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ABSTRACT: Collaborative filtering systems have some limitations such as cold-start problems for a new user, a new
resource or both. In this paper, we show that using semantic information describing users and resources can reduce the
problems and lead to a better precision, coverage and quality for the recommendation engine. Semantic web is the
infrastructure used for managing such semantic descriptions. We have evaluated several strategies of filtering hybridization:
weighting, adaptive change or switching and feature combination.
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1. Introduction

Collaborative filtering is the technique that aims at predicting user’s interest in a certain resource. In opposition to search
engines where access to information is active, collaborative filtering engines offer a passive way to access information.
These systems have also other advantages, like the ability to recommend any kind of resource (images, videos, etc.) to the
user, the ability to express other factors related to the quality or the concerned audience, etc.

However, collaborative filtering suffers from a set of problems. The first one is the low number of ratings in the matrix. We
have less than 5% of explicit ratings for systems such as MovieLens and Netflix. This problem becomes more important in the
case of a new user or a new resource for which there is no evaluation and, even worst, in the start of the system where there
is no available information. We also need to care about the complexity of the system; techniques should be adapted to run
on thousands of users and resources with an acceptable performance level.

Actually, the adoption of collaborative filtering systems is really important but the challenge is to improve the techniques and
algorithms to make the systems more accurate, interactive, adapted to the contexts and efficient. This improvement may be
reached by finding solutions to the issues and problems related to these kinds of systems and by proposing new approaches
to improve the functionality.

Several techniques have been explored to reduce the problems related to collaborative filtering. Some are statistical
(classification, reducing the size, etc.) they can alleviate the impact of the low number of evaluations and improve performance.
Others aim at solving the problems of cold start, new entity and the number of evaluations by introducing the semantic
aspect in the process of prediction using different means, and integrating the two types of approaches in hybrid algorithms.

In this paper we look at the possibility to introduce the semantic aspect using the infrastructure of semantic web. This may
lead to many benefits: sharing data, responding to proven standards, usability by machines.
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We show that the inclusion of semantic information, according to our approach improved accuracy and coverage of the
recommendation algorithm. For that, we have evaluated our semantic approach on the MovieLens1 dataset enriched by
information extracted from the IMDB2.

We also present our Framework SimSem that calculates similarities between semantic resources by simple configuration and
composition of the measures outlined in state of the art techniques for calculating similarities. We show in our experiments
that it is easier and more accurate to use a Framework; we had better results with the Framework and semantic data than with
classical relational data.

2. Semantic Web

Technologically, our approach is based on the semantic web and all related technologies. This choice is mainly justified by
the need to represent an area of knowledge in order to calculate the semantic similarities between resources and between
users. In addition, the semantic technologies are standards defined by the w3c and therefore give the possibility to import
semantic information from different sources.

The vision of the semantic web can be perceived from different points of view, depending on the interaction with the
infrastructure [14]: make data understandable by machines, can use intelligent agents, shared database and automated
infrastructure, structured annotations, improves search, semantic web services, etc.

The Semantic Web is based on Web technologies: the definition of resources by URI, definition of metadata, compliance with
standards (URI, Unicode and XML, etc.). Above these bricks come the bricks of semantic web, namely RDF, RDFS and OWL
(definition of ontologies), SparQL (access to data), RIF, RuleML, SWRL (rules language), etc.

Ontologies provide the basis of semantic web semantics, any semantic application will be based on one or a set of ontologies.
Using existing ontologies or creating new ones remains a choice that must be studied in depth. On one hand, the construction
of ontology is a complex and costly task. On the other hand, the reuse of an existing ontology can be risky if it is not approved
by the community (no tools, no version management, etc.).

Some ontologies are widely adopted such as Dublin Core (resource description), SKOS (thesauri and controlled vocabulary),
FOAF (Friend of a Friend, profiles and relationship between users), vCard (visit cards), DOAP, RSS, PICS, GEO, WordNet,
etc.

3. Semantic Similarity

Most approaches in collaborative filtering focus on the user. The system seeks for a similar set of users and generates the
recommendation from the evaluation of this community.

A second type of approach, first used by the Amazon website and the researches in [5] and [13] orients the system on the
resource.

In systems where the number of users is more important than the number of resources, it is preferable to base the system on
the resource to improve the quality of prediction. The experiments of [5] and [13] have shown that this type of approaches
could improve the performance by 28 times and quality by 27%.

The researches of [15] show that the combination of two similarities: user similarities and resource similarities can improve the
accuracy of prediction, limiting the effect of sparse matrixes.

To integrate the semantic aspect in a recommendation system, we should be able to calculate distances (similarities) between
ontology entities (users, resources, etc.) to constitute a neighborhood or a community (cluster).

1 http://movielens.umn.edu/
2 http://www.imdb.com/
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Several methods for calculating semantic similarity have been described in the literature. In the researches of [10] we can find
4 categories: Edge Counting between two terms; Information Content based approaches; Features-Based methods; Hybrid
methods. These methods focus on hierarchical ontology structures, where the relationship “is a” is central.

The more intuitive distance is the distance proposed by Rada [11]. The distance between two concepts is represented by the
smallest distance between the elements and the most recent parent. Notice that the distance is not normalized, it can go from
0 to infinity.
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 and  are, respectively, the distance between the concepts  et  and the first common parent.  is the distance
between the first common parent and the root of the ontology.

Other formulas exist such as Leacock & Chodorow Formula [6].

The problem of distance calculation in ontology contexts is that it depends on the subjective nature of the ontology
construction. To address this problem, researchers in the field of natural language processing propose to measure the
similarity between two concepts (in their case terms) in the ontology (in their case Wordnet [9]) in terms of entropy measure
(Information Theoric Entropy measures [8][12]). Lin (Lin 98) argues that a class (term) is defined by its use.

In addition to these types of measures, we can add vector similarity measures. In fact, a resource is often characterized by a
concept vector: a user with a set of preferences and a resource with a set of categories. A text is represented by a significant
set of terms. Cosine, Jaccard, Overlap, Dice, Euclidian, are examples of such similarity measures.

There are also string similarity measures, as some textual descriptions are unstructured; indexing full-text allows deducting
the similarity.

The distance between sequences / Strings is calculated with Levenshtein distance [7] which corresponds to the number of
changes needed to transform a sequence / String into another one. Other distances can be used in the case of Strings as the
distance of Jaro and Jaro Winkler.

For textual descriptions, we can use the TF-IDF text similarity algorithm [2]. The descriptions are indexed using an indexing
engine. Words are reduced to their stems (root) using a Stemmer. The frequency of occurrence of a term in a document is
compared to the frequency of occurrence in a corpus. The frequencies are then used to construct a weighted term vector
describing the document. The similarity is then deducted by calculating the vector similarity between the two term vectors.

Figure 1. Edge Counting methods

A first possibility for the similarity representation is
mentioned by Resnik [12]. The Resnik similarity is given
by the following formula:
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 : represents the greatest distance between the

root and the leaves of the ontology.

The main disadvantage of this approach is that the
similarities between the words at the top and bottom of
the hierarchy are equal. The conceptual similarity,
described by Wu & Palmer [16] introduces the concept
of position in the hierarchy. It is calculated using the
following formula:
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In the properties-based method described in [14], the resources for which similarity is calculated are describe as having a set
of characteristics (properties), the similarity calculation is based on this properties vector.

The “Weighted Tree Similarity” method [3] defines the similarity between two terms as the weighted sum of similarities
between the values of properties; each property has a well-defined weight (in a recursive manner). Weights can be defined
and changed depending on the use case.

4. Proposal

We propose a hybrid filtering approach based on the composition of a collaborative algorithm and a semantic algorithm. We
propose 3 types of hybridization: weighting, adaptive change or switching, and feature combination. The weighting is
designed to perform both types of algorithms and combine the results. The switching selects the algorithm that may give the
best results. The feature combination improves quality by combining entities in the neighborhood from different sources:
collaborative and semantic. In the 3rd strategy, hybridization is not made at the prediction time, but at the neighborhood
definition time.

For the collaborative recommendation algorithm we used Pearson distance to infer the collaborative neighborhood.

For the semantic recommendation algorithm we considered calculation of similarity on the ontology We explored the possibility
of using a graph of distance where the nodes represent the users or the resources and the edges the distance (with several
parameters: collaborative similarity, semantic similarity, number of common evaluations, social distance, etc.) between two
users or two resources. The graph will be a reference point for calculating the similarities.

Figure 2. Collaborative and semantic distances

The diagram above shows that the semantic links between entities complement collaborative associations to allow for a more
complete graph. It is noteworthy that the correlation used in the case of collaborative distances is the Pearson correlation.
The correlation is applied to the normalized matrix [-1, 1] to mitigate the effects associated with users with high or low
evaluation entropy.

The semantic description of users and resources can be achieved in several ways, in a relational database, or in a semantic
web model (figure 3).

Figure 3. Semantic description (ontology)
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In order to evaluate our approach, we used the semantic data available in the MovieLens dataset. We realized the domain
ontology with the ontology publishing software Protégé3. The ontology is composed of several classes related to the
description of users and movies (figure 3).

The distances are calculated by SQL in the first case, and by semantic queries and semantic similarity methods in the second
case. We compare the two approaches in our analysis of the semantics algorithm.

In order to calculate the semantic similarities between users or between resources, we designed a Framework named SemSim
whose aim is the  implementation of measures similarities defined in section 3.

The main idea of the Framework is the composition of several similarity measures to define the similarity between 2 entities.
For example, for the definition of the similarity between two users it is possible to compose the similarity between several
weighted attributes: age, language, region, preferences, etc.

Figure 4. Users’ similarity based on the composition of property similarities

Figure 4. Classes of Domain ontology

Our goal is to build the similarity measure with the composition of a set of measures implemented in advance. These
similarities may be of 3 types corresponding to the 3 types of semantic data:

3 http://protege.stanford.edu
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• Value (V) (scalar values);

• Resources (R) (semantic resources, URI);

• Set (S) (sets).

The Framework could be used on any semantic repository by simply writing a configuration file, which contains the definition
and composition of similarity measures.

This configuration file contains, for our example, the information described in the diagram below that  show the definition of
similarity measures and their composition.

Figure 5. Composition of semantic similarities

A number of measures have been implemented in SemSim, including:
• Composed Similarity: weighting the similarity of several properties;
• Property Similarity: based on the similarity between a property of two resources;
• Identity: equality (identity) of two resources;
• Jaccard: for binary vectors;
• Numerical values and dates intervals;
• String similarity: Jaro Winkler and WordNet;
• Edge Counting: Wu & Palmer;
• Definition of similarity matrixes

(Explicit definition of similarities);
• Extension with domain specific similarities

(Similarity between ZIP codes)

Figure 6. Example
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We adopt the user and resource similarity fusion approach described in [15]. Given the user and the resource, we select a
neighborhood for the user and a neighborhood for the resource and calculate a weighted rating based on all the ratings in the
sub-matrix, as shown in the example below.

We calculate the prediction of evaluation of the user ‘U’ for the resource ‘R’. For that we define a neighborhood, each entity
of the neighborhood has a weight.

5. Evaluation

To evaluate the various assumptions contained in this research, we used the MovieLens dataset. The dataset contains
100,000 ratings made by 943 users on 1,682 movies between September 1997 and April 1998.

Relying on the semantic data available in the MovieLens dataset and the information extracted from the IMDB, we realized
the domain ontology with the ontology publishing software Protégé4. The ontology is composed of several classes related
to the description of a user and a movie.

In our evaluation we have used three metrics [4]: MAE (Mean Absolute Error) which corresponds to the average absolute error
between the actual rating and the predicted one, RMSE (Root Mean Squared Error) and coverage (the percentage with which the
system can produce predictions compared to the whole set, the novelty and diversity, trust, feedback from the user, etc.).

For the collaborative recommendation algorithm we choose the following optimal parameters:

• minimum 2 common ratings between users

• minimum 2 common ratings between resources

• Minimal collaborative similarity = 0.1

• Minimal rating number = 10

For the semantic recommendation algorithm we choose the following optimal parameters:

• Neighborhood of 75 entities

• Minimal rating number = 30

• Minimal distance = 0

Hybridization 1 – Switching

The Switching consists in choosing one of the algorithms cited previously depending on the prediction case. We consider
all the parameters of the collaborative algorithm and the semantic algorithm and follow the steps below:

• The 1st option is to apply the collaborative algorithm if the parameters are respected else the semantic algorithm if
parameters are respected otherwise no prediction.

• In the 2nd option, the semantic algorithm is the principal, and if conditions are not met, the collaborative algorithm is used
if its conditions are met.

• The 3rd option is to choose if both algorithms are applicable, whoever has the best properties / likely to result in a better
prediction (the largest number of evaluations in the chosen neighborhood, for example)

4 http://protege.stanford.edu/
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We expected to have better results, in the experiments, by choosing such a change “Collaborative -> Semantic”; actually, it
is not the case because on the set of evaluation ratings some of the predictions are deductable by both algorithms. This
means that if collaborative is chosen automatically, better results that may come from the semantic algorithm may be lost.

The “Best properties / chances” algorithm gives better results as it bases on a prediction function (the number of evaluations
in the chosen neighborhood sub-matrix) to choose the algorithm that may likely give the best result.

Figure 7. Switching (algorithm usage distribution)

                  Rating number

Algorithm          MAE Cov.          Col. Sem.

Collaborative             0,79              29,90     26723

Semantic           0,80              79,58                   71859

Col. -> Sem.                0,81              82.57 26723     47184

Sem. -> Col.           0,80              82.57 2734 71859

Best
propriety/chance      0,80               82.57        14335     60076

Table 1. Performances of hybridization algorithm “Switching”

The distribution of the algorithms usage (in the case or both are applicable) is more balanced in the algorithm “Best Properties
/ chances”.

Hybridization 2 – Weighting

The hybridization by weighting is done by the weighting of predictions from both algorithms: collaborative and semantic
(when they can be calculated).

The simplest weighting, i.e. weight = 1 for the collaborative prediction and weight = 1 for the semantic prediction, gives the
best result 0.8054.
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Figure 8. Weighting (MAE)

Increasing the weight of one of the algorithms does not give a better outcome, but rather less accuracy.

Several functions can be used to define the weight of the algorithm. For example, the quality of the neighborhood (average
number of common ratings between users), the number of ratings in the selected neighborhood sub-matrix, etc. The number
of ratings in the selected neighborhood sub-matrix “gives the best result with a MAE of 0.8055.

Hybridization 3 – Feature Combination

We evaluate the quality of the neighborhood combination algorithm. The neighborhood of the user / resource is derived from
a combination of several neighborhoods: collaborative, semantics, social, and so on.

To be able to combine collaborative and semantic neighborhoods, it is necessary to analyze the values of the similarities,
mainly because the scales are different. We take the simplest formula:

Algorithm MAE Cov.
Collaborative 0,7964 29,90 %
Semantic 0,8077 79,58 %
Weight collaborative=1,
Weight semantic=1 0.8054 82.57 %
Weight collaborative =1,
Weight semantic =3 0,8061 82.57 %
Weight collaborative =1,
Weight semantic=5 0,8068 82.57 %
Weight collaborative =3,
Weight semantic =1 0,8064 82.57 %
Weight collaborative =5,
Weight semantic =1 0,8070 82.57 %
Weight = number of ratings
 in the neighborhood 0,8055 82.57 %
Weight = quality
(not normalized) 0,8061 82.57 %
Weight=Quality
(normalized) 0,8056 82.57 %

Table 2. Performances of hybridization algorithm “Weighting”
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Figure 9. Feature combination

The optimal value for the MAE and coverage is achieved when we chose a minimum number of ratings of 35; the MAE is then
equal to 0.7991 and coverage to 87.21%.

Combining hybridization algorithms is better than switching and weighting hybridization. In fact, it is based on a more
harmonious combination of collaborative and semantic values, made early in the process, when calculating the neighborhood
and before the prediction.

6. Conclusion

From the evaluation above, we can say that semantic data brings significant improvement to the quality of recommendation
systems, improving the accuracy and expanding the coverage of new users and new resources.

After analysis of several hybridization strategies: switching, weighting and neighborhood combination. We obtained
satisfactory results with the neighborhood combination algorithm. In fact, it is possible to have an accuracy equivalent to a
collaborative algorithm with 2.7 times more coverage. This corresponds to a MAE of 0.8077 and coverage of about 80%.

The neighborhood combination algorithm gives the best results as it integrates the similarities early in the process before the
prediction, contrary to the other two types of approaches where the prediction is calculated for each technique and then the
two results are integrated.

The accuracy of the algorithm is proportional to the minimum number of ratings. The more the minimal number of ratings
constraint is high, the higher the accuracy of the algorithm is. Coverage decreases but remains acceptable.

Algorithm Min Evals MAE Cov.

Collaborative 0,7964 29,90 %

Semantic 0,8077 79,58 %

     10 0,8069 98,99 %

     20 0,8042 95,71 %

Combination      30 0,8013 90,55 %

(Formula 1)       35 0,7991 87,21 %

      40 0,7964 83,20 %

         50          0,7935 74,47 %

Table 3. Performances of hybridization algorithm “Feature combination”

Distance = (formula 1)
DCollaborative  + DSemantic

2
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The improvement of a component leads to the overall improvement. This can be done by improving the collaborative module
(clustering, Horting, etc.)[1]; the semantic module (adding information, refining the formula, clustering, etc.); or even the
formula used in the combination of both approaches.

We also contributed by writing a Framework for calculating the semantic similarities. This framework is designed for the Jena
semantic data warehouse; it can compute the similarities by combining a number of predefined measures. It could be used on
any semantic repository only by writing a configuration file, which contains the definition and composition of similarity
measures.

The first research direction may be to look at the standards and semantic web 2.0 that could improve the description of the
user: FOAF, explicit communities, Google Social Graph, APML, tagging, etc. and expand the similarity Framework to take into
account these new data.

The Framework could also be extended to be able to calculate similarity between entities of different types containing
different properties (so associations can be made between for example Hotels, Museums, rental agencies …).

All these standards are designed to allow data sharing, and allow us to consider distributed recommendation systems. The
identity of the user being unique on the web, it is possible to compose several various systems in what is called “Cross-Site
recommendation”.

In this research, we mainly dealt with the problem of accuracy of prediction, coverage of the algorithm and alleviating the
problem of cold start. This is necessary but not sufficient to say that a recommendation system is useful. Indeed, the lists of
recommendation should reflect the real needs of the user, take into consideration the nature of the resource, be recommendable
several times or not, consider the time needed before asking for a rating, allow sequence recommendations (in music for
example), Group recommendations and metadata recommendations (groups, musical genres), etc. This can be achieved
largely through semantic techniques and rules languages.

The modification rules could be used to boost or to reduce some recommendations; restrictive rules can be used to prevent
certain recommendations, and can thus be used for parental control for example.

Another interesting research direction is the visualization of similarities and recommendations. For example, on graphs where
nodes are the resources or categories of resources and the size is the actual prediction for this element; the nearer the
elements are, the most similar they are. This would allow presenting more information to the user in an intuitive and light way.
We can also consider the presentation of users or resources (museums, tourist spots, cultural events) on maps.

From the performance point of view, scaling up and taking into account the astronomical number of resources or users
remains a very critical issue. We cannot use a system that calculates one to one similarities for 200 000 users as this would
calculate 40 billion distances. Clustering techniques may help in this issue.
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