
Semantics in Adaptive and Personalised Systems



Pasquale Lops • Cataldo Musto •

Fedelucio Narducci • Giovanni Semeraro

Semantics in Adaptive
and Personalised Systems
Methods, Tools and Applications

123



Pasquale Lops
Dipartimento di Informatica
Università di Bari Aldo Moro
Bari, Italy

Cataldo Musto
Dipartimento di Informatica
Università di Bari Aldo Moro
Bari, Italy

Fedelucio Narducci
Dipartimento di Informatica
Università di Bari Aldo Moro
Bari, Italy

Giovanni Semeraro
Dipartimento di Informatica
Università di Bari Aldo Moro
Bari, Italy

ISBN 978-3-030-05617-9 ISBN 978-3-030-05618-6 (eBook)
https://doi.org/10.1007/978-3-030-05618-6

© Springer Nature Switzerland AG 2019
This work is subject to copyright. All rights are reserved by the Publisher, whether the whole or part
of the material is concerned, specifically the rights of translation, reprinting, reuse of illustrations,
recitation, broadcasting, reproduction on microfilms or in any other physical way, and transmission
or information storage and retrieval, electronic adaptation, computer software, or by similar or dissimilar
methodology now known or hereafter developed.
The use of general descriptive names, registered names, trademarks, service marks, etc. in this
publication does not imply, even in the absence of a specific statement, that such names are exempt from
the relevant protective laws and regulations and therefore free for general use.
The publisher, the authors and the editors are safe to assume that the advice and information in this
book are believed to be true and accurate at the date of publication. Neither the publisher nor the
authors or the editors give a warranty, expressed or implied, with respect to the material contained
herein or for any errors or omissions that may have been made. The publisher remains neutral with regard
to jurisdictional claims in published maps and institutional affiliations.

This Springer imprint is published by the registered company Springer Nature Switzerland AG
The registered company address is: Gewerbestrasse 11, 6330 Cham, Switzerland

https://doi.org/10.1007/978-3-030-05618-6


To my kids Giuseppe and Annapaola,
love of my life.
Pasquale Lops

To those who taught me about the importance
of the “meaning”. In every thing.
Cataldo Musto

To women and men who change our lives
for the better.
Fedelucio Narducci

In memoriam Aaron Hillel Swartz and Enzo
Roberto Tangari.
Giovanni Semeraro



Foreword

Web search engines and recommender systems are among today’s most visible and
successful applications of Artificial Intelligence technology in practice. We rely on
such systems every day when we search for information, when we shop online, or
when we stream videos. Without such systems, it almost seems impossible to find
things that interest us within the huge amounts of information that are offered online
today.

Research in the area of Information Filtering and Information Retrieval dates
back to the 1970s or even earlier. One central task of such systems then and today is
to estimate to what extent a given document or web page is relevant for a given
query by the user. Although the final ranking of the relevant documents is often
influenced by other factors, e.g., the general popularity of a web page, any search
system at some stage makes inferences about what each indexed web page is about,
i.e., about its content.

Over the decades, these forms of reasoning have become more and more
sophisticated. On one hand, different internal document representations were
developed, from simple term-counting approaches, over latent semantic approaches
to embeddingmodels, which implicitly encode semantic relationships between terms.
At the same time, more and more structured or unstructured external knowledge
sources have become available, e.g., in the form of Linked Data, which allow search
and information filtering systems to make inferences using explicitly given semantic
relations between the concepts that appear in queries and in documents.

The same set of techniques can also be applied in the field of recommender
systems, which is the main focus of this book. Here, the input to ranking task is not
an individual query, but a user profile that the system has learned from past user
interactions over time. Accordingly, such content-based or semantics-based rec-
ommenders are able to personalize the ranking on the bases of the assumed user
interests.

In the traditional categorization of recommendation techniques, content-based
methods (here, the term content also covers metadata and other side information)
are often considered as an alternative to collaborative filtering approaches. This
latter class of systems, which base their recommendations on behavioral patterns of

vii



a larger user community, dominates the research landscape. However, pure col-
laborative approaches can have a number of limitations. It is, for example, difficult
to ensure that a set of recommendations is diverse when we do not know anything
about the similarity of two items. Likewise, explaining recommendations to users
can be a challenge when we cannot inform users how the attributes of a recom-
mended item relate to their preferences. In a number of application domains, it is
therefore favorable to design a hybrid system that combines knowledge about the
items with collaborative information.

The literature on semantics-based or hybrid recommender systems is actually
quite rich, but unfortunately also scattered. Today, relevant works appear in pub-
lication outlets of different communities, e.g., Information Retrieval, Semantic
Web, or Recommender Systems. This book therefore fills an existing gap in the
literature. It first provides an introduction to the basic concepts of content repre-
sentations, then discusses approaches for semantic analysis, and covers today’s
external knowledge sources that can be leveraged for information filtering and
recommendation. Based on these foundations, it then reviews use cases of how rich
content information can be used to build better recommenders for the future.

Klagenfurt, Austria
June 2019

Dietmar Jannach
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Preface

The human desire to make the machine always smarter has been the driving force
for all the research in the Artificial Intelligence (AI) area.

Generally speaking, what makes a system intelligent is the capability of
understanding signals coming from the environment and of correctly adapting its
behavior accordingly. Such a capability is strictly related to the definition and the
design of specific techniques for interpreting messages generated by the users.

Some years ago, when we typed on Google the query How tall is the Eiffel
Tower?, the system answered with a set of documents, some of them including the
information we were seeking for, but without a precise identification of the correct
answer. Today, this is no longer the case since intelligent assistants like Siri, Alexa,
or Google assistant, and the Google search engine itself, are able to provide the
exact answer the user is looking for, that is, in the case of the Eiffel Tower, 300 m.

Without any doubt, we can state that the semantics represents the theoretical
foundation to implement models and technologies that allow the machines to
interpret and understand information provided in natural language. Indeed, thanks
to the semantics, it is possible to give meaning to documents, sentences, and
questions expressed in natural language and to create a bridge between the infor-
mation needs of a user and the answers to those needs.

Such an intuition is currently implemented in several tools and platforms as
search engines, recommender systems, digital assistants, and contributes to their
tangible improvement in accuracy and effectiveness we are recently witnessing.

We hope this book could become a reference point in the panorama of adaptive
and personalized systems exploiting semantics. The book is organized into three
main parts. First, we motivate the need to exploit textual content in intelligent
information access systems, and then we give an overview of the basic method-
ologies to process and represent content-based features. Next, we thoroughly
describe state-of-the-art methodologies and techniques to enrich textual content
representation by introducing semantics. Finally, the last part of the book provides a
more practical perspective and discusses several applications that exploit the
techniques introduced and described in the previous chapters.
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