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ABSTRACT
Geo-localized, mobile applications can simplify a tourist
visit, making the relevant Points of Interest more easily and
promptly discernible to users. At the same time, such solutions must avoid creating unfitting or rigid user profiles
that impoverish the users’ options instead of refining them.
Currently, user profiles in recommender systems rely on
dimensions whose relevance to the user is more often presumed than empirically defined. To avoid this drawback, we
build our recommendation system in a two-step process,
where profile parameters are evaluated preliminarily and
separately from the recommendations themselves. We describe this two-step evaluation process including an initial
survey (N =206), and a subsequent controlled study (N =24).
We conclude by emphasizing the benefit and generalizability
of the approach.
CCS CONCEPTS
• Human-centered computing → User studies;
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INTRODUCTION

Current mobile technologies allow each individual to undertake a visit with an endowment of navigation and survival
tools that would have been unthinkable some decades ago.
Such technologies allow visitors to directly contact local
people without intermediaries, to translate language, and to
receive expert advice. All users are then enabled to develop
with autonomous resources their knowledge of a territory
without necessarily relying on professional travel agencies
and organizers. Location-based services that provide personal recommendations about Points of Interest (PoIs) are a
key feature of mobile applications for tourists [7, 9, 15, 17].
They are personalized recommender systems, which tailor
the search result to the users’ characteristics [8, 12] instead
of generically ranking the items [4, 5]. Information about the
users’ preferences is stored in a user profile [10], which is a
proxy of the user’s demographics, expertise, interests, usage
behaviors and intentions [3]. Appropriateness of the profile
and of the profiling dimensions on which recommendations
are built is a crucial requisite for an effective personalization
service, since the system filters out information that is supposedly irrelevant to the user. Despite users’ satisfaction with
the recommendations does not necessarily correlate with
their accuracy [14], the typical assessment of a recommender
system aims at proving the quality of the recommendations
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using statistical methods, without the involvement of users
[6]. Even less effort is devoted to the evaluation of the relevance of the attributes on which the recommender system
relies [9]. Typically, they are derived from the same structure adopted in the database that the recommender system
is mining. For instance, [2] use Tripadvisor tourist reviews
and rely on the profile attributes categorized by that web
service, i.e., age, gender, country of origin, goal of travel, and
travel partners. Similarly, [20] rely on the profile categories
present in the tourist emergency report on which the algorithms are run: object, environment, activity, event, result.
Specific research effort devoted to defining such categories
is very rare. The result is that in an attempt to save a few
resources and time, the recommender system might be based
on presuppositions that are never tested with the target users,
contrary to all user-centered principles that have been advocated in HCI so far, and that would ultimately preserve
systems from rejection and market failure. In the present
work we attempted a different approach by first grounding
the user profiling attributes on data gathered in the field and
secondly by validating the actual relevance of the recommendations provided by the system in a controlled user study.
In the remainder of the paper, within the space allotted, we
report on the two-step procedure followed to validate the
users’ profiling characteristics and to assess the relevance of
the recommendations returned by the system.
2

STEP 1: PROFILING DIMENSIONS

In order to create user-centered profiling dimensions for
tourist recommendations we consulted with tourists themselves, and stakeholders, checked local reports on tourist
data and read scientific publications on tourist preferences.
We were looking for tourist characteristics that account for
visiting preferences. Once these characteristics were drafted,
we went back to tourists to evaluate their ability to account
for visiting preferences.
Preliminary profiling dimensions
54 semi-structured interviews (mean age=44, SD=17, 28F)
were carried out with city visitors. Respondents were approached in three central touristic areas by interviewers
wearing a university badge. Visitors were explained the purpose and procedure of the interview. If they agreed to be
interviewed, they signed the informed consent. Respondents
were asked to describe their touristic experience in the city,
the sights visited, the motivation of the visit and length of
the stay, as well as some demographic information. The interviews lasted about 5 minutes each, were audio-recorded
and then transcribed. Stakeholders were seven people from
the public and private sectors who are in touch with tourists
and visitors on a regular basis: the Director of the Tourism
Promotion Office, the Tourism Councilor, two tourist guides,
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a representative of the tourist promotion consortium, a representative of a local Shopkeepers and Restaurateurs Association and the head of regional Convention and Visitors Bureau. Respondents were asked to sign the informed consent
and were then interviewed with a semi-structured protocol
for about 30 minutes. The interviews focused on the visitor
types in that city. Each interview was video-recorded and
then transcribed. All interview transcripts were analyzed
along with scientific literature and local tourist statistics in
order to find relevant information about visitors’ different
preferences. Two researchers worked individually on the
whole set of data and then compared their notes to identify a common list of emerging themes. Such information
allowed to identify the preliminary attributes characterizing
the different types of tourists and their preferences, i.e., age,
provenance, travel purpose, budget, length of stay, season,
special needs, transportation means and interests.
Validated profiling dimensions
The preliminary profiling dimensions and a list of visiting
preferences were put into a 40-item questionnaire. The initial part of the questionnaire addressed the respondents’
demographics (items 1-6), and the visit purpose, length, organization and planning (items 7-13). Items in this section were
mainly a multiple-choice format. The second part of the questionnaire (items 14-40) investigated tourists’ motivations and
preferences about their travel. In this section, respondents
answered by selecting their level of agreement with each
statement on a 6-point scale. The researcher, wearing a university badge, approached the visitors in the city center and
asked them to fill in a brief, anonymous questionnaire. If the
approached visitor agreed to participate, s/he first signed the
informed consent and then filled in the questionnaire.
Participants
In total, data from 206 respondents (mean age=44, SD=16,
120 F) were analyzed. 43 questionnaires were excluded due
to incompleteness or unreliable response style.
Analysis
The effect of the preliminary profile attributes identified
(i.e., age, provenance, travel purpose, budget, length of stay,
season, special needs, transportation means and interests)
on the participants’ preferences, as reported in the questionnaire, was examined. The analyses aimed at assessing in
which cases a given dimension was effective in affecting visit
preferences (e.g., younger visitors would favor cost-effective
accommodation and activities). Various data analysis techniques were used based on the question format and, consequently, the types of data collected: contingency tables
and count of frequencies, ANOVA and non-parametric tests
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(Mann-Whitney, Kruskall-Wallis). Table 1 reports the dimensions and preferences relations that resulted significant from
this analysis.

(M=3.42 on a scale ranging from 1 to 5), historical landmarks
(M=3.58) and cultural sites (M=3.92).

3

The study consisted of two sessions, a few weeks apart. The
first session served to feed the system with the necessary
data, i.e., user profile information and social ratings; the second session was meant to collect users’ comparative ratings
of the recommendations provided by the 4 versions of the
system. Session 1 started when participants gave their informed consent to partake in both sessions and filled in a
brief questionnaire collecting background information (i.e.,
demographic information, familiarity with mobile tourist
applications and previous knowledge of the main landmarks
of the city). Next, they rated the attractiveness of each PoI
presented on a 5-point scale. The PoIs in the database belonged to three areas of the target city, namely Area 1, Area
2 and Area 3. The participants who rated the PoIs belonging
to Areas 1 and 2 in Session 1, would rate the relevance of
the PoIs belonging only to Area 3 in Session 2, and viceversa
(PoIs belonging to Area 2 were not returned in Session 2). By
doing this, we avoided situations in which respondents were
recommended the same items they had previously rated. In
Session 2, participants were asked to query the system for
recommendations using all of the four system variants. Once
the system had returned the recommendations, participants
were asked to examine the list of PoIs and to rate the relevance of each recommended item on a 5-point scale, based
on the scenario. They were asked to imagine to be visiting
the city alone for religious purposes. The order with which
they run the four different algorithms was counterbalanced
in a Latin Square design.

STEP 2: USERS’ ASSESSMENT OF PERCEIVED
RELEVANCE

The second step in evaluating the recommender system was
to assess the relevance of the recommendations generated.
We hypothesized that the recommendations based on the
personal profile would be rated as more relevant than those
generated on other criteria. In particular, the recommendation system had a graph-based retrieval model using graph
layers associated with content as data sources, and it included four variants: one using only the tags layer (T), one
combining tags and personal information overlays (TP), one
combining the layers of tags and social rating (TR), and one
using tags, social ratings and personal data layers (TRP). The
system run on a database containing real data referring to
the target city (approximately 600 PoIs). Profiling dimensions
were entered by the user him/herself, a useful method in new
recommenders that cannot have a history of prior users’ behavior [12, 13]. Social rating was instead based on how users
rated the PoI contained in the system, and was also entered
by users. This study aimed at evaluating users’ perceived
relevance of the recommendation, with a similar approach of
other evaluation studies [1, 5, 6, 11, 16, 18]. However, differently from other researches, the test was run as a controlled
laboratory study to control important factors such as the
identity of the person actually carrying out the evaluation,
and the seriousness with which the evaluation is completed
(e.g., whether skimming through the list of recommendations). This method allowed to compare the four variants of
the recommendation algorithm as one independent variable
in a within-subjects experimental design.
Materials
A brief initial questionnaire collected background information (name, age, education) and participants’ knowledge of
the main landmarks of the city. The relevance of the recommendations was then assessed using an on-line questionnaire
presented on a tablet, in which participants rated the relevance of each PoI recommended by the system on a 5-point
scale. In order to have all respondents referring their judgments to the same situation, a task scenario was devised.
Such scenario depicted an unambiguous and realistic situation, in which a visitor expressed interest in the religious
heritage of the city.
Participants
A total of 24 participants (mean age 26, SD=6, 12 F) volunteered in the study, and received no remuneration. Participants reported a fairly good knowledge of religious buildings

Procedure

Results
After the first session, we compared the ratings assigned to
religious vs. non-religious PoIs. The Wilcoxon test revealed
no significant differences. In particular, the average rating
for the religious PoIs in Area 3 was 1.7 (SD=1.27) and that for
the non-religious PoIs was 1.46 (SD=1.05), z=1.41, p=.16. Similarly, the average evaluation for the religious landmarks in
the Area 1 was 2.02 (SD=1.21) and that for the non-religious
ones was 1.99 (SD=1.37), z=.16, p=.91. Therefore, it was ascertained that conditions TP and TR in the second session would
have actually differed, since the latter would not prioritize
religious PoIs, while the former would (being based on the
user profile as a religious visitor). After the second session,
the perceived relevance of the recommended PoIs in the four
algorithms was compared. The analysis was limited to the
ratings assigned to the first three items in the list, since they
were those prioritized by the algorithm. A repeated-measures
ANOVA was run, with the system variant as a four-level factor. The analysis showed a significant difference in the four
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Table 1: Profile attributes and related preferences, *p< .05, **p< .001

algorithms F (3, 69)=4.99, p=.01 (Figure 1). Post-test comparisons corrected for Bonferroni revealed that the relevance
ratings were statistically higher for TP (M=2.79, SD=1.01)
than for TR (M=2.43, SD=.86; p=.04). In addition, the relevance rating for TP was significantly higher also compared
to TRP (M=2.51, SD=.95; p=.01). All other comparisons were
statistically non significant.
4

DISCUSSION AND CONCLUSIONS

In the present paper we reported on a two-step procedure
for the identification of user-centered profiling dimensions.
The first step aimed at applying a user centered design approach to establish the core dimensions differentiating users
to the purpose of providing personalized recommendations.
The second step assessed whether the profile information

effectively contributed to return pointed recommendations
for users. Although our study was contextualized to a recommendation engine in the touristic domain, our approach
can be applied to other scenarios of use, e.g., recommendation of books. We advocate a user-centered approach in
every step of the design cycle, to avoid building the recommender system on false premises. Although a user-centered
approach involves additional effort in recruiting users and
analyzing data compared with an evaluation carried out by
developers or recommendation accuracy only, it has been
long established in HCI that without it user models risk to
have very poor ecological validity. Of course a limit of this
approach is that in the real context of a visit tourists are
attracted by POIs that match some other expectations or
can have ambivalent/shifting visit purposes [1, 19]; but then
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Figure 1: The effect of the different combination of data overlays on the perceived pertinence of the recommendations.
*p< .05

this is a matter of how profiles are detected more than of
the way in which the profile dimensions are defined in the
first place. The importance of involving end users in the
assessment of the quality of the recommendations has been
already highlighted [14], given the lack of convergence between the evaluations made by computer simulations and
by users. Here we suggest to further extend this view and to
engage end users also in the designing phase to gather their
preferences and needs. We expect that such approach will
contribute to develop systems generating recommendations
that are relevant in the users’ perspective.
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