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a b s t r a c t 

Socially important locations are places that are frequently visited by social media users in their social 

media life. Discovering socially interesting, popular or important locations from a location based social 

network has recently become important for recommender systems, targeted advertisement applications, 

and urban planning, etc. However, discovering socially important locations from a social network is chal- 

lenging due to the data size and variety, spatial and temporal dimensions of the datasets, the need for 

developing computationally efficient approaches, and the difficulty of modeling human behavior. In the 

literature, several studies are conducted for discovering socially important locations. However, majority of 

these studies focused on discovering locations without considering historical data of social media users. 

They focused on analysis of data of social groups without considering each user’s preferences in these 

groups. In this study, we proposed a method and interest measures to discover socially important loca- 

tions that consider historical user data and each user’s (individual’s) preferences. The proposed algorithm 

was compared with a naïve alternati ve using real-life Twitter dataset. The results showed that the pro- 

posed algorithm outperforms the naïve alternative. 

© 2017 Elsevier Ltd. All rights reserved. 

1. Introduction 

With the development of location-aware mobile devices, social 

media networking sites started collecting location information of 

their users when they are online. By using location data and so- 

cial interactions (e.g., location-location interactions, user-location 

interactions, and user-user interactions), valuable information can 

be obtained, such as, which social friends are also real friends, 

which user likes what types of locations, which people spatially 

follow each other, which person’s recommendation about a lo- 

cation gets more responses, which locations are important for a 

group of people, and so on. The aim of this study is to discover 

socially important locations that can be defined as places that 

are frequently visited by social media users in their social media 

life. 

Discovering socially important locations is important for sev- 

eral application domains, including recommender systems, market- 

ing (e.g., targeted advertisement applications), and urban planning. 

By discovering socially important locations, spatial preferences of a 

social group could be revealed. 
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However, discovery of socially important locations is challeng- 

ing for several reasons. First, current interest measures are not suf- 

ficient to mine such locations. Second, the size and dimension of 

the data are growing over time. Third, human behaviors are unpre- 

dictable and can be affected by several factors. 

Important locations mining problem is studied by many re- 

searchers and several solutions are proposed. However, these stud- 

ies have several limitations. Some of these studies are based on 

GPS or Call Detail Record (CDR) data, thus proposed solutions 

are dependent to these factors. Another part of studies used so- 

cial media datasets. Although several algorithms and frameworks 

are present for user-level recommendation and discovery tasks 

( Kefalas, Symeonidis, & Manolopoulos, 2016; Zheng, 2015 ), rel- 

atively small number of studies are performed for discovering 

group-level important/interesting locations of a group of social me- 

dia users. 

Example socially important locations for a social media user 

(twitter user) and a social media user group (10 0 0 twitter users) 

can be seen in Fig. 1 (a) and (b), respectively, in Istanbul, Turkey. 

Fig. 1 (a) shows three socially important locations of the social me- 

dia user. The dataset used to discover the socially important loca- 

tions of the social media user includes 1765 social media activi- 

ties (i.e., location and time information of tweets) that belong to 

the period of December 2012 and December 2015. As can be seen 

in Fig. 1 (a), these locations are spatially unrelated locations and 
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Fig. 1. Socially important locations of (a) a selected user and (b) a social media user group. 

may have different meanings for the user. In location 1, there is 

a university campus, in location 2, there is a big shopping mall 

nearby, and in location 3, there is a big company’s head office. We 

can make several predictions about importance of these locations 

for the user. For example, location 1 might be the user’s univer- 

sity, location 2 might be a working place or shopping place of the 

user, and location 3 might be a working place. Fig. 1 (b) shows 

ten socially important locations of 10 0 0 social media users in Is- 

tanbul, Turkey. The details of social media user group is presented 

in Section 5.2.2 . Socially important locations of the group are clus- 

tered around the places where city social life is active. Comparison 

of the socially important locations of the social media user given 

in Fig. 1 (a) and that of social media user group given in Fig. 1 (b) 

shows that, the location 2, (i.e., the shopping mall) is a common 

socially important location for the social media user and the social 

media user group. In contrast, locations 1 and 3 are socially im- 

portant locations only for the social media user not for the social 

media user group. 

The three socially important locations of the user in Fig. 1 (a) 

are discovered based on his/her daily social media activity records. 

When social media users are brought together, the analysis of 

these users’ datasets will lead to the discovery of important lo- 

cation(s) of that user group. For instance, if social media data of 

music lovers are analyzed, live music cafes, concert areas, and mu- 

sic shops are more likely to appear as socially important locations. 

If social media data of football fans are analyzed, then stadiums 

and sports-related locations are more likely to appear as socially 

important locations. 

This paper deals with socially important locations mining prob- 

lem over social media datasets. In this paper, we formulized in- 

terest measures of location density, visit lifetime and user preva- 

lence to quantify socially important locations and proposed an al- 

gorithm, which is called SocioSpatially Important Locations Mining 

algorithm (SS-ILM), for discovering socially important locations ef- 

ficiently. The proposed approach has two stages. In the first stage, 

user-level socially important locations are discovered using loca- 

tion density and visit lifetime interest measures. In the second 

stage, socially important locations of a social user group are dis- 

covered using user prevalence interest measure. The proposed al- 

gorithm, SS-ILM, was compared with a naïve algorithm. Both algo- 

rithms are experimentally evaluated using real dataset of Istanbul, 

Turkey Twitter users. 

The rest of this paper is organized as follows. Section 2 dis- 

cusses related work. Section 3 presents formal model of socially 

important locations mining problem. Section 4 introduces socially 

important locations mining algorithms, a naïve algoritm and pro- 

posed SS-ILM algorithm. Section 5 presents the experimental eval- 

uation and Section 6 gives conclusions and future directions. 

2. Related work 

Spatial and spatio-temporal data mining have found a new re- 

search area after the introduction of Location Based Social Network 

(LBSN) datasets ( Kefalas et al., 2016 ). 

Spatial and spatio-temporal data mining is an important do- 

main of data mining which aims to handle spatial and tempo- 

ral data. Spatial co-location mining ( Celik, 2015; Celik, Shekhar, 

Rogers, & Shine, 2008; Dadaser-Celik, Celik, & Dokuz, 2012; Yu, 

2016 ) and spatial clustering ( Hu & Sung, 2005; Tung, Hou, & 

Han, 2001 ) are some of the main topics ( Shekhar, Lu, & Zhang, 

2001 ). A co-location in social media datasets can be defined as 

a group of users or locations that are located neighboring spatial 

areas ( Kefalas & Symeonidis, 2015; Vasuki, Natarajan, Lu, Savas, & 

Dhillon, 2011; Weiler, Schmid, Mamoulis, & Renz, 2015 ). The stud- 

ies on mining classical spatial co-location mining assume that ob- 

jects are boolean, that is, objects are present or not in a space 

or time. However, this assumption is not valid for social media 

datasets since a social media user may have more than one social 

media activity (e.g., sending tweets or posting messages on Face- 

book) at a location. Because of this reason, the algorithms and in- 

terest measures proposed in these studies may not be suitable to 

mine socially important locations out of social media datasets. 

The important locations mining studies can be classified into 

two categories: 1) mining user-level socially important locations 

and 2) mining group-level socially important locations. Table 1 

presents a summary of the literature related to this study. 

The studies on mining user-level socially important locations 

include location/route recommendation, friend recommendation, 

activity/tag recommendation, interesting/important locations dis- 

covery, route mining, and discovering urban and mobility patterns 

( Table 1 ). 

User-level location/route recommendation studies include the 

ones conducted by Bao, Zheng, and Mokbel (2012) , Doytsher, Ga- 

lon, and Kanza (2011) , Kefalas and Symeonidis (2015) , Levandoski, 

Sarwat, Eldawy, and Mokbel (2012) , Liu and Seah (2015) , Liu and 

Xiong (2013) and Ying, Lu, Kuo, and Tseng (2012) . Liu and Seah 

(2015) proposed a method for important location (i.e., Point of 

Interest - POI) recommendation based on GPS trajectory data of 

mobile users and proposed density-based clustering approach to 

discover important locations. To determine the recommendation 

score of an important location (i.e., POI) three different factors 

(popularity, temporal and geographical features) have been used. 

Doytsher et al. (2011) presented a graph model that supports the 

representation of frequently-traveled routes in a socio-spatial net- 

work, proposed a query language to traverse the graph for query- 

ing social-based route recommendations, and used GPS trajectory 

dataset. In the studies conducted by Levandoski et al. (2012) and 
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