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ABSTRACT

Social networks can capture a variety of relationships among
the participants. Two of the most commonly studied are
friendship and family, or kinship, ties. Most existing work
studies these networks in isolation. Here, we study how
these networks can be overlaid. We study the predictive
power of overlaying friendship and family ties on a trio of
interesting real-world social networks. We show that when
there are tightly-knit family groups, which we refer to as
family circles, in a social network, we can improve the accu-
racy of our link prediction models. This is done by making
use of the family-circle features based on the likely structural
equivalence of participants in these groups. Our experiments
confirm this, and we achieve significantly higher prediction
accuracy (between 15% and 30% more accurate) as com-
pared to using more traditional features such as descriptive
node attributes and structural features. We also show that
a combination of all three types of attributes results in the
best precision-recall trade-off.

1. INTRODUCTION

There is a growing interest in social media and in data
mining methods which can be used to analyze, support and
enhance the effectiveness and utility of social media sites.
The analysis methods being developed build on traditional
methods from the social network analysis community, ex-
tend them to deal with the heterogeneity and growing size of
the data being generated and use tools from graph mining,
statistical relational learning and methods for information
extraction from unstructured and semi-structured text.

Traditionally, social network analysis has focused on ac-
tors and ties, or relationships, between them such as friend-
ships and kinships. The notion of “structural equivalence,”
when two actors are similar based on participating in equiva-
lent relationships, is fundamental to finding groups in social
networks. Similarly, there has also been much work in com-
munity finding, where densely connected groups of actors
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are clustered together into communities.

Most of the existing work focuses on networks that exhibit
a single relationship, such as friendship or affiliation. The
two most common types of networks are unimodal networks,
where the nodes are actors and the edges represent ties such
as friendships, and affiliation networks which can be repre-
sented as bipartite graphs in which there are two types of
nodes, the actors and organizations, and the edges represent
the affiliations between actors and organizations.

In this paper, we investigate the power of combining friend-
ship and affiliation networks. Our approach is an attempt to
bridge approaches based on structural equivalence and com-
munity detection. We show how predictive models, based
on descriptive, structural and community features, perform
surprisingly well on challenging link-prediction tasks. We
validate our results on a trio of novel social media websites
describing pets, and their friendships and family relation-
ships. With our results, we hope to motivate further re-
search in discovering closely-knit groups in social networks
and using them to improve link-prediction performance.

Our link-prediction approach can be applied to a vari-
ety of domains. The important properties of the data that
we use are that there are actors, links between them and
closely-knit groups. In some data, groups are given; in other
datasets, it may be necessary to first cluster the nodes in a
meaningful manner.

Our contributions include the following:

e We propose a general framework for combining social
and affiliation networks.

e We show how to instantiate it for overlaying friendship
and family networks.

o We show how features of the overlaid networks can be
used to accurately predict friendship relationships.

e We validate our results on three social media websites
describing pets and their social networks.

In this research, we used data from three social media
websites: Dogster, Catster, and Hamsterster *. These pet
social networking websites, or petworks, allow members to
post and share information describing their pets, their pets’
friends, and their pets’ family members. Figure 2 shows part
of a representative profile from Dogster. On all these sites,

!At http://www.dogster.com, http://www.catster.com,
and http://www.hamsterster. com.
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Figure 1: Actors in the same tightly-knit group often exhibit structural equivalence, i.e., they have the same
connections to all other nodes. Using the original network (a), and a structural equivalence assumption, one

can construct a network with new predicted links (b).

members maintain profiles that include photos, personal in-
formation and characteristics. Members also maintain links
to friends and family members. As of February 2007, Dog-
ster has approximately 375,000 members. Catster is based
on the same platform as Dogster and contains about 150,000
members. Hamsterster has a different platform, but it con-
tains similar information and has about 2,000 members.

2. SOCIAL NETWORK MODEL

We begin with a description of the social network model.
Social networks describe actors and their relationships. The
actors can have attributes such as age and income. Re-
lationships can represent dyadic (binary) relationships or
they can represent group memberships (cliques or hyper-
edges); in addition, relationships can be directed, undirected
and/or weighted. Here we consider both dyadic and group-
membership relationships. Specifically, we consider friend-
ship relationships and family group memberships. In our
domain, these are undirected, unweighted relationships.

More formally, the networks we consider consist of:

actors: a set of actors A = {a1,...,an},

and their partitioning into non-overlapping groups:

groups: a group of individuals connected through a com-
mon affiliation. The affiliations group the actors into
sets G = {G1,...,Gm}.

We consider the following relationships:

friends: F{a;,a;} denotes that a; is friends with a;, and
family: M{a;, Gi} denotes that a; is a part of family Gy.

Actors can have attributes; if b is an attribute, then we
use a;.b to denote the b attribute of actor a;. We denote
the set of friends of actor a; by a;.F, and the set of family
members of the same actor as a;.M.

Figure 1(a) shows an example network of eight actors and
five groups. Each node represents an actor, and a group is
shown as a circle around the actors. The thick lines inside
a group mark family relationships, and the thin black lines
denote friendship relationships. There are single-member
groups, and there are actors without friends.

3. PREDICTING LINKS IN SOCIAL NET-
WORKS

Here we study the problem of predicting friendship links
in multi-relational social networks. Link prediction is useful
for a variety of tasks. The most straight-forward use is for
making data entry easier — a link-prediction system can pro-
pose links, and users can select the friendship links that they
would like to include, rather than users having to enter the
friendship links manually. Link prediction is also a core com-
ponent of any system for dynamic network modeling—the
dynamic model can predict which actors are likely to gain
popularity, and which are likely to become central according
to various social network metrics.

Link prediction is challenging for a number of reasons.
When it is posed as a pair-wise classification problem, one of
the fundamental challenges is dealing with the large outcome
space; if there are n actors, there are n? possible relations.
In addition, because most social networks are sparsely con-
nected, the prior probability of any link a priori is extremely
small, thus we have to contend with a large class skew prob-
lem. Furthermore, because the number of links is potentially
so large, the number of the negative instances will be huge,
so constructing a representative training set is challenging.

In our approach to link prediction in multi-relational so-
cial networks, we explore the use of both attribute and struc-
tural features, and, in particular, we study how group mem-
bership (in our case, family membership) can significantly
aid in accurate link (here, friendship) prediction.

4. A FEATURE TAXONOMY

We identified three classes of features in these networks
that describe characteristics of potential links in the so-
cial network: descriptive attributes, structural attributes and
group attributes. The descriptive attributes are attributes
inherent to the nodes such as 'dog breed,” and they do not
consider the structure of the network. The structural at-
tributes include characteristics of the networks based on the
friendship relationships such as node degree. The group at-
tributes are based on structural properties of the network
when both types of relationships, friendship and family, are
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Figure 2: A sample profile on Dogster which in-
cludes family and friends.

considered. The groups in this case are the cliques of family
members which partition the graph. The latter features are
given by the family affiliations of the actors in the network.
Each feature within a class can be assigned to an actor or
to a pair of actors, a potential edge. The following sections
describe our taxonomy of the features in more detail.

4.1 Descriptive attributes

The descriptive attributes are attributes of nodes in the
social network that do not consider the link structure of the
network. They provide semantic insight into the inherent
properties of each node, or compare the values of the same
inherent attributes for a pair of nodes. For the pets in Dog-
ster and Catster, we used the following attributes:

1. Actor features. These are inherent actor attributes.

Breed. This is the pet breed such as golden retriever
or beagle. A pet can have more than one breed.

Breed category. Each breed belongs to a broader cat-
egory set. In Dogster, the major breed categories
are working, herding, terrier, toy, sporting, non-
sporting, hound, and other. The breed category
of a dog with multiple breeds is mized.

Single Breed. This boolean feature describes whether
a pet has multiple breed characteristics.

Purebred. This boolean feature specifies whether a
dog owner considers its pet to be purebred or not.

2. Actor-pair features. All of the above features describe
characteristics of a single pet in the network. The
actor-pair features compare the values of the same
node attribute for a pair of nodes.

Same breed. This boolean feature is true if two pets
have at least one common breed.

Descriptive features vary across domains. The above fea-
tures were applicable to Catster and Dogster. Hamsterster

had a richer set of features which included a binary feature
which described whether the pet is a hamster or a gerbil,
and an actor-pair feature which described whether the pets
in the pair are both alive.

4.2 Structural features

All of the above features describe characteristics of a node
in the network. The next set of features that we introduce
describe features of network structure. The first is a struc-
tural feature for a single node, a;, while the remaining de-
scribe structural attributes of pairs of nodes, a; and a;.

1. Actor features. These features describe the link struc-
ture around a node.

Number of friends. The degree, or number of friends,
of an actor a;: |a;.F|.

2. Actor-pair features. These features describe how in-
terconnected two nodes are. They measure the sets of
friends that two actors have a;.F' and a;.F'.

Number of common friends. The number of friends
that the pair of nodes have in common in the
network: |a;.F'Na;.F|.

Jaccard coefficient of the friend sets. The Jaccard
coefficient over the friend sets of two actors de-
scribes the ratio of the number of their common
friends to their total number of friends:

a;.Fna;.F

Jaccard(ai, a]) = m.

The Jaccard coefficient is a standard metric for
measuring the similarity of two sets. Unlike the
feature number of common friends, it considers
the size of the friendship circle of each actor.

Density of common friends. For the set of common
friends, the density is the number of friendship
links between the common friends over the num-
ber of all possible friendship links in the set. The
density of common friends of two nodes describes
the strength in the community of common friends.
Density is also known as clustering coefficient.

4.3 Group features

The third category of features use group membership; in
the petworks case, the groups are families. These are the
features that overlay friendship and affiliation networks.

1. Actor features. They describe the groups to which an
actor belongs.

Family Size. This is the simplest attribute and de-
scribes the size of an actor’s family: |a;.M|.

2. Actor-pair features. There are two types of features
for modeling these inter-family relations:

Number of friends in the family. The first feature
describes the number of friends a; has in the fam-
ily of a;: |a;.F Na;.M|. This feature allows one
to reason about the relationship between an ac-
tor and a group of other actors, where the latter
is semantically defined over the network through
the family relations.



Portion of friends in the family. The second feature
on inter-family relations describes the ratio be-
tween the number of friends that a; has in a;’s
family (the same as the above feature) and the
size of a;’s family.

The idea behind the group features is based on the notion
of structural equivalence of nodes in a group. Two nodes
are structurally equivalent if they have the same links to all
other actors. If we can detect tightly-knit groups in a social
network and we assume that the nodes in each group are
likely to behave similarly, then new links can be predicted
such that the nodes in the group become structurally equiv-
alent. In our petworks, such groups are the family cliques.
Figure 1 shows an example. If one of the actors from Group
A is friends with an actor from Group B, as shown on the
original network (a), then it is highly likely that there is a
link between the other actor from Group A and the actor
from Group B, shown as a dashed line in (b).

S. ALTERNATIVE NETWORK OVERLAYS

The traditional approach to studying networks is to treat
all relationships as equal. We propose overlaying networks
with different link types in a way that distinguishes between
link types, and uses information about affiliation groups. In
other words, our link-prediction approach uses information
about the actors A, the groups G, the friendship relation-
ships F', and the family relationships M. We call this over-
lay different-link and affiliation overlay. Therefore, a logical
question one may ask is what is the benefit of treating links
as different, and whether affiliation groups really make a dif-
ference in link prediction. Our claim is that affiliations are
important and that they can have a predictive value. To
illustrate the benefit of our approach as compared to the
traditional one, we compare the different-link and affiliation
overlay to two alternative overlays of the network.

In the first overlay, which we call same-link and no affilia-
tion overlay, the family and friendship links are treated the
same, and affiliation groups are not given. We test the null
hypothesis that the alternative overlay can offer the same or
better link-prediction accuracy as the overlay that we have
been discussing so far. More formally, in this alternative
overlay, the graph consists of these components: actors A,
and a set of edges to which we refer as implied friendships
Fimpliea = F'U M. We can compute the descriptive and
structural features in this overlay for link prediction.

If the null hypothesis is rejected then we still need to check
whether the predictive value of our initially proposed net-
work overlay comes from treating the links as different or
from the fact that we are given the affiliation groups. To
test that, we also look at a second alternative overlay, the
same-link and affiliation overlay, in which the family and
friendship links are treated the same, and affiliation groups
are given. In this overlay, the graph consists of these compo-
nents: actors A, groups G, and implied friendships Fimpiied-
We can compute all classes of features in this overlay.

6. EXPERIMENTAL EVALUATION

6.1 Data description

We have obtained a random sample of 10,000 pets each
from Dogster and Catster, and all 2059 pets registered with

Table 1: Comparison of F1 values in the three
datasets, with the feature types from our taxonomy.

FEATURE TYPE DOGSTER CATSTER HAMSTERSTER

Descriptive (D) 37.6% 0.0% 0.0%
Structural (S) 76.1% 83.1% 59.9%
Group (G) 90.8% 95.2% 89.2%
D and S 78.6% 83.0% 60.3%
D, S and G 94.8% 97.9% 90.5%

Hamsterster. Each instance in the data contained the fea-
tures for a pair of pets where some of the features were
individual pet features. For each pair of pets in the data,
we computed the features from the three classes described
in Section 4. An instance for a pair of pets a; and a; in-
cludes both the individual actor features and the actor-pair
features. It has the form <a; features, a; features, (ai,a;)-
pair features, class> where class is the binary class which
denotes whether a link exists between the actors.

For Dogster, the sample of 10,000 dogs had around 17,000
links among themselves, and we sample from the non-existing
links at a 1:10 ratio. For Catster, the 10,000 cats had 43,000
links, and for the whole Hamsterster dataset, the number of
links was around 22,000. We sampled from the non-existing
links in these datasets at the same 1:10 ratio.

6.2 Experimental setup

We used three classifiers: Naive Bayes, logistic regression
and decision trees and performed binary classification on the
test instances to predict friendship links. The implemen-
tations of these classifiers were from Weka (v3.4.12). We
measured accuracy by computing precision, recall, and their
harmonic mean, F1 score, using 10-fold cross-validation.

6.3 Link-prediction results

We report only on the results from decision-tree classifica-
tion because it consistently had the highest accuracy among
the three classifiers. Table 1 summarizes our results. Adding
group features to the descriptive and structural features in-
creased accuracy by 15% to 30%.

6.3.1 Descriptive attributes can be useful in combi-
nation with structural attributes

In these experiments, we have investigated the predictive
power of the simplest features, i.e., the descriptive attributes
versus the impact of the structural attributes. Table 1 shows
the accuracy results from the decision-tree classifier. When
we use only descriptive attributes, the link-prediction ac-
curacy varies across datasets. In Dogster, there is some ad-
vantage to using descriptive attributes, yet the accuracy (F1
score) is relatively low 37.6%. In Catster and Hamsterster,
the classifier was not able to separate the positive and neg-
ative instances based only on the descriptive features, and
it had 0% accuracy. This confirms that, in general, link
prediction is a challenging prediction task.

When we used the structural features (such as number
of friends that two pets share), the link-prediction accuracy
increased to 76.1% in in Dogster. This suggests that the
structural features are much more predictive than simple de-
scriptive attributes. This effect was even more pronounced
for Catster and Hamsterster.

In Dogster, combining the node attributes and the struc-
tural features leads to futher improvement. Using descrip-
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Figure 3: Link-prediction accuracy using all feature classes: descriptive, structural and group features. a)
Recall, precision, and F1 score for Dogster; b) F1 score across datasets. Group features are highly predictive,

yet adding the other features provided benefit too.
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Figure 4: Prediction accuracy when links are treated
equal, with and without group affiliations. Group
features are the main contributor to the high link-
prediction accuracy.

tive attributes together with structural attributes leads to
a better F1 score (78.6%) as compared to using either cate-
gory alone (37.6% and 76.1%, respectively) in Dogster. For
Catster and Hamsterster, the difference was less than 0.4%.

6.3.2 Family group features are highly predictive

As the previous experiments showed, structural attributes
are stronger predictors than the descriptive attributes alone.
Next, we investigate the predictive power of the group fea-
tures in our taxonomy. In Dogster, Catster and Hamster-
ster, the group features involve the families and friends of the
pets. Figure 3 shows our comparisons. Our results suggested
that group features are strong predictors for friendship links
(F1 = 90.8% for Dogster). We also ran experiments where
we used not only family cliques, but also the structural and
descriptive features. In these experiments, the results show
that the accuracy (F1) improves by 4% in Dogster, 0.6% in
Catster and 1.3% Hamsterster.

6.3.3 Computing more expensive structural attributes
is not highly beneficial

Some structural features in our taxonomy were more com-
putationally expensive to construct than others. For exam-
ple, the feature that described the number of pet friends
is easy to compute, whereas the feature that described the
density of common friends for each pair of pets is the hard-
est. Using a database, computing density of common friends

for all pairs of pets requires several joins of large tables. In
order to investigate the trade-off between computing expen-
sive features and their predictive impact on our results, we
have performed the following experiments.

We have designed experiments in which we add more ex-
pensive structural features one by one, and assess the link-
prediction accuracy at each step. We used the following
combinations of features: (1) using number of friends only,
(2) using number of friends and number of common friends,
(3) using number of friends, number of common friends and
jaccard coefficient, and finally (4) using number of friends,
number of common friends, jaccard coefficient and density
of common friends. We are reporting on the results of these
four sets of structural features together with the descriptive
attributes since we showed in the previous subsection that
using descriptive attributes can sometimes be beneficial. We
also report on the setting in which group features were used.

Surprisingly, it turned out that computing the more ex-
pensive features added very little benefit. For example, in
the Dogster case, adding the number of common friends of
two nodes improved accuracy (F1 score) by 2% over the
individual number of friends. Computing the most expen-
sive feature density of common friends pays off slightly (im-
proves F1 score by 0.4%) only when there are no group at-
tributes. Computing the more expensive jaccard coefficient
did not pay off over using the simpler feature number of
common friends. In the Catster and Hamsterster cases, the
improvement was less that 0.5%. Our results also support
the claim made in the preferential attachment model [2] that
the number of friends of a node (node degree) plays role in
the process of new nodes linking to it. They contradicted the
link-prediction results in co-authorship networks [10] where
jaccard coefficient and the number of common friends consis-
tently out-performed the metric based on number of friends.
This may be inherent to the types of networks discussed.

6.3.4 Alternative network overlays in petworks

In the next set of experiments, we used the alternative
network overlays to test whether there was an advantage to
keeping the different types of links and the affiliation groups.
The overlay that we proposed in the paper was different-link
and affiliation overlay, and the alternative overlays that we
compared it to were same-link and no affiliation overlay and
same-link and affiliation overlay (see Section 5). We com-
pute only the descriptive and structural features in the over-



lay with no affiliation information, and compute all classes
of features in the overlays where affiliation information was
given.

The results on Figure 4 show that when family affiliation
was given, it did not matter whether the links were treated
equally: the classifiers produces almost the same results.
However, in the case when the affiliations were not given,
it was better to compute the structural features using both
types of relationships and treat them equally. When family
links were treated equally with friendship links, the accu-
racy of the predictions made by the structural attributes
improved by 6% to 20%. This may be due to the fact that
the overlap between friends and family links in the data was
very small, and using both types of links when computing
the structural features was beneficial. Using the affiliation
information and computing all features on the data led to
the best accuracy, and the accuracy was the same both in
the different-link and same-link cases. These experiments
also confirmed the previous results: group features were the
main contributor to the high link-prediction accuracy.

7. RELATED WORK

In general, link-prediction algorithms process a set of fea-
tures in order to learn and predict whether it is likely that
two nodes in the data are linked. Sometimes, these features
are hand-constructed by analyzing the problem domain, the
attributes of the actors, and the relational structure around
those actors [1, 5, 10, 14]. Other times, they are automati-
cally generated, i.e., the prediction algorithm first learns the
best features to use and then predicts new links [13].

The link-prediction techniques that are based on feature-
construction are closest to our work [1, 5, 6, 10, 14]. As
most of the relational domains can be represented as a net-
work model, the constructed features not only include the
attributes of the actors, but also the characteristics of the
structure. Most of this work examines co-authorship and
citation networks [5, 10, 13, 14] whereas we validate our
method using online social networks. Some of the approaches
use machine learning techniques for classification [5, 13, 15],
and others rely on ranking the feature values [1, 10, 14]. The
novelty in our work is that we overlay two types of networks
and explore different combinations of descriptive, structural
and group features. Other related work looks at the prob-
lems of link ranking [9], link completion [4], link anomaly
discovery [6, 14] and group detection [3, 8].

8. DISCUSSION

When studying other large social networks, family infor-
mation is not always relevant or available. However, groups
and affiliations are often available, or communities can be
discovered. The networks used here had binary relation-
ships - friend or family - but a similar effect can be achieved
in networks where relationships are weighted. For example,
co-authorship networks are widely studied as social networks
[2, 5, 10, 11, 12, 13, 14], and edges can be weighted by the
number of articles a pair of authors have authored together.
In email communication networks - the Enron email cor-
pus [6, 7], for example - the number of messages between
two senders can be used as a weight. To mimic the strong
family-type relationship we used in this article, a threshold
weight can be set. Any edge with a weight over that thresh-
old can be treated as a “strong” relationship (like our family

relationship). Clusters of nodes connected with strong ties
would represent the equivalent of a family unit.

9. CONCLUSIONS AND FUTURE WORK

Link prediction is a notoriously difficult problem. In this
research, we found that overlaying friendship and affiliation
networks was very effective. For the petworks, we found that
family relationships were very useful in predicting friendship
links. Our experiments show that we can achieve signifi-
cantly higher prediction accuracy (between 15% and 30%
more accurate) as compared to using more traditional fea-
tures such as descriptive node attributes and structural fea-
tures. Family groups helped not only because they represent
a clique of actors, but because the family relationship itself
was indicative of structural equivalence. As future work, we
plan to investigate the use of edge weights and thresholds
to define strongly connected clusters, and see if it works as
well in link prediction as the family groups did here.
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