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Foreword

This book covers a relatively new scientific field, which has not received the required attention in
the Computer Science, Computer Engineering and Informatics Departments/Schools. In this work,
therefore, we present in detail the most important algorithms of the last 20 years from the main
scientific fields of Information Retrieval, Machine Learning, Data Mining and Artificial Intelligence,
which have influenced and shaped Recommender Systems. The timing of this publication can be
described as mature, since the author has been doing research work for almost 20 years (since 2005)
in the scientific field of Recommender Systems.

Furthermore, regarding the theoretical part of the course Deep Recommender Systems, the presen-
tation of the algorithms is done in an educational and pedagogical way, in order to enable students
to better comprehend the different concepts and methods. In particular, the book contains more
than 40 solved examples, so that the mathematical formulas and equations of the theory are applied
to the data of the examples in order to be fully understood by the student. Also, the same example
(with data from a few users who have rated a few items) runs through several different chapters,
so that the student has a reference and comparison point between the different algorithms applied
to it and can follow their step-by-step execution. For this reason, the book can be taught at under-
graduate level in addition to graduate level. For the outline of an undergraduate course, chapters 1
to 4 are suggested, as well as chapters 8 to 10, which introduce the student to the field of Recom-

mender Systems. Similarly, for the outline of a postgraduate course, chapters 1 and 2 are suggested,
as well as chapters 5 to 10, which describe more advanced topics of Deep Recommender Systems. It
is emphasized that the slides for each chapter can be downloaded from the author’s official website,
http://www.panagiotissymeonidis.com/enbook.

Apart from the theoretical part, the book can also support the laboratory part of the aforemen-
tioned course Deep Recommender Systems. Therefore, the most basic algorithms for implement-
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ing a recommender system are described with Python language (using Notebook Jupyter) in a to-
tal of 8 solved programming exercises at the end of each chapter. Besides, the code of the algo-
rithms is described step-by-step in the respective sections, so that the reader can verify all inter-
mediate results of the code. Also, the code can be downloaded from the author’s official website,
http://www.panagiotissymeonidis.com/enbook. Finally, the algorithm code can
be executed directly (online) at https://colab.research.google.com without requir-
ing any installation on the student’s computer.

The book is also suitable for researchers and professionals in the field of Computer Science, since
the advanced topics that form the field of Deep Recommender Systems are covered. It additionally
provides researchers and developers with a comprehensive overview of the fundamental concepts
of Deep Recommender Systems, and presents all new methods and techniques through realistic and
modern examples.

At this point, I would especially like to thank my colleague and friend Christos Andras, who
provided useful comments for the book’s further improvement. Furthermore, I would like to thank all
my undergraduate and graduate students who helped with their comments in proofreading the book.
Finally, I thank my colleagues Yannis Manolopoulos, and Efstathios Stamatatos, for their helpful
comments and suggestions.


