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In this Internet era, online social network services play a vital role in decision making, providing numerous services
to the users, etc. The sheer growth of such different social networks, which provide different services, has made
it complicated for users to choose the most relevant social networking service(s) which meet their requirements.
With these complications, link prediction in social networks has become a vital research topic. Most of the online
social networks are composed of multi-class links which are related with different types of services. Thus, it is
worthwhile to investigate the methods for predicting future links as well as the class or type of the links. In this
paper, we presented time-related dependency method which is used for multi-class link prediction in heterogeneous
social networks.

1. Introduction

Online social network services has become one of the most

influential and key source of services providing, informa-

tion/knowledge sharing and many other Internet based ac-

tivities. Most of these social networks are represented as

multi-relational networks. The users are linked with others

via different types of links. Each class or type of links in

network is related to a specific service or purpose. Thus,

predicting the links which are more likely to happen as well

as their types has become an important aspect of link pre-

diction. Mainly, there are two types of heterogeneous social

networks can be find. First, the same set of users are con-

nected via different social networks [Dai 12]. Second, the

same set of users are connected via different types of links

within one social network [Davis 12]. Besides that, some

research have tried to use similarities between different so-

cial networks with different users to predict links in one of

them [Dong 12]. In the present study, we focused on first

and second types of social networks. In both cases, our

aim is to predict the future links between users with its

type using the knowledge of other types of links that the

users are already having. For example, a facebook user can

comment on a post on his/her friend’s wall. In other words,

without being facebook friends a user can comment on third

party’s posts. Our aim is to find how likely them to become

facebook friends after having linked via comments. In that

case, the correlation between different types of links is a vi-

tal fact. Therefore, we focused on finding new methods to

extract the knowledge from correlations between different

types of links.

Multi-relational Social Networks can be modeled as a

combination of a set of different social networks. The goal

of multi-class link prediction is to find effective methods to

predict links in one type of social network using the knowl-
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edge of the all social networks. Most of the previous re-

search have utilized the social phenomenon such as cross

network community formation[Cai 05, Tang 09] and triad

formation[Dong 12] to study the evolution of heterogeneous

social networks. In this paper, we investigated time-related

patterns of triad formation in one type of links in the pres-

ence of other types of the links. We used the most re-

cent time stamps of the links/interactions to understand

the different patterns of triad formation. The time takes to

appear the second type of link after the first type of link

emerged/observed between a pair of nodes is a key indicator

of the correlation between two types of links. One previous

research has proposed triadic pattern based method for het-

erogeneous link prediction by considering type-related de-

pendencies between different types of links [Davis 12] but

has not considered time-related dependencies. Hence, we

introduced a method to determine the time-related depen-

dencies between different types of links and how this knowl-

edge can used for heterogeneous link prediction.

2. Supervised machine learning

method for link prediction

Supervised machine learning methods are widely used in

the past link prediction research [Munasinghe 13]. Hence,

we used supervised machine learning to learn a model using

the feature vectors of training data and the learned model

used to predict the links in test data. The feature vectors

are composed of some of the existing features which we

used as the baseline features and the new feature introduced

in this paper. We have shown the description of baseline

features in the Table 1. Here, vi, vj and k denote nodes and

Γ denotes the neighborhood of a node. Section 2.1 describes

the new feature referred to as time related correlation label.
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Table 1: Baseline features

Feature Description

Adamic/Adar
∑

kǫΓ(vi)
⋂

Γ(vj)
1

log|Γ(vk)|

Common neighbors |Γ(vi)
⋂

Γ(vj)|

Jaccard’s coefficient |Γ(vi)
⋂

Γ(j)|
|Γ(vi)

⋃
Γ(vj)|

Preferential attachment |Γ(vi)||Γ(vj)|
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Figure 1: Triadic patterns

2.1 Time related correlation label

The dependency/correlation between heterogeneous links

depends on various factors. Time-related dependencies are

one of the key factors which have not considered much in

the previous research. The studies of general rules of so-

cial behaviors and our analytical results drew us to the as-

sumption that if a correlation exists between type1 links

and type2 links, the most recent link of them(say type2)

should create within ∆t time after the first one(type1) cre-

ated(or observed). The time threshold, ∆t, is defined as the

weighted average of |t1−t2|s of all type1 and type2 links. t1
and t2 are the most recent timestamps of the links of type1

and type2 respectively. The weighted average was calcu-

lated using the training data. The method assign higher

weight as |t1 − t2| decreases and lower weight as |t1 − t2|

increases. Once the system computed the weights, we can

compute ∆t which we used to assign a binary label for the

edges, referred as time related correlation label, in the fol-

lowing way.

time related correlation label =

{

1 if |t1 − t2| ≤ ∆t

0 else

The general intuition behind the time related correlation

label is that if |t1 − t2| > ∆t, then there is no correla-

tion between two types of links. This can be regarded as

a measure of closeness between people. We observed that

this assumption has a coincidence with the general social

behaviors of the people.

The labeled edges used to identify different triad patterns

in the given heterogeneous network. We have illustrated

the possible triadic patterns in Figure 1. In this Figure,

we are given the nodes x, y, z with edges (x, y) and (y, z).

The brown and black color edges represent type1 and type2

links respectively. The task is to predict the type2 link

(x, z). Here, we observed three possible triadic patterns.

They are, both (x, y) and (y, z) are labeled with 1, one of

them labeled with 1 and none of them labeled with 1. Now,

we can interpret the given task as how likely the formation

of each triangle. In order to do that, we assign a weight

or score for each triangle based on the edge labels using a

simple calculation.

weight∆ =















1 if both edges labeled with 1

0.5 if one edge labeled with 1

0 if no edges labeled with 1

The weight∆ is used as a feature of a node pair in con-

junction with supervised machine learning method for link

prediction.

3. Conclusion

In this work, we investigated time-related dependency

between different types of links in heterogeneous so-

cial networks and introduced a new method, referred as

time related correlation label, to label the multiple edges

based on the difference between the most recent timestamps

of the edges. The labeled edges used identify different tri-

adic patterns in the network which give a very useful knowl-

edge to predict future links. The experiments are being con-

ducted to test the effectiveness of time related correlation

label.
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