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Golden standard dataset, the most popular dataset in DTI predictions [1], [2], [3], [4], [5], [6], only contains positive DTIs retrieved from different sources like KEGG BRITE [7], DrugBank [8], SuperTarget [9], and BRENDA [10] databases. The chemical structures of drugs were obtained from the KEGG LIGAND database  [7] and the drug similarities were calculated [11]. The target protein similarities were computed based on the Smith-Waterman similarity score [12] between amino acid sequences collected from the KEGG GENES database [7]. Target proteins are classified into four groups of enzymes, ion channels, G-protein-coupled receptors and nuclear receptors [13]. The dataset consists of 791 drugs and 989 targets connected through 5127 positive validated interactions.  The class ratio shows an extreme class imbalance between positive and unknown/negative interactions [2], [3]. The entire dataset is publicly available at http://web.kuicr.kyoto-u.ac.jp/supp/yoshi/drugtarget/.

ChEMBL is an open bioactivity repository that advances the research in computational drug discovery [14], [15]). ChEMBL labelled DTIs as active (positive) or inactive (negative) and the ligand efficiencies of active interactions were calculated on pChEMBL value (negative log10 molar IC50, XC50, EC50, etc.) [15]. In this study, only “SINGLE PROTEIN”targets and “IC50” interactions were selected [16] and drugs without enough information ("SMILES'', “pChEMBL value”, and with fewer than 100 interactions) were excluded.
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