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1 Introduction

Link prediction is a fundamental problem in social networks, attracting considerable interest from
different research fields, e.g., computer science [15, 20, 4], network science [7, 23], and biology [17,
5, 18, 8, 11]. Typically, the link prediction problem is formalized as: given a snapshot of a network at
time t, predict which links will be created in the following time t+1. The problem can be addressed
by using unsupervised methods such as Adamic/Adar [1] and random walk with restart [19], or
supervised learning models such as supervised random walk [3] and random forest [16] by defining
a set of features.

In this paper, we study the link prediction problem in an interesting new setting: coupled networks,
where we have two networks: one source network GS and one target network GT . Basically, we
have structure information of the source network GS and interactions GC between the two networks,
but do not have any structure information for the target network. The objective of link prediction
here is to predict the existence of links in the target network GT .

The problem exists in many data mining applications. As the example illustrated in Figure 1, the
disease-gene coupled networks are decomposed as a disease network (Fig. 1(b)), a gene network
(Fig. 1(d)), and a cross network that links source and target networks together (Fig. 1(c)). Link
prediction in coupled networks is then formalized as a problem of using the disease network and
associations between diseases and genes to predict the relationships that exist between two genes
(Fig. 1(b) + Fig. 1(c) → Fig. 1(d)). Solving the problem automatically is quite useful, because oth-
erwise arduous and expensive medical experiments on a huge selection by biologists and geneticists
are required to figure out the links in the gene network [16]. In other domains such as social net-
works, the problem is also very important. In mobile social networks, an operator such as AT&T is
motivated to infer the link structure among users of its competitors (such as Verizon and T-Mobile);
Or in online social networks, it would be very useful for Google+ to acquire new users by having
Facebook connections among GMail users who are registered Facebook users.

Coupled network link prediction is different from the classical link prediction problem [15, 16,
23, 14], which generally aims at predicting the future links in the next time period. Meanwhile, the
proposed problem differs from link prediction in heterogeneous network [24, 25, 20, 13, 2], in which
partial multi-typed links are given to predict the remaining single- or multi-typed links. Our problem
is also different from the problem of transfer link prediction [6, 9, 21], which focuses on leveraging
the estimated parameters in one network to improve the prediction performance of the other network
based on the common features between the two networks. Finally, our problem is different from the
problem of cross-domain link prediction [22, 12], whereas it aims to predict the links in the cross
network (Fig. 1(c)) between two networks. The significant advantage of the proposed problem lies
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Figure 1: Illustrative example of link prediction in coupled disease-gene networks. (a) Coupled
disease-gene network; (b) Disease network; (c) Cross network; (d) Gene network. Taking disease network as
the source and gene network as the target, the problem of coupled link prediction aims to predict the links in
gene network (d) by leveraging both the disease network (b) and cross network (c).

in that it can be applied to real applications such as inferring the links in a competitor’s or enemy’s
network to better understand it.

This coupled link prediction problem presents several unique challenges. First, incompleteness,
we do not have structure information between two users in the target network—that is, there is a
visibility of links that go from the source network to the target network but not beyond that. Second,
heterogeneity, the source and target networks with multi-typed objects are twisted and coupled with
one another. This makes it difficult to directly use a supervised learning approach due to the different
types of links in source and target networks. Third, asymmetry, following the heterogeneity, the two
coupled networks usually present different network properties—such as the average degree k or
clustering coefficient cc.

In light of these differences and challenges, we present a unified two-phase framework CoupledLP to
predict links in coupled networks. At the first phase, we leverage atomic propagation rules to propa-
gate the implicit knowledge from the source network to the target network and construct “complete”
coupled networks. At the second phase, we first extract features from the “complete” coupled net-
works, and then generate informative meta-paths from the coupled part between the source and target
networks. We then propose a supervised Coupled Factor Graph Model to incorporate the meta-paths
as structural correlation factors.

The datasets used in the paper are three sets of large-scale real-world coupled networks, in which the
first are the networks with diseases and genes coupled together as shown in Figure 1(a), the second
are the mobile communication networks from three operators coupled together with 712 million call
records in a European country, and the last are also the mobile networks from two operators with 42
million calling records in an Asian city. The experimental results on the large-scale real networks
demonstrate that 1) CoupledLP offers a greater than 84% potential predictability for determining
the existence of phenotypic links between disease pairs and 2) a mobile operator—such as AT&T—
can achieve an accuracy of 80% for predicting the top links of its competitor’s network—such as
Verizon.
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