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Abstract. Location-based services allow access to a rich store of in-
formation on user mobility and behaviour. Such information may reveal
indicators towards user personality which can be used to improve models
of human mobility and create future recommendation systems. Analysis
of Foursquare checkins in venues in two different UK cities over a period
of weeks allows us to draw conclusions about user behaviour, checkin
patterns and similarity of users.

1 Introduction

Mobile location services such as Foursquare and Gowalla allow users to record
spatial and temporal data, keeping a log of the places they have been to and
when. These services use social and game features to encourage users to continue
to participate, producing an ongoing record of spatio-temporal data that can be
mined and analysed to provide a rich picture of user mobility and behaviour.
This picture may reveal indicators to user personality and their disposition to-
wards experiences as suggested by the OCEAN [2] personality model, informa-
tion which could be used to inform the creation and development of mobility
models and recommendation systems.

In these location based mobile services, places are represented by ‘venues’,
which are described as any place a user can visit, such as a shop, a restaurant, a
park, a road and so on. Users ‘check in’ to venues, marking that they have visited
a particular venue at a particular time. Venues can be created by users if they
are not already present in the service, they have location data describing their
position and may also have some user provided data associated with them. This
user created data may at the simplest level be a categorisation of the venue into
one of several pre-defined categories, or it may contain more complex information
such as user tips for the venue, or photographs taken at the venue.

There are two main aims behind the work presented in this paper. It should
be possible to use mobility and social data to identify how well checkins re-
flect predicted user behaviour from social based mobility models. Such mobility
models often include drivers that attempt to force social links and groupings
to influence individual mobility. Analysis of user provided checkin data should



allow comparison to see how mobility in real world is affected by social links and
grouping.

Secondly, we aim to use social, temporal and mobility data to inform the
creation of future recommendation systems. We envisage a system where users
are recommended content and activities based not just on prior behaviour or
the patterns of their friends, but on predicted future behaviour. Such a system
should be able to recommend activities or content to users without the users
necessarily being aware of their desire for such items. In order to create such a
system we must first answer some fundamental questions about how personality
and behaviour relate to mobility and social ties.

By monitoring a number of venues across two different cities in the UK,
we have captured a snapshot of Foursquare checkin information. This checkin
information has been analysed to draw conclusions about user behaviour and
the patterns that may be found within. In this work we focus primarily on the
analysis of Foursquare data relating to categories of venues, and what this can
tell us about user behaviour and similarity.

We analyse the distribution of checkins over users and venues to identify any
patterns, as well as examining the geographic distribution of checkins over the
two cities. We identify different patterns of behaviour in terms of the checkins
made in different categories of venue, and the temporal patterns in the same.
Finally we use individual category checkins to compute a measure of similarity
between users to assess the level of similarity between friends.

2 Related Work

Social aspects have been increasingly used in recent years to develop compu-
tational mobility models. For example, [11] links human mobility with social
network theory and uses synthetic mobility traces as good approximations of
human movement patterns, while [5] stresses the importance of knowing and
understanding the social structure beside the use of realistic pairwise statis-
tics produced by analysing contact and inter-contact time distributions. This
regularity of movement has been proved to be strictly related to the complex
community structure, capturing highly connected circles of friends, families or
professional cliques in a social network. In this context, the social and spatial
temporal dimensions dynamically evolve and interact thanks to the frequent
changes in the activity and communication patterns of individuals [4, 13].

The integration of spatial information with social networks as been largely
investigated during the last decade by the creation of prototype social networking
systems based on physical co-presence. [8] discusses how location-based social
networks services such as Foursquare1, Gowalla2, and Brightkite3, present a
number of innovative areas of functionality, either not yet available or fully
exploited in other commercial mobile social networking platforms. [10] focuses

1 https://foursquare.com/
2 http://gowalla.com/
3 http://brightkite.com/



on how users connect with friends in relation to how they check-in at different
places, finding in general that user activity decays faster than exponentially and
so users add friends more quickly than they accumulate check-ins. Similarly, [15]
analyses user activities and social graph of a mobile social network using data
obtained from Nokia Friend View4. Results show that user activities are highly
correlated and in contrast to from online social networks, where users have a large
number of friends but loose weakly-tied subgroups, users of these location-based
services tend to have closer, strongly-tied cohesive subgroups. [7] examines the
motivations of users of these services, focusing in particular on Foursquare. These
include elements of fun, exploration, and coordination with the most popular use
being signalling availability to friends, using the history of visited places as a
form of presentation of self, and coordinating with the social group.

One of the most distinctive features of these services in comparison with
traditional on line social networks is that they allow users to know when their
friends are around and provide the ability to meet new people who share their
own interests [1]. This could be used for the development of improved recom-
mendation systems in order to suggest places and activities to do at a particular
location and time. In fact, current recommender systems are still primarily based
on collaborative filtering techniques that measure the similarity between users
by considering the rating of common items. Issues such as the social influence on
physical proximity in friendship formation can be further introduced to improve
these systems beside other factors, such as the similarity of interest and social
friendships. [6] proposes three different layers for considering users similarity: a
social graph layer (using friendship links from Brightkite), a tags layer based
on interests similarity (defined by user profiles), and a spatial layer based on
the location based graph of each users updates. [12] uses semantics to propose
a clustering method for both the users of location-based services and the cor-
responding geographic areas. The proposed method is primarily based on the
identification of user communities that visit similar categories of places, and on
the comparison of urban neighbourhoods within and across cities.

Finally, [9] uses Foursquare as a test bed to conduct a socio-spatial anal-
ysis concluding that there exist strong social and geospatial ties among users
and their visited locations in the network. The authors propose a recommenda-
tion system that, although still based on collaborative filtering with rating, also
considers a geospatial variant based on the idea that friends who are close in
distance (nearby friends) tend to share more commonly visited locations. The
same findings have been used in [3] to propose a mixed-model recommender for
leisure activities that uses the well known collaborative filtering model as well
as additional ones, such as those based on geographical distance (utility decays
with the distance between users) and social learning. An example is the so-called
learned preferences model, based on ideas such as that frequent visits to specific
categories of places (mexican restaurants in the example) would automatically
infer a preference for these locations.

4 http://betalabs.nokia.com/apps/nokia-friend-view/



3 Foursquare Data

Monitoring of Foursquare checkin data took place in two cities, Cardiff and Cam-
bridge, from Monday 21st March 2011 at 08:49 GMT until Friday 13th May at
11:20 BST. Cardiff is the capital city of Wales with a population of approxi-
mately 320,000. It contains campuses for three Universities, with the largest,
Cardiff University, having approximately 34,000 students and staff. Cambridge
is a relatively small city to the north-east of London, with a population of ap-
proximately 130,000. The city contains the University of Cambridge, which has
approximately 28,000 students and staff.

An initial search for venues in both Cardiff and Cambridge revealed sev-
eral thousand registered venues across both cities. A subset of these venues
were monitored for checkins, with venues chosen based on geographical location.
Each venue was polled for checkins in turn, with the monitoring process cycling
through the venue list for each city approximately once an hour, with both cities
being monitored in parallel. Although monitoring was carried out continually,
there are some gaps in coverage either due to Foursquare API down time or
other failures of the monitoring process. Over the monitoring period, checkins
were observed in only a proportion of the monitored venues. The numbers of
venues found in each city, the number monitored for checkins and the number
in which checkins were observed are given in Table 1.

Table 1. Discovered and monitored venues for each city.

All Venues Venues Monitored Active Venues

Cardiff 4,314 2,219 1,234
Cambridge 3,008 1,884 852

Venues in the Foursquare database may be categorised under one or more
descriptive categories. The types and names of categories themselves are pro-
vided by Foursquare, but the categories applied to venues are user suggested
and community moderated, so the venue categories become a restricted form
of folksonomy. Categories themselves are arranged in a hierarchical tree, with
several top-level parent categories being separated into further sub-categories,
and so on.

4 Results and Data Analysis

The data collected during the monitoring period showed Cardiff to be consider-
ably more active, both in absolute terms and checkins per venue or per user (see
Table 2).



Table 2. Checkin statistics.

Active Venues Checkins Users Checkins per Venue Checkins per User

Cardiff 1,234 13,299 1,701 10.78 7.82
Cambridge 852 6,464 1,196 7.59 5.40

4.1 Geographic Distribution of Checkins

Heatmaps showing the distribution of the checkins observed in the monitoring
period over the two cities are given in Figures 1(a) and 1(b). As can be seen,
the heavy concentrations of checkins tend to match up to features such as roads
and dense areas. Checkins are concentrated within the centre of both cities as
may be expected.

(a) Cardiff (b) Cambridge

Fig. 1. Heatmaps showing the geographic distribution and intensity of checkins in each
city.

4.2 User and Venue Checkin Distribution

Figures 2(a) and 2(b) show frequency distributions for the number of user check-
ins and the popularity of venues. We can see that most users make very few check-
ins. Indeed, we found that the number of users having made only one checkin
in the period was 31% in Cardiff and 43% in Cambridge. While the number of
very active users is small, these users account for many of the checkins in their
cities. For example, in Cardiff the most-active 1% of users are responsible for



15% of the checkins. A similar relationship can be observed with the popularity
of venues (Figure 2(b)); that is, each city contains a large number of less popular
venues and a small group of very popular venues.

The approximate straight-line shape in Figure 2(a) (shown on a log-log scale)
hints at a power-law relationship in the distribution of users checkin activity. The
shape is less pronounced in the case of venue popularity (Figure 2(b)), and in
both figures there is a great deal of fluctuation in the tail of the distribution.
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Fig. 2. User and venue checkin counts for both Cardiff and Cambridge. Both plots are
on a log-log scale.

4.3 Checkin Categories

The categories associated with venues make it possible to study the structure
of a city and the types of venue in which people tend to make checkins and
record their presence, so possibly revealing something about user behaviour in
terms of the types of venue visited. Foursquare’s category hierarchy consists of
eight top-level categories, each of which can have a number of sub-categories and
sub-sub-categories. These sub-categories are too many and too specific to easily
examine, so we have grouped venues by their top-level categories, as shown in
Figure 3.

It is clear that the three data points for each category give each city a different
fingerprint of activity within the city. It may be possible to classify cities based
on these values or the ratios between them, and this data may reveal individual
characteristics of the city. For instance, Cambridge has almost as many checkins
in the College & Universities category as the Food category, while in Cardiff
checkins in the Food category outnumber those in the College & Universities
category by almost 2 to 1. Looking at ratios between the number of venues and
the number of checkins reveals further details, for instance in Cambridge the
ratio of venues to checkins in the Nightlife Spots category is approximately 3 : 1,
while in Cardiff this ratio is approximately 6 : 1.
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Fig. 3. Checkin statistics for venues grouped by top-level category. In particular: the
number of active venues in each category, the number of checkins in the venues in each
category, and the number of unique visitors to venues in each category.



4.4 Daily Check-in Behaviour

The per-hour distribution of checkins offers insights into how the behaviour of
Foursquare users is influenced by the time of day. The plots in Figure 4 show the
total number of checkins during each hour of the day, along with the categories
of venues that were visited. To limit potential bias due to interruptions in data
collection, a 21-day period with the fewest outages was selected. The number of
checkins recorded in this period were 5,226 and 2,609 for Cardiff and Cambridge,
respectively. Checkins occurring within the same hour of the day were aggregated
to produce the figures. We also differentiate between checkins on weekdays (i.e.,
Monday to Friday) and checkins on weekends (i.e., Saturday and Sunday), as we
expect work patterns to have a strong influence on weekday check-in behaviour.
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Fig. 4. Number of checkins per hour of the day in Cardiff and Cambridge. The con-
tribution of each venue category to the total checkins for each hour is indicated by
colour.



We found that there was a slight increase in the number of checkins per day
on weekends. Cardiff averaged µ1 = 246.2 checkins per day on weekdays (with
σ1 = 57.7) and µ2 = 255.5 checkins per day on weekends (with σ2 = 73.6).
A comparable increase was found in Cambridge, which averaged µ1 = 123.5
checkins per day on weekdays (with σ1 = 29.3) and µ2 = 126.0 checkins per day
on weekends (with σ2 = 51.6). Within each city we tested whether the difference
in the weekday and weekend means were statistically significant by applying the
two-sample T -test with the null hypothesis H0 : µ1 = µ2. The resulting p-values
lead us to accept H0 for both cities (p = 0.79 for Cardiff and p = 0.91 for
Cambridge) at the 0.05 significance level. Therefore we conclude that there is
no statistically significant change in the number checkins on weekdays versus
checkins on weekends.

Both cities also appear to have the same ratio of weekday checkins to week-
end checkins. The fraction of weekday checkins is f1 = 0.704 for Cardiff and
f2 = 0.710 for Cambridge. We tested the statistical significance of this similarity
between Cardiff and Cambridge using the two-proportion Z-test with the null
hypothesis H0 : f1 = f2. The test gave a p-value of 0.55, indicating that there is
no statistically significant difference between the two ratios.

Despite the negligible difference in the number of checkins per day, the dis-
tribution of checkins on weekdays and weekends are noticeably different. In the
case of weekdays, we find that both cities have three bursts of checkins that
occur during the day. In Cardiff there is a morning burst from 07:00 to 10:00, an
early-afternoon burst from 12:00 to 14:00, and an early-evening burst from 17:00
to 19:00. Cambridge checkins follow a similar pattern, but with the morning and
early-evening peaks being smaller relative to the early-afternoon peak.

The morning burst on weekdays is likely due to users waking up and checking
in to venues as they travel to work. Indeed, in the 07:00 to 10:00 burst the four
most-popular venue categories for Cardiff are Home - Work - Others (29%), Food
(15%), Shops (15%), and Travel Spots (15%). It is not surprising that the early
afternoon (12:00 to 14:00) checkins are predominantly at Food (24%) and Shops
(21%) venues. The percentage of Home - Work - Others checkins in the early
afternoon (11%) is much smaller than in the morning burst (29%), which may
indicate that either many individuals do not leave work for lunch or neglect to
check-in on their return to work. A notable change in the early evening checkins
is an increase in the percentage of Nightlife Spots checkins (21% for 17:00 to
19:00). This category becomes increasingly popular as the evening progresses.

Although we can observe a three-burst pattern for both Cardiff and Cam-
bridge during weekdays, there is no strong similarly between their weekend
checkin patterns. The number of checkins per hour in Cardiff does not dras-
tically change between 11:00 and 21:00. Cambridge has a high rate of checking
in between 10:00 and 15:00; however, unlike Cardiff, this rate is not sustained
into the evening. These results indicate that weekday user behaviour is predom-
inantly driven by routine, whereas there is scope for more variation and less
predictability in weekend patterns.



4.5 User Similarity

The categorisation of venues allows us to look at user checkins and develop a
measure of interest for each category over the monitoring period. If we take the
number of checkins n in a category m over all categories M , we describe a user
x’s interest profile as a vector Cx, where Cx

m = n. Non-zero entries in Cx for
a category m relate to the users relative interest in that category, while a zero
entry describes that the user has no relative interest in that category. This vector
can then be normalised such that

∑M
m=1 C

x
m = 1.

Using these interest profiles for each user we can then calculate the propor-
tional similarity PS(x, y) [14] between two users x and y with interest profiles
Cx and Cy as:

PS(x, y) = 1− 1

2

M∑
m=1

|Cx
m − Cy

m| . (1)

It should be noted that this similarity may change over time as and when
(or if) users change their preferences or Foursquare checkin behaviour.

In Figures 5(a) and 5(b) we compare the complementary cumulative distri-
bution of proportional similarity between all pairs of users and between friends
only, using the category checkin count interest profiles.

From the distributions it is clear that the probability of having a PS of a
certain value or higher is much higher between friends than between all users.
For instance, in Cambridge the probability of having a Proportional Similarity
of more than 0.1 is about 0.5 for friends, but less than 0.2 for all users. Cardiff
shows similar results. This suggests that pairs of friends have a much higher
average proportional similarity than pairs of random users. The fact that friends
have some level of similarity indicates that users share more similarity in checkins
with their friends than with all users.
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Fig. 5. Proportional Similarity between all users and friends only using category
checkin counts to define interests.



5 Conclusions and Future Work

From analysis of Foursquare checkins in two UK cities we have identified several
patterns. In general most users have relatively few checkins over a given time
period, while a few users have very many checkins. In Cardiff 31% of users have
only 1 checkin, while the top 1% of most active users were responsible for 15%
of the checkins. The checkin density in each city is closely related to the centre
of the cities.

Each city has different behaviour patterns of users in terms of checkins and
number of users in top-level categories, and a physical fingerprint comprised of
the number of venues in each category. These patterns may reveal information
about the city or the users within the city.

A fluctuation in the number of checkins over a daily period has been observed,
with weekdays and weekends having different patterns, based on user behaviour.
This information may be used to improve future human mobility models.

Similarity of users can be calculated using the number of checkins in each
category, and it has been shown that users are more likely to be similar to their
friends than other users.

5.1 Future Work:

We intend to expand analysis to further regions to allow further comparison
of different cities. Although visual inspection suggests a potential power law
relationship in the distribution between number of checkins for venues and users,
we intend to carry out further investigation to validate this.

The weekday patterns identified by the analysis seems to be driven by routine,
however our analysis is carried out on aggregate behaviour, individual behaviour
of routine and regularity also requires study. The diversity of checkin behaviour
across venues and categories will be investigated, and checkin sequences analysed
for predictability.

Co-located checkins, where two users register a checkin at the same venue
at the same time can be mined from the data to identify the role that social
relationships have on mobility, to discover if friends check in together frequently,
or to discover at what types of venues co-located checkins occur. Aggregate
checkin behaviour over many factors (number of co-located checkins, categories
of checkins, diversity of venue choice and so on) may allow classification of users
or personalities which can aid the development of future recommendation sys-
tems.
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