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The wealth of user-generated data in Location-Based Social Networks (LBSNs) has opened new
opportunities for researchers to model and understand human mobile behaviour, including predicting where
they are most likely to check-in next. In this paper, we propose a model that leverages the use of Global
Temporal Preferences and Spatial Correlation, to help make predictions for a previously unseen user - the
so-called cold-start problem. The experimental results on a real-world LBSN dataset show that our proposed
model outperforms the state-of-the-art approaches on prediction accuracy and can alleviate the cold-start
problem.
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1. INTRODUCTION
Location-Based Social Networks (LBSNs), such as
Foursquare and Brightkite, provide enormous usergenerated data containing location data and human
activity, in the form of check-ins, which can be
exploited to understand the social and temporal
characteristics of users on LBSNs. This includes
predicting the user’s location at a certain time, which
can be useful for the design of future mobile location
based services, traffic forecasting or urban planning.
In this paper, we address the issue of predicting
the next location of an individual based on his/her
historical check-in data. An existing state-of-the-art
approach for user’s location prediction proposed
by Gao et al. (2013) used the user’s daily and
weekly cyclic check-in patterns to model his/her
temporal preferences. However, LBSN check-in data
is usually very sparse, resulting in difficulties when
aiming to effectively model the personal temporal
preferences of a user. To overcome this problem,
Gao et al. (2013) proposed the use of smoothing
techniques and also employ social correlation, i.e.
using the preferences of the user’s friends on the
social network to improve suggestions.
Although the aforementioned approaches can
effectively tackle the data sparsity problem, these
approaches do not tackle the problem of previously
unseen users, i.e. the cold-start problem. In this
paper, we propose a model that leverage the use of
Global Temporal Preferences and Spatial Correlation
to alleviate the cold-start problem. Global Temporal

Preferences exploits the historical check-ins of other
users to model the temporal popularity of locations.
Spatial Correlation estimates a distance that a user
is willing to visit a location based on his/her current
location.
The remainder of this paper is organised as follows.
First, we review relevant related work in Section 2.
We define the problem and our approach in Section
3. The experiment setup and results are described
in Section 4. Finally, conclusions and direction for
future work follow in Section 5
2. RELATED WORK
The availability of check-in data in LBSNs has
recently attracted the researchers’ attention. Gao
et al. (2013) proposed to use the historical checkins of users and their friends’ in LBSNs to identify
daily and weekly cyclic patterns in the users’ mobile
behaviour. In particular, they proposed to model the
temporal preferences of a user with a Gaussian
mixture model that estimates the distribution of user
check-ins and predicts their location. In comparison
with our proposed approach, we consider only the
most recent check-in of a user as a user’s current
location and we use the historical check-in data
of other users regardless of their relationship to
the user, i.e. friendship, to model the popularity of
locations at specific time. The most popular location
at a specific time which is nearby the user current
location is inferred as the user’s next location.
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Noulas et al. (2012) is the most related to our work
where they considered the popularity of a location,
i.e. the total number of check-ins at the location, as a
feature and used supervised learning technique to
predict the user’s location. Deveaud et al. (2014)
showed that the popularity of a location is an
effective feature in a Learning-to-Rank technique for
Point-of-Interest (POI) recommendation. In contrast
to these works, we consider the temporal popularity
of the location at a specific time period instead of the
overall popularity.

3.2. Global Temporal Preferences

Figure 1: An influence of mostly visited location to user’s
preferences

Besides the popularity of a location, there have been
some attempts to incorporate spatial influence for
POI recommendation. Yuan et al. (2013) used a
power law distribution to model the willingness of a
user to visit a distant POI. In our work, we calculate
an average distance between two successive checkins based on their elapsed time. We then use these
average distances as a threshold to filter out any
locations that are far away from the most recent
check-in location.

Figure 2: A distribution of number of check-ins over time
periods of two locations

The popularity of a location, i.e. the total number
of check-ins from all users on the location,
is an important factor affecting human’s checkin behaviour and has been exploited in venue
recommendation and user’s location prediction in
earlier studies, e.g. Noulas et al. (2012); Deveaud
et al. (2014). In this work, we assume that users
are influenced by other users regardless of their
relationships. Intuitively, as illustrated by Figure 1, if
many users have visited a venue at a particular time,
this venue may be more attractive to visit than other
venues at that time. We can infer the popularity of a
location l, as follows:

3. METHODOLOGY
In this section, we firstly explain the problem of
predicting the user’s location in LBSN in details
(Section 3.1). We then describe our proposed model
that consists of 2 components, Global Temporal
Preferences (Section 3.2) and Spatial Correlation
(Section 3.3).
3.1. Problem Definition
The problem of predicting the user’s location in a
LBSN can be formally defined as follows. Given a
time t, the problem is to predict the location l ∈ L
that user u ∈ U will visit based on his/her historical
visits, Cu,t , where U and L are the set of users and
locations respectively and Cu,t is the set of checkins for the user u before time t. Let C be the global
set of all check-ins, with each check-in c ∈ C is
represented as a tuple (u, l, t) ∈ C, indicating a
check-in generated by a user u ∈ U at location l ∈ L
at time t.

P opular(l) =| {(ui , lj , tk ); (ui , lj , tk ) ∈ Cu,t , lj = l} |
(1)
Based on experimental check-in data from the
Brightkite LBSN used by Gao et al. (2013), we found
that the popularity of different locations varies over a
time period as shown in Figure 2. Hence, to capture
the temporal popularity of a location, we calculate
the total number of check-ins of the location l at a
specific time t, as follows:

It is possible to represent a specific time t (e.g.
“2015-02-15 17:45:22”) as a time-slot, for instance
as a specific hour of the day (17:00) or a day of the
week (Sunday). Given a time t, Tm (t) is a function
that returns a time slot w.r.t the specific time slot
granularity m. For example, this function can be
chosen to produce a time slot for each hour of the
day, i.e. TD (t) ∈ {0, 1, . . . , 23}.

P opularm (l, t) =
| {(ui , lj , tk ); (ui , lj , tk ) ∈ Cu,t , lj = l, Tm (t) = Tm (tk )} |
(2)
where m is the specific time slot granularity. To model
the global temporal preferences of all users, we
propose to compute the probability that the user will
visit location l at a given time t, regardless of the
user’s historical check-in data, as follows:

Next, we describe how the global temporal
preferences are modeled using the historical checkin data of all users.

Pm (l, t) =
42

P opularm (l, t)
P opular(t)

(3)
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Table 1: Salient statistics of the Brightkite LBSN dataset.

3.3. Spatial Correlation

Duration
# of Users
# of Check-ins
# of Unique Locations
# of Test Check-ins
Average Check-ins per user

alleviating the cold-start problem using a real-world
check-in data from a LBSN.

Figure 3: Distance between successive check-ins

In the previous section, we described how to predict
a probability that a user will check in at location l
by the global temporal preferences using Equation
(3). However, capturing the user mobile behaviour in
LBSNs solely using Global Temporal Preferences is
insufficient. Yuan et al. (2013) suggested that users
are more willing to check-in at nearby locations to
their current location.

Dataset. The publicly available check-in data from
Brightkite1 is used in our experiment. Salient
statistics of the dataset are listed in Table 1.
Setup. We consider 26,915 users who have at least
10 check-ins in evaluating the effectiveness of our
approach (All Users). We also consider 8,613 users
who have less than 20 check-ins in evaluating the
extent to which our approach alleviates the coldstart problem (Cold-Start Users). Both experiments
are conducted using a 5-fold cross validation on a
user level, where for each testing user, we randomly
select 5 check-ins as test check-ins. For each test
check-in, we consider its check-in time t as given,
its check-in location as the ground truth data, and
a set of check-ins of a user before time t, Cu,t , as
observed data. We rank all locations extracted from
the observed data based on their prediction scores
using the Spatial Correlation and Global Temporal
Preference model (SGTP) in Equation (5). Then
we select the top ranked location as the predicted
location where the user is most likely to visit next. To
set α, we use 5-fold cross validation, varying α from
0.0 to 1.0 in 0.1 incremental steps, to determine the
value that maxmimises Success@1 (see below).

In our initial analysis using an experimental Brightkite
dataset used by Gao et al. (2013), we found that
there is a correlation between successive checkins. Figure 3 shows a distribution of the distance
between successive check-ins over time periods. In
particular, the distance between two check-ins is
correlated with the elapsed time of these two checkins. Namely, within a short period of time, users are
more likely to check-in at a location close to their
previous check-in.
We calculate the elapsed time between the testing
check-in and the most recent check-in. Then we
filter out those locations whose distance to the most
recent check-in location is larger than a threshold,
namely an average distance with respect to the
elapsed time. The qualified locations will be ranked
based on their distance to the location of the user’s
most recent check-in using the following equation:
Pd (l) = dist(l, lrecent )

Measure We evaluate the accuracy of the predicted
locations using Success@1, which was called
prediction accuracy by Gao et al. (2013), i.e. the
ratio of the number of accurately predicted locations
to the total number of testing check-ins.

(4)

where dist is a function that returns a distance
between two locations in kilometers which are
calculated using the Haversine Formula Shumaker,
B. P., and R. W. Sinnott
(1984). We use a
linear combination to incorporate Spatial Correlation
(Equation (4)) with Global Temporal Preferences
(Equation (3)) as follows:
Pm (l, t) = αPd (l) + (1 − α)Pm (l, t)

04/2008-10/2010
26,915
4,532,151
751,176
134,575
168

Baselines Two baselines used in our experiments
are the state-of-the-art user’s location prediction
approaches proposed by Gao et al. (2013) : (i)
Personal Temporal Preference (PTP) where they
predict the next location based on the user’s
daily and weekly historical check-in data and (ii)
Temporal Social Correlation (TSC) where they use
a collaborative filtering technique to predict the next
location based on the temporal preferences of user’s
friends.

(5)

where α is a parameter that controls the relative
contributions of Global Temporal Preferences and
Spatial Correlation.

Table 2 shows the prediction accuracy of our
approach (SGTP) in comparison with the baselines

4. EXPERIMENTS AND RESULTS
In this section, we report experiments conducted
to evaluate the effectiveness of our approach in

1
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Table 2: Prediction accuracy (success@1) for various
models
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5. CONCLUSIONS AND FUTURE DIRECTIONS
The availability of historical check-in data in LBSNs
can be exploited to understand the user mobile
behaviour. In this paper, we propose a model that
leverages Global Temporal Preferences and Spatial
Correlation to alleviate the problem of unseen users
(cold-start users). The experiment results on realworld check-in data in a LBSN shows that our
proposed approach outperforms the stat-of-the-art
approaches both in terms of effectiveness and in
alleviating the cold-start problem.
The study of user mobile behaviour on LBSNs can
be exploited in many applications. A venue recommendation or geo-based advertising application
could take this into account in order to improve its
effectiveness based on the user’s location and the
time of the day.
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