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“off-line behaviour” data, which tracks user/environment interactions, e.g., user’s movements.
In this demo, we present a novel Recommender System
(RS) [7] technology that is applied to the tourism domain and
leverages these two types of users’ behaviour data, which
have been so far poorly used by researchers and practitioners.
The proposed RS technology is implemented in a mobile
app, Wondervalley, which helps travellers to experience a
personalized travel and to discover interesting and novel
Points of Interest (POIs).1
The proposed system has the following functionality:
• Recommends POIs and events in the Italian region
Trentino-South Tyrol;
• Collects on-line user behaviour data as explicit feedback;
• Captures the user-environment interactions leveraging sensing solutions;
• Acts as a means to analyse user behaviour in travel
and mobility activities;
• Sets a playground to evaluate RS algorithms in naturalistic scenarios.

ABSTRACT
Several tourism applications have been designed to support
on-line information search and content browsing. However,
often they neglect user’s current visit experience, i.e., what
the user already experienced off-line. In this demo we showcase a novel mobile app enhancing a traveller’s visit experience by considering the visit context and the traveller’s
currently visited locations. The app has been designed as a
tool for advancing the state of the art in decision support
systems. The app can be used outside the lab, hence taking
into account the true complexity of user decision making,
while lab experiments tend to over-simplify that.
CCS CONCEPTS
• Information systems → Recommender systems.
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2 ON-LINE INTERACTION
The interaction with the mobile app starts with a tutorial
that informs the user of the app usage of her mobility and
feedback data, which is aimed at personalizing her travel experience. If the user accepts it, the app is ready to be used. In
fact, differently from other similar apps, there is no sign-up
procedure: a unique identifier is generated per app installation and is then used to identify the user’s sessions.
The app allows the user to search for POIs and to suggest
(personalised) some of them (Figure 1). The user can bookmark the POIs she likes, in order to quickly access them later.
Moreover, each POI can be evaluated as: “I like the place”, “I
would visit the place” or “I visited this place”. Bookmarks and
feedbacks are recorded as users’ “on-line” behaviour data.

1 INTRODUCTION
Today, by means of ubiquitous computing techniques, people are constantly connected to the Internet via their mobile
devices, and user behaviour data are generated and collected
at fast pace. One can distinguish between two types of user
behaviour data: “on-line behaviour” data, which tracks interactions in the virtual world, e.g., clicks to web links; and
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3 OFF-LINE USER BEHAVIOUR
Moreover, the app runs a background process that records
user mobility data (location) via the mobile GPS and Bluetooth sensors. In fact, the app monitors, via Bluetooth, the
1 Mobile
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app webpage: http://wondervalley.unibz.it
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Figure 1: Tips

Figure 2: Debrief
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Figure 3: POIs and IoT devices location in South Tyrol

proximity of more than +3500 IoT beacon devices spread
in South Tyrol.2 If one beacon is sensed by the app, then
an external service is queried to identify its location and
meta-data. This process has a two goals: provide POI information (meta-data) to the user when she is close to a beacon
augmented POI; locate the user when GPS data cannot be
obtained (e.g., narrow streets or indoor). In Figure 3 it is
shown a map with the position of the deployed beacons and
the +6000 POIs that are featured in the app.
We algorithmically analysed the user’s location data to
identify the POIs where a user (most likely) dwelled and
to reconstruct her POI-visit itineraries [4]. In addition, we
augmented the identified user POI-visits data with contextual information, e.g., the weather conditions at the time
of the visit, and with POI specific content information, e.g.,
its related activities. Furthermore, the app asks the user to
evaluate the visited POI (Figure 2), e.g., a user can confirm a
visit to a POI and note that she liked it.
We have clustered the identified users’ feature-rich POIvisit trajectories and learned one generalized user behaviour
model per cluster by applying Inverse Reinforcement Learning (IRL) [4]. IRL learns the users’ behaviour model both as
a policy, which the users show to follow while taking decisions, and the reward that they obtain from their choices [6].
Users’ on-line behaviour data is also used to acquire prior
knowledge about the reward, e.g., the user’s assessed utility
of a POI-visit, without altering the IRL learning [3].

leveraging the combination of her on-line and off-line behaviour data (the user’s liked POIs and POI-visit itineraries)
and the, cluster specific, predicted user’ behaviour model
is used for generating recommendations. In the bootstrap
phase of the app, we also used a content-based approach that
leverages only POI’s features.
The app can request the users to fill questionnaires. We
will conduct A/B tests, within a large users’ base, with adhoc and validated tools [1, 2], in order to asses the impact of
different dimensions of the RS model on the users’ choices.
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4 RECOMMENDATIONS AND EVALUATION
POI recommendations are generated by leveraging the IRLbased behaviour model (more details are provided in [4, 5]).
Every user is assigned to one of the identified clusters by
2 https://beacon.bz.it/
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