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Abstract:  Identification of drug-target interaction (DTI) is an 

important challenge for research and development in the 
pharmaceutical industry. Biomedicine researchers have stepped 
from in vitro and in vivo experiments to in-silico methods for fast 
results. In the recent past, machine learning algorithms have 
become very popular for DTI predictions. This paper presents an 
ensemble approach- Random forest algorithm for DTI 
predictions. The performance of proposed approach is evaluated 
with respect to Matrix factorization, genetic algorithm, Support 
vector machines, K-nearest neighbor, Decision Trees and Logistic 
Regression over 4 benchmark datasets with diverse properties. 
The algorithm is evaluated over Accuracy and average ranking. 
Results establish that random forest algorithm is more suitable or 
DTI predictions as compared to other algorithms.  
 

Keywords: Random Forest, Drug target Interactions, 
Chemogenomic, Genetic Algorithm, Ensemble Approach.  

I. INTRODUCTION 

The discovery of new drugs and repositioning of old 

drugs has always been the key problem and challenge in the 
field of biomedicine. Drugs interact with target proteins to 
trigger or restrain a target’s biological process. Therefore, 

determination of target genes that interact with the drugs that 
is drug target interactions (DTI) is an important step in drug 
discovery.  In last few years, in silico based DTI prediction 
techniques have become more prominent as in vitro and in 
vivo experiments are time consuming, costly and laborious. In 
literature, computational methods used for DTI prediction are 
divided into 3 main categories namely ligand based methods 
[1], docking simulations [2] and chemogenomic methods [3]. 
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Ligand based methods are based on the concept that similar 
molecules mostly bind to the same group of proteins like 
Quantitative Structure Activity Relationship (QSAR) [5]. 
Docking Simulations are time consuming as they require 
three-dimensional (3D) structures of proteins. Moreover, 
these simulations cannot be performed where 3d structures of 
proteins are not available or are too complex to obtain e.g 
membrane proteins like G-Protein Coupled Receptors 
(GPCRs), ion channel etc. Chemogenomic [4] methods have 
been used successfully in drug discovery in the last few years. 
These approaches are based on the integration of chemical 
space, pharmacological space or genomic space for DTI 
predictions. Chemogenomic approaches are further 
categorized as machine learning-based techniques, 
graph-based techniques and network-based techniques [4]. 
Among these, machine learning approaches have become 
more popular due to availability of massive data, 
computational power and reliability of predictions.  

This work primarily focuses on machine learning 
algorithms. These are shallow learning techniques which are 
more suitable for structured data in contrast to deep learning 
models which are more suitable for perceptual applications. 
Considering the DTI prediction as a binary classification 
problem several algorithms such as support vector machines 
(SVM) [6] and regularized least square (RLS) [7] have been 
used for DTI prediction. Bleakley and Yamanishi[8] applied 
bipartite local models (BLMs) for DTI prediction.  Xia et 
al.[9] developed semi-supervised machine learning approach 
called as Laplacian regularized least square (LapRLS).  Liu et 
al.[10] presented neighborhood regularized logistic matrix 
factorization (NRLMF) for DTI prediction. It was based on 
logistic matrix factorization in which drugs-specific and 
targets-specific properties are represented as latent vectors. 
Cobanoglu et al. used probabilistic technique for matrix 
factorization (PMF) to predict [11] unknown DTIs. 

 This work presents Random forest algorithms for 
predicting the drug target interactions. Random forest 
algorithms are ensemble machine learning techniques whose 
efficacy has already been established in various medical 
applications such as lung cancer [12-13], Parkinson 
diseases[14], Alzheimer’s disease[15] etc. However, as per 

literature review, this algorithm is not applied for predicting 
drug target interactions. Performance of random forest 
algorithm is evaluated with respect to 6 popular machine 
learning algorithms namely Matrix factorization, genetic 
algorithm, Support vector machines, Decision Trees and 
Logistic Regression over 4 datasets with varied properties.  
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Remaining the paper is arranged as follow- Related work is 
present in Section 2. Proposed random forest algorithm is 
presented in section 3 followed by experiments and results in 
section 4. Section 5 presents conclusion and future work. 

II.  RANDOM FOREST ALGORITHM FOR DTI 
PREDICTION 

It is an ensemble learning algorithm. Ensemble models are 
composite methods of classification which combine multiple 
classifiers.  These algorithms include multiple learners known 
as base learners for developing classification model. Base 
learners may be generated using 

 Different algorithms, e.g Decision Tree, Bayes 
algorithm etc 

 Different hyper parameters but same algorithm. 
 Different representations/ modalities 
 Different Training sets. 
 

Final target label is based on the combined decision of all 
learners based on majority voting, weighted or unweighted 
voting. An ensemble technique combines a number of n 
individual classifiers C1, C2, :::, Cn, to create an enhanced 
composite model M.  For the same, given dataset D is divided 
into n training sets D1, D2,:::, Dn, where Di ( )11(  ni is 

used to generate classifier Ci. For the new data sample, each 
base classifier predicts the class label. The ensemble methods 
use majority voting, weight voting methods etc for final class 
label prediction. These methods have become more popular 
in the recent past due to their reliability and considerable 
accuracy of prediction as compared to individual classifiers.  
In[] authors developed  two ensemble approach –decision tree 
ensemble and Kernel Ridge regression ensemble.  Results 
indicae KRR ensemble performed better than Decision Tree 
ensemble.  This  decision tree ensemble was not random 
forest. In contrast to bagging and boosting methods, random 
forest is an ensemble of decision tree classifier. Numbers of 
trees combine to form the “forest”. To decide the split for all 
nodes of the individual decision trees in the forest, attributes 
are selected randomly. Random forests do not depend on the 
number of attributes considered for each split and use inherent 
estimate of attribute importance. Many small decision trees 
may be created in parallel on different CPUs and then 
combined to form a single strong learner. Therefore, they are 
very efficient and suitable for large databases. For 
classification, most popular class is assigned based on voting 
of each tree.  RF algorithm is mainly based on the concept that 
modeling small decision trees with few attributes is 
computationally less expensive. The accuracy of RF is 
comparable to AdaBoost, yet it is more robust to errors and 
outliers.  
 The pseudo code of Random Forest (RF) as given in 
Algorithm 1 is divided into two parts 

(a) Creation of Random Forest 

(b) Prediction using RF classifier created in Step (a) 

The working of RF algorithm is as follows: For every tree in 
the forest, a bootstrap sample S is selected where S(j) denotes 
the jth sample of the bootstrap. Thereafter learning model of 
decision-tree is developed using a modified decision-tree 
algorithm. The modifications in the algorithm are as follows:  
Rather than  evaluating  all the possible attribute splits  at 

every node of the tree,  a small subset of features(f) are 
randomly selected such that  f ⊆ F where F is the set of 
features. Subsequently the decision tree is learned based on 
this small set f which considerably reduces the complexity of 
the algorithm as f is very very small then F. node  
 
Algorithm 1 Random Forest 
Input:  
 A training set ST with  features F 
Number of Trees-T 
----------------------------------------------. 
1  Select k features from F randomly, where k<<F 
2   Compute the best split node “n” from  k features       
3   Create child nodes by splitting the node using best 
split. 
4   Repeat steps 1-3 until desired number of nodes.     
5   Repeat steps 1-4 to build the forest with desired 
number of trees “n” 
 
For Prediction: 
 
1.   Use the test set features and predict the outcome 

using the various rules generated by the decision trees 
created randomly. 

2.  Store the predicted outcome. 
3.  Count the votes for every predicted class. 
4.  The target with highest votes as assigned as final 

target for prediction.  
 

III. EXPERIMENTS AND RESULTS 

A. Dataset 

In the presented work, meticulous experiments were 
performed to evaluate the performance proposed random 
forest algorithm based prediction of drug target interactions. 
The algorithm was evaluated on 4 benchmark protein datasets 
namely Ion Channels, Enzymes, ion channels, nuclear 
receptors, and GPCRs. The numbers of drugs which are 
known to the target are 233, 445, 210 and 54 in GPCRs, 
enzymes, ion channels, and nuclear receptors datasets 
respectively. The counts of various proteins that are known to 
be targeted by the drugs are 664, 204, 95, and 26 FOR  
enzymes, ion channels, and nuclear receptors datasets 
respectively. These datasets were used as the gold-standard 
datasets by Yamanishi et al [3] These datasets are freely 
available from KEGG BRITE [19], BRENDA [21], 
SuperTarget [18], and Drug Bank [20] databases. 

B. Evaluation Parameters 

Accuracy- Accuracy is a performance evaluation measure for 
supervised learning algorithms to assess the ability to 
correctly classify or predict labels. It is defined as the ratio of 
correctly predicted data items to the total number of data 
items. Higher the accuracy means good algorithm.  

Average ranks- Average ranking[22] is  a conventional and 
simple technique to rank the algorithms. In this method, 
accuracy obtained by every algorithm for each dataset is 
sorted and assigned the ranks.   

 
 



International Journal of Innovative Technology and Exploring Engineering (IJITEE) 
ISSN: 2278-3075 (Online), Volume-9 Issue-4, February 2020 

2010 

Published By: 
Blue Eyes Intelligence Engineering 
& Sciences Publication  

Retrieval Number: D1722029420/2020©BEIESP 
DOI: 10.35940/ijitee.D1722.029420 
Journal Website: www.ijitee.org 
 

The algorithm with highest value is ranked 1, second 
highest is ranked 2 and so on for all datasets independently. 
Then overall average rank of each algorithm is computed by 
taking mean of ranks on all datasets.  Let  rankn

m  be the mth  
algorithm rank of nth  dataset.  Then average rank of each 
algorithm is computed as  

rankm   =    
k

rank
k

n

n
m 1                                    (1) 

C. Analysis of Results 

The performance of proposed Random forest algorithm is 
evaluated with respect to 6 algorithms namely Genetic  
algorithm(GA), Matrix factorization(MF), K-nearest 
neighbor(KNN), Support vector machine(SVM), Decision 
trees(DT) and Logistic regression(LR). These algorithms 
have been widely used for predicting drug target interaction in 
the literature. Figure1 - Figure 6 depict the results obtained by 
all the algorithms over ion channel dataset, GPCR dataset, 
nuclear receptor dataset and enzyme dataset respectively. It 
can be observed from these results that Random forest 
algorithms are  

 
Figure 1: ION Channel Dataset 

 
Figure 2: GPCR dataset 

 
Figure 3: Nuclear Receptor 

 
Figure 4: Enzyme 

 
Figure 5: Protein dataSet -1 

 
Figure 6: Protein dataSet -2 

Depicting highest accuracy and decision trees are showing the 
least accuracy in all datasets. Since other algorithm like 
genetic algorithm, matrix factorization and support vector 
machines are also showing considerable performance, these 
algorithms are ranked over all datasets. Average ranking help 
in assessing the overall performance of datasets over datasets 
with varied characteristics as shown in Table 1.  
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Table1: Average Ranking of algorithms over 4 datasets. 
Datasets 

\Algorithms 
Ion Channel GPCR Nuclear Receptor Enzyme Average Rank 

GA 1 2 1 1 1 
MATRIX 3 2 1 3 2 

KNN 4 4 4 4 4 
SVM 1 2 2 5 3 
RF 1 1 1 1 1 
DT 6 5 7 6 6 
LR 2 3 3 2 3 

 
It can be inferred from Table 1 that Random forest and genetic 
algorithm are able to obtain same rank due to their similar 
prediction accuracy for all datasets. As genetic algorithm is a 
non deterministic meta-heuristic algorithm, it may not be 
suitable for large datasets. Therefore, Random forest may be 
preferred over GA. Second Rank is obtained by Matrix 
factorization technique, whose computational complexity is 
quite high. Logistic Regression and support vector machine 
stand third, even they are suitable for small datasets only. 
From these results it can be concluded that RF, GA, SVM and 
LR portray good performance on the considered datasets. For 
large datasets, random Forest Algorithm may be preferred 
over others as it is fast, computationally less expensive and 
provides good prediction accuracy. 

IV. CONCLUSION 

Convergence of information and communication 
technologies has given a boost to the drug discovery in 
pharmaceutical industry as well.  Prediction of drug-target 
interaction (DTI) is a challenging task in drug discovery 
process. To cope with the issues, machine learning algorithms 
are used very prominently to get better results at a faster pace. 
This work presented Random Forest for predicting drug target 
interactions. It is an ensemble learning algorithm which is less 
complex and provides faster results as compared to its 
contemporary counterparts. The experimental evaluation of 
proposed algorithm over accuracy and average ranking 
metrics for various datasets establish that Random forest 
algorithm is able to attain considerable accuracy and  is better 
than compared algorithms.  
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