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Abstract 
In the Web 2.0 age, the interactions between people and the Web 

content s semantic transparence are very important for developing 
customized functionalities for individual users. Resources annotation is the 
key issue in enhancing the resources semantics. The social Web applications 
had discovered the efficiency of the tagging activity performed by the users 
themselves to the visited materials or/and to their personal profile, often very 
open to associate free or pre-defined tags, or even pre-defined ontology 
concepts. 

The resources annotation leads to a multitude of social Web 
applications providing users with personalized functionalities, especially 
regarding the access to their resources of interest: textual and multimedia 
documents, news, users, communities, etc. 

Before the semantic Web expansion, a tradition was also established 
for developing personalized applications, which is gaining now a new 
dimension by integrating the new semantic Web technologies. Our approach 
is enrolled in this direction of enhancing the traditional personalization 
techniques with semantic Web technologies in order to eliminate the user 
intervention requested by the social Web applications.  

Two main traditional application types address these general demands 
for personalization: Hypermedia Adaptive Systems and Recommender 
Systems.  

The Hypermedia Adaptive Systems are focused on exploring a certain 
hypermedia structure in order to help users to find the best way for their 
interests, while the Recommender Systems are focused on a network of Web 
resources, bound by explicit or virtual relations, aiming to provide users with 
customized structures of these resources.  

The recommendation techniques have gained a great importance in the 
context a big number of resources are available over a Web community site. 
The exploring activity (browsing and searching) is very time consuming, and 
users find difficult to articulate their particular needs. The personalized 
recommendations are useful since it eliminates or reduces the time for browse 
and search, and also facilitate users to recognize what is good for them. 

While some traditional recommendations techniques are well 
established, some new efforts are done to improve their performance. Among 
these, the combination of multiple traditional algorithms into a hybrid 
recommendation technique, as well as the adoption of Semantic Web 
approaches could be especially mentioned.  

This thesis discusses the existing methods and the possible new 
solutions for applying the current personalized recommendation techniques in 
the case of using domain ontologies for developing both the user and 
document model. The procedural differences are discussed, as well as the 
semantic enhancement brought by the ontology usage. The proposed hybrid 
recommendation solution combines a content-based and a collaborative 
approach. 

The thesis is structured in the following chapters. 
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The first chapter – Using Ontologies for User Modeling – discusses 
the general issues to be addressed when developing a user model: the 
individual features or the stereotypes which could be modeled, the user profile 
representations and their corresponding development methods. A special 
focus is on the overlay approach to user modeling, which represents a feature 
of an individual user as a subset of the domain model, possible expressed 
through an ontology. Based on this theoretical fundament, the thesis develops 
an ontology-based user model suitable for the e-learning communities. 

Unlike the e-commerce or on-line news sites, where the content-based 
recommendations explore especially the user navigational activity (almost 
exclusively used for developing the user model), an e-learning system could 
exploit its specific supplementary information available about users, namely 
the users competences and their long-term interests, beside their current 
goals illustrated by the navigational activity. Considering the user conceptual 
navigation into ontology instead of the site navigation, the thesis structures 
this information about users into a three-layered user profile (competencies, 
interests, fingerprints), which constitutes a complex framework for providing 
recommendations to the user. The profile is modeled on top of the IEEE PAPI 
(Public And Private Information) e-learning user model standard. 

The second chapter, Using Ontologies for Document Modeling, 
investigates how a document represented through domain ontology could be 
and what automatic indexing techniques could be applied in order to obtain 
this representation. 

Various methods for textual document modeling adopted by the 
Information Retrieval and Artificial Intelligence domains are discussed. A 
special focus is on the concept-based document modeling and its extension to 
ontology-based modeling. The thesis adopts the consecrated Latent Semantic 
Indexing technique, which represents a document through concepts rather 
than through index terms, as in term-based classical information retrieval. 
This technique is applied to three document classes: titles and subtitles, 
external hyperlinks and references, document body. The order of concepts  
importance for the current document is established, and three semantic 
relation types are generated. This semantic information is integrated into a 
document model developed on the top of the IEEE LOM (Learning Object 
Metadata) e-learning standard. Moreover, the multimedia documents are 
considered in this chapter, and the possibilities of combining the automatic 
indexing algorithms for image, audio and video objects with a rule base or a 
knowledge base are discussed, in order to obtain a similar document model. 
Thus, an ontology-based document model is established, and different 
techniques for its development in the textual and multimedia case are 
presented. 

The third chapter, Approaches to Personalization, discusses the 
general framework of the Adaptive Hypermedia Systems. The main categories 
of personalization techniques (based on rules, content, respectively 
collaborative filtering) and adaptation techniques (concerning the site 
navigation, content or presentation) are described. The paradigms for 
personalized information access are detailed, since they are the most related 
to the recommendation techniques. A special focus on the possibility of 
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integrating ontologies in the various adaptive system types is present in the 
entire chapter, in order to deeply understand the context of the thesis 
problem. 

The fourth chapter, Recommender Systems Approaches, presents 
an overview of the algorithms and techniques adopted by the content-based 
and collaborative filtering recommender systems. A part of the contribution of 
the chapter consists of discussing the suitability of the considered techniques 
to the adopted user and document models. Two main new efforts to improve 
the recommender systems performance are described: the combination of 
multiple traditional algorithms into a hybrid recommendation technique, as 
well as the adoption of Semantic Web approaches: in this view, the issues 
and techniques for integrating domain ontology into the three phases (data 
preparation, pattern discovery and recommendation) of a navigation based 
personalization system are discussed, as well as the particularities involved 
by the established user and document models. 

The fifth chapter, An Ontology-Based Hybrid Recommendation 
Technique, represents the main contribution of the thesis, based on the 
developed user and document models. The particularity of our approach 
consists in considering the user conceptual navigation into ontology instead of 
the site navigation for providing him with recommendations. In order to 
monitor the user navigation through ontology (by accessing documents 
indexed with certain concepts) and to predict his next focused concept, two 
distinct methods are used and compared: a collaborative filtering approach, 
based on the nearest neighbors algorithm, and a Markov decision process 
approach. In order to effectively recommend documents corresponding to the 
selected concept, a content-based recommendation is then accomplished, 
considering the user competences profile, and also applying the nearest 
neighbors algorithm. Alongside with the particularity of tracking the user 
conceptual navigation, our approach is different from other existing systems 
by considering the competences and interests user profile level as 
supplementary information to the current visited items (user fingerprints) in 
order to apply the recommendation techniques. Also, the visited items are 
tracked in terms of semantic metadata, having a similar nature as the user 
profile. These lead to a better recommendation accuracy, as the comparison 
to the most similar systems emphasizes. 

The sixth chapter, Proposed Architecture, begins with discussing a 
great advantage of our ontology-oriented recommender approach, which 
consists in the possibility of migrating the user and document profile from a 
system to another, and also in the platform-independence character of the 
recommendation system itself: the e-learning context is used as a reference 
framework in the thesis, but the developed methodology could be applied also 
for the general community of practice portals, where similar user and 
document models could be developed. A SOA (Service Oriented Architecture) 
solution for our approach is presented in detail, and the possibilities of 
integrating this architecture into a grid and a pervasive environment are 
discussed.   

The thesis adopts a very important subject in the context of the current 
Web applications, marked by the efforts for providing personalized services to 
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users. Instead of the “classical” semantic Web tagging approach, the thesis is 
focused on using Semantic Web technologies as an extension to data mining 
or machine learning traditional techniques for providing users with 
personalized functionalities. The main contribution concerns the idea and the 
technique of tracking the user conceptual navigation into ontology instead of 
the site navigation for providing him with recommendations. Other 
contributions regard the developed hybrid recommendation technique, the 
user and document models development based on the same ontology, as well 
as the discussions related to the suitability of each overviewed algorithm and 
personalization technique for these models. These contributions lead to a 
solution for the complex problem of integrating ontology-based semantic Web 
techniques and data mining algorithms for providing users with personalized 
recommendation in the context of e-learning systems. 

The thesis is based on many previous contributions, illustrated by the 
scientific articles (10 published at Springer, IEEE Computer Society Press, 
Inderscience Publishing House or IGI Global, other 15 had appeared in the 
international conferences proceedings, and 14 had appeared in national 
publications), and by the participation to two international projects.  
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1. Using Ontologies for User Modeling 
In order to design personalized functionalities such as 

recommendations for different user types, an adaptive system should first 
establish a user model to be developed for each user during his activity. In 
order to enrich their semantics, such models could be expressed in terms of 
ontology concepts. We will begin by defining the term of ontology, and will 
present further existing techniques for defining and developing user models, 
with emphasis on the ontology-based ones. Then, some existing approaches 
for ontology-based user competencies modeling in the context of e-learning 
applications will be presented. After this overview, we will introduce a 
proposed ontology-based user model, structured into three layers 
(competences, interests, fingerprints) and built on top of the IEEE PAPI e-
learning standard. A rule-based solution for developing the first two user 
profile layers will be presented at the final of this chapter. 

1.0 Ontology Definition and Classification 

The goal of using ontologies is to model the information at the semantic 
level. The original definition of ontology in the computer science sense was 
provided T.R. Gruber in 19921, later refined by R. Studer: An ontology is an 
explicit and formal specification of a conceptualization. [Taniar & Rahayu, 
2006] define ontology as a knowledge domain conceptualization into a 
computer processable format, which models entities, attributes, and axioms. 

An ontology is typically composed of [Antoniou & van Harmelen, 2004]: 
 A vocabulary in which the terms denote important concepts 

(classes of objects) of the domain; for example, in the university domain, 
staff members, students, courses and disciplines are some important 
concepts. 

 Relationships between concepts: typically include hierarchies of 
classes; such a hierarchy for the university domain is depicted in Figure 1. 

 Concept properties (X teaches Y). 
 Value restrictions (only faculty members can teach courses). 
 Disjointness statements (faculty and general staff are disjoint). 
 Specification of logical relationships between objects (every 

department must include at least ten faculty members). 
 

                                                
1
 http:// www-ksl.stanford.edu/kst/what-is-an-ontology.html 
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Figure 1: An example of hierarchy between ontology concepts [Antoniou & van Harmelen, 

2004, p. 11] 

In the context of the Web, ontologies provide a shared understanding 
of a domain [Antoniou & van Harmelen, 2004]. Such a shared understanding 
is necessary to overcome differences in terminology. The term e-learning 
used in one application may have the same meaning as the term Web-based 
learning used in another application. As well, the term certificate could have 
different meaning in different applications – e.g. the attestation of attendance 
for a single few months course or furthermore for an entire university degree. 
Such differences can be overcome by mapping the particular terminology to a 
shared ontology or by defining direct mappings between the ontologies. In 
either case, it is easy to see that ontologies support semantic interoperability  
[Antoniou & van Harmelen, 2004], helping people and computers to use the 
knowledge in the same way. 

The term taxonomy (topic hierarchy) is used when the ontology 
contains only “is-a” relationships, and normally the use of the word ontology is 
restricted to systems that support a rich variety of relationships between the 
concepts, including logical propositions that formally describe the relationship. 

A thesaurus (controlled vocabulary) is a domain vocabulary carefully 
crafted by a large team of domain experts over many years. Examples include 
the cancer ontology2, the Art and Architecture Thesaurus (AAT)3, or the 
Iconclass vocabulary4. 

Many ontology classifications were established; we mention below the 
ones that make distinction between ontologies according their goal and 
context [Di Bono et al., 2004]: 

                                                
2
 http://www.mindswap.org/2003/CancerOntology/ 

3
 http://www.getty.edu/research/tools/vocabulary/aat 

4
 http://www.iconclass.nl 
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 Ontologies describing Content Structure: aceMedia, 
AIM@SHAPE (digital shapes), Music Information Ontology (spatial and 
temporal information); 

 Specific Domain Ontologies, providing a conceptual modelling of 
a particular domain: Medical Image Domain Ontology, NM2 (personalized 
versions of various narratives), MEPCO (Media Presence and Campaign 
Ontology), ImageStore (BioImages Database), Formula 1 Ontology, 
Soccer Ontology. For the computer science domain, the most popular are 
three taxonomies: ACM topic hierarchy, the computer science section from 
the DMOZ taxonomy, or SWEBOK5. 

 Upper level ontologies: very generally applicable ontologies, 
which describe abstract concepts, and are generic enough to be exploited 
by a wide range of domains. The two prime examples are Cyc with 60,000 
assertions on 6,000 concepts, and the Standard Upperlevel Ontology 
(SUO). Other examples: SUMO, DOLCE, CIDOC CRM (cultural heritage 
multimedia), OpenCyc, Sowa, WordNet, ABC, etc. 

 Core Ontologies: starting point for the construction of new 
ontologies in a certain domain (for example, multimedia domain: SWeMPs, 
ZyX – multimedia modeling, Salero – for developing multimedia objects 
with context-aware behavior. 

As concrete reference for our approach we will use the ACM topic 
hierarchy, but many discussions will consider also the general case of a more 
complex domain ontology. 

1.1 Introduction to User Modeling 

Hypertext and Hypermedia constitute the first big challenge assumed 
by the Web space: to provide a mean for linking the distributed textual and 
multimedia resources. The semantic Web main challenge is to associate with 
each Web resource a semantics transparent for the computer applications to 
be exploited especially for the user or user communities benefits. 

Hypertext is defined as a set of nodes of text connected by links. Each 
node contains some amount of information (text) and a number of links to 
other nodes. Hypermedia is an extension of hypertext which makes use of 
multiple forms of media, such as text, video, audio, graphics, etc. [Lowe & Hall, 
1999]. 

Adaptive Hypermedia is a direction of research on the crossroad of 
hypertext (hypermedia) and user modeling [De Bra et al., 2000]. Adaptive 
hypermedia systems (AHS) build a user model and use it in order to adapt the 
hypertext to the user needs, providing him/her with personalized views of the 
hypermedia documents. The first techniques were borrowed from the data 
mining and machine learning domains; recently they were enhanced by 
integrating some semantic Web techniques. Thus, many current adaptive 
hypermedia systems are mostly categorized as social Web or Web 2.0 
systems. 

The user model is a representation of information about an individual 
user developed by an adaptive system in order to provide users with 

                                                
5
 http://www.acm.org/class, http://www.dmoz.org/, http://www.swebok.org 
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personalized functionalities. Such differentiate behavior for different users is 
called the system s adaptation effect and could have many forms [Brusilovsky 
& Millán, 2007]:  

 When the user navigates from one resource to another, the 
system can manipulate the links (e.g., hide, sort, annotate) to provide 
adaptive navigation support (adaptive navigation support).  

 When the user reaches a particular resource, the system can 
present the content adaptively (adaptive content presentation).  

 When the user searches for relevant information, the system 
can adaptively select and prioritize the most relevant items (personalized 
search).  

 When the user accesses some resources, the system can 
recommend related items, according to his recent activity or according the 
activity of similar users (recommender systems). 

User modeling is the process performed by an adaptive system in 
order to create and maintain an up-to-date user model. The system should 
collect data about the user in two main ways: by implicitly observing user 
interaction and/or by explicitly requesting direct input from the user. 

User modeling and adaptation are complementary one to another. The 
amount and the nature of the information represented in the user model 
depend to a large extent on the type of adaptation effect that the system has 
to deliver. 

The user modeling problem is often analyzed along three layers, by 
considering the nature and the form of information contained in the model as 
well as the methods of working with it, as [Sleeman, 1985] suggests:  

 What is being modeled (nature),  
 How this knowledge is represented (structure)  
 How many different types of models are maintained (user 

modeling approaches). 
Two most important and most elaborated user models were originally 

developed in two fields [Brusilovsky & Millán, 2007]:  
 Information retrieval and filtering systems attempt to find 

documents that are most relevant to user interests and then order them by 
perceived relevance. The adopted user model typically represents the 
user s interests in terms of keywords, concepts or more complex 
metadata.  

 Intelligent tutoring systems (ITS) attempt to select educational 
activities and deliver individual feedback according the user s level of 
knowledge. Thus, the user model represents mostly the user s knowledge 
of the subject in relation to the expert-level domain knowledge.  

Further user models exploited more individual user features, and even 
generic users characteristics structured as stereotypes. 
 

1.2. What is Being Modeled 

According to the nature of the information that is being modeled in 
adaptive Web systems, we can distinguish between:  
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 Models that represent features of the user as an individual – are 
important to all adaptive Web systems. The five most popular such 
modeled features are: the user s knowledge, interests, goals, background, 
and individual traits.  

 Models that represent the current context of the user s work – 
adopted especially by the mobile and ubiquitous adaptive systems, where 
context is essential.  

 Models that consider the user as a member of a community  
classify users into pre-defined stereotypes or groups: the user framing to a 
stereotype is determined according his activity, while the user framing to a 
group is established from the beginning. 

Often, especially in the social Web applications, the user models are 
built on a combination of individual as well as collective features. Our 
developed model adopts feature-based modeling combined with stereotype-
based user modeling. The user features are expressed through a domain 
ontology. 
 

1.2.1 User Knowledge 

 

The user's knowledge appears to be the most important user feature, 
used by all AHS types, providing adaptive navigation support, adaptive 
content presentation or personalized access. 

In our approach, user knowledge is identified with the actual, acquired 
competences (e.g. through previous acquired certificates). Into our user 
profile, it is identified with the so-called competences level. 

Given a certain domain, different AHS express the user knowledge of 
the domain in various forms: 

a. The Scalar Model estimates the level of user domain global 
knowledge by a single value on some scale – quantitative (for example, a 
number ranging from 0 to 5) or qualitative (for example, good, average, poor, 
none).  

Such models are used for example by AHS to adapt the each page s 
whole content [Encarnação, 1997] or page fragments [Brailsford et al., 2002] 
to users with different levels of knowledge 

The shortcoming of the scalar model is its low precision. User 
knowledge can be quite different for different parts of the domain. For 
example, in the multimedia indexing domain, a user may be expert in 
manually annotating the multimedia objects with some support tools, but a 
novice in automatic indexing algorithms. A scalar model effectively averages 
the user knowledge of the domain. 

Some structural models were adopted. They divide the domain 
knowledge into certain independent fragments and represent user knowledge 
of different fragments independently: 

b. The Overlay Model represents an individual user's knowledge as a 
subset of the domain model, which reflects the expert-level knowledge of the 
subject. The user knowledge of each domain fragment could be expressed 
through a Boolean value, yes or no, indicating whether the user knows or 
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does not know this fragment [VanLehn, 1988], through a Qualitative measure 
(good-average-poor), or a quantitative measure, such as the 
probability/measure that the user knows the fragment.   

Two main types of domain knowledge (with their corresponding 
fragments) are considered to develop overlay models:  

 Conceptual knowledge (facts and their relationships) is adopted 
by AHS which focus on guiding the user to the most appropriate content. 

 Procedural knowledge (problem-solving skills), most frequently 
represented as a set of problem solving rules, is adopted by the tutoring 
systems which focus on helping users solve educational problems.  

The domain model itself could be represented in two forms: as a simple 
vector model (formed by a set of independent, unrelated, concepts), or as a 
connected model, in which the concepts are connected to each other thus 
allowing some inter-concept interference. In such models, the concepts can 
be connected hierarchically (for example, as a tree of educational objectives), 
or the concepts can be connected by different types of relationships, thus 
forming an arbitrarily complex network. Named network domain model, this 
type of model was inspired by research on semantic networks, and was 
adopted in many forms: 

 The usage of one or more types of relations between concepts 
aiming to improve the precision of user modeling: prerequisite relations 
(one of the related concepts must be learned before another), classical 
semantic relations such as "is-a" and "part-of" [Brusilovsky & Cooper, 
2002] 

 Recent researches attempt to use more formalized and more 
elaborated forms of network domain models inspired by the Semantic 
Web. The core idea here is to use formal domain ontologies [Dolog & 
Schäfer, 2005], [Kay & Lum, 2004], [Stojanovic et al., 2001] or domain 
ontologies expressed through topic maps6 [Dichev et al., 2004] in place of 
informal network domain models as a basis for overlay knowledge 
modeling. More information about the application of Semantic Web 
approaches in adaptive Web systems can be found in [Dolog & Nejdl, 
2007].  

As could be noticed, the ontology-based modeling is based on the 
overlay model, which could also be used for the development of the other user 
features (e.g. interests, goals), as we will describe below. 

c. The Bug Model is an expansion of the overlay model which 
represents both correct knowledge and misconceptions (known as buggy 
knowledge or “bugs”).  

d. The Genetic Model attempts to reflect the development of user 
knowledge from the simple to the complex and from the specific to the 
general. These models were rarely adopted, especially in the fields of 
cognitive modeling and intelligent tutoring systems [VanLehn, 1988]. 

                                                
6
  Topic maps constitute a simple ontology language: http://www.topicmaps.org/ 
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1.2.2 User Interests 

The user interests are always considered as a part of the user profile in 
the adaptive information retrieval and filtering systems, as well as in the Web 
recommender systems. In addition, in many new types of information-oriented 
AHS such as social Web communities7, encyclopedias8, news systems, 
electronic stores9, museum guides, information kiosks, or educational AHS the 
access to information is mostly interest-driven.  

The user interests could be represented syntactically and semantically 
similar to user knowledge because often the user intents to transform his/her 
interests into knowledge. Conceptually, domain models used for interest and 
knowledge modeling are compatible: most of the models built for knowledge 
modeling can be used for interest modeling and vice versa. 

Three groups of domain models are used for user interests tracking, 
similar to those used for user knowledge tracking: 

o Vector model: a set of unrelated concepts;  
o A taxonomy model, formed by a classification hierarchy of concepts 

that are frequently called topics, classes, or categories. Parents and 
children in this hierarchy are connected by topic-subtopic relationships.  

o An ontology model of interests (see also Section 1.1): the concepts and 
the relations between them form a graph. Most typical relations are the 
same as in a network modeling of knowledge or in a thesaurus: is-a, 
part-of, and similarity. The ontology model provides a richer 
representation of the world behind the information system and allows 
better interest tracking and propagation.   
In order to provide personalized functionalities according the user 

interests expressed as a domain subset, the AHS could process the content 
provided through two main approaches: 

 Closed corpus systems (such as adaptive information kiosks or 
museum guides) adopt the manual indexing of the content at the time of 
system creation; 

 Open corpus systems (mostly information retrieval and filtering 
systems) are able to work with an unrestricted corpus of document due to 
their ability to process documents automatically. For systems with 
expandable corpus, such as adaptive news systems, the new content has 
to be indexed by a provider at the time of its insertion into the system 
[Billsus et al., 2002].  

In our approach, user interests are constituted by the desired, 
foresighted, competencies that user intents to acquire (e.g. through the 
courses in which a student is currently enrolled). They are expressed through 
domain ontology concepts, are referred by semantic relations, and are 
managed through rules, as will be described in Section 1.5.2. 

                                                
7
 http://www.flickr.com, http://www.youtube.com 

8
 Microsoft Encarta: http://encarta.msn.com 

9
 Amazon: http://www.amazon.com 
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1.2.3 Goals 

The user's goal represents the immediate purpose for a user's work 
within an adaptive system, the answer to the question "What does the user 
actually want to achieve?". The user s goal could have different meanings in 
various systems. For example, it could be:  

 The goal of the work: adopted in application systems, especially 
in the area of adaptive interfaces and intelligent help systems; 

 A need for immediate information, explored by the information 
access systems – such as adaptive information retrieval systems and 
recommender systems; 

 A learning goal: explored by the educational systems, especially 
by the instructional planning and sequencing systems.  

The user possible goals that such a AHS could recognize are usually 
modeled as a goal catalog. This catalog could have the form of a small set of 
independent goals, or could have a hierarchical form: relatively stable higher-
level goals are progressively decomposed into sub-goals down to the lowest 
level formed by short-term goals. Most typically, an AHS assumes that the 
user has exactly one goal (or one goal at each level of the hierarchy) at any 
particular moment of work with the system. This assumption is maintained into 
the Web AHS, despite the user surfing activity: at a certain moment, his 
activity could be identified by a single goal, even it could be changed 
immediately. 

Some techniques were adopted for detecting or approximating the user 
current goal in order to develop the user model: 
1) User has to select one of the predefined goals;  
2) User could declare a new goal and the system gradually learn how to 
adapt according to this [Mathé & Chen, 1996]; 

3) The user current goal is modeled as a probabilistic overlay of the goal 
catalogue, where for each goal the system maintains the probability that this 
goal is the current goal of the user [Encarnação, 1997];  

4) Data mining technologies could be applied in order to identify the 
current user task in an expected sequence of tasks and to provide 
personalized task-level support [Jin et al., 2005].  

Our approach identifies the domain ontology with the goal catalog, and 
applies, separately, two methods from the last two categories in order to 
detect the user current goal, named as user fingerprints. 

1.2.4 User Background 

The user's background identifies the set of features related to the 
user's previous experience outside the core domain of a specific Web 
application: his/her profession, job responsibilities, work experience in related 
areas, his/her language ability (i.e., native or non-native speakers) etc.  For 
example, medical adaptive hypermedia systems can provide users with a 
different version of the content depending on their profession and 
responsibilities (student, nurse, doctor).  

Because the user s background does not change during his/her work 
within an AHS, the background is provided explicitly to the system. Generally, 
a stereotype modeling of the user s background is adopted, but also this could 
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be modeled through one or more domain ontologies (for example, a language 
competency taxonomy for expressing the background of a computer 
scientist). The problem, in this case, is to find (or to define) some relations 
between the domain concepts and the core domain concepts (for example, 
what computer science competences request mandatory language 
competences). 

1.2.5 Individual Traits 

The user s individual traits identify the user s features that together 
define a user as an individual: personality traits (e.g., introvert/extravert), 
cognitive styles (holist/serialist), cognitive factors (e.g., working memory 
capacity) and learning styles.  

Similar to user background, individual traits are stable features. Unlike 
user s background, however, individual traits are traditionally extracted not 
during a simple interview, but through specially-designed psychological tests. 

1.2.6 Context of Work 

Adaptation to the context of the user s current activity is a relatively 
new research direction within AHS, which was also expanded into the area of 
mobile adaptive systems.  

Dimensions of the context: user platform (hardware, software, and 
network bandwidth), user location (modeled through a coordinate-based or 
zone based representation), physical environment (includes spatiotemporal 
aspect and physical conditions - light, temperature, acceleration, pressure, 
etc.), personal context (user pulse, blood pressure, mood, cognitive load, 
etc.), social context, affective state or user task [Zimmermann et al., 2005].  

Context modeling is conceptually different from modeling of other user 
features discussed above. However, context modeling and user modeling are 
tightly interconnected.  

1.2.7 Feature-Based Modeling vs. Stereotype Modeling 

 

As we presented above, feature-based modeling attempt to model 
specific features of individual users such as knowledge, interests goals, etc. 
During the user s work with the system, these features may change, so the 
goal of feature-based models is to track and represent an up-to-date state for 
modeled features. 

A stereotype user modeling approach [Rich, 1978] classifies users into 
stereotypes: Users belonging to a certain class are assumed to have the 
same characteristics and are treated in the same way by the adaptation 
mechanisms. More exactly, the goal of stereotype modeling is to provide a 
mapping from a specific combination of user features to one of the 
stereotypes. After that, only the user current stereotype is used for adaptation. 
Any changes in the user s features are noted by simply re-assigning a user, if 
necessary, to a different stereotype. 

Some possible issues which should be considered when using 
stereotype user modeling are: the stereotypes might be so specialized that 



 17 

they become obsolete (since they consist of at most one user), or a user 
cannot be classified at all [Baldoni et al., 2005]. 

According to [Kay, 2000] a stereotype consists of: 
1) A set of trigger conditions, which are Boolean expressions that activate 
a stereotype; 

2) A set of retraction conditions that are responsible for deactivating an 
active stereotype; 

3) A set of stereotype inferences that serve as default assumptions once 
a user is assigned to a stereotype category. 

Some triggers may also act as essential triggers. This means that like 
any trigger they activate a stereotype, while the negation of them serves as a 
retraction condition. 

A promising direction for the future application of stereotype models is 
their use in combination with feature-based models: 

 The use of stereotypes to initialize an individual feature-based 
model [Tsiriga & Virvou, 2003]. For example, the SeAN system [Ardissono 
et al., 2001] for adaptive news presentation attempts to map - for each 
new user - the set of demographic features provided by the user (such as 
age, education, and type of job) into a set of predefined stereotypes. 
These stereotypes, in turn, are used to initialize the feature-based model 
of user knowledge and interests. In our approach, the user interests are 
extracted from a set of stereotypes to which the user belongs 
(corresponding to the courses in which he is enrolled). 

 The use of stereotype-based modeling in combination with 
group models [Jameson & Smyth, 2007]. Group models are becoming 
increasingly popular in Web personalization, especially in the context of 
the social Web.  

1.3 User Profile Development 

After defining a user model, the information about each user should be 
managed according to this model. For this purpose, the information about 
users must be collected, an internal computer representation of the model 
must be established, and the collected information should be used in order to 
develop each user personal profile, for providing him/her with personalized 
facilities. We will present further the most popular techniques for collecting 
information about users, representing, and building user profiles. 

1.3.1. Techniques of Collecting the Information about Users 

The information collected may be explicitly input by the user or 
implicitly gathered by a software agent. It may be collected on the user s client 
machine or gathered by the application server itself. 

In any case, the users should be uniquely identified and correlated with 
the gathered information. There are five basic approaches to user 
identification [Gauch et al., 2007]: software agents, logins, enhanced proxy 
servers, cookies, session identifiers. A good compromise is to use cookies for 
current sessions and provide optional logins for users who choose to register 
with a site. 

After identifying a user, information about him/her could be collected: 



 18 

 Explicitly: users could provide personal information via HTML 
forms, could provide feed-back for the received services, or their 
preferences regarding the interface could be exploited; 

 Implicitly: when no user intervention during the profile 
development is required, and also no new software to be installed on the 
user desktop. 

[Kelly & Teevan, 2003] analyses the most popular techniques used to 
collect implicit feedback, the type of information each approach is able to 
collect, and the breadth of applicability of the collected information. 

Browser cache is a technique which involves collecting the browsing 
histories (the URLs visited by the user, the dates and the times of the visits) 
by asking the user to periodically share his browser s cache to a central 
server (as in OBIWAN system [Pretschner, 1999]), or installing a proxy server 
that acts as their gateway to the Internet, thereby capturing all Internet traffic 
generated by the user  [Trajkova & Gauch, 2004]. Because of the security 
problems, this method is not very safe. 

In addition to browsing histories, browser agents could collect the 
actions performed by users on each web page (bookmarking, downloading), 
as in the Letizia [Lieberman, 1995], WebMate [Chen & Sycara, 1998], 
WebWatcher [Mladeni , 1998].  Browsing histories collecting is a client-side 
approach, which was extended from the Web to the user desktop, by using 
desktop agents to track user activity on databases, documents, e-mails such 
as Google Desktop10, Stuff I ve Seen [Dumais et al., 2003], Seruku11, 
Surfsaver12). 

For tracking user browsing activity, [Gauch et al., 2007] consider proxy 
servers as a good compromise between easily capturing information and yet 
not placing a large burden on the user. 

On the search engine sites, the user search histories are usually 
collected, including information about the queries submitted by a particular 
user and the dates and times of those queries. In addition, the user clicks on 
particular results can also be collected. 

[Teevan et al., 2005] rated the following methods (in decreasing 
importance) for obtaining relevant user profiles: 

 user profile built from the user s entire desktop index (the set of 
all information created, copied, or viewed by the user) - the most accurate; 

 user profile built from recent information only; 
 user profile based on Web pages only. 

The social Web applications try to valorize new types of information 
explicitly provided by each user and his community members: tagging13 and 
bookmarking14 activities are essential in such applications in order to provide 
users with access to the related materials of interest. Thus, users themselves 

                                                
10

 Google Desktop, http://desktop.google.com/ 
11

 Seruku Toolbar, http://www.seruku.com/index.html 
12

 SurfSaver, http://www.surfsaver.com/ 
13

 see, for example, Flickr: http://www.flickr.com, or YouTube: 

http://www.youtube.com 
14

 A notable example is Delicious: http://www.del.icio.us 
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develop the framework to access personalized information, according to their 
profile. 

Focusing on an e-learning system use case, we adopt the login method 
for identifying users, and exploit their browsing history but in terms of ontology 
navigation instead of site navigation: we track the ontology concept focused at 
each step by accessing a corresponding annotated material, as will be further 
presented. 

1.3.2 User Profile Representation and Construction 

The information collected about the users should be represented into a 
computer format respecting the established user model. There are three most 
common representations of user profiles: weighted keywords, semantic 
networks, weighted concepts. We will describe each of them below, together 
with a set of techniques for developing the corresponding user profile. 

1.3.2.1 Keyword Profiles  

The simplest representation of the user profile is through vectors of 
keywords expressing user interests or other features. Some approaches were 
adopted: 

 A single keyword vector for each user: the keywords on different 
topics (ex: sports and cooking) illustrates the main drawback of this model, 
which could create the image of a user fascinated in sportsmen who cook, 
or in people who cook for sportive parties  [Gauch et al., 2007]. 

 A keyword vector for each user interest area - represents more 
accurately the user s independent interests, such in WebMate system 
[Chen & Sycara, 1998]. 

 Three keyword vectors for each interest area, illustrating the 
respective interest on long-term, short-term through positive keywords, 
and short-term through negative keywords, such in Alipes system 
[Widyantoro et al., 1999].  

In order to develop keyword profile, at the beginning the keywords are 
automatically extracted from the information collected about the user 
(documents visited by the user during browsing, Web pages bookmarked or 
saved by the user – see the previous section). Next, some techniques for 
limiting or grouping these keywords are applied: 

 Users are asked to provide explicit feedback on the Web pages 
they view as they browse, and the document vectors are created by 
extracting keywords only from the Web pages that receive positive 
feedback. 

 The keywords are weighted with the widely used tf*idf weighting 
scheme from information retrieval [Salton & McGill, 1983]. The title and the 
heading words are specifically identified and weighted more highly. 

 For reducing the keyword vectors: Once there are more than N 
positive examples supplied, the two most similar interest vectors, as 
determined by the cosine similarity metric [Salton & McGill, 1983] (see also 
the section 2.4.3.1), are combined into a single interest vector – ex: 
WebMate [Chen & Sycara, 1998]. 
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The tagging technique adopted by the social Web applications such as 
Flickr or YouTube is a simpler and more efficient method to associate 
keywords with the visited resources, by users  free involving. Even if some 
wrong association could appear, the experience shows the method 
effectiveness in locating materials of interest. 

In order to evaluate the quality of tagging performed by a certain user, 
a sort of user popularity or confidence should be used. The QDOS15 system 
provide a means of measuring a user digital presence by evaluating his/her 
popularity (what persons he knows), impact (how much people listen to what 
he says online), activity (what he does online), individuality (how easy could 
be found online). 

1.3.2.2 Semantic Network Profiles 

Profiles may be represented by a weighted semantic network in which 
each node represents a keyword: the general difference comparing concept 
profiles (exposed in the next section) is that here in nodes there are words 
(not concepts), and relations are established between the (semantically) 
related words. This representation aims to address the polysemy problem 
inherent with keyword-based profiles. Of course, the semantic networks and 
concept networks constitutes ontologies  ancestors, and could be still 
considered ontologies in simplified form. 

As development technique, keywords are also extracted from the user-
rated pages. But, rather than adding the extracted keywords to a vector, the 
keywords are added to a network of nodes, considered at many levels of 
complexity: 

In the simplest systems, each user is represented by a single semantic 
network in which each node contains a single keyword. The ifWeb system 
[Asnicar & Tasso, 1997] initially collects positive and negative feedback on a 
pre-determined small set of documents. Then, the keywords are extracted 
from each of the pages receiving user feedback. Keywords are added to the 
semantic network in which each node represents a keyword and the arcs 
represent the co-occurrence of the keywords within a document. 

Inside an improved form of semantic network profiles, the nodes 
represent concepts, rather than individual words. In the SiteIF [Stefani & 
Strappavara, 1998] system, as the user browses the Web, representative 
keywords are extracted from documents. These keywords are mapped into 
concepts using WordNet. Polysemous words are then disambiguated by 
analyzing their synsets to identify the most likely sense given the other words 
in the document. Finally, the selected synsets are combined to yield a user 
profile that is a semantic net whose nodes are concepts (synsets) and whose 
arcs represent the co-occurrence of two concepts within a document. Every 
node and every arc has a weight that represents the user s level of interest. If 
a large concept network as WordNet is not available, then various clustering 
techniques are performed for grouping words into concept groups. 

                                                
15

 QDOS – measure your Internet status: http://qdos.com 
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1.3.2.3 Concept Profiles 

Concept profiles are also represented by a weighted semantic network 
where the nodes represent abstract topics (concepts) considered interesting 
to the user, rather than specific words or sets of related words. These profiles 
differ from semantic network profiles also because they describe the profiles 
in terms of pre-existing concepts, rather than modeling the concepts as part of 
the user profile itself. The concepts are organized into taxonomies or even 
into ontologies.  

Persona [Tanudjaja & Mui, 2002], a personalized search system, 
represents user profiles as a collection of weighted concepts based upon the 
Open Directory Project s concept hierarchy. The user profile is developed 
according to the user search activity: searched topics are related to the ODP 
taxonomy concepts (which are related to user profile), and the corresponding 
documents are provided. Users are asked to provide explicit feedback on the 
resulting pages for their searches. Thus, the sense of the searched topic is 
disambiguated (the system could understand if, searching for “virus”, user 
was interested in computer science or in medical sense). The system builds a 
taxonomy of user interest and disinterest using a tree coloring method: each 
node has a color  that encodes the number of times it has been visited, rated 
positive, negative, and associated URL s. 

The Foxtrot recommender system for a digital library of computer 
science papers [Middleton et al., 2004] uses a self-developed concept 
hierarchy of 97 classes and applies a machine learning technique for 
classifying the papers in the library. The user profile is developed by collecting 
implicit (browsing activity) and explicit feedback (relevance judgments): the 
corresponding concepts are weighted and considered. 

OBIWAN project [Pretschner, 1999] experimented with subject 
hierarchies downloaded from Yahoo! [*Yahoo], Lycos [*Lycos], and Open 
Directory Project (ODP) [*ODP]. The user profiles are built based upon 
browsing histories, and are refined upon the user personalized search. 

In Bibster [Haase et al., 2005] each user is represented by a concept 
profile, a weighted set of concepts selected from the ACM Topic Hierarchy. As 
one user manipulates/updates their profile, these changes are also suggested 
to other users with similar profiles.  

The same facility is present in the LinkedIn16 social Web application, 
which enables users to build their network of users with common interests. 
Such information could be exploited in order to recommend resources well 
rated by the linked users (through tagging, bookmarking etc.).  

Our modeling approach adopts the concept profile representation since 
a domain ontology is used as the basis of each of the three layers profile, as 
will be exposed in the next section. 
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1.4 An Ontology-Based User Model for E-Learning 
Communities 

Unlike e-commerce or on-line news sites, where the content-based 
recommendations explore especially the user navigational activity, an e-
learning platform could exploit its specific supplementary information available 
about users, namely the users knowledge (acquired competences) and their 
long-term interests (the competences to be acquired during the current 
training program), beside their current goals illustrated by the navigational 
activity (the competences on which the user is working at the current 
moment). We structured this information into a three-layered user competence 
profile (competencies, interests, fingerprints), which constitutes a complex 
framework for providing recommendations to the user, especially when the 
profile as well as the documents annotations have an ontology-based model. 
The profile is modeled on top of the IEEE PAPI – Public And Private 
Information e-learning user model standard. 

1.4.1 The Current Modeling Approaches 

Usually, a learning management system enables an academic 
institution to define its own skills catalog (which is often different from those 
adopted in other educational institutions) in order to manage the user 
competences required by or resulted from each course attendance (see 
Figure 2). The most common form of the skill catalog is a non-standardized 
taxonomy. The adoption of a domain ontology for organizing a such catalog 
would be an important step through standardization, including support for 
semantic enhanced relations between skills. 
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Figure 2: Skills management inside the CLIX learning management system 

The idea of managing competencies through one or more ontologies 
was explored by multiple ontology-driven e-learning applications. 

The CommOn framework facilitates the development of Competency-
Based Web Services dedicated to Human Resource Management [Trichet & 
Leclere, 2003], where self-defined competence schemes are used, organized 
as ontology. Within the same framework, the project COMONCV facilitates the 
use of the above mentioned rich network of competencies for CV 
development and search. 

 [Draganidis et al., 2006] describe a prototype ontology based system 
for competences management, intended to be integrated with e-learning and 
other human resource functions. [Noda, 2006] proposes an ontology for 
evaluating skill-based human performance. [Schmidt & Kunzmann, 2006]  
develop an ontology destined for Human Resource Development reasons 
inside a corporation, which include a part for competence management. But 
the competences themselves are not necessary expressed through 
ontological concepts. 

[Dorn & Pichlmair, 2007] present an information system for storing, 
evaluating and reasoning about competencies of students at universities, 
based on a fine-grained representation of skills and a competence ontology. 
[Dolog & Schäfer, 2005] provide the conceptualization and implementation of 
a framework which provides a common base for exchanging learner profiles 
between several sources. The exchange representation of learner profiles is 
based on standards, and includes a competency management. 

[Tsiriga & Virvou, 2003] present ICALL - a student modeling module 
inside Web-PVT platform aiming to provide individualized tutoring to each 
student to learn English. The developed student models are both long term 
and short term. The short term student model is responsible for diagnosing 
possible errors performed by students while they solve exercises. In 
developing the long term student model, the stereotype and the overlay 
technique is used. A bidirectional interaction of two sub-components could be 
noticed: the set of stereotypes that the student belongs to and the individual 
student model that is inferred based on direct observations of the student s 
behavior. The domain model is represented in the Web-PVT as a conceptual 
network that depicts the interrelations between the several grammatical 
concepts. Three types of link between nodes are used: part-of, is-a, and 
prerequisite. The domain concepts are associated with hypertext pages of the 
platform. 

As could be observed, many of these approaches consider the 
ontology-based annotation of the documents, but the explicitly usage of 
exactly the same set of ontologies as external model for both developing a 
user competences model and for documents indexing is still incipient, 
although has many advantages: it is reliable for the case of dynamic changing 
the documents or users space by adding, modifying or removing items 
[Brusilovsky & Henze, 2007].  
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1.4.2 The Proposed Ontology-Based User Competences Model 

 
The key of our modeling approach is the domain ontology used both for 

user and document models. The idea of the user model is to use the ontology 
concepts for expressing user s acquired, aimed and working on competences: 
into an e-learning system which aims the user competences management and 
development, the user knowledge could be identified with the actual, acquired, 
competences (e.g. through previous acquired certificates), the user interests – 
as the desired, foresighted, competencies (e.g., which will be acquired 
through actual courses), and the user goals – constituted by the particular 
interests encountered into the current moment and expressed through 
concepts illustrated by the accessed documents, which we are denoting by 
fingerprints.  

 
Figure 3: An extras from the ACM topic hierarchy 

Inside the Innovative Teacher project17, we established a taxonomy of 
ICT-enhanced competencies, which constitute the domain-specific soft skills 
enhanced and developed in parallel and with the help of ICT [Brut et al., 
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 Innovative Teacher Project: http://i-teach.info.uaic.ro/ 
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2008b]. The taxonomy encloses all ICT competences considered as cross-
domain important and relevant. We will refer to ACM topic hierarchy as a use 
case for our current approach, discussing the implications of using more 
refined ontologies. Thus, in our ontology-based user modeling approach, the 
user profile is split into three layers: 

 Competences – ontology concepts selected according to his/her 
acquired certificates and qualifications. For the automatically construction 
of this layer, a rule-based approach is applied, as is depicted at the end of 
this chapter. For example, a certain certificate should have assigned some 
competences (ontology concepts). Depending on the score associated 
with the certificate, the user gains that knowledge at a certain level 
(beginner, intermediate, advanced). In ExpertizeNet system [Song et al., 
2005] some relational and evolutionary graph models are used in order to 
automatically detect the user knowledge from his published papers. 

 Interests – the concept in which the user is interested for a long 
period. In order to develop this profile layer, a rule-based approach is also 
adopted: if a user is enrolled to a certain training session, or is working to 
a certain project, the topics (ontology concepts) assigned to these are 
included automatically in his/her long term interests profile. In the 
CourseAgent system [Farzan & Brusilovsky, 2006], a taxonomy of career 
job profiles is used to model the user interests in order to recommend 
him/her relevant courses. 

 Fingerprints – ontology concepts in which the user is interested 
currently, while accomplishes a specific task (e.g., accesses some interest 
documents). By developing the fingerprints profile, we will illustrate how 
could be traced the conceptual navigation through ontology instead of the 
site navigation. 

While the third layer is developed during the runtime, during the user 
current activity the first two layers are relatively stable: changes are 
encountered only when the user acquires a new certificate or is enrolled in a 
new course. For expressing these two layers and following e-learning 
standards, we have to choose one of the two main user profile models 
standardized and imposed in the e-learning domain: IMS Learner Information 
Specification and IEEE PAPI – Public And Private Information. Our choice for 
user model is PAPI, because we intend to use another IEEE standard for 
document model start point: IEEE LOM standard for structuring the 
educational content. 

The PAPI model [*PAPI] structure includes six categories, all optional: 
Personal, Learner Relations, Preferences, Portfolio, Learner Performance, 
and Security Information. The personal category contains information about 
names, contacts and addresses of a user. Relations category serves as a 
category for specifying relationships between users (e.g. classmate, 
teacherIs, teacherOf, instructorIs, instructorOf, belongsTo, belongsWith). 
Preference indicates the types of devices and objects which the user is able 
to recognize. The Learner Performance category is for storing information 
about measured performance of a user through learning material (i.e. what 
does a user know). It is in charge with competence management, including 
support for tracking the competences level and validity. Portfolio is for 
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accessing previous experience of a user. Security aims to provide slots for 
credentials and access rights. Each category can be extended. Of course, we 
will focus on the Learner Performance category in order to define the first two 
layers in the user competences profile [Brut et al., 2008d]. 

In order to enable the unique reference to a certain competence, a 
special IEEE specification for competences was recently developed: Data 
Model for Reusable Competency Definitions (RCD), which provides support 
for specifying that the referred competence belongs to a certain ontology 
[*RCD]: 

<xs:element name="rdceo">  

  <xs:annotation><xs:documentation>A single definition of a  

        competence, educational objective etc. 

  </xs:documentation> </xs:annotation>  

  <xs:complexType><xs:sequence>  

    <xs:element ref="identifier" minOccurs="1" maxOccurs="1"/>    

    <xs:element ref="title"/>  

    <xs:element ref="description" minOccurs="0"/> 

  </xs:sequence> </xs:complexType>   

</xs:element> 

 

reusable_competency_definition :  

record ( identifier : long_identifier_type,  

         title : bag of langstring_type(1000),     

         description : bag of langstring_type(4000))  

The identifier type enables the reference to a specific concept 
belonging to a specific ontology, including a catalog element (which is a 
namespace-scheme), and an entry element (which is a namespace-specific 
string). 

Summarizing, in our approach the competences are uniquely referred 
to by using the RCD format within the PAPI Learner Performance category. 
The identifier of a Reusable Competence Definition is particularized by a 
specific concept from the domain-specific ontology. This approach is 
conformant with the framework of integrating RCD with competence data 
established by [*RCD] and illustrated in Figure 4: the PAPI Learner 
Performance category enables to express a competence evidence (such an 
exam, certificate etc.), and also its temporal validity; the domain ontology 
provides the competence or documents context inside a specific domain; and 
the RCD standard provides unique references to competency definition. 
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Figure 4: RCD integration with competency data, as established in [*RCD] 

Below is an excerpt of such user competence layer, mentioning a 
certificate with the 8 mark assigned (on a 0..10 scale), attesting the 
acquisition of the competence in “Digital Libraries”, identified through the ACM 
topic hierarchy:     

<papi:performance> 

<papi:certificate> 

<dc:title>Knowledge Management</dc:title> 

<papi:recording_date_time>20080507</papi:recording_date_time> 

<papi:granularity>course</papi:granularity> 

<papi:performance_metric>0..10</papi:performance_metric> 

<papi:peformance_value>8</papi:peformance_value> 

<papi:certification_source>X University 

   </papi:certification_source> 

<papi:certification_parameter_list> 

     <rcd:rdceo>   

       <rcd:identifier>  

         <rcd:catalog>http://www.acm.org/class/1998  

         </rcd:catalog> 

         <rcd:entry>ACM-H.3.7</rcd:entry> 

       </rcd:identifier> 

       <rcd:title>”Digital Libraries”</rcd:title> 

     </rcd:rdceo>  

 </papi:certification_parameter_list> 

       ... 

</papi:certificate> 

</papi:performance> 

The interest layer is modeled similarly. The difference is made by a 
particular element value: <papi:peformance_value> which will include the 
value 0, meaning that the course is not finished nor assessed, but in progress. 
When the student assesses the exam, the value will change as effect of the 
rules associated with stereotypes (see further), but also a new certificate will 
be generated. We adopted this convention in order to maintain the PAPI 
elements (especially the <papi:performance> and all its sub-elements), not to 
add a new one for expressing user interests. In addition, the convention 
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follows the working style in Learning management systems: a student enrolled 
in a course appears associated with the course, even if the mark will be 
received at the final exam. 

In order to develop each user profile and to gain uniformity at the 
system level, we translated the user model into a Learner Profile ontology 
modeled in RDFS, where the main concepts are organized into classes. Each 
user model will be issued as a RDF instance of this ontology. 
<rdfs:Class rdf:about="&papi_rdfs;Performance" rdfs:comment="A class 
describing a learner performance" rdfs:label="Performance"> 

  <rdfs:subClassOf rdf:resource="&rdfs;Resource"/> 

</rdfs:Class> 

<rdf:Property rdf:about="&papi_rdfs;enrolledIn"  

     rdfs:label="enrolledIn"> 

  <rdfs:comment>A course in which the student is currently  

              enrolled</rdfs:comment> 

  <rdfs:domain rdf:resource="&papi_rdfs;Performance"/> 

  <rdfs:range rdf:resource="&papi_rdfs;Course"/> 

</rdf:Property> 

<rdf:Property rdf:about="&papi_rdfs;obtainedCertificate"     

     rdfs:label="obtainedCertificate"> 

  <rdfs:comment>A certificate obtained by the learner</rdfs:comment> 

  <rdfs:domain rdf:resource="&papi_rdfs;Performance"/> 

  <rdfs:range rdf:resource="&papi_rdfs;Certificate"/> 

</rdf:Property> 
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Figure 5: The learner competences expressed through reusable competence definitions 

The Learner Profile ontology is based on PAPI Learner Performance 
category, as it would be expected. A Learner has a Performance (see above), 
which is associated with Certificate class (see below) including the metadata 
related to an attended course finalized by exam and providing the metadata 
about the competences layer profile: 
o the course title 
o the granularity property which attest it is about a Course (other possible 

values: test, semester, training); the value will be an instance of the 
Course class;  

o recordingDate: the date of the exam  
o performanceMetric: the interval of possible scores  
o performanceValue: the score obtained at the exam  
o certificationSource : an instance of the Institution Class, describing the 

institution which organizes the course 
o the “CertificationParameterList” member, which is a collection of 

competences expressed as instances of the Concept class  
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<rdfs:Class rdf:about="&papi_rdfs;Certificate"  

            rdfs:label="Certificate">  

<rdf:Property rdf:about="&papi_rdfs;Title" rdfs:label="Title"> 

  <rdfs:domain rdf:resource="&papi_rdfs;Certificate"/> 

  <rdfs:range rdf:resource="&rdfs;Literal"/> 

</rdf:Property> 

<rdf:Property rdf:about="&papi_rdfs;Granularity” 

      rdfs:label="Granularity"> 

  <rdfs:domain rdf:resource="&papi_rdfs;Certificate"/> 

  <rdfs:range rdf:resource="&papi_rdfs;Course"/> 

</rdf:Property> 

<rdf:Property rdf:about="&papi_rdfs;recordingDate"  

     rdfs:label="recordingDate"> 

  <rdfs:domain rdf:resource="&papi_rdfs;Certificate"/> 

  <rdfs:range rdf:resource="&rdfs;Date"/> 

</rdf:Property>  

... 

<rdf:Property rdf:about="&papi_rdfs;certificationSource"  

     rdfs:label="certificationSource"> 

  <rdfs:domain rdf:resource="&papi_rdfs;Certificate"/> 

  <rdf:resource="&papi_rdfs;Institution"/> 

</rdf:Property> 

<rdf:Property rdf:about="&papi_rdfs;CertificationParameterList"  

     rdfs:label="CertificationParameterList"> 

  <rdfs:domain rdf:resource="&papi_rdfs;Certificate"/> 

  <rdfs:range rdf:resource="&papi_rdfs;Competence"/> 

</rdf:Property> 

<rdf:Property rdf:about="&papi_rdfs;Competence"  

      rdfs:label="Competence"> 

  <rdfs:domain rdf:resource="&papi_rdfs;CertificationParameterList"/> 

  <rdfs:range rdf:resource="&papi_rdfs;Concept"/> 

</rdf:Property> 

A learner Performance is also associated with a Course class, 
describing the courses in which he is currently enrolled. The Course class has 
a similar structure to Certificate class, with minor differences: recordingDate 
and performanceValue will be empty when the course is in progress, the 
collection of competences becomes collection of interests, and some 
supplementary information about the year of study, semester, professor and 
instructors etc. could be included. The interests became competences inside 
a new certificate when the course exam is passed. The class Concept include 
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mainly the reference to the domain ontology: the catalogName and the entry 
corresponding to the referred concept. 

Figure 6 depicts the relation between the mentioned classes: 
 

 
       hasPerformace 
 
        visited 
 
 enrolledIn   obtainedCertificate 
 
 
 
 
 

hasInterests  hasCompetences 
 

       hasFingerprints 
 
 

Figure 6: The class hierarchy for describing the learner competences and interests 

For these classes and instances management, the Sesame API is 
considered. Sesame18 is an open source Java framework for storing, querying 
and reasoning with RDF and RDF Schema. Sesame API has many internal 
modules. The Repository API can be used to query and update the contents 
of both local and remote repositories. It could be used for implementing 
methods for managing the learners, courses, for assigning a course or a 
certificate to a learner etc. 

The Storage And Inference Layer, or SAIL API provides reasoning 
support over the repositories. It could be used for defining and running various 
rules. Among the multiple internal inferencers, the org.openrdf.sesame. 
sailimpl.rdbms.RdfSchemaRepository inferencer enables to define inference 
rules, and also inter-rule dependencies: it could be stated explicitly which 
rules are triggered when a rule infers a new statement.  

When a student X starts working, the system acquires some 
knowledge about her/his proficiency level of the domain by developing his 
competence profile based on his current certificates Ce and associated 
scores. Ideally, the certificates should express the acquired competences 
through the current domain ontology concepts Co. A rule such: 

certificate(Ce), concept(Co), hasCompetences(Ce,Co), learner(X), 
obtainedCertificate(X, Ce)  hasCompetences(X,Co) 

could be expressed: 
<rule name="rdfs1"> 

    <premise> <subject   var="Ce"/> 
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              <predicate var="isA"/> 

              <object    var="Certificate"/> 

    </premise> 

     

  <premise> <subject   var="Co"/> 

            <predicate var="partOf"/> 

            <object    var="Concept"/> 

  </premise> 

  <premise> <subject   var="Ce"/> 

            <predicate var="hasCompetences"/> 

            <object    var="Co"/> 

  </premise> 

  <premise> <subject   var="X” 

            <predicate var="isA"/> 

            <object    var="Learner"/> 

  </premise> 

  <premise> <subject   var="X"/> 

            <predicate var="obtainedCertificate"/> 

            <object    var="Ce"/> 

  </premise> 

      <consequent> <subject   var="X"/> 

                   <predicate var="hasCompetences"/> 

                   <object    var="Co"/> 

      </consequent> 

</rule> 

If some certificates refer to new ontologies, a mapping between these 
certificates and the platform competencies ontology could be accomplished, 
but this is not the subject of the thesis. 

For expressing and developing the user interest level, we make use of 
stereotypes (see Section1.2.7) and rule-based assertions [Henze et al., 2004]. 
In our user modeling approach, the user interests level could be considered 
as a combination of stereotypes: the set of ontology concepts corresponding 
to each course in which the student is currently enrolled could be considered 
as a stereotype since it defines a set of interests common to all students 
enrolled in the course. The competences level is more diverse since the 
acquired certificates could be issued by various academic institutions. 
However, during the university years, many long-term interests become 
competences when students successfully finish their current courses. Thus, a 
student X enrolment into a course C constitutes a trigger condition for 
assigning to him the course concepts Co as long-term interests (so assigning 
him into the course stereotype). A course graduation accomplished by a 
student through an exam E, with a mark M, is a retraction condition for 
eliminating the course concepts from his/her interest profile (deactivating his 
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course stereotype), but also for transferring the concepts into his/her 
competence profile, according to the obtained scores: if the mark is below 5, 
the competence Co is not acquired (is acquired with the degree 0). For a mark 
between 5 and 7, the user acquired the competence Co as beginner 
(specified through 1 degree), a mark between 7 and 9 promote the user at the 
intermediate level of the competence Co, and a mark greater than 9 
recommends him as expert in the competence Co: 
certificate(Ce), concept(Co), hasCompetences(Ce,Co), learner(X),   

  obtainedCertificate(X, Ce)   hasCompetences(X,Co) 

  course(C,Co), hasEnrolled(X,C)  hasInterest(X,Co) 

  course(C,Co), hasGraduated(X,C)  deleteInterest(X,Co) 

  course(C,Co), exam(E,C), obtainedMark (X,E,M)  

{if (M<5) hasCompetence (X,Co,0) 

    else {hasGraduated(X,C)  

         if (M<7) hasCompetence(X,Co,1) 

            else if (M<9) hasCompetence(X,Co,2) 

                    else hasCompetence (X,Co,3)}} 

         

If we consider the case of a Knowledge Management course which has 
associated all the concepts H.3.1 – H.3.7 from the ACM topic hierarchy (see 
Figure 3), and the case of a student which is enrolled in this course, all the 
H.3.1 – H.3.7 concepts are included into the student interest profile in the 
moment of enrolment. When the student graduates this course (let s suppose 
with the 8 mark), all the concepts H.3.1 – H.3.7 are included in his 
competence profile as the intermediate level, and are eliminated from his 
interest profile. 

1.5 Conclusions 

We exposed in this chapter a three layer user model (competences 
interests and fingerprints) expressed through ontological constructs. We 
illustrated a rule-based solution for developing the first two layers. The third 
layer development is accomplished by tracking the user current activity, and 
the corresponding technique will be exposed in Chapter 5. 

This user model was conceived in the view of providing the users with 
an e-learning system with personalized recommendations. As Chapter 4 will 
emphasize, the recommender system adopts in general a goal-based user 
profile (the equivalent of our fingerprints layer), expressed in terms of items, 
not concepts. On the other hand, the user model adopted by the e-learning 
standards do not consider the user current activity, the main focus is on the 
user competences. We considered in our model both the user fingerprints and 
competences, together with supplementary information available into the e-
learning systems: the user long-term interests. We provided a method for 
expressing all the profile layers through ontological constructs. 

In order to use the user profile information for assisting the user during 
his/her semester activity in order to provide him/her with customized 
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functionalities, e.g. personalized recommendations, it is important to find a 
way to relate the user competences and interests with the materials to be 
recommended. The best way is to express the materials in a similar manner 
with competences and interests, in our case through the same ontological 
constructs. In the next chapter we will expose such a document modeling 
approach, after discussing how to combine the e-learning and the semantic 
Web standards. In the view of document model development, some textual 
and multimedia document indexing techniques are discussed, and a solution 
based on these is provided. 
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2. Using Ontologies for Document Modeling 
The general goal of increasing the accessibility and the reusability of 

the e-learning materials could be improved by combining the established e-
learning standards with the Semantic Web technologies, which enable to 
make the Learning Objects (LOs) comprehensible for the computers.  

Aiming to define an ontology-based model for the e-learning 
documents, we will start with presenting the actual most popular e-learning 
standards, as well as the general metadata standards promoted by the 
Semantic Web, and discussing how could be integrated semantic Web 
technologies into e-learning. We will present then a solution for generating a 
semantic metadata set for the LOs, expressed into Semantic Web metadata 
standards. This semantic metadata set is then added to the ontology-based 
annotations for LOs, defining our proposed document model. The model 
development considers a manual and an automatic part for the annotation 
process. In order to define a solution for the automatic annotations, the 
techniques for document indexing are reviewed, considering both the textual 
and multimedia documents.  

2.1 The E-Learning Metadata Standards 

The various E-Learning standards try to address two important 
research issues concerning the E-Learning materials development: 
• Learning Objects (LOs): how to specify reusable chunks of learning 

content; 
• Learning Design (LD): how to define an abstract way for designing 

different units (e.g., courses, lessons etc.). 
Many organizations are involved in the process of metadata 

standardization for learning technology. Among them, could be mentioned the 
European Consortium ARIADNE19, IMS Global Learning Consortium20, ADL 
Advanced Distributed Learning21, AICC Aviation Industry CBT Committee22, 
IEEE Learning Technology Standards Committee23, ISO IEC/JTC1/SC36 
Standards for Information technology for Learning, education and Training24,  
CEN/ISSS European Committee for Standardization/Information Society 
Standardization System25, the Dublin Core Metadata Initiative26, the Web 
Consortium27. 

Some standards address metadata specification (ARIADNE, DC – 
Dublin Core, IEEE LOM - Learning Object Metadata, ADL) and others - the 
standards for Content Structure Modeling (AICC), while IMS and ADL/SCORM 
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handle both Metadata specification and Content Structure Modeling [Stratakis 
et al., 2003].  

Also, several standards aim to improve LOs reusability. For example, 
the XML and RDF metadata set defined by IEEE LOM and DC – educational 
version – facilitates Web-based resources retrieval. Moreover, IEEE-LOM 
enables developers to extend and add new data elements as required by 
applications; for this reason, IEEE-LOM could be used also as the base 
standard for developing new “application profiles”. 

[Al-Khalifa and Hugh, 2006] provides a classification of the different 
manners of representing and effectively using the standard metadata in e-
learning applications: 
• Standard Metadata – some applications use the standard e-learning 

metadata (e.g. IEEE LOM) for representing a hierarchical structure, which 
follows a single perspective; such examples are UK LOM Core and e-
mi@ge Project; 

• Semi-Semantic Metadata – applications that use the IEEE-LOM standard 
with an extended semantic component; as example, Hypermedia Learning 
Objects System (hylOs) and <e-aula>; 

• Semantic Metadata – applications that rely completely on domain 
ontologies to define their metadata, as examples could be mentioned 
Edutella peer-to-peer network, or the Lorner project of ARIES. 

The most common metadata format used in the above mentioned 
projects is RDF (Resource Description Framework). We will emphasis in the 
thesis the necessity and the benefits of using appropriate metadata standards 
for different types of information. In the next section, we present first different 
such metadata standards formats. 

2.2 The Semantic web Metadata Standards 

In order to become comprehensible for the Web applications, the 
Semantic Web demand of associating metadata to the Web resources 
stimulated serious efforts for defining various types of metadata formats, 
appropriate for certain type of information. We present below the most known 
and used standards for associating metadata. 

RDF (Resource Description Framework)28 is intended for expressing 
metadata about the “external” characteristics of a resource: author, type, 
publication date, copyright, etc.  

DCMI (Dublin Core Metadata Initiative)29 provides a set of properties for 
resource description: <dc:Title>, <dc:Description>, <dc:Contributor>, 
<dc:Publisher>, <dc:Date>, <dc:Type>, <dc:Subject>, etc. The educational 
version of DCMI still remains at the “external” level of the educational 
resources characteristics, adding some new elements such <dc-
ed:Audience>, <dc-ed:TypicalLearningTime>, <dc-ed:InteractivityType> or 
<dc-ed:ConformsTo>. 

For the Web sites syndication (sharing information with other web 
sites) purposes, there are many standards. Among the most used are RSS 
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(Really Simple Syndication)30 and Atom31 – representing both a data format 
(Atom Publishing Format) and a protocol for Web resources editing (Atom 
Publishing Protocol). These formats provide support for specifying 
information, metadata, and also timestamp (feed RSS) for a certain resource, 
being widely adopted by many sites (including blogs and wikis) for 
representing news, changes, updates, Calendar (events, deadlines), etc.  

The relations between resources could be expressed by two standards, 
in two important situations: 

FOAF (Friend Of A Friend)32 provides support for expressing only the 
“knows” relation between persons, but it has developed Relationship - a 
FOAF Relations Specializations: http://purl.org/vocab/relationship.  

DOAP (Description Of A Project)33 specification provides metadata 
about a project resources (<doap:Project>, <doap:name>, <doap:homepage>, 
<doap:description>, <doap:wiki>, <doap:maintainer>, <doap:programming-
language>), being based on RDF and FOAF. 

The above mentioned formats provide support for defining metadata 
about a Web resource inside separate files, which could be stored in a 
distributed manner. For local stored metadata, associated with relatively small 
resources, the metadata could be “immersed” inside Web resources, and 
some microformats34 were established for specifying metadata (semantic 
annotations) directly inside some data formats (XHTML), by reusing XML.  

2.3 Enhancing Learning Objects Management by Using 
Metadata 

A typical E-Learning standard provides support for organizing the 
course materials into a certain structure, with LOs as nodes, and for 
associating metadata with the entire material, or with a certain branch, or with 
each LO. An inconvenient concerns even the <metadata> element through 
which these annotations are usually made: it is a generic one, without 
providing information about the nature of the annotated content. Moreover, the 
e-learning standards were conceived especially for learning management 
purposes, and not for integration with various Semantic Web applications, as 
the metadata presented in the section 3 are. 

Our proposal [Brut, 2007] is to create a supplementary metadata set for 
the LOs, with a semantic dimension, alongside the standard e-learning 
metadata. Partially, this set will be generated from the e-learning metadata, 
and partially will be created from scratch. 

For example, in SCORM Content Aggregation Model, some semantic 
metadata could be obtained from the <metadata> element sub-components: 

 An RDF construct expressing the place where a resource is 
located could be obtained from the <adlcp:location> element: a simple 
transformation over the  <adlcp:location>course/course.xml 
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</adlcp:location> metadata leads to  
<rdf:Description rdf:resource=”course/course.xml” /> construct; 

 <dc:Title> DCMI element could be also easily obtained from the 
<title> SCORM element. 

Moreover, in IEEE 1484-12-1-2002 standard some rules were already 
established for mapping LOM/IMS/SCORM to DCMI educational version 
(http://dublincore.org/documents/education-namespace). Some examples 
could be found in Table 1. The conversion to DCMI provides the e-learning 
metadata with more flexibility for being integrated into many Web applications 
types.  

DC.Identifier 1.1.2:General.Identifier.Entry 
DC.Title 1.2:General.Title 
DC.Language 1.3:General.Language 
DC.Description 1.4:General.Description 
DC.Subject 1.5:General.Keyword or 

9:Classification including 
9.1:Classification.Purpose equals 
"Discipline" or "Idea". 

DC.Coverage 1.6:General.Coverage 
DC.Type 5.2:Educational.LearningResou

rceType 
DC.Creator 2.3.2:LifeCycle.Contribute.Entit

y 2.3.1:LifeCycle.Contribute.Role 
has a value of "Author". 

DC.Format 4.1:Technical.Format 
DC.Rights 6.3:Rights.Description 
DC.Relation 7.2.2:Relation.Resource.Descri

ption 
 

Table 1 Mapping IEEE LOM to Dublin Core Metadata Element Set 

In addition to the conversion-based semantic metadata, some new 
semantic metadata for describing resources which have no correspondent 
into an e-learning standard could be simply added to this. As possible 
examples [Brut & Buraga, 2008]: 

 announcements in Atom or RSS formats generated when a new 
educational material is released; 

 FOAF assertions describing all current (possible external) 
course contributors and collaborators of educators;  

 microformat-based hCard and hResume information about each 
user; 

 DOAP descriptions for each educational project. 
These various standards-based metadata enhance the LO s semantic 

through their significance inside their corresponding vocabulary. Some 
supplementary semantic metadata will be provided by the ontology-based 
annotations, as will be described in the next section. An example of semantic 
metadata based on semantic web standards is provided below:  the SMIL 
(Synchronized Multimedia Information Language) presentation 
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KnowledgeManagement01.sml is a learning object which has associated 
different metadata types for different information types: Dublin Core metadata 
are used for expressing the material s author, its title, description, creation 
date, type; RSS metadata express the date of the last update; FOAF 
vocabulary is used for providing supplementary information about the author 
(her nickname, Web homepage, and collaborators); through DOAP 
vocabulary assertions, information about a project maintained by the LO 
author is provided: 
<rdf:RDF  

   xmlns:rdf="http://www.w3.org/1999/02/22-rdf-syntax-ns#" 

   xmlns:dc="http://purl.org/dc/elements/1.1/"> 

  <rdf:Description rdf:about="../web/KnowledgeManagement01.sml"> 

   <dc:creator>Mihaela Brut</dc:creator> 

   <dc:title>Knowledge Acquisition Techniques</dc:title> 

   <dc:description>Describes the different techniques for  

        acquiring knowledge from Web resources</dc:description>  

   <dc:date>2008-05-10</dc:date> 

   <dc:type> InteractiveResource </dc:type> 

   <rss:lastBuildDate>2008-07-23</rss:lastBuildDate>  

   <foaf:person rdf:nodeID=”mb”> 

   <foaf:nick>mihaela</foaf:nick> 

   <foaf:homepage rdf:resource="http://www.infoiasi.ro/~mihaela"/> 

   <foaf:knows rdf:resource="#busaco">  

   </foaf:person> 

   <doap:maintainer-of> 

      <doap:Project> 

      <doap:homepage rdf:resource="http://i-teach.info.uaic.ro" /> 

      </doap:Project> 

   </doap:maintainer-of>   

</rdf:Description>  

</rdf:RDF> 

The reason of our proposal concerns the availability of numerous Web 
tools developed for processing the standardized metadata formats. Hereby, 
the course materials metadata could be used not only by the applications 
providing support for e-learning standards, but also by the general Web 
applications [Di Bono et al., 2004]. 

Hereby, the management of learning content is improved by an 
appropriate combination of e-learning metadata with standardized general 
metadata formats. In addition, the correlation of metadata with education 
specific ontologies will increase the LOs semantic information. 
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2.4 Using ontologies for annotating LOs 

2.4.1 Existing Approaches 

Each metadata type provides the computer applications with some 
information about the meaning of the metadata content. But the problem 
raises when the same metadata element is used in many contexts, and a 
computer application is not able to make the difference, unless we provide it 
with some supplementary information. For example, <dc:title> indicates only 
that the content is the title of the current resource, but nothing about the 
meaning of this title. The solution is the correlation of certain metadata with a 
certain ontology construct. 

Some research was accomplished in the field of integrating Semantic 
Web technologies into e-learning environments. 

[Brase & Nejdl, 2003] refer to the LOM and Dublin Core standards for 
annotating the educational resources in the computer science field and also, 
refer to the ACM classification system35 and to the SWEBOK36 (Guide to the 
Software Engineering Body of Knowledge) ontologies - preferring the last one 
- for refining the annotation. 

[Mohan & Brooks, 2003] consider the ontologies useful for marking up 
the structure of learning objects and for ascribing pedagogical meaning to 
them (their corresponding domain concepts) so that they can be 
understandable by machines. The authors recommend various ontology types 
to be related to LOs:  

 Ontologies covering domain concepts - for the intelligent 
discovery and thematic assembly of LOs; 

 Ontologies about teaching and learning strategies - for 
specifying the types of techniques each LO uses to facilitate learning; 

 Ontologies describing the structure of learning objects - for 
allowing LOs to be interpreted and rendered consistently in different 
learning systems. 

According to [Passier & Jeuring, 2004], inside a LMS, additionally to 
ontologies could be specified:  

 The knowledge to be learned (the common usage of ontologies 
for describing the domain and task knowledge)  

 How the knowledge should be learned (the authors developed 
mechanisms, based on ontologies, to create a rich supply of feedback to 
learners during learning, as well as to authors during course development). 

In the case of multimedia e-learning materials, the particularities of the 
semantic Web technologies adoption into the multimedia field should be also 
considered. 

The main issue of this problem is that, alongside with the Semantic 
Web activity of the Web Consortium, the main goal of transforming multimedia 
materials into machine-processable content is also assumed by the ISO s 
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efforts in the direction of complex media content modeling, in particular the 
Multimedia Content Description Interface (MPEG-7)37. 

In order to delimitate a semantic oriented approach of multimedia 
managing, there were discussed the differences between the two directions, 
as well as some modalities of combining them. 

The differences are encountered at multiple levels [Nack et al., 2005]: 
• Syntactically, the difference could be reduced at the levels between XML 

representation (adopted by the MPEG) and RDF (used by the semantic 
Web): because one RDF assertion could be XML serialized in many ways, 
it is hard to process RDF using generic XML tools, and reverse; 

• Semantically, the semantic Web approach makes use of different layers 
that define semantic structures and ontologies as third parties, while 
MPEG is a monolithic specification, including a large number of schemata. 

A solution for unifying the two directions consists of a semantic Web 
approach making use of the schemata developed in MPEG-7 as third-party 
specifications. 

[Nilsson et al., 2002] emphasizes another difference: the semantic Web 
technology is still mainly text oriented, while MPEG is dedicated to multimedia 
content description. A solution for unifying the two directions is provided by 
SMIL (Synchronized Multimedia Integration Language) [Michel et al., 2005], 
which facilitates a textual serialization for temporal and spatial aspects of 
multimedia presentations. 

Another distinction points out that the desiderate of semantic Web 
approaches to make explicit the semantics of media units is challenged by 
finding techniques for automatically metadata association. MPEG could be a 
useful ally: it uses low-level features for semantic based descriptions, which 
constitutes one of the few mechanisms available for the automatic annotation 
of media. 

In order to gain a unified view of the two directions, multiple MPEG-7 
translations into RDF and OWL were developed, as well as translations of the 
MPEG visual part into RDF and OWL [Hausenblas et al., 2007]. Moreover, a 
set of tools were developed enabling to extract the visual features of 
multimedia materials (as MPEG proposes) and to associate them with domain 
ontology concepts (as a semantic web approach requires). PhotoStuff, 
AKTive Media, Vannotea, M-OntoMat-Annotizer, SWAD are such examples 
[Obrenovic et al., 2007].  

Efforts were made also towards a common multimedia ontology 
framework, which aims at an uniform use of the ontologies, according to their 
use goal and context [Di Bono et al., 2004]. 

Using an ontology-based modeling approach, the MIR (Multimedia 
Information Repository) project [Schmidt & Engelhardt, 2005] provides a 
solution to adaptive facilities inside an e-learning platform which manage the 
multimedia information: it includes a user modeling component (MUMS - 
Massive User Modeling System), a component for managing and annotating 
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the learning objects (HYLOS - Hypermedia Learning Object System), and a 
component for defining the adaptation model (MIRaCLE – MIR Adaptive 
Linking Environment). 

The annotating tools provide visual interfaces through which 
image/video fragment or a textual sequence could be put into relation with 
some new/existing instances of a concept or concept properties inside 
ontology (see Figure 7); the established metadata is provided in XML format. 

 
 
 
 
 
 
 
 
 
 

Figure 7: Using ontology for annotating resources  

2.4.2 The Proposed Annotation Model of Learning Objects 

An earlier approach for annotating e-learning materials was 
accomplished in the framework of the I*Teach project38 [Dumitriu et al., 2007] 
[Brut et al., 2008b], where a Wiki-based Web repository of educational 
scenarios and tasks was developed. For their annotations, a taxonomy of ICT-
enhanced competencies was used, enclosing all ICT competences 
considered as cross-domain important and relevant. The repository could be 
viewed as an example of the competency taxonomy-based annotations of the 
educational materials. It includes support for retrieving scenarios and tasks 
based on taxonomy concepts. Particular class-based data organization was 
adopted. 

An important demand for e-learning applications is the adoption of 
standards: in case of annotating LOs, the reference to the ontology concepts 
should be integrated in the structure of the e-learning standard used. To 
illustrate this, we take as example the IEEE/LOM standard, considered as the 
most enabling for semantic extensions [Al-Khalifa & Hugh, 2006]. 

As some other e-learning standards, in order to facilitate the Semantic 
Web technologies integration, the IEEE/LOM standard39 provides support for 
making reference to ontologies. Its Classification category enables to specify 
that the LO belongs to a certain classification system: it could be mentioned, 
so, a domain ontology. It is possible to specify the information for identifying 
the ontology and the particular concept which wants to be referred to. For 
example, the following IEEE/LOM metadata expresses that the current LO is 
related to the Digital Libraries concept, which belongs to the ACM 
classification system, having the I.3.7 identification: 

 

                                                
38

 http://i-teach.info.uaic.ro/ 
39

 http://ltsc.ieee.org/wg12/files/LOM_1484_12_1_ v1_Final_Draft.pdf 
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<Classification> 

   <Purpose> discipline </Purpose> 

   <TaxonPath> 

      <Source> (“en”, “ACM”) </Source> 

      <Taxon> <id>I.3.7</id> 

         <entry> ("en", "Digital Libraries") </entry> 

      </Taxon> 

   </TaxonPath> 

</Classification> 

The <Purpose> sub-element expresses the purpose of classifying the 
current learning object, and we provided the pre-defined value “discipline” to 
suggest that we want to define the topic of the LO through the ontology 
reference. 

Alongside with the support for referring ontologies provided by the 
Classification category, we will illustrate below how the purpose of other 
IEEE/LOM categories would be easier and clearer accomplished if some 
supplementary ontology references will be included [Brut, 2008]. 

The IEEE/LOM standard provides support for describing Learning 
Objects through data elements grouped into nine main categories: 

1) The General category groups the general information that describes 
the learning object as a whole. As an inconvenience, there is no support for 
describing the structure of LOs which are in the form of multimedia 
presentations (including video, audio, images, text, combined through a 
certain temporal scheme). A possible solution is to describe this structure 
by making reference to an ontology built on the SMIL data model [Michel et 
al., 2005]. In the following example, we consider a LO in the form of 
multimedia SMIL presentation, whose spatial layout includes two regions: a 
video and an image are sequentially displayed in the first one, while a text 
is displayed in the second region for all 35 seconds duration long: 

<smil:par> 
   <smil:seq>  
   <smil:video region="rvideo" begin="0s" end="15s" id="v1"  
                       src="../movies/web.avi" /> 
   <smil:img region="rvideo" src="../images/web.jpg" id=”v2” dur="20s"  
                   begin="v1.end"> 
   </smil:seq> 
   <smil:text region="rtext" dur="v1.dur”+”20s" src=”web.txt” /> 
</smil:par> 

2) The Lifecycle category groups the features related to the history and 
current state of the learning object. However, this category doesn t consider 
the information on the LO s visitors, theirs actions and the corresponding 
durations. As a solution, we propose the reference to an ontology modeling 
the observations over the user interactions, as those described in [Dolog & 
Nejdl, 2007], including the following concepts:  

• InteractionType (access, bookmark, annotate),  
• ObservationLevel (visited, worked, solved),  
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• Entity,  
• Date,  
• beginTime,  
• endTime. 

3) The Meta-Metadata category groups information about the metadata 
provided by the Annotations category 

4) The Technical category groups the technical characteristics of the 
learning object. 

5) The Educational category groups the educational and pedagogic 
characteristics of the learning object. 

6) The Rights category groups the intellectual property rights and 
conditions of use for the LO. 

7) The Relation category defines the possible relationship between the 
current LO and other related LOs. These relations are based on Dublin 
Core vocabulary: isPartOf/hasPart, isVersionOf / hasVersion, isFormatOf / 
hasFormat, isReferencedBy / References, isBasedOn / isBasisFor, 
isRequiredBy / Requires. 

8) The Annotation category provides support for introducing comments on 
the educational use of the LO and information on the author(s) of the 
comments. 

9) The Classification category describes the learning object in relation to a 
particular classification system. It is therefore the only category where an 
external ontology could be referred to in order to describe the LO content 
itself, as the above example illustrated. 

We illustrated above some possibilities of annotating e-learning 
materials through ontologies by integrating various ontology references inside 
the IEEE/LOM structure if the learning objects. Using a such approach, a 
certain learning object could be related to a single concept (single-concept 
indexing) or to multiple concepts (multi-concepts indexing). Also, a learning 
object could be related to single ontology concepts, or to concepts belonging 
to multiple ontologies, for example through the Classification category. In the 
last case, some semantic overlapping problems could appear regarding 
concepts with similar semantics, belonging to different ontologies: for 
example, “knowledge management” and “knowledge databases” from two 
different ontologies could express the same concept. Our thesis do not 
consider this case: the problem is quite complex, and its general solution 
concern different ontology mapping and merging operations [Kiu & Lee, 
2006].  

In order to enhance the expressive power of annotations (which create 
links between LOs and ontology concepts), some techniques of associating 
roles and/or weights with these relations were conceived. The roles are 
important to distinguish among the various types of connections between 
concepts and documents. The most common role is “prerequisite”, which 
indicates that a certain document is a prerequisite for understanding the 
corresponding concept [Brusilovsky et al., 1998]. In [Brusilovsky and Cooper, 
2002], thirty roles are defined and used in order to identify the context within 
which a certain concept appears. In the KBS-HyperBook system, the 
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documents could be marked as “problem statement”, “example”, “theory” for a 
certain concept [Henze & Nejdl, 2001]. 

The e-learning standards provide support for organizing the e-learning 
materials into a structured manner (e.g. on modules, courses, chapters, 
sections, lessons, learning objects). When a new material is added, its 
relations with the existing materials should be specified. Usually, the Dublin 
Core/LOM relations set between LOs is used, as the IEEE/LOM Relation 
category adopts (see above). The semantics of these relations is refined or 
modified in [Engelhardt et al., 2006], and also some new relations are 
introduced for the purpose of relating various LOs in a more semantic manner: 
isNarrowerThan / isBroaderThan, isAlternativeTo, Illustrates / isIllustratedBy, 
isLessSpecificThan / isMoreSpecificThan. These relations are taken from the 
SKOS vocabulary40 for describing thesauri, glossaries, taxonomies, and 
terminologies. As a remark, instead of using these relations between different 
LOs, they could be used for relating the concepts of an ontology which models 
the domain knowledge. Indirectly, the relations between concepts illustrate the 
relations between the corresponding annotated LOs. 

In order to differentiate the importance of a concept-based LO 
annotation as well as of the user competence level, we propose two new 
attributes which could be integrated in the Classification IEEE/LOM category: 
• relationType: to express the relevance degree of the referred concept for 

the current LO, through three possible values, expressing this relevance 
into a decreasing order: 

o isOnTopic – for a LO which is especially destined to a certain topic; 
o usesTheConcept – expressing the ordinary concepts encountered 

into LO; 
o makesReferenceTo – for designating the other concepts from 

ontology encountered inside LO as hyperlinks or explicit references. 
• userType: expressing the type of the user to which the LO is meant for - 

beginner, intermediate, advanced. 
We can consider that the user level to which a document is meant for 

(beginner, intermediate, advanced) is established – during the above 
described editing phase - by the document author (or by the person which 
include the document in the educational repository), and is propagated to all 
the concepts to which the document is related. 

Instead of adopting exclusively automatic annotations, the process of 
semantic annotation of the e-learning materials could have two components 
[Brut & Buraga, 2008]: 
• A manual annotation component, which provides the teacher with an 

ontology-based annotation tool, used at the desired moment: when 
includes an important notion into the educational material (in form of 
textual, image, audio or video content), the teacher could browse the 
ontologies and put that notion into relation with a concept or its properties. 
This activity type follows the Semantic Web tagging “tradition”, and the 
existing multimedia ontology-based annotation tools could be used, such 
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as PhotoStuff, AKTive Media, Vannotea, M-OntoMat-Annotizer, SWAD 
[Obrenovic et al. 2007]. 

• A semi-automatically annotation component: the content edited by the 
teacher is parsed in real-time in order to localize concepts existent in the 
selected ontologies, using the automatic annotation technique which will 
be exposed further in Sections 2.4.3.2 and 2.4.3.4: when a match is 
retrieved, a notification is sent to the teacher, asking him/her to certify 
whether the match is correct or not. 

 
Considering the example above, the annotation process will produce 

also the supplementary “relationType” and “userType” attributes: 
<Classification> 
   <Purpose> discipline </Purpose> 
   <TaxonPath relationType=”isOnTopic”  
              userType=”intermediate”> 
      <Source> (“en”, “ACM”) </Source> 
      <Taxon> <id>H.3.7</id> 
         <entry> ("en","Digital Libraries") </entry> 
      </Taxon> 
   </TaxonPath> 
</Classification> 

2.4.3 The Document Model Representation and Development 

Document indexing concerns the document representation according to 
a domain model. As exposed in Section 1.2.1.b, a domain model breaks the 
body of knowledge of the domain into a set of domain knowledge elements, 
having as possible forms: set model or vector model, connected models 
(hierarchically, network, ontology-based). We adopted a domain ontology as 
domain representation and are focusing on the ontology-based document 
indexing. 

Three attributes are important to distinguish different indexing 
approaches, from the adaptive navigation support perspective [Brusilovsky & 
Millán, 2007]:  

 cardinality involves two different cases: single concept indexing, 
where each page is related to one and only one concept; and multi-
concept indexing, where each page can be related to many concepts.  

 navigation involves also two different cases: the link between a 
concept and a page exists only on a conceptual level (used only by 
internal adaptation mechanisms of the system) and the cases where each 
link also defines a navigation path.  

 expressive power concerns the amount of information that the 
authors can associate with every link between a concept and a page. Of 
course, the most important information is the very presence of the link. 
This case is called flat indexing and is used in the majority of existing 
systems. Still, some systems with a large hyperspace and advanced 
adaptation techniques may want to associate more information with every 
link by using roles and/or weights. Assigning certain roles to the links 
enables to distinguish several types of connections between concepts and 
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pages. For example, the prerequisite role marks the case when the 
concept is not presented on a page, but instead the page is a required 
prerequisite for understanding the concept [Brusilovsky et al., 1998]. The 
weight of the link between a concept and a page may specify, for example, 
the percentage of knowledge about a concept presented on this page [De 
Bra & Ruiter, 2001].  

As could be noticed, our document model involves a multi concept 
indexing, where relations between document and concepts are differentiated 
by three roles: isOnTopic, usesTheConcept, makesReferenceTo. Among 
these, a single isOnTopic relation type is associated with a document, 
representing the most expressive indexing relation.  

As for the case of user model, in order to gain uniformity at the system 
level, a transposition of the document model to RDFS was accomplished, 
providing the model organization into classes. Additionally, RDF is used for 
storing the instances of each particular document model. RDF schemas serve 
to define vocabularies for metadata records in an RDF file. We are focusing 
further on the support for ontology-based annotations, as depicted in Figure 8. 
We will present the general problem of textual and, respectively, multimedia 
document indexing, and will discuss the techniques which could be adopted in 
the particular case of our system in order to develop the ontology-based 
annotations for the learning objects. 

 
 

 
    isClassifiedBy           isOnTopic 
 
 isPartOf       usesTheConcept 
 
         ma      makesReferenceTo 
 
 
isPartOf               isPartOf 

 

 

 

Figure 8 The class hierarchy for ontology based LOs annotations 

2.4.3.1 Textual Document Indexing Techniques 

Some existing techniques for document indexing according to a domain 
model are inspired by the classic Information Retrieval (IR) that enjoys a long 
tradition in the modeling and treatment of documents [Salton & McGill, 1983]. 
Nonetheless, especially since the Web was born, other IR techniques have 
been proposed, capable of exploiting the hypertext features, such as page 
hyperlinks and HTML general tags [Brin & Page, 1998]. The result was the 
advent of Web Information Retrieval (Web-IR) [Agosti & Smeaton, 1997]. 
Some other modeling techniques were also developed, based on document-
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concept representations and on the models and methods of Knowledge 
Representation, typical of Artificial Intelligence.  

a. Classic IR-Based Document Representations and Indexing 

The classic IR document modeling techniques initiated by [Salton & 
McGill, 1983] and [Rijsbergen, 1979] aim at the retrieval of relevant 
documents from a collection. 

A document pre-processing phase is first performed: 
  HTML Tag Removal, in case of HTML documents: for the 

classic IR approach, the tags are not significant. 
 Stopwords Removal Phase: the most common word, without a 

special meaning by themselves, are removed from the document41.  
 Stemming Phase: reduces each term to its morphological root, 

in order to recognize morphological variations of the word itself. For 
example, the root comput is the reduced version of “comput-er”, “comput-
ational”, “comput-ation” and “compute”. The morphological analysis must 
be specific for every language, and can be extremely complex.  

A widespread used algorithm is the Porter s Stemmer42 [Porter, 1980], 
providing a simple procedure that cyclically recognizes and removes known 
suffixes and prefixes without having to use a dictionary: “computer”, 
“computational”, “computation” all become “comput”. A weakness of the 
algorithm consists in the fact it doesn t recognize morphological variations. 

 Term Weighting Phase: a weight is associated to each stemmed 
term, usually calculated by taking into account the whole collection D of 
documents where the current document d belongs. The simplest weight is 
the TF (Term Frequency): TF(t, d) is the number of times term t appears in 
the document d. More generally, the weight w is built as a function of the 
frequency of term t in document d:  
w = f (TF(t,d))   (2.1) 
When the whole collection D is considered, all terms t are extracted and 
the Index Term Database (ITD) is built, and the weight s function refer to it. 
A term s weight express its relevance and must follow some specific 
guidelines [Salton & McGill, 1983]: 

o The more a term t appears in a document d, the more this 
term can characterize the topic addressed by the 
document itself. 

o A term t that appears in almost all documents of the 
collection D does not entail relevant information content 
for the characterization of the topic of a particular 
document. 

Hence, Term Weighting involves at least two components: the 
frequency of a term t within a document d and the frequency of term t within 
the whole collection D. Let us denote Document Frequency DF(t) the number 
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of documents in which term t appears at least once. A high value of DF(t) 
should reduce the importance of term t, involving the reduction of its weight w. 

We provide below the most common calculation methods for the weight 
wi of a certain term ti belonging to a document d, defining a specific form of 
the function from the (2.1) equation [Micarelli et al., 2007b]: 

Boolean Weighting represents the simplest version of the weights 
calculation, according to the following formula: 

wi =1 ti d

wi = 0 ti d

 
 
 

(2.2)

(2.3)
 

TFxIDF Weighting is the most popular method. The weight wi of the 
term ti is calculated in such a way to be proportional to the frequency of the 
term ti in the document d, and inversely proportional to the number |D| of 
documents in the collection D in which ti appears: 

wi = TF(ti,d)log
|D |

DT(ti)
(2.4) 

where DT(ti) is the number of documents of the collection D that include 
the term ti. 

Okapi BM25 Weighting is part of the probabilistic models for the 
calculation of term relevance within a document. This approach computes a 
term weight according to the probability of its appearance in a relevant 
document, and to the probability of it appearing in a non-relevant document in 
a collection D: 

wi = TF(ti,d)
log

(|D | TF(ti,d) + 0,5)

(|D |+0,5)

k1 ((1 b) + b
| d |
d 
) + TF(ti,d)

(2.5) 

 
where d  is the average length of a document included in the collection D, |D| 
the number of documents in the collection D, k1 and b two constants to be 
determined experimentally43. 

Other more complex formulas are provided by the Entropy weighting 
approach (based on ideas of the Information Theory), Genetic Programming 
Weighting (where term weighting schemes are automatically determined by 
genetic evolution and then tested on standard test collections). 

As could be noticed, the result of the document pre-processing phase 
is a representation of each document d as a vector of (term, weight) pairs:  

d {(t1,w1),(t2,w2),...,(tn,wn )}  
After the preprocessing phase, the result can be exploited in order to 

retrieve relevant documents for a certain query. The so-called problem Curse 
of Dimensionality occurs in the case of a large collection of documents D (e.g. 
several thousands, as could also appear into an e-learning or general Web 
repository) containing large documents. For reducing the problem space, two 
approaches were adopted: 
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 The dimension remains unchanged, but many zero values for 
weights are obtained, as in the Boolean model and Probabilistic model; 

 A dimension reduction is performed, as in the Vector Space 
Model. 

The Vector Space Model approach adopts, in general, the TFxIDF 
Weighting in the pre-processing phase and a matrix representation of the 
weights in the document collection: a row corresponds to each document dj 
containing the weights wij of the all terms in the collection ti, i=1,m (not only 
the terms occurring in the dj). Of course, the m dimension is quite big, and 
many wij has the 0 value. The dimension reduction consists of eliminating the 
columns corresponding to terms that occur in all the documents (the columns 
with all values greater than 0). The remained weights have the following 
property:  
wij > 0 iff ti  dj and ti does not belong to all documents of the collection D. 
Such a new n << m dimension is obtained, and each document is now 
represented as a row of n weights, corresponding to the n terms considered 
relevant: 

dj = {w1j, w2j, ..., wnj} 
The vector space model adopts a similar representation for each query 

used to retrieve relevant documents for a certain topic:  
q = {w1q, w2q, ..., wnq} 
The advantage of this representation is that enables to retrieve relevant 

documents through a very simple document-query similarity function. The 
most employed similarity function in the literature is the cosine similarity: 

sim(d j ,q) = cos(d j ,q) =
d j •q

| d j ||q |
  (2.6) 

This measure is equal to the cosine of the angle formed by the two 
vectors dj and q in the n-dimension vector space. In fact, it allows ranking of 
documents according to similarity document-query. 

The main drawback of this representation is the assumption that terms 
are independent from each other. Despite this assumption, the approach was 
successfully adopted in many real IR systems, as presented in [Mobasher, 
2007] or [Pazzani & Billsus, 2007]. 

b. Web-IR Document Representations and Indexing 

In order to improve the Web documents indexing, the classic IR-based 
indexing methods were extended to the so-called Web-IR techniques, by 
considering the features typical of the hypertext environment, expressed 
through hyperlinks and/or HTML tags:  

 Tag-based document models consider a term t of a Web 
document d is given a weight also according to the HTML tags between 
which it is. For example, if a term t appears between the two HTML tags 
<title> and < /title>, or <h1> and </h1> it means it is part of the document 
title, and must thus be significantly weighted. The various approaches 
distribute the document terms into number of classes, corresponding to 12 
categories [Molinari et al., 2003] or 6 categories [Cutler et al., 1997] of 
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HTML tags. A relevance is established for terms in each class in the 
hierarchy. 
 Hyperlink-based document models are especially adopted by Web 

search engines  algorithms, such as HITS [Kleinberg, 1999] and 
PageRank [Brin & Page, 1998]. In these approaches, the Web is 
considered as a huge graph G = (V,E), formed by documents V connected 
through links E. In this context, an HTML page can be modeled as a 
hypertext node featuring hypertext in-links (i.e., anchors) and outgoing 
links which are considered into the ranking algorithm.  

c. Concept-Based Document Modeling: Latent Semantic Indexing 

The Latent Semantic Indexing (LSI) technique illustrates a further 
extension of the document model, toward a representation based on concepts 
and semantic relations between index terms. 

The idea of LSI [Dumais, 1993] is to represent a document through 
concepts, rather than through index terms. The technique assumes there is 
some hidden structure in using the terms included in a collection of 
documents: the topic addressed by a text is more associated with the 
concepts that are used to describe it rather than with the terms actually used.  

The high dimensional space formed by all the m index terms of a 
document collection, ITD  {t1, t2, . . . , tm}, is mapped by means of Linear 
Algebra techniques into a lower dimensionality space Sn, with n << m, where 
every component sj represents a concept. This can be obtained by clustering 
the terms ti into sets sj , to form a sort of association by concepts. The pre-
defined relations between concepts could be used for this. 

It should be pointed out that, broadly speaking, the result of LSI 
techniques cannot be interpreted from a linguistic viewpoint. Such a result has 
a purely mathematical value.  

Starting from the term-document matrix Amxn, the most popular 
technique used to reveal these hidden relations between terms is the 
mathematical technique called Singular Value Decomposition (SVD) [Golub & 
Loan, 1989], [Sarwar et al., 2002]. Given a matrix Amxn, where m  n and 
rank(A) = r, the SVD of matrix A is defined as follows: 

A = U    V T    
where U is a matrix m x r orthonormal (UT  U = Ir), V is a matrix n x r 

orthonormal (V T  V = Ir),  = diag( 1, 2,. . ., n), with i > 0, 1  i  r and i > 
i+1. The matrix calculus that reduces the space is represented through the 

following notation (see Figure 9): 
Ak = Uk  k  V T

k   
where Uk is a matrix m x k obtained by taking the first k columns from 

U, Vk is a matrix n x k obtained by taking the first columns from V , k is a 
matrix k x k obtained from the first k values of the diagonal of . The 
reconstructed matrix Ak is a rank-k matrix that is the closest approximation to 
the original matrix A. More specifically, Ak minimizes the Frobenius norm  
||A  Ak||F over all rank-k matrices. 
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Figure 9: Singular Value Decomposition method 

Thus, the rank of matrix A is reduced to k which intuitively represents 
the measure of the overall number of concepts that are to be found in the 
several documents. 

d. AI-based Document Representation 

Some methods for document indexing based on the artificial 
intelligence techniques were established: Artificial Neural Networks, Semantic 
Networks or Bayesian Networks. The document is modeled through a richer 
and more complex knowledge representation of the domain, even though it 
sometimes entails a higher computational effort. Because is more related to 
our approach, we will briefly expose the semantic networks technique. 

A Semantic Network (SN) is formed by a directed graph, whose nodes 
are connected by arcs representing the binary relations between them, such 
as relations is-a and part-of. A domain taxonomy such as ACM could be 
considered a SN, as well as the WordNet44 synsets (synonym sets composed 
by nouns, verbs, adjectives and adverbs). Synsets are linked by different 
semantic relations and organized in hierarchies, as a semantic network. 

[Baziz et al., 2005] present a system which adopts a document 
conceptual indexing method based on WordNet. The document is mapped on 
the Wordnet and converted from a set of terms to a set of concepts (Concept 
Detection phase). The extracted concepts (single or multi-words) are then 
weighted as in the classical index term case, using a combination between 
TFxIDF weighting and Okapi BM25 Weighting.  

Some other systems also adopt SN for document indexing, such as 
SiteIF [Magnini & Strapparava, 2004] or the WIFS system [Micarelli et al., 
2007b] .  

2.4.3.2 Textual Document Indexing Proposed Technique 

Coming back to the e-learning use case, let us consider the general 
case of learning objects available into PDF or HTML format, in which the titles 
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and hyperlinks could be automatically located. We expose below a solution for 
automatically generating the ontology-based LO annotations inside the 
Classification category, by adapting some existing Web information retrieval 
techniques. We remind the form of aimed annotations: 

<Classification> 
   <Purpose> discipline </Purpose> 
   <TaxonPath relationType=”isOnTopic” weight=”0.33”  
              userType=”intermediate”> 
      <Source> (“en”, “ACM”) </Source> 
      <Taxon> <id>I.2.6.5</id> 
         <entry> ("en","Knowledge Aquisition") </entry> 
      </Taxon> 
   </TaxonPath> 
</Classification> 
Aimed annotations will be expressed in RDF, according the RDFS 

class organization exposed in Section 2.4.3. 
In order to generate the three relation types between the document and 

the domain ontology concepts, the document is distributed in three classes: 
1. The document title and subtitles (headings) will be considered for the 

isOnTopic relation; 
2. The external hyperlinks encountered in the document body and the 

bibliographical references will be processed for the generation of the 
makesReferenceTo relation; 

3. The document body (the rest of the document) will be processed in 
order to obtain usesTheConcept relation. 
As we exposed, the existing Web information retrieval (Web-IR) 

techniques consider a larger number of classes, corresponding to twelve 
categories [Molinari et al., 2003] or six categories [Cutler et al., 1997] of HTML 
tags. We selected only these 3 classes which are relevant for our considered 
relations (also especially conceived for the three document fragment types). 

Each of the three document classes are processed separately in order 
to be mapped to the set of concepts provided by the current ontology. The 
concepts already mapped to a class will be no more considered for the other 
classes.  

Assuming all the documents are in English, first, for each document 
class, the term vector weights are computed from the term frequency (TF) 
divided by total number of terms, representing the normalized frequency in 
which a word appears within a document. Few dimensionality reduction 
techniques are used in order to decrease the number of dimensions of the 
term vectors. Porter stemming [Porter, 1980] is used to remove term suffixes 
and the Epnet stop list is used to remove very common words like “the” and 
“or”. Term frequencies below 2 are also removed. 

For representing a document through concepts rather than through 
index terms, as in term-based classical information retrieval, the Latent 
Semantic Indexing techniques [Dumais, 1993] is applied: first the matrix of 
terms frequency is built, and then the matrix of concepts frequency is 
obtained, by applying the Singular Value Decomposition technique [Golub & 
Loan, 1989], [Sarwar et al., 2002], [Micarelli et al., 2007b].  
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Thus, for each of the above mentioned three document classes, the 
corresponding set of concepts is obtained, together with their weights. 

For illustrating the above exposed techniques, let us consider as 
example the following text, extracted from the Springer web site: 

“Benefit from attractive savings on Springer books by signing up for 
Springer s free new book e-mail notification service. New title info, news and 
special announcements: with Springer Alerts it pays to be informed.” 

After the stop-words removal phase, the above text becomes: “Benefit 
attractive savings Springer books signing Springer book e-mail notification 
service title info special announcements Springer Alerts pays informed”. 

In the stemming phase, the following stemmed terms are obtained from 
the previous text: benefit, attract, save, springer, book, sign, springer, book, 
email, notif, servic, titl, info, special, announc, springer, alert, pai, inform. 

It could be observed that the majority of stemmed terms appear only 
once in the document, except springer (with the frequency 3) and book (with 
the frequency 2). 

In order to compute the weight of each term inside the document, the 
entire document collection is necessary. Let us consider a three documents 
collection (d1, d2, d3), including the terms below (indexed according ITD - 
Index Term Database) with the following frequencies: 

ITD Terms d1 d2 d3 
t1 benef 1.0 1.0 3.0 
t2 attract 1.0 1.0 0.0 
t3 sav 1.0 1.0 0.0 
t4 springer 1.0 3.0 0.0 
t5 book 1.0 2.0 1.0 

Table 2: Frequencies of the terms encountered in a three documents collection  

After applying the TFxIDF Weighting depicted in the formula (2.4), the 
corresponding term weights are obtained, and each document could be 
represented as a vector of such weights. The result is a matrix A3x5: 

Document w1 w2 w3 w4 w5 
d1 0.176 0.176 0.176 0.176 0.176 
d2 0.176 0.176 0.176 0.528 0.352 
d3 0.528 0.000 0.000 0.000 0.176 

The rank of this matrix is r=3 (the maximum number of independent 
rows or columns). After applying the Singular Value Decomposition algorithm 
with the support of Jama library45 to the matrix A (see the section 2.4.3.1.c), 
the matrix A is decomposed in  

A = U    V T    
where U is a matrix 3 x 3 orthonormal (UT  U = I3), V is a matrix 5 x 3 

orthonormal (V T  V = I3),  = diag( 1, 2, 3), with i > 0, 1  i  3 and i > i+1. 
In the case above, the obtained diagonal matrix is:  

 = diag(2.41, 1.73, 1.10) 
The decomposed matrix A should be further reduced to a smaller 

dimension, k, through a projection technique is known as folding-in. The 
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reconstructed matrix Ak is a rank-k matrix that is the closest approximation to 
the original matrix A. In general, the choice of k is established through multiple 
tests, according to the specific problem. 

The dimension reduction could start from the dimension of this 
diagonal matrix, in function of how many concepts we intent to map with our 
documents (instead of their terms). If we have only two concepts, then will 
consider only  = diag(2.41, 1.73). In this case, k=2 (see Figure 9), and the 
formula Ak = Uk  k  V T

k leads to the following values for the matrix A: 
 

A =

1.3457 1.3518

1.0762 0.0000

1.6799 1.0828

 

 

 
 
 

 

 

 
 
 
 

Each matrix row corresponds to a document and includes the weighs 
of each of the two concepts in the document.  
• The corresponding relations isOnTopic and makesReferenceTo are 

generated based on the first two categories, storing also the concept 
weights. 

• The concepts belonging to the document body are used for generating the 
third category - usesTheConcept. 

 
The main issue of the previous presented approach is the mapping 

process of the keyword-based document representation to concepts: what 
keywords correspond to a certain concept? In the exposed technique, we 
supposed a manual assignment of the concepts to the columns of the matrix 
A in the final form. Nevertheless, the issue was addressed ([Baziz et al., 
2005], [Kotis & Vouros, 2006]) with the support of the WordNet46 ontology: 
concepts are organized here into taxonomies where each node is a set of 
synonyms (called synset) representing a single sense. Several semantic 
relationships between nodes are defined, denoting generalization, 
specialization, composition links, etc. For our purpose, the concept hierarchy 
determined by the ISA relation provides enough support. 

The solution for locating the concepts inside a document and 
computing their frequency consists in building the concept semantic cluster 
using the Wordnet relations, and then in computing each cluster frequency 
using information retrieval techniques. First, the keywords are extracted and 
the vectors of keywords weights are built for each document (obtaining the 
initial form of the matrix A), as described above. The keywords are then 
projected onto WordNet. For this purpose, the Wordnet API included into 
lucene Java-based application including algorithms for textual documents 
string-based searches and indexation47. As these keywords could appear in 
different synsets, a disambiguation process should be developed in the future 
(for the moment, it was accomplished manually). The matrix of concept 
weights is then built: the weight of each concept is the sum of the 
corresponding keywords weights. 
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The particularity of the exposed indexing technique does not concern 
the processing algorithms (which are assumed from the classical document 
processing techniques), but the idea of differentiate processing the different 
parts of the document in order to generate semantic differentiated 
annotations. 

2.4.3.3 Multimedia Documents Semantic Indexing Techniques 

From the representational point of view, the main goal of transforming 
multimedia materials into machine-compatible content is ensured both by the 
Semantic Web activity of the Web Consortium, and by the ISO s efforts in the 
direction of complex media content modeling, in particular the Multimedia 
Content Description Interface (MPEG-7). As we exposed in Section 2.4.1, a 
solution for unifying the two directions could consist into a semantic Web 
approach which making use of the schemata developed in MPEG-7 as third-
party specifications. Multiple MPEG-7 translations into RDF and OWL were 
developed, as well as translations of the MPEG visual part into RDF and OWL 
(Hausenblas et al. 2007). The difficulty consists in developing such 
multimedia semantic models. 

The existing multimedia indexing algorithms could be classified 
according their goal as algorithms for feature extraction, clustering / 
segmentation, object descriptor extraction, object recognition [Chen et al., 
2002]. The Large-Scale Concept Ontology for Multimedia (LSCOM)48 
organizes more than 800 visual concepts for which extraction algorithms are 
known to exist.  

The main problem encountered in the multimedia indexing is the 
problem of bridging the “semantic gap” between low-level multimedia features 
and high-level concepts. It is not easy to associate a multimedia document 
with an ontology concept since low-level features do not encapsulate the high-
level semantics of a document. Developing systems to extract rich semantic 
descriptions from low-level image features automatically (using content 
analysis, prior knowledge, machine learning etc) poses a monumental 
challenge and in the general case is far from being achieved. 

Of course, it is possible to manually annotate the multimedia 
documents (image, video, audio) with textual description (ideally, ontology 
concepts). Despite the fact that it is not so comfortable, this method was 
succesfully adopted in many social Web applications dealing with large 
multimedia document collections, such as Flickr or YouTube49. It could also be 
a solution for multimedia learning objects, since the teachers spend long time 
for their development. The main issue remains still the difficulty to keep the 
consistency of the annotations.  

However, some automatic techniques for indexing the semantic 
contents of multimedia data were established. The general idea is to provide 
the system with a rule base or a knowledge base where knowledge or rules 
are used to extract features from the raw data, to match content, to analyze 
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 LSCOM project: http://www.ee.columbia.edu/dvmm/lscom/; LSCOM ontology: 
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queries, and so forth. This technique involves a first step of multimedia 
automatic indexing. The results are then processed by using the knowledge 
database. 

For example, in [Hsu et al. 1993], a hierarchy for the radiology domain, 
called Type Abstraction Hierarchy (TAH), is developed. The radiological 
shapes and their semantics are conceptualized through hierarchy concepts 
detailed into sets of attribute values.  The knowledge base is targeted to the 
evaluation of shapes and spatial relationships of the objects (e.g., a tumor). 
The main goal is to improve search efficiency in radiological databases. 

Other approaches make use of knowledge that interprets semantic 
contents in terms of image representations, establishing image features 
specific to the content. In [Ono et al., 1996], the meaning of the image is 
represented by a keyword that is defined with a description of image features 
such as regions of colors and their locations. The semantic contents are 
represented by the spatial composition of the color regions. The hierarchical 
relation between the primitive color regions and the semantic contents is 
captured in a state transition model.  

The maintenance of a knowledge base raises also the problem of 
keeping it semantically consistent with the multimedia database schema. 
[Yoshitaka & Ichikawa, 1999] provide a possible solution for this issue: to 
make the knowledge base and the database schema semantically dependent 
on each other by integrating them together with rules that prescribe semantic 
association of one with the other. 

Despite the time consuming inconvenience, the manual annotation 
solution could provide a very good semantic level of metadata associated with 
the multimedia learning objects which to facilitate further operations such as 
information retrieval or access personalization. 

2.4.3.4 Multimedia Documents Proposed Indexing Techniques 

We first expose a very simple model of multimedia materials semantic 
annotation [Brut et al., 2008c] by using the considered domain ontology and 
an existing tool - M-OntoMat-Annotizer50 – which enables the automatic visual 
features extraction, as well as the semantic ontology-based manual 
annotations. 

M-OntoMat-Annotizer provides support for extracting the MPEG-7 
specific multimedia descriptors into XML format and for transforming them into 
RDF descriptor instances (which will be finally linked with the appropriate 
concepts of the selected ontology). Such descriptors are dominant color, 
scalable color, color layout, color structure, texture browsing, edge histogram, 
region shape, contour shape, and homogenous texture. In addition, for video 
documents M-OntoMat-Annotizer enables to select a certain frame or frame 
sequence in order to associate its descriptors with ontology concepts. The 
only restriction is that each domain concept prototype instance could be linked 
to only one extracted visual descriptor of each type. 

For our purposes, we consider that the teachers (educational 
multimedia materials developers) will use the M-OntoMat-Annotizer in order to 
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annotate the video frames/sequences and image regions with the ontology 
concepts. 

Let us suppose for example that we load the iswc.daml ontology51 and 
an image into M-OntoMat-Annotizer. We can create the E-Learning, Modern 
Teaching and Blended Learning instances for the Application_Domain 
concept. If we associate, for instance, the Blended Learning instance to a 
certain region of the image a RDF description will be generated as result, 
including the following fragment: 

<vdoext:Prototype rdf:about="http://www.acemedia.org 
     /ontologies/VDO-EXT#Blended Learning"> 
  <rdf:type rdf:resource="http://annotation.semanticweb.org 
        /iswc/iswc.daml#Application_Domain"/> 
… 
</vdoext:Prototype> 

 

 
Figure 10: Using M-Onto-Annotazier for multimedia annotation 

The effective values of the created instances (referred to through their 
URLs) are stored in separate XML files, in MPEG-7 standard format. For 
example, the RegionShape.xml file contains information about the image 
region localization: 

<?xml version="1.0" encoding="ISO-8859-1" ?>  
   <Mpeg7 xmlns="http://www.mpeg7.org/2001 
/MPEG-7_Schema" xmlns:xsi="http://www.w3.org 
/2000/10/XMLSchema-instance"> 
   <DescriptionUnit  
        xsi:type="DescriptorCollectionType"> 
     <Descriptor xsi:type="RegionShapeType"> 
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        <MagnitudeOfART> 
         14 15 11 12 14 14 11 12 13 8 9 15 9 12 12 4  
         10 12 10 3 11 9 8 11 5 5 10 7 4 12 8 5 12 8 5 
        </MagnitudeOfART>  
   </Descriptor> 
  </DescriptionUnit> 
  </Mpeg7> 
This file could be considered a separate learning object, and the initial 

learning object could be associated with such smaller materials. The first 
(semantic) description of the image region could be parsed in order to be 
integrated into an educational metadata repository, inside the Classification 
section of the IEEE/LOM standard, as describe above: 

<Classification> 
   <Purpose> competency </Purpose> 
   <TaxonPath> 
      <Source> (“en”, “ISWC”) </Source> 
      <Taxon> <id>I.2.6.5</id> 
      <entry> ("en","Application Domain")    
               </entry> 
      <instance>Blended Learning </instance> 
      </Taxon> 
   </TaxonPath> 
</Classification> 
Thus, by using the M-Onto-Annotizer tool and a conversion operation, 

a multimedia learning object could be described according to IEEE/LOM 
standard and also could gain ontology-based semantic annotations. 

A more complex solution for multimedia semantic indexing concern two 
main issues: 

 What indexing algorithms to apply in order to annotate 
multimedia documents about an abstract concept such as “Knowledge 
management” or “Graph theory”; 

 How to combine various multimedia indexing algorithms in order 
to enable complex queries such “locate the video files where Tim Berners 
Lee speaks in the Congress Hall about the semantic Web” (which involves 
an enchainment of multiple algorithms such as the recognition of Tim 
Berners Lee, a crowd of people, the Congress Hall, English Language 
detection, words recognition etc.). 

For addressing the first issue, our solution concerns the development 
of a knowledge database including particular sample images for each 
ontology concept: schemes, figures, formulas. The multimedia indexing 
involves in this case the sample images recognition and then concept 
correlation. In the audio documents case, where this solution is not applicable, 
the speech recognition algorithms together with a WordNet base clustering 
approach could lead to a concept-based annotation. 

The second issue is more complex because the query should be 
converted into a sequence of compatible algorithms to be applied: an 
algorithm output should match the following algorithm input. Our idea, adopted 
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in the LINDO ITEA 2 project52, is to organize the algorithms and their 
corresponding multimedia types and features into a taxonomy, in order to 
easy retrieve a certain algorithm type. For verifying the compatibility between 
algorithms to be enchained, the detailed description of each algorithm could 
be performed based on a general ontology for algorithms, where the first 
taxonomy could be referred for the extractor classification and multimedia 
description purposes. 

Before describing the algorithms structure, we established the following 
structure for metadata to be associated with the multimedia objects: 

 generic metadata (common for all multimedia types)  
 media-specific metadata. These metadata are automatically 

generated: they are written directly into the file in the moment of 
multimedia object creation. E.G.: EXIF metadata are provided by a digital 
camera when taking photos. 

 semantic metadata – describing the multimedia content. 
The algorithms taxonomy could be developed from the scratch, by 

following the algorithms classification presented in [Chen et al., 2002]: 
- Text: 

 Term frequencies 
 HTML tags + term frequencies 
 concept-base indexing 

- Images: 
 Feature extraction 
 Clustering/Segmentation 
 Object descriptor extraction 
 Object recognition. 

- Audio:  
 Segmentation (splitting an audio signal into intervals, minding 

the semantics or the sound source composition) 
 Classification (categorizing audio segments according to 

predefined semantic classes, such as speech, music, silences, 
background noise, and further sub-classes) 

 Retrieval by content (using similarity measures, to retrieve audio 
items that perceptually or semantically match the query) 
- Video: 

 Detection of: content type, shot-boundaries, audio keywords, 
textual keywords, and close-caption text keywords 

 Sequence Segmentation 
 Content Segmentation 
 Motion Detection 
 Object Tracking 
 Object Recognition Approaches 
 Key Frames Extraction 
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The visual concepts from the LSCOM ontology53 could be used when 
referring to a certain feature identified by an algorithm: 

<concept id=”226” name=”Building”> 
<definition>Shots of an exterior of a building</definition> 

</concept> 

 
Figure 11: Ontology of Multimedia Indexing Algorithms 

For combining various algorithms in order to obtain a refined indexing, 
the algorithm ontology proposed in [Tzouvaras et al., 2007] could be adapted 
(see Figure 11), enabling to record and describe available algorithms for 
application to image analysis. A similar ontology is also suitable for video and 
audio indexing algorithms description, in our context purposes: in order to 
enchain certain algorithms, we have to know their input and output formats, 
their preconditions and effects: 

a) input: it is always a multimedia object, but it should be 
accompanied by some information into a metadata generic format: 
filename, location, title, author ; 

 
b) output: could be a multimedia object, but also a numeric, Boolean 

or string value. As format, the output will consist in the metadata 
elements describing  the indexation result. 

c) precondition: the constraints for applying the current extractor: 
conditions to be fulfilled by the multimedia object description 
(metadata). The pre-condition could be used for defining the 
extractors cascade. 
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d) effect: should be mentioned, for example, when the multimedia 
object suffers an alteration, such as the image color segmentation. 

 
 The algorithm type specification will refer to the previous exposed 

algorithm taxonomy (see Figure 12) Such ontology is useful for gaining an 
uniform description of the algorithms and for defining algorithms combination 
rules. 

 
Figure 12Ontology for describing the multimedia indexing algorithms 

For the example query mentioned above (“locate the video files where 
Tim Berners Lee speaks in the Congress Hall about the semantic Web”), the 
enchainment of indexing algorithm to apply will respect the following 
constraints: 

 First the algorithm for recognition of the Tim Berners-Lee face 
will be applied for a series of candidate video objects as input; the output 
will be Boolean; 

 The algorithm for Congress Hall recognition will be further 
applied to a selection of some previous video files as input; the 
precondition for applying this algorithm to a video file consists in 
demanding to previously be returned the result 1 (true) by the first 
algorithm; the output will be also Boolean (1 meaning the Congress Hall 
was recognized); 

  The algorithm of crowd detection will be applied also to the 
filtered video files according a similar precondition, and providing a similar 
result; 

 The algorithm for Tim Berners Lee s voice detection will be also 
further considered, with a Boolean value as result; 

 Only for the video sequences which gained the result 1 (true) in 
all the above algorithms, further the algorithm of English words recognition 
will be applied, returning the Tim Berners Lee s discourse as a list of 
recognized words. 

The architecture of a system that performs a such duty should consider 
a set of implicit extractors used for indexing a new multimedia object .These 
implicit extractors are extracted from the general extractor collection, and the 
sequence for their application is established according to the rules of extractor 
cascading, existing in the rules collection. The obtained metadata are added 
to the metadata general collection: 
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Figure 13 Adding and indexing a new multimedia object 

When a user query is deployed, the correspondence between the 
indexation module and the query module is accomplished through a matching 
process between the content representation (the metadata format) and the 
query representation (which should be converted and transmit in the same 
metadata format): 

 The indexation module develop a metadata collection by 
applying the implicit extractors to each multimedia object (when the object 
is included in the multimedia collection – see 3.a); 

 The querying module convert the user query into a format 
according to the metadata format. 

The matching result constitutes in fact the query result. The querying 
module should accomplish the results ranking and should transmit if the 
results are or not acceptable (pertinent). 

If the results are not pertinent, the indexation module should 
accomplish a new multimedia objects indexation, by using additional 
extractors. This process consists in some steps: 

 Analyze the query representation (which respect the metadata 
generic format) in order to establish the list of additional extractors 
necessary to be applied.   

 Consult the collection of rules  for extractors chain-coupling in 
order to establish the cascade for the previous extractors list. 

 Analyze the query representation in order to obtain some 
information on multimedia objects which should be indexed with the new 
extractors (for example, the multimedia objects from a certain local node, a 
certain period, a certain author etc.) 

 Extract the multimedia objects sub-collection corresponding to 
this information; 
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 Index this collection based on the previous established 
extractors cascade. 

 
Figure 14 The architecture of the multimedia indexation and query modules 

2.5 Conclusions 

The information, the resources, and the people inside an E-Learning 
system should be accessible and connected. For this purpose, a consistent 
knowledge management system and a strong user community support are 
necessary. The semantic Web approach of the e-learning incorporates both 
challenges, providing techniques for addressing them. 

We provided a possible framework based on ontologies and Semantic 
Web standards, which facilitates the learning objects  content understanding 
by the Web applications. Our solution considered the annotation of Learning 
Objects by using the Web semantic metadata standards most suitable for the 
specific content, and also by using some suitable education specific 
ontologies. 

Despite our proposal seems to involve a LOs  overcharging with 
metadata, the well-defined metadata typology make their processing a simple 
issue: when certain information is searched (e.g. a new deployed material), 
only the corresponding typed metadata are selected (for example, RSS 
information).  

In the next chapter we present various approaches to personalization 
in the general framework of the adaptive hypermedia systems. Our goal is to 
discuss how the presented user and document models could be used in such 
approaches. 
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3. Approaches to Personalization 

3.1 Categories of Personalization Systems 

Automatic personalization implies that the user profiles are created, 
and potentially updated, automatically by the system, with minimal explicit 
control by the user, in order to be delivered a customized content to the user. 

Personalized systems differ not only in the algorithms used to generate 
recommendations or make prediction, but also in the manner in which user 
profiles are built using this underlying data. Adopted personalization technique 
depends essentially on application domain.  

From an architectural and algorithmic point of view, there exist three 
basic categories of personalization systems [Baldoni et al., 2005]: 

o rule-based filtering systems 
o content-based filtering systems 
o collaborative filtering systems. 

Rule-based and content-based personalization systems generally build 
an individual model of user interests. In collaborative filtering, the system not 
only uses the profile for the active user but also maintains a database of other 
users  profiles, such having the possibility for detecting the user-to-user 
similarities. In the Web 2.0 age, often a social Web application maintains its 
own profiles  database, but also uses the other social network databases of 
user profiles. For example, the Flickr.com user profile include user  Yahoo 
profile, and the Google account enable the access to YouTube, Delicious and 
many other user profiles. Thus, user similarities gain a new dimension. 

Approaches to personalization can be also classified based on whether 
these approaches have been developed to run on the client side or on the 
server-side:  

 On the client side, the only available data is about the individual 
user and hence the only approach possible on the client side is individual. 
On the server side, the business has the ability to collect data on all its 
visitors and hence both individual and collaborative approaches can be 
applied.  

 On the other hand, server side approaches generally only have 
access to interactions of users with content on their Web site while client 
side approaches can access data on the individual s interaction with 
multiple Web sites.  

3.1.1 Rule-Based Personalization Systems 

Rule-based filtering systems rely on manually or automatically 
generated decision rules that are used to recommend items to users.  

Manual rule-based systems allow Web site administrators to specify 
rules using a certain formalism, often based on demographic, psychographic, 
or other personal characteristics of users. The rules are used to establish the 
content served to a user whose profile satisfies one or more rule conditions. 
The manual rule-based systems have to address a difficult knowledge 
engineering problem by demanding system designers to construct a rule base 
in accordance to the specific characteristics of the domain or market research.  
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The user profiles are generally obtained through explicit interactions with 
users.  

Some research has focused on machine learning techniques for 
classifying users into one of several categories based on their demographic 
attributes, and therefore, automatically derive decision rules that can be used 
for personalization [Pazzani, 1999].  

The primary drawbacks of rule-based filtering techniques is related to 
the methods used by the generation of user profiles: the input is usually the 
subjective description of users or their interests by the users themselves. 
Furthermore, the profiles are often static, and thus the system performance 
degrades over time as the profiles age increases. A possible solution should 
be the usage of adaptive rules, used to establish different functionalities not 
only depending the user type, but also the user activity and the changes in 
his/her interests. 

3.1.2 Content-Based Filtering Systems  

In Content-based filtering systems [Pazzani & Billsus, 2007], a user 
profile represents the content descriptions of items in which that user has 
previously expressed interest. The content descriptions of items is 
represented by a set of features or attributes that characterize that item.  

The personalization generation task in such systems usually involves 
the comparison of extracted features from unseen or unrated items with 
content descriptions in the user profile. Items that are considered sufficiently 
similar to the user profile are recommended to the user.  

Examples of early personalized agents using this approach include 
Letizia [Lieberman, 1995], Personal WebWatcher [Mladeni , 1998], Syskill 
and Webert [Pazzani & Billsus, 1997].  

The primary drawback of content-based filtering systems is their 
tendency to overspecialize the item selection since profiles are solely based 
on the user s previous rating of items.  

  

3.1.3 Collaborative Filtering Systems 

Collaborative filtering [Schafer et al., 2007] generally involves matching 
the ratings of a current user for objects (e.g., textual and multimedia 
documents, or products) with the ones of similar users (nearest neighbors) in 
order to produce personalized access or recommendations for objects not yet 
rated or seen by an active user.  

The limitations of the collaborative filtering techniques concern the lack 
of scalability when the number of users and items increase: for considering 
them into personalization functionalities, latency is encountered until new 
users increase their activity and new items are rated.  

In the context of the actual social Web applications, the collaborative 
filtering became the most important issue, since the community activity is 
essential for enhancing the particular user experience. Due to the large size of 
a social Web community (e.g. YouTube) and the access to the related 
communities to which user belongs (e.g. Flickr, Delicious, etc.), the 
information about a new user could be obtained from his other community 
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profiles. The main problem consists in ranking the resources of possible 
interest for him, since a lot of similar users will be available. 

A number of optimization strategies have been proposed and 
employed to remedy these shortcomings [Sarwar et al., 2001]: 

o similarity indexing: to compute the similarity between items, based on 
user ratings of these items; 

o dimensionality reduction to reduce real-time search costs and remedy 
the sparsity problems;  

o offline clustering of user records, allowing the online component of the 
system to search only within a matching cluster of items (selected 
according the ratings of similar users).  
We will provide a deeper overview of these methods in the particular 

context of the recommender systems. 

3.2 Paradigms for Personalized Information Access  

 
Users could undertake three information access paradigms in order to 

retrieve particular information inside a hypermedia system: searching by 
surfing (or browsing), searching by query and recommendation [Micarelli et 
al., 2007a]: 

 Recommendation-based systems suggest items, such as 
documents, movies, music or products, analyzing what the users with 
similar tastes have chosen in the past.  

 In searching by surfing, users surf through pages sequentially, 
following hyperlinks. This approach is not suitable for locating a specific 
piece of information. Even the most detailed and organized catalogs of 
Web sites, such as Yahoo! Directory54 and the Open Directory Project55, do 
not always allow users to quickly locate the pages of interest.  

 Searching by querying access paradigm involves querying a 
search engine, which usually implements a classic Information Retrieval 
(IR) model wherein documents and information needs are processed and 
converted into ad-hoc representations. These representations are then 
used as the inputs to some similarity function that produces the document 
result list  

All these paradigms are assumed by the current social Web 
applications: a Twine, YouTube, Flickr, or Google account provides 
dynamically the user with recommendation as he/she uses the system, 
enables him/her to browse and also to provide queries in order to locate the 
materials of interest. 

The usual behavior of users when searching for a certain piece of 
information is to combine query-based search with browsing, trying to adapt 
the search functionality to their particular needs. For this reason, sophisticated 
search techniques are required, enabling search engines to operate more 
accurately for the specific user, abandoning the “one-size-fits-all” method.  
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Personalized search aims to build systems that provide individualized 
collections of pages to the user, based on some form of model representing 
their needs and the context of their activities. Given a particular query, the 
results are tailored to the preferences, tastes, backgrounds and knowledge of 
the user who expressed it.  

A strongly related topic is Focused Crawling: unlike a standard crawler, 
which traverses the Web downloading all the documents it comes across, a 
focused crawler is developed to retrieve documents related to a given set of 
interest topics (possibly organized into a taxonomy or an ontology), reducing 
the network and computational resources. User queries can be further related 
to subsets of taxonomy classes, and the results can be enhanced by means 
of relevant feedback.  

We will present a short overview of the personalized search technique 
before detailing the problems involved by the recommendation systems. 

3.2.1 Personalization Approaches for Personalized Search 

 
A possible organization of the Personalized Search on the Web 

approaches is shown in Figure 15, where the personalization approaches are 
arranged by distinction between content and collaborative filtering. Obviously, 
it is possible to develop systems where more than one search approach is 
properly combined and implemented. 

 

 
 

Figure 15: Principal personalization approaches arranged by content/collaborative-
based distinction, according [Micarelli et al., 2007a] 
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The first two approaches are based on implicit feedback techniques. 
Client-side software captures user interaction and information, such as 
browsed pages, edited documents or emails stored on hard drives, which are 
impossible for the search engine itself to collect and analyze. This current 
context is exploited in order to recognize the current user needs, which are 
used to retrieve documents related to the user activities.  

In the personalization limited to the Web Search History, the search 
engines collect and process on server side information such user query 
histories, resources returned in the search results, documents selected by the 
user, plus information such as anchor text, topics related to a given Web 
page, or data such as click through rate, browsing pattern and number of 
page visits.  

When a large number of documents are retrieved for a certain query, 
some search engines include additional factors in their ranking algorithm on 
top of the query/document content similarity used by traditional information 
retrieval techniques. These factors may take into account the popularity 
and/or the authority of a page, in order to assign more accurate scores to the 
resources during the ranking process. Usually those measures are based on 
the Web hypertextual data, which is possible to collect by analyzing the set of 
links between pages [Micarelli et al., 2007b]. 

For evaluating the suitability of the results to the user needs, implicit 
feedback techniques are used, but often they produce much noise. In this 
case, explicit user feedback could be adopted, asking the user to assign a 
preferential vote to a subset of the retrieved results. This type of technique, 
called relevance feedback, usually allows the system to build Rich 
Representations of User Needs which is used to filter the search results. 

Other technique for limiting the number of a query results is the 
Adaptive Result Clustering, which consists of helping the users during their 
search to group the query results into several clusters, each one containing all 
the pages related to the same topic. The clusters are matched against the 
given query, and the best ones are returned as a result, possibly sorted by 
score [Micarelli et al., 2007a].  

Finally, the Collaborative-based search asks the users to rate the query 
results they have analyzed. The new query results are delivered to a particular 
user based on previous ratings by users with similar tastes and preferences.  

In personalized search systems the user modeling component can 
affect the search in three distinct phases, showed in: 

– part of retrieval process: the ranking is a unified process wherein 
user profiles are employed to score Web contents. 

– re-ranking: user profiles take part in a second step, after evaluating 
the corpus ranked via non-personalized scores. 

– query modification: user profiles affect the submitted representation 
of the information needs, e.g., query, modifying or augmenting it.  

 



 70 

 
 

Figure 16: The user profile occurrence in the Personalization process  

 
The first technique is more likely to provide quick query response, 

because the traditional ranking system can be directly adapted to include 
personalization, avoiding repeated or superfluous computations.  

Re-ranking documents technique allows the user to selectively provide 
feed-back to the results suggested by a personalized search system in order 
to increase its precision. This approach is usually implemented on the client-
side, thus can be considerably slow.  

Finally, the developed user profiles could be used to modify the 
representations of the user query before that retrieval takes place.  

Some prototypes provide personalized search combining more than 
one adaptive approach. For example Outride [Adomavicius & Tuzhilin, 2005] 
uses both the browsing history and the current context in order to perform 
personalization, in the form of query modification and result re-ranking. A 
second system, named infoFACTORY [Tasso & Omero, 2002], uses an 
alerting approach trained according to the categories explicitly selected by the 
user.  

After this overview of personalization approaches, we will present 
further an overview of the systems which implement ontology-based retrieval 
mechanisms. 
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3.3 Existing Approaches in Ontology-Oriented Retrieval 
Mechanisms 

As illustrated, the personalized search systems exploit mainly the user 
keyword-based queries, correlating them with the user profile or with the 
taxonomy used in documents  organization. When users and also documents 
are similarly modeled based on ontology concepts (as our modeling approach 
proposes), retrieving documents for a certain user (for personalization 
purposes, including recommendations) means in fact querying documents by 
the ontology concepts included into the user model. For this reason, we 
present at the end of this chapter some existing approaches in accomplishing 
ontology-based querying over documents. 

The ontology capability of enhancing the data semantics for computer 
applications leads them also to a frequent use in annotations and a more 
precise information retrieval. 

In [Paralic & Kostial, 2003] a method is proposed for searching a 
document collection via queries which are constituted by ontology concepts, 
but the ranking algorithm does not consider in fact the relations between 
ontology concepts.  

[Tsinaraki et al., 2003] describe a system with ontology-based 
annotation and retrieval capabilities for managing the audiovisual information. 
After the multimedia segmentation process, the annotations are made by 
specialists, by making reference to some previously selected ontologies, and 
stored in the semantic base. The search mechanism, implemented as an API, 
provide support for semantic queries, based on the some provided search 
templates. 

[Haase et al., 2005b] describes Bibster, a Semantics-Based 
Bibliographic Peer-to-Peer System, which uses ACM ontology together with 
SWRC ontology in order to describe properties of the scientific publications. 
The retrieval mechanism makes also use of a learning ontology, developed on 
the fly, in order to reflect the actual content of the individual users. ACM 
ontology was also used, together with SWEBOK ontology in order to refine the 
e-learning materials annotation [Brase & Nejdl, 2003]. 

 [Kotis & Vouros, 2006] develop an ontology for reformulating and 
storing the user queries in a semantic enriched form; in order to approximate 
the meaning of users  queries each query term is mapped to a Word-Net 
sense. The retrieval mechanism computes the similarity of documents and the 
already constructed query ontology, by using the AUTOMS5 proposed 
method,  which combines lexical, semantic, and structural matching methods. 

In the system proposed by [Hentschel et al., 2007] for annotating the 
images in order to be easily retrieved, the WordNet ontology is used to avoid 
ambiguous annotations, as well as for automated extension of image 
annotations e.g. by synonyms. 

[King et al., 2007] presents METIS, a highly expressive and flexible 
model for media description and classification, that enables the user to define 
customizable media types, metadata attributes, and associations. Media types 
may be arranged in specialization relationships in order to be able to model 
taxonomies. The authors provide as case study the implementation of an 
archive system for research papers and talks in the Computer Science 
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domain, classified according the ACM classification system. The semantic 
annotations are made by the users through a Web annotation interface. 
Scientific resources are thus available for browsing, classification, and 
annotation through the standard METIS Web administration interface. The 
retrieval mechanism is designed based on the R-Tree algorithm. 

The existing retrieval mechanisms try to implement an efficient ranking 
algorithm for the results provided for a certain query. Many ranking methods 
were introduced, based on clever term-based scoring, link analysis, 
evaluation of user traces etc. [Long & Suel, 2005]. See also Section 2.4.3.1. 

3.4 Conclusions 

Personalized access to the information is a general characteristic of the 
adaptive hypermedia systems, which takes a variety of forms. For the 
recommender systems, it deals with selecting the resources which are the 
most suitable to the user, according to his/her current activity and his/her 
already established profile. The information could be considered as a query, 
and the exposed techniques could help in increasing the recommendation 
accuracy. 

Roughly speaking, for our concrete user and document models, to 
perform resources recommendation means to consider the current state of the 
three-layer user profile as a query to be run over the documents  annotations 
database. We exposed some ontology-based query approaches, but the 
complexity of our models makes the adoption of such approaches difficult. 

In order to find a solution to leverage the problem of access to the 
resources, we will focus in the next chapter on the specialized techniques for 
recommendation, referring to possibilities of adopting them into our case. The 
established solution will be exposed further in Chapter 5, and will consist in 
applying successively two recommendation techniques which will filter the 
access to information based on the fingerprints and interest profile, and 
respectively, based on user competences profile and document model. 
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4. Recommender Systems Approaches 
 
The traditional recommendation techniques could be classified 

according to the analyzed and processed information in: content-based, 
collaborative, demographic, utility-based, and knowledge-based 
recommendations [Burke, 2002].  

 Content-based recommendation: exploits information derived 
from document contents, correlating it with the user profile information, in 
order to recommend the most suitable documents.  
We will apply the content-based filtering for documents selection according 
to an interest concept, the documents annotations and user profile. 

 Collaborative recommendations (social information filtering): 
documents/items are recommended to a user according to the “ratings of 
the similar users”, where the similarity is measured based on the user 
profile values. The main problem in this case is the so-called “cold start” 
issue: a critical mass of users is required before the system can make 
recommendations; a new added document/item has no ratings initially, so 
how could be considered for recommendations? Also, for a new user, the 
system has initially little or no information.  
We will apply the collaborative filtering for predicting and recommending to 
the user the next focused concept inside the ontology, according to the 
activity performed by the other users belonging to the same stereotype. 
The cold start issue is solved by assigning a certain weight to the current 
stereotypes  concepts inside the ontology, according to their superposition 
and enchainment. 

 Demographic recommendations – the “ratings of the similar 
users” are considered also in this case,  where the similarity is computed 
upon the demographic data, through a clustering approach. 

 Utility-based recommendations: the users preferences are 
coded by a utility function, which is applied to all the documents/items in 
order to select among them for recommendations. 

 Knowledge-based recommendations: an auxiliary body of 
knowledge is used that describes how items can meet various needs, and 
an inference process is applied in order to match the description of the 
user s needs and to select the most useful items. 

The above described recommendation techniques, specific to the 
classical World Wide Web space, are limited as they require a critical mass of 
data before the adopted machine learning algorithms produce results of 
sufficient quality. A technique to obtain a better performance adopted by 
researchers is to combine recommendation techniques in order to build hybrid 
recommender systems. Amazon.com, recognized as a collaborative 
recommendation system, develops parts of the user s profile as a content-
based profile (e.g. through the feature called “favorites” that represents the 
categories of items preferred by users). 

A significant enhancement of the recommender systems is brought by 
the Semantic Web techniques, as they provide the Web resources (users and 
documents) with a level of comprehensibility for computer applications, by 
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associating them a machine-processable semantics. Ontology-based 
annotations are a major example of such semantics. Thus, the use of a wide 
variety of reasoning techniques is made possible, which could be applied for 
enhancing the personalization quality. 

It must be underlined that all of these reasoning techniques go one 
step beyond the ontology layer because, in fact, pure ontological annotation 
and ontological reasoning techniques (though necessary) are not sufficient to 
produce, in an automatic way, the desired personalization [Baldoni et al., 
2005]. 

Inside an e-learning system, the ontology-based semantic annotations 
of the learning objects could facilitate the localization of certain relations 
between these, based on the ontological relations. In order to recommend 
certain learning objects to a specified user, a representation of the user s 
goals (interests) and competencies is necessary (as our modeling approach 
provides), as well as a supplementary reasoning process to correlate these 
with the knowledge about the learning objects provided by the semantic 
annotations. For such a process, the goal-directed reasoning techniques 
seem particularly suitable [Baldoni et al., 2005].   

We will present further an overview of the content-based, collaborative 
and hybrid recommendation techniques, discuss their suitability to our 
proposed user and document model. In the next chapter a particular 
discussion and solution will be provided for integrating ontology-based 
profiling into a hybrid recommender system. 

4.1 Content-Based Recommender Systems 
Content-based recommendation systems may be used in a variety of 

domains ranging from recommending documents, web pages, news articles, 
restaurants, television programs, and items for sale. Although the details of 
various systems differ, content-based recommendation systems share 
common means for describing the items that may be recommended, means 
for creating a profile of the user that describes the types of items the user 
likes, and means of comparing items to the user profile to determine what to 
recommend. 

Because the details of recommender systems differ, based on the 
items representation, we will enumerate the alternative item representations 
and discuss the recommendation algorithms suited for ontology-based item 
representation. 

4.1.1 Item Representation 

The simplest way of representing items is through structured data such 
a table, where a row is allocated to each item s name and attributes list. For 
example, a restaurant database could include a table with menu description: 
item s name, identifier, cuisine, service, cost, each field having a pre-defined 
list of possible values. The user profile could be easily developed by his 
chosen items – their attribute values illustrate his/her preferences. 

When items are represented through a structured data including 
attributes with free text values (such in the case of Web pages corresponding 
to a restaurant menu presentation), the developed user profile and the 
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provided recommendations accuracy will be characterized by a certain 
probability. 

The most complicated is the case of items represented through 
unstructured data such as unrestricted texts (as in the case of news articles), 
because of the natural language complexity (e.g. polysemous words or 
synonyms) [Pazzani & Billsus, 2007].  

A common approach to deal with unrestricted text items representation 
is to convert the free text to a structured representation, applying the 
document indexing techniques (such as stemming and td*idf representation).  

The drawback of this type of approach consist of the fact that this 
representation does not capture the context in which a word is used. For 
example, a description of a steakhouse might contain the sentence, “there is 
nothing on the menu that a vegetarian would like”: the presence of the word 
vegetarian does not always indicate that a restaurant is vegetarian and the 
absence of the word vegetarian does not always indicate that the restaurant is 
not a vegetarian restaurant (as in the case the description of a vegetarian 
restaurant mention “vegan” rather than vegetarian). 

An improvement of the semantic comprehension is brought by the 
content representation with the support of semantic Web formats exposed in 
the section 2.2: RDF, DCMI, FOAF, RSS, microformats, etc. The ontology-
based resources representation could moreover enhance the semantics due 
to the reasoning support provided by the ontology which could include 
synonym references and could detect the negation marks. 

4.1.2 Techniques for learning a user model 

 
Most recommender systems use a profile of user s interests, composed 

by two main types of information: a model of user s preferences, and a history 
of user interactions with the recommendation system. 

We are focusing on how to use the user navigation history inside 
various classification learning algorithms in order to develop the user interest 
profile. This type of algorithms learns of a model of user s interests, is used to: 

 predict if a certain new item would be of interest for a certain 
user; 

 estimate the probability that a user will like an unseen item (or 
predict the degree of user interest for that item). 

Below are described the main classification algorithms for learning a 
user model. 

4.1.2.1 Decision Tree and Rule Induction 

 
The technique adopted by decision tree learners is to build a decision 

tree by recursively partitioning training data, in our case text documents, into 
subgroups until those subgroups contain only instances of a single class 
[Quinlan, 1986]. 

This technique is suitable for documents represented by structured 
data (such as a table with fields and values, or multi-valued features), and the 
tendency is to base classifications on small trees with as few tests as possible 
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[Pazzani & Billsus, 2007]. For example, in classifying a user access to a 
restaurant menu (structured data), there could be established his/her 
preferred type of meal. A repeated access to “la bonne femme” could be 
considered as a preference for French cuisine.  

As concrete examples, [Kim et al., 2001] describe an application of 
decision trees for personalizing advertisements on Web pages. Also, RIPPER 
[Cohen, 1995] adopts the technique of recursive data partitioning refined by a 
post-pruning algorithm that optimizes the fit of the induced rule set with 
respect to the training data as a whole. It could be applied, for example, for 
classifying the e-mail messages (represented as multi-valued features) into 
user defined categories. 

In our approach, each document has an associated structured data, its 
annotations, including references to some ontology concepts through three 
relation types. The repeated accesses of documents annotated by some 
related concepts could signify a preference for the topic represented by their 
common parent concept. However, the ontology structure is complex enough, 
as well as the annotated concepts combinations, and the decisions should be 
more elaborated than through a decision tree. 

A decision tree approach seems to be suitable for classifying a certain 
document into a stereotype class: the stereotypes corresponding to the main 
document concept are detected first, then the stereotypes corresponding to 
the other document concepts are retained, until a single stereotype is 
obtained. 

4.1.2.2 Nearest Neighbor Methods 

 
Nearest Neighbor methods are suitable for the case in which the 

content documents are implicitly or explicitly labeled through textual 
descriptors (in our case, ontology-based annotations), and their goal is to 
determine the "nearest neighbor" or the k nearest neighbors for a new, 
unlabeled item, by using a similarity function. The class label or numeric score 
for the new item is derived from the class labels of the nearest neighbors.  

The similarity function used by the nearest neighbor algorithm depends 
on the type of data [Salton, 1989]:  

 For structured data (table like), a Euclidean distance metric is 
often used; in this approach, the same feature having a small value in two 
examples is treated the same as that feature having a large value in both 
examples. 

 When using the vector space model (the associated features are 
stored as a vector), the cosine similarity measure is often used. Because 
this measure will have a small value when corresponding features vectors 
have small values, it is appropriate for text when we want two documents 
to be similar when they are about the same topic. 

Among the systems using the nearest neighbor algorithm, we mention 
the Daily Learner system, which creates a model of the user s short term 
interests [Billsus et al., 2002], and Gixo - a personalized news system, which 
uses text similarity as a basis for recommendation. 
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In our case of ontology-annotated set of documents, the nearest 
neighbor method could be applied in order to select the k most suited 
documents which are annotated with a certain concept, but also which are 
close to the previous selected documents and to the user profile. 

4.1.2.3 Relevance Feedback and Rocchio’s Algorithm 

Rocchio s Algorithm belongs to the relevance feedback methods that 
improve the document retrieval accuracy by helping users to incrementally 
refine queries based on previous search results. The users are allowed to 
implicitly or explicitly rate documents returned by the personalization system 
with respect to their information need.  

Rocchio s algorithm [Rocchio, 1971] is applied to the vector space 
model (as in the case of ontology-based annotated documents), and operates 
modification of an initial query through differently weighted prototypes of 
relevant and non-relevant documents. The approach forms two document 
prototypes by taking the vector sum over all relevant and non-relevant 
documents. The following formula summarizes the algorithm formally: 

Qi+1 = Qi +
Di

|Di |
+

rel

Di

|Di |nonrel  
where 

o Qi is the user s query at iteration i; 
o , , and  are parameters that control the influence of the original 

query and the two prototypes on the resulting modified query; 
o Di represents two sets of relevant and non-relevant documents. 

The algorithm s idea is to incrementally move the query vector towards 
clusters of relevant documents and away from irrelevant documents. 

Despite of this intuitive justification for Rocchio s algorithm, there is no 
theoretically motivated basis for the above formula, i.e., neither performance 
nor convergence can be guaranteed. However, empirical experiments have 
demonstrated that the approach leads to significant improvements in retrieval 
performance [Pazzani & Billsus, 2007]. 

With a similar arbitrary efficiency, the Rocchio-based classification 
approach was developed, which is a variation of Rocchio s algorithm in a 
machine learning context, i.e., for learning a user profile from unstructured text 
[Balabanovic & Shoham, 1997], [Pazzani & Billsus, 1997]. The idea is to apply 
a text classifier over the existing documents to establish a set of documents 
classes, represented as through vector sums over documents belonging to 
the same class. The result of the algorithm is a set of weight vectors, whose 
proximity to unlabeled documents can be used to assign class membership. 

The Rocchio s algorithm is useful for dynamically changing the list of 
recommended documents for a certain user and a certain concept: a 
document weight could be illustrated by the ratio between the times document 
was selected (meaning was considered as relevant) and the total 
recommended times. A non-recommended document could have assigned a 
weight equal to 1, in order to increase its chance to be recommended. The 
nearest k neighbors for the current document are established by considering 
also each document weight. 
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We will integrate the Rocchio s algorithm in the technique described in 
Section 5.3.1.2, where a prediction on the next focused concept by the user is 
performed, and the rewards correction is accomplished according the user 
behavior concerning the provided recommendations. 

4.1.2.4 Probabilistic Methods and Naïve Bayes 

The naïve Bayesian classifier is a probabilistic text classification 
approach and is recognized as a well-performing text classification algorithm 
[Duda & Hart, 1973]. 

There are two frequently used formulations of naïve Bayes: the 
multivariate Bernoulli and the multinomial model. Both models assume that 
text documents are generated by an underlying generative model, specifically 
a parameterized mixture model: 

 

P(di, ) = P(c j , )P(di | c j; )
j=1

|c|

 
That means that the probability that a document di belongs to a model 

 is equal with the sum of total probability over all mixture components cj of  
(a class c is parameterized by a disjoint subset of ). 

Once the parameters  have been learned from the training data, the 
posterior probability of class membership given the evidence of a test 
document can be determined according to Bayes  rule: 

P(c j | di; ˆ  ) =
P(c j , ˆ  )P(di | c j; ˆ  )

P(di | ˆ  )  
The multivariate Bernoulli and multinomial models differ in the way 

P(di|cj; ) is estimated from training data. 
The multivariate Bernoulli formulation of naïve Bayes assumes that 

each document is represented as a binary vector over the space of all words 
from a vocabulary V: an element Bit in this vector has the value 1 if the word 
wt appears at least once in the document di. Under the naïve Bayes 
assumption that the probability of each word occurring in a document is 
independent of other words given the class label, P(di|cj; ) can be expressed 
as a simple product: 

P(di,c j; ) = (BitP(wt | c j; ) + (1 Bit )(1 P(wt | c j; )))
t=1

|V |

 
Bayes-optimal estimates for p(wt|cj; ) can be determined by word 

occurrence counting over the data: 

P(wt | c j; ) =

1+ BitP(c j | di)
i=1

|D |

2 + P(c j | di)
i=1

|D |

 
In contrast to the binary document representation of the multivariate 

Bernoulli model, the multinomial formulation of naïve Bayes captures word 
frequency information. This model assumes that documents are generated by 
a sequence of independent trials drawn from a multinomial probability 
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distribution. Again, the naïve Bayes independence assumption allows p(di|cj; 
) to be determined based on individual word probabilities: 

P(di | c j ; ) = P(| di |) P(wt | c j; )
Nit

t=1

|d i |

 
Here, Nit is the number of occurrences of word wt in document di. 

Taking word frequencies into account, maximum likelihood estimates for 
p(wt|cj; ) can be derived from training data: 

P(wt | c j; ) =

1+ NitP(c j | di)
i=1

|D |

|V |+ NisP(c j | di)
i=1

|D |

s=1

|V |

 
The practical experiments show that the multinomial naïve Bayes 

formulation performs better than multivariate Bernoulli model. This effect is 
particularly noticeable for large vocabularies [McCallum & Nigam, 1998] 

The naïve Bayes classifier has been used in several content-based 
recommendation systems including Syskill & Webert [Pazzani & Billsus, 1997] 
or included WebWatcher [Joachims et al., 1997].  

[Belkin & Croft, 1992] observe that the first content-based 
recommendation systems use technology related to information retrieval such 
as tf*idf and Rocchio s method. The user models were often developed based 
on each user s saved query (or a set of saved queries), which illustrate his/her 
interests. The further content-based recommenders had adopted classification 
methods from machine learning domain, such as kNN or naïve Bayes 
approaches. For our modeling approach, since the documents are already 
classified, and moreover the document model is very similar with the user 
model, the most suitable method for recommending documents based on their 
content to a certain user seems to be a kNN-based method. 

In the context of semantic Web applications, instead of the effective 
resources content, the recommenders use their associated metadata: free tag 
developed through the community efforts, microformats, metadata in various 
semantic Web formats (RDFa, DCMI, FOAF, RSS etc.), or even ontology-
based metadata. Without considering the free resources tagging case, our 
approach provides a solution for annotating learning materials with semantic 
Web vocabulary formats, but focused on using ontology-based metadata in 
the recommendation kNN-based algorithm. 

4.2 Collaborative Filtering Recommender Systems 

4.2.1. Introduction 

The recommender systems follow usually a process of gathering 
ratings from users, computing the correlations between pairs of users to 
identify a user s “neighbors” in taste space, and combining the ratings of those 
neighbors to make recommendations. 

Collaborative Filtering is the process of filtering or evaluating items 
using the opinions of other people. Ratings in a collaborative filtering system 
can take a variety of forms [Schafer et al., 2007]: 
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o Scalar ratings can consist of either numerical ratings, such as the 1-5 
stars provided in many systems or ordinal ratings such as strongly 
agree, agree, neutral, disagree, strongly disagree. 

o Binary ratings model choices between agree/disagree or good/bad. 
o Unary ratings can indicate that a user has observed or purchased an 

item, or otherwise rated the item positively. The absence of a rating 
indicates that we have no information relating the user to the item 
(perhaps they purchased the item somewhere else). 
As a formal area of research, collaborative filtering was introduced as a 

consequence of the shift encountered in the nature of the Web text 
repositories: their content bases grew from mostly “official” content, such as 
libraries and corporate document sets, to “informal” content such as 
discussion lists and e-mail archives. In this type of content, it is more difficult 
to precisely locate a certain valuable information because of polysemous 
words and because of the differences in the documents quality.  Because it 
was impossible to obtain a better automated document classification with the 
existing machine learning algorithms, the collaborative filtering appeared as a 
solution to bring the human judgment into the loop.  

4.2.2. Collaborative Filtering Algorithms: Theory and Practice 

 
A first classification of CF algorithms was provided by [Breese et al., 

1998], describing them as separable into two classes:  
 memory based algorithms that require all ratings, items, and 

users be stored in memory  
 model-based algorithms that periodically create a summary of 

ratings patterns offline.  
Pure memory-based models do not scale well for real-world 

applications because of the large amount of information gathered during the 
system usage. Thus, almost all practical algorithms use some form of pre-
computation to reduce run-time complexity. As a result, current practical 
algorithms are either pure model based algorithms or a hybrid of some pre-
computation combined with some ratings data in memory.  

Another classification of collaborative filtering algorithms dissociates 
between:  

 non-probabilistic algorithms, widely used by practitioners; 
 probabilistic algorithms, based on an underlying probabilistic 

model: they represent probability distributions when computing predicted 
ratings or ranked recommendation lists. Probabilistic models have gained 
favor particularly in the machine learning community. 

4.2.2.1 Non-probabilistic Algorithms 

The main non-probabilistic algorithms are: 
 The nearest neighbor algorithms – constitute the most well-

known CF algorithms, differentiated in two main classes: user-based 
nearest neighbor and item-based nearest neighbor.  

 Algorithms that transform or cluster the ratings space to reduce 
the ratings space dimensionality; 
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 Graph-based algorithms [Aggarwal et al., 1999] 
 Neural networks [Billsus & Pazzani, 1998]  
 Rule-mining algorithms [Heckerman et al., 2001]. 

 
User-Based Nearest Neighbor Algorithms 

This type of algorithms are a characteristic of the early collaborative 
recommendation systems. They are based on ratings from similar users, 
named also users neighbors. User-based algorithms generate a prediction for 
an item i by analyzing ratings for i from users in u s neighborhood. A naïve 
approach is to average all neighbors  ratings for item i, as in the following 
equation, where rni is neighbor n s rating for item i: 

 

pred(u,i) =
rnin neighbors(u)

number of neighbors  
Because in reality some members of u s neighborhood have a higher 

level of similarity to u than others, the ratings from users should be weighted 
in order to obtain more accurate predictions. Thus, if userSim(u,n) is a 
measure of the similarity between a target user u and a neighbor n, a 
prediction can be given by the following equation: 

pred(u,i) = userSim(u,n) rnin neighbors(u)  
 
The above equation provides a correct prediction only in case the sum 

of the similarities is equal to 1. In order to eliminate this restriction and obtain 
a generally valuable equation, the prediction is normalized by dividing it by the 
sum of neighbors similiarities: 

pred(u,i) =
userSim(u,n) rnin neighbors(u)

userSim(u,n)
n neighbors(u)  

Another issue is that users can vary in their use of rating scales. For 
example, in a rating scale from 1 to 5, an optimistic user could assign 4 or 5 
stars for his favorite movies, while a pessimistic user could assign 
preponderantly 3 or 4 stars for his most liked movies. In order to compensate 
for rating scale variations, the following equation average adjusts for users  
mean ratings: 

pred(u,i) = r u +
userSim(u,n) (rni r n )n neighbors(u)

userSim(u,n)
n neighbors(u)  

Each collaborative filtering system defines in a certain way the function 
which computes the similarities between two users userSim(u,n). The 
GroupLens system for Usenet newsgroups, one of the first CF systems, 
defined userSim() function in the last equation by using the Pearson 
correlation [Resnick et al., 1994]. The Pearson correlation coefficient is 
calculated by comparing ratings for all items rated by both the target user and 
the neighbor (also known as corated items). If we denote by CRu,n. the set of 
corated items between the users u and n, their similarity could be expressed 
through: 
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userSim(u,n) =
(rui r u)(rni r n )i CRu,n

(rui r u)
2

i CRu ,n

(rni r n )
2

i CRu,n  
In our system case, an item corated by two users represent a concept 

on which both users were focused, namely a concept belonging to each of 
their fingerprints profile. The amount of time a user spent for visiting 
documents annotated with a certain concept is considered as the rating 
attributed by the user to that concept.  

The value of userSim() function based on Pearson correlation ranges 
from 1.0 in case of users with perfect agreement to -1.0 for perfect 
disagreement users. Because the negative user similarities are considered 
not valuable in increasing the prediction accuracy [Herlocker et al., 1999], 
these could be eliminated when the prediction is computed with the previous 
equation. 

The practical use of the Pearson correlation based on the nearest 
neighbor algorithm in the real life collaborative filtering systems has risen 
some challenges which were addressed: 

 Ratings data is often sparse, and pairs of users with few 
coratings are prone to skewed correlations. For example, if users share 
only three corated items, it is very possible for the ratings to match almost 
exactly (a similarity score of 1). These similarities has to be adjusted in 
order to become less important than similarities based on multiple corated 
items, otherwise the skewed neighbors can dominate a user s 
neighborhood; 

The similarity between two users should also be dependent on the 
number of corated concepts (if a user visited 10 concepts and share a single 
visited concept with other user, their similarity should not be so big, despite 
their similar ranking for those concepts). 

 Also, two users agreement about an appreciated item (e.g. a 
universally loved movie) is much less important than agreement for a non-
popular item (such a controversial movie). In order to consider this 
distinction, some user-based algorithms have taken into account the global 
item agreement by including weights inversely proportional to an item s 
popularity when calculating user correlations [Breese et al., 1998]; 

In our system, each concept gains an initial weight according to the 
global stereotypes superposition over the ontology. 

 In order to limit the time spent for prediction calculation, some 
systems have considered not all the users, but only the current user s 
closest k neighbors [Herlocker et al., 1999]; 

 The user s closest k neighbors limitation could lead to a time-
consuming user s perfect neighborhood computation, since it scales 
linearly with the number of users and also ratings. In the big sites as 
Amazon, this is a real problem. Some techniques were developed in order 
to reduce the processing time and memory consumption: 

o Subsampling – involves a subset of users selection prior 
to prediction computation. The neighborhood computation 
time is fixed, and some schemes have been proposed to 
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intelligently choose neighbors in order to achieve virtually 
identical accuracy. 

o Clustering – adopts clustering algorithms to group the 
users [Linden et al., 2003], and nearest neighbors such 
that a certain user can be selected from the most similar 
clusters. Examples of applied clustering algorithm are: k-
means clustering, hierarchical divisive clustering or 
agglomerative clustering. 

In our user modeling approach, the user clustering is prior operated by 
considering the user interests layer as a combination of stereotypes: all the 
students enrolled in the same course have in common the interests consisting 
in the course objectives (which constitute a stereotype), such as belonging to 
the same cluster. Thus, the closest k neighbors limitation will not be 
necessary since each user is enrolled in a limited number of courses, so it 
belongs to a limited number of clusters (stereotypes).  

 
Item-Based Nearest Neighbor Algorithms 

Item-based algorithms generate predictions based on similarities 
between items [Sarwar et al., 2001] not on similarities between users. The 
prediction for an item concerning a certain user is based on user s ratings for 
similar items. Similar items are first selected according the overall ratings, and 
weights are associated to them, according to the similarity degree, such as 
the all weights sum to be equal to 1.0. Then, the weighted rates of the current 
user for the selected items are used to compute his/her current item rating.  

So, the item-based prediction algorithm consists of evaluating the 
prediction for a user u and item i as composed of a weighted sum of the user 
u s ratings for items most similar to i, as is depicted in the following equation: 

pred(u,i) =
itemSim(i, j) ruij ratedItems(u)

itemSim(i, j)
j ratedItems(u)  

The itemSim() function is a measure of item similarity. Average 
correcting is not needed when generating the weighted sum (as in case of 
computing predictions based on user similarities) because the component 
ratings are all from the same target user. 

For expressing the itemSim(i,j), the most popular (and believed to be 
most accurate) similarity metric is the Adjusted-cosine similarity, which is 
computed with respect to RBij, - the set of users who have rated both item i 
and item j: 

itemSim(i, j) =

(rui r u)(ruj r u)u RBij

(rui r u)
2

u RBij

(ruj r u)
2

u RBij  
It could be noticed the closest similarity of the above equation to the 

ones for computing the userSim(i,j) function. In fact, the only difference 
between Adjusted-cosine similarity and Pearson correlation is that the 
average adjusting is performed with respect to the user, not the item. The item 
correlation value ranges from –1.0 to 1.0, as in the user Pearson correlation. 
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In large systems with a large number of users and items, a lot of 
resources could be spent on computing the similarities between all items and 
the rating predictions. In order to avoid this, some techniques were adopted: 

o The total size of the model – which is the square of the number of 
items – could be substantially reduced by storing only correlations for 
item pairs with more than k coratings.  

o Furthermore, [Sarwar et al., 2001] suggest to retain only the top n 
correlations for each item.  

o As in the user algorithm, because certain items pairs could have 
associated fewer coratings comparing to other item pairs, certain 
weights should be associated to item pairs according to their 
popularity. 

o For acquiring the above mentioned dimensionality reduction, 
mathematical techniques such as singular value decomposition 
[Sarwar et al., 2002] and principal component analysis [Goldberg et al., 
2001] require an extremely expensive offline computation step to 
generate the latent dimensional space. Practical implementation of 
these techniques makes generally use of heuristic methods for 
incrementally updating the latent dimensional space without having to 
entirely recompute, such as the folding-in technique for singular value 
decomposition [Deerwester et al., 1990]. 
The comparison of the two methods concluded that item-based nearest 

neighbor algorithms are more accurate in predicting ratings than their user-
based counterparts [Sarwar et al., 2001]. 

In our both user and document ontology-based modeling approaches, 
the users and, respectively, documents clustering are beforehand addressed 
by the underlying models themselves. This is an enormous advantage for 
space/time reduction: the neighbors could be selected among a smallest set 
of candidates. The complexity concerns only the ontology itself. However, the 
trend in semantic Web age is to make use of complex ontologies, organized in 
collections, so the filtering algorithms gain another dimension in their 
complexity. 

4.2.3.2 Probabilistic Algorithms 

Probabilistic collaborative filtering algorithms develop a probability 
distribution representation in order to compute the predicted ratings for a 
certain item or the ranked recommendation lists. 

In order to evaluate the predicted ratings, in general the probability p(r | 
u, i) that, given a user u and a rated item i, the user assigned the item a rating 
of r is computed: this predicted rating is calculated based on: 

o either the most probable rating value; 
o the expected value of r. 

In the second case, the formula for user u s expected rating for item i is 
the following: 

E(r | u,i) = r p(r | u,i)
r  

The most popular collaborative filtering probabilistic algorithms adopt 
Bayesian-network models that derive probabilistic dependencies among users 
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or items. An earlier such algorithm, proposed by [Breese et al., 1998], used a 
method for deriving and applying Bayesian networks based on decision trees 
in order to compactly represent probability tables. 

A separate tree is constructed for every recommendable item: the 
internal nodes are generated based on existing positive/negative user ratings 
for other items. The tree leaves store a probability vector for user's ratings of 
the predicted item. 

The probability vector space involves a large amount of time and space 
consumption in case of huge systems. To avoid this, probabilistic clustering/ 
dimensionality reduction techniques were developed. Probabilistic dimension 
reduction techniques introduce a hidden variable p(z | u) that represents the 
probability that a user belongs to the hidden class z. The probability of user u 
rating item i value r could be calculated with the following formula: 

p(r | u,i) = p(r | i,z)p(z | u)
z  

The corresponding prediction is the expectation of the rating value: 
E(r | u,i) = (r p(r | z,i)p(z | u)

z

)
r  

To estimate the latent classes z, various methods were used such as 
clustering algorithms [Ungar & Foster, 1998] or Gaussian probability 
distribution together with an expectation maximization algorithm [Hofmann, 
2004]. 

In our system, the stereotypes could be viewed as hidden classes: a 
user belongs to multiple stereotypes (according to all courses in which is 
enrolled, for example). In real-time system usage, he/she is focused generally 
on a single such stereotype, which should have assigned a bigger probability. 

One advantage of probabilistic algorithms is that they compute the 
most probable rating, but also compute a likelihood of that rating being correct 
– thus capturing the algorithm s confidence [Schafer et al., 2007]. 

In case of developing a user profile which models more than user 
ratings or actions (as in our model, where the user competences and interests 
are considered), the probability-based predictions seems to be natural: the 
user ratings could be predicted based on this supplementary information. 
Moreover, the stereotype based construction of the interest user layer profile 
enables a simple clustering method. 

 

4.2.3 Practical Concerns and Challenges in Collaborative Filtering 

Regardless of choice of algorithm, real-world CF systems need to 
address several practical problems. 

Adjust for Few Ratings: In each CF systems there are items and users 
with few ratings (also called rarely-rated entities) which can inappropriately 
bias recommendations. Moreover, the new stuff is not rated or has few 
evaluations (cold start issue). Techniques for adjusting recommendations for 
rarely-rated entities include: 

1. Discard rarely-rated entities – Algorithms often only incorporate data 
with greater than k ratings.  
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2. Adjust calculations for rarely-rated entities – by pulling them closer to 
an expected mean. For instance, Pearson similarities for users with few co-
ratings may be adjusted closer to 0. 

3. Incorporate a prior belief – the prior belief that user s ratings will 
generally match a probability distribution p can be incorporated into user 
correlation calculation by including k artificial co-rated items whose ratings are 
independently drawn from p. 

Prediction Versus Recommendation: Prediction and Recommendation 
tasks place different requirements on a CF system. To recommend items, a 
system must be prepared to know about a subset of items, but perhaps not all 
of them. Some algorithms save memory and computation time by taking 
advantage of this [Linden et al., 2003], [Sarwar et al., 2001]. To provide 
predictions for a particular item, a system must store information about every 
item, even rarely rated ones.  

Confidence Metrics: CF systems can supply a confidence metric that 
indicates the support for a particular prediction, which could be adopted by 
some CF in order to: 

 not display predictions with confidence measures below a 
certain threshold; 

 prefer to recommend items with high predictions and low 
confidence instead of items with less-high predictions and high confidence. 

Exploration vs. Exploitation: is it good to recommend items similar to 
those that have been already received positive feedback, or new items where 
the user reaction cannot be predicted? 

4.3. Comparing  Content-Based Recommendation Systems to 
Collaborative Filtering 

Collaborative filtering uses the assumption that people with similar 
taste will rate things similarly. Content-based filtering uses the assumption 
that items with similar objective features will be rated similarly. 

Content-based filtering and collaborative filtering have long been 
viewed as complementary [Adomavicius & Tuzhilin, 2005], each of them being 
suited in particular situations: 

 Content-based filtering can predict relevance for items without 
ratings (e.g., new items, high-turnover items like news articles, web 
pages); collaborative filtering needs ratings for an item in order to predict 
for it.  

 Content-based filtering needs content to analyze. For many 
domains, the content is either scarce (e.g., restaurants and books without 
text reviews available) or it is difficult to obtain and represent that content 
(e.g., movies and music). Collaborative filtering does not require content.  

 A content filtering model can be as complex as the content to 
which it has access. For instance, the complexity will be very low for a 
system containing a very simple structured data (such as genre metadata 
for movies). Contrary, inside of a system containing multimedia data (e.g., 
images, video, or audio), the automatically content extraction is very 
difficult, as has been shown in Section 2.4.3.3.  Even in the case of 
recommending some semantic-enhanced items such as jokes or poems, 
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the word frequency is not enough. Collaborative filtering allows evaluation 
of such features through the users  effort.  

 Content-based filtering may over-specialize. Items that do not 
contain the exact features specified in the interest profile may not get 
recommended even if they are similar (e.g., due to synonymy in keyword 
terms). Researchers generally believe collaborative filtering leads to more 
unexpected or different items that are equally valuable. Some people call 
this property of recommendations novelty or serendipity [Herlocker et al., 
2004]. However, collaborative filtering has also been shown to over-
specialize in some cases [Ziegler et al., 2005].  

[Pazzani and Billsus, 2007] suggest that it is efficient to use simple 
content-based rules to filter the results of other methods such as collaborative 
filtering. For example, even statistically is proven that people who buy dolls 
also buy whisky, however there are some cases when it might be important to 
recommend dolls but not also whisky, such in the applications for children.  

In order to solve the “new item problem” (also called “cold start 
problem”) evolved inside the collaborative filtering systems, a common 
approach is to integrate page characteristics with the user rates and 
judgments [Claypool et al., 1999], [Pazzani, 1999]. Generally, in these 
approaches, keywords (or, more recently, tags or metadata) are extracted 
from the content on the Web site and are used to either index pages by 
content or classify pages into various content categories. In the context of 
personalization, this approach would allow the system to recommend pages 
to a user, not only based on similar users, but also (or alternatively) based on 
the content similarity between these pages and the pages already visited by 
user.  

Such automatic combinations of content and collaborative filtering 
approaches are called hybrid approaches. 

4.4 Hybrid Web Recommender Systems  

 
As we described in the beginning of this chapter, the traditional 

recommendation techniques could be classified according to the information 
analyzed and processed in: content-based, collaborative, demographic, utility-
based, and knowledge-based recommendations [Burke, 2002].  

Each of these techniques has its own strengths and weaknesses. In 
search of a better performance, researchers have combined recommendation 
techniques to build hybrid recommender systems. This section surveys 
different hybridization strategies for developing two-part hybrid recommender 
systems, discussing the correspondent recommendation techniques. 

A hybrid recommender system is a recommender system that 
combines multiple recommendation techniques together to produce its output.  

Theoretically (and practically), it is possible (but not commonly used) to 
hybridize several different techniques of the same type. However, the most 
common are hybrid recommenders that combine information across different 
sources, and that hold the most promise for resolving the cold-start problem.  

Seven most usual types of hybrid recommender systems have been 
identified [Burke, 2007]:  
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1. Weighted: The score of different recommendation components are 
combined numerically; 

2. Switching: The system chooses among recommendation components and 
applies the selected one; 

3. Mixed: Recommendations from different recommenders are presented 
together; 

4. Feature Combination: Features derived from different knowledge sources 
are combined together and given to a single recommendation algorithm; 

5. Feature Augmentation: One recommendation technique is used to 
compute a feature or set of features, which is then part of the input to the 
next technique; 

6. Cascade: Recommenders are given strict priority, with the lower priority 
ones breaking ties in the scoring of the higher ones; 

7. Meta-level: One recommendation technique is applied and produces 
some sort of model, which is then the input used by the next technique. 

4.4. 1 Weighted 

A weighted hybridization technique is used by the movie recommender 
system presented in [Mobasher et al., 2004], which has two components:  
• The first component, using collaborative techniques, identifies similarities 

between rating profiles and makes predictions based on this information.  
• The second component uses simple semantic knowledge about the 

features of movies, compressed dimensionally via latent semantic 
analysis, and recommends movies that are semantically similar to the 
ones the user likes.  

The output of the two components is combined using a linear weighting 
scheme.  

The weighted design for a hybrid system is perhaps the simplest one. 
Each component of the hybrid scores a given item and the scores are 
combined using a linear formula.  

In the training phase, each individual recommender processes the 
training data. Then when a prediction is being generated for a test user, the 
recommenders jointly propose candidates. Candidate generation is necessary 
to identify those items that will be considered.  

The sets of candidates must then be rated jointly. Hybrids differ in how 
sets of candidates are handled. Typically, either the intersection or the union 
of the sets is used. If an intersection is performed, there is the possibility that 
only a small number of candidates will be shared between the candidate sets. 
Each candidate is then rated by the two recommendation components and a 
linear combination of the two scores computed, which becomes the item's 
predicted rating. Candidates are then sorted by the combined score and the 
top items shown to the user.  

Usually empirical means are used to determine the best weights for 
each component. For example, a weighting of 60/40 semantic/collaborative 
was found as producing the greatest accuracy [Burke, 2007]. In general, the 
various components weight are set empirically, and then is determined which 
weightings yield the best ARC (Average Rank of Correct Recommendations) 
value for the training data. 
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4.4.2 Mixed 

In the case of PTV system, which recommends television shows 
[Smyth & Cotter, 2000] based on components (content-based and 
collaborative), because of the sparsity of the ratings and the content space, it 
is difficult to get both recommenders to produce a rating for any given show. 
The applied technique let each of both components to produce their own set 
of recommendations, and the two sets are combined before being shown to 
the user. 

A mixed hybrid presents recommendations of its different components 
side-by-side in a combined list. The challenge in this type of recommender is 
one of presentation: if the lists are to be combined, how are the rankings to be 
integrated? Typical techniques include merging based on predicted rating or 
on recommender confidence. 

4.4.3 Switching  

A switching hybrid is the one that selects a single recommender from 
among its constituents and uses it exclusively for a given recommendation 
situation. For a different profile, a different recommender might be chosen. 
This approach assumes that some reliable criterion is available, on which the 
switching decision is based. The choice of this switching criterion is important.  

An example is NewsDude - a news recommender system [Billsus & 
Pazzani, 2000], which has three recommendation components: a content-
based nearest-neighbor recommender, a collaborative recommender and a 
second content-based algorithm using a naive Bayes classifier. The 
recommenders are ordered. The nearest neighbor technique is used first. If it 
cannot produce a recommendation with high confidence, then the 
collaborative recommender is tried, and then the naive Bayes recommender.  

In the general case, the switching hybrid begins the recommendation 
process by selecting one of its components as appropriate in the current 
situation, based on its switching criteria. Once that choice is made, the 
component that is not chosen has no role in the remaining recommendation 
process. A switching recommender requires a reliable switching criteria. 

4.4.4 Feature Combination 

The idea of feature combination is to inject features of one source 
(such as collaborative recommendation) into an algorithm designed to 
process data using a different source (such a content-based 
recommendation). This means that the input of a recommendation component 
is altered in order to use the data from another knowledge source. In addition 
to the component that actually makes the recommendation, there is also a 
virtual "contributing recommender".  

An example is provided by [Basu et al., 1998], which use the inductive 
rule learner Ripper [Cohen, 1995] to learn content-based rules about user's 
likes and dislikes. They were able to improve the system's performance by 
adding collaborative features, thereby treating a fact like "User1 and User2 
liked Movie X" in the same way that the algorithm treated features like "Actor1 
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and Actor2 starred in Movie X". The content-based recommender works in the 
typical way by building a learned model for each user, but the user rating data 
is combined with the product features. The system has only one 
recommendation component and it works in a content-based way, but the 
content draws from a knowledge source associated with collaborative 
recommendation.  

We intend to apply a collaborative filtering approach in order to 
establish the next focused concept, and then to use this concept in order to 
provide content-based document recommendations. The selected concept 
could be considered as an injected feature. 

4.4.5 Feature Augmentation 

Feature augmentation is a strategy for hybrid recommendation similar 
in some ways to feature combination. Instead of using features drawn from 
the contributing recommender's domain, a feature augmentation hybrid 
generates a new feature for each item by using the recommendation logic of 
the contributing domain. At each step, the contributing recommender 
intercepts the data headed for the actual recommender and augments it with 
its own contribution, not raw features as in the case of feature combination, 
but the result of some computation. As in feature combination, paying 
attention to the knowledge sources and recommendation logic is required.  

An example is presented in [Wilson et al., 2003], where association 
rule mining over the collaborative data is used in order to derive new content 
features for content based recommendation.  

[Melville et al., 2002] introduced the such-called “content-boosted 
collaborative filtering” algorithm, which learns a content-based model over the 
training data and then uses this model to generate ratings for unrated items. 
The content-based recommender uses the features of the items in a profile to 
induce a classifier that fits a particular user. The classifier can then be used to 
rate additional items on the user's behalf, making for a denser and more 
fleshed-out set of ratings, which then become input for a collaborative 
algorithm – we can more precisely describe this as a content-based / 
collaborative feature augmentation hybrid. 

The feature augmentation hybrids show the best performance seen so 
far, particularly where the content-oriented recommenders are contributing to 
the collaborative ones. 

4.4.6 Cascade 

The idea of a cascade hybrid is to create a strictly hierarchical hybrid, 
one in which a weak recommender cannot replace decisions made by a 
stronger one, but can merely refine them. A cascade recommender uses a 
secondary recommender only to break ties in the scoring of the primary one.  

An example is the EntreeC restaurant recommender which was 
created in order to enhance the performance of the knowledge-based Entree 
recommender [Burke, 2002]. Entree had the disadvantage of returning too 
many equally-scored items, which could not be ranked relative to each other. 
The hybrid EntreeC was conceived by adding a collaborative re-ranking of 
only those items with equal scores. 
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4.4.7 Meta-level 

A meta-level hybrid uses a model learned by one recommender as 
input for another. The contributing recommender completely replaces the 
original knowledge source with a learned model that the actual recommender 
uses in its computation. The actual recommender does not work with any raw 
profile data. We can think of this as a type of "change of basis" in the 
recommendation space.  

The weighted associated with the documents: average rank of the 
correct recommendation" or ARC. 

Pazzani [Pazzani, 1999] introduced the term "collaboration through 
content" to refer to the developed restaurant recommender that used the 
naive Bayes technique to build models of user preferences in a content-based 
way. A collaborative step was then performed in which the user profile vectors 
were compared and peer users identified. Another classic example is Fab 
[Balabanovic, 1997], a document recommender that used the same 
"collaboration through content" structure.  

In order to build a good meta-level hybrid, both recommendation 
components must be strong individual performers. 

Our approach adopts a meta-level hybrid recommendation: a 
collaborative filtering approach detects and recommends to the user the next 
focused concept; this is transmitted to the content-based recommender in 
charge of the document selection together with the user competences profile. 
Thus, the user profile is already developed for the second recommender. The 
documents ranking will be influenced only by user selected documents 
(considered as relevant). From this perspective, our approach could be 
considered as “collaboration through ontology”. 

4.4.8 Techniques for Hybrid Recommenders Evaluation 

A comparison between different hybrids should consider the same data 
set. There are few such studies. [Pazzani, 1999] compared both a meta-level 
and a weighted scheme for hybrid recommenders using content, collaborative 
and demographic data. A significant improvement in precision for both hybrid 
techniques was found. [Good et al., 1999] examined an assortment of hybrids 
involving collaborative, content-based and very simple knowledge-based 
techniques in the movie recommendation domain. The study did find that a 
hybridized recommender system was better than any single algorithm and 
that multi-part hybrids could be successful. 

A recent survey compares a variety of evaluation techniques for 
collaborative filtering systems, identifying three basic classes of evaluation 
measures: discriminability measures, precision measures and holistic 
measures [Herlocker et al., 2004]. In each group, many different metrics were 
found to be highly correlated, effectively measuring the same property. In 
case of systems with short sessions and a lack of positive ratings, some 
standard metrics as precision/recall and mean absolute error will be effective.  

In order to measure how well each system is able to give a good item 
as a recommendation, the recommended method is to record the rank of a 
positively-rated test item in a recommendation set. Averaging over many 
trials, the "average rank of the correct recommendation" or ARC can be 
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computed. The ARC measure provides a single value for comparing the 
performance of the hybrids, focusing on how well each can discriminate an 
item known to be liked by the user from the others.  

4.5 Conclusions 

In the present chapter we exposed the specialized techniques for 
recommendation, referring to possibilities of adopting them into our case. Our 
goal was to deeply understand the recommender systems issues and how 
could be increased their efficiency by integrating semantic Web techniques. 

The first content-based recommendation systems made use of 
technology related to information retrieval such as tf*idf and Rocchio s 
method. The user models were often developed based on his/her saved 
queries, which illustrate his/her interests. The further content-based 
recommenders adopted classification methods from machine learning 
domain, such as kNN (the k nearest neighbors) or naïve Bayes approaches. 
For our modeling approach, since the documents are already classified, and 
moreover the document model is very similar with the user model, the most 
suitable method for recommending documents based on their content to a 
certain user seems to be a kNN-based method. 

In the context of semantic Web applications, instead of the effective 
resources content, the recommenders use their associated metadata: free 
tags developed through the community efforts, microformats, metadata in 
various semantic Web formats (RDFa, DCMI, FOAF, RSS etc.), or even 
ontology-based metadata. Without considering the free resources tagging 
case, our approach provides a solution for annotating learning materials with 
semantic Web vocabulary formats, but is focused on using ontology-based 
metadata in the recommendation kNN-based algorithm. 

In the area of collaborative filtering recommender systems, the kNN 
solution seems also to be the most suitable for our ontology-based modeling 
approach, since the users clustering is a priori partially addressed by the 
underlying models themselves. This is an enormous advantage for space/time 
reduction: the neighbors could be selected among a smaller set of candidates. 

The alternative collaborative filtering solution provided by the 
probabilistic algorithms seems to be suited to our problem since it provides 
support for predicting the user next action (e.g. next focused concept) by 
using a set of hidden classes (as the stereotype-based user interest profile 
could be considered). We developed such an alternative solution in Section 
5.3.1.2, by using a Markov Decision Process, but discussed the prerogatives 
of the kNN based approach. 

Two major techniques for enhancing the recommender systems 
performance were underlined: to combine recommendation techniques in 
order to build hybrid recommender systems, and to integrate certain semantic 
Web techniques, especially concerning the resources association with a 
machine-processable semantics, such as our document and user ontology-
based models already gained. In this case, the ontology reasoning support 
could contribute to recommendations refinement. Among the hybrid 
recommender approaches, the meta-level type (which uses a model learned 
by one recommender as input for another) matches our idea of tracking user 
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navigation inside the ontology: a collaborative filtering approach detects and 
recommends the user next focused concept. This is transmitted to the 
content-based recommender in charge with document selection together with 
the user competences profile. Thus, the user profile is already developed for 
the second recommender.  

In the next chapter we will expose the hybrid recommender solution 
which makes use of ontology-based profiling for recommending e-learning 
materials.  
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5 Proposed Ontology-Based Recommender 
Systems Solution 
 

5.1 The Semantic Web Recommenders’ Enhancement 

The main limitation of the traditional recommendation techniques 
(content-based, collaborative, demographic, utility-based, and knowledge-
based recommendations) is caused by their requirement for a critical mass of 
data before the adopted machine learning algorithms produce results of 
sufficient quality. A technique to obtain  a better performance adopted by 
researchers is to combine recommendation techniques in order to build hybrid 
recommender systems.  

In the previous chapter we described the seven main types of hybrid 
recommender systems obtained by combining the traditional recommendation 
techniques: weighted, switching, mixed, feature combination, feature 
augmentation, cascade, meta-level [Burke, 2000]. Among these, the meta-
level hybrid type provides the framework for our solution, as described in 
Section 5.3. A meta-level hybrid uses a user model learned by one 
recommender as input for another, completely replacing its original knowledge 
source. An example is provided by the [Pazzani, 1999]: the restaurant 
recommender builds the models of users  preferences through a content-
based approach by using the naive Bayes technique. The developed models 
are then used in a collaborative approach which identifies the user clusters. 
We will develop the user fingerprints model through a collaborative filtering 
technique, and will use this model into a content-based recommendation 
approach in order to recommend him/her the relevant documents. 

A significant enhancement of the recommender systems is brought by 
the Semantic Web techniques, as they provide the Web resources (users and 
documents) with a level of comprehensibility for computer applications, by 
associating them a machine-processable semantics. Ontology-based 
annotations are a major example of such semantics. Thus, the use of a wide 
variety of reasoning techniques is made possible, which could be applied for 
enhancing the personalization quality. 

[Baldoni et al., 2005] underline that all of reasoning techniques go one 
step beyond the ontology layer because, in fact, pure ontological annotation 
and ontological reasoning techniques (though necessary) are not sufficient to 
produce, in an automatic way, the desired personalization. 

Inside e-learning systems, the ontology-based semantic annotations of 
the learning objects could facilitate the localization of certain relations 
between these, based on the ontological relations. In order to recommend 
certain learning objects to a specified user, a representation of the user s 
goals (interests) and competencies is necessary (as our modeling approach 
provides), and a supplementary reasoning process correlates these with the 
knowledge about the learning objects provided by the semantic annotations. 
For such a process, the goal-directed reasoning techniques seem particularly 
suitable [Baldoni et al., 2005]. The collaborative part of our hybrid 
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recommender adopts a goal-directed reasoning technique by considering the 
stereotypes provided by the user interest profile in order to predict the next 
concept of interest for the user. 

Various systems are integrated an ontological layer in user profiling in 
order to enhance the personalized functionalities. The CourseAgent system 
[Farzan & Brusilovsky, 2006] uses a taxonomy of career job profiles to model 
the user interests in order to recommend him relevant courses. OntoSeek 
system [Guarino et al., 1999] enables users to formulate queries by navigating 
the ontology in order to improve the content-based search. 

Foxtrot recommender system uses a machine learning technique for 
classifying the research papers according to a paper topic ontology, and the 
user interest profile is developed in terms of ontology concepts according to 
browsed and visited papers, as well as to his feed-back. Collaborative filtering 
is used to find sets of interesting papers. Then the content-based user profile 
is used to select the papers of most interest [Middleton et al., 2004]. Our 
approach is similar with Foxtrot s as functionalities, but avoids the explicit user 
feed-back and considers two supplementary layers in the user profile. 

5.2 Using Ontologies for Web Personalization 

Using the domain ontologies for enhancing characterization of user 
segments and objects could enable a system to recommend different types of 
complex objects [Dai & Mobasher, 2003]. Ontology-based annotated 
documents are such complex objects, since their characteristics are 
structured concept sets. 

The most general method for developing the user profile in order to 
provide him with suitable recommendations (or, more general, with 
personalization) is by analyzing the user s navigational activity. Usage-based 
Web personalization systems involve three main phases: data preparation 
and transformation, pattern discovery, and recommendation. The last one is 
the only real-time component, while the other two phases are performed 
offline. Integrating domain ontology into these phases involves [Dai & 
Mobasher, 2003]: 
• Data preparation: the site Web pages should be analyzed together with 

domain information in order to generate the site ontology; in our use case, 
the documents to be recommended are previously annotated based on an 
established domain ontology (excerpt from ACM topic hierarchy). 

• Pattern discovery: the already performed user choices are analyzed from 
the ontology perspective in order to establish semantic usage patterns; in 
our system case, the common interests of users are provided also in 
advance, through the stereotypes composing the long term interest user 
profiles. So the first two phases are assured in our system by the document 
and user models development preliminary steps. 

• Recommendation matches the semantic representation of the user s active 
session (called current user profile) against the discovered domain-level 
aggregate profiles. In our system, the current user profile creates the 
fingerprints level of his/her profile. The matching process mentioned 
involves in fact the adoption of consecrated recommendation techniques 
[Mobasher, 2007] or a hybrid one. 



 96 

Instead of tracing the user s site navigation, some approaches were 
recently developed for modeling users  navigation behavior at “higher” 
abstraction levels. In the adaptive InterBook system, the concept-based 
navigation was introduced [Brusilovsky et al., 1998]: each concept used to 
index documents constitutes also a navigation hub - providing links to all 
content pages indexed with this concept; also, from each page, all its related 
concepts are accessible. 

In [Farzan & Brusilovsky, 2005], Web documents are first clustered 
based on users  navigational data, and then user behavior models are built at 
this document cluster level. 

[Jin et al., 2005] adopts the proposed task-oriented user modeling 
approach. The relations between the common navigational “tasks” and Web 
pages or users are characterized through the Probability Latent Semantic 
Analysis (PLSA) model. The user model development is accomplished 
through an algorithm based on Bayesian updating, and the Web 
recommendation technique is based on a maximum entropy model. 

In our approach, the domain ontology used for modeling documents 
annotations and user knowledge and interests provides the abstraction level 
for user conceptual navigation modeling. This modeling is performed through 
two different methods in order to predict the next focused ontology concept by 
the user (a nearest neighbor technique and a Markov Decision Process) 
which will be used by a content-based approach in order to provide user with 
personalized recommendations.  

For resuming, the techniques adopted by our hybrid recommendation 
approach consist in: 
� Prepare the documents by ontology-based annotating when are introduced 

into the system; 
� Prepare the first two layers (competences and interests) in ontology-based 

user profile, where interests are expressed as a set of stereotypes; 
� Monitor the user s ontology conceptual navigation through a nearest 

neighbor technique and, separately, through a Markov Decision Process in 
order to predict the next concept(s) of interest, such as developing the 
fingerprints layer in user profile; a collaborative filtering is performed, and 
the stereotypes from the interest profile are considered; 

� Select, on the content-base, the most content relevant documents to be 
recommended to the user according to his/her current fingerprints and to 
his/her competence profile. 

5.3 A Hybrid Solution for Personalized Recommendations 

While exploring the presented document annotation and user profile 
(competences and interests) models, our hybrid recommendation solution 
combines two techniques in different phases: 

 First a collaborative filtering approach implemented through the 
Nearest Neighbors Algorithm is accomplished, monitoring the user s 
ontology conceptual navigation, in order to predict the next concept(s) of 
interest (which are integrated into the user fingerprints profile); 

 The same issue is addressed through an alternative method, 
employing a Markov Decision Process; 
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 Then, a content-based recommendation technique selects the 
most content relevant documents for the user according to his competence 
profile and to the selected concept. 

When the user selects a certain document, its corresponding main 
concept is detected, in order to reiterate the first collaborative phase. More 
precisely, at a certain moment, our system will display to the user: 

 the chronological list of the already reached concepts in the 
current session; 

 the currently chosen concept, c0, accompanied by a list of 
recommended documents; 

 the recommended concepts for being further accessed, 
displayed in the predicted importance order; 

 a link to “Other” concept list, for the case user is not satisfied by 
the recommended concepts. 

5.3.1 Collaborative filtering for recommending the next focused 
ontology concepts 

5.3.1.1 Nearest Neighbor Algorithm Approach 

The nearest neighbor algorithms constitute the most well-known 
collaborative filtering algorithms, differentiated in two main classes: user-
based nearest neighbor and item-based nearest neighbor, as exposed in 
Section 4.2.2.1.  

We adopt the user-based nearest neighbor algorithm making use of 
ratings from similar users, adapted for our particular situation: when a user 
reaches a certain concept, the candidates for recommending the next focused 
concepts are selected according to the ontology structure (among the 
concept s parent and children). Their relevance for recommendation is 
established according to the ratings of user s neighbors.  

Generally, user-based algorithms generate a prediction for an item i 
meant for a user u by analyzing ratings for i from users in u s neighborhood. If 
we denote by:  

 rni – the neighbor n s rating for item i 
 userSim(u,n) – the measure of the similarity between the user u 

and one of his neighbors n 
then, the prediction for item i to be of interest for user u could be 

computed as: 

pred(u,i) =
userSim(u,n) rnin neighbors(u)

userSim(u,n)
n neighbors(u)    (5.1) 

For computing the similarities between two users userSim(u,n), a 
current approach is to use the Pearson correlation, as in the GroupLens 
system for Usenet newsgroups (Resnick et al., 1994), or in the Foxtrot system 
(Middleton et al., 2004). The Pearson correlation coefficient is calculated by 
comparing ratings for all items rated by both the target user and the neighbor 
users (e.g. corated items). If we denote by CRu,n. the set of corated items 
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between the users u and n, and by r u  the average rating of the user u,  the 
similarity between the users u and n could be expressed through: 

userSim(u,n) =
(rui r u)(rni r n )i CRu,n

(rui r u)
2

i CRu ,n

(rni r n )
2

i CRu,n  (5.2) 
In our approach, we store the user navigation activity through ontology 

as his fingerprints profile, and we use the user-based nearest neighbor 
algorithm for predicting his/her next focused concept. We provide below a 
detailed description. 

The ontology itself is basically stored in OWL (Web Ontology 
Language) format: 

<owl:Class rdf:ID="Knowledge_acquisition"> 
    <rdfs:subClassOf> 
      <owl:Class rdf:about="#I.2.6_Learning"/> 
    </rdfs:subClassOf> 
    <rdfs:label xml:lang="en"> 
 Knowledge acquisition</rdfs:label> 
  </owl:Class> 
For the easy development of user profile, the ontology is processed 

and converted into two paired vectors: 
• concept – the vector containing the IDs of all concepts: concept[i] = the ID 

of the concept i extracted from the OWL ontology format, i = 1,n. 
• parent – the vector of parent concept indexes: parent[i] = the index in the 

concept vector for the parent of the concept[i], i = 1,n. As possible values, 
parent[i]  {0, n-1}. If instead the ACM topic hierarchy we should consider 
an ontology including concepts with multiple parents, then a list of values 
will be assigned with each parent[i]. 

An advantage of this representation is reflected by the ontology 
development: when a new concept is added (as leave) in the ontology, its 
corresponding information is added also at the end of the two vectors, the 
previous values are not affected. 

The user interests profile consists of a set of stereotypes. Let us 
consider the system defines a total set of s stereotypes. Their representation 
consists of an nxs matrix of 0 and 1 values: S[i,j] = 1 if the concept[i] belongs 
to the stereotype j, and 0 otherwise. The addition of a new stereotype into the 
system involves simply a new row in the matrix S. 

Let us denote by m the total number of users. Their profiles are 
represented as 3 matrix, corresponding to the three profile layers: 
• UCnxm  , where UC[i,k] = the competence of the user k concerning the 

concept[i], UC[i,k]  {0, 1, 2, 3} (meaning no competence, beginner, 
intermediate, advanced respectively); 

• UInxm , where UI[i,k] = the interest of user k concerning the concept[i]. UI[i,k] 
 {0, 1, 2, ...}, depending on the number of stereotypes forming the user k s 

interest profile and including the concept[i]. The matrix UI is obtained by 
multiplying the matrix S x US, where USsxm is the matrix identifying each 
user s stereotypes: US[j,k] = 1 if the stereotype j belongs to the interest 
profile of the user k, and 0 otherwise. 
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• UFnxm, where UF[i,k] = the fingerprints of user k related to the concept[i], 
expressing the current interest for a certain topic, according to his/her 
visited documents. The way we conceived this level development illustrates 
a new method of integrating the ontology-based domain knowledge into the 
recommender algorithms.  

A typical scenario for developing the user fingerprints follows: when a 
user k0 is browsing a document Dj, all its concept s weights are added to the 
fingerprints profile: UF[i,k0]+=D[i,j], i=1,n. The first recommender predicts 
his/her next focused concept, and the second recommender proposes to him 
a list of documents. Two possible cases occur: 

o User accesses a document Djo from the recommended list. As in the 
previous case, all the weights of this document s concepts are 
added to the user fingerprints profile; 

o User accesses another document, Dj1, having the concept i1 as 
main topic. In this case, a similarity measure between concepts i0 
and i1 is computed and used as a coefficient for concept weights 
associated with Dj1 before adding them to the user fingerprints 
profile. 

 

 
Figure 17 Developing user fingerprints profile according the weights of the concepts associated 

with his visited documents 

We adopt the similarity measure that the [Li et al., 2003] shown to 
yields the best results in measuring the similarity between concepts into a 
hierarchical structured semantic network, like the ACM topic hierarchy is: 

simTopic(i1;i2) =

e l e h e h

e h
+ e h

,if i1 i2

1, otherwise

 

 
  

 
 
 

 

 

In this formula, l is the length of the shortest path between topic i1 and 
i2 in the graph spanned by the SubTopic relation. h is the level in the tree of 
the direct common subsumer from t1 and t2. 0 and 0 0 are parameters 
scaling the contribution of shortest path length l and depth h, respectively with 
proven optimal values as  = 0.2,  = 0.6. 
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The initialization of a user fingerprints profile is accomplished by 

normalizing his/her interest profile: 

UF[i,k] =
UI[i,k]

UI[i,k]
i=1,n . Thus, the cold start 

issue is addressed: from the very beginning, all users gain a fingerprint profile. 
Pedagogically, this approach is justified by the necessity of recommending to 
the users – at least for the first sessions – the items corresponding to their 
official interest profile (shared with the similar users). When many users 
become actives, their fingerprints profile becomes more customized, 
contributing to the recommendations for the current user. 

For testing purposes, we considered a fragment of the ACM topic 
ontology depicted in Figure 18 below. Let us suppose that a certain course on 
Hypermedia Systems has associated the set of bolded concepts on the ACM 
tree, and another course on Multimedia Systems has associated the italic 
concepts inside the ACM tree. The concepts which appear bold as well as 
italic belong to both courses. For a student enrolled in both courses, the 
initialization of the fingerprints profile part corresponding to H.5.1-H.5.5 
concepts involves the assignment of a double value to concepts belonging to 
both courses in comparison to those belonging to a single course; such, the 
value distribution is 0.16, 0.33, 0.00, 0.33, 0.16. 

We developed a training set of fingerprint profiles values considering 
different user categories (beginner, intermediate, advanced), in different 
phases of course attendance. The last information was exploited for 
establishing the current focused concept. Thus, the training set used by the 
nearest neighbor classifier has a similar structure as the fingerprint profile 
itself: 

(<userID>, (<conceptFingerprints>)*, <focusedConcept>). 
The training set was developed based on the stereotypes set, since 

this is the information common to all users, and it is the most relevant for the 
education purposes.  

Let s consider a stereotype Sj0. It is represented as a matrix row, with 
S[i,j0]=1 if concept[i] belongs to Sj0, and S[i,j0]=0 otherwise. When a user starts 
to learn for the course represented by this stereotype, he/she is supposed to 
acquire the corresponding concepts from general to particular. For this 
reason, all the subsets of the stereotype will be included in the training set, 
with the last concept of the subset as <focusedConcept>. These subsets 
illustrate very well the gradual interest of an expert user, which usually follows 
the materials strictly related to the stereotype concepts. If the user is an 
intermediate, he/she will be in addition interested by the concepts directly 
related to those belonging to the stereotype. For illustrating the activity of such 
users, for each record of the expert training set, a new record is created by 
associating the 0.5 value to all the concepts directly related to the current 
<focusedConcept>. If the user is a beginner, then all the possible related 
concepts could be of interest for him, not only those belonging to the 
stereotype. For this reason, all these related concepts to the 
<focusedConcept> will receive, in the corresponding training record, a value 
equal to 1/(2*d), where d is the distance (number of levels) between them and 
the <focusedConcept>.  
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For the ACM fragment illustrated in Figure 18, let us consider the 
stereotype which includes the concepts H.3, H.3.2, H.3.3, H.3.5, H.3.7, H.5, 
H.5.2, H.5.4. For an expert activity illustration, training records which include 
values 1 for each concept from subset will be created for the subsets (H.3), 
(H.3, H.3.2), (H.3, H.3.2, H.3.3), ..., (H.3, H.3.2, H.3.3, H.3.5, H.3.7, H.5, 
H.5.2, H.5.4).  In each case, the last concept of the subset is considered as 
<focusedConcept> in the training record. Further, for illustrating the 
intermediate user activity, for each previous record a new record is added with 
0.5 values for the directly related (as parent or children) concepts to the 
<focusedConcept>. For example, in the record corresponding to the subset 
(H.3, H.3.2, H.3.3, H.3.5, H.3.7, H.5), H.5 is the current <focusedConcept>. Its 
parent – H – and all its children – H.5.1, H.5.2, ..., H.5.5 will receive the 0.5 
value in this training record. A supplementary record to each expert record is 
also built for illustrating the activity of a beginner user. For the (H.3, H.3.2, 
H.3.3) record case, the parent H.3 should gain a supplementary 0.5 value, 
and the H node - the parent of the parent will gain the 0.25 value (1/(2*2)). 

Based on the training set, given a certain user fingerprint profile, the 
classification of the focusedConcept is accomplished: the probabilities that the 
focusedConcept belong to each concept class are provided. 

 

 
Figure 18: A fragment of the ACM topic hierarchy, where the concepts belonging to 

two courses are emphasizes 

If we denote by k0 the current user, and concept[i0] his/her current 
focused concept, the following steps are performed for the Nearest Neighbor-
based implementation of the next focused concept recommender module: 
• The users with common interests are first selected according to the 

stereotypes to which they belong – the matrix US is used; 
• The users  set is further filtered according to the users stored 
focusedConcept: only the concepts related (via ontology relations) to the 
current focused concept by the current user are selected; 
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• The similarity between user k0 and each of its neighbors kl is computed 
according to the equation derived from (5.2), considering the common 
concepts encountered in their fingerprints profile CF(k0, kl): 

 

userSim(k0,kl ) =

(UF[i,k0] UF[k0])(UF[i,kl ] UF[kl ])i CFk0,kl

(UF[i,k0] UF[k0])
2

i CFk0,kl
(UF[i,kl ] UF[kl ])

2

i CFk0,kl  (3) 
 

where 

UF[k0] =

UF[i,k0]i CRk0,kl

1
i CRk0,kl  is the normalized value of user k0 

fingerprints concerning the common interest concepts with user kl. 
• The first k neighbors (according the computed similarity with user k0) are 

considered in the user k0 classification based on the provided training set; 
• The classification of k0 is performed according to the classes of its 

neighbors (in terms of focusedConcept). The classification is provided as a 
vector of probabilities that estimates the focusedConcept to be each of the 
ontology concepts. The largest probability value provides the most likely 
estimation of the focusedConcept, which is returned as classification result. 
This concept is then transmitted to the second recommender (see further) in 
order to establish the concrete documents to be recommended. According 
to the user selection, the correction of the focusedConcept is accomplished 
and the current user fingerprints profile is transferred to a verification data 
set, to be used further to verify our algorithm. 

The Weka machine-learning library (Witten & Frank, 2000) was used 
for implementing the kNN-based algorithm recommendation algorithm: IBk 
classifier was adopted, boosted by the AdaBoostM1, as the Foxtrot 
recommender system adopted (Middleton et al., 2004). We will compare our 
approach to Foxtrot at the end of the next section. 

The space dimension of our solution is relatively large because we use 
a matrix and vectors with sparse values. However, the time complexity is 
polynomial O(n), where n is the number of concepts: all operations are 
performed by a single vector coverage. If we reduce the space dimension by 
using data structures with variable dimension for storing the references to 
certain elements, the time complexity increases. E.g., if the user fingerprints 
profile stores only the current reached concepts (through their index into the 
concept vector, a supplementary record is necessary for counting and 
normalizing the visits and after each new visit a check is necessary for 
verifying the current concept was or not previously visited. The matrix and 
vectors solution has the main advantage of facilitating the direct access to the 
elements. 

5.3.1.2 Markov Decision Process Approach 

A Markov Decision Process (Puterman 1994) is defined as a quintuple 
(S, A, T, P, R) where 
• S is the set of all possible states   S of the system; 
• A is the set of all the actions a  A that can be applied to it; 
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• T is the ordered set of instants at which decisions can be made, that is the 
global temporal horizon; 

• P defines the transition probabilities between any pair of states in S after 
executing an action in A;  

• R defines the function of local rewards r  R associated with these 
transitions R : S x A  . 

At each step, the learner algorithm (called the agent) selects an action; 
as result, a reward for this action and the transitions to a new state are given. 

Our basic idea is to consider the currently visited concept as the main 
information of the current MDP state, and to predict the next possible states 
corresponding to the recommended concept list. This list defines in fact the 
set of possible actions which the user could accomplish (transitions from the 
current state to each state corresponding to the concepts from list) [Brut et al., 
2008c]. 

We remind that in our modeling approach, a certain user interests 
profile is a collection of stereotypes: all the students enrolled into the same 
course have in common this course interest concepts, which could be viewed 
as a stereotype. Thus, the behavior of all the students is relevant in 
establishing the recommendations provided to each of them. The 
customization will be influenced by each student competences and 
fingerprints: student particular competences will be used by the Document 
selection module and student fingerprints – by the Markov decision Process 
module, as in the case of kNN approach presented in the previous section. 

Supposing that the competences and the interest part of the user 
profile are already available, a MDP current state 0 will consist of:  
• concept[i0] – the currently visited concept 
• UI[i0,k] – the interest of user k concerning the concept[i0], UI[i0,k] {0, 1, 2, 

…}: the number of the courses (interest paths or stereotypes) in which the 
student is enrolled and concern the concept[i0]; it is a fixed parameter for a 
certain user; 

• UF[i0,k] – the fingerprints of user k concerning the concept[i0], UF[i0,k]  
0..1 expressing the number of visits to the concepts[i0] during the current 
session divided by the total number of visits during the same period. 

• UCF[i0] – the collective fingerprints in using the concept[i0] (expressed in 
number of  minutes, as average of previous periods spent by the current 
user at concept[i0]); 

• r[i0] constitutes the reward for reaching the current state, corresponding to 
the concept[i0], which will be updated in function of the UF[i0,k] and UCF[i0]. 
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Figure 19: The set of possible actions that could be applied to a current state 0 

From the current concept concept[i0], the concepts which are related to 
it inside the ontology could be considered for recommendation - concept[i1], 
concept[i2], ..., concept[il]   -, with respectively the probabilities p[i1], p[i2], …, 
p[il] and the rewards r[i1], r[i2], …, r[ik]. 

The goal of a MDP is to compute the so-called optimal policy - a 
function * that associates with any state   S and any time t  T the optimal 
action *( , t), namely the action that maximizes the expected global reward 
on the remaining temporal horizon.  

In our case, the policies possible to be applied while in the state 0 
(characterized by the concept[i0], UI[i0,k], UF[i0,k], UCF[i0]) are characterized 
by the total reward that is expected to be gained over the temporal horizon as 
result to each action of choosing concept[i1], concept[i2], …, concept[il] 
respectively.  

For estimating this optimal policy, a common adopted approach is the 
reinforcement learning [Sutton & Barto, 1998], which consists of learning an 
optimal policy by estimating iteratively the optimal value function of the 
problem on the basis of simulations. It differs from supervised learning in that 
the learner algorithm is never told the correct action for a particular state, but 
is told how good or bad the selected action was, expressed in a form of scalar 
“reward” [McCallum et al., 1999]. 

The reinforcement learning approach is used in MDP in order to learn a 
policy, a mapping from states to actions,  : S  A, that maximizes the sum 
of its reward over time. The most common formulation of the “reward over 
time” is a discounted sum of rewards into an infinite future. It is currently used 
as an infinite-horizon discounted model where the reward over time is a 
geometrically discounted sum in which the discount, 0   < 1, devaluates the 
reward received in the future. The discount  could be constant, or could be 
decreased progressively:  = 1/(t + 1) or  = (1 / 2t). 

Accordingly, when following policy , we can define the value of each 
state o be: 

V ( ) =
t rt = R1( , ) + R2( , ) + ...+ n 1Rn ( , ) + ...

t= 0,

 

where Rn( , ) is the reward obtained at time n if the learner agent 
begins at the state  at the time 0 and follows the policy . 
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In order to learn the optimal policy, it must be learnt its value function, 
V*, which maximize the V ( ) for all the states . 

The previous equation could be written recursively: 
V ( ) = R1( , ) + V (T( , (s)))  
Among the algorithms provided by the reinforcement learning 

approach, the on-step Q-learning algorithm [Watkins 1989] computes the 
optimal solution in a bottom-up manner, by value-iteration or by policy 
iteration. 

In the value iteration variant, the Q-learning algorithm replaces the 
value function V* with its more specific correlate, called Q, providing the 
expected value of the criterion for the process that starts in , executes action 
a and thereafter follows policy . Thus, Q*( , a) will be the value of selecting 
the action a from state s, and thereafter following the optimal policy. This is 
expressed as: 

Q*( ,a) = R( ,a) + V *(T( ,a)) 
where T( , a) denotes the state obtained as effect of applying the 

action a to the state . 
The optimal policy can be defined in terms of Q by selecting from each 

state the action with the highest expected future reward:  
*(s) = argmax

a
Q*(s,a) 

[Bellman, 1957] shows that the optimal policy can be found in a 
straightforward manner by dynamic programming. 

The principle of the Q-learning algorithm consists of updating iteratively 
the values of the V* function as we search, observing each transition reward. 
Because the value function is expressed in terms of reward, we will update in 
fact the reward assigned to each state: if a state is often chosen by multiple 
users, the reward for this action will increase.  

We provide the Q-learning algorithm below: 
Initialize Q0 

for n = 0 to Ntot  1 do 

n =choseState 

an =choseAction 

( ’n , rn) =simulate( n, an) 

/* the discounted reward is computed */ 

dn = rn + maxb Qn( n, ab)  Qn( n, an) 

/* update Qn+1 */ 

Qn+1( n, an)  Qn( n, an) + ndn 

end for 

return QNtot 

We will illustrate the application of this algorithm in our particular 
situation, discussing the generic case of the state 0. 

 
The initialization part of the Q-learning algorithm 
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If we denote by UF[i0,k] – the user k fingerprints, and UCF[i0] – the 
collective fingerprints in using concept[i0], then:  
• at the beginning of each working session: UF[i0,k]=0;  
• at the beginning of the first working session: UCF[i0]=0; then, UCF[i0] will 

represent the average time period spent by all the users over concept[i0]. 
The initial values of p[i0] will depend on the current global interest 

profile, that is the stereotype profile constituted by the concepts assigned to 
all courses. We mention that a concept could be found in more than one 
course, meaning that concept could have a higher degree of interest 
associated. The algorithm for computing p[i0] first evaluates the total number 
of interest degrees associated with all the concepts concept[i1], concept[i2], …, 
concept[il], and then distribute probabilities proportionally with the interest 
degree of each concept. The total sum of probabilities is 1. Also, the initial 
positive rewards r[i0] and collective rewards rc[i0] are associated only with the 
states corresponding to the concepts of interests (as interest degree values), 
in rest the rewards are initialized with zero: 

{ ni = 0; //the total number of interests 

for j=1 to l { ni += UI[ij,k]; r[ij] = UI[ij,k]; rc[ij]=0; } 

for j=1 to l p[ij] = UI[ij,k] / ni; } 

The values of r[ij] and rc[ii] will be updated in average with the product 
coef[ii] * tsr[ii], where coef[ii] represents a coefficient for estimating the 
accuracy of our current recommendation, and tsr[ii] represents the time spent 
the user at concept[ii]. 

So, at the beginning, in the Markov chain, the states corresponding to 
the interest profile concepts have assigned positive rewards, and the actions 
which conduct to their selection have associate positive probabilities. 

 
Choosing a state through an action 
We denote by 0 the currently chosen state, characterized by the 

concept[i0], UI[i0,k], UF[i0,k], UCF[i0] , r[i0], rc[i0]. The state 0 was reached from 
0  by applying a certain action a[i0], and was obtained a reward r[i0]. In the 

next step, the transition to the state t will be made (which, in our case, is one 
of the states 1, 2, …, l). The reward r[i0] will be added to the value of the 
specific correlate function Q0, and the next reward which will be further added 
depend on which action will be chosen at the current step. According to 
dynamic programming principle, the algorithm try to choose the action that will 
further lead to a maximum reward. 

 
Updating the policy function as result of simulation 
In order to improve the rewards pertinence, we will re-evaluate the 

current step rewards r[i1], r[i2], …, r[il] (which establish the current step 
possible actions) according to the user choice and his/her reward to this 
choice (expressed through the time spent at the corresponding concept). 

Suppose that the current user chose the concept[it] after the system 
provided him/her with recommendations. The following algorithm re-computes 
the above mentioned rewards r[it], by increasing r[it] and de-creasing the other 
rewards. We made the following notations: UF[i0,k] – the total amount of time 



 107 

spent by the user k at the previous concept - concept[i0], representing his 
reward for concept[i0]; ni - the total number of interests; nf - the total number of 
the current user fingerprints; ncf - the total number of the all users fingerprints. 
The algorithm multiplies r[it] according to the user interest and the 
personal/collective fingerprints relative to the concept[it]. We use certain 
coefficients for assuring a harmonic medium quality; if we want to provide a 
greater importance to a certain feature, we could change the coefficients. We 
denote the increased quantity as nt, and we will decrease this quantity, 
proportionally, from the others rewards: 

{  update f[i0,k] with the amount spent by user k at concept[i0]; 

    ni = 0; nf = 0; ncf=0;  

    for j=1 to l 

       { ni += UI[ij]; nf += UF[ij,k];  ncf += UCF[ii]}  

    r[it]*= 0.4* UI[it]/ni + 0.3*UF[it,k]/nf + 0.3*UCF[it]/ncf;  

    nt = 0.4* UI[it]/ni + 0.3* UF[it,k]/nf + 0.3* UCF[it]/ncf;  

    for j=1 to l 

     if j != t  

        r[ij] /= nt*(UI[ij]+UF[ij]) / (ni+nf–UI[il]–UF[il]); } 

The sum of UI[ij] + UF[ij] will be exactly (ni + nf – UI[il] – UF[il]), so the 
total decreased value is nt. The next step will be performed when the user 
makes another choice, selecting another concept, after concept[il]. As an 
observation, when user changes the documents, but remains at the same 
concept, no movement is considered.  

At this moment we dispose of the time period that the user has spent at 
concept[il], We denote this by tsr[il] (time spent reading concept[il]). In order to 
avoid the explicit feed-back request to the user, we consider tsr[il] as the user 
reward regarding the concept[il] (the spent time illustrates his/her interest), 
and its value be added both to UF[il] (user fingerprints for the concept[il]) and 
to nf (the total number of user fingerprints for all concepts concept[i1], 
concept[i2], …, concept[ik]). 

In order to evaluate the user reward (positive, negative, zero), we have 
to compare tsr[il] with nf. In the algorithm exposed in [Jin et al., 2005], used in 
the Knowledge Sea II system, the reward provided by the user for a certain 
page is the time spent reading (TSR) that page. The effective value of this 
time is normalized by ignoring the very short and very long page visits (the 
first are not enough for really reading a page, the second are probably caused 
by something like a coffee break), and considering the page length (for a short 
page it is enough a small time, but not for a long one). Because we are 
focused on the concepts, we do not measure the document length, but use 
the following assertions: if the time is very short (ex., < 30s), then the reward 
is negative; if the time is short (ex., 30s < tsrl < 3min), then the reward is 0: 
the user considered the concept in concordance with his global interests, but 
no with the current ones; if the time is longer (tsrl > 3min – it could be very 
long as one concept could correspond to a lot of documents), then the reward 
is positive, and we re-evaluate the previous reward according the algorithm 
below. We will adjust the reward r[il] according the entire time UF[il] spent in 
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the current session at the concept[il] (we consider it more relevant than the 
current tsr[il]), denoting ap the adjusted quantity. We will decrease this 
quantity from the others rewards, proportionally to the corresponding 
fingerprints. 

{ UF[il] += tsr[il]; nf += tsr[il]; 

   r[il] = r[il] + r[l] * ( UF[il] / nf); ap = UF[il] / nf; 

   for j=1 to l 

     if j != t  

        r[ij] = r[ij] – r[ij] * (ap * UF[ij] / (nf – UF[il])); } 

The sum of UF[ij] will be (nf – UF[il]) so, the total decreased value is 
exactly ap. In case of negative reward, the algorithm for adjusting current 
rewards is similar, just the ap quantity will be decreased from the r[il] and 
proportionally increased to the other ones. 

5.3.1.3 Comparison between kNN and MDP approaches 

We illustrated the tracking of user conceptual navigation through two 
approaches – a collaborative filtering based on kNN algorithm and a Markov 
decision process – in order to predict the next concept which will be focused 
by the user, according to his fingerprints and interests profile. This concept 
will be used by a second recommender module, in order to select the 
documents to be effectively recommended, according to user competences 
profile. 

The kNN approach uses the user interest profile in order to filter the 
users with common interests to be compared with the current user in order to 
select his nearest neighbors (see Figure 20). The MDP approach does not 
enable to make such filtering: all the users with common interests (belonging 
to the same stereotypes as the current user) will be considered in order to 
compute the collective fingerprints associated with each MDP state, in 
particular with each ontology node. The current user interest profile is used for 
initializing the probabilities and the rewards associated with each MDP state. 

 
Figure 20: The usage of interests and fingerprints profile in the kNN approach 

The user fingerprints profile is the most important in both approaches. 
The kNN approach uses it for computing the similarities between the current 
user and the users with common interests. Thus, the current user is classified 
in terms of fingerprints: the most likely concept of immediate interest is 
determined. In fact, the kNN algorithm provides the probabilities for all 
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possible fingerprints (ontology concepts) to be a concept of immediate interest 
(focused concept) by the current user, and the most likely focused concept is 
established according to the biggest probability. A refinement of the content-
based further recommendation could be obtained if a set of possible focused 
concepts (corresponding to the biggest probabilities) would be transmitted to 
the content-based recommender. 

The MDP approach uses the user fingerprints profile (together with the 
collective fingerprints profile) in order to manage the popularity of each 
ontology concept (see Figure 21). The collaborative aspect of the MDP 
approach regards only the collective fingerprints associated with each 
ontology concept, without evaluating or considering the different values of 
users similarities to the current user. 

 
Figure 21: The usage of the interests and fingerprints profiles in the MDP approach 

The improvement of the recommendation pertinence is differentiate 
accomplished by the two approaches: the kNN approach predicts the next 
focused concept by classifying the current fingerprints profile; the predicted 
next focused concept is replaced by the effective focused concept 
emphasized by the document selection activity in the second recommender 
phase. This effective focused concept is integrated into the fingerprints profile 
and used in kNN as probable classification before the effective classification 
performance. Moreover, the previous fingerprint profile together with the 
effective focused concept are integrated as a record in the verification data 
set. The accuracy of the classification is highly dependent on the training data 
set. 

The MDP approach performs a correction of the rewards in two steps: 
first increases the reward associated with the state chosen by the user and 
decreases the rewards associated to the other states; then, when user makes 
another choice and the time spent to the first chosen state is available, the 
reward of the predicted state is re-evaluated, and the other states rewards are 
modified accordingly. Thus, for correcting the rewards, the MDP interferes 
with the second recommender within the current step, not between steps, 
which is not normal for a hybrid recommender, as Section 4.4 illustrates. The 
time spent by the user to a certain concept was considered here as an 
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alternative measure for assessing the recommendation pertinence. In the kNN 
approach, the measure is established only by considering the user action: 
follow the recommendation, browse a document on an ontology-related topic, 
or search for Other recommendations. This method is most reliable: the 
quantity of time spent by the user could have various reasons, and these 
reasons could differ from a user to another. 

The MDP approach is not typically used in recommender systems, but 
in the general Web mining applications in order to supervise the user 
navigational activity. We discussed this approach due to the particularity of 
our approach in supervising the user navigation through ontology. 
Unfortunately, the collaborative support is not very strong: all the users  
contribution in the decision process is equivalent, which is not the idea of the 
collaborative filtering recommendations: the recommendations should be 
accomplished according to the choices of the most similar users.  For this 
reason, we adopt the kNN approach for the first phase in our hybrid 
recommender prototype. The next section will present the second phase (the 
content-based recommender module) as the further step to the collaborative 
filtering kNN approach. 

5.3.2 Content-Based Recommendation of Documents 

This recommender is activated when the user selects a concept among 
the ones recommended during the previous phase. As a mention, if the user 
is not satisfied by the concept recommendation, he/she selects the “Other...” 
link and the recommended concept list is expanded with the children and 
parents of the existing concepts. 

The content-based recommender receives as input a concept c0 and 
provides the user k0 with a list of documents indexed with c0 and with as many 
as possible concepts from his/her competences profile (the profile level the 
most personal for a certain user). 

For a uniform representation, the documents  annotations are 
processed such as the Documents  collection is represented as a matrix Dpxn 
where p is the total number of documents, n is the total number of concepts, 
and D[j,i] = the weight of concept[i] inside the annotations of document j, 
D[j,i] {1, 0.66, 0.33, 0}, corresponding to the annotation based on the 
isOnTopic, usesTheConcept, makesReferenceTo relations respectivelly (the 0 
value means “no relation”). 

The candidate documents for recommendation are selected by 
analyzing the column i0 in the matrix D, corresponding to c0 (concept[i0] = c0). 
The selected documents are sorted according the value of D[j, i0]. 

Due to the similar representation of documents and user competences 
(vectors with the n dimension, where n = the total number of ontology 
concepts), the competences profile could be considered as the etalon 
“document” for which the nearest neighbors should be computed. Thus, the 
candidate documents will be considered for computing the nearest neighbors 
for the competences profile. The similarity between a document Dj and the 
user k0 competence profile could be expressed as: 
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userDocSim(k0,Dj ) =

(UC[i,k0] UC[k0])(D[ j,i] D[ j])
i CCk0,Dl

(UC[i,k0] UC[k0])
2

i CCk0,D j

(D[ j,i] D[ j])2
i CCk0,D j  (5.3.2) 

 
where CC(k0, Dj) is the common concept set of user k0 competences 

profile and the annotations of the document j,   U
r 
C [k0] is the normalized value 

(the average) of the UC[i, k0] considered values, as well as the   D
r 
[ j] is the 

normalized value of the D[j, i] considered values.  
A very important particularity of our approach is illustrated by the 

possibility of using the same training data set as in Section 5.3.1.1 for running 
the kNN algorithm: this set include fingerprint profiles values for different  user 
categories (beginner, intermediate, advanced), in different phases of course 
attendance, accompanied by a corresponding current focused concept. Thus, 
the training set used by the first nearest neighbor classifier has the following 
structure: 

(<userID>, (<conceptFingerprints>)*, <focusedConcept>). 
which is similar to the document model itself: 

(<docID>, (<annotatedConcept>)*, <isOnTopicConcept>) 
The current user competences profile has the structure: 
(<userID>, (<conceptCompetences>)*, <focusedConcept>), 

where the <focusedConcept> is transmitted by the first recommender, and is 
the same as the <isOnTopicConcept> due to the previous exposed document 
selection. 

After the neighbor documents are selected and their similarity degree 
with the competence profile is computed, the final sorted document list is 
established also according to the prediction computed with a formula similar 
to (5.1): 

pred(k0,Dk ) =
userDocSim(k0,Dj ) D[k, j]j docNeighbors(k0 )

userDocSim(k0,Dj )j docNeighbors(k0 )  
 
The first 10 documents are recommended to the user (see Figure 22). 

If the user selects a certain document, that document is marked in order to not 
recommended anymore. At the same time, the main concept of the selected 
document (annotated with isOnTopic relation) is considered as the currently 
true focused concept (which could be the same or different from the predicted 
concept). It is used in two ways: 

 A new validation data record for the first recommender is built 
from (userID, (conceptFingerprints)*, <focusedConcept>) since the chosen 
concept corresponds exactly to the current fingerprints profile (is the 
concept that should be predicted by the first classifier) 

 The focused concept is also used to update the fingerprints 
profile and is transmitted to the collaborative filtering recommender 
together with this profile. 

The training set for this recommender is built upon the users  
competences profiles in a similar manner to the ones adopted for the first 
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recommender s training set, and it has the same structure as the first. As 
could be noticed, we preferred to build a training set not based on a concrete 
set of documents, but based on users  competences profiles because they 
illustrates more accurately the characteristics of documents suitable for the 
users. A collection of 10 documents for each ontology concept was used for 
testing purposes. The most accurate recommendations were encountered for 
the expert users, while the precision decreases for the intermediate and 
beginner users.  

 
Figure 22: The content-based recommender functioning 

5.4 Comparison to existing approaches in the educational 
field 

Even the existing similar approaches are designed for different 
scenarios comparing to our system, we will discuss and compare further the 
common aspects. 

The first table synthesizes the user features and the document model 
adopted by the main such approaches. 
 

System      
 

compe-
tences 
 

inte- 
rests 
 

finger- 
prints 
 

document 
model 
 

Adaptation 
support 
 

CommOn 
et al. 

X   Taxonomy of 
competences 

Competence 
management; 

KBS 
 

X 
 

X 
 

 
 

concept 
network 

navigation 
(learning) path 

Bibster 
 

 
 

X 
 

 
 

ontology ACM query-based 
retrieval 

Persona 
 

 
 

 
 

X 
 

ODP 
 

query-based 
retrieval 

Course 
Agent 

 
 

X 
 

 
 

Taxonomy of 
job profiles 

Course 
recommender 
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Foxtrot  
 

 
 

X 
 

ACM 
 

Hybrid 
recommender 

Social 
Web 

X 
 

X 
 

 
 

Free tagging Collaborative 
filtering 

RecOnto 
(our 
approach) 

X 
 

X 
 

X 
 

ontology + 
roles 

Recommender 
 

 
The second table synthesizes the adopted algorithms, the user feed-

back necessity, the obtained pertinence and the data sets adopted by the 
above mentioned approaches. 
 
 

 Algorithm Feed-
back 

Pertin
ence 

Data sets 

KBS Bayes 
networks 

X 27% Own 
developed 

Bibster Similarity 
between 
ontology 
concepts 

X 35% Community 
developed 

CourseAgent Case-based 
algorithm 

X 20% Community 
developed 

Foxtrot IBK + 
AdaBoost 

X 3% 
10% 
30% 

Own 
developed 

Persona tree coloring 
method 

X 70% Own 
developed 

 

5.4.1. KBS Hyperbook System 

The most common problem addressed by the educational adaptive 
hypermedia systems is to determine an “optimal reading sequence (in terms 
of user needs and characteristics)” through a hyper-space of learning objects. 
Systems such ELM-Art [Weber & Brusilovsky, 2001], the KBS hyperbook 
system [Henze & Nejdl, 2001] aim at supporting the user in the acquisition of 
some desired knowledge by identifying a reading path that best fits him.  

In KBS, concepts are related to each other on the base of a conceptual 
model of the hyperbook. Each hyperbook unit is indexed with some 
knowledge concepts. A glossary containing the concepts of the knowledge 
model is generated. For each glossary item, links to examples, to hyperbook 
units, and to pages from other electronic books available on the WWW are 
generated.  

A page sequencing algorithm generates reading sequences according 
to the user's goals and knowledge. Users can define their own learning goals 
or can request the next learning goal from the system. Comparing to our user 
model, only the competences and interests are considered, not also the 
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fingerprints: for a certain goal, the user receives the entire recommended 
learning path, not each step recommendations. 

The classification approach is based on Bayesian networks. The 
implementation technique used in KBS is a Bayesian network which operates 
on the complete model of the application domain. Whenever observations 
about a particular user are made, they are propagated through the entire 
network. One Bayesian network is used for modeling each user, according to 
the whole knowledge domain model. Despite this model is not expressed 
through an ontology, the usage of the same conceptual network (defined with 
the support of hypertext theory) for representing documents and users could 
be remarked. The implementation could be considered as performing a 
content-based filtering of documents according a double criterion (the current 
user knowledge and interests), as our second recommender does. For this 
reason, an performance comparison between this and KBS could be acquired 
by replacing the kNN algorithm with a Bayesian classification if the same 
training data set should be available. 

5.4.2 Bibster 

Bibster Peer-to-Peer system for exchanging bibliographic data among 
researchers [Haase et al., 2005b] exploits only the BibTeX information about 
a resource, without processing the resource itself. The ACM topic hierarchy 
based annotation of the resources is mainly in the users  charge: the 
document model is represented through a vector of concepts and is manually 
developed.  

Firstly, the system enables users to import their own bibliographic 
metadata into a local repository, aligned with ACM Topic Hierarchy. There is 
no developed user profile or track of the user imported metadata. The user 
interests are expressed through queries, explicitly formulated by them in 
terms of the ACM ontology. Also, no query history is maintained. Further, 
queries are routed through the network depending on the expertise models of 
the peers describing which concepts from the ACM ontology a peer can 
answer queries on. A matching function determines how closely the semantic 
content of a query matches the expertise model of a peer. 

The Bibster implementation illustrates a content-based filtering which 
matches the user interest profile (expressed through his query, as set of 
ontology concepts) to the document collection, also represented through 
ontology annotations. Our system computes the similarity measure between a 
user profile and a document depicted in the formula (5.3.2), adopting a scalar 
approach. The Bibster s system similarity measure is more complex, 
considering also similarities between distant concepts in addition to the 
matching concepts.  

5.4.3 CourseAgent 

The CourseAgent system [Farzan & Brusilovsky, 2006] uses a 
taxonomy of career job profiles to model the user interests in order to 
recommend him relevant courses. The user profile is developed by asking the 
user to explicitly specify: his career interests, his previously taken courses, his 
current courses. For the previously taken courses, the user has to evaluate 
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the difficulty level (on a scale from 1 to 5) and the relevance of each course 
(also on a scale from 1 to 5) to each of his career goals. 

A simple case-based algorithm is designed to compute course 
relevance. For example, if a course is essentially relevant (relevance level of 
5) in 2 of the student s career goals, the course will be considered highly 
relevant to the student. The complete set of rules consists of 16 cases 
(another case example: if a course has the relevance level of 3 for 2 user 
career goals, the course is lowly relevant for him). This algorithm is derived 
from some preliminary assumptions and needs, evaluated with real users. 
One such assumption concerns the proven efficiency of “do-it-by-yourself” 
methodology: the experimental tests showed that the students are interested 
in taking courses that will help them to find an interesting career in the future, 
and the system could help them in observing their progress towards each of 
their career goals. 

The adoption of the career job profiles in CourseAgent enables us to 
accomplish a comparison to our system because mainly: 
o the user profile is the equivalent of user interests level profile and is 

expressed through some taxonomy concepts; 
o a course is also assigned with some taxonomy concepts; 
o previous courses (as well assigned with some taxonomy concepts) are 

evaluated by the user. This information could be used for classifying the 
current course: how difficult it is and how relevant it is for the user career 
goals. 

Thus, the case-based algorithm could be replaced by a classification 
approach, which provides a more pertinent evaluation of the courses in terms 
of user interests. 
 

5.4.4 Persona 

 
Persona [Tanudjaja & Mui, 2002] is a personalized search system, 

represents user profiles as a collection of weighted concepts based upon the 
Open Directory Project s concept hierarchy. The user profile is developed 
according to the user search  activity: searched topics are related to the ODP 
taxonomy concepts (which are related to user profile), and the corresponding 
documents are provided. Users are asked to provide explicit feedback on the 
resulting pages for their searches. Thus, the sense of the searched topic is 
disambiguated (the system could understand if, searching for “virus”, user 
was interested in computer science or in medical sense). The system builds a 
taxonomy of user interest and disinterest using a tree coloring method: each 
node has a color  that encodes the number of times it has been visited, rated 
positive, negative, and associated URL s. The algorithm itself is very simple, 
oriented to the countering activity. No reasoning is used for differentiating the 
importance of the URLs associated with a certain topic, and their relevance 
for the user profile. 

A previous similar approach, OntoSeek system [Guarino et al., 1999] 
enables users to formulate queries by navigating the ontology in order to 
improve the content-based search. 
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5.4.5 Foxtrot 

 
As we mentioned earlier, Foxtrot (Middleton et al., 2004) is the closest 

system to our approach because it also adopts an ontology-based user 
profiling and a hybrid recommendation technique, combining a collaborative 
and a content-based approach. We discuss below some advantages of our 
approach due to the adopted user and document models. 

In Foxtrot, a document is assigned to a single ontology concept, and 
the user profile is developed by the concepts corresponding to the browsed 
documents. An interest value is assigned to each ontology concept. Our 
approach adopts a multi-concept document indexing (with a single concept as 
dominant, established by isOnTopic relation). The user profile fingerprints 
layer includes concepts corresponding to the browsed documents, but two 
supplementary user profile layers contribute to the recommendation 
refinement: user interests layer is used to initialize the user fingerprints profile, 
and also to select the users belonging to the same stereotypes for the 
collaborative filtering recommender; user competencies profile is used to 
select the most relevant documents for the user. 

Foxtrot first generates the term-vectors for each paper, and then uses 
the kNN algorithm (IBk classifier, boosted by AdaBoostM1) in order to classify 
the papers according the ontology concepts. A manually-developed training 
set of classified papers is used. In our approach, the kNN algorithm is first 
applied for establishing the user next focused concept. The training set is also 
manually-developed with records created on the interest profile basis and 
exploiting some generic users characteristics. 

In Foxtrot, user interest profiles are computed daily by correlating 
previously browsed research papers with their classifications, and the 
recommendations are provided once for each day of the system usage. We 
tried to find a solution to provide real-time recommendations, as user performs 
his/her very current tasks. 

5.4.5 Discussion 

After presenting this overview and comparison to similar approaches, 
some conclusions could be observed: 

o Only partially similar approaches exists, having in common to our 
approach only certain aspects, in addition to the main issue of adopting 
ontologies; 

o Recommender systems are usually item-oriented (such in case of 
recommending movies or restaurant menu or articles to be bought 
inside an e-shop); very few systems consider the visited documents in 
terms of their annotations; 

o No tradition for public datasets in ontology-based AHS: each particular 
system develops its own dataset, which is not made available. In e-
learning field, no ontology-based annotated LOs dataset exists; in 
recommender systems, only datasets for movies or menu 
recommendations are available; 
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o The obtained results are very dependent by: 
o The user level (in Entrée system, the recommendation 

pertinence vary between 38-70%, in Foxtrot: 3-30%); 
o The document annotations quality: many time, these are 

manually accomplished; 
o The training dataset 
o The feedback provided by the user! As could be seen, all the 

discussed systems require feed-back from user. 
o Also, different approaches could be noticed as used for achieving 

personalization: machine learning approaches vs. case-based 
algorithms vs. information retrieval techniques. 
 

5.5 Conclusions 

In this chapter we presented a solution for applying the current 
personalized recommendation techniques in the case of using domain 
ontologies for developing both the user and document model. The procedure 
differences are discussed, as well as the semantic enhancement brought by 
the ontology usage. Our hybrid recommendation solution combines a 
collaborative and a content-based approach: 
• By using a collaborative filtering approach, the user s ontology conceptual 

navigation is monitored in order to predict the next concept(s) of interest.  
• A content-based recommendation technique selects then the most content 

relevant documents for the user according to the selected concept and 
user s competence profile. 

The key for providing pertinent recommendations to the users is the 
first recommender, which evaluates the next focused concept through a 
collaborative filtering approach. The second recommender performs just a 
classification among the documents annotated with this concept, according 
the current user competences profile. If the user chooses a document not in 
the recommended list, the recommendation error belongs to the first 
recommender. 

From the algorithmic point of view, the two recommenders are very 
close: document filtering is similar to user filtering since they are similarly 
modeled. Moreover, the document filtering is performed by computing the 
similarity between the documents and the current user competences profile.  

The main advantage of our approach consists in its independence by 
the navigational structure of a particular site. Moreover, the conceptual 
navigation supports the user in receiving recommendations according to his 
current main interests. Our approach avoids the difficulty of the cold start 
problem (encountered currently in the collaborative filtering recommendations 
methods), as well as the monitoring of the user navigational activity 
(considered especially by the content-based recommender systems).  
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6. Architectural Solutions for the Proposed 
Recommender System 

In order to implement into a real life e-learning system the proposed 
hybrid recommendation technique, a lot of modules, data collections and 
atomic functionalities are necessary, which should be integrated into a certain 
architecture. We expose such a service-oriented architecture, and discuss 
further the frameworks for integrating such architecture into a grid and also 
into a pervasive environment. 

6.1 The Service Oriented Architecture 

The actual e-learning platforms adopt one of three architecture types: 
client-server, peer-to-peer, and Web services-based architecture. 

A major advantage of the Web services based architecture consists of 
the possibility of accessing the various Web services functionalities not only 
inside the platform, but also from the other e-learning platforms, with other 
architectures. Also, the services can form a Web mash-up in order to provide 
a new functionality and/or a new user-experience. 

We will provide a Service Oriented Architecture (SOA) solution able to 
structure users and educational resources in the exposed models, and to 
integrate the proposed hybrid recommendation functionality. 

6.1.1 Web Services Conceptual Model 

The term Service Oriented Architecture [Erl, 2005] refers to the design 
of a distributed system. SOA is a novel design methodology and architecture 
aimed at maximizing the reuse of multiple services (possibly implemented on 
different platforms and using multiple programming languages). 

Reusability is one of the characteristics for a service. 
A Web service is an interface that describes a collection of operations 

that are network accessible through standardized XML messaging56. The 
service implementation is hidden behind its interface and is not relevant for 
the consumer (for example, a component that needs that functionality 
provided by the service). 

These services, their descriptions and their relationships, along with 
the principles governing its design and evolution form the SOA architecture. 

In a SOA platform, the services generally have some important 
characteristics [Erl, 2005]: 

 Services are individually useful – they are autonomous. 
 Services must be loosely coupled. This expression implies that 

services discover the needed information at the time they need it. The 
benefits offered by this characteristic are: flexibility, scalability, ability to be 
easily replaced, and fault tolerance. 

 Services can be composed to provide other services – 
composability. This promotes the reuse of existing functionality. 

                                                
56

 Booth, D. et al., Web Services Architecture, W3C Note, 2003: 

http://www.w3.org/TR/ws-arch/ 
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 Services can participate in a workflow. An operation performed 
by a service will depend on the messages that are sent or received – 
service choreography. 

 Services can be easily discovered (discoverability), eventually in 
an automatic manner. For that, services must expose details (and 
additional meta-data) such as their capabilities, interfaces, policies, 
supported protocols. Other details such as the programming language or 
the information about the platform are not useful for consumers and – 
usually – are not revealed. 

The Web services conceptual model57 is based on the interactions 
between three entity types (see Figure 23): 
1. Service Provider – the platform which host and provide access to the Web 

service; 
2. Service Requestor – the application which looks for and invokes or 

initiates an interaction with an Web service; 
3. Service Registry – a searchable registry containing service descriptions, 

where the service providers could publish their own description and 
descriptions for their provided services. 

These Web services entities could interact among them through three 
operation types: 
1. Publish – A Service Provider could publish into the Service Registry the 

descriptions of its services; 
2. Find – A Service Requestor could find some interest Service Descriptions 

into Service Registry (by querying it); 
3. Bind – The Service Requestor invokes or initiates an interaction with the 

retrieved service at run-time (by using the binding details provided by the 
service description in order to locate, contact and invoke the service). 

The above mentioned entities and operations act upon three major 
Web services objects: Web service software module; Web service description; 
Client application. 

The key specifications concerning the Web services are: 
 XML (Extensible Markup Language) – a meta-language that 

became an ubiquitous paradigm for (semi)structured information 
interchange;  

 SOAP (originally known as Simple Object Access Protocol) – an 
XML-based protocol which allows the exchange of structural information 
(the request and the response of a service) in a distributed and 
decentralized environment; 

 WSDL (Web Services Description Language) – an XML-based 
language used to describe a Web service (service attributes, service 
interface and other properties). 

 
 

                                                
57

 Kreger, H., Web Services Conceptual Architecture: http://www-

306.ibm.com/software/solutions/webservices/pdf/WSCA.pdf. 
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Figure 23:  Web Services Conceptual Model 

 
The two concepts, SOA and Web services, will be used together in our 

proposal, but they are not mutually dependent. For more details, see [Erl, 
2005]. 

6.1.2 The E-Learning Services Oriented Architecture 

The complex activities within an e-learning platform – such as 
educational content editing and annotation, student activities supervision, or 
user administration – could be modeled as processes or workflows, which 
manipulate objects of student type and learning objects [Vossen et al., 2002]. 
These could be attributed and associated with various e-learning platforms 
components. Thus they could be used as a workflow management system in 
order to control these activities.  

Such a vision makes possible a Service Oriented Architecture of the e-
learning platform (see Figure 24): the Web services could facilitate the content 
management, as well as the modeling of other activity types within the e-
learning platform – for example, the student assistance during the 
documentation/learning process [Pankratius & Vossen, 2003]. 

So, the various functionalities of the e-learning system could be de-
composed and detached by the platform, in order to be provided as individual 
autonomous Web services. This decomposition is based on an appropriate 
modeling of the processes, objects and interactions between these, in the 
same manner they occur within the platform.  
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In addition, the results should be re-used, according to the concrete 
needs, by the various other services provided by different institutions. The e-
learning platform functionalities will result from the appropriate composition of 
multiple such services. 

 
Figure 24: A Services Oriented approach for the Learning Management Systems 

In this architecture, the first step would be registering each service into 
a registry, so that services can be then invoked through the service broker. 
The broker is a central component in this distributed architecture: it allows 
communication between independent service providers and requesters. In 
particular, it attempts to match a request for a service to the closest service 
that can provide that functionality. Services interact with resources and, in 
particular, subscribe to relevant ontologies. Other resources include 
databases and documents published on the Web [Moreale & Vargas-Vera, 
2004]. 

An e-learning portal might include services such as smart question-
answering, exam marking, intelligent tutoring systems, helping support for 
students in order to improve their essays, and, possibly, an annotation system 
for the course materials during their editing process. 

At the level of a certain institution platform, it could be considered that a 
single service provider exists. The collaboration between institutions can be 
made within the frame of a service agency, at least for the annotation and 
retrieval Web services. 
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6.1.3 The SOA Proposed Architecture for our Hybrid 
Recommender Approach 

We present further a service-oriented architecture which integrates the 
functionalities for developing the user model defined in the first chapter, the 
document model defined in the second chapter, and the hybrid 
recommendation technique exposed in the fifth chapter. This architecture is 
illustrated in Figure 25, where the data collections are depicted through ovals, 
the Web services are depicted through round-corner rectangles, and the 
workflow is depicted through numbered arrows, according the logical steps 
sequence. Two dashed rectangles delimitate the user interface (front-end) 
and the back-end system organization. 

 

 
Figure 25: The SOA proposed architecture for our hybrid recommender approach 

Before the recommendations are possible, some preparatory steps 
should be accomplished: the available Web resources are given to the 
Document Modeler Service (step 1) in order to be indexed based on ontology 
concepts, according to the document model exposed in Chapter 2. For 
acquiring this, the document modeler service makes use of the ontology 
concepts (accessed through an Ontology Access Service) in order to index 
the Web resources, and provides the indexation results to the annotation 
service in order to obtain the Document Annotations according the established 
document model (step 2). On the other hand, the Interests and the 
Competences profiles of the existing users are obtained by a User Modeler 
Service from a set of Rules regarding the users  certificates, courses 
enrolment, exam assessments, as exposed in Chapter 1 (step 3). Thus, the 
documents annotations, and the users  competences and interest profiles are 
available to be used in further operations. 
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When a user effectively visits a Web document (step 4), an Observer 
Agent locates this document s annotations (step 5), and sends them to a User 
Input Observer Service (step 6). This service further transmit the current 
visited document annotations to the User Modeler Service (step 7), which 
uses them in order to initiate (or update) the current user Fingerprints profile 
(step 8). In order to provide user with recommendations, the user modeler 
service selects current user s fingerprints and interests profile (step 9) and 
transmit them to the Collaborative Recommender Service (step 10). To 
evaluate the significance of concepts encountered in these profiles, it 
accesses the (ontology-based) knowledge base with the support of the 
ontology annotation service (step 11). The result of the collaborative 
recommender service is the predicted next concept focused by the user (c), 
which is transmitted to the Content-based Recommender Service together 
with the user competences profile (step 12). This second recommender 
service calls the annotation service (step 13) to access the document 
annotations collection in order to establish the documents suited with the 
supposed next focused concept and the user competences (step 14). After 
selecting the suitable document annotations, the effective document which 
corresponds to these annotations is determined with the support of document 
modeler service (step 15), among the Web resources collection (step 16). The 
selected documents are sent as recommendations to the user by the 
document modeler service (step 17). The new action of the user is captured 
again, and the steps 4-17 are re-iterated as long as the user is active. 

In this architecture, the services as well as the data collections could 
be distributed wherever on the Web space, and used together inside the 
exposed architecture as well as individually, inside various Web applications. 
However, for this general case, the semantics of the Web services  input and 
output data should be known by the applications which intend to integrate 
them. 

Due to their flexibility to be re-used and integrated in multiple various 
applications, the Web services paradigm was adopted in some new 
architecture types, such as grid or pervasive systems environments. We will 
expose further the particularities of our proposed architecture in these 
environments, and the corresponding frameworks which enable the SOA 
architecture adoption. 

6.2 Grid Systems Framework 

Grid computing [Buyya, 2002] – considered as a promising paradigm 
for the advanced distributed computing – facilitates the sharing, selection, and 
aggregation of world-wide distributed heterogeneous (hardware, software, 
logical) resources (such as supercomputers, storage systems, data sources, 
specialized devices such as wireless terminals and others) that are 
geographically distributed and owned by different organizations for solving 
large-scale problems in different areas of interest (e.g., science, engineering, 
learning, and commerce) or for granting access to substantial repositories of 
data, information, or knowledge.  

A resource is a shared entity that exists in the Grid. It can be 
computational, such as a personal digital assistant (PDA), smart phone, 
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laptop, workstation, server, cluster, and supercomputer or a storage resource 
such as a hard drive in a desktop, RAID (Redundant Array of Independent 
Disks), and terabyte storage device. Other types of resources are the I/O 
ones: sensors, networks (e.g., bandwidth), printers, etc. Within a grid, logical 
resources are also available: users, time counters and others. 

The absence of a central location and central control implies that grid 
resources do not assume a particular central location for their management. 
One important key point is that in a grid environment the resources do not 
have prior information about each other nor do they have pre-defined security 
relationships [Abbas, 2004]. 

Grid applications are distinguished from traditional Internet applications 
– mostly based on client/server model – by their simultaneous use of large 
number of (hardware and software) resources. That involves dynamic 
resource requirements, multiple administrative domains, complex and reliable 
communication structures, stringent performance requirements, etc. [Buyya, 
2002]. 

On the other hand, in the social Web age an e-learning virtual 
organization is made by integrating various e-learning services from disparate 
educational resources, situated on different platforms that can form a grid 
system. This integration can be technically challenging because of the need to 
achieve a good quality of the e-learning services when running on top of 
different platforms [Tian & Chen, 2006], and a grid system could provide a 
solution.  

The semantic Web challenges led to the development of different 
techniques of using ontologies for annotating the e-learning materials 
available over a grid system. For example, within the OntoGrid project a 
specification of the ontology grid compliant and grid aware services was 
developed [Gutiérrez, 2005], in order to provide an infrastructure for 
manipulating ontologies at the grid level.  

Our proposal is to adapt this technique for developing ontology-based 
annotation services at the grid level. This would enable to use the same 
ontology set for annotating both user competences and LOs. This solution will 
provide a significant support for developing the query and retrieval grid 
services, and also for the personalization services able to give users the most 
appropriate recommendations of potential collaborators (e.g., the persons with 
related interests) and learning resources. 

6.2.1 Grid Initiative and Tools 

One of the most important initiatives concerning the Grid computing is 
the Open Grid Services Architecture (OGSA) that employs the use of Web 
service technologies in the context of Grid computing [Berman et al., 2003]. 
The Grid components can be managed as a single virtual system. 

The computational and storage resources, the network infrastructure, 
the applications, etc. are all represented as services. Grid services are viewed 
as Web services [Erl, 2005] that can be invoked to give access to resources 
by using actual Web technologies and languages (e.g., WSDL – Web Service 
Description Language, SOAP protocol, XML – Extensible Markup Language). 
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A standardized model of infrastructure is available – Open Grid 
Services Infrastructure (OGSI). In order to take into account different Web 
Services extensions [Weerawarana et al., 2005] – such as WS-Security, WS-
Trust, BPEL4WS (Business Process Execution Language for Web Services) – 
and to define stateful Web services, an important proposal is the Web 
Services Resource Framework (WSRF). 

A reference implementation of the Grid architecture and Grid protocols 
is Globus [Foster, 2006]. It provides software tools to build Grid environments 
and Grid-based applications. These open source tools are collectively called 
the Globus Toolkit. Globus includes software services and libraries for 
resource monitoring, discovery, and management, and also for security and 
file management.  

The most important components of the Globus toolkit are: 
 the Grid Resource Allocation and Management (GRAM) protocol 

and its “gatekeeper” service, providing secure and reliable service creation 
and management; 

 the Meta Directory Service (MDS-2), which supplies information 
discovery through soft state registration, data modelling, and a local 
registry (“GRAM reporter”); 

 the Open Grid Security Infrastructure (GSI), which supports 
single sign on authentication, user delegation, and credential mapping. 

Using OGSA and WSRF, several “core” grid services can be specified. 
The Globus Toolkit is preferred for implementation by many Grid 

projects – for example, DartGrid, OntoGrid, and SeLeNe (Self e-Learning 
Networks) – respecting the conformance of OGSA/WSRF specifications. 
Other related projects are Apple XGrid, Condor, Legion, and Sun Grid Engine. 

The effort of standardization of Grid protocols, architectural models, 
and software tools is carried by the Global Grid Forum. 

6.2.2 Ontology Grid-based Services for E-Learning 

6.2.2.1 The Need of Metadata and Ontology Services 

For developing a suite of e-learning services in charge with semantic 
resources annotation and personalized recommendations, the general 
architecture to be followed is depicted in Figure 26 below: 

 
Figure 26 The E-Learning System built on the OGSA infrastructure 

Because in our system the ontology-based annotation has an essential 
role – being applied for resources and user competences as well – we adopt 
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an architectural extension of the OGSA infrastructure services, through some 
new or adapted interfaces, in order to obtain a metadata-oriented system 
instead of a functionality-oriented one.  

This approach is similar to the solutions adopted by OntoGrid, SeLeNe 
or EGSO (European Grid for Solar Observations) projects.  

Following the OGSA specifications, certain e-learning specific 
functionalities are defined, related mainly to the ontology-based resources and 
competencies annotation.  

First of all, these e-learning services will provide support for metadata 
semantic description, instead of parameters such as computing cycles, big 
data objects, etc. In this manner, the generic metadata RDF-based services 
could be subsequently adopted by other grid systems, due to the semantic 
grid support – see [Henze & Nejdl, 2001]. 

Moving to more complex knowledge models, ontology services must be 
considered. These services can be viewed as a particular case of the data 
access services because – for the given data set constituted by a specific 
ontology – they provide the mechanisms for the ontology management. This 
approach, adopted by the OntoGrid project, leads to the idea [Gutiérrez, 2005] 
that the access to the ontological constructs can be performed via the existing 
infrastructure for the general data access within a grid system.  

To accomplish this goal, the WS-DAI (Web Services Data Access and 
Integration) specification can be considered – consult [Antonioletti et al., 
2006]. An extension of WS-DAI was performed in order to offer access to the 
ontological assertions in a platform-independent manner. The ontology 
access services could be used within any particular information (e-learning) 
system. 

The proposed infrastructure for ontology management includes three 
interfaces, similar to those defined by [Antonioletti et al., 2006]: 
1. Ontology Description extends the data description interface, enabling the 

ontology resource selection; 
2. Ontology Access represents an extension of the data access interface, 

enabling the direct interaction with the selected ontology resource; 
3. Ontology Factory extends the data factory interface, allowing the direct 

interaction with the knowledge repository components. 
Each particular interface for ontology manipulation should be structured 

in three corresponding sub-interfaces: Description, Access, and Factory. 
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Figure 27 The ontology data services organization inside the OntoGrid project (WS-
DAIO architecture) – consult (Antonioletti et al., 2005) 

The architecture of the interfaces (data services) for the ontology 
manipulation was designed by considering the ontology resources hierarchy 
(see Figure 27): 

 Ontology Data Resource includes the big ontology repository 
services manipulation; because such a repository is constituted by 
ontologies, the Ontology interface is derived from this interface; 

 Ontology interface consists of services for the particular global 
ontology manipulation; the Schema and Instantiation interfaces are derived 
from this interface, because an ontology is defined by a schema and it is 
effectively used through various instantiations; 

 Concept and Attribute interfaces are derived from the Schema 
interface; they provides the services used for particular ontology concepts 
and, respectively attributes manipulation; 

 Individual and Value interfaces are extended from the 
Instantiation interface, enabling the instantiated concepts and attributes 
manipulation. 

This approach offers a general access method to the existing 
ontological constructs stored by a grid platform, from any information system.  

6.2.2.2 User Competences Service 

On the top of the described infrastructure, a set of grid services can be 
developed to provide means for the semantic annotation of user competences 
and the learning objects. 

What we have to address here to enable such a modeling approach 
within the OntoGrid extended infrastructure is the support for expressing 
relations between two concepts from different ontologies – such as Learner 
Performances from PAPI and a particular concept from specific domain 
ontology. 

A possible solution is to extend the ConceptAccess interface from the 
OntoGrid infrastructure with two new methods: 

 ConceptAccess :: AddHasCompetenceRelation – to add a new 
relation named hasCompetence between two concepts: a learner 
performances and a domain ontology concept; 

 ConceptAccess :: RemoveHasCompetenceRelation – for 
eliminating such a relation. 

We provide below the details regarding the 
AddHasCompetenceRelation public method of the considered grid service: 

 Input: AddHasCompetenceRelationRequest (Concept, 
OntologyName) – provides the target concept and its belonging ontology 
name as parameters;  

 Output: AddHasCompetenceRelationResponse (Result) – 
specifies if the hasCompetence relation was created or not; 

 Possible service fault(s): ConceptDoesNotExist (the specified 
concept does not exist in the schema of the specified ontology) and 
OntologyDoesNotExist (there is no ontology with the specified name in the 
ontology data resource). 
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In general, within the e-learning systems a competence profile update 
is automatically accomplished when a certain event has occurred – for 
example, an exam passed by a student with a certain mark leads to certain 
competences acquiring (with certain levels); similar for a project presentation, 
an article publication, etc. The corresponding assessment services use a set 
of rules for managing such events, and the Ontology Services could be called 
as a result of  firing such rules. 

Similar to the learner profile case, the document model represents in 
fact a taxonomy, for manipulation of which the OntoGrid framework provides 
support. 

We illustrated above how the OntoGrid infrastructure gives support for 
knowledge management within a grid platform. An extension of this 
infrastructure was presented in order to make possible the definition of certain 
ontology services for manipulation of user competences and learning objects 
annotation processes. We consider that the ontological constructs could be 
successfully used to specify grid services and the involved knowledge in the 
context of e-learning. 

6.3 The Service-Oriented Pervasive Architecture 

In the pervasive computing paradigm, computing elements should 
disappear from the user s consciousness while functioning homogeneously in 
the background of his environment. In such systems, users would 
communicate and compute with each others whenever, wherever and 
however [Park et al., 2004]. 

Pervasive systems are user-centered systems that contain 
heterogeneous and dynamic components: data, software, hardware and users 
[Al Kukhun & Sedes, 2006]. Pervasive computing allows the coupling of the 
physical world to the information world which promotes the importance of 
context aware services. Following a service-oriented model, pervasive 
systems aim to provide proactive, procedural and implicit services.  

The pervasive concept captured the attention of researchers who 
applied it in different contexts and environments. In [Yang et al., 2006], a 
location-aware Context Management System was proposed to provide 
automatic and dynamic adaptability for an Intelligent Advertisement Board, a 
Museum Guide and a Treasure Hunting Game. In [Kurkovsky & Harihar, 
2006], a ubiquitous service was built to enable users to obtain an Interactive 
Mobile Marketing tool using their handheld devices. Finally, pervasive and 
context-aware services were used in different applications within healthcare 
systems such as mobile telemedicine, patient monitoring, etc  [Varshney, 
2003]. 

We discuss below some functioning aspects of the proposed Service-
oriented architecture in the context of Pervasive E-Learning Systems. Our 
discussion focuses on ensuring a homogeneous interaction and 
communication between various communities and systems in order to acquire 
and filter information for the permanently developed personal competences 
profile. In the age of mobility of devices and people, often a certain teacher, a 
student or a document faces difficulties to be integrated within various e-
learning systems. A good integration could be achieved if they are 
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accompanied – via Web services - by semantic information that describes 
their competences respectively with their content. A measure for this 
integration could be the effectiveness of the recommendation they receive 
from a new system. 

6.3.1 Web Services Particularities in the Pervasive Environments 

As we have shown above, users of a web service should obtain access 
to the Internet in order to demand for a desired service (push a request to the 
system). As a result, the system will search whether the desired service exists 
within the service registry in order to return it to the user. If a desired demand 
did not match with an existing service, the system will provide the user with 
approximately similar services. 

A pervasive service can be accessed using an Internet connection, a 
mobile network, a LAN or a peer-to-peer ad hoc network, etc. If the user 
demands a desired service, the system would look for it not only in the 
Internet registry but would also search for relevant services existing in the 
user s surrounding environment. A pervasive system might also study the 
user s profile to anticipate the user needs and desires and would propose to 
him/her available services (pull services and present them to the user). 

6.3.2 A Service Oriented Pervasive System Functioning 

As we mentioned above, the classical Web services conceptual model 
is based on the interactions between three entity types: Service provider, 
service requestor and service registry. In order to access a certain Web 
service, the applications should make a special demand (push a request to 
the system). In addition to this sort of facilities, a pervasive system might also 
study the user s profile to anticipate the user needs and desires and would 
propose to him/her available services (pull services and present them to the 
user). This is the reason for which we chose a pervasive system architecture 
in order to integrate the previous exposed services. 

As we show in the figure above, our system includes a user modeler 
service that would take the raw data about the surrounding users and convert 
them into a collection of user profiles, which respects our user model.  

At other side, the system includes also a document modeler service 
which extracts information from the document collection and build a collection 
of document annotations, according to our document model. 

When a user joins our pervasive system, his profile (competences and 
interests) will be captured by the system. The user profile mapping service 
considers the user profile as a query over the User profiles collection in order 
to retrieve and recommend a list of users with similar profiles. The mapping 
service between user profiles and documents considers the user profile as a 
filter to extract a list of relevant documents the user might be interested in. 

As the user receives the two previously proposed lists of 
recommendations, he is expected to select a user profile or a document. 
According to his choice, the system will continue to provide him with 
recommendations: 
o if  the user chooses to visit a user profile, then the system will match 

between the two user profiles in order to detect the common interests and 
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competences. This filtered information is used as a new input to the 
system (instead of the entire user profile) in order to recommend to the 
user two new lists (similar users and interesting documents); 

o similarly, if a user choose to visit a document, the system will match 
between the user profile and document annotations in order to calculate 
the current user interests (producing a dynamic user profile). The new 
profile will be a new input to the system. 

 
Figure 28: The architecture of the service-oriented modeling and recommender 

pervasive system 

The user profile containing his competences and interests is extracted 
from the user CV. As usually, the CV is developed by the user himself. Our 
system provide to the user a service for creating a standard CV. This service 
will ask the user to fill in the information about his obtained certificates and his 
enrolled courses. Each certificate has assigned a set of concepts which will 
be transferred into the user competences profile. Also, each course has 
assigned a set of concepts, which will be transferred into user interests profile. 

As a result, our system would enable different users (e.g. teachers / 
students) to move around different e-learning pervasive systems, having the 
advantage of a ubiquitous access the information of interest (possible 
collaborators and relevant documents).  

If the previously mentioned service is called by the user, another 
pervasive service will be in charge of publishing the competences profile – 
which distributes the developed profile to the web registry and to other 
services available in the surrounding pervasive environment; if we consider a 
centralized client-server system, this service would publish the information 
about the personal profile developed by mentioned service; as in peer-to-peer 
system, the service would transmit this information to all peers that are 
available within the current environment. This is the service which provides to 
our system the user profile. 
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In order to illustrate our idea, we consider the following scenario: 
o As a user enters the pervasive environment, his published profile will 

communicate his interests to the surrounding devices. Thus, a receiving 
service will obtain and process this profile in order to check the similarity 
between the competences existing in the profile and the services provided 
by the device itself.  

o For example, we consider the case of a professor handling his/her mobile 
device and moving around the city. The research interests of this professor 
will be saved in his CV, our system will use this CV and would distribute it 
to different services existing in the surrounding pervasive environment. A 
first scenario might be when the professor passes by a bookshop: the 
bookshop system might receive his CV and might explore it in order to 
suggest him the latest books that match with his/her competences profile. 
A second scenario could occur when the professor participates in a 
conference: our system would enable the conference system to use 
his/her profile in order to provide him/her with the list of participants having 
similar interests. Finally, a third scenario might occur when the professor 
visits a research institute, our system will publish his/her profile and thus, 
the institute services could use this competences profile in order to notify 
him about the possible collaboration opportunities (projects, research 
groups, specialists, students, etc) as well as documentation opportunities 
(books, articles, thesis, etc).  

o As we have mentioned previously, the user s profile will be used by 
different surrounding services so our system will provide the user device 
with many appropriate proposals. Meanwhile, the surrounding services 
could send the user irrelevant information (as a sort of publicity) and here 
we highlight the importance of a filtering service – in charge of filtering and 
ranking the information received from the services provided by the 
surrounding environments. The filtering mechanism will consider the 
personal competences profile as a query over the received information. 
The final list of services will be ranked according to the competences 
having high degree in the user profile. 

 

6.4 Conclusions 

In this chapter we presented a service-oriented architecture which 
integrates the functionalities for developing the user model defined in the first 
chapter, the document model defined in the second chapter, and the hybrid 
recommendation technique exposed in the fifth chapter. 

In this architecture, the services as well the data collections could be 
distributed wherever on the Web space, and used together, inside the 
exposed architecture, as well as individually, inside various Web applications. 

Because the Web services paradigm was adopted in some new system 
types, such as grid or pervasive systems, we also discussed the framework 
provided by the grid initiative for supporting a SOA architecture in general and 
our services in special. Also, the particularities of running the proposed 
services inside an pervasive environment are discussed. These applicative 
examples illustrate the flexibility a SOA solution. 
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Conclusions 

 
The present thesis exposes the results of a research effort in which the 

main goal was to find a semantic Web based solution to link the resources 
and the users involved in the academic domain. The specific problem 
addressed by the thesis is the problem of providing personalized 
recommendations of resources to the users of an e-learning application, 
according to their professional competences and interests, with the support of 
semantic Web technologies, and without requiring explicit feed-back or other 
intervention from the user. This problem is situated at the middle of multiple 
computer science domains, whose technologies were harmonized in order to 
structure the solution provided by the thesis: 

 The e-learning domain is directed by many e-learning standards, 
whose main goal is the organization and the management of the learning 
process and learning resources, and not the integration with various 
Semantic Web applications: the actual learning management systems 
include only support for blogs and news feeds and enable an academic 
institution to define its own skills catalog in the form of a non-standardized 
taxonomy. The adoption of a domain ontology for organizing such a 
catalog (proposed by the thesis) is an important step through 
standardization, including support for semantic enhanced relations 
between skills. In the area of personalization, the e-learning domain 
integrates a tradition of Intelligent Tutoring Systems, focused especially on 
adaptation of the navigation support according the user particularities, and 
not on providing him with personalized recommendation.  

 The Semantic Web technologies adopted by the social Web 
applications in order to provide users with personalized recommendations 
are based mainly on the free tagging activity performed by the users 
themselves; the great benefit of such applications consists in the 
transmission of user profiles across multiple communities, possible due to 
the standardized formats in which the information is stored. Also, the 
general community effort contributes to each particular user experience 
enhancement. Our solution tries to eliminate the user s tagging effort and 
to adopt an automatic indexing method based on domain ontology 
concepts, with a clear and standardized semantics. The possibility of 
profiles as well as of recommendation functionalities transmission through 
service oriented approach was discussed. 

 The Adaptive Hypermedia Systems domain developed some 
methods for providing users with personalized functionalities especially by 
exploiting the keywords extracted from the content with the support of 
Information retrieval techniques, or users  navigation activity tracked with 
the support of Web mining techniques. The exploration of ontology-based 
annotated content is still incipient in this area, while the consideration of 
user navigation through ontology instead of site structure is a contribution 
of the present thesis. 
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In order to define our solution, some integrally similar approaches 
oriented to the same entire problem were not available. Instead, each step 
performed to the final solution was related to the existing approaches and 
standards which address the corresponding intermediary problem.  

The main issues in developing a recommender system concern the 
definition of a user model and a document model, the methods for these 
models development, and the techniques for establishing the 
recommendations suitable for each particular user. 

While the general recommender systems are focused on the user 
current goals, defining and developing a user model based on his/her visited 
items (eventually by automatically indexing the items  content), and the user 
models adopted by the e-learning standards are focused on the user 
competences (and do not consider the user current activity),  we defined and 
developed a three layered competences-oriented user model (competences, 
interests and fingerprints) expressed through ontological constructs. The 
fingerprints are the equivalent of the user current goals, illustrating the current 
topics of interest, covered in the context of general long-term interests. The 
last ones will become competences when user will pass the corresponding 
assessments. For developing the competences and interests layers, a rule-
based solution was adopted, as is commonly performed by the educational 
adaptive hypermedia systems. The fingerprints layer development is 
accomplished in the recommender systems  style, by tracking the user current 
activity, and the corresponding technique is exposed in Chapter 5. 

In order to establish a technique for providing users with personalized 
recommendations, it was important to find a way to relate the user profile with 
the materials to be recommended. The best method found demands to 
present the materials in a similar manner with the user profile, e.g. through the 
same ontological constructs. In the second chapter we exposed such a 
document modeling approach, after discussing how to combine the e-learning 
and the semantic Web standards. As in the case of user model (developed 
upon the IEEE PAPI standard), an e-learning standard (IEEE/LOM) was 
adopted as a basis for the document model. In the view of document model 
development, some textual and multimedia document indexing techniques are 
discussed, and a solution based on these is provided. As already 
emphasized, we focused on avoiding the manual annotation required inside 
the learning management systems and the manual tagging promoted by the 
social Web applications, but to find a solution for automatically annotate the 
resources with ontology constructs. For this purpose, we used techniques 
from information retrieval and multimedia indexing domains in order to 
develop an ontology-based document model, extending the IEEE/LOM  
e-learning standard. 

In Chapter 3 we present various approaches to personalization in the 
general framework of the adaptive hypermedia systems. Our goal was to 
discuss how the presented user and document models could be adopted in 
such personalization approaches, especially in those dealing with the 
personalized access to the information. The query-based formula proposed by 
such approaches (user profile function as a query over documents  space) is 
not very suitable for our complex user profile model case. For this reason, in 
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Chapter 4 we exposed the specialized techniques for recommendation, 
referring to the possibilities of adopting them into our case. Our goal was to 
deeply understand the recommender systems issues and how could be 
increased their efficiency by integrating semantic Web techniques. 

The first content-based recommendation systems made use of 
technology related to information retrieval such as tf*idf and Rocchio s 
method. The user models were often developed based on his/her saved 
queries provided to the system, which illustrate his/her interests. The further 
content-based recommenders adopted classification methods from machine 
learning domain, such as kNN (the k nearest neighbors) or naïve Bayes 
approaches. For our modeling approach, since the documents are already 
classified, and moreover the document model is very similar with the user 
model, the most suitable method for recommending documents based on their 
content to a certain user seems to be a kNN-based method. 

In the context of semantic Web applications, instead of the effective 
resources content, the recommenders use their associated metadata: free 
tags developed through the community efforts, microformats, metadata in 
various semantic Web formats (RDFa, DCMI, FOAF, RSS etc.), or even 
ontology-based metadata. Without considering the free resources tagging 
case, our approach provides a solution for annotating learning materials with 
semantic Web vocabulary formats, but is focused on using ontology-based 
metadata in the recommendation kNN-based algorithm. 

In the area of collaborative filtering recommender systems, the kNN 
solution seems also the most suitable for our ontology-based modeling 
approach, since the users clustering is a priory partially addressed by the 
underlying models themselves. This is an enormous advantage for space/time 
reduction: the neighbors could be selected among a smaller set of candidates. 

The probabilistic algorithms alternative collaborative filtering solution 
seemed to be suited to our problem since they provide support for predicting 
the user next action (e.g. next focused concept) by using a set of hidden 
classes (as the stereotype-based user interest profile could be considered). 
We developed a such alternative solution in Section 5.3.1.2, by using a 
Markov Decision Process, but discussed the prerogatives of the kNN based 
approach. 

Two major techniques for enhancing the recommender systems 
performance were underlined: to combine recommendation techniques in 
order to build hybrid recommender systems, and to integrate certain semantic 
Web techniques, especially concerning the resources association with a 
machine-processable semantics, such as our document and user ontology-
based models already gained. In this case, the ontology reasoning support 
could contribute to recommendations refinement. Among the hybrid 
recommender approaches, the meta-level type (which uses a model learned 
by one recommender as input for another) is suited with our idea of tracking 
user navigation inside the ontology: a collaborative filtering approach detects 
and recommends the user next focused concept; this is transmitted to the 
content-based recommender in charge with document selection together with 
the user competences profile. Thus, the user profile is already developed for 
the second recommender.  
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Chapter 5 exposed the established hybrid solution in details, consisting 
two successively applied recommendation techniques: first the tracking of 
user conceptual navigation is accomplished through two approaches – a 
collaborative filtering based on kNN algorithm and a Markov decision process 
– in order to predict the next concept which will be focused by the user, 
according to his/her fingerprints and interests profile. Further, this concept is 
used by a second, content-based recommender module, in order to select the 
documents to be effectively recommended, according to user competences 
profile. A kNN technique was also adopted. 

Because the collaborative support in the MDP approach is not very 
strong, since all the users  contribution in the decision process is equivalent, 
we considered the kNN approach to be the most suitable for the first phase in 
our hybrid recommender prototype. 

From the algorithmic point of view, the two kNN based recommenders 
are very close: document filtering is similar to user filtering since they are 
similarly modeled. Moreover, the document filtering is performed by 
computing the similarity between the documents and the current user 
competences profile.  

The adopted models enabled also a pre-filtering to be accomplished 
before the kNN classification to be run, thus reducing its space dimension: for 
the first recommender, only users with similar interests profile were selected 
to be classified according their fingerprints profile; for the second 
recommender, a pre-filtering of the documents annotated with the focused 
concept was accomplished, and their classification was further performed 
based on the current user competences profile. 

The ontology role concerned not only the model representation, but 
also the development of the training sets (were related ontology concepts 
were included for each possible focused concept), and the recommendations 
themselves, migrating to related concepts-based annotated resources when 
materials related to the focused concept are no more available. 

The main advantage of our approach consists in its independence by 
the navigational structure of a particular site, while the user navigation through 
ontology is concerned. The exposed recommendation hybrid approach is in 
fact independent of the e-learning field: we exposed the pre-processing phase 
of user and documents models which transforms them into matrix of numeric 
values. Only the concept references are considered in this pre-process 
activity, not also the e-learning specific elements. Thus, the recommendation 
technique remains applicable to each model which could be similarly pre-
processed.  

The last chapter presented a service-oriented architecture which 
integrates the functionalities for developing the user model defined in the first 
chapter, the document model defined in the second chapter, and the hybrid 
recommendation technique exposed in the fifth chapter. In such architecture, 
the services as well the data collections could be distributed wherever on the 
Web space, and used together, inside the exposed architecture, as well as 
individually, inside various Web applications. 

Moreover, such SOA architecture could be adapted in order to be 
integrated into a grid system or a pervasive environment. 
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Original aspects of the thesis 

Using ontology as a binder between documents and users is an 
original approach: the entire user profile was defined in terms of the same 
ontology concepts as the document annotations. 

The combination of different approaches, e.g. e-learning, Semantic 
Web, Adaptive Hypermedia Systems, but also information retrieval, machine 
learning, Markov decision process constitutes another thesis particularity. 

User profile is structured on three levels, competences, interests and 
fingerprints, built on top of IEEE/PAPI. It considers not only competences (as 
e-learning systems), or fingerprints (as recommender systems) or tags (as 
social Web applications). The model is defined in [Brut et al., 2008d], 
published in Springer. 

Document model is built on top of IEEE/LOM, including three semantic 
relation introduced by the thesis. Original is also the idea of separately 
processing the different parts of the document in order to generate semantic 
differentiated annotations. In addition, a solution of workflow modeling for 
multimedia documents indexing was provided. In [Brut, 2007] (IEEE Computer 
Society Press) is illustrated how to combine e-learning and semantic Web 
standards. In [Brut, 2008] (IJWET published by Inderscience) a solution for 
how to extend IEEE by ontologies is provided. 

The hybrid Recommender solution adopts a new approach for using 
domain knowledge in the user and document knowledge to be applied in 
known recommender techniques. Also, the method of integrating the ontology-
based domain knowledge into the recommender algorithms is original, as well 
as the idea of supervising the user conceptual navigation through the ontology 
used for materials and users modeling (which involves to track movement in 
ontologies of the domains in question rather than movement through the 
actual domains). The recommender solution avoids cold-start issue 
(frequently encountered in the collaborative filtering systems), and also does 
not demands the user feed-back (as all the actual ontology-based 
recommenders do). The hybrid solution was presented in [Brut et al., 2008e] 
(book chapter published by IGI Globals) 

From the solution architecture point of view, the defined models could 
be exported from a systems to another. Multiple architectures are possible for 
the recommender solution: pure Service-Oriented Architecture [Brut & Buraga, 
2008a] (Springer), architecture integration into Grid systems 
[Brut & Buraga, 2008b] (IEEE Computer Society Press), pervasive 
architecture [Brut et al, 2008a] (IEEE Computer Society Press). 

We also mention that, in addition to the nine articles included in the 
bibliography as personal publications, other three important publications were 
accepted meantime and other 25 previous papers were published in the 
proceedings of various international or national conferences, as well as in 
Romanian publications, and include the preliminary results of the thesis. The 
overall publication list is provided in Annex 1. 

As conclusion, the thesis provides a semantic-based approach in the 
context of the new European higher education law to alleviate and facilitate 
the dissemination of the current overload of information and resources for 
teaching and learning in Computer Science. 
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