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Abstract—Today, Massive Open Online Courses
(MOOCs) have the potential to enable free online
education on an enormous scale. However, a concern
often raised about MOOCs is the consistently high dropout rate of MOOC learners. Although many thousands of
learners enroll on these courses, a very small proportion
actually complete the course.
This work is at the heart of this issue. It is interested in
contributing on multi-agents systems and ontologies to
describe the learning preferences and adapt educational
resources to learner profile in MOOCs platforms. The
primary aim of this work is to exploit the potential of
multi-agents systems and ontologies to improve learners’
engagement and motivation in MOOCs platforms and
therefore reduce the drop-out rates.
As part of the contribution of this work, the paper
proposes a model of Multi-Agent System (MAS), based
on ontologies for adapting the learning resources
proposed to a learner in a MOOCs platform according to
his learning preferences. To model an adequate online
course, the determination of learner’s preferences is done
through the analysis of learner behavior relying on his
indicator MBTI (Myers Briggs Type Indicator). The
proposed model integrates the main functionalities of an
intelligent tutoring system: profiling, updating of the
profile, selection, adaptation and presentation of adequate
resources. The architecture of the proposed system is
composed on two main agents, four ontologies and a set
of modules implemented.
Index Terms—MOOC, drop-out, Multi-agent System,
adaptation, ontologies, engagement, motivation.

I. INTRODUCTION
Today, Massive Open Online Courses (MOOCs)
represent a real technological revolution in opening
knowledge and ways of teaching and learning. Since their
appearance in 2008, MOOCs are used as open spaces
where teaching pedagogy is based on the use of free
resources. The main objectives are to make available the
knowledge more openly through quality learning content
Copyright © 2016 MECS

and to create and enrich the course with new knowledge
and tools through the interactions of various users.
MOOCs are a relatively new model for the delivery of
online learning to students. As “massive” and “open”,
these courses are intended to be accessible to many more
learners than would be possible through conventional
teaching. They are often free of charge and participation
need not be limited by the geographical location of the
learners [1] [2].
However, despite their rapid development, the
educational potential of MOOCs suffers limitations that
hinder their development in the distance learning field.
Indeed, if MOOCs have been very successful mainly due
to their innovative nature in the way of learning, the
major problems related to their use are emerging in the
first place the very high drop-out rate, which may prove
to be one of the major reasons of the problems in learning
based MOOCs. In this context, many studies have shown
that tracking rates are a misleading indicator of the
success of a MOOC and the low completion rate of these
courses is sometimes due to a lack of efficiency, often
linked to the problem of individualization, quality of
content and the lack of personal attention [3] [4] [5] .
This work is a contribution to the research efforts on
the obstacles and challenges faced by learners within
MOOCs and specifically addresses issues related to the
high drop-out rate in these open online courses. Thus, to
promote the behavior of engagement and motivation of
learner, this work aims to propose new methods, based on
adaptation of educational content to the learner profile
using Multi-Agents Systems (MAS) and ontologies, to
obtain courses tailored to the needs of each learner.
The paper is organized as follows: firstly, this paper
reviews existing literature relating to MOOCs and their
development and focuses mainly on issues relating to
MOOC drop-out rates and reasons of this drop-out. The
paper presents also basic concepts related to the process
of profiling and educational contents adaptation,
particularly, multi-agents systems, ontologies and MBTI
technique. The article goes on to provides suggestions to
reduce the drop-out rate in MOOCs. Thus, this work
consists to equip MOOCs platforms with a MAS based
on ontologies and tools to help to identify learner profile
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by integrating learner model and content adaptation
concepts in order to promote engagement and motivation
of such learners. Finally, the paper proceeds to describe
the proposed architecture to implement the framework
and concludes with future works.

II. RESEARCH BACKGROUND
Massive Open Online Courses have received wide
publicity and many institutions have invested
considerable effort in developing, promoting and
delivering such courses. However, there are still many
unresolved questions relating to MOOCs and their
effectiveness. One of the major recurring issues raised in
academic literature is the consistently high drop-out rate
of MOOC learners. Although many thousands of
participants enroll on these courses, the completion rate
for most courses is below 13% [6].
This section presents the concept of MOOC and
reviews issues relating to MOOCs drop-out, considering
published data on MOOCs completion and discussing
factors implicated in previous studies as being related to
attrition. On the other hand, this section describes basic
concepts on which the proposed courses adaptation
system is based, such as: profiling, content adaptation,
Multi-Agents Systems, ontologies and the MBTI tool for
describing learning styles.
A. MOOCs
1. Overview
A Massive Open Online Course (MOOC) is an online
course aimed at unlimited participation and open access
via the web. In addition to traditional course materials
such as filmed lectures, readings, and problem sets, many
MOOCs provide interactive user forums to support
community interactions between students, professors, and

teaching assistants. MOOCs are a recent and widely
researched development in distance education which was
first introduced in 2008 and emerged as a popular mode
of learning in 2012 [7][8][9]. Two key features
characterize this new educational technology: open
accessibility and scalability. Thus, MOOC participants do
not need to be registered in a school or a university nor
paying fees in order to take part of a MOOC.
Early MOOCs often emphasized open-access features,
such as open licensing of content, structure and learning
goals, to promote the reuse and remixing of resources.
Some later MOOCs use closed licenses for their course
materials while maintaining free access for various
participants.
On the other hand, MOOCs can be seen as a term or
word related to the scalability of open and online
education. They are a recent development in the area of
distance education, and a progression of the kind of open
education ideals suggested by open educational resources
[9]. MOOCs were perceived by Stephen Downes, and
George Siemens, as an approach to address information
excess, react to students’ inquiries for pertinent
knowledge, integrate technologies progress, and decrease
education’s fee [10]. The intended objectives of this
suggested online educational model was to gather
unlimited number of learners, course materials, and
information transfer means. The proposed model would
not be subject to any limitations except for technological
capabilities and their related costs. While MOOCs are
considered a relatively new initiative, the concept was
first discussed in 2008, but wasn’t really taken up to any
great extent until the last couple of years. The term
MOOC (Massive Open Online Course) was coined by
Dave Cormier and created a buzz in 2012 which has
already been described as the year of the MOOC [11].
In more detail, the table 1 presents the different
dimensions of a MOOCs [12].

Table 1. Criteria of different dimensions of a MOOC [12]
Dimension definition of MOOC

Criteria deciding for a MOOC

M

Massive

An online course designed for large number
of participants

O

Open

Course can be accessed by
(almost) anyone anywhere as long as they
have an internet connection

O

Online

Complete course online

C

Course

Unit of Study

Indeed, there are two types of courses offered through
the MOOCs platforms: cMOOCs and xMOOCs [13]. The
first type [11], described as the good MOOCs by George
Siemens, who, with Stephen Downes, early put forward
these courses in Canada, is essentially based on a
philosophy of connectedness and sustains the social
dimension of learning and active practices; thereby, this
type of course encourages knowledge production rather

Copyright © 2016 MECS

Number of participants is larger than can be taught in a
‘normal’ campus class room /
college situation (>150)
- Course accessible to (almost) all people without
limitations.
- At least the course content is always accessible.
- Course can be accessed anywhere as long as they
have an internet connection
All aspects of course are delivered online
The total study time of a MOOC is minimal 1 ECTS
(typically between 1 and 4 ECTS)

than knowledge consumption. While xMOOCs, the most
adopted by higher education worldwide, consider the
instructor-guided lesson as the center of the course and
offer to large numbers of students the opportunity to
study high quality courses with prestigious universities.
Table 2 analyses and gives an overview of the different
forms of MOOCs in terms of massive, open, online and
course [14].
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Table 2. MOOC Typologies [14]
xMOOCs
Scalability of provision

Massive

Open access-Restricted
license

Open

Individual learning in
single platform

Online

Acquire a curriculum of
knowledge & skills

Course

cMOOCs
Community and
connections
Open access & license
Networked learning
across multiple platforms
and services
Develop shared practices,
knowledge and
understanding

A MOOC system is consisted of five main elements:
Instructors, learners, topic, material, and context [15]:









Instructors: simplify the learning process via
making available appropriate material, initiate
communication between learners, and manage
evaluations with regards to intended learning
outcomes.
Learners: anyone who wants to learn about the
topic. Learners could be pursuing a formal degree
or not. Learners who are simply interested with no
precise objective are as well authorized to enroll.
Topic: it is discovered through the learner,
instructor, material, and context. It is introduced
all over the learning system and not just residing
in a warehouse. Topic is adequately limited to
allow emphasis but adequately wide to provide
extensive coverage.
Material: resides in diverse sites and is accessed
via various technological solutions.
Context: represents the different actors forming a
learning environment. This can incorporate online
social networks, IT solutions, conventional
information origins, diverse kinds of information
transfer schemes, communication systems,
intended learning outcomes, and the group
constituting every course offering.

In MOOCs platforms, information provided to learners
is considered starting points from which they can jump
off and pursue an information trajectory in accordance
with their concerns. Accordingly, learners are able to
communicate with one another through forums set up to
help them discover common fields, find help and extra
materials, and constitute particular groups so as to
investigate shared topics more thoroughly. Indeed, the
objective is to conceive a community of learners whereby
everyone contributes by information and perspectives
besides those provided by the instructor, and to get in an
exploration ride.
A course offered through a MOOC platform can be
subject to a predefined time schedule or not, and can
incorporate videos of different sources, links to websites
and other online resources, some extra study materials,
support forums, and all this can be accessed through
multiple devices connected to the internet [10][11]. The
learner chooses through which mean information is
transferred may it be class forums, online social networks,
Copyright © 2016 MECS
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or any other virtual domain. The strongest feature of a
MOOC platform is elasticity [15].
2. MOOC drop-out and completion
Despite the great enthusiasm for and rapid growth of
MOOC courses and platforms, there has also been rising
concern over a number of MOOC aspects. One feature in
particular that is difficult to ignore is that these massive
courses also have massive drop-out rates [3][4]. As noted
by Kolowick: “massive open online courses have gained
renown among academics for their impressive enrolment
figures and, conversely, their unimpressive completion
rates” [5].
Few MOOCs have a percentage completion, which
reaches double figures [4]. Of the millions of learners
who have already participated in MOOCs, the vast
majority do not get to the stage of obtaining a certificate
of completion. This is seen by some as “an indictment of
the MOOC format” [5] and Devlin has noted
commentators in this camp “hinting that therein lies a
seed of the MOOC’s eventual demise” [16]. However,
the counterargument holds that completion rate statistics
should not be viewed in this way. If even a small
percentage of a very large group completes, the actual
number of successful students will still be far greater than
would otherwise have been possible. A number of authors
point out that the bare figures do not provide a realistic
view of the situation and suggest the need for a new
metric. It is claimed that courses on the Coursera
platform have a 45% completion rate if only those
students who reach at least the first assessment are
included [16]. This rises to 70% for students on the
“Signature Track” scheme (for which a $50 payment is
required) [6]. Devlin also argues that a fairer comparison
would be with the numbers who apply for entry to
traditional university courses [16].
3. Reasons for drop-out
There are many reasons for student drop-out. These
reasons range from the absence of the real intention to the
peer review. In this section, we present the main reasons
cited in the research work related to the completion rate
in MOOCs platforms [6]:




No real intention to complete: a number of
authors have noted that reasons for participation
given by users often include motivations such as
“out of curiosity” and “to learn more about
MOOCs” rather than to learn the subject itself [5].
It is therefore suggested that many enrolments are
from people who do not intend to participate fully,
including professionals who want to gain
understanding of the format in order to produce
their own courses [17].
Lack of time: students who fully intend to
complete the course may fail to do so because they
are unable to devote the necessary time to study.
This has been noted even in courses where
participants have a high level of motivation to
complete.
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Course difficulty and lack of support: related to
the previous point is the level of difficulty of a
course and the lack of necessary background.
Educational content not adapted to learner
profile: learners who are intend to complete the
course may fail to do so because the educational
content delivered is not adapted to their profile of
learning. These include: not adapted learning,
contents and services not suitable to the learner
preferences, inappropriate learning experience, no
customization of the instruction to the learner.
Lack of digital skills or learning skills: online
learning generally requires a high degree of
autonomy and depends on users being able to
work with the technologies and formats used.
Even those who are familiar with using a range of
everyday technologies may be uncomfortable
when new systems must be quickly mastered.
Bad experiences: some MOOC participants have
pointed to a variety of bad experiences as being a
barrier to continued participation. These include:
inappropriate behavior of peers in forums; lack of
focus and coordination in forums; depletion of
study groups due to attrition; poor quality and
incorrect learning materials; technical problems in
the MOOC platform.
Expectations: students may enroll with little
understanding of what the course requires and may
have unrealistic expectations either of the course
or of their own ability to undertake it.
Starting late: late starters on a course may find it
very difficult to catch up and outcomes are likely
to much lower for this group of students [18]. It is
not simply a matter of catching up with learning
materials.
Peer review: some authors have noted that
courses relying on peer grading often have much
lower completion rates than others [3][4]. Peer
grading may well require more work on the
students’
part.
It
has
also
been suggested that some students are unhappy
with the concept of peer review and that training is
often lacking [19]. Other participants have been
disheartened by bad practice discovered through
peer review.

With the evolution of educational technology, several
models and prototypes of adaptive educational web based
systems have emerged: smart education systems, multiagent systems (MAS), Intelligent Tutoring System (ITS),
Adaptive Hypermedia Systems (AHS), etc. These
systems are the result of crossing research on intelligent
and adaptive hypermedia systems.
In this work, the adaptation of educational content to
the learner profile is based on a Multi-Agent System
(MAS). A MAS is a society of intelligent agents in which
each agent acts autonomously in a goal oriented manner
to achieve the final goal of the system [21]. Multi-agents
systems are the application of artificial intelligence the
most famous. These systems are used in various areas,
one such area is the online learning and training. The idea
to implement an education system by a multi-agents
systems is not new but is still young. Many online and elearning systems are realized using the multi-agents
architecture as: BAGHERA [22], GD.Visu@l [23], SIOF
[24], OPUS One [25], etc. Most of these systems
generates courses based on the model of the learner.
The methods and techniques of content adaptation vary
considerably from one system to another. As part of this
work, the proposed multi-agent system to adapt learning
content to learner profile is based on the use of ontologies
and the MBTI (Myers Briggs Type Indicator) method for
the description of learning preferences. In the next two
sections, this paper presents these two concepts on which
is based the proposed model of MAS.
C. Ontologies and education systems
1. Contributions of ontologies in online learning
In the domain of e-learning and distance online courses,
the contribution of ontologies in the design of adaptive
learning systems has been amply demonstrated. These
ontologies were the basis of navigation offering forms of
acquisition other than those proposed in the course of
classical learning which are generally linear type. They
are also used as part of an educational approach based on
collaborative writing for the structuring of hyper-books
and making inferences [26].
In an adaptive learning system (ITS, MAS, etc), the
use of ontologies is quite appropriate because it allows
better interoperability and data exchange. Ontologies are
also used for searching and indexing various educational
resources [27].

B. Adaptation of learning contents to learners profiles
based on Multi-Agents systems

2. Ontologies and "profiling"

Adaptive learning systems are designed to align
learning sequences and learner profiles. They use, for this
purpose, one or more models to represent knowledge. In
this context, the techniques of artificial intelligence are
used for modeling of learners and the adaptation of
teaching sequences. The objective is to provide the
learner, at any time, relevant information presented in an
appropriate manner [20]. These adaptive systems have
the ability to adjust the educational content to each
learner by analyzing the information collected and the
actions of learners.

In the context of adaptive learning systems, ontologies
represent a solution to describe the learning preferences
of the learners: “profiling”.
Profiling is the activity which consists on analyzing the
behavior of a learner in order to deduce his profile. The
profile is considered as a set of data which modelize
certain characteristics of the learner [28].
In an adaptive learning system, the activity of profiling
consists on defining the values of the manipulated
elements by the various models, such as: the knowledge
model and the learner model. In this context, several
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studies have developed models for the representation of
knowledge of learners. Some authors advocate the use of
different ontologies for each of these models
[29][30][31][32].
This work proposes an approach based on ontologies
for describing learners profiles, and more specifically for
the representation of styles (learner preferences) of
learning in a MOOCs platform. The used ontologies are
implemented in a Multi-Agents system. To do this, the
proposed approach uses the tool MTBI (Myers Briggs
Type Indicator) to describe these learning preferences.
D. MBTI tool for describing learning preferences
The MBTI (Myers Briggs Type Indicator) is a model
of
psychological
assessment
determining
the
psychological type of a subject, following a method
proposed in 1962 by Isabel Briggs Myers and Katherine
Cook Briggs. It serves as a tool in the identification of
psychological dominant of persons in contexts related to
management or to the problems in the context of
interpersonal relationships. This model is based on the
theory of psychological types of MBTI and directly
inspired the theory of psychological types of Carl Gustav
Jung [33].
The MBTI describes with finesse the functioning of the
person highlighting preferences spontaneous concerning
four dimensions. Each dimension has two opposite poles.
Fig. 1 shows the four dimensions of the MBTI
personality.

Fig.1. The four dimensions of the MBTI personality

Table 3. Main characteristics of each MBTI preference
Extraversion
Prefers brining energy outside
oneself, at others.
Sensing
Prefers concentrating on the
information obtained from the
five senses and the practical
applications.
Thinking
Prefers making decisions based
on logic and en the objective
analysis of causes and effects.
Judging
Appreciates a planned and
organized approach to life. It
prefers decisions– making.

Copyright © 2016 MECS

Introversion
Prefers getting energy from the
inside world of ideas, emotions,
feelings.
Intuition
Prefers concentrating on the
structure, the rapports and the
possible meanings.
Feeling
Prefers making decisions based
on appreciation progress, and
taking into consideration what
is important for people.
Perceiving
Appreciates a flexible and
spontaneous approach, and
prefers keeping options.
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The characteristics of each MBTI model preference are
described in Table 3.
Combining poles of different dimensions (E-I, S-N, TF, J-P), the MBTI indicator allows to distinguish sixteen
psychological types (Table 4)[34].
Table 4. The 16 psychological types of MBTI [33]
INTP

INFP

ISTP

ISFP

INTJ

ENFP

ISTJ

ISFJ

ENTJ

INFJ

ESTP

ESFP

ENTP

ENFJ

ESTJ

ESFJ

According to the theory of psychological types, each
has a natural preference for one of opposite poles of each
of the four dimensions. When someone uses his preferred
pole, it generally succeeds better and it feels more
competent, natural and dynamic. Generally speaking,
when they tackle new or difficult topics, students learn
easily when they have the opportunity to use their
preferred learning style.

III. AN ONTOLOGIES BASED MULTI-AGENTS SYSTEM TO
INTEGRATE INTO MOOCS PLATFORMS
In MOOCs platforms, reduce the drop-out rates of
learners is not always so easy because one of the
difficulties when arranging these platforms can be that
the courses and learning paths offered are not adapted to
learners profiles. However, one way to reduce these
problems and promote engagement and motivation of
learner to complete courses where they are registered is to
adapt these courses and contents to her/his profile.
For that purpose, this paper proposes a methodology
for the adaptation of online courses delivered by MOOCs
platforms. The process of adaptation is assured by a
Multi-Agents System, a system designed to be integrated
in MOOCs platforms. The system is implemented using
ontologies and the process of profiling rests on MBTI
indicator of learners.
This section defines and explains the foundations on
which rests the proposed multi-agents system. Then,
current section continues by describing the conceptual
architecture, ontologies and agents adopted to implement
the system. The process of functioning of the model is
also presented.
A. Ontologies implemented
The proposed model of MAS has four main ontologies:
Learner, Resource, Domain, and Strategy of
teaching/learning. Each ontology is composed of several
sub-ontologies (simplified ontologies). The four
ontologies are interconnected and can describe the two
main models of the adaptive teaching/learning:
Pedagogical model and Domain of knowledge model.
1. Learner ontology
The “Learner” model is defined as an ontology OLearner
which comprises various characteristics of a participant
of MOOC. This work proposes to describe a MOOC
I.J. Intelligent Systems and Applications, 2016, 4, 33-42
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participant (learner) in four levels. These levels are
described as Sub-Ontologies (SO): OLearner = {SOIdentity,
SOPreferences , SOCapacity, SOHistory} (Fig. 2).

{SODescription , SOCategory} (Fig. 3).

Fig.3. The two components of the ontology “Resource”

Fig.2. The four components of the ontology “Learner”

The sub-ontology “Identity” SOIdentity is responsible
for representing the information about a particular user of
a MOOC. It is composed of essential and common to all
users predefined attributes: name, username, language,
media type, etc.
The sub-ontology “Preferences” SOPreferences is
responsible for representing the preferences of learning
among MOOCs learners. This component is based on the
theory of psychological types of MBTI. It describes the
preferences of the learner as a vector of preferences. The
latter is described as a conceptual vector VPreferences = {Ep,
Ip, Sp, Np, Tp, Fp, Jp, Pp}. This vector is used to specify
the MBTI psychological style of the MOOC learner and
thus inform about these learning preferences.
The sub-ontology “Capacity” (knowledge) SOCapacity is
responsible for representing or giving a knowledge level
of a MOOC learner for a concept. This knowledge is
modeled by a stereotype can be obtained with a level test
(MCQs). Possible values are "very low", "low",
"medium", "good" and "excellent". For example, levels of
a learner L1 are described as follows: {L1, <"Network",
"definition", "Medium"> <"Network", "description",
"low"> <"OSI" , "example", "Medium">}.
The sub-ontology “History”, SOHistory is responsible
for keeping track of the status of the historic of a learner
enrolled in MOOCs platform (memorizing the navigation
and reading resources documents). This representation
allows giving the date of the consulting of a resource or
also the paths of route for the navigation order. For
example, the path of the learner L1 is : {L1, <"Network",
"definition", "01/12/15">, <"Network", "description",
"10/12/15" >}.
2. Resource ontology
The "Resource" model is defined as a OResource ontology
including various characteristics of an educational
resource used in a MOOC. This work proposes to
describe a digital resource or content on two levels. These
levels are described as Sub-Ontologies: OResource =
Copyright © 2016 MECS

The first, SODescription, describes the educational
characteristics of the resource (author, title, language,
media, time, ...). The second, SOCategory, used to classify
learning resources of a MOOC into different categories
based on their content, their uses and purposes of such
uses. Each category is described by a concept which
consists of the following elements: a title, a descriptive, a
vector of use. The latter is described as a conceptual
vector VUse = {Eu, Iu, Su, Nu, Tu, Fu, Ju, Pu}.
The conceptual vector of a learning resource of
MOOCs allows specifying that his content is more suited
(adequate) for a given learning style, so for a MBTI
psychological style.
The allocation of settings of a resource of a MOOC is
made by the designer knowing the content, purpose and
possible use of this resource. This assignment is carried
via an ergonomic interface masking the technical details
when the testimony of a resource. Thereafter, the value of
a vector of the use of a resource can be changed (adjusted)
manually by the designer of the MOOC resource or
automatically by the mutli-agents system based on traces
of future uses of this resource by different learner profiles.
3. Domain ontology
The “Domain” ontology, ODomain = {SOComputer science,
SOMathematics, SOPhysics, etc.}, describes the concepts of a
domain of knowledge of the MOOC that correspond to an
educational domain (mathematics, computer science,
chemistry, law, etc.). We can have several domains
ontologies, each being specific to a teaching discipline
and she describes the different concepts. A concept is a
unique notion of the domain of knowledge of a MOOC
represented by a name. For example, the ontology of the
domain of computer science includes the following
concepts: database, programming languages, computer
networks, etc.
4. Pedagogical Strategies ontology
The pedagogical strategy model is defined as an
ontology, OStrategies, comprising all the models of teaching
and learning (transmissive model, constructivist model,
socioconstructivist model, etc..), the methods and
approaches, which will determine the choice of
techniques, materials and educational situations, relative
to the object and the goal of learning of a MOOC.
Teaching strategies can be chosen according to the
learning style of the learner.
This work proposes to decompose the ontology
I.J. Intelligent Systems and Applications, 2016, 4, 33-42
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“Strategy” into two sub-ontologies (SO), according to the
Lasnier decomposition [35]: sub-ontology “Teaching
strategies” and sub-ontology “Learning strategies”:
OStrategies = {SOTeaching, SOLearning}.
The sub-ontology “Teaching strategies”, SOTeaching,
includes the masterful strategies (presentation, practical
demonstration), individual work strategies (independent
practice, individual work session, problem-based
learning), interactive strategies (group discussion, role
play, modelling, guided practice, learning by steps) and
constructivist and socio-constructivist strategies (peer
tutoring, mentoring, teamwork, cooperative learning,
project-based learning, case studies).
On the other hand, the sub-ontology “Learning
strategies”, SOLearning, includes cognitive strategies
(activation, acquisition, development, organization of
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knowledge, integration, transferring), affective strategies
(reception, motivation, stress management, cooperation,
conflict resolution) management strategies (time, material
resources, human resources, environment) and metacognitive strategies (planning, monitoring, controlling
and evaluating).
B. Agents implemented
The used ontologies generate two extensional agents:
“Profile Management Agent” (PMA) and “Resources
Builder Agent” (RBA). Each agent is implemented using
a set of modules. Fig. 4 shows the architecture of the
proposed model of MOOC environment integrating the
multi-agents system allowing the adaptation of learning
resources to learners' profiles.

Fig.4. Architecture of the proposed model

Copyright © 2016 MECS
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1. Profile Management Agent (PMA)
Profile Management Agent consists to determine the
profile of learners according to their preferences. From
the request formulated by the MOOC participant and sent
through the graphical interface of the MOOC platform,
PMA creates the learner profile by using the ontologies
Learner Ontology and Pedagogical Strategies Ontology
and the underlying ontologies. PMA store then the learner
profile created in the data base of profiles to be used by
the Resources Builder Agent. We also note that the
Profile Management Agent allows to a MOOC participant
already registered to update her profile.
2. Resources Builder Agent (RBA)
The Resources Builder Agent uses the Domain
Ontology and Resource Ontology to select the adequate
resources to use in a MOOC. Once it receives the request
from the Profile Management Agent, the process of
adaptation starts and takes in to account the learner
profile and the concept in order to search and select
contents that match the query and then to build the
adapted MOOC.
C. Functioning of the proposed model
In the proposed model of MOOC environment
integrating the multi-agents system, the process of
generating of courses adapted to the learner profile, is
performed in several phases:
1. Profiling: PMA
When registering a new learner, the Profile
Management Agent (PMA) proposes him/her a
questionnaire to determine his/her psychological type.
After completing and validating the questionnaire, the
PMA calculates and stores the result in the data base of
learners profiles.
2. Update of profile: PMA
A MOOC participant already enrolled can update
him/her profile by changing the values representing the
level of knowledge and this for a number of resources of
a given concept. In the Profile Management Agent, the
historic, modeled with the sub-ontology SOHistory, will
also evolve dynamically and automatically as and when
the learner will follow new knowledge.
3. Resources selection: RBA
The learner connects to the MOOC system via a userfriendly interface allowing him to describe his request
(search for resources, etc.). This request is described
using concepts from the domain ontology (ODomain)
implemented in the Resources Builder Agent (RBA). The
RBA is responsible for a pairing between the semantic of
request and the semantic of contents and resources stored
in the database and annotated by concepts coming from
the ontology ODomain. This pairing is accomplished by
using a distance DContent which compares the query
structure with annotations of those resources.

Copyright © 2016 MECS

4. Adaptation: PMA-RBA
The result of the previous step is a list of educational
contents and resources LContent. The Multi-Agents System
compares the semantics of resource uses from the list
with the description of the learning preferences of the
learner who submitted the initial request. This
comparison is performed using a distance Duse which
calculates the distance (in the vectorial sense) between
the vector VPreferences, describing learning preferences of
the MOOC participant, and the vector VUse of usage of
each resource.
5. Presentation of adapted resources: RBA
At the end of the previous two steps (selection and
adaptation of resources), the Resources Builder Agent has
a set of educational contents and resources which all
correspond physically and semantically to the MOOC
participant needs. A list LUse of adequate Massive Open
Online Courses is then proposed to the learner. The latter
made his choice among the items on this list as he/she
may reject the entire list. The decision of the learner is
stored in the system. Thus, further processing in the
footsteps of online course of the learner can be exploited
to refine the profile of learner or the descriptions of
resources usages.
IV. CONCLUSION AND FURTHER WORK
Finding the reasons behind the low rates of completion
of MOOCs and identifying areas in which these can be
improved is an important goal for MOOCs development.
One factor which has been suggested as influencing dropout concerns the courses offered where their pedagogical
contents and resources are not adapted to the learner
profile.
This paper reports a model of multi-agents system
based on ontologies and cognitive theories, to adapt
educational resources to learners' profiles, especially their
learning preferences. The multi-agents system is designed
to be integrated in MOOCs environments.
In the proposed model, the process of profiling is based
on the theory of psychological types of MBTI. The multiagents system includes two main agents (Profile
Management Agent and Resources Builder Agent)
revolve around four main ontologies (Learner ontology,
Resource ontology, Domain ontology and Pedagogical
Strategies ontology), they even composed of a set of subontologies. To lead learners to the completion of courses
where they are enrolled, these agents are used to select
the appropriate content and adopt a suitable strategy of
teaching/learning.
As part of the continuity of this work, further research
is underway to implement and integrate the model in a
MOOCs platform in the form of complementary modules.
On the other hand, we have planned to experiment the
multi agents system in real conditions of learning with a
restricted group of learners in the context of a MOOC.
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