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Abstract. Link Prediction is an interesting problem and is concerned
with predicting important edges in a social network based on the current
link structure. This prediction is based on the similarity between the
two nodes; similarity is captured typically using some function of the
degree of the common neighbors of the two nodes. The well-known power
law degree distribution is helpful in designing relevant functions used in
computing similarity functions. We show that cliques of nodes in the
graph also follow a power law distribution in terms of their size. We call
this power law clique distribution. It prompts us to consider small size
cliques in computing similarity. We specifically use cliques of size three
in an appropriately weighted form to compute the similarity. Cliques of
size three correspond to common edges. By using the proposed similarity
functions, we show experimentally an improvement in performance in
terms of classification accuracy over the state-of-the-art local similarity
functions using benchmark datasets.

Keywords: Common Neighbors, Resource Allocation Index, Cliques of
size two and three, Power law.

1 Introduction

In this paper we deal with the link prediction problem. Link prediction problem
deals with computing similarity between two nodes, which are not connected,
using local neighborhood or globally. In [1] and [2] surveys of various local and
global approaches in computing the similarity are presented. They show that
similarity measures like Common Neighbors and Resource Allocation Index are
comparable to the state-of-the-art similarity measures in terms of classification
accuracy. Here, we deal with some of the state-of-the-art local similarity mea-
sures. Another successful similarity measure is Resource Allocation Index. Ac-
cording to this measure, the probability of a link formation between two un-
connected nodes considers the common neighbors into account and takes the
contribution from each of them as inversely proportional to their degree. The

� Corresponding author.

P. Maji et al. (Eds.): PReMI 2013, LNCS 8251, pp. 739–744, 2013.
c© Springer-Verlag Berlin Heidelberg 2013



740 S. Virinchi and P. Mitra

authors in [4] designed this metric which was motivated by the resource alloca-
tion dynamics where the resource is transmitted through the common neighbor
based on its capacity which is reflected by its degree. Most of these metrics use
some function of the common neighbors and weigh their contribution accordingly.
Similarity computation between two nodes based on communities is proposed in
[5]; here they consider both common nodes and common edges from different
communities to which both the nodes belong. They give equal importance to all
the common edges and communities. They show improvement in classification
accuracy. However, they do not exploit the power law degree distribution.

Typically social networks follow the power law degree distribution [3]. We
exploit the power law degree distribution to show experimentally that there is
a power law associated with the sizes of cliques. This permits us to extend the
existing similarity measures to take into account common edge information; we
ignore the contribution of edges between a pair of high degree nodes. Specifically,
we have compared the performance of the modified algorithms with common
neighbors and resource allocation index. We consider the role of common edges
between nodes where one of them is a low degree node. The modified algorithms
have resulted in an improved performance in terms of classification accuracy on
several benchmark datasets on collaboration networks.

Our specific contributions in this paper are:

1. We establish power law distribution of clique sizes based on power law degree
distribution.

2. We devise schemes to ignore the contribution of common edges between high
degree nodes appropriately based on power law distribution of clique sizes.

This approach can be integrated with any local similarity function to improve
classification accuracy. We have shown experimentally that the proposed schemes
are superior to their counterparts, viz. similarity computation based on common
neighbors and resource allocation index. The rest of the paper is organized as
follows: section 2 introduces the background and some of the standard state-of-
the-art similarity functions and the modifications that we suggest. In section 3,
we describe the experimental results. We conclude in section 4.

2 Background and Our Approach

A social network is a graph G = (V,E) where V is the set of vertices and E is the
set of edges in the graph [3]. Now, let us consider that at some future instance t
the graph after addition of some edges has become Gt = (V,Et) where Et is the
set of edges. Link Prediction problem deals with the prediction of edges from
the set of edges Et − E accurately.

For solving the link prediction problem, we make use of cliques. A clique in G
is any completely connected subgraph of G. We conducted experiments on the
benchmark datasets to check if they follow a power law distribution. These are
shown in figure 1. Note the curve fitted in figure 1, which follows pk = Ck−α

where C = 3 and α = 2 where k is the size of cliques which ranges from 3
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Fig. 1. Power Law Distribution of clique sizes between 3 and 10

to 10 and pk is the probability of observing a clique of size k; there are a large
number of small size cliques and a small number of large size cliques which can be
approximated to a power law distribution [4] of clique sizes as shown in figure 1.
For the sake of uniformity across all the datasets we considered cliques up to size
10. In figure 2, we show two cliques of size 3; ABD and ACD sharing a common
edge AD. In our method we use cliques of size 3 to find out the common edges
between two unconnected nodes. By common edge between two nodes B and C,
we refer to the edge (A,D) that is common to both the cliques ACD and ABD
of size 3 each as shown in figure 2. Futher, notice that there can be atmost one
edge common to two cliques of size 3. Note that we are considering cliques of
size 3 to find the common edges and we ignore large size cliques as they are
infrequent according to the power law distribution of cliques shown in figure 1.

Fig. 2. Cliques ACD and ABD sharing common edge AD

We make use of the following similarity functions and modify them suitably
by weighing the contribution from the common edges as explained below.

Common Neighbors(CN) : Score between nodes x and y is calculated as the
number of common neighbors between x and y. Here, N(x) is the set of nodes
adjacent to node x.

CN(x, y) =| N(x) ∩N(y) |
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Resource Allocation Index (RA): Score between nodes x and y is calculated
as the sum of inverse of the degree of each of the common neighbors z between
x and y.

RA(x, y) =
∑

z∈N(x)∩N(y)

1

degree(z)
.

Now we present our modifications to the above metrics. Let us call them CN
Extended (CNE) and RA Extended (RAE) which stand for the modified
similarity functions for CN and RA respectively.

CNE(x, y) = CN(x, y) + CE(x, y) where

CE(x, y) =

{
0 if degree(x) > T and degree(y) > T∑

(u,v) 2 else

RAE(x, y) = RA(x, y) +RE(x, y) where

RE(x, y) =

{
0 if degree(x) > T and degree(y) > T∑

(u,v)2/(degree(u)+degree(v)) else

Here, (u, v) refers to the common edge shared by a cliques xuv and yuv as
shown in figure 2. A threshold value T is used to ignore the contribution of
high degree nodes to CE and RE as shown in the above equations. In order
to ignore the higher degree nodes in the graph we set the value of T to 0.5 ∗
max{degree(x)}(∀x ∈ V ) ; doing this we ignore contributions of a very small
number of nodes as the datasets follow a power law degree distribution [3].

From our approach it is clear that we are ignoring the contribution of common
edges between two high degree nodes (in both RE and CE) and giving more
importance to common edges between two low degree nodes (in RE). Here, we
choose two as a factor in the expression for CE and RE as each common edge
has two end vertices u and v whose contribution are weighed in a manner similar
to to that of CN and RA respectively to account for the common edges. In CE,
we give equal score to all the edges whereas in RE we give more importance
to the edge if the end vertices u and v are of lower degree which varies as
2/(degree(u) + degree(v)). We also ensure that the CE and RE score that is
computed do not dominate the CN and RA scores respectively. The CE and
RE score is zero if the end vertices u and v both have degrees greater than the
threshold T .

3 Experimental Results

Standard collaboration benchmark datasets from [6] are used for experimenta-
tion which are undirected graphs. The nodes represent the authors and edges
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represent collaborations. Each dataset is preprocessed by removing self-loops in
the corresponding graph and is tabulated in table 1.

We setup the experiment in a manner similar to the one explained in [2] and
[5]. We randomly partition the edges of the preprocessed graph into five distinct
edge sets. For each fold, we use four of the edge sets as the training graph and
predict the edges in the fifth part (test data). We repeat this five times taking a
different part to be the test data each time; this is called 5-fold cross-validation.
For each fold, we compute the classification accuracy as the percentage of edges
that are correctly predicted to have an edge in the test data. We take the average
over 5 folds and list the classification accuracy on the datasets by using the
standard and the modified metrics and list them in table 1.

Table 1. Percentage Classification Accuracy

Dataset | V | | E | T CN CNE RA RAE

GrQc 5241 28968 65 98.4 99.3 98.4 99.5

HepTh 9875 51946 53 78.1 81.2 92.2 94.36

CondMat 23133 186878 45 81.61 91.1 96.76 97.14

AstroPh 18771 396100 322 98.81 99.05 99.45 99.55

Table 2. Percentage Classification Accuracy on HepTh Dataset for 5-folds

Sl. No Predicting top 5% edges Predicting top 10% edges Predicting top 15% edges

CN CNE RA RAE CN CNE RA RAE CN CNE RA RAE

1 99.2 98.4 95.6 100 80.2 82.2 93.4 94.2 66.8 70.4 84.93 84.93

2 98.8 94.8 95.2 100 80.8 81.4 90.6 95 66.4 73.6 86.26 84.8

3 96.4 97.6 96.8 99.6 72.2 80.6 92 93.6 61.46 69.3 85.2 87.73

4 97.6 98.4 96.4 100 76.0 81.2 91.8 94 65.33 70.67 85.7 86.4

5 99.6 97.6 98.8 99.2 81.4 80.4 93.2 95 67.86 70.13 86.5 87.46

Total 98.3 97.3 96.5 99.76 78.12 81.16 92.2 94.36 65.57 70.82 85.7 86.26

From table 1 we observe that RA outperforms CN which is consistent with
results shown in [2]. Note that CNE and RAE perform better than CN and
RA respectively as shown in boldface; RAE is the best. There is an increase in
classification accuracy up to 9.5%.

We perform various experiments on the HepTh dataset [6] to show the ef-
fectiveness of all the similarity functions while predicting top 5,10 and 15% of
edges of the test data and we show the results obtained in table 2. In the case
of HepTh dataset, we can see that when we predict the most important links
possible to form in the future, RAE outperforms the rest and there is an increase
of 3.5% when we are predicting top 5% edges using RAE when compared to RA.
Using CNE we observe that there is an increase of 5% when we are predicting
top 15% edges compared to CN.



744 S. Virinchi and P. Mitra

4 Conclusions and Future Work

From the results we can conclude that our approximations of the state-of-the-art
local neighborhood similarity functions perform better than the original similar-
ity functions in terms of classification accuracy. Also common edges between
high degree nodes are not so useful in predicting new links. Thus, we completely
ignore the contributions of common edges between high degree nodes. We would
like to design better similarity schemes that exploit the power law distribution
of clique sizes; we would like to consider the contributions of bigger size (more
than size 3) cliques. We would also like to make use of more sophisticated clus-
tering and supervised learning approaches to solve this problem and improve the
approach of link prediction in terms of classification accuracy.
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