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Point-of-Interest Recommendation Algorithm Based on User  
Similarity in Location-Based Social Networks 

Ning Tang1, Xi'an Jiaotong University,  Xiamen City University, China, tangning@stu.xjtu.edu.cn 
Jiangyi Lin 2, Xiamen University of Technology, China, 2011110704@xmut.edu.cn 

 Wei Weng2, Xiamen University of Technology, China,wwweng@xmut.edu.cn 
Shunzhi Zhu2, Xiamen University of Technology, China, zhusz66@163.com 

 
ABSTRACT 

Location-based social network is rising recent years with the development of mobile internet, and point-of-interest (POI) 
recommendation is a hot topic of this field. Because the factors that affect the behavior of users are very complex, most of the 
research focuses on the context of the recommendation. But overall context data acquisition in practice is often difficult to obtain. 
In this paper, we have considered the most common collaborative recommendation algorithm based on user similarity, and 
discussed several methods of user similarity definition. Comparing the effect of different methods in the actual dataset, 
experimental results show among the factors including that social relation, check-in and geographical location the check-in is 
extremely important, so this work is of certain guiding significance to the actual applications.  
 
Keywords: Collaborative Recommendation, Location-Based Social Networks, Geographical Point-of-Interest. 
 

PREFACE 
The rapid development of internet and e-commerce makes information and knowledge unprecedented spread, causes profound 
The location-based services and the mobile networks are two kinds of technologies that supplement each other. And with the 
development of mobile networks, the content of location-based services has been enriched. In recent years, location-aware 
technology has become more and more closely related to the traditional social networks, which has formed the concept of 
Location-Based Social Networks, putting forward a new task for scientific research. Personalized location recommendation is a 
key component of location based services (LBS) [1], which is commonly found in the footprint-sharing of such social networks. 
When users log into footprint-sharing websites through the mobile devices, GPS and other location technologies (one piece of 
check-in data typically includes user ID, location ID, time of arrival and the latitude and longitude of the location) make it 
possible for users to do check-in at the current position, make comments and even share experiences, leaving their own 
"footprints" on the map [2]. These data enable us to understand users’ daily behaviors and hobbies. For example, those who often 
go to the same type of restaurants may be fond of delicious food and share similar tastes; those who regularly go to the gym 
probably often do physical exercise and like sports. The check-ins on the same system done by a host of users can form a lot of  
“points of interest”. The location recommendation based on these historical data is commonly used in commercial location 
recommendation of some scenic spots, shops and even the commodities, which is of extensive commercial value. Location 
recommendation is also known as the "point of interest"(POI) recommendation. The dataset of this kind of algorithm includes 
the check-in data, content sharing, users’ characteristics, social relations and location features, among which check-in data are 
essential. 
 
According to Max Schmachtenberg et al. [5], in term of "point of interest" recommendation, the "POI information itself and its 
nearby geographical information" should be fully made use of to launch a location recommendation system based on map 
information and weather information. Literature [6] points out that the locate function of mobile devices is used to determine the 
users' location, combined with users' preferences, to recommend points of interest for users by using hybrid recommendation 
strategy. Literature [7] proposes a method that the location recommendation can be achieved when the topics of mobile networks 
have been modeled at a semantic level so as to establish the interaction of three major entities: user, post and location. Jie Bao et 
al. [8] propose that the data of venues should be divided into longitude and latitude values and category description, and the latter 
one is category hierarchy (for example, "food" category includes Chinese restaurant and Italian restaurant and etc). The check-in 
data are categorized by city as well as WCH (Weighted Category Hierarchy) sub-tree is established to calculate a user’s personal 
preferences for different layer of a WCH. During the process of recommendation, it provides a user with a list of venues after the 
calculation based on user similarity, considering the user’s preferences, current location, and social opinions from the selected 
local experts who are nearby.  
 
The literature above has one thing in common that the environmental data are made fully use of. However, it's not an easy job to 
obtain comprehensive environmental data, considering some users will not share all the information due to the factor of their 
own privacy. Our work focuses on the data containing some simple user information (records of the friendships between users or 
not) and check-in data (including user, time and venue such basic information), to do the point of interest recommendation based 
on these data. There are two factors that have explained why the relationship between friends has been taken into consideration 
in this paper. Firstly, this kind of data is essential in social networks and easy to get as well. Secondly, as friends in real life or 
networks tend to share common hobbies, such as drinking coffee, shopping and so on in pairs and groups, this related 
information can improve the recommendation effect [9]. The check-in data implies users’ preferences on location. And moreover, 
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users usually do check-in at nearby points of interest, which will also help us to study users’ location preferences. Nevertheless, 
we note that the venues a single user visits are limited and the user - location matrix is often sparse [10], so the collaborative 
filtering technology is often applied in such kind of studies [11]. This paper is no exception. 
 
The existing collaborative filtering technology has made an effective use of user preference information [12], social networks 
information [13] and the influence of geographical location between points of interest [14]. These methods have been inherited 
in this paper, where we discuss several calculation methods of user similarity in accordance with the features of data and analyze 
the recommended effects of these different methods, combined with the impact of geographical location. The specific 
contributions of this paper can be found from the following aspects. 
 
(1)As far as we know, most POI recommendation algorithms and their application make full use of contextual information but 
it is hard to obtain, which limits the practical application of these algorithms. On the basis of the limited basic data, we fully 
mine the data that imply user relationship, and analyze the effect of recommendation.  
 
(2) We have summed up six methods of user similarity in this paper after conducting a linear fusion combined with social 
networks analysis and algorithms of user similarity in the field of information recommendation. To our knowledge, this is the 
first study on such problems in similar literature. 
 
(3)Particular literature has attached great importance to the positive effect of geographical location factors on the 
recommendation but it has not taken into account the geographical location between the users. Therefore, we have put forward 
a method to speculate a user’s address and found that most addresses of a user’s friends’ are close to the user’s address in terms 
of the relationship between friends. But does this mean that the use of some friends’ information is more effective to 
recommendation? The correlative analysis is also carried out in this paper. 
 

 BASIC DEFINITIONS 

The user set is represented with  muu ,,,uU 21   while POI set is represented with
 nlllL ,,, 21 

. The social 

relationship matrix is denoted as S , where 
1ijS

 represents the friendship between users iu
 and ju

. Otherwise, 
0ijS

. 

The check-in frequency matrix is denoted as C , where 
0Cij   represents the check-ins that a user does at the point of interest. 

Then check-in matrix is notated as 
'C , if and only if 

0ijC
, then 

1' ijC
; otherwise 

0' ijC
. 

 
The collaborative filtering technology can be categorized into the methods respectively based on users and projects. The feature 
of the former method lies in the recommendation based on user similarity while the latter one lies in the project similarity. In the 
light of the features of data studied in this paper, we have adopted the technology based on users.  
The key of collaborative filtering technology based on users is to calculate the similarity of users. If we want to do the calculation, 
we have to describe the characteristics of the users at first as different description methods may lead to different results of user 

similarity. To calculate the similarity of users iu
 and ku

, we make use of the data from social relationship matrix S  and 

check-in frequency matrix C  as well as the following six elementary technical methods, respectively denoted as 
1
ikw

[15]、
2
ikw
、

3
ikw

[14]、
4
ikw
、

5
ikw
和

6
ikw

[15]。 
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（6） 

We use kF
and kL

 to represent user ku
’s set of friends and set of check-in POIs. The neighbor of iu

 is denoted as 
 iuN

, 

namely 
   0S| ij  ji uuN

. 
     iii uNuuSt 

, and 

  



n

j
iji SuK

1 is used to represent the number of user iu
’s 

friends. Equation 1-2 are used to calculate the cosine of vector to show the similarity between two users by using the vector of 
users’ check-in venues as the data describing users’ features. Literature [14] makes a propose that Equation（3）is a good method 
to measure user similarity that can be used for finding social community, only taking the advantage of a user’s social relations to 
describe its features and work out the user similarity; Two factors of user’s social networks and check-ins are combined to do the 
calculation in Equation 4-6. 

Moreover, we can predict the check-in times of user iu
 at the POI jl

 by calculating the check-in times of the user who is 

similar to user iu
 at the place jp

, which is shown in Equation（7）. 
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The ikw
 in Equation（7）is used to represent the similarity between users iu

 and ku
, and the algorithms are shown in 

Equation(1)~(6). 
 

EXPERIMENT ANALYSIS 
Data Collection 
The higher vocational course e-commerce is still in the primary stage, just stays in the mechanical network and digital level, not 
We collected the data from the frequently-used dataset of Gowalla which contains check-in data from September 2009 to October 
2010, including 196591 users, 1279228 POIs, 950327 friendships and 6442890 check-ins. After taking the maximum inscribed 
rectangle among Paris、Chicago and San Francisco, we can obtain the center coordinate of venues on the basis of the coordinates 
of venues each user has visited. Then according to the distance, we choose 80% of the venues that are closest to the center 
coordinate, and then work out the new center coordinate on the basis of these venues. Finally, we set this coordinate as user's 
location by which we make a judgment whether the user is located in city's largest inscribed rectangle. The data of the three cities 
obtained in this way is shown in Table1. 

Table 1  Test Data 
City Total number of  users Total number of friends Total number of check-ins 
Paris 313 1384 1409 

Chicago 1116 7902 6147 
San Francisco 3007 48822 7970 

 
Evaluation Metrics 
Students are in a passive position under the traditional higher vocational education, there is no chance for them to choose teacher. 

We use three metrics: precision P , recall R  and F-score( F ) to make evaluation, which are also commonly used as metrics in 

the relevant literature. For certain user, we define its standard check-in list as TureL
 and its experiment check-in list as testL

, so  

ture

testture

L

LL
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The precision ( P ) reflects the proportion of the number of the correct node pairs in the partition results while the recall ( R ) 

reflects the proportion of the node pairs that are correctly classified in the real community. The precision ( P ) and recall ( R ) 
both reflect one aspect of the algorithms but there is no proportional relationship between the two. In other words, a high 

precision ( P ) does not necessarily indicate a high recall ( R ). F-score ( F ) is more reasonable in comparison. The metric of 

F-score ( F ) will be high only if the precision ( P ) and recall ( R ) are both high. Obviously, the three metrics are the bigger, the 
better. The results are counted on the basis of city, each user of the same city. According to the Equation（7）, we make the 
recommendation and calculate these three metrics, taking the average value of the whole city users. 

As our algorithms predict the number of check-ins, the POIs in testL
 are ranged from large to small according to the predicted 

number of check-ins. Similarly, we can arrange the POIs in TureL
 in descending order according to the check-in frequency so 

that we can explore the problems of the venues recommended by N in terms of the precision NP _ , the recall NR _ and the 

comprehensive evaluation
NF _ . In the experiment, we take the values of 2, 4, 6. In order to investigate the effect of different 

factors on the recommendation, the values in the Equation (4) ~ (6) are from 0 to 1, and the step length is 0.1. Because there are 

six algorithms of ikw
 in Equation (7), we denote them respectively as 1A

、 2A
、 3A

、 4A
、 5A

 and 6A
 in order to make it 

easy to expound the upcoming content. The summary is as shown in Table 2. 
Table 2  Six Specific Recommendations 

Algorithm A1 A2 A3 A4 A5 A6 

Description 

Calculate 
the user 

similarity 
according 

to Equation 
(1) 

Calculate 
the user 

similarity 
according 

to Equation 
(2) 

Calculate 
the user 

similarity 
according 

to 
Equation 

(3) 

Calculate the 
user similarity 
according to 

Equation (4)，
the values 

of are from 0 

to 1，the step 

length is 0.1； 

Calculate the 
user similarity 
according to 

Equation 
(5)，the values 
of are from 

0 to 1，the step 

length is 0.1； 

Calculate the 
user similarity 
according to 

Equation (6)，
the values 

of are from 0 

to 1，the step 

length is 0.1； 

 
Results Analysis 
First of all, we will compare these algorithms of user similarity. From Figure 1, we find A1 and A2 are better algorithms of user 

similarity for precision ( P ), recall ( R ) and F-score ( F ) no matter how the referrals have changed. Compared with other 
algorithms, the evaluation metrics derived from these two algorithms are better than others. The same conclusion also comes 
from Figure 3. Although the evaluation metrics derived from algorithm A1 in Figure 2 are relatively inferior, algorithm A2 is 
still a good method. Both algorithms A1 and A2 make the calculation of similarity on the basis of visited venues but algorithm 
A2 contains the data of check-in frequency while algorithm A1 not. From this point of view, algorithm A2 is more 
comprehensive. Different form algorithms A1 and A2, other algorithms all include social factors. The experiment shows that the 
calculation of user similarity which is applied in the POI recommendation based on user similarity generally does not have to 
take the social factors into consideration. Perhaps the reason is that people's interest in geographical location is more likely to be 
influenced by their own interests, habits, living conditions and other factors. The impact of social relations is not so important in 
comparison. For example, people who don't like to go to the gym may have a lot of friends who love sports, so their friends’ 
behavior of often going to the gym can’t change their habit of seldom going to the gym. If it’s applied in the field of geographical 
location recommendation, it will be influenced by a host of factors, such as relationship between friends, check-ins, distances 
and so on. 

 
 

 
Figure 1  Recommendation Effect of Paris 
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Figure 2  Recommendation Effect of Chicago 

 

 
Figure 3  Recommendation Effect of San Francisco 

Furthermore, the number of recommendations has an impact on the metrics. With regard to the precision ( P ), it is presented 

as
6_4_2_ PPP 

 in Figure 2~ Figure 4. From the data of Paris in Figure 1, we have found that the effect of 

recommendation for four venues is better than that of two or six. With regard to the recall ( R ), the effect of 
4_P

 is the best, 
taken together. As shown in Figure 2 and Figure 3, however, the more venues are recommended, the worse effect it has. There 
are a number of reasons why this may be the case. First, the problem becomes complex with the increase of users, friendships and 
check-in venues. Second, there is a limit to A1~A6, the six algorithms of user similarity. Finally, the data itself cannot contain 
the information on POIs effectively. 

 
Figure 4 Distance Distribution of Friend Relations in San Francisco Area 

 
According to the study of the large-scale datasets of LBSN (www.foursquare.com and  www.whrrl.com ), Ye Me et al  [15] have 
observed that users tend to visit POIs that are close to each other and the geographical similarity (geographical  proximities) has 
significant influence on a user's check-in activities, which leads to the conclusion that the check-in probability of nearby POI 
pairs visited by the same person follows the power-law distribution. Literature [16] also has made the conclusion that taking the 
geographical similarity in to comprehensive consideration will improve the effect of recommendation when comparing the 
influence of collaborative recommendations based on check-in frequency, social relationship, location similarity and the fusion 
of the three above. In view of the phenomenon analyzed by relevant literature that users often visit nearby POIS, we have made 
a further analysis of the interaction between user-user distance and check-in activity. In real life, friends influence each other by 
behaviors which will be strengthened then. Many documents have also confirmed that the friendship has a positive impact on 
check-in activity. Therefore, the social relationship should not be ignored in the check-in recommendations. From Equation 
(6-8), we have observed that the distance between users is ignored when considering the measure of user similarity. Since a user 

Friend Relations  

Distance Intervals (KM) 
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often visits the POIs which are close to each other, we can assume that the user’s address is in the middle of these POIs as well. 
We have made an analysis on the check-in data of San Francisco from the datasets of Gowalla and chosen some relevant users. 
Then we work out the arithmetic means of the latitudes and longitudes of the 80% of the check-in venues in short distance and 
take the mean values as the users’ addresses. Afterwards, we find out the distances between friends’ addresses in this area which 
are divided into 0-1,1-2,2-3…, 8-9km of the 9 intervals denoted as the horizontal coordinate while the corresponding number of 
user relations as a vertical coordinate. The results are as shown in Figure 4 below. It is worth noting that the friend relations 
within 9km account for 99.68% of all in this area. 
 
From Figure 4, we can see that the distance distribution of friend relations accords with the typical power-law distribution 
(long-tailed distributions). In other words, friends are geographically close to each other in the location-based social networks. 
In Figure 4, 71.66% of the distances between friends are limited to the range of 2kms. The same conclusion comes from our 
study of Paris and Chicago. Due to the relatively small data in these two areas, the results are not presented in Figure 4. However, 
there is still a problem for us to think about: the effect of friends’ recommendation according to the recommendation algorithm 
based on user similarity. Thus, we modify the Equation (7) as shown in the Equation (11). 













ik

k

partFu
ik

u
kjik

unew
ij

w

Cw

CheckIn ipartF

                          （11） 
 

As shown above, ii FpartF 
 represents some friends of the user iu

’s and the subsets of iF
 are taken randomly to form 

ipartF
. If ii FpartF 

, the Equation (7) is in agreement with the Equation (11), which is considered that the Equation (7) 

is a special case of the Equation (11). During the calculation process of the Equation (11), the value of i

i

F

partF

 is respectively 
taken as 1/3，2/3和1. The experiment results are as shown in Figure 5~Figure7. 

 

Figure 5 The corresponding metric changes with the different values of 
i

i

F

partF
 in the dataset of Paris 

 

 

Figure 6 The corresponding metric changes with the different values of 
i

i

F

partF
 in the dataset of Chicago 
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Figure 7 The corresponding metric changes with the different values of 
i

i

F

partF
 in the dataset of San Francisco 

 
As shown in Figure 5~Figure 7, the three datasets are not in strict ascending order but generally speaking, the larger the number 
of friends is, the better the three metrics become. It reflects from the side that the nearby friends cannot guarantee a better 
recommendation effect although the user often visits nearby places. In social networks, we are often able to detect the community 
structure, such as so-called “A good neighbor is better than a brother far off”. The people who are geographically close to each 
other tend to form a community. However, this social relationship has limited effect on venue recommendation, which also 
explains why the Equation (3) as the algorithm based on community searching is very effective while it becomes less effective 
when being used for venue recommendation in Figure 1~ Figure 3. 
 

CONCLUSION 
It is a key step to define the similarity between users for collaborative recommendation technology. The experimental results of 
this paper has proved that the act of mining the information contained in the check-in data is essential to the effect of 
recommendation in the location-based social networks. However, the effect of recommendation is related to the quantity and 
quality of the specific data. Therefore, the direction for future study is to do the work of data statistic and analysis and then study 
its influence on the commonly used algorithms of user similarity to deduce a theory law that has certain guiding function to the 
practical application. This paper is focusing on the algorithms of user similarity from different perspectives in location-based 
networks and the application of venue recommendation based on user similarity. Thus, we can study the problems of 
recommendation based on user similarity from other perspectives of application, such as the commodity recommendation of 
e-commerce, the course recommendation of online education and so on. 
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