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Abstract. Recommender Systems have become a significant area in the
context of web personalization, given the large amount of available data.
Ontologies can be widely taken advantage of in recommender systems,
since they provide a means of classifying and discovering of new informa-
tion about the items to recommend, about user profiles and even about
their context. We have developed a semantically enhanced recommender
system based on this kind of ontologies. In this paper we present a de-
scription of the proposed system.
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1 Introduction

Recommender Systems aim to filter potentially useful items from a vast amount
of data. We propose a family of Semantic Recommender Systems that, by means
of domain ontologies describing both the users and the items, will enhance tra-
ditional approaches. Ontological reasoning allows the discovery of semantic fea-
tures that play a very important role in the recommendation process, since they
are the basic principles underlying the users’ choices. Moreover, the use of on-
tologies will help us to address some of the typical problems of recommender
systems.

2 Semantic Recommender Systems

Traditional Collaborative Filtering algorithms proceed by calculating similarities
between users or between items [1]. These similarities are based on the ratings
the users have given to the items. In the first case (user based), a user will
receive recommendations made up of the items that similar users liked best. In
the second case (item based), the recommended items will be those that are
similar to the ones that the user loved in the past. This latter approach is known
to be more efficient, since the similarities can be calculated offline [2]. This type
of recommender system has several problems, like the new user problem, the new
item problem and the gray sheep problem [1]. The new user or item problem
arise when a new user or item is stored in the system. A new user will not
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have made any previous evaluations about the items, so it will be difficult to
compute his/her similarities with respect to other users; and a new item which
has no ratings will have the same problem. The gray sheep problem arises when
nobody likes an item, so it will not be recommended, though it is possible that
some users may like it. If semantic features are taken into account, then the
similarities could be computed according to them. Indeed, the semantic features
are the underlying reasons for the items or users to be similar or not. Moreover,
the problems that arise when we compute the similarities in a collaborative way,
now disappear.

On the other hand, Content Based Recommender Systems make recommen-
dations considering the items’ and users’ semantic features[1]. The items rec-
ommended to a given user will be those whose features match a computed user
profile. These recommender systems are a perfect area in which to include on-
tologies, since they are based on the semantics.

Our approach for developing a new family of recommender systems is based on
domain ontologies containing the semantic attributes both for items and users.
We use OWL ontologies and a reasoner able to classify the described resources.

2.1 Related Work

Middleton, De Roure and Shadbolt have developed a recommender system based
on an ontology which constitutes an is-a hierarchy of paper topics, in order to
infer more accurate user profiles according to the categories within the taxonomy
[3]. Mobasher, Jin and Zhou have taken advantage of an item ontology, which
is part of the schema for a relational database, in order to compute similarity
correlations between items [2]. Wang and Kong also use an ontology to calculate
the correlations between items, and they use a very similar algorithm to the
one we present in this paper; but they do not use the ontology to infer the
semantic features, since they explicitly specify them [4]. In [5] and [6], the authors
also propose the use of semantic descriptions of items and user profiles. In [7],
the authors demonstrate that taking into account the underlying semantics in
recommender systems leads to better results. We propose the use of semantically
rich ontologies (and not only hierarchies) in order to automatically infer implicit
information of the items to recommend and the users looking for items, so we can
take advantage of it and make more accurate recommendations. Our ontologies
have been made manually, gathering information from the tourism domain.

2.2 Domain Ontologies

We have developed two main ontologies. The first one, called the Item Ontol-
ogy, describes the items according to several criteria depending on the specific
domain. The second one is the User Ontology, which classifies the users accord-
ing to personal data provided such as gender, age or occupation. This ontology
will infer new users’ preferences with respect to their personal data. In our case
(tourist services), the preferences will be related to different areas such as price,
situation or quality.
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The Item Ontology: An Example. We have developed an ontology in the
tourism domain, classifying the items in categories such Inexpensive Service,
High Quality Service, and many other more traditional ones such as Restaura-
tion Service or Accommodation Service. The hierarchy does not end at this first
level, but it still continues refining other aspects of each category. E.g., inside
’Accommodation Service’ we can find classes like Charming Accommodation Ser-
vice. Each point of interest described in the ontology will be member of a set of
categories, which will mould the semantic profile of the item.

Let us consider a point of interest described in the Item Ontology. Initially,
the item only belongs to the class Tourist Service, but two basic features have
been asserted: the item has an average price of 20 euros for the set menu and its
speciality is the lobster. The ontology will infer that this point of interest belongs
to several categories: Restauration Service, Expensive Service and Savoury Food
Service. These categories mould the semantic profile of the item.

The User Ontology: An Example. The User Ontology is designed depending
on the item domain. Nevertheless, the user ontologies for different item domains
will have several features in common, i.e., personal data properties: gender, age,
interests, etc. The diference between the ontologies will reside in the preferences
inferred. The User Ontology will import the terms defined in the Item Ontology,
since the user and the item profiles must be calculated with respect to exactly
the same domain. In our tourist example, we have defined some classes describing
users and their respective preference assumptions. For example, the users in the
Young User category, will prefer Young-oriented tourist services.

2.3 Semantic Filtering Recommendation

In Collaborative Filtering Systems, the recommendation process is based on sim-
ilarity calculation between users or items. The first approaches were implemented
with user-user similarity, computed by correlations [1] over the rating vectors.
The principal shortcoming of this philosophy is the fact that these vectors are
not static: they change continuously and the similarities cannot be computed
offline. The recommendation process is neither efficient nor scalable, since the
complexity is exponential with respect to the number of users. On the other
hand, approaches based on item-item similarities [8,9] have turned out to be
more efficient and scalable. The similarities of items are naturally more static
than similarities between users, so their computation can be done offline [2]. A
great advantage is the fact that now we can take other sources of information
into account, different from the rating vectors, i.e., models for the items that
include their semantic features.

Recommendation Process. Let us imagine there is a user in the system who
has rated several items. Some of the ratings will be positive and others will be
negative. If we take into account the positive ones, we can gather a set of well-
rated items from which to calculate neighborhoods. Given a well-rated item, its
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neighborhood is the set of the n most similar items in the system. The similarity
between two items is calculated as follows:

simi,j =
|SIP (i)

⋂
SIP (j)|

max(|SIP (i)| , |SIP (j)|)
Where SIP(i) is the Semantic Item Profile of the item i, calculated by means
of the Item Ontology -i.e, it is the set of semantic categories the item i belongs
to. Note that similarities range from 0 to 1. Once we have computed all the
neighborhoods of the well-rated items, we recommend those items in the union
of all the neighborhoods that satisfy the next two conditions: the item has not
been used by the selected user and the Recommendation Factor is bigger than
a certain number, called Recommendation Threshold, which is a measure of how
good the recommendation will be for an user. It is calculated as follows:

RF (i) = r(father) ∗ simi,father

Where father is the item from which the neighborhood was calculated. If an item
belongs to more than one neighborhood, then we take into account the biggest
factor of all the possible recommendations. The Recommendation Threshold that
we use to filter the items depends on the ratings domain. If the maximum rating
is, e.g., 5 points, then we can consider a threshold of 3. This implies that the
similaritiy of the recommended item with respect to its father must be bigger
than 3/5 in order to be recommended. If the father has a rating of 4 points
(out of 5), then the similarity must obviously be greater than 4/5: if the father
has a lower rating, then the similarity has to be stronger in order to make the
item a good recommendation. Nevertheless, this number may be parametrized
depending on the number of recommendations we want to compute. Even if
we do not consider any threshold, the items can be ordered according to the
Recommendation Factor and we can take the first n items of this list.

Using this method we avoid the new item problem, since we do not need the
ratings of the recommended items; as well as the gray sheep problem, because
we focus on all the posible items in the system, computing their similarities.
Nevertheless, the new user problem still remains: if the user has not given any
rating, then the neighborhoods cannot be calculated.

2.4 Content Based Semantic Recommendation

Another family of Recommendation Systems are Content Based approaches.
They share in common a means for describing both the items and the users,
and a technique for comparing the items to the user profile [1]. Obviously, our
means for describing both the items and the users will be the domain ontologies
described in previous sections.

The user profile is a combination of two sources of information: the User
Ontology and the record of ratings the user has given to the used items. Through
the User Ontology we can extract a semantic profile in a similar way to how we
computed the Semantic Item Profile. So this profile is a set of categories the
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user belongs to, given his/her personal data such age, occupation, interest, etc.
But we have another very powerful source of information: the ratings the user
has given to the items he or she has used. We can aggregate the item profiles of
the well-rated items, so we can mould a map of semantic categories, each one
of them accompanied by a number indicating its importance. This importance
will grow if the category refers to more than one well-rated item, and it will
also rise if the well-rated items have better ratings. If we mix this map with the
semantic profile extracted from the User Ontology, we can consider the result as
an accurate Semantic User Profile (SUP) of the selected user.

The recommendation process. Now we have computed the SUP, we can
recommend items to the user. The items will be recommended if they fulfill
both following conditions: the item has not been used by the selected user and
the Semantic Correspondence between the SIP (Semantic Item Profile) and the
SUP is bigger than a certain number, called Recommendation Threshold. The
Semantic Correspondence (SC ) is calculated as a ponderate product of the SIP
and the SUP. The pseudocode is as follows:

SC := 0
for (profileElement in SIP){
if (profileElement belongs to SUP){
SC := SC + importance(profileElement, SUP)

}
}

The Recommendation Threshold is a number that depends on the importance
factors that we gave to the different elements of the Semantic User Profile,
and also depends on the average numbers of profile elements in the Semantic
Item Profiles. If in these profiles there is an average number of I elements, and
the importance factors move from 0 to 100, then (I/2)*75 (half the features
with a good importance) could be a good threshold in order to recommend an
item or not. Nevertheless, this number may be parametrized. Even if we do
not consider any threshold, the items can be ordered according to the Semantic
Correspondence.

Using this method we avoid the new user problem, since we can obtain a
simple user profile from his or her personal data. Nevertheless, the more items
the user rates, the more accurate the computed profile is. With respect to the
new item and gray sheep problems, both are addressed since we focus on all
the items of the system, computing their Semantic Correspondence with the
Semantic User Profile.

3 Conclusions and Future Work

Semantics and ontologies are a powerful tool for improving the performance of
recommender systems, since they allow us to avoid some of the typical problems
normally involved in this kind of process. Moreover, when we talk about similar-
ities or correspondence between items or item-user, we are really referring to the
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semantics beneath the users and the items. We have developed two Semantically
Enhanced Recommender Systems based on two different ontologies: the Item
Ontology and the User Ontology, in order to discover user and item profiles.

A Context Ontology could be included in this kind of recommender systems,
since contextual information is very powerful in some situations in order to
filter the available items. Moreover, an evaluation of these semantic enhanced
algorithms with respect to traditional approaches needs to be done, in terms of
precision and recall and some other semantic-specific criteria.
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