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Prediction of Drug-target Interaction with Manifold Regularized
Non-negative Matrix Factorization

YAN Xiao-ying'*, WU Ying', LI Run-zhou'
(College of Computer Science, Xi’an Shiyou University' , Xi’an 710065, China; School of Automation,
Northwestern Polytechnical University” , Xi’an 710072, China)

[ Abstract] Identification of drug-target interactions ( DTIs) is very important for drug research, which can help
to find the new uses for old drugs or to discover the off-target of a given drug. Currently, the prediction algorithms
have difficulty in finding interactions for new drugs and new targets. A novel method that uses manifold regularized
nonnegative matrix factorization framework is proposed to predict potential targets/drugs for new drugs/targets.
Firstly, it used clustering approaches to construct interaction profiles for new drugs/targets, then adopted the mani-
fold regularized nonnegative matrix factorization algorithm to predict the drug-target interaction. Finally, extensively
testing was applied on four datasets. Through comparison with other recently proposed BLM-NII, RLS-WNN and
WKNKN + WGRMF, the algorithm attains high prediction performance in terms of AUPR.

[ Key words] drug target clustering manifold learning regularized nonnegative matrix factoriza-

tion



