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Preface

Recommender Systems are software tools and techniques providing suggestions for
items to be of use to a user. The suggestions provided are aimed at supporting their
users in various decision-making processes, such as what items to buy, what music
to listen, or what news to read. Recommender systems have proven to be valu-
able means for online users to cope with the information overload and have
become one of the most powerful and popular tools in electronic commerce.
Correspondingly, various techniques for recommendation generation have been
proposed and during the last decade, many of them have also been successfully
deployed in commercial environments.

Development of recommender systems is a multi-disciplinary effort which in-
volves experts from various fields such as Artificial intelligence, Human Computer
Interaction, Information Technology, Data Mining, Statistics, Adaptive User Inter-
faces, Decision Support Systems, Marketing, or Consumer Behavior. Recommender
Systems Handbook: A Complete Guide for Research Scientists and Practitioners
aims to impose a degree of order upon this diversity by presenting a coherent and
unified repository of recommender systems’ major concepts, theories, methodolo-
gies, trends, challenges and applications. This is the first comprehensive book which
is dedicated entirely to the field of recommender systems and covers several aspects
of the major techniques. Its informative, factual pages will provide researchers, stu-
dents and practitioners in industry with a comprehensive, yet concise and con-
venient reference source to recommender systems. The book describes in detail the
classical methods, as well as extensions and novel approaches that were recently in-
troduced. The book consists of five parts: techniques, applications and evaluation of
recommender systems, interacting with recommender systems, recommender sys-
tems and communities, and advanced algorithms. The first part presents the most
popular and fundamental techniques used nowadays for building recommender sys-
tems, such as collaborative filtering, content-based filtering, data mining methods
and context-aware methods. The second part starts by surveying techniques and ap-
proaches that have been used to evaluate the quality of the recommendations. Then
deals with the practical aspects of designing recommender systems, it describes de-
sign and implementation consideration, setting guidelines for the selection of the
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more suitable algorithms. The section continues considering aspects that may affect
the design and finally, it discusses methods, challenges and measures to be applied
for the evaluation of the developed systems. The third part includes papers dealing
with a number of issues related to the presentation, browsing, explanation and vi-
sualization of the recommendations, and techniques that make the recommendation
process more structured and conversational.

The fourth part is fully dedicated to a rather new topic, which is however rooted in
the core idea of a collaborative recommender, i.e., exploiting user generated content
of various types to build new types and more credible recommendations.

Finally the last section collects a few papers on some advanced topics, such as
the exploitation of active learning principles to guide the acquisition of new knowl-
edge, techniques suitable for making a recommender system robust against attacks
of malicious users, and recommender systems that aggregate multiple types of user
feedbacks and preferences to build more reliable recommendations.

We would like to thank all authors for their valuable contributions. We would
like to express gratitude for all reviewers that generously gave comments on drafts or
counsel otherwise. We would like to express our special thanks to Susan Lagerstrom-
Fife and staff members of Springer for their kind cooperation throughout the pro-
duction of this book. Finally, we wish this handbook will contribute to the growth
of this subject, we wish to the novices a fruitful learning path, and to those more ex-
perts a compelling application of the ideas discussed in this handbook and a fruitful
development of this challenging research area.

Francesco Ricci

Lior Rokach

Bracha Shapira

May 2010 Paul B. Kantor
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Chapter 1

Introduction to Recommender Systems
Handbook

Francesco Ricci, Lior Rokach and Bracha Shapira

Abstract Recommender Systems (RSs) are software tools and techniques providing
suggestions for items to be of use to a user. In this introductory chapter we briefly
discuss basic RS ideas and concepts. Our main goal is to delineate, in a coherent
and structured way, the chapters included in this handbook and to help the reader
navigate the extremely rich and detailed content that the handbook offers.

1.1 Introduction

Recommender Systems (RSs) are software tools and techniques providing sugges-
tions for items to be of use to a user [60, 85, 25]. The suggestions relate to various
decision-making processes, such as what items to buy, what music to listen to, or
what online news to read.

“Item” is the general term used to denote what the system recommends to users.
A RS normally focuses on a specific type of item (e.g., CDs, or news) and accord-
ingly its design, its graphical user interface, and the core recommendation technique
used to generate the recommendations are all customized to provide useful and ef-
fective suggestions for that specific type of item.

RSs are primarily directed towards individuals who lack sufficient personal ex-
perience or competence to evaluate the potentially overwhelming number of alter-
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native items that a Web site, for example, may offer [85]. A case in point is a book
recommender system that assists users to select a book to read. In the popular Web
site, Amazon.com, the site employs a RS to personalize the online store for each
customer [47]. Since recommendations are usually personalized, different users or
user groups receive diverse suggestions. In addition there are also non-personalized
recommendations. These are much simpler to generate and are normally featured in
magazines or newspapers. Typical examples include the top ten selections of books,
CDs etc. While they may be useful and effective in certain situations, these types of
non-personalized recommendations are not typically addressed by RS research.

In their simplest form, personalized recommendations are offered as ranked lists
of items. In performing this ranking, RSs try to predict what the most suitable prod-
ucts or services are, based on the user’s preferences and constraints. In order to
complete such a computational task, RSs collect from users their preferences, which
are either explicitly expressed, e.g., as ratings for products, or are inferred by inter-
preting user actions. For instance, a RS may consider the navigation to a particular
product page as an implicit sign of preference for the items shown on that page.

RSs development initiated from a rather simple observation: individuals often
rely on recommendations provided by others in making routine, daily decisions
[60, 70]. For example it is common to rely on what one’s peers recommend when
selecting a book to read; employers count on recommendation letters in their re-
cruiting decisions; and when selecting a movie to watch, individuals tend to read
and rely on the movie reviews that a film critic has written and which appear in the
newspaper they read.

In seeking to mimic this behavior, the first RSs applied algorithms to leverage
recommendations produced by a community of users to deliver recommendations
to an active user, i.e., a user looking for suggestions. The recommendations were
for items that similar users (those with similar tastes) had liked. This approach is
termed collaborative-filtering and its rationale is that if the active user agreed in the
past with some users, then the other recommendations coming from these similar
users should be relevant as well and of interest to the active user.

As e-commerce Web sites began to develop, a pressing need emerged for pro-
viding recommendations derived from filtering the whole range of available alter-
natives. Users were finding it very difficult to arrive at the most appropriate choices
from the immense variety of items (products and services) that these Web sites were
offering.

The explosive growth and variety of information available on the Web and the
rapid introduction of new e-business services (buying products, product compari-
son, auction, etc.) frequently overwhelmed users, leading them to make poor deci-
sions. The availability of choices, instead of producing a benefit, started to decrease
users’ well-being. It was understood that while choice is good, more choice is not
always better. Indeed, choice, with its implications of freedom, autonomy, and self-
determination can become excessive, creating a sense that freedom may come to be
regarded as a kind of misery-inducing tyranny [96].

RSs have proved in recent years to be a valuable means for coping with the infor-
mation overload problem. Ultimately a RS addresses this phenomenon by pointing
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a user towards new, not-yet-experienced items that may be relevant to the users
current task. Upon a user’s request, which can be articulated, depending on the rec-
ommendation approach, by the user’s context and need, RSs generate recommen-
dations using various types of knowledge and data about users, the available items,
and previous transactions stored in customized databases. The user can then browse
the recommendations. She may accept them or not and may provide, immediately
or at a next stage, an implicit or explicit feedback. All these user actions and feed-
backs can be stored in the recommender database and may be used for generating
new recommendations in the next user-system interactions.

As noted above, the study of recommender systems is relatively new compared to
research into other classical information system tools and techniques (e.g., databases
or search engines). Recommender systems emerged as an independent research area
in the mid-1990s [35, 60, 70, 7]. In recent years, the interest in recommender sys-
tems has dramatically increased, as the following facts indicate:

1. Recommender systems play an important role in such highly rated Internet sites
as Amazon.com, YouTube, Netflix, Yahoo, Tripadvisor, Last.fm, and IMDb.
Moreover many media companies are now developing and deploying RSs as part
of the services they provide to their subscribers. For example Netflix, the online
movie rental service, awarded a million dollar prize to the team that first suc-
ceeded in improving substantially the performance of its recommender system
[54].

2. There are dedicated conferences and workshops related to the field. We refer
specifically to ACM Recommender Systems (RecSys), established in 2007 and
now the premier annual event in recommender technology research and appli-
cations. In addition, sessions dedicated to RSs are frequently included in the
more traditional conferences in the area of data bases, information systems and
adaptive systems. Among these conferences are worth mentioning ACM SIGIR
Special Interest Group on Information Retrieval (SIGIR), User Modeling, Adap-
tation and Personalization (UMAP), and ACM’s Special Interest Group on Man-
agement Of Data (SIGMOD).

3. Atinstitutions of higher education around the world, undergraduate and graduate
courses are now dedicated entirely to RSs; tutorials on RSs are very popular at
computer science conferences; and recently a book introducing RSs techniques
was published [48].

4. There have been several special issues in academic journals covering research
and developments in the RS field. Among the journals that have dedicated issues
to RS are: Al Communications (2008); IEEE Intelligent Systems (2007); Inter-
national Journal of Electronic Commerce (2006); International Journal of Com-
puter Science and Applications (2006); ACM Transactions on Computer-Human
Interaction (2005); and ACM Transactions on Information Systems (2004).

In this introductory chapter we briefly discuss basic RS ideas and concepts. Our
main goal is not much to present a self-contained comprehensive introduction or
survey on RSs but rather to delineate, in a coherent and structured way, the chapters
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included in this handbook and to help the reader navigate the extremely rich and
detailed content that the handbook offers.

The handbook is divided into five sections: techniques; applications and evalua-
tion of RSs; interacting with RSs; RSs and communities; and advanced algorithms.

The first section presents the techniques most popularly used today for build-
ing RSs, such as collaborative filtering; content-based, data mining methods; and
context-aware methods.

The second section surveys techniques and approaches that have been utilized to
evaluate the quality of the recommendations. It also deals with the practical aspects
of designing recommender systems; describes design and implementation consider-
ations; and sets guidelines for selecting the more suitable algorithms. The section
also considers aspects that may affect RS design (domain, device, users, etc.). Fi-
nally, it discusses methods, challenges and measures to be applied in evaluating the
developed systems.

The third section includes papers dealing with a number of issues related to how
recommendations are presented, browsed, explained and visualized. The techniques
that make the recommendation process more structured and conversational are dis-
cussed here.

The fourth section is fully dedicated to a rather new topic, exploiting user-
generated content (UGC) of various types (tags, search queries, trust evaluations,
etc.) to generate innovative types of recommendations and more credible ones. De-
spite its relative newness, this topic is essentially rooted in the core idea of a collab-
orative recommender,

The last selection presents papers on various advanced topics, such as: the ex-
ploitation of active learning principles to guide the acquisition of new knowledge;
suitable techniques for protecting a recommender system against attacks of mali-
cious users; and RSs that aggregate multiple types of user feedbacks and preferences
to build more reliable recommendations.

1.2 Recommender Systems Function

In the previous section we defined RSs as software tools and techniques providing
users with suggestions for items a user may wish to utilize. Now we want to refine
this definition illustrating a range of possible roles that a RS can play. First of all,
we must distinguish between the role played by the RS on behalf of the service
provider from that of the user of the RS. For instance, a travel recommender system
is typically introduced by a travel intermediary (e.g., Expedia.com) or a destination
management organization (e.g., Visitfinland.com) to increase its turnover (Expedia),
i.e., sell more hotel rooms, or to increase the number of tourists to the destination
[86]. Whereas, the user’s primary motivations for accessing the two systems is to
find a suitable hotel and interesting events/attractions when visiting a destination.

In fact, there are various reasons as to why service providers may want to exploit
this technology:



1 Introduction to Recommender Systems Handbook 5

o Increase the number of items sold. This is probably the most important function

for a commercial RS, i.e., to be able to sell an additional set of items compared
to those usually sold without any kind of recommendation. This goal is achieved
because the recommended items are likely to suit the user’s needs and wants.
Presumably the user will recognize this after having tried several recommenda-
tions'. Non-commercial applications have similar goals, even if there is no cost
for the user that is associated with selecting an item. For instance, a content net-
work aims at increasing the number of news items read on its site.
In general, we can say that from the service provider’s point of view, the primary
goal for introducing a RS is to increase the conversion rate, i.e., the number of
users that accept the recommendation and consume an item, compared to the
number of simple visitors that just browse through the information.

o Sell more diverse items. Another major function of a RS is to enable the user
to select items that might be hard to find without a precise recommendation.
For instance, in a movie RS such as Netflix, the service provider is interested
in renting all the DVDs in the catalogue, not just the most popular ones. This
could be difficult without a RS since the service provider cannot afford the risk
of advertising movies that are not likely to suit a particular user’s taste. Therefore,
a RS suggests or advertises unpopular movies to the right users

o [Increase the user satisfaction. A well designed RS can also improve the expe-
rience of the user with the site or the application. The user will find the recom-
mendations interesting, relevant and, with a properly designed human-computer
interaction, she will also enjoy using the system. The combination of effective,
1.e., accurate, recommendations and a usable interface will increase the user’s
subjective evaluation of the system. This in turn will increase system usage and
the likelihood that the recommendations will be accepted.

e Increase user fidelity. A user should be loyal to a Web site which, when visited,
recognizes the old customer and treats him as a valuable visitor. This is a nor-
mal feature of a RS since many RSs compute recommendations, leveraging the
information acquired from the user in previous interactions, e.g., her ratings of
items. Consequently, the longer the user interacts with the site, the more refined
her user model becomes, i.e., the system representation of the user’s preferences,
and the more the recommender output can be effectively customized to match the
user’s preferences.

e Better understand what the user wants. Another important function of a RS,
which can be leveraged to many other applications, is the description of the
user’s preferences, either collected explicitly or predicted by the system. The
service provider may then decide to re-use this knowledge for a number of other
goals such as improving the management of the item’s stock or production. For
instance, in the travel domain, destination management organizations can decide
to advertise a specific region to new customer sectors or advertise a particular

! This issue, convincing the user to accept a recommendation, is discussed again when we explain
the difference between predicting the user interest in an item and the likelihood that the user will
select the recommended item.
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type of promotional message derived by analyzing the data collected by the RS
(transactions of the users).

We mentioned above some important motivations as to why e-service providers
introduce RSs. But users also may want a RS, if it will effectively support their tasks
or goals. Consequently a RS must balance the needs of these two players and offer
a service that is valuable to both.

Herlocker et al. [25], in a paper that has become a classical reference in this
field, define eleven popular tasks that a RS can assist in implementing. Some may
be considered as the main or core tasks that are normally associated with a RS,
i.e., to offer suggestions for items that may be useful to a user. Others might be
considered as more “opportunistic” ways to exploit a RS. As a matter of fact, this
task differentiation is very similar to what happens with a search engine, Its primary
function is to locate documents that are relevant to the user’s information need, but
it can also be used to check the importance of a Web page (looking at the position
of the page in the result list of a query) or to discover the various usages of a word
in a collection of documents.

o Find Some Good Items: Recommend to a user some items as a ranked list along
with predictions of how much the user would like them (e.g., on a one- to five-
star scale). This is the main recommendation task that many commercial systems
address (see, for instance, Chapter 9). Some systems do not show the predicted
rating.

e Find all good items: Recommend all the items that can satisfy some user needs.
In such cases it is insufficient to just find some good items. This is especially true
when the number of items is relatively small or when the RS is mission-critical,
such as in medical or financial applications. In these situations, in addition to the
benefit derived from carefully examining all the possibilities, the user may also
benefit from the RS ranking of these items or from additional explanations that
the RS generates.

e Annotation in context: Given an existing context, e.g., a list of items, emphasize
some of them depending on the user’s long-term preferences. For example, a
TV recommender system might annotate which TV shows displayed in the elec-
tronic program guide (EPG) are worth watching (Chapter 18 provides interesting
examples of this task).

e Recommend a sequence: Instead of focusing on the generation of a single rec-
ommendation, the idea is to recommend a sequence of items that is pleasing as
a whole. Typical examples include recommending a TV series; a book on RSs
after having recommended a book on data mining; or a compilation of musical
tracks [99], [39].

o Recommend a bundle: Suggest a group of items that fits well together. For in-
stance a travel plan may be composed of various attractions, destinations, and
accommodation services that are located in a delimited area. From the point of
view of the user these various alternatives can be considered and selected as a
single travel destination [87].



1

Introduction to Recommender Systems Handbook 7

Just browsing: In this task, the user browses the catalog without any imminent
intention of purchasing an item. The task of the recommender is to help the user
to browse the items that are more likely to fall within the scope of the user’s inter-
ests for that specific browsing session. This is a task that has been also supported
by adaptive hypermedia techniques [23].

Find credible recommender: Some users do not trust recommender systems thus
they play with them to see how good they are in making recommendations.
Hence, some system may also offer specific functions to let the users test its
behavior in addition to those just required for obtaining recommendations.
Improve the profile: This relates to the capability of the user to provide (input)
information to the recommender system about what he likes and dislikes. This is
a fundamental task that is strictly necessary to provide personalized recommen-
dations. If the system has no specific knowledge about the active user then it can
only provide him with the same recommendations that would be delivered to an
“average” user.

Express self: Some users may not care about the recommendations at all. Rather,
what it is important to them is that they be allowed to contribute with their rat-
ings and express their opinions and beliefs. The user satisfaction for that activity
can still act as a leverage for holding the user tightly to the application (as we
mentioned above in discussing the service provider’s motivations).

Help others: Some users are happy to contribute with information, e.g., their
evaluation of items (ratings), because they believe that the community benefits
from their contribution. This could be a major motivation for entering informa-
tion into a recommender system that is not used routinely. For instance, with a
car RS, a user, who has already bought her new car is aware that the rating en-
tered in the system is more likely to be useful for other users rather than for the
next time she will buy a car.

Influence others: In Web-based RSs, there are users whose main goal is to ex-
plicitly influence other users into purchasing particular products. As a matter of
fact, there are also some malicious users that may use the system just to promote
or penalize certain items (see Chapter 25).

As these various points indicate, the role of a RS within an information system

can be quite diverse. This diversity calls for the exploitation of a range of different
knowledge sources and techniques and in the next two sections we discuss the data
a RS manages and the core technique used to identify the right recommendations.

1.3 Data and Knowledge Sources

RSs are information processing systems that actively gather various kinds of data
in order to build their recommendations. Data is primarily about the items to sug-
gest and the users who will receive these recommendations. But, since the data
and knowledge sources available for recommender systems can be very diverse,
ultimately, whether they can be exploited or not depends on the recommendation
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technique (see also section 1.4). This will become clearer in the various chapters
included in this handbook (see in particular Chapter 11).

In general, there are recommendation techniques that are knowledge poor, i.e.,
they use very simple and basic data, such as user ratings/evaluations for items
(Chapters 35, 4). Other techniques are much more knowledge dependent, e.g., us-
ing ontological descriptions of the users or the items (Chapter 3), or constraints
(Chapter 6), or social relations and activities of the users (Chapter 19). In any case,
as a general classification, data used by RSs refers to three kinds of objects: items,
users, and transactions, i.e., relations between users and items.

Items. Items are the objects that are recommended. Items may be characterized
by their complexity and their value or utility. The value of an item may be positive if
the item is useful for the user, or negative if the item is not appropriate and the user
made a wrong decision when selecting it. We note that when a user is acquiring an
item she will always incur in a cost, which includes the cognitive cost of searching
for the item and the real monetary cost eventually paid for the item.

For instance, the designer of a news RS must take into account the complexity of
anews item, i.e., its structure, the textual representation, and the time-dependent im-
portance of any news item. But, at the same time, the RS designer must understand
that even if the user is not paying for reading news, there is always a cognitive cost
associated to searching and reading news items. If a selected item is relevant for the
user this cost is dominated by the benefit of having acquired a useful information,
whereas if the item is not relevant the net value of that item for the user, and its
recommendation, is negative. In other domains, e.g., cars, or financial investments,
the true monetary cost of the items becomes an important element to consider when
selecting the most appropriate recommendation approach.

Items with low complexity and value are: news, Web pages, books, CDs, movies.
Items with larger complexity and value are: digital cameras, mobile phones, PCs,
etc. The most complex items that have been considered are insurance policies, fi-
nancial investments, travels, jobs [72].

RSs, according to their core technology, can use a range of properties and fea-
tures of the items. For example in a movie recommender system, the genre (such
as comedy, thriller, etc.), as well as the director, and actors can be used to describe
a movie and to learn how the utility of an item depends on its features. Items can
be represented using various information and representation approaches, e.g., in a
minimalist way as a single id code, or in a richer form, as a set of attributes, but even
as a concept in an ontological representation of the domain (Chapter 3).

Users. Users of a RS, as mentioned above, may have very diverse goals and char-
acteristics. In order to personalize the recommendations and the human-computer
interaction, RSs exploit a range of information about the users. This information
can be structured in various ways and again the selection of what information to
model depends on the recommendation technique.

For instance, in collaborative filtering, users are modeled as a simple list contain-
ing the ratings provided by the user for some items. In a demographic RS, socio-
demographic attributes such as age, gender, profession, and education, are used.
User data is said to constitute the user model [21, 32]. The user model profiles the
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user, i.e., encodes her preferences and needs. Various user modeling approaches
have been used and, in a certain sense, a RS can be viewed as a tool that generates
recommendations by building and exploiting user models [19, 20]. Since no person-
alization is possible without a convenient user model, unless the recommendation is
non-personalized, as in the top-10 selection, the user model will always play a cen-
tral role. For instance, considering again a collaborative filtering approach, the user
is either profiled directly by its ratings to items or, using these ratings, the system
derives a vector of factor values, where users differ in how each factor weights in
their model (Chapters 5 and 4).

Users can also be described by their behavior pattern data, for example, site
browsing patterns (in a Web-based recommender system) [107], or travel search
patterns (in a travel recommender system) [60]. Moreover, user data may include re-
lations between users such as the trust level of these relations between users (Chap-
ter 20). A RS might utilize this information to recommend items to users that were
preferred by similar or trusted users.

Transactions. We generically refer to a transaction as a recorded interaction be-
tween a user and the RS. Transactions are log-like data that store important infor-
mation generated during the human-computer interaction and which are useful for
the recommendation generation algorithm that the system is using. For instance,
a transaction log may contain a reference to the item selected by the user and a
description of the context (e.g., the user goal/query) for that particular recommen-
dation. If available, that transaction may also include an explicit feedback the user
has provided, such as the rating for the selected item.

In fact, ratings are the most popular form of transaction data that a RS collects.
These ratings may be collected explicitly or implicitly. In the explicit collection of
ratings, the user is asked to provide her opinion about an item on a rating scale.
According to [93], ratings can take on a variety of forms:

e Numerical ratings such as the 1-5 stars provided in the book recommender asso-
ciated with Amazon.com.

e Ordinal ratings, such as “strongly agree, agree, neutral, disagree, strongly dis-
agree” where the user is asked to select the term that best indicates her opinion
regarding an item (usually via questionnaire).

e Binary ratings that model choices in which the user is simply asked to decide if
a certain item is good or bad.

e Unary ratings can indicate that a user has observed or purchased an item, or
otherwise rated the item positively. In such cases, the absence of a rating indicates
that we have no information relating the user to the item (perhaps she purchased
the item somewhere else).

Another form of user evaluation consists of tags associated by the user with the
items the system presents. For instance, in Movielens RS (http://movielens.umn.edu)
tags represent how MovieLens users feel about a movie, e.g.: “too long”, or “act-
ing”. Chapter 19 focuses on these types of transactions.

In transactions collecting implicit ratings, the system aims to infer the users opin-
ion based on the user’s actions. For example, if a user enters the keyword “Yoga” at
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Amazon.com she will be provided with a long list of books. In return, the user may
click on a certain book on the list in order to receive additional information. At this
point, the system may infer that the user is somewhat interested in that book.

In conversational systems, i.e., systems that support an interactive process, the
transaction model is more refined. In these systems user requests alternate with sys-
tem actions (see Chapter 13). That is, the user may request a recommendation and
the system may produce a suggestion list. But it can also request additional user
preferences to provide the user with better results. Here, in the transaction model,
the system collects the various requests-responses, and may eventually learn to mod-
ify its interaction strategy by observing the outcome of the recommendation process
[60].

1.4 Recommendation Techniques

In order to implement its core function, identifying the useful items for the user, a
RS must predict that an item is worth recommending. In order to do this, the system
must be able to predict the utility of some of them, or at least compare the utility of
some items, and then decide what items to recommend based on this comparison.
The prediction step may not be explicit in the recommendation algorithm but we can
still apply this unifying model to describe the general role of a RS. Here our goal
is to provide the reader with a unifying perspective rather than an account of all the
different recommendation approaches that will be illustrated in this handbook.

To illustrate the prediction step of a RS, consider, for instance, a simple, non-
personalized, recommendation algorithm that recommends just the most popular
songs. The rationale for using this approach is that in absence of more precise in-
formation about the user’s preferences, a popular song, i.e., something that is liked
(high utility) by many users, will also be probably liked by a generic user, at least
more than another randomly selected song. Hence the utility of these popular songs
is predicted to be reasonably high for this generic user.

This view of the core recommendation computation as the prediction of the util-
ity of an item for a user has been suggested in [3]. They model this degree of utility
of the user u for the item i as a (real valued) function R(u,i), as is normally done
in collaborative filtering by considering the ratings of users for items. Then the fun-
damental task of a collaborative filtering RS is to predict the value of R over pairs
of users and items, i.e., to compute Ié(u7 i), where we denote with R the estimation,
computed by the RS, of the true function R. Consequently, having computed this
prediction for the active user u on a set of items, i.e., R(u,i1),...,R(u,iy) the sys-
tem will recommend the items ij,,...,ij, (K < N) with the largest predicted utility.
K is typically a small number, i.e., much smaller than the cardinality of the item data
set or the items on which a user utility prediction can be computed, i.e., RSs “filter”
the items that are recommended to users.

As mentioned above, some recommender systems do not fully estimate the utility
before making a recommendation but they may apply some heuristics to hypothe-
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size that an item is of use to a user. This is typical, for instance, in knowledge-based
systems. These utility predictions are computed with specific algorithms (see below)
and use various kind of knowledge about users, items, and the utility function itself
(see section 1.3) [25]. For instance, the system may assume that the utility function
is Boolean and therefore it will just determine whether an item is or is not useful
for the user. Consequently, assuming that there is some available knowledge (possi-
bly none) about the user who is requesting the recommendation, knowledge about
items, and other users who received recommendations, the system will leverage this
knowledge with an appropriate algorithm to generate various utility predictions and
hence recommendations [25].

It is also important to note that sometimes the user utility for an item is observed
to depend on other variables, which we generically call “contextual” [1]. For in-
stance, the utility of an item for a user can be influenced by the domain knowledge
of the user (e.g., expert vs. beginning users of a digital camera), or can depend on
the time when the recommendation is requested. Or the user may be more inter-
ested in items (e.g., a restaurant) closer to his current location. Consequently, the
recommendations must be adapted to these specific additional details and as a result
it becomes harder and harder to correctly estimate what the right recommendations
are.

This handbook presents several different types of recommender systems that vary
in terms of the addressed domain, the knowledge used, but especially in regard to
the recommendation algorithm, i.e., how the prediction of the utility of a recom-
mendation, as mentioned at the beginning of this section, is made. Other differences
relate to how the recommendations are finally assembled and presented to the user in
response to user requests. These aspects are also discussed later in this introduction.

To provide a first overview of the different types of RSs, we want to quote a
taxonomy provided by [25] that has become a classical way of distinguishing be-
tween recommender systems and referring to them. [25] distinguishes between six
different classes of recommendation approaches:

Content-based: The system learns to recommend items that are similar to the
ones that the user liked in the past. The similarity of items is calculated based on the
features associated with the compared items. For example, if a user has positively
rated a movie that belongs to the comedy genre, then the system can learn to rec-
ommend other movies from this genre. Chapter 3 provides an overview of content-
based recommender systems, imposing some order among the extensive and diverse
aspects involved in their design and implementation. It presents the basic concepts
and terminology of content-based RSs, their high level architecture, and their main
advantages and drawbacks. The chapter then surveys state-of-the-art systems that
have been adopted in several application domains. The survey encompasses a thor-
ough description of both classical and advanced techniques for representing items
and user profiles. Finally, it discusses trends and future research which might lead
towards the next generation of recommender systems.

Collaborative filtering: The simplest and original implementation of this ap-
proach [93] recommends to the active user the items that other users with similar
tastes liked in the past. The similarity in taste of two users is calculated based on
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the similarity in the rating history of the users. This is the reason why [94] refers
to collaborative filtering as “people-to-people correlation.” Collaborative filtering is
considered to be the most popular and widely implemented technique in RS.

Chapter 4 presents a comprehensive survey of neighborhood-based methods for
collaborative filtering. Neighborhood methods focus on relationships between items
or, alternatively, between users. An item-item approach models the preference of a
user to an item based on ratings of similar items by the same user. Nearest-neighbors
methods enjoy considerable popularity due to their simplicity, efficiency, and their
ability to produce accurate and personalized recommendations. The authors will ad-
dress the essential decisions that are required when implementing a neighborhood-
based recommender system and provide practical information on how to make such
decisions.

Finally, the chapter deals with problems of data sparsity and limited coverage,
often observed in large commercial recommender systems. A few solutions to over-
come these problems are presented.

Chapter 5 presents several recent extensions available for building CF recom-
menders. Specifically, the authors discuss latent factor models, such as matrix fac-
torization (e.g., Singular Value Decomposition, SVD). These methods transform
both items and users to the same latent factor space. The latent space is then used
to explain ratings by characterizing both products and users in term of factors auto-
matically inferred from user feedback. The authors elucidate how SVD can handle
additional features of the data, including implicit feedback and temporal informa-
tion. They also describe techniques to address shortcomings of neighborhood tech-
niques by suggesting more rigorous formulations using global optimization tech-
niques. Utilizing such techniques makes it possible to lift the limit on neighborhood
size and to address implicit feedback and temporal dynamics. The resulting accuracy
is close to that of matrix factorization models, while offering a number of practical
advantages.

Demographic: This type of system recommends items based on the demo-
graphic profile of the user. The assumption is that different recommendations should
be generated for different demographic niches. Many Web sites adopt simple and
effective personalization solutions based on demographics. For example, users are
dispatched to particular Web sites based on their language or country. Or sugges-
tions may be customized according to the age of the user. While these approaches
have been quite popular in the marketing literature, there has been relatively little
proper RS research into demographic systems [59].

Knowledge-based: Knowledge-based systems recommend items based on spe-
cific domain knowledge about how certain item features meet users needs and pref-
erences and, ultimately, how the item is useful for the user. Notable knowledge-
based recommender systems are case-based [22, 87]. In these systems a similarity
function estimates how much the user needs (problem description) match the rec-
ommendations (solutions of the problem). Here the similarity score can be directly
interpreted as the utility of the recommendation for the user.

Constraint-based systems are another type of knowledge-based RSs (Chapter 6).
In terms of used knowledge, both systems are similar: user requirements are col-
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lected; repairs for inconsistent requirements are automatically proposed in situations
where no solutions could be found; and recommendation results are explained. The
major difference lies in the way solutions are calculated. Case-based recommenders
determine recommendations on the basis of similarity metrics whereas constraint-
based recommenders predominantly exploit predefined knowledge bases that con-
tain explicit rules about how to relate customer requirements with item features.

Knowledge-based systems tend to work better than others at the beginning of
their deployment but if they are not equipped with learning components they may be
surpassed by other shallow methods that can exploit the logs of the human/computer
interaction (as in CF).

Community-based: This type of system recommends items based on the pref-
erences of the users friends. This technique follows the epigram “Tell me who your
friends are, and I will tell you who you are”. [8, 14]. Evidence suggests that people
tend to rely more on recommendations from their friends than on recommendations
from similar but anonymous individuals [103]. This observation, combined with
the growing popularity of open social networks, is generating a rising interest in
community-based systems or, as or as they usually referred to, social recommender
systems [34]. This type of RSs models and acquires information about the social
relations of the users and the preferences of the user’s friends. The recommenda-
tion is based on ratings that were provided by the user’s friends. In fact these RSs
are following the rise of social-networks and enable a simple and comprehensive
acquisition of data related to the social relations of the users.

The research in this area is still in its early phase and results about the systems
performance are mixed. For example, [34, 64] report that overall, social-network-
based recommendations are no more accurate than those derived from traditional
CF approaches, except in special cases, such as when user ratings of a specific item
are highly varied (i.e. controversial items) or for cold-start situations, i.e., where the
users did not provide enough ratings to compute similarity to other users. Others
have showed that in some cases social-network data yields better recommendations
than profile similarity data [37] and that adding social network data to traditional
CF improves recommendation results [36]. The chapter 20 provides a survey of the
findings in this field and analyzes current results.

Hybrid recommender systems: These RSs are based on the combination of the
above mentioned techniques. A hybrid system combining techniques A and B tries
to use the advantages of A to fix the disadvantages of B. For instance, CF methods
suffer from new-item problems, i.e., they cannot recommend items that have no
ratings. This does not limit content-based approaches since the prediction for new
items is based on their description (features) that are typically easily available. Given
two (or more) basic RSs techniques, several ways have been proposed for combining
them to create a new hybrid system (see [25] for the precise descriptions).

As we have already mentioned, the context of the user when she is seeking a
recommendation can be used to better personalize the output of the system. For
example, in a temporal context, vacation recommendations in winter should be very
different from those provided in summer. Or a restaurant recommendation for a
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Saturday evening with your friends should be different from that suggested for a
workday lunch with co-workers.

Chapter 7 presents the general notion of context and how it can be modeled in
RS:s. Discussing the possibilities of combining several context-aware recommenda-
tion techniques into a single unified approach, the authors also provide a case study
of one such combined approach.

Three different algorithmic paradigms for incorporating contextual information
into the recommendation process are discussed: reduction-based (pre-filtering), con-
textual post filtering, and context modeling. In reduction-based (pre-filtering) meth-
ods, only the information that matches the current usage context, e.g., the ratings
for items evaluated in the same context, are used to compute the recommendations.
In contextual post filtering, the recommendation algorithm ignores the context in-
formation. The output of the algorithm is filtered/adjusted to include only the rec-
ommendations that are relevant in the target context. In the contextual modeling,
the more sophisticated of the three approaches, context data is explicitly used in the
prediction model.

1.5 Application and Evaluation

Recommender system research is being conducted with a strong emphasis on prac-
tice and commercial applications, since, aside from its theoretical contribution, is
generally aimed at practically improving commercial RSs. Thus, RS research in-
volves practical aspects that apply to the implementation of these systems. These
aspects are relevant to different stages in the life cycle of a RS, namely, the de-
sign of the system, its implementation and its maintenance and enhancement during
system operation.

The aspects that apply to the design stage include factors that might affect the
choice of the algorithm. The first factor to consider, the application’s domain, has a
major effect on the algorithmic approach that should be taken. [72] provide a taxon-
omy of RSs and classify existing RS applications to specific application domains.
Based on these specific application domains, we define more general classes of do-
mains for the most common recommender systems applications:

Entertainment - recommendations for movies, music, and IPTV.
Content - personalized newspapers, recommendation for documents, recommen-
dations of Web pages, e-learning applications, and e-mail filters.

e E-commerce - recommendations for consumers of products to buy such as books,
cameras, PCs etc.

e Services - recommendations of travel services, recommendation of experts for
consultation, recommendation of houses to rent, or matchmaking services.

As recommender systems become more popular, interest is aroused in the po-
tential advantages in new applications, such as recommending friends or tweets to
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follow as in www.tweeter.com. Hence, the above list cannot cover all the applica-
tion domains that are now being addressed by RS techniques; it gives only an initial
description of the various types of application domains.

The developer of a RS for a certain application domain should understand the
specific facets of the domain, its requirements, application challenges and limita-
tions. Only after analyzing these factors one could be able to select the optimal
recommender algorithm and to design an effective human-computer interaction.

Chapter 11 of this handbook provides guidelines for matching the application
domain to the recommendation technique. Burke and Ramezani in their chapter
provide a new classification of recommender systems. Unlike former classifications
of RSs (such as [25, 94, 3, 7]), Burke and Ramezani take an Al-centric approach, and
focus on the knowledge sources required for different recommendation approaches,
and the constraints related to them as a primer guideline to choosing the algorithm.
The chapter discusses the applicability of various recommendation techniques for
different types of problems and suggests decision-making guidelines in selecting
these techniques.

The chapter explicitly aims at system implementers as “recommenders” for the
right recommendation approach. The authors describe the knowledge sources that
are available to a recommender systems in different domains and identify what
knowledge sources are required for each recommendation technique. This implies
that the design of a recommender system should first emphasize the analysis of the
available sources of knowledge, and then decide about the algorithm accordingly.

Another example of the need to adjust the recommender approach to the domain
is described in Chapter 12, which deals with recommender systems for technology-
enhanced learning (TEL). TEL, which generally covers technologies that support
all forms of teaching and learning activities, aims at designing, developing and test-
ing new methods and technologies to enhance learning practices of both individuals
and organizations. TEL may benefit greatly from integrating recommender systems
technology to personalize the learning process and adjust it to the user’s former
knowledge, abilities and preferences. The chapter presents the particular require-
ments of RSs for TEL; the user tasks that are supported in TEL settings; and how
these tasks compare to typical user tasks in other RSs. For example, one particu-
lar user task for TEL —“find novel resources”— attempts to recommend only new
or novel items. Or, to cite another example, — “find new pathways” — is concerned
with recommending alternative pathways through the learning resources. The chap-
ter presents an analysis of the filtering approaches that could be useful for TEL along
with a survey of existing TEL systems illustrating the recommendation techniques
that have been deployed in these systems.

Chapter 10 discusses practical aspects of RS development and aims at providing
practical guidelines to the design, implementation and evaluation of personalized
systems. Besides the prediction algorithm, many other factors need to be considered
when designing a RS. Chapter 10 lists some of these elements: the type of target
users and their context; the devices that they would use; the role of the recommen-
dation within the application; the goal of the recommendation; and, as mentioned
previously, the data that is available.
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The authors propose to build a model of the environment based on three dimen-
sions: system users; the characteristics of the data; and the overall application. The
recommender system design will be based on this model. The authors illustrate their
guidelines and the model on a news recommendation system that they have devel-
oped.

Another important issue related to the practical side of RS deployment is the
necessity of evaluating them. Evaluation is required at different stages of the systems
life cycle for various purposes [25, 1]. At design time, evaluation is required to
verify the selection of the appropriate recommender approach. In the design phase,
evaluation should be implemented off-line and the recommendation algorithms are
compared with user interactions. The off-line evaluation consists of running several
algorithms on the same datasets of user interactions (e.g., ratings) and comparing
their performance. This type of evaluation is usually conducted on existing public
benchmark data if appropriate data is available, or, otherwise, on collected data. The
design of the off-line experiments should follow known experiment design practices
[11] in order to ensure reliable results.

Evaluation is also required after the system has been launched. The algorithms
might be very accurate in solving the core recommendation problem, i.e., predicting
user ratings, but for some other reason the system may not be accepted by users, e.g.,
because the performance of the system is not as expected. At this stage it is usually
beneficial to perform on-line evaluation with real users of the system and analyze
system logs in order to enhance system performance. In addition, most of the al-
gorithms include parameters, such as weights thresholds, the number of neighbors,
etc., requiring constant adjustment and calibration.

Another type of evaluation is a focused user study that can be conducted when
the on-line evaluation is not feasible or too risky. In this type of evaluation, a con-
trolled experiment is planned where a small group of users are asked to perform
different tasks with various versions of the system. It is then possible to analyze
the users performance and to distribute questionnaires so that users may report on
their experience. In such experiments it is possible to collect both quantitative and
qualitative information about the systems.

Evaluation is also discussed in Chapter 12 in the context of TEL systems. The
authors provide a detailed analysis of the evaluation methods and tools that can be
employed for evaluating TEL recommendation techniques against a set of criteria
that are proposed for each of the selected components (e.g., user model, domain
model, recommendation strategy and algorithm).

Chapter 8 details three types of experiments that can be conducted in order to
evaluate recommender systems. It presents their advantages and disadvantages, and
defines guidelines for choosing the methods for evaluation them. Unlike existing
discussions of evaluation in the literature that usually speaks about the accuracy of
an algorithms prediction [25] and related measures, this chapter is unique in its ap-
proach to the evaluation discussion since it focuses on property-directed evaluation.
It provides a large set of properties (other than accuracy) that are relevant to the
systems success. For each of the properties, the appropriate type of experiment and
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relevant measures are suggested. Among the list of properties are: coverage, cold
start, confidence, trust, novelty, risk, and serendipity.

When discussing the practical aspects of RSs, it may be beneficial to analyze
real system implementations. The idea is to test theoretically intuitive assumptions
in order to determine if they work in practice. The major problem that one must face
in this case comes from the fact that the owners of commercial RSs are generally
unwilling to reveal their practices and there are only relatively few opportunities for
such cooperation.

Chapter 9 reports on such an opportunity and describes the operation of a real
RS, illustrating the practical aspects that apply to the implementation stage of the
RS development and its evaluation. This description focuses on the integration of
a RS into the production environment of Fastweb, one of the largest European IP
Television (IPTV) providers. The chapter describes the requirements and consider-
ations, including scaling and accuracy, that led to the choice of the recommender
algorithms. It also describes the off-line and on-line evaluations that took place and
illustrates how the system is adjusted accordingly.

1.6 Recommender Systems and Human Computer Interaction

As we have illustrated in previous sections, researchers have chiefly been concerned
with designing a range of technical solutions, leveraging various sources of knowl-
edge to achieve better predictions about what is liked and how much by the target
user. The underlying assumption behind this research activity is that just presenting
these correct recommendations, i.e., the best options, should be enough. In other
words, the recommendations should speak for themselves, and the user should def-
initely accept the recommendations if they are correct. This is clearly an overly
simplified account of the recommendation problem and it is not so easy to deliver
recommendations.

In practice, users need recommendations because they do not have enough
knowledge to make an autonomous decision. Consequently, it may not be easy for
them to evaluate the proposed recommendation. Hence, various researchers have
tried to understand the factors that lead to the acceptance of a recommendation by a
given user [105, 30, 24, 97, 33].

[105] was among the first to point out that the effectiveness of a RS is depen-
dent on factors that go beyond the quality of the prediction algorithm. In fact, the
recommender must also convince users to try (or read, buy, listen, watch) the rec-
ommended items. This, of course, depends on the individual characteristics of the
selected items and therefore on the recommendation algorithm. The process also
depends, however, on the particular human/computer interaction supported by the
system when the items are presented, compared, and explained. [105] found that
from a users perspective, an effective recommender system must inspire trust in
the system; it must have a system logic that is at least somewhat transparent; it
should point users towards new, not-yet-experienced items; it should provide details
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about recommended items, including pictures and community ratings; and finally, it
should present ways to refine recommendations.

[105] and other similarly oriented researchers do not diminish the importance of
the recommendation algorithm, but claim that its effectiveness should not be evalu-
ated only in terms of the accuracy of the prediction, i.e., with standard and popular
IR metrics, such as MAE (Mean Absolute Error), precision, or NDCG (Normalized
Discounted Cumulative Gain) (see also Chapters 8 5, 9). Other dimensions should
be measured that relate to the acceptance of the recommender system and its recom-
mendations. These ideas have been remarkably well presented and discussed also by
[33]. In that work the authors propose user-centric directions for evaluating recom-
mender systems, including: the similarity of recommendation lists, recommendation
serendipity, and the importance of user needs and expectations in a recommender.

Following the remarks made in [105], let us introduce some important points
raised by HCI research that are further discussed in this handbook.

1.6.1 Trust, Explanations and Persuasiveness

First of all let us focus on trust. There are two different notions of trust that are
discussed in this handbook: trust about the other users of the recommender and trust
about a system’s recommendations.

Chapter 20 focuses on the first notion and considers a class of recommender
systems termed “social recommender systems”. These systems attempt to generate
more useful recommendations derived from information about user profiles and re-
lationships between users that nowadays can be found virtually everywhere; e.g.
in social networking sites such as Facebook, LinkedIn and MySpace. Since trust-
based recommender systems mainly exploit the trust relationships found in these
social networking sites to build new recommendation algorithms (e.g., [34]), they
still operate on the core rating prediction problem but use trust relationships. The
main claimed advantage is that users will be aware of the nature of the recommen-
dations, i.e., how they have been identified, and will tend to place greater trust in
these recommendations. In other words, the mutual trust of users can be exploited
also for increasing the trust in the system.

Trust in system recommendations is discussed in Chapter 15. In this chapter the
main scope is actually the role of explanations in RSs and trust emerges as one out of
seven roles that can be played by explanations in RSs. These roles are: transparency
- explaining how the system works; scrutability - allowing users to tell the system
it is wrong [50]; trust - increasing user confidence in the system; effectiveness -
helping users make good decisions; persuasiveness - convincing users to try or buy;
efficiency - helping users make decisions faster; and satisfaction - increasing the
ease of use or enjoyment.

This chapter also illustrates a range of approaches for building explanations. In
the collaborative filtering style, i.e., the explanation is of the form “Other users sim-
ilar to you liked this item”. In content-based style explanations, the item’s attributes
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which most affected the item to be recommended to the user are illustrated. For ex-
ample, in a movie recommendation, an explanation may be of the form “This movie
was recommended because it stars Bruce Wills who you seem to like”, or “Item X
was recommended because of features A and B which are shared by items Y and
Z, which you rated highly”. In case-based style explanations, the system refers to
items that are similar to the recommended one, for example, “The item was recom-
mended because you said you own item X or “These items are recommended based
on your most recently viewed items”. And finally, in knowledge-based style expla-
nations, the system explains the differences between the recommended item and
another item and how it serves the user’s goal: “This room has an ocean view and is
larger than the previous recommended room, which will make it more romantic as
you requested”.

Moving back to trust, we see that it serves as a means of obtaining the main goal
of the recommender, i.e., to convince the user to accept the recommendations and
try out one of the recommended items. This issue is ultimately related to the per-
suasiveness of the full RS, i.e., how the various elements of the RS, including what
and how an item is recommended, actually operate during the human/computer in-
teraction. This topic is discussed in the Chapter 14. Here the authors stress that a
recommendation is seen as credible advice and is actually taken into account not
only because of the user’s perceptions of the recommendation but also due to the
fundamental role of the system which is perceived as an advice-giver. Indeed, the
literature about persuasion suggests that people are likely to accept recommenda-
tions from credible sources and we therefore conclude that the credibility of the RS
is vital to increasing the likelihood of recommendation acceptance. Hence, the au-
thors discuss how the credibility of RSs can be enhanced, providing a synopsis of
credibility-related research.

1.6.2 Conversational Systems

Another severe limitation of many algorithmic approaches to RSs is due to the fact
that these algorithms have been designed to collect all the input data only once.
They then terminate their job by returning their recommendations. In many cases,
this model is not effective since users may not be fully aware of their preferences
until they have interacted to a certain extent with the system and roughly understand
the range of alternatives. Or they may want to browse several alternative options
before being convinced that some of the recommendations may suit them. There is
also the possibility that the system may be initially wrong in its suggestions and the
user may be willing to provide additional information that can fix these problems,
and eventually obtain some better recommendations.

These aspects have been stressed and tackled by researchers engaged in following
a line of research that is commonly known as “conversational RSs” [27, 110, 67, 60].
Conversational RSs use a diverse range of techniques for rating prediction or rank-
ing. However, they all try to support an interactive process where both the user and



20 Francesco Ricci, Lior Rokach and Bracha Shapira

the system may query or provide information to the other partner. The critical issue
here is how to design the dialogue, i.e., the conversational strategy and what actions
the user and the system must perform in the various stages of the interaction. The
supported dialogue must be effective, i.e., the user should terminate the conversation
with a solution of the task (e.g., book a flight) and in a quick way (small number of
conversational steps). In this handbook two chapters deal with this important topic.

Chapter 13 provides a comprehensive account of the research conducted in
critiquing-based systems. Critiquing-based interfaces, or dialogue models, given an
initial set of user preferences (e.g., preferred values for some item features) present
to the user recommended items and support the user in formulating “critiques”, such
as “Show me more like item A, but cheaper”.

Critiquing-based systems have attracted great interest in domains where there
is a need for more sophisticated and interactive decision/recommendation support
systems, such as in travel applications [88, 32, 100], or computer systems [82, 83].
Critiquing-based systems were initially designed as effective approaches to user
preference elicitation problems, but have now become important for some additional
motivations or applications, such as group recommendations, mixed-initiative rec-
ommendations, adaptive user interface, recommendation explanation, mobile rec-
ommenders.

Another approach related to conversational systems is preference-based [67].
Preference-based are similar to critiquing-based approaches since they present up-
front the user with some recommendations, which are not considered to be the best
but then let the user express preferences about some items. This additional informa-
tion is used to refine the system representation of the user’s preferences (user model)
enabling the system to generate new and better recommendations.

Chapter 16 surveys these novel methods and systems focusing on three facets of
the user-system interaction of such preference-based recommenders: initial prefer-
ence elicitation; preference revision; and presentation of recommendation results.
This chapter derives from the analysis of some systems as a collection of usability
guidelines that can be applied in a wide and scalable way. Moreover, to select the
guidelines, the authors do not focus on accuracy alone, but take into account that
humans have limited cognitive resources and are not likely to achieve a high level
of accuracy if the required effort is excessive. They identify and select methods
that produce high recommendation accuracy involving an effort level that users are
willing to make.

Previously mentioned approaches (critiquing- and preference-based) have been
mostly applied to case-based reasoning systems [22], where the retrieval component
is based on a similarity metric. In such cases, a query can always retrieve and rank
all the products contained in the catalogue since a product is always, to some extent,
similar to a probe product (query). If the query language supports other constraints
(e.g. equality or range constraints) the query may fail to return a product satisfy-
ing the query [47, 71, 31]. In this case several techniques have been proposed for
repairing the query by relaxing the minimum amount of constraints to make it sat-
isfiable. This topic is also covered in a chapter dedicated to constraint-based RSs
(Chapter 6).
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1.6.3 Visualization

We have highlighted so far some HCI issues that have been tackled in RS research
and which are discussed in this handbook. In summary, we have noted that how the
system presents and visualizes the computed recommendation is obviously a critical
factor for the acceptance of the recommendations and the RS.

Presentation and explanation techniques are not easily separable; a good presen-
tation technique is also capable of explaining recommendations but also in moti-
vating the user to make further requests, including requests for explanations. One
common aspect in the technologies presented so far is the fact that recommendations
are presented as a list of items. The length of this list can vary but the output of the
core recommendation algorithm is normally a ranked list and this has been always
exploited in the presentation.

In this handbook we include a chapter that illustrates a presentation approach
that deviates from this paradigm. In Chapter 17 the authors observe that much in-
formation is lost in the ranked list visualization approach, since two products, both
of which match the user query or the user model, can differ from each other based
on a completely different set of product characteristics. If one is using a two dimen-
sional, map-based visualization of the recommendations, it is possible to retain part
of this information. In the map, one can position, in a restricted area of the map, rec-
ommendations that are similar to each other. This chapter presents two approaches
for building this two-dimensional map of the recommendations and discusses its
advantages and disadvantages.

1.7 Recommender Systems as a Multi-Disciplinary Field

Designing and developing RSs is a multi-disciplinary effort that has benefited from
results obtained in various computer science fields especially machine learning and
data mining, information retrieval, and human-computer interaction. This is also
clear in the chapters included in this handbook and the discussion presented above.
Here we want to briefly address these relationships.

Machine learning and data mining, subfields of artificial intelligence, allow a
computer to learn to optimally perform a certain task using examples, data or past
experiences [109]. For example, data mining can be used to learn from transaction
data that customers who bought “Da Vinci Code” also bought “The Five People
You Meet in Heaven”. Consequently, recommendations can be constructed using
the information provided by these associations.

Many RSs are centered around the use of various machine learning and data min-
ing algorithms to predict user evaluations for items, or for learning how to correctly
rank items for a user. Chapter 2 of this handbook provides an overview of the main
data mining techniques used in the context of RSs preprocessing methods, such as:
sampling or dimensionality reduction; classification techniques, such as Bayesian
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networks and support vector machines; clustering techniques such as k-means algo-
rithm; and association rules.

Other chapters that illustrate and exemplify the relationships between RSs and
data mining are: Chapter 12, discussing the usage of active learning for selective in-
formation acquisition; Chapter 5, devoted to advanced optimization techniques for
building rating prediction models; Chapter 7, presenting various rating prediction
methods that exploit contextually tagged transactional data; Chapter 24, presenting
data mining techniques that exploit the evaluations of items over several criteria
to better predict the overall user evaluations; Chapter 25, focusing on data mining
solutions to detect attacks to a recommender system and for building more robust al-
gorithmic solutions; Chapter 4, illustrating various instance based-learning options
currently used in collaborative filtering systems; Chapter 19 illustrating the use of
data mining solutions operating on a multiway array or a hypergraph with hyper-
edges, i.e., (user, resource, tag) triples; Chapter 20 presenting various data mining
solutions on trust networks.

Information retrieval (IR) aims to assist users in storing and searching various
forms of content, such as texts, images and videos [63]. With IR tools, users can
quickly find information that is both relevant and comprehensive for their needs.
While IR did not begin with the Web, the WWW played an important role in estab-
lishing new ideas mainly due to the development of Web search engines.

Both IR and RSs are faced with similar filtering and ranking problems. IR gener-
ally focuses on developing global retrieval techniques, often neglecting the individ-
ual needs and preferences of users. Still [25] argues that recommender systems are
not clearly separated from information retrieval. The “individualized” and “interest-
ing and useful” criteria that RSs try to achieve are the core differences between RSs
and information retrieval or search engines.

Recently, modern Web search engine have also relied on recommendation tech-
niques to address Web search challenges and to implement advanced search features.
For example, search engines recommend similar queries to the current user query.
Various engines also attempt to apply some form of personalization by generating
results to a user query that are not only relevant to the query terms but are also
tailored to the users context (e.g., her location), and her search history.

Chapter 18 discusses the research goals of IR and personalized Web search from
the RS perspective. The authors illustrate how techniques that originated in recent
RS research may be applied to address search engine challenges. The chapter fo-
cuses on two promising ideas for search engines improvement: personalization and
collaboration. The chapter describes a number of different approaches to personal-
izing Web searches by exploiting user preferences and context information to affect
search results. In addition, the chapter discusses recent work in the area of collab-
orative information retrieval, which attempts to take advantage of the potential for
cooperation between friends, colleagues or users with similar needs in implement-
ing a variety of information-seeking tasks. This new line of research, termed social
search, benefits from the social medium property of the Web in providing search
results that are affected by the experience and preferences of similar users. The
authors foresee a “convergence of recommender systems and search systems” and
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believe that integrating these sources in search engine algorithms would result in
highly satisfied users receiving the right information at the right time.

Other chapters that are related to IR research and illustrate techniques that are
studied in this area include: Chapter 19, addressing problems related to the retrieval
of tag-based information content and Chapter 3, presenting an overview of content-
based approaches that are strongly rooted in current search engine technologies.

Finally, RSs are ultimately targeted to provide useful information to users and for
that reason HCI plays a fundamental role in the ultimate acceptance of the computed
recommendations. In fact, several field studies have clearly indicated that from a
user’s perspective, HCI aspects related to the usability of the system have a tremen-
dous effect on the willingness of users to actually explore a systems recommenda-
tions and provide input to the system in return for more effective recommendations.
These topics were discussed previously in Section 1.6.

1.8 Emerging Topics and Challenges

1.8.1 Emerging Topics Discussed in the Handbook

It is clear from the previous pages that RS research is evolving in many and diverse
directions and new topics are emerging or becoming more important subjects of in-
vestigation. The reader is also referred to the proceedings of the last editions of the
ACM RecSys conferences and several other excellent review papers for additional
material [7, 3]. In this handbook we cover some of these topics. Indeed, several have
been already presented, such as: context-aware recommender (Chapter 7); new visu-
alization techniques (Chapter 17); community-based personalized search (Chapter
18); trust-based RS (Chapter 20). Other important topics are covered in the last two
sections of this handbook and we want now to briefly introduce these chapters.

Chapter 19 presents social tagging systems (STS) a new RS-related topic that is
emerging due to the growth of Web 2.0 applications. STS like Flickr, Bibsonomy,
or Delicious, allow the ordinary user to publish and edit content as well as gen-
erate and share tags (i.e., free keywords). STS users are experiencing information
overload problems since STS are used by millions of users who enter into the sys-
tem uncontrolled content and tags that pose retrieving difficulties for traditional IR
systems. Thus, RSs are required to assist users in finding relevant Information and
some commercial STS are starting to offer recommendations (e.g., Delicious).

The chapter discusses the new challenges that RSs for STS face, such as new
recommender tasks. These include not only traditional recommendations regarding
content, but also recommendations for relevant tags and even other relevant users.
Tag recommendation (i.e., recommending to the users relevant tags for an item),
has different characteristics than traditional recommendations since the system can
recommend recurrent tags, unlike traditional RSs that usually do not recommend
the same item twice. In addition, RSs for STS deal with a three-dimensional prob-
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lem (user, resource, tag), rather than the traditional two-dimensional problem (user,
item), and this affects the complexity of the algorithms. The chapter includes a state-
of-the-art survey about the new generation of RSs built to serve STS. It also details
the challenges of deploying RS for real world STS, and offers new algorithms for
dealing with the challenges of content in both STS and tag recommendation.

Chapter 21 deals with those situations when it would be good if the system could
recommend information or items that are relevant to a group of users rather than to
an individual. For instance, a RS may select television programs for a group to view
or a sequence of songs to listen to, based on models of all group members. Recom-
mending to groups is clearly more complicated than recommending to individuals.
Assuming that we know precisely what is good for individual users, the issue is how
to combine individual user models. In this chapter, the authors discuss how group
recommendation works, what its problems are, and what advances have been made
so far.

Chapter 22 discusses the ubiquitous issue of aggregating preferences, criteria or
similarities. Normally such aggregation is done by using either the arithmetic mean
or maximum/minimum functions. But many other aggregation functions which
could deliver flexibility and adaptability, and ultimately more relevant recommen-
dations, are often overlooked. In this chapter the authors review the basics of ag-
gregation functions and their properties and present the most important families,
including generalized means, Choquet and Sugeno integrals, ordered weighted av-
eraging, triangular norms and conorms, as well as bipolar aggregation functions.
Such functions can model various interactions between the inputs, including con-
junctive, disjunctive and mixed behavior.

In Chapter 23, the authors focus on another fundamental problem of RSs, i.e., the
need to actively look for new data during the operational life of the recommender.
This issue is normally neglected on the assumption that there is not much space for
controlling what data (e.g., ratings) the system can collect since these decisions are
taken by the users when visiting the system. Actually, the RS provokes the users
with its recommendations and many systems actually explicitly ask for user prefer-
ences during the recommendation process. Hence, by tuning the process, users can
be pushed to provide a range of different information. Specifically they can be re-
quested to rate particular items and the knowledge of the users opinions about these
items could be estimated as particularly beneficial according to various criteria, e.g.,
to provide more diverse recommendations or simply to improve the prediction accu-
racy of the system for some users or for the whole population of users. At this point
active learning comes in; it can augment RSs, helping users to become more self-
aware of their own likes/dislikes, leading to more meaningful and useful questions.
At the same time active learning can provide new information to the system that
can be analyzed for subsequent recommendations. Hence, applying active learning
to RSs enables personalization of the recommending process [61]. This is accom-
plished by allowing the system to actively influence the items the user is exposed to
(e.g. the items displayed to the user during sign-up or during regular use), as well as
by enabling the user to explore his/her interests freely.
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Chapter 24 introduces another emerging topic, i.e., multi-criteria recommender
systems. In the majority of RSs the utility associated with an item is usually consid-
ered a single criterion value, e.g., an overall evaluation or rating of an item by a user.
But recently this assumption has been judged as limited because the suitability of
the recommended item for a particular user may depend on several aspects that the
user can take into consideration when making his or her choice. The incorporation
of multiple criteria that can affect the users opinions may lead to more effective and
accurate recommendations.

Chapter 24 provides an overview of multi-criteria RSs. First, it defines the rec-
ommendation problem as a multi-criteria decision-making problem and reviews
methods and techniques that can support the implementation of multi-criteria rec-
ommenders. Then, it focuses on the category of multi-criteria rating recommender
techniques that provide recommendations by modeling the users utility for an item
as a vector of ratings along several criteria. A review of current algorithms that
use multi-criteria ratings for calculating the rating prediction and generating recom-
mendations is provided. The chapter concludes with a discussion on open issues and
future challenges for these recommenders.

The last chapter of this handbook (Chapter 25) surveys articles dealing with se-
curity issues. This topic has become a major issue in the past few years. Recent
works on the topic include [28, 45, 102, 112]. The chapter analyzes algorithms de-
signed to generate more robust recommendations, i.e., recommendations that are
harder for malicious users to influence. In fact, collaborative recommender systems
are dependent on the goodwill of their users, i.e., there is an implicit assumption that
users will interact with the system with the aim of getting good recommendations
for themselves while providing useful data for their neighbors. However, users will
have a range of purposes in interacting with RSs and in some cases, these purposes
may be counter to those of the system owner or those of the majority of its user
population. Namely these users may want to damage the Web site hosting the rec-
ommender or to influence the recommendations provided to visitors, e.g., to score
some items better or worse rather than to arrive at a fair evaluation.

In this chapter the authors provide a model of efficient attacks, i.e., attacks that
can, with relatively low cost, produce a large impact on system output. Since these
attacks may very well be launched against a site, it makes sense to detect them so
that countermeasures can be taken as soon as possible. At the same time, researchers
have studied a number of algorithms that are intended to robustly withstand attacks
and which have lower impact curves relative to efficient attacks. These approaches
are also surveyed in this chapter. With the combination of these techniques, re-
searchers have sought, not to eliminate attacks, but to control their impact to the
point where they are no longer cost-effective.
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1.8.2 Challenges

The list of newly emerging and challenging RS research topics is not limited to
those described in the chapters that we have mentioned above. Moreover, covering
all of them is not within the scope of this short introduction. The reader is referred
to the final discussion sections in this handbook for other outstanding problems.

Below we briefly note additional challenging topics that we consider important
for the development of the research on RSs and which are not covered in the hand-
book.

e Scalability of the algorithms with large and real-world datasets. As the research
on core techniques progresses and matures, it becomes clear that a fundamental
issue for RSs is to determine how to embed the core recommendation techniques
in real operational systems and how to deal with massive and dynamic sets of data
produced by the interactions of users with items (ratings, preferences, reviews,
etc.). A solution that works fine when tested off-line on relatively small data sets
may become inefficient or even totally inapplicable on very large datasets. New
approaches and large-scale evaluation studies are needed [91, 92, 33, 38, 116, 75,
75].

e Proactive recommender systems, i.e., recommenders that decide to provide rec-
ommendations even if not explicitly requested [90, 24, 62, 80]. The largest ma-
jority of the recommender systems developed so far follow a “pull” model [94];
where the user originates the request for a recommendation. In the scenarios
emerging today, where computers are ubiquitous and users are always connected,
it seems natural to imagine that a RS can detect implicit requests. It therefore
needs to predict not only what to recommend, but also when and how to “push”
its recommendations. In this way the RS can become proactive without being
perceived as disturbing.

e Privacy preserving recommender systems [81, 26, 79, 56, 17, 28, 102, 16, 5, 53,
70, 114]. RSs exploit user data to generate personalized recommendations. In
the attempt to build increasingly better recommendations, they collect as much
user data as possible. This will clearly have a negative impact on the privacy of
the users and the users may start feeling that the system knows too much about
their true preferences. Therefore, there is a need to design solutions that will
parsimoniously and sensibly use user data. At the same time these solutions will
ensure that knowledge about the users cannot be freely accessed by malicious
users.

e Diversity of the items recommended to a target user [ 104, 66, 69, 55, 54, 46, 119].
In a recommendation list, it is more likely that the user will find a suitable item if
there is a certain degree of diversity among the included items. There is often no
value in having perfect recommendations for a restricted type of product, unless
the user has expressed a narrow set of preferences. There are many situations, es-
pecially in the early stage of a recommendation process, in which the users want
to explore new and diverse directions. In such cases, the user is using the recom-
mender as a knowledge discovery tool. The research on this topic is still in an
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early stage, and there is a need to characterize the nature of this “diversity”, i.e.,
whether we are looking for diversity among different recommendation sessions
or within a session, and how to combine the diversity goal with the accuracy of
the recommendation.

e Integration of long-term and short-term user preferences in the process of build-
ing a recommendation list [6, 40, 74]. Recommender systems may be divided
in two classes: those that build a long-term profile, generated by aggregating all
the user transaction data collected by the system (e.g., collaborative filtering)
and those that are more focused on capturing the ephemeral preferences of the
user, e.g., as in case-based approaches. Obviously both aspects are important and
either the precise user task or the availability of items may come under consid-
eration in resolving the preference integration problem. In fact, new research is
required to build hybrid models that can correctly decide to drift or not toward
the contingent user’s preferences when there is enough evidence to suggest that
the user’s short-term preferences are departing from the long-term ones.

e Generic user models and cross domain recommender systems are able to mediate
user data through different systems and application domains [41, 18, 52, 19, 20,
49, 15]. Using generic user model techniques, a single RS can produce recom-
mendations about a variety of items. This is normally not possible for a general
RS which can combine more techniques in a hybrid approach, but cannot easily
benefit from user preferences collected in one domain to generate recommenda-
tions in a different one.

e Distributed recommender systems that operate in open networks [38, 116, 92,
113, 17, 102]. The computational model of the largest majority of RSs adheres
to a typical client-server architecture, where the user-client requests recommen-
dations to the server-recommender which replies with the suggestions. This is
clearly a severe limitation and suffers from all the classical problems of central-
ized systems. The emerging scenario of grid or cloud computing can become
an excellent opportunity to implement more robust and flexible computational
models for RSs.

e Recommender that optimize a sequence of recommendations [120, 99, 10, 59,
61, 107, 106]. We mentioned already that conversational RSs have emerged in
the attempt to improve the quality of recommendations provided by the systems
based on a simpler approach: a one-time request/response. Conversational RSs
can be further improved by implementing learning capabilities that can optimize
not only the items that are recommended but also how the dialogue between the
user and the system must unfold in all possible situations.

e Recommenders designed to operate in mobile devices and usage contexts [117,
98,55,51,4,115,111,57,29,9,77,76, 89, 73, 44, 95, 13]. Mobile computing is
emerging as the most natural platform for personal computing. Many recommen-
dation requests are likely to be made when the user is on the move, e.g., at shops
or hotels in a visited city. This necessitates “mobilizing” the user interface and to
design computational solutions that can efficiently use the still limited resources
(computational power and screen size) of the mobile devices.
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Finally, before ending this introduction, we want to present some additional chal-
lenges that were discussed in a tutorial held at the latest RecSys conference in New
York, October 22-25, 2009 [http://recsys.acm.org/tutorial3.pdf]. John Riedl (Uni-
versity of Minnesota), Todd Beaupre (Yahoo!) and John Sanders (Netflix) men-
tioned eight important challenges for the research on recommender systems: trans-
parency, exploration versus exploitation, guided navigation, time value, user ac-
tion interpretation, evaluating recommenders, scalability, academic/industry part-
nerships.

Some of these issues have already been discussed in this introduction. For exam-
ple, transparency was introduced when we discussed the role of the explanation of
a recommendation, and we stressed the important role it plays in order to present a
recommendation as more acceptable for the user. Also the evaluation of RSs, i.e., the
range of possible and important dimensions that can be measured in an evaluation
is a topic fully addressed in another chapter (Chapter 8).

The time value of recommendations is also partially discussed in our remarks
about context-aware recommenders (Chapter 7). However, the challenge refers to
the fact that a given set of recommendations may not be applicable forever but there
could be a time interval when these items can be recommended. This is clear, for
instance, when it comes to news items; people want to be informed about the most
recent events and news cannot be meaningfully recommended even one day after
the initial announcement.

Exploration vs. exploitation is touched upon in active learning (Chapter 23). This
challenge refers to the fundamental dilemma that a designer must properly tackle,
i.e., whether to keep recommending items that the system can now identify as good
recommendations, given the data currently available for the system or to further
explore user preferences (e.g., asking to rate additional and particular items) in order
to build newer and possibly even better recommendations in the future.

indexGuided navigation Guided navigation refers to combining classical rec-
ommendation lists, i.e., suggestions with tools that let the user navigate more au-
tonomously in the space of possible options. User action interpretation refers to
the possibility that in addition to explicit ratings there could be many more actions
performed by the user operating the recommender that can be detected, analyzed
and used to build a better prediction model. The idea is that every single user action
should be exploited in the recommendation process. But it is challenging to interpret
the user’s actions, i.e., the intent behind an action, and there are actions that should
be discarded because they were not produced by genuine users, such as, actions per-
formed by different users on the same browser, or false and malicious registrations
or data or log data caused by robots or crawlers.

Scalability was also mentioned earlier. We stress again that this is clearly an issue
about which discussion is missing in the current literature since it has been mostly
investigated by practitioners.

Finally the discussion in that workshop became quite animated when the matter
of cooperation between industry and academia was touched upon. Industry has spe-
cific problems but is not making them clearly visible. This is happening for many
reasons, including the need to not disclose to competitors critical information. Con-
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versely, academia is looking for problems that can be tackled in a framework of the
resources and time available to them and will generally address a topic only if it is
likely to have an impact in the scientific community. This has made and will make
industry-academic cooperation difficult. But RSs is a research field that requires
new concrete challenges and there is a real risk of stagnation if we fail to tackle the
useful but risky challenges in favor of solved or mature problems.

We hope that this handbook, as a useful tool for practitioners and researchers,
will contribute to further develop knowledge in this exciting and useful research
area. In this way we believe that we can reduce the risk that these two groups will
follow different roads. Currently the research on RSs has greatly benefited from
the combined interest and efforts that industry and academia have invested in this
field. We therefore wish the best to both groups as they read this handbook and we
hope that it will attract even more researchers to work in this highly interesting and
challenging field.
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Chapter 2

Data Mining Methods for Recommender
Systems

Xavier Amatriain, Alejandro Jaimes, Nuria Oliver, and Josep M. Pujol

Abstract In this chapter, we give an overview of the main Data Mining techniques
used in the context of Recommender Systems. We first describe common prepro-
cessing methods such as sampling or dimensionality reduction. Next, we review the
most important classification techniques, including Bayesian Networks and Support
Vector Machines. We describe the k-means clustering algorithm and discuss several
alternatives. We also present association rules and related algorithms for an effi-
cient training process. In addition to introducing these techniques, we survey their
uses in Recommender Systems and present cases where they have been successfully
applied.

2.1 Introduction

Recommender Systems (RS) typically apply techniques and methodologies from
other neighboring areas — such as Human Computer Interaction (HCI) or Informa-
tion Retrieval (IR). However, most of these systems bear in their core an algorithm
that can be understood as a particular instance of a Data Mining (DM) technique.
The process of data mining typically consists of 3 steps, carried out in succes-
sion: Data Preprocessing [59], Data Analysis, and Result Interpretation (see Figure
2.1). We will analyze some of the most important methods for data preprocessing
in Section 2.2. In particular, we will focus on sampling, dimensionality reduction,
and the use of distance functions because of their significance and their role in RS.
In Sections 2.3 through 2.5, we provide an overview introduction to the data mining
methods that are most commonly used in RS: classification, clustering and associa-
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tion rule discovery (see Figure 2.1 for a detailed view of the different topics covered
in the chapter).

Fig. 2.1: Main steps and methods in a Data Mining problem, with their correspon-
dence to chapter sections.

This chapter does not intend to give a thorough review of Data Mining methods,
but rather to highlight the impact that DM algorithms have in the RS field, and to
provide an overview of the key DM techniques that have been successfully used.
We shall direct the interested reader to Data Mining textbooks (see [28, 73], for
example) or the more focused references that are provided throughout the chapter.

2.2 Data Preprocessing

We define data as a collection of objects and their attributes, where an attribute is
defined as a property or characteristic of an object. Other names for object include
record, item, point, sample, observation, or instance. An attribute might be also be
referred to as a variable, field, characteristic, or feature.
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Real-life data typically needs to be preprocessed (e.g. cleansed, filtered, trans-
formed) in order to be used by the machine learning techniques in the analysis step.
In this section, we focus on three issues that are of particular importance when de-
signing a RS. First, we review different similarity or distance measures. Next, we
discuss the issue of sampling as a way to reduce the number of items in very large
collections while preserving its main characteristics. Finally, we describe the most
common techniques to reduce dimensionality.

2.2.1 Similarity Measures

One of the preferred approaches to collaborative filtering (CF) recommenders is to
use the kNN classifier that will be described in Section 2.3.1. This classification
method — as most classifiers and clustering techniques — is highly dependent on
defining an appropriate similarity or distance measure.

The simplest and most common example of a distance measure is the Euclidean

distance:
d(x,y) = | ¥ (s —ye)? @.1)
k=1

where 7 is the number of dimensions (attributes) and x; and y; are the k™ attributes
(components) of data objects x and y, respectively.
The Minkowski Distance is a generalization of Euclidean Distance:

d(x,y) = (Y e —yl)* 2.2)
k=1

where r is the degree of the distance. Depending on the value of r, the generic
Minkowski distance is known with specific names: For r = 1, the city block, (Man-
hattan, taxicab or LI norm) distance; For r = 2, the Euclidean distance; For r — oo,
the supremum (L, norm or L. norm) distance, which corresponds to computing
the maximum difference between any dimension of the data objects.

The Mahalanobis distance is defined as:

d(x.y) =/ (x—y)o1 x—y)7 23)

where o is the covariance matrix of the data.
Another very common approach is to consider items as document vectors of an
n-dimensional space and compute their similarity as the cosine of the angle that they

form:

cos(x,y) = M 2.4)

[ e[y
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where e indicates vector dot product and ||x|| is the norm of vector x. This similarity
is known as the cosine similarity or the L2 Norm .

The similarity between items can also be given by their correlation which mea-
sures the linear relationship between objects. While there are several correlation co-
efficients that may be applied, the Pearson correlation is the most commonly used.
Given the covariance of data points x and y X, and their standard deviation o, we
compute the Pearson correlation using:

z
Pearson(x,y) = % (2.5)
X 'y

RS have traditionally used either the cosine similarity (Eq. 2.4) or the Pearson
correlation (Eq. 2.5) — or one of their many variations through, for instance, weight-
ing schemes — both Chapters 5 and 4 detail the use of different distance functions
for CF However, most of the other distance measures previously reviewed are pos-
sible. Spertus et al. [69] did a large-scale study to evaluate six different similarity
measures in the context of the Orkut social network. Although their results might be
biased by the particular setting of their experiment, it is interesting to note that the
best response to recommendations were to those generated using the cosine similar-
ity. Lathia er al. [48] also carried out a study of several similarity measures where
they concluded that, in the general case, the prediction accuracy of a RS was not af-
fected by the choice of the similarity measure. As a matter of fact and in the context
of their work, using a random similarity measure sometimes yielded better results
than using any of the well-known approaches.

Finally, several similarity measures have been proposed in the case of items that
only have binary attributes. First, the MOI, M10, M11, and M0O quantities are com-
puted, where M0O!I = the number of attributes where x was 0 and y was 1, MI10 =
the number of attributes where x was 1 and y was 0, and so on. From those quan-

. X . 1 . __ numberofmatches __
tities we can compute: The Simple Matching coefficient SMC = sumberofattributes —

M11+M00 . : — Ml
vioiaio oo s the Jaccard coefficient JC = gar—ymo7a- The Extended Jac-

card (Tanimoto) coefficient, a variation of JC for continuous or count attributes that

is computed by d = m

2.2.2 Sampling

Sampling is the main technique used in DM for selecting a subset of relevant data
from a large data set. It is used both in the preprocessing and final data interpretation
steps. Sampling may be used because processing the entire data set is computation-
ally too expensive. It can also be used to create training and festing datasets. In this
case, the training dataset is used to learn the parameters or configure the algorithms
used in the analysis step, while the testing dataset is used to evaluate the model or
configuration obtained in the training phase, making sure that it performs well (i.e.
generalizes) with previously unseen data.
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The key issue to sampling is finding a subset of the original data set that is repre-
sentative — i.e. it has approximately the same property of interest — of the entire set.
The simplest sampling technique is random sampling, where there is an equal prob-
ability of selecting any item. However, more sophisticated approaches are possible.
For instance, in stratified sampling the data is split into several partitions based on
a particular feature, followed by random sampling on each partition independently.

The most common approach to sampling consists of using sampling without re-
placement: When an item is selected, it is removed from the population. However, it
is also possible to perform sampling with replacement, where items are not removed
from the population once they have been selected, allowing for the same sample to
be selected more than once.

It is common practice to use standard random sampling without replacement with
an 80/20 proportion when separating the training and testing data sets. This means
that we use random sampling without replacement to select 20% of the instances
for the testing set and leave the remaining 80% for training. The 80/20 proportion
should be taken as a rule of thumb as, in general, any value over 2/3 for the training
set is appropriate.

Sampling can lead to an over-specialization to the particular division of the train-
ing and testing data sets. For this reason, the training process may be repeated sev-
eral times. The training and test sets are created from the original data set, the model
is trained using the training data and tested with the examples in the test set. Next,
different training/test data sets are selected to start the training/testing process again
that is repeated K times. Finally, the average performance of the K learned mod-
els is reported. This process is known as cross-validation. There are several cross-
validation techniques. In repeated random sampling, a standard random sampling
process is carried out K times. In n-Fold cross validation, the data set is divided into
n folds. One of the folds is used for testing the model and the remaining n — 1 folds
are used for training. The cross validation process is then repeated » times with each
of the n subsamples used exactly once as validation data. Finally, the leave-one-out
(LOO) approach can be seen as an extreme case of n-Fold cross validation where
n is set to the number of items in the data set. Therefore, the algorithms are run
as many times as data points using only one of them as a test each time. It should
be noted, though, that as Isaksson et al. discuss in [44], cross-validation may be
unreliable unless the data set is sufficiently large.

A common approach in RS is to sample the available feedback from the users —
e.g. in the form of ratings — to separate it into training and testing. Cross-validation
is also common. Although a standard random sampling is acceptable in the general
case, in others we might need to bias our sampling for the test set in different ways.
We might, for instance, decide to sample only from most recent ratings — since
those are the ones we would be predicting in a real-world situation. We might also
be interested in ensuring that the proportion of ratings per user is preserved in the
test set and therefore impose that the random sampling is done on a per user basis.
However, all these issues relate to the problem of evaluating RS, which is still a
matter of research and discussion.
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2.2.3 Reducing Dimensionality

It is common in RS to have not only a data set with features that define a high-
dimensional space, but also very sparse information in that space — i.e. there are
values for a limited number of features per object. The notions of density and dis-
tance between points, which are critical for clustering and outlier detection, become
less meaningful in highly dimensional spaces. This is known as the Curse of Di-
mensionality. Dimensionality reduction techniques help overcome this problem by
transforming the original high-dimensional space into a lower-dimensionality.

Sparsity and the curse of dimensionality are recurring problems in RS. Even in
the simplest setting, we are likely to have a sparse matrix with thousands of rows
and columns (i.e. users and items), most of which are zeros. Therefore, dimension-
ality reduction comes in naturally. Applying dimensionality reduction makes such
a difference and its results are so directly applicable to the computation of the pre-
dicted value, that this is now considered to be an approach to RS design, rather than
a preprocessing technique.

In the following, we summarize the two most relevant dimensionality reduction
algorithms in the context of RS: Principal Component Analysis (PCA) and Singu-
lar Value Decomposition (SVD). These techniques can be used in isolation or as a
preprocessing step for any of the other techniques reviewed in this chapter.

2.2.3.1 Principal Component Analysis

Principal Component Analysis (PCA) [45] is a classical statistical method to find
patterns in high dimensionality data sets. PCA allows to obtain an ordered list of
components that account for the largest amount of the variance from the data in
terms of least square errors: The amount of variance captured by the first component
is larger than the amount of variance on the second component and so on. We can
reduce the dimensionality of the data by neglecting those components with a small
contribution to the variance.

Figure 2.2 shows the PCA analysis to a two-dimensional point cloud generated
by a combination of Gaussians. After the data is centered, the principal components
are obtained and denoted by u; and u,. Note that the length of the new coordi-
nates is relative to the energy contained in their eigenvectors. Therefore, for the
particular example depicted in Fig 2.2, the first component #; accounts for 83.5%
of the energy, which means that removing the second component u, would imply
losing only 16.5% of the information. The rule of thumb is to choose m’ so that the
cumulative energy is above a certain threshold, typically 90%. PCA allows us to re-
trieve the original data matrix by projecting the data onto the new coordinate system
X!y = XuxmW'm xm'. The new data matrix X’ contains most of the information
of the original X with a dimensionality reduction of m — n'.

PCA is a powerful technique, but it does have important limitations. PCA relies
on the empirical data set to be a linear combination of a certain basis — although
generalizations of PCA for non-linear data have been proposed. Another important
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Fig. 2.2: PCA analysis of a two-dimensional point cloud from a combination of
Gaussians. The principal components derived using PCS are u| and u,, whose length
is relative to the energy contained in the components.

assumption of PCA is that the original data set has been drawn from a Gaussian
distribution. When this assumption does not hold true, there is no warranty that the
principal components are meaningful.

Although current trends seem to indicate that other matrix factorizations tech-
niques such as SVD or Non-Negative Matrix Factorization are preferred, earlier
works used PCA. Goldberg et al. proposed an approach to use PCA in the context
of an online joke recommendation system [37]. Their system, known as Eigentaste !,
starts from a standard matrix of user ratings to items. They then select their gauge set
by choosing the subset of items for which all users had a rating. This new matrix is
then used to compute the global correlation matrix where a standard 2-dimensional
PCA is applied.

2.2.3.2 Singular Value Decomposition

Singular Value Decomposition [38] is a powerful technique for dimensionality re-
duction. It is a particular realization of the Matrix Factorization approach and it is
therefore also related to PCA. The key issue in an SVD decomposition is to find a
lower dimensional feature space where the new features represent “concepts” and
the strength of each concept in the context of the collection is computable. Be-
cause SVD allows to automatically derive semantic “concepts” in a low dimensional

! http://eigentaste.berkeley.edu
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space, it can be used as the basis of latent-semantic analysis[24], a very popular
technique for text classification in Information Retrieval .

The core of the SVD algorithm lies in the following theorem: It is always possi-
ble to decompose a given matrix A into A = UAVT. Given the n x m matrix data A
(n items, m features), we can obtain an n X r matrix U (n items, r concepts), an r X r
diagonal matrix A (strength of each concept), and an m x r matrix V (m features, r
concepts). Figure 2.3 illustrates this idea. The A diagonal matrix contains the sin-
gular values, which will always be positive and sorted in decreasing order. The U
matrix is interpreted as the “item-to-concept” similarity matrix, while the V matrix
is the “term-to-concept” similarity matrix.

m r
(features) (concepts)
— —— m
r (features)
— —
N
= n U Xr )L X Vv r
(itemns) A (items) { . (concepts)

Fig. 2.3: Illustrating the basic Singular Value Decomposition Theorem: an item X
features matrix can be decomposed into three different ones: an item X concepts, a
concept strength, and a concept x features.

In order to compute the SVD of a rectangular matrix A, we consider AA” and
ATA. The columns of U are the eigenvectors of AA”, and the columns of V are
the eigenvectors of AT A. The singular values on the diagonal of A are the positive
square roots of the nonzero eigenvalues of both AA” and AT A. Therefore, in order
to compute the SVD of matrix A we first compute T as AA” and D as AT A and then
compute the eigenvectors and eigenvalues for 7" and D.

The r eigenvalues in A are ordered in decreasing magnitude. Therefore, the orig-
inal matrix A can be approximated by simply truncating the eigenvalues at a given k.
The truncated SVD creates a rank-k approximation to A so that Ay = UklkaT. Ay 18
the closest rank-k matrix to A. The term “closest” means that A; minimizes the sum
of the squares of the differences of the elements of A and A;. The truncated SVD is
a representation of the underlying latent structure in a reduced k-dimensional space,
which generally means that the noise in the features is reduced.

The use of SVD as tool to improve collaborative filtering has been known for
some time. Sarwar et al. [66] describe two different ways to use SVD in this context.
First, SVD can be used to uncover latent relations between customers and products.
In order to accomplish this goal, they first fill the zeros in the user-item matrix
with the item average rating and then normalize by subtracting the user average.
This matrix is then factored using SVD and the resulting decomposition can be
used — after some trivial operations — directly to compute the predictions. The other
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approach is to use the low-dimensional space resulting from the SVD to improve
neighborhood formation for later use in a kNN approach.

As described by Sarwar ef al.[65], one of the big advantages of SVD is that there
are incremental algorithms to compute an approximated decomposition. This allows
to accept new users or ratings without having to recompute the model that had been
built from previously existing data. The same idea was later extended and formal-
ized by Brand [14] into an online SVD model. The use of incremental SVD methods
has recently become a commonly accepted approach after its success in the Netflix
Prize 2. The publication of Simon Funk’s simplified incremental SVD method [35]
marked an inflection point in the contest. Since its publication, several improve-
ments to SVD have been proposed in this same context (see Paterek’s ensembles of
SVD methods [56] or Kurucz et al. evaluation of SVD parameters [47]).

Finally, it should be noted that different variants of Matrix Factorization (MF)
methods such as the Non-negative Matrix Factorization (NNMF) have also been
used[74]. These algorithms are, in essence, similar to SVD. The basic idea is to
decompose the ratings matrix into two matrices, one of which contains features
that describe the users and the other contains features describing the items. Matrix
Factorization methods are better than SVD at handling the missing values by in-
troducing a bias term to the model. However, this can also be handled in the SVD
preprocessing step by replacing zeros with the item average. Note that both SVD
and MF are prone to overfitting. However, there exist MF variants, such as the Reg-
ularized Kernel Matrix Factorization, that can avoid the issue efficiently. The main
issue with MF — and SVD — methods is that it is unpractical to recompute the fac-
torization every time the matrix is updated because of computational complexity.
However, Rendle and Schmidt-Thieme [62] propose an online method that allows
to update the factorized approximation without recomputing the entire model.

Chapter 5 details the use of SVD and MF in the context of the Netflix Prize and
is therefore a good complement to this introduction.

2.2.4 Denoising

Data collected for data-mining purposes might be subject to different kinds of noise
such as missing values or outliers. Denoising is a very important preprocessing step
that aims at removing any unwanted effect in the data while maximizing its infor-
mation.

In a general sense we define noise as any unwanted artifact introduced in the data
collection phase that might affect the result of our data analysis and interpretation.
In the context of RS, we distinguish between natural and malicious noise [55]. The
former refers to noise that is unvoluntarely introduced byusers when giving feedback
on their preferences. The latter refers to noise that is deliberately introduced in a
system in order to bias the results.

2 http://www.netflixprize.com
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It is clear that malicious noise can affect the output of a RS. But, also, we per-
formed a study that concluded that the effects of natural noise on the performance
of RS is far from being negligible [4]. In order to address this issue, we designed
a denoising approach that is able to improve accuracy by asking some users to re-
rate some items [5]. We concluded that accuracy improvements by investing in this
pre-processing step could be larger than the ones obtained by complex algorithm
optimizations.

2.3 Classification

A classifier is a mapping between a feature space and a label space, where the fea-
tures represent characteristics of the elements to classify and the labels represent
the classes. A restaurant RS, for example, can be implemented by a classifier that
classifies restaurants into one of two categories (good, bad) based on a number of
features that describe it.

There are many types of classifiers, but in general we will talk about either su-
pervised or unsupervised classification. In supervised classification, a set of labels
or categories is known in advance and we have a set of labeled examples which
constitute a training set. In unsupervised classification, the labels or categories are
unknown in advance and the task is to suitably (according to some criteria) organize
the elements at hand. In this section we describe several algorithms to learn super-
vised classifiers and will be covering unsupervised classification (i.e. clustering) in
Sec. 2.4.

2.3.1 Nearest Neighbors

Instance-based classifiers work by storing training records and using them to pre-
dict the class label of unseen cases. A trivial example is the so-called rote-learner.
This classifier memorizes the entire training set and classifies only if the attributes
of the new record match one of the training examples exactly. A more elaborate, and
far more popular, instance-based classifier is the Nearest neighbor classifier (kNN)
[22]. Given a point to be classified, the kNN classifier finds the k closest points
(nearest neighbors) from the training records. It then assigns the class label accord-
ing to the class labels of its nearest-neighbors. The underlying idea is that if a record
falls in a particular neighborhood where a class label is predominant it is because
the record is likely to belong to that very same class.

Given a query point g for which we want to know its class /, and a training
set X = {{x1,/1}...{x,}}, where x; is the j-th element and /; is its class label, the
k-nearest neighbors will find a subset ¥ = {{y1,/;}...{yx}} such that ¥ € X and
YXd(g,y,) is minimal. Y contains the k points in X which are closest to the query
point g. Then, the class label of ¢ is I = f({/;...l;}).
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Fig. 2.4: Example of k-Nearest Neighbors. The left subfigure shows the training
points with two class labels (circles and squares) and the query point (as a triangle).
The right sub-figure illustrates closest neighborhood for k = 1 and k = 7. The query
point would be classified as square for k = 1, and as a circle for k = 5 according to
the simple majority vote rule. Note that the query points was just on the boundary
between the two clusters.

Perhaps the most challenging issue in kNN is how to choose the value of k. If
k is too small, the classifier will be sensitive to noise points. But if k is too large,
the neighborhood might include too many points from other classes. The right plot
in Fig. 2.4 shows how different k yields different class label for the query point, if
k =1 the class label would be circle whereas k = 7 classifies it as square. Note that
the query point from the example is on the boundary of two clusters, and therefore,
it is difficult to classify.

kNN classifiers are amongst the simplest of all machine learning algorithms.
Since kNN does not build models explicitly it is considered a lazy learner. Un-
like eager learners such as decision trees or rule-based systems (see 2.3.2 and 2.3.3,
respectively), kNN classifiers leave many decisions to the classification step. There-
fore, classifying unknown records is relatively expensive.

Nearest Neighbor is one of the most common approaches to CF — and therefore
to designing a RS. As a matter of fact, any overview on RS — such as the one by
Adomavicius and Tuzhilin [1] — will include an introduction to the use of nearest
neighbors in this context. One of the advantages of this classifier is that it is con-
ceptually very much related to the idea of CF: Finding like-minded users (or similar
items) is essentially equivalent to finding neighbors for a given user or an item. The
other advantage is that, being the kNN classifier a lazy learner, it does not require
to learn and maintain a given model. Therefore, in principle, the system can adapt
to rapid changes in the user ratings matrix. Unfortunately, this comes at the cost of
recomputing the neighborhoods and therefore the similarity matrix. This is why we
proposed a neighborhood model that uses a reduced set of experts as the source for
selecting neighbors [3].
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The kNN approach, although simple and intuitive, has shown good accuracy re-
sults and is very amenable to improvements. As a matter of fact, its supremacy as
the de facto standard for CF recommendation has only been challenged recently by
approaches based on dimensionality reduction such as the ones reviewed in Section
2.2.3. That said, the traditional kNN approach to CF has experienced improvements
in several directions. For instance, in the context of the Netflix Prize, Bell and Ko-
ren propose a method to remove global effects such as the fact that some items may
attract users that consistently rate lower. They also propose an optimization method
for computing interpolating weights once the neighborhood is created.

See Chapters 5 and 4 for more details on enhanced CF techniques based on the
use of neighborhoods.

2.3.2 Decision Trees

Decision trees [61, 63] are classifiers on a target attribute (or class) in the form of a
tree structure. The observations (or items) to classify are composed of attributes and
their target value. The nodes of the tree can be: a) decision nodes, in these nodes a
single attribute-value is tested to determine to which branch of the subtree applies.
Or b) leaf nodes which indicate the value of the target attribute.

There are many algorithms for decision tree induction: Hunts Algorithm, CART,
ID3, C4.5, SLIQ, SPRINT to mention the most common. The recursive Hunt al-
gorithm, which is one of the earliest and easiest to understand, relies on the test
condition applied to a given attribute that discriminates the observations by their
target values. Once the partition induced by the test condition has been found, the
algorithm is recursively repeated until a partition is empty or all the observations
have the same target value.

Splits can be decided by maximizing the information gain, defined as follows,

ki . .
A; = I(parent) — Z w (2.6)
j=1

where k; are values of the attribute i, N is the number of observations, v; is the j-
th partition of the observations according to the values of attribute i. Finally, / is a
function that measures node impurity. There are different measures of impurity: Gini
Index, Entropy and misclassification error are the most common in the literature.

Decision tree induction stops once all observations belong to the same class (or
the same range in the case of continuous attributes). This implies that the impurity
of the leaf nodes is zero. For practical reasons, however, most decision trees imple-
mentations use pruning by which a node is no further split if its impurity measure
or the number of observations in the node are below a certain threshold.

The main advantages of building a classifier using a decision tree is that it is
inexpensive to construct and it is extremely fast at classifying unknown instances.
Another appreciated aspect of decision tree is that they can be used to produce a set
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of rules that are easy to interpret (see section 2.3.3) while maintaining an accuracy
comparable to other basic classification techniques.

Decision trees may be used in a model-based approach for a RS. One possibil-
ity is to use content features to build a decision tree that models all the variables
involved in the user preferences. Bouza et al. [12] use this idea to construct a Deci-
sion Tree using semantic information available for the items. The tree is built after
the user has rated only two items. The features for each of the items are used to
build a model that explains the user ratings. They use the information gain of every
feature as the splitting criteria. It should be noted that although this approach is in-
teresting from a theoretical perspective, the precision they report on their system is
worse than that of recommending the average rating.

As it could be expected, it is very difficult and unpractical to build a decision
tree that tries to explain all the variables involved in the decision making process.
Decision trees, however, may also be used in order to model a particular part of
the system. Cho et al. [18], for instance, present a RS for online purchases that
combines the use of Association Rules (see Section 2.5) and Decision Trees. The
Decision Tree is used as a filter to select which users should be targeted with recom-
mendations. In order to build the model they create a candidate user set by selecting
those users that have chosen products from a given category during a given time
frame. In their case, the dependent variable for building the decision tree is cho-
sen as whether the customer is likely to buy new products in that same category.
Nikovski and Kulev [54] follow a similar approach combining Decision Trees and
Association Rules. In their approach, frequent itemsets are detected in the purchase
dataset and then they apply standard tree-learning algorithms for simplifying the
recommendations rules.

Another option to use Decision Trees in a RS is to use them as a tool for item
ranking. The use of Decision Trees for ranking has been studied in several settings
and their use in a RS for this purpose is fairly straightforward [7, 17].

2.3.3 Ruled-based Classifiers

Rule-based classifiers classify data by using a collection of “if ... then ...” rules.
The rule antecedent or condition is an expression made of attribute conjunctions.
The rule consequent is a positive or negative classification.

We say that a rule r covers a given instance x if the attributes of the instance
satisfy the rule condition. We define the coverage of a rule as the fraction of records
that satisfy its antecedent. On the other hand, we define its accuracy as the fraction
of records that satisfy both the antecedent and the consequent. We say that a clas-
sifier contains mutually exclusive rules if the rules are independent of each other —
i.e. every record is covered by at most one rule. Finally we say that the classifier has
exhaustive rules if they account for every possible combination of attribute values
—i.e. each record is covered by at least one rule.
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In order to build a rule-based classifier we can follow a direct method to extract
rules directly from data. Examples of such methods are RIPPER, or CN2. On the
other hand, it is common to follow an indirect method and extract rules from other
classification models such as decision trees or neural networks.

The advantages of rule-based classifiers are that they are extremely expressive
since they are symbolic and operate with the attributes of the data without any
transformation. Rule-based classifiers, and by extension decision trees, are easy to
interpret, easy to generate and they can classify new instances efficiently.

In a similar way to Decision Tress, however, it is very difficult to build a complete
recommender model based on rules. As a matter of fact, this method is not very
popular in the context of RS because deriving a rule-based system means that we
either have some explicit prior knowledge of the decision making process or that
we derive the rules from another model such a decision tree. However a rule-based
system can be used to improve the performance of a RS by injecting partial domain
knowledge or business rules. Anderson et al. [6], for instance, implemented a CF
music RS that improves its performance by applying a rule-based system to the
results of the CF process. If a user rates an album by a given artist high, for instance,
predicted ratings for all other albums by this artist will be increased.

Gutta ef al. [29] implemented a rule-based RS for TV content. In order to do,
so they first derived a C4.5 Decision Tree that is then decomposed into rules for
classifying the programs. Basu et al. [9] followed an inductive approach using the
Ripper [20] system to learn rules from data. They report slightly better results when
using hybrid content and collaborative data to learn rules than when following a
pure CF approach.

2.3.4 Bayesian Classifiers

A Bayesian classifier [34] is a probabilistic framework for solving classification
problems. It is based on the definition of conditional probability and the Bayes the-
orem. The Bayesian school of statistics uses probability to represent uncertainty
about the relationships learned from the data. In addition, the concept of priors is
very important as they represent our expectations or prior knowledge about what the
true relationship might be. In particular, the probability of a model given the data
(posterior) is proportional to the product of the likelihood times the prior proba-
bility (or prior). The likelihood component includes the effect of the data while the
prior specifies the belief in the model before the data was observed.

Bayesian classifiers consider each attribute and class label as (continuous or dis-
crete) random variables. Given a record with N attributes (Aj,As,...,Ax), the goal
is to predict class Cy by finding the value of Cj that maximizes the posterior prob-
ability of the class given the data P(Cy|A1,As,...,Ay). Applying Bayes’ theorem,
P(Cr|A1,Az, ...,AN) o< P(A1,A2,...,AN|Ct)P(Cy)

A particular but very common Bayesian classifier is the Naive Bayes Classifier.
In order to estimate the conditional probability, P(A1,A»,...,Ax|Ci), a Naive Bayes
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Classifier assumes the probabilistic independence of the attributes — i.e. the pres-
ence or absence of a particular attribute is unrelated to the presence or absence of any
other. This assumption leads to P(A1,Az, ...,An|Ci) = P(A1|Cr)P(A2|Cy)...P(AN|Cy).

The main benefits of Naive Bayes classifiers are that they are robust to isolated
noise points and irrelevant attributes, and they handle missing values by ignoring
the instance during probability estimate calculations. However, the independence
assumption may not hold for some attributes as they might be correlated. In this
case, the usual approach is to use the so-called Bayesian Belief Networks (BBN)
(or Bayesian Networks, for short). BBN’s use an acyclic graph to encode the de-
pendence between attributes and a probability table that associates each node to its
immediate parents. BBN’s provide a way to capture prior knowledge in a domain
using a graphical model. In a similar way to Naive Bayes classifiers, BBN’s handle
incomplete data well and they are quite robust to model overfitting.

Bayesian classifiers are particularly popular for model-based RS. They are often
used to derive a model for content-based RS. However, they have also been used
in a CF setting. Ghani and Fano [36], for instance, use a Naive Bayes classifier to
implement a content-based RS. The use of this model allows for recommending
products from unrelated categories in the context of a department store.

Miyahara and Pazzani [52] implement a RS based on a Naive Bayes classifier.
In order to do so, they define two classes: like and don’t like. In this context they
propose two ways of using the Naive Bayesian Classifier: The Transformed Data
Model assumes that all features are completely independent, and feature selection
is implemented as a preprocessing step. On the other hand, the Sparse Data Model
assumes that only known features are informative for classification. Furthermore, it
only makes use of data which both users rated in common when estimating proba-
bilities. Experiments show both models to perform better than a correlation-based
CF.

Pronk et al. [58] use a Bayesian Naive Classifier as the base for incorporating
user control and improving performance, especially in cold-start situations. In order
to do so they propose to maintain two profiles for each user: one learned from the
rating history, and the other explicitly created by the user. The blending of both
classifiers can be controlled in such a way that the user-defined profile is favored
at early stages, when there is not too much rating history, and the learned classifier
takes over at later stages.

In the previous section we mentioned that Gutta et al. [29] implemented a
rule-based approach in a TV content RS. Another of the approaches they tested
was a Bayesian classifier. They define a two-class classifier, where the classes are
watched/not watched. The user profile is then a collection of attributes together with
the number of times they occur in positive and negative examples. This is used to
compute prior probabilities that a show belongs to a particular class and the con-
ditional probability that a given feature will be present if a show is either positive
or negative. It must be noted that features are, in this case, related to both content
—i.e. genre — and contexts —i.e. time of the day. The posteriori probabilities for a new
show are then computed from these.
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Breese et al. [15] implement a Bayesian Network where each node corresponds
to each item. The states correspond to each possible vote value. In the network, each
item will have a set of parent items that are its best predictors. The conditional prob-
ability tables are represented by decision trees. The authors report better results for
this model than for several nearest-neighbors implementations over several datasets.

Hierarchical Bayesian Networks have also been used in several settings as a way
to add domain-knowledge for information filtering [78]. One of the issues with hier-
archical Bayesian networks, however, is that it is very expensive to learn and update
the model when there are many users in it. Zhang and Koren [79] propose a varia-
tion over the standard Expectation-Maximization (EM) model in order to speed up
this process in the scenario of a content-based RS.

2.3.5 Artificial Neural Networks

An Artificial Neural Network (ANN) [81] is an assembly of inter-connected nodes
and weighted links that is inspired in the architecture of the biological brain. Nodes
in an ANN are called neurons as an analogy with biological neurons. These simple
functional units are composed into networks that have the ability to learn a classifi-
cation problem after they are trained with sufficient data.
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Fig. 2.5: Perceptron model

The simplest case of an ANN is the perceptron model, illustrated in figure 2.5. If
we particularize the activation function ¢ to be the simple Threshold Function, the
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output is obtained by summing up each of its input value according to the weights
of its links and comparing its output against some threshold 6. The output function
can be expressed using Eq. 2.7. The perceptron model is a linear classifier that has
a simple and efficient learning algorithm. But, besides the simple Threshold Func-
tion used in the Perceptron model, there are several other common choices for the
activation function such as sigmoid, tanh, or step functions.

b {1, if x> 64 o

0, if Yxwy <6

An ANN can have any number of layers. Layers in an ANN are classified into
three types: input, hidden, and output. Units in the input layer respond to data that
is fed into the network. Hidden units receive the weighted output from the input
units. And the output units respond to the weighted output from the hidden units
and generate the final output of the network. Using neurons as atomic functional
units, there are many possible architectures to put them together in a network. But,
the most common approach is to use the feed-forward ANN. In this case, signals are
strictly propagated in one way: from input to output.

The main advantages of ANN are that — depending on the activation function
— they can perform non-linear classification tasks, and that, due to their parallel
nature, they can be efficient and even operate if part of the network fails. The main
disadvantage is that it is hard to come up with the ideal network topology for a
given problem and once the topology is decided this will act as a lower bound for
the classification error. ANN’s belong to the class of sub-symbolic classifiers, which
means that they provide no semantics for inferring knowledge — i.e. they promote a
kind of black-box approach.

ANN’s can be used in a similar way as Bayesian Networks to construct model-
based RS’s. However, there is no conclusive study to whether ANN introduce any
performance gain. As a matter of fact, Pazzani and Billsus [57] did a comprehen-
sive experimental study on the use of several machine learning algorithms for web
site recommendation. Their main goal was to compare the simple naive Bayesian
Classifier with computationally more expensive alternatives such as Decision Trees
and Neural Networks. Their experimental results show that Decision Trees perform
significantly worse. On the other hand ANN and the Bayesian classifier performed
similarly. They conclude that there does not seem to be a need for nonlinear clas-
sifiers such as the ANN. Berka et al. [31] used ANN to build an URL RS for web
navigation. They implemented a content-independent system based exclusively on
trails — i.e. associating pairs of domain names with the number of people who tra-
versed them. In order to do so they used feed-forward Multilayer Perceptrons trained
with the Backpropagation algorithm.

ANN can be used to combine (or hybridize) the input from several recommen-
dation modules or data sources. Hsu et al. [30], for instance, build a TV recom-
mender by importing data from four different sources: user profiles and stereo-
types; viewing communities; program metadata; and viewing context. They use the
back-propagation algorithm to train a three-layered neural network. Christakou and
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Stafylopatis [19] also built a hybrid content-based CF RS. The content-based rec-
ommender is implemented using three neural networks per user, each of them cor-
responding to one of the following features: “kinds”, “stars”, and “synopsis”. They
trained the ANN using the Resilient Backpropagation method.

2.3.6 Support Vector Machines

The goal of a Support Vector Machine (SVM) classifier [23] is to find a linear hy-
perplane (decision boundary) that separates the data in such a way that the margin is
maximized. For instance, if we look at a two class separation problem in two dimen-
sions like the one illustrated in figure 2.6, we can easily observe that there are many
possible boundary lines to separate the two classes. Each boundary has an associated
margin. The rationale behind SVM’s is that if we choose the one that maximizes the
margin we are less likely to missclassify unknown items in the future.

Small Margin Large Margin

'
Support Vectors

Fig. 2.6: Different boundary decisions are possible to separate two classes in two
dimensions. Each boundary has an associated margin.

A linear separation between two classes is accomplished through the function
wex+b = 0. We define a function that can classify items of being of class +1 or -1
as long as they are separated by some minimum distance from the class separation
function. The function is given by Eq. 2.8
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Following the main rationale for SVM’s, we would like to maximize the margin
between the two classes, given by equation 2.9. This is in fact equivalent to mini-

mizing the inverse value L(w) = w but subjected to the constraints given by f(x).
This is a constrained optimization problem and there are numerical approaches to
solve it (e.g., quadratic programming).

If the items are not linearly separable we can decide to turn the svm into a soft
margin classifier by introducing a slack variable. In this case the formula to mini-
mize is given by equation 2.10 subject to the new definition of f(x) in equation 2.11.
On the other hand, if the decision boundary is not linear we need to transform data
into a higher dimensional space . This is accomplished thanks to a mathematical
transformation known as the kernel trick. The basic idea is to replace the dot prod-
ucts in equation 2.8 by a kernel function. There are many different possible choices
for the kernel function such as Polynomial or Sigmoid. But the most common kernel
functions are the family of Radial Basis Function (RBF).

L(w):w+cie (2.10)
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Support Vector Machines have recently gained popularity for their performance
and efficiency in many settings. SVM’s have also shown promising recent results
in RS. Kang and Yoo [46], for instance, report on an experimental study that aims
at selecting the best preprocessing technique for predicting missing values for an
SVM-based RS. In particular, they use SVD and Support Vector Regression. The
Support Vector Machine RS is built by first binarizing the 80 levels of available user
preference data. They experiment with several settings and report best results for a
threshold of 32 —i.e. a value of 32 and less is classified as prefer and a higher value
as do not prefer. The user id is used as the class label and the positive and negative
values are expressed as preference values 1 and 2.

Xu and Araki [76] used SVM to build a TV program RS. They used informa-
tion from the Electronic Program Guide (EPG) as features. But in order to reduce
features they removed words with lowest frequencies. Furthermore, and in order to
evaluate different approaches, they used both the Boolean and the Term frequency -
inverse document frequency (TFIDF) weighting schemes for features. In the former,
0 and 1 are used to represent absence or presence of a term on the content. In the
latter, this is turned into the TFIDF numerical value.

Xia et al.[75] present different approaches to using SVM’s for RS in a CF set-
ting. They explore the use of Smoothing Support Vector Machines (SSVM). They
also introduce a SSVM-based heuristic (SSVMBH) to iteratively estimate missing
elements in the user-item matrix. They compute predictions by creating a classifier
for each user. Their experimental results report best results for the SSVMBH as
compared to both SSVM’s and traditional user-based and item-based CF. Finally,
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Oku et al. [27] propose the use of Context-Aware Vector Machines (C-SVM) for
context-aware RS. They compare the use of standard SVM, C-SVM and an exten-
sion that uses CF as well as C-SVM. Their results show the effectiveness of the
context-aware methods for restaurant recommendations.

2.3.7 Ensembles of Classifiers

The basic idea behind the use of ensembles of classifiers is to construct a set of
classifiers from the training data and predict class labels by aggregating their pre-
dictions. Ensembles of classifiers work whenever we can assume that the classifiers
are independent. In this case we can ensure that the ensemble will produce results
that are in the worst case as bad as the worst classifier in the ensemble. Therefore,
combining independent classifiers of a similar classification error will only improve
results.

In order to generate ensembles, several approaches are possible. The two most
common techniques are Bagging and Boosting. In Bagging, we perform sampling
with replacement, building the classifier on each bootstrap sample. Each sample has
probability (1 — %)N of being selected — note that if N is large enough, this converges
to 1 — % ~ 0.623. In Boosting we use an iterative procedure to adaptively change
distribution of training data by focusing more on previously misclassified records.
Initially, all records are assigned equal weights. But, unlike bagging, weights may
change at the end of each boosting round: Records that are wrongly classified will
have their weights increased while records that are classified correctly will have
their weights decreased. An example of boosting is the AdaBoost algorithm.

The use of ensembles of classifiers is common practice in the RS field. As a
matter of fact, any hybridation technique [16] can be considered an ensemble as
it combines in one way or another several classifiers. An explicit example of this
is Tiemann and Pauws’ music recommender, in which they use ensemble learning
methods to combine a social and a content-base RS [70].

Experimental results show that ensembles can produce better results than any
classifier in isolation. Bell et al. [11], for instance, used a combination of 107 differ-
ent methods in their progress prize winning solution to the Netflix challenge. They
state that their findings show that it pays off more to find substantially different ap-
proaches rather than focusing on refining a particular technique. In order to blend
the results from the ensembles they use a linear regression approach and to derive
weights for each classifier, they partition the test dataset into 15 different bins and
derive unique coefficients for each of the bins. Different uses of ensembles in the
context of the Netflix prize can be tracked in other approaches such as in Schclar et
al.’s [67] or Toescher et al.’s [71].

The boosting approach has also been used in RS. Freund et al., for instance,
present an algorithm called RankBoost to combine preferences [32]. They apply the
algorithm to produce movie recommendations in a CF setting.
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2.3.8 Evaluating Classifiers

The most commonly accepted evaluation measure for RS is the Mean Average Error
or Root Mean Squared Error of the predicted interest (or rating) and the measured
one. These measures compute accuracy without any assumption on the purpose of
the RS. However, as McNee et al. point out [51], there is much more than accuracy
to deciding whether an item should be recommended. Herlocker et al. [42] provide
a comprehensive review of algorithmic evaluation approaches to RS. They suggest
that some measures could potentially be more appropriate for some tasks. However,
they are not able to validate the measures when evaluating the different approaches
empirically on a class of recommendation algorithms and a single set of data.

A step forward is to consider that the purpose of a “real” RS is to produce a top-N
list of recommendations and evaluate RS depending on how well they can classify
items as being recommendable. If we look at our recommendation as a classifica-
tion problem, we can make use of well-known measures for classifier evaluation
such as precision and recall. In the following paragraphs, we will review some of
these measures and their application to RS evaluation. Note however that learn-
ing algorithms and classifiers can be evaluated by multiple criteria. This includes
how accurately they perform the classification, their computational complexity dur-
ing training , complexity during classification, their sensitivity to noisy data, their
scalability, and so on. But in this section we will focus only on classification perfor-
mance.

In order to evaluate a model we usually take into account the following measures:
True Positives (7 P): number of instances classified as belonging to class A that
truly belong to class A; True Negatives (7T N): number of instances classified as not
belonging to class A and that in fact do not belong to class A; False Positives (F P):
number of instances classified as class A but that do not belong to class A; False
Negatives (F'N): instances not classified as belonging to class v but that in fact do
belong to class A.

The most commonly used measure for model performance is its Accuracy de-
fined as the ratio between the instances that have been correctly classified (as be-
longing or not to the given class) and the total number of instances: Accuracy =
(TP+TN)/(TP+TN + FP+ FN). However, accuracy might be misleading in
many cases. Imagine a 2-class problem in which there are 99,900 samples of class
A and 100 of class B. If a classifier simply predicts everything to be of class A,
the computed accuracy would be of 99.9% but the model performance is question-
able because it will never detect any class B examples. One way to improve this
evaluation is to define the cost matrix where we declare the cost of misclassifying
class B examples as being of class A. In real world applications different types of
errors may indeed have very different costs. For example, if the 100 samples above
correspond to defective airplane parts in an assembly line, incorrectly rejecting a
non-defective part (one of the 99,900 samples) has a negligible cost compared to
the cost of mistakenly classifying a defective part as a good part.

Other common measures of model performance, particularly in Information Re-
trieval, are Precision and Recall . Precision, defined as P = TP/(TP+ FP), is a
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measure of how many errors we make in classifying samples as being of class A.
On the other hand, recall, R = TP/(TP + FN), measures how good we are in not
leaving out samples that should have been classified as belonging to the class. Note
that these two measures are misleading when used in isolation in most cases. We
could build a classifier of perfect precision by not classifying any sample as being
of class A (therefore obtaining 0 TP but also 0 FP). Conversely, we could build a
classifier of perfect recall by classifying all samples as belonging to class A. As a

matter of fact, there is a measure, called the F;-measure that combines both Preci-
2RP 2TP

sion and Recall into a single measure as: Fi = 375 = 35751 v 7P

Sometimes we would like to compare several competing models rather than es-
timate their performance independently. In order to do so we use a technique de-
veloped in the 1950s for analysis of noisy signals: the Receiver Operating Charac-
teristic (ROC) Curve. A ROC curve characterizes the relation between positive hits
and false alarms. The performance of each classifier is represented as a point on the

curve (see Fig. 2.7).
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Fig. 2.7: Example of ROC Curve. Model 1 performs better for low False Positive
Rates while Model 2 is fairly consistent throughout and outperforms Model 1 for

False Positive Rates higher than 0.25

Ziegler et al. show [80] that evaluating recommender algorithms through top-N
lists measures still does not map directly to the user’s utility function. However, it
does address some of the limitations of the more commonly accepted accuracy mea-
sures, such as MAE. Basu et al. [10], for instance, use this approach by analyzing
which of the items predicted in the top quartile of the rating scale were actually
evaluated in the top quartile by the user. McLaughlin and Herlocker [50] propose
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a modified precision measure in which non-rated items are counted as not recom-
mendable. This precision measure in fact represents a lower-bound of the “real”
precision. Although the F-measure can be directly derived from the precision-recall
values, it is not common to find it in RS evaluations. Huang et al. [43] and Bozzon
et al. [13], and Miyahara and Pazzani [52] are some of the few examples of the use
of this measure.

ROC curves have also been used in evaluating RS. Zhang et al. [64] use the value
of the area under the ROC curve as their evaluation measure when comparing the
performance of different algorithms under attack. Banerjee and Ramanathan [8] also
use the ROC curves to compare the performance of different models.

It must be noted, though, that the choice of a good evaluation measure, even in
the case of a top-N RS, is still a matter of discussion. Many authors have proposed
measures that are only indirectly related to these traditional evaluation schemes.
Deshpande and Karypis [25], for instance, propose the use of the hit rate and the
average reciprocal hit-rank. On the other hand, Breese et al. [15] define a measure
of the utility of the recommendation in a ranked list as a function of the neutral vote.

Note that Chapter 8 details on the use of some of these evaluation measures in
the context of RS and is therefore a good place to continue if you are interested on
this topic.

2.4 Cluster Analysis

The main problem for scaling a CF classifier is the amount of operations involved in
computing distances — for finding the best k-nearest neighbors, for instance. A possi-
ble solution is, as we saw in section 2.2.3, to reduce dimensionality. But, even if we
reduce dimensionality of features, we might still have many objects to compute the
distance to. This is where clustering algorithms can come into play. The same is true
for content-based RS, where distances among objects are needed to retrieve simi-
lar ones. Clustering is sure to improve efficiency because the number of operations
is reduced. However, and unlike dimensionality reduction methods, it is unlikely
that it can help improve accuracy. Therefore, clustering must be applied with care
when designing a RS, measuring the compromise between improved efficiency and
a possible decrease in accuracy.

Clustering [41], also referred to as unsupervised learning, consists of assigning
items to groups so that the items in the same groups are more similar than items
in different groups: the goal is to discover natural (or meaningful) groups that exist
in the data. Similarity is determined using a distance measure, such as the ones
reviewed in 2.2.1. The goal of a clustering algorithm is to minimize intra-cluster
distances while maximizing inter-cluster distances.

There are two main categories of clustering algorithms: hierarchical and parti-
tional. Partitional clustering algorithms divide data items into non-overlapping clus-
ters such that each data item is in exactly one cluster. Hierarchical clustering algo-
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rithms successively cluster items within found clusters, producing a set of nested
cluster organized as a hierarchical tree.

Many clustering algorithms try to minimize a function that measures the quality
of the clustering. Such a quality function is often referred to as the objective func-
tion, so clustering can be viewed as an optimization problem: the ideal clustering
algorithm would consider all possible partitions of the data and output the partition-
ing that minimizes the quality function. But the corresponding optimization problem
is NP hard, so many algorithms resort to heuristics (e.g., in the k-means algorithm
using only local optimization procedures potentially ending in local minima). The
main point is that clustering is a difficult problem for which finding optimal solu-
tions is often not possible. For that same reason, selection of the particular clustering
algorithm and its parameters (e.g., similarity measure) depend on many factors, in-
cluding the characteristics of the data. In the following paragraphs we describe the
k-means clustering algorithm and some of its alternatives.

2.4.1 k-Means

k-Means clustering is a partitioning method. The function partitions the data set of
N items into k disjoint subsets S; that contain N; items so that they are as close
to each other as possible according a given distance measure. Each cluster in the
partition is defined by its N; members and by its centroid A;. The centroid for each
cluster is the point to which the sum of distances from all items in that cluster is
minimized. Thus, we can define the k-means algorithm as an iterative process to
minimize E = YX Y, s;d (x1,A;), where x, is a vector representing the n-th item,
A; is the centroid of the item in S; and d is the distance measure. The k-means
algorithm moves items between clusters until £ cannot be decreased further.

The algorithm works by randomly selecting k centroids. Then all items are as-
signed to the cluster whose centroid is the closest to them. The new cluster centroid
needs to be updated to account for the items who have been added or removed from
the cluster and the membership of the items to the cluster updated. This operation
continues until there are no further items that change their cluster membership. Most
of the convergence to the final partition takes place during the first iterations of the
algorithm, and therefore, the stopping condition is often changed to “until relatively
few points change clusters” in order to improve efficiency.

The basic k-means is an extremely simple and efficient algorithm. However, it
does have several shortcomings: (1) it assumes prior knowledge of the data in order
to choose the appropriate & ; (2) the final clusters are very sensitive to the selection of
the initial centroids; and (3), it can produce empty cluster. k-means also has several
limitations with regard to the data: it has problems when clusters are of differing
sizes, densities, and non-globular shapes; and it also has problems when the data
contains outliers.

Xue et al. [77] present a typical use of clustering in the context of a RS by em-
ploying the k-means algorithm as a pre-processing step to help in neighborhood for-
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mation. They do not restrict the neighborhood to the cluster the user belongs to but
rather use the distance from the user to different cluster centroids as a pre-selection
step for the neighbors. They also implement a cluster-based smoothing technique in
which missing values for users in a cluster are replaced by cluster representatives.
Their method is reported to perform slightly better than standard kANN-based CF. In
a similar way, Sarwar et al. [26] describe an approach to implement a scalable kNN
classifier. They partition the user space by applying the bisecting k-means algorithm
and then use those clusters as the base for neighborhood formation. They report a
decrease in accuracy of around 5% as compared to standard kANN CF. However, their
approach allows for a significant improvement in efficiency.

Connor and Herlocker [21] present a different approach in which, instead of
users, they cluster items. Using the Pearson Correlation similarity measure they try
out four different algorithms: average link hierarchical agglomerative [39], robust
clustering algorithm for categorical attributes (ROCK) [40], kMetis, and hMetis .
Although clustering did improve efficiency, all of their clustering techniques yielded
worse accuracy and coverage than the non-partitioned baseline. Finally, Li et al.[60]
and Ungar and Foster [72] present a very similar approach for using k-means clus-
tering for solving a probabilistic model interpretation of the recommender problem.

2.4.2 Alternatives to k-means

Density-based clustering algorithms such as DBSCAN work by building up on the
definition of density as the number of points within a specified radius. DBSCAN,
for instance, defines three kinds of points: core points are those that have more than
a specified number of neighbors within a given distance; border points have fewer
than the specified number but belong to a core point neighborhood; and noise points
are those that are neither core or border. The algorithm iteratively removes noise
points and performs clustering on the remaining points.

Message-passing clustering algorithms are a very recent family of graph-based
clustering methods. Instead of considering an initial subset of the points as centers
and then iteratively adapt those, message-passing algorithms initially consider all
points as centers — usually known as exemplars in this context. During the algorithm
execution points, which are now considered nodes in a network, exchange messages
until clusters gradually emerge. Affinity Propagation is an important representative
of this family of algorithms [33] that works by defining two kinds of messages
between nodes: “responsibility”, which reflects how well-suited receiving point is
to serve as exemplar of the point sending the message, taking into account other
potential exemplars; and “availability”, which is sent from candidate exemplar to the
point and reflects how appropriate it would be for the point to choose the candidate
as its exemplar, taking into account support from other points that are choosing that
same exemplar. Affinity propagation has been applied, with very good results, to

3 http://www.cs.umn.edu/ karypis/metis
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problems as different as DNA sequence clustering, face clustering in images, or text
summarization.

Finally, Hierarchical Clustering, produces a set of nested clusters organized as
a hierarchical tree (dendogram). Hierarchical Clustering does not have to assume
a particular number of clusters in advanced. Also, any desired number of clusters
can be obtained by selecting the tree at the proper level. Hierarchical clusters can
also sometimes correspond to meaningful taxonomies. Traditional hierarchical al-
gorithms use a similarity or distance matrix and merge or split one cluster at a time.
There are two main approaches to hierarchical clustering. In agglomerative hier-
archical clustering we start with the points as individual clusters and at each step,
merge the closest pair of clusters until only one cluster (or k clusters) are left. In
divisive hierarchical clustering we start with one, all-inclusive cluster, and at each
step, split a cluster until each cluster contains a point (or there are k clusters).

To the best of our knowledge, alternatives to k-means such as the previous have
not been applied to RS. The simplicity and efficiency of the k-means algorithm
shadows possible alternatives. It is not clear whether density-based or hierarchical
clustering approaches have anything to offer in the RS arena. On the other hand,
message-passing algorithms have been shown to be more efficient and their graph-
based paradigm can be easily translated to the RS problem. It is possible that we see
applications of these algorithms in the coming years.

2.5 Association Rule Mining

Association Rule Mining focuses on finding rules that will predict the occurrence of
an item based on the occurrences of other items in a transaction. The fact that two
items are found to be related means co-occurrence but not causality. Note that this
technique should not be confused with rule-based classifiers presented in Sec. 2.3.3.

We define an itemset as a collection of one or more items (e.g. (Milk, Beer,
Diaper)). A k-itemset is an itemset that contains k items. The frequency of a given
itemset is known as support count (e.g. (Milk, Beer, Diaper) = 131). And the support
of the itemset is the fraction of transactions that contain it (e.g. (Milk, Beer, Diaper)
= 0.12). A frequent itemset is an itemset with a support that is greater or equal to a
minsup threshold. An association rule is an expression of the form X =- Y, where
X and Y are itemsets. (e.g. Milk, Diaper = Beer). In this case the support of the
association rule is the fraction of transactions that have both X and Y. On the other
hand, the confidence of the rule is how often items in Y appear in transactions that
contain X.

Given a set of transactions 7', the goal of association rule mining is to find
all rules having support > minsupthreshold and con fidence > minconfthreshold.
The brute-force approach would be to list all possible association rules, compute
the support and confidence for each rule and then prune rules that do not satisfy
both conditions. This is, however, computationally very expensive. For this reason,
we take a two-step approach: (1) Generate all itemsets whose support > minsup
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(Frequent Itemset Generation); (2) Generate high confidence rules from each fre-
quent itemset (Rule Generation)

Several techniques exist to optimize the generation of frequent itemsets. On a
broad sense they can be classified into those that try to minimize the number of can-
didates (M), those that reduce the number of transactions (), and those that reduce
the number of comparisons (NM). The most common approach though, is to reduce
the number of candidates using the Apriori principle. This principle states that if
an itemset is frequent, then all of its subsets must also be frequent. This is verified
using the support measure because the support of an itemset never exceeds that of
its subsets. The Apriori algorithm is a practical implementation of the principle.

Given a frequent itemset L, the goal when generating rules is to find all non-
empty subsets that satisfy the minimum confidence requirement. If |L| = k, then
there are 2k2 candidate association rules. So, as in the frequent itemset generation,
we need to find ways to generate rules efficiently. For the Apriori Algorithm we can
generate candidate rules by merging two rules that share the same prefix in the rule
consequent.

The effectiveness of association rule mining for uncovering patterns and driving
personalized marketing decisions has been known for a some time [2]. However, and
although there is a clear relation between this method and the goal of a RS, they have
not become mainstream. The main reason is that this approach is similar to item-
based CF but is less flexible since it requires of an explicit notion of transaction —
e.g. co-occurrence of events in a given session. In the next paragraphs we present
some promising examples, some of which indicate that association rules still have
not had their last word.

Mobasher et al. [53] present a system for web personalization based on associ-
ation rules mining. Their system identifies association rules from pageviews co-
occurrences based on users navigational patterns. Their approach outperforms a
kNN-based recommendation system both in terms of precision and coverage. Smyth
et al. [68] present two different case studies of using association rules for RS. In the
first case they use the a priori algorithm to extract item association rules from user
profiles in order to derive a better item-item similarity measure. In the second case,
they apply association rule mining to a conversational recommender. The goal here
is to find co-occurrent critiques — i.e. user indicating a preference over a particular
feature of the recommended item. Lin et al. [49] present a new association mining
algorithm that adjusts the minimum support of the rules during mining in order to
obtain an appropriate number of significant rule therefore addressing some of the
shortcomings of previous algorithms such as the a priori. They mine both associa-
tion rules between users and items. The measured accuracy outperforms previously
reported values for correlation-based recommendation and is similar to the more
elaborate approaches such as the combination of SVD and ANN.

Finally, as already mentioned in section 2.3.2, Cho ef al. [18] combine Decision
Trees and Association Rule Mining in a web shop RS. In their system, associa-
tion rules are derived in order to link related items. The recommendation is then
computed by intersecting association rules with user preferences. They look for as-
sociation rules in different transaction sets such as purchases, basket placement, and
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click-through. They also use a heuristic for weighting rules coming from each of the
transaction sets. Purchase association rules, for instance, are weighted higher than
click-through association rules.

2.6 Conclusions

This chapter has introduced the main data mining methods and techniques that can
be applied in the design of a RS. We have also surveyed their use in the literature
and provided some rough guidelines on how and where they can be applied.

We started by reviewing techniques that can be applied in the pre-processing
step. First, there is the choice of an appropriate distance measure, which is reviewed
in Section 2.2.1. This is required by most of the methods in the following steps.
The cosine similarity and Pearson correlation are commonly accepted as the best
choice. Although there have been many efforts devoted to improving these distance
measures, recent works seem to report that the choice of a distance function does not
play such an important role. Then, in Section 2.2.2, we reviewed the basic sampling
techniques that need to be applied in order to select a subset of an originally large
data set, or to separating a training and a testing set. Finally, we discussed the use
of dimensionality reduction techniques such as Principal Component Analysis and
Singular Value Decomposition in Section 2.2.3 as a way to address the curse of
dimensionality problem. We explained some success stories using dimensionality
reduction techniques, especially in the context of the Netflix prize.

In Section 2.3, we reviewed the main classification methods: namely, nearest-
neighbors, decision trees, rule-based classifiers, Bayesian networks, artificial neural
networks, and support vector machines. We saw that, although kNN ( see Section
2.3.1) CF is the preferred approach, all those classifiers can be applied in different
settings. Decision trees ( see Section 2.3.2) can be used to derive a model based
on the content of the items or to model a particular part of the system. Decision
rules ( see Section 2.3.3) can be derived from a pre-existing decision trees, or can
also be used to introduce business or domain knowledge. Bayesian networks ( see
Section 2.3.4) are a popular approach to content-based recommendation, but can
also be used to derive a model-based CF system. In a similar way, Artificial Neu-
ral Networks can be used to derive a model-based recommender but also to com-
bine/hybridize several algorithms. Finally, support vector machines ( see Section
2.3.6) are gaining popularity also as a way to infer content-based classifications or
derive a CF model.

Choosing the right classifier for a RS is not easy and is in many senses task and
data-dependent. In the case of CF, some results seem to indicate that model-based
approaches using classifiers such as the SVM or Bayesian Networks can slightly
improve performance of the standard kNN classifier. However, those results are non-
conclusive and hard to generalize. In the case of a content-based RS there is some
evidence that in some cases Bayesian Networks will perform better than simpler
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methods such as decision trees. However, it is not clear that more complex non-
linear classifiers such as the ANN or SVMs can perform better.

Therefore, the choice of the right classifier for a specific recommending task still
has nowadays much of exploratory. A practical rule-of-thumb is to start with the
simplest approach and only introduce complexity if the performance gain obtained
justifies it. The performance gain should of course balance different dimensions
such as prediction accuracy or computational efficiency.

We reviewed clustering algorithms in Section 2.4. Clustering is usually used in
RS to improve performance. A previous clustering step, either in the user of item
space, reduces the number of distance computations we need to perform. However,
this usually comes at the price of a lower accuracy so it should be handled with
care. As a matter of fact, improving efficiency by using a dimensionality reduction
technique such as SVD is probably a better choice in the general case. As opposed
to what happens with classifiers, not so many clustering algorithms have been used
in the context of RS. The simplicity and relative efficiency of the k-means algorithm
(see Section 2.4.1) make it hard to find a practical alternative. We reviewed some
of them such as Hierarchical Clustering or Message-passing algorithms in Section
2.4.2. Although these techniques have still not been applied for RS, they offer a
promising avenue for future research.

Finally, in Section 2.5, we described association rules and surveyed their use in
RS. Association rules offer an intuitive framework for recommending items when-
ever there is an explicit or implicit notion of transaction. Although there exist effi-
cient algorithms for computing association rules, and they have proved more accu-
rate than standard kNN CEF, they are still not a favored approach.

The choice of the right DM technique in designing a RS is a complex task that
is bound by many problem-specific constraints. However, we hope that the short
review of techniques and experiences included in this chapter can help the reader
make a much more informed decision. Besides, we have also uncovered areas that
are open to many further improvements, and where there is still much exciting and
relevant research to be done in the coming years.
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Chapter 3

Content-based Recommender Systems: State of
the Art and Trends

Pasquale Lops, Marco de Gemmis and Giovanni Semeraro

Abstract Recommender systems have the effect of guiding users in a personal-
ized way to interesting objects in a large space of possible options. Content-based
recommendation systems try to recommend items similar to those a given user has
liked in the past. Indeed, the basic process performed by a content-based recom-
mender consists in matching up the attributes of a user profile in which preferences
and interests are stored, with the attributes of a content object (item), in order to
recommend to the user new interesting items. This chapter provides an overview of
content-based recommender systems, with the aim of imposing a degree of order on
the diversity of the different aspects involved in their design and implementation.
The first part of the chapter presents the basic concepts and terminology of content-
based recommender systems, a high level architecture, and their main advantages
and drawbacks. The second part of the chapter provides a review of the state of
the art of systems adopted in several application domains, by thoroughly describ-
ing both classical and advanced techniques for representing items and user profiles.
The most widely adopted techniques for learning user profiles are also presented.
The last part of the chapter discusses trends and future research which might lead
towards the next generation of systems, by describing the role of User Generated
Content as a way for taking into account evolving vocabularies, and the challenge
of feeding users with serendipitous recommendations, that is to say surprisingly
interesting items that they might not have otherwise discovered.
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3.1 Introduction

The abundance of information available on the Web and in Digital Libraries, in
combination with their dynamic and heterogeneous nature, has determined a rapidly
increasing difficulty in finding what we want when we need it and in a manner which
best meets our requirements.

As a consequence, the role of user modeling and personalized information ac-
cess is becoming crucial: users need a personalized support in sifting through large
amounts of available information, according to their interests and tastes.

Many information sources embody recommender systems as a way of personal-
izing their content for users [73]. Recommender systems have the effect of guiding
users in a personalized way to interesting or useful objects in a large space of possi-
ble options [17]. Recommendation algorithms use input about a customer’s interests
to generate a list of recommended items. At Amazon.com, recommendation algo-
rithms are used to personalize the online store for each customer, for example show-
ing programming titles to a software engineer and baby toys to a new mother [50].

The problem of recommending items has been studied extensively, and two main
paradigms have emerged. Content-based recommendation systems try to recom-
mend items similar to those a given user has liked in the past, whereas systems
designed according to the collaborative recommendation paradigm identify users
whose preferences are similar to those of the given user and recommend items they
have liked [7].

In this chapter, a comprehensive and systematic study of content-based recom-
mender systems is carried out. The intention is twofold:

e to provide an overview of state-of-the-art systems, by highlighting the techniques
which revealed the most effective, and the application domains in which they
have adopted;

e to present trends and directions for future research which might lead towards the
next generation of content-based recommender systems.

The chapter is organized as follows. First, we present the basic concepts and
terminology related to content-based recommenders. A classical framework for pro-
viding content-based recommendations is described, in order to understand the main
components of the architecture, the process for producing recommendations and the
advantages and drawbacks of using this kind of recommendation technique. Section
3.3 provides a thorough review of the state of the art of content-based systems, by
providing details about the classical and advanced techniques for representing items
to be recommended, and the methods for learning user profiles. Section 3.4 presents
trends and future research in the field of content-based recommender systems, while
conclusions are drawn in Section 3.5.
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3.2 Basics of Content-based Recommender Systems

Systems implementing a content-based recommendation approach analyze a set of
documents and/or descriptions of items previously rated by a user, and build a model
or profile of user interests based on the features of the objects rated by that user [63].
The profile is a structured representation of user interests, adopted to recommend
new interesting items. The recommendation process basically consists in matching
up the attributes of the user profile against the attributes of a content object. The re-
sult is a relevance judgment that represents the user’s level of interest in that object.
If a profile accurately reflects user preferences, it is of tremendous advantage for
the effectiveness of an information access process. For instance, it could be used to
filter search results by deciding whether a user is interested in a specific Web page
or not and, in the negative case, preventing it from being displayed.

3.2.1 A High Level Architecture of Content-based Systems

Content-based Information Filtering (IF) systems need proper techniques for repre-
senting the items and producing the user profile, and some strategies for comparing
the user profile with the item representation. The high level architecture of a content-
based recommender system is depicted in Figure 3.1. The recommendation process
is performed in three steps, each of which is handled by a separate component:

e CONTENT ANALYZER — When information has no structure (e.g. text), some
kind of pre-processing step is needed to extract structured relevant information.
The main responsibility of the component is to represent the content of items
(e.g. documents, Web pages, news, product descriptions, etc.) coming from in-
formation sources in a form suitable for the next processing steps. Data items are
analyzed by feature extraction techniques in order to shift item representation
from the original information space to the target one (e.g. Web pages represented
as keyword vectors). This representation is the input to the PROFILE LEARNER
and FILTERING COMPONENT;

o PROFILE LEARNER — This module collects data representative of the user prefer-
ences and tries to generalize this data, in order to construct the user profile. Usu-
ally, the generalization strategy is realized through machine learning techniques
[61], which are able to infer a model of user interests starting from items liked or
disliked in the past. For instance, the PROFILE LEARNER of a Web page recom-
mender can implement a relevance feedback method [75] in which the learning
technique combines vectors of positive and negative examples into a prototype
vector representing the user profile. Training examples are Web pages on which
a positive or negative feedback has been provided by the user;

e FILTERING COMPONENT — This module exploits the user profile to suggest rel-
evant items by matching the profile representation against that of items to be
recommended. The result is a binary or continuous relevance judgment (com-
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puted using some similarity metrics [42]), the latter case resulting in a ranked list
of potentially interesting items. In the above mentioned example, the matching
is realized by computing the cosine similarity between the prototype vector and
the item vectors.

The first step of the recommendation process is the one performed by the CON-
TENT ANALYZER, that usually borrows techniques from Information Retrieval sys-
tems [80, 6]. Item descriptions coming from Information Source are processed by
the CONTENT ANALYZER, that extracts features (keywords, n-grams, concepts, . .. )
from unstructured text to produce a structured item representation, stored in the
repository Represented Items.

In order to construct and update the profile of the active user u, (user for
which recommendations must be provided) her reactions to items are collected in
some way and recorded in the repository Feedback. These reactions, called anno-
tations [39] or feedback, together with the related item descriptions, are exploited
during the process of learning a model useful to predict the actual relevance of newly
presented items. Users can also explicitly define their areas of interest as an initial
profile without providing any feedback.

Typically, it is possible to distinguish between two kinds of relevance feedback:
positive information (inferring features liked by the user) and negative information
(i.e., inferring features the user is not interested in [43]).

Two different techniques can be adopted for recording user’s feedback. When a
system requires the user to explicitly evaluate items, this technique is usually re-
ferred to as “explicit feedback™; the other technique, called “implicit feedback”,
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does not require any active user involvement, in the sense that feedback is derived
from monitoring and analyzing user’s activities.

Explicit evaluations indicate how relevant or interesting an item is to the user
[74]. There are three main approaches to get explicit relevance feedback:

o like/dislike — items are classified as “relevant” or “not relevant” by adopting a
simple binary rating scale, such as in [12];

e ratings — a discrete numeric scale is usually adopted to judge items, such as in
[86]. Alternatively, symbolic ratings are mapped to a numeric scale, such as in
Syskill & Webert [70], where users have the possibility of rating a Web page as
hot, lukewarm, or cold,

o text comments — Comments about a single item are collected and presented to the
users as a means of facilitating the decision-making process, such as in [72]. For
instance, customer’s feedback at Amazon.com or eBay.com might help users in
deciding whether an item has been appreciated by the community. Textual com-
ments are helpful, but they can overload the active user because she must read
and interpret each comment to decide if it is positive or negative, and to what de-
gree. The literature proposes advanced techniques from the affective computing
research area [71] to make content-based recommenders able to automatically
perform this kind of analysis.

Explicit feedback has the advantage of simplicity, albeit the adoption of nu-
meric/symbolic scales increases the cognitive load on the user, and may not be
adequate for catching user’s feeling about items. Implicit feedback methods are
based on assigning a relevance score to specific user actions on an item, such as
saving, discarding, printing, bookmarking, etc. The main advantage is that they do
not require a direct user involvement, even though biasing is likely to occur, e.g.
interruption of phone calls while reading.

In order to build the profile of the active user u,, the training set TR, for u, must
be defined. TR, is a set of pairs (I, ), where ry is the rating provided by u, on the
item representation I;. Given a set of item representation labeled with ratings, the
PROFILE LEARNER applies supervised learning algorithms to generate a predictive
model — the user profile — which is usually stored in a profile repository for later
use by the FILTERING COMPONENT. Given a new item representation, the FIL-
TERING COMPONENT predicts whether it is likely to be of interest for the active
user, by comparing features in the item representation to those in the representation
of user preferences (stored in the user profile). Usually, the FILTERING COMPO-
NENT implements some strategies to rank potentially interesting items according
to the relevance with respect to the user profile. Top-ranked items are included in
a list of recommendations L,, that is presented to u,. User tastes usually change in
time, therefore up-to-date information must be maintained and provided to the PRO-
FILE LEARNER in order to automatically update the user profile. Further feedback
is gathered on generated recommendations by letting users state their satisfaction or
dissatisfaction with items in L,. After gathering that feedback, the learning process
is performed again on the new training set, and the resulting profile is adapted to the
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updated user interests. The iteration of the feedback-learning cycle over time allows
the system to take into account the dynamic nature of user preferences.

3.2.2 Advantages and Drawbacks of Content-based Filtering

The adoption of the content-based recommendation paradigm has several advan-
tages when compared to the collaborative one:

e USER INDEPENDENCE - Content-based recommenders exploit solely ratings
provided by the active user to build her own profile. Instead, collaborative fil-
tering methods need ratings from other users in order to find the “nearest neigh-
bors” of the active user, i.e., users that have similar tastes since they rated the
same items similarly. Then, only the items that are most liked by the neighbors
of the active user will be recommended;

e TRANSPARENCY - Explanations on how the recommender system works can be
provided by explicitly listing content features or descriptions that caused an item
to occur in the list of recommendations. Those features are indicators to consult
in order to decide whether to trust a recommendation. Conversely, collaborative
systems are black boxes since the only explanation for an item recommendation
is that unknown users with similar tastes liked that item;

e NEW ITEM - Content-based recommenders are capable of recommending items
not yet rated by any user. As a consequence, they do not suffer from the first-rater
problem, which affects collaborative recommenders which rely solely on users’
preferences to make recommendations. Therefore, until the new item is rated by
a substantial number of users, the system would not be able to recommend it.

Nonetheless, content-based systems have several shortcomings:

e LIMITED CONTENT ANALYSIS - Content-based techniques have a natural limit
in the number and type of features that are associated, whether automatically or
manually, with the objects they recommend. Domain knowledge is often needed,
e.g., for movie recommendations the system needs to know the actors and di-
rectors, and sometimes, domain ontologies are also needed. No content-based
recommendation system can provide suitable suggestions if the analyzed content
does not contain enough information to discriminate items the user likes from
items the user does not like. Some representations capture only certain aspects
of the content, but there are many others that would influence a user’s experi-
ence. For instance, often there is not enough information in the word frequency
to model the user interests in jokes or poems, while techniques for affective com-
puting would be most appropriate. Again, for Web pages, feature extraction tech-
niques from text completely ignore aesthetic qualities and additional multimedia
information.

To sum up, both automatic and manually assignment of features to items could
not be sufficient to define distinguishing aspects of items that turn out to be nec-
essary for the elicitation of user interests.
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o OVER-SPECIALIZATION - Content-based recommenders have no inherent method
for finding something unexpected. The system suggests items whose scores are
high when matched against the user profile, hence the user is going to be rec-
ommended items similar to those already rated. This drawback is also called
serendipity problem to highlight the tendency of the content-based systems to
produce recommendations with a limited degree of novelty. To give an example,
when a user has only rated movies directed by Stanley Kubrick, she will be rec-
ommended just that kind of movies. A “perfect” content-based technique would
rarely find anything novel, limiting the range of applications for which it would
be useful.

e NEW USER - Enough ratings have to be collected before a content-based rec-
ommender system can really understand user preferences and provide accurate
recommendations. Therefore, when few ratings are available, as for a new user,
the system will not be able to provide reliable recommendations.

In the following, some strategies for tackling the above mentioned problems will
be presented and discussed. More specifically, novel techniques for enhancing the
content representation using common-sense and domain-specific knowledge will be
described (Sections 3.3.1.3-3.3.1.4). This may help to overcome the limitations of
traditional content analysis methods by providing new features, such as WordNet
[60, 32] or Wikipedia concepts, which help to represent the items to be recom-
mended in a more accurate and transparent way. Moreover, the integration of user-
defined lexicons, such as folksonomies, in the process of generating recommenda-
tions will be presented in Section 3.4.1, as a way for taking into account evolving
vocabularies.

Possible ways to feed users with serendipitous recommendations, that is to say,
interesting items with a high degree of novelty, will be analyzed as a solution to the
over-specialization problem (Section 3.4.2).

Finally, different strategies for overcoming the new user problem will be pre-
sented. Among them, social tags provided by users in a community can be exploited
as a feedback on which recommendations are produced when few or no ratings for
a specific user are available to the system (Section 3.4.1.1).

3.3 State of the Art of Content-based Recommender Systems

As the name implies, content-based filtering exploits the content of data items to
predict its relevance based on the user’s profile. Research on content-based recom-
mender systems takes place at the intersection of many computer science topics,
especially Information Retrieval [6] and Artificial Intelligence.

From Information Retrieval (IR), research on recommendation technologies de-
rives the vision that users searching for recommendations are engaged in an infor-
mation seeking process. In IR systems the user expresses a one-off information need
by giving a query (usually a list of keywords), while in IF systems the information
need of the user is represented by her own profile. Items to be recommended can
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be very different depending on the number and types of attributes used to describe
them. Each item can be described through the same small number of attributes with
known set of values, but this is not appropriate for items, such as Web pages, news,
emails or documents, described through unstructured text. In that case there are no
attributes with well-defined values, and the use of document modeling techniques
with roots in IR research is desirable.

From an Artificial Intelligence perspective, the recommendation task can be cast
as a learning problem that exploits past knowledge about users. At their simplest,
user profiles are in the form of user-specified keywords or rules, and reflect the long-
term interests of the user. Often, it is advisable for the recommender to learn the user
profile rather than impose upon the user to provide one. This generally involves
the application of Machine Learning (ML) techniques, whose goal is learning to
categorize new information items based on previously seen information that have
been explicitly or implicitly labelled as interesting or not by the user. Given these
labelled information items, ML methods are able to generate a predictive model
that, given a new information item, will help to decide whether it is likely to be of
interest for the target user.

Section 3.3.1 describes alternative item representation techniques, ranging from
traditional text representation, to more advanced techniques integrating ontologies
and/or encyclopedic knowledge. Next, recommendation algorithms suitable for the
described representations will be discussed in Section 3.3.2.

3.3.1 Item Representation

Items that can be recommended to the user are represented by a set of features,
also called attributes or properties. For example, in a movie recommendation ap-
plication, features adopted to describe a movie are: actors, directors, genres, subject
matter, ...). When each item is described by the same set of attributes, and there is
a known set of values the attributes may take, the item is represented by means of
structured data. In this case, many ML algorithms can be used to learn a user profile
[69].

In most content-based filtering systems, item descriptions are textual features
extracted from Web pages, emails, news articles or product descriptions. Unlike
structured data, there are no attributes with well-defined values. Textual features
create a number of complications when learning a user profile, due to the natural
language ambiguity. The problem is that traditional keyword-based profiles are un-
able to capture the semantics of user interests because they are primarily driven by
a string matching operation. If a string, or some morphological variant, is found in
both the profile and the document, a match is made and the document is considered
as relevant. String matching suffers from problems of:

e POLYSEMY, the presence of multiple meanings for one word;
e SYNONYMY, multiple words with the same meaning.
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The result is that, due to synonymy, relevant information can be missed if the pro-
file does not contain the exact keywords in the documents while, due to polysemy,
wrong documents could be deemed relevant.

Semantic analysis and its integration in personalization models is one of the most
innovative and interesting approaches proposed in literature to solve those problems.
The key idea is the adoption of knowledge bases, such as lexicons or ontologies , for
annotating items and representing profiles in order to obtain a “semantic” interpre-
tation of the user information needs. In the next section, the basic keyword-based
approach for document representation will be described, followed by a review of
“traditional” systems relying on that model. Then, Sections 3.3.1.3 and 3.3.1.4 will
provide an overview of techniques for semantic analysis based on ontological and
world knowledge, respectively.

3.3.1.1 Keyword-based Vector Space Model

Most content-based recommender systems use relatively simple retrieval models,
such as keyword matching or the Vector Space Model (VSM) with basic TF-IDF
weighting. VSM is a spatial representation of text documents. In that model, each
document is represented by a vector in a n-dimensional space, where each dimension
corresponds to a term from the overall vocabulary of a given document collection.
Formally, every document is represented as a vector of term weights, where each
weight indicates the degree of association between the document and the term. Let
D ={d,,dy,...,dy} denote a set of documents or corpus, and T = {¢,12,...,1,} be
the dictionary, that is to say the set of words in the corpus. T is obtained by applying
some standard natural language processing operations, such as tokenization, stop-
words removal, and stemming [6]. Each document d; is represented as a vector in a
n-dimensional vector space, so d; = {w JyW2jseenydy j}, where wy; is the weight for
term f; in document d;.

Document representation in the VSM raises two issues: weighting the terms and
measuring the feature vector similarity. The most commonly used term weight-
ing scheme, TF-IDF (Term Frequency-Inverse Document Frequency) weighting, is
based on empirical observations regarding text [79]:

e rare terms are not less relevant than frequent terms (IDF assumption);
multiple occurrences of a term in a document are not less relevant than single
occurrences (TF assumption);

e Jong documents are not preferred to short documents (normalization assump-
tion).

In other words, terms that occur frequently in one document (TF =term-frequency),
but rarely in the rest of the corpus (IDF = inverse-document-frequency), are more
likely to be relevant to the topic of the document. In addition, normalizing the re-
sulting weight vectors prevent longer documents from having a better chance of
retrieval. These assumptions are well exemplified by the TF-IDF function:
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N
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where N denotes the number of documents in the corpus, and n; denotes the number
of documents in the collection in which the term #; occurs at least once.

TE(ty,d;j) = i (3.2)
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where the maximum is computed over the frequencies f; ; of all terms #, that oc-
cur in document d;. In order for the weights to fall in the [0,1] interval and for
the documents to be represented by vectors of equal length, weights obtained by
Equation (3.1) are usually normalized by cosine normalization:

TF-IDF(t,d})
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which enforces the normalization assumption.

As stated earlier, a similarity measure is required to determine the closeness
between two documents. Many similarity measures have been derived to describe
the proximity of two vectors; among those measures, cosine similarity is the most
widely used:

sim(dy, ;) = —— 2Kk (3.4)
VEiwii /g wi 2

In content-based recommender systems relying on VSM, both user profiles and
items are represented as weighted term vectors. Predictions of a user’s interest in a
particular item can be derived by computing the cosine similarity.

3.3.1.2 Review of Keyword-based Systems

Several keyword-based recommender systems have been developed in a relatively
short time, and it is possible to find them in various fields of applications, such as
news, music, e-commerce, movies, etc. Each domain presents different problems,
that require different solutions.

In the area of Web recommenders, famous systems in literature are Letizia [49],
Personal WebWatcher [62, 63], Syskill & Webert [70, 68], ifWeb [4], Amalthea [66],
and WebMate [23]. Letizia is implemented as a web-browser extension that tracks
the user’s browsing behavior and builds a personalized model consisting of key-
words related to the user’s interests. It relies on implicit feedback to infer the user’s
preferences. For example, bookmarking a page is interpreted as strong evidence for
the user’s interests in that page. In a similar way, Personal WebWatcher learns indi-
vidual interests of users from the Web pages they visit, and from documents lying
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one link away from the visited pages. It processes visited documents as positive
examples of the user’s interests, and non-visited documents as negative examples.
Amalthaea uses specific filtering agents to assist users in finding interesting infor-
mation as well. User can specify filtering agents by providing pages (represented as
weighted vectors) closely related to their interests.

The same approach is adopted by Syskill & Webert, that represents documents
with the 128 most informative words (the “informativeness” of words in documents
is determined in several different ways). Advanced representation techniques are
adopted by ifWeb, that represents profiles in the form of a weighted semantic net-
work. It supports explicit feedback and takes into account not only interests, but also
explicit disinterests. Another interesting aspect is that it incorporates a mechanism
for temporal decay, i.e. it ages the interests as expressed by the user. A different
approach for representing user interests is adopted by WebMate, that keeps track
of user interests in different domains by learning a user profile that consists of the
keyword vectors that represents positive training examples. A profile of n keyword
vectors can correctly represent up to n independent user interests.

In the field of news filtering, noteworthy recommender systems are NewT [87],
PSUN [90], INFOrmer [91], NewsDude [12], Daily Learner [13], and YourNews [2].
NewT (News Tailor) allows users to provide positive and negative feedback on ar-
ticles, part of articles, authors or sources. Several filtering agents are trained for
different types of information, e.g. one for political news, one for sports, etc. In the
same way YourNews, a more recent system for personalized news access, maintains
a separate interest profile for 8 different topics (National, World, Business, etc.).
The user interest profile for each topic is represented as a weighted prototype term
vector extracted from the user’s news view history. N articles from users’ past views
are collected, and the 100 top-weighted terms are extracted to generate the final pro-
totype vectors. The system maintains short-term profiles by considering only the 20
most recently viewed news item, whereas long-term profiles consider all past views.
The system can use profiles to suggest recent and recommended news.

Learning short-term and long-term profiles is quite typical of news filtering sys-
tems. NewsDude learns a short-term user model based on TF-IDF (cosine similarity),
and a long-term model based on a naive Bayesian classifier by relying on an initial
training set of interesting news articles provided by the user. The news source is Ya-
hoo! News. In the same way Daily Learner, a learning agent for wireless informa-
tion access, adopts an approach for learning two separate user-models. The former,
based on a Nearest Neighbor text classification algorithm, maintains the short-term
interests of users, while the latter, based on a naive Bayesian classifier, represents
the long-term interests of users and relies on data collected over a longer period of
time.

Among systems using a more complex representation for articles or profiles,
PSUN and INFOrmer are worth to note. PSUN adopts an alternative representa-
tion for articles. Profiles are provided initially by presenting the system with some
articles the user finds interesting. Recurring words in these articles are recorded by
means of n-grams stored in a network of mutually attracting or repelling words,
whose degree of attraction is determined by the number of co-occurrences. Each
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user has multiple profiles that compete via a genetic algorithm, requiring explicit
feedback. INFOrmer uses a semantic network for representing both user profiles
and articles. A spreading activation technique [25] is used to compare articles and
profiles, and a relevance feedback mechanism may be used to adapt the behavior of
the system to user’s changing interests. The pure spreading activation model con-
sists of a network data structure consisting of nodes interconnected by links, that
may be labeled and/or weighted. The processing starts by labeling a set of source
nodes with activation weights and proceeds by iteratively propagating that activa-
tion to other nodes linked to the source nodes, until a termination condition ends the
search process over the network.

A variety of content-based recommender systems exist in other application do-
mains. LIBRA [65] implements a naive Bayes text categorization method for book
recommendation that exploits the product descriptions obtained from the Web pages
of the Amazon on-line digital store. Re:Agent [16] is an intelligent email agent that
can learn actions such as filtering, downloading to palmtops, forwarding email to
voicemail, etc. using automatic feature extraction. Re: Agent users are required only
to place example messages in folders corresponding to the desired actions. Re:Agent
learns the concepts and decision policies from these folders. Citeseer [15] assists the
user in the process of performing a scientific literature search, by using word infor-
mation and analyzing common citations in the papers. INTIMATE [53] recommends
movies by using text categorization techniques to learn from movie synopses ob-
tained from the Internet Movie Database'. In order to get recommendations, the user
is asked to rate a minimum number of movies into six categories: terrible, bad, be-
low average, above average, good and excellent. In the same way, Movies2GO [67]
learns user preferences from the synopsis of movies rated by the user. The innovative
aspect of the system is to integrate voting schemes [93], designed to allow multi-
ple individuals with conflicting preferences arrive at an acceptable compromise, and
adapt them to manage conflicting preferences in a single user.

In the music domain, the commonly used technique for providing recommen-
dations is collaborative filtering (see Last.fm? and MyStrands® systems). The most
noticeable system using (manual) content-based descriptions to recommend music
is Pandora®. The main problem of the system is scalability, because the music anno-
tation process is entirely done manually. Conversely, FOAFing the music [21, 22] is
able to recommend, discover and explore music content, based on user profiling via
Friend of a Friend (FOAF)? descriptions, context-based information extracted from
music related RSS feeds, and content-based descriptions automatically extracted
from the audio itself.

In order to complete the survey of content-based recommender systems adopt-
ing the simple keyword-based vector space representation, we should also men-

! http://www.imdb.com

2 http://www.last.fm

3 http://www.mystrands.com
4 http://www.pandora.com

5 http://www.foaf-project.org
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tion some hybrid recommender systems that combine collaborative and content-
based methods, such as Fab [7], WebWatcher [45], P-Tango [24], ProfBuilder [99],
PTV [89], Content-boosted Collaborative Filtering [56], CinemaScreen [78] and the
one proposed in [94].

The most important lesson learned from the analysis of the main systems devel-
oped in the last 15 years is that keyword-based representation for both items and pro-
files can give accurate performance, provided that a sufficient number of evidence
of user interests is available. Most content-based systems are conceived as text clas-
sifiers built from training sets including documents which are either positive or neg-
ative examples of user interests. Therefore, accurate recommendations are achieved
when training sets with a large number of examples are available, which guarantee
reliable “syntactic” evidence of user interests. The problem with that approach is the
“lack of intelligence”. When more advanced characteristics are required, keyword-
based approaches show their limitations. If the user, for instance likes “French im-
pressionism”, keyword-based approaches will only find documents in which the
words “French” and “impressionism” occur. Documents regarding Claude Monet or
Renoir exhibitions will not appear in the set of recommendations, even though they
are likely to be very relevant for that user. More advanced representation strategies
are needed in order to equip content-based recommender systems with “semantic
intelligence”, which allows going beyond the syntactic evidence of user interests
provided by keywords.

In the next sections, we will examine possible ways to infuse knowledge in the
indexing phase by means of ontologies and encyclopedic knowledge sources.

3.3.1.3 Semantic Analysis by using Ontologies

Semantic analysis allows learning more accurate profiles that contain references
to concepts defined in external knowledge bases. The main motivation for this ap-
proach is the challenge of providing a recommender system with the cultural and
linguistic background knowledge which characterizes the ability of interpreting nat-
ural language documents and reasoning on their content.

In this section, a review of the main strategies adopted to introduce some seman-
tics in the recommendation process is presented. The description of these strategies
is carried out by taking into account several criteria:

the type of knowledge source involved (e.g. lexicon, ontology, etc.);

the techniques adopted for the annotation or representation of the items;
the type of content included in the user profile;

the item-profile matching strategy.

SitelF [52] is a personal agent for a multilingual news Web site. To the best of our
knowledge, it was the first system to adopt a sense-based document representation in
order to build a model of the user interests. The external knowledge source involved
in the representation process is MultiWordNet, a multilingual lexical database where
English and Italian senses are aligned. Each news is automatically associated with
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a list of MultiWordNet synsets by using Word Domain Disambiguation [51]. The
user profile is built as a semantic network whose nodes represent synsets found in
the documents read by the user. During the matching phase, the system receives as
input the synset representation of a document and the current user model, and it
produces as output an estimation of the document relevance by using the Semantic
Network Value Technique [92].

ITR (ITem Recommender) is a system capable of providing recommendations
for items in several domains (e.g., movies, music, books), provided that descrip-
tions of items are available as text documents (e.g. plot summaries, reviews, short
abstracts) [27, 83]. Similarly to SitelF, ITR integrates linguistic knowledge in the
process of learning user profiles, but Word Sense Disambiguation rather than Word
Domain Disambiguation is adopted to obtain a sense-based document representa-
tion. The linguistic knowledge comes exclusively from the WordNet lexical ontol-
ogy. Items are represented according to a synset-based vector space model, called
bag-of-synsets (BOS), that is an extension of the classical bag-of-words (BOW) one
[8, 84]. In the BOS model, a synset vector, rather than a word vector, corresponds
to a document. The user profile is built as a Naive Bayes binary text classifier able
to categorize an item as interesting or not interesting. It includes those synsets that
turn out to be most indicative of the user preferences, according to the value of the
conditional probabilities estimated in the training phase. The item-profile matching
consists in computing the probability for the item of being in the class “interesting”,
by using the probabilities of synsets in the user profile.

SEWeP (Semantic Enhancement for Web Personalization) [31] is a Web person-
alization system that makes use of both the usage logs and the semantics of a Web
site’s content in order to personalize it. A domain-specific taxonomy of categories
has been used to semantically annotate Web pages, in order to have a uniform and
consistent vocabulary. While the taxonomy is built manually, the annotation process
is performed automatically. SEWeP, like SiteIF and ITR, makes use of the lexical
knowledge stored in WordNet to “interpret” the content of an item and to support
the annotation/representation process. Web pages are initially represented by key-
words extracted from their content, then keywords are mapped to the concepts of
the taxonomy. Given a keyword, a WordNet-based word similarity measure is ap-
plied to find the “closest” category word to that keyword. SEWeP does not build a
personal profile of the user, rather it discovers navigational patterns. The categories
which have been “semantically associated” to a pattern are used by the SEWeP rec-
ommendation engine to expand the recommendation set with pages characterized
by the thematic categories that seem to be of interest for the user.

Quickstep [58] is a system for the recommendation of on-line academic research
papers. The system adopts a research paper topic ontology based on the computer
science classifications made by the DMOZ open directory project® (27 classes used).
Semantic annotation of papers consists in associating them with class names within
the research paper topic ontology, by using a k-Nearest Neighbor classifier. Inter-
est profiles are computed by correlating previously browsed research papers with

6 http://www.dmoz.org/
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their classification. User profiles thus hold a set of topics and interest values in these
topics. The item-profile matching is realized by computing a correlation between
the top three interesting topics in the user profile and papers classified as belong-
ing to those topics. Foxtrot [58] extends the Quickstep system by implementing a
paper search interface, a profile visualization interface and an email notification, in
addition to the Web page recommendation interface. Profile visualization is made
possible because profiles are represented in ontological terms understandable to the
users.

Informed Recommender [1] uses consumer product reviews to make recommen-
dations. The system converts consumers’ opinions into a structured form by using a
translation ontology, which is exploited as a form of knowledge representation and
sharing. The ontology provides a controlled vocabulary and relationships among
words to describe: the consumer’s skill level and experience with the product under
review. To this purpose, the ontology contains two main parts: opinion quality and
product quality, which formalize the two aforementioned aspects. A text-mining
process automatically maps sentences in the reviews into the ontology information
structure. The system does not build a profile of the user, rather it computes a set
of recommendations on the basis of a user’s request, e.g. the user asks about the
quality of specific features of a product. Informed Recommender is able to answer
to query and also recommends the best product according to the features the user
is concerned with. Two aspects make this work noteworthy: one is that ontologi-
cal knowledge can model different points of view according to which items can be
annotated, the other is the use of review comments in the form of free text.

News@hand [18] is a system that adopts an ontology-based representation of
item features and user preferences to recommend news. The annotation process as-
sociates the news with concepts belonging to the domain ontologies. A total of 17
ontologies have been used: they are adaptations of the IPTC ontology’, which con-
tains concepts of multiple domains such as education, culture, politics, religion,
science, sports, etc. It is not clear whether the annotation process is performed man-
ually or by means of automated techniques such as text categorization. Item descrip-
tions are vectors of TF-IDF scores in the space of concepts defined in the ontologies.
User profiles are represented in the same space, except that a score measures the in-
tensity of the user interest for a specific concept. Item-profile matching is performed
as a cosine-based vector similarity.

A recommender system for Interactive Digital Television is proposed in [14],
where the authors apply reasoning techniques borrowed from the Semantic Web
in order to compare user preferences with items (TV programs) in a more flexible
way, compared to the conventional syntactic metrics. The TV programs available
during the recommendation process are annotated by metadata that describe accu-
rately their main attributes. Both the knowledge about the TV domain and the user
profiles are represented using an OWL ontology. Ontology-profiles provide a for-
mal representation of the users’ preferences, being able to reason about them and
discover extra knowledge about their interests. The recommendation phase exploits

7 IPTC ontology, http://nets.ii.uam.es/neptuno/iptc/
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the knowledge stored in the user profile to discover hidden semantic associations
between the user’s preferences and the available products. The inferred knowledge
is processed and a spreading activation technique is adopted to suggest products to
the user. The noteworthy aspect of this work is that ontology-profiles improve flat
lists-based approaches which are not well structured to foster the discovery of new
knowledge.

The JUMP System [10, 9] is capable of intelligent delivery of contextualized and
personalized information to knowledge workers acting in their day-to-day working
environment on non-routinary tasks. The information needs of the JUMP user is rep-
resented in the form of a complex query, such as a fask support request, rather than
a user profile. An example of complex query is “I have to prepare a technical report
for the VIKEF project”. The semantic analysis of both documents and user infor-
mation needs is based on a domain ontology in which concepts are manually anno-
tated using WordNet synsets. The mapping between documents and domain/lexical
concepts is performed automatically by means of Word Sense Disambiguation and
Named Entity Recognition procedures, which exploit the lexical annotations in the
domain ontology. The matching between concepts in the user request and docu-
ments is based on the relations in the domain ontology. For the processing of the
example query, all instances of the concepts “technical report” and “project”, and
relations among these instances are extracted from the ontology.

The leading role of linguistic knowledge is highlighted by the wide use of Word-
Net, which is mostly adopted for the semantic interpretation of content by using
word sense disambiguation. On the other hand, the studies described above showed
that the great potential provided by WordNet is not sufficient alone for the full com-
prehension of the user interests and for their contextualization in the application do-
main. Domain specific knowledge is also needed. Ontologies play the fundamental
role of formalizing the application domain, being exploited for the semantic descrip-
tions of the items and for the representation of the concepts (i.e. classes and their
instances) and relationships (i.e. hierarchical links and properties) identified in the
domain. In conclusion, all studies which incorporated either linguistic or domain-
specific knowledge or both in content-based filtering methods provided better and
more accurate results compared to traditional content-based methods. This encour-
ages researchers to design novel filtering methods which formalize and contextu-
alize user interests by exploiting external knowledge sources such as thesauri or
ontologies.

3.3.1.4 Semantic Analysis by using Encyclopedic Knowledge Sources

Common-sense and domain-specific knowledge may be useful to improve the effec-
tiveness of natural language processing techniques by generating more informative
features than the mere bag of words. The process of learning user profiles could ben-
efit from the infusion of exogenous knowledge (externally supplied), with respect to
the classical use of endogenous knowledge (extracted from the documents them-
selves). Many sources of world knowledge have become available in recent years.
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Examples of general purpose knowledge bases include the Open Directory Project
(ODP), Yahoo! Web Directory, and Wikipedia.

In the following we provide a brief overview of novel methods for generating
new advanced features using world knowledge, even though those methods are not
yet used in the context of learning user profiles.

Explicit Semantic Analysis (ESA) [34, 35] is a technique able to provide a fine-
grained semantic representation of natural language texts in a high-dimensional
space of natural (and also comprehensible) concepts derived from Wikipedia . Con-
cepts are defined by Wikipedia articles, e.g., ITALY, COMPUTER SCIENCE, or REC-
OMMENDER SYSTEMS. The approach is inspired by the desire to augment text rep-
resentation with massive amounts of world knowledge. In the case of Wikipedia as
knowledge source, there are several advantages, such as its constant development
by the community, the availability in several languages, and its high accuracy [37].
Empirical evaluations showed that ESA leads to substantial improvements in com-
puting word and text relatedness, and in the text categorization task across a diverse
collection of datasets. It has also been shown that ESA enhanced traditional BOW-
based retrieval models [30].

Another interesting approach to add semantics to text is proposed by the Wikify!
system [59, 26], which has the ability to identify important concepts in a text (key-
word extraction), and then link these concepts to the corresponding Wikipedia pages
(word sense disambiguation). The annotations produced by the Wikify! system can
be used to automatically enrich documents with references to semantically related
information. A Turing-like test to compare the quality of the system annotations to
manual annotations produced by Wikipedia contributors has been designed. Human
beings are asked to distinguish between manual and automatic annotations. Results
suggest that the computer and human-generated Wikipedia annotations are hardly
distinguishable, which indicates the high quality of the Wikify! system’s annota-
tions.

To the best of our knowledge, there are no (content-based) recommender sys-
tems able to exploit the above mentioned advanced semantic text representations for
learning profiles containing references to world facts. The positive results obtained
exploiting the advanced text representations in several tasks, such as semantic relat-
edness, text categorization and retrieval, suggest that similar positive results could
be also obtained in the recommendation task. It seems a promising research area,
not yet explored.

In [47], Wikipedia is used to estimate similarity between movies, in order to
provide more accurate predictions for the Netflix Prize competition. More specifi-
cally, the content and the hyperlink structure of Wikipedia articles are exploited to
identify similarities between movies. A similarity matrix containing the degree of
similarity of each movie-movie pair is produced, and the prediction of user ratings
from this matrix is computed by using a k-Nearest Neighbors and a Pseudo-SVD al-
gorithm. Each of these methods combines the similarity estimates from Wikipedia
with ratings from the training set to predict ratings in the test set. Unfortunately,
these techniques did not show any significant improvement of the overall accuracy.
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In [88], a quite complex, but not yet complete, approach for filtering RSS feeds
and e-mails is presented. More specifically, the authors present an approach exploit-
ing Wikipedia to automatically generate the user profile from the user’s document
collection. The approach mainly consists of four steps, namely the Wikipedia in-
dexing, the profile generation, the problem-oriented index database creation, and
the information filtering. The profile generation step exploits the collection of doc-
uments provided by the user, which implicitly represents a set of topics interesting
for the user. A set of terms is extracted from each document, then similar Wikipedia
articles are found by using the ESA algorithm. The system then extracts the list of
Wikipedia categories from the articles and clusters these categories in order to get
a subset of categories corresponding to one topic in the user profile. The user can
also check her own profile and add or remove categories in order to refine topics.
For each topic in the user profile, a problem-oriented Wikipedia corpus is created
and indexed, and represents the base for filtering information.

In [85], a different approach to exploit Wikipedia in the content analysis step
is presented. More specifically, the idea is to provide a knowledge infusion process
into content-based recommender systems, in order to provide them with the cultural
background knowledge that hopefully allows a more accurate content analysis than
classical approaches based on words. The encyclopedic knowledge is useful to rec-
ognize specific domain-dependent concepts or named entities, especially in those
contexts for which the adoption of domain ontologies is not feasible. Wikipedia en-
tries have been modeled using Semantic Vectors, based on the WordSpace model
[77], a vector space whose points are used to represent semantic concepts, such as
words and documents. Relationships between words are then exploited by a spread-
ing activation algorithm to produce new features that can be exploited in several
ways during the recommendation process.

3.3.2 Methods for Learning User Profiles

Machine learning techniques, generally used in the task of inducing content-based
profiles, are well-suited for text categorization [82]. In a machine learning approach
to text categorization, an inductive process automatically builds a text classifier by
learning from a set of training documents (documents labeled with the categories
they belong to) the features of the categories.

The problem of learning user profiles can be cast as a binary text categorization
task: each document has to be classified as interesting or not with respect to the
user preferences. Therefore, the set of categories is C = {cy, c_}, where c is the
positive class (user-likes) and c_ the negative one (user-dislikes).

In the next sections we review the most used learning algorithms in content-based
recommender systems. They are able to learn a function that models each user’s
interests. These methods typically require users to label documents by assigning a
relevance score, and automatically infer profiles exploited in the filtering process to
rank documents according to the user preferences.
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3.3.2.1 Probabilistic Methods and Naive Bayes

Naive Bayes is a probabilistic approach to inductive learning, and belongs to the
general class of Bayesian classifiers. These approaches generate a probabilistic
model based on previously observed data. The model estimates the a posteriori
probability, P(c|d), of document d belonging to class c. This estimation is based
on the a priori probability, P(c), the probability of observing a document in class c,
P(d|c), the probability of observing the document d given ¢, and P(d), the proba-
bility of observing the instance d. Using these probabilities, the Bayes theorem is
applied to calculate P(c|d):

P(c)P(d]c)

Pleld) = =

(3.5)

To classify the document d, the class with the highest probability is chosen:

P(cj)P(d|c))
¢ = argmax; P(d)
P(d) is generally removed as it is equal for all ¢;. As we do not know the value for
P(d|c) and P(c), we estimate them by observing the training data. However, estimat-
ing P(d|c) in this way is problematic, as it is very unlikely to see the same document
more than once: the observed data is generally not enough to be able to generate
good probabilities. The naive Bayes classifier overcomes this problem by simplify-
ing the model through the independence assumption: all the words or tokens in the
observed document d are conditionally independent of each other given the class.
Individual probabilities for the words in a document are estimated one by one rather
than the complete document as a whole. The conditional independence assumption
is clearly violated in real-world data, however, despite these violations, empirically
the naive Bayes classifier does a good job in classifying text documents [48, 11].

There are two commonly used working models of the naive Bayes classifier,
the multivariate Bernoulli event model and the multinomial event model [54]. Both
models treat a document as a vector of values over the corpus vocabulary, V, where
each entry in the vector represents whether a word occurred in the document, hence
both models lose information about word order. The multivariate Bernoulli event
model encodes each word as a binary attribute, i.e., whether a word appeared or not,
while the multinomial event model counts how many times the word appeared in
the document. Empirically, the multinomial naive Bayes formulation was shown to
outperform the multivariate Bernoulli model. This effect is particularly noticeable
for large vocabularies [54]. The way the multinomial event model uses its document
vector to calculate P(c;|d;) is as follows:

P(cjld;) = P(c;) T] P(tle)V e (3.6)

we le.
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where N, ,,) is defined as the number of times word or token 7, appeared in docu-
ment d;. Notice that, rather than getting the product of all the words in the corpus
vocabulary V, only the subset of the vocabulary, V., containing the words that ap-
pear in the document d;, is used.

A key step in implementing naive Bayes is estimating the word probabilities
P(t|cj). To make the probability estimates more robust with respect to infre-
quently encountered words, a smoothing method is used to modify the probabili-
ties that would have been obtained by simple event counting. One important effect
of smoothing is that it avoids assigning probability values equal to zero to words
not occurring in the training data for a particular class. A rather simple smoothing
method relies on the common Laplace estimates (i.e., adding one to all the word
counts for a class). A more interesting method is Witten-Bell [100]. Although naive
Bayes performances are not as good as some other statistical learning methods such
as nearest-neighbor classifiers or support vector machines, it has been shown that it
can perform surprisingly well in the classification tasks where the computed proba-
bility is not important [29]. Another advantage of the naive Bayes approach is that
it is very efficient and easy to implement compared to other learning methods.

Although the classifiers based on the multinomial model significantly outperform
those based on the multivariate one at large vocabulary sizes, their performance is
unsatisfactory when: 1) documents in the training set have different lengths, thus
resulting in a rough parameter estimation; 2) handling rare categories (few training
documents available). These conditions frequently occur in the user profiling task,
where no assumptions can be made on the length of training documents, and where
obtaining an appropriate set of negative examples (i.e., examples of the class c_)
is problematic. Indeed, since users do not perceive having immediate benefits from
giving negative feedback to the system [81], the training set for the class c (user-
likes) may be often larger than the one for the class c_ (user-dislikes). In [46], the
authors propose a multivariate Poisson model for naive Bayes text classification that
allows more reasonable parameter estimation under the above mentioned conditions.
We have adapted this approach to the case of user profiling task [36].

The naive Bayes classifier has been used in several content-based recommenda-
tion systems, such as Syskill & Webert [70, 68], NewsDude [12], Daily Learner [13],
LIBRA [65] and ITR [27, 83].

3.3.2.2 Relevance Feedback and Rocchio’s Algorithm

Relevance feedback is a technique adopted in Information Retrieval that helps users
to incrementally refine queries based on previous search results. It consists of the
users feeding back into the system decisions on the relevance of retrieved documents
with respect to their information needs.

Relevance feedback and its adaptation to text categorization, the well-known
Rocchio’s formula [75], are commonly adopted by content-based recommender sys-
tems. The general principle is to allow users to rate documents suggested by the rec-
ommender system with respect to their information need. This form of feedback can
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subsequently be used to incrementally refine the user profile or to train the learning
algorithm that infers the user profile as a classifier.

Some linear classifiers consist of an explicit profile (or prototypical document)
of the category [82]. The Rocchio’s method is used for inducing linear, profile-style
classifiers. This algorithm represents documents as vectors, so that documents with
similar content have similar vectors. Each component of such a vector corresponds
to a term in the document, typically a word. The weight of each component is com-
puted using the TF-IDF term weighting scheme. Learning is achieved by combining
document vectors (of positive and negative examples) into a prototype vector for
each class in the set of classes C. To classify a new document d, the similarity be-
tween the prototype vectors and the corresponding document vector representing d
are calculated for each class (for example by using the cosine similarity measure),
then d is assigned to the class whose document vector has the highest similarity
value.

More formally, Rocchio’s method computes a classifier ?? = {(wj,..., wIT\i> for
the category c; (T is the vocabulary, that is the set of distinct terms in the training
set) by means of the formula:

Wy j Wy j
o =B Y -v Y (3.7
{d;ePos;} |POS;| {d;eNEG;} INEGi|

where @y is the TF-IDF weight of the term #; in document d;, POS; and NEG; are
the set of positive and negative examples in the training set for the specific class ¢},
B and 7y are control parameters that allow to set the relative importance of all positive

and negative examples. To assign a class ¢ to a document d, the similarity between

. ~ .
each prototype vector ¢/ and the document vector d ; is computed and ¢ will be the

¢; with the highest value of similarity. The Rocchio-based classification approach
does not have any theoretic underpinning and there are guarantees on performance
or convergence [69].

Relevance feedback has been used in several content-based recommendation sys-
tems, such as YourNews [2], Fab [7] and NewT [87].

3.3.2.3 Other Methods

Other learning algorithms have been used in content-based recommendation sys-
tems. A very brief description of the most important algorithms follows. A thorough
review is presented in [64, 69, 82].

Decision trees are trees in which internal nodes are labeled by terms, branches
departing from them are labeled by tests on the weight that the term has in the
test document, and leaves are labeled by categories. Decision trees are learned by
recursively partitioning training data, that is text documents, into subgroups, until
those subgroups contain only instances of a single class. The test for partitioning
data is run on the weights that the terms labeling the internal nodes have in the
document. The choice of the term on which to operate the partition is generally
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made according to an information gain or entropy criterion [101]. Decision trees are
used in the Syskill & Webert [70, 68] recommender system.

Decision rule classifiers are similar to decision trees, because they operates in
a similar way to the recursive data partitioning approach decribed above. An ad-
vantage of rule learners is that they tend to generate more compact classifiers than
decision trees learners. Rule learning methods usually attempt to select from all the
possible covering rules (i.e. rules that correctly classify all the training examples)
the “best” one according to some minimality criterion.

Nearest neighbor algorithms, also called lazy learners, simply store training data
in memory, and classify a new unseen item by comparing it to all stored items by
using a similarity function. The “nearest neighbor” or the “k-nearest neighbors”
items are determined, and the class label for the unclassified item is derived from
the class labels of the nearest neighbors. A similarity function is needed, for example
the cosine similarity measure is adopted when items are represented using the VSM.
Nearest neighbor algorithms are quite effective, albeit the most important drawback
is their inefficiency at classification time, since they do not have a true training phase
and thus defer all the computation to classification time. Daily Learner [13] and
Quickstep [58] use the nearest neighbor algorithm to create a model of the user’s
short term interest and for associating semantic annotations of papers with class
names within the ontology, respectively.

3.4 Trends and Future Research

3.4.1 The Role of User Generated Content in the Recommendation
Process

Web 2.0 is a term describing the trend in the use of World Wide Web technology
that aims at promoting information sharing and collaboration among users. Accord-
ing to Tim O’Reilly®, the term “Web 2.0” means putting the user in the center,
designing software that critically depends on its users since the content, as in Flickr,
Wikipedia, Del.icio.us, or YouTube, is contributed by thousands or millions of users.
That is why Web 2.0 is also called the “participative Web”. O’Reilly? also defined
Web 2.0 as “the design of systems that get better the more people use them”.

One of the forms of User Generated Content (UGC) that has drawn more atten-
tion from the research community is folksonomy, a taxonomy generated by users
who collaboratively annotate and categorize resources of interests with freely cho-
sen keywords called tags.

Despite the considerable amount of researches done in the context of recom-
mender systems, the specific problem of integrating tags into standard recommender

8 http://radar.oreilly.com/archives/2006/12/web-20-compact.html, Accessed on March 18, 2009
9 http://www.npr.org/templates/story/story.php?storyld=98499899, Accessed on March 18, 2009
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system algorithms, especially content-based ones, is less explored than the problem
of recommending tags (i.e. assisting users for annotation purposes) [98, 95].

Folksonomies provide new opportunities and challenges in the field of recom-
mender systems (see Chapter 19). It should be investigated whether they might be
a valuable source of information about user interests and whether they could be
included in user profiles. Indeed, several difficulties of tagging systems have been
identified, such as polysemy and synonymy of tags, or the different expertise and
purposes of tagging participants that may result in tags at various levels of abstrac-
tion to describe a resource, or the chaotic proliferation of tags [40].

3.4.1.1 Social Tagging Recommender Systems

Several methods have been proposed for taking into account user tagging activity
within content-based recommender systems.

In [28], the user profile is represented in the form of a tag vector, with each
element indicating the number of times a tag has been assigned to a document by that
user. A more sophisticated approach is proposed in [57], which takes into account
tag co-occurrence. The matching of profiles to information sources is achieved by
using simple string matching. As the authors themselves foresee, the matching could
be enhanced by adopting WORDNET.

In the work by Szomszor et al. [96], the authors describe a movie recommen-
dation system built purely on the keywords assigned to movies via collaborative
tagging. Recommendations for the active user are produced by algorithms based
on the similarity between the keywords of a movie and those of the tag-clouds of
movies she rated. As the authors themselves state, their recommendation algorithms
can be improved by combining tag-based profiling techniques with more traditional
content-based recommender strategies.

In [33], different strategies are proposed to build tag-based user profiles and to
exploit them for producing music recommendations. Tag-based user profiles are
defined as collections of tags, which have been chosen by a user to annotate tracks,
together with corresponding scores representing the user interest in each of these
tags, inferred from tag usage and frequencies of listened tracks.

While in the above described approaches only a single set of popular tags rep-
resents user interests, in [102] it is observed that this may not be the most suitable
representation of a user profile, since it is not able to reflect the multiple interests of
users. Therefore, the authors propose a network analysis technique (based on clus-
tering), performed on the personal tags of a user to identify her different interests.

About tag interpretation, Cantador et al. [19] proposed a methodology to se-
lect “meaningful” tags from an initial set of raw tags by exploiting WORDNET,
Wikipedia and Google. If a tag has an exact match in WORDNET, it is accepted,
otherwise possible misspellings and compound nouns are discovered by using the
Google “did you mean” mechanism (for example the tag sanfrancisco or san farn-
cisco is corrected to san francisco). Finally, tags are correlated to their appropriate
Wikipedia entries.
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In the work by de Gemmiis et al. [36], a more sophisticated approach, implement-
ing a hybrid strategy for learning a user profile from both (static) content and tags
associated with items rated by that user, is described. The authors include in the user
profile not only her personal tags, but also the tags adopted by other users who rated
the same items (social tags). This aspect is particularly important when users who
contribute to the folksonomy have different expertise in the domain. The inclusion
of social tags in the personal profile of a user allows also to extend the pure content-
based recommendation paradigm toward a hybrid content-collaborative paradigm
[17]. Furthermore, a solution to the challenging task of identifying user interests
from tags is proposed. Since the main problem lies in the fact that tags are freely
chosen by users and their actual meaning is usually not very clear, the authors sug-
gested to semantically interpret tags by means of a Word Sense Disambiguation al-
gorithm based on WORDNET. A similar hybrid approach, combining content-based
profiles and interests revealed through tagging activities is also described in [38].

Some ideas on how to analyze tags by means of WORDNET in order to cap-
ture their intended meanings are also reported in [20], but suggested ideas are not
supported by empirical evaluations. Another approach in which tags are semanti-
cally interpreted by means of WORDNET is the one proposed in [104]. The authors
demonstrated the usefulness of tags in collaborative filtering, by designing an al-
gorithm for neighbor selection that exploits a WORDNET-based semantic distance
between tags assigned by different users.

We believe that it could be useful to investigate more on the challenging task of
identifying the meaning of tags by relying on different knowledge sources such as
WordNet or Wikipedia. Moreover, new strategies for integrating tags in the process
of learning content-based profiles should be devised, by taking into account the
different nature of personal, social and expert tags. Indeed, personal tags are mostly
subjective and inconsistent, expert tags, on the other hand, are an attempt to be
objective and consistent. Social tags leads to some form of coherence [5].

Another interesting research direction might be represented by the analysis of
tags as a powerful kind of feedback to infer user profiles. Tags that express user
opinions and emotions, such as boring, interesting, good, bad, etc., could represent
auser’s degree of satisfaction with an item. Techniques from the affective computing
research area are needed.

3.4.2 Beyond Over-specializion: Serendipity

As introduced in Section 3.2.2, content-based systems suffer from over-specialization,
since they recommend only items similar to those already rated by users. One possi-
ble solution to address this problem is the introduction of some randomness. For ex-
ample, the use of genetic algorithms has been proposed in the context of information
filtering [87]. In addition, the problem with over-specialization is not only that the
content-based systems cannot recommend items that are different from anything the
user has seen before. In certain cases, items should not be recommended if they are
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too similar to something the user has already seen, such as a different news article
describing the same event. Therefore, some content-based recommender systems,
such as Daily-Learner [13], filter out items if they are too similar to something the
user has seen before. The use of redundancy measures has been proposed by Zhang
et al. [103] to evaluate whether a document that is deemed to be relevant contains
some novel information as well. In summary, the diversity of recommendations is
often a desirable feature in recommender systems.

Serendipity in a recommender can be seen as the experience of receiving an un-
expected and fortuitous item recommendation, therefore it is a way to diversify rec-
ommendations. While people rely on exploration and luck to find new items that
they did not know they wanted (e.g. a person may not know she likes watching talk
shows until she accidentally turns to David Letterman), due to over-specialization,
content-based systems have no inherent method for generating serendipitous recom-
mendations, according to Gup’s theory [41].

It is useful to make a clear distinction between novelty and serendipity. As ex-
plained by Herlocker [42], novelty occurs when the system suggests to the user an
unknown item that she might have autonomously discovered. A serendipitous rec-
ommendation helps the user to find a surprisingly interesting item that she might
not have otherwise discovered (or it would have been really hard to discover). To
provide a clear example of the difference between novelty and serendipity, consider
a recommendation system that simply recommends movies that were directed by
the user’s favorite director. If the system recommends a movie that the user was
not aware of, the movie will be novel, but probably not serendipitous. On the other
hand, a recommender that suggests a movie by a new director is more likely to pro-
vide serendipitous recommendations. Recommendations that are serendipitous are
by definition also novel.

We look at the serendipity problem as the challenge of programming for serendip-
ity, that is to find a manner to introduce serendipity in the recommendation process
in an operational way. From this perspective, the problem has not been deeply stud-
ied, and there are really few theoretical and experimental studies.

Like Toms explains [97], there are three kinds of information searching:

seeking information about a well-defined object;

. seeking information about an object that cannot be fully described, but that will
be recognized at first sight;

3. acquiring information in an accidental, incidental, or serendipitous manner.

o =

Itis easy to realize that serendipitous happenings are quite useless for the first two
ways of acquisition, but are extremely important for the third kind. As our discussion
concerns the implementation of a serendipity-inducing strategy for a content-based
recommender, the appropriate metaphor in a real-world situation could be one of a
person going for shopping or visiting a museum who, while walking around seek-
ing nothing in particular, would find something completely new that she has never
expected to find, that is definitely interesting for her. Among different approaches
which have been proposed for “operationally induced serendipity”, Toms suggests
four strategies, from simplistic to more complex ones [97]:
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e Role of chance or blind luck, implemented via a random information node gen-
erator;

e Pasteur principle (“chance favors the prepared mind”), implemented via a user
profile;
Anomalies and exceptions, partially implemented via poor similarity measures;
Reasoning by analogy, whose implementation is currently unknown.

In [44], it is described a proposal that implements the “Anomalies and excep-
tions” approach, in order to provide serendipitous recommendations alongside clas-
sical ones, thus providing the user with new entry points to the items in the system.
The basic assumption is that the lower is the probability that user knows an item,
the higher is the probability that a specific item could result in a serendipitous rec-
ommendation. The probability that a user knows something semantically near to
what the system is confident she knows is higher than the probability of something
semantically far. In other words, it is more likely to get a serendipitous recommen-
dation by providing the user with something less similar to her profile. Following
this principle, the basic idea underlying the system proposed in [44] is to ground the
search for potentially serendipitous items on the similarity between the item descrip-
tions and the user profile. The system is implemented as a naive Bayes classifier,
able to categorize an item as interesting (class c) or not (class c_), depending on
the a-posteriori probabilities computed by the classifier. In order to integrate Toms’
“poor similarity” within the recommender, the item-profile matching produces a list
of items ranked according to the a-posteriori probability for the class cy. That list
contains on the top the most similar items to the user profile, i.e. the items whose
classification score for the class cy is high. On the other hand, the items for which
the a-posteriori probability for the class c_ is higher, are ranked down in the list. The
items on which the system is more uncertain are the ones for which the difference
between the two classification scores for ¢, and c_ tends to zero. Therefore it is rea-
sonable to assume that those items are not known by the user, since the system was
not able to clearly classify them as relevant or not. The items for which the lowest
difference between the two classification scores for ¢4 and c_ is observed are the
most uncertainly categorized, thus it might result to be the most serendipitous.

Regarding serendipity evaluation, there is a level of emotional response asso-
ciated with serendipity that is difficult to capture, therefore an effective serendip-
ity measurement should move beyond the conventional accuracy metrics and their
associated experimental methodologies. New user-centric directions for evaluating
new emerging aspects in recommender systems, such as serendipity of recommen-
dations, are required [55]. Developing these measures constitutes an interesting and
important research topic (see Chapter 8).

In conclusion, the adoption of strategies for realizing operational serendipity is
an effective way to extend the capabilities of content-based recommender systems
in order to mitigate the over-specialization problem, by providing the user with sur-
prising suggestions.
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3.5 Conclusions

In this chapter we surveyed the field of content-based recommender systems, by
providing an overview of the most important aspects characterizing that kind of
systems. Although there is a bunch of recommender systems in different domains,
they share in common a means for representing items to be recommended and user
profiles. The paper discusses the main issues related to the representation of items,
starting from simple techniques for representing structured data, to more complex
techniques coming from the Information Retrieval research area for unstructured
data. We analyzed the main content recommender systems developed in the last 15
years, by highlighting the reasons for which a more complex “semantic analysis”
of content is needed in order to go beyond the syntactic evidence of user interests
provided by keywords. A review of the main strategies (and systems) adopted to
introduce some semantics in the recommendation process is carried out, by provid-
ing evidence of the leading role of linguistic knowledge, even if a more specific
knowledge is mandatory for a dee