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a b s t r a c t

Although recommender systems are extremely useful when it comes to recommending
new products to users, it is important that these applications explain their recommenda-
tions so that users can consider and trust them. There is also another reason: by analyzing
why the system recommends a particular item or proposes a certain rating, the user might
also consider the quality of the recommendation and, if appropriate, change its predicted
value. On this basis, this paper presents a new technique to improve recommendations
based on a series of explanations that should be given when various already-known items
are recommended. To summarize, the aim of our proposal is to learn a regression model
from the information presented in these explanations and, where appropriate, use this
model to change the recommendation for a target item. In order to test this approach,
we experimented with the MovieLens data set. A number of lessons can be learned: firstly,
it is possible to learn from a set of explanations, although this is highly user-dependent;
and secondly, we can use an automatic procedure to analyze the role of the different fea-
tures presented in an explanation. We consider these results to be interesting and to val-
idate our novel approach.

� 2014 Elsevier Inc. All rights reserved.

1. Introduction

Ever since they were first conceived in the last decade of the 20th century [10,32,33], recommender systems (RS) have
been used in many different areas. There are currently a large number of RSs on Internet sites such as Amazon, Netflix or
Last.fm. These systems are designed to learn from a user’s behavior to discover their preferences and either help them find
what they are specifically looking for or what they might find useful in a vast amount of information.

Despite the popularity of such systems, there are various reasons why users might feel uneasy about using them and/or
relying on their recommendations. These systems are usually seen as black boxes in which there is no other choice than to
trust their recommendations [14]. Much research has been conducted to focus on this problem and among the proposed
solutions we focus our attention on the use of explanation facilities which have also been considered as a critical function
for recommender systems [8,9,20,36]. These facilities provide users with an explanation of the rationale behind such recom-
mendations, enabling them to better understand the workings of the system. Tintarev and Masthoff [41] list a number of
reasons why recommender systems should provide such an explanation and these include:
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1. Transparency (illustrates how a recommendation is computed).
2. Trust (increases user confidence).
3. Effectiveness (helps the user make a good decision).
4. Scrutability (allows users to tell the system it is wrong).

An algorithm’s ability to explain both recommendation results and the explanation itself strongly depends on the recom-
mender model used, more especially so in the case of memory-based approaches [36] which are based on the similarities
extracted from known data and which can serve as the basis for explaining recommendation results. In this paper, we shall
assume a nearest-neighborhood-based RS in order to predict the rating for a target item. In this recommendation paradigm,
there are two good alternatives for explaining recommendations [15]: (i) the use of a bar chart histogram which explains
that ‘‘the system suggests 3 stars because it has been rated by other similar users as . . .’’; and (ii), based on the system’s pre-
vious performance, i.e.‘‘The system correctly recommended for you 80% of the time’’. This second alternative is valuable for
increasing user trust but does not fulfill any of the other criteria.

Focusing on the first more informative alternative, this partly explains how the predicted rating is computed (transparency),
for instance by combining the ratings into a weighted average prediction. In this case, we can obtain several explanations for the
same recommended rating, let us say 3. If we assume that there are five neighbors (who each contribute equally to the predic-
tion), this rating can either be obtained when the suggested ratings are f1;2;3;4;5g or when the ratings are f3;3;3;3;3g. Users
might find both explanations useful but while the user is unsure of the quality of the prediction in the first, the explanation rein-
forces the recommendation in the second (this is related to trust). In the same way, we can consider a situation where the system
predicts the value 4 because the neighbors rated the target item as f1;5;5;5;5g. The information given in the explanation can
then be used to change the prediction by modifying the rating to 5 (fact related to scrutability).

In our previous research [4], we found that having observed an explanation, users often modified their proposed rating
(around 35% of the time). Moreover, better predictions about the quality of the proposed ratings were obtained once a large
number of explanations had been observed. Certain learned processes must exist in the user’s mind to cause them to act on
the prediction. In this paper, we talk about such an action in terms of trusting, mistrusting or even possibly changing the
predicted rating. This situation underlies our research proposal, which can be formulated as the following question: Would
it be possible to learn from a set of explanations? If the answer is ‘‘yes’’, we must explore how the learned information can be used
to improve recommendations. With the aim of learning from explanations, we propose the use of a machine-learning [13]
algorithm that is capable of inducing general rules about the user’s actions from a set of observed instances.

In order to obtain the set of training instances, a first approach might be to gather the required information from user
experience of the system, by either explicitly or implicitly analyzing their actions over the observed explanations. This task
involves various problems: (a) user burden: we need to know what action the user takes after observing the explanation for
each recommended item even when they have no interest in it; (b) dependence on the recommendation strategy: when con-
sidering a neighborhood-based RS, it could be that the set of neighbors used to obtain the predictions (and their associated
explanation) varies with the recommended items; and (c) the cold-start problem: we need enough feedback to start the
learning process.

In order to solve this problem, we propose that it be tackled from a different perspective: let us consider a given (unob-
served) target item, It , where N is the set of neighbors selected to compute the pair prediction/explanation. We will use this
neighborhood to obtain a prediction for all the items rated by the user, let us say R ¼ fI1; . . . ; Ikg, and their associated expla-
nations. For these items, since we know the real and predicted ratings, we can automatically presume what the user’s actions
should be, such as, for instance, to trust or increase the predicted value. Using this approach, we shall obtain a corpus of
tuples hpredictions, explanations and actionsi that can be used as training data to induce the particular action for the target
item. We shall say that this approach is based on previous explanations.

We would like to stress that the main focus of our paper is to determine whether the general idea of learning from expla-
nations may work. As a result, we conclude that explanations represent a valuable source of information that might be
exploited since this is (as far as we know) the first attempt to explore their impact on a recommending environment. By
means of this approach, we should explore the costs and benefits of scrutability for improving recommendations, something
which is considered to be an open problem in the field [21,23,42]. Although our approach focuses on a neighborhood-based
RS, it could also be applied to other recommending strategies, such as those using matrix factor [22] or additional informa-
tional elements such as the quality of the items [40] or social-based knowledge [35].

This paper is organized as follows: the next section discusses the reasons for our approach; Section 3 presents related
work on recommender systems; Section 4 describes our approach; Section 5.1 outlines empirical experimentation with
MovieLens data sets; and finally Section 6 presents our concluding remarks.

2. Explaining by using predictions for already known items

As we mentioned previously, our research stems from the use of predictions on a set of observed items which serve as the
basis for explanation facilities [4]. More specifically, this research considered a collaborative RS to predict how an active user,
a, might rate a target item, t; r̂ða; tÞ. Following a user-based approach, the predictions are obtained using a weighted com-
bination of the suggestion given by the nearest N neighbors, i.e.
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