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Background Knowledge
• Social Networks 

• Definition: A social network is a social structure 
made up of a set of social actors and a set of ties 
between these actors. 

• Example:



• Social Networks!

• Representation: 

Background Knowledge

where G is the social network, V is the set of 
actors and E is the set of ties among actors.



Background Knowledge
• Homogeneous Social Networks!

• Definition: 

If V contains one single type nodes and E 
contains one single type of links, then G is a 
homogeneous social network.



Background Knowledge
• Homogeneous Social Networks!

• Example: 

where V is the set of users and E is the set of 
social links among users.



Background Knowledge
• Heterogeneous Social Networks!

• Definition: 

where                  is the sets of various kinds of 
nodes in the network and      is the      kind of 
nodes in G;                   is the sets of various types 
of links in the network and      is the      kind of links 
in G. 
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Background Knowledge
• Heterogeneous Social Networks!

• Example: 
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Background Knowledge
• Multi Aligned Heterogeneous Social Networks!

• Definition: 

G = (Gset, Aset)

where                                                      is the set of        Gset = {G(1), G(2), · · · , G(|Gset|)}
         different heterogeneous networks;|Gset|
                                                                    is the setAset = {A(1,2), A(1,3), · · · , A(|Gset|,|Gset|�1)}
of anchor links among networks.
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Problem Formulation
• Link Prediction Problem !

• Definition:

Based on a snapshot of social network, e.g., G, 
predicting the set of potential links to be formed in
the future is formally defined as the Link Prediction 
Problem.
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• Link Prediction Problem 

• Definition 

• Example
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Reminder
• Homogeneous Social Networks!

• Definition: 

If V contains one single type nodes and E 
contains one single type of links, then G is a 
homogeneous social network.



• Unsupervised Link Predicators!

• Local Neighbor based Link Predicators 

• Path based Link Predicators 

• Random Walk based Link Predicators!

• …

Link Prediction for Homogeneous 
Social Networks



Link Prediction for Homogeneous 
Social Networks

• Unsupervised Link Predicators:!

• measuring the closeness among nodes 

• assuming that close nodes are more likely to be 
connected



• Local Neighbor based Link Predicators:!

• Preferential Attachment

Link Prediction for Homogeneous 
Social Networks

user neighbors

PA(            ) = 2 x 4 = 8

PA(u, v) = |�(u)| |�(v)|

u �(u)



Link Prediction for Homogeneous 
Social Networks

• Local Neighbor based Link Predicators:!

• Common Neighbor CN(u, v) = |�(u) \ �(v)|

user neighbors

CN(          ) = |{           }| = 2



|{           }|

Link Prediction for Homogeneous 
Social Networks

• Local Neighbor based Link Predicators:!

• Jaccard’s Coefficient

user neighbors

JC(          ) = 

JC(u, v) = |�(u)\�(v)|
|�(u)[�(v)|

|{                  }|
=0.5



• Local Neighbor based Link Predicators:!

• Adamic/Adar Index 

• Resource Allocation 

• …

Link Prediction for Homogeneous 
Social Networks

AA(u, v) =
P

w2(�(u)\�(v))
1

log|�(w)|

RA(u, v) =
P

w2(�(u)\�(v))
1
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• Path based Link Predicators:!

• Shortest Path

Link Prediction for Homogeneous 
Social Networks

SP (u, v) = min{|pu v|}

pu v

……

SP(          ) = 2



• Path based Link Predicators:!

• Katz 

• … 

• Random Walk based Link Predicators:!

• Hitting Time 

• Commute Time 

• ……

Link Prediction for Homogeneous 
Social Networks

Katz(u, v) =
P1

l=1 �
l
��plu v

�� ,



• Unsupervised Link Predicators 

• Local Neighbor based Link Predicator 

• Preferential Attachment, Common Neighbor, Jaccard’s Coefficient,  

• Adamic/Adar , Resource Allocation 

• Path based Link Predicator 

• Shortest Path, Katz 

• Random Walk based Link Predicators 

• Hitting Time, Commute Time

Link Prediction for Homogeneous 
Social Networks
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Reminder
• Heterogeneous Social Networks!

• Definition: 

where                  is the sets of various kinds of 
nodes in the network and      is the      kind of 
nodes in G;                   is the sets of various types 
of links in the network and      is the      kind of 
nodes in G. 
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Reminder
• Heterogeneous Social Networks!
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Link Prediction in Heterogeneous 
Networks

• Supervised Link Prediction!

• Feature Extraction 

• Local Neighbor, Path, Random Walk based Closeness Measures 

• Meta Path based Features 

• Classification Algorithm 

• Decision Tree, Naive Bayes, …. 

• SVM



Link Prediction in Heterogeneous 
Networks

• Supervised Link Prediction!

• Meta Path based Features for Heterogeneous Networks
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Link Prediction in Heterogeneous 
Networks

• Supervised Link Prediction!

• Meta Path based Features for Heterogeneous Networks 

• Schema Definition: 

!

• Meta Path Definition:

Post
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stampWord

written atcontain

checkin at

write
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write-1
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The schema of network G is defined to be SG = (T,R),

where T , R are the sets of node types and link types in G.

Based on the given the network schema, SG = (T,R),

� = T1
R1��! T2

R2��! · · · Rk�1���! Tk is defined to be the

meta path of network G, where Ti 2 T, i 2 {1, 2, · · · , k}
and Ri 2 R, i 2 {1, 2, · · · , k � 1}
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• Supervised Link Prediction
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Link Prediction in Heterogeneous 
Networks

• Supervised Link Prediction!

• Meta Path based Features 

• Definition:

Post

User

Location
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written atcontain

checkin at

write
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write-1

checkin at-1
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For a given link (u, v), the feature extracted for it

based on meta path � = T1
R1��! T2

R2��! · · · Rk�1���! Tk

from the network is defined to be the expected number

of meta path instances between u and v in the network.



Link Prediction in Heterogeneous 
Networks

• Supervised Link Prediction!

• Meta Path based Features 

• Example:
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Link Prediction in Heterogeneous 
Networks

• Supervised Link Prediction!

• Classification Algorithms 

• SVM
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• Supervised Link Prediction Method 

• Feature Extraction 

• Meta Path based Features 

• Classification 

• SVM

Link Prediction in Heterogeneous 
Networks
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Reminder
• Multi Aligned Heterogeneous Social Networks!

• Definition: 

G = (Gset, Aset)

where                                                      is the set of        Gset = {G(1), G(2), · · · , G(|Gset|)}
         different heterogeneous networks;|Gset|
                                                                    is the setAset = {A(1,2), A(1,3), · · · , A(|Gset|,|Gset|�1)}
of anchor links among networks.
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• Anchor Link Prediction

Link Prediction across Aligned 
Heterogeneous Networks
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• Anchor Link Prediction  

• Supervised Link Prediction Methods 

• Feature Extraction 

• Classification Algorithm

Link Prediction across Aligned 
Heterogeneous Networks
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(c) Temporal

word counts in both networks

user (Twitter, Foursquare)

Michelle Jacobson

art (65,2), style (16,3)

audit (3,2), grill (19,2)

Nathan Levinson

happy (27,5), enjoy (9,4)

week (18,4), shows (6,6)

Andrew Nystrom

awsm (2,3), kids (20,3)

red (61,3), open (11,4)

Liza Sperling

ask (6,5), co↵ee (8,3)

mochi (1,3), hangout (5,2)

Tristan Walker

win (19,4), amazing (55,5)

awesome (51,4), please (9,4)

(d) Text

Figure 4: Case study: five real-world users with their social, spatial, temporal and text distributions.

butions of the same user are pretty similar to each other.
Michelle is mainly located in the middle states of America,
when sending tweets and foursquare tips. The spatial distri-
butions of her foursquare account and twitter accounts are
pretty similar. In Figure 4(c), we show the temporal dis-
tribution of the users. We can see that Tristan’s temporal
activities across both Twitter account and Foursquare ac-
count are very consistent, and his distribution is very di↵er-
ent from Lisa’s temporal activity patterns. In Figure 4(d),
we show some frequently used words by the users, where the
choices of words of the same user can be pretty consistent.
For example, Andrew seems to prefer to use ‘awsm’ instead
of ‘awesome’ when writing tweets and tips.

5. RELATED WORK
Social network analysis [15, 12], especially the link predic-

tion problem in social networks, has been intensively stud-
ied in recent years [13, 10, 20]. Typically some similarity
measures between pair of nodes are used. Upon whether

considering the label information, there are two types of ap-
proaches: unsupervised and supervised. Liben-Nowell and
Kleinberg [13] developed unsupervised link prediction meth-
ods based upon several topological features of a co-author
network. Many supervised link prediction methods have also
been proposed in recent years, [10], where the features used
in unsupervised approaches can be directly used to train a
binary classification model for link prediction. There are
many other recent e↵orts on link prediction problem in so-
cial networks. Lichtenwalter et. al. [14] have a detailed dis-
cussion over di↵erent challenges of link prediction problem.
Scellato et. al. [16] proposed to use place features for link
prediction in location-based social networks. [2] proposed a
supervised random walk method for link predictions in so-
cial networks. In addition, another line of research works
study the link prediction problems on multiple networks or
domains [5, 7, 18, 21, 19].

Network alignment problem has also been studied by many
works in recent years, which has many applications bioinfor-

awsm

awesome

=

Content
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• Information Transfer across Aligned Networks for 
Link Prediction Tasks

Link Prediction across Aligned 
Heterogeneous Networks

8 AM 4 PM 11 PM 8 AM 4 PM 11 PM



• Anchor Link Prediction 

• Supervised Link Prediction 

• Stable Matching 

• Information Transfer across Aligned Networks
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Future Works
• Class Imbalance Problem in Supervised Link 

Prediction
existing links unconnected links

4
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6(6-1)/2 - 4 = 11



• Information Transfer across Aligned Networks for 
both anchor and non-anchor users

Future Works
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Summary
• Link Prediction Problem Definition 

• Link Prediction for Homogeneous Networks 

• various unsupervised predicators 

• Link Prediction for Heterogeneous Networks 

• Supervised Link Prediction Methods 

• Link Prediction across Aligned Heterogeneous Networks 

• Anchor Link Prediction Problem: Supervised Method + Stable Matching 

• Future Works 

• Class Imbalance Problem, Information Transfer across Aligned Networks
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