
�>���G �A�/�, �?���H�@�y�y�d�R�3�y�3�8

�?�i�i�T�b�,�f�f�?���H�X���`�+�?�B�p�2�b�@�Q�m�p�2�`�i�2�b�X�7�`�f�?���H�@�y�y�d�R�3�y�3�8

�a�m�#�K�B�i�i�2�/ �Q�M �R�e �C�m�H �k�y�R�k

�>���G �B�b �� �K�m�H�i�B�@�/�B�b�+�B�T�H�B�M���`�v �Q�T�2�M ���+�+�2�b�b
���`�+�?�B�p�2 �7�Q�` �i�?�2 �/�2�T�Q�b�B�i ���M�/ �/�B�b�b�2�K�B�M���i�B�Q�M �Q�7 �b�+�B�@
�2�M�i�B�}�+ �`�2�b�2���`�+�? �/�Q�+�m�K�2�M�i�b�- �r�?�2�i�?�2�` �i�?�2�v ���`�2 �T�m�#�@
�H�B�b�?�2�/ �Q�` �M�Q�i�X �h�?�2 �/�Q�+�m�K�2�M�i�b �K���v �+�Q�K�2 �7�`�Q�K
�i�2���+�?�B�M�; ���M�/ �`�2�b�2���`�+�? �B�M�b�i�B�i�m�i�B�Q�M�b �B�M �6�`���M�+�2 �Q�`
���#�`�Q���/�- �Q�` �7�`�Q�K �T�m�#�H�B�+ �Q�` �T�`�B�p���i�2 �`�2�b�2���`�+�? �+�2�M�i�2�`�b�X

�G�ö���`�+�?�B�p�2 �Q�m�p�2�`�i�2 �T�H�m�`�B�/�B�b�+�B�T�H�B�M���B�`�2�>���G�- �2�b�i
�/�2�b�i�B�M�û�2 ���m �/�û�T�¬�i �2�i �¨ �H�� �/�B�z�m�b�B�Q�M �/�2 �/�Q�+�m�K�2�M�i�b
�b�+�B�2�M�i�B�}�[�m�2�b �/�2 �M�B�p�2���m �`�2�+�?�2�`�+�?�2�- �T�m�#�H�B�û�b �Q�m �M�Q�M�-
�û�K���M���M�i �/�2�b �û�i���#�H�B�b�b�2�K�2�M�i�b �/�ö�2�M�b�2�B�;�M�2�K�2�M�i �2�i �/�2
�`�2�+�?�2�`�+�?�2 �7�`���M�Ï���B�b �Q�m �û�i�`���M�;�2�`�b�- �/�2�b �H���#�Q�`���i�Q�B�`�2�b
�T�m�#�H�B�+�b �Q�m �T�`�B�p�û�b�X

�6�`�B�2�M�/�b�?�B�T �T�`�2�/�B�+�i�B�Q�M ���M�/ �?�Q�K�Q�T�?�B�H�v �B�M �b�Q�+�B���H �K�2�/�B��
�G�m�+�� �J���`�B�� ���B�2�H�H�Q�- ���H���B�M �"���`�`���i�- �_�Q�b�b���M�Q �a�+�?�B�7���M�2�H�H���- �*�X �*���i�i�m�i�Q�- �"�2�M�D���K�B�M

�J���`�F�B�M�2�b�- �6�B�H�B�T�T�Q �J�2�M�+�x�2�`

�h�Q �+�B�i�2 �i�?�B�b �p�2�`�b�B�Q�M�,

�G�m�+�� �J���`�B�� ���B�2�H�H�Q�- ���H���B�M �"���`�`���i�- �_�Q�b�b���M�Q �a�+�?�B�7���M�2�H�H���- �*�X �*���i�i�m�i�Q�- �"�2�M�D���K�B�M �J���`�F�B�M�2�b�- �2�i ���H�X�X �6�`�B�2�M�/�@
�b�?�B�T �T�`�2�/�B�+�i�B�Q�M ���M�/ �?�Q�K�Q�T�?�B�H�v �B�M �b�Q�+�B���H �K�2�/�B���X ���*�J �h�`���M�b���+�i�B�Q�M�b �Q�M �i�?�2 �q�2�#�- �?�i�i�T�,�f�f�i�r�2�#�X���+�K�X�Q�`�;�f�-
�k�y�R�k�- �e �U�k�V�- �T�T�X�N�X ���R�y�X�R�R�9�8�f�k�R�3�y�3�e�R�X�k�R�3�y�3�e�e���X ���?���H�@�y�y�d�R�3�y�3�8��



Friendship prediction and homophily in social
media

LUCA MARIA AIELLO
Department of Computer Science, University of Turin, Italy
ALAIN BARRAT
Centre de Physique Th�eorique (CNRS UMR 6207), Marseille, France
Complex Networks and Systems Laboratory, ISI Foundation, Turin, Italy
ROSSANO SCHIFANELLA
Department of Computer Science, University of Turin, Italy
CIRO CATTUTO
Complex Networks and Systems Laboratory, ISI Foundation, Turin, Italy
BENJAMIN MARKINES
FILIPPO MENCZER
School of Informatics and Computing, Indiana University, Bloomington, IN, USA

Web 2.0 applications have attracted considerable attention because thei r open-ended nature allows
users to create lightweight semantic sca�olding to organize and share con tent. To date, the
interplay of the social and topical components of social media has been on ly partially explored.
Here we study the presence of homophily in three systems that combine tagg ing of social media
with online social networks. We �nd a substantial level of topical simil arity among users who lie
close to each other in the social network. We introduce a null model that preserves user activity
while removing local correlations, allowing us to disentangle the a ctual local similarity between
users from statistical e�ects due to the assortative mixing of user activit y and centrality in the
social network. This analysis suggests that users with similar interests a re more likely to be friends,
and therefore topical similarity measures among users based solely on their annotation metadata
should be predictive of social links. We test this hypothesis on several dat asets, con�rming that
social networks constructed from topical similarity capture actual fri endship accurately.

Categories and Subject Descriptors: H.1.2 [ Information Systems ]: Models and Principles| Hu-
man information processing ; H.3.5 [Information Storage and Retrieval ]: Online Information
Services| Web-based services; H.5.3 [Information Interfaces and Presentation ]: Group and
Organization Interfaces| Collaborative computing, Web-based interaction

General Terms: Algorithms, Experimentation, Measurement
Additional Key Words and Phrases: Web 2.0, social media, folksonomies, co llaborative tagging,
social network, link prediction, topical similarity, Maximum Info rmation Path

Contact author: Luca Maria Aiello, aiello@di.unito.it.
The present paper is an extended version of a previously published conference pa per [Schifanella
et al. 2010].
Permission to make digital/hard copy of all or part of this materia l without fee for personal
or classroom use provided that the copies are not made or distributed fo r pro�t or commercial
advantage, the ACM copyright/server notice, the title of the publica tion, and its date appear, and
notice is given that copying is by permission of the ACM, Inc. To copy ot herwise, to republish,
to post on servers, or to redistribute to lists requires prior speci�c permissi on and/or a fee.
c
 20 ACM 0000-0000/20/0000-0001 $5.00

ACM Journal Name, Vol. , No. , 20, Pages 1{0 ?? .



2 � Luca Maria Aiello et al.

1. INTRODUCTION

Online social networking systems, together with online systems for content orga-
nization and sharing, entangle cognitive, behavioral, andsocial aspects of a user
community through an underlying technological platform. T he resulting \ecosys-
tems" provide new possibilities to mine and investigate thevarious processes at
play in the interactions of individuals, and to study the ways in which users relate
with the information they share.

Key open questions deal with understanding the concepts of similarity and in-

uence, tracking the emergence of shared semantics, and determining the interplay
between social proximity and shared topical interests among users. The emergence,
spreading, and stability of any shared concept depend critically on the above fac-
tors. As observed by danah boyd [2009],

\In a networked world, people connect to people like themselves. What

ows across the network 
ows through edges of similarity. The ability to
connect to others like us allows us to 
ow information acrossspace and
time in impressively new ways, but there's also a downside. [...] In a
world of networked media, it's easy to not get access to viewsfrom people
who think from a di�erent perspective. Information can and does 
ow
in ways that create and reinforce social divides. Democratic philosophy
depends on shared informational structures, but the combination of self-
segmentation and networked information 
ow means that we lose the
common rhetorical ground through which we can converse."

We see a pressing need for a data-driven investigation of these issues. Social
media supporting tagging are especially interesting in this respect because they
stimulate users to provide light-weight semantic annotations in the form of freely
chosen terms [Golder and Huberman 2006]. Social annotations based on tags are
valuable for research because they externalize the three-way relation between users,
items of interest (resources), and metadata (tags). Usage patterns of tags can be
employed to monitor interests, track user attention, and investigate the emergence
and spread of shared concepts through a user community. Moreover, several \Web
2.0" resource organization systems support explicit representations of social links
between users, making an objective de�nition of social proximity available. They
also combine several aspects of user activity, such as exposing resources, tagging
items, belonging to discussion groups, and relating to other users.

In this paper, we consider three di�erent online social systems: Flickr, Last.fm,
and aNobii. In these systems, users expose resources (pictures, songs/artists, and
books, respectively), form social networksand tag items producing social clas-
si�cation of data commonly called folksonomies .

The three systems strongly di�er by size, category of exposed resources, and
the precise ways in which users tag resources and relate to each other. Taking
advantage of the datasets built from the three systems, we address the following
issue: How does the similarity between user pro�les relate to theirproximity on the
social network? More precisely, are neighboring users more similar, both inthe
amount of activity they devote to the system, and in the content of their activity,
than users who lie further apart in the social network? If so,how does this local
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similarity fade when the distance on the social graph increases? And can we predict
the existence of social links from knowledge of the similarity among user pro�les?

In the remainder of this paper, after a brief description of related work in Section 2
and of our datasets in Section 3, we provide in Section 4 a thorough analysis along
several axes. This data analysis highlights the heterogeneity of user activities and
the correlations in the various metrics measuring the di�erent activities of a single
user. We also show the existence of non-trivial mixing patterns: the amount of
di�erent activities of a user is correlated with her neighbours'. Section 4 exposes
the substantial level of several types of topical similarity that exist among users
who are close to each other in the social network. In Section 5, we evaluate the
performance of predictors of online social links based on the similarity of user
pro�les. We consider a number of topical similarity measures from the literature.
Scalable similarity measures, such as Maximum InformationPath, proposed by
some of the authors, are among those achieving the best predictive performance.
The role of language communities in these predictions is investigated in Section 6.

2. RELATED WORK

In prior work we explored the correlation between proximity in an online social
network and topical similarity and we analyzed the extent to which similarity among
users based only on tagging information can be an accurate predictor of social
ties [Schifanella et al. 2010]. We analyzed samples from theFlickr and Last.fm
social networks. The present paper expands on our prior workboth in breadth
and in depth. First, we extend our analysis to the aNobii network, which is very
di�erent in both its size and the types of items exposed. Second, we widen the
social features analysis by including the predictive potential of groups and user
libraries (i.e., collections of items like artists or books). Third, we compare the
predictive power of topical similarity measures with more sophisticated baselines
from the industry. Lastly, we investigate the in
uence that confounding aspects
like user language can have on the link prediction performance.

Similarity between the members of social groups, or between individu-
als sharing a social link, is known as homophily in the social networks lit-
erature, and has long been observed and studied [McPherson e t al. 2001].
Homophily phenomena can be present because of selection mec hanisms
(individuals create social links preferentially with othe r individuals shar-
ing a certain degree of similarity), but also because of soci al in
uence
(linked individuals in
uence each other and become more sim ilar), two
e�ects that are often confounded and actually di�cult to dis entangle
[Leenders 1997; Aral et al. 2009; Shalizi and Thomas 2010]. In terest-
ingly, the everincreasing availability of data sets concer ning online so-
cial networks have made such networks ideal laboratories fo r testing and
quantifying such social phenomena and theories (see e.g. [C randall et al.
2008; Aiello et al. 2010; Szell et al. 2010; ?]).

We �nd indeed in the literature several studies on the evolution of online so-
cial systems and correlations between di�erent user features. Leskovec and Hor-
witz [2008] present a study on the Microsoft Messenger network, showing correlation
between user pro�le information and communication patterns. Evolutionary pat-
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terns in the Flickr social network have been studied by Kumar et al. [2006] and
Mislove et al. [2007; 2008]. Marlow et al. [2006] perform a quantitative study on
the tag usage in Flickr. They discuss the heterogeneity of tagging patterns and
perform a preliminary analysis of vocabulary overlap between pairs of users. Their
analysis shows that neighbors in the social graph have a higher vocabulary overlap,
on average. However, no assessment is made of biases that could be responsible
for the reported observation: here we explore such biases. The role of groups as
coordination tools in Flickr is investigated by Prieur et al . [2008]. They also point
out a strict relation between the density of the social network and the density of
the network of tag co-usage among the group members. Leskovec et al. [2008]
perform a comparative study on the microscopic evolutionary dynamics between
several social networks, in which a special emphasis is placed on the arrival process
of new nodes and on the dynamics of attachment. In
uence of social contacts on
browsing patterns in Flickr has been analyzed by Lerman and Jones [2007] and van
Zwol [2007], who provide insights into the activity patterns of users. Correlation
between topical overlap among user interests in tagging systems and other indi-
cators of social behavior is explored by Santos-Neto et al. [2009]. They consider
CiteULike and Connotea systems, which both lack an explicitsocial network com-
ponent, so they look at collaboration relations determinedby the participation in
the same discussion group.

Predicting the presence of a link between two entities in a network is one of the
major challenges in link mining [Getoor and Diehl 2005]. A common approach to
the link prediction problem is to infer ties from the structu ral properties of the
social network. Liben-Nowell and Kleinberg [2003] discussseveral notions of node
similarity based on social graph structural features for link prediction. Prediction
of future links in a question-answering bulletin board service is performed by Mu-
rata and Moriyasu [2007]. Here, network proximity scores calculated from local
topological information are assigned to pairs of nodes, as the proximity values are
shown to be accurate predictors of future links. Huan [2006]de�nes a cycle forma-
tion model for social graphs that relates the probability of the presence of a link
with its ability to form cycles. The parameters of the model are estimated using
the generalized clustering coe�cients of the network. The power of the model is
evaluated on the Enron email dataset. Another probabilistic network evolution
model aimed at link prediction is proposed by Kashima and Abe[2006]. The idea
is that links appear in the network due to a copying process where status labels
associated to edges are copied from one node to another with aprobability that
is dependent on the relative topological position of the twonodes. Clauset et
al. [2008] present a hierarchical decomposition algorithm for network
clustering which can also be applied to predict missing inte ractions in
networks. The generated graph-dendrograms determine the pr obability
of connection for every pair of vertices. Links are predicte d between
pairs that have high probability of connection within the hi erarchical
random graphs but that are unconnected in the observed netwo rk. This
technique is tested with good results on several small-size n etworks.

Another line of works focuses on link detection through super vised
learning methods trained on the topological features of gra ph [Popescul
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et al. 2003; Hasan et al. 2006]. Prediction of the sign of an ex isting
link in friends-foes social networks (e.g. Slashdot Zoo) usi ng a machine
learning approach is presented by Leskovec et al. [?]. They u se a logistic
regression classi�er trained with two classes of topologic al features: node
degree and triadic closure.

Link prediction can also be based on features that describe user pro�les, based
on the principle that people with similar tastes are more likely to establish social
contacts. Caragea et al. [2009] study the interplay betweensocial network struc-
ture and user pro�le features in the prediction of social ties. The paper proposes
an ontology-based classi�cation of user features and showsthat the semantics cap-
tured by the ontology can e�ectively improve the performance of a topology-based
machine learning classi�er for link prediction. Li et al. [2008] propose a system to
cluster users with similar topical interests. Starting from a Delicious dataset, the
system extracts implicit relations between groups of usersbased on the similarity
of their tag vocabulary. Although the authors do not re�ne th e interest clusters in
a set of binary social connections, the approach is related to the feature-based link
prediction task. Leroy et. al. [Leroy et al. 2010] leverage the group mem-
bership information from Flickr to build a probabilistic gr aph useful to
detect the hidden social graph. Mislove et al. [2010] explore the complemen-
tary question: can we predict topical similarity from the social network? Again,
here we discuss the role of global correlation in biasing such prediction.

Even if the majority of papers is focused on link prediction o n simple
(directed or undirected) graphs, techniques have been deve loped also for
di�erent kind of networks like weighted networks [L•u and Zh ou 2009],
bipartite networks [Dunlavy et al. 2010; Benchettara et al. 2010; Kunegis
et al. 2010] and signed social graphs [?]. Finally, some appr oaches based
on probabilistic models such as relational Markov networks [Taskar et al.
2003] and probabilistic relational models [Getoor et al. 20 03] deserve to
be cited. However, these approaches have not been extensive ly tested
on real-world datasets.

A comprehensive survey on link prediction techniques has be en re-
cently drawn by L•u and Zhou [2010]; authors compare several structural
similarity metrics for link prediction in terms of accuracy and computa-
tional e�ciency.

In our previous work [Markines et al. 2008; Markines et al. 2009; Markines and
Menczer 2009] we made a systematic analysis of a broad range of semantic similarity
measures that can be applied to the three-dimensional folksonomy space to extract
similarity networks of tags, resources, or users. Here, we use such measures to
perform link prediction based on the folksonomy information.

3. DATASETS

In the following, we report on the main features of our datasets and we describe
the data retrieval methods we used to build them. For each dataset, we collected at
least the information about the social network, the tag assignments, and the group
a�liations. A summary about the size of the quantities invol ved for each dataset
is reported in Table I.
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3.1 Flickr

We collected the tagging information about the pictures uploaded in Flickr between
January 2004 and January 2006 by means of API methods (flickr.com/api ). The
crawling e�ort was distributed by splitting the above time i nterval into smaller time
windows to be crawled independently. A global tag knowledgebase, initialized with
a minimal set, was shared between parallel crawlers. Crawlers issued search queries
limited to their speci�c time interval to retrieve informat ion about photos marked
with the tags stored in the common database. New tags were added to the shared
database as they were discovered by individual crawlers.

Separate crawls were made to explore group a�liations and the social network.
In Flickr jargon, social ties are calledcontacts; they are directed and do not require
acceptance by the linked user. The overall crawl was performed during the �rst
half of 2007.

Our analysis will focus on the network of about 130 thousand users for whom we
have tag, group, and contact information.

3.2 Last.fm

In Last.fm, each user is linked to friends through undirected links that are estab-
lished given the consent of both endpoints. Users also have apublic list of neighbors,
computed by the system as recommendations for potential newfriendship contacts.
An a�nity value, ranging from 0 to 1, is also assigned to each member of the neigh-
bor set. Users can annotate songs, artists or albums with tags, and can create or
join groups. Users also have a publiclibrary , i.e., a list of the artists they have
listened to. User pro�le information includes an optional geographic speci�cation
at the country level.

We used both API calls (last.fm/api ) and web crawling methods to build the
dataset. The API can be used to retrieve user pro�les, friendships and neighborhood
relationships and a list of the 50 top artists in the user library (i.e., those with the
highest playcount). The API does not allow for the collection of a user's complete
activity and group a�liation information, so we extracted t he (user, item, tag)
triples and the group membership relations via web crawlingand scraping. The
user set we consider was selected by a BFS crawl of the friendship network. The
crawls took place in January 2010. We started from three randomly chosen users
and for each of them we performed a crawl up to those nodes thatresided 4 hops
away. The corresponding snapshots include approximatively 100 thousand users
each, with an overlap of about 20% between them. Since we found that the results
of our analysis are consistent across the three samples, we report the �ndings for a
single representative one.

Recently, the Last.fm API was extended with a similarity fun ction, called tas-
teometer, which, given in input a pair of users or artists, returns an a�nity score
ranging from 0 to 1. This value is di�erent from the one provided by the neigh-
borhood score and, most of all, it can be computed forany pair of users or artists.
Jointly with the crawling activity, we retrieved the tasteo meter values for a large
set of user pairs to compare the performance of our tag-basedsimilarity functions
in the link prediction task with the performance of the tasteometer. Further details
are given in Section 5.
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Table I. Dataset statistics
Dataset Users Triples Tags Tagged items Groups

Flickr 130 ; 840 90; 723; 412 1; 420; 656 20; 599; 583 92; 301
Last.fm 90 ; 049 6; 971; 166 194; 763 894; 615 69; 306
aNobii 86 ; 800 5; 378; 190 143; 182 918; 181 3; 581

3.3 aNobii

Users in aNobii (anobii.com ) �ll their digital book collections with titles selected
from the public aNobii book database, which contains the metadata (such as pub-
lication year, authors etc.) of about 20 millions di�erent p ublications, written in
49 di�erent languages. Each personal book collection is partitioned into a library ,
which is a set of titles that the user is reading or has alreadyread, and awishlist
that lists the books that the user wants to read in the near future. Books in the
user collection can be annotated with arbitrary tags. Sincebooks in libraries form
the vast majority of the overall book collections, here we focus mainly on books
from libraries.

Users can also provide public information about their pro�le, such as gender, age,
marital status, and a detailed speci�cation of their geographic location including
country and hometown. A�liation with thematic, user-gener ated groups is also
possible.

Two di�erent types of social ties can be established betweenusers: friendship
and neighborhood. The aNobii website suggests that people should be friends if
they know each other in real life. Users should establish neighborhood ties with
people who have a library they consider interesting. Surprisingly, although these
two types of social links are formally di�erent, they are equivalent from a structural
point of view. In fact, both are directed and can be created without any consent
of the linked user, who is not even noti�ed when a new incomingtie is established.
Furthermore, both links activate a monitoring on the linked user's library that
triggers noti�cations on library updates. Given this stron g structural similarity,
and since the two types of links aremutually exclusive, in the following we deal
with the union between friendship and neighborhood networks and we generically
refer to the union network as the aNobii social network.

We crawled the aNobii network in December 2009 starting froma random seed
of users and following the social links in a forward BFS fashion. We explored the
entire giant strongly connected component and the out component of the social
network, for a total of 86; 800 users. We collected each user's pro�le information,
group a�liations, library, and tag assignments through web scraping.

4. DATA ANALYSIS

In most folksonomies, the activity of users has many facets.In Flickr, for instance,
users can upload pictures and tag them, participate in groups, and comment on
photos. In Last.fm, users can listen to music, tag songs according to the songs'
characteristics or the user's tastes. In aNobii, users can add books to their libraries,
tag them, join groups, and create a list of books they wish to read.

Since social networks are explicitly built by users, we can also consider the num-
ber of friendship relations to be a measure of activity in each folksonomy we con-
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Fig. 1. Flickr complementary cumulative distributions of (A) the number kout of neighbors of a
user, (B) the number ng of groups of which a user is a member, (C) the number n t of distinct
tags per user, and (D) the number a of tag assignments per user.

sider. When links are directed, the out-degree can be considered a more signi�cant
measure of activity, while the in-degree measures popularity.

In this section, we �rst analyze the activity patterns of ind ividual users, and
show their considerable heterogeneity. We also investigate the correlations between
various activity indicators.

4.1 Heterogeneity and Correlations

Let us �rst focus on the diversity between users. Figures 1 and 2 show the distri-
butions of the number of neighbors in the social network and the probabilities of
�nding a user with a given number nt of distinct tags in her vocabulary, a total
tagging activity a, belonging tong groups, and having (for aNobii) nb and nw books
in her library and wishlist, respectively.

All these distributions are broad, spanning multiple orders of magnitude, showing
that the activity patterns of users are highly heterogeneous. For each activity mea-
sure, most users have little activity, but certain users areon the contrary extremely
active, and all intermediate values are represented. No characteristic or \typical"
value of the activity can be sensibly de�ned as evident from astandard deviation
that is orders of magnitude larger than the average, for eachactivity measure.

Given this high level of disparity between users, a natural question arises about
the correlations between the di�erent types of activity: do users who have many
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Fig. 2. Complementary cumulative distributions of the measures of a ctivity of aNobii users: in-
degree k in and out-degree kout in the social network, number of distinct tags n t and total tagging
activity a (total number of tags in a user's page), number of group memberships ng , number of
books in a user library nb and in a user wishlist nw .

neighbors also use many tags, belong to many groups, and so on? The simplest way
to examine this issue is to compute the average activity of a type for users having
a certain value of another activity type. For instance, we can measure the average
number of distinct tags for users havingk neighbors in the social network:

hnt (k)i =
1

ju : ku = kj

X

u:ku = k

nu
t ; (1)

wherenu
t is the number of distinct tags of useru. As shown in Figure 3, all types of

activity have a clearly increasing trend for increasing values of the out-degree; users
who have more contacts in the social network tend also to be more active in terms
of tags and groups. Overall, the various activity metrics are all positively correlated
with one another. For instance, in Flickr, the Pearson correlation coe�cients are:
0.349 betweenk and nt , 0.482 betweenk and ng, 0.268 betweenk and a, 0.429
betweennt and ng, 0.753 betweennt and a, and 0.304 betweenng and a.

Despite these correlations, large 
uctuations are still present. First, the strong

uctuations at large degree values are due to the smaller number of highly-connected
nodes over which the average is performed. Notably, users with a large number of
social contacts but using very few tags and belonging to veryfew groups can be
observed. We can investigate in more detail the degree of correlation between
activity types through the conditional probabilities of th e type P(nt jk), i.e., the
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probability for a user to have nt tags, knowing that she hask neighbors in the social
network, where the averagehnt (k)i is simply the �rst moment of this conditional
distribution. As shown for some examples in Figure 4, these distributions, although
narrower than the distributions shown in Figures 1 and 2, remain broad. This shows
that, despite the strong correlations observed, users witha given activity level in
the social network remain quite heterogeneous.

4.2 Mixing patterns

While the previous analysis concerns the correlations between the diverse activity
levels of a single user, another important question concerns the correlations between
the activity metrics of users who are linked in the social network. This is a long-
standing problem in social sciences, ecology and epidemiology: a typical pattern,
referred to as \assortative mixing," describes the tendency of nodes of a network
(here, the users), to be linked to other nodes with similar properties [Newman
2003]. This tendency appears intuitive in the context of a social network [Newman
2002; Newman and Park 2003], where one expects individuals to be preferentially
connected with other individuals sharing the same interests, and the property is
then also called \homophily" [McPherson et al. 2001]. Likewise, it is possible to
de�ne a \disassortative mixing" pattern whenever the elements of the network
tend to link to nodes that have di�erent properties. Mixing p atterns can in fact
be de�ned with respect to any property of the nodes. In the present case, we can
characterize the mixing patterns concerning various activity types.

In the case of large scale networks, the most commonly investigated mixing pat-
tern involves the degree (number of neighbors) of nodes. This type of mixing con-
cerns the likelihood that users with a given number of neighbors connect with users
with similar degree. This property is investigated by computing multi-point degree
correlation functions. The correlation between the degrees of connected users are
measured by the conditional probability P(k0jk) that a given user with degreek is
connected to a user of degreek0. Such a quantity is highly a�ected by statistical

uctuations, so a more commonly used measure is given by the average nearest
neighbors degree of a useru,

ku
nn =

1
ku

X

v2V (u)

kv ; (2)

where the sum runs over the setV(u) of neighbors of u. To characterize mixing
patterns with respect to nodes' degrees, a convenient measure can be built on top
of ku

nn by averaging over all nodesu that have a given degreek [Pastor-Satorras
et al. 2001; V�azquez et al. 2002]:

knn (k) =
1

ju : ku = kj

X

u:ku = k

ku
nn ; (3)

which turns out to be the �rst moment of P(k0jk).
In the case of folksonomies, since each user is endowed with several properties

characterizing his activity, it is interesting to characterize mixing patterns with
respect to each of these properties. To this end, we generalize the average nearest
neighbors degree presented above, and de�ne for each useru the average number
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of tags of her nearest neighbors,

nu
t;nn =

1
ku

X

v2V (u)

nv
t ;

and, similarly, the average total number of tags used by her nearest neighbors,
au

nn = 1
ku

P
v2V (u) av , the average number of groups to which her nearest neighbors

participate, nu
g;nn = 1

ku

P
v2V (u) nv

g , and, in the case of the aNobii dataset, the
average number of books read by her nearest neighbors,nu

b;nn = 1
ku

P
v2V (u) nv

b

and the average wishlist size of her nearest neighbors,nu
w;nn = 1

ku

P
v2V (u) nv

w .
In analogy with the case ofknn (k), we can compute the average number of distinct

tags of the nearest neighborsfor the class of users havingn distinct tags,

nt;nn (n) =
1

ju : nt (u) = nj

X

u:n t (u )= n

nu
t;nn ; (4)

and the average total number of tags used by the nearest neighbors for the class of
users with a tag assignments,

ann (a) =
1

ju : a(u) = aj

X

u:a(u)= a

au
nn : (5)

Similar formulae can be used to de�ne the average number of groups of the nearest
neighborsfor the class of users who are members ofn groups, ng;nn (n), the average
number of books of the nearest neighborsfor the class of users who have readn
books, nb;nn (n) and the average wishlist size of the nearest neighborsfor the class
of users who have a wishlist of sizen, nw;nn (n).
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Figure 5 shows clear assortative trends for several measures for both the aNobii
and Flickr datasets, as in other social networks [Newman andPark 2003; McPherson
et al. 2001]. Similar results (not shown) are obtained for Last.fm. The average
activity of the neighbors of a user increases with the user'sown activity, for all the
activity measures 1. As before, large 
uctuations are observed for large activity
values, because of the small number of very active users. Overall, the amount of
activity of socially connected users are correlated at all levels.

4.3 Topical similarity

The previous analysis has focused on the amount of user activity, as quanti�ed
by several metrics, and on the corresponding correlations and mixing patterns.
To understand the interplay between the social network and user activities, it is
however necessary to take into account not only the amount, but also the nature and
content of the user activities. To compare users in detail, we therefore focus here
on the topical similarity between user pro�les as measured by the shared features
| tags, groups, books, songs, and so on | in their pro�les.

A �rst natural question regards the possible existence of some amount of global
similarity between the users of a given folksonomy. For instance, in the context
of tags, a simple test for the existence of a globally shared vocabulary can be
performed by selecting pairs of users at random and measuring the number of tags
they share, nst .

In the case of Flickr, this measure shows that there is actually no shared tag
vocabulary; this is not very surprising, given that Flickr i s a narrow folksonomy
(see Section 5) and the broad range of interests of the users.The average number
of shared tags is only about 1:6 in Flickr, and the most probable case is in fact
the absence of any tags shared by the selected users. When choosing two users
at random this occurs with probability close to 2=3. Nonetheless, as shown in
Figure 6, it can happen that randomly chosen users share a large number of tags,
as the distribution of this number is quite broad and extends to values of a few
hundreds tags.

Despite the lack of a globally shared pro�le, a number of mechanisms may how-
ever lead to local similarity of users' pro�les, in terms of shared tags, groups mem-
bership, books, musical tastes, and so on, just as homophilye�ects are observed
in many social networks with respect to age, ethnicity, religion, etc [McPherson
et al. 2001]. The presence of a social link suggests some degree of shared context
between the connected users, who are likely to have some interests in common, or
to share some experiences, and who are moreover exposed to each other's content
and annotations. As an example, Table II shows the 12 most frequently used tags
for three Flickr users with comparable tagging activity. User A and user B have
marked each other as friends, while userC has no connections to eitherA or B on
the Flickr social network. All of these users have globally popular tags in their tag
vocabulary. In this example, the neighborsA and B share an interest (expressed
by the tag 
ower ) and several of the most frequently used tags (marked in bold).

As often discussed in social sciences, the observed homophil y can

1The quantitative di�erences between the di�erent cases shown in Fig. 5 are n ot relevant to the
discussion so we do not enter their detailed analysis here.
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Fig. 6. Probability distribution of the number of shared tags for two randomly chosen Flickr users.
The probability to have no tags in common is P (0) � 0:67, but the overall distribution is broad.

emerge for di�erent reasons, which are summarized in two sce narios:
link selection and social in
uence [McPherson et al. 2001; L eenders
1997; Shalizi and Thomas 2010]. The former scenario conside rs that so-
cial links are preferentially created between individuals who are already
similar and choose each other for establishing the social li nk precisely
because they share some degree of similarity. In the latter s cenario,
individuals become more similar over time because they in
u ence each
other. Disentangling these scenarios is a delicate matter t hat requires
longitudinal data sets, as social in
uence implies a tempor al evolution of
a relationship [Crandall et al. 2008; Aral et al. 2009; Aiello e t al. 2010;
Shalizi and Thomas 2010]. Regardless of the distinction between these possi-
ble mechanisms driving the potential local similarity, it i s important to understand
how to measure this e�ect, and how to relate it to the social network structure,
in particular with the distance between users along the network. Similarity can
concern any possible type of activity: content (e.g., booksin aNobii), used tags,
group membership, and so on.

From this perspective, it is necessary to de�ne robust measures of pro�le simi-
larity between two users u and v, regarding the various types of activity. The �rst
and simplest measure is given by the number of shared items for each activity:
the number of shared tagsnst of the tag vocabularies ofu and v, the number of
shared groupsnsg to which both u and v belong, the number of common books in
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Table II. Tags most frequently used by three Flickr users
User A User B User C
green 
ower japan

red green tokyo
catchycolors kitchen architecture


ower red bw
blue blue setagaya

yellow white reject
catchcolors fave sunset

travel detail subway
london closeup�lter steel
pink metal geometry

orange yellow foundart
macro zoo canvas

their libraries or wishlists for aNobii, and the number of common songs for Last.fm.
These measures may however be a�ected by the amounts of activity of the users;
two users who apply many tags may have more tags in common thantwo less active
users, just because it is more probable to �nd common items intwo long lists than
in two short ones. For instance, let us consider two users with 100 tags each, and
having 10 of them in common. The number of shared tags is 10 in this case, but
represents just 10% of their tagging activity. Two users with the same 5 tags, on
the other hand, havenst = 5, i.e. less than in the previous case, but this represents
100% of their activity. In short, such simple measures are not normalized, and
we therefore also need to consider measures that compensatefor the heterogene-
ity in the amounts of activity. To this end, we consider a distributional notion of
similarity between the pro�les of u and v.

Let us �rst consider the case of the tags. Following Cattuto et al. [2008] we
regard the vocabulary of a useru as afeature vector W whose elements correspond
to tags and whose entries are the tag frequencies for that speci�c user's vocabulary,
i.e., wut is the number of resources tagged witht by u. To compare the tag feature
vectors of two users, we use the standard cosine similarity [Salton 1989] de�ned as

� tags (u; v) =
P

t wut wvtp P
t w2

ut

p P
t w2

vt

: (6)

This quantity is 0 if u and v have no shared tags, and 1 if they have used exactly the
same tags, in the same relative proportions. Because of the normalization factors
in the denominator, � tags (u; v) is not directly in
uenced by the global activity of a
user.

Similarly, we can de�ne the cosine similarities for groups memberships and for
books. Since a user belongs at most once to a group, and adds a book only once to
her library, the elements of the group and book vectors are binary, and the cosine
similarity reduces to

� groups (u; v) =

P
g wug wvg

p
ng(u)ng(v)

; � books (u; v) =
P

b wubwvbp
nb(u)nb(v)

; (7)

where wug is 1 if u belongs to groupg and 0 otherwise, andwub is 1 if u has book
b in her library and 0 otherwise.
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Fig. 7. Average library and wishlist similarity as a function of th e distance on the aNobii social
network. Top: average number of shared books in the libraries of users at distance d, and cor-
responding cosine similarity. Bottom: average number of shared items in the wishlists of users
at distance d, and corresponding cosine similarity. The diamonds correspond to the null model
discussed at the end of Section 4.

Figures 7 and 8 give an indication of how the similarity between users depends
on their shortest path distance d on the social network, by showing the average
similarity of two users as a function of d. In aNobii, for instance, the average
number of shared books is rather large for neighbors (close to 20), but it drops
rapidly as d increases, and is close to 0 ford � 4. Similar results are obtained for
the number of common groups and tags, and hold for Last.fm andFlickr as well.
The cosine similarities display the same decreasing trend as the distance along the
social network increases.

The shortest path distance between two users gives the minim um num-
ber of steps to navigate on the online social network to go fro m one
user to the other. This measure of topological proximity bet ween users
can however be sensitive to the addition or removal of one sin gle link,
and does not take into account the fact that more than one path can
connect the users. To overcome this issue, the personalized PageRank
[Haveliwala 2003] of one user v with respect to another user u can be
considered. This personalized PageRank essentially gives the probabil-
ity, for a random walker starting from the pro�le page of user u, to visit
the pro�le page of v. As shown in Fig. 9, the topical similarity between
users increases when their relative personalized PageRank increases. As
the personalized PageRank decreases when the distance betw een users
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Fig. 8. Average tag and group similarity as a function of the dista nce on the Flickr and Last.fm
social networks. Top: average cosine similarity between the tag vocabula ries. Bottom: average
cosine similarity between the groups participation vectors. The diamo nds correspond to the null
model discussed at the end of Section 4.3.

increases, this increase is consistent with the decreasing trend of Fig.
7.

To gain more insight into the entanglement between similarities and distance on
the social network, we present in Figures 10 and 11 the probability distributions of
the selected similarity measures for pairs of users at social distance d. The �gures
clearly expose the dependence of all distributions upon thedistance of the users
along the social network: for users who lie at small distances on the social network,
rather broad distributions spanning several orders of magnitude are observed for
the number of shared tags, groups, or books. As the distanced along the network
increases, the distributions become narrower. Two comments are in order: �rst,
the distributions of nst at short distances reach much larger values ofnst than in
Figure 6 (the same is observed for the number of shared groupsor books). The
reason is that, when choosing a random pair of nodes (as in Figure 6), it is very
unlikely to select two neighboring nodes. Second, at any distance, the most probable
value of nsg or nst is 0, even if the distributions are broad, and this probability
increases with d. For instance, for Flickr users, the probability P(nst = 0) that
two users do not share any tag is 0:1 if the users are neighbours (i.e., atd = 1),
0:17 if they are at distance d = 2, 0:37 at distance d = 3. For groups, we obtain
P(nsg = 0) is 0:17 for d = 1, 0:4 at d = 2, 0:74 at d = 3.

The distributions of cosine similarities between users at distance d show similar
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