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Abstract—The rapid advancements in the semantic web 
technologies has enabled personalised learning based on 
learner’s characteristics in the learning process. We have 
implemented a Personalised Adaptive e-Learning system 
(onto-PAdeL) which uses an ontological approach in 
designing learners’ models. Thus, this paper focuses on 
describing our approach for modelling learners based on 
their characteristics such as abilities, learning style(s), 
prior knowledge and preferences. The system uses Item 
Response Theory (IRT) for calculating learner’s abilities. 
The learning style can be represented according to 
different theories, each of which supports personalisation 
in different ways. We show that using ontologies for 
learner modelling, in addition to many different benefits, 
enables reasoning for adaptive learning. 

Index Terms—e-Learning, ontology, personalisation, 
learner model 

I. INTRODUCTION 

Developments in web technology offer new oppor-
tunities in the field of e-Learning. However, most 
current e-learning systems are based on a one-size-fits-
all approach in content delivery. Adaptively and 
personalisation in learning are techniques recently 
studied in order to overcome this problem (Surjono, 
2011). Personalisation is a critical requirement for e-
learning systems which use the full potential of web 
technologies, dynamically adapting learning content to 
learner’s educational needs for promoting learning 
results (Jeong, Choi, & Song, 2012). However, such 
personalised services are not often implemented 
properly in most cases, as they have a different attitude 
on which features should be used and how these 
features are used.  

In personalised e-learning systems, all learners have 
a profile in the learner model. The model contains 
knowledge about the learner to enable the predication 
of his/her behaviour through a personalised learning 
system and based on his/her characteristics, thus 
offering an appropriate learning path. In fact, learner 
model describes learner’s characteristics such as 
personal identification (name, family, age, job), educa-
tion, demands, preferences, learner’s experiences, 
existing knowledge and abilities (Baylari & Montazer, 
2009; Lu, 2008). E-Learning systems generate better 
learning tasks by using the information captured in the 
learner model. The model is continuously updated 
during the learning process, hence, resulting in a more 
accurate personalisation and interactivity for individual 
learners. 

Semantic web allows data to be read, processed and un-
derstood by machines precisely and intelligently. Ontology 
is the most suitable means for representing knowledge due 
to its flexibility and extensibility in designing concepts and 
their relationships. It is a formal, explicit specification of a 
conceptualisation (Gruber, 1993) that represents a concep-
tual understanding of specific learners due to identifying 
appropriate items and relationships for a set of knowledge 
in a specific domain. Furthermore, they enable people and 
applications to share common understanding of knowledge 
structures suitable in e-learning systems.  In this paper, 
ontologies are used to describe learner’s characteristics 
through modelling concepts and relationships in a higher 
level of abstraction.  

We consider the learner model as one of the most impor-
tant elements in personalisation for an educational environ-
ment. Therefore, this paper proposes the use of ontologies 
in learners’ model for describing their profile. The learner’s 
model is initialised during user registration and it is updated 
during the learning process. In our approach, learner’s 
abilities are estimated based on the Item Response Theory. 

The paper is organized as follows. In section 2 some re-
lated approaches are described. Details about learner model-
ling in Onto-PAdel are presented in Section 3. Section 4 
presents estimation of learner’s abilities. Ontology-based 
personalisation is explained in section 5 and Section 6 
brings the conclusions. 

II. RELATED WORK 

Learner’s model contains learner’s characteristics which 
are essential for adaptive learning. A typical learner model 
includes most important features of the learner that affects 
his/her learning, such as current knowledge, background, 
interest, goals, learning style and preferences (Bunt & 
Conati, 2003; Conati, Gertner, & Vanlehn, 2002; Díaz & 
Gervás, 2005; Gauch, Speretta, Chandramouli, & Micarelli, 
2007). A flexible approach in student modelling is pre-
sented in (Jeremic´, Jovanovic´, & b, 2012). This user 
model is used in DEPTHS (Design Pattern Teaching Help 
System), which is an intelligent tutoring system for learning 
software design patterns. DEPTHS makes use of a knowl-
edge assessment method based on fuzzy rules to update 
students’ models during the learning process. 

Recent developments in semantic web technologies have 
informed research on applying these technologies for 
developing adaptive e-learning systems. Several attempts 
have been made to implement ontology-based educational 
systems, one of the most important components in these 
systems is the learner model (Henze, Dolog, & Nejdl, 2004; 
Jovanović, Gašević, & Devedžić, 2009; Winter, Brooks, & 
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Greer, 2005). Some of these researches focus on 
proposing ontology-based approach for sharing student 
profiles between different learning sys-
tems(Brusilovsky, Sosnovsky, & Yudelson, 2005; 
Dolog & Schäfer, 2005). For instance, ADAPT2  
(Brusilovsky et al., 2005) is an Advanced Distributed 
Architecture for Personalized Teaching & Training. It 
employs a high-level mechanism for enabling 
interoperability between ontology-based user models in 
adaptive Web-based systems. The main idea of the 
ADAPT2 approach is the use of an Ontology Server to 
exchange user models. The ontology server seems like 
the most appropriate place to store a user model in this 
system. Moreover, some researchers attempt to propose 
the usage of ontologies and rule-based methods for 
developing learner models. For example, a rule-based 
solution for developing the user profile in an e-learning 
system is presented in (Brut, Asandului, & Grigora, 
2009). In the proposed solution, a two layers user 
model (competences and interests) is designed through 
ontological constructs. The user model provides 
personalised functionalities, especially with recom-
mendations on potential collaborators for the users of 
an e-learning system. Correspondingly, (Vesin, Ivano-
vić, Klašnja-Milićević, & Budimac, 2011) proposed 
the usage of ontologies and rule languages for building 
learner model in Java tutoring system. This approach is 
used for implementing adaptation in web-based PRo-
gramming TUtoring System (Protus) where the learner 
model is updated as a result of firing the semantic 
rules. 

An ontology-based learner model expresses the 
learner’s characteristics in an abstract way. But, it only 
expresses learner’s characteristics which is essential to 
support the system’s needs. For example, (Baishuang 
& Wei, 2009) proposed a learner model for adaptive 
learning system based on Semantic Web. This learner 
model mainly includes study style, cognition level, 
interest and hobby. The authors used Solomon Study 
Style to obtain learner's learning style. The learner 
model ontology is defined using protégé1 and it is 
updated through mining historical data. While, (Liu, 
Liu, Kang, Zhong, & Jia, 2009)  proposed an ontology-
based learner model to describe five aspects of 
learner’s characteristics namely learner’s basic infor-
mation, prior knowledge level, preference, cognitive 
skills, and performance. The authors calculate semantic 
similarities between learner‘s model ontology and 
knowledge base ontology to recommend effective 
learning resources based on learner’s needs. 

Most of the aforementioned systems concentrate on 
some learner’s characteristics in providing adaptive 
functionality such as learner preferences or knowledge. 
However, learner’s ability as an effective factor for 
implementing adaptation mechanisms is mostly ne-
glected in modelling learners. Besides, those systems 
do not support the usage of different learning style 
models (e.g. Kolb, VARK and Felder-Silverman) that 
improves the flexibility of learner model. Structure of 
learner model ontology supporting the personalisation 
process is described in this paper. Moreover, to obtain 
more precise estimation of learner’s ability, the results 

                                                           
1 http://protege.stanford.edu/ 

of learner’s responses to the assignments are analysed 
according to Item Response Theory. 

III. LEARNER MODELLING 

We argue that in order to provide personalisation in e-
learning systems, it is necessary to store the learner’s 
characteristics (e.g. abilities, preferences, prior knowledge, 
and learning style) in the learner model.  Some of these 
characteristics are static whereas others are dynamic. Static 
features are initialised in the registration period, and they 
usually remain unchanged throughout the learning process 
such characteristics are learner’s email, preferences, etc. On 
the other hand, dynamic features are updated during learn-
ing process based on the interaction of learner with the 
system, for example, learner’s scores, abilities and knowl-
edge. Learner modelling allows the system to personalise 
the interaction between the learner and learned content. To 
achieve this goal, the system should predict the needs of the 
learner based on the information in the learning model in 
order to then offer the content in a way that the learner can 
understand. There are several techniques for modelling the 
learner and refining this model. Ontologies have been 
proven to be an effective means for presenting knowledge 
within a specific domain in a semantic way (Snae & 
Brueckner, 2007). Consequently, we propose an approach 
where an ontological model is used to present the learner’s 
characteristics. This model is described in the following. 

A. Learner Model ontology 
The learner model ontology presents personal preferences 

and learning characteristic of the learner which has interac-
tion with the system. The information is updated according 
to the learner’s interactions with the content. The updated 
information is used by the adaptation model to make adap-
tation decisions. Fig 1 depicts the graphical representation 
of the user model. The information is available for the 
system to adapt the learning content presentation and 
navigation for the learner.  

The top class of the learner model ontology is the User 
class, which is a superclass to PersonalInformation.  The 
PersonalInformation class has metadata to present the basic 
individual information such as user’s name, gender, email, 
etc. so that the system can identify the user. A subclass of 
the User class is the Learner class, which represents details 
about learners. The Learner class is a central concept as it 
includes all the properties of a learner (Yarandi, Tawil, & 
Jahankhani, 2012). Comprising of learner’s ability, prefer-
ence, prior knowledge, feedback and learning style, these 
five classes are related to association through hasAbility, 
hasPreferences, hasPriorKnowledge, writeFeedback and 
hasLearningStyle properties. These aspects are considered 
important to describe the learning characteristics of the 
learner.  

The Ability class presents the ability of the learner in each 
learning level. In order to estimate learner’s ability, some 
regular exams are taken from the learner at different steps 
of the learning process. The results of these exams are 
analysed according to Item response Theory to obtain the 
learner’s abilities. Explicitly, the ability level and the date 
when the abilities recorded are presented via abilityLevel 
and RecordedDate properties. The learner’s abilities in  
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Figure 1.  The graphical representation of the user model 

different stages of the learning process are kept in the 
instances of Ability class to obtain the fluctuation of 
ability during the learning process. The following exam-
ples show two instances of the Ability class in 
OWL/XML syntax. It shows that the learner’s ability was 
Moderate in 6th of April 2012 and is changed to High in 
7th of June 2012.  
 
<NamedIndividual rdf:about="&LearnerModel;Ab_student1"> 
        <rdf:type rdf:resource="LearnerModel#Ability"/> 
        <LearnerModel:abilityLevel 
rdf:datatype=”&xsd;string”>Moderate</LearnerModel:abilityLevel> 
        <LearnerModel:recordedDate 
rdf:datatype=”&xsd;string”>2012-04-
06</LearnerModel:recordedDate> 
</owl:NamedIndividual> 
 
<NamedIndividual rdf:about="&LearnerModel;Ab_student1"> 
        <rdf:type rdf:resource="LearnerModel#Ability"/> 
        <LearnerModel:abilityLevel 
rdf:datatype=”&xsd;string”>High</LearnerModel:abilityLevel> 
        <LearnerModel:recordedDate 
rdf:datatype=”&xsd;string”>2012-06-
07</LearnerModel:recordedDate> 
</owl:NamedIndividual> 
 

The Preferences class keeps learners’ preferences with 
regards to colour, and language. These two features are 
used to provide adaptive presentation. An instance of 
Preferences class is shown in the following example: 
<owl:NamedIndividual 
rdf:about="="&UserModel;Preferences_student1"> 
       <rdf:type rdf:resource="&UserModel;Preferences"/> 
       <UserModel:hasLanguagePreference 
rdf:resource="&UserModel;English"/> 
       <UserModel:hasColourPreference 
rdf:resource="&UserModel;Green"/> 
</owl:NamedIndividual> 
 

The example show that the language preference of 
student1 is “English” and also it shows that his/her colour 
preference is “Green”.  

Furthermore, each learner is also attached a set of prior 
knowledge related data which is presented in Prior-
Knowledge class via hasPriorKnowledge property.  This 
class contains information about the learner’s background 
knowledge and gained knowledge from previous steps of 

the learning process via this system. Gained knowledge 
can be obtained as a result of technical tests which are 
taken from individual learners. PriorKnowledge class has 
following data properties for recording the learner’s 
knowledge: 

1. The relatedTopic property refers to the topic of do-
main ontology that describe the topic of learner’s ac-
quired knowledge . 

2. The priorKnowledgeValue property represents the 
percentage score which is calculated based on the 
learner’s response to a presented test. 

3. The recordedDate property keeps the date when the 
learner completed a test. 

4. The testId property refers to the identification of 
completed test by the learner. If the learner needs to 
repeat a topic, this property prevent from presenting 
the same test repeatedly. 

5. The activityLevel property represents the level of 
activities about this topic (e.g. Low, Moderate, High) 
to which the learner responds correctly. 

 

The instance of this class can be taken as measures of a 
learner’s prior knowledge. The example of learner’s prior 
knowledge can look as follows.  
<owl:NamedIndividual rdf:about="&UserModel;student1"> 
        <rdf:type rdf:resource="&UserModel;Learner"/> 
        <UserModel:hasPerformance 
rdf:resource="&UserModel;PK_student1_AddFraction"/> 
</owl:NamedIndividual>  
 
<owl:NamedIndividual 
rdf:about="="&UserModel;PK_student1_AddFraction"> 
       <rdf:type rdf:resource="&UserModel;PriorKnowledge"/> 
       <UserModel:priorKnowledgeValue 
rdf:datatype="&xsd;float">68.0</UserModel:priorKnowledgeValue> 
       <UserModel:recordedDate> 2012-12-
12</UserModel:recordedDate> 
       <UserModel:relatedTopic 
rdf:resource="&DomainMath;AddFraction"/> 
       <UserModel:activityLevel> Advanced 
</UserModel:activityLevel> 
       <UserModel:testId> Test_125</UserModel:testId> 
</owl:NamedIndividual> 
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The PK_student1_AddFraction is an instance of Pri-
orKnowledge class which keeps the Prior Knowledge of 
leaner student1 about “add fraction” topic.  

Moreover, the learner’s feedback is recorded in the 
Feedback class via writeFeedback Property. This class is 
associated with three following properties to represent the 
learner’s feedback: 

1. The relatedTopic property refers to a topic, which the 
feedback is about. 

2. The note property represents feedback of learner 
about the mentioned topic. 

3. The recordedDate keeps the date when the feedback 
is recorded. 

 

Finally, the learningStyle class holds information about 
the learner’s learning style (hasLearningStyle) is associ-
ated with the LearningStyleCategory class. There are 
different models about the learning style of learners 
learning methods. LearningStyleCategory class represents 
these different learning models namely Kolb (Kolb, 
1984), Felder-Silverman(Felder & Silverman, 1988)  and 
VARK learning model (Fleming & Mills, 1992).  

Kolb’s learning theory organises the following four 
distinct learning styles: 

• Activist (Accommodator): Applying course material 
in new situations to solve real problems. Activists are 
good with complexity and are able to see relation-
ships among aspects of a system.  

• Theorist (Assimilator): This type of learner prefers 
information that is presented in an organised way and 
likes to have time for reflection. They learn with ab-
stract ideas, create conceptual models, design ex-
periments and analyse quantified information. They 
will carefully follow prepared exercises. 

• Pragmatist (Converger): Converger learners are 
skilled at solving problems, making decisions and 
putting ideas into practice. They like to work actively 
on well-defined tasks. They prefer to deal with tech-
nical tasks and problems rather than with social and 
interpersonal discussions. They like interactive in-
struction, not passive. 

• Reflector (Diverger): They respond well to explana-
tions of how course materials relate to their experi-
ence interest and future careers. They understand the 
experience through concrete experience and trans-
form it through reflective observation. They prefer to 
have information presented to them in a detailed, sys-
tematic, reasoned manner. 

 

Honey & Mumford (Honey & Mumford, 1986) devel-
oped Learning Styles Questionnaire (LSQ), which is 
directly derived from Kolb's theory. Learners generally 
prefer one of the four styles above the others. The 
learner’s learning preference is determined based on the 
result of the questionnaire. It is represented in Kolb class, 
which is defined as a subclass of the LearningStyleCate-
gory class.  

The Felder-Silverman model rates the learner’s learn-
ing style in a scale of four dimensions. The learning style 
of each learner is determined through the result of a 
questionnaire which is developed in 1991 by Richard 
Felder and Barbara Soloman (Felder & Soloman, 1991). 

This questionnaire consists of 44 questions that classify a 
learning style across the following dimensions: 

• Active and Reflective: Active learners tend to retain 
and understand information best by doing something 
active with it, i.e. discussing or applying it or ex-
plaining it to others. Reflective learners prefer to 
think about it quietly first. They may be more inter-
ested in reviewing other learners’ and professional 
opinions rather than doing real activities. 

• Sensing and Intuitive: Sensing learners tend to be 
patient with details and good at learning facts and do-
ing laboratory work. For example, sensing learners 
will be interested in additional materials. Although, 
intuitive learners often prefer discovering possibili-
ties and relationships. They prefer to learn abstrac-
tions and mathematical formulations. Sensors often 
like solving problems by well-established methods 
and dislike complications and surprises. Intuitive 
learners like innovation and dislike repetition.  

• Visual and Verbal: Visual learners remember best 
when they see pictures, diagrams, flow charts, time 
lines, films, and demonstrations (Klasnja-Milicevic, 
Vesin, Ivanovic, & Budimac, 2010). Verbal learners 
appreciate words, either written or spoken explana-
tions.  

• Sequential and Global: Sequential learners tend to 
gain understanding in linear steps, with each step fol-
lowing logically from the previous one. They like to 
follow logical stepwise paths in finding solutions. 
Global learners tend to learn in large jumps, absorb-
ing material almost randomly without seeing connec-
tions until they can see the inter-relationships. They 
can solve complex problems quickly but they may 
have difficulty explaining how they did it. 

 

The FelderSilverman class, which is a subclass of the 
LearningStyleCategory class, presents these dimensions 
through their related subclasses.  

The acronym VARK stands for Visual, Aural, 
Read/write and Kinesthetic sensory modalities that are 
used for learning information. The VARK Learning 
model does not influence the sequence or structure of 
learning material. It only influences the nature and form 
of the delivered learning material. The learner’s VARK 
preferences are determined using a questionnaire. The 
small part of this questionnaire is shown in Fig 2.  

In the proposed ontology, the Vark class is defined as a 
subclass of the LearningStyleCategory class which 
represents these categories. The property learningCate-
goryValue is defined to represent the percentage score of 
a specific learner in each category.  

The proposed ontology enables learners to determine 
their learning style based on different learning models. 
Consequently, personalisation is achievable in different 
ways. For example, if the learner selects VARK model, 
the content will be personalised based on the type of 
delivered content. However, if he/she selects Felder-
Silverman model, this will have effect on the sequence or 
structure of learning content. 
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Figure 2.  The part of questionnaire for determining learner’s learning 
style based on VARK model 

IV. ESTIMATION OF LEARNER’S ABILITY 

Item response theory (IRT) is a model-based approach 
to select the most appropriate testing items based on the 
mathematical relationship between learner’s abilities and 
item responses. The main purpose of IRT is to estimate a 
learner’s ability or proficiency according to his/her 
responses to test items. The ideas of item response theory 
are based on the assumption that the probability of a 
correct answer to an item is a mathematical function of 
learner’s ability and item variables. The item variable is 
referred to as the item difficulty, item discrimination, and 
the effect of random guessing. 

To estimate a learner’s ability, the item response the-
ory uses different characteristic functions (Baker, 2001; 
Wang, 2006). In this paper, the item characteristic func-
tion with a three parameter is used to model each item in 
the test. The equation for this model is given by the 
following formula: 

1
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1 exp( ( ))
i i i

i i
P c c

a b
θ

θ
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Where:  
θ is the ability level of learner  
 ai is the discrimination degree of item i is a constant 

1.702 
bi is the difficulty parameter of item i 
ci is the guess degree of item i 
 P(θi) is the probability that learner with ability θ can 

response correctly to the item i. 
In order to estimate the ability of the learner, an un-

known value, we can assume that all the numerical 
parameters of the items in the activity are known. The 
direct result is that the scale of the measurement is the 
same as the scale of the parameters in the items. After 
doing the item and receiving the response of the learner 
to all items of that activity, the items are dichotomously 
scored. This means that the learner gets one for the 
correct answer and zero for the incorrect answer. Hence, 
we will have a response pattern (U1,U2,U3,....,Uj,....,Un) 

which is called activity response vector, where Uj=1 
represents a correct answer given by the learner for the jth 
item in the activity. On the contrary, Uj=0 represents an 
incorrect answer given by the learner for the jth item in 
the activity. After that, the Maximum Likelihood Estima-
tor (MLE) is applied to effectively estimate activity 
parameter and the learner’s abilities (Hambleton et al 
1991). Bock and Mislevy derived the quadrature form to 
estimate learner ability (Baker, 1992). This formula is as 
follows: 
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Where θ is the estimation of the ability of the learner 
is, the value of likelihood function and A(θ) 

represents the quadrature weight at a level below the 
learner’s ability. The likelihood function has been calcu-
lated as follows:  

1 (1 1)
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Where Pi(θ) denotes the probability that a learner re-
sponds correctly to the ith item at a level below ability 
level θ and Qi(θ)= 1- Pi(θ) represents the probability that 
the learner responds incorrectly to the ith item at a level 
below the ability level θ, ui=1 if the answer of ith is 
correct and ui=0 if the answer of ith is incorrect (Chen & 
Chung, 2008).The user ability profile is updated based on 
activity results learned from the item response theory. 

V. USING LEARNER MODEL FOR PERSONALISATION IN 

ONTO-PADEL 

One of the technical aims of adaptive learning is to 
personalise learning according to learner’s needs.  To 
achieve this goal, e-learning systems should have suffi-
cient information about learners.  Two of the most impor-
tant information which can be helpful to promote person-
alisation, is the learner’s abilities and knowledge about 
the subject domain, which can be obtained through 
assessments. In onto-PAdel, we use tests to assess 
learner’s knowledge about each topic in the domain. As 
we explained in detail in the previous sections, the result 
of tests are analysed according to IRT to estimate 
learner’s abilities. If the student fails to answer a test 
correctly, the system provides him/her with an alternative 
learning path, i.e., it suggests learning content with lower 
difficulty level, or it suggests reading prerequisite topic(s) 
that the student needs in order to get better results. 
Learners always have the option for accepting system’s 
recommendations or to move onto the next topic. Fur-
thermore, new learner’s abilities and knowledge level are 
updated dynamically throughout the learning steps in 
order to adapt the learning material to the learner’s 
updated features in the next level. 

Moreover, the system uses other information from the 
learner model (e.g. learning style, preferences and feed-
back) to perform the adaptation of the learning material 

8 http://www.i-jet.org



PAPER 
TOWARDS AN ONTOLOGICAL LEARNERS’ MODELLING APPROACH FOR PERSONALISED E-LEARNING 

and provides adaptive presentation and navigation sup-
port to the learner. For instance, learning styles are 
typically defined as the way people prefer to learn. For 
example some students prefer to learn through activities 
while others prefer to learn by reading. The learning style 
is one of the stable characteristics of a learner that do not 
change during a learning session. Therefore, in the 
registration period, the learner’s learning style is inferred 
through filling relevant questionnaires, and then during 
the learning process, the corresponding teaching strategy 
is taken into account in order to present suitable content. 

VI. CONCLUSION 

In this paper, we presented learner’s model ontology as 
one of the main ontologies needed to create personalised 
content for individual learners. The ontology is designed 
to represent learner’s learning styles, prior knowledge, 
ability and preferences.  The proposed ontology is able to 
represent different learning style models such as Kolb, 
Felder-Silverman and VARK.  It enables learner to 
determine his/her learning style based on different mod-
els. The response of the learner to some regular tests 
during the learning process is analysed by the IRT and 
the ability of the learners is evaluated. The system recog-
nises the changes in the learner’s level of knowledge as 
they progress. Accordingly, the learner model is updated 
based on the learner’s progress and abilities. Conse-
quently, the passage from one stage of the learning 
process to the next is determined based on the updated 
learner’s profile. 
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