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Abstract Drug-target interaction prediction is an important problem for the development of novel
drugs and human medical improvement. Many supervised and semi-supervised methods are pro-
posed to uncover the relation between drugs and targets. Under the hypothesis that similar drugs tar-
get similar target proteins and the framework of Random Walk with Restart, the method of Network-
based Random Walk with Restart on the Heterogeneous network (NRWRH) is proposed to infer
potential drug-target relationship. This method integrates three different networks (protein-protein
similarity network, drug-drug similarity network, and known drug-target interaction network) into
a heterogeneous network by known drug-target interactions and implements the random walk on
this heterogeneous network. When applied to four classes of drug-target proteins interaction data
including enzymes, ion channels, GPCRs and nuclear receptors, NRWRH significantly improves
the previous methods in terms of cross validation.
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1 Introduction

Identifying drug-target interactions is very meaningful not only for better understand-
ing of the various interactions and biological processes, but also for the development of
novel drugs and human medical improvement [1, 2]. There are about 6,000-8,000 targets
of pharmacological interest in the human genome, but only a small number of them are
identified to be related to approved drugs so far [3, 4, 5, 6]. Because the experiment for
identifying drug-target interactions is time-consuming, expensive, and limited in small-
scale research, computational methods are needed to decrease time and costs for drug
discovery and search potential interactions in a genome-wide way [1, 3, 7, 8]. Com-
putational methods can provide supporting evidences to the drug target experiments and
accelerate the drug discovery [9]. The one-target one-drug paradigm has been denominat-
ing the drug research in the past decades, but it didn’t accelerate the discovery of drugs as
expected [9]. Because multiple targets are often involved in the same disease, much at-
tention has been paid to search drugs involving many targets [10, 11, 12]. Multiple-target
therapeutics can benefit the drug efficacy and are less likely to cause drug resistance [11].
Hence the need to search the targets of drug is emergent.
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Many computational methods have been developed to uncover the relation between
drugs and targets. Yang et al made full use of disease network and proposed a novel
computational method to search for the target of drugs and give multiple targets optimal
intervention solutions restoring the disease network into normal state best [10]. Keiser
et al proposed a computational method to predict the associations between drugs and tar-
gets based on the chemical structure information [13]. Thirty of predicted associations
were tested by biological experiments and 23 of them were confirmed. But protein target
information wasn’t taken into consideration here. Yamanishi et al integrated the infor-
mation of drug-drug chemical similarity, protein-protein sequence similarity, and known
drug-target interactions and constructed pharmacological space [9]. A supervised learn-
ing method was proposed to associate drugs and targets. Bleakley et al used bipartite local
methods to predict drug-target interactions [14]. Firstly the target of a given drug was pre-
dicted, and then the drug targeting a given target was predicted; finally the above results
were combined to give the prediction of given drug-target pair. Wang et al employed sup-
port vector machine to predict drug-target interactions [1]. Gold-standard positive dataset
was extracted from the database, and then gold-standard negative dataset was selected au-
tomatically to solve the sample imbalance problem. Chemical structure of the drugs and
sequence information of the target proteins were used to extract the feature of the classi-
fier and the classifier was constructed to learn the rule from data. The common problem
of above three supervised learning method is that they regard the unknown drug-target
interactions as negative samples. Xia et al made full use of the unlabeled information
and integrated the information from chemical and genomic space [2]. A semi-supervised
method, NetLapRLS, was developed. This method established classifier in the drug space
and target space respectively, and combined two classifiers to give the final prediction.
A good performance has been obtained because of the integration of information and the
use of unlabeled data.

In the present study, based on the assumption that similar drugs target similar target
proteins and the framework of Random Walk with Restart (RWR) [15, 16], we devel-
oped the method of Network-based Random Walk with Restart on the Heterogeneous
network (NRWRH) to infer potential drug-target relationship. NRWRH is composed of
four steps: firstly, three networks (protein-protein similarity network, drug-drug similarity
network, and known drug-target interaction network) are constructed and combined into a
heterogeneous network by known drug-target interactions; secondly, the initial probabil-
ity of random walk is determined to make random walk start at the given drug node and
seed target nodes (these target proteins targeted by the given drug) simultaneously; then
random walk on the heterogeneous network is implemented; finally we select the most
probable targets according to the stable probability after the walk is stable. Random walk
has been used widely in the bioinformatics [15, 16, 17, 18].

To our knowledge, there are no computational methods by using the idea of random
walk to predict potential drug-target interactions before this work. NRWRH is different
from traditional random walk with restart in two aspects. The first is that we use the in-
formation of known drug-target interaction network to improve drug chemical structure
similarity and protein sequence similarity (motivated by [2]). The other difference is that
we implement the random walk on three networks (motivated by [18]). When searching
for targets for a drug having known targets, we can rank candidate targets by calculating
the similarity between candidate targets and known targets. However, if the drug has no
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known target, only using target similarity will be insufficient and hence drug similarity
must be used. In this case, we should select potential targets of this given drug based on
target information of drugs which are similar to the given drug. NRWRH is applied to four
classes of drug-target proteins interaction data including enzymes, ion channels, GPCRs
and nuclear receptors. Leave-one-out cross-validation is implemented and a significant
performance improvement over NetLapRLS has been obtained. So we can reach a con-
clusion that NRWRH successfully makes full use of the information of drug similarity,
protein similarity and known drug-target interactions.

2 Materials

All the data used in this paper is downloaded from http://web.kuicr.kyoto-u.ac.jp/supp
/yoshi/drugtarget/ [9]. Here we give a brief description.

2.1 The drug chemical structure similarity

The drug chemical structure similarity is calculated by SIMCOMP [19] based on the
information of chemical structure from the DRUG and COMPOUND Sections in the
KEGG LIGAND database [20]. The similarity is a global score based on the ratio be-
tween the size of common structures and the size of union structures. The drug chemical
similarity matrix is denoted as 5.

2.2 The target protein sequence similarity

The target protein sequence similarity is calculated by normalized Smith-Waterman
score [21] based on the information of amino acid sequences from the KEGG GENES
database [20]. The target protein similarity matrix is denoted as S7.

2.3 Drug-target interaction data

Yamanishi et al [9] collected four classes of drug-target proteins interaction data in-
cluding enzymes, ion channels, GPCRs and nuclear receptors from the KEGG BRITE
[20], BRENDA [22], SuperTarget [23], and DrugBank databases [24]. The number of
known interactions of the four datasets are 2926, 1476, 635, and 90. These datasets are
used as gold standard data in the study. Further detail about data collection has been given
in [9].

3 Methods

3.1 Construction of the heterogeneous network

The chemical structure of the drug and the sequence similarity of the protein have
been introduced in Section Materials. Here the aim is to extract the information from the
known drug-target interaction network (motivated by [2]). The underlying assumption
is that if two drugs have more common targets, they are more similar. So another drug
similarity matrix S’ can be obtained. The entry of the matrix is the number of targets
shared by two drugs. Similarly, another target similarity matrix S} can be established.
The entry of this matrix is the number of drugs shared by two targets.

Drug target network similarity must be normalized. For S, a diagonal matrix D,
is defined such that D/j(i,i) is the sum of row i of §. We set normalized matrix S =
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(D2)~1/28% (D7)~ 1/2 which yields a symmetric matrix where §Z(i,j) =80(i,7)/ R

D’ (i,i)D’(j,j). Similar operation is applied to S} and normalized matrix S} is ob-
tained. The drug similarity can be obtained by the linear combination Sp = wyS5 + (1 —
wd)SAL’;. Similarly, the target similarity can be obtained by S7 = w,S¥ + (1 — wt)SA;’.

Three kinds of data have been obtained: drug similarity, target similarity, and known
drug-target interactions. These data can be represented by three networks, namely drug
similarity network, target similarity network, and drug-target interactions network. In the
drug similarity network, two drugs are connected if the similarity between them is more
than 0. Drug similarity network is weighted and the weight of each edge is the similar-
ity score between two corresponding drugs. Target similarity network is constructed in
the same way as drug similarity network. In the drug-target interactions network, drug
and target are connected if this drug targets the target protein. (B),x, is denoted as the
adjacency matrix of the drug-target interaction network, where n and m represent the num-
ber of targets and drugs. The heterogeneous network is constructed by connecting drug
similarity network and target similarity network using drug-target interactions network
(motivated by [18]).

3.2 Initial probability

NRWRH simulates a random walker’s transition from its current nodes randomly to
the neighbors in the heterogeneous network starting at some given seed nodes (motivated
by [18]). NRWRH allows the restart of the walk in every step at source node with proba-
bility r. If we want to predict some potential targets of a given drug, this drug is denoted
seed nodes in the drug network and targets which are targeted by this drug are used as seed
nodes in the target network. The initial probability ug of the target network is formed such
that equal probabilities are assigned to the seed nodes in the target network, with the sum
equal to 1. The initial probability of the drug network vq is obtained similarly. Hence,

1—n)u
the initial probability of the heterogeneous network is pg = [( n) O] . The parameter
nvo
N € [0, 1] weights the importance of drug network and target network.

3.3 Transition matrix and random walk

To implement random walk, transition matrix must be decided (motivated by [18]).

Let M = [ My Mrp

Mpr Mp

M7 and Mp are inter-transition matrix, Mrpis the transition matrix from target network to

drug network, and Mpr is the transition matrix from drug network to target network.Let

A be the probability of jumping from target network to drug network or vise versa. Tran-
sition matrix is defined as follows.

The transition probability from target #; to target ¢; is defined as

(S1)ij/ Xj(S1)ij ifY;Bij=0
(Mr)ij = p(tjlt;) = { (1 f)LT)(S]T)iJ-j/Z: (él"r)ij otherwise

] be the transition matrix of the heterogeneous network, where

The transition probability from drug d; to drug d; is defined as

- _ (Sp)ij/ X (Sp)ij ify;Bji=0
(Mp)i,j = p(dj|di) = { (1- )Ll;(SD),-;/Z?(SJ"D)ij otherwise
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Table 1: Average fold enrichment comparison between NRWRH and NetLapRLS is
shown to confirm that NRWRH has an excellent performance.
Method Enzyme | Ionchannel | GPCR | Nuclear receptor
NRWRH | 242.6985 70.9746 31.6537 7.2362
NetLapRLS | 216.2111 60.7005 21.0765 6.6087

The transition probability from target #; to drug d; is defined as

ooy ) ABij/Y;Bij ifY;Bij#0
(Mrp)i.j = p(djl) = { 0 otherwise

The transition probability from drug d; to target ¢; is defined as

_ _ | ABji/¥;Bji ifY;Bji#0
(Mpr)ij = pltldi) = { 0 otherwise
Let p; be a vector in which the i-th element holds the probability of being at node i
at step t. The probability can be decided iteratively by p,.1 = (1 — r)M” ps+ rpo. The
parameter r is the restart probability. In each step, the restart of the walk at the seed nodes
is allowed with probability r.

3.4 Stable probability and target ranking

1 —1N)ue
After some steps, stable probability p. = [( m) ] is obtained by implementing
NVeo
the iteration until the change between p; and p;; (measure by the L; norm) is less than

10710 | Targets are ranked based on u...

4 Results

For simplicity, we just choose r=0.7 ([18]), A = n = 0.2, wg = w; = 0.5. These
parameters can be better selected by further cross validation. Leave-one-out cross valida-
tion is implemented for evaluating the performance of method in the four classes of target
proteins including enzymes, ion channels, GPCRs and nuclear receptors. Each known
drug-target association is taken in turn as test dataset and other known drug-target inter-
actions are used as training datasets. NRWRH is compared with NetLapRLS to show its
predictive ability.

4.1 Fold enrichment

For each drug, the candidate target set is composed of all the targets that don’t have
evidences to show their association with this drug. When each known drug-target asso-
ciation is taken as test dataset, how well this target ranks relative to the candidate target
set of this drug is assessed by fold enrichment. The formula is fold enrichment=the num-
ber of candidate targets/2/the rank of left out target. Fold enrichment actually represents
the average rank of a target before prioritization divided by the rank after prioritization.
For example, if the test target is ranked 1st in the candidate target set of 100 targets,
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Figure 1: Drug target prediction performance based on leave-one-out cross validation.
Each known drug-target interaction is treated as a test case. All the test cases are pooled
together and the fraction of the tested interactions ranked above various rank cutoffs is
calculated. NRWRH and NetLapRLS are applied to four classes of target proteins. The
maximum rank cutoff for each dataset is five percent of the number of drug-target inter-
actions in the dataset.

then the fold enrichment is 100/2/1=50. Average fold enrichment comparison between
NRWRH and NetLapRLS is shown in Table 1 to confirm that NRWRH has an excellent
performance.

4.2 Rank cutoff curve

A second commonly used evaluation is deciding the rank of test target among the
candidate target set in each test case and calculating the fraction of test targets ranked
above various cutoffs by considering all the test cases [25]. For the comparison with
NetLapRLS, rank cutoff curve is shown in Figure 1 (the curve describing the relation
between various cutoffs and the fraction of known drug-target interactions ranked above
this cutoff), which still confirms the performance advantage of NRWRH compared to
NetLapRLS.

5 Conclusion

In this work, we propose NRWRH to predict potential drug-target interactions by inte-
grating the drug chemical structure, protein sequence, and known drug-target interactions.
Methods are applied to four classes of target proteins including enzymes, ion channels,
GPCRs and nuclear receptors. Cross validation is implemented to demonstrate the su-
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perior performance of NRWRH. We conclude that NRWRH successfully makes full use
of the information of drug similarity and known drug-target interactions. The success of
our method can be attributed to a combination of several factors. First we combine three
different networks into a heterogeneous network and implement random walk on this het-
erogeneous network. Also we use the information of known drug-target interactions to
improve the drug similarity and protein similarity. Finally when the drug has no known
target, we can predict potential targets of this given drug based on the target information
of drugs which are similar to the given drug. If more known drug-target interactions can
be obtained, the performance of the method will be further improved. In the future work,
we plan to integrate more biological relevant information to define drug-drug similarity
and target-target similarity.
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