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ABSTRACT

Learning has been connected specifically to a human brain whereby brain’s capacities
such as thinking, short and long term memory are considered among the most critical
modalities of learners. On the other hand, Learning Style (LS) had been widely
accepted in education domain with the emergence of several LS models.
Nevertheless, the models used only questionnaire-based Learning Style Inventory
(LSI) in the LS determination process which exposed to inaccuracy. As such, this
research proposes a new method whereby Electroencephalogram (EEG) signals are
used hand-in-hand with the traditional LSI for Kolb’s LS classification establishment.
The research also aimed to determine the EEG sub-bands that could best classify the
Kolb’s LS and outline their characteristics. A total of 131 subjects were classified into
their particular Kolb’s LS of Diverger (n=33), Assimilator (n=36), Converger (n=32)
or Accommodator (n=30) using the Kolb’s Learning Style Inventory (KLSI)
Workbook 3.1 by Haygroup®. Then, the subjects EEG signals were acquired using
WaveRider Pro hardware and its accompanying software, Waveware. The EEG
signals were recorded in the baseline condition of Open Eyes and Close Eyes at the
frontal area of the scalp that divided to left and right position. For analysis, the signals
were processed and generated as a Baseline Summative EEG (BSE) datasets.
Statistical Analysis of SPSS 16 namely Descriptive Analysis, Normality Test, One-
Way ANOVA and TwoStep Cluster Analysis were used to analyse the BSE. Beta
Left, Beta Right, Alpha Left, Alpha Right, Theta Left, Theta Right, Delta Left and
Delta Right in Open Eyes and Close Eyes were examined in term of its Means,
Standard Deviation, Skewness and Kurtosis. Next, normal distribution of each sub-
band was ‘Tooked into using the 'Shapiro-Wilk test.“The ‘sub-bands were also tested
using One-Way ANOVA for Means comparison between LS groups. Based on the
ANOVA and Post-Hoc Tukey Honest Significant Difference (HSD) result, it has been
found that the sub-bands of Theta Left and De'ta Left in Open Eyes and Beta Left and
Delta Left in Close Eyes were the best classifier for Kolb’s LS. The output of
TwoStep Cluster Analysis proved the selection was correct as LS were 100%
classified by these sub-bands dependent to the particular Kolb’s LS. On top of that,
the research had established that the LS Accommodator is the best classified LS by the
selected sub-bands. In a nutshell, the research has successfully pointed-out the best
EEG sub-bands that could be utilized in Kolb’s LS classification.
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CHAPTER ONE
INTRODUCTION

1.1  Research Background

Human momentous limitless capacity with regards to learning is ostensibly the
single factor that lifts their position in the rank of world's occupant [1]. Hence, it is
understandable why emergence research field such as Artificial Intelligence
considered human as the proficient example of how to design a learning capable
artificial organism rather than being programmed directly by the field specialists [2].
Most credible references allude learning as an adjustment in behaviour that is because
of experience. This is basically an extremely essential practical meaning of learning in
that learning is viewed as a capacity that maps experience onto behaviour. In short,
learning is characterized as an impact of experience on behaviour [2]. On the other
hand, it has been contended that learners have an extensive variety of capacities
crosswise over various sorts of intelligence and they are more Joyful when they utilize
them [4, 5]. Se, Individual differences_seem to play an impestant role in learning
which had been reliably raised by the researchers for the last two decades that carry
the centre naturally to the term "Learning Style" (LS) [6, 7].

The "Learning Style" is comprehensively utilized in the literature to refer to
learners' categorization outline depending essentially on their cognitive and mental
attributes when occupied with learning exercises. Learning Style had been defined as
the favoured technique of comprehending and dealing on information while scholars
also depicted LS as the composite of trademark subjective, feeling, and physiological
elements that serve as moderately steady markers of how a learner sees, collaborates
with, and reacts to the learning environment [8, 9]. It had been underlined that LS is
ever-vital in educational field of research particularly in Educational Psychology
[10],[11]. A great deal of investigation had open a Pandora box which indicated the
significant of LS with diverse parts of instructing and learning for example learning
accomplishment [12], learning style inclination in distinctive races [13] and in
differing higher training courses [12, 14-16]. Likewise, there is an explicit
confirmation that learners will come to be more spurred to study by knowing

progressively about their own qualities and shortcomings. Then again, if instructors



could react todearners' requirements;ithe educating 'and learning process:will be more
adequate and resulting in better learners' accomplishment [17]. Henceforth, there is a
catalyst needed to give a careful consideration to learners' LS by method of gripping
them in the education and learning process.

Over the last three decades, various learning style models have been proposed
whereas the exact number of 71 models had been reviewed extensively by researcher
which found that information of learning styles can be utilized to build the
mindfulness of learners and mentors about their qualities and shortcomings as learners
[18]. As such, it had been inferred that every one of the favourable circumstances
guaranteed for metacognition can be picked up by urging all learners to wind up
proficient about their own learning and that of others [19]. In the LS research domain,
several top models such as Dunn & Dunn [20], Car Jung and Myers Briggs Type
Indicator [21], Felder-Silverman's Learning [22], Honey and Mumford [23] and
Kolb’s [24] model were discussed as literature and ultimately, the Kolb’s LS model is
preferred as the main and focal point of the study. It has been found that the model has
been utilized and assessed as a part of learning circumstances. As far as the LS
research is concerned, questionnaires were the major instrument used by the models to
acquire the learfiers’ LS [25-27].

On the other hand, the emergence of Electroencephalogram (EEG) as
worthwhile proven technology to probe humans’ potential attributes had been
phenomenal in supporting the learning-related research including LS [28-30]. As a
current trend, EEG technology has a tremendous capacity dimension to investigate the
learners’ LS using biological signature which could enhance the findings accuracy and
reliability [31]. In this research, an advanced EEG brain signals processing of learners
which held specified Kolb’s LS is conducted to correspond between the two areas. As
such this study could be envisioned as a merge between the education and

neuroscience domains where the findings were beneficial to both aspects [32-35].

1.2 Problem Statements

LS is a distinguish attributes which could help educators, teachers or lecturers
to understand their learners better. On top of that, learners also could fetch advantages
of knowing their own LS to enhance their learning process. Unfortunately, most of the

LS model including Kolb’s model is using questionnaire based instrument which

2



recognized as Learning Style Inventory (LSI) to probe and find out the learner’s,LS.
In-such a way, the determination of learner®s LS is depending solely on a single factor
which is exposed to inaccuracy without any alternative provided. Ironically, this state
of affairs is happening while the advancement of neuropsychological research
employing EEG technology in trans-disciplinary works had been carried and
successfully relates human learning with human brain. As such, the effort to relate
Kolb’s LS with learner’s brain signals and characteristics is still relatively low and the
literature specifically on this subject is near to non-existence. In order to fill the gap,
the EEG technology is used in this research to obtain the brain signals of learners
whose preferred LS have been determined using Kolb’s LSI. Subsequently, the
association between both attributes were explored, analysed and the outcomes had
indicated that the learner’s LS could be examined by means of traditional

questionnaire and brain signals.

1.3 Research Objectives

The main objective of the thesis is to analyse and determine the most significant and
best EEG sub-band in classifying the subjects LS corresponding to the Kolb’s
Leaming Style Inventory (KLSI). To achieve this objective, the following sub-

objectives were applied:

I To specify the learner’s LS and to obtain their brain signals features
using Kolb’s Learning Style Inventory (KLSI) and EEG technology
respectively.

ii. To determine the EEG sub-band that could best classify the Kolb’s LS.

iii. To outline the characteristics of EEG sub-band that best classify the
Kolb’ LS.

1.4  Research Scope and limitation

The research scope is set to the following, consorting to the experimental
protocol which approved by the Research Ethics Committee of the University, Ethics
No.600-RMI (5/1/6):

(OS]



1. The study was administered to,the Software Engineering undergraduate
students of Universiti Pendidikan Sultan Idris (UPSI), Tanjong Malim
and Electrical Engineering undergraduate students of Universiti
Teknologi MARA (UiTM), Shah Alam.

ii. Two types of baseline brain states were probed during the brain signals
acquisition which indicated as in Open Eyes (OE) and Close Eyes (CE)
conditionality.

1ii. Electrodes placements on the scalp for EEG data recording were using
bipolar type arrangements, placed at the prefrontal area Fpl (left
hemisphere) and Fp2 (right hemispheres complying with the
International 10-20 systems).

iv. EEG data acquisition tools used in the research is WaveRider with a
frequency of 128 Hz which is the maximum frequency offered by the
hardware. By using this frequency, detail PSD data points on each
subject are cleanly captured and subsequently being used in the
Baseline Summative EEG (BSE) calculation that form the core EEG
dataset in this research.

v, Altcircuit design, filtéring and coding were execited in, Wave Waré!

1.5 Research Contributions

This study shows a novel approach in applying a biological marker in the form
of brain signal for Kolb’s LS classification. This research had demonstrated that LSI
in questionnaire-type instrument and brain signals could be employed hand-by-hand in
the LS classification effort. Analysis on the brain signal sub-bands of Beta, Alpha,
Theta and Delta for each particular Kolb’s LS has led to a differentiation between
signals based on their pattern, properties and characteristics. In addition, this research
entails a significant contribution by presenting the best EEG brain signal sub-bands
for the Kolb’s LS classification. On top of that, the effort to probe further on the best
selected sub-bands in order to understand and confirm on its properties also

considered as one of the research’s contribution.



1.6 Thesis Organization

This thesis is prepared in six (6) chapters. The content of each chapter is
briefed as follows:

Chapter 1 introduces the background of the research which touches on the LS
and EEG aspects. Subsequently statement of the problem, research objectives, scope
and contributions are outlined. Thesis organization is prepared as the final section in
this chapter.

Chapter 2 is about the review of the related literatures of the research. It
covers mainly on human brain, EEG, Learning and LS. First, fundamental of human
brain structures and function is discussed. Then, its neurophysiology aspect is covered
thoroughly which lead to the explanation on several primary research domains that
involved human brain. After that, the relevancy and importance of EEG in brain
research is being touched. This report covers the latest trend of current EEG research.
Next, the aspect of Learning Theories and then scoped to LS is discussed.

Chapter 3 explains the theoretical aspects that were used in the research. It
involves mainly three big components of: EEG, Kolb’s LSI and Statistical Analysis.
For EEG part, theoretical aspects of EEG are discussed thoroughly. This discussien
ineludes the history of EEG, EEG generation and measurement, EEG artefacts and
pre-processing. The chapter covers on the theoretical basis of Kolb’ Learning Style
Inventory (KLSI) including its history and experiential learning concepts. Finally, the
theoretical aspects of Statistical Analysis employed in the research are discussed.

Chapter 4 explains on the methodologies that being employed in the research.
The methodologies cover mainly on Experiment and Data collection part and
Statistical Analysis part. For the first part, LS data collection and EEG signal
acquisition procedure are discussed in details. Then explanation includes the online
administration of Kolb’s LSI to subjects and the off-line processing of EEG dataset in
order to produce the BSE power which is the EEG dataset utilized in the research.

Chapter 5 presents and discusses the result obtained in the research. It is
divided into three main parts which are finding and discussion on the subjects Kolb’s
LS determination using questionnaire, Statistical Analysis of the BSE and Kolb’s LS
classification. The EEG sub-bands which acting as the best classifier for Kolb’s LS
are determined in this chapter. Chapter 5 ends with the reporting on the determined

EEG sub-bands profiling.



Finally, Chapter 6 presents the conclusions of the research. Some potential

future works are Tecommended at the end of this chapter.



