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Drug-target Interaction Prediction with Artificial Intelligence

YANG Shuo, WANG Jie, ZHANG Mengting, SHEN Zihao, LI Honglin, LI Shiliang*(Shanghai Key Laboratory of
New Drug Design, State Key Laboratory of Bioreactor Engineering, School of Pharmacy, East China University of Science and
Technology, Shanghai 200237, China)

ABSTRACT: OBJECTIVE To build an efficient drug-target prediction classification model and provide a useful
complementary tool for biological experiments. METHODS In this study, a deep learning-based method was developed to
predict drug target interaction. By introducing high dimensional molecular fingerprints and protein descriptors, and subsequently
applying a probability matrix decomposition algorithm to generate negative samples, a promising drug target interaction
classification model was constructed. RESULTS The method was comparable or superior to previously developed methods
against the test sets, achieving >90% accuracy, specificity, sensitivity, and AUC. This method represented a promising tool for
drug target prediction. CONCLUSION The combination of artificial intelligence deep learning model and probabilistic matrix
factorization algorithm can help to solve the problems of low prediction accuracy of drug-target interaction and unreasonable
selection of negative samples.

KEYWORDS: drug-target interaction; deep learning; probabilistic matrix factorization; target prediction
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Fig. 3 Prediction results for a variety of machine learning models

Naive Bayes—naive bayes classifier; QDA—quadratic discriminant analysis model, KNN —k-nearest neighbor classifier; DT—decision tree classifier;
RF-random forest classifier; Adaboost—Adaboost classifier; SVM—support vector machine classifier; GBDT—gradient Boosting decision tree classifier.
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