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Table 2 DAES-DTI model hyperparameter setting
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Hyperparameter Setting value
Learning rate 0.001
Batch size 256
Hidden size 512
Number of hidden layers 3
Optimizer Adam
Epoch 300
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Fig. 1 Schematic diagram of DAE model
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Fig. 5 Effect of (Drug-) DAE with different hidden layer sizes on DAES-DTI performance
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I 59— e R aSDAE 3R45 B A 24 (SCHk[32]
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DAES-DTI (Drug) . XAl R M TH AR 7> T 451 1L
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SR AL AR 4 F RRIE AR B FE X AN G BT . DAES-
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Table 3 Comparison of AUC values of each model on four benchmark datasets

l\%)ggel Enzymes Ton channels GPCRs Nuclear receptors
PPAEDTI 95.56 95. 35 90. 15 82.01
AutoDTI ++ 0. 90 0.91 0. 86 0. 87
CMF 0.960 5 0.976 6 0.957 5 0.920 4
Bi-PSSM 0.948 0 0.989 0 0.872 0 0.869 0
ESBoost 0.968 9 0.936 9 0.933 2 0.928 5
CNNDTI 0.980 2 0.975 4 0.951 3 0.896 5
NFSPDTI 0.98 0.99 0.98 0.99
EFMSDTI 0.984 4 0.971 3 0.9817 0.944 5
aSDAE 0.99 0.99 0.98 0.90
DAES-DTI (Drug) 0.990 6 0.992 3 0.984 2 0.949 2
DAES-DTI (Target) 0.988 5 0.972 4 0.9835 0.955 4

Note: the original results of PPAEDTI are obtained from the 5-fold cross-test. The best results of the comparative methods on the corresponding

datasets are highlighted in bold.

R4 BEEBELINEEHFEELN AUPRERR

Table 4 Comparison of AUPR values of each model on four benchmark datasets

f51 7l

Model Enzymes Ton channels GPCRs Nuclear receptors
PPAEDTI — — — —
AutoDTT + + 0. 82 0.90 0. 85 0. 84
CMF 0.851 4 0.933 3 0.902 4 0.900 3
Bi-PSSM 0.546 0 0.390 2 0.282 0 0.411 0
ESBoost 0.686 8 0.480 7 0.500 5 0.791 0
CNNDTI 0.918 8 0.948 7 0.908 1 0.903 4
NEFSPDTI 0. 87 0. 87 0.69 0.91
EFMSDTI 0.923 4 0.956 2 0.9117 0.904 4
aSDAE 0.97 0.98 0. 94 0.93
DAES-DTI (Drug) 0.9657 0.974 1 0.943 1 0.917 9
DAES-DTI (Target) 0.9357 0.973 5 0.933 1 0.9353

Note: the original literature presented PPAEDTTI did not provide results for the AUPR values. The best results of the comparative methods on the

corresponding datasets are highlighted in bold.
3.3 FLMEHECETEAENEREXR
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Fig. 7 Effect of nonlinear similarity calculation components on model performance
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Table 5 Comparison of AUPR values of similarity nonlinear calculation methods and linear calculation methods

B A M5 77 AUPR
Dataset Slmllarlty —9

calculation method A=0 A=10" A=10"" A=10"" A=10"" A=10 A=10""°
Enzymes CMF 0.963 2 0.964 7 0.960 1 0.965 8 0.963 7 0.967 6 0.968 1
Our method 0.963 2 0.967 3 0.963 2 0.966 5 0.970 8 0.968 9 0.968 2
Ion channels CMF 0.969 2 0.970 3 0.970 7 0.971 2 0.972 2 0.973 1 0.972 2
Our method 0.969 2 0.970 6 0.971 6 0.972 6 0.972 3 0.974 1 0.974 6
GPCRs CMF 0.932 7 0.933 3 0.934 2 0.928 1 0.930 2 0.933 4 0.936 1
Our method 0.932 7 0.9316 0.934 4 0.939 2 0.940 8 0.942 9 0.944 5
Nuclear receptors CMF 0.912 1 0.918 0 0.912 1 0.913 4 0.910 1 0.915 3 0.915 4
Our method 0.912 1 0.9135 0.912 9 0.913 7 0.918 5 0.918 3 0.917 9
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A Drug-Target Interaction Prediction Method Based on Denois-

ing Autoencoder and Similarity

LIN Yanmei'.CAO Aiging' .PENG Yuzhong'”"

(1. Guangxi Key Laboratory of Human-m

achine Interaction and Intelligent Decision, Nanning Normal University, Nanning , Guan-

gxi,530001,China; 2. Artificial Intelligence Research Institute, Guangxi Academy of Sciences,Nanning,Guangxi,530007,China)

Abstract: The method of predicting potential drug-target interactions based on machine learning is a competi-

tive research topic,but the current related prediction methods and models still have great room for develop-

ment in feature learning. Based on the idea of unsupervised learning, a drug-target interaction prediction

method combining denoising autoencoder and nonlinear calculation of molecular similarity is proposed in this
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study. This method learns and constructs the features of drug-target interaction pairs by denoising autoencod-
er. On this basis,the similarity information between drug-drug and target-target is integrated to enhance the
richness of drug-target features,so as to improve the prediction ability of the model. The comparative experi-
mental results on four benchmark datasets including Enzymes, Ion channels, GPCRs and Nuclear receptors
show that the proposed model is significantly better than the eight more advanced models including PPAED-
TI,AutoDTI + +,CMF,Bi-PSSM, ESBoost, CNNDTI, NFSPDTI and EFMSDTI, and is comparable to an-
other advanced model aSDAE. It can be seen that the model proposed in this study improves the prediction
performance of Drug-Target Interaction (DTI),and can provide better drug-target interaction prediction sup-
port for new drug development and drug repositioning.

Key words:drug-target interactions;deep learning; denoising autoencoder;new drug development;drug reposi-

tioning
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