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Adaptivity in education is increasingly demanded in
order to improve the efficiency and effectiveness of
the learning process, but few intelligent learning
systems exist which are dynamic and able to
provide personalized learning materials to satisfy
individual studentsʼ requirements. In an attempt to
overcome these limitations, the authors have
developed an agent-based learning system that
incorporates
learning
objects
to
facilitate
personalization, and is based on a learning style
theory as the pedagogic foundation for adaptivity. In
this paper, we describe the design and
implementation of the system, focusing on the use
of learning objects and learning styles. We present
a novel approach to the incorporation of learning
style theory and learning objects, and evaluation
indicates that the approach is able to provide
personalized learning materials and improve the
adaptivity in learning systems.

1. INTRODUCTION
The emergence of intelligent learning systems has
provided
new
opportunities
for
delivering
educational
materials
more
efficiently
and
effectively. However, inadequacies still exist among
existing systems, and methods for implementing
adaptivity are the subject of ongoing investigation
[1]. People have their own preferences that
determine how they learn effectively, and so to
support a personalized learning strategy the
differences between learners must be recognized
[2]. Such differences have been described as
“learning styles” by educationalists.
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The issues of how to support adaptivity in learning
systems, and provide students with personalized
learning materials, can be partially solved by
providing
student-centred,
self-paced,
highly
interactive learning materials and introducing
automatic and dynamically adaptive learning
methods. To achieve these methods, new delivery
mechanisms are required, including online, open
and distance learning [3]. Agent technology is a
promising approach for addressing the challenges
of modern day education [4]. However, although
some agent-based learning systems exist, many of
them lack a robust pedagogic foundation to support
adaptivity.

objective” [6]. Learning objects may be tagged with
metadata so that their identity and content are
available to software systems. The decomposition of
educational content into learning objects is
analogous to the decomposition of an objectoriented program into objects and classes, and
permits an individual learning object to be used in a
variety of educational contexts and to create
personalized learning materials. In our multi-agent
system the decomposition of learning materials into
learning objects guarantees that knowledge can be
personalized into a variety of learning paths to
present to different students.

2.2 Learning Style Theories

We have developed a multi-agent based integrated
learning system architecture [5] that is studentcentred, adaptive and dynamic. In contrast to other
agent-based learning systems, learning style
schemes form the pedagogic foundation for
adaptivity and the use of learning objects facilitate
personalization.

The concept of learning style has been introduced
by educationalists as a “description of the attitudes
and behaviours that determine our preferred way of
learning” [7]. Learning styles depend on a variety of
factors, and are individual to different people.
Furthermore, an individualʼs learning style can
change over time [8].

There are many strategies and standards for
designing and categorising learning objects, but
research into incorporating real learning objects with
learning style schemes into education systems is
rare. Learning style theory addresses the issue of
adaptivity, and learning objects address the issue of
decomposition of learning materials to meet the
requirement of personalization.

Learning style theory is the pedagogic foundation of
our multi-agent system, however there are several
different ways of categorising learning style
preferences. Kolbʼs Learning Style Inventory
describes learning styles on a continuum running
from concrete experience, through reflective
observation, to abstract conceptualization, and
finally active experimentation [9]. Gardenerʼs
Multiple Intelligences divides learning styles as
dealing with words (Verbal/Linguistic), questions
(Logical/Mathematical), pictures (Visual/Spatial),
music (Music/Rhythmic), moving (Body/Kinesthetic),
socializing (Interpersonal), and alone (Intrapersonal)
[10]. The Felder-Silverman Learning Style Model,
which we have chosen to adopt, situates a studentʼs
learning style within a four-dimensional space, with
the following four independent descriptors: “sensing
learners or intuitive learners; visual learners or
verbal learners; active learners or reflective
learners; sequential learners or global learners [11].”

How to incorporate learning style theory into agentbased learning systems is still a research question,
and the appropriate granularity of learning object
classification is also under investigation. One of the
contributions of our research is how our proposed
multi-agent learning system addresses these
questions.

2. INTRODUCTION OF RELATED
TECHNOLOGIES
Our agent-based learning system architecture
represents the integration of three key technologies
and concepts: agent technology, learning objects,
and learning style theories.

2.3 Agent Technology
An agent is a software entity that is capable of
carrying out flexible autonomous activities in an
intelligent manner to accomplish tasks that meet its
design objectives, without direct and constant
intervention and guidance of humans. Depending on
the roles that agents take in their deployed
environments, their abilities may vary significantly.
However, we still can identify essential and
commonly agreed properties of agents, which
include: autonomy, proactiveness, responsivity, and
adaptivity. [12]

2.1 Learning Objects
A learning object is a “self-standing, reusable,
discrete piece of content that meets an instructional
Permission to make digital or hard copies of all or part of this
work for personal or classroom use is granted without fee
provided that copies are not made or distributed for profit or
commercial advantage and that copies bear this notice and the
full citation on the first page. To copy otherwise, to republish, to
post on servers or to redistribute to lists, requires prior specific
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Agents should also know their usersʼ preferences
and tailor their interactions to reflect these [12]. In
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multi-agent systems, each agent has control over
certain parts of the environment, and so they are
designed and implemented as a collection of
individual interacting agents. Luck et al. remark that,
“Multi-agent systems provide a natural basis for
training decision makers in complex decisionmaking domains [in education and training]” [13].
Furthermore, multi-agent systems can substantially
contain the “spread of uncertainty”, since agents
typically process information locally [14]. In the
context of a computer-aided education system,
agents provide a means to manage the complexity
and uncertainty of the domain.

pedagogy research [11, 20]; and the number of
dimensions of the model is constrained, improving
the feasibility of its implementation.

Figure 1. Overview

3.1 Accommodating Students into the
Learning Style Scheme

2.4 The Pedagogic Foundation of
Learning Objects and Learning Styles

Felder and Silverman use a complex questionnaire
(containing 44 questions) to ascertain a studentʼs
learning style [21]. Not only would the use of such a
large questionnaire be infeasible in an intelligent
tutoring system, but also the information supplied
would be more than such a system would require to
operate effectively. A simple algorithm that
approximates the positioning of a studentʼs learning
style in the four-dimensional space (explained in
section 2.2) can be constructed by using a reduced
set of appropriate questions. We have chosen a set
of four for each dimension, which is evaluated by
comparing the results for a sample of students with
those generated by Felder and Silvermanʼs original
questionnaire.

Learning style theories have been adopted in some
learning systems, and delivery of learning materials
adapted to studentsʼ learning styles has also been
investigated, for example, in [15, 16], and progress
has been made on the mechanism of delivering
learning materials elsewhere [17, 18, 19]. Learning
style theory and learning material design are
incorporated into these systems; however, the
pedagogies and technologies are not suited to
dynamic adjustment of studentsʼ learning styles.
Knowledge is still delivered in a static way and
learning materials are more or less preset for a
certain type of learning style or preference, and will
not be changed or adjusted according to a change
of the userʼs learning style over time. The
incorporation of learning objects and learning style,
which we have used in our system, is able to
dynamically organise and deliver learning materials
to satisfy individual learning requirements, and
agent technology gives dynamic support.

The original answers of the 44 questions are on a
scale of 0-10 on each dimension such as in figure 2,

3. EVALUATION
In our multi-agent based learning system, one of
five agents, the Learning Object Agent, is
responsible for incorporating the learning style
scheme and the learning objects. A repository
provides the learning objects, which is under the
charge of the Learning Objects Management Layer
(one of the three layers) in the Learning Object
Agent. In order to deliver the learning objects
according to different learning styles, the
implementation has been divided into three parts:
accommodating students into the learning style
scheme, categorizing learning objects according to
the learning style scheme, and delivering Learning
Objects. From a highly abstract level, an overview of
the system can be laid out as in Figure1.

Figure 2: Example result from [21]

According to the interpretation of the score,
“If your score on a scale is 1-3, you are fairly well
balanced on the two dimensions of that scale.
If your score on a scale is 5-7, you have a moderate
preference for one dimension of the scale and will
learn more easily in a teaching environment which
favors that dimension.
If your score on a scale is 9-11, you have a very
strong preference for one dimension of the scale.
You may have real difficulty learning in an

The learning style theory we have adopted in the
system is the Felder-Silverman Learning Style
Model. The reasons of choosing this theory instead
of the others are: the theory has been validated by
117

environment which
preference. [21]”

does

not

support

that

the individual student. For example, consider the
learning styles of students S1 and S2 presented in
Table 1:

The results from the 44 questions are normalized
into a five-point scale, e.g. the normalized data of
figure 2 is: 0.5, 0.25, 0.5, 0.5.

The system will then search the repository of
learning objects, to fetch appropriate learning
objects with similar (but not necessarily identical)
dimensional descriptions. These are supported by
agent technology to realize the algorithm and
implement the process. The objects are then
presented to the student, and the subsequent
interactions between the student and these learning
objects may be used to modify the learning style
attributes recorded for a student.

The results of the reduced set of 16 questions are
also based on a five-point scale. The original values
are on an axis of 4, 2, 0, -2, -4, so the normalized
data also sit into the 0 to 1 zone.
A Spearmanʼs rank correlation coefficient statistical
analysis has been performed on the normalized
data – studentsʼ answers both for the 44 questions
and the 16 questions, and indicates a strong
correlation between the two data sets (correlation is
significant at 0.01 level – one tailed). This suggests
that the reduced set of 16 questions is sufficient to
categorize a studentʼs learning style.

3.2 Categorizing Learning Objects
according to the Learning Style Scheme
The learning objects we use are also organized into
the four-dimension learning style space, and include
learning objects for Introductory Programming [22],
some learning objects from CodeWitz [23], as well
as some suitable learning objects from the other
open sources. For examples, please refer to [24].

Student S1

Student S2

Sensing
Intuitive

or

Neutral

Strongly
Sensing

Visual
Verbal

or

Strongly
Visual

Weakly
Visual

Active
Reflective

or

Strongly
Reflective

Neutral

Weakly
Sequential

Strongly
Global

Sequential or
Global

Table 1. Location of Studentsʼ Learning Styles

In addition to basic information such as author, date,
etc., the learning object metadata incorporates a
dimension description, suggesting for each of the
four learning style dimensions the placing of each
object on a five-point scale. For instance, the
visual/verbal dimension contains the following
descriptors: strongly visual, weakly visual, neutral,
weakly verbal, and strongly verbal.

It should be stressed that both the categorization of
a learning object and the assignment of a learning
style to a student are necessarily approximate.
Since it is almost impossible to find students with all
possible combinations in the learning style scheme,
a simulation has been run on the system. The
simulation has covered all of the possibilities — four
4
dimensions, each on five-point scale (5 = 625), and
the evaluation indicates that our approach is
capable of delivering different learning objects to
different students according to the learning style
category.

The granularity of the categorization, i.e. the location
of every learning object in the five-point scale, is
pragmatically determined, and seemed appropriate
for the learning objects available. Samples of users
have classified the available learning objects
according to the five-point scale category, and the
results have been compared and analysed. The
evaluation shows that at this stage, the granularity
scale we are using is practical for learning object
classification.

3.4 The Multi-Agent Education System
Agent technology has been used in education
systems to facilitate autonomy and adaptivity,
decoupled from the pedagogic foundations of the
system [25, 26, 27, 28]. Each such system
emphasizes a particular aspect, such as training,
group work, or human resources requirement. Each
has its individual ways of organizing the learning
materials, and few have considered the effect of
different learning styles or the adoption of learning
objects.

3.3 Delivering Learning Objects for
Different Learning Styles
The multi-agent intelligent tutoring system we have
developed stores each studentʼs current learning
style (which may change over time), and the style
attributes of each learning object, as co-ordinates in
the four-dimensional space. The algorithm used to
deliver learning objects to students involves
matching the style attributes of (appropriate)
learning objects to the current style preferences of

Our proposed multi-agent based pedagogic system
is functionally constructed by five agents, as shown
in Figure 3, and comprises the Student Agent, the
Record Agent, the Modelling Agent, the Learning
Object Agent, and the Evaluation Agent. Each agent
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is designed to satisfy a certain functional
requirement to actualize the service purpose of the
education system, namely to provide dynamic and
adaptive learning materials to individual users.

Künstliche Intelligenz, Special Issue on
Intelligent Systems and Teleteaching, 1999(4),
19-25 (1999).
[2] Jenkins T., On the Difficulty of Learning to
Program, Proceedings of the 3rd Annual
Conference of the LTSN Centre for Information
and Computer Sciences, 53-58 (2002).

The Student Agent is responsible for communicating
with students; the Record Agent maintains
information about each student; the Modelling Agent
creates models of studentsʼ skills and learning
objectives; the Learning Object Agent manages the
set of learning objects; and the Evaluation Agent
ensures that learning objects are presented in
individual and adaptive learning paths to each
individual student. For a more extensive technical
discussion, we refer to [5].

[3] Beetham H., Understanding e-learning, eTutoring for Effective e-Learning, LTSN, (2002).
[4] Aroyo L. and Kommers P., Special issue
preface, Intelligent Agents for Educational
Computer-aided Systems, Interactive Learning
Research 10(3/4), 235-242 (1999).
[5] Sun, S., Joy, M., and Griffiths, N., An AgentBased Approach to Dynamic Adaptive Learning,
Proceedings of Agent Based Systems for
Human Learning – ABSHL Workshop, the
Fourth International Joint Conference on
Autonomous Agents and Multi Agent Systems –
AAMAS, (2005).
[6] Academic ADL Co-Lab, University of Wisconsin
System, and Wisconsin Technical College
System, What are Learning Objects? (2002),
http://adlcolab.uwsa.edu/lo/what.htm Accessed
Dec 2003.
[7] Honey P., Honey and Mumford Learning Styles
Questionnaire, PeterHoney Learning (2001),
http://www.peterhoney.com/product/learningstyl
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[8] Blackmore
J.,
Learning
Styles,
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Learning
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Figure 3. System Architecture

4. CONCLUSIONS AND FUTURE WORK
We have described the use of learning objects and
learning style in an agent-based learning system to
enhance adaptivity. At the conceptual level,
personalization and adaptivity are achieved by the
use of learning style schemes to tailor the
presentation of learning objects to individual
students. Conversely, at the practical level, this
adaptivity is achieved by providing a set of agents
that use a combination of pre-built and acquired
knowledge to determine the learning styles and
learning objects that are appropriate for individual
students. In contrast to other agent-based learning
systems, learning style schemes form the
pedagogic foundation for adaptivity and the use of
learning objects facilitate the personalization. Future
work includes optimising the architecture, and the
evaluation of the system effectiveness and
efficiency.
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