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ABSTRACT

Recommender systems are becoming an inseparable part of many modern Internet web sites and web

shops. The quality of recommendations made may significantly influence the browsing experience of the

user and revenues made by web site owners. Developers can choose between a variety of recommender

algorithms, unfortunately no general scheme exists for evaluation of their recall and precision. In this

chapter, the authors propose a method based on cross-validation for diagnosing the strengths and weak-

nesses of recommender algorithms. The method not only splits initial data into a training and test subsets,

but also splits the attribute set into a hidden and visible part. Experiments were performed on a user-

based and item-based recommender algorithm. These algorithms were applied to the MovieLens dataset,

and the authors found classical user-based methods perform better in terms of recall and precision.

INTRODUCTION

A modern Internet user rather frequently faces
recommender systems. Recommender systems
are defined by the ACM Recommender Systems
conference as “software applications that aim
to support users in their decision-making while
interacting with large information spaces. They
recommend items of interest to users based on
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preferences they have expressed, either explicitly
or implicitly” RecSys (2011). The paper by Ado-
mavicius et al. (2005) presented a survey on the
state of the art of recommendation algorithms and
grouped them in three main categories: content-
based (also referred to as item-based), collabora-
tive (also referred to as user-based), and hybrid
recommendation approaches. Anexample ofaweb
site where recommender systems are frequently
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used is an online bookshop. If auser buys book X
inan online book shop she also gets recommenda-
tions in the form “’other customers who bought
book X also bought books Y and Z”°. There are
also a lot of web systems which can recommend
potentially interesting web sites to a particular user;
they are called social bookmarking systems (e.g.
http://del.ici.ou.us). Other examples include the
websites http://facebook.com/ and http://twitter.
com/ and for Russian companies, the websites
http://imhonet.ru/ and http://www.ozon.ru/.
Besides the Internet the most popular and
non-technological way to get recommendation
is still friends’ suggestions. However, if a user
wants more items to buy (to watch, to read etc.)
the task is getting harder, because there may be a
lot of different options of the choice, her friends
may not be informed about latest items in the field
or just have different tastes. To cope with these
difficulties she can use so-called collaborative
filtering Goldberg et al. (1992). Recommender
algorithms based on collaborative filtering tech-
niques utilize a fairly simple scheme. They find
users of the system who have similar to her tastes
or preferences, then compose the list of items the
users selected and rank these items, and as aresult
she gets Top-N items of the list. Herlocker et al.
(2004) presented in depth research on evaluating
the quality of collaborative filtering approaches.
Another less evident but interesting application
is recommending key phrases in web advertising
systems, where firms buy advertising phrases from
web search engines to show advertisement by a
user’s request Ignatov et al. (2008), Ignatov et al.
(2008). This approach made use of Galois opera-
tors to obtain morphological association rules.

RECOMMENDER ALGORITHMS

Inthis paper without loss of generality we consider
only two groups of recommender techniques,
which can be called the classical ones, mainly
user-based and item-based approaches Badrul et
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al. (2000), Deshpande et al. (2004). A key notion
for these techniques is similarity, which can be
expressed as Jacquard measure, Pearson correla-
tion coefficient, cosine similarity etc. Initial data
are usually represented by an object-attribute
matrix, where the rows describe objects (users)
and the columns represent attributes (items). A
particular cell of the matrix can be either 1 or 0,
which stands for the fact that the item was pur-
chased or not respectively. Also the values can be
rates or marks of items, for example, film’s rates
given by users.

User-Based Recommendations

User-based methods find similarity between a
target user u0 and other users of the recommender
system. As a result the target user has n most
frequently bought items by & most similar to u,
users (customers). Let u, be a target user, u' be
items that she evaluated, sim(u,, u) be a similarity
between the target user u and another user u. In
this research we use Pearson correlation coef-
ficient as a similarity measure. Define the set of
nearest neighbors (neighborhood) for the target
user by the formula:

N(u,) = {u | sim(u,, u) < @}.

However, itis appropriate to obtain Top-Anear-
est neighbors, that is Top-k defines the threshold
©®. Hence the set of nearest neighbors includes k
users which have similarity with u, higher than
a certain threshold. After ordering the users by
decreasing similarity, one should select not only
Top-k of them, but also check the similarity value
of (k+1)-th user in the list. If this similarity value
is equal to the preceding one than one should add
(k+1)-th user to the neighborhood N(u,). One
should repeat the procedure until the next similar-
ity value changes. Since we predict the rate of an
item 7 by a specific target user u, we are interest-
ing only those users from the neighborhood who
have evaluated i:
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