FEARALE R T (LP-
Sub (Label propagation substructure). LP-SE
(Label propagation side effect). LP-OSE (Label
propagation off-label side effect))®!; T VRAHEK
A DDI L 75 7% MF-Ens (Multi-feature en-
semble)™; F T Z A AH AL RC BE B DDI Fi 75 %
SSP-MLP (Structural similarity profile and multi-
layer perceptron)!.

BT B E5 K R FE 2% 2] DDI Tl 7532 X 4 R
PR, RIZE T 40 FHRRE M 25 1) DDI Tl 77 7% T
JRFREAEAN SR X 25 (1) DDI Pl 77 . 55—
TrEEFECLT 4 Fh7ik: BT BB 4 1) DDI it
M777% GON (Graph convolutional network)®, J&
T E R M 2% () DDI 1l 7532 GIN (Graph iso-
morphism network)®", % T & H 3) 4 i3 45 1) DDI
T 7572 Att-auto (Attentive graph autoencoder)!?,
BT RER S P DDI #dl J77% GAT (Graph
attention network)®. 2 RIVEAFELLR 3 Fy
% BT R IE R R 21 1) DDI i 7572 SEAL-
CI (Semi-supervised hierarchical graph classifica-
tion)™| F&T7r TR SUME G R 2% 1) DDI il 7
1% NFP-GCN (Molecular fingerprint graph convo-
lutional network)® | J -5 Jk 1 V1 JEL A% 16 4 42 )
25 AN 2% 1) DDI Fill 7772 MIRACLE (Multi-
view graph contrastive representation learning)!"?.

%} F ZhangDDI A1 ChCh-Miner $3E 4, A
Z IR [13] BB 77 50, Irf Bl i A 2 1
4:1 [ E 43 N ZREE AR A, AR U SRS b B
BLIEFE 1/4 BIREANE NIRIUELE. HIES L5 10 %
HARIZEI R AR b f S A B IR SO I, A 4
1EIZR. P Seae g A R 8 5 AL S5 k4T
Gt oM g 2. FE IR TARFEM g5 b, SR TR 4E
BEEN 115, (B IEAE B BN 13, 1E7r T4F
TEMI 2% rh, R RO E Dy 3. BRI Eh ) R 2L
afl Bl wE N 1 0.8, LIEHET Pytorch 1.6.0.
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#£ ZhangDDI fl ChCh-Miner #5444 1
(R SZO6 45 B e 1 & 2 B, HEE 1 a4,
AHEE T 12 Bt BB, AR SCHE T A 48 s B #TEUS
BTSSR, 55T 5T B AL e 2 2 R
FAR 2% (1) DDT T 77 750 A B, A SC 7 v AR TE
AUPRC fatr LEUAS kAR R, (H27E AUROC Al
F1 $8bs FRIE L. HEME. HE 2 Mg Rl
HL BRI G Iy, AR SO R T P
BXTE T, HARSA TN .

3.2

# 1 ZhangDDI ##a4E F xS L skEs 45 %
Table 1  Comparison experimental results on
ZhangDDI dataset
TR AUROC AUPRC F1

NNe 67.81£0.25 52.61£0.27 49.8440.43
LP-Sub® 93.394+0.13 89.154+0.13 79.61+£0.16
LP-SE™ 93.48+0.25 89.61£0.19 79.83+0.61
LP-OSE®! 93.50+0.24 90.31£0.82 80.41+0.51
MF-Ens!'! 95.20+0.14 92.51£0.15 85.41+0.16

SSP-MLP" 92.514+0.15 88.51+0.66 80.69£0.81

GCN® 91.914+0.62 88.73£0.84 81.61£0.39

GINET 81.45+0.26 77.16+0.16 64.15+0.16
Att-auto? 92.84+0.61 90.21£0.19 70.96+0.39

GAT® 91.49+0.29 90.69+0.10 80.93+0.25

SEAL-CI™ 92.93+0.19 92.82+0.17 84.74+0.17
NFP-GCNF 93.2240.09 93.07+0.46 85.29+0.38
MIRACLE™ 98.95+0.15 98.1740.06 93.20+£0.27
AT 99.14+0.01 97.97+0.02 93.7940.28
# 2 ChCh-Miner #4455 _F 0t H s e 455
Table 2  Comparison experimental results on
ChCh-Miner dataset

R AUROC AUPRC F1

GCNE 82.84+0.61 84.27+0.66 70.54+0.87

GINE? 70.32£0.87 72.41£0.63 65.54+0.97

GAT® 85.8440.23 88.14£0.25 76.51£0.38
SEAL-CI®! 90.934+0.19 89.38+0.39 84.74+0.48

NFP-GCNF 92.1240.09 93.07£0.69 85.41£0.18
MIRACLE™ 96.15+0.29 95.57+0.19 92.26+0.09
KT 98.45+0.31 99.7940.04 96.5140.84
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2) 5 4 FhFET 43 FREM 45 i DDI T 5 %
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SERDTWIIE T AILKRAEE S, X HE
2G0T IRF AL IR R, R B 28 T
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Table 3  Ablation experimental results on
atomic feature network

g S ik AUROC AUPRC F1

TEE I/
JR T 1 4%
AT

98.70£0.20  96.89+0.50 90.46+1.18
ZhangDDI
99.1440.01 97.97+0.02 93.79+0.28

TR ST
JiT 1 2%
AT

95.90+£0.99 99.18+0.15 96.23+0.34
ChCh-Miner
98.451+0.31 99.79+0.04 96.51+0.84

R4 TR 2 1T Rl sL 6 5
Table 4  Ablation experimental results on
molecular feature network

g/ S ik AUROC AUPRC F1

TR AN
SR
R T

98.82+0.27 97.1840.68 91.60+1.84
ZhangDDI
99.14+0.01 97.974+0.02 93.7940.28

Tk & A
TR
ATk

95.784+1.29 99.19£0.38  95.19+1.45
ChCh-Miner
98.45+0.31 99.79+0.04 96.51+0.84
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drug molecules
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Table 5  Comparison results of the impact of positional

encoding on model performance
Bl % AUROC  AUPRC F1

T B miG  98.91+0.26 97.46+£0.60 91.38+2.11

ZhangDDI  fEZEAIELEY  99.0240.21  97.6840.53  92.70+1.35
KL TT: 99.1440.01 97.9740.02 93.79+0.28
T B 95.62+2.79  99.114+0.63 96.12+0.58

ChCh-Miner G EHAG 97.54+£0.46 99.66+0.06 94.73+0.54
KHE 98.45-0.31 99.79-£0.04 96.514-0.84
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Fig.4  The effect of positional encoding on
model convergence performance
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Table 6 Comparison results of the impact of loss function on model performance
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Fig.5 The effects of different o and B on model performance on ZhangDDI dataset
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Fig.6  The effects of different o and B on model performance on ChCh-Miner dataset
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