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ABSTRACT

Recommender systems have become an active research topic
during the last two decades, thus giving rise to several
approaches and techniques. They have also become
increasingly popular among practitioners and used in variety
of areas including movies, news, books, research articles
restaurants, garments, financial services, insurance, social tags
and products in general. Tourism is an important sector for
economic development and a potential application area of use
of recommender systems. This paper presents an overview of
existing recommender approaches used in tourism and
discusses their relevance taking into account tourism context
and specificities.
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1. INTRODUCTION

Recommender Systems (RS) are computer based tools and
techniques providing suggestions for items to be of use to a
user [1] [2] [3]. They have become an important research field
since the emergence of the first paper on collaborative
filtering in the mid-1990s [4] [5] [6] [7]- RS have also become
increasingly popular among practitioners because of the
abundance of practical applications that help users to deal
with information overload and provide them personalized
recommendations, content, and services [8]. Indeed, RS are
nowadays widely used in variety of areas including movies,
news, books, research articles restaurants, garments, financial
services, insurance, social tags and products in general.

The tourism field is one of the most potential application area
of RS. On one side, from the point of view of tourism
operators and service providers, employing RS could boost
tourist flows and increase revenue by recommending, at the
right moment and when they are at the appropriate location,
suitable items to potential tourist consumers [9]. On the other
side, from the tourists’ point of view, RS could be a valuable
help while preparing a trip or searching a service among many
destinations, numerous attractions and activities. The use of
RS could help tourists to save time and energy while
searching for a trip and or services that match their
preferences and interests [10] [11].

RS are based on fundamental components. The first is about
data models, which describe items, and users the second
component is related to algorithms, which apply specific
methods, approaches and strategies, in order to recommend
the most appropriate item to a targeted user. The quality of
recommendations depends hugely on these two components.

The main issue encountered when building Tourism
Recommender Systems (TRS) is, what approaches and which
data models are the most suitable for a high quality
recommendations.

This paper gives an overview of existing recommendation
approaches and data models and discusses their relevance to
the tourism field.

The paper is organized as follows. Next section gives an
overview of recommendation approaches used in TRS.
Section Ill is devoted to data models. The last section is
dedicated to conclusions and perspectives.

2. TOURISM RECOMMENDER
APPROACHES

RS are computer-based tools, which attempt to predict items
out of large pool a user may highly likely be interested in, and
to suggest him the best one. They also support systems
helping users to find and/ or to make choices about items that
matches their preferences and interests [12]. To achieve these
tasks, RS rely on characteristics and attributes of both users
and items as well as algorithms, which implement specific
strategies and approaches, to generate a recommendation to a
target user. They are also generally defined as a subclass of
information filtering system that seek to predict the ‘rating’ or
‘preference’ that a user would give to an item, using a model
built from the characteristics of an item and/or the user’s
social environment[13] [14] [15].

In the tourism field, recommender systems aim to match the
characteristics of tourism and leisure resources or attractions
with the user needs [16]. Unlike RS in other domains, TRS
frequently combine multiple types of recommendation
techniques for example SigTur/E-Destination [13] employs
many recommendation techniques, such as the use of
stereotypes (standard tourist segments), content-based and
collaborative filtering techniques, personalized and ontology-
based approaches. However, the special characteristics of
tourism items generate continuous appearance of new
problems and the need to develop new techniques [13]. In this
work the methods used by TRS are classified in two
categories: Classical approaches and Non Classical ones.



2.1 Classical approaches

Classical approaches use content-based filtering and
collaborative filtering methods. Widely used and studied,
collaborative filtering and content-based approaches
constitute the base of the majority of RS and are domain
independent.

2.1.1 Collaborative Filtering Approach
Collaborative filtering is based on the similarity between the
users. This filtering recommends items appreciated by users
who have previously made choices similar to those of the
current user. Collaborative-filtering RS determines the utility
of an item based on the feedback (ratings, likes ...) of similar
users [12]. The idea here is not to focus specifically on the
new item that would be likely appreciated by the user, but to
look to which items have interested other users who are close
to the current user [17]. Collaborative filtering technique start
by building a database (user-item matrix) of preferences for
items by users. Then it matches the items with the users based
on the outcome of the similarity test between their profiles
[18]. This approach is the most mature, the most common and
the most referenced in literature [14]. It is the most
implemented since it often gives good results, and does not
require much data preparation to start with.

2.1.2 Content-Based Filtering Approach
Content-based RS are content oriented, which means the
content of users interests and the content of the features of
items play an essential role in the recommendation process
[12]. RS using content-based filtering approach base their
evaluations on ratings given by a user on a set of items [17].
Unlike collaborative filtering method, Content-based filtering
determines which items are likely to be useful or interesting to
a given user by analyzing the content or the descriptions of
items.

Most content-based recommendation systems identify items
similar to those that a given user has appreciated. This
approach is based on the similarity between the different
objects: the objects are recommended to users based on their
feedback on similar objects [15].

2.1.3 Discussion

The methods exposed above certainely provide good
recommendations, however they suffer from many limits in
the and can’t be extended as shown in the table 1 , and
because of specificities of TRS, among which difficulties of
representing the tourism and travel items .

Tablel. limits of classical appoarches

approach limits

Collaborative Filtering the shortage of information
about the items, the scalability

and cold start

Content-Based Filtering Need of big amount of
information about users and
items. Overspecialization, cold

start, and scalability

Tourism items have specificities that affect deeply the quality
of recommendation based on classical approaches. For
example, when a tourist appreciate a monument or a museum
during a trip it does not mean he will want to see it again.
However using content-based methods only, the system will
suggest to him when he returns a second time to the same
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place the same type of monuments, while he maybe will be
more interested in items he did not discover during last trip.

Another example which, Is it appropriate to suggest visiting a
place or enjoying an activity while the place or the activity are
planned in his tourist circuit, or while he has just visited them
few days before?

Moreover, collaborative filtering methods alone are more
difficult to satisfy the tourist needs, when matching users’
trips is nearly impossible, two people experiencing the same
trip the same travel duration, the same place of interests, the
same experience, the same transportation mode is very hard
to come by [19].

Given the above examples, it appears that taking into account
the specificities of tourist domain is very important to
improve the quality of TRS. Tourism domain needs to
consider multiple factors such as time, space, whether,
location, distance between two sites, roads, history of tourist
trips, etc. in order to make an accurate recommendation,
therefore new technics should be developed and implemented
in order to enhance the quality of TRS.

2.2 Non classical approaches

Non-Classical approaches include personalized
recommendation, ontology-based recommendation and
context-aware recommendation.

2.2.1 Personalized Approaches

Personalized means fitting the goals, preferences and abilities
of the user [20]. Personalized RS aim to provide users with
items based on their personal interests and preferences, by
employing all the knowledge available on them explicitly or
implicitly [21] [22]. Explicit data may be given by the user in
different ways, for instance whenever he specifies his cultural
interests by filling in a form. Implicit interests can be inferred
by the system through the analysis of the behavior of the user.

Personalized recommendation approaches in TRS aim to void
information overload and offer only relevant information to
the tourist [11], they recommend a list of tourism items
matching personal preferences and take note of tourist
experiences [23]. This is the aspect where personalized
recommendation approaches demonstrate their importance
and enhance the quality of recommendations, since they
consider each user having unique, special characteristics and
its own experiences.

2.2.2 Context-aware approaches

Context has been studied across different research disciplines
including computer and organizational sciences [16]. This is
one among multiple definitions given to the term “context” in
the literature: “Context is any information that can be used to
characterize the situation of an entity. An entity is a persona,
place, or object that is considered relevant to the interaction
between a user and an application (including the user and the
application themselves)” [24].

Recommendation systems are called context-aware when they
use the context in its calculation to predict items likely to
interest the user [11].

Context is considered as one of the most important factors
while presenting recommendation to a tourist. Thus, it is
important to consider several context elements such as
Geo-localization, which is the most used in the context-aware
RS, time, which will give better recommendations and allow
tourists to enjoy a pleasant visit and to appreciate
recommended items [18]. RS based on context-aware
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methods, are proactive; they present to users the needed
recommendation whenever, wherever without any user
explicit demand. Proactive recommendation systems retrieve
large quantities of documents, decide what information is
likely to be relevant to users' needs, and suggest this
information without an explicit user request [25].

Nowadays, mobile and numerous smart devices connected to
internet, called connected “things”, are widely available and
used. These devices are able to capture and to provide many
information that could enrich the current context as well as its
variations. However, this aspect is the most challenging part
in these type of RS; since it demand the definition of which
context element is relevant to the recommendation, and which
one provide more accuracy [11].

2.2.3 Ontology Based Appraoche:

Ontologies are recently initiated tools for structuring
knowledge. According to Gruber [26], ontology is defined as
an explicit formal specification of terms of a domain and
relations among them; they provide an abstract view of an
application domain. Ontologies form the core of the Semantic
Web play an important role to facilitate semantic integration
of heterogeneous data. Ontologies have been intensively used
in many domains such as semantic web, heterogeneous
systems integration [27] [28] and recently [29] in RS.

Ontology based RS incorporate semantic knowledge and
semantic information related to both user and item profiles;
they achieve this by using ontologies in order to improve
recommendation’s quality [12] [30]. They also use ontologies
to gather user data profiles available in heterogeneous
sources, such social applications. [13] [33] [25] [31].

Since the accuracy of the recommendation is relative to the
information available on the user profile and the items
described characteristics, the use of the semantic approach
[19]enhance the quality of the RS. Especially the use of
ontologies makes it possible to keep as much information as
possible from multiple and heterogeneous sources [32].

Many ontologies have recently been developed to represent
and reason about tourism domain knowledge [13].
MONDECA is an example of ontology built on tourism
concepts given by World Tourism Organization. MONDECA,
the concepts given are object profiling, tourism packages,
multimedia content related to tourism and description of
archeological objects along with other concepts.

2.2.4 Discussion:

Non-classical approaches  would give  adequate
recommendations in which the current context and a good
knowledge of the tourist and item profiles are available.

For example, a TRS using Non-classical approaches could
avoid suggesting at 11:30 am the menu of a restaurant, located
just near the hotel where the tourist stays, while the tourist has
chosen all-inclusive formula. However, such recommendation
will be appropriate if the tourist is far from his hotel.

Another example is the tourist who stays in a cheap hotel, a
TRS based on Non-classical approaches could avoid
suggesting him items from a high street store.

Non-classical approaches will undoubtedly improve TRS
quality; however, the challenge is to define methods and
techniques of selecting relevant information collected in real
time and react immediately to the speedy variations of the
context of the tourist. In other words, high quality TRS needs
developing a specific data model for both tourist items and
tourist profile, before choosing a recommendation strategy.
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The next section is devoted to the issue of data models for
TRS.

3. DATA MODELS FOR TRS

Since RS are information-processing tools, the data available
on both items and users are primordial to build efficient
recommendation systems. Data is mainly about items to
suggest and system users in order to construct solid profiles
for users and items.

Explicit data
. User
ava
User /
I i
Item
—— proﬁle

Data about
items

Figl.profiling of users and items in RS

3.1 User’s data

RS exploit a big amount of data about users collected from
numerous sources in order to create and maintain their
profiles; this is a key element to build a relevant
recommendation. The user profile store any potentially useful
data on a user for Recommendation process [32]. Among the
numerous user’s data, the user profile may contain
demographic characteristics, personal preferences and
interests [33]. The quality of the data collected play
undoubtedly a starring role in the quality of recommendation.
The profile of a user is generally composed of two main parts,
one is domain independent and the other depends on the
domain [13]. The first part contains usually the demographic
characteristics of the user age, gender, status, etc., which can
help the system build a generic recommendation. but, to reach
a successful personalized recommendation the second part of
the profile take an in-depth look in the whereabouts of the
user according to the specified domain of the recommendation
(in this case tourism: his location, the destinations, itinerary,
travel budget etc.). Recommender systems implement a three-
step process to build the user profile and keep it updated; the
three steps are:

e Data collection:

It exists two types of data collected and stored in the user
profile, explicit and implicit Data. Explicit data are
Information that the user explicitly entered via forms to the
RS, for example, the user name, its gender, profession,
birthdate or by explicit feedback such as ratings [34]. Explicit
data are also available in many different sources such as social
media, tourism operators’ databases, mailing boxes etc. These
data has to be processed and cleaned before incorporating
them in the user profile. Implicit data is determined by
analysing user behaviour and the actions he performs during
his interaction with the RS, the implicit feedback are
examples of implicit data that must be incorporated in the user
profile.

e User Profile Construction

This step incorporates all the data extracted from the feedback
and structure it according to the profile representation to
shape the initial profile [35].
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e  User profile update

In order to keep the recommender accuracy, the changes of
the user’s interests and preferences as time goes on must be
taken onto account to add new interests and forget the old
ones[13] [32][35].

The knowledge about user’s preferences and interests is the
stepping-stone to create any type of recommender system, but
the user for TRS are tourists who express complex and multi-
layered need and interests [36], and hope for efficiency and
diversity. In this light defining, a specific model for users of
TRS which contain irrelevant data to tourism such user
context [37] (his location, time, weather etc.) or the user travel
history is a necessity.

3.2 Item’s data

“Items are the objects that are recommended. Items may be
characterized by their complexity and their value or utility”
[38], the items recommended to the users are represented by a
set of features, also called attributes or properties [39].

Travel items are especially known to be of high level of
complexity since they englobe both products and services. In
fact, the large span and the variety of touristic items challenge
the developers of TRS: from lodging (hotels perspectives), to
food and beverage sector, to tourism attractions (sightseeing,
shopping, entertainment, gaming, culture and recreation) all
those heterogeneous items must be modeled, and represented
in the TRS’s databases. Furthermore, travel and tourism items
are intangible, such as flight experiences, a visit to a museum
and much more, which render the representation of items
more challenging. A RS ultimate goal is to offer pertinent
suggestions to users, and in order to attain this objective
item’s data collection and representation is an essential
matter, and to provide more success rate the use of semantic
representation and ontologies is preferred.

3.3 Discussion

Efficiency and quality of TRS depend highly of the quality of
the user model adapted to the system. Choosing model
increase the accuracy of the recommendation list generated
and airing the real need of the users.

Tourism domain faces the same challenges as well as other
domains in this field of researches, such as the adequacy of
data and the noise within that data. However, tourism has also
his own specific challenges: the context. The context (time,
weather, geolocation, past history of visits...) plays a big role
in determining the importance of an item and the ranking of
this item in the recommendation list.

For instance, TRS should not suggest to a user of the system
to visit a museum before its opening hours or after its closing
hours. In addition, a qualified TRS cannot offer to a tourist to
visit a club while he is in a visit for a conference, or advice
him to visit a site or landscape he has already visited in a
previous vacation.

Therefore, researchers need to construct a data model that
incorporates these features and englobes the maximum factors
that affect the preferences and the interests of the users.
Consequently, a user model and item model for TRS must
represent the characteristics of tourism domain by
incorporating the context of the tourist and tourism objects.

4. CONCLUSION

The explosive growth and variety of information available on
the Web and the rapid introduction of new e-business services
(buying products, product comparison, auction, etc.)
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frequently overwhelmed users, leading them to make poor
decisions. And In the face of the information overload and the
fastidious task of preparing a trip, recommender systems bring
more easiness in accessing information about travel
destinations and tourist attraction. To achieve such results,
multiples types of recommendation methods are used to offer
the best suggestion of a trip tailored to the user’s preferences
and interests.

In this paper, some of the approaches used to produce tourism
recommender systems were overviewed. Firstly the classical
approaches used generally in recommender system, mainly
divided in two categories: content-based filtering methods and
collaborative  filtering methods. Secondly, the new
approaches, which integrate, personalized recommendation,
the context and the semantic knowledge about the users and
items. In addition, the steps to build a user profile within a
recommender system to identify the items matching their
preferences were presented.

Planning a trip is a complex decision process taking in
account all the variables on tourism items and users,
recommendation approaches need more involvement and
more use of all the features of the items for example the
opening and closing times of the attractions, or the time
needed to go from one point of interest to another. More
importantly, the user’s characteristics his experiences, his
behavior and his interactions on social media are to be taken
in each steps of recommendation building. Therefore, to
catch user needs and generate a satisfying recommendation
especially in tourism domain is a hard work, and for better
results will be more interested in data models in future work
in order to have a better understanding of the tourism and
travel items.

In the future works, the focus will be in determining a
classification of tourism and travel items using their features,
and to create a model user that can help catch all the user
characteristics and interests using ontologies and semantic
technologies.
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