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Abstract: Collaborative filtering (CF) is one of the most
important techniques of recommendation system and has been
utilized by many ecommerce businesses to provide
recommendation to itsusers. This paper shedslight on CF and its
methods. This paper demonstrates a practical algorithm by
leveraging data on user ratings for mobile phone devices and then
provides recommendationsto the target user based on theratings
given by similar users. It also elaborates an algorithm of CF that
overcomes some of the common limitations faced by other
algorithms. To explain the methodology of collaborative filtering
this research paper looks at mobile phone data, especially the
mapping of users (buyers) and the rating they provide for mobile
phones they purchase. The modd first evaluate multiple
collaborative filtering techniques (variations of user based and
item based filtering) by use of ROC curve and then provide
recommendation to the user based on the best identified
technique. Collaborative filtering is best utilized where the
information on “users” and/or item is limited. For example, you
can imagine the hotel booking website that provides
recommendation to the website visitor, even though the user has
never visited the website before (first time user). In such a
situation as the information about user is limited the website
algorithms are till able to utilize collaborative filtering
methodology to provide recommendations.
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. INTRODUCTION

Recommendation systems are facilitators of decision

making that leverages algorithm based on user preference and
profile. These agorithms take advantage of similarity in the
users or item and provides suggestions to the user regarding
his/her next purchase (etc.). For example, next product to buy
on Amazon, next movie to watch on Netflix or “people you
may know” suggestion in Facebook.

Collaborative filtering has emerged as one of the key
techniques of recommendation system. The basic crux of this
technique is to provide recommendation to a user based on
user — item mapping of a group of user.
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For example, if your friends on Facebook like a particular
music page, it is likely that Facebook with also recommend
you the same page if you are interested in music aswell [1].

Collaborative filtering has some advantages over content
based filtering.

Firstly, it is content independent, i.e., it doesn’t depend on
item attributes or user profile for providing recommendation
yielding error free results. Secondly, it takes into
consideration real quality assessments as ratings are provided
by users. Finaly, It provides serendipitous recommendations
as compared to content based filtering which recommends
items similar to what user has aready liked, it takes into
different usersinterest resulting in diverse recommendations.

Collaborative filtering can broadly be classified into
Memory based and Mod-€l based Filtering techniques [2].
Memory based filtering takes into account en-tire dataset for
providing recommendation to the user. It finds neighbors for
an active user and generates alist of predictions of new items
that can be suggested. Model based filtering usestraining data
to allow the system to identify complex patterns and make
intelligent predictionsfor test data based on the learned model

(3].
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For example, if userl has liked “iteml1”, “item2” and
“item4” and user2 who has liked “item1” and “item2” then the
system will recommend “item4” as he/she is similar to userl.

[I. RESEARCH METHODOLOGY

Figure gives general steps of collaborative filtering algorithm
which need to be discussed in detail as follows:

A. Data Collection

Data collection is the pre-requisite / fundamental of entire
recommendation system. At thisstageit isimportant to ensure
the accuracy of the source of data. For the purpose of this
algorithm mabile data was collected through a website and
contains information that can be classified into 2 categories:

= [tem attributes: This includes information regarding
features of item like screen size, multi-touch yes or
no, operating system, camera, memory, etc.
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= User rating: This dataset includes rating given to a
particular mobile phone by the user who has
purchased it (or not). For example, auser may rate a
phone with screen size 5” and RAM 2GB as 4(good)
and phone with screen size 5.5 as S(very good).

Theratingisbased on likert scale of 1to 5, wherein 5
isthe highest, 3 is median and 1 is the lowest rating
an item can get.
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In our collaborative filtering algorithm we have used user
rating asaprimary input for providing recommendations, i.e.,
item attributes are not referred to for this effort.

B. Data Preprocessing

Sourced data cannot be directly used on its face value as
errors might creep up in data during the time of primary
collection/recording or at any stage thereof. For example,
some users might rate items arbitrarily (say rate al itemsas5)
to savetime, or in the case of manual datacollection, surveyor
might incorrectly record rating shared by the user. There can
aso be technical glitches at the time of data collection that
might add to the error in the dataset. These errors will lead to
reduced reliability of the dataset and hence the accuracy of the
results driven from the algorithm. Outlier detection methods
[4] can limit data errors to some extent and must be used at
this stage to ensure raw data is of optimal quality and can be
processed by the algorithm.

Then, CF algorithms are executed to predict user
preferences and recommend related items to the active user.

C. Algorithm for collaborative filtering

To create an effective algorithm for memory based
collaborative filtering the user must ensure adequate focus on
the following steps (as also highlighted in Figure 1 outlines).

Step 1: Partitioning dataset

The user rating data collected (as discussed in point 3.1)
and pre-processed (as discussed in point 3.2) can then be
divided into two parts: Train dataset and test dataset [5]. Train
dataset or learning dataset generally forms 80% of the dataiis
used to build the model. It contains samples from the data and
corresponding expected predictions. Test data which forms
the remaining 20% of the data and is used to check the
accuracy of the model built on train dataset. It contains only
input samples from the data and we predict predictionsfor the
same. There should be no overlap between the two datasets.
Should there be any overlap, the accuracy of the model will be
less. While 80:20 isagenera split of thisdataset, the user can
select a different data mix based on the quality of data,
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number of observations and other such factorsto yield

optimal results.
Step 2: Building models
This step involves building multiple models based on
different techniques of collaborative filtering. These
techniques can broadly be classified under 2 heads — Item
based collaborative filtering and user based collaborative
filtering. Both of these techniques captures similarity between
users or items by using various distance metrics:
= Cosine similarity index: It is used to measure
similarity between two users by computing cosine
angle between them [6].
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= Pearson correlation: It is used to measure linear
correlation between two users.
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= Jaccard similarity index: It is measured as the size of
the intersection divided by the size of the union of

the samples.
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Step 3: Selecting best technique

After building the model on each of the above technique,
results are displayed using ROC Curve. A Receiver Operating
Curve also known as ROC [7] sums up the interplay between
the true positive rate and false positive rate for a predictive
model using different probability thresholds. The AUC (Area
under the curve) derived using ROC analysis is used to
compare the performance of each model. The technique
having maximum AUC will be picked for providing
recommendations to the user.

User based and Item based similarity matrix [8] can also be
calculated to find items similar to the item sel ected by the user
and users similar to the active user. Thiswill help in dealing
with cold start problem [9, 12, 13] when we have limited data
of usersand items or if auser visits website for the first time.

Step 4: Ranking Items

Once the best model is picked, al the items are ranked
according to their predict-ed ratings. Item with highest score
will stand at the top.

Step 5: Selecting Top-N items

After ranking the items, User will be recommended Top-N
[10] items where N is decided by the user before
recommendation can be made.

Step 6: Evaluating results

Thefinal step of the algorithmis to determine the accuracy
of the result. For this, Precision and recall is used [11],
wherein:

Precision is defined as:

Precision = truepositive/ (true positive + false positive)

It refers to percentage of results that are actually that are
actualy relevant (number of instances predicted as positive
were actually positive). A high value of precision would mean
less fal se positive values resulting in more accurate results.

Recall is defined as:

Recall = true positive/ (true positive + true negative)

It refers to percentage of total actual results correctly
classified by model. A high value of recall would mean less
false negative values resulting in best results.

1. CONCLUSION

This paper provides an improvised agorithm for
Collaborative filtering. It pro-vides recommendation to the
users/buyers based on user ratings of the peer set. An
algorithm has been proposed to explain the working of
collaborative filtering in recommender systems. It first
partitions the user ratings data in train and test dataset, builds
a model on various collaborative filtering techniques, picks
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the model which is best and provides recommendation based
on the best model choose.

Various distance metrics are also discussed in the paper
that helpsinfinding userssimilar to the current user. Precision
and recall are used to verify the accuracy of the model. In this
time of big data, continuously improving collaborative
algorithm will help in providing better recommendations to
the user in lesstime and effort.
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