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ABSTRACT
The mechanisms for personalisation used in web applications
are currently the subject of much debate amongst researchers
from many diverse subject areas. One of the most contemporary
ideas for user modelling in web applications is that of cognitive
styles, where a user’s psychological preferences are assessed
stored in a database and then used to provide personalised
content and/or links. We describe user trials of a case study that
utilises visual-verbal preferences in an adaptive web-based
educational system (AWBES). Students in this trial were
assessed by the Felder-Solomon Inventory of Learning Styles
(ILS) instrument, and their preferences were used as a means of
content personalisation.
Contrary to previous findings by other researchers, we found no
significant differences in performance between matched and
mismatched students. Conclusions are drawn about the value
and validity of using cognitive styles as a way of modelling user
preferences in educational web applications.
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1. INTRODUCTION
1.1 Web applications
The evolution of web sites from static information repositories
to complex dynamic applications delivered via web browser has
occurred at an unprecedented rate over the last few years. Web
applications are now ubiquitous, affecting numerous aspects of
Internet use, such as shopping, email, distance learning, online
gaming and communication via wikis and discussion boards.
With this widespread use of web applications, it is no wonder
that Internet users may feel as though they are lost amongst the
masses, with little attention paid to individual users or their
preferences and requirements. Any form of personalisation that
suggests the user is being recognised and welcomed as an
individual is a powerful tool, and one that is growing
increasingly common amongst web applications [41]. It suggests
to the consumer that they are important and that they matter to
the company in question; that their individual desires will be
catered for. In short, it is a magnet for drawing in and retaining
consumers who have no shortage of choice, and it is a vital
weapon for web-based customer services [36]. Nor is this
phenomenon only of corporate interest: the UK government’s estrategy “Harnessing Technology: Transforming learning and
children's services” [17] describes how personalisation should
be used in all areas of education through interactive and digital
technologies in the next few years. With an ever-increasing
interest in personalisation for web applications, it is of utmost
importance that we start to consider just how this can be
achieved.
This paper examines how cognitive styles can be used in web
applications in order to create individualised experiences for the
user. Cognitive styles have already been used in web
applications created by large corporations; for example, there is
a digital learning tool created by EDS [39]. We introduce a case
study of an educational application, written in XML and XSLT
with a PHP/mySQL front-end, which utilises a visual-verbal
cognitive style for content adaptation. We also report on the
results gleaned from user trials, that suggest that cognitive styles
may not be as useful as first thought.

1.2 Cognitive styles
Copyright is held by the International World Wide Web Conference
Committee (IW3C2). Distribution of these papers is limited to classroom
use, and personal use by others.
WWW 2006, May 23–26, 2006, Edinburgh, Scotland.
ACM 1-59593-323-9/06/0005.

Whilst most web sites can be modelled according to either
informational or navigational concepts [4], the idea of cognitive
styles can be used to inform either of these concepts. Cognitive
style is a psychological construct relating to how individuals
process information. It can include categories such as fielddependence/independence and reflexivity/impulsivity [45].

Information in web applications can be represented in a number
of different ways, such as static or dynamic text, images,
animations, video and audio. Likewise this information can be
structured in varying manners, such as sequential or hyperlinked
data; specific details or summaries; or a hybrid of these
architectures. Both these overarching concepts can be modelled
and presented differently according to a user’s cognitive style.
In an educational web application, the use of cognitive style is
often referred to as ‘learning style’. Keefe [30] states that
learning styles are “characteristic cognitive, affective and
psychological behaviours that serve as relatively stable
indicators of how learners perceive, interact with and respond to
the learning environment”. There are many published variants
on this definition, and there is also some debate on whether
learning styles are contextual or not. For the purposes of this
paper, we intend to use Keefe’s definition and are assuming that
learning styles are non-contextual.

1.3 Adaptive web-based educational systems
(AWBES)
Adaptive web-based educational systems (AWBES) are a fastgrowing area of research and development, with applications in
areas such as e-commerce and education. AWBES research
seeks to address the issue of users being overwhelmed by the
massive amount of information and links that is commonly
experienced within a hypermedia system. The goal of AWBES
is to personalise the experience for the user. In order to do this,
the system must construct user models. These require data about
the user, which can be gathered by a number of methods, either
explicitly from the user (via forms/questionnaires, etc.) or
implicitly by the system (by monitoring the user’s actions, etc.)
[8].

have an impact on how they learn. This strongly suggests that
any material used for pedagogical purposes should be
changeable or adaptive, in order to cater for these differences.
There are several AWBES developed for educational purposes,
such as AHA! [16], CHEOPS [23], WHURLE [33], and
Interbook [9]. User models in these systems are based largely on
prior knowledge, and adaptation occurs at both the content and
link level.
New methods of adaptation are being trialled in an attempt to
increase the sophistication and pedagogical validity of these user
models. Many researchers are investigating how learning style
theory may be used to create the user profile and subsequent
matched content. Early trials indicated that this profiling may be
more beneficial to learners than models that are based simply on
domain knowledge [3, 5, 11].

2.2 Learning styles in AWBES
Several web-based learning environments have been created,
that employ learning styles as a means of personalisation. The
table below summarises these systems, together with the
learning style preferences that they utilise and the research upon
which they are based:
Table 1. AWBES that incorporate learning styles
System:
AES-CS
[46]
Arthur [25]
ILASH [2]

1.4 Types of user profiling

iWeaver
[49]

Models of web users are often based on various different
characteristics. Brusilovsky defines these features as a “users’
goals, knowledge, background, hyperspace experience and
preferences” [8].

MANIC
[44]
MOT [42]

Users’ goals relate to what the user is aiming to achieve, such as
information retrieval or a problem-based learning activity. A
user’s knowledge is defined as their existing knowledge within a
specific domain, and many AWBES (such as AHA! [16],
WHURLE-HM [50], and MOT [14]) use this criterion to
perform adaptation, within educational settings.

AHA! [42]
INSPIRE
[26]
CS-383 [11]

Background is a much broader distinction than knowledge, and
includes any relevant experiences outside of the specific
knowledge domain, whilst experience is a measure of familiarity
with hypertext structure and navigation.
Lastly, user preferences may be profiled in order to provide
explicit criteria for adaptation. These preferences have to be
expressed by the user rather than by the system, and are most
heavily used by information retrieval systems.

2. RELATED WORK
2.1 Existing AWBES
Many hypermedia systems are employed for educational
purposes, especially with the advent of distance and distributed
learning [15]. One of the main tenets of education is that
students are different from one other, and these differences may

LSAS [3]
Tangow
[35]

Learning style
preferences used:
Field dependence (FD)
and field independence
(FI)
Audio, visual, tactile
and text
Summarising, questioning
Global, analytical,
impulsive, reflective,
visual, auditory,
kinaesthetic
Abstract, concrete,
graphic, text
Diverger, converger
Activists, pragmatists,
reflectors, theorists
Reflector, activist
Global, sequential,
sensing, intuitive, visual,
verbal, active, reflective
Global, sequential

Based on
research from:
Witkin and
Goodenough
[48]
Sarasin [40]
Hsiao [29]
Dunn and Dunn
[18]
Stern et al [43]
Kolb [31]
Honey and
Mumford [28]

Felder and
Silverman1 [20]

Sensing, intuitive

It is clear from Table 1 that a multitude of web systems exists,
that represent a diverse assortment of learning styles, some
based on work by psychologists such as Witkin, Dunn and
Dunn, Kolb, and Honey and Mumford. It seems that, provided a
1

There is much confusion over the naming of this model. It is
important to note that the theory is based on the work of
Felder and Silverman [20], although the instrument itself (the
questionnaire) is based on work by Felder and Solomon [21].

psychological learning theory can be modelled computationally,
there are always researchers working in the field of computer
science who will attempt to incorporate it into an AWBES. This
is not necessarily a good thing, as discussed later in this paper.
The variety of learning style preferences that have been
modelled can be somewhat overwhelming for the uninitiated,
although many of the learning style models incorporate similar
dimensions [12, 37]. Several theories include visual/verbal, or
imager/verbaliser classifications (such as Sarasin [40]; Dunn and
Dunn [18]; Stern and Woolf [43]; and Felder and Silverman
[20]). These classifications relate to how individuals prefer to
process information that they are engaged in learning: visual
learners/imagers favour graphically-represented data whilst
verbal learners tend to choose textual information (either as
audio or written text) [37]. Another commonly-used dimension
is how information is organised for presentation to the learner.
Global (or wholist/holist) information is arranged so the student
can gain an overview of the subject before studying the finer
detail, to gain a broad conceptual view. Conversely, sequential
(or analytic/serialist) information emphasises a structured, linear
approach to learning, with the student looking at one topic at a
time [38].
Field dependent learners are those students who rely on an
external frame of reference in order to make sense of their
surroundings, i.e. they prefer well-structured, analysed
information to be presented to them. Field-independent learners
tend to analyse the components of a situation in a way that is
separate from its background, and are much better at imposing
their own structure on a body of information [27]. Those who
are field-independent enjoy using a hypothesis approach to
finding new information, whilst the field-dependent student
prefers a more passive, observing approach [24]. The
summarising and questioning approaches used in ILASH [2]
relate strongly to these dimensions.
Reflector/reflective and activist/active/impulsive learning
preferences, used in 4 of the systems used in Table 1, are
relatively straightforward in their meaning. Reflective students
prefer to think through new information and contemplate these
ideas, whilst active/impulsive students prefer a more ‘hands-on’
approach and active experimentation [38].
Convergers and divergers are another classification, where
convergers are problem-solvers and pragmatists, who prefer to
deal with facts, technical tasks and the application of theories.
Divergers tend to be more imaginative and observational, and
are good at brainstorming and viewing situations from different
perspectives [31]. These correlate well with sensing and intuitive
learning preferences, with sensing learners displaying diverging
tendencies, and intuitive learners with converging tendencies.
Convergers have also resulted in the development of the
‘pragmatist’ stereotype, coined by Honey and Mumford [28],
(after work by Kolb [31],) and the ‘theorist’ label, reflecting the
diverger learning style. Likewise, abstract and concrete are
additional labels that can be associated with divergers and
convergers respectively.
Lastly, tactile/kinaesthetic learning styles relate to how students
prefer to be able to manipulate objects to help them learn, such
as through the use of interactive multimedia (for example, dragand-drop animations) [49].

2.3 Limitations from current research
Whilst journals abound with research demonstrating how
cognitive models may be modelled mathematically in computer
systems (especially adaptive ones), there are still some issues
that remain unaddressed. The emphasis of most researchers is
placed on the pragmatics of such a task: how can you go about
creating a quantitative model of what can be fairly complex
psychological constructs? Or, once the user model has been
created, how can it be used within an existing architecture?
Additionally, the field has progressed into investigations such as
the authoring AWBES for learning styles, in particular with
respect to authoring for either multiple styles or multiple
systems, such as the work of Stash et al [42]. Whilst we do not
deny that these are important and worthwhile issues to be
exploring, there has been a fairly large oversight that has yet to
be addressed: just because we can use learning styles in
AWBES, does this mean that we should?
There have been several publications in recent years that suggest
that matching students to their preferred learning style in an
adaptive web-based system does in fact benefit them (for
example, see work by Bajraktarevic et al [2, 3], Barker et al [5]
and Carver and Hill [10]). However, much of this evidence is, at
best, not tested on a very large number of users and, at worst, is
merely anecdotal or reporting trends. An influential report
published by Coffield et al in 2004 suggests that teaching to
accommodate learning styles is fairly ineffective in actually
helping students learn [13].
This paper describes how visual-verbal learning styles have been
investigated within an existing AWBES, to see if there were any
significant differences in academic performance between
different experimental groups. The system in question,
WHURLE (Web-based Hierarchical Universal Reactive
Learning Environment), had previously employed a user model
based on the students’ prior knowledge [51], however it had
never utilised any form of learning style adaptation.
The experimental design for this research was developed in
conjunction with a psychologist and measured the academic
performance of both matched and deliberately mismatched
students.

3. EXPERIMENTAL DESIGN
3.1 Overview of WHURLE
WHURLE [6, 50] is an XML-based integrated learning
environment that is designed to deliver adaptive hypermedia
content over the web. It does not, in itself, contain any particular
user model; rather it is a framework in which any user model
may be implemented. WHURLE is a server-side system,
implemented largely in XSLT that is currently rendered into
HTML using the Apache Cocoon web development framework
(http://cocoon.apache.org).
The information contained in a lesson that learners experience
using WHURLE comprises a lesson plan and a number of
chunks. Chunks are created by the content author, and it is they
that contain the actual academic content. Chunks constitute the
atomic units of the WHURLE system, consisting of the smallest
unit of content that makes sense as a conceptually self-contained
entity. A chunk therefore consists of either a single media item
(such as a paragraph of text) or several closely related media
items (such as a captioned image) together with all of the metainformation that pertains to that media. Lesson plans are created

by the teachers who implement the learning experience (these
may or may not be the same people as the content creators).
Lesson plans consist of one or more hierarchical page definitions
- each page containing either another page, or any number of
chunks. Where chunks are specified in a page, the specification
also contains metadata that defines circumstances under which
the chunk is to be presented as a part of that page. Page
definitions are thus a list of potential chunks, some or all of
which may be presented to the end-user according to the rules
specified in the user model. In this way, the narrative experience
is adapted to the needs of the user according to the contents of
their user profile [6]. The existence of chunks is completely
transparent to the end-user – what students experience is an
apparent docuverse that is created by WHURLE.
The mechanics of this are that a node-tree is generated from the
lesson plan using XInclude [32]. This is initially processed by
an adaptation filter – an XSLT stylesheet that removes any
chunks not required according to the current user model, and the
user profile [52] and it is this filter that implements the user
model. The next stage in the XML pipeline is the display engine
– an XSLT stylesheet that adds a navigational overlay (using
information derived from the position of nodes in the lesson
plan), and a user interface (that is defined in a separate skin).
The implementation of the visual-verbal user model therefore
has required a custom adaptation filter to be written, together
with the concomitant addition of attributes in the lesson plan and
fields in the user profile.

3.2 Modification of WHURLE content
Upon using WHURLE for the first time, users fill in a
questionnaire; in WHURLE-HM (Hybrid Model) this rates their
prior knowledge within that domain and the resulting
information is stored in an SQL database [51]. However, in this
new version of WHURLE, the user's learning style is
determined, and thus the student completes a version of the
Felder-Solomon Inventory of Learning Styles (ILS)
questionnaire2 during their initial registration with the system.
The logging-in and registration of the system is controlled via a
PHP front-end, whilst the user information is stored in an SQL
database. When users access the adaptive part of the system,
functionality is carried out via the underlying XML/XSLT
architecture. Chunks within WHURLE contain attributes
relating to the visual or verbal properties of that chunk. What the
user actually sees is adapted content based on the chunks that
correspond to their stored data [33], via conditional transclusion
of unnecessary chunks.
Thus content is adaptively presented to suit either visual or
verbal learners, according to their preferred learning style.

3.3 Modelling learning style in WHURLE
In the WHURLE system, learning style was measured according
to the ILS assessment tool [19]. In its complete form, this is a
44-item questionnaire, that assesses users on 4 axes:
visual/verbal;
global/sequential;
sensing/intuitive
and
active/reflective. WHURLE content that was personalised to
learning styles differed only in its mode of presentation (i.e.
visual or verbal), hence students were only asked to fill in the 11
2

such as that available online at
http://www.engr.ncsu.edu/learningstyles/ilsweb.html

questions relating to the visual/verbal axis, rather than the entire
questionnaire. This shortened version of the questionnaire was
filled in when the students first accessed the system; they were
subsequently scored on a scale between 11 (highly visual) and
-11 (highly verbal). Those scoring between 4 and 11 were
classed as ‘visual’ learners, whilst those scoring between -4 and
-11 were classed as ‘verbal’ learners. Students scoring between
3 and -3 were classified as having no preference and thus
labelled ‘bimodal’.
There were a number of reasons why the Felder-Solomon ILS
instrument was chosen for use in this system. There were a
number of criteria that needed to be fulfilled by any potential
method for modelling learning styles:
•

The model needed to be able to quantify learning
styles (and hence model them computationally)

•

The model chosen should display a good degree of
validity and reliability/internal consistency (and thus
provide accurate evaluations of learning style)

•

The model should be suitable for use with an AWBES

•

The model should be suitable for use with multimedia

•

The model should be easily administered to university
students

Several learning style models were researched. It was felt that
the Felder-Solomon tool had already been used successfully by
researchers in other AWBES [3, 11] and evaluation data
indicated that the instrument shows a good level of validity and
reliability [22, 53]. Since it used multiple representations as one
of its aspects, these representations could easily be rendered by
different media.
Due to these reasons, the authors felt it would be the best model
to use to investigate visual/verbal personalisation within an
AWBES.

3.4 Overview of user trial
User trials were conducted with a number of undergraduate and
taught postgraduate students (n=221) studying for a module
offered by the School of Computer Science & IT at the
University of Nottingham. They were given the opportunity to
use a web-based revision guide as part of the teaching support
for the module. This revision guide was an adapted system that
took into account the students’ visual/verbal learning styles and
placed them randomly into either a matched, neutral or
mismatched group.
Matched students were given content that matched their
particular style, whilst mismatched students were given content
that was contrary to their learning style (e.g. a visual learner
would be given verbal content). Neutral students were given a
mix of visual and verbal content, irrespective of their learning
style. Screenshots from the system can be seen in Figures 1 and
2, showing examples of differently represented information, that
could be matched and mismatched respectively, for a visual
learner.
Assessment and tracking of the students was carried out using a
variety of methods. Access logs of all the pages in the revision
guide were collected (giving information about which
pages/units were visited by each student), and also data relating
to academic performance. Students’ marks for module
coursework, exam and overall module mark were collected,

together with the mark gained from a Multiple-Choice Quiz that
formed part of the revision guide.

H2 – students who learn in a mismatched environment will learn
significantly worse than those who learn in a matched or neutral
environment
H3 – one particular type of learning style is better for students in
terms of performance
H4 – one particular type of learning environment is better for
students in terms of performance
The initial hypotheses of H1 and H2 were expanded somewhat
into the next two hypotheses; it was felt that a thorough
investigation should explore the possibility of a significant effect
of either a particular learning style or particular type of learning
environment (i.e. how the material was presented). We also
wanted to explore the effect of students using the revision guide;
this was a resource that had not previously been provided for
this module and hence any data that could be collected about it
would prove to be a useful formative assessment.

3.6 Experimental results
Figure 1. Screenshot of the revision guide, showing a
matched environment for a visual learner

Figure 2. Screenshot of the same section of the revision
guide, but in a mismatched environment for a visual leaner
(i.e. a verbal representation)

3.5 Hypotheses under investigation
A thorough analysis of the data was carried out to explore
whether there was sufficient evidence to support any of the
following hypotheses:
H0 – there will be no difference in the learning experience
between matched, neutral and non-matched users
H1 – students who learn in a matched environment will learn
significantly better than those who are in mismatched or neutral
environment

Extensive data was collected over a 2-week period during which
students had full, 24-hour access to the web-based revision
guide. Using SPSS, statistical analyses of the data were carried
out to see whether there were any significant differences relating
to each hypothesis. Academic performance was measured by
module exam mark and the score achieved by the student if they
chose to answer a 20-question Multiple-Choice Quiz used in the
revision guide.
Out of 234 students taking the module, 221 decided to log into
the system at least once, and consequently had their learning
style assessed and recorded. Out of those, 105 were assessed as
visual, 105 were bimodal (no preference) and only 11 classed as
verbal. This small number of verbal learners compared to visual
learners is consistent with findings of other studies carried out
with electrical engineering students and those studying for other
scientific degree programmes [22]. Although we intended to
carry out 3-way group analyses for some hypotheses, due to the
extremely small and uneven group sizes, we have had to exclude
these verbal users from the statistical analysis. Hence the
following results are based on those users who were either visual
or bimodal. In addition, we also excluded those students who
had not appeared to use the system very much, since they may
have contributed some erroneous data to this quasi-experimental
situation. ‘Use’ of the system was defined as those students who
had viewed 6 or more separate pages from the system since this
was the number of pages in the smallest topic of study.
Each of the following hypotheses is now studied in turn, with
accompanying statistical data.
H1 – students who learn in a matched environment will learn
significantly better than those who are in mismatched or neutral
environment
This hypothesis examined closely the module exam mark
awarded to students who were placed in matched, mismatched
or neutral groups. A one-way between-groups multivariate
analysis of variance (MANOVA) was carried out to study the
significance of any difference between performances of these
groups. Two dependent variables were used: module exam mark
and revision guide MCQ score. The independent variable was
group (match, mismatched or neutral).

The information contained in Tables 2 and 3 shows mean scores
from each of the groups for each dependent variable. Statistical
analysis indicates that there was no significant difference
between the groups: F(4,210)=0.66, p=0.62, Wilks’
Lambda=0.98, partial eta squared=0.1.
Thus it can be concluded that matched students did not perform
any better than students from the mismatched or neutral groups
in either the exam performance or in the revision guide MCQ.
Thus there is no evidence to support hypothesis 1, and it can be
rejected.
Table 2. Details of mean exam mark for students in matched,
mismatched and neutral groups
Student
type
Matched
Mismatched

101

Mean exam mark
(%)
60.06

Standard
deviation
13.588

24

59.33

17.591

Neutral

28

62.0

10.364

Total:

153

60.3

13.715

N

Table 3. Details of mean MCQ mark for students in
matched, mismatched and neutral groups
Student
type
Matched

74

Mean MCQ mark
(%)
62.3

Standard
deviation
16.201

Mismatched

14

67.5

11.561

Neutral

21

66.9

16.461

Total:

109

63.85

15.239

N

H2 – students who learn in a mismatched environment will learn
significantly worse than those who learn in a matched or neutral
environment
In this analysis, students were likewise assessed as per the
previous hypothesis. This time, mismatched students were
compared with students who were not mismatched (i.e. those
placed in neutral or matched environment): the scores are
presented in Tables 2 and 3 as before.
The academic performances of mismatched students were very
similar to those who were matched or in the neutral
environment. With the same statistical values as for hypothesis
1, it is clear that this hypothesis must likewise be rejected since
there is no evidence to support it.
H3 – one particular type of learning style is better for students in
terms of performance
The idea behind this hypothesis was to explore the main effect
of learning style: was there any benefit to having one particular
learning style over another? If so, predictions could be made that
certain student types would do better than others, regardless of
the type of presentation that they were given.

Table 4. Details of mean exam mark for students categorised
visual or bimodal

53

Mean exam
mark (%)
60.49

Standard
deviation
14.101

Bimodal

56

61.71

13.755

Total

109

61.12

13.873

Student type

N

Visual

Table 5. Details of mean MCQ mark for students categorised
visual or bimodal

53

Mean MCQ
mark (%)
64.72

Standard
deviation
13.778

Bimodal

56

63.04

16.588

Total

109

63.85

15.239

Student type

N

Visual

Analysis was carried out again using a one-way MANOVA. The
dependent variables were the same as for the previous
hypotheses (i.e. exam score and MCQ score) but the
independent variable was learning style (visual vs bimodal). The
mean exam and MCQ scores are shown in Tables 4 and 5.
From our analysis, it seems that there was no significant
difference between students using different learning styles and
their exam or MCQ scores: F(2,106)=0.46, p=0.63, Wilks’
Lambda=0.99, partial eta squared=0.01.
We conclude from these results that there is no evidence to
suggest that one learning style is better than others for in terms
of academic performance, and can thus reject our H3 hypothesis.
H4 – one particular type of learning environment is better for
students in terms of performance
Instead of investigating if one learning style might lead to better
academic results over another learning style, this hypothesis
tested the environment that the student was presented with. We
wanted to see if a particular type of multimedia representation
resulted in a better academic performance, regardless of the
students’ learning styles.
Data relating to this hypothesis is shown in Tables 6 and 7.
Independent variables used for this MANOVA were
environment type: visual, neutral or verbal. Dependent variables
were exam score and MCQ score, as used previously.
Table 6. Details of mean exam mark for students using
visual, neutral or verbal environments:
Environment
type
Visual

18

Mean exam
mark (%)
57.89

Standard
deviation
13.936

Neutral

77

61.55

12.953

Verbal

14

62.93

18.574

Total

109

61.12

13.873

N

Table 7. Details of mean MCQ mark for students using
visual, neutral or verbal environments:

by the coarse-grain measures used to assess academic
performance in this study.

Environment
type
Visual

4. CONCLUSION

18

Mean MCQ
mark (%)
60.0

Standard
deviation
15.146

Neutral

77

64.09

15.806

Verbal

14

67.5

11.561

Total

109

63.85

15.239

N

Whilst some of the mean scores shown in Tables 6 and 7 suggest
that there are differences between groups, upon testing these
statistically, there is actually no significance between them:
F(4,210)=0.59, p=0.67, Wilks’ Lambda=0.98, partial eta
squared=0.01.
It can therefore be concluded that the type of multimedia
representations made to the students does not have an effect on
their academic performance, and the H4 hypothesis can be
rejected.
Two further hypotheses were also investigated, relating to the
use of the revision guide, although these are not reported on
fully in this publication. However, similar conclusions were
drawn, namely that there did not seem to be any significant
difference between the academic performance of those students
who used the revision guide, and those who did not use it (using
the same definition of ‘use’ as stated previously). Nor was there
a correlation between the amount of use of the revision guide
and a student’s academic performance (i.e. students who used
the revision guide more did not necessarily get correspondingly
better marks). Qualitative feedback from the students suggest
that they found it an enjoyable and useful resource and that it
helped provide a novel way to revise that gave them a change
from the more traditional use of textbooks.
The evidence produced from this study overall indicates support
for the H0 hypothesis (that there will be no difference in the
learning experience between matched, neutral and non-matched
users) and thus the other hypotheses are summarily disproved.
However it is important to note that the verbal learner sub-group
could not be included for statistical testing, and it cannot be
assumed that these conclusions are necessarily true for those
particular students.

3.7 Summary of findings
From the extensive data collected in this user trial, it seems as
though the use of a visual-verbal learning style model to provide
matched or mismatched content to university students is unlikely
to enhance learning in a statistically significant way. It did not
seem to matter whether a student was a visual or bimodal
learner, nor if they were presented with visual, verbal or mixed
representations of data. However, there were many variables
present in this study that could not be controlled for, which may
have had an impact on the results (such as students’ prior
academic performances – although there was a positive
correlation between performance measured in the study when
compared with previous academic performance of the same
students). It is also possible that, if there was any significant
difference to be found, they were so small so as to be obscured

This paper has introduced the concept of using cognitive styles
as a user model for adaptive web-based educational systems
(AWBES), and has also presented the findings of a user trial that
investigated their use within an existing AWBES. The
conclusions of this study – namely that using matched or
mismatched learning materials did not significantly benefit nor
disadvantage the students taking part – now throw into doubt the
extent of their effectiveness in a learning situation.
There are several possible reasons why these results occurred. It
could be that the students used in the study have already been
unintentionally pre-selected on the basis of their academic
ability: they are all studying in higher education for a degree.
This being the case, it is not unreasonable to assume that these
students can already learn effectively, even when presented with
less-optimal opportunities (i.e. a mismatched environment).
It may be that, since learning styles are not static [47], that
assessing the styles once when students first use the system is
not sufficient. A variable that is susceptible to change should
thus be catered for in a truly adaptive system. This user trial
investigated an adapted system that did not support changes in
the user model and was thus not as functional as it might have
been. The resultant lack of adaptability might have resulted in
both the system and the user model being overly simplistic. In
addition, the visual and verbal representations may not have
been correctly designed; even if they were suitable for use in this
system, the ways in which multiple representations affect
learning have still not been fully explored [1]. Paivio’s dual
coding theory states that human cognition deals with visual and
verbal processing simultaneously [34], which suggests that
AWBES should provide for both of these types of representation
if learning is to be effective. Another factor to take into account
was the way in which students were assessed, using the ILS
model that was simplified down to a single axis. Though
necessary in the context of this work, it may not have been
appropriate, since that axis is actually a component of the model
and not the whole instrument. It is thus possible that students
were not assessed as effectively as they might have been.
Of course, it may be that cognitive styles in themselves are not
an effective means of personalising the learning experience,
although it is possible that they have an effect on attitudes to
learning rather than academic performance per se [5]. An
extremely comprehensive and influential report published in
2004 is very critical of many learning style models and their
instruments. It suggests that any beneficial effect gained through
using them to make learning more effective, is only very small
[12, 13], if it can be measured at all. Given the large amount of
time taken to create and maintain an AWBES and associated
multimedia, is this amount of effort justified when the
adaptation mechanism seems potentially ineffectual?
However, just because the results of this user trial did not show
any benefits to using cognitive styles as means of adaptation in
an AWBES, does not imply that they are totally without merit.
The preferences studied in this experiment were constrained to
visual and verbal perspectives; other models incorporate many
other aspects of cognition and behaviour and these have not
been investigated to the same extent by the authors. A study by
Bajraktarevic et al [3] certainly showed some interesting results

when matching and mismatching learners with global or
sequential preferences. They demonstrated that matched students
achieved significantly higher post-test scores than non-matched.
It is possible that global-sequential adaptation is more
appropriate for hypermedia systems than visual-verbal
adaptation, certainly when taking into account the variance in
browsing habits of web users. There is some published evidence
to suggest that systems such as these may be effective under
certain conditions, but we (and others, such as Brusilovsky [7])
would argue that they have not been tested with enough users, or
with sufficient scientific rigour. Likewise there does not seem to
be any particular evidence to invalidate this area of research, and
any work carried out by others should not be dismissed out of
hand; however it does seem that personalisation with a
statistically significant benefit in educational systems is a lot
harder to create than the authors first envisaged.
Until more evidence is acquired (e.g. from more extensive user
trials), it is difficult to draw firm conclusions about the efficacy
and validity of using cognitive styles as means of adaptation in
adaptive web-based education systems. The lack of any kind of
correlation seen in these user trials might be a particular
characteristic of the study, although it is possible (maybe even
probable) that it is indicative of a universal pattern. It is also
possible that different results might be achieved with students
from younger ages, who may not have learned how to
effectively navigate visual and verbal learning material, and that
is a potentially fertile area for further investigation. However,
we can say with some confidence that there is currently no
positive evidence of any educational benefit whatsoever in using
cognitive styles as a basis for user modelling. It is important to
remember that just because one can build an adaptive system
based upon cognitive styles does not necessarily mean that one
should.
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