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Abstract

With the development of Location-Based Social Networks, successive Point Of Interest (POI) recommendation systems have
become a hot spot in the field of recommendation systems. Successive POI recommendation systems suggest to users new
and interesting places to visit. However, in real-life POI recommendation, there are often a small number of users facing
a huge number of POIs. Traditional successive POI recommendation methods are not capable to deal with the large sparse
datasets, as they only consider the simple relationship between users and POIs. They do not use the context information of
users and POIs, which can enable better recommendation results. To utilize the context information, this paper proposes a
novel successive POI recommendation method, SQPMF, which integrates user personal preferences, user social relationships
and POI transition relationships into the system for accurate recommendation of the next POI. Our experimental evaluation
using three real-life datasets, Gowalla, Foursquare and Brightkite, shows that our method SQPMF consistently outperforms all
state-of-the-art methods in recommendation of successive POIs. Compared with other methods, SQPMF improves Precision,
Recall and F1-score by an average of at least 6.1%, 5.8% and 5.7% respectively on three publicly available datasets.
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1 Introduction where a user checks in, such as a shopping mall, a cafe, etc.

POI recommendation can effectively alleviate the problem

In recent years, with the rapid development of the Inter-
net, various Location-Based Social Networks (LBSN) such
as Twitter, Facebook, Weibo, and Meituan have emerged.
The rapid development of these social networks has brought
many conveniences to people’s lives and greatly improved
people’s quality of life. People can use their mobile devices
to share check-in information in various situations in their
lives. Using the users’ check-in information to recommend
Points Of Interest (POI) is also a popular development trend
in recent years [1-3]. LBSN can obtain valuable information
by collecting users’ check-in data. A POI refers to a place
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of overloading location information and improve users’ per-
sonalized experience. At the same time, it helps businesses
to tap potential customers and improve business benefits.
Therefore, POI recommendation has become an important
service in LBSN and one of the core research directions in
the field of LBSN and recommendation systems [4, 5]. An
important challenge that needs to be solved in POI recom-
mendation systems is the problem of data sparsity. There
are thousands of POIs in a LBSN, but users can only go to
a limited number of POIs, which will result in very sparse
check-in data [6, 7]. In real-life, people check in at different
locations anytime and anywhere, leaving a large amount of
feedback data. But for hundreds of millions of POIs, there
is very little explicit data available to users [8—10]. In order
to alleviate the above problem, most recommendation sys-
tems use Collaborative Filtering (CF) to recommend items
or POIs. Most of the current research on POI recommenda-
tion systems only consider the check-in relationship between
users and POls, ignoring the correlation between POIs that
users visit in sequence. In fact, there is a strong correlation
between a user’s current POI and their next POI to visit. For
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example, after going shopping in a mall, users usually go to
a restaurant to eat instead of traveling abroad. Therefore, in
the process of building a POI recommendation model, it is
necessary to recommend the next POI to a user based on the
user’s current POI [11-13].

Additionally, in real life, personal preferences have a great
impact on users’ behaviors. The number of visits to each
POI shows a user’s personal interest preferences for the POIs
[14-16]. On the other hand, a user’s personal preferences
are usually influenced by their friends because of similar
preferences. Therefore, if a user has not visited a place yet,
the personal preferences of their social friends could provide
useful information for the recommendations [17-19].

Most existing POl recommendation systems only consider
the partial relationship between users and POIs, which is not
comprehensive enough. Therefore, in this paper, a successive
POI recommendation method, called SQPMF, is proposed.
It integrates the user’s personal preferences, the user’s social
relationships and the transition relationships between suc-
cessive POIs to improve the accuracy of the recommendation
system.In order to mine the features of user’s social relation-
ships, we study the explicit trust relationships and implicit
trust relationships between users in SQPMF. We use the habit
similarity between users and the sequence similarity between
users to further mine the hidden information behind the user’s
rating on POIs [20-22]. In SQPMF, we fuse together the
transition frequency between POIs, the geographic distance
between POIs, and the popularity of destination, which also
have a large impact on the recommendation results of the
next POI. We use Probability Matrix Factorization (PMF) to
model and solve the user’s social relationships and the POI
transition relationships in SQPMF. PMF is a popular method
in building recommendation systems. It performs well on
large sparse datasets. In recent years, PMF has attracted
extensive attention of researchers with its good accuracy and
scalability [23, 24] for solving the recommendation problem.
Experimental results show that SQPMF can significantly
improve the accuracy of successive POI recommendations.
The main contributions of this paper are as follows.

(1) We propose a new successive POI recommendation
method, SQPMEF, that utilizes the user’s personal pref-
erences, the user’s social relationships and the transition
relationships between successive POIs, to improve the
accuracy of successive POI recommendations.

(2) We prove that SQPMF can most likely produce accurate
recommendations of POIs based on Bayes’ Theorem and
the assumptions of PMF.

(3) Several experiments are conducted with real datasets.
The experimental results show that SQPMF has much
better performance than the existing recommendation
methods. It improves Precision, Recall and F1-score by

an average of 6.1%, 5.8%, 5.7% respectively on three
publicly available datasets.

The rest of this paper is organized as follows. Section 2
introduces the related work. Section 3 introduces the notation
and definitions used in this paper, the details of the proposed
SQPMF method, and the derivation of related formulas.
Section 4 presents the experimental setup, results, analysis
and evaluation. Finally, Section 5 concludes this paper.

2 Related work

In the field of POI recommendation, in order to alleviate the
problem of data sparsity, most methods adopt the Collabora-
tive Filter (CF) methods. The CF methods are mainly divided
into memory-based methods and model-based methods [25,
26]. Memory-based methods have achieved great success in
the POI recommendation system, but many memory-based
methods suffer from data sparsity and cold start problems.
However, with the rapid development of machine learning
technology, model-based methods have emerged. The well-
known models are Bayesian models, clustering models, and
etc. Model-based methods can avoid the shortcomings of
memory-based methods. Among them, the Matrix Factor-
ization (MF) is a typical model-based method. At present,
the basic MF assumes a linear relationship between users
and POIs and has good scalability and flexibility. Since
it can alleviate the problem of data sparsity to a certain
degree, MF is widely used. Rahmani et al. [24] proposed a
POI recommendation method based on a local geographical
model, and integrated this model into MF. This improved the
performance of recommendation to some extent. Seyedho-
seinzadeh et al. [25] proposed a new framework based on the
ideas of CF and MF. It modeled the recommendation prob-
lem of POI based on users and POIs, and partially addressed
the problem of data sparsity.

However, the basic MF method does not take users, POlIs,
and contextual features into account for modeling. This short-
coming causes the loss of useful information and limits the
accuracy of the recommendation results. In successive POIs
recommendation systems, a small number of users are often
mapped to a large number of POIs. With hundreds of mil-
lions of POIs, MF is faced with huge computational overhead.
Thus, MF is hard to deal with large datasets. In order to alle-
viate this problem of MF, Mnih et al. [26] proposed the PMF
model. PMF is similar to MF, which is based on the low-
rank approximation of the matrix, except PMF adds Bayes’
Theorem to MF. It adopts the probability linear setting with
Gaussian observation noise, and decomposes the user rating
matrix into two low-rank user feature matrices and two item
feature matrices with the most likelihood. The authors of
[27, 28] have shown that PMF performs well in large-scale,
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sparse datasets. Among them, Davtalab et al. [27] proposed
a method called SSTPMF, which is based on PMF. SSTPMF
utilized information about users and POIs to improve the
accuracy of POI recommendations to a certain extent. How-
ever, the authors failed to use the relationships of users and
POIs sufficiently. For example, when calculating POI simi-
larity, SSTPMF only mapped the POI category score to O or
1, which greatly affected the accuracy of the results. In addi-
tion, in mining the social relationships of users, the authors
only used the Jaccard measure representing user social sim-
ilarity. Jaccard measure is generally used to reflect whether
the user will choose a POI, but cannot reflect the specific pref-
erences of the user related to the POI. In fact, the scores of
social relationships can be expressed more comprehensively
through using other available information. For example,
by considering information such as users’ habit similar-
ity and sequence similarity, we can further understand the
users’ potential preferences for POI, and thus better improve
the accuracy of recommendations. Therefore, our SQPMF
method is proposed to address these issues, and to improve
the performance of the recommendations for successive
POlIs.

Though explicit feedback such as ratings can clearly
express the likes and dislikes of users, POI recommenda-
tion systems only have users’ check-in information of the
visited POIs, which do not directly express the user’s pref-
erences. This kind of check-in information is called implicit
data [29-31]. In POI recommendation, only using the explicit
data would result inaccurate recommendations. It is neces-
sary to integrate implicit data of users and POIs in MF. In
order to address this problem, many works [1, 8, 21, 32-34]
considered incorporating rich implicit information into POI
recommendation systems.

For example, in LSBN, there are a lot of connections
between users, which play an important role for accurate
recommendations. Guo et al. [1] proposed a trust-based MF
model, which comprehensively considered the explicit and
implicit trust relationships between users and achieved better
recommendation results. Ma et al. [34] integrated the users’
trust relationships in PMF and used the users’ social net-
work information and rating records to solve the problems
of data sparsity and poor prediction accuracy. They showed
the effectiveness of the trust relationships in improving the
recommendation results. Qian et al. [21] proposed a person-
alized recommendation system based on PMF that combined
users’ personal interests, similarity of interpersonal inter-
ests, and interpersonal influence, which further improved
the accuracy of recommendation. Zhou et al. [8] considered
the strength of user relationships using data-driven methods
to improve POI recommendations. It defined user relation-
ships based on the analysis of user check-in behaviors. They
embedded the user’s social connections into a spatiotemporal
model of POI recommendations.

@ Springer

Itis worth noting that the recent application of Knowledge
Graphs (KGs) has been proved to be effective in addressing
the problem of data sparsity. It is mainly used to learn the
characteristics of users and POIs from the check-in records of
users and their friends. Chen et al. [35] used KGs to design a
new spatiotemporal transition relationship and jointly trained
and modeled the next POI recommendation system in an end-
to-end manner. Hu et al. [36] proposed a translation-based
KG-enhanced multi-task learning framework (TransMKR)
for POI recommendation. TransMKR improved POI rec-
ommendation based on KGs, quantified the relationships
between POIs and their attributes, and thus alleviated the
problem of data sparsity. Though these methods greatly
improved the recommendation quality, there is still much
room for the application of KGs. For example, the current
KGs cannot reflect the dynamic movement of the POIs with
static entities and relationships.

Geographical influence is also an important factor to con-
sider in POI recommendation, since a user’s preference for
a POI is largely influenced by the geographical location of
the POI. Lian et al. [37] proposed a GeoMF model, which
incorporated the spatial clustering phenomenon of users
movements into the factorization model and enhanced the
potential factors of users and POIs in the factorization model
by using the activity area vector of users and the influence
area vector of POIs. This research attracted the attention of
many researchers. Rahmani et al. [16] well considered the
geographical factors of POIs and combined time, social and
other information to develop a POI context fusion method
based on linear regression. This method could effectively find
the optimal context combination from the historical interac-
tions of each user or user group, and improved the accuracy
of POI recommendation.

Unlike the traditional POI recommendations, the next
POI recommendation focuses more on sequence dependen-
cies. Many studies used Markov chain to recommend the
next possible POI. Models based on Markov mainly used
transition matrixes to predict the probability of the next
behavior of a user. For example, PRME (Personalized Rank-
ing Measurement Embedding) [29] was proposed to use
user preferences, POI sequential information and geographic
influence. Although multistage Markov chain can improve
the accuracy of recommendation results to some extent, the
computational complexity increases exponentially with the
increase of Markov order. The high computational com-
plexity makes the Markov models difficult for practical
applications.

Recently, some researchers found that user preferences
change over time, especially the current check-in order,
which has a significant impact on POIs. Therefore, in order
to improve recommendation performance, it is necessary to
consider both long-term and short-term preferences of users
[38—40]. For example, Liu et al. [38] proposed a model based
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on Graph Neural Network (GNN), which integrated users’
long-term and short-term preferences to comprehensively
represent dynamic preferences. Long Short Term Memory
(LSTM), as a variant of Recurrent Neural Network (RNN),
is also widely used to recommend the next POL. Liu et al. [39]
proposed a Real-Time Preference Mining (RTPM) model
based on LSTM, which could dynamically mine users’ long-
term and short-term preferences, filtered out unpopular POlIs,
and achieved better recommendation results. However, the
GNN/LSTM based methods cannot model the relationships
between two discontinuous POIs.

Table 1 summarizes the related methods and their advan-
tages/disadvantages in POI recommendation.

In summary, existing studies have not considered the indi-
vidual behavioral habits of users. In addition, the previous
works only considered the user’s partial social relationships
in their models. Although these models could alleviate the
problem of data sparsity to some extent, they performed
poorly for extremely sparse user-POI matrices. Likewise, for
POI transition relationships, previous models only consid-
ered the geographic distance or the sequential influence of
successive POIs, which are not sufficient for accurate recom-
mendations.

Table 1 Related research

In contrast, our SQPMF model not only considers users’
sequential preferences, but also integrates their real-time
habits and preferences, which helps to understand their cur-
rent intentions. Therefore, our proposed SQPMF model can
provide better recommendations for next POIs by exploiting
more implicit information of users’ relationships and POI
transition relationships.

3 Method

We propose the SQPMF model by exploiting the users’ per-
sonal preferences, the users’ social relationships and the
transition relationships between successive POIs. Through
model inference, we propose an objective function to learn
the users’ social relationships and POI transition relation-
ships. We then integrate the learned implicit information
into users’ ratings of POIs. We use the Stochastic Gradient
Descent (SGD) method to minimize our objective function
in order to improve the accuracy of the users’ rating of POls,
according to which a ranked list of recommendations for the
users’ next POIs can be obtained. For the convenience of

Methods Descriptions Advantages Disadvantages

PMF [26] It proposes a PMF model, It is suitable for large-scale It does not take into account
incorporating a Bayesian sparse matrices. the potential relationship
perspective on the basis of between users and POIs.
ME.

SSTPMF [27] It is based on a PMF model It takes into account user It cannot accurately calcu-

to mine information between
users and POIs.

TrustSVD [1] It merges user trust relation-

ships into SVD++.

similarity and POI similar- late user similarity and POI
ity. similarity.

It considers and handles trust
relationships between users.

It sets trust intensity equally
for all users, which leads
to inaccurate recommenda-
tions.

Sorec [34]

GeoMF [37]

PRME [29]

RTPM [39]

It is based on PMF model
and incorporates a user trust
relationship matrix.

It makes recommendations
based on the geographic
model of the user’s activity
area and POI influence area.

It utilizes user preferences
and sequential transition of
POIs.

It proposes a real-time pref-
erence mining model based
on LSTM.

It takes into account trust
relationships between users
and is suitable for large-scale
datasets.

It takes into account the geo-
graphical influence between
users and POlIs.

It takes into account con-
text information such as user
preferences and transition
relationships between POIs.
It takes into account users’
long-term and short-term
preferences.

It does not consider other
social relationships between
users and does not consider
the POI transition relation-
ships.

It does not take into account
other implicit information
between users and POIs, and
the impact of user social
relationships.

It is based on a multi-stage
Markov chain and is diffi-
cult to scale to large-scale
datasets.

It does not fully explore
the potential information
between users and POlIs.
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Table2 Symbols and definitions used in this paper

Symbols Definitions
w Feature dimension
M The number of users
N The number of POIs
U User feature matrix
A\ POI feature matrix
F Social feature matrix of users
P Relevance feature matrix of POIs
R;; User i’s rating for POI j
R; j User i’s predicted rating for POI j
fj Predicted score of user i for the next POI z when at
POI j
Sir Social score of user i and user f
S; f Predicted social score of user i and user f
Ok Transition score of POI j to POI k
Q;. x Predicted transition score of POI j to POI &
v Objective function

expression and explanation, the symbols used in our model
are listed in Table 2.

3.1 Overall framework

As mentioned above, MF has been widely used in POl recom-
mendation. Due to the shortcomings of MF, such as unable
to integrate the context information, unable to process large-
scale datasets, PMF has been proposed.

In order to better illustrate our proposed SQPME, this sec-
tion makes an overall comparison between SQPMF and MF.

As shown in Fig. 1, MF decomposes the initial sparse
matrix R(M x N) into a user feature matrix U (M x W) and
a POI feature matrix V(W x N), where M is the number of
users, N is the number of POIs, and W is the vector dimen-
sion, i.e., the number of features [24, 25].

In Fig. 1, in the initial rating matrix R, users have rated
some POIs. For example, user A rated POI Y as 3.80. The
question mark means that the user has never visited the POI,
e.g. user B has never visited POI Y. In practice, we cannot set
the value here as zero, because zero is also a rating, meaning
the user does not like the POL. Since the user has never visited
the POI, we don’t know whether the user likes the POI or not.
Through MF, the matrix R, is decomposed into the user fea-
ture matrix U and the POI feature matrix V. By multiplying
U and V, the predicted rating matrix R’ can be calculated. In
the predicted rating matrix R',the missing values (?) of R are
filled by the MF method. Therefore, with MF, the recommen-
dation problem is transformed into the matrix factorization
problem that aims to reduce the discrepancy between R
and R

However, for POl recommendation, MF cannot effectively
mine the information of users and POIs, which has poor
recommendation performance for extremely sparse user-POI
matrix.

Considering these shortcomings, this paper integrates the
users’ social relationships and the POI transition relation-
ships in our SQPMF model to improve the recommendation
results. Our experimental results show that all the informa-
tion we integrate in SQPMF have a positive impact on the
successive POI recommendations. Figure 2 shows the model
diagram of SQPMF.

Comparing between Figs. 1 and 2, we can see that, based
on the MF model, SQPMF combines the users’ social rela-
tionships and the POI transition relationships. The matrices
Sand S represent the initial social relationship matrix and
the predicted social relationship matrix, respectively. Inte-
grating more information of users’ social relationships into
the matrix S will help us to mine more potential preferences
of users and help us make better recommendations. There-
fore, we integrate the trust relationship, the habit similarity
and the sequence similarity into the users’ social relationship
matrix. It can be seen in matrix S that integrating these fac-
tors into the recommendation system can better update the
user feature matrix U. It is worth noting that in the initial
dataset, a user’s social relationship with another user is only

X Y A E F W W X Y Z E F
| @ bkl g | = a0 12 x| v | z|e|F A |3.62 (363 |2.87 |1.76 [2.76
W. 5 - . ;s <2l — B |4.52 |4.47 |3.59 |2.12 |3.36
8 lesa| 2 lbas| 2 | 2 | 2 [ 5 laoliso| 5 | ™ [1:%0[1:50 [110fos0 fr20 | = 5 5 36
W [1.50 [1.40 |1.20 |o. c |3.16 [5.22 |2.50 [1.60 |2. 48

c | 2 [320] 2 [175 |250 ¢ |1.40 |o.s0 2 |1-50 [1.40 1.20 ]0.60 ]1.00 ? §
i D |449 [4.50 |3.56 [2.18 |3 42

D | 2 |4403.25 245 2 D |1.60 |1.50
R U \' R’

Fig.1 Matrix factorization model
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X [¢60| 2 [2.72] 2 | »
Y ([3.88 |4.29 |2.84 |2.97 [3.06
= ez | /
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z | 2| 2 |359 183218
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POI Transition Matrix v 110 |1 80 Predicted POI Transition Matrix
Transition Frequency P Z |[1.90 [1.60
: 5 E [1.90 |1.90
Geographic Distance
F [1.90 [1.60

Popularity of Destination

Relevance Feature Matrix

Fig.2 Model diagram of SQPMF

represented by 0 or 1, which cannot well distinguish the
strength of social relationships between users [34]. There-
fore, we propose several different calculation formulas to
model a user’s social relationship, which better fits the real-
life situation. The strength of social relationships between
users affects the final recommendation results. After decom-
posing the social relationship matrix S, it can be divided into
a user feature matrix U and a social feature matrix F.

On the other hand, the matrices Q and Q/ represent the
initial POI transition matrix and the predicted POI tran-
sition matrix, respectively. Similarly, considering real-life
situations, we want to fuse as much related information
as possible in the recommendation of POIs. Most previous
works only considered partial relationships between POls,
which was not comprehensive enough. In this paper, the tran-
sition frequency, the geographic distance, and the popularity
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of destination are considered in the POI transition matrix.
This will enable us to learn sufficient information about POIs
and help us better make up for the shortcomings of the sparse
matrix. The POI transition matrix Q can be divided into POI
feature matrix V and relevance feature matrix P of POIs after
decomposing.

By continuously decomposing and learning the initial
sparse matrix, using the information learned from the social
relationship matrix S and the POI transition matrix Q, the
user feature matrix U and the POI feature matrix V are
continuously updated. At the same time, the social feature
matrix F' and the relevance feature matrix P are constantly
updated, so that the discrepancy between the matrix S and
the matrix S and the discrepancy between the matrix Q and
the matrix Q are continuously reduced. The update process
iterates until the discrepancy between the initial score matrix
R and the predicted score matrix R’ is smaller enough. As
a result, the values of R’ in Fig. 2 are closer to the values
of R than those of R’ in Fig. 1. This example illustrates that
our method of integrating the social relationship matrix S
and POI transition matrix Q into SQPMEF is very effective.
The following section will introduce our mathematical for-
mulas and detailed explanations. Our experimental results
will show that SQPMF is more suitable for large-scale suc-
cessive POI recommendations where the user-POI matrix R
is extremely sparse.

3.2 Metric for user social relationship

In the field of POI recommendation, explicit and implicit
trust relationships are two different ways of expressing rela-
tionships between users. The essential difference between
explicit trust relationships and implicit trust relationships lies
in their different expressions. Explicit trust relationship refers
to the level of trust that users have towards other users or POIs
expressed through clear ratings or feedback. For example,
on social media platforms, users can like, comment on, or
share their content with friends, which directly express trust
and recognition towards their friends. Implicit trust relation-
ship refers to the indirect expression of a user’s level of trust
in other users through user behavior or implicit feedback.
These behaviors may include user browsing history, purchase
history, click behavior, etc. By analyzing users’ implicit feed-
back information, it is possible to infer their level of interest
in a particular POI and their trust in other users. Usually the
explicit trust relationships we can obtain in real life are lim-
ited. Therefore, considering both explicit and implicit trust
relationships can effectively represent the trust relationships
and thus helps improve the accuracy of recommendations.
According to the previous research [41, 42], auser’s social
relationship has a significant impact on the user’s activ-
ity trajectories. Recommendation methods based on users’
social relationships can effectively address the data sparsity

@ Springer

problem and improve recommendation results [43, 44]. Tra-
ditionally the social relationship between user i and user f
is represented by O or 1. If user i trusts user f, then the
social relationship from user i to user f is represented by
1; otherwise, it is 0. However, expressing the user’s social
relationship with O or 1 cannot well represent the strength of
social relationships between users.

Considering the real-life social relationships, our SQPMF
model integrates both the explicit trust relationships and
implicit trust relationships in successive POI recommenda-
tion, to improve the accuracy of the recommendations.

In real life, expressing a user’s social relationship with 0
or 1 hides many details, such as the trust relationship, the
habit similarity and the sequence similarity, between users.
We use a novel social score considering the above factors to
represent the degree of social relationship. The social score
is expressed in (1):

Sip = n8;" + uSit + (=0 — w8 )

where S;;w represents the trust degree between users,

Sl.hf“b represents the habit similarity, S;;q represents the
sequence similarity, n,€[0,1] represent the weight of dif-
ferent attributes, respectively.

Note that, in real life, a user’s social relationship is usually
related rather than symmetrical. Therefore, the matrix S is
asymmetric, that is, the social score from user i to user f is
not the same as the social score from user f to user i.

Below are the details of S;;W , Sl.h;’b and S; feq used in (1).

In real life, a user has many friends, some of them have
similar habits to the user, but others may have different habits
from the user. These details could affect the accuracy of the
recommendations. In order to learn as much relevant infor-
mation of users as possible in the recommendation, and to
mine the implicit information in the users’ relationships, we
propose to integrate the habit similarity in a successive POI
recommendation, as shown in (2).

M M
shab = SN sgx Uiy — Ugi |3 )
i=1 feF

where U;; and U ¢; represent the difference from the ratings
of useri touser f for POI j, Sl.*f represents the original social
relationship of user i to user f, and the larger the value of
Sl.h“b , the higher the habit similarity from user i to user f.
In successive POI recommendation, each user has its
own historical access sequence. The users’ access to POIs
can describe the users’ preference transition information for
POIs. If the overlap of the historical access sequence is high
between two users, we think that the sequence similarity is
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also high. Therefore, we calculate the sequence similarity in

3):

2
seq;
sl = 3)
seqiseq s

where seq; and seq s represent the total number of sequences
of useri and user f, respectively. seg; r represents the number
of common sequences between user i and user f. The larger
the value of S, the higher the sequence similarity from
user i to user f.

Considering the influence of the implicit trust relation-
ship on the trust relationship, it is necessary to improve the
representation of the trust degree. In location-based social
networks, we believe that if user i trusts many users, the con-
fidence of user i’s trust value will decrease. However, if user
f is trusted by many users, the confidence of user f’s trust
value should increase. We use (4) to express trust degree [31]:

imp dﬁ(Uf) *
Sip” = \/d+(U,-) Yd-(Up " Siy )

where d*(U;) ) represents the outdegree of user i , which
is the number of users trusted by user i. d~ (U ) represents
the indegree of user f, which is the number of users who
trust user f. S;‘f represents the original social relationship
between user i and user f (0 or 1). The larger the value of
S;}”p , the higher the degree of trust from user i to user f.

It should be noted that the above formula is based
on directed networks. Among the datasets used in our
experiment, Gowalla uses an undirected friendship net-
work, Foursquare uses a directed friendship network, and
Brightkite uses a hybrid network where undirected edges are
used when there is a friendship in both ways. All the original
datasets downloaded from their websites have been already
represented as directed graphs, which is easily applicable to
(4). For example, in Gowalla’s original dataset, three columns
of data were used to represent the original trust relationship
between users, namely the user ID, the user’s social friend
ID, and their relationship (1 represents trust, O represents dis-
trust). If there is an undirected edge connecting user 2 and
user 4, two records are present in the dataset to represent their
trust relationship as below:

241

421

However, in cases where the trust relationships between
users are represented by an undirected graph, the network
can be converted into a directed graph. In the conversion,
each undirected edge is transformed into two directed edges.
For each user or node in the converted directed graph, the
indegree of the user equals the outdegree of the user in such
cases. After the conversion, (4) is applicable to undirected
graphs to calculate implicit trust relationships.

3.3 Metric for POl sequence transition

Likewise, many previous works only utilize partial informa-
tion between POIs when expressing the sequence correlation
between POIs. However, such practice loses useful infor-
mation between POIs, such as the transition frequency,
the geographic distance, and the popularity of destination.
Considering these factors, we propose (5) to evaluate the
transition score:

Qji=BON +v 05+ (1 —p—y)Ql” 5)

where Q{kre represents the transition frequency score

between POIs, Q' represents the geographic distance score

between POIs, Q' represents the popularity score of desti-
nation, 8,y €[0,1] represent the weight of different attributes,
respectively.

Likewise, due to the asymmetry of the sequence of POIs
visited by users, the transition score from POI j to POI k is
not completely equivalent to the transition score from POI k
to POI j. So the matrix Q is also asymmetric.

Below are the details of Qf,:e , Qiza, and Qf,?p in (5).

Considering the continuity of the sequence between the
POIs visited by the users, we propose to use the continuity
between the POIs to improve the accuracy of the recom-
mendation. Since a user’s check-in behavior is affected by
the user’s personal living habits and the transition relation-
ships between the POIs, there is a strong correlation between
some sequences of POIs [41]. By processing and studying
the sequence changes between POIs in the datasets, we can
calculate the transition frequency, and obtain the transition
frequency score in (6):

M
0 = "Ni(j. k) (©6)

i=1

where N;(j, k) represents the number of POI transitions for
user { from POI j to POl k. Q ]f ,: ¢ represents the total number
of POI transitions from POI j to POI k for all users. The
larger the value of Q jf ., the higher the transition frequency
score at the given time. Due to the large range of the values,
for the convenience of calculation, we use the normalization
function f(x) = (x — Omin)/(Qmax — Omin) t0 map the
value of Q{kre to the range of [0,1].

According to Tobler’s first law of geography, “Everything
is related to other things, but things that are near are more
closely related than things that are far away”, the probability
of users visiting POIs is inversely proportional to the geo-
graphic distance in real life. POIs frequently visited by a
user are likely to be geographically close, or the POIs fre-
quently visited by the same user are relatively close to each
other. Therefore, we calculate the geographic distance score
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to describe the users’ geographic preference. We use the
Haversine formula [45] to calculate the distance between POI
j and POI k, as shown in (7).

sin(Agjr) \* sin(Awjr)\*
dji = sin_l\/<(%k)> + cospj x cosgy x (M)

2 2
)

where ¢; and ¢y, refer to the latitude of POI j and POI k in
radians, and w; and wy refer to the longitudes of POI ;j and
POI k in radians. Therefore, the geographic similarity of POI
j and POI k is is shown in (8):

Q% = — ®)
KT 4 djg x 1)

where dj; has been calculated above, and r refers to the
radius of the earth. The higher the value of QjGe”, the higher
the geographic distance score between POI j and POI .
Popularity refers to the degree to which a POl is liked by
users. In real life, under the same conditions, users tend to
choose a POI with higher popularity to visit. Therefore, using
the popularity of destination can also effectively improve the
accuracy and quality of recommendation. Therefore, con-
sidering the popularity factor of the next destination in the
successive recommendation system, we use (9) to calculate:
ot = NI ©)
Z jlev N@)

where N (j) refers to the number of times the POI j has been
visited, V refers to the set of all POIs, and j is any POI in
V. The higher the value of Q;k(’p , the higher the popularity
of the destination.

3.4 Proposed SQPMF model

As mentioned above, we transform the recommendation
problem into an optimization problem that reduces the dis-
crepancy between the user’s actual rating and the predicted
rating of the POIs. As shown in Fig. 2, our SQPMF model
uses two additional matrices S and Q to represent the social
relationship matrix and the POI transition matrix [43, 44].
S and Q are created as shown previously and can help us
find more accurate prediction of users’ ratings on POls, i.e.,
minimizing the discrepancy between the matrices R and R
in Fig. 2. In SQPMF, we are trying to minimize our objec-
tive function shown in (10), which includes the discrepancy
between R and R/, S and S/, Q and Q/. It should be noted that
we use the sigmoid function g(x) = 1/(1 4 ¢(=)) to process
the value of each element in the prediction matrix R, S and
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Q/. The reason for this is easy to explain: it maps real-valued
input into a continuous linear function that is monotonically
increasing on [0,1] and can handle any number of input val-
ues. In this way, U is informed by S and V is informed by
Q. This means the users’ social relationships and POI tran-
sition relationships are integrated into our SQPMF model to
generate the predicted user rating matrix R’ for POI recom-
mendation. The objective function used in SQPMF is shown
as (10). The derivation process of the proposed objective
function will be shown in the next section.

1M N
W(R,S,Q,U,V,F,P) = EZ D IR (R — U V)

I ((Sis — U Fp))*)

Py Ap o
2 2
+ E/ ||F||F+72k 1Pl (10)

Where the first three items are the squared errors of R

and R/, squared errors of S and S/, squared errors of Q and
2

2 2 2
’ o o o o o
— R — R — _R — _R — _R
Q.,and Ay = K, Aay =L Arp=F£, Ap =%, A5 = &,
o5 oy of op og

2
Lo = Z& are the regularization parameters ||~||2 represents
0= gu p - AI+ll’p rep

the Froberius norm of the matrix, which can be calculated by
the sum of the squares of the absolute values of the elements
of the matrix. Its main function is to reflect the discrepancy
between the real matrix and the predicted matrix.

This model combines the original PMF model with the
social relationship matrix S and the POI transition matrix Q
to learn, making full use of the relevant information of users
and POIs. By iteratively minimizing the objective function,
a better recommendation of POIs to users can be achieved.

We use the Stochastic Gradient Descent (SGD) to mini-
mize our objective function [26-28], as shown in (11), (12),
(13) and (14).

N
ov /
oo = 2 g WIVD@WIV) = Rip)V;
1 j:l

M
+rs Y I8 (UTFp) (U Fp) = Sip) Fy
f=1

+iy Ui (11)
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v
5y = 2 e WIVHeWTVY) — Ri)U;
Ji=1
N
+ a0 158 (VIPO@V PO = Q) P
k=1
+AvV; (12)
I M
3F; = sy 1538 WU Fp) (WU Fp) — Sip)Ui + ApFy
- i=1
(13)
I N
ap =) 158 (VI POV PO = Qj)Vi + hp P
j=1

(14)

Iterating on (11), (12), (13) and (14) can keep updating the
user feature matrix U, the POI feature matrix V, the social
feature matrix F and the relevance feature matrix P, until
the objective function converges.

ow
Ul' = U,' — (15)
aU;
av
IV
Fr=Ff—a—r (17)
oFy
av
Py =P —o— (18)
d Py

Algorithm 1 SQPMF Model optimization.

Require: Matrix R, S and Q, learning rate «, regularization coefficient
) feature dimension W, maximum number of iterations izers;

Ensure: the predicted rating R},

1: Initialize the feature matrices U, V, F, P
training

> to start SQPMF

2: while i # iters do > Calculate the derivative by (15) - (18)
3: U =U; — ag—gi > Update feature matrix U
4 V=V, - cx% > Update feature matrix V
J

50 Fy=Ff—«a ;T\Uf > Update feature matrix F
6: P, =P —« % > Update feature matrix P
7: end while

8

: Compute Rizj=U,~TVz + UV, + Vv, Ty, > by (37)

Where a€[0,1] is the learning rate of the latent feature.
Algorithm 1 describes the procedure of updating matrices
U, V, F and P. The final prediction matrix R? is obtained by

multiplying U and V. First, the rating matrix R, the social
relationship matrix S and the POI transition matrix Q are
input into the algorithm. The objective function is minimized
step by step with SGDon U, V, F and P, assuming they have
W-dimensional features. Finally, the predicted scores for the
POISs can be obtained in R*.

3.5 Derivation of the objective function

In this section, we prove that minimizing the previous objec-
tive function can maximize the probability of U, V, F, P
that satisfy the matrix factorization of R, S, Q statistically.
According to Bayes’ Theorem:

P(B|A) x P(A
P(AIB) = % (19)

In our context, A is U, V, F, P, while B is R, S, O,
under the conditions of standard deviations of the Gaussion
 cprTart 2 2 2 2 2 2 2
distribution o, 0§, 05000y O Op-
Therefore, we need to maximize P(U, V, F, P|R, S, Q,
0z, 08, aé, 0f, 0%, 07, 03)O, which can be transformed as
below according to the Bayes’ Theorem:

o P(R,S,Q|U,V,F,P,o},05,05)- P(U,V,F,Ploj,0y,0%,0p)
a P(R,S, Qlog, 0¢,00)

(20)

Since R,S,Q are known, P(R, S, Qlal%, 03, aé) is a
constant, we only need to maximize P(R, S, Q|U,V,
F,P, o} 02, oé) -P(U,V,F,Plo}, 05,0} 03).

Likewise, we can transform P(U,V, F, P|0L2,, 0‘2,, 0},,
o3)into P(U|o})-P(V|o3)-P(Floz)-P(Plo}).

Now we just need to maximize

P(R|U,V,o3)-P(S|U, F,0?)-P(Q|V, P, aé).
P(Ul|o})-P(V|od)-P(Flo})-P(Plo}).

We assume that each observation value U;, V;, Fr, Py are
all independent and identically distributed, and the feature
matrices U, V, F and P obey the Gaussian prior distribution

with the mean value of 0 and the variance of olzj, 0‘2,, 01% and
2.
O'P.
M
P(Ulop) = [ [ NWil0, o)1 @1)
i=1
N
P(Vioy) = [ [ N(V;10.09)1 (22)
j=1
M
P(Flof) = [ [ N(Ff10.07)1 (23)
f=1
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N UT
P(Plo}) = [ N(Pl0. o)1 (24) = —in(o}11%) - 207 L+ G
k=1
2w UiTUi
o . =@ - 23 +c,
At the same time, it is assumed that the discrepancy 20
between the real value and the predicted value of the users’ W Uty
[ 1
ratings on the POIs obeys a Gaussian distribution with a mean =-7 ln(alzj) - 2’ 5+ Cu (29)
value of 0 and a variance of 01%, then the conditional prob- U
ability that the rating matrix R satisfies is shown in (25): Similarly, we can get:
) T T 2,15 w vIiv;
PRIU, V,op) = [T TINRyj eIV, 01" 25 1 nw;10,021) = ——In(ed) — 2L +Cy  (30)
i=1j=I 2 20y
Where [ l.R is the indicator function, if the user i has rated Tp
the POI j, then its value equals 1; otherwise, it is 0. g(x) In N (Fy|0, 0%1) - W 1n(gl2p) — f_zf +Cp (31)
maps the value of Ul.T V; to the interval of [0,1], where 2 20
gx) =1/ +e™). W
Then the probability distribution function satisfied by  In N (P|0, 0123 1) = __]n(g‘%) — k +Cp (32)
matrices S and Q is: 2 P
M M
IS In N(R;jlg(UTV)), o
P$IU, Food) =[] [TINGyls T Ep, odn 6) Rilg@iV o) :
i1 f=1 1 o (Rij —gWU; V) (Rij — g(U; Vi)
= —=In(og) —
2 203
N N +Cr (33)
PV, P,op) =[] [INQirlg(V]P0).0d)] e @)
j=lk=1
Where 5 indicator functions.(x) | In N (Siflg (U Fp). 03)
ere 1>, are indicator functions.g(x) maps values
if e g0 TP I (S — gUTF)T(Siy — g(UTFp))
to the interval [0 1], likewise, g(x) = 1/(1 +e™). =3 In (og) — 3
Therefore, 205
+Cs (34)

P(RIU,V,03)-P(S|U, F,03)-P(Q|V, P, Jé)-P(Ula?]}P(Vla‘%)

-P(F|o§)-P(P|g},) =
M

RMoM
H ]_[[N(R,, 8TV .o H [TINGSif e Fpy, o9 i
i=1f=1

M

T
':Iz Tj:]z ||

I
-

[N(Qjklg(V] Pp). o)1 . [T~wilo, o5
i=1

N(V;j(0,031) -
J
M N

[[NE0. 0D - [] NP0 03 1)
i=1 j=1

(28)

Take logarithm of each value in combination with proba-
bility distribution function of multivariate Gaussian

distribution:
1 ulu;
2 207,

277 |"v

In N(U;10, 02 1) = In (—
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In N(Qjklg(V] Py), o3)

1, (Qij=g(VIP)(Qjx — (V] Po)

+Co

Substituting (29) -
posterior distribution is shown in (36).

35)

(35) into (28), the logarithm of the

InP(U,V,F,PIR.S,Q.0%.05.05.05.0y.0%, 0p)x

zZZM(Ru UV
Rl 1] 1

2ZZIlf((Szf g(UTFp)?)
2051 1 f=1
LN

532 > L@k — 8 (V] PY)
205 5o
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N
1 1
D WTEELS WAl
2 — 207 o

N
1 T
2 FfFf 2 E P; Py
Fz 1 ]=1

M N

le-lf ln61%+
i=1j=1

N N
> 1

j=lk=1

| =

M M
ZZ[& ln(rS2

i=1f=1

2
In oFs)

1
—E(MWInaf, +NWino} + MW Ino}

+NWlno3) +C (36)

where C is a constant, independent of the parameters. Since
the observed noise variance and prior variance are fixed, max-
imizing the log posterior of the latent features is equivalent to
minimizing the sum of squared errors of the objective func-
tion, as shown in (10), except we add some regulators in the
objective function.

3.6 Ranking

Finally, by continuously optimizing the objective function
W, we obtained the ideal matrices U, V, I/, P. As can be
seen from the previous description, in our proposed objective
function W, we consider the transition relationship between
users’ social relationships and POIs. Therefore, we can use
the trained potential matrix to calculate a user’s score for the
next POI. Assuming that the current user i is at location j, the
predicted score for the user to visit the next POI z, denoted

as R[Z/ , can be described in (37):

RE =U'V.+ UV + V]V, (37)

Where, U[.T V. represents the user’s personal score for the
next POl z, Uy TV, represents the user’s friend’s personal score
for the next POI z, and VTV represents the transition score
of the current POI j, to the next POI z.

3.7 Complexity analysis

In our SQPMF method, the time complexity and space com-
plexity are mainly based on the objective function W to
calculate. In addition, during the optimization process of
SQPMF, when updating the user feature matrix U, POI fea-
ture matrix V, social feature matrix of users F, and relevance
feature matrix P, the loss function and its derivatives need
to be calculated, which is closely related to the dimension of

the feature matrix W. Therefore, the size of W determines
the computational efficiency of SQPMEF.

Weuse O(pr), O(ps) and O(pg) torepresent the number
of non-zero elements in the rating matrix R, user social matrix
S, and POI transition matrix Q, respectively. W is the dimen-
sion of the feature matrix. Therefore, The time complexity of
30 9V 98 95 15 O(ORW + psW), O(0rW + po W),
O(ps W) O(poW). Thus, the time complexity of our objec-
tive function W is O (pr W + psW + poW).

In our algorithm, the sparse matrices R, S and Q are rep-
resented in a Compressed Sparse Row (CSR) format that
only stores nonzero elements in a sparse matrix [46]. There-
fore, for space complexity, the space occupied by the rating
matrix R is O(pr), the space occupied by the user social
matrix S is O(pgs), the space occupied by the POI transition
matrix Q is O(pg), the space occupied by the feature vec-
tors of users and POIs is O(pr W), the space occupied by
the feature vectors of users and users’ friends is O(psW),
and the space occupied by the feature vectors of POIs and
transition POIs is O(pgW).Thus, the space complexity is
O(prW + psW + poW + pr + ps + pg), which can be
simplified to O (prW + psW + po W).

In summary, the time complexity and space complexity
of SQPMF are both linear, and can be scaled to large-scale
datasets in practical applications.

4 Result and discussion
4.1 Datasets

We evaluate the performance of SQPMF using three pub-
lic datasets, Gowalla!, Foursquare2 and Brightkite3, which
are publicly available (see the links at the footnote). In this
experiment, the data in Gowalla, Foursquare, and Brightkite
are all real-world, public datasets. Among them, Gowalla
was founded in 2009 and allows users to check in and share
information through mobile devices. It is a social network
platform that can provide users with social services. The
Gowalla dataset includes 196,591 users, 1,280,969 POls,
6,442,890 checkins, and 950,327 links, collected from Febru-
ary 2009 to October 2010. Foursquare is also a globally
renowned location-based large-scale social service website
launched in 2009. It has become the most popular social
network, with up to 10 million user sets and 3.34 million
daily views. The Foursquare dataset includes 114,324 users,
3,820,891 POIs, 22,809,624 checkins, and 607,333 links,
collected from April 2012 to January 2014. Brightkite is a

! http://snap.stanford.edu/data/loc- gowalla.html
2 http://www.foursquare.com
3 https://snap.stanford.edu/data/loc- Brightkite.html
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Table 3 Dataset information The definitions of the metrics are as follows:
Dataset Users  POIs Check-ins  Links Sparseness MAE:
Gowalla 9617 585 95956 269812  98.29% Z (R — R,)|
i,j J ij
Foursquare 32158 2409 423675 312397 99.45% MAE = N (38)
Brightkite 50686 48367 3228563 388180  99.87%
RMSE:
> ((Rij — R;)D?
. . . . . RMSE = (| =0 7Y i (39)
location-based social networking website created in 2007, N
allowing users to freely share locations within the commu- o
nity. The Brightkite dataset contains 58,228 users, 4,491,143 Precision:
checkins, 428,156 lmlfs, and was cgllected from April 2008 . ZU IR(U) N T V)|
to October 2010. During the experiment, we select 80% of  Presion@K = RO (40)
the dataset as the training dataset, and the remaining 20% as
the test set. Recall:
In order to reduce noise in the datasets, we preprocessed
RUNT(U
th.ree datasets. For each fiataset, W? removed users anq POIs Recall @K — ZU [R(U) (U)| (41)
with less than 10 successive check-ins because users with few T)
check-ins are inactive. Similarly, POIs with too few check-ins
F1-score:

are not attractive. For the Gowalla dataset, after preprocess-
ing, the number of users is 9617, the number of POIs is 585,
the number of check-ins is 95,956, the number of user rela-
tionships is 269,812, and the sparseness of the user-POIs
check-in matrix is 98.29%. For the Foursquare dataset, after
data preprocessing, the number of users is 32,158, the num-
ber of POISs is 2,409, the number of check-ins is 423,675,
the number of user relationships is 312,397, and the sparse-
ness of the user-POI check-in matrix is 99.45%. For the
Brightkite dataset, after data preprocessing, the number of
users is 50,686, the number of POIs is 48,367, the number
of check-ins is 3,228,563, the number of user relationships
is 388,180, and the sparseness of the user-POI check-in
matrix is 99.87%. The details of the datasets are shown in
Table 3.

4.2 Evaluation metrics

We use five metrics, Mean Absolute Error (MAE), Root
Mean Square Error (RMSE), Precision, Recall and F1-score
for performance evaluation. Among them, MAE and RMSE
are the most commonly used metrics to measure the error
of recommendation results in recommender systems. The
smaller the values of MAE and RMSE, the smaller the error
between the real value and the predicted value, and the better
performance of an algorithm. Besides, Precision and Recall
are used to evaluate the accuracy of the recommendation
results. The higher the values of Precision and Recall, the
higher the accuracy of the recommendation and the better
performance of algorithm. The F1-score is the weighted aver-
age of Precision and Recall, with a range of O to 1. Generally
speaking, the closer the Fl-score is to 1, the better the per-
formance of the recommendation model.
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Precision - Recall
F1 —score=2 — (42)
Precision + Recall

Among them, R;; is the rating score of user i on POI j,
R;. ; refers to the predicted rating score of user i on POI j, N
refers to the total number of scores in the test set, and R(U) is
the Top — k list, T (U) is the number of POIs actually visited
by the user.

4.3 Related models for comparison

We selected several popular existing models in the field of
PMF and POI recommendation for comparison with SQPMF.
Among them, PMF is a typical PMF model. Sorec and
TrustSVD consider the users’ social trust relationships in the
recommendation. The GeoMF and PRME are both typical
models in the field of POI recommendation. The SSTPMF
and RTPM are the latest method in the field of successive
POI recommendation. A brief introduction of these models
is as follows:

(1) PMF [26]: this method applies probability-related
knowledge in MF, decomposes user-POI matrix into user
feature matrix and POI feature matrix, and assumes that
both user feature matrix and POI feature matrix obey
Gaussian distribution with mean 0.

(2) Sorec [34]: this method is based on the PMF model,
and proposes a new social recommendation framework,
which integrates the user’s trust relationship matrix.

(3) TrustSVD [1]: this method incorporates the effect of trust
into SVD++, where the strength of trust is set equally
for all users.
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(a) Gowalla

Fig.3 Precision comparison with different top-k

(4) GeoMF [37]: this method uses the MF technique to make
recommendations based on the geographical model of
the user’s activity area and the influence area of POls.

(5) PRME [29]: this method combines sequence informa-
tion with personal preferences by mapping each POI
into a low-dimensional Euclidean potential space of the
target, and then uses a metric embedding algorithm to
efficiently compute POI transition in a Markov chain
model.

(6) SSTPMF [27]: this method is based on the PMF model,
and considering POI similarity and user similarity, this
model proposes a multivariable inference approach for
POI recommendation using latent similarity factors.

(7) RTPM [39]: this method proposes a real-time preference
mining model based on LSTM, mining users’ real-time
preferences from long-term and short-term preferences
to recommend the next POI with time constraints.

(b) Foursquare

(c) Brightkite

4.4 Comparison with related models

In this section, we compare SQPMF with PMF, Sorec,
TrustSVD, GeoMF, PRME, SSTPMF and RTPM in terms of
recommendation Precision, Recall and F1-score. The value
of the abscissa K is the number of POIs recommended to the
user.

According to the experimental results in Figs. 3, 4 and 5,
we took the average of the experimental results from three
datasets, our SQPMF improves Precision, Recall, and F1-
score by atleast more than 6.1%, 5.8% and 5.7%, respectively
compared with the second best RTPM.

Among the compared methods, PMF is a direct application
of the PMF model. However, the recommendation of PMF is
the worst, because PMF only considers the users’ preferences
for POIs without using other contextual factors. Sorec and
TrustSVD have integrated the users’ social relationships in

- sapur

(a) Gowalla

Fig.4 Recall comparison with different top-k

(b) Foursquare

- sopmr

(c) Brightkite
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(a) Gowalla

Fig.5 Fl-score comparison with different top-k

the recommendation, so they clearly improve the recommen-
dation performance. PRME further integrates the check-in
sequence information and personal preference information,
so it further improves the recommendation performance.
GeoMF and PRME have used POI transition relationships,
which show the impact of POI transition relationships on
recommendation results.

However, the above models only consider partial relation-
ships between users or between POIs, and they do not take
advantage of both relationships simultaneously. Therefore,
our experimental results in Fig. 3 show that they do not per-
form as well as SSTPMF and our SQPMF, which use both
relationships.

SSTPMF considers the relevant impacts of users and
POIs, and therefore has improved the accuracy of POI rec-
ommendations. However, although SSTPMF considers the
relationships between users and POIs simultaneously, it is not
accurate enough in calculating the similarity between users
and POIs. For example, SSTPMF only uses Jackard similar-
ity to calculate relationships between users, but it does not
consider the users’ habit similarity and sequence similarity
as we do in SQPME. Similarly, SSTPMF also has the prob-
lem of inaccurate mapping of POI category when calculating
POI similarity.

For large datasets such as Foursquare and Brightkite that
contain more check-in information, SQPMF performs 8.8%
and 10.6% better than RTPM, respectively. This is because
RTPM, while considering the periodicity of user behavior
patterns when constructing long-term preferences, only uti-
lizes the influence of distance between POIs for modeling,
without considering other POI transition relationships. When
constructing users’ short-term preferences, RTPM does not
consider the personal attributes and current location of users
who have a strong impact on the next POI, but only considers
the influence of the public, which greatly affects recom-
mendation performance. Therefore, when there is a large
amount of check-in data in the dataset, there is a large amount

@ Springer

(b) Foursquare

(c) Brightkite

of implicit information between users and POIs, and the
performance of RTPM is average. However, SQPMF takes
full advantage of the social relationships of users and the
sequential transition relationships between successive POIs,
demonstrating better performance.

It is worth noting, in the Gowalla dataset, RTPM performs
slightly better than SQPMF. This is because, in order to obtain
ratings with minimal errors, SQPMF needs a large number of
social relationships between users and POIs for better train-
ing and prediction. However, the Gowalla dataset has lower
average number of check-in times per user, so there is not
enough check-in data in the Gowalla dataset for SQPMF to
mine the relationships between users and POIs and to exhibit
the best performance. This suggests that SQPMF is better
suited to large sparse datasets with many active users, which
are consistent with reality.

Our SQPMF method better integrates the users’ per-
sonal preferences, the users’ social relationships and the POI
transition relationships between successive POIs in the rec-
ommendation system. From the results, we can see that the
transition of successive POIs also has a significant effect

Table 4 Parameter description and value

Parameter Value Description

W 20 Feature dimension

A 0.5 Regularization coefficient

n 0.6 The weight of trust degree

“w 0.2 The weight of habit similarity

As 0.2 The regularization coefficient of the social
relationship matrix

0.7 The weight of transition frequency score

y 0.2 The weight of distance score

Ao 0.1 The regularization coefficient of the POI
transition matrix

o 0.01 Learning rate
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Fig.6 MAE of SQPMF with different iterations

on the recommendation results. Therefore, SQPMF achieves
the highest Precision, Recall and F1-score values on three
datasets.

It is worth noting that, for all methods, when K becomes
larger, the precision decreases, but the recall increases. This is
because, in real life, when the number of POI recommended
to users increases, the users are more willing to visit new POI
rather than the visited places.

4.5 Impact of parameters on SQPMF

In our previous experiments, the specified feature dimension
W in the SQPMF model is set to 20. The regularization coef-
ficient A is set to 0.5. The weight coefficient n of the social
score is 0.6, u is 0.2, the regularization coefficient A g of the
social relationship matrix is set to 0.2, the weight coefficient
B of the transition score is 0.7, y is 0.2, and the regularization
coefficient Ao of the POI transition matrix is set to 0.1. The
regularization coefficients of the features of users, features of
POlIs, features of social user, and features of relevance POIs
are all set to 0.001, and the learning rate « is set to 0.01.

Number of iterations

(b) Foursquare

150 200 250 50 100 150 200 250
Number of iterations

(c) Brightkite

These parameters are chosen as they give the best results for
SQPME. The parameter values are shown in Table 4.

For the dimension of the specified feature W, in order to
find the optimal value, we select the values of 5, 10, 15, 20
and 25 for W. Figures 6 and 7 give the results of MAE and
RMSE on two datasets in relation to the number of latent
features W used in SQPMF.

According to these figures, when W increases, SQPMF
can achieve better performance. We can see that the different
values of W can make MAE differ by 2%-4%. This shows W
has a significant impact. Note that when W is set to 20, our
experimental results achieve the best performance. Accord-
ing to the complexity mentioned above, we can know that
the time complexity of the system is closely related to the
value of W.If W is too larger, say 25, it does not bring better
recommendation effect, but significantly increases the com-
putational cost. Therefore, we choose 20 for W according to
our experiments.

In the calculation of social scores, 1 represents the weight
of the trust degree,  represents the weight of the habit simi-
larity, and (1 — n — ) represents the weight of the sequence
similarity. According to our experiment, we set 1 to be in the

E |
\ 14 14
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(a) Gowalla

Fig.7 RMSE of SQPMF with different iterations

Number of iterations
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(c) Brightkite
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Fig.8 MAE of SQPMF with different n and p

range of [0.1,0.8], to test the impact of © on MAE and RMSE.
Similarly, when calculating the transition score, § represents
the weight of the transition frequency score, y represents the
weight of the geographical distance score, and (1 — 8 — y)
represents the weight of the popularity score of destination.
During the experiment, we set the value of 8 to be in the
range of [0.1,0.8], change the value of y. Finally, according
to the experimental results, we determine the optimal values
of the parameters.

From Figs. 8 and 9 we can see that when 7 increases to
0.6 and u decreases to 0.2, the recommendation effect is the
best at this time. Similarly, from Figs. 10 and 11, we can find
that when g is 0.7 and y is 0.2, the MAE and RMSE can
reach the best values.

These results show that in the social relationship matrix,
the trust degree is the most influential in the user’s social
relationship, and the habit similarity and the sequence simi-
larity have similar effects. For the POI transition matrix, the
most influential factor is transition frequency, followed by
geographic distance.

Values of n

(b) Foursquare

Values of n

(c) Brightkite

The optimization of the objective function involves the
regularization coefficient A s of the social relationship matrix
and the regularization coefficient Ay of the POI transition
matrix. When Ag is set to 0, the system does not consider the
user’s social influence factor in recommendation, but only
considers the user’s personal preferences and the POI transi-
tion relationships. Similarly, when A ¢ is set to 0, the system
does not consider POI transition relationships in recommen-
dation, but only considers the user’s personal preferences and
the user’s social relationships.

From Figs. 12 and 13, we can see that, when Ag and 1¢
changes constantly, MAE and RMSE change accordingly.
When Ag is set to 0.2, and A is set to 0.1, MAE and RMSE
reach to the lowest values, which indicate the performance
is the best at these points.

The learning rate o of gradient descent also has a signif-
icant impact on the performance (MAE and RMSE). From
Fig. 14 we can see that, when « is 0.01, MAE and RMSE
reach to the smallest values. This is because, if « is too small,
there need more iterations to make the objective function
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pu=0.3
n=0.4
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Fig.9 RMSE of SQPMF with different  and u
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converge. If « is too large, the objective function will fluctu-
ate greatly during the training process, which may miss the
minimum value or is unable to converge.

5 Conclusion

In this paper, we propose a new method, called SQPMF,
that fuses the users’ personal preferences, the users’ social
relationships and the transition relationships between suc-
cessive POIs in POI recommendation. By considering these
contextual information, SQPMF significantly improves the
accuracy of recommendation results. Specifically, we decon-
struct the users’ social relationships into several important
factors and build a social relationship matrix that integrates
trust relationships, user habits, and user sequence similar-
ity. We also deconstruct the transition relationships between
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successive POIs into factors such as transition frequency,
the geographic distance, and the popularity of destination,
and build a POI transition matrix that reflects the transition
relationships of successive POI sequences. By embedding
the social relationship matrix and the POI transition matrix
into the solution, SQPMF can effectively predict and recom-
mend the user’s next POI based on three real datasets. Our
experimental results show that SQPMF achieves the high-
est recommendation accuracy for sparse datasets among the
state-of-the-art methods.

SQPMEF relies on accurate information about users’ trust
relationships and POI transition relationships. In the field
of successive POI recommendation, there is still a lot of
implicit information that we could further exploit to improve
the prediction accuracy of SQPMEF. In future, we expect to
be able to mine more effective implicit information, such as
spatio-temporal information, user dynamic preferences, etc.,
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to further improve the accuracy of recommendations. In addi-
tion, the issue of cold start is also a highly concerned issue in
the field of successive POl recommendation. SQPMF has not
yet showed good performance in solving cold start problems,
which will be one of our future efforts. Also we will focus
on the privacy protection problem in the POI recommenda-
tion system and hope to better trade off between privacy and
recommendation.
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