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Abstract - Drug Repositioning makes a significant contribution to industry and research due to its ability to reduce the time and cost of 
drug discovery through making use of the existing drugs. At the time of writing this research, many computational methods have been 
proposed; however, few of them were able to integrate chemical space (drugs) and genomic space (targets) with disease space. In 
addition, using the feature-based method in Drug Target Interaction (DTI) and Target Disease Interaction (TDI) models are not well-
exploited. Hence, developing an efficient approach in order to predict potential DTI and TDI is necessary. In this research, we introduce 
an integrated computational framework to predict potential interactions of drug-target and target-disease basing on features extracted 
from drugs, targets, and diseases using various learning methods (e.g., Random Forest, Decision Trees, Logistic Regression). 
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1. Introduction 
 

ne of the main barriers that confront the 
pharmaceutical industry is the low productivity of 
drugs [1]. Over the past decade, the rate of newly 

approved drugs shipped to the market has been barely 
increasing (only 55 new molecular entities approved in 
2018 [2]). Developing new drug costs more than $1.8 
billion, and the average time to reach the market is 12-15 
years [3]. The life-cycle of a new therapeutic drug is very 
long and expensive for which some methods are 
introduced to reposition the treated disease of an existing 
drug by acting on multiple targets, which is called drug 
repositioning. Existing clinical history and toxicology 
information profoundly aids the repositioning process, 
which results in investing relatively reduced costs and time 
[4], [5]. Drugs are small molecules that bind with 
biomolecular targets to activate or inhibit their functions 
for treating a specific disease. When a drug interacts with 
multiple targets, it is called a multi-target drug. Similarly, 
when a target interacts with multiple drugs, it is called a 
multi-drug target. Traditional drug discovery relies on 
screening targets of chemical compounds to identify a 
small set of hits whose properties studied in further 
investigations, the succeeding compounds finally approved 
by the Food and Drug Administration (FDA); furthermore, 
the relationship is one-drug-one-target [6], that is very 
limited and does not consider the complexity of 
relationships. 
 
Computational approaches are one of the crucial solutions 
to expediting the screening of chemical compounds [3].  
 
 

 
Although there exist numerous highly-matured databases 
for biological classes (i.e., chemical compounds, target 
proteins, and diseases) and many investments spent yearly 
on drug design, drug candidates still have a high-failure 
opportunity in the drug discovery pipeline due to the safety 
conditions or failed clinical trials. That is why the 
computational approaches designed for drug repositioning 
are becoming more attractive. Drug repositioning is an 
area of interest in drug discovery and design as drug-target 
interaction and target-disease interaction identification in 
wet experiments is very time-consuming and costly. Drug 
repositioning bypasses the tests conducted for drugs in the 
development cycle since it processes on existing tested 
drugs that have optimized affinity, efficacy, selectivity, 
and safety [3]; as a result, it is the potential solution to 
accelerating the drug development cycle. In spite of de 
facto repositioned drugs form 30% of newly shipped 
drugs, and the success fulfilled in recent years, most of the 
repositioned drugs based on an ad-hoc clinical observation 
or unfocused screening [7]. 
 
A lot of computational approaches introduced in drug 
repositioning or target prediction, but most of them do not 
differentiate between target prediction and drug 
repositioning tasks, also their methods can be used 
interchangeably. Although the drug-disease association is 
complex, separating them into drug-target and target-
disease can provide the chance to study more intuitive 
connections [3]. 

 

2. Background and Related Work 
 
In Silico, prediction of the interactions (mentioned in 
Section I) is costly and time-consuming due to the need for 
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specific materials experimented with different 
combinations. Drug repositioning task separated in many 
research studies; however, integrating target information 
into drug repositioning resulted in more meaningful 
predictions [3]. Targets are the link between drugs and 
diseases, which assumes that a drug’s therapeutic effect on 
the disease is perceived if the drug interacts with the 
biological target [3]. Drug Repositioning strategies can be 
divided to: 

● Similarity-based methods [8], [9], [10] are the 
most common strategies in drug repositioning 
[11]; their prediction highly depends on how 
close are data spaces to each other, which limit 
the novel findings [12]; 

● Network-based is another related approach that 
exploits data from different biological sources 
and connections among each source class; it also 
depends on data in nearby space and the way 
network constructed [3]; 

● Machine learning approaches (mainly, supervised 
learning) work on extracting features with the 
topmost impact of each biological class and 
produce an input vector from which correlation 
among them inferred [13], [14]. 

 
Two more strategies, yet not very common are: the 
Connectivity Map (CM) approach proposed by Lamb et al. 
[15], which exploits the gene expression signatures to 
connect new drugs, genes, and diseases; the in-silico 
method submitted by Cheng et al. [16] that uses the crystal 
structure of the target binding site to identify the more 
druggable targets beforehand experiments. Li et al. [17] 
predicted the new association between drugs and diseases 
by relying on the “guilt by association” methodology. A 
network-based approach by Keiser et al. [8] is employed to 
predict new targets for known drugs using chemical 
structures of the drugs and their main targets, after which 
the drug-target network used to predict a new indication 
for the approved drugs. Yu et al. [10] introduced a 
similarity-based method which adapts the bipartite graph 
for applying drug repositioning, showing that better results 
achieved by combining the chemical structure of the drug 
and the target profile. Another use of the bipartite graph by 
Bleakley et al. [18], however, wrapped with supervised 
learning to predict unknown drug-target interactions 
through two steps: initially, by predicting target proteins of 
a given drug, then predicting the drugs interacting with a 
given protein, these two steps are eventually combined to 
give a final prediction for each drug-target interaction 
basing on Support Vector Machine (SVM). Wang et al. 
[19] proposed a way by using the Restricted Boltzmann 
Machine which integrates multiple types of drug-target 
interactions to predict unknown relationships or drug 
modes of action; impressively, the method incorporates 
more information about drug-target relationship and drug 

mode of action which improves the accuracy. The pairwise 
input neural network (PINN) by Wang et al. [20] was able 
to show an advantage over the pair-support vector machine 
that maps targets and ligand features into higher 
dimensional space, where the PINN does not; additionally, 
not all parts of the target involved in the target-ligand 
interaction training process. 
 
2.1 Methods of Drug Target Interaction (DTI) 

 
As defined before in Section I, drugs are the substance of 
molecule compounds which alter the biological behavior 
of target proteins [21]. On the other hand, targets are a 
class of molecular structures that could interact with drugs. 
Known targets so far are only a few hundreds, but there 
are many predicted targets that might be able to bind to a 
drug-like molecule, the process of screening all potential 
targets molecules is a tedious task [19]. The identification 
of drug-target interactions is a challenging area in drug 
discovery and design because of the increasing rate of new 
chemical molecules which have the ability to be drug-like 
[9]. Many of the drug-target approaches were developed to 
predict the targets of new chemical entities; the others 
predict the new target of an already approved drug. 
Structure-based Drug Design (SBDD) and Ligand-based 
Drug Design (LBDD) are the most widely used. Structure-
based drug design or Molecular Docking is a method that 
predicts the structure of the intermolecular complex 
formed between two or more constituent molecules [22], it 
is powerful and widely used that, disadvantageously, 
require 3D structures of both proteins and drugs to be 
available (which is not the case for 40% of drug target), 
even though it resulted in a good performance [4],[23]. 
 
On the contrary, ligand-based drug design can work with 
the absence of the 3D structures [24], [25]; it compares a 
candidate ligand with a known ligand of a target protein to 
predict its binding, using machine learning methods [9]. 
Performance of LBDD is not satisfying when the number 
of known ligands of specified target decreases. 
 
Machine-Learning DTI can be similarity-based or feature-
based [26] and the instances for them are [25], [27], [28]. 
In this study, we will use feature-based DTI as it is a more 
powerful way to detect novel interactions. 
 
2.2 Methods of Target-Disease Interaction (TDI) 
 
Finding a link between target and disease is costly and 
time-consuming, so developing a TDI model is of a great 
need [29]. The disease is an abnormal condition that 
changes the function of an organism negatively, observed 
by its manifestations or symptoms. Many approaches 
developed in studying the relationship between targets and 
diseases; examples include [30], [31] who introduced a 
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network-based method that uses the similarity of genes to 
discover new interaction between genes and diseases. 
Another network-based method that builds the disease 
interaction network on gene association data, patient 
medical history, and diseases, integrating heterogeneous 
data into a multi-relational network, the result shows that 
using disease comorbidity can boost the relationship 
between genes and diseases [32]. Suratanee et al. [33] 
proposed another network-based method that integrates 
protein-protein interactions with gene-disease interaction 
to induce new relation between gene and disease. Zhao et 
al. [34] is a network-based method that uses gene 
expression and protein interaction to rank disease genes 
candidate by Katz-Centrality approach [35]. 
 
As discussed, most methods developed are network-based 
and part of them depend on the similarity scores which are 
limited due to network-construction method and lack of 
data. 
 
We propose a feature-based method using disease 
manifestations and target domains as feature input vector 
using relatively sufficient data that are reliable to find 
novel interactions. One of the two close approaches to ours 
is Wangs’ method [3], it proposes a method called Triple 
Layer Heterogeneous Graph-Based Inference (TL-HGBI) 
that is an extension to the HGBI method; the method based 
on a heterogeneous network by integrating drug 
repositioning and target prediction in the same framework 
to address the complex relationships between drug, targets, 
and diseases. More specifically, TL-HGBI calculates the 
strength between disease and drug iteratively using drug- 
target information; the similarity between the same nodes 
calculated to tell whether a pair of nodes could be linked 
when it exceeds a predefined threshold. The linkage of our 
work and theirs is that we both integrate information from 
multiple biological data sources (drug, target, and disease) 
to identify the complex relationship among them. 
 
On the other hand, Tian et al. [28] work uses deep neural 
networks to introduce a method called Deep Learning for 
Compound-Protein (DL-CP), which recognizes the 
interactions between compounds and proteins; DL-CP was 
initially trained on a small subset of the data to obtain a set 
of hyper-parameters which are then applied to gain better 
results outperforming many other approaches. One of their 
findings is that using compounds’ chemical structures and 
the targets domain can efficiently express their joint 
distribution. 
 

3. Materials and Methods 
 
In this study, we submit a machine learning framework for 
drug repositioning. The relationship between drug and 
disease divided into two principal direct relations: drug-

target and target-disease as illustrated by Figure 1. 
Evoking how the therapeutic effect of a drug and its 
impact on the disease can be observed using the biological 
targets, we can infer new drug-disease reciprocities 
through predicting or using existing relations between 
diseases and targets which depend on finding new targets 
for the approved drugs (see Section II). 
 
Considering that a lot of methods developed and many are 
still being developed; nevertheless, only a few were able to 
integrate methods from different spaces such  as drug, 
target, and disease spaces. Our goal is to build a feature-
based framework that simultaneously predicts how targets 
interact with drugs (DTI), and also predicting diseases 
which interact with those targets (TDI); both extensively 
discussed in Section II.  
 

 
 

Fig 1. Two main drug repositioning approaches 

 

Finally, the results of both models are a good start to 
shorten the discovery process cycle and decrease the 
failure rate. As the relationships between drugs, targets, 
and diseases are complex and we usually do not have a 
one-to-one relationship, i.e., a drug can interact with 
multiple targets, also the target can interact with multiple 
diseases (see Figure 1).  To overcome the limitations of 
using similarity-based and network-based methods (as 
earlier shown in Section II) we use feature-based methods 
for both DTI and TDI models; moreover, integrating data 
from a different drug, target, and disease spaces showed 
more meaningful predictions and exploitation of intra-
relations of drug-target and target-disease which also 
boosted the accuracy of the drug repositioning process [3]. 
 
3.1 One-Class Classification (OCC)Both DTI and TDI  

Models bring up a one-class classification problem since 
only the positive class (e.g., a drug interacts with the target 
and target interacts with a disease respectively) in each is 
available. The one class classification is an area in 
machine learning used in the absence of the negative class. 
In the traditional binary/multi-class classification 
problems, observations from all classes are available, 
allowing you to examine all distributions; availability of 
only a subset of the classes causes the classifier to be 
biased.  
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Hence, OCC works as a class detector to give an unbiased 
prediction [38], [37]. The main concepts are: 
 

● Positive-Unlabeled learning (PU): is a binary 
classification that relies on training on positive 
(P) and unlabeled (U) using a semi-supervised 
method. This type of OCC used widely in 
medical diagnosis and knowledge base 
completion [39], [40], [41]. 

● Novelty and Outlier Detection: is a one-class 
classifier that is trained to tell whether an 
observation should belong to the same existing 
class or considered as an outlier [42], [43]. 

 
Regarding our research, we depend on PU learning due to 
the existence of a multitude of unlabeled observations. In a 
nutshell, known drug-target interaction data represent the 
positive class, and all possible pairs of the drug-target 
interactions that do not exist within our dataset represent 
the negative class, and the same goes for the target-disease 
interaction data.  We used Random Forest (RF) [44] and 
Decision Trees (CART) [45] for both DTI and TDI 
models. Also, we compared the results of RF and CART 
against Logistic Regression (LR) for the DTI model. we 
have a huge bulk of unlabeled data that should introduce 
more input for the models. Known drug-target and target-
disease interactions are our positive data and random pairs 
that not in positive set are the unlabeled data. 
 
3.2 Dataset collection 
 
We initially collected the features of drug, target, and 
diseases from various data sources; secondly, extracted the 
unique ones in different ways; finally, get the known 
interactions data of drug-target and target-disease. 
Throughout the next subsections, we will be discussing 
how did we design the methods to do so. 

1. Drug data: All drugs were obtained from the 
DrugBank database [46]. To profile each drug 
compound, we used Drug chemical structures as 
features and lastly constructed the corresponding 
fingerprint. Drug fingerprint is a 881-binary 
vector where 1 indicates the presence of certain 
chemical substructure and 0 otherwise. Drug 
fingerprint fetched from the PubChem database 
[47]. 

2. Target Data: For each target, we used its domains 
as features to represent the target profile. Target 
domain information was extracted from the Pfam 
database [48]. Target fingerprint is a 5133-binary 
vector with value 1 or 0, 1 indicates the presence 
of domain in feature space and 0 otherwise. 

3. Disease Data: All diseases extracted from the 
DM-PatternUMLS database; it is a large-scale 
knowledge-base that presented the Disease-
Manifestation relation from wide biomedical 
literature [49]. It is an accurate database from 
which inference of disease manifestation 
correlation to targets and drugs is accurate. 
Disease fingerprint is a 16096-binary vector 
where 1 indicates that the disease has a certain 
manifestation and 0 otherwise. 

4. Drug-Target Interaction: collected from the 
DrugBank [46] which have 4 types of targets: 
proteins, carriers, transporters, and enzymes. 
However, limited to the associated targets in 
Pfam [48]. We also used the BindingDB [50] 
database as an extra database to enlarge 
interactions data. 

5. Target-Disease Interaction: obtained from the 
DisGeNET data [51]. Interactions collected 
limited to the associated targets from Pfam [48] 
too, and the associated diseases from 
DMPatternUMLS [49]. 
 

3.3 Dataset Selection 
 
For summary statistics of used datasets (see Table I). 
 

Table 1:Biological Data sources 
 

Data/Class Data sources # 

Samples Total 

Drug 
DrugBank 
BindingDB 

8709 
34 

8743 

Target 
DrugBank 
BindingDB 

5161 
12950 

18111 

Disease DMPatternUMLS 11439 11439 

DTI 
DrugBank 
BindingDB 

22289 
19718 

42007 

TDI DisGeNET 361585 361585 

 
3.4 Feature Extraction 

 
Feature extraction is an essential step in developing a 
machine learning model, which helps to boost accuracy by 
extracting the most informative features. In our case, we 
dropped the zero variance features (i.e., all zeros or ones). 
The drug is an 881-binary vector, and the target is a 5133-
binary vector, we fed both as an input to our DTI, overall 
the 6014-binary vector, only 2136 features were extracted; 
for the TDI, the disease is a 10963-binary, and only 11084 
were extracted from the 16096 (i.e., the target features 
along with diseases’); both illustrated in Figure 2. 
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4. Experiments and Results 
 
Purpose of both models is to find intra-relation of drug-
target and target-disease that can be used furtherly to find 
a new drug-disease connection. We selected Stratified 
Sampling as our data splitting approach for both DTI and 
TDI models. 
 
For the DTI data, we have 42007 positive samples and 
millions of possible random pairs labeled as negative 
samples. We randomly select a portion of the unlabeled 
pairs in three different ratios: 1,0.5,0.25 of the labeled data 
size, therefore, having three datasets (see Table II). 
 

 
           

Fig 2. Proposed Method 
 

Table 2:DTI Datasets 

Dataset DS1 DS2 DS3 

Positive:Unlabel 1:1 1:0.5 1:0.25 

# Positive 
Samples 

42007 42007 42007 

# Negative 
Samples 

42007 21003 10501 

Input Vector 2136 2136 2136 

 

For the TDI data, we have more than 360,000 positive 
examples and generated the negative examples the same 
way as DTI’s, however, the ratios are 0.8, 0.4, and 0.2. 
Taking the same ratios as DTI’s was impractical for the 
resources used. 
 

Table 3:TDI Datasets 
 

Dataset DS1 DS2 DS3 

Positive:Unlabel 0.8:0.8 0.8:0.4 0.8:0.2 

# Positive 
Samples 

289268 289268 289268 

# Negative 
Samples 

289268 144634 72317 

Input Vector 11084 11084 11084 

 
4.1 Comparison among binary classifiers 

 
In the One-Class Classification problem (OCC), any 
binary classifier could be used. We compared among three 
binary classifiers: Logistic Regression (LR) [52], Decision 
Trees (CART) [45] and Random Forest (RF) [44] for the 
DTI. Likewise, we compared between CART [45] and RF 
[44] for the TDI; LR not included due to the limitations of 
resources. The experiments showed that RF’s accuracy is 
slightly higher than the CART for both DTI and TDI. LR’s 
performance was poor when employed for the DTI.  
 
For timing benchmarks, RF was dominating with the least 
training time. The accuracy results of both DTI and TDI 
models are shown in Figure 3 and 4, The assessment was 
carried only on the positive set, because unlabeled 
observations are, indeed, not guaranteed to be negative. 
Figure 5 and 6 represent average training time of both 
models. 

 

5. Discussion 
 
We have proposed a machine learning approach for drug 
repositioning depending on the relations between drug-
target and target-disease. Basing on this framework, we 
have introduced two one-class classifiers drug-target and 
target-disease interactions. Experimental results exposed 
that RF outperforms other classifiers in accuracy and 
training time; it builds multiple decision trees which are 
then merged to get the prediction, that is obtained by 
traversing the merged trees and selecting the highest vote. 
Thus, selecting RF classifier was very intuitive due to the 
fact that data come from multivariate Bernoulli 
distribution, which represented as a binary decision tree 
[53]. 
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We compared the classifiers against three datasets, one 
balanced and the rest are imbalanced, to cover as many 
cases as possible. 

To validate the generality of approaches used to infer 
interactions of drugs-targets and targets-diseases, we 
simulate two artificial datasets for assessing DTI and TDI 
models. In the assessment experiments, we depend on 
Copulas approach [54], [55], [56], [57], by using the 
simstudy package in R, which implements copulas to 
simulate data from different distributions. Firstly, we 
generated the marginal probability and correlation matrix 
of the dataset for TDI and DTI. Secondly, fed both to the 
package and tested models against the simulated data. 
Unfortunately, however, known, the generated data are not 
accurate since its distribution mapped from continuous to 
discrete distribution, and the package is limited in the case 
of correlated binary data, because correlation is biased 
downwards towards zero [58]. Future work includes 
applying more binary classifiers for the introduced models, 
especially to the Target Disease interaction (TDI); because 
we, originally, have a more rich dataset for the TDI, 
restricted computations and long training time prevented 
us from running such experiments. Also, using better 
assessment approach because we tested our classifiers for 
both DTI and TDI on only positive data even though the 
negative class included in the training process. As the 
copula method does not address the simulation of 
correlated binary data in an efficient manner, we are 
currently working on a far more stable package which has 
already shown promising results.      
  

6. Conclusions 
 
For enhancing the drug repositioning problem, we 
involved the target as a link between drug and disease 
classes; most of the developed approaches do not address 
the problem as two relations: drug-target and target-
disease. Conducted experiments revealed that involving 
the target information boosts the performance relatively. 
The two models we defined, i.e., the Drug Target 
Interaction (DTI) and Target Disease Interaction (TDI), 
showed that the target correlated with both the drug and 
disease. In addition, applying the Positive-Unlabeled (PU) 
approach to obtain distribution from the unlabeled space 
caused our models to be unbiased towards the positive 
predictions. Using the feature-based approach for the DTI 
and TDI models was an efficient solution to overcome the 
limitations practiced in the similarity and network 
approaches. Although Drug Repositioning is an efficient 
way to shorten the drug discovery process, we still need, 
not surprisingly, input from expertise in biochemistry to 
validate our findings. 
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