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1. INTRODUCTION

Online social networking systems, together with online syems 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 ofimilarity and in-
uence, tracking the emergence of shared semantics, and detmining the interplay
between social proximity and shared topical interests amog users. The emergence,
spreading, and stability of any shared concept depend critially on the above fac-
tors. As observed by danah boyd [2009],

\In a networked world, people connect to people like themsedg. What
ows across the network ows through edges of similarity. Tle 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 vievitom people
who think from a di erent perspective. Information can and does ow
in ways that create and reinforce social divides. Democrati philosophy
depends on shared informational structures, but the combation of self-
segmentation and networked information ow means that we Ise the
common rhetorical ground through which we can converse."

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

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

The three systems strongly dier by size, category of expos# resources, and
the precise ways in which users tag resources and relate to @aother. Taking
advantage of the datasets built from the three systems, we adress the following
issue: How does the similarity between user pro les relate to theiproximity on the
social network? More precisely, are neighboring users more similar, both irthe
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 increaes? And can we predict
the existence of social links from knowledge of the similaty 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 thaugh analysis along
several axes. This data analysis highlights the heterogeiitg 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 pattens: 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 similariyy that exist among users
who are close to each other in the social network. In Section,5we evaluate the
performance of predictors of online social links based on th 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 pradive performance.
The role of language communities in these predictions is imestigated 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 pdictor of social
ties [Schifanella et al. 2010]. We analyzed samples from thElickr and Last.fm

social networks. The present paper expands on our prior worlboth 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. Secoed, we widen the
social features analysis by including the predictive potetial of groups and user
libraries (i.e., collections of items like artists or book$. Third, we compare the

predictive power of topical similarity measures with more ®phisticated baselines
from the industry. Lastly, we investigate the in uence that confounding aspects
like user language can have on the link prediction performace.

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 dicult 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
guantifying 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 evoluton of online so-
cial systems and correlations between di erent user featues. Leskovec and Hor-
witz [2008] present a study on the Microsoft Messenger netwl, 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 Kumaret al. [2006] and
Mislove et al. [2007; 2008]. Marlow et al. [2006] perform a cantitative study on
the tag usage in Flickr. They discuss the heterogeneity of tgging patterns and
perform a preliminary analysis of vocabulary overlap betwen pairs of users. Their
analysis shows that neighbors in the social graph have a higit vocabulary overlap,
on average. However, no assessment is made of biases that kcbbe responsible
for the reported observation: here we explore such biases. hE 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 netwak and the density of
the network of tag co-usage among the group members. Leskaveet al. [2008]
perform a comparative study on the microscopic evolutionay dynamics between
several social networks, in which a special emphasis is plag on the arrival process
of new nodes and on the dynamics of attachment. In uence of sdal contacts on
browsing patterns in Flickr has been analyzed by Lerman and dnes [2007] and van
Zwol [2007], who provide insights into the activity patterns of users. Correlation
between topical overlap among user interests in tagging sysms and other indi-
cators of social behavior is explored by Santos-Neto et al2D09]. 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 nevork is one of the
major challenges in link mining [Getoor and Diehl 2005]. A conmon approach to
the link prediction problem is to infer ties from the structu ral properties of the
social network. Liben-Nowell and Kleinberg [2003] discusseveral notions of node
similarity based on social graph structural features for Ink prediction. Prediction
of future links in a question-answering bulletin board senice is performed by Mu-
rata and Moriyasu [2007]. Here, network proximity scores ckulated from local
topological information are assigned to pairs of nodes, ashe proximity values are
shown to be accurate predictors of future links. Huan [2006{le 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 whre status labels
associated to edges are copied from one node to another with @robability 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 describeser 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 betweersocial 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 showthat 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 userdased 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 relatedotthe 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 shcprediction.

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 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 Lt 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. 209; Markines and
Menczer 2009] we made a systematic analysis of a broad rangesemantic similarity
measures that can be applied to the three-dimensional follanomy space to extract
similarity networks of tags, resources, or users. Here, wese such measures to
perform link prediction based on the folksonomy information.

3. DATASETS

In the following, we report on the main features of our datasés and we describe
the data retrieval methods we used to build them. For each daaset, we collected at
least the information about the social network, the tag assgnments, 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 APl methoddflickr.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 knowledgéase, initialized with
a minimal set, was shared between parallel crawlers. Crawte 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 adtl 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 perfored during the rst
half of 2007.

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

3.2 Last.fm

In Last.fm, each user is linked tofriends through undirected links that are estab-
lished given the consent of both endpoints. Users also havepblic list of neighbors
computed by the system as recommendations for potential neiriendship 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 tag and can create or
join groups. Users also have a publidibrary, 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, friendhips and neighborhood
relationships and a list of the 50 top artists in the user library (i.e., those with the
highest playcount). The APl 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 friertdp network. The
crawls took place in January 2010. We started from three randmly chosen users
and for each of them we performed a crawl up to those nodes thatesided 4 hops
away. The corresponding snapshots include approximativgl 100 thousand users
each, with an overlap of about 20% between them. Since we fodnthat the results
of our analysis are consistent across the three samples, weport the ndings for a
single representative one.

Recently, the Last.fm APl was extended with a similarity fun ction, called tas-
teometer, which, given in input a pair of users or artists, returns an anity score
ranging from O to 1. This value is di erent from the one provided by the neigh-
borhood score and, most of all, it can be computed foany 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-basesimilarity 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 143182 918 181 3,581
3.3 aNobii

Users in aNobii (@nobii.com ) Il their digital book collections with titles selected
from the public aNobii book database, which contains the meadata (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 pditioned 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 faus 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 geogrgphic 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 betweerusers: friendship
and neighborhood The aNobii website suggests that people should be friendd i
they know each other in real life. Users should establish nghborhood ties with
people who have a library they consider interesting. Surpsingly, 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 geneally
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 fastin. We explored the
entire giant strongly connected component and the out compoent 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 facetsin Flickr, for instance,
users can upload pictures and tag them, participate in groug, and comment on
photos. In Last.fm, users can listen to music, tag songs aceding to the songs'
characteristics or the user's tastes. In aNobii, users candd books to their libraries,
tag them, join groups, and create a list of books they wish to ead.

Since social networks are explicitly built by users, we can lso consider the hum-
ber of friendship relations to be a measure of activity in ealb 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¢ 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 conséded a more signi cant
measure of activity, while the in-degree measures populat.

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

4.1 Heterogeneity and Correlations

Let us rst focus on the diversity between users. Figures 1 ad 2 show the distri-
butions of the number of neighbors in the social network and he probabilities of
nding a user with a given number n; of distinct tags in her vocabulary, a total
tagging activity a, belonging tong groups, and having (for aNobii) n, and n,, 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 heterogeneows. 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 chracteristic 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 eaclactivity measure.

Given this high level of disparity between users, a natural giestion 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-

degreeki, and out-degree Koyt in the social network, number of distinct tags n 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 np and in a user wishlist ny, .

neighbors also use many tags, belong to many groups, and so®iThe simplest way
to examine this issue is to compute the average activity of aype 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:

1 X

B TR

ny; 1)

u:ky=k
wheren;' is the number of distinct tags of useru. As shown in Figure 3, all types of
activity have a clearly increasing trend for increasing valies of the out-degree; users
who have more contacts in the social network tend also to be me 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 corrdation coe cients are:
0.349 betweenk and ny, 0.482 betweenk and ng, 0.268 betweenk and a, 0.429
betweenn, and ng, 0.753 betweenn; and a, and 0.304 betweemy and a.

Despite these correlations, large uctuations are still present. First, the strong
uctuations at large degree values are due to the smaller nurier of highly-connected
nodes over which the average is performed. Notably, users thi a large number of
social contacts but using very few tags and belonging to venfew groups can be
observed. We can investigate in more detail the degree of calation between
activity types through the conditional probabilities of th e type P(njk), i.e., the
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Fig. 3. Left: Average number of distinct tags ( hnti), of groups (ngi), and of tag assignments ( hai)
of users having koyt out-neighbors in the Flickr social network. Right: Correlations between the
activity of aNobii users and their number of declared friends and neighb ors: group memberships
hngi, library hnpi and wishlist sizes hny i, averaged over users with kout out-links, vs Kout . The
data has been log-binned: the symbols indicate the average, and the er rorbars the 25 and 75
percentiles for each bin.
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number of tags n¢, of groups ng, of books np, and wishlist size nw, compared with the global
cumulative distributions Ps (black lines). Even among the subset of users with a given Kkout , @
strong disparity is still observed in the amount of activity.
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probability for a user to have n; tags, knowing that she hask neighbors in the social
network, where the averagem; (k)i is simply the rst moment of this conditional
distribution. As shown for some examples in Figure 4, theseidtributions, although
narrower than the distributions shown in Figures 1 and 2, renain 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 beteen the diverse activity
levels of a single user, another important question concesithe correlations between
the activity metrics of users who are linked in the social netvork. This is a long-
standing problem in social sciences, ecology and epidemigly: a typical pattern,
referred to as \assortative mixing," describes the tendeng of nodes of a network
(here, the users), to be linked to other nodes with similar ppperties [Newman
2003]. This tendency appears intuitive in the context of a saial network [Newman
2002; Newman and Park 2003], where one expects individual® the preferentially
connected with other individuals sharing the same interes$, and the property is
then also called \homophily" [McPherson et al. 2001]. Likewse, 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 actiity types.

In the case of large scale networks, the most commonly inveigiated mixing pat-
tern involves the degree (number of neighbors) of nodes. Thitype of mixing con-
cerns the likelihood that users with a given number of neighlers connect with users
with similar degree. This property is investigated by computing multi-point degree
correlation functions. The correlation between the degres of connected users are
measured by the conditional probability P (k%k) that a given user with degreek is
connected to a user of degre&®. Such a quantity is highly a ected by statistical
uctuations, so a more commonly used measure is given by theerage nearest
neighbors degree of a useu,

X
o= o ks @
U vav (u)

where the sum runs over the setV(u) of neighbors ofu. To characterize mixing
patterns with respect to nodes' degrees, a convenient meareican be built on top
of ki, by averaging over all nodesu that have a given degreek [Pastor-Satorras
et al. 2001; \azquez et al. 2002]:

1 X

- u .
knn (k) - jU : ku — k] u:ku:kknn ' (3)

which turns out to be the rst moment of P (k9k).

In the case of folksonomies, since each user is endowed withveral properties
characterizing his activity, it is interesting to characterize mixing patterns with
respect to each of these properties. To this end, we generaé the average nearest
neighbors degree presented above, and de ne for each userthe average number
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Fig. 5. Mixing patterns in the aNobii and Flickr dataset: average number nenn (Nt) of distinct
tags of the nearest neighbors of users having n distinct tags; average number ng:nn (ng) of groups
of the nearest neighbors of users belonging to ng groups; average number np.nn (Np) of books
of the nearest neighbors of users who have read ny books; average wishlist size nynn (nw) of
the nearest neighbors of users who have a wishlist of size ny; average out-degree knn (k) of the
nearest neighbors of users having out-degree k; and average number ann (a) of distinct triples of

the nearest neighbors of users having a distinct triples.

of tags of her nearest neighbors,
1 X
ntj;nn - ki nY ;
v2V (u)

and, S|m||grly, the average total number of tags used by her parest neighbors,
an, = ku vav () @ thePaverage number of groups to which her nearest neighbors
participate, ng.,, = ku vav (u) Ng» and, in the case of the aNobii Bataset the
average number of books read by her nearest neighborsy,
and the average wishlist size of her nearest neighbors,;.,, = E vav (u) Mw

In analogy with the case ofkn, (k), we can compute the average number of dlstlnct
tags of the nearest neighbordor the class of users having distinct tags,

1 X
ju:ng(u) = nj

Pk“ v2V (u) I"|b

nt;nn (n) = r]gnn , (4)

ung(u)=n

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

1 X

8 (3) = ju:a(u) = aj

ah, (5)
u:a(u)=a
Similar formulae can be used to de ne the average number of gups of the nearest
neighborsfor the class of users who are members of groups ng.nn (n), the average
number of books of the nearest neighborgor the class of users who have read
books np.nn (N) and the average wishlist size of the nearest neighbor®r the class
of users who have a wishlist of siza, Ny:nn (N).
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Figure 5 shows clear assortative trends for several measwgdor 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 Lat.fm. The average
activity of the neighbors of a user increases with the user'swn activity, for all the
activity measures 1. As before, large uctuations are observed for large activiy
values, because of the small number of very active users. Owadl, the amount of
activity of socially connected users are correlated at all évels.

4.3 Topical similarity

The previous analysis has focused on the amount of user actty, as quanti ed
by several metrics, and on the corresponding correlations red mixing patterns.
To understand the interplay between the social network and ser activities, it is
however necessary to take into account not only the amount, bt also the nature and
content of the user activities. To compare users in detail, w 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 sme amount of global
similarity between the users of a given folksonomy. For insince, in the context
of tags, a simple test for the existence of a globally sharedocabulary can be
performed by selecting pairs of users at random and measurinthe number of tags
they share, ng;.

In the case of Flickr, this measure shows that there is actudy 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 user§he average number
of shared tags is only about 16 in Flickr, and the most probable case is in fact
the absence of any tags shared by the selected users. When dsing 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 lge number of tags,
as the distribution of this number is quite broad and extendsto values of a few
hundreds tags.

Despite the lack of a globally shared pro le, a number of mechnisms may how-
ever lead tolocal similarity of users' pro les, in terms of shared tags, groups mem-
bership, books, musical tastes, and so on, just as homophilg ects are observed
in many social networks with respect to age, ethnicity, relgion, etc [McPherson
et al. 2001]. The presence of a social link suggests some degrof shared context
between the connected users, who are likely to have some imtssts in common, or
to share some experiences, and who are moreover exposed teleather's content
and annotations. As an example, Table Il shows the 12 most frguently used tags
for three Flickr users with comparable tagging activity. User A and user B have
marked each other as friends, while use€ has no connections to eitherA or B on
the Flickr social network. All of these users have globally ppular 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 bolgd

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 inuence [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 inu 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 n@work structure,
in particular with the distance between users along the netwrk. Similarity can
concern any possible type of activity: content (e.g., booksn aNobii), used tags,
group membership, and so on.

From this perspective, it is necessary to de ne robust measres of pro le simi-
larity between two usersu and v, regarding the various types of activity. The rst
and simplest measure is given by the number of shared items feeach activity:
the number of shared tagshg 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 Il. 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 Z00 canvas

their libraries or wishlists for aNobii, and the number of comnmon songs for Last.fm.
These measures may however be a ected by the amounts of acity of the users;
two users who apply many tags may have more tags in common thatwo less active
users, just because it is more probable to nd common items inwo long lists than
in two short ones. For instance, let us consider two users wit 100 tags each, and
having 10 of them in common. The number of shared tags is 10 inhis case, but
represents just 10% of their tagging activity. Two users wih the same 5 tags, on
the other hand, haveng =5, i.e. less than in the previous case, but this represents
100% of their activity. In short, such simple measures are nbnormalized, and
we therefore also need to consider measures that compensdt® 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 & 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 spgec user's vocabulary,
i.e., wy is the number of resources tagged witht by u. To compare the tag feature
vectors of two users, we use the standard cosine similaritySalton 1989] de ned as

P
Wy Wyt
tags (U;V) = pP——B P (6)
t Wat t Wit

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 theonmalization factors
in the denominator, tg4s (U; V) is not directly in uenced by the global activity of a
user.

Similarly, we can de ne the cosine similarities for groups menberships and for
books. Since a user belongs at most once to a group, and adds adk only once to
her library, the elements of the group and book vectors are biary, and the cosine
similarity reduces to
P Wyg W P

. S A ;' books(U; V) = 7bWUbWVb ;
Ng(U)ng(Vv) Np(U)Np(V)

where wyg is 1 if u belongs to groupg and 0 otherwise, andw,y, is 1 if u has book
bin her library and 0 otherwise.

groups (U;V) =

()
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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 (closent20), but it drops
rapidly as d increases, and is close to O fod 4. Similar results are obtained for
the number of common groups and tags, and hold for Last.fm and-lickr as well.
The cosine similarities display the same decreasing trendsathe 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 prole 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 similarties and distance on
the social network, we present in Figures 10 and 11 the probality distributions of
the selected similarity measures for pairs of users at sodidistance d. The gures
clearly expose the dependence of all distributions upon thelistance of the users
along the social network: for users who lie at small distancg on the social network,
rather broad distributions spanning several orders of magitude are observed for
the number of shared tags, groups, or books. As the distancé along the network
increases, the distributions become narrower. Two commestare in order: rst,
the distributions of ng at short distances reach much larger values ofig; than in
Figure 6 (the same is observed for the number of shared groupsr books). The
reason is that, when choosing a random pair of nodes (as in FHige 6), it is very
unlikely to select two neighboring nodes. Second, at any dtance, the most probable
value of ngg or ng is 0, even if the distributions are broad, and this probability
increases withd. For instance, for Flickr users, the probability P(ns = 0) that
two users do not share any tag is @ if the users are neighbours (i.e., ad = 1),
0:17 if they are at distanced = 2, 0:37 at distanced = 3. For groups, we obtain
P(nsg =0)is 0:17 ford=1,0:4 atd=2, 0:74 atd = 3.

The distributions of cosine similarities between users at @tance d show similar
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