KSII TRANSACTIONS ON INTERNET AND INFORMATION SYSTEMS VOL. 12, NO. 11, Nov. 2018 5344
Copyright (© 2018 KSII

PCRM: Increasing POl Recommendation
Accuracy in Location-Based Social
Networks

Lianggui Liu', Wei Li*, Lingmin Wang", Huiling Jia*
!School of Information Science and Technology, Zhejiang Sci-Tech University
Hangzhou, 310018, China.
[e-mail: weil0812@126.com]
*Corresponding author:Lianggui Liu

Received November 22, 2017; revised March 21, 2018; accepted June 5, 2018;
published November 30, 2018

Abstract

Nowadays with the help of Location-Based Social Networks (LBSNSs), users of
Point-of-Interest (POI) recommendation service in LBSNs are able to publish their
geo-tagged information and physical locations in the form of sign-ups and share their
experiences with friends on POI, which can help users to explore new areas and discover
new points-of-interest, and promote advertisers to push mobile ads to target users. POI
recommendation service in LBSNSs is attracting more and more attention from all over the
world. Due to the sparsity of users’ activity history data set and the aggregation
characteristics of sign-in area, conventional recommendation algorithms usually suffer from
low accuracy. To address this problem, this paper proposes a new recommendation
algorithm based on a novel Preference-Content-Region Model (PCRM). In this new
algorithm, three kinds of information, that is, user's preferences, content of the
Point-of-Interest and region of the user’s activity are considered, helping users obtain ideal
recommendation service everywhere. We demonstrate that our algorithm is more effective
than existing algorithms through extensive experiments based on an open Eventbrite data set.
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1. Introduction

|n recent years, with the constant development of maobile Internet technology, such as

satellite communications, GPS devices, wireless sensor networks and Internet
communications, the positioning function of smart terminals provided by people is
increasingly accurate and convenient. In this context, Location-Based Social Networks
(LBSNs) are rapidly growing and related location-based service are being loved by the
majority of users [1, 2]. In LBSNs, users are able to publish their geo-tagged information and
physical locations in the form of sign-ups and share their experiences with friends on
points-of-interest (e.g., shopping malls, restaurants, museums, entertainment venues, hotels,
etc.) , which can help users to explore new areas and discover new points-of-interest, and
promote advertisers to push mobile ads to target users, making location-based social
networks more attractive. User’s sign-in data is critical to personalized recommendations for
location-based social networks. Recent success stories include Meetup [3], Plancast [4], and
Eventbrite [5]. For example, Eventbrite can help users access to the geographical location in
the real life, and to publish information about the location (such as comments, photos and
video) through the sign-in function, share and connect with other users. With the help of
LBSNs, we can collect a spatiotemporal database containing hundreds of millions of users’
sign-in records. From this database, we are able to obtain a lot of useful information, such as
which activity the user is interested in, where the user likes to go, and so on. Thus, a variety
of recommendation services can be deployed based on the location information obtained in
LBSNs, which include friends recommendation [6-8], POl recommendation [9-13] and so on.
Among them, research on POl recommendation is more extensive, and it is responsible for
recommending a series of unknown points of interest to the target users to enhance the user’s
experience. In general, POl recommendation includes both places (such as restaurants,
convention centers, shops, parks and cinemas, etc.) and activities (such as concerts, public
welfare activities, etc.). With the difference between the conventional e-commerce site
commodity recommendation systems, POl recommendation in LBSNs has three
characteristics: weak semantic and sparsity of data [14], affection of geographical location
on POI recommendation [15] and less social impact [16], which brought much challenge into
the POI recommendation approach design. Existing POl recommendation algorithms based
on the location of social network mainly utilize user's personal information data, location
metadata and the user's historical location data to recommend. According to the type of data
used for POI recommendation, they can be summarized into three categories: user’s sign-in
data based [17], geographical factor based [18] and social impact based [19]
recommendation algorithms. However, due to the sparsity of users’ activity history data set
and the aggregation characteristics of sign-in area, most of the existing recommendation
algorithms usually suffer from low efficiency.

To address these challenges, this paper presents a new model named
Preference-Content-Region Model, hereinafter referred to as PCRM. The main contributions
of our work are summarized below:

(1). It shows that three aspects, that is, user’s preferences, the content of POI and the
region of the user’s activity, which are complement each other, can overcome the
dependence on the user’s sign-in data simply caused by the sparsity of data to a certain
degree.
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(2). Based on the implicit content and observation mentioned above, we propose a novel
model which considers not only the user’s preferences and the content of POI, but also the
region of the user’s activity. The model combines the various factors with a unified
framework.

(3). We evaluate the recommendation accuracy of the proposed method through extensive
experiments and results show that it performs better than other methods.

The remainder of this paper is organized as follows. We first give a brief introduction to
representative relevant work in Section 2. Then in Section 3 we give the description of
Preference-Content-Region Model consisting of model introduction, formal definition of the
model, parameter estimation of the model and model recommendation. In Section 4, we
present our experiment settings and analyze the performance of different methods based on
the obtained results of extensive experiment. We conclude this paper and derive future
research direction in Section 5.

2. Related Work

Recently with the rapid growth of LBSNSs, like Meetup, Plancast, and Eventbrite, etc.,
recommending locations (i.e., POIs) for users becomes prevalent. In general, there are three
main categories for existing POl recommendation approaches:

(1). Social impact based recommendation algorithms. For this kind of methods, the social
network of “friends” have the same hobbies and were combined with access history which
friends sign-in to recommend In [14], similar users were used to recommend and ignore other
users in LBSNs, which greatly improves the efficiency of the algorithm. In [20], social
relations were directly integrated into the Probabilistic Matrix Factorization (PMF) Algorithm,
but experiments show that social relations have little effect on recommendation accuracy.

(2). User’s sign-in data based recommendation algorithms. This kind of methods consider
that the number of times that a user signed-in for a POI can represent his or her preference,
construct the user-interest point sign matrix and use the conventional recommendation
algorithm to recommend. Representative algorithms include user and POIl based Hybrid
Collaborative Filtering Algorithm [14] and Probabilistic Matrix Factorization (PMF)
Algorithm [16] . The essence of these methods is to try to improve the recommendation
model, to overcome the challenge brought by the sparsity of data. However, because the data
itself are very sparse, the recommendation quality is not high.

(3). Geographical factor based recommendation algorithms. In LBSNs, geographical
distance between user and POI is an important factor in recommendation, which is the
important feature different from commodity recommendation. This kind of algorithms
integrate geographic information into the model. In [21], the POI which the user signed in the
geographical position is consistent with power-law distribution. It is proven true that
modeling of geographic information can help to improve the effectiveness of
recommendation.

There are also methods which consider geographical locations, user preferences, and social
relationships. In [22] an user-based collaborative filtering UPS (User, Proximity and
Social-Based CF) algorithm was proposed, taking into account the social impact and user’s
preference. After calculating users’ similarity, the social impact-based collaborative filtering
algorithm is combined with the user-based collaborative filtering algorithm. Experiments
show that the recommendation effect of the algorithm is not very good when the data set is
sparse, and the algorithm does not consider the influence of the user on the final
recommendation in different geographical locations. Algorithm in literature [23] takes into
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account user’s preference, social influence and impact of geography, and presents a USG
(User, Social and Geographical influence) recommendation algorithm using a linear
integration frame work to integrate these three factors. Each factor was used to generate the
location of the recommendation list of fusion to improve the accuracy of the recommendation
algorithm. The algorithm considers the geographical factors. However, it only considers the
characteristics of the users’ residence area, the recommendation location is the area near
residence, and the algorithm parameters cannot be adjusted adaptively. Thus, the method can
overcome the sparse data and cold start problem, but since it completely ignored the user’s
preferences, its recommendation accuracy is typically low.

Table 1. Symbolic Description of Model Parameters
parameter definition
d,u,w,l,x, &,r | dfor the document, u for the user’s preference preference, w for the word,
| for the POI, x for the control switch, & for the content, r for the region

K,U,D,W,R,L number of topics, number of user’s preference preference, number of
documents, number of words, number of regions, number of POI
N, number of words in document d
Cel regardless of the current instance, the number of times the subject k
appears in document d
CcWK regardless of the current instance, the number of times the word v is

wk,—i

assigned to the subject k
C.th,- regardless of the current instance, the times of POI | is assigned to topic k

cr, regardless of the current instance, the times of the user u assigns the POI

' as k

regardless of the current instance, the number of occurrences of POI I,
that the user is interested in.

MY, document, j regardless of the current instance, the number of occurrences of POI |

J
from the document

nlj , preference,— j

- regardless of the current instance, the number of occurrences of POI |,
from the region content
A multinomial probability distribution based on the POI's content selection
ot normalizing parameters
Qg Ay hyper-parameters of Dirichlet Distribution.
a., By Biin

3. Preference-Content-Region Model

3.1 Model introduction

Preference-Content-Region Model is a probability generation model that can truly reflect the
user's sign-in process in LBSNs. The model considers that there are three factors that play a
decisive role in the decision-making process of a POI:
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Fig. 1. An example of introduction to the content of POI

(1). User’s preference: Only when the user is interested in an activity, he will be willing to
go there and produce a sign-in behavior. For example, football fans may see the CBA league,
and music lovers may go to the concert. In collaborative filtering recommendation algorithm,
interest of users is regarded as same as other similar users, and then similar activities will be
recommended to the users who may be interested.

(2). Content of POI: There are many introductory documents about POl in the current
LBSNs. As shown in Fig. 1, introduction to the activity of Eventbrite, in addition to giving
the specific time and place of the event, the page also details the subject of the event. When a
user browses to the introductory document about the POI, he may be attracted by a feature (or
subject) of the activity, resulting in a final sign-in behavior. At present, plenty of commodity
recommendation systems are combined with collaborative filtering and mixed content
recommendation technology to improve accuracy rate, and overcome the challenge brought
by the sparsity of data to a certain extent. The introduction to the content of POI here is also
the case.

(3). Region of the user’s activity: In general, firstly, user tends to be active in the area
around his resident area, and less participates in activities away from the resident area. So the
distance between POI and the user is an important determinant. Secondly, when the user goes
out to a new location, he knows nothing about the region, and cannot get information from his
“similar users”. He should consider more customs and habits of the region when making
decisions, such as local’s interest preferences, or the local famous cultural attractions and so
on.

Preference-Content-Region Model presented in this paper considers the three factors
described above.

3.2 Formal definition of the model

In the proposed PCRM, a user’s sign-in action at a POl can be described as follows.
Before the user signs at the POI 1,, |, ’s description of the document d already exists. Thus,
a word generating process in the document has nothing to do with the POI, which is the
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content distribution of the document and the content distribution of the word can be calculated
independently. When the user signs in the POI, he should determine the 1, ’s content z at first.
There are three choices for z, which include the appeared content in the introductory
document d, the user's interest content, and the content of the area to which the POI belongs.
We use a selection variable X to control the source of the POI z, and X satisfies polynomial
distribution, and its values include user’s preferences, content of POI, and place of user’s
activity.

In PCRM, several sets should be introduced, which include the user’s preference set U, the
POI set L, the POI corresponding to the introduction of the document set D, the vocabulary
set W, the area set R, and the implied content set K. The user's sign-in process of POI can be
regarded as a probabilistic process [24], which is detailed as follows:

1) For each document d in the document set D, we get the document d’s subject
distribution ¢, based on the DIR(«,) distribution.

2) For each content k in the content set K, we get the probability distribution ™, of the
word w on the subject k, according to DIR(,) distribution; then we derive the probability
distribution ¢", of the POI I on the subject k according to DIR(,) distribution.

3) For each user u in the preference set U, the user u’s subject distribution ¢, can be
obtained according to DIR(«,) distribution; then we derive the region r’s subject
distribution ", based on DIR(«,) distribution; finally we obtain the distribution &),
of the user u on the region R based on DIR(«,, ) distribution.

4) The generation process of each word w; in document d is as follows: (Note that the
length of document is N, .)(a). First, we derive the content Z, according to the polynomial
distribution ¥, of the document based on the content sampling.(b).Then, we derive the
word W, according to the polynomial distribution ¢(W)zi of the word based on the content
Z, sampling.

5) The user u’s process of signing the POI is as follows:

(a) we derive 4 according to the DIR(77) sampling, then the control value x can be
obtained according to the Multinomial (4, ) distribution;
(b) If x = document, the content of the POI is generated by the topic of the introductory

document: find the content set {Zwl,ZWZ,...,ZWNd} for all words in the document. These

contents are subject to uniform distribution Uniform(Zwl,ZWZ v Loy, ) based on which

we get the content Z, of the POI,
(c) If x = preference, then the content of interest points generated based on the user’s
interest. Then we get the content Z, of POI according to the content distribution

o, that the user is interested in;

(d) If x = region, at this time the content of the POI is generated by the region’s own
content. We can get region r according to the user u’s distribution ¢“”_ in the region

R, and get content z, according to region r’s distribution ¢ in the content K;
() Get the POI | according to POI’s distribution 4", in the content Z,.
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3.3 Parameter Estimation of the Model
The joint probability distribution of all known and potential variables of the model is:
pu,r.l,z,x,W)=pW)p(l|zxr,u)p(zr.u|x)p(x)
=pW)(p(I z,x)(p(z | x,6") p(x = preference)
+p(l]z,x)p(z] x,0") p(x = document)
+p(Hz,x)p(r [u) p(z | x,6") p(x = region))
In the parameter estimation of the LDA model, the Gibbs algorithm does not directly
calculate ¢ and 4" as parameters, but iteratively compute the posterior probability

(1)

p(z|w) of the word on the content, and then perform sampling to obtain the value of oY
and ¢™. It can be regarded as a state changing process of the Markov chain. Till the

posterior probability of the word on the content is convergent, the state will be stable. This
model can be regarded as a concurrent execution of two LDA models [25]. It simulates the
generation of POI while simulating the generation of words. The related sampling equations
are listed as follows (Corresponding specific parameters are described in Table 1):

1) Firstly, we calculate the posterior probability of the word on the content, as known in

Formula (2), and then, sample the content of the word according to the posterior probability,
C +a CM . +B,
kd, d (2)

wk,—i

% f) S CP +Ka, > cC +V 4,

p(Zi =k|w,z W,

2) Secondly, we calculate the posterior probability of the POI. The process includes three
cases,
a. When variable x = preference is selected, the sampling equation is:

p(z, =k,x= preference|l;,z_;,a,,B,.17) =
KU LK
Cku,—j + au C|ky,j + ﬂ| N npreference + nli , preference,— j (3)

[ )
Zk.é'CkK;ij+Kau ZrCC.‘LkK,,ﬁLﬂu L+ > 7,

xe{ preference, region, document }

b. When variable x = document is selected, the sampling equation is:
P(z; =k,x=document|1;,z_;, 3,n) <
Ck’zD . CltK +ﬂ| o Ndocument T nlj,document,—j (4)
Ny D, 0Cl+LB L+ > ,

xe{ preference, region, document

c. When variable x = region is selected, the sampling equation is:

P(z; =k,r;=r,x=region|l,,z ,,a,.,..7n) =

RU KR LK
C...+o Co ;i ta, Clk,—j + ﬂ| Myser T nIj,region,—j

ru,—j ur kr,—j

> ¢CY +Ra, ) 2. Cir +Ka, ) 2. i+ LA, "Ly > 7,

ru,—j
xe{ preference, region, document

()

The state is stable when Formula (2)(3)(4)(5) are iterated for a certain number of times,

and related parameters of the model can be approximately calculated by:
C.’ +a,

o\ =
D 7C¥ +Kay

(6)
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g Cw By @)
Z GCUC W B,
g - ot ®)
- Z CKU K
K O tRa,
¢(I) _ C|tK +:BI (9)
Z {CH+Lp
; Cl+
H(U ) _ ru — Ay (]_O)
> ¢C +Ra,
r ru
KR
(N _ Ckr +a, 11
/ Y 0CT +Ka, -
77 reference + nl, reference
j'I,preference = L+ ° Z ° o (12)
XE{ preference, region ,documem}
ﬂdocument + nI document
_ , 13
j'I,document L+ Z 0'77x ( )
xe{ preference, region,document }
nre ion + nI,re ion
ﬂ'l,region = L : . (14)

+ > s,

xe{ preference, region, document }

3.4 Model recommendation

The parameter estimation process of the above model is completed in the offline phase. In the
online recommendation phase, for a given user u, the POI | and its corresponding introductory
document d, use Formula (15) to calculate the probability that the user sign in the POI I:

p(1d,u)=p(x=d)D>.> P(1Z) Pes (z 1d) +

Kf:t(kzl R K (15)
p(X=U)Z >, P11 2)p(z, [U) + p(X=r)ZZ p(rlu)p(z, |r)

where p(l|z,), p(x), p(z, |u), p(r|u), p(z, | 1), P (z.1d) can be obtained through model
training. If it is a new POI I, we can calculate the content distribution p,,(z |d) of its

corresponding document d online, that is, document d will be added to the test set D, and it
can be obtained by reusing Gibbs sampling method. If it is a new user, p can directly be
calculated according to Formula (16). Thus, the problem of cold start of users or resources
can be solved.

pl1d,u)=2"> p(12)Puc (1) (16)

r=1 k=1

4. Experimental Results and Analysis

4.1 Data Set

Eventbrite provides an online platform for release of the event and participation for city
organizers and personal user. Users can use the mobile client to search for various activities,
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and express the willingness to participate and sign-in. The data set includes 100,000 users,
300,000 events and 3500,000 sign-in records. Specifically, the data set users include the
user’s number, user’s name and user’s city. Activity information includes activity number,
activity name, activity location, the introduction of the activity, and the type of activities.
Sign-in record includes user number and activity number. In this paper, we select the 15000
users, 150000 sign-in records of 14500 activities as the experimental data set after processing.

4.2 Experimental Evaluative Methods and Comparative Methods

In order to measure the accuracy of the algorithm, we choose the evaluation method proposed
in [26]. This method is based on the recall rate commonly used in the field of information
retrieval. Based on this evaluation method, the corresponding changes are as follows:

(1) 90% of the data set randomly was selected as the training set S to build the

recommendation model, the remaining 10% was used as the test data set T.

(2) For any user u, the test randomly selects 200 activities which the user has not signed

in yet to constitute a set of E. (note that we assume that the users are not interested in

these activities).

(3) Add any activity e in the user’s test set to E to form 201 sets of activities, and use the

designed recommendation algorithm to select the highest score from the top 200 activities

as top-200 recommendation list. If the activity e is in the recommendation list, the
increment of constant hits will be 1, otherwise the value of hits will be unchanged.

We chose six algorithms for comparison:

(1) IKNN [27] uses the historical activity sign-in matrix to calculate the user’s similarity,
and then recommends the activities in which the neighboring users is interested, then filter the
activities according to the distance between the location of the activity and the user, and
prefer the activity that is closer to the user.

(2) CIKNN [28] maps the user’s hobbies to different specific categories and then calculate
the user’s similarity according to the weight of each category and the user’s sign-in record.
The essence of the algorithm is collaborative filtering.

(3) In [23], user interest, social and geographical influence are taken into consideration,
and a USG (User interest, Social and Geographical influence based recommendation)
recommendation algorithm is proposed, using a linear fusion framework to integrate these
three factors, and combining the location recommendation list generated by each factor. The
core of the algorithm is collaborative filtering. In addition, two other factors are added to
reduce the impact brought by the sparsity of data.

(4) Preference-Content Model (PCM) and Preference-Region Model (PRM) can be
regarded as two sub-models of the PCRM, respectively. When 4 ... =0, the model

ignores the content information about the POI’s introductory document, and PCRM will
degrade into PRM. When 2, .. =0, the model ignores the content information of the area

where the POI is located, and PCRM will degrade into PCM.

4.3 Experimental Results

This model has nine hyper-parameters that need to be set in advance. For the recommendation
model, the value of the hyper-parameter has little effect on the final output, but it affects the
convergence rate of the model. Here we set each one of (¢,,¢,,,,2,) 0.1, each one of

(B,.5,) 0.05 and 70.01.

ur?



KSII TRANSACTIONS ON INTERNET AND INFORMATION SYSTEMS VOL. 12, NO. 11, November 2018 5353

(a. Nonelocal activities)
T T T T
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Fig. 2. Comparison of recommendation accuracy in nonlocal/local activities

We evaluated the recommendation accuracy of the six algorithms, considering that the
sign-in behavior of users with geographical clustering. Focused activities considered in the
test are divided into two categories: (a) the user’s local activities, (b) the user’s nonlocal
activities. Fig. 2 shows the top-N recommendation accuracy of the above six algorithms in
different cases. In the experiment, the length N of the recommendation list is changed from 2
to 20.

It can be observed from Fig. 2a, with the increasing of N, the accuracy of referenced
algorithms is constantly improving. For the nonlocal activity recommendation, the method
based on hidden subject model (including PCRM, PCM, PRM) is superior to the
memory-based method (USG algorithm, CKNN algorithm, IKNN algorithm) which are based
on cooperative filtering. Because the possibility of user’s sign-in in this region is little, the
sparse data make the user’s similarity or POI’s similarity is not accurate in these algorithms.
Because the USG algorithm also considers the influence of the user’s social network, the
recommendation accuracy is slightly higher in the CKNN algorithm and the IKNN algorithm.
The implicit subject model is less affected by the sparsity of the data. The implicit content of
the POI in the model is also affected by the distribution of the user’s interest, the distribution
of the content of POI and the distribution of the content of the area where the POI belongs.
This information is a useful supplement to the user’s sign-in data. Both PCM and PRM
consider only two of these effects, so the recommendation accuracy is not better than PCRM.

As can be observed from Fig. 2b, for the recommendation of the local activities, this
method is also superior to other methods in the paper. But the advantage is not obvious, even
the accuracy of the USG algorithm and CKNN algorithm is comparable to that of PCM and
PRM. Because users have more data on local sign-in activities, the use of collaborative
filtering algorithm can accurately calculate the users’ preferences. At the same time, it shows
that the USG algorithm has little difference with CKNN algorithm and IKNN algorithm,
indicating that the user’s social impact is not significant for local activities recommendation.

5. Conclusion and Future Directions

In this paper, a new POI recommendation model, Preference-Content-Regional Model is
proposed, taking user’s preference, content of POI and region of the user’s activity into
consideration. In PCRM sign-in behavior of the user is modeled using an integrated
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probability graph. Experiments results show that the model can overcome the influence of the
sparsity of data and improve the recommendation accuracy compared with other methods. In
the future work, we will integrate time, mood and other context factors into the model,
making the recommendation more accurate and efficient.
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