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Abstract

Recommender system gives recommendations for its user and one of the
important quality aspects of the recommendations is diversity. In this paper,
effort is put for improving the aggregate diversity, diversity across all users, in
recommendations of the recommender system using ranking approach. In
presented ranking approach, to improve diversity in recommendations,
because to make user to interact with system consistently since it is e-
commerce oriented system, work is done under predefined assumptions: 1)
products already popular or declared as excellent will not be considered and 2)
products already declared as bad will not be considered in recommendation
process. The effort utilizes collaborative filtering technique for filtering
purpose, in collaborative filtering both users based and item based methods are
used one after the other. The proposed approach broadly works in two phases,
First phase, it will list out all the similar products which are collected by the
result of collaborative filtering and remove the products from list according
the assumptions. In second, it assigns ranks to the products in the list. Products
with higher rate count will get low rank and vice versa and from the ranked
products list system will recommend the information items or products to the
user and while recommending it should consider about similarity of the
products also. Here, popular products are not considered hence, long tail
products will get opportunity to be recommended and in turn improves the
aggregate diversity in recommendations.

Keywords— Recommender System, Collaborative Filtering, Diversity, User
based, Item based, Ranking, Recommendations
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Introduction

Recommender system, an information filtering technology, commonly used on e-
commerce web sites that use a collaborative filtering to present information on items
and products that are likely to be of interest to the reader or user. To presenting the
recommendations, the recommender system will use details of the registered user's
profile and opinions and habits of their whole community of users and compare the
information to reference characteristics to present the recommendations. Systems that
attempt to predict items, e.g., movies, music, books, that a user may be interested in
and Systems that help people find information that will interest them, by facilitating
social / conceptual connections or other means. Recommender system is absolute
necessity because of growth of the original information in the world every year. The
size of the original information is in terms of Exabyte, the Fig .1 shows the scenario
why there is a need of recommender system and it is because of many options are
present in the world. When a particular person wants to buy something but he do not
able to make a decision among numerous options, there exactly the recommender
system will recommend some products or information items to particular person and
those recommended to the person are relevant to the his interest. By recommending
products to person recommender system minimizes the effort for finding the relevant
products.

Which
Chject/Product to
pick?

Fig.1 Necessity of Recommender System

Businesses increases amount of information that customer must process before
they are able to select which products meet their needs. Effective solution for this
information overload problem is recommender system. To recommend products based
on different constraints like, top sellers on site, past behaviour of the user and all these
techniques are part of personalization on a site. To achieve personalization on site
means, system adapts itself to each customer. Recommender system is needed to
reach individual personalization for each user or customer. Usually presence of
recommender system will make following things and more to them get happen.

e Automates quotes like: I like this book; you might be interested in it, I saw this

movie, you’ll like it, don’t go see that movie!
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e Many of the top commerce sites use recommender systems to improve sales

e Users may find new books, music, or movies that was previously unknown to
them

e Also can find the opposite for e.g.: movies or music that will definitely not be
enjoyed

Opportunity for Recommendations

A good recommendation engine can make a difference for any online business. This is
because there are two fundamental activities online - Search and Browse. When a
consumer knows exactly what he is looking for, he searches for it. But when he is not
looking for anything specific, he browses. It is the browsing that holds the golden
opportunity for a recommendation system, because the user is not focused on finding
a specific thing — he is open to suggestions. The overview of the recommender system
is shown in the Fig.2.
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Fig.2 Overview of Recommender systems

Quality Aspects

Accuracy, it is a highly focused quality aspect of the recommendation in almost all
the works on recommender system till date. Accurate recommendation list generally
consist related or similar products and which are already popular or high rated. It
states that how products are similar to each other.

Diversity, in all the previous studies and works it is not well considered quality
aspect of recommendation. Diversity of recommendation is recently considered as
important as accuracy. Some studies argue that diversity is much required compare to
the accuracy. Diversity states how products are different to each other. There are two
types of diversity like individual diversity and aggregate diversity. In diversity, there
are two types: Individual Diversity, Number if distinct products recommended to user
and Aggregate Diversity, Number of different products recommended to all users [2].
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Assumptions of the Approach

e Product belong to ‘excellent’ group of average rating is not considered in
recommendation, because in that group products are already popular and users
can easily find them so recommendation effort will be worthless.

e Product belong to ‘bad’ group of average rating is not considered in
recommendation, because in that group products are already declared as bad
and users can not go through or invest their money on them so
recommendation effort will be worthless.

Recommendations

Currentrating
model

Ratings

Fig.3 Recommendations on Ratings

The proposed approach to achieve aggregate diversity in recommendations uses
the rating activities or purchase activities of the users. On that basis system will
collect relavant details to recommend relevant products to the user. The process of
recommendations based on ratings is shown in the Fig.3.

Related work

Recommendation Algorithms

Let U be the set of users and / be the set of items available in the recommender
system. Then, the usefulness or utility of any item 1 to any user u can be denoted as R
(u,i), which usually is represented by a rating (on a numeric, ordinal, or binary scale)
that indicates how much a particular user likes a particular item. Thus, the job of a
recommender system in the rating estimation phase, is to use known ratings as well as
other information that might be available) to estimate ratings for items that the users
have not yet consumed. For clarity, use R (u,i) to denote the actual rating that user u
gave to item 1, and R*(u,i) for the system-estimated rating for item i that user u has
not rated before [5].

Collaborative Filtering

It is a technique used by some recommender systems. Collaborative Filtering (CF) has
two senses, a narrow one and a more general one. In general, collaborative filtering is
the process of filtering for information or patterns using techniques involving
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collaboration among multiple agents, viewpoints, data sources, etc. Applications of
collaborative filtering typically involve very large data sets.

Collaborative filtering methods have been applied to many different kinds of data
including sensing and monitoring data - such as in mineral exploration, environmental
sensing over large areas or multiple sensors; financial data - such as financial service
institutions that integrate many financial sources; or in electronic commerce and web
2.0 applications where the focus is on user data, etc. In the newer, narrower sense,
collaborative filtering is a method of making automatic predictions about the interests
of a user by collecting preferences or taste information from many users.

The underlying assumption of the collaborative filtering approach is that if a
person A has the same opinion as a person B on an issue, 4 is more likely to have B's
opinion on a different issue x than to have the opinion on x of a person chosen
randomly. For example, a collaborative filtering recommendation system
for television tastes could make predictions about which television show a user should
like given a partial list of that user's tastes.

Note that these predictions are specific to the user, but use information gleaned
from many users. This differs from the simpler approach of giving an average (non-
specific) score for each item of interest, for example based on its number of votes.
Collaborative filtering technique is classified into three categories: memory based,
content based and hybrid. Here, use of memory based collaborative filtering is takes
place.

E-Commerce Application
Recommender systems are being used by an ever-increasing number of E-commerce
sites to help consumers find products to purchase. What started as a novelty has
turned into a serious business tool. Recommender systems use product knowledge —
either hand-coded knowledge provided by experts or “mined” knowledge learned
from the behaviour of consumers — to guide consumers through the often-
overwhelming task of locating products they will like. In this article authors present
an explanation of how recommender systems are related to some traditional database
analysis techniques. They examine how recommender systems help E-commerce sites
increase sales. Some works identify five commonly used E-commerce recommender
application models, describe several open research problems in the field of
recommender systems, and examine privacy implications of recommender systems
technology. The five models are listed below [1].

e Helping new and Infrequent Visitors: Broad Recommendation List

¢ Building Credibility through Community: Customer Comments and Ratings

e Inviting Customers Back: Notification Services

e Cross-Selling: Product-Associated Recommendations

¢ Building Long-Term Relationships: Deep Personalization

Recommender systems enhance E-commerce sales in three ways

Converting Browsers into Buyers

Visitors to a Web site often look over the site without purchasing anything.
Recommender systems can help consumers find products they wish to purchase.
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Increasing Cross-sell:

Recommender systems improve cross-sell by suggesting additional products for the
customer to purchase. If the recommendations are good, the average order size should
increase. For instance, a site might recommend additional products in the checkout
process, based on those products already in the shopping cart.

Building Loyalty:

In a world where a site’s competitors are only a click or two away, gaining consumer
loyalties is an essential business strategy. Recommender systems improve loyalty by
creating a value-added relationship between the site and the customer. Sites invest in
learning about their customers, use recommender systems to workable that learning,
and present custom interfaces that match consumer needs. Consumers repay these
sites by returning to the ones that best match their needs [1].

Standard Ranking Approach

Typical recommender systems predict unknown ratings based on known ratings, using
any traditional recommendation technique such as neighborhood-based or matrix
factorization CF techniques. Then, the predicted ratings are used to support the user’s
decision-making. In particular, each user u gets recommended a list of top-N items, Ly
(u), selected according to some ranking criterion. More formally, item i, is ranked
ahead of item i, (i.e., ix <iy) if rank (iy) < rank (i,), where rank: I-R is a function
representing the ranking criterion [4]. The vast majority of current recommender
systems use the predicted rating value as the ranking criterion:

rank sindaraqy=R*(u, i)’

The power of -1 in the above expression indicates that the items with highest
predicted ratings R*(u, 1) are the ones being recommended to user. Note that, by
definition, recommending the most highly predicted items selected by the standard
ranking approach is designed to help improve recommendation accuracy, but not
recommendation diversity. Therefore, new ranking criteria are needed in order to
achieve diversity improvement. Since recommending best selling items to each user
typically leads to diversity reduction, recommending less popular items intuitively
should have an effect towards increasing recommendation diversity [2].

Recommendation Method Description

Each category discussed here represents a family of algorithms and approaches. The
raw retrieval system provides customers with a search interface through which they
can query a database of items. In this case, recommendation is a “binary,” syntactic
process whereby the system recommends whatever the customer has requested. While
not technically a recommender application, such an application may appear as one to
customers.

Applications that value personality over personalization may create sets of
recommendations that have been manually selected by editors, artists, critics, and
other experts. These "human recommenders" identify items based on their own tastes,
interests, and objectives and create a list of recommended items available to



Aggregate Diversity Improvement in Recommender System 147

community members. Their recommendations are often accompanied by text
comments that help other customers evaluate and understand the recommendation.
This process most closely mimics traditional critics and editors, including both
potential insight and potential bias.

Some cases where personalization is impractical or unnecessary, recommender
applications can very efficiently provide statistical summaries of community opinion.
These summaries include within-community popularity measures and aggregate or
summary ratings. It recommends the non-personalised products and it not so efficient
on internet and this kind of products can be found in any physical stores easily.

Recommendations based on the syntactic properties of the items and customer
interests in those properties use attribute-based recommendation technologies though
the simplest attribute-based recommendation is raw retrieval, true recommenders that
use attributes model customer interests beyond a simple query. Other attribute-based
recommenders use customer profiles that indicate likes or dislikes making
recommendations to the customer.

Other applications use item-to-item correlation [3] [4] to identify items frequently
found in association with items in which a customer has expressed interest.
Association may be based on co-purchase data, preference by common customers, or
other measures. In its simplest implementation, item-to-item correlation can be used
to identify matching items for a single item, such as other clothing items that are
commonly purchased with a pair of pants.

More powerful systems match an entire set of items, such as those in a customer's
shopping cart, to identify appropriate items to recommend. Item-to-item correlation
recommender applications usually use current purchases or other current interests
rather than long-term customer history, which make them particularly well-suited for
recommending gifts.

Finally, recommender systems using user-to-user correlation [3] recommend
products to a customer based on the correlation between that customer and other
customers who have purchased products from the E-commerce site. This technology
is often called “collaborative filtering” because it originated as an information
filtering technique that used group opinions to recommend information items to
individuals Though they use the word correlation in the name of this technique, thus
hinting at nearest-neighbour techniques based on linear correlation, the technique can
be implemented with many other technologies as well.

One important issue when considering the recommendation method is whether the
computation can be performed entirely online, while the Web store is interacting with
the customer, or whether parts of the computation must be performed offline for
performance reasons.

Online recommendations are preferred because they can respond immediately to
the consumer’s preferences. Most of the recommender processes mentioned above
can be performed entirely online. Raw retrieval, manual selection, statistical
summarization, and attribute-based are all simple computations that are usually
performed during customer interaction. Item-to-item correlation and user-to-user
correlation are computationally more intensive and often require an offline component
to prepare a model that can be executed efficiently online. One challenge in designing
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the model-building is to ensure the resulting online system is as responsive as possible
to interactive input from the user.

Proposed Approach

This section of the paper explains how exactly proposed approach works. Here, two
methods of collaborative filtering used and they are user based and item based
collaborative filtering [4] to filter the users and products according to the similarity.

Client Presentation Event Layer Data Access
Layer Layer
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Fig.4 Architecture of Recommender System

First, once user gives rating or place an purchasing order for a product; system
collects all required details about the particular user and product. User details are like,
user identification number, current rate he has given, his history where all the
products for which he gave rating or he purchased, etc. Product details are like,
category of the product, sub-category of the product, attributes of the products,
average rating of products, etc.

Second, system finds similar users, by comparing the users who are all gave same
rating as the current user given to a current product. To find the similar user cosine
similarity check will be followed as given in formula (1). If many users are rated the
same products or purchased it, system will consider only top-n highly similar user,
where similarity is the result of the cosine similarity.

Third, once after finding the similar users system will find the similar products.
Similar products are from the similar users’ history. All products collected from
similar users’ history and those are similar to current product. If similar products too
many then system selects only top-n highly similar products and here also, similarity
between products checked by cosine similarity as given in formula (1).
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Sim(x,y)=cos(x’,y")= x".y /|[x’ll *[[y’ll=
Zi€lxy Ixi Ty /\/Zi€lxy I'xi \/Zi€lxy Tyi (1)

Fourth, after finding the similar products system will remove the products
according to assumptions and make sure that any similar product should not be in
current user’s history and no duplicate product in selected similar products. After that
system will assign ranks to the products in similar products list. Ranks are according
to the total number rating given to that particular product so far. If product is having
high total number of ratings then it is ranked as low and vice versa.

Sixth, system will select top-n products from ranked list started with first rank in
list. Those top-n products recommended to the user.

The technical architecture of the proposed approach is shown in Fig.4. Here, it
clearly shows that data access layer will directly interacts with data server. Data is
collected from the users’ activities and related data for user and products are collected
from data store of the server.

When there is increase in diversity of the recommendation, there is decrease in
accuracy of the recommendations because diversity includes many different products.
Fig.5 shows how the increase of the diversity will decrease the accuracy of the
recommendations.
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Fig.5 Increase of Diversity

If diversity increases means it actually states that there are many long tail products
are added in the recommendations. Once many and many long tail products are taken
into the consideration for recommendation in recommender system then there is loss
of precision or accuracy. The variations of long tail products and accuracy of the
recommendation is shown in the Fig.6.
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Fig.6 Accuracy Loss and more Long Tail Products

Conclusion

The proposed approach achieves aggregate diversity in recommendations. By
applying this approach, long tail products get an opportunity to become recommended
to the user. Long tail products get an opportunity because all the highly popular or
products which are having high total count of ratings are ranked low and products
which are less popular are ranked high, then long tail products are ranked high and
products from that ranked list are recommended. This approach also give exposure
the e-business since it is recommending products which different across all users and
relevant to the each user.
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