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Abstract. Recommender systems are software tools that seek to suggest
products of interest to users. Customers choices may be affected by many
factors including the user’s demographic attributes, preferences and the
environment that surrounds her at the moment of the purchase. For this
reason, using a static recommendation method might not be enough to
cover all the variability of the user’s preferences. In this work a dynamic
approach is studied, inspired on the dynamic selection of classifiers. Also,
a framework for including demographic and contextual information is
proposed.
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Recommender systems (RSs) are software tools and techniques that seek
to provide suggestions of interesting products for a particular user [1]. Most
recommendation strategies differ from each other in the type of information they
use to provide suggestions. Collaborative filtering (CF) utilizes the opinions of
the community of users (peers) to find similarities of tastes and predict a score
that a given user would give to non-purchased items [3]. Content based filtering
(CB) makes recommendations based on the user choices made in the past and
the characteristics of the items, i.e., the content [4].

Dynamic selection of classifiers (DS) is a strategy used in Multiple classifier
systems (MCS) where for each test pattern a set of classifiers is selected to
predict the label. DS based MCS have three phases: a generation phase, where
a pool of classifiers is created; a selection phase, in which a subset of predictors
is selected from the pool; and an integration phase, where the chosen classifiers
are mixed to perform the prediction.

To predict the user likes CB was selected as the main recommendation
method. This technique represents users and items with profiles. A user pro-
file stores the user’s preferences in terms of product features, while an item
profile contains the attributes of the product.

Besides containing item features, the designed profiles include demographic
characteristics of users and contextual features. Each profile is composed by three
subprofiles. Demographic subprofiles represent the inherent personal attributes
of the user (in the case of user profiles) and the characteristics of users that have
purchased the product (item profiles). Contextual subprofiles store the preferred



conditions of the user when purchasing, or the parameters of the situations that
normally take place when the product is bought.

To apply the notion of DS to RSs a pool of these systems has to be generated.
For this reason CB and CF were used as the main recommendation methods.
Moreover, different similarity measures and combinations of subprofiles were
applied to create variants.

After having generated the pool, a selection criteria is needed to choose a
recommendation method for each prediction. The decision was to select the
recommender used to predict the ratings of the items purchased by the target
user which are more similar to the target product.

To test the system a hotel reservations dataset from Tripadvisor1 obtained
by [6] was used. To evaluate a DS approach [5] suggests to compare it with the
Single best (SB) static system. This recommender was the CF based system that
makes use of the euclidean distance and all the feature types. Results showed
that the application of DS did not provide any significant improvement, since it
obtained a Mean absolute error (MAE) of 0.949 against the 0.950 achieved by
the SB.

The SB recommender was employed to evaluate the impact of the proposed
framework by comparing the performance when using pure CB profiles and the
augmented ones. Results showed that the inclusion of contextual features de-
creased the MAE a 3.29%, 3.99% when demographic characteristics were used
and 5.09% when both information sources were incorporated. The impact was
more notorious for the SB content based variant, with a decrement of 23.64%
on the MAE through the inclusion of demography and context.
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1 Tourism platform https://www.tripadvisor.com


