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ABSTRACT Location-Based Social Networks (LBSNs) have recently gained increasing popularity. Timeaware Point-of-Interest(POI) recommendation is one of the most important location-aware services, which
can recommend locations to a target user at the specific time based on check-in history. However, current
techniques ignore user’s mobility within a region, which plays a vital role in the POI chosen decision.
Most of existing algorithms fail to capture the latent relations behind the temporal factors and geographical
influence. In this paper, we propose a novel hybrid Time-aware POI Recommendation model based on
User Mobility: TPR-UM, which improves the POI recommendation accuracy greatly. More specifically,
by introducing the implicit region factor, we capture users’ mobility through collective user actions and
geographical properties of locations. We generate the check-in patterns based on different time intervals
and different regions to exploit the latent relations between temporal factors and geographical influence.
Finally, we conduct comprehensive experiments on two real-world datasets, Gowalla and Foursquare. The
experimental results demonstrate that our hybrid method is effective and outperforms other state-of-the-art
algorithms in terms of precision, recall and Fβ measurement.
INDEX TERMS Recommender systems, Data mining, Social network services

I. INTRODUCTION

With the rapid development of mobile device and Global Position System (GPS), Location-Based Social Networks (LBSNs) are becoming more and more popular, and attracting
many attentions from the academia and industry. Nowadays,
many LBSNs (such as Foursquare, Facebook Places, and
twitter) provide a platform for users to share locations and
experience with others in the form of check-ins. A typical
check-in example is illustrated in Figure ??, in which a user
visiting a Point-of-Interest (POI) at the specific time, such as
a restaurant, movie theater or scenic spot and so on. Here,
POI information contains latitude and longitude of the POI.
The rapid development of LBSNs contributes to the massive
generation of check-in records. For example, Foursquare has
already collected more than 10 billion check-in records of 55
VOLUME 4, 2016

million monthly active users before September 20161 .
Explosive growth of user check-in records provides us
with numerous opportunities to appeal to tourism and social service. Time-aware POI recommendation is one of the
most important and valuable services in LBSNs. On the one
hand, it helps social network providers provide customized
POI with corresponding location-based advertisements, and
assists POI owners attract more people. On the other hand,
POI recommendation helps local people and tourists find new
interesting place in the city.
As we know, many recommender techniques have been
widely adopted by many electronic business websites successfully [1]–[5]. However, unlike traditional recommender
1 http://venturebeat.com/2016/09/13/foursquare-users-have-checked-inover-10-billion-times/
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relations between geographical influence and temporal
factors in the check-in records. However, users tend to
visit some certain nearby regions at certain time. That
is to say, effective fusion on geographical influence
and temporal factors may improve the accuracy of
recommendation.

Figure 1. check-in record example

system, POI recommendation has some distinctive properties
as follows: firstly, geographical influence: according to [6],
everything is related to everything else, but near things are
more related than distant things. In LBSNs, it implies that
nearby locations are more likely to share similar properties.
It is the most distinctive characteristics of POI recommendation. Secondly, spatial-temporal patterns of user’s mobility:
observations can be obtained that a user’s mobility varies
with meaningful patterns closely related to human activity
from the temporal and spatial point of view [7]. For example,
users usually go to the restaurant at lunch time, and visit bars
at night. In addition, temporal influence plays a vital role
in the recommendation systems [8]–[11]. Thirdly, skewed
check-in frequency: in POI recommendations, the check-in
frequency range is very large, as a user may visit the same
POI for thousands of times. The distribution is extremely
unbalanced. Lastly, sparsity: users’ check-in record is very
sparse. We have to note that even if a small city may have
thousands of POIs, while a user may visit a small portion of
them. For example, according to [12], the density of Gowalla
is up to more than 2.8 × 10−4 , while Netflix data density is
about 99%.
Based on above analysis for POI recommendation, it is
not hard for us to find out that there are some very typical
challenges for current time-aware POI recommender systems
as follows:
1) In most temporal related recommender systems, they
caculate the explicit geographical distance between
two POIs directly, which fail to capture the user’s
mobility in the rigion. It will result in the overfitting
problem, which is a big challenge in POI
recommendation. When the feedback data is sparse,
the recommendation accuracy will decrease a lot.
2) Current time-aware methods split the time into
intervals based on the difference of the time. But it
could not capture the latent relations between different
time intervals. It is not reasonable enough to divide
the time stamps into several slots only based on some
absolute strict rules without any further analysis.
3) Existing techniques do not fully leverage personal
interest, geographical influence, temporal factors and
user mobility. For example, they do not exploit latent
2

To solve the problems mentioned above, we propose a
time-aware POI Recommendation model based on User Mobility called TPR-UM. In TPR-UM, we adopt a probabilistic
model to describe the generation of a check-in record. More
specifically, for each user, we introduce the check-in pattern
to exploit the latent relations behind the temporal factor and
the geographical influence. Then, we generate the implicit
region factor based on the check-in pattern and geographical
influence, which consists of a set of POIs. Based on the
check-in pattern and the temporal factor, we can get the
check-in timestamp.
In summary, our main innovations are summarized as
follows:
1) In TPR-UM, we incorporate the region factor in the
probabilistic model, in which we can capture the
users’ mobility through collective user actions and geographic coordinates of locations. In this way, we extend
the region of the user interest to avoid the overfitting
problem.
2) TPR-UM generates the check-in patterns based on
different time intervals and different regions to exploit
the latent relations between temporal factors and geographical influence. In this way, we avoid the aggravation of sparsity problem, and reserve more information
within the check-in records.
3) Last but not the least, we use a probabilistic factor
model to fuse personal interest, geographical influence,
temporal factors and user mobility. We provide a more
rigorous probabilistic generative process for the entire
model, which helps combine these factors more effectively to improve the recommendation accuracy.
In addition, we conduct comprehensive experiments on
two real-world datasets, Gowalla and Foursquare. The experimental results show that our hybrid method is effective, and
outperforms other state-of-the-art algorithms with temporal
influence or geographical influence in terms of precision,
recall and Fβ measurement (β = 0.5).
The rest of this paper is organized as follows: in Section
2, we introduce related work. We describe the details of our
method: TPR-UM in Section 3. And then we demonstrate
the extensive experiments in Section 4. Finally, we give a
conclusion and our future work in Section 5.
II. RELATED WORK

We divide current time-aware POI recommendation techniques into three categories: collaborative filtering based
methods, graph-based methods and probabilistic model
based methods. In this section, we will introduce them respectively.
VOLUME 4, 2016
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A. COLLABORATIVE FILTERING TIME-AWARE
RECOMMENDATION

Traditional collaborative filtering (CF) can be divided into
two categories: memory-based filtering [13] and modelbased filtering [14]. According to [15], the original motivation of CF is to group people who have similar information
needs or taste together, by collecting their feedback for
items on a given domain (such as music or movies). And
then it generates recommendations based on the similarities
between users or items.
Several studies extend conventional CF to adapt to the
unique characteristics of POI recommendation [16]–[19]. For
example, [17] considers activities and different user classes
(e.g. Pattern User, Normal User, and Traveler) based on
GPS trajectory data. [16] proposes power law distribution to
measure the relations between the check-in probability and
the distance between two POIs the same user visited before.
They use a linear combination to fuse user interest, social
influence and geographical influence. [19] uses three different utilization ways (e.g. binary utilization, F/F utilization
and probability utilization) to implement the location recommendation. [18] proposes a random walk-based approach to
urban POI recommendation that mines urban users’ check-in
behavior based on social-triggered, preference-triggered and
popularity-triggered intentions.
[20] defines the problem of time-aware recommendation:
to recommend a POIs for a given user at a specific time in
a day. The authors propose a collaborative recommendation
model to incorporate the temporal factors. More specifically,
they use a linear combination of temporal influence and
spatial factor as follows:
(temporal)

pu,t,l = α × p̄u,t,l
(temporal)

(social)

(social)

+ (1 − α) × p̄u,t,l

(1)

where p̄u,t,l
and p̄u,t,l
denote the score computed
by temporal and social influence after normalization and
smoothing respectively. α is a tune parameter to balance the
importance of the two factors.
Gao et al. [21] aim to leverage non-uniformness and consecutiveness properties on location recommendation, which
supports strong correlations between a user’s check-in time
and the corresponding check-in preferences. However, it
overlooks the significant importance of the POI’s geographical properties, which is also very important in user’s decision making. In addition, Li et al. [22] propose a new
ranking based factorization method for the POI recommendation problem, which is called Rank-GeoFM. The model
fits the users’ preference rankings for POIs to learn the
latent factors of users and POIs. Obviously, Rank-GeoFM
used the explicit distance between POIs and strict rules to
find neighbour POIs, but did not make the full use of the
correlations between region-level geographical factors and
temporal influence effectively.
Moreover, Feng et al. [23] propose a personalized ranking
metric embedding method (PRME) to model personalized
check-in sequences. They further develop a PRME-G model,
VOLUME 4, 2016

which integrates sequential information, individual preference, and geographical influence, to improve the recommendation performance. However, it fails to capture the temporal
influence of users’ check-in behavior. For example, users
tend to visit restaurant during lunchtime and dinner time.
In summary, their recommendation performance is limited
due to the lack of integral analysis of several important factors, such as temporal factors and users’ multi-center checkin behavior. In addition, the performance decreases when
data is sparse, let alone that the POI data is extremely sparse
compared to other items.
B. PROBABILISTIC FACTOR MODEL-BASED
RECOMMENDATION

According to [24], matrix factorization is one of the most
important techniques in recommender system. Several studies adopt the probabilistic factor model-based algorithms in
the time-aware recommendations [25]–[27]. [28] captures
the geographical influence via modeling the probability of
a user’s check-in on a location as a Multi-center Gaussian
Model (MGM), and incorporate the social information and
the geographical influence into a generalized matrix factorization framework. There are other studies [29]–[31] which
utilize the geographical influence in the POI recommendation.
To better utilize the implicit feedback of user’s checkin records, [32] incorporates the spatial clustering influence
in human mobility behavior into the factorization model.
In particular, the authors augment users’ and POIs’ latent
factors of the factorization model with non-negative activity
area vectors of users and non-negative influence area vectors
of POIs. In this way, they capture the spatial clustering phenomenon from the aspect of two dimensional kernel density
estimation.
[33] proposes a general geographical probabilistic factor
model, named Geo-PFM. More specifically, they introduce
|R| regions which are inferred based on collective actions of
all users. In addition, they employee a latent factor model to
capture a user-item preference α(i, j) based on latent factors
ui and vj . Finally, they use a combinition function of several
factors to estimate the probability of a user i visiting a POI j
as follows:
d0
]τ )
(2)
p(i, j) = F (α(i, j), [
d0 + d(i, j)
where F (·) is a function combining the geographical influence and personal interest. d0 is a tune parameter, while
d(i, j) is the distance between the user and the POI. To
model the skewed check-in counts, they specify a Possion
version model to capture the count response. However, they
ignore a very important factor during making the POI decision: temporal influence. As discussed earlier, user’s checkin mobility demonstrates somehow periodicity. Users tend to
visit different regions during different time intervals.
[34] proposed a probabilistic framework named TICRec
which utilizes temporal influence correlations (TIC) of both
3
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weekdays and weekends for time-aware POI recommendations. To leverage the TIC, TICRec exploits both user-based
TIC and location-based TIC. They applied a kernel density
estimation to exploit the temporal influence. In summary,
they infer the probability P (l|u, T, D) of user u visiting POI
l ∈ D at time interval T is computed as follows:
Z
p(l|u, T, D) ∝ p(l|u, D)
f (t|u, l, D)dt
(3)
t∈T

where p(l|u, D) is the prior probability of user u visiting
location l independent of temporal factor. It combines social
links influence as well as latitude and longitude coordinate of locations, using the method proposed by [35]. And
f (t|u, l, D) is the time probability density for user u and
location l, which is computed as follows:
P
t ti
1
ti ∈Su,l Wu,l (ti ) h K( h )
P
(4)
f (t|u, l, D) =
ti ∈Su,l Wu,l (ti )
where Su,l is the time sample for estimating f (t|u, l, D),
while Wu,l (ti ) is the weight of time ti that derived from D
based on temporal influence correlations. t ti is the time
difference of time t and time ti . K(·) is a kernel function,
and h is a smoothing parameter.
In addition, [36] proposes a unified probabilistic generative model, Topic-Region Model (TRM), to simultaneously
recognize the semantic, temporal and spatial patterns of
users’ check-in activities, and model the joint effect on users’
decision-making for selection of POIs to visit. However,
they ignore the correlations between temporal factors and
geographical influence. That is to say, the model ignores the
latent influence of temporal factors on the region selection. In
addition, it is not easy for us to get the complete and reliable
semantic description of POIs, which may introduce the noise
into the model.
Hu et al. [37] propose a comprehensive model, called
STT (Spatio-Temporal Topic), to capture the spatio-temporal
aspects of user check-ins in a single probabilistic model for
location recommendation. STT exploits the interdependencies between users’ regions and their locations, and between
temporal activity patterns and locations. However, it did not
take the correlations beween temporal factors and the users’
region-level geographical influence into consideration.
To conclude, most existing probabilistic factor modelbased recommendation methods do not fully leverage personal interest, geographical influence, temporal factors and
user mobility. More specifically, they do not fully exploit the
user mobility between geographical influence and temporal
factors behind the check-in records.
C. GRAPH-BASED TIME-AWARE RECOMMENDATION

[38] constructs a Geographical-Temporal Influences Aware
Graph (GTAG) using all users’ check-in records to exploit the
two factors in time-aware POI recommendation. There are
three kinds of nodes: user, POI and session, and two types of
link: check-in link and POI link. A day was split into several
sessions. A session node is linked to a user and a POI when
4

the user visited the POI during the session. And two POIs
are connected if they are geographically near to each other.
They develope a Breadth-first Preference Propagation (BPP)
algorithm to generate he recommendation.
[39] presents a Session-based Temporal Graph(STG),
which models the long-term interest and short-term interest
simultaneously. Based on the framework, they proposes an
injected preference fusion algorithm to balance the influence
of the user’s long-term and short-term interest. The algorithm
propagates the preference weight from the user nodes and
session nodes to the candidate POI nodes. However, the graph
is bidirectional and the authors did not explain how to apply
it in the general graph.
In current time-aware POI recommendation, they usually
compute the distance between two POIs based on their geographical distance directly and fail to generate the checkin pattern through collective user actions specific to the
temporal factors. It will result in the overfitting problem. In
fact, the LBSNs dataset is sparser than traditional items, the
sparsity will decrease the performance. It is clear that regionlevel user mobility could reserve more useful interest specific
to users.
III. A TIME-AWARE POI RECOMMENDATION MODEL
BASED ON USER MOBILITY

In order to efficiently exploit the temporal factor, geographical influence, personal interest and user mobility on timeaware POI recommendation, we propose a novel hybrid timeaware POI recommendation model based on user mobility:
TPR-UM. In this section, we introduce the problem statement
and the model in detail. Finally, we will demonstrate the
model training process and the generation of recommendation based on our model.
A. PROBLEM STATEMENT

Let U = {u1 , u2 , ...uM } be the LBSN users, L =
{l1 , l2 , ...lN } be a set of POIs. A POI contains the geographical coordinates lj = [lon, lat], in which lon represents the
longitude and lat denotes the latitude. A check-in record is
represented as a three-element tuple < ui , lj , tk >, here i
and j denote the index of user and POI respectively, while tk
represents the time stamp of user i visiting POI j. This study
focuses on the problem of time-aware POI recommendation,
which is to provide personalized locations for LBSN users
based on their check-in record history at the given time.
The check-in records show a strong weekly periodicity.
To achieve the goal of capturing user’s mobility within a
region during different time intervals, we leverage the weekly
periodicity of user check-in behaviors. It is reasonable to
assume that a certain range of locations is more likely to
be visited at the same time spans. For example, most people
tend to visit restaurants during lunch time and dinner time.
We build our model based on a user’s individual visiting
patterns. More specifically, we use the following assumptions
to formulate our model:
VOLUME 4, 2016
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1) A user’s mobility often happens across a limited number of latent regions.
2) The user’s activity pattern is different among different
users, and the pattern is generated based on his/her
mixture of interests.
3) Users tend to visit same region at certain time periods
every week, which enable us to use temporal factors.
In this study, we emphasize two terms region and Check-in
pattern, which are explained as follows:
region: a set of POIs, which is determined by the distance
between POIs as well as the collective actions for all users.
Check-in pattern: users’ region-level geographical preference over time. More specifically, a certain region visited by
users at some periods of time is called a pattern.
Therefore, we predict the check-in probability of a user ui
for visiting POI lj within region r at the given time tk using
Bayesian rule as following:

For each check-in tuple < ui , lj , tk >, the generation
process is described as follows. First, a user ui samples a
check-in pattern from all patterns following a multinomial
distribution zij ∼ M ultinomial(θi ), on which a conjugate
Dirichlet prior θi ∼ Dir(α) is future imposed. Here, θi is
a user-dependent parameter, capturing the check-in pattern
with regard to user i. Then, the latent region rij is drawn
based on the check-in pattern zij and a multinomial distribution rij ∼ M ultinomial(φyij ). Similarly, the time stamp t is
sampled based on the check-in pattern zij and a multinomial
distribution tij ∼ M ultinomial(ωxij ). Finally, the POI j
is chosen from the sampled region lj ∼ Gaussian(µr , σr ).
To conclude, for each user ui , his or her decision-making
process is shown as below:
1)
2)
3)
4)

Choose θi ∼ Dir(α)
Choose φr ∼ Dir(β)
Choose ωd ∼ Dir(γ)
For each POI j in the user’s check-in record,

p(lj |ui , Ω)p(tk |ui , lj , Ω)p(r|ui , lj , Ω)
p(tk |ui , Ω)p(r|ui , Ω)
a) Choose a check-in pattern zij ∼ M ultinomial(θi )
b) Choose a latent region rij ∼ M ultinomial(φyij )
∝ p(lj |ui , Ω)p(tk |ui , lj , Ω)p(r|ui , lj , Ω)
= p(lj |ui , vj )p(lj |r, Ω)p(r|zi , Ω)p(tk |zi , Ω)p(zi |Ω) c) Choose a POI lj ∼ Gaussian(µrij , σrij )
d) Choose a time stamp tij ∼ M ultinomial(ωxij )
(5)
where p(lj |ui , vj ) denotes a user’s personal interest on POIs
where
without consideration of geographical influence and temporal
yij = ((zij /R) + 1)
(6)
factors. p(lj |r, Ω) is the probability of location lj chosen
from the latent region r. p(r|zi , Ω) represents the probability
of region r conditioned on the check-in pattern zi . p(tk |zi , Ω)
xij = zij modR
(7)
is the probability of time stamp tk based on check-in pattern
zi . p(zi |Ω) denotes the distribution of the user i. More
The goal of above two equations is to map the corresponding
specifically, Ω is the given dataset. Our goal is to estimate the
index (including the geographical influence and the temporal
parameters and generate recommendations for users based on
factor) into the index of check-in pattern vectors.
the datasets. For convenience, we demonstrate the types and
In our model, a LBSN user is characterized by a distribudescriptions of symbols in Table 1.
tion of geographical interest over different temporal factors.
The geographical influence and the temporal factor in our
B. MODEL DESCRIPTION
model are connected by the check-in pattern. Here, as the
Based on the analysis, we propose a hybrid probabilistic
check-in for a user is a periodicity behavior, we will devide
generative model. There is a check-in pattern for each user,
the user’s check-in into several spans. So we can capture
which is denoted by z. It means the temporal interest over
their latent relations through the learning and the training
regions. In other words, it is the probability of the user
of the temporal factors. In addition, we use the geographical
visiting some regions during some specific time intervals.
information of POIs and user’s collective check-in records to
The check-in pattern and geographical influence determine
capture the geographical influence.
the selection of region r, while the location j is drawn from
the religion r. In addition, check-in pattern and the temporal
C. MODEL FITTING
influence determine the selection of time stamp.
In this study, we perform approximate inference for our
In our model, each user has different preference over
model using Gibbs sampling based on the observed dataset
diffrent regions during different time spans. With the into learn the parameters. In each single iteration, we sample a
corporation of geographical and temporal information, we
check-in pattern zij for an individual check-in < ui , lj , tk >,
generate the POI recommendation at a finer granularity.
conditioned on other assignments z¬ij for all check-ins exFigure 2 shows the complete probabilistic graphical model
cept for (tij , lij ). And we can get the model paramters based
generation process. Here, the outmost frame denotes the
on the sampling result.
check-in collections for all users, while the centering frame
First, calculate the joint distribution P (~r, ~z, ~t|α, β, γ) as
represents the check-in records for an individual user. The
follows:
top frame denotes the influence of temporal factors, while
the downmost one represents the influence of geographical
preference.
P (~r, ~z, ~t|α, β, γ) = p(~r|~z, β)p(~t|~z, α)p(~z|α)
(8)

p(lj |ui , tk , r, Ω) =
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Table 1. Model Notations

Symbol
R
D
M
Ni
Vt
Vl

Type
integer
integer
integer
integer
integer
integer

θ~i

DR dimensional vector

φ~r

R dimensional vector

ω~d

D dimensional vector

z~ij
r~ij
l~j
t~ij

[1, DR]
[1, R]
two dimensional vector
[1, Vt ]
double
double
double
2 dimensional vector
[2 × 2]
K dimensional vector
K dimensional vector

α
β
γ
µr
Σr
ui
vj

Description
the number of geographical factors
the number of temporal factors
the number of users
the number of check-in records for user i
the number of unique timestamps
the number of unique latent regions
the multinomial distribution of check-in pattern
with regard to user i. Θ = {θ~i }M
i=1
the multinomial distribution of latent region
with regard to geographical r. Φ = {φ~r }R
r=1
the multinomial distribution of timestamps
with regard to temporal factor d. Ω = {ω~d }D
d=1
the check-in pattern associated with the user i and the POI j
the latent region associated with the user i and the POI j
the geographic coordinate of POI j: [lon, lan]
the time stamp associated with the user i and the POI j
the Dirichlet priors to the θ~ distribution
~ distribution
the Dirichlet priors to the φ
the Dirichlet priors to the ω
~ distribution
the location mean of the region r
the covariance matrix of the region r
the latent factors for user i
the latent factors for POI j

Here, according to the Dirichlet distributon and multinormial
distribution, the probability of user i choosing the latent
region r is computed as:

Z
p(~r|~z, β) =
=

p(r|zi , Φ)p(Φ|β)dΦ
Z Y
Ni
M Y

~z
p(rij |φ
)
m,n,1

R
Y
r=1

i=1 j=1

~ r |β)dΦ
p(φ

P (~r, ~z, ~t|α, β, γ) using the chain rule as follows:
P (~r, ~z, ~t|α, β, γ)
P (zij |~r, ~t, ~z¬ij , α, β, γ) =
P (~r, ~z¬ij , ~t|α, β, γ)
P (~r, ~z, ~t|α, β, γ)
=
~
P (~r¬ij , ~z¬ij , t¬ij |α, β, γ)P (rij , tij |α, β, γ)
P (~r, ~z, ~t|α, β, γ)
∝
P (~r¬ij , ~z¬ij , ~t¬ij |α, β, γ)
(r )

(t )

nxijij + γtij − 1
nyijij + βrij − 1
PV
Vl
R
Y
βv −1
×
∝
Γ( vll=1 βvl ) Y
PVL
PVT
(vl )
(vt )
nr l
=
φ
( QVl
φr,v
)dΦ
vl =1 (nyij + βvl ) − 1
vt =1 (nxij + γvt ) − 1
l
r=1 vl
r=1
vl =1 Γ(βvl ) vl =1
(z )
× (ni ij + αzij − 1)
QVl
PVl
(vl )
R
Γ(n
+
β
)
Γ( vl =1 βvl ) R Y
(12)
r
vl
vl =1
) ×
= ( QVl
(vl )
PVl
(vl )
where nyij is the times of latent region vl assigned to
+ βvl ))
r=1 Γ(
vl =1 Γ(βvl )
vl =1 (nr
(v )
geographical interest yij . nxijt is the times of time stamp vt
(9)
(z )
Similarily, the probability of user i choosing the timestamps
assigned to temporal factor xij , ni ij is the number of latent
tk and check-in pattern zij is computed as:
regions for user i assigned to the activity pattern zij .
Finally, we apply bayes rule for the multinomial parameter
θ, φ and ω as following:
PV
(vt )
D QVt
Γ( vll=1 γvl ) D Y
+ γ vt )
vt =1 Γ(nd
~
p(t|~z, γ) = ( QVl
) ×
PVt
(vt )
P (θ~i , ~zi· |α)
P (~zi· |θ~i )P (θ~i |α)
+ γvt ))
P (θ~i |~zi· , α) =
=
vl =1 Γ(γvt )
d=1 Γ(
vt =1 (nd
P (~zi· |α))
P (~zi· |α))
(10)
QNi
~
~
zij |θi )P (θi |α)
j=1 P (~
=
PD×R
QD×R
M
P (~zi· |θ~i )P (θ~i |α)
(k)
Y
Γ( k=1 αk ) M
+ αk )
k=1 Γ(ni
DR
p(~z|α) = ( QD×R
) ×
PD×R (k)
1 Y n(k)
+α−1
+ αk ))
θi,ki
= Dirichlet(θ~i |~ni + α)
=
m=1 Γ(
k=1 Γ(αk )
k=1 (ni
Zθ~i
(11)
k=1
The full condition can be derived from the joint distribution
(13)
Z Y
Vl
R Y

6

(v )
nr l
r,vl
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Figure 2. Graphical model of TPR-UM

Similarily, we have:
~ r |~rr· , β) = Dirichlet(φ
~ r |~nr + β)
P (φ

(14)

P (~
ωd |~td· , γ) = Dirichlet(~
ωd |~nd + γ)

(15)

Based on ~ni ,~nr and ~nd , and the expectation of the Dirichlet
distribution, Θ, Φ and Ω can be derived as following:
(k)

n
θi,k = PDRi

k0 =1

+α
(k0 )

ni

(v )
nr l

φr,vl = PV
L

+β

(17)

X yij
δL
αU − 1
1
=
−
+
(
− 1)vjk
δuik
uik
βU j=1 fij

(18)

X yij
δL
αV − 1
1
=
−
+
(
− 1)uik
δvjk
vjk
βV
fij
i=1

N

M

(v )

In summary, the model fitting algorithm is described in
detailed in Algorithm 1. First of all, we cluster the POIs
into the latent regions based on the geographical distance as
well as the co-visitors using k-means. Then we can train the
models using the Gibbs sampling based on above inference.
To model the personal interest of the user, we introduce
two latent factors: user interest and POI property without
considering geographical preference and temporal factors.
We use the Possion factor models to capture the two factors.
The reason is that, Possion is a better choice for skewed
check-in record. Due to the space limitation, we do not
explain too much here. Note that we apply the gradient
VOLUME 4, 2016

(19)

where  is the learning rate. Based on the property of Possion
distribution, we could get the decent equation as follows:

+β

n t +γ
ωd,vt = PV d (v 0 )
t
T
+γ
vt 0 =1 nd

δL
δui
δL
vj ← vj +  ×
δvj
ui ← ui +  ×

(16)

+α

(vl 0 )
vl 0 =1 nr

descent to infer the latent factors with partial derivatives ui
and vj respectively as follows:

(20)

D. RECOMMENDATION GENERATION

After estimating the model parameters, we predict the checkin probability of a user ui for visiting POI lj at the given time
tk as referred in Equation 5, where p(lj |ui vj ) denotes the
personal interest match degree to the POI. It is calculated as
uTi vj . p(lj |r, Ω) is the location probability density function
for multivariate normal distribution with mean vector and
variance matrix of the latent region r, namely:
p(lj |r, Ω) = N (lj |µr , Σr )
1
1
T −1
(lj − µr ))
=
1 exp(− (lj − µr ) Σ
2
2π|Σr | 2
(21)
7
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Algorithm 1 TPR-UM Parameter Estimation
Initialization:
(rij )
(t )
(k)
1: Initialize variables as zeros: ni , nr
, nd ij , ni , nr ,
nd
2: Cluster the POIs into |R| latent regions using K-means
based on their longitude and latitude and co-visitor numbers
Iteration:
3: for each user i ∈ [1, M ] do
4:
for each poi j ∈ [1, Ni ] do
5:
sample
check-in
pattern
zij
∼
M ultinonimal(DR)
6:
derive geogprahical interest index r and temporal
factor index d from zij according to Equation 6 and
7 respectively
(r )
(t )
(z )
7:
set ni ij + = 1, nr ij + = 1, nd ij + = 1, ni + =
1, nr + = 1, nd + = 1
8:
end for
9: end for
10: while not converged do
11:
for each user i ∈ [1, M ] do
12:
for each poi j ∈ [1, Ni ] do
13:
//for current check-in pattern zij = k to the
check-in < ui , lj , tk >
(t )
(z )
(r )
14:
set ni ij − = 1, nr ij − = 1, nd ij − = 1,
nk − = 1, nvl − = 1, nvt − = 1
15:
sample check-in pattern factor k̂
∼
P (zij |~r, ~t, ~z¬ij , α, β, γ) according to Equation
12
16:
//apply the new check-in pattern factor k̂ to the
check-in pattern
17:
derive geographical interest index r̂ and temporal
factor index dˆ from k̂ according to Equation 6 and
7 respectively
(r )
(t )
18:
set nk̂i + = 1, nr̂ ij + = 1, ndˆ ij + = 1, nî + =
1, nr̂ + = 1, ndˆ+ = 1
19:
end for
20:
end for
21: end while
22: calculate Θ, Φ, andΩ according to Equation 16, 17 and
18 respectively
23: return Θ, Φ, and Ω

Here, we have:
D

µr =

X
1
I(rj = r)lj
#(j, r) j=1
D

IV. EXPERIMENTS

In this section, we perform an extensive experimental evaluation by comparing TPR-UM with other state-of-the-art
methods on two real-world LBSN datasets. First, we introduce the data pre-processing and then describe the evaluation
metrics and the baseline methods. Finally, we demonstrate
our experimental results and discussions.
A. DATASETS

We conduct our experiments on the two large-scale datasets:
Gowalla2 and Foursquare3 . The two datasets are available
online in public. Each record contains the user ID, check-in
time, longitude, latitude and POI ID etc.
Gowalla: we extract 4,610,642 check-in records from
73,730 users on 308,962 POIs originally from the dataset
provided by [40] , which were made between Feb. 2009 and
Oct. 2010.
Foursquare: we extract 192,507 check-in records from
2,160 users on 5,570 POIs from the dataset used in [20],
which was made within Singapore between Aug. 2010 and
Jul. 2011.
To remove outliers and clean up the data, we remove the
users whose check-in count is less than 10 times and the POIs
whose visited count is below 5 times. After pre-processing,
we randomly divide the dataset into three subsets: 70% as
the training set, 10% development set to tune the parameters
and the remaining 20% test set to evaluate the methods’
performance. The brief datasets’ statistics is summarized in
Table 2.
Table 2. Dataset Statistics

Dataset
Gowalla
Foursquare

Users
74,730
2,160

POIs
308,962
5,570

Check-ins
4,610,642
192,507

avg check-ins
61.70
89.12

In the experiments, we want to answer the following three
questions:
1) How the TPR-UM performs compared with the stateof-the-arts methods in terms of Precision, Recall as
well as Fβ measurement?
2) How the temporal factors affect the region-level geographical factors?
3) Does the number of temporal factors affects the performance of TPR-UM? If so, what is the relations between
them?

(22)

X
1
Σr =
(lj − µr )(lj − µr )T
#(j, r) − 1 j=1
where #(j, r) denotes the number of POIs in the region r.
And p(r|zi , β), p(tk |zi , γ) ,p(zi |α) are obtained from Φ, Ω
and Θ respectively. The predicted probability value is higher,
the more likely the target user will visit the POI. Finally,
8

we conduct personal POI recommendations based on the
predicted value.

B. EVALUATION METRICS

In this study, we employee the following metrics to measure
the performance of our model. Precision and recall are general metrics used to evaluate the recommendation accuracy.
2 https://snap.stanford.edu/data/
3 http://www.ntu.edu.sg/home/gaocong/datacode.htm
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2169-3536 (c) 2017 IEEE. Translations and content mining are permitted for academic research only. Personal use is also permitted, but republication/redistribution requires IEEE permission. See
http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI
10.1109/ACCESS.2017.2764074, IEEE Access
Author et al.: Exploiting User Mobility for Time-aware POI Recommendation in Social Networks

For each user, the recall and precision of the model at time
interval t are calculated as following:
|SN,rec (t) ∩ Svisited (t)|
N
|SN,rec (t) ∩ Svisited (t)|
recall@N (t) =
|Svisited (t)|

precision@N (t) =

(23)

where N indicates the top-N recommendation (in this paper,
we set N = 5, 10, 20), the SN,rec (t) denotes the POI set
recommended to the user at time interval t within the top-N
list, and the Svisited (t) represents the POI set the user visited
at time interval t on the test set. At last, we get the overall
metrics by averaging all the time-interval-based precision and
recall values of all time intervals, as following:
1 X
precision@N (t)
precison@N =
|T |
t∈T
(24)
1 X
recall@N =
recall@N (t)
|T |
t∈T

In the experiments, we split a day into 24 time intervals (an
hour per interval), for example 00 : 00 ∼ 01 : 00 denotes the
first time interval.
Fβ − M easure combines precision and recall, and is
the harmonic mean of precision and recall. We use the
Fβ − M easure to consider the recall and precision in a
unified way. The details of the equation is listed as follows:
Fβ = (1 + β 2 ) ·

precision × recall
β 2 · (precision + recall)

(25)

Here, we set β = 0.5, as we put more emphasis on precision
than recall in recommender systems. According to [41] and
[16], it is worth noting that, differs from traditional recommendation (such as music and movies), the accuracy of all
recommendation techniques for LBSNs is usually not high,
because the density of the LBSNs dataset is pretty low. Thus,
the relatively low precision and recall values are common and
reasonable, and we only focus on the relative precision and
recall compared with other state-of-the-art methods.
C. BASELINE METHODS

To verify the efficiency of our model, we compare TPR-UM
with several state-of-the-art methods. we choose other four
algorithms on behalf of collaborative filtering method, matrix
factorization based method, graph-based methods as well as
probabilistic framework respectively, which are introduced as
following:
1) User-based CF with time function and smoothing Enhancement (abbr. UTE): the user-based version of the
algorithm proposed by [20], which estimates the similarity between users as the conventional user-based
CF does, but weighs the check-ins of a similar user
according to the gaps between their time slots and the
recommendation time slot.
2) Geographical probabilistic factor model (abbr. GeoPFM): [33] strategically capture the geographical influence on a user’s check-in behavior and leverages user
VOLUME 4, 2016

mobility behaviors in the probabilistic factor model.
Here, we use the Possion version of the final generation
model.
3) Geographical-Temporal Aware Graph (abbr. GTAG):
[38] constructs a Geographical-Temporal Aware Graph
for each time slot separately from the check-in data at
the corresponding time slot only. Then, GTAG injects
preferences to user nodes and propagates preferences
to candidate location nodes via various paths in the
graph based on geographical and temporal influence in
order to find the locations with large preferences for
each user at the corresponding time slot.
4) Temporal influence correlations Recommendation
(abbr. TICRec): [34] utilizes temporal influence correlations (TIC) of both weekdays and weekends for
time-aware location recommendations. Here, we set
the parameters as referred in the original paper. For
2
example, K(x) = √12π exp(− x2 ), and h = 4.
TPR-UM is a hybrid model, which fuses personal interest,
geographical influence, temporal factors as well as user
mobility. We introduce the check-in pattern to capture the
latent relations between temporal factors and geographical
influence. And we use the region-level interest to model the
user’s mobility.
D. RESULTS AND ANALYSIS

In this section, we present the performance comparison on
recommendation accuracy between our algorithm and other
state-of-the-art methods on two large-scale real data sets
collected from Foursquare and Gowalla. In our experiment,
we should note that the training process is iterative, therefore
the initial selection of these prior parameters did not affect the
final results. The initialization of hyper parameters is shown
as below:
1) λu = 0.005, λv = 0.005,  = 20
1
2) β = |R|
. Gowalla: |R| = 49, the number of American
states. Foursquare: |R| = 5, the number of communities of Singapore.
1
, D = [5, 16] , the number of temporal factors
3) γ = D
1
4) α = |DR|
5) Vt = 24 × 7, denotes each hour of a week
6) user-item latent dimensions K = 20
Figure 3 and Table 3 shows the precision@N , recall@N
and Fβ measurement (β = 0.5)(N = 5, 10, 20) of all the
methods performed on the Foursquare and Gowalla datasets.
For the first question, it is clear that our algorithm outperforms other state-of-the-art methods, including collaborative filtering method, probabilistic factor model, graph-based
model with temporal factors, and POI-level probabilistic
framework, in terms of precision, recall and Fβ (β = 0.5)
on the two datasets.
More specifically, take the precision@5 on Foursquare for
example, we can observe that UTE achieves 0.019, while
Geo-PFM achieves 0.01 improvement over it. It is because
Geo-PFM captures the geographic influence effectively on a
9
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(a) precison@N - Foursquare

(b) recall@N - Foursquare

(c) precision@N - Gowalla

(d) recall@N - Gowalla

Figure 3. Precision and Recall with two datasets (Foursquare and Gowalla)

user’s check-in behavior and leverages user mobility. GAGT
achieves 0.032, a 0.003 increase over Geo-PFM.
The main reason attributes to this improvement is
that GAGT employs a graph-based preference propagation
method to integrate the geographical and temporal influences
at each time slot. It verifies the importance of temporal
influence on the POI chosen. TICRec outperforms GeoPFM because the former one captures the temporal influence
correlations hidden in the check-in history. By exploiting
the two important kinds of temporal influence correlations,
TICRec achieves pure improvement than UTE, Geo-PFM
and GAGT. However, TICRec ignores the importance of
user mobility in a latent region, which results in overfitting
problem, so that TPR-UM achives better performance. We
can observe that the result of Gowalla dataset is similar to the
result of Foursquare in terms of precision. TPR-UM achives
a 22.7% increase over TICRec in terms of precision@5 on
the Gowalla.
Table 3. Fβ measure (β = 0.5) with Two Different Dataset (Foursquare and
Gowalla)

Dataset
Four
-square
Gowalla

N
5
10
20
5
10
20

UTE
0.0752
0.0692
0.0548
0.0356
0.0308
0.0143

Geo-PFM
0.1097
0.0923
0.0607
0.0497
0.0437
0.0235

GAGT
0.1203
0.1055
0.0698
0.0698
0.0570
0.0465

TIC-Rec
0.1253
0.1012
0.0915
0.0845
0.0667
0.0513

TPR-UM
0.1422
0.1177
0.1046
0.1041
0.0961
0.0694

From Figure 3(a) and (c), we can observe an average of
10

0.032 , 0.012 and 0.07 improvement in terms of recall@5
for TPR-UM over UTE, Geo-PFM, GAGT and TICRec on
Foursquare respectively. Figure 3(b) and (d) demonstrate
an average of 8.7% and 47% improvement in terms of
recall@5 measure for TPR-UM over TICRec on Foursquare
and Gowalla respectively. And from Table 3, it is easy for
us to see that there is an average of 0.0169 and 0.0196
increase in terms of Fβ measure for TPR-UM over TICRec
on Foursquare and Gowalla respectively when N = 5. The
corresponding increase rate is 11.9% and 21.3%. It is obvious
that TPR-UM always shows the best recommendation performance in terms of precision, recall and Fβ measure (β = 0.5)
regardless of selection of N = 5, 10, 20. It is mainly because
TPR-UM not only considers how the temporal factors affect
region-level factors, but also captures the user’s mobility
within a region from all users’ collective actions. In this way,
we could build a more accurate model for user’s mobility
within a region.
For the second question, we can observe a overall increase of TPR-UM over Geo-PFM in terms of all metrics.
Take Fβ (β = 0.5, N = 5) measurement for example,
TPR-UM outperforms Geo-PFM over 0.0325 and 0.0544 on
Foursquare and Gowalla respectively. And the corresponding
improvement rate is 29.6% and 109.4%. It is because TPRUM introduces the check-in pattern which reflects the effect
of temporal factors on the geographical influencel, so that it
models user’s preference at the specific time more accurately
and naturally. Therefore, we can fuse the user’s mobility and
VOLUME 4, 2016
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the temporal influence effectively. The improvement verifies
that the temporal factor indeed affects the selection of region.
These promising results verify the superiority of the rigorous probabilistic generative process, demonstrating the importance of personal interest, geographical influence, temporal factor and user mobility. These factors are important
characteristics for LBSNs, and play vital roles in the timeaware POI recommendation. To conclude, the main reason
contributes to the promising results is summarized as follows:
1) TPR-UM extracts the check-in patterns from the observed dataset, so that we capture the latent relations
between temporal factors and latent regions. And the
check-in pattern does play very important role in the
POI choosen decision.
2) Based on the latent regions, we model the users’ mobility both from the latitude and longitude as well as
the collective user check-in records.
3) Last but not the least, TPR-UM uses the temporal
factors to capture the latent relations between diffrent
time spans, so that we could mine more information
from the temporal factors, and reserve more information related to the check-in patterns.
In addition, to answer the third question, we exploit the
recommendation accuracy with regard to the number of temporal factors on the two datasets. The precision and recall are
illustrated in the Figure 4. We observe that: the performance
of TPR-UM improves as the number of temporal factors
gradually increases. The reason is that a larger number of the
temporal influence indicates that the recommendation results
will be more time-specific. And the appropriate number of
TPR-UM reserves as much as temporal information as possible without bringing in noise. Therefore, as the number of
temporal factors gets larger, the precision and recall of TPRUM grows. This result also verifies our assumption: there
is user’s check-in pattern hidden in the temporal factors and
region-level geographical influence.
In summary, we acheive better performance than other
state-of-the-art algorithms in terms of recall, precision and
Fβ measurement. These promising results verify the effectiveness of our model. More specifically, TPR-UM can
capture the users’ mobility within a region to avoid the
overfitting problem. In addition, we use the latent factors
to exploit the latent relations between the different time
intervals, which help us mine much information from the
observed data. And finally, we use the probabilistic factor
model to fuse personal interest, geographical influence, temporal factors and user mobility, which play essential roles in
users’ POI choosen decision process.
V. CONCLUSION AND FUTURE WORK

Exploiting the check-in pattern specific to the temporal factors and geographical influence is very important and valuable. In this paper, we propose a novel hybrid time-aware
POI recomendation model based on user mobility: TPRUM. We integrate personal interest, geographical influence,
temporal factors and user mobility naturally and effectively.
VOLUME 4, 2016

By introducing the region, we can fuse the geographical
influence and users’ collective check-in action and model
the user’s mobility in a higher level to avoid the overfitting
problem. By introducing the check-in pattern, we capture the
latent relations between temporal factors and latent regions.
In addition, we provide a more rigorous probabilistic generative process for the entire model. It is effective to model the
user check-in count data as implicit feedback for better POI
recommendations.
Finally, we conduct comprehensive experiments on two
real-world datasets, Gowalla and Foursquare. The experimental results show that our hybrid method is effective, and
outperforms other state-of-the-art algorithms with temporal
influence or geographical influence in terms of precision,
recall and Fβ measurement (β = 0.5). We believe that TPRUM will play an important role in the application of POI
recommendation.
As for the future work, we plan to extend TPR-UM from
two aspects. On the one hand, we will incorporate content
information (such as categories, social influence, comments,
ratings or tags created by LBSNs users) into our framework
iteratively and effectively. On the other hand, we will leverage the similarity between users and POIs hidden within the
existing check-in patterns for POI recommendation. In this
way, we can get a more suitable and comprehensive similarity
measurement of LBSNs users, which is very useful in many
domains.
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