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Abstract

The project entitled “Geo Location based Recommendation
System” is a recommendation software. The purpose of this
projectis to build a recommender system using
collaborative filtering technique. Collaborative filtering is
one of the most successful algorithm in recommender
system’s field. This system recommends users other ‘users’
of this recommender application by reading the current
location of the user which is based on the details the user
enters. This software relies on the concept of Machine
Learning. Machine Learning is the study of computer
algorithms that improve automatically through experience.
The system reads the current location of the user, interacts
with the database and then provide results based on the
calculation obtained. The algorithm will take three
different parameters into account to obtain the required
result. The three different parameters being location of the
user, their profile and interest list which includes the topics
which the user appeals to. The algorithm which is used in
the project uses Haversine formula to calculate the distance
between the user and other people in the vicinity. Itis
capable of recoganizing various number of people and
many activities which are related to user’s interests. To
obtain the final result, the job profile of the user and also
the name of the organization they work in is also taken in
account to obtain the appropriate result. The software
recommends people with similar interests with their
location to the user.

Keywords: geolocation, recommender system, machine
learning, Haversine formula, recommendations

1. INTRODUCTION

“Which movie should I watch next?”, “Which restaurant
will you recommend with good sea food?”, these are the
type of questions that we ask fellow people around us on a

day to day basis. But unfortunately, not everyone has the
same taste as you. Therefore, going by some other person’s
suggestion is not the smartest decision out there. But
fortunately smart brains around the world has worked
together to develop an intelligent computer based technique
that scoops out particular stuff from this large pool of things
internet has to offer us. This system recommends us based
on our liking which it predicts on the basis of user’s
adoption. The project is aimed at developing a geo-location
based recommendations system i.e. a system which can
recommend people, places, activities, events to users of the
system on the basis of certain parameters. The system will
take into account various parameters, some being fed in by
the user, some extracted from the system database. An
algorithm is devised exclusively for the purpose; taking into
account the most primitive analytical approach, the system
will recommend the users accordingly. The system can be
used in any Location Based Social Networking System.The
application is aimed at creating a mobile social network that
will recommend people, places and activities around the
user which have high affinity with him/her. Thus, helping
the user to be aware of what's going around him/her and
connect with like-minded people. Recommendation System
can mainly be classified into 6 types:

®  Content-based Recommendation System (CBRS):

Content-based filtering methods are based on a description
of the item and a profile of the user’s preference. In a
content-based recommender system, keywords are used to
describe the items; besides a user profile is built to indicate
the type of item this user likes. In other words, these
algorithms try to recommend items that are similar to those
thata user liked in the past (or is examining in the present).
In particular, various candidate items are compared with
items previously rated by the user and the best-matching
items are recommended. Content-based recommendation
engine is the basic pillar of our system.
®  Collaborative-based Recommendation
System(CFRS):

Collaborative filtering methods are based on collecting and
analysing a large amount of information on users’
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behaviours, activities or preferencesand predicting what
users will like based on their similarity to other users. A
key advantage of the collaborative filtering approach is that
it does not rely on machine analysable content and
therefore it is capable of accurately recommending
complex items. We are devising algorithm to implement
Collaborative recommendation engine (user’s behaviour),
as an extension of our project, to make the approach

hybrid.
®  Demographic Recommendation System (DRS):

Demographic Filtering (DF) technique uses
the demographic data of a user to determine which items
may be appropriate for recommendation. This system aims
to categorize the users based on attributes and make
recommendations based on demographic classes. ... The
benefit of a demographic approach is that it does not require
a history of userratings like thatin collaborative and content
based recommender systems.

®  Knowledge-based Recommendation System (KBRS):

Knowledge-based recommender systems (knowledge based
recommenders) are a specific type of recommender
system that are based on explicit knowledge about the item
assortment, user preferences, and recommendation criteria
(i.e., which item should be recommended in which context).

®  Context-aware Recommendation System(CARS):

A content based recommender works with data that the user
provides, either explicitly (rating) or implicitly (clicking on
a link). Based on thatdata, a user profile is generated, which
is then used to make suggestions to the user.

®  Hybrid Recommendation System(HRS):

Recommender systems are software tools used to generate
and provide suggestions for items and other entities to the
users by exploiting various strategies. Hybrid recommender
systems combine two or more recommendation strategies in
different ways to benefit from their complementary
advantages.

In this project which is focused on Geo-location based
Recommender System only 2 types of Recommender
Systems are used, those are-

Content-based  Recommender  System(CBRS) &
Collaborative-based Recommender System(CFRS)

Machine Learning

The system will use machine learning technology at its core
to give suggestions. Machine learning (M) is a branch of

Computer Science that deals with the study and creation of
Al systems that are able to take a decision based on their
experiences.

“The goal of machine learning is to build computer
systems

that can adapt and learn from their experience.”

— Tom Dietterich
Geolocation

Geolocation is the identification of the real-world
geographic location of an object, such as any mobile device,
or any networking device. Geolocation is closely related to
the use of 24 positioning systems but can be distinguished
from it by a greater emphasis on determining a meaningful
location (e.g. a street address) rather than just a set of
geographic coordinates.

Internet and computer geolocation can be performed by
associating a geographic location with the Internet Protocol
(IP) address, MAC address, Wi-Fi positioning system, or
device GPS coordinates, or other, perhaps self-disclosed
information. Geolocation usually works by automatically
lookingup an IP addressona WHOIS service and retrieving
the registrant's physical address.

Recommendation System

Recommender systems or recommendation systems
(sometimes replacing "system" with a synonym such as
platform or engine) are a subclass of information filtering
system that seek to predict the 'rating' or 'preference’ that
user would give to an item. Recommender systems have
become extremely common in recent years, and are applied
in a variety of applications.

The most popular ones are probably movies, music, news,
books, research articles, search queries, social tags, and
products in general. However, there are also recommender
systems for experts, jokes, restaurants, financial services,
live insurances, persons (online dating), and twitter
followers. This field is growing exponentially in the era of
internet-worshiping. And mobile recommendation systems,
like ours, will serve the need of smartphone users. It will be
possible to offer personalized, context sensitive



recommendations using a model built from the
characteristics of an item (content-based approaches) or the
user's social environment (collaborative filtering
approaches).

Need and Scope of Recommendation
Engines

Every major internet company, from media outlets to social
networks to software applications, has to meet an
expectation of better understanding their customers as
individuals, to provide them with information and
suggestions that they themselves may notevenhave realized
they want or need. These needsare met by recommendation
engines. Some of the big names that have successfully
implemented such systems to drive traffic to their website
and thereby increase their revenues through online sales,
advertising, etc. are Amazon, eBay, Pandora, Netflix etc.

Future of Recommendation Engine

With increase in information being created by people
spending much of their time on internet we need systems
that can better analyse the data and give useful suggestions
to people. These intelligent systems are still in their early
phases with time new technologies will be developed that
will enable us to create better recommendation systems.

Il. RELATED WORK

To understand more about a recommender system, we had
a look at past works to get more insights on the topic. To
start with, by Scienstein ,a hybrid recommender system,
which used both content-based and collaborativebased
techniques. This approach has the potential to alleviate the
problem of finding relevant research papers. Instead of
solely relying on text mining, Scienstein combines citation
analysis, implicit ratings, explicit ratings, author analysis
and source analysis to a recommender system with a user-
friendly GUI. Since all current search engines and concepts
for research paper recommender systems focused mainly on
one approach (text analysis, citation analysis or ratings),
each concept suffered few disadvantages. The Scienstein
project aims to combine the already known concepts with

new ones in order to create a holistic research paper
recommender system.

With Scienstein the results were, users were provided one
or several of the six inputs (text, references, authors,
sources, ratings or documents), adjusted algorithms to
their needs, and receive recommendations for research
papers. In addition to classic references, Scienstein
analyses references that were added by users and that we
call ‘collaborative links’.

Next, a music recommendation system by Yading Song,
Simon Dixon, and Marcus Pearce.

It surveyed a general music recommender framework from

user profiling, item modelling, and item-user profile
matching to a series of state

of-art approaches. The components/ parameters in Music
Recommender System consisted-

1. User modelling
- user profile modelling

- user listening experience modelling

2. Item profiling

- editorial metadata

-cultural metadata

-acoustic metadata
3. Query Type

To recommend items via the choice of other similar users,
collaborative filtering

technique was used. Collaborative filtering was further
divided into three subcategories:

memory-based, model-based, and hybrid collaborative
filtering. Though itis fastand accurate, the drawbacks
were obvious. First of all, the user has to know about the
editorial information for a particular music item. Secondly,
it is also time consuming to maintain the increasing
metadata. Moreover, the recommendation results were
relatively poor, since it can only recommend music based
on editorial metadata and none of the users’ information
had been considered.

In music recommendation system which are built over the
past years, the given results tend to be more personalized
and subjective. Rather than using acoustic features in
content-based model and ratings in collaborative filtering,
context-based information retrieval model uses the public
opinion to discover and recommend music, and this was
the final result of the music recommender system.

Next, a restaurant recommendation system by Xiaoyan
Yang.

The parameters used in this system were a review corpus
and a target user u. The output was a list of top-k
restaurants recommended for u. The system consists of two
main components: profile generator and rating predictor.

They map users and restaurants to a common latent space
discovered from the reviewtext. The intuition is that
reviews, though in the format of unstructured free text,
contain information about user preferences and opinions on
different aspects of items.To make a recommendation,



they first display several users randomly to choose from
and as a target user u is selected, u’s preference and
review history would be created. Then in the next interface ,
the system recommends top-k restaurant list to u. These
restaurants are selected from those that u has not
rated/visited, based on their ratings produced by the rating
predictor. To gain further information on
recommendations, the system leaded to the restaurant
profile interface

including recommended food according to its frequency of
occurrence in review text and a list of representative
reviews for efficient browsing and access to mainstream
viewpoints on the restaurant.

I11. DESIGN ARCHITECTURE
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IV. IMPLEMENTATION

Recommendations will be based on certain parameters,
either explicitly given by user or extracted from database by
the system, and an affinity score will be calculated.

Affinity Score - This score will judge user's relative likeness
to a certain object. To mean literally, user’s affinity with all
other users is represented by corresponding affinity scores.

Parameters to be used

Our research showed following parameters to be extremely
useful:

1. Location

Location will be used to calculate distance
between the user and objects (people, places,
activities, etc.). Only objects that fall under a set
radius (set by the user) will be showed to user.
Also for certain objects (places, activities)
preference will be given to closer objects i.e. for
closer objects location will contribute more in the
calculation of the affinity score.

We have divided location into two categories:
e Home Location: Where user spends
most of his time
e Current Location: Where user is
currently present

Both these categories will be used to

determine the affinity score.

Location will be taken from GPS through mobile.
This will be in coordinates’ form, that is
longitudes and latitudes form.

We will use the widely known Haversine formula to
calculate distance between two objects

Haversine a = sin’(A@/2) + cos(p;).cos(@,).sin’(AL2)
formula: ¢ = 2 atan2(Va, V(1-a))

d=R.c

where @ is latitude, A is longitude, R is earth’s radius (mean radius =

note that angles need to be in radians to pass to trig functions

2. Profile

A profile will be created for each and every user
(detail will be entered by user). This profile will
contain attributes like name, age, gender, work
status, home location (with timestamp), status,
preferences.

Preferences will determine which data is publicly
available. E.g. userdoesn’t wantto show his home
location.



Each attribute of profile will contribute towards
affinity score calculation.

3. Interest List

User will explicitly mention his interests. These
interests can be anything ranging from which
game he likes to play to which programming
language he likes. We will limit the maximum
number of interests he can mention to 10. These
interests will be used in recommendation. We will
give internal score to each interest thereby
determining individual weightage.

How the user interacts with the system constitutes
userbehaviour. Alluseractivity will be logged by
the system including who the user talks to,
activities and events he likes etc. This will enable

us to provide personalized recommendations.

V. ALGORITHM

An algorithm has been devised considering the basic
requirements of a recommendation system in general, then
it was customized to sate the specific requirements of our
system. The algorithm designed takes user’s details like
location, interests and job profile as input, evaluates an
affinity factor based on a formula, and returns the affinity
score of the recommendable people to the user.

Thealgorithm calculates the distance of one user from other
users using Haversine formula and calculates a score based
on the distance calculated.

The algorithm also takes into account the various interests
given by the user. The algorithm matches these interests
with the interests of other users and gives a score based on
the similarity of interests between two users.

Finally the job profile of two users is considered and a score
is generated based on the similarity in the profile.

All these scores are then added and an affinity factor is
obtained which returnsthe recommended users on the basis
on the affinity factor generated.
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V1. RESULT

The targets planned for the various phases of the project
have been successfully achieved. The database which was
created for the users is found to be accurate and working

properly. The algorithm devised has been successfully tried
and tested with the sample database for satisfactory results.
Implementation of the software at front end has been

handled.
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