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ABSTRACT
Novel computational methods to predict drug–target interactions using graph
mining and machine learning approaches
Rawan Sameeh Olayan
Computational drug repurposing aims at finding new medical uses for
existing drugs. The identification of novel drug-target interactions (DTIs) can be a
useful part of such a task. Computational determination of DTIs is a convenient
strategy for systematic screening of a large number of drugs in the attempt to
identify new DTIs at low cost and with reasonable accuracy. This necessitates
development of accurate computational methods that can help focus on the
follow-up experimental validation on a smaller number of highly likely targets for
a drug. Although many methods have been proposed for computational DTI
prediction, they suffer the high false positive prediction rate or they do not predict
the effect that drugs exert on targets in DTIs.
In this report, first, we present a comprehensive review of the recent progress in
the field of DTI prediction from data-centric and algorithm-centric perspectives.
The aim is to provide a comprehensive review of computational methods for
identifying DTIs, which could help in constructing more reliable methods. Then,
we present DDR, an efficient method to predict the existence of DTIs. DDR
achieves significantly more accurate results compared to the other state-of-theart methods. As supported by independent evidences, we verified as correct 22
out of the top 25 DDR DTIs predictions. This validation proves the practical utility
of DDR, suggesting that DDR can be used as an efficient method to identify
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correct DTIs. Finally, we present DDR-FE method that predicts the effect types of
a drug on its target. On different representative datasets, under various test
setups, and using different performance measures, we show that DDR-FE
achieves extremely good performance. Using blind test data, we verified as
correct 2,300 out of 3,076 DTIs effects predicted by DDR-FE. This suggests that
DDR-FE can be used as an efficient method to identify correct effects of a drug
on its target.
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Chapter 1 Introduction
1.1 Background
Drug discovery is the process through which potential beneficial treatment effects
or medical uses of a new drug candidate are identified [1]. Distinct phases of
drug discovery and development define the initial stage of target identification
and validation, compound leads identification, validation, and optimization, and
different types of preclinical and clinical trials until the final approval by the Food
and Drug Administration (FDA) [1] is reached. Drugs function through interaction
with various molecular targets. We call such interaction drug-target interactions
(DTIs). Proteins are one useful group of such targets. Through binding, drugs
can either enhance or inhibit functions carried out by proteins [2, 3] and thus
affect the disease conditions. Bringing a new drug to the market is a highly
challenging and complex process in terms of time and cost. Moreover, the
number of newly approved drugs by the FDA is decreasing, illustrating the
productivity decline in drug discovery and development [4]. However, studies
showed that most of the FDA-approved drug molecules exhibit polypharmacological properties, i.e., drugs can have interaction with multiple targets,
which are not their primary therapeutic targets (i.e., drugs have off-target
molecules) [5] and this is frequently the major cause of undesirable side-effects.
One interesting and useful objective is to link the newly identified DTIs of a
known drug to the treatment of diseases that are different from diseases for
which the drug has been originally developed [5-7]. The availability of public
biomedical databases along with the development of computational approaches
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has made it possible to provide useful frameworks to partially overcome
limitations of the traditional experimental approaches [8] and help in finding a
new association for the existing drugs with off-target effects. Identifying
computationally highly likely DTIs for a known drug can be then employed to
identify potential new uses of the drug in question and this makes a useful
strategy in drug repurposing [9, 10]. A part of such solution is the identification of
novel DTIs that play an important role in the discovery of additional applications
for known drugs, as well as in the understanding of drug’s modes of action [2, 3,
11]. This necessitates development of accurate computational approaches to
focus on a smaller number of highly likely targets of a drug for the follow-up
experimental validation. However, predicting correct DTI is not sufficient for itself
to infer what effect such interaction may have. Additional steps may be needed,
e.g. to show for example inhibition of target expression. One approach for
computationally inferring such effects may be utilization of predictive models of
activity in appropriate biological assays [12, 13] as those in the PubChem
resource. As summarized in recent reviews [3, 9, 14], a wide range of databases,
web tools, and computational methods have emerged with the potential to predict
DTIs by learning from interaction data supplemented with information on the
similarities among drugs and similarities among proteins [8, 9, 15, 16]. However,
confirming whether a drug could interact with a target protein requires an
additional effort. This is owing to the relatively limited information about
interactions between drugs and protein targets [17-19] as well as the poor
characterization of proteins as drug targets [3].
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Early attempts in computational prediction of DTIs can be categorized into two
main groups and include docking simulations and ligand-based approaches [20,
21]. Docking methods consider the three-dimensional structure of target proteins.
However, this approach is extensively time-consuming and the structural
information of targets is not available for all target proteins. Ligand-based
methods compare a query ligand with a set of known ligands with target proteins.
However, it may not perform well in cases the number of known ligands with
target proteins is small.
Public data sources have promoted the development of various strategies for
repurposing drugs including genome, phenome, drug chemical structures,
biological interactome, biomedical literature text, and biological bioassays [6].
Moreover, the accessibility of big data sources, through several databases and
biomedical literature of DTI information, provide a useful way to extract different
biological interaction profiles and signatures (or descriptors) of drugs and target
proteins to discover novel DTIs [8, 10, 22-28]. On the basis of the guilt-byassociation principle, in which chemically similar drugs tend to interact with
similar proteins, many methods have been proposed for DTI prediction based on
the consideration of similarity measures between drugs or similarities between
proteins. Such prediction methods are based on graph inference [22, 29-33],
machine-learning algorithms [26, 34-40], text mining [41], and semantic linked
data inference [31, 42-44].
Recently, several methods are developed to integrate heterogeneous information
related to the drug, target protein, and their interaction data, to provide effective
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and efficient ways to predict new DTIs [34, 39]. These methods utilize various
types of profiles for drugs and proteins constructed with different biological data.
Such DTI prediction methods were developed based on the idea of utilizing
heterogeneous networks of known DTIs, similarity between drugs, and similarity
between target proteins [26, 34, 45, 46]. However, these studies indicated that
the DTI prediction performance of different methods varies significantly and
depends heavily on the similarity measures used. Thus, this requires a
development of computational methods that combine multiple similarity
measures with the aim to improve the prediction accuracy.
Current computational methods for prediction of DTIs can only (with the
exception of one method) predict if a drug interacts with its potential target.
However, they do not predict the type of effect of such interaction. Drugs can
modulate target activity, in which they can activate or inhibit the expression of a
specific target. Utilizing the information of DTIs effects is useful to understand the
basis of the molecular mechanisms of drug effect on targets. Generally,
individual DTIs can be annotated with different types of effects such as activation
or inhibition [47], where these types of effects might be caused through different
mechanisms achieved through direct interactions (i.g., binding) or indirect
interactions (i.g., changes in gene expression) [48]. Different types of actions that
represent the functional effects of DTIs have not been well studied. Only one
method [49] deals with the prediction of types of effects of DTIs. However, in [49],
for each given protein target, the model is built to predict the types of effects of
DTIs. In this way, the similarities between target proteins or between drugs are
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not exploited, that limits its applicability in predicting the type of effects of DTIs for
a new target or a new drug. On the other hand, this makes space for developing
computational methods that provide prediction of effect types of DTIs, by utilizing
information related to drugs, target proteins, similarities such as drug-drug
similarities and target-target similarities, and DTIs annotated with their effects on
targets. Thus, there is a need to develop methods to predict accurate type of
effects that DTIs exert.
In the following section, we will describe the objectives and contributions of this
dissertation.
1.2 Research objectives
Motivated by the limitations of the exiting methods for the prediction of the
potential DTIs, the types of the effects a drug exerts on the target, and aiming to
further improve their prediction accuracy, we present two methods that utilize a
heterogeneous drug-target graph that contains information about DTIs, effect
types of DTIs, as well as multiple similarities between drugs and multiple
similarities between target proteins. Both of the methods developed and
presented in this study utilize data and graph mining techniques combined with
machine learning approaches. The aim is to develop efficient methods to identify
correct DTIs and their effect types that are useful for drug repurposing. The
problem definitions of these two projects are graphically illustrated in Figure 1.1.

19

Figure 1.1 Problem definitions of the DTI prediction methods presented in this dissertation. Mainly,
both of the developed methods are using data related to drug, target proteins, their interactions, and
multiple similarities between drugs and between target proteins obtained from different sources,
with the goal to predict correct DTIs as in DDR method and to predict correct types of the effects a
drug exerts on the target as in DDR-FE method.

Contributions of this study include methods development and data integration for
tackling the limitations in predictions DTIs and their effect types that have not yet
been well addressed by the research community.
The study can be summarized in the following points:
1. Chapter 2, presents a comprehensive review of the recent progress in the
field

of

DTI

prediction

from

data-centric

and

algorithm-centric

perspectives. The aim is to provide a comprehensive review of the recent
progress for identifying DTIs, which is missing in the literature.
This chapter focuses on providing a review of the recent progress for
identifying DTIs including bioactivity databases, drug and protein
descriptors, similarity measures between drugs and between proteins,
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experimental prediction setup, performance evaluation, evaluation metrics,
state-of-the-art DTI prediction methods, validation strategies of novel
predicted DTIs, challenges and limitations of DTI prediction.
2. Chapter 3, presents DDR, an efficient method that predicts only binary
DTIs; i.e., interaction (known) or no interaction (unknown). The aim is to
further improve the accuracy of the DTI prediction by reducing significantly
the error rate compared to the other start-of-the-art methods.
3. Chapter 4, presents DDR-FE, an efficient method that predicts the effect
types (inhibit or activate) of drugs on targets. The aim is to provide a
method that is applicable of predicting accurate effect types of DTIs which
is the task that has not been well addressed in the literature.
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Chapter 2 The recent progress in computational prediction of drug target
interaction (DTI)
2.1 Summary
This chapter focuses on bioactivity databases of DTIs, drugs and target proteins
descriptors, similarity measures between drugs and between target proteins,
experimental DTI prediction setup, performance evaluation, evaluation metrics,
state-of-the-art DTI prediction methods, validation strategies of novel predicted
DTIs, challenges and limitations of DTI prediction.
Computational determination of DTIs is a convenient strategy for systematic
screening of a large number of drugs in the attempt to identify new DTIs at low
cost and with reasonable accuracy. This necessitates the development of
accurate computational approaches that can help focus in the follow-up
experimental validation on a smaller number of highly likely targets for a drug.
Although many methods have been proposed for computational DTI prediction,
they suffer the high false positive prediction rate. In this chapter, we summarize
the recent progress in the field of DTI prediction task. This task gains knowledge
about the interaction of drugs and target proteins through considering the
following essential elements such as: benchmark datasets of known DTI
(including binary information: interact or not interact, and continuous information:
values of binding affinities levels), descriptors (including drug features, target
features and drug-target (D-T) features that are generated by deriving
information from both drugs and target), similarity measures (including similarities
between drug-drug and between target-target), and appropriate learning
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functions that link the descriptors or similarity measures and information about
the known DTI to predict new DTIs.
2.2 The advantage of predicting DTI in drug repurposing
Computational drug repurposing aims at finding new medical uses for existing
drugs [6]. The identification of novel drug-target interactions (DTIs) can be a
useful part of such a task. The availability of wide range of heterogeneous data
related to target proteins, drugs, diseases, pathways and biological interaction
networks provides a convenient strategy for systematic screening of a large
number of drugs in the attempt to identify new DTIs at low cost and with
reasonable accuracy [9]. Moreover, the systematic integration of such
heterogeneous data has the potential to develop methods towards understanding
molecular mechanisms of drug action [15].
2.3 DTI Prediction Problem: General framework of the predictive model
The intuition of current proposed computational learning models for predicting
DTIs is based on the assumption that similar drug compounds share similar
target proteins and vice versa [8, 9]. Thus, similar drugs tend to interact with
similar targets (Figure 2.1).
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Figure 2.1 The guilt-by-association principle (similarity-based concept) of the DTI prediction.

Thus, a network of DTIs can be represented as a heterogeneous graph [33],
which consists of a set of DTIs, which consists of a set of drugs D and a set of
target proteins T, where D = {di, i = 1, ..., m} and T = {tj, j = 1, ..., n}, in which m
represents the number of drugs and n represents the number of target proteins.
The interactions between D and T are represented as a binary matrix Y such that
if di interacts with tj, then yij = 1 (i.e., known), if not then yij = 0 (i.e., unknown).
Also, the similarities between drugs in D can be defined as Sd matrix, where it
has dimensions of m x m. Similarly, the similarities between targets in T can be
defined as St matrix, where it has dimensions of n x n.

Element values in

similarity matrices represent how much are drugs or target proteins similar to
each other. All elements in each similarity matrix have values in the range of [0,
1]. A similarity value close to 0 indicates that two elements are not similar to each
other while a similarity value close to 1 represents the most similar elements. By
applying different statistical learning algorithms such as classification or
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regression, the main goal is to predict novel (i.e., unknown) interactions in Y,
given Y, Sd , and Sd matrices [36].

2.4 The components of the drug–target interaction prediction methods
Many of the existing methods for predicting potential DTIs use a network
representation, in which a bipartite interaction network is constructed where
nodes represent drugs and targets, and edges denote interactions [5]. These
interactions are based on aggregation of multiple types of pharmacological and
clinically relevant associations [5]. The representation of different types of
relations between drugs and targets from different data sources for DTI
prediction task as a network facilitates the extraction of useful information related
to drug, target and their intra similarities and interactions [50]. This is done by
organizing and integrating the data from different sources into a network graph.
The main components or relation types of the DTI prediction methods are data
related to known DTIs, drug information, target information spaces, and their intra
similarity connections (Figure 2.2) [5].
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Figure 2.2 Main components of the DTI prediction methods [5].

2.5 Bioactivity databases and web servers
The availability of public databases (Figure 2.3) has promoted the development
of methods for repurposing drugs [6]. Such resources store information about
DTIs as well as various types of information related to chemical and genomic
data including chemical structures, drug side effects, drug interactions, drug
therapeutic classes, amino acid sequences, protein domains, protein functional
annotations, protein interactions, drug- or /target- disease associations, drugor/target -pathway associations, and drug-induced gene expression profiles [8,
45, 51] .
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Figure 2.3 Data sources related to drugs, targets, and their interactions for DTI prediction.

2.5.1 Bioactivity databases
DrugBank
The DrugBank database (available at http://www.drugbank.ca) is a unique
bioinformatics resource that combines comprehensive information about small
molecule and biotech drugs, their mechanisms, their pharmacological action,
their action pathways, their taxonomic classification information, their side
effects, their interaction with other drugs and foods and their drug target
information, as well as additional information about external database links for
cross-reference purpose [52]. Drugs are categorized by groups, which determine
their drug development status including approved, vet approved, nutraceutical,
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illicit, withdrawn, investigational, and experimental drugs. Most of the data in
DrugBank are expertly curated from primary literature sources.

KEGG: Kyoto Encyclopedia of Genes and Genomes
KEGG (available at http://www.genome.jp/kegg/) is an integrated database
resource consisting of 15 manually curated databases and a computationally
generated database in four categories including the systems information,
genomic information, chemical information, and health information category [53].
The main integrated databases in these categories are PATHWAY, BRITE,
MODULE, GENOME, GENES, COMPOUND, GLYCAN, REACTION, RCLASS,
ENZYME, DISEASE, DRUG, DGROUP, ENVIRON, and MEDICUS database.
KEGG also contains information about external database links for crossreference purpose.

SuperTarget and MATADOR: Manually Annotated Targets and Drugs Online
Resources
SuperTarget is an extensive resource that integrates a huge number of DTI
information [48]. It also contains additional annotations about therapeutic
classification of drugs, drug side effects, pathways, and Gene Ontology (GO)
terms of the target proteins. MATADOR [48] is a database for protein-chemical
interactions that contains a subset of information from the SuperTarget database
but it is manually annotated with additional information about interactions
between proteins and chemicals such as direct (binding) and indirect
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interactions.

SuperTarget

and

Matador

are

available

at

http://insilico.charite.de/supertarget and http://matador.embl.de

ZINC
ZINC database, (available at http://zinc15.docking.org/), contains a large number
of commercially molecules that can be downloaded in different formats and
subsets that are ready for screening and for rapid testing of docking hypotheses
[54]. ZINC also has a web site that enables user to search for molecule by
structure, CAS number, name biological activity, physical property, and other
useful chemical identifications.

BindingDB
BindingDB database, (available at www.bindingdb.org), focuses on binding
affinities measurements of the experimental interaction for small molecules
binding to protein targets [55]. It provides cross-reference links to pathway
information, the ZINC records, and other resources. BindingDB also provides a
public website that offers specialized tools to browse and search for data of
interest in convenient ways.

CHEMBL
ChEMBL database, (available at https://www.ebi.ac.uk/chembl), is an open
integrated large-scale bioactivity database that contains information extracted
from publications, literatures, deposited data sets, and data drawn from other
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databases [56]. It contains information about binding, functional and ADMET
(Absorption, Distribution, Metabolism, Excretion, and Toxicity) of a large number
of DTIs existed in the database.

PubChem BioAssay
PubChem BioAssay database (available at https://pubchem.ncbi.nlm.nih.gov) is
an open access resource for information generated from chemogenomic,
medicinal chemistry and functional genomics research [57]. PubChem BioAssay
has served as a public repository since 2004 for supporting drug discovery
research by supporting broad types of bioactivity information.

STITCH
STITCH database (available at http://stitch.embl.de/) contains a large number of
known DTIs in different organisms [47]. It integrates the supporting evidences
from many sources of experimental and manually curated evidence with textmining information, and interaction predictions in other databases. STITCH also
provides a new network view utility that enables the user to get a quick overview
of the potential effects of the chemical on its interaction targets.

CTD: The Comparative Toxicogenomics Database
CTD database (available at http://ctdbase.org/) provides information about
interactions

connecting

chemicals/drugs,

genes/proteins,

Ontology (GO) terms annotations, and pathways [58].

diseases,

Gene
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TTD: the Therapeutic Target Database
TTD database, (available at http://bidd.nus.edu.sg/group/ttd/ttd.asp), contains the
largest set of clinical trial, approved drugs, successful drugs, drug targets,
diseases, pathways, as well as the cross-linking references to other databases
[59].

The IUPHAR/BPS Guide to PHARMACOLOGY
The IUPHAR database, (available at http://www.guidetopharmacology.org),
provides expert-curated interactions between drugs and their targets in the
human genome [38]. It also provides additional information about DTI by
reporting published quantitative binding affinity measurements data.

DMAP: a connectivity map database to enable identification of novel drug
repositioning candidates
The

DMAP

database,

(available

at

http://rdc02.uits.iu.edu:7777/pls/apex/f?p=208:1:5725584027361278::NO), is a
comprehensive resource which contains directed drug-to-protein effects with
effect scores. The effect scores are compiled from all database entries between
the drug and protein have been previously observed and provide a confidence
measure on the quality of such drug-to-protein effects [60].

SIGNOR: The SIGnaling Network Open Resource
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The SIGNOR database [61] (available at http://signor.uniroma2.it) contains
integrated manually annotated causal relationships between human proteins,
complexes,

chemicals,

phenotypes

and

stimuli

participating

in

signal

transduction. The information captured in SIGNOR can be represented as a
signed directed graph illustrating the activation and inactivation relationships
between signaling entities, along with a confidence score.

DGIdb: The Drug-Gene Interaction Database
The DGIdb database, (available on at www.dgidb.org), contains information
about DTIs between different categories of drug targets and different types of DTI
integrated from large number of databases [62]. It also provides a user-friendly
tool for mining the drug-able genome for evidence supporting of hypothesis
generation about interactions for drugs of interest.

GLASS: GPCR-Ligand Association database
GLASS database, (available at http://zhanglab.ccmb.med.umich.edu/GLASS/) ,
provides a comprehensive, manually curated resource for experimentally
validated GPCR-ligand associations [63].

DrugCentral: online drug compendium
DrugCentral database, (available at http://drugcentral.org), is a comprehensive
integrated resource that links DTIs with pharmacological action and indications. It
integrates biological, chemical, phenome and chemo-informatics information
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related to structure, bioactivity, regulatory, pharmacologic actions and indications
[64]. DrugCentral also providing cross-referencing links to external databases.
SIDER: The SIDER database of drugs and side effects
The

SIDER

database

(available

at

http://sideeffects.embl.de)

contains

information about drugs, their adverse drug reactions (ADRs), and their links to
each other [65].

CMAP: The Connectivity Map database
The CMAP database, (available at www.broad.mit.edu/cmap), is a large public
database of signatures of drugs and genes, which develops pattern-matching
tools to detect similarities among these signatures. Using Cmap, user can
discover unexpected connections for small molecules by using the gene
expression signatures data that connect small molecules, genes, and disease by
comparing the signature of the drug of interest to the other drugs in the database
[3].
Other public databases that are directly relevant to DTI prediction are briefly
described in in the recent reviews [9, 14, 15, 50, 66].

2.5.2 Web servers

TCRD: the Target Central Resource Database and Pharos
TCRD [67], (available at http://juniper.health.unm.edu/tcrd/), is an integrated
database of diverse data types collected and processed from numerous
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resources. TCRD makes use of existing biological ontologies, such as Drug
Target Ontology (DTO) to support a standard unification of classification and
annotation of their data contents. By employing DTO, sophisticated inference and
hypothesis

can

be

generated.

Pharos

[67],

(available

at

http://juniper.health.unm.edu/tcrd/), is a multimodal web based application that
works as an interface to explore the data presented within TCRD. The main
classes of users that use Pharos platform are: biologists and clinical researchers
(with an interest in identifying and validating novel targets and small molecules),
funding agencies (with an interest in exploring new ideas for research funding
and direction) and finally computational scientists (with an interest in developing
methods based on data mining techniques that support prediction and validation
of novel biological findings). These resources allow researchers to explore deep
understanding of knowledge about data types such as genes, proteins, small
molecules, text-mined associations, biomedical statistics, patent literature,
mRNA, protein expression data, disease and phenotype associations, bioactivity
data, DTIs, and annotations about the functions of genes and proteins.

DINIES: drug-target interaction network inference engine based on supervised
analysis
DINIES [68], (available at http://www.genome.jp/tools/dinies/), is a web server for
predicting unknown DTIs from various types of biological data such as drugs,
their side effects, protein amino acid sequences and their domains. However it
allows user to input other additional types of chemical and genomic descriptors
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or similarity measures. The DINIES server uses three supervised network
inference computational methods that integrate heterogeneous data. It also
allows the user to select one of these methods and outputs useful integrative
analyses with crosslink references to KEGG database main components.
Other useful prediction methods and online tools for predicting DTIs are
presented in the recent reviews [9, 14, 15, 50, 66] together with brief descriptions
about algorithms used, data types and additional information.
2.6 Experimental setup, performance evaluation, and evaluation metrics
The performance of the DTI prediction methods are evaluated under four
experimental settings [69] (Figure 2.4), where each setting is reflecting a different
scenario in the DTI prediction under how the model can be learned from training
data only and applied it to predict the label of remaining DTI pairs; DTI pairs that
are unseen from the training as follows:
1.

The first setting named SP, corresponds to randomly split the pairs in the
DTI matrix (Y) into training and testing parts.

2.

The second setting names SD, refers to split the DTI in Y into training and

testing data; where every drug in the testing set does not have any known
interaction in the training set.
3.

The third setting names ST, refers to split the DTI in Y into training and

testing data; where every target in the testing set does not have any known
interaction in the training set.
Formally, in the setting SD, if a D-T pair x=(xd,xt) belongs to the test data, the
training set must not include any such D-T pairs that contain xd. Likewise, in the
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setting ST, if a D-T pair x=(xd,xt) belongs to the test data, the training set must not
include any such D-T pairs that contain xt.
2 The forth setting is the most challenging one names SDT, refers to split the
DTI in Y into training and testing data; where every drug and target in the
testing set does not have any known interaction in the training set. In another
words, if a D-T pair x=(xd,xt) belongs to the test data, the training set must not
include any such D-T pairs that contain xd and xt.

Figure 2.4 Four settings for DTI prediction [34].

In general, most of the proposed prediction methods performed experiments that
consider the first three different scenarios in the DTI prediction, in which the
setting SP corresponds to the most widely used experimental design in
computational works, while the settings SD and ST reflect the real scenarios of
drug discovery.
To evaluate the performance of DTI prediction methods, cross validation (CV)
approach with K equals number of splits or holdout approach (i.e., k=1) can be
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followed [69]. A prediction model for each setting is built using a dataset of
positive and negative labels that is split into the training and testing sets. This
procedure is followed for each fold of k-fold CV and is repeated n times, each
time with a different random seed used for random selection for the split of
training and testing sets. In each fold of the CV procedure, all interactions in Y
that belong to the testing set in that fold are set to zero i.e., they were excluded
from consideration. For each prediction model, at each fold, based on the
methods scores, the following evaluation metrics are considered including true
positive (TP), false negative (FN), false positive (FP) and true negative (TN).
Based on these evaluation metrics, area under precision recall curve (AUPR)
and area under receiver operator characteristics curve (AUROC) are calculated,
where the values of AUPR and AUROC over n times of k-fold cross validation
are averaged and reported as the measures of the model performance. As the
positive and negative data in most used datasets used in DTI prediction are
highly imbalanced, AUPR metric provides a better-quality estimate, since it
punishes more heavily the existence of FPs. Most of the existing computational
methods evaluated the predictive performance under five trials or 10 trials of 5fold or 10-fold CV and used both AUROC and AUPR measures as the evaluation
metrics [34-36, 45].
2.7 The use of benchmarks datasets in the performance evaluation for DTI
prediction (known and unknown DTIs)
Different attempts of creating benchmark DTI datasets that used to build and
evaluate the predictive models are as follows:
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2.7.1 Binary DTIs datasets
1. Known (positive) DTIs datasets
Four gold standard benchmark datasets (Yamanishi’s 2008 and Yamanishi’s
2010)
The first version of this benchmark was established in 2008 [70], known as
Yamanishi’s 2008 benchmark, and information about the interactions between
drugs and target proteins obtained from the following sources including KEGG
BRITE, BRENDA, SuperTarget and DrugBank databases. Yamanishi’s 2008
benchmark contains four datasets where each dataset represent DTI for one of
four families of drug target proteins in categories of enzymes (E), ion channels
(IC), G protein-coupled receptors (GPCR), and nuclear receptors (NR). These
four datasets has been considered as gold benchmark datasets, where several
newly developed algorithms used this benchmark for evaluating the performance.
Later on, an improved version of Yamanishi’s 2008 is created, called Yamanishi’s
2010 benchmark, where number of drugs, targets, and DTI are updating with
respect to the numbers of known drugs with pharmacological information in
JAPIC database.
Two-benchmark

versions

of

Yamanishi

datasets

http://web.kuicr.kyoto-u.ac.jp/supp/yoshi/drugtarget/

are

available

at
and

http://cbio.ensmp.fr/~yyamanishi/pharmaco/.

Known DTIs from DrugBank, KEGG, CHEMBL, MATADOR, STITCH, BindingDB,
DsigDB, PubChem, ZINC databases
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Recently, many DTIs prediction methods shifted to compile new datasets that
enrich the most used benchmark datasets; as it noticed from the two-benchmark
versions of Yamanishi datasets that these datasets have higher sparsity values
due to that the target proteins are classified into four main groups. Compilations
of new datasets have emerged with the aim to have benchmark datasets with
lower sparsity values that could facilitate more rigorous assessment for DTI
prediction.
A recent work [71] updated DTIs in the previous two-benchmark datasets using
the DrugBank, KEGG BRITE, and DsigDB databases. Dataset is available at
https://github.com/GIST-CSBL/SELF-BLM. Other recent works [34, 46, 72, 73]
created newly benchmark datasets for DTI prediction from DrugBank database,
where they compiled new datasets considering human approved interactions and
few filters are applied to drugs and target proteins subsequently for the
consideration of data consistency. Datasets are available in published papers.
Another work [74] extracted DTI data from the KEGG BRITE Database involving
three classes of target proteins such as enzyme, GPCR and ion channel. A
recent work [32] used a subset of the ChEMBL dataset, to evaluate the
performance of the model proposed for predicting DTIs. The extracted DTIs have
activity values not more than 1 µM and 10 µM, where they considered different
binding units such as IC50, Ki, Kd, EC50, AC50, LC50, and GI50. Another works [8,
51, 75, 76] created DTI datasets from CHEMBL after applying few filters.
Another work created a DTI dataset from DrugBank, Matador and STITCH
databases [77]. Another work [78] created a DTI dataset from STITCH database.
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Another work [35] created a DTI dataset from ZINC database, after applying few
filters.
2- Unknown (assumed negative) DTIs
Since there is no experimentally-validated negative DTIs available, most existing
computational approaches for DTI prediction used reliable set of DTI as positive
interactions and randomly pairing drugs and proteins where removing those
existing in the positive sets to generate negative DTIs.
The randomly generated negative examples may include real but not yet known
positive examples. However, ignoring the existence of true negative interactions
would impact negatively the training model and yet the prediction performance.
Few attempts are shown in the literature to create a reliable set of negative DTIs
as follows:
Random pairing
Most of the existing approaches for DTI predictions are developed using a
reliable set of positive DTIs and random pairing of drugs and targets where
removing those existing in the positive sets to generate negative [22, 34].

Experimental evidence for the negative samples
Several studies [35, 42, 77, 79] created negative DTI datasets from PubChem
and CHEMBL databases, where negative links are considered as the interactions
with the experimental bioactivity value greater than 10 µM or 30 µM.
2.7.2 Quantitative (non-binary) DTIs datasets
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Recently, other works have shifted to use another type of DTI datasets to assess
the model predictions that include DTIs data with continuous (non-binary)
information about quantitative binding affinities (i.e., Kd, Ki, or IC50). These
binding values coming from ligand profiling assays, which are divided into three
main types: binding, functional, and phenotypic assays. The smaller value of
bioactivity represents how strongly a compound binds to a target. Such largescale

experimental

quantitative

data

sets

are

including

Davis,

Metz,

Anastassiadis, and CHEMBL activity data sets [5, 69, 80, 81]. They claim that the
aim behind classifying DTI into non-binary interactions with quantitative binding
measurements is because formulating DTI prediction problem as a binary task
has a drawback of having negative interactions and untested/unknown DTIs that
are not differentiated well. While the continuous binding affinities values allow the
distinction between true negatives and missing DTI, and thus providing more
information about the actual strength of DTI binding.
2.8 The use of chemical and genomic descriptors and similarity measures
for drugs, targets and their associations in the prediction of DTIs
Predicting new DTI using the topology information of DTI network represent an
important information source to enhance the prediction task [39]. However, using
only the topological information of DTI network in the prediction task shows its
inability to predict interactions for new candidates of drugs and proteins that have
no known interaction information [37, 82]. Incorporating additional sources of
information, along with the topological information of DTI network, such as
chemical and genomic descriptors, can effectively enhance the DTI prediction by
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computing multiple drug–drug and target–target similarity measures [36].
Considering similarity measures with the known DTIs help to create a useful
framework that traverse known DTI links and similarity links between drugs and
targets to enhance prediction of DTI for new drugs or novel targets for existing
drugs [37] . The key assumption behind is that these descriptors utilize different
attributes of drugs and targets that can be used to infer new DTIs with similar
properties through calculating similarity metrics, where drugs that share
properties can have similar biological targets and vice versa.
We will describe the different chemical and genomic descriptors that have been
already used to generate drug and protein similarity measures and hence used
them as useful ways to predict and generate new medical uses. Our survey
shows that the target similarities are obtained on the basis of sequence similarity
calculated from structural and physicochemical features or by sequence
alignment score [45, 83-86]. However, other genomic features were also used
including protein functional annotations [87], their domain profiles, and their
proximity in the protein-protein interaction network [16, 26, 45, 88], their drug
interacting profiles [39], and gene expression similarity profiles of protein
encoding genes [8, 51]. For drugs, different types of similarities are calculated
based on different types of chemical structures fingerprints [21, 27, 84, 85, 8998], drug interactions profiles [39], drug side-effects profiles [99, 100], drug
profiles of ATC coding system [8, 26, 101-103], drug-induced gene expression
profiles [8, 51], drug disease/indications profiles [8, 104-109], drug pathways
profiles [110-113], and their target interacting profiles [39]. However, the
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determination of which set of descriptors or similarity measures is practically
useful for DTI prediction is still a challenging task. For drug-target pairs, number
of features can be generated and used to calculate similarities including protein–
ligand (binding site) interaction profiles, protein–ligand (binary or /continuous
binding affinities) interaction profiles, latent vectors based on matrix factorization,
weighted neighbors-based scores, graph-based inference scores (such as
Pagerank, DASPfind, DegreeWeigtedPathCount) [114]. Example of similarity
measures that are applicable for both drugs and targets including drug-induced
gene expression profiles, drug- and target- signaling pathways profiles, drug- and
target- disease-based profiles [105, 108, 109, 115], semantic descriptors [8, 116124], Gaussian interaction profile (GIP) [39], and literature-based and text mined
associations profiles [15]. The flowchart of the drug, target, and DTI descriptors
and similarity measures is described in Figure 2.5.

Figure 2.5 Summary of the different types of descriptors used to calculate multiple similarity
measures for the DTI prediction task.
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2.9 Computational Approaches for DTI prediction
There are different approaches that have proposed for addressing the problem of
predicting new DTIs; some major prediction approaches are docking simulation,
ligand-based approaches, machine learning, network inference, text mining and
semantic inference approaches [15] (Figure 2.6). Although many methods have
been proposed for computational DTI prediction, they suffer the high false
positive prediction rate. In the following sections we characterize the commonly
used computational techniques and how they tackled the problem of predicting
new DTIs.

Figure 2.6 Summary of the computational approaches for the DTI prediction.

2.9.1 Early attempts in the DTI prediction
Early attempts in computational prediction of DTIs can be categorized into two
main groups and include docking simulations and ligand-based approaches [20,
21, 26].These approaches typically focus on one particular target of interest (i.e.,
the 3D structure of the target (or the compound). Docking methods consider the
three-dimensional structure of target proteins. However, this approach is
extensively time-consuming and the structural information of targets is not
available for all target proteins. Ligand based methods compare a query ligand
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with a set of known ligands with target proteins. However, it may not perform well
in cases the number of known ligands with target proteins is small.
2.9.2 Current trends in DTI prediction
To enable a large-scale prediction of many targets simultaneously and to
overcome the limitations of the previous traditional methods, machine learning
and graph mining approaches have emerged [9, 15, 66]. Current DTI prediction
methods can be classified into to types, which are feature-based and similaritybased approaches [81]. In feature-based methods, known DTIs are represented
by feature vectors generated by combining descriptors of drugs with descriptors
for targets. While, in similarity-based methods, multiple similarity measures for
drug pairs and target pairs are generated.
The use of network topology in the DTI prediction
The uses of the topology of DTI network, as the only source of information for the
prediction of new DTIs links is capable of predicting true DTIs with reasonable
accuracy. Some of the DTI prediction methods are based on only considering
known DTIs using techniques based on graph theory, network analysis, matrix
factorization. For instance, authors in [39] demonstrated that the prediction model
built using only interaction profiles from known DTIs, compared to the model that
uses additional information about the chemical structure and genomic sequence
similarities, can be used as an accurate tool for prediction of DTIs. The relevance
of using DTI topology network as a source of information for predicting new DTI
is based on the assumption that drugs exhibiting a similar pattern of interaction
and non-interaction with the targets of a DTI network are likely to show similar
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interaction behavior with respect to new targets. This assumption property is
formalized by describing each drug with an interaction profile, a binary vector
describing the presence or absence of interaction with every target in the
network. The interaction profile of a target is defined in a similar way. Based on
this finding, a method called GIP is proposed that uses known DTI by means of a
regularized least square algorithm incorporating a product of similarity
constructed from drug and target interaction profiles. Moreover, the study shows
that using GIP similarities alone or combining GIP similarities with the chemical
and genomic similarities improve the prediction performance, compared to other
competing method at that time called Bipartite local models (BLM) [30]. BLM
method predicts new DTIs based on the available genomic and chemical data as
features using two local bipartite graphs; where first predict target proteins of a
given drug, then to predict drugs targeting a given protein, and finally aggregates
the predictions of the two local models built for a given drug and target. Based on
the complex network theory, [23] presented three supervised inference methods
to predict DTI, namely drug-based similarity inference (DBSI), target-based
similarity inference (TBSI) and network-based inference (NBI). The results show
that among these three methods, NBI performed the best using only information
from known DTI without considering additional helpful information such as
utilizing drug–drug similarities and target–target similarities, suggesting that the
NBI method would have the highest predictive ability among them. Based on
matrix factorization technique, a study in [125] presented an active learning
method that uses probabilistic matrix factorization (PMF) for DTI prediction,
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which is particularly useful for analyzing large interaction networks. This because
the developed method is independent of using any similarity measures between
drugs and between targets and its computation time scales are linear with the
number of known interactions. However, the limitation of these computational
method that it can be applied only to detect new DTIs for a target or a drug for
which at least one interaction has already been known; not for inferring new DTIs
of a new drug or target (that is, one for which no interaction is known). Based on
that, authors suggested that adding different information based on other types
data in the form of additional similarities would yield further improvements.
The use of chemical and genomic profiles and integration of similarity measures
in the DTI prediction
Other DTI prediction models

[15] are extended by incorporating additional

sources of information, such as chemical and genomic profiles of the drugs and
the targets, and introducing drug–drug and target–target similarities into the
prediction task. Based on the “guilt-by-association” assumption, that states
similar ligands are likely to interact with similar proteins, prediction of new DTI is
then performed based on chemical structures of ligand compounds, protein
sequences of targets and the currently known compound–protein interactions. A
straightforward approach is to consider known and unknown DTIs as labels and
incorporate chemical structures of drugs and amino acid sequences of targets as
input features (or similarity measures). These extended models have been
shown over studies to outperform the earlier models that used only the
topological information of DTI network. For example, when a given drug has
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known targets, the candidate targets could be ranked by measuring the similarity
between them and known targets based on protein similarity. If the drug has no
known target, it is not sufficient to only base our judgment on target similarity;
hence, drug analogy must also be taken into account. In this case, the potential
targets of the given drug are selected based on the target information of drugs
similar to the given drug. In this regard, different methods utilized single type of
drug-drug similarity and protein-protein similarity are characterized below.
In the following study [82], they generalize the applicability of the prediction
method GIP and extend it to detect new DTIs of new drugs, that is, drugs for
which no interactions are known. They propose a simple weighted nearest
neighbor algorithm, called a weighted nearest neighbor (WNN), for constructing
an interaction score profile for a new drug using chemical and interaction
information about known drugs in the dataset. The WNN method can be used as
a stand-alone algorithm for predicting DTIs for new drugs. It can also be directly
incorporated into the GIP method for handling new drugs, where the resulting
combination yield a method called WNN-GIP. These two methods can be directly
modified to predict new DTI of both unknown targets or unknown drugs and
targets.
Furthermore, NBI method was improved by assigning weighted values to edges
or nodes, namely edge-weighted NBI (EWNBI) and node-weighted NBI (NWNBI),
respectively [123]. The systematic evaluation revealed that the two weighted NBI
methods marginally outperform the original NBI. Later on [29] introduced a
network-based method called domain tuned-hybrid (DT-Hybrid) derived from the
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NBI method. The DT-Hybrid improved the NBI algorithm by adding application
domain knowledge, i.e., by introducing the additional knowledge about drug
similarity and target similarity. The results clearly show that DT-Hybrid reduced
the limitation of the NBI method where the latter method shows inability to give
predictions for new drugs without known targets. The method, denoted as
Network-based Random Walk with Restart on the Heterogeneous network
(NRWRH), presented in [31]. It integrates three different networks (protein–
protein similarity network, drug–drug similarity network, and known drug–target
interaction networks) into a heterogeneous network and implements the random
walk on this heterogeneous network. This method allowed reducing the
limitations of NBI, since it is using information from both known DTI and drug
similarity and target similarity. Another work which is also reducing limitation of
NBI, called HGBI for Heterogeneous Graph Based Inference, which is also
added a drug–similarity graph and a protein–similarity graph to the interactions
graph used by NBI. Experiments have shown that HGBI significantly outperforms
other existing methods in predicting novel targets for drugs with and without
known targets.
Another method has been proposed to predict potential targets for new drugs or
chemicals, named substructure–drug–target network-based inference (SDTNBI)
[10]. SDTNBI integrates known DTI network, and drug substructures to infer new
targets for old drugs, failed drugs and new chemical by bridging the gap between
known drugs and new chemical entities through the linkage of chemical
substructures or chemical fingerprints of known drugs and unknown drugs. The
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degree of similarity between chemical structures can also indicate a potential for
predicting new DTI as in [126], where a computational method called DPIR is
developed.

The DPIR method predicts a desired therapeutic effect of drugs

using interaction information such as binding, activation, or inhibition. The key
idea behind DPIR is that it could identify new targets of compounds whose
activity is structurally similar to compounds having similar activity, as well as
compounds whose containing different structural scaffolds but having similar
protein interaction profiles.
Another examples of recent methods that use single type of similarity measure
include: COSINE [35], and NRLMF [36] . COSINE is a statistical framework that
is specifically tailored to find protein targets for new chemicals with little to no
available interaction data. Another class of recent DTI predictions methods aims
to integrate information from different similarity measures. These methods
include KronRLS-MKL [45], BLM-NII [37] and DNILMF [34]. KronRLS-MKL
integrates several drug and target protein similarity measures by a linear function
along with the DTI network topology for the identification of new DTIs. Their
findings demonstrate that utilizing different measures of similarity between drugs
and target proteins results in improved performance compared with other
methods that are based on using only single similarity for drugs and single
similarity for target proteins. BLM-NII infers the interaction profiles for new
candidates of drugs and target proteins from interaction profiles of neighbors with
strong similarities. This strategy shows its usefulness in enhancing the prediction
performance for predicting DTIs of new candidates of drugs and target proteins
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that have no existing interactions or insufficient information in the training data.
DNILMF employs a nonlinear similarity fusion technique based on similarity
network fusion (SNF) method [127] to combine different similarity measures and
then use the final diffused or combined similarity for DTI predictions. According to
their model, the results based on the non-linear combination of similarity
measures show better performance than other competing methods. In fact, such
a prediction method that is based on non-linear integration technique of similarity
measures shows better performance than other methods based on the linearly
combined similarity measures [37, 45].
A following study [28] use pharmacological information such as drug side effects
and adverse drug reactions to infer new DTIs under the assumption that
prediction of new DTIs are more correlated with pharmacological effect similarity
than with chemical structure similarity, in which that drugs with similar sideeffects are likely to interact with similar target proteins. The work proposed a DTI
prediction method from the integration of pharmacological similarity of drugs and
genomic sequence similarity of target proteins. The pharmacological effect
similarity is first predicted from chemical structures of given drugs. Then, the
pharmacological effect-based similarity is introduced into the supervised bipartite
graph inference model to identify unknown drug–target interactions. It is noted
that this work has tested the performance of BLM and GIP algorithms by
replacing the chemical structure similarity by the pharmacological similarity,
suggesting

that

using

the

pharmacological

similarity

showed

further

improvements [128]. A similar work [100] developed a similarity measure based
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on side-effect similarity between drugs, and confirmed experimentally that sideeffect similarity indeed indicates common protein targets of unrelated drugs;
drugs that are not implicit by their chemical similarity or the sequence similarity of
their known targets. Another work [129] developed a computational framework
called drugCIPHER, to infer new DTIs by using target similarity, chemical
similarity and their combination with the relevance of the targets on the basis of a
PPI network. Another work [130] proposed a DTI prediction method called by
integration of gene expression data with the PPI network. Another work [131]
developed a comprehensive proteome scale approach, called DR.PRODIS that
predicts human protein targets and side effects of drugs using information about
drugs, targets, disease, and side effects.
The use of multi-omics data in DTI prediction: the integration of biological
interaction networks/Omics-based biological systems
Owing to the generation of massive omics data, including transcriptomics,
proteomics, metabolomics, and disease, mining and integrating these omics
resources provide huge opportunities for the development of systems biology
models for identifying new DTIs [5, 50, 132-134].
Having systems biology models, i.e., integrative network biology, can have
answers for the question ‘’Is it possible to identify drug targets from their position
in a biological network?’’ [135]. For example, the work in [130] demonstrated the
power of integrating both transcriptional signatures (gene expression level
difference between the drug treated and untreated samples) and PPI functional
network for DTI prediction. Their proposed DTI prediction methods are based on
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the assumption that drug treatment induces differential expression of genes that
are functionally related to the actual drug target. Another integrative approach
was taken by [26] which proposed a DTI prediction method called SITAR
(Similarity-based Inference of drug-TARgets) that integrates multiple similarity
measures between drugs and between targets including information about
transcriptional drug response profiles (drug-induced gene expression profiles)
and PPIs, as well as compound structures, ATC codes, side effects, protein
amino acid sequences, and Gene Ontology classes. Another work [120], called
Semantic Link Association Prediction (SLAP), also built a heterogeneous
semantic linked DTI network to predict new DTIs based on their relation with
other linked objects/nodes, according to Chem2Bio2RDF ontology, by integrating
a wide range of data related to drugs, chemical compounds, protein targets,
diseases, side effects, pathways, and compound similarity and target similarity.
Another work [42], also predicts DTIs using the semantic linked network, which
was derived from Chem2Bio2RDF, that integrates chemical, pharmacological,
genomic, biological, functional, and biomedical information into a unified
framework, as well as adding compound and protein similarity neighboring links.
This method constructed supervised machine learning models based on metapath topological features over a sematic linked network, in which a meta-path
represents a sequence of adjacent links between any two objects in a
heterogeneous network.

This work provides an alternative DTI approach to

SLAP, in which it derives the features and fed them into machine learning models
to valuate their importance, in contrast to SLAP that pre-calculates feature
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importance before making predictions. Another study [134] aimed to repurpose
drugs for potential proteins of complex human diseases, such as diabetes, by
mining clinical ‘omics’ data from genome wide association studies (GWAS),
proteomics and metabolomics studies. Another work [136], also proposed a
computational framework based on a heterogeneous network for identifying new
drug targets and establishing new relationships among diseases by using
existing omics data to capture the relationships among diseases, drugs and drug
targets. The work suggested that using other types of omics data such as side
effect information of drugs, gene expression data, protein interaction data or
protein binding domain information may have the potential to provide great
insights to the complex relationships among drugs, targets, disease genes and
diseases at a system level. Another work [112] proposed a computational
approach for simultaneous predictions of potential target proteins and new
therapeutic indications. The method performed pathway enrichment analyses
and is based on cell-specific transcriptional similarity using compound-induced
gene expression data. Authors mentioned a limitation of the method that it cannot
distinguish whether predicted DTIs result in activation or inhibition. However, they
suggested that the integrative use of genetically perturbed gene expression data
(e.g., gene knockdown, gene overexpression) would be a promising approach to
improve the reliability of the method. Another work [137] performed a
comprehensive evaluation of various network topological measures and
introduced a new network measure called local radiality that combine information
about the drug-induced gene expression data and/or topological data of
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functional interaction networks in PPI for DTI identification. This new measure
describes the reachability of a target protein via the shortest paths to deregulated
genes; it computes a closeness, in terms of shortest paths, score for each protein
by employing network topological features and expression values of deregulated
genes by identifying the shortest paths in the PPI network between deregulated
genes and known targets. This is based on the hypothesis that a drug modulates
the activity of a target protein by alter its expression which subsequently
regulates down-stream proteins. Another similar DTI prediction approach
proposed by [51] is based on the gene expression similarities of compounds and
of proteins from drug-induced gene expression data. The finding of the method
implies that drug- induced gene expression profiles can provide characteristic
information that is different from the information provided by compound chemical
structures and protein amino acid sequences, and thus improves the predictive
performance. Another work [138] also integrates various types of data related to
drugs, targets and diseases into a heterogeneous network and proposed a
method called Heter-LP, to predict new interactions about drug-target, diseasetarget, and drug-disease, by utilizing both local and global features in a
heterogeneous drug-target-disease network by using label propagation technique
that it does not require negative interactions for training. Another work [139] also
combined ontology-based data representation, semantic reasoning and networkbased gene prioritization to predict new DTIs, by mining the relationships among
disease, drug, gene, pathway, and SNP data.
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The use of drug modes of actions (such as DTI relation types: activation,
inhibition, direct, and indirect) in the DTI prediction
Unfortunately, the above-mentioned approaches can predict only binary DTIs,
providing no additional information on their nature; i.e., information about
different types of DTIs has not been well exploited for DTI prediction purpose.
DTIs can be annotated with different drug modes of action, e.g. activation and
inhibition [47, 48, 64, 112]. To address this limitation, [49] proposed an algorithm
based on a two-layer graphical model, known as restricted Boltzmann machine,
which is capable of differentiating direct from indirect DTIs, as well as predicting
binding, activation, and inhibition types of connections.
The use of drug–target continuous binding affinities in the DTI prediction
All of the above DTI prediction methods perform binary classification of drug–
target pairs as binding or non-binding As pointed out in [69], drawbacks of
formulating DTI prediction problem as a binary task are that true-negative
interactions and untested drug–target (D-T) pairs are not differentiated, whereas
continuous values allow the distinction between true negatives and missing
values, and provide more information about the actual strength of the binding.
There are two recent methods proposed for predicting continuous D-T binding
affinity values [81]. The method proposed in [81], called SimBoost, outperformed
the method proposed in [69], called KronRLS. SimBoost constructs features
representing the properties for each drug, each target and each D-T pair. These
features represent the properties of drugs, targets and drug–target pairs,
respectively. From pairs with observed binding affinities, a gradient boosting
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machine model is used to learn the nonlinear relationships between the features
and the binding affinities. Authors in SimBoost noted that the most important
features are the average affinity of the drug and the target, as well as the latent
factors obtained from matrix factorization (MF). The average affinity of a
drug/target captures their typical binding behavior. While, MF in its simplest
formulation learns to predict DTI just from the given binding values without
incorporating similarity information for drugs and for targets. SimBoost also
proposed another version called Sim-BoostQuant, which computes the
confidence of the predictions generated by using quantile regression to learn a
prediction interval for a given D-T pair as a measure of the confidence of the
prediction, as emphasized in [140].
Deep learning for the DTI prediction
Recently, an emerging branch of machine learning known as deep learning (DL)
is gaining significant attention in prediction of DTI [132, 141]. DL reveals
interstice and automatic features of vertices of a large network that can be
adapted in existing methods to provide a flexible method of DTI prediction. IFor
example, a topology-based similarity measure for DTI prediction method is
proposed [46], based on DeepWalk, a deep learning method, over a
heterogeneous network generated from biomedical linked datasets. The method
implemented DeepWalk and used it as the topology-based similarity measures
for both DBSI and TBSI prediction models. This study also implemented other
commonly used topology-based similarity measures, such as Jaccard, Simpson,
Geometric, Cosine, Pearson correlation coefficient (PCC), Hypergeometric, line,
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simRank, and compared them with the topology-based DeepWalk. The results
showed that the type of similarity measure used in both prediction models us the
key factor for prediction, i.e., the prediction methods that are based on the
topology-based DeepWalk have better performance than when using other
topology-based similarity measures. The study also compared the topologybased DeepWalk to other similarity measures based on chemical structure and
genomic sequence, where they showed that the prediction models that are based
on the topology-based similarity measure outperformed the models based on
other similarity measures derived from chemical structure or genomic sequence.
Another example of the application of DL algorithms in predicting DTI that can be
used to interpret and understand the features extracted from chemical as well as
biological data is [78]. They proposed a method called (Deep Learning for
Compound-Protein Interactions prediction), which employs deep neural network
(DNN) to effectively learn the representations of compound-protein pairs. DL-CPI
predicts new DTIs by constructing a DNN model and extracting chemical and
protein features from D-T pairs as its input. Their experimental results show that
by appropriately optimizing the hyper-parameters of the model, the DL-CPI
method outperforms many state-of-the-art machine-learning algorithms, such as
support vector machine (SVM), logistic regression (LR), and random forests (RF)
classifiers, on both balanced and imbalanced data.
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2.10 Limitations of DTI prediction
Despite the good performance observed in existing proposed methods for DTI
prediction, most of them suffer the high false positive rate predictions [15]. This is
due to a number of difficulties summarized as follows:
First, the lack of structured benchmark standard datasets made it hard to
compare and evaluate the performance of computational methods. Second, the
known DTIs are relatively small, and this impact negatively the methodology of
developing computational methods where they are based on training data and,
hence, the models show inability of accurate prediction of new DTI for new
candidates of drug and target without any known DTIs. A drug is called new if it
does not have any known targets to interact with, and a target protein is called
new if it is not targeted by any known drugs. Third, the selection of negative
samples is difficult or even impossible because of the scarcity of experimentally
verified negative DTI exemplars. Fourth, most of existing methods performed
evaluation by preparing their own data sets and using different not standard
evaluation metrics rather than a standard benchmark and most commonly used
evaluation metrics that are applicable for the nature of DTI prediction task such
as sensitivity, specificity, AUC, and AUPR. Fifth, finding a practical application of
existing proposed theoretical computational models in areas of diseases or
related therapeutic is far from straightforward, due to some inevitable factors like
missing data, data bias and technical limitations of computational methods. For
example, known or predicted targets can be used as a bridge that connects drugtarget-disease and thus provides the important repurposing hypothesis from drug
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to indication. Sixth, since the number of experimentally verified DTIs used in
building and validation methods is relatively small, the number of negative
examples; i.e., unknown DTIs, dominate over the positive examples. This
situation known as “data imbalance” creates a challenge in accurately predicting
new DTIs, where it leads to high number of false negatives rate predictions.
Seventh, our knowledge about the chemical, genomic, and their interactome
spaces is far from comprehensive. In fact, there are many data types (i.e., drugsside effect, drugs-ATC code, drug-induced gene expression, disease and
pathway association with drugs and targets) that are useful to be used as
chemical and genomic descriptors but are still not available for all drugs and
targets of interests. In fact, this results in building a DTI computational prediction
method with lower data quality that may lead to inaccurate prediction. Eighth, the
current trend in DTI prediction is to predict new DTIs by utilizing multiple similarity
measures between drugs and between targets [8, 10, 22-28, 34, 39, 76].
However, recent studies in the context of DTI prediction task indicated that the
DTI prediction performance of different methods varies significantly and depends
heavily on the similarity types used. Thus, this requires a development of
computational methods that combine multiple similarity types with the aim to
improve prediction accuracy. Ninth, no efforts have been made to provide
standard guidance for managing and sharing data across different sources.

Possible solutions could be found for above-mentioned problems. For solving the
first problem, the curating of an updated DTI benchmark dataset is needed. For
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the second problem, inferring the interaction profiles, i.e., generating DTIs
training data for the new candidates, from the neighbors of new drugs or new
targets is feasible and effective solution. For the third problem, the random
selection of negative samples from unverified or unknown DTI can be a
reasonable solution. For the fourth problem, reporting sensitivity, specificity,
recall, precision and AUPR as evaluation is needed for the standard methods
performance evaluation. Regarding the fifth problem, considering other resources
of information such as diseases and pathways are needed for transformation of
theoretical computational models into practical use of repurposing the existing
drugs for the treatment of indications and related therapeutic areas. For the sixth
problem, there are technical strategies that can be applied to address this issue
including random/down/and over sampling, and balanced sampling [142].
However, the resulting balanced dataset doses do not reflect reliable situations of
drug discovery. For that, most of existing DTI prediction methods built by treating
all unknown DTIs are negative examples and try to adjust class weights of a
classifier such as RF to be inversely proportional to the number of class labels for
each class in the training data [69].

However, other works reviewed in [15]

proposed another solutions by treating all unknown DTIs as unlabeled, creating
negative samples, using class imbalance-aware ensemble learning technique, or
taking advantage of the negative DTIs reported in large repositories such as
PubChem. For the seventh problem, a review [66] suggested to integrate distinct
and complementary data related to drugs and targets space from different
sources to improve the accuracy of DTI prediction. For the eighth problem, there

61

is an efficient method published in [127] that combines multiple similarity
measures, where the resultant similarity captures the full spectrum of information
presented in each similarity measure.
Finally, there are few examples of efforts proposed that encouraged standard
communication and provide cross-links references such as the Findability,
accessibility, interoperability, and reusability (FAIR) principle [143] and UniChem
[144, 145]. These efforts provide a necessary basis for the prediction of novel
DTIs that aim to collect as much information as possible on small molecules,
proteins and their interactions across different data sources and representations.
2.11 Computational DTIs Validations
Although many methods have been proposed for computational DTI prediction, it
is unclear how useful such methods are in producing new repurposing
candidates’ hypotheses. Thus, proper ways of performing validation of
computational predictions are needed for assessing the quality and the general
ability of current proposed DTI prediction methods to make reasonable claims.
This is helpful to reach the ultimate goal of DTI prediction task that is to move
only few new associations into preclinical evaluation [6, 146]. There are different
strategies followed by current methods for the validation of new DTIs including
use cases based on systematic visualization by integrating other useful
information about diseases, pathway, side effects [10, 77, 147], experimental
assays [112], and the overlap of predictions with known approved DT available in
public databases and medical literature [6, 22, 34, 36].
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2.12 Computational DTIs Applications
Motivated by the benefits of DTI prediction in identifying novel target proteins of
existing drugs by reducing the time and cost of biological experiments, there are
several potential applications of such DTI prediction in disease or related
therapeutic areas. Examples of such important applications can be seen in areas
such as cancer, infectious, orphan or rare diseases [6]. A study in [148] designed
a network-based inference approach to infer potential drugs to treat mental
disorder schizophrenia (SCZ) as a use case. Their finding results demonstrated
that 264 potential SCZ drugs were successfully inferred that could be used to
treat SCZ.
2.13 Summary
In this chapter, we reviewed the recent progress in the field of DTI prediction
from data-centric and algorithm-centric perspectives including bioactivity
databases, drugs and protein descriptors, similarity measures between drugs
and between proteins, experimental prediction setup, performance evaluation,
evaluation metrics, state-of-the-art DTI prediction methods, validation strategies
of novel predicted DTIs, challenges and limitations of DTI prediction. The aim is
to provide a comprehensive review for identifying DTIs, which could help in
constructing reliable DTI methods. Despite the good performance observed in
existing proposed methods for DTI prediction, most of them suffer the high false
positive rate predictions. This is due to a number of difficulties that need to be
addressed as summarized in this chapter along with possible solutions.
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Chapter 3 DDR: Efficient computational method to predict drug–target
interactions using graph mining and machine learning approaches
3.1 Summary
Finding computationally drug-target interactions (DTIs) is a convenient strategy
to identify new DTIs at low cost with reasonable accuracy. However, the current
DTI prediction methods suffer the high false positive prediction rate. We
developed DDR, a novel method that improves the DTI prediction accuracy. DDR
is based on the use of a heterogeneous graph that contains known DTIs with
multiple similarities between drugs and multiple similarities between target
proteins. DDR applies non-linear similarity fusion method to combine different
similarities. Before fusion, DDR performs a pre-processing step where a subset
of similarities is selected in a heuristic process to obtain an optimized
combination of similarities. Then, DDR applies a random forest model using
different graph-based features extracted from the DTI heterogeneous graph.
Using five repeats of 10-fold cross-validation, three testing setups, and the
weighted average of AUPR scores, we show that DDR significantly reduces the
AUPR score error relative to the next best start-of-the-art method for predicting
DTIs by 34% when the drugs are new, by 23% when targets are new, and by
34% when the drugs and the targets are known but not all DTIs between them
are not known. Using independent sources of evidence, we verify as correct 22
out of the top 25 DDR novel predictions. This suggests that DDR can be used as
an efficient method to identify correct DTIs.
The data and code are provided at https://bitbucket.org/RSO24/ddr/.
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3.2 Background
In 2008, Yamanashi et al.

[70] developed a statistical method based on a

bipartite graph from the integration of chemical and genomic spaces to predict
four classes of drug’s target proteins. The dataset in [70] is considered as a
golden benchmark dataset, where the target proteins are in categories of
enzymes (E), ion channels (IC), G protein-coupled receptors (GPCR), and
nuclear receptors (NR). Later on, several methods are proposed and
demonstrated improved performance using this golden benchmark dataset. Such
prediction methods are based on graph inference [22, 29, 30, 32, 33, 102],
machine-learning algorithms [13, 26, 34-37, 39, 40], text mining [41], and
semantic linked data [42-44, 120]. Most of existing DTI prediction methods are
designed to handle different tasks of DTI prediction such as predicting new DTIs
for drugs and targets that have at least known DTI or predicting new DTIs for
new drugs or new targets [69]. A drug is called new if it does not have any known
targets to interact with, and a target protein is called new if it is not targeted by
any known drugs. Different recent methods utilized single type of drug-drug
similarity measure and protein-protein similarity measure. These methods
include: COSINE [35], and NRLMF [36]. COSINE is a statistical framework that is
specifically tailored to find protein targets for new chemicals with little to no
available interaction data. Another class of recent DTI predictions methods aims
to integrate information from different similarity measures. These methods
include KronRLS-MKL [45], BLM-NII [37] and DNILMF [34]. KronRLS-MKL
integrates several drug and target protein similarity measures by a linear function
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along with the DTI network topology for the identification of new DTIs. Their
findings demonstrate that utilizing different measures of similarity between drugs
and target proteins results in improved performance compared with other
methods that are based on using only single similarity for drugs and single
similarity for target proteins. BLM-NII infers the interaction profiles for new
candidates of drugs and target proteins from interaction profiles of neighbors with
strong similarities. This strategy shows its usefulness in enhancing the prediction
performance for predicting DTIs of new candidates of drugs and target proteins
that have no existing interactions or insufficient information in the training data.
DNILMF employs a nonlinear similarity fusion technique based on similarity
network fusion (SNF) method [127] to combine different similarity measures and
then use the final diffused or combined similarity for DTI predictions. According to
their model, the results based on the non-linear combination of similarity
measures show better performance than other competing methods. In fact, such
a prediction method that is based on non-linear integration technique of similarity
measures shows better performance than other methods based on the linearly
combined similarity measures [37, 45].
In this study, aiming to further improve the accuracy of DTI prediction, we
developed DDR, an efficient DTI prediction method that in a novel way
determines through a heuristic method an optimized combination of similarity
measures between drugs and between target proteins used in the prediction
model. To predict DTIs, DDR integrates information from different types of drugdrug and target-target similarity measures and then, it applies a random forest
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(RF) model using graph-based features. On different representative datasets and
under various test setups, and using different performance measure, we show
that DDR significantly outperforms the other state-of-the-arts methods by
dramatically reducing the error. Using independent sources of evidence, we
verified as correct 22 out of the top 25 DDR novel predictions. This suggests that
DDR can be used as an efficient method to identify correct DTIs.
3.3 Materials
3.3.1 Target Interaction Data
Five datasets were used to evaluate the performance of the proposed DDR
method in DTI prediction. Each dataset contains three types of information: 1) the
known DTIs for humans, 2) multiple drug similarity measures, and 3) multiple
target proteins similarity measures.
A frequently considered gold standard dataset (we name it Yamanishi_08) was
originally compiled by [70] and was used as a reference in many studies [22, 35,
37]. This dataset contains known DTIs as retrieved from KEGG BRITE [149],
BRENDA [150], SuperTarget [48], and DrugBank databases [151]. In
Yamanishi_08, the information on DTI is classified according to the target
proteins of drugs into the following four groups: 1) enzymes (E), 2) ion channels
(IC), 3) G-protein-coupled receptors (GPCR), and 4) nuclear receptors (NR).
Thus, Yamanishi_08 dataset is composed of the four datasets corresponding to
the classes of target proteins.
The fifth dataset is DrugBank_FDA, which is extracted from 5.0.3 version of
DrugBank database [151]. We only extracted DTI information of drugs approved
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by the FDA and single human target proteins; these proteins are not part of
protein complexes. Table 3.1 summarizes the statistics of these datasets. Note
that, the ratios of known (positive) vs. non-existing (not known, negative) DTIs in
all datasets are variable. This reflects practical situations where the number of
true DTIs is considered to be much smaller than that of non-interacting drugtargets.

Table 3.1 Summary of the five datasets (Yamanishi_08 and DrugBank_FDA) used in this study.
Datasets

Yamanishi_08

DrugBank_FDA

Target

Number

Number

Number

classes

of

of

of known DTIs

drugs

targets

NR

54

26

90

GPCR

223

95

635

IC

210

204

1,476

E

445

664

2,926

Multi-class

1,482

1,408

9,881

3.3.2 Similarity measures for drugs and for target proteins
We computed multiple similarity measures for drugs and for target proteins,
respectively, where all similarity values were normalized to the range [0, 1].
For the first four benchmark datasets from Yamanishi_08, the similarities
between drug pairs and between target protein pairs were calculated based on
information from different sources and from [45]. For drugs, distinct chemical
structure fingerprints, side-effects profiles, and the Gaussian interaction profile
(GIP), were considered as drug information sources for calculation of the drug
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similarities. On the other hand, the similarities of target proteins were calculated
based on various amino acid sequence profiles of proteins, as well as different
parameterizations of the Mismatch (MIS) and the Spectrum (SPEC) kernels,
target proteins functional annotation based on Gene Ontology (GO) terms,
proximity within the protein-protein interaction (PPI) network, and the GIP for
target proteins.
For the fifth benchmark dataset, DrugBank_FDA, we computed different similarity
measures between drugs based on: different types of molecular fingerprints, drug
interaction profile, drug side-effects profile, drug profile of the anatomical
therapeutic class (ATC) coding system, drug-induced gene expression profile,
drug disease profiles, drug pathways profiles, and GIP. Furthermore, different
target protein similarity measures were calculated based on protein amino acid
sequence, their GO annotations, and proximity in the PPI network, GIP, protein
domain profiles, and gene expression similarity profiles of protein encoding
genes. Chemical structures of drugs were extracted from DrugBank [151], while
the target protein sequences were extracted from UniProt/SWISS-PROT [152].
Thus, we only consider drugs that 1) have known interactions with at least one
target and 2) have valid structures files. Similarly, we only consider target
proteins that 1) have known interactions with at least one drug and 2) have valid
annotated

amino

acid

sequences

(i.e.,

sequences

that

reviewed

in

UniProt/SWISS-PROT and contain only the 20 standard amino acids
(http://www.fr33.net/aminoacids.php). Table S1 in Appendix shows the summary
of multiple similarity measures calculated for drugs and target proteins in the
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DrugBank_FDA dataset, as well as describing their importance, and tools used to
calculate them.
As a summary, all different similarity measures between drugs and between
target proteins for the first four datasets are recomputed/available and collected
from [45]. For DrugBank_FDA dataset, all different similarity measures between
drugs and between target proteins are calculated in this study, since there is no
available similarity measures data obtained for such dataset.

3.4 Methods
3.4.1 Problem description
We define a set of DTIs, which consists of a set of drugs D and a set of target
proteins T, where D = {di, i = 1, ..., m} and T = {tj, j = 1, ..., n}, in which m
represents the number of drugs and n represents the number of target proteins.
The interactions between D and T are represented as a binary matrix Y such that
if di interacts with tj, then yij = 1, if not then yij = 0. We also define the set of
similarity matrices between drugs in D as Ds, where similarity matrices have
dimensions of m x m; we define the set of similarity matrices between target
proteins in T as Ts, where similarity matrices have dimensions of n x n. Element
values in different similarity matrices represent how much are drugs or target
proteins similar to each other based on different measures. All elements in each
matrix have values in the range of [0, 1]. A similarity value close to 0 indicates
that two elements are not similar to each other while a similarity value close to 1
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represents the most similar elements. Given the matrix Y, and matrices in Ds and
Ts, our goal is to predict novel (i.e., unknown) interactions in Y.
3.4.2 Description of the DDR method
The heterogeneous DTI graph is a weighted graph that is constructed with m
nodes from the drug set and n nodes from the set of target proteins. The edge
between two drug nodes or two target protein nodes represents the similarity
between them and is weighted by the similarity value obtained from the similarity
fusion step. The edge between a drug and a target protein represents a known
DTI and is weighted by 1. A path structure of a path that starts at a D node and
ends up at a T node describes a subgraph that sequentially links drug and target
protein nodes. For example, a path Drug1-Drug2-Target1 connects the Drug1
node with the Target1 node through the similarity edge between Drug1 and Drug2
and via the interaction edge between Drug2 and Target1. The path structure of
this path is D-D-T. All paths with more than one edge and without loops, starting
at a D node and ending at a T node, and having the same path structure define a
path-category on the heterogeneous DTI graph.
DDR workflow (Figure 3.1) depicts several steps including: (1) Inferring
interaction profile for new drugs and for new target proteins. (2) Similarity
measure selection. (3) Similarity fusion. (4) Path-category-based features
extraction. (5) Building DTI prediction model using RF.
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Figure 3.1 Flowchart of DDR method. DDR consists of several steps including: (1) Similarity selection,
where a subset of similarity measures is selected in a heuristic process. (2) Similarity fusion, with the goal
to combine the selected similarity measures into one final composite similarity that combines information
from similarities determined in (1). (3) Path-category-based feature extraction, where the feature vector
corresponds to drug and target protein pairs, i.e., for (𝒅𝒊 , 𝒕𝒋 ) pair, features are determined as the vector
composed of the 12 (i,j) elements obtained by two graph-based scores, namely, n1(h,i,j) and n2(h,i,j) for
each specific path-category Ch , h = 1, 2, …, 6. (4) Building DTI prediction model using RF, where both
positive and negative data are provided; positive data contain known links between drugs and target
proteins and represent positive labels, while negative data contain unknown DTI links that are treated as
negative labels.

3.4.3 Inferring interaction profile
Inferring the DTIs profiles for new drugs and target proteins is used only with the
GIP similarity calculation. A drug is called new if it does not have any known
target protein to interact with, while a target protein is called new if it is not
targeted by any known drug. Since the GIP similarity is constructed based on
training DTI data only, the GIP similarity cannot be computed for drugs or target
proteins that do not have known DTIs in the training data. So, we enhance the
GIP similarity calculation by inferring interaction profiles for new drugs and for
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new target proteins, in cases where DTIs for drugs or for target proteins are
missing from the training data. This inference is made based on the interaction
profiles of such drugs or target proteins neighbors. Drugs (or target proteins) with
high similarities to a new drug (or a new target protein) are said to be the
neighbors of the drug (the target protein). This interaction profile inferring
technique is based on [37]. For example, the inferred value of interaction for a
new drug with a specific target protein is represented as the ratio of the sum of
similarity values for drug neighbors interacting with this target protein relative to
the total sum of all neighbors’ similarity values. For DDR, we subjectively set the
number of neighbors to 5.
3.4.5 Similarity selection: Selection of an optimized set of similarities
Combining all similarity types may introduce noise in the data as some
similarities have more information than others. In order to select a more robust
similarity set, we implement similarity selection procedure (Figure 3.2) that is able
to select a set of informative and less-redundant set of similarities for drugs and
for target proteins, separately. This is done through a heuristic process, where a
subset of similarity measures is selected forming an optimized (possibly the best)
combination of similarities for our problem.
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Figure 3.2 Flowchart of the similarity selection method. DDR selects a set of informative and lessredundant set of similarities between drugs or between protein targets, where c1 is a constant that controls
how much information each similarity carries; thus, c1 controls level of entropy to be selected; log(k)
represents the maximum entropy value. This process selects a set of informative less-redundant set of
similarities for drugs and for targets, separately.

To select set of informative similarities, our procedure goes as follows:
(1) Calculate the average entropy for each similarity matrix to determine how
much information each similarity carries. For a similarity matrix M (target-target
similarity or drug-drug similarity) of size k x k, where k represents the number of
drugs (or target proteins), with elements mi,j, we calculate entropy Ei for each row
i as:

𝐸! = −

!
!!! 𝑝!" log

𝑝!" =

(𝑝!" ), where

𝑚!"
!
!!! 𝑚!"
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After that, we average the entropy values of all matrix rows to get the final
average entropy value that describes how informative a similarity matrix is. (2)
Rank the matrices according to their average entropy values in ascending order.
The lower the average entropy value is the less random information the similarity
matrix carries. Then, remove similarity matrices with high average entropy that
contain more random information with average entropy value greater than
c1log(k), where c1 is a constant that controls how much information each similarity
carries; thus, c1 controls level of entropy to be selected; log(k) represents the
maximum entropy value. (3) Calculate the pairwise similarity measure between
similarity matrices from different data sources, based on the Euclidean distance,
as follows. To assess the information overlap between any two similarity
matrices, we constructed the pairwise similarity matrix between all similarity
measures based on Euclidean distance as follows: given two matrices for
similarity measures A and B, we reorganize each similarity matrix into vectors (VA
and VB) and then compute the Euclidean distance d as
!!

𝑑=

𝑉!! − 𝑉!!

!

!!!

We converted distance values to similarity Es as
𝐸! =

1
1+𝑑

(4) After obtaining a set of informative similarities matrices, the redundant
similarity matrices are removed as follows: the procedure starts with the similarity
measure matrix having the lowest average entropy value, and eliminates all other
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similarity measure matrices with Es value larger than a threshold c2. After that,
the procedure continues with the next similarity matrix in the ranked list until the
whole list of the similarity matrices is exhausted. At the end, the remaining list of
similarity measures is reported as the selected set with small redundancy of
informative similarity measures for drugs and target proteins. In this study, we
subjectively set c1 to 0.7 and c2 to 0.6. We applied this procedure to select the
set of informative less-redundant similarity measures of drugs and target
proteins, separately.
3.4.6 Similarity fusion
Given the selected subsets of similarity measures obtained previously for drugs
and for target proteins, respectively, the goal of the similarity fusion step is to
combine multiple similarity measures into one final composite similarity that
captures the necessary information from different similarities. Thus, given a set
of multiple similarity measures for drugs and for target proteins, respectively, we
computed the final fused similarity measure following the similarity network fusion
(SNF) method developed in [127]. We represent each similarity measure by k x k
similarity matrix M = (mi,j), where mi,j equals to the similarity value between di/dj or
ti/tj indicating how much they are similar.
The SNF combines multiple similarity measures into a single fused similarity by a
nonlinear method based on message-passing theory. It iteratively updates every
similarity network with information from the other networks, using K-nearest
neighbors, making it more similar to the others. The SNF method can capture
common as well as complementary information across different measures of

76

similarities. We applied the SNF method to integrate multiple drug-drug
similarities and target-target similarities, separately.
3.4.7 Path-category-based features
After obtaining the combined similarity for drugs and for target proteins,
respectively, we augmented the combined similarities with the known DTIs to
construct a heterogeneous DTI graph. Based on this heterogeneous graph, we
extracted 12 path-category-based features that we used to build a DTI prediction
model. In this study, we work with path-categories of lengths 2 and 3 (but not
longer, because of the computational cost). When we restrict paths to start at
drug nodes and end at target protein nodes, there are only two path-categories
with paths of length 2, having path structures (D-D-T) and (D-T-T), and four pathcategories with paths of length 3, having path structures (D-D-D-T), (D-D-T-T),
(D-T-D-T), and (D-T-T-T). Thus, we will consider these six path-categories
through which drug nodes could connect to target protein nodes. We define
matrices S1h and S2h associated with each path-category Ch , h = 1, 2, …, 6, that
we consider. To do this we start with a given drug di to reach a given target
protein tj through a specific path-category Ch. We restrict traversing the graph to
retrieve all paths passing only through the K-nearest neighbors of drugs to di and
only through the K-nearest neighbors of target proteins to tj. In this study, we
subjectively set the number K of nearest neighbors to 5. The set of such paths
we denote as Rijh. Next, for each path pq from Rijh we calculate an edge-weight
product value s obtained by multiplying all weights wx of edges of pq as follows:
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𝑠(ℎ, 𝑖, 𝑗, 𝑞) =

𝑤!
∀!! ∈ !! , !! ∈ !!"!

Using the s values calculated for all paths pq from Rijh, we calculate scores s1
and s2 as follows:
𝑠1(ℎ, 𝑖, 𝑗) =

𝑠(ℎ, 𝑖, 𝑗, 𝑞)
∀!:!! ∈ !!"!

Thus, for each path-category Ch, we obtained a matrix S1h with elements
s1(h,i,j). Also, for each path-category Ch, we obtained a matrix S2h with elements
s2(h,i,j) determined as:

𝑠2(ℎ, 𝑖, 𝑗) = 𝑚𝑎𝑥∀!:!! ∈ !!"! (𝑠(ℎ, 𝑖, 𝑗, 𝑞))

Finally, we normalized matrices S1h and S2h to adjust for the overall connectivity
of the network, where the elements of the normalized matrices are:
𝑛𝑟(ℎ, 𝑖, 𝑗) =

𝑠𝑟 ℎ, 𝑖, 𝑗
! 𝑠𝑟(ℎ, 𝑖, 𝑗)

where 𝑟 = 1 or 2. The normalized matrices are now N1h with elements n1(h,i,j)
and N2h with elements n2(h,i,j) calculated as shown above.
In total, DDR defines 12 different path-category-based matrices, namely N1h,
N2h, where h = 1, 2, …, 6, which contain feature values. These matrices have the
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same number of rows (corresponding to drugs) and the same number of columns
(corresponding to target proteins).
3.4.8 Random Forest classification model for DTI prediction
To predict DTI, DDR utilizes supervised machine learning model based on the
Random Forest (RF) classifier [153]. RF has been shown to be an effective tool
in prediction, as it runs efficiently on large datasets and is less prone to overfitting. We implemented the RF predictive model using scikit-learn [154]. The
inputs to the RF correspond to drug and target protein pairs, i.e., for the (𝑑! , 𝑡! )
pair, the feature vector is determined as the vector composed of the (i,j) elements
of matrices N1h and N2h. Since h = 1, 2, …, 6, these feature vectors contain 12
elements each. In order to learn from highly imbalanced data, in this study we
adjusted the RF class weights to be inversely proportional to the number of class
labels for each class in the training data. Two important parameters are set
when building the RF model: The number of trees in the forest (n_estimators)
was set to be in the range of [100,600] trees, and a function to measure the
quality of a split (criterion) where we used Gini index and entropy based
functions. To construct the prediction model, both positive and negative data are
provided as either known DTIs to represent positive labels or unknown DTIs that
are treated as negative labels.
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3.5 Results
3.5.1 Experimental setting and performance evaluation
To facilitate the comparison with other methods, we performed cross-validation
(CV) and hold-out type tests. First, we evaluated the performance of the DDR
method for DTI prediction using CV experiments obtained under three different
settings of prediction tasks as in [69]. The experiments were performed
separately for each dataset used in this study (the four gold standard datasets
from Yamanishi_08 and the DrugBank_FDA dataset). The three prediction
settings correspond to the cases when: (a) the drugs are new, (b) the target
proteins are new, and (c) the drugs and their target proteins are known but all
interactions between them are not necessarily known. Cases (a) and (b)
correspond to the situation when there are no DTIs in the training data for such
drugs or target proteins, while case (c) corresponds to the situation when there
are DTI in the training data for such drugs or target proteins. We name settings
(a), (b), and (c) as SD, ST, and SP, respectively.
For each dataset, a prediction model in each setting is built using a dataset of
positive and negative labels split into the training and testing sets. This procedure
is followed for each fold in 10-fold CV and the whole process is repeated 5 times,
each time with a different random seed used for random selection for the split
into training and testing sets. In each fold of the CV process, all interactions yij in
Y matrix that belong to the testing set in that fold are set to zero, i.e., they were
excluded from consideration. The resulting matrix with removed testing DTIs is
Ytrain. In each fold, the model learns interactions from Ytrain and then constructs
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the GIP similarity. Then, we select the best set of similarity measures (according
to DDR’s heuristic procedure). After that, we use all selected similarities
separately for drugs and separately for target proteins, to generate a fused
similarity matrix for drugs and a fused similarity matrix for target proteins. Based
on Ytrain and the two generated fused similarity matrices, we construct a
heterogeneous DTI graph, where we extract path-category-based features as
explained before, and score them using two graph-based scores. Finally, we train
the RF model on the training set for that fold until the best AUPR is obtained.
Then, using the trained model we predict and evaluate predictions on the testing
set for that fold.
Moreover, we performed the hold-out tests derived from 9,881 DTIs from
DrugBank_FDA dataset under the same SD, ST, and SP settings of prediction
tasks. In the hold-out test, we split the data into 80% for training and 20% for
testing.
For each prediction model, at each fold in case of CV, we considered the
following evaluation metrics: Based on the methods scores, we define true
positive (TP), false negative (FN), false positive (FP) and true negative (TN). We
calculate precision, recall, and specificity values as follows:
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =

𝑟𝑒𝑐𝑎𝑙𝑙 =

𝑇𝑃
𝑇𝑃 + 𝐹𝑃

𝑇𝑃
𝑇𝑃 + 𝐹𝑁
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𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =

𝑇𝑁
𝑇𝑁 + 𝐹𝑃

We construct precision-recall curve based on different precision and recall values
at different cut-offs. Also, we construct the area under the ROC curve (AUC) at
various threshold settings, based on different recall values, and false positive
rate (FPR) values, calculated as 1− specificity. Then, we calculate the AUPR and
AUC, where the values of AUPR and AUC, separately, over 5 repeats of 10-fold
CVs are averaged and reported as the measures of the model performance for
each dataset. As the positive and negative data in the datasets used in this study
are highly imbalanced, AUPR metric provides a better-quality estimate, since it
punishes more heavily the existence of FPs than is the case with AUC. Thus, in
this study, we mainly used AUPR values to evaluate the performance of the
methods, though we also reported the AUC values in Supplementary material
(Appendix).
As a summary, for the purpose of the fair comparison with the other methods, all
methods are subjected to the exactly same conditions of testing and the same
datasets ((a) the five trials of 10-fold CV and the same datasets, Yamanishi_08
and DrugBank_FDA dataset; and (b) the same hold-out test based on
DrugBank_FDA). We point out that all methods are evaluated using the same
data splits to avoid any type of unwanted bias. Also, we used only training data to
develop models.

82

3.5.2 Comparisons with the state-of-the-art algorithms
First, we compare our proposed DDR method with the following state-of-the-art
methods namely: COSINE [35], DNILMF [34], NRLMF [36], KRONRLS-MKL [45],
and BLM-NII [37] under the same conditions for all methods, i.e., under the three
prediction settings (SP, SD, and ST) and over five trials of 10-fold CV based on
Yamanishi_08 and DrugBank_FDA datasets.

Figure 3.3 Comparison results of DDR with other state of the art methods. Results (in terms of AUPR
scores) of DDR with the five state of the art methods (DNILMF, NRLMF, KRONRLS-MKL, COSINE, BLMNII) using 5-repeats of 10-fold CV. Results are obtained under three prediction tasks (SP, SD, ST) over all
datasets (NR, GPCR, IC, E, DrugBank_FDA) used in this study. The results for DNILMF, NRLMF,
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KRONRLS-MKL, COSINE, and BLM-NII are obtained using the best parameters reported in the respective
publications.

We show that DDR, using 5-repeats of 10-fold CV, achieves higher AUPR values
compared to the other methods (Figure 3.3). In terms of AUPR, over the five
different datasets, DDR, DNILMF, NRLMF, KRONRLS-MKL, COSINE, and BLMNII achieved weighted average of AUPR score under the three different
prediction tasks settings as (SP: 71%, SD: 53%, ST: 52%), (SP: 56%, SD: 26%, ST:
37%), (SP: 50%, SD: 29%, ST: 39%), (SP: 52%, SD: 20%, ST: 17%), (SD: 14%),
and (SP: 35%, SD: 14%, ST: 25%), respectively. The weighted average of AUPR
is calculated for each of the three settings as

!
!!!

𝐴𝑈𝑃𝑅! ⋅ 𝑁𝑆!
𝑇𝑆

where 5 is the number of datasets used in this study, TS = total number of
samples in all datasets, and NSi = number of samples in i-th dataset.
It should be noted that the COSINE method is specifically tailored for the SD
setting to find target proteins of new drugs with little to no available interaction
data; thus, only its results for the SD setting are shown. Also, we show that DDR,
using 5-repeats of 10-fold CV, achieves higher AUC values compared to the
other methods under three prediction tasks and over the five different datasets
(Table S2, Appendix). Thus, in terms of AUC, over the five different datasets,
DDR, DNILMF, NRLMF, KRONRLS-MKL, COSINE, and BLM-NII achieved
weighted average of AUC score under the three different prediction tasks
settings as (SP: 96%, SD: 90%, ST: 89%), (SP: 95%, SD: 87%, ST: 85%), (SP:
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94%, SD: 85%, ST: 84%), (SP: 89%, SD: 77%, ST: 83%), (SD: 79%), and (SP: 91%,
SD: 73%, ST: 80%), respectively.
To show more clearly the accuracy improvement by DDR, we define the AUPR
score error E as
E = 1-AUPR

while the relative reduction of the AUPR score error of method 1 relative to
method 2 we defined as
∆E = (E2 – E1)/E2

where E1 and E2 are determined for method 1 and method 2, respectively. Based
on individual AUPR values reported from 5-repeats of 10-fold CV experiments,
we also calculated the relative reduction of the AUPR error obtained by DDR
relative to the next best method across all different testing settings for each
dataset. When predicting unknown DTI pairs, as in the SP setting, DDR
significantly reduces AUPR error relative to the next best method by 39%, 30%,
38%, 27% and 33% for NR, GPCR, IC, E, and DrugBank_FDA datasets,
respectively. For predicting DTIs for new drugs (SD setting), DDR significantly
reduces AUPR error relative to the next best method by 36%, 38%, 51%, 58%
and 22%, for NR, GPCR, IC, E and DrugBank_FDA datasets, respectively.
Finally, for predicting new target proteins (ST setting), DDR significantly reduces
AUPR error relative to the next best method by 25%, 11%, 49%, 25%, and 21%,
for NR, GPCR, IC, E and DrugBank_FDA dataset, respectively. As a result, we
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demonstrate that DDR, reported from 5-repeats of 10-fold CV experiments,
achieves significantly more accurate results than the other methods by achieving
higher rank (Table S3, Appendix) on different datasets and in all three settings.
We also demonstrated that DDR performs significantly better than the other
existing methods when known DTIs are missing in the training data. This shows
practical assessments of the predictive power of DDR for real scenarios of DTI
prediction, as in finding target proteins for new drugs (SD setting) with no
available information about interactions and predicting drugs for new target
proteins (ST setting) (Table S2, Appendix).
Moreover, we demonstrated that on weighted average over five datasets,
reported from 5-repeats of 10-fold CV experiments, DDR reduces the AUPR
score error relative to the next best method by 34% for predicting DTIs as in
setting (SP), by 34% for predicting DTIs as in setting (SD), and by 23% for
predicting DTIs as in setting (ST). This demonstrates that DDR significantly
reduces the AUPR score error compared to the other start-of-the-art methods.
In general, based on our prediction results (Figure 3.3), we observe that the
results with the prediction model built for each specific class of target proteins
(i.e., NR, GPCR, IC, E) are better than the results obtained by building a general
model for multiple different target protein classes as in the case of
DrugBank_FDA data. This is because each class of target proteins (NR, IC,
GPCR, E) has its common characteristics that make them different from other
classes. Thus, it is reasonable to expect that the well-designed and trained DTI
predictor will capture some of these characteristics. In this way, the DTI

86

prediction models will also be more specific and tuned to the target protein class
for which they were developed and less tuned for the other target protein
classes. Our results obtained for predicting DTIs using DrugBank_FDA data
confirmed that even in this case DDR significantly outperformed all other state-ofthe-art methods used in the comparison.
We also performed test on hold-out data using DrugBank_FDA dataset. These
tests show that DDR achieves higher AUPR and AUC values compared to the
other methods under the three prediction settings (Table S4, Appendix). We
demonstrate that based on AUPR values, reported from hold-out tests, the
reduction of the AUPR error for DDR relative to the next best method across all
different testing settings for DrugBank_FDA dataset are 44% in the SP setting,
51% in the SD setting, and 29% in the ST setting.
3.5.3 Effect of similarity measures on the DDR performance
Similarity between drugs or target proteins plays the most crucial role when trying
to predict DTIs for new drugs or new target proteins. Different similarity measures
describe data instances differently. Several studies have highlighted the
importance of selecting the proper similarity and integrating several similarity
types to capture complementary information from several sources [34, 45]. The
proof is the improved accuracy of DTI predictions over single adopted similarity
(one for target proteins, one for drugs) and this is why the combining multiple
types of similarities is important. We demonstrated that a suitable combination of
few similarity measures results in higher accuracy of DTI predictions than when
many or all similarity measures are used. Thus, the improvements DDR provide
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compared to the current combination strategies are that: (i) it applies non-linear
similarity fusion method to combine different similarities; (ii) it can handle any
number of provided similarities; and (iii) it provides a systematic framework to
select the most relevant non-redundant similarities. In addition, combining
multiple similarity measures into one combined similarity reduces the time
complexity and data dimensionality needed by the DDR method compared to the
case of building a classification model with multiple features, where each feature
is based on scoring a path from a drug to a target protein through each single
similarity measure between drugs and each single similarity measure between
target proteins.
Thus, our aim is to combine multiple similarity measures into one final composite
similarity that captures the necessary information from different similarities
between drugs as well as from different similarities between target proteins.
Regarding this, we show that DDR achieves higher AUPR values compared to
the other methods (Figure 3.3). We also compared the DDR performance when
combining all similarity measures we used in this study, with the case of
combining only the similarity measures we selected in a heuristic process. We
observed that the performance of DDR when combining only selected similarities
is better than when combining all similarities (Table S5, Appendix).
When we examined the selected similarities over the four datasets in
Yamanishi_08, we observed that DDR consistently selects a similar set of
similarity measures for drugs and for target proteins (Table S6, Appendix). For
the selected similarity of drugs, we observe that the selected similarities are
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related to network interaction profiles and drug side-effects. It has been
highlighted before that the side-effect-based similarity improves the prediction of
DTIs, where the assumption is that drugs with similar target protein binding
profiles tend to cause similar side-effects, implying a direct correlation between
target protein binding and side-effect similarity [8, 100]. It has also been shown
that the interaction profiling is an effective tool that can be used for accurate
prediction of DTIs [39]; the assumption is that two drugs that interact in a similar
way with the target proteins in a known DTI network, will also interact in a similar
way with new target proteins. For selected similarities of target proteins, we
observe that these similarities are constructed based on a specific characteristic
of amino acids sequence and closeness in PPI network that have been
highlighted before in different benchmarking studies of target protein descriptors
to result in a good performance for DTI prediction [16, 45, 85].
For the DrugBank_FDA dataset (Table S6, Appendix), DDR selected a set of
similarity measures for drugs and for target proteins, separately. We note that the
information included in different data sources used to calculate the similarity
measures between drugs and between target proteins have highly influenced the
prediction performance for drugs interacting with multi-class target proteins (i.e.,
NR, GPCR, etc.). For similarity measures of drugs and target proteins that have
been selected in the sequential heuristic process, we observe that these
similarities are related to network interaction profiles [39] and other genome-wide
global characteristics of drugs and of target proteins such as drug-diseases
profiles and drug-pathways profiles between drugs, drug-induced gene

89

expression profiles of drugs, profiles of drug ATC-codes associations, profiles of
GO terms of target proteins, and profiles of pathways of target proteins. Using
such types of similarities in DTI prediction in numerous studies proved to be
effective in describing each drug and target protein in different datasets [8, 39,
87, 101, 102, 105, 109-112].

3.5.4 Prediction and validation of novel (unknown) DTIs
To evaluate the utility of DDR, we used it to predict novel DTIs (i.e., those that
are not known to be true DTIs) in each of the five datasets, separately. For
prediction of novel interactions, we build the predictive model for each dataset
used in this study, in which the model is trained using all known interactions
(positive labels) in all data folds of CV, and the negative labels are split into train
and test sets as in a CV setup. As a result, all unknown DTI (negative labels) are
predicted and the top 5 ranked interactions for each dataset are validated. To
verify these novel predictions, we considered several reference databases that
contain information obtained from curated/experimental/published results on
small molecule-protein interactions. Thus, we searched DrugBank [151], KEGG
[149], ChEMBL [155], Matador [48], CTD [58], T3DB ([156] and the biomedical
literature to find supporting evidences.
In summary, we evaluated the accuracy of 25 novel DTIs predicted by our
method using four datasets of Yamanashi_08 and DrugBank_FDA dataset and
confirmed 22 of these novel DTIs as supported by other existing evidence (Table
3.2).
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Table 3.2 Top ranked 25 novel DTIs predicted by DDR. Most of the top novel interactions (highest
prediction score) are confirmed as supported by other existing evidences (public databases or literature)
where the following annotation is used to demarcate the source of confirmatory information: C: ChEMBL,
CCTD: Comparative Toxicogenomics Database, DB: DrugBank, M: MATADOR, K: KEGG, PMID: PubMed,
PC:PubChem Compound.
Drug

Taregt

Target

Validation

name

protein ID

protein name

source

Drug ID

Evidence
Dataset: NR
CTD:
D015474,

D00348

Isotretinoin

hsa6256

RXRA

CTD
CTD:
6256
C:
1166117,
C:

D00585

Mifepristone

hsa2099

C and

206,

PMID

C:

ESR1
1276308,
PMID:
20046055
CTD:
D002996,

D00962

Clomiphene citrate

hsa5241

PGR

CTD
CTD:
5241
T3DB:

D00182

Norethindrone

hsa2099

T3DB and

T3D4745,

PMID

PMID:

ESR1
23611293

D00951

Medroxyprogestero
ne acetate

hsa2099

ESR1

DB

DB: DB00603
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Dataset: GPCR

D00049

Niacin

hsa8843

HCAR3

DB

DB: DB00627

CTD:
CTD
D02910

Amiodarone

hsa154

D000638,

ADRB2
CTD:
154

D02340

Loxapine

hsa1812

DRD1

DB

DB: DB00408

D00726

Metoclopramide

hsa1129

CHRM2

M

M: PC4168

hsa3351

HTR1B

DB

Naratriptan
D00674

DB:

hydrochloride

DB00952
Dataset: IC
PMID:

D02356

Verapamil

hsa6833

ABCC8

PMID
21098040

D03365

Nicotine

hsa1137

CHRNA4

DB

DB: DB00184

D00538

Zonisamide

hsa6331

SCN5A

DB

DB: DB00909

hsa8645

KCNK5

none

none

Proparacaine
D02098
hydrochloride
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D00775

Riluzole

hsa2898

GRIK2

none

none

Dataset: E
DB: DB00553
DB and
D00139

Methoxsalen

hsa1543

CYP1A1

PMID:
PMID
15670584

D00437

Nifedipine

hsa1559

CYP2C9

DB

DB: DB01115

CTD:
D008797,
D00410

Metyrapone

hsa1583

CYP11A1

CTD
CTD:
1583

D00574

Aminoglutethimide

hsa1589

CYP21A2

M

M: PC2145

D00542

Halothane

hsa1571

CYP2E1

M

M: PC3562

Dataset: DrugBank_FDA

DB01589

Quazepam

P47870

GABRB2

K

K: D00457

DB00825

Menthol

P35372

OPRM1

none

none

DB00147

Pyridoxal

P04798

CYP1A1

PMID

PMID:
19637937
CTD:
DB01544

Flunitrazepam

P14867

GABRA1

CTD and

D005445, K:

K

D01230

93

CTD:
C111237,
CTD:
DB02546

Vorinostat

P56524

CTD and

9759

C

C:

HDAC4
98,
C:
3524

Furthermore, to demonstrate that the predictions by DDR are not random, we
additionally performed the label permutation tests to ensure that the top 5 DTI
predictions by DDR in each dataset are not predicted by chance. To do so, we
performed the following: we randomly shuffled the network labels (known and
unknown) 100 times to produce different 100 random networks. Then, we
performed SP DTI prediction setup on each network. For each dataset and for
each novel DTI in the top 5 DTIs based on that dataset, we calculated p-value as
the percentage of a given novel DTI being ranked in the top 5 DTIs in the 100
random networks. We demonstrated that all predicted novel DTIs have significant
p-values <0.05 (Table S7, Appendix). Thus, in addition to having DDR novel DTI
prediction validated based on other sources, results from the label permutation
tests also confirm the reliability of DDR novel DTI predictions.
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3.6 Time Complexity
Here we show the time complexity (Table 3.3) of the workflow of DDR method
that depicts the following steps: (1) Inferring interaction profile for new drugs and
for new target proteins. (2) Similarity selection. (3) Similarity fusion. (4) Graphbased features extraction. (5) Building DTI prediction model using RF.
Table 3.3 Time complexity description of DDR method.

Method step
Inferring interaction profiles for new drugs and for
new target proteins

Time complexity
Ο 𝑁𝑙𝑜𝑔𝑁
where
𝑁 = 𝑚 number of drugs or 𝑛 number of targets
For each new drug di we need to perform:
1. Ο 𝑚 𝑙𝑜𝑔𝑚 to sort drug similarities between
di and other drugs to find K-nearest
neighbors drugs
2. Ο 𝑛 ∗ 𝐾 to calculate the interaction profiles
of di for all targets n using the K-nearest
neighbors drugs.
Similarly, to infer interaction profiles for new target tj,
we need to perform Ο 𝑛 𝑙𝑜𝑔𝑛 + Ο 𝑚 ∗ 𝐾

Similarity selection

Ο 𝑅 ! , where R represents the number of similarity
measures types.
1. Obtain more informative set of similarities:
For each similarity matrix M of size k x k, where k
represents the number of drugs (or target proteins):
•
Calculate entropy Ei for each row i as
𝐸! = − !!!! 𝑝!" log (𝑝!" ) Ο 𝑘
where
𝑚!"
𝑝!" = !
!!! 𝑚!"
•
Average values of Entropy values for
all rows Ο 𝑘
•
Rank average Entropy values of all
similarity matrices R, and remove
similarities with higher Entropy values
Ο(𝑅𝑙𝑜𝑔𝑅)
2. Obtain less redundant set of similarities:

•

Similarity fusion

Ο 𝑁!

Construct
pair-wise
Euclidean-based
similarity for similarities obtained from (1)
Ο 𝑅!
i) Start with the similarity with the lowest
average Entropy value and remove
other similarity that have 𝐸! value > 0.7
Ο 𝑅
ii) Repeat step (i) with the similarity that
ranked 2nd based on the average
Entropy value, and so on.
as it is described in [127].
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Graph-based features extraction

- For all drug-target pairs, 12 scores are calculated;
where each score is based on specific path-category
Ch, h=1,..,6, [Ch=1:(D-D-T), Ch=2:(D-T-T), Ch=3:(D-DD-T), Ch=4:(D-D-T-T), Ch=5: (D-T-D-T), and Ch=6: (DT-T-T)] and is calculated using s1 or s2 scores.
- Considering calculating scores for all drug-target
pairs, worst case happens when the heterogonous
DTI graph is fully connected.
- Assuming that information about DTIs is stored in Y
matrix, drug-drug similarity is stored in Dsim matrix,
and target-target similarity is stored in Tsim matrix.
-We need to perform:
•
Ο 𝑚! ∗ 𝑛 , where m = number of drugs and
n= number of targets, for multiplying Dsim
and Y matrices to get S1h=1 matrix. Also, at
the same time, we can get S2h=1 matrix by
getting the maximum values of dot-product
of two vectors from Dsim and Y matrices.
•
Ο 𝑛! ∗ 𝑚 for multiplying Y and Tsim
matrices to get S1h=2 matrix. Also, at the
same time, we can get S2h=2 matrix by
getting the maximum values of dot-product
of two vectors from Y and Tsim matrices.
•
Ο 𝑚! ∗ 𝑛 + Ο 𝑚! ∗ 𝑛 = Ο 𝑚! ∗ 𝑛
for
multiplying Dsim and S1h=1 matrices to get
S1h=3 matrix. Also, at the same time, we
can get S2h=3 matrix by getting the
maximum values of dot-product of two
vectors from Dsim and S1h=1 matrices.
•
Ο 𝑛! ∗ 𝑚 + Ο 𝑛! ∗ 𝑚 =
Ο 𝑛! ∗ 𝑚 for
multiplying S1h=2 and Tsim matrices to get
S1h=4 matrix. Also, at the same time, we
can get S2h=4 matrix by getting the
maximum values of dot-product of two
vectors from S1h=2 and Tsim matrices.
•
Ο 𝑛𝑚! + Ο 𝑚! ∗ 𝑛 + Ο 𝑛! ∗ 𝑚
for
transposing Y matrix, then multiplying Dsim
and S1h=2 matrices to get S1h=5 matrix.
Also, at the same time, we can get S2h=5
matrix by getting the maximum values of
dot-product of two vectors from Dsim and
S1h=2 matrices.
•
Ο 𝑚! ∗ 𝑛 + Ο 𝑛! ∗ 𝑚 for multiplying Dsim
and S1h=2 matrices to get S1h=6 matrix.
Also, at the same time, we can get S2h=6
matrix by getting the maximum values of
dot-product of two vectors from Dsim and
S1h=2 matrices.
Then, to normalize each matrix of matrices S1h=1 to
S1h=6 and S2h=1 to S2h=6, we need to perform
Ο(𝑚 ∗ 𝑛) to get each matrix of matrices N1h=1 to
N1h=6 and N2h=1 to N2h=6

Building DTI prediction model using RF

Ο 𝑡 𝑙𝑜𝑔𝑑 , where t represents the number of trees
and d the depth of each tree.
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3.7 Discussion
This study introduces a novel DTI prediction method, DDR, which utilizes a
heterogeneous drug-target graph that contains information about various
similarities between drugs and similarities between proteins as drug targets. On
different representative datasets, under various test setups, and using AUPR and
AUC as the performance measures, we show that DDR clearly outperforms the
other state-of-the-art methods we used in the comparison. For these we used CV
and hold-out tests. DDR achieves notably higher AUPR values compared to
other methods, thus significantly reducing the AUPR score error relative to the
next best method.
Moreover, on different datasets and in all three task settings we demonstrate that
DDR produces significantly more accurate results than the other methods by
achieving higher rank, based on AUPR values. We also demonstrated that DDR
performs significantly better than the other existing methods when known DTIs
are missing in the training data. This shows practical assessments of the
predictive power of DDR for real scenarios of DTI prediction, as in finding target
proteins for new drugs (SD setting) with no available information about
interactions and predicting drugs for target proteins that are new (ST setting).
When we compared DDR performance in case of combining all similarity
measures we used in this study with the case of combining only the similarity
measures we selected through our heuristic method, we observed that the
performance of DDR with selected similarities is better than when combining all
similarities.
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We observed that the best second method in predicting DTI as in SP setting,
based on the weighted average of AUPR results over the five different datasets
is the DNILMF method. This is due to the method followed by DNILMF in
employing the nonlinear combination technique of multiple similarity measures
for drugs and for target proteins, as well as smoothing the predictions of new
drugs and new target proteins by incorporating neighbor information based on
the assumption that similar drugs (or target proteins) may contribute to the
accuracy of the predictions for their neighbors. On the other hand, in predicting
DTIs in both settings of SD and ST, we observed that the second best method,
based on the weighted average of AUPR results over the five different datasets,
is the NRLMF method. This is due to the methodology followed by the NRLMF
method in incorporating neighborhood information from most similar drugs and
target proteins. Finally, we evaluated the accuracy of 25 novel DTIs predicted by
our method and confirmed 22 of these novel DTIs as supported by other existing
evidences. Thus, DDR proved its practical utility by validating predictions of novel
DTIs over different datasets, suggesting that DDR can be used as an efficient
method to identify correct DTIs.
As the current implementation of DDR handles only binary DTI data with the goal
of classifying a given DTI as binding (label=1) or non-binding (label=0), in future,
we plan to extend the functionality of DDR to handle continuous DTI data (i.e.,
continuous values of binding affinities of drugs and target proteins) [81].
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Chapter 4 DDR-FE: Novel computational method to predict effect types of
drug–target interaction
4.1 Summary
Current computational methods for prediction of DTIs can only (with the
exception of one method) predict if a drug interacts with its potential target.
However, they do not predict the type of effect of such interaction. Drugs can
modulate target activity, in which they can activate or inhibit the expression of a
specific target. Utilizing the information of DTIs effects is useful to understand the
basis of the molecular mechanisms of drug effect on targets. Thus, there is a
need to develop methods to predict accurate type of effects that DTIs exert.
In this chapter, we developed DDR-FunctionalEffect (DDR-FE), a novel method
to provide accurate predictions of types of effect of DTIs. DDR-FE is based on
the use of a heterogeneous graph that contains known DTIs annotated with
effect types, multiple similarities between drugs and multiple similarities between
target proteins. DDR-FE performs similarity selection and fusion methods as
implemented in Chapter 3. To predict the effect types of DTIs, DDR-FE
implements a novel graph-based scoring method that classifies DTIs into
activation or inhibition. We benchmarked the prediction performance of DDR-FE
using effect types of DTIs extracted from DrugBank and STITCH databases
utilizing three different prediction settings. Using five repeats of 10-fold CV, we
report weighted average AUROC of 0.94, 0.91, and 0.93 for settings SP, SD and
ST, respectively.
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4.2 Background
Current state-of-the-art computational methods for DTI prediction have achieved
promising results. However, these methods can only provide information about
the possibility of interaction between a specific drug and a specific target, i.e.,
predict whether the drug interacts with the target [15].However, predicting correct
DTIs does not provide information about the mechanisms of actions through
which drugs affect targets. Generally, individual DTIs can be annotated with
different types of effects such as activation or inhibition [47], where these types of
effects might be caused through different mechanisms achieved through direct
interactions (i.g., binding) or indirect interactions (i.g., changes in gene
expression) [48]. Different types of actions that represent the functional effects of
DTIs have not been well studied. Only one method [49] deals with the prediction
of types of effects of DTIs. However, in [49], for each given protein target, the
model is built to predict the types of effects of DTIs. In this way, the similarities
between target proteins or between drugs are not exploited, that limits its
applicability in predicting the type of effects of DTIs for a new target or a new
drug. On the other hand, this makes space for developing computational
methods that provide prediction of effect types of DTIs, by utilizing information
related to drugs, target proteins, similarities such as drug-drug similarities and
target-target similarities, and DTIs annotated with their effects on targets.
In this chapter, we developed DDR-FE method that predicts types of effects
caused by known DTIs. To predict the type of effect of known DTIs, DDR-FE
constructs a heterogeneous DTI graph that integrates information from different
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types of drug-drug and target-target similarities with the known DTIs that are
annotated with target activation and inhibition. Based on this heterogeneous
graph, DDR-FE calculates graph-based scores that are used to derive final
prediction score to classify effect on target (either activation or inhibition) caused
by known DTIs. On different representative datasets, under various test setups,
and using different performance measure, we show that DDR-FE achieves
extremely good performance. Using additional blind test dataset from DrugBank
database, we verified as correct 2,300 out of 3,076 DTIs effects predicted by
DDR-FE. This suggests that DDR-FE can be used as an efficient method to
identify correct effects of a drug on its target; i.e., predict types of actions of DTIs.
4.3 Materials
4.3.1 Data with types of effects of DTIs
Two datasets are used to evaluate the performance of the DDR-FE method in
this study for prediction of DTI effects. The first dataset was compiled from
DrugBank database (version 4.3) [52] and obtained from [157]. The dataset
named Dataset_DB contains known DTIs annotated with activation type or
inhibition type. For this dataset, we only extracted known DTIs of drugs approved
by the FDA and having single human target protein and where these proteins are
not part of protein complexes. The second dataset is compiled from the STITCH
database (version 5.0), and we name it Dataset_ST. It contains known DTIs
annotated with activation type or inhibition type, and which have confidence
score >700, in which the score of interactions coming from experimental source
or database source > 700.
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Moreover, we compiled another dataset that will be used later for blind testing
purpose. We named this validation dataset Dataset_DB_Validation and it is
created from a newer version of DrugBank database (version 5.0.7) [52]. This
dataset contains known DTIs annotated with activation or inhibition effect type, in
which DTIs in this dataset do not overlap with DTIs in Dataset_DB. It is noted
that when browsing DrugBank database, there are different possible types of
effects of a drug on its targets such as agonist, antagonist, potentiator, blocker,
inducer, suppressor, and so on. However, in the process of compilation the
validation dataset, we use the same classification of different effect types into
activation and inhibition as adopted by [157].
Each of the three datasets contains three types of information: 1) the known DTIs
for humans; each known DTI is annotated with one type of effects (either
activation or inhibition) on the target protein; we removed all known DTIs that are
annotated with activation and inhibition types of effect at the same time; 2)
multiple drug-drug similarity measures; and 3) multiple target proteins-target
proteins similarity measures generated from different data sources. Table 4.1
summarizes the statistics of these datasets.

Table 4.1 Summary of the statistics of datasets used in this study.
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Dataset

number

number

number

number

number

of drugs

of

of DTIs

of DTIs

of DTIs

targets

with

with

with

activation

inhibition

activation

type

type

or
inhibition
types

Dataset_DB

1015

488

903

1344

2247

Dataset_ST

3776

1872

3258

8094

11352

Dataset_DB_Validation

916

502

782

2294

3076

4.3.2 Chemical structures and target protein sequences
For datasets compiled from DrugBank database, chemical structures (in terms of
sdf and smi file formats) of FDA approved drugs were extracted from DrugBank
[52], while the protein sequences were extracted from UniProt/Swiss-Prot [152].
For datasets compiled from STITCH database, chemical structures (sdf file
format) of drugs were extracted from PubChem [52], while the protein sequences
were extracted from UniProt/Swiss-Prot [152].
4.3.3 Similarity measures for drugs and for target proteins
We computed multiple similarity measures for drugs and for target proteins,
respectively, where all similarity values were normalized to the range [0, 1].
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For all compiled datasets used in this study, we computed different similarity
measures between drugs and between target proteins (Table S8, Appendix).
4.4 Method
4.4.1 Problem description
We formalize the problem of predicting the types of effects of DTIs as an edge
label prediction task on a heterogeneous graph. Basically, we define a set R that
consists of known labeled DTIs that are annotated with effect types and known
unlabeled DTIs that are not annotated with effect types. From DTIs in R, we
define a set of drugs D and a set of target proteins T, where D = {di, i = 1, ..., m}
and T = {tj , j = 1, ..., n}, in which m represents the number of drugs and n
represents the number of target proteins. We also define the set of similarity
matrices between drugs in D as Ds, where similarity matrices have dimensions of
m x m; we define the set of similarity matrices between target proteins in T as Ts,
where similarity matrices have dimensions of n x n. Element values in different
similarity matrices suggest how much are drugs or target proteins similar to each
other. All elements in each matrix have values in the range of [0, 1]. Next, we
define the edge label prediction as following, given R, Ds, Ts, we construct a
heterogeneous DTI graph using labeled and unlabeled links of DTIs in R, links of
similarities between drugs in Ds and links of similarities between targets in Ts,
and then our goal is to predict effect types of unlabeled DTIs links (i.e., edges
that are not annotated with type of effects) with highest possible accuracy.
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4.4.2 Description of the DDR-FE method
The heterogeneous DTI graph is a weighted graph that is constructed with m
nodes from the drug set and n nodes from the set of target proteins. The edge
between two drug nodes or two target protein nodes represents the similarity
between them and is weighted by the similarity values. The edge between a drug
and a target protein represents a known DTI and is weighted by 1; it is either
labeled with the type of effect or unlabeled. A path structure of a path that starts
at a D (or T) node and ends up at a T (or D) node describes a subgraph that
sequentially links drug node and target protein node. For example, a path Drug1Drug2-activate-Target1 connects the Drug1 node with the Target1 node through
the similarity edge between Drug1 and Drug2 and via the interaction edge
between Drug2 and Target1 that is annotated with activation type of effect. The
path structure of this path is D-D-activate-T. All paths without loops, starting at a
D (or T) node and ending at a T (or D) node, and having the same path structure
define a path-category on the heterogeneous DTI graph.
The DDR-FE workflow (Figure 4.1) depicts several steps including: (1) Similarity
selection: selection of an optimized set of similarities between drugs and
between targets, separately; (2) Similarity fusion; (3) Calculating path-categorybased scores on the DTI heterogeneous graph to predict type of effects of DTIs.
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Figure 4.1 Flowchart of DDR-FE method. DDR-FE consists of several steps including: (1) Similarity
selection, where a subset of similarity measures is selected in a heuristic process. (2) Similarity fusion, with
the goal to combine the selected similarity measures into one final composite similarity that combines
information from similarities determined in (1). (3) Calculating path-category-based scores on the DTI
heterogeneous graph to predict type of effects of DTIs.

4.4.2.1 Similarity selection: selection of an optimized set of similarities
Combining all similarity measures may introduce noise in the data as some
similarities have more information than others. In order to select a more robust
similarity set, we used our implementation of the similarity selection method
(Chapter 3) that is able to select a set of informative and less-redundant set of
similarities for drugs and for target proteins, separately.
Here, we only consider similarities between drugs or between target proteins that
have similarity values >= 0.5. We do this to eliminate weak similarities values
based on previous research studies [158].
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4.4.2.2 Similarity fusion
Given the selected subsets of similarity measures obtained previously for drugs
and for target proteins, respectively, the goal of the similarity fusion step is to
combine multiple similarity measures into one final composite similarity that
captures the necessary information from different similarities. Thus, given a set
of multiple similarity measures for drugs and for target proteins, respectively, we
computed the final fused similarity measure following the similarity network fusion
(SNF) method developed in [127] as described in Chapter 3. We applied the SNF
method to integrate multiple drug-drug similarities and target-target similarities,
separately.
4.4.2.3 Calculating path-category-based scores on the DTI heterogeneous
graph
After obtaining the combined similarity for drugs and for target proteins,
respectively, to construct a heterogeneous DTI graph we augmented the fused
similarities with the known DTIs that are annotated with activation or inhibition
and known DTIs that are not annotated with effect types.
On the heterogeneous DTI graph, for all DTI links that are not annotated with the
effect type, we extracted eight path-category-based scores, in which one score is
calculated for each path-category Ch, where h={1,2,3,4,5,6,7,8}. Each pathcategory has path-structures as follows:
a. C1: (D-D-activate-T), C2: (D-D-inhibit-T); through these path-structures,
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drug nodes could connect to target protein nodes using the K-nearest
neighbor drugs, C3 :(D-activate-T) and C4: (D-inhibit-T); through these
path-structures drug nodes could connect to target protein nodes directly.
b. C5: (T-T-activatedBy-D), C6: (T-T-inhibitedBy-D); through these pathstructures target protein nodes could connect to drug nodes using the Knearest neighbor target proteins, C7: (T-activatedBy-D) and C8: (TinhibitedBy-D); through these path-structures target protein nodes could
connect to drug nodes directly.
This is done to avoid the computational cost of considering path-categories with
paths of lengths > 2 and to enhance the prediction performance, according to
[158], by considering only the nearest neighbors (in case of C1, C2, C5, and C6)
instead of all the neighbors that could potentially introduce noisy information that
negatively affect the prediction performance of the model.
DDR-FE works as follows: given an unlabeled DTI=( di, tj), first identify the Knearest neighbor drugs for di and the K-nearest neighbor target proteins for tj. For
a query drug di, we denote the set of its K nearest neighbor drugs by KNN(di);
similarly, for a query target tj, we denote the set of its K-nearest neighbor target
proteins by KNN(tj). Technically, to obtain K-nearest neighbors for a node in the
graph (drug or target protein), we rank the similarity values between the query
node and all other nodes of the same node type, and then only the K most similar
nodes are selected. In this study, we empirically set K to 5, after performing
testing with K = 3, 5, 7. Then, after obtaining KNN(di) and KNN(tj) sets, DDR-FE
enumerates all possible set of paths P, where P = {pq , q = 1, ..., pc} and pc is the
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number of paths that belong to each of the path-categories C1, C2, C3, and C4
independently, starting from di. Similarly, DDR-FE enumerates all possible set of
paths P that belong to each of the path-categories C5, C6, C7 and C8
independently, starting from tj. Next, for each path pq in P that belongs to a
specific path-category Ch, DDR-FE calculates edge-weight product value s
obtained by multiplying all weights wx of edges of pq as follows:

𝑠(𝑞) =

𝑤!
∀!! ∈ !! , !! ∈! , !∈ !!

Next, DDR-FE aggregates scores calculated for all paths that belong to each
specific path-category Ch as Sr:

𝑆𝑟(ℎ) =

𝑠 𝑞
∀!! ∈! , !∈ !!

where r = h = 1,2,3,4,5,6,7,8.
Then, DDR-FE normalizes 𝑆1, 𝑆2, 𝑆5, 𝑆6 scores as follows:

𝑁𝑆1 =

𝑆1
(𝑆1 + 𝑆2)

𝑁𝑆2 =

𝑆2
𝑆1 + 𝑆2
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𝑁𝑆5 =

𝑆5
𝑆5 + 𝑆6

𝑁𝑆6 =

𝑆6
𝑆5 + 𝑆6

Next, DDR-FE defines the activation and inhibition scores as follows:
𝐸!"#$%!#& = 𝑁𝑆1 + 𝑁𝑆5 + 𝑆3 + 𝑆7
𝐸!"!!"!# = 𝑁𝑆2 + 𝑁𝑆6 + 𝑆4 + 𝑆8
If Eactiate > Einhibit then the effect of test edge is predicted as ‘activate’ otherwise it
is predicted as ‘inhibit’. To formally have one final prediction score for effect type
of each test edge, DDR-FE uses classifier function similar to the soft-max
classifier as follows:
𝑠𝑐𝑜𝑟𝑒 𝑎𝑐𝑡𝑖𝑣𝑎𝑡𝑒 =

𝐸!"#$%!#&
𝐸!"#$%!#& + 𝐸!"!!"!#

where, 𝑠𝑐𝑜𝑟𝑒 𝑖𝑛ℎ𝑖𝑏𝑖𝑡 is obtained as 1 − 𝑠𝑐𝑜𝑟𝑒 𝑎𝑐𝑡𝑖𝑣𝑎𝑡𝑒
4.4.3 Experimental setting and performance evaluation
To evaluate the performance of the DDR-FE method for predicting effect types of
DTIs, CV experiments obtained under three different settings of prediction tasks
were conducted as in [69]. We name these three settings as SD, ST, and SP,
respectively. The experiments were performed separately for each dataset used
in this study (the Dataset_DB dataset and Dataset_ST dataset).
For each dataset, and in each setting, initially, we perform similarity selection and
fusion. Then, we perform five trials of 10-fold CV experiments as follows. In each

110

round of the CV process, DTIs are split into training and test sets to produce Rtrain
and Rtest, respectively. All DTIs in Rtrain are annotated with activation or inhibition,
while all DTIs in Rtest are not annotated with effect types. Next, the DTI
heterogeneous graph is constructed and the prediction score 𝑠𝑐𝑜𝑟𝑒 𝑎𝑐𝑡𝑖𝑣𝑎𝑡𝑒 for
each DTI effect in Rtest is calculated as described above. Then, for each specific
prediction score threshold:
•

If the prediction score of testing DTI is above the threshold and the class
label is annotated as activation, then it is considered as true positive (TP).
Otherwise, if the prediction score of testing DTI is below the threshold and
the class label is annotated as activation it is considered as false negative
(FN).

•

If the prediction score of testing DTI is above the threshold and the class
label is annotated as inhibition, then it is considered as false positive (FP).

•

Otherwise, if the prediction score of testing DTI is below the threshold and
the class label is annotated as inhibition it is considered as false negative
(TN).

By varying the threshold scores, we calculate precision, recall/sensitivity and
specificity values as follows:
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑟𝑒𝑐𝑎𝑙𝑙 =

𝑇𝑃
𝑇𝑃 + 𝐹𝑃

𝑇𝑃
𝑇𝑃 + 𝐹𝑁

specificity =

𝑇𝑁
𝑇𝑁 + 𝐹𝑃
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We construct AUROC/AUC curve based on different score cutoffs at different
cutoffs. AUROC is created, at various threshold settings, based on different TPR
values, known as recall or sensitivity, and FPR values, calculated as
1−specificity. Similarly, we reported test results values based on AUPR. In
addition, we report recall (sensitivity) and specificity values at cutoff of 0.5. Then,
we calculate the AUPR, AUROC, sensitivity, and specificity, where the values of
these measures over five repeats of 10-fold cross validations are averaged and
reported as the measures of the model performance for a given dataset. AUPR
and AUROC metrics provide better-quality estimates for predicting both class
labels. AUPR punishes more heavily the existence of FPs than is the case with
AUROC, while AUROC has an interpretation as the probability that a randomly
chosen positive instance will be ranked above a randomly chosen negative
instance.
4.5.2 DDR-FE performance
We show that DDR-FE achieves high values of AUPR, AUROC, sensitivity, and
specificity scores using five repeats of 10-fold CV and under the three different
prediction tasks over Dataset_DB and Dataset_ST datasets (Table 4.2).

Table 4.2 Performance results (in terms of AUPR, AUROC, sensitivity, and specificity scores) of
DDR-FE using 5-repeats of 10-fold cross validation. Results are obtained under three prediction tasks
(SP, SD, ST) over Dataset_DB and Dataset_ST datasets, using combined similarity measures of optimized
set of selected similarity measures between drugs and optimized set of selected similarity measures
between targets.

Dataset

Prediction setting

AUROC

AUPR

Sensitivity

Specificity

Dataset_DB

SP

0.96

0.96

0.87

0.94
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Dataset_ST

SD

0.94

0.92

0.83

0.91

ST

0.96

0.94

0.86

0.93

SP

0.94

0.86

0.76

0.92

SD

0.90

0.79

0.64

0.92

ST

0.93

0.85

0.80

0.90

Based on the results (Table 4.2), we show that using 5-repeats of 10-fold CV,
and over the two different datasets, DDR-FE achieved weighted average of
AUROC, AUPR, sensitivity, and specificity values under the three different
prediction tasks settings as (SP: 0.94, SD: 0.91, ST: 0.93), (SP: 0.88, SD: 0.80, ST:
0.86), (SP: 0.78, SD: 0.67, ST: 0.81), and (SP: 0.92, SD: 0.92, ST: 0.89),
respectively. The weighted average of each AUROC, AUPR, sensitivity, and
specificity value is calculated for each of the three settings as

!
!!!

𝑀𝑒𝑡𝑟𝑖𝑐𝑆𝑐𝑜𝑟𝑒! ⋅ 𝑁!
𝑇𝑆

where 2 is the number of datasets used in this study, TS = total number of
samples in all datasets, Ni = number of samples in i-th dataset, and MetricScorei
can be value of AUPR, AUROC, sensitivity, or specificity.

Moreover, we demonstrated that DDR-FE performs very well when finding the
functional effect on target proteins for new drugs (SD setting) and predicting the
functional effect of drugs on targets that are new (ST setting).
Similar to DDR method (Chapter 3), the results show that combining selected set
of similarities provides good performance since they capture the broader
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spectrum of the underlying heterogeneous data from different sources. Moreover,
we compared DDR-FE performance, over each Dataset_DB and Dataset_ST
dataset, using single similarity between drugs and between targets. Based on the
obtained results (Figure S1 to Figure S24, Appendix), we have noticed that, there
are few cases that show similar performance to the cases when using combined
selected set of similarities. However, searching for the pair of single similarity for
drugs and for targets that can have the best performance requires heavy
computational time.
Moreover, we compared DDR-FE performance, over each Dataset_DB and
Dataset_ST dataset, using combined selected similarities with the case of using
combined all similarities (Table 4.3). Based on such results, combining all
similarities has performance that is similar to the case of combining only selected
similarities. In summary, the obtained results show that the set of selected
similarities between drugs and the set of selected similarities between target
proteins represent robust similarity sets that are more informative and
representative over all similarity measures used in this study.
Table 4.3 Performance results (in terms of AUPR, AUROC, sensitivity, and specificity scores) of
DDR-FE using 5-repeats of 10-fold cross validation. Results are obtained under three prediction tasks
(SP, SD, ST) over Dataset_DB and Dtaset_ST datasets used in this study, using combined similarity
measures of all sets of similarity measures between drugs and all set of similarity measures between
targets.

Dataset

Prediction setting

AUROC

AUPR

Sensitivity

Specificity

Dataset_DB

SP

0.96

0.96

0.87

0.93

SD

0.94

0.93

0.83

0.92

ST

0.95

0.94

0.85

0.92
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Dataset_ST

SP

0.94

0.86

0.76

0.92

SD

0.90

0.78

0.64

0.92

ST

0.93

0.85

0.80

0.89

There is one method [49] in the literature capable of predicting effect types of
DTIs. In that method, the prediction model is built for each given protein target to
predict the effect types of DTIs, without considering the benefits of exploiting the
similarity links between targets and similarity links between drugs in improving
the prediction performance. However, the data and the code used to generate
the results in their published work are not available and no response/reply has
been received from authors upon contacting them. Thus, the performance
comparison was not possible.
For the Dataset_DB and Dataset_ST datasets, Table 4.4 shows the set of
similarity measures for drugs and for targets selected by DDR-FE.
Table 4.4 Selected drug similarities and target similarities for the DTI effects prediction task over
Dataset_DB and Dataset_ST datasets.

Dataset

Dataset_DB

Set of selected similarity measures between

Set of selected similarity measures

drugs

between targets

•

Fingerprint-based similarity:

Sequence-based similarity:

o

ECFP4

o

Spectrum(k=4)

o

ECFP6

o

Spectrum(k=3)

o

KR

o

CDK_Standard

o

CDK_Extended
o

•

CDK_Graph

o
•

SW

GO similarity based on BP
namespace

•

GO similarity based on MF
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CDK_Hybridization

o

namespace

MACCS

o
o

GO similarity based on CC

•

TAN

namespace

•

Drug-side effects based similarity

•

Drug-ATC codes based similarity

•

Target-pathway based similarity

DDI based similarity

•

Target-disease based similarity

•

Target domains based similarity

•

Dataset_ST

•

Fingerprint-based similarity:

o

Spectrum(k=4)

o

ECFP6

o

Spectrum(k=3)

o

FCFP4

o

FCFP6

o

CDK_Extended

Mismatch (k=4,m=1)
o

SW

GO similarity based on BP

•

namespace
•

Proximity in PPI network

CDK_Hybridization

•

Target-pathway based similarity

KR

•

Target-disease based similarity

ShortestPath

•

Target domains based similarity

•

Drug-side effects based similarity

•

Drug-ATC codes based similarity
•

o

CDK_Graph

o
o

Sequence-based similarity:

•

ECFP4

CDK_Standard

o

Proximity in PPI network

o

o

o

•

•

DDI based similarity

Drug-pathway based similarity

For similarity measures of drugs and proteins that have been selected in the
sequential heuristic process over each dataset, we observe that these similarities
are related to genome-wide global characteristics and related to specific
characteristic of drugs and of targets such as profiles of drug ATC-codes
associations, different drug fingerprints, drug side-effects profiles, DDI profiles,
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protein functional annotation based on GO, protein pathways profiles, protein
disease profiles, closeness in PPI, protein domains profiles, and different
descriptors of protein sequences. Using such types of similarities in drug
repurposing in numerous studies proved in to be effective descriptors for each
drug and target protein in different datasets [8, 16, 45, 51, 85, 87, 101, 102, 105,
109-112, 137].

4.5.3 Independent test
To evaluate the utility of DDR-FE, we construct a heterogeneous DTI graph from
the three types of information (i.e., DTIs annotated with activation or inhibition,
similarities between drugs, and similarities between target proteins) contained in
Dataset_DB

dataset

and

Dataset_DB_Validation

dataset.

Over

this

heterogeneous graph, we consider all DTI effect links that come from
Dataset_DB_Validation dataset as test DTIs effects links (not annotated with
effect type i.e., unlabeled), while the rest of annotated DTI links in the graph are
considered as training links. Then, for each test DTI effect link, we calculate the
prediction score ‘ 𝑠𝑐𝑜𝑟𝑒 𝑎𝑐𝑡𝑖𝑣𝑎𝑡𝑒 ‘ as described previously. As a result, all
unknown effect types of test links are predicted as activation or inhibition and
validated against their ground truth effect types in DrugBank [151]. In summary,
we evaluated the accuracy of 3,076 DTIs effects predicted by our method and
confirmed the type of effects of 2,300 of these DTIs. Moreover, we demonstrated
that DDR-FE achieves highly accurate results for prediction of DTIs effects with
high scores. In another word, we show that DDR-FE correctly predicts type of
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effects of DTIs with high prediction scores (i.e., prediction scores = 1) (Table 4.5)
better than the cases where DTIs effects predicted with lower scores.

Table 4.5 The accuracy percentages achieved by our method when validating DTIs effects at
different cutoffs of prediction scores.

Prediction score cutoff

Number of test annotated DTIs

Percentage of correctly predicted

cases

DTIs effects

>= 0

3076

74.77

>= 0.5

3076

74.77

>= 0.6

2710

74.61

>= 0.7

2487

76.72

>= 0.8

2279

79.2

>= 0.9

1971

79.25

=1

1095

84.11

4.6 Time complexity
Here we show the time complexity (Table 4.6) of the workflow of DDR-FE
method that depicts the following steps: (1) Similarity selection: selection of an
optimized set of similarities between drugs and between targets, separately; (2)
Similarity fusion; (3) Calculating path-category-based scores on the DTI
heterogeneous graph to predict type of effects of DTIs.
Table 4.6 Time complexity description of DDR-FE method.
Method step
Similarity selection
Similarity fusion

Time complexity
Ο 𝑅 ! , as described in Chapter 3.
Ο 𝑁 ! , as described in [127].

118

Calculating pathcategory-based scores
on the DTI
heterogeneous graph

-

The worst case occurs when the DTI heterogeneous graph is fully
connected.
For each test pair (di,tj), we calculate 8 scores that are used to derive
final score to predict its effect.
These scores are calculated using K-nearest neighbor drugs for di and
their effected targets, K-nearest neighbor targets for tj and their effected
drugs, direct targets effected by di and direct drugs affect tj.
Thus, we need to perform Ο 𝐾 ∗ 𝑛 + Ο 𝐾 ∗ 𝑚 + Ο 𝑛 − 1 + Ο 𝑚 − 1

4.7 Discussion
This study introduces a novel method, named DDR-FE. DDR-FE method is
capable of predicting types of effects (i.e., activation and inhibition) of known
DTIs. It utilizes a heterogeneous DTI graph that contains information about
various similarities between drugs and similarities between proteins as drug
targets, as well as known DTIs that are annotated with activation or inhibition
types of effect. DDR-FE achieves high accuracy results in terms of AUPR,
AUROC, sensitivity, and specificity scores. This has been investigated using five
repeats of 10-fold cross-validation and under three different settings of prediction
tasks. We observed that the performance of DDR-FE, when combining selected
similarities is similar to the performance obtained when combining all similarities.
Moreover, we observed that when using single type of similarity, there is only few
cases achieved performance similar to one obtained using the combined
selected similarities. Thus, our results confirm that combining only selected
optimized set of similarities measures between drugs and between targets
improved the prediction performance. This is because combining multiple
similarities captures the full spectrum of the underlying heterogeneous data from
different sources. Moreover, the selection process helped in reducing the noise in
the information presented in the different similarity measure data, and resulted in
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saving a lot of computational time needed to process huge number of similarity
measures to combine, or to search for the pair of similarity measures (one
similarity measures for drugs and one for targets) to select.
Although the current implementation of DDR-FE handles only two different types
of effects of DTIs (i.e., activation and inhibition) with the goal of classifying a
given DTI as activating (label = 1) or inhibiting (label = -1), our method can be
easily extended to handle multiple types of effects of DTI data (i.e., activation,
inhibition, direct and indirect), with the goal of classifying a given DTI as
belonging to one class of multiple classes of DTI type of effects. Thus, the aim, in
the future, is to extend DDR-FE to predict type of effects of known DTIs other
than activation and inhibition, which is practically useful for drug repurposing.
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Chapter 5 Conclusion and future directions
This study explored different aspects of prediction tasks using DTI network. It
includes development of two methods and data integration for tackling the
limitations in the prediction of DTIs and their effect types that have not yet been
well addressed by the research community. Thus, motivated to reduce the
limitations of the existing methods for the prediction of the potential DTIs and
their effect types and aiming to further improve their prediction accuracy, we
developed two DTI prediction methods based on the use of a heterogeneous
drug-target graph that contains information about known drug-target interactions,
multiple similarities between drugs and multiple similarities between target
proteins obtained from different data sources. The results obtained confirmed
that combining multiple similarity measures improves the prediction performance.
In this report, first, we presented a comprehensive review of the recent progress
of different computational methods that have been developed to tackle the
problem of predicting novel DTIs. Also, we surveyed a number of different
databases, which have promoted the development of various strategies for
repurposing drugs that help in constructing reliable DTI methods. One of the
contributions of this study is a comprehensive review from the algorithm-centric
and data-centric perspectives, of the recent progress in identifying DTIs, which is
missing in the literature.
The second contribution of this study is development of a DTI prediction method
(DDR) that integrates information from different types of drug-drug and proteinprotein similarity measures, and then it applies random forest using graph-based
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features to predict new DTIs. Under various testing conditions that are based on
AUPR evaluation metric, DDR achieves a much higher accuracy of prediction
compared to the other competing methods on different representative datasets.
The results related to the confirmed correct DTIs predictions, suggest that DDR
can be used as an efficient method to identify correct DTIs.
The third contribution of this study made, is development of a novel method,
DDR-FE, which predicts types of effects caused by known DTIs. To predict the
type of effect of known DTIs, DDR-FE constructs a heterogeneous DTI graph
that integrates information from different types of drug-drug and target-target
similarities with the known DTIs that are annotated with activation and inhibition
effects on targets. Based on this heterogeneous graph, DDR-FE calculates
graph-based scores that are used to derive final prediction score used to classify
effect on target (either activation or inhibition) caused by known DTIs. On
different representative datasets, under various test setups, and using different
performance measures, we show that DDR-FE achieves extremely good
performance.
The work performed in this study can be extended in several directions. For
example, the current implementation of DDR handles only binary drug–target
benchmark datasets with the goal of classifying a given DTI as binding (label=1)
or non-binding (label=0). Possible extensions of DDR method are as follows:
1.

Extend the functionality of DDR to handle continuous DTI data (i.e.,

continuous values of binding affinities of drugs and proteins) with the aim to
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incorporate the whole spectrum of DTI data including true negative and true
positive DTIs to predict levels of activity (i.e., binding affinities levels).
2.

Integrate other data sources related to drugs data including high-

throughput drug perturbation, drug sensitivity profiles, and other data sources
related to DTI data including latent vectors from matrix factorization, weighted
scores from drug to target’s neighbors, as well as weighted scores from target to
drug’s neighbors and scores obtained from other graph-based inference
techniques.
3.

The core of the method followed in DDR can be easily applied in similar

areas of link prediction such as prediction of DDI, where the prediction task
depend on the integrative set of similarity measures between drugs as well as
using information from DDI network; drug-response prediction where the
prediction task depend on the integrative set of similarity measures between
drugs and set of similarity measures between cell lines as well as using
information from DDI network, drug-disease prediction.
4.

Link the inferred drug targets to disease and pathway as means to

systematically inferring new indications or uses for the drugs.

The current version of DDR-FE method handles only two different types of
effects of DTI data (activation and inhibition) with the goal of classifying the effect
type of a given DTI as activating (label=1) or inhibiting (label=-1). However, our
method can be easily extended to :
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1.

Handle multiple types of effects of DTI data (activation, inhibition, direct

effect and indirect effect), with the goal of classifying the effect type of a given
DTI as belonging to one class of multiple classes of DTI effect types. Thus, the
aim is to develop a general framework for predicting the effect types of DTIs for
given targets, which is useful for drug repurposing.
2.

Evaluate the prediction performance of DDR-FE using a newly compiled

comprehensive integrated data from multiple sources. We will be proposing to
create this newly compiled comprehensive integrated data that incorporates the
different types of effects between drugs and targets from different public
databases including MATADOR, STITCH , DrugCentral, SIGNOR, DrugBank,
and DGIdb databases using identifier mappings tool UniChem.
3.

Implement DDR-FE workflow following the same steps performed in

developing DDR method (Chapter 3), including (1) inferring interaction profile for
new drugs and for new targets; (2) similarity measure selection; (3) similarity
fusion; (4) path-category-based features extraction; and (5) building DTI
prediction model using RF. In this way, DDR-FE is a modified version of the DDR
method with extended functionality of DDR to predict effect of DTIs. In DDR-FE
method, specifically in step (4), the extraction of path-category-based features
needs to be modified in such a way to consider different such features that take
into account the different types of effects of DTIs. For instance, a path-category
of D-D-activate-T specifies that the path is of length 2 and it connects drug node
to target node through a similarity edge between drugs and via an interaction link
annotated with type of effect (activation), and so on. Finally, the final features
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vector is a combination of two scores for each specific path-category. In total
DDR-FE defines 24 different features; 16 features are scored based on the score
(ns1) and another 16 features scored based on the score (ns2). The number of
features for each score equals to the number of possible path-categories (8 pathcategories) multiplies by the number of effect types (i.e., activation and
inhibition).
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APPENDICES
Table S1. Summary of multiple similarity measures between drugs and between target proteins used
in the DrugBank_FDA dataset. This table shows data sources and ways to calculate different type of
similarities as well as describing their importance in predicting DTIs.

Similarity and entity type:
Type:
The gene expression similarities of drugs
and of target proteins.
Entity:
This type of similarity is calculated for each
drug and target protein, separately.

Type:
Disease based similarity.
Entity:
This type of similarity is calculated for each
drug and target protein, separately.

Type:
Pathway based similarity.
Entity:
This type of similarity is calculated for each
drug and target protein, separately.

Type:
Gaussian interaction profile (GIP) similarity
based on the topology of DTI network.
Entity:
This type of similarity is calculated for each
drug and target protein, separately.
Type: Chemical structures-based molecular
fingerprints similarity.
Entity: Drug.

Data source:
Preprocessed CMap files data are taken from [137], where we considered only files
related to MCF7 cell line instances.
Descriptor derivation:
From preprocessed files, we generated a matrix of fold change (FC) values between
drugs in rows and target proteins in columns. For instance, the expression profile of
each drug/ or target protein is a real-valued vector of FC values. In case, there is more
than one FC value, coming from different experiments, we used any single FC value.
However, one can consider max/ or min of multiple FC values for the same drug and
target.
Similarity calculation:
Following the method presented in [51], we calculated the gene expression
similarities of drugs and of target proteins (known as “drug expression similarities”
and “target protein expression similarities,” respectively) using Pearson’s correlation
coefficients (PCC) on the row and column profiles of the gene expression matrix,
respectively. To do this, we used numpy.corrcoef function from Python to calculate
PCC.Matrix of gene expression profiles (comprising drugs in rows and targets in
columns), as it explained in [51].
Importance: Drugs with similar gene expression patterns are likely to share common
target proteins [8, 51].
Data source: Drug–disease associations and target protein–disease associations are
obtained from KEGG Disease (human) [53].
Descriptor derivation: The disease profile of each drug/ or target protein is described
by a binary vector represents the presence or absence of disease name.
Similarity calculation: Tanimoto coefficient (TC).
Importance: Two drugs are considered to be more similar if they have common
indications, or there exist other drugs, which have common indications with them
simultaneously [105, 108, 109].
Data source: Drug–pathway associations and target protein– pathway associations are
obtained from KEGG Pathways (human).
Descriptor derivation: The pathway profile of each drug/ or target protein is described
by a binary vector represents the presence or absence of pathway name.
Similarity calculation: TC.
Importance: Drugs acting on the same pathway may be good candidates for drug
repositioning [110-112].
Data source: Known interactions between drugs and target proteins are obtained from
DrugBank [52].
It is calculated as in [39].
Importance: The assumption that two drugs that interact in a similar way with the
target proteins in a known DTI network, will also interact in a similar way with new
target proteins.
Data source: Chemical structures (sdf and smi files format) are obtained from
DrugBank.
Descriptor derivation: Fingerprints such as CDK_Standard, CDK_Graph,
CDK_Extended, CDK_Hybridization, KR, MACCS, PubChem are generated using
smi file format and Rcpi [85]. Other examples of fingerprints such as ECFP4, FCFP4,
ECFP6, FCFP6 are generated using sdf file format and CDK [159]. Also, other
fingerprints such as Lambda, Marginalized, MinMaxTanimoto, Tanimoto, and
Spectrum are generated using sdf file format and Rchemcpp [160]. We also used
SIMCOMP tool [161] to calculate drug similarity based on chemical structures using
sdf file format.
Similarity calculation: TC is used to calculate similarity between fingerprints.
Importance: Molecular fingerprints generally encode the structure of a molecule.
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Type: Drug interactions based similarity.
Entity: Drug.

Type: Drug side-effect based similarity.
Entity: Drug.

Type: Drug ATC-code based similarity.
Entity: Drug.

Type: Protein similarity based on functional
annotation using gene ontology (GO).
Entity: Target protein.

Type: Protein domain based similarity.
Entity: Target protein.

Type: Protein sequence based similarity.
Entity: Target protein.

Type:
Proximity
in
interactions (PPI) network.
Entity: Target protein.

protein-protein

They represent the presence or absence of particular substructures in the molecule.
Calculating the similarity between two fingerprints show its practical usefulness for
DTI prediction by finding matches to a substructure belonging to new molecule. The
key idea behind is that chemically similar drugs tend to interact with similar target
proteins [85].
Data source: DrugBank.
Descriptor derivation: Drug-drug interactions; the profile of each drug is describing
by a binary vector specifying the presence of absence of other interacting drug.
Similarity calculation: TC.
Importance: Interactive chemicals are more likely to have similar properties and thus
can share similar biological functions [8, 102, 162, 163].
Data source: SIDER2 [65].
Descriptor derivation: Drug side-effects associations; the profile of each drug is
describing by a binary vector specifying the presence of absence of each side effect
keyword.
Similarity calculation: TC.
Importance: Drugs with similar target protein binding profiles tend to cause similar
side effects, implying a direct correlation between target protein binding and sideeffect similarity and hence a possibility to predict off-target binding [8, 100].
Data source: DrugBank.
Descriptor derivation: Drug-ATC codes associations; the profile of each drug is
describing by a binary vector specifying the presence of absence of each ATC-code.
Similarity calculation: TC and using similarity-based score from [147]. Another
version of similarity is calculated by describing each drug by a vector of elements
representing the letters of first level of ATC code the drug has. Then, TC is used to
calculate the similarity between any two drugs profiles.
Importance: Structurally similar compounds tend to have similar medical indication
classes [8, 101, 102].
Data source: GOA [164].
Descriptor derivation: Target protein-GO terms associations, for each namespace
molecular function (MF), cellular compartment (CC) and biological process (BP); the
profile of each target protein is describing by a binary vector specifying the presence
of absence of each GO-term, individually, for each GO namespaces. We only
consider Experimental Evidence codes GO-terms as explained in
Similarity calculation: The semantic similarity is calculated using Rcpi tool. We used
“ calcParProtGOSim”
with following parameter organism=”human”,
measure=”Wang”, and combine=”BMA”.
Importance: As structurally similar compounds tend to interact with similar
biological, the functional similarity between target proteins can be established as the
similarity between their GO annotation terms [87].
Data source: InterPro
Descriptor derivation: Target protein-domains associations; the profile of each target
protein is describing by a binary vector specifying the presence of absence of each
domain.
Similarity calculation: TC and cosine similarity.
Importance: As structurally similar compounds tend to interact with similar
biological, the similarity between target proteins can be established as the similarity
between their target protein domains [77].
Data source: UniProt/Swiss-Prot, KEGG Genes.
Similarity calculation: It is calculated using a normalized version of the SmithWaterman (SW) algorithm [165]. We used Matlab implementation of SW with the
following
method
parameters
(swalign(seq1,seq2,'ScoringMatrix','BLOSUM62','GapOpen',10,'ExtendGap',0.5)).We
also calculated other sequence-based descriptors such as Mismatch (MIS with k=3,4,
and m=1,2) and Spectrum (SPEC with k=3,4) kernels using Kebabs tool [166].
Importance: Recent studies follow that the target protein descriptors are as important
as the compound descriptors. The key idea behind is that chemically similar drugs
tend to interact with similar target proteins [85].
Data source: HIPPIE [88]. We consider only target proteins that are single, not part of
protein complexes.
It is calculated as in [26], where A= e*0.9, and b=1. We also calculated the similarity
by calculating all-pairs shortest path lengths (distance), and then dividing each
shortest path distance by (1+ max number of shortest path). We found that the max
shortest path was 8. Then, to convert distance to similarity we use similarity= 1distance.
Importance: Interactive target proteins that are closer to other target proteins in the
PPI network are more likely to have similar biological functions [16].
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Table S2. Comparison results (in terms AUC scores) of DDR with the five state of the art methods (DNILMF,
NRLMF, KRONRLS-MKL, COSINE, BLM-NII) using 5-repeats of 10-fold cross validation. Results are
obtained under three prediction tasks (SP, SD, ST) over all datasets (NR, GPCR, IC, E, DrugBank_FDA)
used in this study.
Dataset

NR

GPCR

IC

E

DrugBank_FDA

AUC obtained
under
prediction
setting: SP
0.92
0.92
0.93
0.87

AUC obtained
under
prediction
setting: SD
0.90
0.83
0.88
0.79

AUC obtained
under
prediction
setting: ST
0.88
0.83
0.83
0.76

0.91
0.96
0.96
0.95
0.91

0.89
0.88
0.91
0.86
0.87
0.81

0.85
0.93
0.92
0.92
0.84

0.88
0.98
0.94
0.98
0.90

0.88
0.85
0.94
0.81
0.80
0.77

0.87
0.97
0.92
0.93
0.86

0.91
0.97
0.96
0.95
0.93

0.82
0.83
0.84
0.81
0.75
0.71

0.89
0.92
0.92
0.90
0.88

0.96
0.96
0.95
0.93
0.88

0.80
0.73
0.91
0.90
0.89
0.79

0.89
0.86
0.82
0.80
0.81

0.90

0.77
0.71

0.75

Method

DDR
DNILMF
NRLMF
KRONRLSMKL
COSINE
BLM-NII
DDR
DNILMF
NRLMF
KRONRLSMKL
COSINE
BLM-NII
DDR
DNILMF
NRLMF
KRONRLSMKL
COSINE
BLM-NII
DDR
DNILMF
NRLMF
KRONRLSMKL
COSINE
BLM-NII
DDR
DNILMF
NRLMF
KRONRLSMKL
COSINE
BLM-NII

Table S3. Average position ranking for all methods (DDR, DNILMF, NRLMF, KRONRLS-MKL, COSINE,
BLM-NII) using all datasets (NR, GPCR, IC, E, DrugBank_FDA) used in this study and under the three
prediction settings (SP, SD, ST).
Dataset

DDR
rank

DNILMF rank

NR
GPCR
IC
E

1
1
1
1

3
2
2
5

NRLMF
rank
SP
2
3
5
2

COSINE
rank

KRONRLSMKL rank

BLM-NII rank

NA
NA
NA
NA

5
4
3
3

4
5
4
4
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DrugBank_FDA
Average ranking

1
1

2
2.8

NA
NA

3
3.6

5
4.4

2
2
3
2
6
3

3
5
5
6
4
4.6

5
4
2
5
5
4.2

2
2
2
2
3
2.2

4
3.2
SD
3
3
4
4
2
3.2
ST
4
3
2
2
2
2.6

NR
GPCR
IC
E
DrugBank_FDA
Average ranking

1
1
1
1
1
1

4
5
4
3
3
3.8

NR
GPCR
IC
E
DrugBank_FDA
Average ranking
Average ranking
over all datasets
and under three
settings

1
1
1
1
1
1

NA
NA
NA
NA
NA
NA

3
4
3
4
4
3.6

5
4
2
3
5
3.8

1

2.933333333

3

NA

3.933333333

4.133333333

Table S4. Comparison results (in terms of AUPR and AUC scores) of DDR with the five state of the art
methods (DNILMF, NRLMF, KRONRLS-MKL, COSINE, BLM-NII) using holdout tests. Results are obtained
under three prediction tasks (SP, SD, ST) over DrugBank_FDA dataset used in this study.
Dataset
DrugBank_FDA

Prediction setting
SP

SD

ST

Method
DDR
DNILMF
NRLMF
KRONRLS-MKL
COSINE
BLM-NII
DDR
DNILMF
NRLMF
KRONRLS-MKL
COSINE
BLM-NII
DDR
DNILMF
NRLMF
KRONRLS-MKL
COSINE
BLM-NII

AUPR
0.63
0.31
0.34
0.32

AUC
0.97
0.95
0.93
0.93

0.23
0.42
0.21
0.27
0.12
0.1
0.09
0.40
0.12
0.16
0.10

0.93
0.92
0.88
0.88
0.83
0.88
0.87
0.91
0.86
0.87
0.79

0.15

0.78

Table S5. Performance comparison (in terms of AUPR) of DDR using integrated set of selected similarity
measures compared to combining all similarities used in this study.
Dataset

Prediction settings

NR

SP
SD
ST

AUPR
(Using integrated
selected set of
similarities)
0.83
0.71
0.64

AUPR
(Using integrated all set
of similarities)
0.69
0.43
0.42

140

GPCR

IC

E

SP
SD
ST
SP
SD
ST
SP
SD
ST

0.79
0.63
0.61
0.92
0.69
0.80
0.92
0.73
0.82

0.77
0.41
0.44
0.91
0.55
0.70
0.90
0.58
0.75

Table S6. The set of similarity measures selected over the five different datasets used in this study, as
resulting from the similarity selection process.
Datasets
NR

GPCR

IC

E

DrugBank_FDA

Set of selected
similarity measures
between drugs
GIP similarity of drugs,
Drugs’ side effects
frequency-based
similarity from AERS
database, Drugs’ side
effects bit-based
similarity from AERS
database, and drugs
side effects bit-based
similarity from SIDER
database
GIP similarity of drugs,
Drugs’ side effects
frequency-based
similarity from AERS
database, Drugs’ side
effects bit-based
similarity from AERS
database, and drugs’
side effects bit-based
similarity from SIDER
database
GIP similarity of drugs,
Drugs’ side effects
frequency-based
similarity from AERS
database, Drugs’ side
effects bit-based
similarity from AERS
database, and drugs’
side effects bit-based
similarity from SIDER
database
GIP similarity of drugs,
Drugs’ side effects
frequency-based
similarity from AERS
database, Drugs’ side
effects bit-based
similarity from AERS
database, and drugs’
side effects bit-based
similarity from SIDER
database
GIP similarity of drugs,

Set of selected similarity measures between targets
GIP similarity of target proteins, and the spectrum
similarity (SPEC) with k-mers length (k=4)

GIP similarity of target proteins, Proximity in proteinprotein network, and the spectrum similarity (SPEC)
with k-mers length (k=4)

GIP similarity of target proteins, Proximity in proteinprotein network, the spectrum similarity (SPEC) with
k-mers length (k=4), and Smith-Waterman alignment
similarity

GIP similarity of target proteins, Proximity in proteinprotein network, the spectrum similarity (SPEC) with
k-mers length (k=4), and Smith-Waterman alignment
similarity

GIP similarity of protein, disease similarity, GO
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disease similarity,
pathways similarity,
drug induced gene
expression similarity,
and ATC codes
similarity

Semantic similarity (namespace= biological
process), GO Semantic similarity (namespace=
cellular component), and GO Semantic similarity
(namespace= molecular function)

Table S7. P-values results using label permutation test for each novel DTI in the top 5 interactions and per
each dataset used in this study.
Drug ID

Drug
Name

D00348
D00585
D00962
D00182

Isotretinoin
Mifepristone
Clomiphene citrate
Norethindrone

D00951

Medroxyprogesterone
acetate

Protein ID

Protein Name

P_value

Dataset: NR
hsa6256
hsa2099
hsa5241
hsa2099

RXRA
ESR1
PGR
ESR1

<0.01
0.02
0.03
0.02

hsa2099

ESR1
0.02

D00049
D02910
D02340
D00726
D00674
D02356
D03365
D00538
D02098
D00775
D00139
D00437
D00410
D00574
D00542
DB01589
DB00825
DB00147
DB01544
DB02546

Niacin
Amiodarone
Loxapine
Metoclopramide
Naratriptan
hydrochloride
Verapamil
Nicotine
Zonisamide
Proparacaine
hydrochloride
Riluzole

Dataset: GPCR
hsa8843
hsa154
hsa1812
hsa1129

HCAR3
ADRB2
DRD1
CHRM2

<0.01
<0.01
<0.01
<0.01

hsa3351

HTR1B

<0.01

ABCC8
CHRNA4
SCN5A

<0.01
<0.01
<0.01

Dataset: IC
hsa6833
hsa1137
hsa6331
hsa8645

hsa2898
Dataset: E
Methoxsalen
hsa1543
Nifedipine
hsa1559
Metyrapone
hsa1583
Aminoglutethimide
hsa1589
Halothane
hsa1571
Dataset: DrugBank_FDA
Quazepam
P47870
Menthol
P35372
Pyridoxal
P04798
Flunitrazepam
P14867
Vorinostat
P56524

KCNK5
GRIK2

<0.01
<0.01

CYP1A1
CYP2C9
CYP11A1
CYP21A2
CYP2E1

<0.01
<0.01
<0.01
<0.01
<0.01

GABRB2
OPRM1
CYP1A1
GABRA1
HDAC4

<0.01
<0.01
<0.01
<0.01
<0.01

Table S8. Summary of the multiple similarities between drugs and between target proteins calculated for
Dataset_DB , Dataset_DB_Validation and Dataset_ST datasets.
Similarity
type
Different
types
of
molecular

Similarity calculation
o

ECFP4, ECFP6, FCFP4, FCFP6 fingerprints that are generated using
CDK, and then Jaccard index is used to calculate the similarity between
any two drugs fingerprints.

142

fingerprints

o

MACCS, EState, KR, PubChem, ShortestPath, Standard, Graph,
Hybridization, Extended fingerprints that are generated using Rcpi, and
then Jaccard index is used to calculate the similarity between any two
drugs fingerprints.
o Lambda, MARG, MINMAX, SPEC and TAN fingerprints-based similarity
that are generated using Rchemcpp.
More details about each chemical fingerprint type can be found in [45, 83, 84].

Drug-drug
interaction
profiles

We obtained drug-drug interactions from DrugBank; in which the profile of each
drug is describing by a binary vector specifying the presence of absence of
other interacting drugs, and then Jaccard index is used to calculate the
similarity between any two drugs profiles.

Drug-ATC
codes
association
s

We obtained drug-ATC codes from DrugBank; in which we calculated two
versions of similarity based on ATC-code profiles. The first version of similarity
is calculated as in [147].. The second version of similarity is calculated by
describing each drug by a vector of elements representing the letters of first
level of ATC code the drug has. Then, Jaccard index is used to calculate the
similarity between any two drugs profiles.

Drug-side
effects
association
s

We obtained drug-side effects from SIDER2; in which the profile of each drug is
describing by a binary vector specifying the presence of absence of side effect,
and then Jaccard index is used to calculate the similarity between any two
drugs profiles.

Drugdisease
and drugpathway
association
s

We obtained drug-disease associations and drug-pathway associations from
KEGG; in which the profile of each drug is describing by a binary vector
specifying the presence of absence of disease/ or pathway, and then Jaccard
index is used to calculate the similarity between any two drugs profiles.

Protein
amino acid
sequence

o

o

Smith-Waterman (SW) algorithm, where we used Matlab implementation of
SW
with
the
following
method
parameters
(swalign(seq1,seq2,'ScoringMatrix','BLOSUM62','GapOpen',10,'ExtendGap'
,0.5)).
Different parameterizations of the Mismatch (MIS with k=3,4, and m=1,2)
and the Spectrum (SPEC with k=3,4) kernels using Kebabs.

Protein-GO
annotations
profiles

We obtained target protein-GO terms, from GOA, separately, for each of
the three namespaces: molecular function (MF), cellular compartment (CC)
and biological process (BP). We only consider Experimental Evidence
codes of GO-terms. The profile of each target protein is describing by a
binary vector specifying the presence of absence of each GO-term,
individually, for each GO namespaces. Then, we used Rcpi tool,
specifically, calcParProtGOSim” method with following parameters
(organism=”human”, onto =”MF”, measure=”Wang”, combine=”BMA”),
(organism=”human”, onto =”BP”, measure=”Wang”, combine=”BMA”), and
(organism=”human”, onto =”CC”, measure=”Wang”, combine=”BMA”).

Proximity in
the
PPI
network

We obtained PPI from HIPPIE, where we consider only target proteins that
are single, not part of protein complexes. Then, we followed the procedure
in [26] to calculate the similarity, using A= e*0.9, and b=1.

Protein
domain
profiles

We obtained protein-domain profiles from IntrerPro. The profile of each
target protein is describing by a binary vector specifying the presence of
absence of each domain. Then we calculate the cosine similarity between
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two target profiles.

Proteindisease
and proteinpathway
association
s

We obtained protein-disease associations and protein-pathway
associations from KEGG; in which the profile of each protein is describing
by a binary vector specifying the presence of absence of disease/ or
pathway, and then Jaccard index is used to calculate the similarity between
any two protein profiles.

Figure S1-S4 Performance results in terms of AUROC, AUPR, sensitivity, and specificity scores of
DDR-FE using 5-repeats of 10-fold cross validation of each single similarity measure between drugs
and each single similarity measure between targets. Results are obtained under the prediction
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Figure S5-S8 Performance results in terms of AUROC, AUPR, sensitivity, and specificity scores of
DDR-FE using 5-repeats of 10-fold cross validation of each single similarity measure between drugs
and each single similarity measure between targets. Results are obtained under the prediction
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Figure S9-S12 Performance results in terms of AUROC, AUPR, sensitivity, and specificity scores of
DDR-FE using 5-repeats of 10-fold cross validation of each single similarity measure between drugs
and each single similarity measure between targets. Results are obtained under the prediction
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Figure S13-S16 Performance results in terms of AUROC, AUPR, sensitivity, and specificity scores of
DDR-FE using 5-repeats of 10-fold cross validation of each single similarity measure between drugs
and each single similarity measure between targets. Results are obtained under the prediction
settings SP over Dataset_ST dataset used in this study.

153

154

155

Figure S17-S20 Performance results in terms of AUROC, AUPR, sensitivity, and specificity scores of
DDR-FE using 5-repeats of 10-fold cross validation of each single similarity measure between drugs
and each single similarity measure between targets. Results are obtained under the prediction
settings SD over Dataset_ST dataset used in this study.
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Figure S21-S24 Performance results in terms of AUROC, AUPR, sensitivity, and specificity scores of
DDR-FE using 5-repeats of 10-fold cross validation of each single similarity measure between drugs
and each single similarity measure between targets. Results are obtained under the prediction
settings ST over Dataset_ST dataset used in this study.
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