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Prediction framework for drug-target interactions

with multi-source descriptors fusion
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2. School of Science, Jiangnan University, Wuxi 214122, China)
Abstract Identifying drug-target interactions ( DTIs) is a key task in drug discovery, and it plays an impor-
tant role in the fields of virtual screening, drug repurposing and identification of potential drug side effects.
Traditional biological experimental methods of identifying DTIs are often expensive and time-consuming. With
the great success of deep learning in natural language processing and other fields, many studies have used
deep learning to predict DTIs. However, many previous studies only utilized single-view features of drugs and
proteins to predict DTls, ignoring the potential value of multi-source descriptors. A drug-target interaction pre-
diction framework with multi-source descriptors fusion ( DFDTI) is proposed in this paper to make full use of
the structural information of drugs and proteins from different view. First, low dimensional representations are
generated for the multi-source descriptors through fully connected (FC) layers. Then, considering the differ-

ent contribution of different types of descriptors, the channel attention mechanism is used to give weights to de-
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scriptors. In addition, one layer Transformer encoder is used to enhance the feature representation of descrip-

tors. Finally, the enhanced features representations of drugs and proteins are concatenated and input into the

deep neural network (DNN) to predict DTIs. Experimental results show that the DFDTI can effectively fuse

different types of descriptors and outperform all baseline methods in this paper on all three types of evaluation

metrics.

Keywords drug-target interaction; feature fusion; attention mechanism; deep learning
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The framework of the DFDTI model
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Tab.2 The framework of baselines
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Tab.3  Average performance of DFDTI and baselines on balanced datasets

. ACC AUC AUPR
s DTI-1 DTI-2 DTI-3 DTI-1 DTI-2 DTI-3 DTI-1 DTI-2 DTI-3
DeepDTA 0.8723 0.8698 0.8678 0.9394 0.9368 0.9389 0.9359 0.9316 0.9372
DeepConv-DTI 0.8540 0.8491 0.8604 0.9267 0.9241 0.9296 0.9217 0.9137 0.9279
GraphDTA 0.8460 0.8075 0.8089 0.9061 0.851 0.8722 0.9052 0.8627 0.8814
DeepCP1 0.8415 0.8360 0.8443 0.9171 0.9146 0.9197 0.9135 0.9090 0.9195
TransformerCPI 0.8165 0.8133 0.8240 0.8935 0.8884 0.8976 0.8899 0.8822 0.8931
HyperAttentionDTI 0.8746 0.8739 0.8713 0.9413 0.9414 0.9419 0.9393 0.9401 0.9408
DFDTI 0.8912 0.8878 0.8940 0.9530 0.9486 0.9534 0.9538 0.9481 0.9537
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Tab.4  Average performance of DFDTI and baselines on imbalanced datasets

. ACC AUC AUPR

ik DTI-3fold DTI-5fold DTI-3fold DTI-5fold DTI-3fold DTI-5fold
DeepDTA 0.914 8 0.9353 0.954 1 0.9529 0.901 4 0.864 2
DeepConv-DTI 0.911 8 0.9355 0.948 1 0.949 7 0.893 9 0.863 3
GraphDTA 0.8850 0.911 4 0.893 2 0.8971 0.8158 0.765 5
DeepCPI 0.888 7 0.892 4 0.950 9 0.953 8 0.8913 0.8515
TransformerCPI 0.8756 0.904 4 0.919 7 0.9201 0.8237 0.769 6
HyperAttentionDTI 0.915 8 0.9352 0.955 8 0.9570 0.908 0 0.8751
DFDTI 0.927 6 0.942 3 0.956 9 0.957 2 0.920 1 0.8850
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Fig.4 The AUC results of single descriptor feature
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