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Abstract—Location-sharing services such as
Foursquare provide a rich source of information
about the visits of users to locations. In the case
of Foursquare, users voluntarily ‘check in’ to
places they visit using a mobile application. An
analysis of these data may reveal differences in
users personality in terms of their mobility habits,
preferred places, and action and location patterns.
This knowledge about user behaviour can be used,
in addition to information about their preferences,
to improve current recommendation systems for
mobile platforms.
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I. INTRODUCTION

The widespread adoption of smart mobile de-
vices has led to a growth in usage of social-driven
location-sharing applications, such as Foursquare,
Google Latitude, and Facebook. Users of these
applications can record their visit to a location,
referred to as ‘checking in’. This results in a spatio-
temporal record of the users’ visits, allowing them
to keep track of the places they have been to
and when. In this work we focus on the location-
based service Foursquarel, for which we have
collected a snapshot of checkin information during
a defined period of time. In this service, places
are represented by ‘venues’, which are described
as any type of location a user can visit e.g. shops,
restaurants, parks, railways and bus stations etc.

Foursquare also allows users to explicitly create
social links (called ‘friendships) to other users,
resulting in a social graph of users. Users compare
their checkins with those of their social contacts, to
see where their friends are or have been. Further
incentives to participation are provided in terms
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of rewards (points, badges and ‘mayorships’ that
users can gain by frequently checking in in a spe-
cific venue). The Foursquare community is rapidly
expanding, reaching the milestone of 10,000,000
users in June 20112, This large community consists
of a variety of user types who use the service for
different purposes, from being motivated by the
social or the gaming aspect to simply using the
service as a log of all the places they have visited.
A detailed analysis of these checkin data could
reveal different users’ habits, preferred places,
action and location patterns, thus providing deeper
insights into human mobility and behaviour that
could transcend the reductive context of a gaming
application for smart-phones.

In this paper we analyse the checkins of users. In
particular, we are interested in finding differences
in the way individuals use the system in order
to identify possible commonality of behaviours
between different groups. Building a profile of the
mobility behaviour of a specific user could, for
example, help for the development of recommenda-
tion and suggestion systems that take into account
user habits and personal preference in terms of
mobility and action patterns, instead of solely
relying on their preferences of interests. The latter
is true in the case of many mobile recommendation
applications, including Foursquare. These systems
do not take into account any specific personal char-
acteristics in terms of users spatial, temporal, and
social mobility. This would help answer questions
such as: does a given user prefer visiting the same
places regularly or are they more inclined to visit a
variety of venues; does the user tend to visit venues
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very frequently and go to places that are close in
distance or do they rather prefer occasional visits
and maybe travelling significant distances, or do
they just prefer going where their friends go?

II. RELATED WORK

Understanding social structure and its relation to
mobility is of great relevance for the performance
of protocols and algorithms designed for mobile
pervasive environments. Recent work suggests that
humans follow regular and periodical patterns that
can be guided by their social interactions. In fact,
often human trajectories show a high degree of
temporal and spatial regularity, with each individ-
ual presenting a characteristic travel distance and
a significant probability to return to a restricted
number of highly frequented locations [1], [2].
This regularity of movement has been proved to
be strictly related to the complex community struc-
ture, capturing highly connected circles of friends,
families or professional cliques in a social network.
Early studies noticed that with mobile devices
becoming location-aware, it is now possible to
know when people are physically co-located and
incorporate this information into social software
in order to incentivise the formation of social
groups [3]. These original findings could now be
further improved by analysing repeatable mobility
patterns that can be reproduced by crawling and
analysing the data derived from location-based
mobile services [4]. In [5] some of the most
successful services such as Foursquare, Gowalla,
and the (now defunct) Brightkite are considered
and a statistical analysis of the formation of friends
and the number of checkins and locations visited
is conducted, finding in general that user activ-
ity decays faster than exponentially and so users
add friends more quickly than they accumulate
checkins and places. In [6] a similar analysis
is conducted using Flickr* data, investigating the
number of co-occurrences in one or more locations
(users visiting the same location) within different
time intervals. This article also proposes a model
to infer the probability of friendship based on the
number and frequency of such contemporaneous
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events. The authors previous work [7] empha-
sises that location-based services allow access to
a rich store of information on user mobility and
behaviour. Here Foursquare checkins in venues in
different cities over a period of weeks are used
to analyse preference of interests and similarity
of users, suggesting that such information may be
used to reveal user personality which can be used
to improve analytical models for human mobility
and create future recommendation systems.

III. RESULTS

Checkins were monitored in a set of venues in
two UK cities: Cardiff (the capital city of Wales
with a population of approximately 320,000) and
Cambridge (a university town in the county of
Cambridgeshire presenting about a third of the
population of Cardiff with its 120,000 inhabitants).
The data monitoring occurred from Monday 21st
March 2011 until Friday 13th May. The size of
the cities was reflected in the number of venues.
Cardiff had in that period a total of 1,234 active
venues (i.e. with at least one checkin) but only
852 were found for Cambridge. Complete statistics
about the number of venues, users and checkins are
summarised in Table I.

Table T
CHECKIN STATISTICS.
Venues | Checkins | Users | Checkins | Checkins
PerVenue PerUser
Car. 1,234 13,299 1,701 10.78 7.82
Cam. 852 6,464 1,196 7.59 5.40

A. User and venue checkins

The plots in Figures 1 and 2 show (in a log-
arithmic scale) the distributions of the number of
user checkins and the popularity of venues. The
majority of users made very few checkins whereas
only a limited number (about 10 users for the Cam-
bridge data and only around 40 users in Cardiff)
performed more than a hundred. In particular, the
number of users that made only one checkin in the
monitoring period was 43% in Cambridge and 31%
in Cardiff. Conversely, small percentages of very
active users were responsible for the majority of the
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Figure 2. Venues checkin counts - Cardiff and Cambridge

checkins (in Cardiff 1% of users performed 15% of
the total amount of checkins). The same pattern is
seen by the curve showing the number of checkins
per venues (Fig. 2), with many venues showing
low popularity while only a limited number of
them present a significant number of checkins
(> 50). No particular difference in the behaviour
can be observed between the two cities, although
Cambridge is showing a proportional reduction
in the number of users and venues checkins in
comparison to the Cardiff results.

B. Time and distance between checkins

In this section we take a closer look at the
behaviour of users in order to identify patterns of
behaviour between consecutive checkins in terms

of intervals of time and distance. For each individ-
ual user we select all pairs of consecutive checkins
that are made within a given time threshold, and
look at the exact time between the checkins and
the distance between the venues checked in to
(we consider time intervals between three hours
and one month). Subsequently, we have computed
and plotted the average time and distance between
each pair of consecutive checkins among each
group of selection. Figures 3 and 4 present the
Cardiff results showing the cumulative distribution
function for average time and distance intervals
between pairs of checkins for each of the differ-
ent thresholds considered. Looking at the spatial
lengths (Figure 3) between checkins we can find
that users tend to perform checkins within short
distances (around lkm) with a significant prob-
ability of ~ 0.6. The Cambridge findings (here
omitted due to space restrictions) showed a similar,
yet slightly higher probablitlity value.

In addition, the slope of the curve showing the
distribution for checkins within a given distance
also presents some differences: the curve appears
to be almost linear with a sharp increase in its
first part whereas for longer distances it becomes
smoother with significant smaller gradients, thus
showing that checkins separated by significant
space are far more rare. The behaviour described
above does not appear to be heavily influenced by
the time threshold of the checkins considered.

If we consider the similar plot showing the
percentage of users in relation to time interval
between different checkins (Figure 4) we can draw
similar conclusions: users check-in consecutively
within a relatively short time interval with signifi-
cant probability (= 0.5 if we consider all pairs of
checkins that occurred within one day, higher for
the other cases). However, because of filtering this
effect also depends on the specific time threshold
between checkins (we here show intervals intervals
between three hours and one day).

C. Patterns within checkins

The aim of this short section is the identifi-
cation of patterns of repeated behaviour among
the checkins of individual users. Users appear to
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often repeatedly check in within the same venues,
in a similar or the same order, and it is these
repetitions of behaviour that we are interested
in. So, for instance, if a user checks in to the
‘bank’ and then the ‘supermarket’ twelve times
during the monitoring period, we have a tuple of
two venues that is repeated twelve times. (This
repeating behaviour has an extreme case: that of
users checking-in exclusively in a very limited
number of venues, i.e. checking in only at home
and at work for instance). We examine these pat-
terns by firstly considering ordered unique tuples
representing a consecutive sequence of checkins
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Figure 5. CCDF for number of unique ordered sequences of
checkins (two, three and four venues) - Cardiff

in distinct venues. Figure 5 shows (in logarithmic
scale) the complementary cumulative distribution
of the number of unique distinct tuples within the
whole population (we considered ordered tuples
of two, three and four venues). We can see how
the probability of having even a small number of
repeated pairs of consecutive ordered checkins is
rather low (on the order of a few percent) and
sharply decreases when considering tuples of three
and four venues or a greater number of tuples.
However, these probabilities rapidly increase if we
consider a fuzzy representation of tuples allowing
sequences of checkins to occur in any order (so
for example allowing the ‘supermarket’ followed
by the ‘bank’ to appear the same as the ‘bank’ fol-
lowed by the ‘supermarket’) and also allow venues
to be spread among a larger number of checkins
(so allowing the ‘bank’ then the ‘barbers’ then the
‘supermarket’ to also count as the same). Figure 6
shows the complementary cumulative probability
distribution for the number of unordered checkins
for pairs of distinct venues (doubles) when the
fuzzy representation is defined over a sequence of
up to ten consecutive checkins. We can see from
the plots that the probability of having up to fifty
repeated pairs of checkins for example rises from
about 0.003%, when considering unordered pairs,
to about 0.3% if we allow the pairs to be spread
among five and ten consecutive checkins.
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D. Co-located Checkins

If two users checkin in the same venue within
a given time window, we consider this to be
a co-located checkin. In this final section we
consider these co-located checkins, with the aim
of discovering how they are distributed throughout
the dataset and what trends or patterns they reveal.
In addition we look at how these statistics may
be different when considering co-located checkins
between generic pairs of users or between users
that are linked with a friendship link in Foursquare:
do users tend to check in at the same venues as
their friends? We also consider the time difference
between these checkins: do friends tend to go to
the same venues at the same time or within short
intervals?

Number of users with co-locations. We first look
at the number of co-located checkins present in the
data for each user. Figure 7 shows the cumulative
distribution function for the number of users having
any co-located checkins, considering co-located
checkins with all users (similar results are obtained
if we look at friends only). We see that while a
few users have co-located checkins with a large
number of other users (up to 350 unique user
co-locations in Cardiff and 160 in Cambridge),
the majority of users have fewer unique users
with which they have co-located. In Cardiff, the
probability that an individual user has co-located
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Figure 7. Cumulative distribution function for number of total
users with co-located checkins - Cardiff

with 50 users or fewer is above 0.8 for all time
windows. Despite the high probability for small
numbers of co-located checkins, the results show
that users in fact do have some co-located checkins,
and that they have co-located checkins with both
friends and other users.

Time between co-locations. We now look at the
time between checkins at the same location, again
examining co-locations within given time windows.
Figure 8 shows the cumulative distribution func-
tions for the times between co-located checkins in
Cardiff within 1 hour and 3 hours, for co-locations
with all users and co-locations with friends only.
These results show a peculiarity of behaviour when
we consider users that are also friends. In fact,
these plots illustrate that if a co-located checkin
occurs within a short time frame of the original
checkin, the probability that the co-located checkin
is with a friend is much higher than the probability
that it is with any other user. For instance in Cardiff
the probability that a co-located checkin with a
friend occurs within 2000 seconds (33 minutes)
is 0.8, while for all users the probability is 0.7,
if the checkins examined are restricted to those
occurring within an hour of the original. If this
time window is increased to 3 hours, any co-
located checkin that occurs has a probability of
0.55 of occurring between friends within 2000
seconds, but a probability of only 0.35 of occurring
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Figure 8. Time between Co-located Checkins, for co-locations
occuring within 1 and 3 hours, between friends only and all
users - Cardiff

within 2000 seconds with any user from all other
users. This suggests that co-locations with friends
tend to occur within shorter time frames than co-
located checkins with other users, which may stem
from users visiting locations with their friends and
checking in at the same time.

IV. CONCLUSION

In this article we have investigated and dis-
cussed how users of location based mobile ser-
vices present different behaviour in terms of their
mobility patterns, using Foursquare checkins as
a test-bed. In particular, we have observed that
a significant percentage of users tend to make
frequent and regular visit to a limited number
of venues, as well as showing an inclination for
visiting places frequented by their social friends.
Patterns of repeated behaviour can be observed,
and the use of specific time and distance intervals
between checkins can be identified, implying rele-
vant differences in their mobility behaviour. Future
planned work will consider closely the relation and
interaction between the preference of interests of
the users and their behavioural characteristics. If
a user checks in regularly in a number of places
does this also reflect his/her preference in terms of
types of venues? And does he/her tend to frequent
places where his/her social friends go, even if

they are places of different types than those they
favour? The further knowledge that can be derived
from combining information about the mobility
behavioural characteristics of individuals with that
of their interest preferences can be of fundamental
importance for building more realistic and effective
personal profiles of users. Thus could be used
for the development of personalised recommender
application systems for mobile platforms.
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