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Protein-protein interactions play a vital role in identifying the outcome of a vast majority of cellular mecha-

nisms. Complexity of living systems arises as a result of these interactions. Predicting protein interactions has

attracted much attention in recent years. The main difficulty for link prediction in protein network is the huge size of the

network. This paper proposes an efficient method for link prediction in a weighted protein network using local random walk.
The result shows that the method give better prediction than other random-walk based methods.

INTRODUCTION

Protein interactions are important for numerous biological
functions. For example, signal transduction, the process by
which signals from exterior of a cell is mediated to interior
of the cell is controlled by protein-protein interaction(PPI)
of the signaling molecules. This plays a fundamental role in
many biological processes and in many diseases like cancers.
Several efforts have been made to identify protein interac-
tions, so that biological systems can be understood better.
The cost for experimentally detecting physically interaction
between proteins in laboratory is very high and hence our
current knowledge about protein networks is substantially in-
complete [1,2]. Instead of blindly checking all the possible
interactions, predictions based on the observed interactions
and focusing on links most likely to exist can sharply reduce
the experimental costs [3]. This motivated us towards link
prediction which is one of major computational problem in
this area.

Protein network is a complex network with proteins as nodes
and their interactions as links. Protein networks are very dy-
namic objects, since new edges and vertices are added to
the graph over the time. Understanding the dynamics that
drives the evolution of protein network is a complex problem
due to a large number of variable parameters. But, under-
standing the association between two specific nodes is com-
paratively an easier problem. One such problem is addressed
in this paper, the Link Prediction problem. Given a protein
network, link prediction problem is predicting the protein in-
teractions that probably appear in future. It is one of the main
approaches to understand the dynamics of a protein net-
work. But designing an efficient and effective algorithm is a
main challenge in link prediction. In this paper we propose an
efficient method for link prediction using local random walk.
We tried to improve the existing method on link prediction
using local random walk by including protein interaction rate
also while calculating the similarity index. The results assert
that our method can be used as an effective method for link
prediction in protein network.

RELATED WORK

Protein-protein interactions (PPls) are one of the most in-
tensely analyzed networks in biology and there are a multi-
tude of biochemical and biophysical methods to detect them
[4,5]. Since molecular biology techniques used are very ex-
pensive and time-consuming, researchers depend on graph
theory techniques to study them.

Nantia lakovidou, Panagiotis Symeonidis and Yannis Manolo-
poulos[6] uses a multiway spectral clustering analysis, a tech-
nique that uses information obtained from the top few eigen

vectors and eigenvalues of the normalized laplacian matrix as
a method to predict links in PPl network. W. Pentney and M.
Meila[7] prove that their algorithm applying spectral cluster-
ing offers competitive performance on sequence data. A sim-
ple and unified derivation of spectral clustering of biological
data is presented in [8]. A tool for the identification of PPIs,
which can be used to detect interactions across the entire
proteome of an organism is given in [9]. Local Protein Com-
munity Finder is a tool developed by authors on [10] to find
community close to a queried protein in any network speci-
fied by the user. To predict protein interactions in yeast net-
work Y. Yamanishi, J.P. Vert and M.Kanehisa[11] introduced
a method based on variant of kernel canonical correlation
analysis.

Link prediction has also attracted researchers from the area
of social networking. Commonly, two nodes are more likely
to be connected if they are more similar. A Comparison be-
tween similarity indices is presented in [12], where node-de-
pendent indices like Common Neighbors[13], Jaccard coef-
ficient [14], Adamic-Adar Index [15], Preferential Attachment
[16] and path-dependent indices like Katz Index [17],Hitting
Time [18], Commute Time [19], Rooted PageRank [20], Sim-
Rank [21] and Blondel Index [22] were considered. T. Zhou, L.
L'u and Y.-C. Zhang[23] proposed Resource Allocation index
and Local Path index as a measure to compare two nodes.
Results shows that the local path index provides much ac-
curate prediction compared with the global index[24]. On
a weighted network, weak links play an important role than
strong links[25]. Likelihood for the existence of a link between
two nodes was estimated through local path index in [26].

Weiping Liu and Linyuan LU[27] present a method to find
node similarity based on local random walk. They illustrate
that the method has lower computational complexity com-
pared with other random-walk-based similarity indices, such
as average commute time (ACT) and random walk with restart
(RWR). In this paper we propose an improvement over the lo-
cal random walk by considering protein interaction rate to
calculate the similarity index. We defined a weighted protein
network with protein interaction rate as the weight of the link.
We calculated local random walk on this protein network. We
compare our result with the existing local random walk, and
the result shows that link prediction in protein networks can
be improved by including interaction rate.

METHOD AND DATA

Data
PPl data for the work consisting of 187455 interactions
among 12119 proteins was extracted from MINT database.
Since the number of interactions was very huge, we sample
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the data. We randomly selected k interactions and identified
the proteins involved in those k interactions. From the main
set of 187455 interactions, we generate a subset containing
all interactions of the above identified proteins.

Link Prediction Based on Local Random Walk

Consider an undirected weighted protein network G(V,E),
where V is the set of proteins and E is set of links which rep-
resents the interaction between proteins. Here protein in-
teraction rate is represented as the weight of the link. Two
nodes are more likely to be connected if they are similar. In
the proposed method a similarity score is generated based
on Local Random Walk(LRW). Our method is an improvement
over existing Link Prediction algorithm using Local Random
Walk[27], in that here we generate the score based on Pro-
tein Interaction rate. To predict the missing links, sort the non
existing links in the descending order based on the score
generated. The links which are in the top of the list are likely
to exist.

Random walk is a path consisting of sequence of random
steps. The probability that a random walker starting at node
x will move to y in the next step is represented by transition
probability matrix , P, with Pxy = axy/kx, where a,, equals 1 if
node x and node y are connected, 0 otherwise, and k_de-
notes the degree of node x. The probability that a random
walker located at node x will be located at node y after t
steps is given by

m(t) = PTm (t-1) M

where 11 (0) is an Nx1 matrix with x = 1 and all other values are
0's and T is the transpose matrix. The similarity between node
x and node y is given by
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where |E| represents the number of links in the network.

Random walk based similarity measures are more sensitive
to nodes far away from target nodes[28]. Hence, the prob-
ability for the random walker to go farther from x and y, even
though they are close to each other is high. Since proteins
have a tendency to connect with ones nearby rather than far
way, this may lead to low prediction accuracy. To solve this
problem we can continuously release the walkers at the start-
ing point. By superposing the contribution of each walker,
we get the next similarity index, Superposed Random Walk
(SRW)
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To validate the result we use a supervised training method by
which the selected protein interactions are divided into mu-
tually exclusive train set and test set. We have done experi-
ments with different ratio of train set and test set. The overall
ranking precision of the algorithm is measured by plotting
Area Under Curve (AUC). To measure the prediction accu-
racy of the top n predictions another standard metric, preci-
sion curve is also plotted. For this we rank all the non existing
links in the decreasing order of their scores, and the top n
links are used for prediction. We have verified the algorithm
for different values of n.

RESULT AND DISCUSSION

From the protein-protein interaction data a protein network
is created and represented as an adjacency matrix. In this
paper we propose an improvement over the existing method
by including protein interaction rate while calculating the
LRW and SRW indices. From the results obtained the follow-
ing observations are noted.

Fig.1 shows the AUC calculated for different similarity indi-
ces. AUC is used to evaluate the overall ranking of the algo-
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rithm. It may be noted that Local Random Walk with Interac-
tion Rate (LRW with IR) gives better result that Local Random
Walk without Interaction Rate (LRW without IR). Similarly Su-
perposed Random Walk with Interaction Rate (SRW with IR)
outperforms Superposed Random Walk without Interaction
Rate (SRW without IR). Or we can say that the probability for
a randomly chosen missing link to have higher score than a
randomly chosen non existing link is high when we include
protein interaction rate to calculate index.
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Fig. 1: Dependence of AUC on size of training set.

In order to evaluate the accuracy in predicting missing links
we have calculated precision. Precision is the ratio of num-
ber of relevant items to the number of selected items. Hence
we ranked all non existing links in descending order of their
score and selected top n links. Fig. 2 shows the precision
curve for various indices when the value of n is 100. In is
clear from the figure that for both LRW and SRW, our method
outperform the traditional method of index without protein
interaction rate.

To demonstrate the tradeoff between sensitivity and specific-
ity Receiver Operating Characteristic (ROC) curve was plot-
ted. Figure 3 shows the ROC for various indices with training
set containing 70% of the known links. The closer the curve
follows the left-hand border and then the top border of the
ROC space, the more accurate the test. From the figure it is
clear that for both SRW and LRW indices our method do bet-
ter than the traditional method.
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Fig. 2: Dependence of Precision on size of training set.

126 = INDIAN JOURNAL OF APPLIED RESEARCH



RESEARCH PAPER Volume : 3 | Issue : 5 | May 2013 | ISSN - 2249-555X

CONCLUSIONS
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Fig. 3: ROC Curve.
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