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Abstract Recommender systems are now popular both commercially and in the
research community, where many approaches have been suggested for providing
recommendations. In many cases a system designer that wishes to employ a rec-
ommendation system must choose between a set of candidate approaches. A first
step towards selecting an appropriate algorithm is to decide which properties of the
application to focus upon when making this choice. Indeed, recommendation sys-
tems have a variety of properties that may affect user experience, such as accuracy,
robustness, scalability, and so forth. In this paper we discuss how to compare recom-
menders based on a set of properties that are relevant for the application. We focus
on comparative studies, where a few algorithms are compared using some evaluation
metric, rather than absolute benchmarking of algorithms. We describe experimental
settings appropriate for making choices between algorithms. We review three types
of experiments, starting with an offline setting, where recommendation approaches
are compared without user interaction, then reviewing user studies, where a small
group of subjects experiment with the system and report on the experience, and fi-
nally describe large scale online experiments, where real user populations interact
with the system. In each of these cases we describe types of questions that can be
answered, and suggest protocols for experimentation. We also discuss how to draw
trustworthy conclusions from the conducted experiments. We then review a large
set of properties, and explain how to evaluate systems given relevant properties. We
also survey a large set of evaluation metrics in the context of the properties that they
evaluate.
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8.1 Introduction

Recommender systems can now be found in many modern applications that expose
the user to a huge collections of items. Such systems typically provide the user with
a list of recommended items they might prefer, or predict how much they might
prefer each item. These systems help users to decide on appropriate items, and ease
the task of finding preferred items in the collection.

For example, the DVD rental provider Netflix1 displays predicted ratings for ev-
ery displayed movie in order to help the user decide which movie to rent. The online
book retailer Amazon2 provides average user ratings for displayed books, and a list
of other books that are bought by users who buy a specific book. Microsoft provides
many free downloads for users, such as bug fixes, products and so forth. When a
user downloads some software, the system presents a list of additional items that are
downloaded together. All these systems are typically categorized as recommender
systems, even though they provide diverse services.

In the past decade, there has been a vast amount of research in the field of rec-
ommender systems, mostly focusing on designing new algorithms for recommenda-
tions. An application designer who wishes to add a recommendation system to her
application has a large variety of algorithms at her disposal, and must make a deci-
sion about the most appropriate algorithm for her goals. Typically, such decisions
are based on experiments, comparing the performance of a number of candidate
recommenders. The designer can then select the best performing algorithm, given
structural constraints such as the type, timeliness and reliability of availability data,
allowable memory and CPU footprints. Furthermore, most researchers who suggest
new recommendation algorithms also compare the performance of their new algo-
rithm to a set of existing approaches. Such evaluations are typically performed by
applying some evaluation metric that provides a ranking of the candidate algorithms
(usually using numeric scores).

Initially most recommenders have been evaluated and ranked on their predic-
tion power — their ability to accurately predict the user’s choices. However, it is
now widely agreed that accurate predictions are crucial but insufficient to deploy
a good recommendation engine. In many applications people use a recommenda-
tion system for more than an exact anticipation of their tastes. Users may also be
interested in discovering new items, in rapidly exploring diverse items, in preserv-
ing their privacy, in the fast responses of the system, and many more properties of
the interaction with the recommendation engine. We must hence identify the set of
properties that may influence the success of a recommender system in the context
of a specific application. Then, we can evaluate how the system preforms on these
relevant properties.

In this paper we review the process of evaluating a recommendation system.
We discuss three different types of experiments; offline, user studies and online
experiments.

1 www.Netflix.com
2 www.amazon.com


