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ABSTRACT 

Novel Methods for Drug-Target Interactions Prediction using Graph Mining 

Wail Ba alawi 

 

The problem of developing drugs that can be used to cure diseases is important and 

requires a careful approach. Since pursuing the wrong candidate drug for a particular 

disease could be very costly in terms of time and money, there is a strong interest in 

minimizing such risks. Drug repositioning has become a hot topic of research, as it helps 

reduce these risks significantly at the early stages of drug development by reusing an 

approved drug for the treatment of a different disease. Still, finding new usage for a drug 

is non-trivial, as it is necessary to find out strong supporting evidence that the proposed 

new uses of drugs are plausible. Many computational approaches were developed to 

narrow the list of possible candidate drug-target interactions (DTIs) before any 

experiments are done. However, many of these approaches suffer from unacceptable 

levels of false positives. We developed two novel methods based on graph mining 

networks of drugs and targets. The first method (DASPfind) finds all non-cyclic paths 

that connect a drug and a target, and using a function that we define, calculates a score 

from all the paths. This score describes our confidence that DTI is correct. We show that 

DASPfind significantly outperforms other state-of-the-art methods in predicting the top 

ranked target for each drug. We demonstrate the utility of DASPfind by predicting 15 

novel DTIs over a set of ion channel proteins, and confirming 12 out of these 15 DTIs 

through experimental evidence reported in literature and online drug databases. The 

second method (DASPfind+) modifies DASPfind in order to increase the confidence and 
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reliability of the resultant predictions. Based on the structure of the drug-target 

interaction (DTI) networks, we introduced an optimization scheme that incrementally 

alters the network structure locally for each drug to achieve more robust top 1 ranked 

predictions. Moreover, we explored effects of several similarity measures between the 

targets on the prediction accuracy and proposed an enhanced strategy for DTI prediction. 

Our results show significant improvements of the accuracy of the top ranked DTI 

prediction over the current state-of-the-art methods. 
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Chapter 1: Introduction 

 

Finding new drugs or new targets for existing drugs is an important and challenging 

problem in biomedical research. Drug discovery is the process by which a chemical 

compound or set of compounds have been identified and confirmed as useful in the 

treatment of a disease. In the past, a drug is discovered by finding the active ingredients 

from traditional remedies or by accidental discovery. Modern drug discovery involves 

complex processes and procedures. They usually start by studying a disease at the 

molecular and physiological level, aiming to understand which molecular targets could be 

best affected by the drug in order to treat the disease, and then start the process to find 

such compounds. However, finding targets with a direct positive impact on a certain 

disease is a very challenging process, given the complexity of biochemical processes 

involved. The process to find compounds that affect certain targets requires significant 

costly resources, laborious work and a lengthy period of time. High throughput screening 

(HTS) is a scientific experimental method that allows for the screening of large libraries 

of compounds against a certain target under specific conditions in order to show their 

activity response against that target. Another important reason is the possibility to study 

some toxicity effects under particular conditions. HTS is a major approach used in the 

early stages of drug discovery process. It still requires costly resources to conduct large-

scale screening of compounds and many targets. Results of HTS can be used in multiple 

ways. One could find compounds that interact with a specific target. Another use is for 

studying some of the potential off-target effects of the screened compounds. The third 

major use is for toxicity analysis of compounds. The results from numerous HTS 
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experiments that can be used for the above-mentioned purposes can be found for example 

in PubChem [1-3], ChemBank [4] and BARD [5]. Of course, these are only preliminary 

studies as the real evaluation is in clinical studies. However, important information for 

short-selecting compounds as candidate drugs based on HTS results happens at the early 

stages of drug development, thus minimizing risks of rejection when the drug reaches 

clinical trails, which occurs at the later stages of the process. It is estimated that a 

successful approved drug may require around 1.8 billions dollars and 13.5 years to reach 

the market [6]. Despite significant research and development expenditures [6], only 27 

new molecular entities were approved by the Food and Drug Administration (FDA) in 

2013, illustrating the challenges of drug discovery [7]. Hence, it is important to find ways 

to speed up this process. One attractive approach is finding computationally potential 

drug-target interactions (DTIs) that can affect a disease under study. These methods can 

narrow the list of target candidates for drugs under test, hence decreasing the number of 

experiments that have to be done, and also aims at lowering the risk of focusing on a 

wrong DTI. These methods can also provide new insights from the scarce information we 

have about drugs and their targets. Moreover, they can allow us to do a large-scale 

screening of chemicals in a much more economical way, as a pre-process to shortlist 

likely candidates before embarking on experimental testing of these chemicals. 

Furthermore, prediction of DTIs reveals drugs acting on multiple targets, i.e. those that 

exhibit polypharmacology, which may aid in understanding some of the potential side 

effects that may be caused by these drugs [8]. The objectives of our study are to 

contribute to the development of computational methods for reliable DTI predictions, as 

elaborated later in this section.  



 

!

14!

Early attempts to solve the problem of finding computationally potential DTIs included 

docking techniques. For example, one such in silico drug-target interaction prediction 

method [9] uses the crystal structure of the target binding site to yield a good prediction 

of druggability, and to identify the less-druggable targets before the deployment of any 

substantial funding and effort for experiments. Furthermore, the study [9] successfully 

and experimentally tested two of the generated predictions using high-throughput 

screening of a diverse collection of compounds, thereby demonstrating the utility of their 

approach when dealing with difficult targets. Other studies, such as [10, 11], also 

successfully demonstrated the use of similar docking methods in identifying DTIs, and in 

drug repositioning. The drawback of these docking methods is that they require high-

resolution X-ray crystal (3D) structures of proteins, which are not known for many 

membrane-bound proteins, and which account for more than 40% of current drug targets 

[12, 13]. An alternative ligand-based approach has therefore been developed based on the 

use of machine learning methods to predict the binding of a candidate ligand based on the 

known ligands of a target protein [14, 15]. One such ligand-based method for predicting 

DTIs, using a drug two-dimensional (2D) structural similarity, is presented in [14], and is 

known as the similarity ensemble approach (SEA). The study experimentally confirmed 

23 new DTIs, five of which were potent [16]. However, the performance of this ligand-

based prediction method decreases as the number of known ligands of a particular target 

protein decreases. To further minimize the drawbacks of the above-mentioned methods, 

recently developed techniques have been based on supervised classification [17-20], and 

graph interaction models [21]. This study focuses on these types of models. These models 

embrace the concept of drug repositioning. Drug repositioning aims at finding new 
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usages for existing drugs that can have a positive effect on diseases other than those for 

which they have been originally developed. One of the advantages of drug repositioning 

is that we have wealth of information about the existing drugs including the toxicity 

analysis reports and their observed side effects, which significantly simplifies and speeds 

up the process of drug discovery. Machine learning methods and graph based methods 

utilize information about existing DTIs that are experimentally validated and reported in 

literature, as well as information from drug-target interaction databases to build their 

models and derive novel potential DTIs. In the following sections, we will first describe 

different publicly available databases that can serve to build informative datasets for 

predicting DTIs. These databases contain several types of information that can be used 

such as known interactions between drugs and targets, annotations of drugs and targets, 

and drug-drug relationships and target-target relationships. Second, we will survey 

different computational methods that have been developed to tackle the problem of 

predicting novel drug-target interactions. Finally, we will describe the objective of this 

thesis. 

1.1 Databases  

DrugBank  

The DrugBank database [22, 23] is an information rich resource useful for bioinformatics 

and cheminformatics analysis as it contains a lot of detailed information (chemical, 

pharmacological and pharmaceutical) about drugs and their corresponding targets (i.e. 

sequence, structure, and pathway). It is a repository with 8,026 drugs (out of which 1,991 

FDA-approved small molecule drugs, 207 FDA-approved biotech (protein/peptide) 

drugs, 93 nutraceuticals and over 6,000 experimental drugs) and 4,333 non-redundant 
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protein (i.e. drug target/enzyme/transporter/carrier) sequences that these drugs affect. It 

provides comprehensive annotations of drugs, their targets and links to other databases 

for additional details (http://www.drugbank.ca). 

KEGG: Kyoto Encyclopedia of Genes and Genomes 

KEGG is a large repository [24, 25], which integrates seventeen main databases. It aims 

to facilitate an understanding of high-level functions and utilities of biological systems, 

such as cell, organism and ecosystem, based on genomic and molecular-level 

information. It also provides computer representations of biological systems, consisting 

of molecular building blocks of genes and proteins (genomic information), and chemical 

substances (chemical information) that are integrated with molecular linkage diagrams of 

interaction, reaction and relation networks (systems information). It also contains disease 

and drug information (health information) considered as perturbations to biological 

systems (http://www.genome.jp/kegg). 

SuperTarget 

SuperTarget is a drug-target relationship database [26] that includes a huge set of 

interactions, as well as annotations related to the drugs and targets such as side effects, 

pathways, gene ontology (GO) annotation and protein-protein interactions (PPI) 

(http://insilico.charite.de/supertarget/). 

MATADOR: Manually Annotated Targets and Drugs Online Resource 

MATADOR is a database [26] that contains a subset of information from the SuperTarget 

database. In this database, a large subset of the interactions from SuperTarget is selected 
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and further analyzed to incorporate additional binding information as well as indirect 

interactions. So, this database describes all found interactions of a particular drug with a 

set of targets, and characterizes interactions as either being direct (e.g. binding) or 

indirect (e.g. interactions caused by active metabolites of the drug or by changes in the 

expression of a protein). It therefore provides more information of the associated effects 

than, for example, DrugBank (http://matador.embl.de/). 

ZINC 

ZINC is one of the largest databases [27] of commercially-available compounds for 

virtual screening with over 100 million purchasable compounds in ready-to-dock, 3D 

formats.  It is very useful for ligand discovery and virtual screening (docking), and allows 

for a known compound to be looked up by the target they interact with 

(http://zinc.docking.org). 

TTD: Therapeutic Target Database 

TTD is a database [28-30] that provides information about the known and explored 

therapeutic protein and nucleic acid targets, the targeted disease, pathway information 

and the corresponding drugs associated with each of these targets. Also included in this 

database are links to relevant databases containing information about target function, 

sequence, 3D structure, ligand binding properties, enzyme nomenclature and drug 

structure, therapeutic class, and clinical development status 

(http://bidd.nus.edu.sg/group/cjttd/TTD_HOME.asp). 
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SIDER 

SIDER database [31, 32] contains information on marketed medicines and their recorded 

adverse drug reactions. The information is extracted from public documents and package 

inserts. The available information include side effect frequency, drug and side effect 

classifications, as well as links to further information, for example drug–target relations. 

(http://sideeffects.embl.de/). 

ChEMBL 

ChEMBL is a database [33-35] that contains binding, functional and ADMET 

(Absorption, Distribution, Metabolism, Excretion, and Toxicity) information for a large 

number of drug-like bioactive compounds. These data are manually extracted from the 

primary published literature on a regular basis, then further curated and standardized to 

maximize their quality and utility across a wide range of chemical biology and drug-

discovery research problems. (https://www.ebi.ac.uk/chembldb). 

STITCH 

STITCH is a database [36-39] of known and predicted interactions of chemicals and 

proteins. Chemicals are linked to other chemicals and proteins by evidence derived from 

experiments, databases and the literature. It contains interactions between 300,000 small 

molecules and 2.6 million proteins from 1133 organisms (http://stitch.embl.de). 

PubChem 

PubChem is a huge resource that consists of several databases [1-3]. PubChem Bioassays 

consists of deposited bioactivity data and descriptions of bioactivity assays used to screen 
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chemical substances contained in the PubChem Substance database, which includes 

descriptions of conditions and readouts (bioactivity levels) specific to the screening 

procedure. PubChem Compound contains unique validated chemical structures of small 

molecules that can be searched using names, synonyms or keywords. PubChem 

Substance records contains substance information which has been electronically 

submitted to PubChem by depositors (https://pubchem.ncbi.nlm.nih.gov). 

BARD 

BARD is a database [5] with the goal of providing a platform to store and analyze 

bioassay results in a consistent manner across institutions and companies, and to extend 

medicinal biological science by offering tools that enable discovery, hypothesis 

formation, and testing (https://bard.nih.gov). 

BindingDB 

BindingDB is a database [40-42] of measured binding affinities, focusing mainly on the 

interactions of proteins considered to be drug targets with small, drug-like molecules. 

BindingDB contains 1,241,730 binding data, for 6,395 protein targets and 546,320 small 

molecules (https://www.bindingdb.org/bind/index.jsp). 

1.2 Computational methods for DTI predictions 

There are several methods based on the supervised classification and graph interaction 

models that have been developed to enhance the accuracy of predicting DTIs. They 

utilize more abstract information, such as the information on whether an interaction exists 

or not, similarity between drugs based on common targets, and other information that 

does not rely on complex data such as 3D structure of the targets and compounds. Here 
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we describe the most representative of these methods and how they tackled the problem 

of predicting new DTIs. 

The bipartite graph learning method 

One of the first methods to tackle the problem of unavailability of 3D structures for many 

targets is presented in [43]. Its originality is in compiling several datasets that became a 

gold standard benchmark for the methods that came later. These datasets represent four 

classes of protein targets of existing drugs, namely, enzymes, nuclear receptors, ion 

channels and G protein-coupled receptors (GPCRs). In these datasets, known protein 

targets of each drug are recorded using several online databases [39]. Also, they were the 

first to formalize the drug–target interaction inference as a supervised learning problem 

for a bipartite graph. Their method to predict new interactions relies on integrating 

chemical space and genomic space into a unified Euclidean space that they call 

‘pharmacological space’. Here the chemical space refers to the chemical structure 

similarity space of possible chemical compounds, genomic space refers to the amino acid 

sequence similarity space of possible proteins, and finally the pharmacological space 

refers to the interaction space reflecting the drug–target interaction network where 

interacting drugs and target proteins are close to each other. By applying a kernel 

regression model, they are able to compute a feature-based similarity score that is used as 

a measure of the closeness between compounds and proteins in the pharmacological 

feature space. Then, high-scoring compound–protein pairs are predicted to interact. This 

method shows good performance in general, but shows very poor sensitivity measures.  
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Bipartite local models (BLMs) 

This method extends the bipartite graph learning method and introduces local models to 

predict DTIs [21]. In this way, the authors transformed the edge-prediction problems into 

well-known binary classification problems of points with labels. BLM is based on 

creating separate local models for each tested drug-target interaction. It uses support 

vector machines (SVM) as the classifier basis of these local models. To predict an 

interaction between drug di and target tj, the following steps are applied:  

1. Make a list of all known targets of di except for tj and denote them as the positive 

samples with +1 label. Make another list of all other targets that are not known to 

interact with di and denote them as the negative samples with -1 label. 

2. Train an SVM model based on these samples using the available genomic 

sequence data for the targets as features. 

3. This SVM model now is a local model that predicts whether new targets would 

interact with di or not. BLM uses this model of di to predict if it will interact with 

tj. 

4. BLM repeats the same processes 1-3, but interchanges the roles of di and tj, hence 

creating an SVM local model for tj using the available chemical structure data for 

the drugs as features. 

5. Now, to predict an interaction between di and tj, BLM aggregates the predictions 

of the two local models built for di and tj. Its heuristic method to aggregate the 

two independent predictions was to choose the maximum of both. 
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BLM’s results showed a clear improvement over the bipartite graph learning method. 

However, this method regards the unknown interactions as negatives, which is not 

necessarily true. Also, the number of known interactions for a drug could be very small in 

comparison to the unknown ones, which would result in an imbalanced classes ratio for 

the classifier.   

Drug–target interaction prediction by learning from local information and 

neighbors (BLM-NII) 

This method [19] aims to improve the BLM method by solving the limitation of not being 

able to predict targets for new drugs. It achieves this goal by calculating the initial 

weighted interactions for the new drug from its neighbors' interaction profiles. After that, 

the predicted interactions are used as label information to train the model. Note that 

neighbors here refer to drugs that are most similar to the new drug under test. The authors 

distinguish their method from the weighted profile method, which is a nearest-neighbor 

approach, in two aspects:  

a) The interaction profile calculated by BLM-NII is used as label information to train the 

classifier, while in the weighted profile method, the calculated weighted interaction 

directly describes the final prediction for the interaction.  

b) In BLM–NII, the NII procedure is only a part of the BLM framework and is used 

whenever a new drug is queried. It relies on whatever BLM used as classifier, while in 

the weighted profile method, the method itself is a classification method and no other 

classifier is used for the prediction of the interactions. 
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RLS-Kron 

The RLS-Kron method [17] is a simple machine learning approach that uses drug–target 

networks as the only source of information for the prediction of novel DTIs. It relies on 

the assumption that two drugs that interact in a similar way with some targets in a known 

drug–target interaction network, will also interact in a similar way with new targets. First, 

the RLS-Kron method introduces interaction profiles of drugs (and of targets) in a 

network, which are binary vectors specifying the presence or absence of an interaction 

with every target (drug) in that network. Then, two Gaussian Interaction Profile (GIP) 

kernels are defined, one based on the profile for drugs and the other based on the profile 

for targets. After that, the Regularized Least Squares (RLS) classifier is used to make 

predictions of DTIs. In [17] different kernels are combined into one large kernel using the 

Kronecker product. One issue with this method is its inability to predict targets for drugs 

with no known interactions. 

Gaussian interaction profile kernels for predicting DTIs (GIP) 

This method [17] is based on the assumption that two drugs that interact in a similar way 

with targets in a known DTI network, will also interact in a similar way with new targets. 

The method follows this assumption by creating an interaction profile for each drug. This 

interaction profile describes the presence and absence of a known interaction between the 

drug and all targets. The interaction profile of a target is defined in the same manner. 

Then, a Gaussian Interaction Profile kernel is constructed from these profiles and a 

simple classifier, Regularized Least Squares (RLS), is used based on the GIP kernel for 

prediction of DTIs. 
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Network-based inference method (NBI) 

In this approach, three different inference models are created, namely: drug-based 

similarity inference (DBSI), target-based similarity inference (TBSI) and network-based 

inference (NBI) [44]. The main difference between these methods is that DBSI is based 

on chemical 2D structural similarity only, and TBSI is based on genomic sequence 

similarity only, whereas NBI is only based on drug-target bipartite network topology 

similarity. The assumption in DBSI is that similar drugs will share common targets. The 

assumption in TBSI is that similar targets will interact with the same drugs. For NBI, to 

predict a new target for a drug di, a two-step diffusion approach is applied. A uniform 

weight is distributed from di to all its known targets. Then, each of these targets will 

create another uniform weight from the corresponding one it obtained from di and 

distributes it to all of its known drugs. Finally, the targets of these drugs are ranked on the 

received weights, where the highest score represents a higher possibility for a target to 

interact with di. The study [40] compared their three methods and interestingly, they 

showed that NBI, based only on the interaction graph without any features from the drugs 

and targets, performed the best. Still, the information used in the NBI network is limited 

because it is not taking advantage of the information from drugs and targets. Also, it 

cannot be used to predict targets for a new drug, as it would be an isolated node in the 

NBI network. 

Network-based random walk with restart on the heterogeneous network (NRWRH) 

As in many other methods, this one is based on the assumption that similar drugs often 

interact with similar targets [45]. First, it creates a heterogeneous graph consisting of 
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three networks: DTI network, drug similarity network, and target similarity network. 

Then, the initial probability of a random walk is determined. After that, the transition 

matrix is decided and the random walk is applied. Finally, after convergence, a stable 

probability is obtained and candidate targets are ranked accordingly. NRWRH showed 

good results and because of the integration of all three networks, the method is able to 

predict targets for new drugs. Still, the way that it traverses the graph using the random 

walk means it is not fully taking advantage of the graph structure, and the initial 

probabilities selection is crucial. 

Domain-tuned hybrid method (DT-Hybrid)  

This method extends NBI by adding information from the drug similarity domain and the 

targets similarity domain to the function used by NBI [46]. By doing so, DT-Hybrid 

leveraged more information, which resulted in better performance. However, like NBI, 

the resulting method (DT-Hybrid) is not able to predict targets for new drugs without 

known targets. The reason for this is that it utilizes the added information of similarities 

as an extra term in the function to find the new DTIs, but still uses the bipartite graph of 

only the known DTIs as the underlying network for the diffusion process.  

 Heterogeneous graph based inference method (HGBI) 

 This method [47] also added a drug-similarity graph and a protein-similarity graph to the 

interactions graph used by NBI. However, HGBI added them as explicit edges in the 

network. This created a network consisting of three sub-networks: a DTI sub-network, a 

drug-drug similarity sub-network, and a target-target similarity sub-network. HGBI relies 

on finding paths that connect a drug and a target under test in this heterogeneous network, 
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and aggregates a score based on them. However, it uses a restricted way of traversing the 

resultant network as it allows at most one edge from each sub-network to be part of the 

calculated path. As a consequence, only partial information from the graph topology is 

utilized and hence only partial benefits are achieved.  

Neighborhood Regularized Logistic Matrix Factorization (NRLMF) 

NRLMF [48] is a method that relies on integrating logistic matrix factorization with 

neighborhood regularization for DTI prediction. It assigns higher importance levels to 

known interaction pairs and lower importance levels to unknown pairs. Also, it considers 

the neighborhood influences from most similar drugs and most similar targets. The 

drawbacks of NRLMF are the use of unknown pairs as negative samples and the 

constraint to use the five most similar drugs or targets to a DTI pair. 

1.3 Objective 

In order to overcome the limitations of the above-mentioned state-of-the-art 

computational methods, and improve the accuracy of the potential novel DTIs, we 

propose in this study two methods to better utilize the network topology along with the 

information encoded in the network.  

In the first method that we name DASPfind, given a drug and a target, we find all non-

cyclic paths that connect them and then, using a function that we define, we calculate a 

score from all these paths that measures confidence in an interaction between that drug 

and target. We show in our comparison that our method significantly outperforms other 

state-of-the-art methods when one considered the top ranked predicted target for each 

drug. We also show another validation of this method by predicting novel interactions for 
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which we searched literature and online drug databases for experiments that confirm 

these predictions. This has resulted in 12 out of 15 novel interactions to be confirmed, 

which shows utility of our first method in real applications.  

In the second method (DAPfind+), a modification of DASPfind is made in order to 

increase the confidence and reliability of the resultant predictions. Using the structure of 

the drug-target interaction (DTI) networks we developed an optimization scheme that 

incrementally alters the network structure locally for each drug to achieve more robust 

top 1 ranked predictions. Moreover, we explored effects of several similarity measures 

between the targets on the prediction accuracy. We included more information about 

targets in order to enhance the similarity measure between them. In some cases, target 

similarity based on shared protein domains and similarity based on shared gene ontology 

(GO) terms have resulted in significant improvements of the top prediction accuracy in 

comparison with the previous method. Finally, we proposed an enhanced strategy for DTI 

prediction. Our results show significant improvements of the accuracy of the top ranked 

DTI prediction over the current state-of-the-art methods. 

The rest of this report is organized as follows. Chapter 2 discusses our first proposed 

method (DASPfind) for predicting DTIs. Our second proposed method (DASPfind+), to 

extend and enhance DASPfind predictions’ accuracy is described in Chapter 3. Finally, 

we summarize our findings in Chapter 4 along with possible future directions. 
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Chapter 2: DASPfind – New Efficient Method to Predict Drug-Target 

Interactions 

 

In this chapter we introduce the core method (DASPfind) we developed for DTI 

prediction. 

2.1 Background 

The approach to drug discovery based on in silico methods is a compelling topic. Many 

efforts are put into developing methods for the prediction of DTIs that mitigate the 

expensive and time consuming experimental identification of lead compounds and their 

interactors [49].  

In this chapter, we propose a novel method (DASPfind) that relies on the graph 

interaction model. Our method uses a heterogeneous graph consisting of three sub-graphs 

connected to each other. These sub-graphs represent: drug-drug similarity, protein-

protein similarity, and known drug-protein interactions. Our algorithm for predicting new 

drug-protein interactions is based on all simple paths of particular lengths on such a graph 

model. The main idea in our method is to utilize the similarity information within the sub 

networks and combine it with information from the topology of the heterogeneous graph. 

In the results, we predict DTIs (targets here are proteins from several groups), and show 

that our method is capable of correctly predicting individual DTI in 27% to 53% of cases 

This chapter is based on: 

Ba alawi W, Soufan O, Essak M, Kalnis P, Bajic V. “DASPfind: New Efficient 
Method to Predict Drug-Target Interactions”. (2016) Journal of Cheminformatics. 
8(1):1-9 
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(depending on the dataset used and the target protein group), when considering the single 

top-ranked prediction for a drug. These datasets are described in section 2.3. This enables 

achieving on average the correct prediction in 46.17% of cases across the four gold 

standard datasets as defined in [43]. Moreover, on the same datasets, the single top 

ranked DTI predictions by DASPfind are correct on average in 49.22% of cases when 

predicting any of the known DTIs for a single drug, assuming there are no known DTIs 

for the drug. This last scenario corresponds to the case of predicting DTIs for a new drug 

without known targets. These results significantly outperform those produced by other 

state-of-the-art methods. The notable advantage of DASPfind is demonstrated when 

considering the single top-ranked predictions and when there are no known or when there 

are very few known targets for a drug. We verified the utility of our method by providing 

a list of new predictions (not present in our datasets), several of which had been 

experimentally confirmed in other studies.  

2.2 Performance Evaluation 

To measure the performance of our method, we compared it with the method reported in 

[45], denoted as NRWRH, the method reported in [46] denoted as DT-Hybrid, and the 

method reported in [47] denoted as HGBI. HGBI and DT-Hybrid are, to the best of our 

knowledge, the most recent works that have shown to outperform other state-of-the-art 

methods such as NBI [44] and BLM [21]. HGBI was demonstrated to perform better than 

NBI and BLM in terms of AUC and the ‘top 1’% of predictions based on the leave-one-

out-cross-validation (LOOCV). For our comparison, we also adopted the LOOCV 

scheme. The following procedure is repeated for each known DTI. For a drug, a single 

known DTI was removed from the graph and treated as a testing link. We made 
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predictions of DTIs for that drug and all targets, and ranked in descending order the 

prediction scores generated. For each specific score threshold, when the score of a tested 

known interaction is above that threshold, the predicted interaction is considered a true 

positive; if the score of an unknown interaction is found above the threshold, it is 

considered a false positive. By varying the thresholds, we calculated the true positive rate 

(TPR) and the false positive rate (FPR), and hence generated the ROC curve. We then 

use the area under the curve (AUC) to show the overall performance of the method. More 

practically, we also counted the cases where the correct predictions were among the ‘top 

5’, ‘top 2’, or represent the single top-ranked prediction (‘top 1’). ‘top 5’ means that the 

link under the test is found among the ‘top 5’ predictions for that specific drug and so we 

report how many known interactions were found among these ‘top 5’. The same applies 

to the ‘top 2’ and ‘top 1’ predictions. Overall, the single top-ranked (‘top 1’) predictions 

are important for the practical utility of the method, since the aim is to find reliable 

predictions that can significantly reduce the set of required validation experiments. 

2.3 Experimental datasets 

We used the gold standard datasets as collected by [43]. Each of the gold standard 

datasets represents one of four major families of proteins as drug targets, namely 

Enzymes, Ion Channels, G-protein-coupled receptors (GPCRs) and Nuclear Receptors, 

and we refer to them using these names. The Enzymes dataset includes enzymes and 

compounds that have regulatory relationship only, such as activation or inhibition of 

metabolic reactions. This class is important because blocking an enzyme's activity can 

kill a pathogen while increasing enzymatic activity of an enzyme can help the control of 

metabolism. GPCRs are part of a superfamily of cell surface signaling proteins that play a 
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central role in many biological processes, and are linked to a wide range of disease areas. 

They are expressed in every type of cell in the body where their function is to transmit 

signals from outside the cell across the membrane, to signaling pathways within the cell, 

between cells and between organ systems. A large portion of existing marketed drugs 

targets the GPCR family. Ion channels are transmembrane proteins that create a gated, 

water-filled pore to help establish and control voltage potential across cell membranes 

through control of the active flow of ions between the intracellular and the extracellular 

environments. They play an important role in many different biological processes such as 

nerve and muscle relaxation, cognition, regulation of blood pressure, and cell 

proliferation. They are also linked to many diseases such as cardiac disorders, 

neurological indications, and kidney failure. It is challenging to find drugs that show 

specificity towards proteins in this family and hence it is still not fully explored for drug 

discovery. Nuclear receptors represent a large superfamily of transcription factors that 

have important roles in many physiological functions as well as being related to many 

pathological processes, such as cancer, diabetes, and asthma. As reported in [43], known 

interactions for these datasets were extracted from the KEGG BRITE [25], BRENDA 

[50], SuperTarget [26] and DrugBank databases [23]. The chemical structures of the 

drugs were extracted from the KEGG LIGAND database [25]. The similarities between 

drugs were computed using SIMCOMP tool [51], which scores the similarities between 

two compounds based on the common substructures found between the 2D structures of 

them using graph alignment algorithms. The similarity scores between the targets were 

computed using a normalized version of the Smith–Waterman algorithm [52] based on 

the sequence composition of the protein targets. Note that these datasets were compiled in 
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2008 and have not been updated since that time. We also added another dataset that we 

named DrugBank_approved, which contains all the FDA approved drugs in the 

DrugBank database along with their corresponding protein targets. We calculated 

similarities between the drugs and between the proteins of the drugbank dataset in the 

same way as for the four gold standard datasets. In addition to that, we added the dataset 

used by HGBI for fair comparison. Table 1 shows a summary of these datasets.  

Table 1: Summary of the datasets used in this study. 

Dataset Drugs Target proteins Known interactions 

Enzyme 445 664 2926 

Ion Channels 210 204 1476 

GPCR 223 95 635 

Nuclear Receptors 54 26 90 

DrugBank_approved 1556 1610 5877 

HGBI_Dataset  1409 4063 1915 

 

2.4 Method 

We consider a set of drugs C = {c1, c2…} and a set of proteins T = {t1, t2…}. A graph is 

constructed with nodes from C and T. The weight of an edge between two drug nodes 

represents the similarity between them, and the weight of an edge between protein nodes 

represents a similarity between the linked proteins. The degree of similarity is a score 

between (0,1]. In our case, if the similarity between the nodes is less than 0.5 we do not 

show such links in the graph. An edge between a drug and a protein represents a known 

interaction between them with the weight of 1. Figure 1 shows an example of such a 
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graph representing the Nuclear Receptor dataset, which is the smallest of our benchmark 

datasets. 
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Figure 1: The heterogeneous graph built from the nuclear receptor dataset. Nodes represent drugs and 
proteins. Edges between drugs and proteins represent known interactions and are shown in solid lines. 
Edges between drugs alone or between proteins alone represent the similarity between them and are also 
represented by solid lines. Dashed edges represent predicted potentially new interactions. 
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For our method, we traverse all simple paths between a drug and a target protein. A 

simple path is where nodes are not repeated so there are no cycles along the path. We do 

this by using a modification of a classical traversal algorithm, namely depth-first search, 

to keep track of the visited nodes. The depth-first search is implemented as a recursive 

function that traverses the graph whilst moving along the edges. We modify the search 

method to mark the nodes as they are visited in the recursion, and then remove the mark 

just before returning from the recursive call. This way we ensure no nodes are visited 

more than once in a specific path. We have tested our approach with different lengths and 

found that the length of up to three edges is the most suitable. Thus, for the application in 

this study we considered only paths up to the length of three (although the method is not 

restricted to this length), i.e. a path should not have more than three edges. This 

constraint also significantly decreases the time required to find these paths. The 

assumption behind our method is that a drug and a protein would have a higher 

probability of interacting if there are more paths connecting them, as the paths represent 

confident relationships between the nodes. Since the paths can vary in lengths (up to 

three edges long), we believe that, in general, longer paths should have less contribution 

to the aggregated score that represents the confidence of an interaction occurring between 

the end nodes of the path. So, we introduce an exponential decay function that gives less 

support for paths as the length of the path increases. Equation (1), defines how we 

aggregate the score from these different paths:  

score = p!
!∗!"#(!)!

!!!
!!!!!!!(1) 



 

!

36!

where p={p1, p2,..., pn} is the set of the paths connecting a specific drug and a specific 

protein, pw are the weights of the edges along an individual path, and len(p) is the number 

of edges of that path; α is a parameter that we chose here to be equal to 2.26, as we found 

this value maximizes the average result across different benchmark datasets. However, it 

is possible to assign different values to each dataset for somewhat better results. Figure 2 

shows the effect of changing this parameter across different datasets. For a path between 

a drug and its target, we multiply the edges’ weights along the path. After that, we do the 

same for all other paths between this drug-target pair, and finally aggregate the score 

through summation. Figure 3 shows the pseudocode for DASPfind algorithm.  

Figure 2: Results of changing α parameter across different datasets. 

 

Our method differs in that it uses, in a specific manner not utilized by other methods, the 

similarities between drugs and between proteins along with the topology of the 

heterogeneous graph. For example, our method can utilize the following path over the 



 

!

37!

network: drug1 (start) → protein1 → drug2 → protein2 (end), which maps to the 

following example path in the bottom-right side of Figure 1: D00316 → hsa5915 → 

D00094 → hsa6096. Such a path gives the additional information that drugs interacting 

with the same target have some degree of similarity between them. Also, in most of the 

studies utilizing the network structure, all paths over the network contribute equally to the 

score, we apply a decay function so that longer paths would have a lower total score. 

 

Figure 3: Pseudocode of DASPfind algorithm 
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2.5 Results 

We used the four gold standard datasets of DTIs reported as benchmark data by 

numerous studies [17, 21, 43, 44, 53, 54]. To these four datasets (four classes of proteins 

(enzymes, ion channels, nuclear receptors, GPCRs) as targets of known drugs), we added 

the set of approved drugs from DrugBank [22, 23] with their targets. For the purpose of 

fair comparison with HGBI, we added the dataset used by that method. Table 2 shows a 

summary of results when applying NRWRH, DT-Hybrid, HGBI and our DASPfind 

method to all benchmarking datasets. As shown in Table 2, the AUC values on most of 

the datasets appear to be similar for the four methods. The AUC information, however, is 

not of great practical value in the context of narrowing down the number of candidate 

DTIs for downstream evaluation. The more useful performance measure appears to be the 

assessment of the correct DTI prediction from the top-ranked predictions. Different 

criteria have been used [45-47] to determine true positive predictions. We opted to use, as 

the correct prediction, the best one (the single top-ranked prediction from the ranked set 

of predictions for an individual drug, i.e. ‘top 1’ prediction), since such predictions will 

be ranked above all targets including known DTIs for the drug, thus suggesting the 

highest confidence in such predictions. Two other customary ways would be to count a 

predicted DTI for a drug as correct, if it is top-ranked after removing known DTIs for that 

drug as used in [22], or to count a DTI prediction as correct if it is within the ‘top 1’% 

(5% or 10%) of all predictions for the drug. In both of these cases it frequently happens 

that the predicted DTI is ranked below the known DTIs for the drug, thus confidence for 

such predictions is essentially smaller than by choosing the single top-ranked prediction 
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for the drug. DASPfind significantly outperformed other methods in retrieving known 

DTIs as single top-ranked (‘top 1’) predictions. For example, when considering only the 

‘top 1’ DTI predictions found by DASPfind, based on the Enzyme target dataset in 

LOOCV, 52.08% of these predictions were correct (known interactions), while this was 

the case for only 1.06%, 2.36% and 0% of NRWRH, HGBI and DT-Hybrid predictions 

respectively. For the same dataset, in LOOCV, 62.74% of the known interactions were 

retrieved among the ‘top 5’ DTI predictions by DASPfind, while among the ‘top 5’ DTI 

predictions by NRWRH, HGBI and DT-Hybrid only 12.89%, 12.41%, and 10.95% 

respectively, were known interactions. DASPfind outperformed other methods we 

evaluated, with respect to retrieving known interaction as the ‘top 1’ DTI predictions 

using all other datasets. On average, when the ‘top 1’ ranked prediction of DTIs are 

considered in LOOCV, DASPfind makes a correct prediction in 46.17% of cases across 

the four gold standard datasets, and in 40.13% across all six datasets used. Overall, our 

results demonstrate that DASPfind is significantly superior to NRWRH, HGBI and DT-

Hybrid. These results also show that DASPfind would be able to reduce the risk of 

pursuing false drug-target interactions and validating them in the lab. We also applied 10-

fold cross-validation for the same scenario, which produced similar results (Table S1, 

Appendix). 

 

 

 



 

!

40!
Table 2: Comparison between methods over six different datasets based on LOOCV for each known 
DTI. 

 Enzyme  

Method AUC (%) ‘top 1’ (%) ‘top 2’ (%) ‘top 5’ (%) 

NRWRH 92.89 1.06 8.07 12.82 

HGBI 91.60 2.36 8.1 12.41 

DT-Hybrid 89.80 0 7.55 10.95 

DASPfind 92.91 52.08 55.29 62.74 

Ion Channels 

Method AUC (%) ‘top 1’ (%) ‘top 2’ (%) ‘top 5’ (%) 

NRWRH 91.56 1.69  2.91 10.16 

HGBI 88.93 1.42 2.24 6.1 

DT-Hybrid 92 0 1.42 14.3 

DASPfind 90.68 32.72 35.09 46.54 

GPCR 

Method AUC (%) ‘top 1’ (%) ‘top 2’ (%) ‘top 5’ (%) 

NRWRH 84.93 2.52  11.50 40.94 

HGBI 91.29 5.83 12.28 31.5 

DT-Hybrid 83.87 0 6.93 31.65 

DASPfind 88.10 46.61 51.18 64.4 

Nuclear Receptors 

Method AUC (%) ‘top 1’ (%) ‘top 2’ (%) ‘top 5’ (%) 
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NRWRH 73.9 7.78   32.22 52.22 

HGBI 87.57 15.56 42.22 57.78 

DT-Hybrid 69.95 0 14.44  22.22 

DASPfind 85.27 53.3 65.5 77.7 

HGBI_Dataset 

Method AUC (%) ‘top 1’ (%) ‘top 2’ (%) ‘top 5’ (%) 

NRWRH 86.19 0 5.9 20.47 

HGBI 89.07 0 5.17 16.19 

DT-Hybrid 86.75 0 5.74 21.04 

DASPfind 89.61 28.30 33.32 42.51 

DrugBank_Approved 

Method AUC (%) ‘top 1’ (%) ‘top 2’ (%) ‘top 5’ (%) 

NRWRH 89.5 1.04 5.65 18.63 

HGBI 80.10 2.11 4.36 11.32 

DT-Hybrid 84.44 0.34 5.88 22.69 

DASPfind 88.84 27.82  32.89 48.56 

 

We performed another experiment using LOOCV, each time removing all known 

interactions of a drug, and attempting to retrieve them as the ‘top 1’ prediction. This is 

equivalent to assessing the ability of predicting a correct DTI for a new drug for which no 

DTIs are known. This scenario will generate a ranked list of DTI predictions for each 



 

!

42!

drug similar to the previous experiment. The difference here is that we remove all known 

DTIs for the drug, while in the previous experiment we were removing individual DTIs. 

Table 3 shows the results for this new experiment between NRWRH, HGBI and 

DASPfind. We do not include the DT-Hybrid here, as it cannot produce predictions for 

drugs that are without known DTIs. On average, across the four gold standard datasets, 

the ‘top 1’ DTI predictions by DASPfind are correct in 49.22% of cases, demonstrating 

that DASPfind performs better than NRWRH and HGBI, which achieve 27.26% and 

41.94%, respectively. In the same setup, across all six datasets, DASPfind, NRWRH, and 

HGBI make on average 42.34%, 20.32%, and 33.93% correct ‘top 1’ predictions 

respectively. This means that in this setting DASPfind performs 2.084-fold and 1.248-

fold better that NRWRH and HGBI, respectively. Note that in this experiment, a true 

positive would be any of the removed known DTIs between the drug and its targets, 

which increases the chances of having one of these removed links as the ‘top 1’ 

prediction.  

Table 3: Comparison between methods over six different datasets based on LOOCV for each drug, 
assuming no DTIs are known for each drug. This is equivalent to estimating capacity to predict DTIs for 
new drugs without known targets. 

Data Method ‘top 1’ (%) 

 

Enzyme 

NRWRH 18.65 

HGBI 43.6 

DASPfind 49.66 

 

Ion Channels 

NRWRH 33.33 

HGBI 35.71 

DASPfind 44.28 
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GPCR 

NRWRH 25.56 

HGBI 42.15 

DASPfind 51.12 

 

Nuclear Receptors 

NRWRH 31.48 

HGBI 46.30 

DASPfind 51.85 

 

HGBI_Dataset 

NRWRH 5.04 

HGBI 11.36 

DASPfind 11.49 

 

DrugBank_Approved 

NRWRH 7.9 

HGBI 24.49 

DASPfind 45.69 

 

To complement our performance comparison study of different methods, we also used 

the same criterion in [45] for NRWRH, where the predicted DTI is considered correct if it 

appears to be the top-ranked prediction after the removal of all predicted known DTIs. 

We demonstrate that in this case too, our method outperforms NRWRH when the targets 

for a drug are not known, or when there are only a few known targets of the drug 

(Appendix, Table S2 and Figure S1). 

In our study, we utilized information representing chemical similarity and protein 

similarity in addition to the information of drug-protein interactions. In future, it will be 

interesting to add different types of information, like drug side effects [55] and 

information derived from integrating multiple biological databases  [56].  
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2.6 Validation of Novel Predictions 

To illustrate the utility of DASPfind, we applied it to the Ion Channels dataset (a subset 

of ion channel proteins that are targets of known drugs) [42] without removing any of the 

known DTIs and attempted to predict new DTIs. We chose Ion Channels data as an 

example, and also because it is a challenging dataset. Lists of the top 25 predictions for 

each of the datasets are provided in the appendix (Table S4-S8). Our method when 

applied over the Ion Channel dataset generates 210 predictions as the ‘top 1’ DTI 

predictions (one for each drug). Out of these 210 DTI predictions, 91 are already known 

and exist in the dataset (the dataset we used has not been updated since 2008), while the 

remaining predicted DTIs are not present in that dataset. From the remaining 119 DTIs, 

which are from the viewpoint of our method are new predictions, we selected 15 (Table 

4) with the highest prediction score and evaluated them manually. We searched online 

resources (DrugBank [23], KEGG [24], SuperTarget [26], PubChem [3], GeneCards [57] 

and literature) to verify our predictions. We found that 12 out of these 15 do exist in the 

above-mentioned online resources indicating an interaction between the corresponding 

drugs and targets. We further investigated these 12 predictions, as drug databases may 

contain noise. We found that four DTIs out of the 12 (pairs 2, 5, 12, and 13 in Table 4) 

are explicitly confirmed through experiments as reported in the literature (marked as 

bold in Table 4). For example, [58] studied the mechanosensitivity of SCN5A, also 

known as NaV1.5, because mutations in NaV1.5 can result in disorders such as long QT 

type 3 (LQT3) in the heart and some pathologies in the gastrointestinal tract. Their 

experiments revealed that Benzocaine (pair 2, Table 4) could modulate NaV1.5 

mechanosensitivity. Another five pairs from the list (pairs 1, 6, 9, 10, and 15 in Table 4) 
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have targets that are related to sodium channels. These DTIs were reported explicitly in 

databases like DrugBank, KEGG, ZINC [27], Matador [26], and Drug2Gene [59]. 

However, we did not find in the references listed in these databases, as support for the 

DTIs in question, that these DTIs are explicitly experimentally confirmed. Instead, we 

found that information about these drugs indicate that these are typical drugs affecting the 

voltage-gated sodium channels in general. For example, Cocaine (pair 10, Table 4) is 

well known and one of the first local anesthetic drugs (LA) that has a confirmed effect of 

blocking sodium channel gates. Because of its severe side effects, clinical studies were 

conducted with similar drugs, but with fewer side effects. That led to a group of LAs with 

the ‘–caine’ suffix, such as Dibucaine (pair 9, Table 4). The same observation applies to 

four other pairs (pair 4, 8, 11, and 14 in Table 4), which describe targets that belong to L-

type calcium channels. Nimodipine (pair 4, Table 4) is a well-known drug for L-type 

calcium channels in general. Diltiazem hydrochloride (pair 11, Table 4) was reported to 

interact with the corresponding target in SuperTarget, which is a manually curated 

database, but without a link to a reference. We did not find any public information that 

validates pairs 3, 7, or 15. However, that does not imply that any of these are false. 

Overall, the results suggest that our method does provide reliable predictions useful for 

further downstream analyses.  

Table 4: 15 novel ‘top 1’ predictions over the whole Ion Channel dataset. 

Pair chemID 

(KEGG) 

chemName protID 

(KEGG) 

protName Score Evidence Type of 

evidence 

1 D00538 Zonisamide 6331 SCN5A 177.46 [KEGG:D00538, PMID:20025128] Inferred 

2 D00552 Benzocaine 6331 SCN5A 145.43 [KEGG:D00552, PMID:22874086] Direct 

3 D00294 Diazoxide 6328 SCN3A 119 NA  
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4 

D00438 Nimodipine 779 CACNA1S 

79.37 [DrugBank:DB00393, 

PMID:17705883] Inferred 

5 D03365 Nicotine 1137 CHRNA4 72.05 [PMID:20061993] Direct 

6 

D00649 

Amiloride 

hydrochloride 55800 SCN3B 

67 Matador(http://matador.embl.de/prot

eins/9606.ENSP00000299333/) Inferred 

7 

D00648 

Ibutilide 

fumarate 779 CACNA1S 

52.08 

NA  

8 

D05024 

Mibefradil 

dihydrochloride 775 CACNA1C 

52  [GeneCards:CACNA1C,  

PMID:16306443] Inferred 

9 

D00733 Dibucaine 6328 SCN3A 

50.22 [KEGG:D00733, 

Drug2Gene:103927525] Inferred 

10 D00110 Cocaine 6328 SCN3A 50.21 [KEGG:hsa6328, PMID:22185904] Inferred 

11 

D00616 

Diltiazem 

hydrochloride 776 CACNA1D 

49.31 [SuperTarget:has776, 

PubChem:CID39186] Inferred 

12 

D03830 

Diltiazem 

malate 776 CACNA1D 

49.31 

[KEGG:D03830, PMID:17949410] Direct 

13 

D00619 

Verapamil 

hydrochloride 778 CACNA1F 

41.25 [DrugBank:DB00661], 

unpublished data 

(http://edoc.ub.uni-

muenchen.de/5321/) Direct 

14 

D01108 

Magnesium 

sulfate 779 CACNA1S 

38.08 

[DrugBank:DB00653] Inferred 

15 

D01969 

Gallopamil 

hydrochloride 778 CACNA1F 

34.07 

NA  

 

2.7 Summary 

Our study introduces a method (DASPfind) that infers drug-protein interactions from a 

heterogeneous graph, accompanied with information about similarities between drugs and 

similarities between targets. DASPfind relies on finding all simple paths of a specific 

length between any drug-protein pair, efficiently utilizing the drug similarity, protein 

similarity information and topology of the graph better than any of the current methods. 
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We show that our method is significantly more accurate than other state-of-the-art 

approaches when the single top-ranked DTI predictions are considered, as well as for the 

new drugs without known DTIs or for drugs with only a few known DTIs. These make 

DASPfind important and relevant for practical use. We show that our method is able to 

reliably predict novel DTIs with very high confidence, and validation of these DTIs has 

proved DASPfind’s utility. 
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Chapter 3: Enhancement of DASPfind and Experiments to Improve 

DTI Prediction Accuracy 

 

In this chapter we will enhance DASPfind’s core algorithm in order to develop our 

new novel method, DASPfind+. Moreover, we will explore the effects of two 

additional similarity measures between the protein targets of drugs, one based on 

protein domains, and the other based on semantic similarity that uses GO 

annotation. Finally, we will propose the strategy that combines the best individual 

outcomes, and overall provide the most accurate DTI predictions based on the 

results of this study. 

3.1 Introduction 

In the previous chapter, we developed the DASPfind method for DTI predictions, and 

showed its performance in comparison to other state-of-the-art methods when top ranked 

predictions are considered. Here, we extend this core approach in order to further 

improve the accuracy of DTI predictions. Results presented in Chapter 2 demonstrate that 

DASPfind performed very well in finding top ranked predictions. Here, we follow the 

same graph analysis and assumptions used in DASPfind and enhance it to find more 

accurate predictions. First, we analyze the networks created in order to derive insights 

that can help improve the performance of DASPfind. Then, based on that analysis, we 

create a heuristic optimization scheme that changes the network structure locally for each 

drug in order to retrieve more accurate top predictions. This will generate our new DTI 

prediction method, named DASPfind+. Moreover, we explore the effects of changing the 

similarity type between the targets, which includes more biological related information 
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such as protein domains and GO terms. These modifications produce different 

performances for different protein target classes, and thus we finally propose a strategy 

that maximizes DTI prediction accuracy by choosing the best individual method variant 

for each of the protein target class. The datasets used in this chapter are the same four 

golden standard datasets as in Chapter 2. 

3.2 Analysis of networks 

Here we look into the four gold standard datasets and analyze their graph structure in 

order to derive insights that can help to improve the top 1 ranked DTI predictions. There 

are many different measures that can be derived from analyzing the graph structure of the 

network. We propose to investigate the degree of the nodes (also known as the degree 

centrality of the nodes) [60]. The degree of a node represents the number of edges (links) 

connected to that node in an undirected graph. The degree of a node in a directed graph, 

where edges have directions, is equal to the sum of edges coming in and out of the node. 

[60]. A node with high degree means that the node has interactions (edges) with many 

other nodes and is more central in the graph. There are other measures that can also be 

used like the betweenness centrality of the nodes [60], which is defined as the number of 

shortest paths from all vertices to all others that pass through that node. However, since 

nodes with high betweenness lay between clusters of nodes, removing such nodes will 

disconnect the graph easily, leading to many nodes becoming isolated and hence 

unreachable. That is why this measure is commonly used in community detection [60, 

61]. In the case of the node degree measure, removing a high degree node does not 

necessarily disconnect the graph. Figure 4 shows the degree distribution of the nodes in 

the Ion Channel dataset. The degree distributions for the remaining datasets are provided 
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in the appendix (Fig S2-S4). As, shown in Figure 4, there are few nodes of very high 

degree, while most of the nodes have a degree of less than 35. The degree distribution 

figures for the other datasets show similar effects, but with less variance between node 

degrees. 

 

 

 

We investigated the effect of these high degree nodes on the top 1 ranked predictions, 

given the LOOCV scheme over single interactions. Figure 5 shows that for the Ion 

Channel dataset, as we remove the highest degree nodes one by one from the network, 

the percentage of the top 1 ranked predictions improves. A similar initial effect is 

observed when applying the same experiment on the GPCR data as shown in Figure 6. 

However, we notice a drop in accuracy as we remove more nodes. On the other hand, for 

the Nuclear Receptor dataset and Enzyme dataset (Figures 7 and 8, respectively) we 

Figure 4: Ion Channel dataset node degree distribution.!
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observe a drop in performance form the very beginning as we start removing the highest 

degree nodes. A possible reason is that by the removal of sufficient number of nodes, 

depending on the network structure, we eventually end up disconnecting the network and 

creating more isolated sub-networks. For the Nuclear Receptor dataset and Enzyme 

dataset this starts with the first removed node. Moreover, the variation between the node 

degrees in the Ion Channels dataset is much larger than in the other three datasets. These 

observations support the intuition that the structure of the graph and the number of links 

have a great impact on the top 1 ranked predictions. Note that when we remove a node, 

we also remove its corresponding links in the testing set. 

 

 

Figure 5: Results of removing the highest degree nodes from network based on IC dataset. 
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Figure 6: Results of removing the highest degree nodes from network based on GPCR dataset 

Figure 7: Results of removing highest degree nodes from network based on Nuclear Receptor dataset 
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3.3 Optimization of top 1 ranked predictions by altering network structure locally 

3.3.1 Scheme 

As shown in the previous section, changing the graph structure can help improve the 

accuracy of the top 1 ranked predictions. Here we explore the idea of changing the graph 

structure using a greedy heuristic approach in order to maximize the correct top 1 ranked 

predictions. In the original DASPfind, we run the algorithm over the network once and 

return the ranking for different drugs. Here, we explore the effect of running DASPfind 

multiple consecutive times, while updating the network based on the top ranked 

predictions at each iteration. The intuition is that our top ranking predictions are of high 

Figure 8: Results of removing highest degree nodes from network based on Enzyme dataset 
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confidence, and adding such a link to the network would improve chances for more 

important paths to emerge. If we continue this process, we assume a stable network 

should be reachable and the final ranking would be much more robust and more accurate. 

To achieve this goal, we designed our scheme as follows: 

a) Run DASPfind to obtain the ranking of the targets for a drug under test. 

b) Add a link to the network between the drug and its top 1 predicted target and 

increment the link’s weight by 0.05. The initial weight for each of these predicted 

links, if nonexistent, is 0. 

c) Compare the new ranking vector and the previous ranking vector based on a 

defined test. In this study, we used the Euclidian distance defined as the square 

root of the sum of the squares of the differences between the corresponding 

elements of two ranking vectors. 

d) If the result of the measured test is below a given threshold (default is 0.01) the 

ranking is considered as converged; if the maximum number of iterations (10 in 

our case) exceeded a given limit, then return the last ranking. Otherwise, repeat 

a), b), c) and d). 

This algorithm defines our enhanced DTI prediction method, DASPfind+. 

3.3.2 Results 

Figure 9 shows the results of applying the DASPfind+ scheme. Using the same value of α 

(parameter from DASPfind), we show for each of the four gold standard benchmark 

datasets, the percentage of the resultant correct top 1 predictions. Looking at the different 

datasets, we observe that the proposed optimization scheme has improved the results of 
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the original setup of DASPfind in all cases. For example, on the Ion Channel dataset, the 

top 1 ranked correct DTI predictions have improved from 32.72% to 36.65% using α = 

2.26. In Table 5, we compare DASPfind+ with the other state-of-the-art methods, namely 

NRWRH, HGBI and NRLMF. We show that DASPfind+ outperforms them significantly 

considering the top ranked predictions. For example, on the Nuclear Receptors dataset, 

DASPfind+ produced 56.67% correct DTIs predictions out of its ‘top 1’ ranked 

predictions. On the same dataset, out of all top 1 ranked predictions, NRWRH, HGBI, 

NRLMF and DASPfind achieved 7.78%, 15.56%, 20%, and 53.3% correct DTIs 

respectively.  Note that when we consider more than the top 1 ranked predictions (say we 

consider top 5 ranked predictions) we count as a correct prediction the case when for a 

drug the top 5 predicted DTIs contain at least one known DTI. With this way of counting 

correct predictions via the enzyme dataset, DASPfind+ obtained 63.33% correct 

predictions among the top 5 ranked predictions, while NRWRH, HGBI, NRLMF and 

DASPfind were able to retrieve 12.82%, 12.41%, 14.76%, and 62.74% correct 

predictions respectively, among the top 5 ranked predictions. On average, DASPfind+ 

was able to correctly predict removed known DTIs in 49.18% of cases over the four gold 

standard datasets with an improvement of 45.91%, 42.88%, 41.45% and 3% against 

NRWRH, HGBI, NRLMF and DASPfind, respectively, when considering the top 1 

ranked predictions. These results show the advantage of the optimization scheme 

introduced in DASPfind+. 
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Table 5: Comparison between DASPfind+ and other state-of-the-art methods over gold standard 
datasets based on LOOCV for each known DTI. 

 

Enzyme targets 

Method Top 1 

Correct 

prediction 

in [%] 

Top 2 

Correct 

prediction 

in [%] 

Top 5 

Correct 

prediction 

in [%] 

NRWRH 1.06 8.07 12.82 

HGBI 2.36 8.1 12.41 

NRLMF 2.67 10.25 14.76 

DASPfind 52.08 55.29 62.74 

DASPfind+ 54.72 57.31 63.33 

 

Ion Channel targets 

Method Top 1 Top 2 Top 5 

Figure 9: Effect of the optimization scheme over the gold standard datasets. Annotation: NR – nuclear receptors, 
IC – ion channels, ENZ – enzyme, Opt – stands for DASPfind+ method. When Opt is not used this corresponds to 
DASPfind method. 
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Correct 

prediction 

in [%] 

Correct 

prediction 

in [%] 

Correct 

prediction 

in [%] 

NRWRH 1.69 2.91 10.16 

HGBI 1.42 2.24 6.1 

NRLMF 2.44 4.67 13.08 

DASPfind 32.72 35.09 46.54 

DASPfind+ 36.86 38.48 42.82 

 

GPCR targets 

Method Top 1 

Correct 

prediction 

in [%] 

Top 2 

Correct 

prediction 

in [%] 

Top 5 

Correct 

prediction 

in [%] 

NRWRH 2.52 11.50 40.94 

HGBI 5.83 12.28 31.5 

NRLMF 5.83 17.64 46.14 

DASPfind 46.61 51.18 64.4 

DASPfind+ 48.50 53.23 62.83 

 

Nuclear Receptor targets 

Method Top 1 

Correct 

prediction 

in [%] 

Top 2 

Correct 

prediction 

in [%] 

Top 5 

Correct 

prediction 

in [%] 

NRWRH 7.78 32.22 52.22 

HGBI 15.56 42.22 57.78 

NRLMF 20 38.89 66.67 

DASPfind 53.3 65.5 77.7 

DASPfind+ 56.67 64.44 77.78 
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3.4 Extending target similarity measures 

In Chapter 2 for DASPfind, the similarities between the targets were computed using 

Smith–Waterman normalized scores between the sequences of the targets directly. Here, 

we propose to explore effects of using more biologically inspired similarity measures 

between targets such as those based on protein domains and GO terms. The rationale is 

that protein domains and GO terms represent more abstract information than the actual 

sequence of the targets, and are therefore describing the functionality of the target more 

fully. Hence, our intuition is that targets are more similar if they have similar 

functionality. Note that to determine protein domains, only matches to small fragments of 

the target sequence are needed. This means that more similarities could be found between 

targets that may not share much similarity in the sequence composition.   

3.4.1 Protein domain based similarity between targets 

Protein domains could be considered as units of protein structure, function and evolution 

[62]. Domain-based methods have several advantages for identifying distant sequence 

homology as compared to sequence-based methods. This can serve as an interesting 

application in drug repositioning as it can relate a drug to a new interesting target that can 

be quite dissimilar to the known targets of that drug. Many different domain-based 

methods have been developed to capture the homology of different targets. For example, 

CDART [63] measures the similarity between two proteins by considering the number of 

shared domains between them. In [64], authors defined the domain distance, a protein 

distance measure based on the number of domains that are not matched between two 

proteins. In [65], authors proposed two methods based on the understanding that a strong 

phylogenetic and functional signal can be derived from the linear combinations of 
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domains. Still, these methods are not easy in order to derive the pair-wise similarity of a 

given set of protein targets.  

Here, we used the Conserved Domain Database (CDD) from the National Center for 

Biotechnology Information (NCBI) to generate all protein domains for all targets in our 

datasets [66, 67]. To calculate similarity between the targets, we first find the number of 

common protein domains for each pair of targets over a dataset, and use as the 

normalization factor the largest number of common protein domains found across the 

different pairs. Then, for each pair of targets, the similarity is calculated by dividing the 

number of their common protein domains by our normalization factor. We explored other 

approaches to summarize the similarity between the targets using their annotated protein 

domains, e.g. Jaccard similarity [68] and cosine similarity [69]. Finding the common 

domains between two targets and then dividing that by the union of the domains of both 

targets determines Jaccard similarity. The cosine similarity measures the cosine of the 

angle between the two vectors that represent the domains presented in two targets under 

consideration. It is a measure of orientation not magnitude, and is determined by 

calculating the dot product of the two vectors representing the domains presented in two 

targets under consideration and dividing that by the product of the magnitudes of the two 

vectors. These different similarity measures showed similar results (Table S9, Appendix). 

Yet, our method of calculating the similarity mentioned above showed the best results 

and we use it to compare the protein domain similarity against other types of similarity 

between the targets. 
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3.4.2 GO based similarity 

Currently, numerous genes are functionally characterized and described by the 

standardized terminology as contained in GO [70], in order to reduce the ambiguity of the 

characterized functions of their products. So, the GO annotation associates gene with the 

corresponding function or biological role in the cell. GO is a structured, controlled 

vocabulary of terms that provides consistency in annotating how a given gene product 

behaves in a cellular context. It is increasingly common to attempt to define functional 

relatedness using "semantic similarity" measure of genes, where genes are annotated by 

GO terms [71-73]. 

Here, we use a previously compiled data of the similarities between the targets over the 

four gold standard datasets [74]. GO terms were extracted from the BioMART database 

[75], and the semantic similarity scores between the GO annotation terms were calculated 

using the csbl.go R package [76], with the Resnik algorithm [77]. 

3.4.3 Results 

Here, we used the same evaluation scheme as described in Section 2.5. In order to 

measure the effect of changing the similarity type between the targets, we first use 

DASPfind without changing the way it traverses the graph or aggregates the scoring 

function and we only change the similarity type between the targets over the four gold 

standard datasets. As shown in Table 6, similarities between the targets based on the 

protein domains and GO terms have improved the results significantly. For example, on 

the Ion Channel dataset, the correct top 1 predictions improved from 32.72% using 

DASPfind with sequence similarity, to 51.42% and 44.05% with protein domain 

similarity and GO term similarity of targets, respectively. Also, for the GPCR dataset, the 
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correct top 1 predictions improved from 46.61% using DASPfind with the original 

sequence-based similarity, to 48.50% and 51.50% using DASPfind with protein domains 

based similarity, and GO terms based similarity, respectively. On average over the four 

datasets, the correct top 1 DTIs improved from 46.17% using DASPfind with sequence 

similarity, to 46.92% and 54.4% using DASPfind with GO terms similarity and protein 

domains similarity, respectively. These results suggest that similarity between targets 

using the common protein domains, or the shared GO terms, may be more informative for 

the problem of DTI prediction. One reason could be that they capture similarities between 

the targets on a functional level rather than the sequence level. Also, the protein domains 

and GO terms notations allow for proteins with very different sequences to still have a 

meaningful level of similarity. As previously done, we show in the appendix (Table S3) 

the results of comparison of DASPfind using different similarity types of targets against 

NRWRH. We used original NRWRH evaluation criteria in this comparison. 

Table 6: Comparison between target similarity measures using DASPfind over four gold-standard 
datasets based on LOOCV for each known DTI. SEQ is sequence-based similarity between the targets 
while GO and DOM represent gene ontology similarity and protein domain similarity, respectively, 
between the targets. 

 

Enzyme targets 

Method Top 1 

Correct 

prediction in 

[%] 

Top 2 

Correct 

prediction in 

[%] 

Top 5 

Correct 

prediction in 

[%] 

DASPfind - SEQ 52.08 55.29 62.74 

DASPfind - DOM 57.68 60.73 63.97 

DASPfind - GO 37.69 39.54 42.78 

 

Ion Channel targets 
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When considering the effect of the new similarity measures on the scenario that describes 

a new drug with no known interactions, we found similar results to the previous 

experiment as shown in table 7. In general, networks with similarities between targets 

based on common protein domains and GO terms have yielded better or similar results to 

Method Top 1 

Correct 

prediction in 

[%] 

Top 2 

Correct 

prediction in 

[%] 

Top 5 

Correct 

prediction in 

[%] 

DASPfind - SEQ 32.72 35.09 46.54 

DASPfind - DOM 51.42 58.20 60.09 

DASPfind - GO 44.04 48.24 52.44 

 

GPCR targets 

Method Top 1 

Correct 

prediction in 

[%] 

Top 2 

Correct 

prediction in 

[%] 

Top 5 

Correct 

prediction in 

[%] 

DASPfind - SEQ 46.61 51.18 64.4 

DASPfind - DOM 48.50 56.22 65.67 

DASPfind - GO 51.49 56.83 65.6 

 

Nuclear Receptors targets 

Method Top 1 

Correct 

prediction in 

[%] 

Top 2 

Correct 

prediction in 

[%] 

Top 5 

Correct 

prediction in 

[%] 

DASPfind - SEQ 53.3 65.5 77.7 

DASPfind - DOM 60.00 64.44 78.89 

DASPfind - GO 54.44 68.89 72.22 
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those based on sequence similarity between the targets. Figures 10 and 11 describe the 

effect of changing α parameter when using similarity between targets based on common 

protein domains, and based on shared GO terms, respectively.  

 

Table 7: Comparison between methods over gold-standard datasets based on LOOCV for each drug, 
assuming no DTI is known for each drug. This is equivalent to estimating capacity to predict DTIs for 
new drugs without known targets. SEQ is sequence-based similarity between the targets while GO and 
DOM represent gene ontology similarity and protein domain similarity, respectively, between the targets. 

Datasets Method ‘Top 1’  

Correct 

prediction in 

[%] 

 

Enzyme 

DASPfind - SEQ 49.66 

DASPfind - DOM 48.98 

DASPfind - GO 48.53 

 

Ion Channels 

DASPfind - SEQ 44.28 

DASPfind - DOM 47.61 

DASPfind - GO 49.52 

 

GPCR 

DASPfind - SEQ 51.12 

DASPfind - DOM 51.56 

DASPfind - GO 47.9 

 

Nuclear Receptor 

DASPfind - SEQ 51.85 

DASPfind - DOM 53.70 

DASPfind - GO 53.7 
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Figure 10: Results of changing α parameter across different datasets when using target similarity 
based on common protein domains.  

 

 

Figure 11: Results of changing α parameter across different datasets when using target similarity 
based on shared GO terms.  
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In previous experiments, we showed the effect of new similarities used with the 

DASPfind method. We further study the generalization of this effect by applying them to 

state-of-the-art methods that represent different classes of DTIs predictors. Figures 12-15 

show the effect of changing the similarity type between the targets over the four gold 

standard datasets using 5 different computational methods.  For example, in Figure 12, 

similarity between the targets based on protein domains shows a comparable or improved 

performance against the sequence composition similarity, when considering the top 

ranked predictions using all the tested methods. Using all five different methods 

(NRWRH, HGBI, NRLMF, DASPfind, DASPfind+), and across all the datasets, protein 

domains similarity was able to help the methods achieve an average of 24.13% correct 

top 1 ranked DTI predictions using LOOCV over all pairs of known interactions. 

Sequence-based similarity was able to achieve 22.53% correct top 1 ranked predictions 

using the same setup, while GO terms based similarity achieved 21.6% correct top 1 

ranked predictions using the same setup. This suggests that similarity of targets based on 

protein domains seems to be the best overall. Since DASPfind and DASPfind+ 

exhaustively try to find all paths connecting a pair of drugs and targets, and the score of 

their function is dependent on the weights of the links in the network, it seems that the 

score is more sensitive to the changes of the type of similarity than the other methods 

which constrain the number of similar entities they use (for example NRLMF check the 5 

most similar drugs or targets in its DTI prediction algorithm). If we measure the average 

performance of DASPfind and DASPfind+ taken together, they achieve a combined 

average of 47.68%, 46.95%, and 51.77% top 1 correct predictions across all datasets 

based on sequence similarity, GO terms similarity and protein domains similarity 
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respectively. In Figure 15, we notice a drop of performance when using GO terms to 

measure the similarities between targets belonging to the enzyme dataset, and that could 

be because enzymes share many GO terms and this may affect the methods which try to 

find important links. These results in general suggest that protein domains are a good 

similarity measure between the targets, especially for methods where the weights of 

similarity between the targets have great impact on the prediction scores, such as 

DASPfind and DASPfind+. These methods also have the advantage of incorporating 

more biological information into the network than the plain sequence composition, which 

helps in tracing back and interpreting the significance of a predicted DTI.  

 

 

 

Figure 12: Effect of changing the similarity type between the targets using different methods over the 
Nuclear Receptors dataset. SEQ is sequence-based similarity between the targets, while GO and DOM 
represent gene ontology similarity and protein domain similarity, respectively, between the targets. 
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Figure 13: Effect of changing the similarity type between the targets using different methods over the 
Ion Channels dataset. SEQ is sequence-based similarity between the targets, while GO and DOM 
represent gene ontology similarity and protein domain similarity, respectively, between the targets. 

 

 

 

Figure 14: Effect of changing the similarity type between the targets using different methods over the 
GPCR dataset. SEQ is sequence-based similarity between the targets, while GO and DOM represent gene 
ontology similarity and protein domain similarity, respectively, between the targets. 
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Figure 15: Effect of changing the similarity type between the targets using different methods over the 
Enzyme dataset. SEQ is sequence-based similarity between the targets, while GO and DOM represent 
gene ontology similarity and protein domain similarity, respectively, between the targets. 

 

  

3.4.4 Final Experiments 

As one can observe, there is no single method that performs the best for all datasets. Thus 

we decided to use a combination of the six scores that are produced for each DTI using 

DASPfind and sequence similarity, DASPfind and protein domain similarity, DASPfind 

and GO similarity, DASPfind+ and sequence similarity, DASPfind+ and protein domain 

similarity, and DASPfind+ and GO similarity. The main idea of this combination method 

is to replace the six scores for a DTI, by a single score and then rank DTIs based on that 

score. To do that, we first normalize the scores of the interaction likelihood between a 

drug and all targets in a dataset to be between [0,1] by taking the range of all the scores 

between that drug and all targets, and then for each score we subtract the minimum score 

in the range from the score of the DTI and then divide by the range. We do this for each 

drug and for all the six combinations mentioned earlier, separately. We use the same 
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LOOCV scheme mentioned earlier to evaluate the performance based on known 

interactions. That means, we first remove a known DTI from a dataset, then we apply the 

six different variants of the methods on the corresponding drug and retrieve scores 

between that drug and all targets. This will produce six different vectors for each variant 

of the method. Every score represents a confidence that the drug in question will interact 

with the specific target. In these vectors we will also have a score for the DTI under the 

test. We then apply an approach (we describe several of these approaches later in this 

section) to combine these six scores for each DTI so that we end up with one vector of 

scores representing the confidence of correct DTI prediction. This creates a new vector 

that is used to rank the targets based on the corresponding score, where the higher score 

means more confidence in a correct DTI. If our DTI under test is ranked the top, based on 

scores in this vector, we report it as a correct prediction that adds to the top 1 correct 

prediction count. This is done for all known interactions in a dataset. We explored several 

approaches to combine the six scores we obtain for each DTI. Overall, the best approach 

we found was to take the maximum score out of the six, for each DTI coming from the 

different six individual methods, and also record the median of the largest three scores for 

each DTI. We then rank DTIs for a drug by the maximum of the six scores for each DTI, 

and if there is a tie among the maximum scores, we rank them based on the median of the 

largest three scores of each DTI. Figures 16-19 show the results of this approach in 

comparison with the previous methods tested before. As shown in these figures, the 

combination of DASPfind and DASPfind+ based on different similarity measures 

between the targets using the approach mentioned earlier, showed significant 

improvements against other state-of-the-art methods (NRWRH, HGBI, and NRLMF) in 
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all data sets. In comparison with the individual variants of DASPfind and DASPfind+ 

methods, which are based on the different similarity measures, the combination method 

was better in GPCR dataset than all the individual methods by 2-8.5%. It was also very 

close to the best performing individual method in the rest of the datasets. For example, in 

Ion Channels dataset, the combination method was better than five individual methods by 

5.5-16.8% and less by 1.8% than the best individual method.  

 

Figure 16: Performance of combination method for DASPfind and DASPfind+, using different 
similarity measures between the targets against all other methods for the Nuclear Receptor dataset. 
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Figure 17: Performance of combination method for DASPfind and DASPfind+, using different 
similarity measures between the targets against all other methods for the Ion Channels dataset. 

 

 

Figure 18: Performance of combination method for DASPfind and DASPfind+, using different 
similarity measures between the targets against all other methods for the GPCR dataset. 
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Figure 19: Performance of combination method for DASPfind and DASPfind+, using different 
similarity measures between the targets against all other methods for the Enzyme dataset. 

 

 

More variants of approaches to combine the six scores and their results over all datasets 

are shown in Table 8. These variants are presented as: 

- Approach 1:  Rank DTIs for a drug by the maximum of the six scores for DTI and 

if there is a tie among the maximum scores then rank based on the median of the 

largest three scores for DTI. 

- Approach 2:  Rank DTIs for a drug by the maximum of the six scores for DTI and 

if there is a tie among the maximum scores then rank based on the median of the 

largest six scores for DTI. 

- Approach 3:  Rank DTIs for a drug by the maximum of the six scores for DTI and 

if there is a tie among the maximum scores then rank based on the mean of the 

largest three scores for DTI. 

- Approach 4:  Rank DTIs for a drug by the maximum of the six scores for DTI and 

if there is a tie among the maximum scores then rank based on the mean of the 
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largest six scores for DTI. 

- Approach 5:  Rank DTIs for a drug by the mean of the six scores for DTI. 

- Approach 6:  Rank DTIs for a drug by the mean of the largest three scores for 

DTI. 

- Approach 7:  Rank DTIs for a drug by the median of the six scores for DTI. 

- Approach 8:  Rank DTIs for a drug by the median of the largest three scores for 

DTI. 

 

Table 8: Results of applying different approaches to combine six scores obtained for each DTI from 
six different methods. The methods are DASPfind and DASPfind+ that use the three different similarity 
measures between the targets, namely sequence-based, protein domain based and GO terms based. Also, 
we show the results of the best individual method when no combination of the six scores is used. The 
evaluation is based on LOOCV scheme over known interactions and reporting the top 1 correct retrieved 
predictions. 

 

Method 

NR 

Top 1 

Correct 

prediction 

in [%] 

IC 

Top 1 

Correct 

prediction 

in [%] 

GPCR 

Top 1 

Correct 

prediction 

in [%] 

ENZ 

Top 1 

Correct 

prediction 

in [%] 

Best individual method 60 51.42 53.07 57.68 

Approach 1 57.77 49.59 55.11 52.97 

Approach 2 56.66 37.94 48.81 46.44 

Approach 3 57.77 39.90 49.92 46.44 

Approach 4 56.66 37.66 48.03 44.73 

Approach 5 56.66 36.72 48.18 42.27 

Approach 6 57.77 39.90 49.92 44.29 

Approach 7 56.66 37.87 48.81 44.01 
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Approach 8 57.77 49.59 55.11 53 

 
 
 
Based on all these results, we conclude that different datasets would require different 

methods to reach the best performance and produce the most reliable predictions. Table 9 

shows our suggestion of the best method to use for each of the datasets. Still, our 

combination method performed better or was very comparable to the best individual 

method in all datasets, and it performed significantly better than other state-of-the-art 

methods as we have shown in Figures 16-19. 

  

Table 9: Suggested best method for each of the datasets 

Dataset Suggested best method 

Nuclear Receptor targets DASPfind & protein domain similarity 

Ion Channel targets DASPfind & protein domain similarity 

GPCR targets Approach 1 

Enzyme targets DASPfind & protein domain similarity 
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Chapter 4: Conclusion 

4.1 Summary 

Experiments needed to get a new drug into the market are costly in terms of resources 

and time. Hence, drug repositioning, where new uses of an existing drug that has been 

shown to be safe and effective in treating some diseases, has become a popular topic. 

Still, finding new target candidates for existing drugs and particularly new drugs is a 

costly process. Therefore, computational methods that can narrow the number of 

candidate targets and hence the number of costly experiments to validate them in a 

reliable fashion, are very attractive as a pre-experimental approach in the early phase of 

drug development. In this study, I proposed two methods in order to achieve more 

accurate predictions of DTIs than other state-of-the-art methods. In particular, I 

developed DASPfind, a method that utilizes information from three sub-networks: drug-

target interactions, drug-drug similarity, and target-target similarity. DASPfind predicts a 

new DTI by calculating a cumulative confidence score from all the simple paths that 

connect a drug and a target under consideration. I have shown that DASPfind has 

outperformed other state-of-the-art methods significantly when top ranked predictions are 

considered. Further validation to our novel predictions by online drug databases and 

literature has shown promising utility of DASPfind.  The second method I developed, 

DASPfind+, enhances DASPfind in order to achieve better predictions. Three directions 

were investigated in order improve on DASPfind’s performance. Firstly, I analyzed the 

networks created from the gold standard datasets and studied their structure. This helped 

to find insights about the effect of the highest degree nodes on the top 1 ranked 

predictions. Secondly, I introduced an improved method (DASPfind+), which uses a 
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heuristic optimization that alters the network structure locally for each drug. In an 

iterative manner DASPfind+ tries to find the top ranked prediction through the 

exhaustive path searching of connections between a pair of drugs and targets, and adding 

this prediction as a link in the network with a small weight. It aims at finding a stable 

ranking of the targets related to a certain drug. My experiments showed that DASPfind+ 

is significantly more accurate than other state-of-the-art approaches when the top ranked 

interaction predictions are considered. Moreover, I conducted a comparison on the effect 

of using different similarity measures of drug targets in DASPfind, and this showed that 

similarities between the targets based on protein domains and GO terms had sometimes 

better performance in general, than similarities based on the sequence composition of the 

targets. In order to generalize this finding, I conducted a similar comparison between the 

similarity measures using five different methods and across the four gold standard 

datasets. This comparison shows that similarity between the targets using protein 

domains has better performance in general than similarities based on the sequence 

composition of the targets and the GO terms, respectively. Finally, since no single 

method performed the best on all types of targets, we proposed a strategy that uses the 

best performing variant for each of the four types of targets we considered. 

4.2 Future work 

In future, it will be interesting to add more heterogeneous data types to the network such 

as diseases affected by the drugs or the targets, and side effects of the drugs. Also, adding 

more heterogeneous types of edges, such as the mode of action of the drug and whether it 

is activating or inhibiting the target functionality, would add more a practical utility of 

the predictions. Such a complex graph can be useful in answering many interesting 
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questions, such as what drug can be repositioned to cure which disease, and also to 

predict possible side effects of new untested drugs. Also, it will be interesting to see how 

such a complex graph can be integrated with genomic data in order to achieve better 

predictions that fall in the field of personalized medicine. This will be very helpful in the 

case of finding better treatments for cancer patients that relies on their genomic profile, 

and the general information of interactions we can build for a certain cancer type. For 

example, a breast cancer network that includes information about drugs usually used to 

treat cancer (can be extended to a more diverse group of drugs), targets known to have an 

impact on different subtypes of breast cancer, pathways information, and cell-lines 

information, would be a rich graph where analysis, using graph inference techniques, 

might derive new biomarkers and drug-target associations that were not known before. 
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APPENDICES 

Table S1. Comparison between methods over six different datasets based on 10-fold cross-validation 
over all known interactions.  

  Enzyme 

Method ‘Top 1’ (%) ‘Top 2’ 

(%) 

‘Top 5’ 

(%) 

NRWRH 1.20 8.07 12.78 

HGBI 2.50 7.79 12.17 

DT-Hybrid 0 7.04 11.14 

DASPfind 24.30  30.65 41.52 

  Ion Channels 

Method ‘Top 1’ (%) ‘Top 2’ 

(%) 

‘Top 5’ 

(%) 

NRWRH 1.49 3.18 10.57 

HGBI 1.22  2.03 5.82 

DT-Hybrid 0 1.35 13.68 

DASPfind 23.50  29.67 43.50 

 GPCR  

Method ‘Top 1’ (%) ‘Top 2’ 

(%) 

‘Top 5’ 

(%) 

NRWRH 2.68  12.13 41.25 

HGBI 5.68  12.92 31.04 

DT-Hybrid 0 11.49 36.35 

DASPfind 42.82  48.95 62.99 
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Nuclear Receptors 

Method ‘Top 1’ (%) ‘Top 2’ 

(%) 

‘Top 5’ 

(%) 

NRWRH 13.33 28.89 56.67 

HGBI 14.44  38.89 56.67 

DT-Hybrid 0 10.0 21.11 

DASPfind 48.88 56.66 71.11 

HGBI_Dataset 

Method ‘Top 1’ (%) ‘Top 2’ 

(%) 

‘Top 5’ 

(%) 

NRWRH 0.26  6.16 20.57 

HGBI 0.21  5.12 15.67 

DT-Hybrid 0 3.86 16.16 

DASPfind 23.81  30.65 43.34 

  DrugBank_Approved 

Method ‘Top 1’ (%) ‘Top 2’ 

(%) 

‘Top 5’ 

(%) 

NRWRH 1.02 5.46 18.22 

HGBI 2.06  4.47 11.88 

DT-Hybrid 0.31 6.05 21.14 

DASPfind 24.82  32.34 43.04 
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Table S2. Comparison between NRWRH and DASPfind over six different datasets based on LOOCV 
for each known interactions.  Criterion to count the correct ‘Top N’ predictions is the same as in 
NRWRH. 

Enzyme 

Method ‘Top 1’ (%) ‘Top 2’ 

(%) 

‘Top 5’ 

(%) 

NRWH 70.16 78.84 84.31 

DASPfind 72.24 80.82 84.82 

Ion Channels 

Method ‘Top 1’ (%) ‘Top 2’ 

(%) 

‘Top 5’ 

(%) 

NRWH 73.31  81.78 88.55 

DASPfind 67.81  74.11 77.77 

  GPCR 

Method ‘Top 1’ (%) ‘Top 2’ 

(%) 

‘Top 5’ 

(%) 

NRWH 63.15 71.18 81.89 

DASPfind 58.89 66.29 80.00 

Nuclear Receptors 

Method ‘Top 1’ (%) ‘Top 2’ 

(%) 

‘Top 5’ 

(%) 

NRWH 50.00 64.44 80.00 

DASPfind 58.88  72.22 83.33 

HGBI_Dataset 
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Method ‘Top 1’ (%) ‘Top 2’ 

(%) 

‘Top 5’ 

(%) 

NRWH 49.19 56.03 66.52 

DASPfind 44.64 51.33 59.47 

DrugBank_Approved 

Method ‘Top 1’ (%) ‘Top 2’ 

(%) 

‘Top 5’ 

(%) 

NRWH 47.01 53.61 64.06 

DASPfind 44.69 51.79 59.50 
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Figure S1. Comparison between NRWRH and DASPfind based on the ‘Top 1’ prediction using the 
criterion as in NRWRH in a LOOCV setup. In this comparison, each value in the x-axis represents a 
network where each drug would have known interactions of at most that x value. Y-axis represents how 
many known interactions were retrieved from the ‘Top 1’ predictions for each constructed network. 
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Table S3. Comparison between NRWRH and DASPfind with protein domains based similarity over 
the gold standard datasets based on LOOCV for each known interactions.  Criterion to count the 
correct ‘Top N’ predictions is the same as in NRWRH. 

Enzyme 

Method ‘Top 1’ (%) ‘Top 2’ (%) ‘Top 5’ (%) 

NRWRH 70.16 78.84 84.31 

DASPfind 72.24 80.82 84.82 

DASPfind DOM 72.41 80.24 84.79 

Ion Channels 

Method ‘Top 1’ (%) ‘Top 2’ (%) ‘Top 5’ (%) 

NRWRH 73.31  0.8178 0.8855 

DASPfind 67.81  0.7411 0.7777 

DASPfind DOM 73.17 78.31 84.5 

GPCR 

Method ‘Top 1’ (%) ‘Top 2’ (%) ‘Top 5’ (%) 

NRWRH 63.15 71.18 81.89 

DASPfind 58.89 66.29 80.00 

DASPfind DOM 58.7 65.3 79.84 

Nuclear Receptors 

Method ‘Top 1’ (%) ‘Top 2’ (%) ‘Top 5’ (%) 

NRWRH 50.00 64.44 80.00 

DASPfind 58.88  72.22 83.33 

DASPfind DOM 63.33 75.55 85.55 
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Figure S2: Degree distribution of the Nuclear Receptor network.  

 

 

Figure S3: Degree distribution of the GPCR network. 
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Figure S4: Degree distribution of the Enzyme network. 

 

 

Table S4. ‘Top 1’ novel predictions for the Nuclear Receptor Dataset.  

chemID 
(KEGG) 

protID 
(KEGG) 

Score 

D00316 hsa6096 12 

D00182 hsa2099 7.724 

D00327 hsa5241 6.649 

D00585 hsa2099 6.059 

D01217 hsa2099 5.622 

D00554 hsa2100 5.539 

D00067 hsa2100 5.519 

D00951 hsa2099 5.441 

D00898 hsa2100 5.404 

D00312 hsa2100 5.145 

D00690 hsa2099 5 

D00962 hsa2100 5 

D00348 hsa5915 4.472 
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D00075 hsa5241 2.969 

D00088 hsa5241 1.875 

D00443 hsa5241 1.483 

D00956 hsa5241 1.136 

 

 

Table S5. ‘Top 1’ novel predictions for the GPCR Dataset.  

chemID 
(KEGG) 

protID 
(KEGG) 

Score 

D00604 hsa147 65.732 

D01051 hsa150 58.231 

D01358 hsa150 55.972 

D00270 hsa148 54.6 

D00613 hsa146 49.056 

D01024 hsa150 49.002 

D01020 hsa150 49 

D01965 hsa150 49 

D02234 hsa150 49 

D00563 hsa146 46.823 

D03274 hsa146 44.001 

D00606 hsa146 44 

D02076 hsa146 44 

D04034 hsa146 44 

D00095 hsa155 39.653 

D00136 hsa148 39.311 

D01295 hsa3356 37.011 

D00503 hsa3356 35.675 
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D02910 hsa154 34 

D00632 hsa155 33.069 

D03881 hsa155 32.353 

D00235 hsa155 32.251 

D02342 hsa155 32.131 

D03490 hsa155 32.111 

D00598 hsa155 32.087 

 

 

Table S6. ‘Top 1’ novel predictions for the Ion Channels Dataset.  

chemID 
(KEGG) 

protID 
(KEGG) 

Score 

D00538 hsa6331 177.468 

D00552 hsa6331 145.436 

D00294 hsa6328 119 

D00438 hsa779 79.372 

D03365 hsa1137 72.056 

D00649 hsa55800 67 

D00648 hsa779 52.085 

D05024 hsa775 52 

D00733 hsa6328 50.22 

D00110 hsa6328 50.213 

D00616 hsa776 49.315 

D03830 hsa776 49.315 

D00619 hsa778 41.252 

D01108 hsa779 38.085 

D01969 hsa778 34.074 
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D06172 hsa6328 31.736 

D00553 hsa6328 31.364 

D05077 hsa6328 30.798 

D02630 hsa776 30.168 

D00539 hsa773 30 

D00533 hsa6328 29.442 

D00708 hsa6328 29.133 

D00709 hsa6328 28.628 

D00546 hsa2555 25.742 

D00537 hsa6328 25.628 

 

 

Table S7. ‘Top 1’novel predictions for the Enzyme Dataset.  

chemID 
(KEGG) 

protID 
(KEGG) 

Score 

D00542 hsa1571 593.788 

D00528 hsa1549 587.629 

D00437 hsa1559 581.638 

D00691 hsa5152 285.538 

D00097 hsa5743 94.961 

D00217 hsa1576 86 

D00283 hsa1559 74.879 

D00771 hsa1565 74 

D00449 hsa5742 60.308 

D05353 hsa1565 60 

D00563 hsa1557 59.06 

D00454 hsa1576 44.178 
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D00293 hsa1565 43.193 

D00503 hsa1544 42.113 

D00252 hsa1565 42.004 

D00234 hsa1544 42 

D00274 hsa1544 42 

D00521 hsa1544 42 

D02356 hsa1565 42 

D00569 hsa1565 39.219 

D00416 hsa1576 39.084 

D00882 hsa1576 39.006 

D00322 hsa1576 39 

D00512 hsa1576 39 

D00448 hsa5742 38.058 

 

 

Table S8. ‘Top 1’ novel predictions for the DrugBank_approved Dataset. 

chemID 
(DrugBank) 

protID 
(UniProt) 

Score 

DB01392 P35348 318 

DB04946 P08913 317.445 

DB01544 P14867 284.337 

DB01149 P14416 260.577 

DB00988 P28223 260 

DB01587 P47869 251.328 

DB06144 P08913 236.107 

DB00656 P14416 235.369 

DB05271 P28223 227.057 
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DB01624 P35368 226.75 

DB01614 P08913 216.179 

DB01622 P08913 215.308 

DB01198 Q16445 212.393 

DB08815 P35348 210 

DB00247 P14416 196.369 

DB00797 P35368 191.063 

DB00679 P08913 190.249 

DB00434 P14416 184.543 

DB01577 P35348 184.518 

DB00217 P35348 173.627 

DB00751 P14416 173.47 

DB00852 P35368 168.725 

DB00425 P31644 167.636 

DB00875 P35368 167.016 

DB00508 P28223 163.389 
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Table S9: Comparison between different approaches with different measures of similarity between 
protein targets based on their protein domains. BigNorm refer to our method where we find the number 
of common protein domains for each pair of targets over a dataset and use the largest number of common 
protein domains found across the different pairs as a normalization factor. Then, for each pair of targets, the 
similarity is calculated by dividing the number of common protein domains between them by the defined 
normalization factor. 

  Enzyme 

Method ‘Top 1’ (%) ‘Top 2’ (%) ‘Top 5’ (%) 

DASPfind – DOM 

Jaccard 
44.87 46.92 53.28 

DASPfind – DOM 

Cosine 
44.87 46.85 53.24 

DASPfind – DOM 

BigNorm 
57.68 60.73 63.97 

  Ion Channels 

Method ‘Top 1’ (%) ‘Top 2’ (%) ‘Top 5’ (%) 

DASPfind – DOM 

Jaccard 
41.26 46.47 51.28 

DASPfind – DOM 

Cosine 
39.83 46.13 51.21 

DASPfind – DOM 

BigNorm 
51.42 58.20 60.09 

  GPCR 

Method ‘Top 1’ (%) ‘Top 2’ (%) ‘Top 5’ (%) 

DASPfind – DOM 

Jaccard 
46.29 59.52 68.97 

DASPfind – DOM 

Cosine 
56.37 65.82 79.07 

DASPfind – DOM 

BigNorm 
48.50 56.22 65.67 

Nuclear Receptors 

Method ‘Top 1’ (%) ‘Top 2’ (%) ‘Top 5’ (%) 
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DASPfind – DOM 

Jaccard 
56.66 62.22 81.11 

DASPfind – DOM 

Cosine 
57.77 64.44 77.77 

DASPfind – DOM 

BigNorm 
60.00 64.44 78.89 

 

 

 


