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Abstract
Traditional e-learning systems are typically

designed for generic learners irrespective of idiinal
requirements. In contrast, adaptive e-learning eyst
take into account learner characteristics such as
learning style and level of knowledge in order to
provide more personalised learning. The contribatio
of this paper is threefold. First, a generic adapti
framework aimed at enhancing learning is proposed.

Adaptive e-learning systems integrate learner
characteristics such as learning style and level of
knowledge to provide personalised services and to
recommend relevant instructional material. For
example, a system may highlight relevant informatio
recommend to a learner what to study or construct
personalised learning paths.

Amongst learner characteristics, learning style is
recognised as an important factor [4]. Many

Second, a specific approach to adaptivity based one€ducational theorists agree that recognition afnieg

learning style is put forward within the framework.
Third, the framework is validated and the appro@&h
evaluated in order to determine their effectiveniess
learning provision in an adaptive e-learning system
An experiment conducted with 60 participants
produced positive results. They indicate that aitept
instructional material according to learning style
yields significantly better learning outcome and
learner satisfaction than without adaptation.

1. Introduction

Teaching has shifted from an instructor-centric
approach, which focuses mainly on transmitting
knowledge from expert to learner, to a learnerftent
approach, in which knowledge is constructed by
learners who are actively involved in the learning
process and who engage in collaborative work with

their peers [1]. E-learning systems are expected to

support better learner-centric instruction and é&nab
more self-paced and self-directed learning [2].

In e-learning systems, learners may be
overwhelmed by the large amount of information they
encounter. This could lead to poor decisions ontwha

and how to study. The learning process can be time-

consuming, confusing, frustrating and less effectiv
One of the key challenges in developing e-learning
systems is to meet the different needs and prefegen
of learners and to provide more personalised lagrni
and more relevant instructional material.

Adaptation is often put forward as a way of
tailoring a system to the user's requirements [3].

style can improve learning [4]-[7]. It is also aegl
that if a learner has a strong affinity with a parar
learning style, the instructional material shouldtan
this style to enhance learning [4].

It is not always evident how to implement
adaptation in e-learning systems in general andgmo
particularly, adaptation based on learning stylg [8
Moreover, the lack of empirical research on leagnin
style effectiveness is a key issue in the deploynoén
adaptive e-learning systems [8]-[11]. Accordingly,
learning style adaptivity and its effectiveness in
learning is seen as a challenging area of resdaich
[8]. The main corollary of adaptation in learnirggthe
promotion of a teaching style that fits the specifi
learning style of a learner.

This paper is part of an investigation into leagnin
style adaptivity in e-learning systems, supportgdib
empirical evaluation. A generic adaptive framework
aimed at enhancing learning is presented. In auidia
specific approach to learning style adaptivity is
proposed within the framework. The approach pravide
personalised learning paths for each learner based
their learning style.

An evaluation of the approach in terms of its
effectiveness in learning provision and learner
satisfaction in an adaptive e-learning system & al
provided. The system implements a restricted varsio
of the learner model by carefully producing a segee
of the learning objects to meet the learning stle
each learner. This also facilitates the conduct of
controlled experiments.

The remainder of the paper is structured as follows
Section 2 presents the theoretical foundationsti@ec
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3 describes the proposed generic adaptive frameworkdiscourse. Domain modelling is a process of capgri

Section 4 details the learning style adaptivityrapgh.
Section 5 highlights the evaluation approach. 8adi

classifying and structuring knowledge related to a
specific application domain [3]. Knowledge is usyal

presents the results of the experimental evaluation categorised into two types: (1) declarative (ithe

Section 7 offers a critical discussion of the waakd
Section 8 concludes the paper.

2. Theoretical foundations

The theoretical foundations of this work relate mhai
to adaptive e-learning systems and learning style.

2.1. Adaptive e-learning systems

Adaptation in the context of e-learning systems can

what) and (2) procedural (i.e., the how). Knowledge
elements (e.g., learning objects) are usually ifleds
and annotated following specific approaches (e.g.,
IEEE Learning Objects Metadata) to support
adaptation and to facilitate the retrieval of leéagn
objects. Domain modelling plays an important rale i
the fields of ITS, hypermedia systems and expert
systems [3]. For example, a hierarchical network
representation (i.e., a tree-like structure) igjfiently
used in adaptive e-learning systems [8], [18].

be defined as an action or process of tailoring 2.1.3._Adaptat_ion model. The adaptation model and
instructional material to the learners needs [3]. the introduction of new adaptive methods and

Meeting the learner's needs, providing relevant
instructional material and supporting the learner’s
interaction goals are increasingly important consen

techniques represent another research perspet8je [
[19]. An adaptation model may, for example, dedhwi
the optimisation of the structure of learning miater

e-learning systems [12]. Learner modelling, domain and how a learner studies it in a limited periodimmie.

modelling and adaptation modelling are often

It may also underpin the construction of persoedlis

considered when developing adaptive e-learning €aming paths and provide appropriate hints and
systems [3], [13]. This perspective has shaped thefeedback to learners when needed. It takes intoumtc

structure of many adaptive systems. They ofteruphel

the learner model and the domain model mainly by

three major components: (1) a learner model, (2) amatching releyant instructional material, or se@asn
domain model and (3) an adaptation model [12]. An of learning objects, to the needs and charactesist

effective adaptive e-learning system requires angtr
commitment to these components. Their charactesisti
are described below.

2.1.1. Learner model. Learner modelling has been an
important subject of research in intelligent tubgri
systems (ITS) since 1970 [14]. According to Self a
learner model is “what enables a system to caratabo

student” [14]. Systems may include a learner model Curriculum — sequencing,

that incorporates various learner characterisscgh

as learning style and knowledge, to support adaptat
[15]. Overlay and stereotype models represent tivo o
the several widely used approaches to
modelling. An overlay model assumes that the
knowledge of the learner is a subset of the knogded
of the expert or of the entire knowledge domain [8]
stereotype model categorises a group of learneifs wi

learner

individual learners. According to Brusilovsky an
adaptive technology may take three forms: adaptive
content, presentation and navigation [12], [15].
Adaptive content and presentation techniques are
concerned with various operations, such as content
inserting and modifying or interface zooming and
layout alteration [20]. Adaptive navigation invos/éhe
recommendation of selective learning paths,
link generation, direct-
guidance, link hiding and link sorting [21].

2.2. Learning style

Learning style is recognised as an important factor
in e-learning frameworks. There is a general cosisen
that taken into account an individual's learninglest
can improve learning [4]-[7]. Learning style is ided

the same characteristics into different classes andas a composite of cognitive and affective factiat t

devises different treatments for each class [16le T

indicate how a learner perceives, interacts witd an

maintenance of learner models is a key challenge.responds to the learning environment [5]. A numtfer
Building accurate and useful learner models dependslearning style models and frameworks have been

upon the availability of valid learner-system iatetion
data [17]. The data might be provided explicitly by
learners or implicitly through the learners’ belmani

2.1.2. Domain model. A domain model is defined as

introduced, mainly by Dunn and Dunn [7], Honey and
Mumford [22], Kolb [23], Myers-Briggs [24] and

Felder-Silverman [4]. These models differ in their
main focus and content, but they also exhibit some
overlap. For example, the information perception

an abstract representation of part of the domain ofdimension of the Felder-Silverman model [4] is fdun
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Figure 1. A generic adaptive framework.

in the Myers-Briggs Type Indicator (MBTI) [24] ansl
also part of the Kolb model [23].

consists of three main components: the learner mode
the domain model and the adaptation model. As

Although a comprehensive and clear learning style mentioned earlier these components are common to

model has yet to be identified [6], the Felder-&itman
model is widely used as the preferred learningestyl
model, particularly in online-learning research,[9]

many adaptive e-learning systems. However, the
framework allows for different characteristics suh

affective state and knowledge level to be consitlane

the learner model.

The framework also includes two auxiliary
components: an interaction module and an intenactio
information  understanding [4]. It provides data modeller. The interaction component is
comprehensive details on its dimensions and idestif responsible for facilitating communication between
a teaching style for each dimension [4]. It is also learner and system. The interaction data modeller
augmented with a reliable and validated assessmentmonitors learner-system interactions; it feeds itte
tool [25], [26]. learner model and into the adaptation model for

The information perception dimension (sensing- updates.
intuitive) concerns the most suitable type of The framework is generic and can be used as a
information to be perceived by individual learners. reference for adaptive e-learning. It may also be
Sensing learners may benefit more from concreteextended to include additional components. The
information such as facts and examples; intuitive framework and its components are presented in the
learners may perform better with abstract conceptsfollowing sections.
such as theories and mathematical models. The input
modality dimension (visual-verbal) involves the 3.1.L earner modd
presentation of information. Visual learners magrie
well with pictures, graphs and diagrams; verbal A wide variety of learner characteristics, such as
learners may grasp spoken and written information knowledge, learning style, affective state, goals,
quickly. The information processing dimension motivation, skills and context can be integrated ihe
(active-reflective) involves the way the learners learner model [13]. The proposed framework supports
process information. Active learners learn by tgyin both static and dynamic learner modelling. The
something out and interacting with peers; reflectiv. TANGOW system, for example, uses a static learner
learners learn by thinking deeply about the infdiora  model in which learners complete a questionnaire to
independently before acting. The information identify the learning style at the beginning of ithe
understanding dimension (sequential-global) refers interaction with the system; the learning style
the way information is organised. Sequential legne characteristics are stored in the learner modelkapd
gain understanding by linear and logical stepsba@lo unchanged [27]. A dynamic approach to learner
learners learn on the basis of large and randopslea modelling is applied by the eTeacher system, which
through sets of information. monitors learner-system interactions continually to
maintain a running update of learning style
characteristics in the learner model [28].

Adaptive e-learning systems may draw upon

A generic adaptive framework aimed at enhancing €xPlicit learner ~ feedback (e.g., rating and
learning is depicted in Figure 1. It incorporathe ~ Pookmarking), implicit learner feedback (e.g., page

three different facets of adaptivity. The framework ViSits and time spent) or hybrid learner feedbaak (
combination of explicit and implicit feedback) taild

[13]. The model is particularly relevant to thisdy. It
consists of four dimensions: information perception
input  modality, information processing and

3. Adaptive framewor k
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and update learner models. The INSPIRE system use®bjects, and then processes the data to recommend

a questionnaire to identify individuals’ learning more relevant learning objects.

styles—an example of explicit learner feedback [18] The adaptation model can incorporate different

The Protus system uses implicit feedback (in thenfo  adaptive methods and techniques to support adaptati

of page visits) to maintain learner models [29]. For example, the Protus system adapts instructional
The learner model in the framework is not limited material by providing different media formats based

to specific learner characteristics, a specificriea learning style [29]. Link generation and annotation

model representation or a specific method. It iegpli techniques are applied by the eTeacher system to

that relevant techniques and methods can be aplied recommend relevant instructional material [28].

meet the requirements of the adaptive e-learning

system. 4. Framewor k implementation

3.2. Domain mode In this section, a specific approach to adaptiisty
proposed as a way of validating the framework. In
The domain model may contain the learning order to evaluate the approach, an adaptive eiearn
resources, instructional material or learning otsjexf system is implemented within the framework. The
any application domain. Different representaticnssh system includes three components: a learner madel,
as network and hierarchy models can also be usegl. T domain model and an adaptation model. The system
content of the domain model may be classified andimplements a restricted version of the learner made
annotated to facilitate the retrieval of learning order to carefully adapt the sequences of learning
resources and to support adaptation. objects and to conduct a controlled experiment. The
The application domains of adaptive e-learning learner model is restricted to learning style oatya
systems are usually related to computer sciendestop  key learner characteristic, whereas the domain mode
For example, the INSPIRE system teaches computercontains instructional material related to crypsamty.
architecture [18], the eTeacher system offers an |n the approach, all learners study the same
introduction to artificial intelligence [28] and ¢h  |earning objects. However, the different sequerafes
Protus system provides a Java programming coursdearning objects are provided for individual leame
[29]. However, the domain model in the proposed based on learning style. The adaptation model
framework is flexible in terms of content, constructs a personalised learning path for esaimés

representation and management. by matching instructional material and learninglesty
The approach requires the identification and
3.3. Adaptation model classification of learning objects according to a

teaching style which corresponds to a specificriiegr
The adaptation model takes into account the learnerstyle. The components of the system are described
model and the domain model in order to adapt andbelow.
recommend relevant instructional material. The
adaptation model of the framework can provide two 4.1. L earner model
types of adaptation: short-memory-cycle and long-
memory-cycle adaptation. Due to its completeness the Felder-Silverman
Short-memory-cycle adaptation can be achieved bylearning style model is used in the learner modElip
processing only the most recent information elitite this learning style model, the information percepti
from learner-system interactions. For example, when dimension has received the least attention in phbt
learner completes a quiz, the adaptation modelresearch [9], [17]. It is argued by some reseasctiet
immediately processes answers by learners to provid the information perception dimension is the most
adaptive feedback, hints or other instructional important learning style dimension [30], [31]. Its
guidance. effectiveness in e-learning systems offers a |atonipe
Long-memory-cycle adaptation processes past andfor research. It is therefore integrated in therriea
recent learner-system interaction data to recommendmodel as a single dimension.
appropriate instructional material continually Urkie The information perception dimension categorises
goals of the learning activity have been met. For learners into two types: sensing and intuitive.dEel
example, if a learner rates a specific learninggcbps  and Silverman describe sensing and intuition as
difficult, the adaptation model evaluates this réce follows: “Sensing involves observing, gatheringadat
interaction in view of past ratings of similar Ieang through the senses; intuition involves indirect
perception by way of the unconscious—speculation,
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Figure 2. Constructed learning paths for intuitive and sensing learners.

imagination, hunches. Everyone uses both faculties, Following the Felder-Silverman model, the
but most people tend to favour one over the otf@r” learning objects are classified and annotated dougr
Sensing learners prefer facts, data, experimergimy to the teaching style that corresponds to the
real-world examples; intuitive learners prefer information perception dimension. The teachingestyl
principles, theories and mathematical models [4]. aims to provide a combination of concrete (more
Sensing learners may learn better with concretesuitable for sensing learners) and abstract (more
information, whereas intuitive learners may benefit appropriate for intuitive learners) instructional
more from abstract concepts. material. Examples and practical tools are classifis
The approach is implemented by building a static “concrete” learning objects, whereas concepts and
learner model for each learner. Each model containsmathematical notations are classified as “abstract”
data about the information perception dimensiothef learning objects.
learning style. The system provides a registratiage The domain model incorporates concrete and
at the beginning of the interaction with the system abstract learning objects, which will ensure that
which contains the index of learning styles (ILS) sensing and intuitive learning styles are equally
questionnaire based on the Felder-Silverman modelsupported and that a combination of concrete
[26]. A subset of the questionnaire containing 11 information and abstract concepts can be generated.
questions related to the information perception
dimension is used. When the learner completes the4.3. Adaptation model
questionnaire, the system computes the learnirlg sty

value in the dimension, determines the learningesty The adaptation model constructs personalised
type (sensing or intuitive) and stores them in the learning paths by taking into account the domain
learner model. model and the learner model. Learners are categbris
into sensing and intuitive. The key feature of g
4.2. Domain model paths is the customised sequencing of learningctje

based on the information perception dimension.

The domain model is based on either a hierarchical Figure 2 depicts the personalised learning pathis th
or a network-based representation. It contains twoare constructed by the adaptation model for inteiti
instructional units related to a cryptography ceurss learners and for sensing learners. Intuitive le@rne
the application domain. Each instructional unit study “abstract” learning objects first and theteract
contains a set of interrelated learning object® fitst with “concrete” learning objects (abstré&etoncrete).
unit consists of four learning objects (concept, In contrast, sensing learners interact with “cot&re
example, mathematical notation and practical tool) learning objects first and then study “abstrac#rieéng
related to symmetric key encryption. The second uni objects (concreteabstract).
has two learning objects (concept and example) that For example, the “symmetric-key encryption”
describe key exchange protocols. instructional unit contains four learning objects

(concept, mathematical notation, example and palcti
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tool), which are classified as either concrete If@xa Hypothesis 1. Matching information perception
and practical tool) or abstract (concept and learning style and instructional material in anmole
mathematical notation). The adaptation model e-learning system vyields significantly better |éagn
constructs personalised learning paths based on th@utcome than without matching.
proposed approach. Intuitive learners study each
learning object as provided in the sequence: cdncep Hypothesis 2. Matching information perception
mathematical notation, example and practical .tool learning style and instructional material in an e
Sensing learners follow the learning path: example, e-learning system yields significantly better learn
practical tool, concept and mathematical notation.  satisfaction than without matching.
both learning paths, the learners interact withsttime
learning objects, but the order of learning objasts 5.2, Data collection
adapted according to the learning style.

The next section presents the evaluation of the  Three data collection instruments were used in the
proposed approach in terms of learning effectivenes experiment. Learning style was identified by theSIL

and learner satisfaction. questionnaire based on the Felder-Silverman model
[4], which contains 44 questions linked to the four
5. Evaluation learning style dimensions. As the dimensions are

independent of each other [25], [26], [32], 11 dices
A controlled experiment in a university learning related to the information perception dimension aver
environment was conducted in a computer laboratoryselected. The tool is considered reliable and vialid
to evaluate the learning style adaptivity approaod identifying learning styles of learners [25], [2632].
to validate the proposed framework. Pre-test and post-test are commonly used to
Eight experimental sessions were conducted over aneasure learning outcome, and they were subjegtivel
period of five days. Each session lasted for aty&ut evaluated by three experts. The reliability of five-
minutes. The participants were encouraged to take p test and post-test scores were also acceptabltheas
in the experiment in order to learn new topicstezldo Cronbach’s alpha for the pre-test scores was Ongl a
cryptography, which was not part of their curriaualu for the post-test scores was 0.73. The following
A between-subject design in which each participant equation was used to compute learning outcome:
experiences only one condition, was used. This is Learning_outcome = Pogli- Prées
considered a more appropriate design than a within- Learner satisfaction was measured by the
subject design because it avoids the problems ofconceptualisation of e-learner satisfaction (EL&)I.t
carryover and learning effect from one condition or It has 17 questions with 7-point Likert scale with
factor to another. In a within-subject design each anchors ranging from “strongly disagree” to “striyng
participant experiences more than one condition. A agree”, and it can be found in [33]. It includesifo
between-subject design, however, requires a largecomponents: learner interface, learning community,
number of participants, and the variances betweenlearning content and personalisation. The tool is
experimental and control groups may occur. Variance applicable to a wide variety of e-learning systearsj
between groups should be eliminated, and someit can be adapted to fit specific research nee@$. [3
variables, such as prior knowledge of the applicati Questions related to the learning community
domain, learning style characteristics and ageulsho component (i.e., 4 questions) were omitted, sitie t
be carefully controlled. has limited applicability to the implemented system
A precise formulation of research hypotheses, anand since this requires an integration of collatieea
identification of the data-collection instrumentsdaa features that are not addressed in this studytddles
detailed account of the experimental procedure areconsidered reliable and valid [33], and a Cronbsch’
prerequisites for any well-conducted and controlled alpha test was also conducted to measure its iléjjab
experiment. in this study. It was found to be highly reliable %
0.94).
5.1. Hypotheses
5.3. Experimental procedure
Two hypotheses are put forward for this study.
They are based on the information perception  Participants were first welcomed, introduced to the
dimension of the Felder-Silverman model [4]. The main objectives of the experiment and informedhef t
hypotheses are formulated as follows: procedure. They were asked to access an adaptive e-
learning system through an Internet browser. They



M. Alshammari, R. Anane and R.J. Hendley. An Hsierg Investigation into Learning Style Adaptivifjhe 48th Hawaii
International Conference on System Sciences (HWE}SIanuary 5-8, 2015, Hawaii, USA, pp11-20.

completed a demographic data form and the ILS 6.2. Learning outcome

questionnaire [4] using the system. Then, the gyste

randomly assigned participants (i.e., it made deubl The first hypothesis was tested. Figure 4 shows tha
blind assignments) to experimental (matched) or the post-test and the learning outcome of the neatch

control (mismatched) groups and directed them to group were higher than those of the mismatchedmgrou

complete a pre-test. The pre-test involved answedin |t indicates that there was a positive effect irtahiag

set of questions related to cryptography. The s instructional material with information perception
involved the study of instructional units on |earning style.
cryptography. At the end of the learning sessibeyt An independent sampletest was conducted using

completed a post-test, followed by the an alpha leveld) of .05 to test the significance of the
conceptualisation of ELS tool [33]. This ended the finding. An examination of the learning outcome

procedure. means indicates that the matched groMp= 33.38,
SD= 19.41) had significantly higher learning outcome
6. Results than the mismatched grouM (= 20.16,SD = 26.64),

t(58) = 2.18p < .05,d = .57. The effect sized(= .57)
The experiment was conducted with 60 male of the finding was between medium and large.
participants (matched group = 29, mismatched group

31). They were undergraduate students in a Computel ¥ ggfﬁit
Science degree programme. The mean age of the ™ [ELearning Outcome

participants was 25.28D = 5.49), the maximum age |
was 39 and the minimum age was 18. The IBM SPSS .
statistics software package (version 21 and 32-bit
edition on Windows) was used for the data analysis.

35

Mean

25

6.1. Learning style - m
With regard to the distribution of learning style 7

characteristics amongst participants, there wereemo 10

sensing learners (71.67%) than intuitive learners o

(28.33%). The majority of the participants had nidd

moderate characteristics of learning style, ang few mismatched matched

participants had strong characteristics for botissg

and intuitive categories. Figure 3 presents the Figure 4. Results of pre-test and post-test and

percentages of participants in the subcategoriél,(m learning outcome for the matched and mismatched

moderate and strong) of the information perception groups.

dimension.

[
=]

There was a difference between the matched and
mismatched groups in terms of their prior knowledge
| (which was measured by the pre-test). This diffeeen
may have negatively affected the findings. However,
participants were asked before interacting with the
system to evaluate their current level of knowledge
- about the topic of cryptography in general, andt9%
of the participants indicated that the topic waw ne

367 them. For better accuracy, further analysis wasdezhr
- =5 out to test whether the difference between mateimet]
mismatched groups in terms of pre-tests was
significant. An independent sampld-test was
= conducted and showed that the matched group
D, ‘ : (M=10.14, SD=14.35) and the mismatched group
Strong,sen;grgemti qanasensony | mederate_nitve 1 e (M=18.13,SD=18.33) did not differ in terms of pre-test
- - - results,t(58)=1.87,p > .05. This suggests that there
Figure 3. Distribution of participants in the was no significgnt djfference between the two geoup
information perception dimension. in terms of their prior knowledge. Hence, the dffec

30

Percent

10
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was caused mainly by the learning style adaptivity 7. Discussion
approach.

Hypothesis 1 is therefore confirmed, and it can be  The experiment was conducted with 60
concluded that matching information perception participants, and the group of participants was
learning style and instructional material in an olee homogeneous in terms of culture, gender, spoken
e-learning system yields significantly better léagn  |anguage and specialisation. Future experimentsigho

outcome than without matching. target a larger sample, and a heterogeneous grbup o
_ _ participants in order to generalise the resultshéigh
6.3. Learner satisfaction the difference between participants in terms obmpri

knowledge (i.e., pre-test) may affect the findingsst-

The second hypothesis was also tested. Figure Sest results of the matched group are still highan
shows that the matched group had better learnerthose in the mismatched group. However, a more
satisfaction regarding learning content, the iategf  careful assignment of participants to study groups
and personalisation than the mismatched group. should be considered.

General learner satisfaction was measured using an  The distribution of the participants in the
independent sample Mann-Whitnelytest. The result  information perception dimension (sensing-intuilive
indicates that the matched group £ 29) reported  shows that there were far more sensing learners tha
significantly higher satisfaction than the mismath intuitive learners, and that the majority had mitd
group 6 =31),U = 302.5p < .05, with the sum of the  moderate characteristics. A few learners had strong
ranks equal to 35.57 for the matched group and625.7 characteristics. The findings are mostly in agreeme
for the mismatched group. with several studies [25], [26], [32]. However, dige

Hypothesis 2 is therefore confirmed, and it can be the random approach of assigning participants & th
concluded that matching information perception study groups, balanced groups across the learhytey s
learning style and instructional material in an gite dimension could not be accurately achieved. This is
e-learning system yields significantly better learn difficult to control and it may take a long timefoee

satisfaction than without matching. balanced groups can be completed.
This study contributes to current research on
o Efﬂi@‘e adaptivity by providing more evidence on learning
MPerscnalisation effectiveness and on the importance of learninig sty

6.00

adaptive e-learning systems. It is argued in thiskw
that matching instructional material and informatio
perception preferences significantly enhances ilegrn
outcome, with a medium to a large effect. Although
some studies have led to the conclusion that atapti
instruction based on learning style does not have a
significant effect on learning outcome [11], [34he
findings of this study conform to the results ofnpa
related studies [34], [35]. However, this studyoise
of the few that explicitly deals with the informati
perception dimension of the Felder-Silverman model.
mismatched matchec The findings also shed more light on the
information perception dimension. The study invadlve
Figure 5. Learner satisfaction in the matched and an adaptivity approach based on this dimension by
mismatched groups. constructing personalised learning paths, in which
. . . learners study learning objects in customised
An analysis of the correlation between learning sequences. In addition, the approach is indeperafent

outcome and learner satisfaction variables was alsothe domain and context, as most topics usually have
carried out. It was found that the relatlgnshlp/\IHn different types of learning objects, including exaes,
these two variables was non-monotonic. Therefore, aconcepts theories, case studies, practical tools

correlqtlon test was not preformed, It can b.e dithat exercises and theories. A combination of concrate a

there is no clea_lr cor_relatlon between learning @ute abstract material can be generated.

and learner satisfaction. Another important finding was that learners’
satisfaction is higher when instructional material
matches their learning style. These results mdtohet
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of other studies that conclude that adapting ictibn that provides recommendations without any control
based on learning style yields better learnerfsation over the learning process by the learner. Additigna
[10], [18]. However, this study found no correlatio in order to develop cognitive and meta-cognitivélsk
between learning outcome and learner satisfaction.and abilities of the learners when providing adafyti
This suggests that learning style can also be teffec an e-learning system may allow learners to inspect
in enhancing the learning experience and motivation their learner models and associated learning style.
learners [9], [10]. It may also be used as a ginddbor Learners may become aware of their weaknesses and
designing adaptive e-learning systems and instmali strengths when the learner models are open to them.
content. This may also enhance transparency and trust betwee

In the experiment, the application domain was the learner and the adaptive e-learning system.
cryptography. Other domains of study would be A more advanced learner model that monitors
investigated in future experiments to generalise th learner-system interaction and makes updates
results. The domain model consisted of six learning accordingly is desirable. Such a model would come
objects with a learning process that lasted about a with a price; evaluation may be more difficult for
hour. More learning objects would be taken into dynamic models, and learners have to interact with
account, and long-term studies should be performed. systems over a long period of time before accuaate

It is important to consider instructional design useful learner models can be established.
models when developing effective learning objeots t Although it may be the case that adapting
support both sensing and intuitive learners in idap  instruction based only on learning style yieldstdret
e-learning systems. For example, an interactive andlearning outcome and learner satisfaction, other
animated cryptographic learning object that coudd b important learning factors should not be ignored.
suitable for sensing learners was presented in. [36] Further customisation can be achieved by
Nevertheless, because intuitive learners preferaatis  incorporating a combination of different learner
material such as theories and mathematical modelscharacteristics such as the level of knowledge and
researchers should invest some time in authoringgmo learning style. However, such customisation may
creative and novel instructional material. Additd, require more sophisticated and novel forms of
a more refined approach should be used for a bfittter adaptation.
with the sub-categories of the dimension. For eXxamp
it may be more effective to treat learners difféisen 8. Conclusion
according to their affinity with the mild, moderate

strong characteristics of a particular learnindesty This paper has presented a generic adaptive
Importantly, the findings cannot be generalised to framework which can be used as a reference model fo
other learning style dimensions and other learstyle ~ designing adaptive e-learning systems. In additéon,
models. They are Closely linked to the information Speciﬁc approach to |earning Sty|e adaptivity was
perception dimension of the Felder-Silverman model proposed within the framework. The approach
and the proposed adaptivity approach. However, thisprovided personalised learning paths in an adagtive
dimension can also be found in the Kolb model [23] |earning system based on the information perception
and MBTI [24]. Although the information perception dimension of the Felder-Silverman learning style
dimension is recognised as the most importantie@rn  model. The framework was validated and the approach
style dimension [30], [31], other dimensions magoal  evaluated by conducting a controlled experimenh wit
be incorporated in the proposed approach to furthergg participants. The experiment produced positive
enhance the learning process. results regarding learning outcome and learner
The system implemented a restricted version of the satisfaction when matching instructional materiati a
learner model in order to customise the sequence Ofinformation perception learning style.
learning objects based on the proposed approactpand The experiment had, however, some limitations. It
evaluate the approach by carefully controlling the was based on a short-term study with a relativedgls
experiment. However, more advanced features andand homogeneous group of participants. In additéon,
tools should be included to fully automate the eyst  |imited number of learning objects were used. Other
and to provide adaptation in response to learngtesy  |earning style dimensions may also be incorporated
interaction on the fly. A possible avenue of reskas the proposed adaptivity approach besides the
to investigate learner controllability over ther@ag  jnformation perception dimension to produce better
process. For example, a comparative evaluationdcoul results. Future research will extend the learnedeho

be made between an adaptive e-learning system thafo incorporate knowledge and learning style and wil
affords  learners some  control over the jnyolve a long-term evaluation.

recommendations and the learning process, and one
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