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Abstract The development cycle of drugs is long and the cost is huge. The method of computerized virtual
drug screening can effectively improve the efficiency of the pilot compounds. This paper proposes a new feature
fusion scheme based on attention mechanism, called multi-feature fusion scheme. Combined with the existing
graph convolution network based on edge attention, the biological activity prediction task is carried out by using
this method for different kinds of bioactive data sets selected from PubChem, the public chemical database. The
instability and unreliability caused by manual calculation can be avoided by learning the molecular graph features
directly, and multi-feature fusion scheme based on attention makes the model adaptive to fuse multiple edge
attribute features. The results show that the method can predict the biological activity of molecules more accurately
than other machine learning methods.
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PubChem AID i 06 2% A1 A T8 Te ity T
1851(1a2) Cytochrome P450, family 1, subfamily A, polypeptide 2 5997 7242
1851(2c19) Cytochrome P450, family 2, subfamily C, polypeptide 19 5905 7522
1851(2d6) Cytochrome P450, family 2, subfamily D, polypeptide 6,isoform 2 2769 11127
1851(3a4) Cytochrome P450, family 3, subfamily A, polypeptide 4 5265 7732
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1851(1a2) 0.824+0.005 0.800+0.020 0.835+0.015 0.850+0.010 0.859+0.012 0.792+0.010 0.780+0.008 0.800+0.007 0.830+0.012 0.841+0.010

1851(2¢19) 0.776+0.010 0.750+0.009 0.790+0.002 0.802+0.007 0.815+0.003  0.800+0.004 0.770+0.005 0.823+0.010 0.840+0.010 0.852+0.008

1851(2d6)  0.849+0.006 0.830+0.007 0.840+0.002 0.843+0.005 0.851+0.003  0.828+0.013 0.800+0.004 0.820+0.003 0.830+0.010 0.834+0.006

1851(3a4) 0.770+0.006 0.737+0.004 0.792+0.008 0.817+0.006 0.825+0.010 0.730+0.003 0.701+0.006 0.740+0.010 0.791+0.008 0.807+0.005

492992

0.713+0.004 0.705+£0.006 0.745+0.005 0.757+0.010 0.762+0.010  0.683+0.005 0.674+0.006 0.692+0.009 0.740+0.010 0.750+0.009

651739  0.753+0.004 0.753+0.006 0.814+0.014 0.830+0.006 0.843+0.003 0.800+0.003 0.776+0.009 0.880+0.006 0.882+0.007 0.891+0.002

652065  0.750+0.004 0.700+0.005 0.755+0.015 0.770+0.006 0.774+0.005 0.730+0.008 0.670+0.009 0.796+0.012 0.787+0.010 0.792+0.010

Kl 3 A 4 splEas AR A MF_EAGCN,
FEMERE EAGCN DL R AR G285 21 J7 1k 5 Bl 2R
&, AN 7 R AE YIS RO S ) ACC 4R
FRAl Fl-score FEAR A% LG, AR 26 H A2
FiUGERF. SVM. DNN. EAGCN flMF_EAGCN
B, 78 ACC fatrar i, nLUE RIHdE4R 1851
(2d6) £ EAGCN i # [ {2 IR B 2%, H R
DRI AT A BH T 5080 B A B AT &5 B K, fEB YR
FHIERY BOWFFE B Z LI, BN HEZE(E R
(1) 200, 3T S AR T 1 RE PR A . T AR SR
] MF_EAGCN #5 BY 1R 47 b 22 i 1 1 In) f,  AH AR
T EAGCN, HTMPEREseT 17 2 NE AL, AR
RTINS SRR, Rt T 8 M E
Iy R BRI IE T A TR A 2501 .

0.86
0.84
0.82
0.80
0.78
0.76 +
0.74 +
0.72
0.70

i

ACC 184

e
K3 RTRI T FAEYEESIEELL 5 Byt
PERERT ACC T8AR A

F1 $&%5

B4 HTRI T PAEYEESIRER S Pt
P RER) Fl-score FabrFi

3 £ FRIE

ARSCHR N T AT BRIV 2 R RS T
Sy BRI T AL ) S R A Y AT T
AR . A SO — R T R BB AR 4%
2R, N 3 AR e FH (A [ S AR AR 3 T T
55, I 7 N TRAE AR RIR 2, FEXE
PC LRI AL &% 5 > FEUHE SR, BRAIE T AR NBEVEA &%
Pho FEBEIEA E,  BEXEAT SR H AL b A7 7 1 )
A Toik HAE N B E LR VERF IR, AR T
T 2R 1 RO T R AR S
AET, I BERIHLEIE S 2 AR AEEAT B 3E M
M, AROUER TIX L JIF HIRAS T
TRERE o AR SR 10 Kt 45 i 17 Kcdie B e/ s R 5K
Pase, AR HY 2 & RN AR Lk
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