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Abstract: This study is aimed at developing a location recommendation system in a location based social
network. The location history of the user refers to the set of Point Of Interests (POI) that the user has visited
n the past. The location history of the users reflect the interests and preferences of the user in a well-deserved
manner. The location history associated with the users are modeled to determine the community of the user,
using an aprior based frequent POI set mining. The set of POIs visited by the members in the commumty and
that are not visited by the user are assigned a weight calculated from the polarity and the timestamp of the tip
left by the visitors from the commumty. Then, the POIs with highest weights are recommended to the user. The
cold start problem is tackled by identifying a representative user for each community and matching the user
profile with the representative user for recommendation. A comprehensive study is performed on the dataset
obtamed from foursquare, the popular LBSN. The empirical analysis shows that location recommendation using
our proposed model gives better and accurate results when compared with the systems that use collaborative
filtering or content based techniques.
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INTRODUCTION

With the advent of latest technologies, there 13 a
radical change in the way the information 1s being stored
and exchanged in the real world. The challenge is to
retrieve and manipulate the pertinent knowledge from the
appropriate source in an efficient manner. Social network
13 a proficient means of managing the information
wrrespective of the user’s location and the type of the
knowledge ingrained. But, providing appropriate
techniques for the effective retrieval of apposite
knowledge 1s still in its infancy. Filtering during
knowledge retrieval is essential for the effective retrieval
of information. The recommendation in Location Based
Social Network (LBSN) refers to the recommendation of
locations, users, activities or social media (Bao ef al.,
2015). This recommendation must be buoved by
regimented information retrieval techniques. Different
studies show that the likelihood that a user would be
mterested n a location i1s mfluenced greatly by lus
friends. A prominent study on the point-location data
gathered from foursquare reveals numerous patterns viz.
20% of the user check-ins occur within a distance of 1 kin,
60% occur between 1 and 10 km, 20% occur between 10
and 100 km and a small percentage extend beyond 100 km
(Noulas et al., 2011). Another pattern observed is like the

user’s activities vary during weekdays and weekends.
These kinds of studies together with the analysis on the
user and location correlations provide information about
user preferences which can be utiized for
recommendations in LBSNs. In this study, user check-in
logs are analyzed to generate location histories.

Location based social networks: Social networks are
constructs composed of intercommected mdividuals who
interact with each other. These mterconnections are
defined by thewr mteractions or relations. The relations
can be like friendship, association, follow, subscribe, etc.
For better comprehension, analysis and visualization, the
social networks are represented as graphs where the
nodes of the graph represent actors (mdividuals,
locations, etc.) and the links between the nodes represent
the relations between the nodes. The relation can be
characterized as tags or name of the links. There is a
dramatic hike m the amount of location data m information
that are openly available m the mternet with the
popularization of social networking sites such as
facebook places, google plus, google latitude, gowalla,
brightkite, twitter, flickr, foursquare, etc. These networks
duly create geo-tagged or location-tagged data and thus
these networks are otherwise regarded as Location Based
Social Networks (ILBSNs). The services given by LBSNs
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in this context allow users to share information in the form
of text, image and video. Though, there are constraints on
the availability and usage of location information because
of security measures, there are still a large number of
users who gracefully use their personal information in
geo-tagged data.

The techmique of location-tagging or geo-tagging
facilitates the user to share the data in the social network
along with location as an additional attribute. Various
services provided by the social networks, especially the
media services, make use of the location attribute on
check-1n data, text comments and other media contents,
effectively. Other users to whom the data is shared would
be able to learn the location or venues of the event. This
15 more appreciated with the popularization of the
state-of-the art mobile phones and other such hand held
devices which has given a boost to the number of
common people using the services given by such
networks. With these devices the users are able to login
or check-in from any location and at any time. Also, the
users could even go with low end devices supporting
only a connection with Internet and GPS technology.
With the growth of the LBSNs, majority of the
researchers’ focus 13 on the behavior analysis of user
activities, users’ relationships and correlations, user
mobility inside the social network and of course, the
predictions m respect to the links and the communities
(Jin et al., 2012). The data integrity and security are also
a major concern.

Foursquare is considered for a comprehensive
analysis in this study. It’s a point-location-based LBSN.
In Foursquare, users can check-in at any venue and post
their current locations. Points and badges are awarded to
the users who check-in at a venue. The user with most
number of check-ins at a particular venue is crowned as
the “Mayor”. The users would have to compete for
retaining the crown. The users can find out friends around
a certain physical location, from the real time location data
updated by the checked-m users. This can enable them to
go for social activities to happen. Users are allowed to
add tips to the checked-in venues. This can be shared and
can be read by others. These user generated contents like
tips and badges are associated with the venues or the
point of mterests. This could enable the required users to
gain location information. This information is exploited for
location recommendation. The recommendations to users
could be like friends, activities, venues to visit, travel
tinerary and so on.

These recommendations are the driving force behind
the success of the foursquare networking site. The
opportunity of forming potentially useful groups among
the users of the network is an absolute advantage of such

networks. Users with similar tastes can be dragged into
the group using such recommendations. People use the
foursquare services to share their location with friends,
meet new people and get coupons. Users are allowed to
comect and publish their check-ins to facebook and
twitter. Even people who are not a friend of the user on
foursquare can still track or follow the users’ where
abouts through facebook. Foursquare allows the users
to check-in at their actual location and announce, it in a
dynamic environment along with their opinions about
those locations. The working of the system will be
discussed in the proposed methodology section of the
study.

The location recommender systems: The proposed
location recommender system is a collaborative filtering
based system which makes use of the implicit rating for
the location given by the users. The comments about
different locations given by the users are considered to
refine the recommendations. The user location history and
the tips left by the users at these locations are the main
inputs for the system.

This 1s a stand-alone location recommendation
system which i3 meant to give the user with
recommendations composed of individual locations
matching thewr preferences, for nstance, restaurants,
tourist places or cities. The system is developed with the
objective of information filtration through interactive
intervention by the users. That 1s recommendation is
made out of the implicit rating given by users in a
community best representing the user for which the
recommendation 13 to be done. This method generates a
location recommendation which depends on the
individuals® behavior and location history. Also, it
contributes to the formation of personalized or customized
aggregations in which the diversity in the source or the
input tastes will enhance the recommendation.

The methodology deployed in recommendation
systems includes content-based, link analysis-based,
collaborative filtering-based and hybrid methods. Each of
the methods has merits and demerits. Some of the short
comings of the existing methodologies addressed by the
proposed  system include cold start  problem,
similarity/gray sheep and overspecialization.

Cold start problem occurs when a new user is added
to the system and there 13 only dimmutive information
about the wuser is available with the system for
recommendation. Similarity/gray sheep problem occurs
when there are users with interests of no standards.
Overspecialization occurs when the system recommends
the same location to the user who has already appreciated
it. All these problems can be handled well by the
proposed technique.
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Literature review: With the development of technologies
that facilitate location-acquisition, the location-based
social networking services like Foursquare, Twinkle, and
GeoLife are getting flourished. Studies show that users
with similar location history are more likely to have similar
mnterests and preferences (L1 ef al., 2008; Xiao et al., 2010).
Tt is also justified that the user’s historical behavior is a
strong mdicator of the user’s preferences (Hagle and
Pentland, 2006, 2009). This suggestion is more strongly
supported by the work which finds out that a user’s
historical behavior gathered in an LBSN is more effective
and accurate than his online behavior m giving a user’s
preferences, patterns, interests and experience (Zheng
and Zhou, 2011).

Location features are found to be equally important
i profile-based location recommendation systems.
Location recommendation systems using Collaborative
Filtering (CF) models give personalized recommendations
for locations by taking into consideration other users’
ratings (Chow et al, 2010, Prete and Capra, 2010
Horozov et al., 2006; Ye et al., 2010). Each work gives a
different version or enhancement to the basic CF method.
But, most of these systems fail miserably in handling the
cold start problem.

The three components in a
recommendation system are considered to be the user’s
current location, the user’s location histories and the
location histories from the other users (Bao ef al., 2012).
Ye et al., 2011. Presents a location recommendation
system that mcorporates the user’s preferences, the
user’s social connections and the geographic distance
between the user and the candidate locations. But, these
existing systems are not taking into account the
comments given by the visitors on these locations which
play a vital role in influencing their friends.

The CF-based location recommendation systems
works by similarity inference, candidate selection and
recommendation score prediction. They suffer from the
following problems:

main location

¢ Because of the large number of the users and items in
the system, the similarity model construction 15 time
consuming. This may also pose a problem to the
scalability. This may be firther worsened by the
rapid growth and evolution of LBSNs

*  When the rating matrix is sparse the system would
fail in making the accurate or -effective
recommendations. This may happen when the
number of user ratings is low

* The system performs poorly with the cold start
problem

*  The system 1s constramed if the number of visitors 1s
comparatively less

User-POlI rating ! User check-in !
matrix (NXP)  &—1 log '
generation 1 1
b o o - - ——— -
[ 1
1
' Usery,
1 1
—_—m— Y User location history
N;‘/ computation
User check
Frequent -
POI set Collection of
mining 1 LHs
Community POI Ranking
discovery
Profile Sorting POIs
generation
POl Recommendation
Representative

Fig. 1: Location recommender system

The proposed solution tries to give better results
taking into account these limitations (Fig. 1).

MATERIALS AND METHODS

A mathematical model for the hybrid methodology 1s
proposed to provide the recommendation in the
location-aware social networks. Foursquare has been
adopted as the domain for the deployment of the
methodology. Tt is one of the emerging location based
social networks in this sphere with >10 million users and
numerous activities happening in the domain. It supports
more of a collaborative approach in its social relations and
recommendations which often raises the need for more
effective techniques of content-based approach to
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generate expressive results in the social recommendation.
We propose a hybrid method which incorporates the
essence of both the techniques.

This approach combines the CF-based and the
content-based approaches to overcome the demerits of
the existing systems. The CF based component is
accountable for the better recommendation of locations to
the users by considering the preferences and ratings
given by the fellow members of the commumty which the
user belongs to. The system deploys a content-based
component which is responsible for dealing with the cold
start problem for users. It maintains the user profiles, finds
the commumities and generates an approximate profile for
the group.

Then, a representative user is identified in the group
whose profile will be set as the profile of the community.
When a user with no rating 1s encountered, the system
extracts the user’s profile and compares it with that of the
representative users to find the similar community for the
user. Once found, the system will recommend the user
with POIs that would be expected for the representative
user. Thus, the system tackles the cold start problem.

Proposed location recommendation system: The system
is meant to recommend locations based on user rating and
profile matching of individual preferences. The hybrid
recommender system has two main components. The CF
component, first infers the implicit user ratings for all the
POIs which 1s the number of times a user has visited the
POL Tt then determines the community to which the user
belongs, based on the location history. Then, it
determines the members of the community. The system
then finds out the POTs visited by other members in the
community and that are not visited by the user. These are
the candidate POTs. Tips left by the users on these POTs
are extracted and their sentiment score and relevance are
calculated. A weight is assigned to the POT based on the
above scores. The POls are ranked based on these
weights. The community is found out by means of the
apriori based frequent POI set mimng. The users whose
location history has the maximum number of same POIs
are considered to be more similar and are put in the same
commurity. The content-based component 1s responsible
for generating an approximate profile for the community.
The system will then determines the best representative
user for the community whose profile matches more with
the approximate profile generated for the community. This
user 1s assumed to represent the commumity and his
profile is the community profile. When a new user
with not even a single rating needs to be given with a POI

1- POI set
computation

Candidate POI set

| POIs generation

Irrelevant LH
removal

v

K-POI set
generation
K=234...

v/

LH Relevance

Fig. 2: Frequent POI set mining

recommendation, the system deduces the user’s profile
and tries to match it with the representative users’
profiles. Thus, the system can find out the commumity of
the user and the recommendation is done in such a
manner that the POIs that may be recommended to the
representative user would be recommended to the new
user. The system makes use of wrappers for different
APIs to extract the data from the social networks.

The overall architecture of the proposed location
recommendation system is given m Fig. 1. The
architecture of the two components for finding the
frequent POT set mining and the POT rank calculation are
shown in Fig. 2 and 3, respectively.

Mathematical model of the system: The steps for
determimng the rating matrix, R from the location history
are given in Hq. 1:

¢ From the check-in data extract the check-in
information corresponding to each of the venues

*  1;,6R can be set as the number of visits by the user u
to the location L. r, will be mcremented by one upon
each visit. r; = 0 means that user u, has not visited the
locatien |, at all

Form the rating matrix, the location history of the
users can be determined as below:

LH, ={], |1, =1} isthelocation historyof u, (1)
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Fig. 3: POI rank calculation

The algorithm for recommending POTs to a user u
where 1 =1, 2 ... N are as follows. For a user u, 1identify
potential friends of u, from the commumty formed by
aprion based frequent pattern miming. The members in the
commumnity except u are considered as the potential
friends of the user u,. Let us denote the set of potential
friends of uw as UF. For the user u,; identify the POIs
visited by user u; and not visited by w from the rating
matrix, R. Tt is represented as

P]:{1|rj121,ril:0,ujeUlp} (2)

Where r; represents the rating of jth user u, at the 1th
POI. The set of candidate POIs for recommendation to 1s
u, givenas Eq. 3:

P=UP 3)

For a POI, lep, a weight is assigned to the POT based

on the polarity and the timestamp of the comments/tips

given by the users u,cU at various timestamps. The
weight w, is given by Eq. 4 and 5:

1 & S, +1
wy = — > dyty; wheret, == — 4
il E < il il il 2

d, =1-(t, —t|/T)andd,
=1-(t, ~t[/T) and 8, =[-11]

(5)

Here, S; represents the sentiment score of the
comment/tip for a particular POI, determimed by using the
vader Sentiment package in Python. The T, refers to the
timestamp of the comment, in seconds. tis the current
time m seconds. The value of T 1s the time range in
seconds. The T is a variable set by the user. The value of
T 18 taken corresponding to five years in our system. The
POls are ranked based on the weights. The POIs with the
largest weight values w; are then recommended to the
user .

The major algorithms in the system: The major

algorithms implemented m the system are discussed in
detail in this Algorithm 1.

Algorithm 1; Recommendation (check-in_log, u,)
Input: (1) user check-in log, (2) user y;
Output: none
Steps
Start
Access the check-in log crawled from Foursquare
LH~® for all users//location history
R[u,pOI] « 0 for all users and POIs

Traj-®
for each entry in the check-in_log do
if the user is u; then

LH; « LH, u {POT}
LH, « LH, u {POI}
end if
end for
ifR [y ,po1) =0 forall POIs then

u,,, <« Find_ Community(u,,REP,_ )

Hybrid_recommend ( n,, )
else
Hybrid_Recommend ()

end if’
Stop

This is the root algorithm of the proposed hybrid
recommender system which takes input from the user for
the recommendation. The algorithm accesses the check-in
log crawled from Foursquare, generates the location
history for all the users and populates the rating matrix, R.
It then checks whether the user is a new user or not. For
a new user, there won’t be any rating associated with him
in the rating matrix. So, the system finds a similar
community for the user by invoking the find community
algorithm. This algorithm will return the representative
user for the commumty which closely matches the
user profile. Then, the algomthm mvokes the
hybrid recommend algorithm for recommendation
Algorithm 2.
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Algorithm 2; Hybrid_recommend u,:
Input: (1) user u,
Output: a list of recommended POIs for user u,
Steps

Start

Traj-®

for each user u;eU do

Traj-Trajul.H;

end for

Rep-®; K0

K., < Compute_Frequent .., set{u, K)

for each Ky € Koy do

Users,, <« ¢

Cy.  « Compute _ Community (K", )

®'por

profile,, < Compute _profile (C,., )
REP,, <« Compute rep User (profile,, )
REP,,,,, < REPF.

R'y « Compute _POI Rank (C,, .u,)

RCF — RCF - R 'CF
end for
if Rer = @ then
K-K-1
Repeat steps b to d
else

Sort (Reg)
Recommend POTs in R.x//Output

end if
Stop

This algorithm is the main algorithm responsible for
giving the recommendation to the user. It takes input from
the recommendation algorithm. Tt then re-computes the
commumty of the user by finding the users whose
location history contains frequent POT set. This is done to
accommodate all the changes that has happened after
the previous computation. The frequent POI set 1s
found out with the help of the Compute Frequent K,.s
et algorithm. Tt also determines the users in the
commurity, generates an approximate profile for the
community and finds a representative user for the
community by profile matching. Then, it ranks the POIs by
means of the Compute POTRank algorithm. The POTs
with highest weights are recommended to the user
Algorithm 3.

Algorithm 3; Compute_frequent_K,, set (u,, K):
Input: (1) user u, (2) K-size of the frequent POI set
Output: A collection of frequent POT sets
Steps

Start

minsup~-2

1, ~{large 1-POlsets}

k-2

While 1, ,»® do

Cy~candidate-gen (L, ,)//candidate POI set

for each ¢ in G, do

C. count-0

end for

for each TH 1= Traj do//Traj is global
Cy-subset (Cy, 1)

for each ¢ in ¢y do

C. count-c.count+1

end for

end for

Ly~ {ceCyCe LH; and c.count=mminsup }
if k=K then break

kk+1

end while

returnuy, Ty/fcollection of frequent POT sets
Stop

This algorithm is responsible for finding the frequent
POLI set for determining the commumity of the user. This
algorithm is a contextualized apriori algorithm for frequent
itemset mimng. It determines the maximal and most
frequent POI set that 13 appearing in the location history
of the users and relevant to the user. The minimum
support value 1s set as 2, so that the frequent POI set
should be contained in at least two location histories
Algorithm 4.

Algorithm 4; Compute_POI Rank (U, u):
Input: (1) friends of user u; in the community, (2) user y;
Output: A list of POls with weights

Steps
Start
L-@; R ®
for each user ;r -7 do
L« L {PClvisited by uand not visited by u;}

end for
for each L'el do

for eachuse ;1 -7 do
L'tip, < Extract _Tip (Tip,L' u")
/tip uploaded by ; on |
L'ts, timestarnp of the visit'tip by 1+ on [+
S8, < Compute _ SentiScore (L'.tip_.)
decay,, « 1—-((L'ts,,—t)/T)

ffdecay is the loss in relevance of the tip
/it is the current time

T is the time range-5 years

end for

L'w, « (Zdecayw *88.)/ |U|
Rigp « Ry L Lw, }
end for

Return g " //list of POIs with weights
Stop

This algorithm is used to rank the POTs according to
the weights associated with them. The candidate POTs are
determined as the POIs visited by at least one of the
potential friends and not by the user. For these candidate
POIs, the tips left by the visitors are extracted. We assume
that there is a loss in relevance of the tip as the time goes
on. So, the relevance of the tip will be based on the time
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elapsed since the tip is uploaded. The polarity of the tip
is also calculated. Based on these two values, a weight is
calculated and assigned to each of the candidate POlLs.
The POIs and their associated weights are returmned by
this algorithm. Here, the decay actually refers to the loss
in relevance of the tip.

The complexity of the algorithm could be no more
than O(NP) where N 1s the number of users, P 1s the
number of POls and P<<N,

RESULTS AND DISCUSSION

The data collected spans over Foursquare, the
popular LBSN. For getting the individual user check-in
data from Foursquare, there are two options. The first
option is to use an application which makes use of the
Foursquare APT for gathering the required data of the
user. This application will act as a wrapper for the
Foursquare API. But, it is essential that the application
should be authenticated by the corresponding users. The
application has to specify the permissions to the users.
The alternative option is to collect the data from Twitter
or facebook. Foursquare facilitates the users to share their
check-ing on twitter and facebook publicly. The publicly
available check-ins can be crawled using the twitter’s
streaming AP or the facebook APIL. This collected data 1s
just a fair sample of the corresponding data available
from the Foursquare LBSN. Filters are used to avoid
replicated crawls.

We have chosen the first option by developing a java
application for extracting the data from Foursquare. A
group of >100 users have authenticated the application.
The check-ins of these users were extracted using the
application and communities were created dynamically.
Approximate profiles were created for each of the
scommunities. Representative users for each of the
commumnities were identified. A weak social connectivity
15 being observed in Foursquare. Also, recommendations
are not considering the reviews given by users on these
locations. So, our model is preferred over the existing
method.

The proposed recommendation system using hybrid
technique 1s experimentally compared with the systems
which are based on collaboration filtering techmque and
content based techmiques. Sigmficant improvement in
performance is obtained. As part of a comprehensive
analysis, particular nodes with known activity history,
interests and profiles were selected and the system was
made to recommend locations for the known user. Our
system 18 found to give more accurate recommendations
compared to its counterparts. The first evaluation method
that is used in the study is normalized Discounted
Cumulative Gain (nDCG) (Manning et al., 2008). The
effectiveness of the recommendation can be found by
using nDCG. Discounted Cumulative Gain (DCG) 1s

commonly used in information retrieval systems. DCG can
be used to measure the effectiveness, usefulness or gain
of a document on the basis of its position in the result list.
Here, the recommended POIs with respect to a check-in
can be regarded as similar to a document in mformation
retrieval. DCG uses a graded relevance scale of POI in the
recommended list. DCG at a particular rank position p is
given by Eq. &:

P gr
DOG —pr + > 53 (6)
T Y )

Where gr; is the graded relevance of the POI in the
recommended list. The length of the recommended list
varies. Thus for getting an accurate result, the DCG is
normalized. The normalized DCG 1s given by Eq. 7:

nDCG, = bes, 7
IDCG,
Where:
nDCG, = The normalized DCG at a particular rank
position p
DCG, = The DCG at a particular rank position p
IDCG, = The ideal DCG at a particular rank position p

Here, the ideal DCG refers to the ideal ordering
of the recommendations for the given check-n. The
users were asked to check-in at a particular POI. The
recommendations were made based on the query given by
the user. The users were asked to judge the relevance of
each of the recommendations with respect to the check-in.
Each of the recommendation was judged on a scale of
0-3 with O representing urelevant, 3 representing
completely relevant and 1 and 2 representing the in
between values. The graded relevance value of each of
the recommendations is taken as gr, through gr, Here, n
is assigned values from 1 through 10. Then the DCG,
IDCG and nDCG values are calculated for recommendation
list of each of the check-ins by the users and it 13 used to
calculate the effectiveness of the system. Table 1 shows
the average nDCG, at the various rank positions from
1-10 in the recommended list calculated over the location
histories of about 100 users selected randomly from the
experimental data available.

Figure 4 shows the comparison of average nDCG, at
the different rank positions in the recommended list given
by different recommendation algorithms. It 15 obvious that
the roposed Hybrid Recommendation algorithm clearly
outperforms all the other algorithms which are bemng
compared. The recommended POIs in the list are almost
correct for each of the rank positions. That 1s,
recommendations are more accurate in the case of hybrid
recommender system compared to the content based or
collaborative filtering based techniques.
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Table 1: Average nDCGp at the various rank positions in the recommended list

Average nDCG,
Rank position in the recommended list  Content-based RS CF-based Rs CF-based RS with tip polarity and decay Hybrid RS (Proposed)
1 2.10 240 2.74 2.89
2 1.98 210 2.30 2.50
3 1.56 1.80 2.40 2.68
4 1.45 2.09 2.30 2.53
5 1.34 1.54 2.10 2.80
6 1.60 210 2.59 2.90
7 1.93 220 2.47 2.51
8 1.76 239 2.67 2.76
9 1.99 243 2.56 271
10 1.33 1.98 243 2.82
Table 2: Mean average precision versus the number of user check-ing
Mean average precision
No. of user check-ins Content-based RS CF-based Rs CF-based RS with tip polarity and decay Hybrid RS (Proposed)
50 0.50 0.51 0.60 0.70
100 0.49 0.55 0.63 0.74
150 0.52 0.57 0.65 0.74
200 0.47 0.59 0.67 0.75
250 0.51 0.55 0.56 0.77
300 0.45 0.64 0.69 0.78
350 0.45 0.65 0.70 077
400 0.47 0.66 0.69 0.80
450 0.46 0.64 0.69 0.82
500 0.48 0.69 0.71 0.85
e Hybrid RS (proposeq) — CF-based RS
~—— Hybrid RS (proposed) ___ CF-based RS = CFRSwith tip polarity and decay Content-based RS
=== CF RS with tip polarity and decay Content-based RS 0.9
3E _ 08
3.0 g 0.7 /—//‘//’
. S 06 —
g 25 W S s
220 \/\//\ g -
) d 04
g8 8
a>3 15 é 0.3
< 10 s 02
0.1
0.5 00
0.0 ' 50 100 150 200 250 300 350 400 450 500

1 2 3 4 5 6 7 8 9 10
Rank position in the recommended list

Fig. 4: Average nDCG, versus rank position

The second evaluation method that we have used 1s
the Mean Average Precision (MAP). MAP assumes that
the user 1s interested in finding more relevant POIs for
each of the check-ins. Table 2 gives the mean average
precision for different number of user check-ins. The
precision values for the different recommendations,
selected randomly, are used to measure the correctness of
the system. The graph plotting the comparison of MAP
values cormresponding to the various recommendation
algorithms under consideration are given in Fig. 5. The
graph is self-explanatory. The average precision of the
recommendations done by the hybrid recommendation
system 1s always better than the other recommendation
algorithms like the content based and the collaborative
filtering based algorithms.

As part of the input, some of the new users were
added in between and the recommendation systems were

No. of user check-ins
Fig. 5. Average precision versus number of

check-ins

user

to give recommendations for them. Irrespective of these
inputs, the hybrid system gave better recommendations,
without any drop in precision values where as other
systems have shown drop mn precision. This shows
clearly that the hybrid recommendation system 1s better
than the other algorithms m giving the near perfect
recommendations to the users. The merits of this research
include the possibility to increase the capacity of
recommendation through an
semantics and textual information in the form of tips given

association between

to venues.

The analysis proves unambiguously that the hybrid
recommender system outperforms collaborative filtering
based recommendation systems and content based
recommendation systems. Tt gives better and accurate
recommendations with consistent and good average
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precision values. The output or the quality of the
recommendation never falls and are always well above
compared with the other algorithms considered.

CONCLUSION

This study presents a methodology to perform the
Location recommendation on location based social
networks. The location recommendation is done based on
the visits by the potential friends of the user. This 1s
further refmed based on the wuser generated
comments/tips at the individual locations.

The development of a system using hybrid technicque
for the recommendation in location based social networks
1s the main contribution in this work. The technique tries
toreduce the ambiguities and redundancies that are found
n terms of semantic relations.

RECOMMENDATIONS

As a future research, it 13 planned to extend this
model to a distributed enviromment using Hadoop
mapreduce. Itinerary recommendation based on the
recommended POTs is also planned to be done.
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