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Embedding based methods:
· DTiGEMS+ [1]: the method integrated multiple similarity matrices to calculate drug-drug (DDsim) and target-target (TTsim) similarity matrices and just kept the top strong similarities. The integrated DD sim, TT sim and DT interaction graphs (G1) fed into the node2vec. Then, to create G2 a new DDS (Md) and PPS (Mt) graph,  cosine similarity is calculated and the weak similarities are removed from the graph. The features are extracted using G1 and G2 graphs based on path scores between each drug-target pair. Different supervised machine learning methods are used (Neural Networks, Random Forest, and Adaptive Boosting) to develop the DTI model. The Golden Standard Dataset was used to evaluate the performance of the proposed model. 
· TriModel [2]:The model is based on biomedical knowledge bases in drugs and targets to generate a knowledge graph. An efficient model was trained to map the knowledge graph to  three embedding vectors for each drug and target. A metric was defined to score interaction between possible drug target pairs. The performance of the model was benchmarked using the Golden Standard Dataset and a new KEGG based dataset. 
· DTI-HeNE [3]: A drug-target interaction prediction model based on a multi-staged embedding.  The interactions formulated as a binary link-prediction and Drug-target embedding pairs were generated by integrating three varieties of networks (DTI network, drug homogeneous networks and target homogeneous networks). Drug/target nodes were generated by Bipartite Network Embedding (BiNE). Pathway information between these networks was used to integrate extracted features from the previous step and fed into Random Forest as input features to predict new DTIs.

Graph similarity-based: 
· DNILMF [4]: DNILMF is a matrix factorization on a dual-network to predict DTI which consists of four steps of creating kernel matrix, diffusing drug and target kernel matrix with drug structure and target sequence respectively, developing a predictive model. The results compared with NRLMF [5]. The model compared with NRLMF and EigenTrans based on the Golden Standard Dataset.
· DT-Hybrid [6]: Domain tuned-hybrid (DT-Hybrid) is a domain-based knowledge including drug and target similarity. DT-Hybrid is based on a recommendation method developed on bipartite network projection. The algorithm compared with two methods Hybrid [7] and NBI [8] on the Golden Standard dataset and a database obtained from DrugBank. 
· DDR [9]: DDR used a nonlinear method to combine different similarities and path-category-based features were extracted from the heterogeneous graph used to build a DTI prediction model. The extracted graph based features were fed to a Random Forest, a supervised machine learning algorithm for predicting new DTIs . DDR performance was compared with COSINE [10], NRLMF [11], KRONRLS-MKL [12] and BLM-NII [13] on the Golden Standard Dataset and DrugBank database (for drugs with FDA approval). 
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