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ABSTRACT

Discovering groups of online friends who go to the same physi
cal places has numerous potential applications includimggy
management, friend recommendation, and contact grouging a
Google+ circles. Until recently, little information wasailable about
places visited by users of online social networking sesjic®
community detection on the social graph could not take this i
account. With the rise of services such as Foursquare, Gowal
and Facebook Places, where usghieck into named venues and
share their location with their friends, we now have the tridgita

to make this possible. In this work, we propose a way to ektrac
place-focused communities from the social graph by animotéts
edges with check-in information. Using traces from two oalso-
cial networks with location sharing, we show that we canamttr
groups of friends who meet face-to-face, with many posdiblee-
fits for online social services.

Categories and Subject Descriptors

G.2.2 [Graph theory]: Graph algorithms, graph labeling; H.3.5
[Onlineinformation services]: Web-based services

Keywords

Online social networks, location-based services, comiulgtec-
tion

1. INTRODUCTION

is available about the places users visit, enabling a Ivahaly-

sis that has until recently been impossible. Communitig@$Ns

have been well-studied [1, 14], but without location datenow-

nity detection on the social graphs can consider only theorit

topology [8, 17], and may fail to isolate groups of users wkgitv
common sets of places.

Being able to find place-focused communities has many poten-
tial applications. Research examining online and offlindamet-
works has found that shared locations between users arétagos
predictor of social ties [3, 5, 6, 9, 18]. Studies by Pan dtl#l] and
by Kostakos and Venkatanathan [11] compare users’ Facei®iok
works and Bluetooth contacts of mobile devices, obsenhagithe
fused online and offline network is denser than either of dpas
rate networks. More ties exist between the same set of usansn
either network alone, which confirms that location givesitaiohl
information about social links and could help friend recoemoha-
tion for online social services.

A further example application is in privacy; community dete
tion has been proposed as a way to sort a user’s OSN contsets in
groups to aid privacy management. Jones and O’Neill [103ystu
how users create sets of their Facebook friends for setepti
vacy settings, and find that geographic location is a widskydu
criterion. They demonstrate that a network clustering ritigm can
approximate these groups, with 33.8 to 76.1% of contactsvieg
the correct settings. The identification of location-basaehmuni-
ties could therefore help to improve OSN privacy controlsitcA
matic grouping of friends based on factors such as locatbordc
also more generally help users to manage the simultanedsis ex

Physical places have always been important to social commu- t€nce of multiple logical groups of contacts [12], like thiecles

nities, with people meeting and forming friendships in limas
where shared activities take place [7]. Although people c@y-
municate online regardless of their location, OSN usersotoect
with friends they meet in person [4]. It is therefore reasbedo
suppose that OSNs contgitace-focusedommunities: groups of
online friends who go to the same places. Location is becgmin
increasingly integrated into online social networks (OEN®mM
incidental features such as Facebook Places, to explioitgtion-
based services such as Foursquare and Gowalla. As a restalt, d
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seen in Google+.

In this work, we propose a means to reveal place-focused com-
munities in OSNs with location sharing, by annotating theiao
graph with information about the places users visit. We grpent
using two large-scale network traces, and show ttmhmunity
detection using only the social graph topology may fail teesd
groups of friends who visit the same plac@ée find thatwe can
extract groups of users connected not only by social tiesalso
by common places’he potential implications of our findings are
manifold: as the offline and the online realms converge gbesttr-
vices and applications can be designed, focusing on uservisi
the same physical places in their daily lives.

2. PLACE-FOCUSED COMMUNITIES

We now describe in detail our proposed means of finding place-
focused communities by annotating the social graph witbrmg-
tion about the places where users go.



2.1 Finding place-focused communities

Community structure is an important feature of many netwdrk
systems, so much research has focused on devising methods fo
dividing large graphs into meaningful communities of nofils
However, these methods generally use only the network agpol
not application-specific information such as user locafidris makes
it difficult to use these methods to find place-focused conitiasn
Furthermore, many algorithms insist that every node igjassi to
a community, which may pose a problem when specifically seek-
ing place-focused communities: some users may not beloscto
groups, and should therefore be excluded.

We propose to address these difficulties by using informatio
about places users visit to annotate the social graph,rasgigo
every edge a weight derived from location information. The a
is to give higher weights to edges denoting friendships fbictv
physical places are important. Edges that do not have highgin
weights to be important to a place-focused community can liee
removed, and users who do not belong to place-focused commun
ties and are therefore left with no ties can be excluded.

2.1.1 Notation

We assume a social network consisting of a se¥VafsersV =
{u1,...,un} and the sef of ties between them, containirg;
whenu; andu; are friends. We represent the social network as an
unweighted, undirected gragh(V, E).

We also assume place data in the fornchéck-insas used by
online location-based social services such as FoursoGaxealla,
and Facebook Places. Usehgeck inby indicating that they are at a
named location, and notify their friends. We represent diotL
places where users have checked imBy= {m,...,mr}, and
we write asc;; the number of check-ins that usey has made to
placem;. U; denotes the set of users who have checked in to place
mj, andM; represents the set of places where usdras checked
in.

2.2 Method

Given the social network:(V, E), the set of placed/, and the
associated user check-ins, we defineammotation functionf :
E — R>o. f takes an edge;; from the social graph, and assigns
to ita weightf (e;; ) derived from the check-in information abaut
andu; . Detection of place-focused communities is then performed
as follows:

1. Assign to each edge; in E a weight f(e;;) based on the
check-ins ofu; andu;.

2. Remove from the graph all edges with weight lower than a
thresholdt > 0.

3. Remove from the graph all nodes with no incident edges.

4. Apply a standard community detection algorithm.

2.2.1 Annotation functions
We experimented with several different definitionsfof

e bi nary: This results in the subgraph of the unweighted
graph G with only those edges;; wherewu,; andu; have
checked in to at least one of the same places. We call users
who have a place in commatacefriends

1 if |MiﬂMj| >0
0 otherwise

fbinar'y (eij) = {

Note thatbi nar y forces use of the threshold= 1, as use

of any higher value would remove all edges in the thresh-
olding step, where all edges with weight lower thaare
eliminated.

pl aces: The number of places whete andu; have both
checked in:

fplaces(eij) = |MZ N MJl
checki ns: The sum, over all of the places thaf andu;

share, of the lower of the numbers of check-ins thaand
u; have made to each place:

>

mp €(M;N M)

fcheckins (eij) = IIliIl(Cip, ij)

This aims to capture the extent to which users visit the same
places, without giving undue weight to edges where one user
visits a place many times and the other very few times.

rati o: We compute the ratio of total check-ins at a place to
the number of users who have checked in there. We use the
maximum value over the places thgtandu; share:

C
fratio(eij) = max ( p)
mp€(M;NM;)

U |

whereC, is the total number of check-ins userslihmade

to placem,,. Places where many people go infrequently, such
as an airport, will give low values and are not likely to indi-
cate important place-based friendship ties. Places wgh hi
values are visited by a few users many times, for example,
somebody’s house, and may be more important. Thus, we
weight edges where users share such places more highly.

2.2.2 Thresholding

The thresholding step aims to remove users who do not betong t
sufficiently place-focused communities. After the anriotastep,
we eliminate edges with weights lower than a threshold value
We then remove from the graph any users left with no ties. d\ith
thresholding, these users will be assigned to communitiesddn-
rithms that insist that every node must be placed in a comyuni
and decrease the place-focus of resulting communitiesic€loht
is discussed in section 3.3.3.

3. RESULTSAND EVALUATION

We now evaluate the effectiveness of our approach in finding
groups of online friends who also go to the same physicalgslac
All our definitions of the annotation functiofy described in section
2.2.1, remove edges; from the social graph where the users
andu; have no places in common. Therefore, we take as given that
the communities yielded by these graphs will contain usére w
share common places, as we aim to find. To check that this shar-
ing of places is potentially meaningful, we specifically sioler
whether or not their members have been colocated, so teatBi
visit the same placawgether Note that colocation is not the same
as simply having visited the same places, which is the orftyrin
mation we use to weight edges before community detection.

In this section, we define two measures of community coloca-
tion. We then describe the datasets and present our realaltson-
firm that we can successfully extract place-focused comtiesni
from the annotated graphs that are not revealed by commdeity
tection on the unannotated graph. In particular, we findrtbabnly
do these users visit common sets of places, they also vésit #h



| Dataset] N | K | Noc [ (k) ] {9 ] L | C |
Gowalla || 165,051 765,872 | 157,622| 9.28 | 0.23| 1,541,951| 13,561,773
Twitter || 663,198 11,959,895| 657,553 | 36.1 | 0.21 | 4,274,022| 34,037,471

Table 1: Properties of the datasets: number of nddesd edgeds in the social network, number of nodes in the giant connecbesponent
Ncc, mean node degreé), mean clustering coefficierit), total number of places and total number of check-irG.
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Figure 1: CCDFs of community sizes using each of the anmotdtinctions and the unannotated graph

the same time as other group membeaigggesting that the groups
do represent place-focused communities of friends who rakset
in the offline world.

3.1 Colocation measures

We verify the place-focus of communities by examining wieeth
their members have been colocated. We argue that if users in
group have declared ties in the social network, then theirgoim

the same places at the same time is meaningful, and can be con-

sidered confirmation that the grouping represents a placesed
community.

We consider users to have been colocated if they have chatked
to the same place within one hour of each other. We define tvee me
sures involving community members’ colocatia@ulocation den-
sity, andcolocation fraction Let M be thecolocation matrixsuch
that theij*" entryM,; is 1 if usersu; andu; have been colocated
and 0 otherwise. LeA be the adjacency matrix of the unannotated
social graphz so thatA;; is 1 if the users:; andu; have a tiee;;
in E and 0 otherwise.

3.1.1 Colocation density
Thecolocation densitpf a communityC' is given by:

Zui,u]‘ eC Mij
lel(c] =1

That is, the number of pairs who have been colocated, astiofiac
of the possible number of pairs. This indicates whether agi®a
place-focused community in the offline world, having highalues
when higher proportions of community members meet fackte-

3.1.2 Colocation fraction

Colocation density is useful for determining whether a camm
nity represents a group who tend to meet each other, butlite va
will be affected by the size of the community: itis less likéhat a

group of 20 people will all have been pairwise colocated th#n
that a group of 5 would have been. We thus defiolecation frac-
tion, which controls for the size of the community by considering
thesociallinks that are present, and which of these pairs of friends
are also colocated. Thaplocation fractionof a communityC' is
defined:

a M

u;,u; €C ij
> A

wju;eC MM
That is, the proportion of the social ties between commumigyn-
bers where the users concerned have been colocated. Ttiamaea
the extent to which online social ties between community tvens
reflect offline meetings.

3.2 Dataset description

We apply our method to datasets from two OSNs with user check-
in information, Gowalla and Twitter. Properties of the twatasets
are shown in Table 1.

Gowalla is a location-based social network created in 2866,
discontinued when the company was acquired by Facebook-in De
cember 2011. Users declare friendship ties to form a soegl n
work, and use their mobile phones to check in at their locagiod
notify their friends. We consider a complete snapshot oftheice
downloaded in August 2010.

Twitter is one of the most popular online social networkieg-s
vices, with over 300 million registered users at the end dfl2@Ve
obtain check-in information for Twitter users by considgrihose
who have shared Foursquare check-ins publicly throught&vit
Foursquare is the most popular online location-based Isneta
work, with over 15 million users in January 2012. The dataset
sists of Foursquare check-ins pushed to Twitter between amaly
November 2010, the users who shared these check-ins, asd-the
cial links between them on Twitter. We take two usersindu; to
have an edge;; between them in the social graph if each follows

> Ay
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Figure 2: Colocation-based measures for community placasf

the other on Twitter. This aims to exclude links where marsrsis
follow brands or celebrities but the tie is not bidirectibrzend does

not represent friendship.

3.3 Resultsof community detection

We used the Louvain algorithm [2] to perform community detec
tion on the annotated graphs and on the original social grajh
mentioned in section 2.2.bj nary forces choice of the threshold
t = 1: only the edges;; whereu; andu; are not placefriends are
removed. This results in removing 85% of edges and 31% okuser
from the Twitter graph, and 65% of edges and 46% of users from

the Gowalla graph.

For the other three annotation functions we present refarlts
selected such that the 10% highest weighted edges area@tiain
the thresholding step. The choicetd$ discussed further in section

3.3.3.

3.3.1 Community size distribution

Figure 1 shows the Complementary Cumulative Distributiond-
tion (CCDF) of community sizes. For the unannotated grapdret
are a few large communities with thousands of nodes retuimed
both networksMany of the smaller communities detected in the
annotated graphs, confirmed to be more place-focused inalhe f
lowing section, are contained within these huge communiimce

place information is not exposed to the detection algoritiynthe
unannotated graph, spatially important edges are lost gshother
social links and subsumed into large communities withelisphatial
meaning.

Some improvement is obtained by usinignar y to remove so-
cial edges that are not between placefriends. Figure 1 stimats
fewer very large communities result, but some still perdisis is
likely due to the fact thabi nary forcest = 1 and users who
happen to have a social tie to a placefriend, but who are mobpa
a place-focused community, remain in the graph. The othreeth
annotation functions yield community size distributionisere the
largest communities have fewer than 1000 members. Thegqarobl
of many place-focused communities being hidden insideslaogn-
munities that may be significant to the topology of the OSNaloc
graph, but which are not place-focused, is reduced.

In all cases, more than 90% of communities have fewer than 30
members. We are most interested in these small commureéises,
they may feasibly represent real communities of OSN users wh
are friends and visit the same physical places. Our choidbisf
upper bound for the possible size of a place-focused contgnuni
is supported by the finding of Onnela et al. [15] that group8®f
people or below tend to be geographically tight, but becorneem
spread out beyond this size. In the following section we i@rs
these communities of size 30 or below.
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Figure 3: Effect of varying the threshold paramet#n exclude different proportions of the links from the Twitgraph after application of
the annotation functiopl aces.

3.3.2 Colocation-based measures 3.3.3 Effect of choice of threshold value

We now examine the colocation-based measures. We present re  The threshold value acts as a tuning parameter, determining
sults for the different annotation functions and for thennatated how aggressive we are in excluding users from consideration
graph. For these measurés,nar y is a second baseline over that the basis that they do not have social ties that are strorigbep
of the unannotated graph: by comparing the other annotatiwst focused enough. To illustrate the effect of changinwe present
tions with thresholding tbi nar y, we can judge how much ofany  results forpl aces and the Twitter network. We saw similar results
observed effect is due to the chance of users wh@kaeefriends for the other functions and for Gowalla; while these are o
and friends happening to be colocated, and how much is diretot due to space limitations, the following gives an idea of tbie of
use of the other annotation functions. the parameter and considerations in choosing its value.

Figure 2 shows the mean colocation density and mean coloca- The lowest possible threshold value fdraces, t = 1, corre-
tion fraction for communities of a given size. The commuasti sponds in this network to removing 50% of links from the graph
detected having annotated the graphs wittaces, checki ns hence this is the lowest proportion for which values are show
andr at i o have consistently higher values for both measures than  Figure 3 shows how communities found using higheare in-
those found after application & nary, and in the unannotated  creasingly place-focused. Pruning less spatially immobtiaks from
graph. We therefore see that we can use our annotating ashthr  the graph will increase place-focus, but users may be redhduve
olding mechanism to remove spatially unimportant edges fitee to not having highly-weighted incident links. When choagirthe
graph and reveal communities of users who not only go to thiesa  needs of the application must be considered: it may be that an
places — these place-focused communities we are seekirtgisbu communities found need to be highly place-focused even gtmo
who tend to go to the same places together. users will be excluded from consideration, in which caséould

The functionspl aces andchecki ns give higher values of be high. Conversely, if moderate place-focus is accepttdewe
the colocation-based measures tham i 0. This could be because  want to assign more users to communities, loiweill be appropri-
the thresholding step removes users who have checked iwer fe  ate. For example, if using these communities for friend meoen-
places, and it is possible that if users check in to enoughef t dation, it might be better to have lower place-focus but mmers
same places they will eventually be colocated by chance adery available for consideration. For applications such asagsivman-
these users have declared online friendship, so we knowntbat  agement, higher place-focus may be more important and a more
are not merely grouping so-callémiliar strangerd13] who meet restricted group of users would be an acceptable cost.
regularly but are not friends. We therefore argue that ailon of
these users is likely to be meaningful.

We also note that fopl aces andchecki ns, thresholding
necessarily discards users who have checked in to fewertthan
places and with fewer thancheck-ins, respectively. It may be that
to detect place-focused communities it is necessary taeasers
for whom we do not have enough data. As location continues to
become more important to online social networking, datasifya
may be less of a problem. For now, the verifiably place-foduse
communities we can detect include those users who activakem
use of location features, and these are the users for wholicapp
tions of the detection of these communities could be mogtulse

4. CONCLUSIONS

As location data becomes more available on online platfprms
information about the places where users go can be usedtio-dis
guish between social ties that connect friends who meetttace
face, and those ties that are maintained mostly or entinelip®.
We have presented a way to find place-based communitiesiireonl
social networks, by annotating the social graph with weighe-
rived from information about physical places users visie kidve
applied our technique to two real networks, and seen thatewnhi
community detection using the network topology alone cidrtda
group friends who visit the same places, we can find placesked
groups where users are often colocated. Our work has maap-pot



tial applications, from friend recommendation algorithtospri-
vacy management and automatic contact organization.
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