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Abstract—Technological developments in  mobile
devices enabled the utilization of geographical data for
social networks. Accordingly, location-based social
networks have become very attractive. The popularity of
location-based social networks has prompted researchers
to study recommendation systems for location-based
services. There are many studies that develop location
recommendation systems using various variables and
algorithms. However, articles detailing past and present
studies, and making future suggestions, are limited.
Therefore, this study aims to thoroughly review the
research performed on location recommender systems.
For this purpose, topic pairs; “location and recommender
system” and “location and recommendation system” were
searched in the Web of Knowledge database. Resulting
articles were examined in detail with respect to data
sources and variables, algorithms, and evaluation
techniques used. Thus, the current state of location
recommender systems research is summarized and future
recommendations are provided for researchers and
developers. It is expected that the issues presented in this
paper will advance the discussion of next generation
location recommendation systems.
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I. INTRODUCTION

Recommender Systems (RSs) are personalized
information agents which gather data on the preferences
of its users for a set of items such as movies, songs,
books, applications, websites, travel destinations etc. and
generate appropriate suggestions [1][2][3]. RSs which are
the most powerful and popular information discovery
tools provide valuable support for their users to cope with
information overload and help making better choices [4].
RSs have been studied both in the industry and academia
over the last decade for various application areas.

Social networks have been increasingly used to
manage various functions of daily lives such as
communication, collaboration, and information sharing
[5]. Mobile devices and GPS technology provide location
and time information which enabled the emergence and
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extensive use of location-based services. Location-based
services are valuable to users for finding the location of
lost items or elderly family members having weak
memory, or child security [6-69]. As, location-based
social networks have become very attractive, there has
been abundance of information available about locations
and user preferences. Various location choices have
become accessible for users and finding the best one
meeting the requirements has become difficult. Those
systems are rich data resources which can be mined and
used for giving personalized recommendations [7] [8].
Therefore, Location Recommender Systems (LRSs) have
begun to be developed and researched. There are many
studies for LRS development using numerous methods.
However, even with all those developments, the current
state of LRSs still require further improvements to make
recommendation methods more effective and efficient.
Therefore, this study aims to depict the current state of
LRSs, identify their limitations and present suggestions
for future research.

The rest of the paper is organized as follows: Section Il
explores related works of location recommender systems.
Section Il describes the methods used for LRS
development. Results are presented in section IV by
subsections: data sources and variables, algorithms, and
evaluation techniques. Finally, the conclusion is given in
section V together with future research directions.

Il. RELATED WORKS

Recommender systems are popular both commercially
and academically. They can now be found in many
applications that expose the user to huge collections of
items.

Recommendation systems have been applied on
various domains such as product [9], movie [10], music
[11], and book [12]. Location recommendation systems
have also become popular after location-based social
networks have emerged. Location-based social networks
allow users to “check-in” at some venues and rate their
visits. By using the information that users have shared,
related location recommendations are presented to the
users.

There are various location recommendation systems
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which use different data sets and algorithms in the
literature. These algorithms are generally divided into
two: algorithms that utilize collaborative filtering and
algorithms  that utilize content based filtering.
Collaborative ~ filtering  establishes that personal
recommendations can be computed by calculating the
similarity between one user’s preferences and the
preferences of other individuals [13]. On the other hand,
content-based filtering utilizes the information about an
item itself for recommendations [13]. Moreover, hybrid
composites of collaborative and content-based filtering
have recently been awarded for their ability to improve
rating prediction [14]. However, those approaches ignore
contextual information such as time, weather, etc. In
context-aware recommendation systems, user preferences
for items are not only a function of items themselves, but
also a function of the context in which items are being
considered [15].

In addition, there are studies surveying location
recommendation systems whose content, coverage and
time span is different than this study [13][16][17][18].

I1l. METHOD

This study aims to review the research performed on
LRSs and to propose influential suggestions for future
research. Based on the research objective defined, it was
aimed to produce an updated snapshot of the existing
knowledge relevant to LRSs.

There are many different databases available for
searching scholarly articles and it is important that the
appropriate databases are included. For this purpose, Web
of Knowledge, which provides the most reliable,
integrated, multidisciplinary research connected through
linked content citation metrics from multiple sources
within a single database, was chosen.

The search was conducted from 1945 to the end of
2015, without resource type limitation. Topic pairs;
“location and recommender system” and “location and
recommendation system” were searched in the topic of
the Web of Knowledge database yielding 86 and 115
results respectively.

First elimination was executed by disregarding the
patents, inaccessible articles and titles that exist on both
result sets. After the first elimination, 140 articles
remained.

The second elimination phase entailed reviewing of the
abstracts and excluding irrelevant studies. For this
purpose, systems that do not recommend location, places
or venues were excluded. This elimination resulted in a
total of 55 articles.

Consequently, those articles were examined in detail
with respect to research methods applied, data sources,
variables, algorithms and evaluation techniques used.
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IV. RESULTS

Although the roots of recommender systems hold on to
the past research, these systems emerged as an
independent research area in the mid-1990s [19]. On the
other hand, the emergence of location-based
recommender systems depends on the increasing ubiquity
of internet-accessing smart devices. Accordingly,
research on LRSs have been increasing and this growth
has been accelerated after 2010 (Fig.1).
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Fig.1. Frequency of papers according to publishing years

This increase can be explained by the launch of
location-based social network applications such as
Gowalla (2007) and Foursquare (2009). In 2009,
Foursquare for developers was announced and various
APIs were shared with users. In 2012, Gowalla went out
of business and its data have become publicly available.
Afterwards, those APIs and datasets have been started to
be used by researchers for data collection and analysis.
Eventually the studies have been slightly decreased due
to the changes in terms and conditions.

Regarding the articles examined in this study, out of 55
researches, only 3 of them proposed a framework, 2 of
them presented prototypes and remaining 50 focused on
improving existing algorithms. The detailed evaluation of
those 55 articles will be given in next subsections.

A. Data Sources and Variables

Data sources and variables that were used, respective
years and references are presented in Table 1.

The mostly used data sources are Foursquare which is
used by 50 million people each month and 8 billion
check-ins were made until now [20], and Flicker which is
one of the mostly used photo sharing applications
including 15 billion photos uploaded by users [21].

Although, user rating is the mostly used variable in
literature contextual variables were also emphasized. It is
observed that friendship, time, and review/tips were the
mostly utilized variables.
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Table 1. Data Sources and Variables

Data Sources Variables Year Reference
category 2013 [22]
Tips, mayor, to-do
list, user’s friend 2012, [23][24]
. 2014
Foursquare list
social relations, 2014,
ratings, distances 2015 [25][26]
tips 2015 [27]
. 2013,
Weather, time 2015 [28][29]
Flickr g ggig [29][30]
2015 [31][32] [33]
location, time,
Naver Map weather 2007 [34-42]
Yahoo Life keyword, map, 2009
Plus, time sequence, ' [35][36]
. - 2014
Panoramio category, image
gender,
LION Travel | age,constellations, 2011 [37]
selling place,
pin@clip distance, time 2011 [38]
the sequence of
movements, the
visited popularity, 2011,
GPS Data the hierarchical 2012 (39][40]
property of
location
GSM trajectory 2012 [41]
Affordability,
Cuisine-
Preference,
Zomato Vegan-Factor, 2014 [42]
Reputation of
Item
time, location,
. category,
Jie Pang popularity of 2014 [43]
location
friendship, date
Gowalla and time, latitude 2015 [44][45]
and longitude
Facebook gender, race, age, | 55 [32]
and travel season
friendship, date
Geosocial2 and time, latitude 2015 [44]
and longitude
google+, .
Yelp, Qype review 2015 [46]
B. Algorithms

Algorithms used in academic research are presented in
Table 2. with respect to publication years.

Table 2. Algorithms

Algorithm Year Reference
Association Rule Mining 2005 [47]
Decision Tree 2006 [48]
2006,2
Collaborative Filtering (CF) 2812’2 [4%%%]51]
013
2006,
2008
' 23][24][37]
Item-based CF 2011, L
2012, [50][54][55]
2013,
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2014
Bayesian Network 2007 [34]
Mean-shift ba_\sed GPS 2010 30]
Clustering
Behavioral Cost-Benefit Anal. 2011 [38]
CF with using HGSM 2011 [39]
2011,
Hybrid Method 2012, [37][56][57]
2015 [58][59]
Tree Algorithms: LZ, LeZi
Update and Active LeZi 2012 [41]
Ranking-based collective tensor
and matrix factorization model 2012 [40]
e 2012,
Artificial Neural Network 2013 [60][61]
Sequential Pattern Mining 2013 [62]
Multlnomle_ll Bernoul_ll model of 2013 [22]
Naive Bayesian
Learning Automata based
Sentiment Analysis 2013 [27]
< - -
A algorlthm_ and genetic 2013 63]
algorithm
Location-Aware and
Preference-Aware Clustering 2013 [25]
location-aware reputation based
collaborative filtering (LRCF) 2014 [42]
Multi-dimensional index, aR- 2014 64]
Tree
Random Walk with Restart
(RWR) 2014 [31]
SlopeOne Algorithm 2014 [65]
User partitioning gnd travel 2014 [24]
penalty techniques
[26][28][29]
200 | [)e]Is)
Context-Aware Techniques 2013’ [56][58][60]
’ [61][66][67]
2015
[68][69]
2014,
LA, LCA-LDA and TA 2015 [26][45]
Nawe Bayesian 2015 [32]
Author topic model-based CF 2015 [70]
PLSA topic model 2015 [33]
Algorithm bas_ed_on fluency 2015 [46]
heuristic
ngher(;order smgglar value 2015 [44]
ecomposition
Kernel Density Estimation 2015 [29]
Crowdsourcing 2014 [71]

The mostly utilized algorithms are collaborative
filtering and content based filtering [72].

In collaborative filtering, personal recommendations
can be computed by calculating the similarity between
one user’s preferences and the preferences of other
individuals. In this type of filtering the preferences of a
large user group are recorded. Given a user that is seeking
recommendations, similarity metrics are utilized to find a
subgroup of people that present preferences similar to
that user. Afterwards, average of the preferences of that
subgroup is computed [73]. A key advantage of the
collaborative filtering approach is that it does not rely on
machine analyzable content and therefore it is capable of
accurately recommending complex items such as movies
without requiring an "understanding” of the item itself.
However, collaborative filtering approaches often suffer
from three problems: cold start, scalability, and sparsity
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[74]. On the other hand, content-based filtering utilizes
the information about an item for recommendations. The
advantage of this method is that it is not limited to
suggesting options that have previously been rated by the
users. These characteristics remove the cold-start problem
of collaborative filtering approach. Furthermore content
based filtering can provide the user with a better
explanation as to why option X was suggested.

Content based filtering recommendation algorithms
hold a set of items denoting the user’s preferences. The
task of the algorithm is to classify an unseen item (an
option the user has not expressed any opinion about), as
something relevant or irrelevant for the user [73-66].
Moreover, hybrid composites of collaborative and
content-based filtering have recently been valued for their
ability to improve rating prediction.

Context-Aware Recommender Systems (CARS),
which deal with modeling and predicting the user tastes
and preferences by incorporating available contextual
information into the recommendation process as explicit
additional categories of data.

Recently, hybrid methods and context-aware
techniques have been intensively used for location
recommender systems. It is obvious that using contextual
information increases the power of recommending more
relevant items to the users.

Although, users’ preferences and venue characteristics
were considered as the necessary input data for building
recommender systems, there is increasing attention to
temporal features of the data and the social network links
between users.

C. Evaluation Techniques

A crucial step of all recommender system research is
choosing a right methodology to evaluate the quality of
the recommendations.

Evaluation metrics that have been used for location
recommender systems, respective years and references
are presented in Table 3.

Precision and recall are the most frequent metrics that
are used for the evaluation of LRSs together with Mean
Absolute Error (MAE).

Table 3. Evaluation Techniques

Evaluation Metric Year Reference
2006,
gg(l’g [25][26](28][30]
Precision 2013, [31][33][35][42]
2014, [50][54][70][75] [76]
2015
2006,
2010
' 25][26][31][42]
Recall 2013, L
2014 [50][54][70][76]
2015
2006,
Mean Absolute Error 2012, [44][48][55][60]
(MAE) 2013, [65][75][77]
2014
.. 2011,
Mean Average Precision 2013, [28]1291[33] [39]
(MAP) 2015
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2013,
F-Measure 2014 [42][50][75]
E-Measure 2013 [50]
k-value 2014 [64]
’ . 2013,
Benefit Ratio 2015 [28][33]
Lo 2013,
Execution time 2014 [24][27][64] [65]
2011,
Error Rate 2014 [37][78]
Root mean squared error 2012,
(RMSE) 2013, [40][44][55][60]
2015
Normal Mean Absolute
Error (NMAE) 2013 [55]
RAE, RRSE 2013 [60]
hit rate and resource 2012 [41]
consumption
NDCG 2011 [39]
. 2011,
User evaluation 2014 [51][43]

V. CONCLUSION

In the last decade, location-aware recommendation
approaches made an important progress with the new
systems and academic research. However, there are still
unsolved problems and needs for more effective
recommendations.

In this study, the existing literature have been reviewed
comprehensively for location recommender systems. The
data sources and variables that have been used,
algorithms that have been applied, and the evaluation
techniques have been examined.

The current state of LRSs has been presented by
examining 55 articles from Web of Knowledge database.
Further research recommendations for data and variable
use, algorithms and evaluation techniques are
summarized in next subsections.

A. Future Research Directions

This study presents the current state of location
recommender systems and discusses future perspectives.
These perspectives include the incorporation of
contextual information into the recommendation process,
personalization with different techniques such as
gathering user’s priorities, using more user-related
information (age, gender, etc.), integration of social
network analysis in recommendation process, using
different techniques for evaluation:

e The importance of contextual variables such as
traffic conditions, weather, time, time sequence,
visit length, visit rhythm, is noticed by the
researchers [26] [28] [29] [33] [48] [51] [56] [60]
[61] [66] [67] [68] [69]. However, both the
addition method (pre-filtering, post-filtering etc.)
and the discretization of those variables still
require further research [28] [48] [79].

e Personalization is crucial for effective LRS [47-44]
so user-related variables such as age, gender, race
should be included [33].
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e Gathering user priorities for each criterion may
provide more effective and personalized LRSs
[76].

e Social network analysis may be very beneficial in
order to predict user preferences [60] [80].
Community detection may be very helpful for the
problems of traditional approaches such as cold
start, etc.

e Energy consumption depending on the processing
time should be decreased with better algorithms
[41].

e Evaluation of LRSs has been made by using
metrics which are generally used for datamining.
However, researches that measure the performance

of LRSs and the adoption of users are very limited.

User surveys can be used for gathering users’
feedback and measuring their satisfaction levels
[34] [43] [51] [66].

e Moreover, the datasets used for evaluation are
usually still the same datasets used to evaluate
traditional recommendation systems. Dynamic real
time data can be used for evaluation.

B. Limitations

The main limitations of this study can be the number of
keywords that are used to search related articles and the
usage of one data source — Web of Knowledge. The cover
of this literature review may be improved by increasing
the number of keywords and using different databases.

In spite of the limitations, the authors expect that the
issues presented in this paper will advance the discussion
of next generation location recommendation systems.
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