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ABSTRACT

The use of Information and communication technasghas
transformed the perceptions of instructors andnlear towards
a well enabled learning environments. The delivefyearlier
computer mediated instruction was more or less laimn

approach to conventional classroom education wtierenode
was one-size-fits-all approach. No sooner thanr,lathe

instructional designers began to explore thearesefindings
of learning theorists with respect to differences léarning
patterns of students that stimulate enhancementaming
performance. There are over eighty different leggrstyles and
models that have been revealed by different legrttieorists.
The importance of this is the understanding of rutdtonal

designers, educationists and instructors to medetdearning
styles and theories with thoughtful technologiesomler to
nurture the students through learning processhénlight of
this, the research paper adopts Honey and Mumfdedisiing
styles using Fuzzy C-Means (FCM) clustering techaida

determine the individual learning preference. Thesults
obtained from this model showed that the technigusuitable
in identifying students’ learning preferences.
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1. INTRODUCTION

Learning is described as an active process whamdes are
actively engaged in constructing knowledge in a mivegful,

realistic context through exploration, reflectioand social
discourse with others, rather than passively réogiv
information. It is seen as a spiral process wheeenlers are
given increasingly difficult problems and the resmms needed
to solve them. Learners select information from ilabée

resources and then use cognitive strategies suatgasization,
elaboration, and scaffolding to transform it intewn personal
meaning [12]. For learning to be active, it is beéid that
learners must be given control to learn at the plaaematches
with the individual learning interest, backgroundolwledge,

learning style and study pattern. The currentaeteissue has
been perceived by different researchers with swerim tas
personalization, individualized instruction, custpation etc.

The main focus of this concept is the improvemewtroe-

learning system.

The importance of personalization has been denwipstrby

research endeavour in different areas, where iddali
differences such as prior knowledge, learning nedtle
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diversity of learning styles and learning goals vide a
significant support for successful personalizatidime close
links between personalization and learning styke aften seen
by many researchers. O’Connor [15] argued that stsd=ould
learn best when their learning can be performedtha
modalities which are in accordance with their I@agnstyles.
Federico [3] also stated that an understandingariing styles
can improve the instructional procedures and giegethat are
accommodated to students’ preferences in orderntwarece
their learning, retrieval and retention. Furthereorit is
suggested that the learning style is the prefeaed most
effective way students process and acquire theuictgnal
information. It is also one of the valuable resesravhich need
to be utilized for personalizing the e-learning][16

According to Paneva et al2], stated that there are several
systems that have been reported in the literatore the
personalization of E-learning. Each of these systases, at the
most three personalization parameters. Most of thiem the
personalization parameters such as learner's legél
knowledge, learner's media preference etc. Theythéur
strengthened the notion that personalization imecurLearning
Management Systems tends to be concerned with rberarg
which courses the user is allowed to view and hbey tlike
their pages to be presented. In some cases, users &
learners, teacher and administrators are able itotregir own
profile; to maintain their personal calendar (mdyttand
weekly) which keeps track of their event transatjoto
subscribe to forums, etc. They mentioned the fdhow
approaches based on user model that can be usgaplip the
learning personalization:

1. Personalization, controlled by the learner — ltuiszs direct
input of the learner's needs and preferences liygfifjuestion
forms or by choosing options and alternatives.

ii. Personalization, based on an existing user prafié meta-
descriptions of the information content - In thiase, the
learners' preferences are stored in their profile.

iii. Personalization via searching for a correlatiomien the
learners- Correlation is through the values of tirébates,
describing the learner's profile. If there is @sty correlation,
there is a possibility that the content for a gipeofile is
suitable for applying to its close (adjacent) dei

In the light of this, the research paper focusetherfirst option
using fuzzy clustering to determine the studentsriing
preferences that could meet their educational needs

2. OVERVIEW OF LEARNING STYLES

The research field of learning styles is borne olutearning
theories and is both extensive and conceptualljusiomgy as a
result of many beliefs, conceptions and termin@sgilaimed
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by different theorists of learning styles modelbefie are many
different learning style models, although many leérh suffer
from a common ancestry and measure similar dimessim
addition to collection of learning style theoridisere is also a
wealth of confusing terminology and assessmentstodiany

researchers are overwhelmed by the choice of which with each other.

instruments may be better than the others or wihiebries may
be trusted more than others or which learning styeork” in

any given context. In a review of the psychometpialities of
different learning styles instrument, Curry [14] empdrized
different research approaches. These were instnatti
preferences, social interaction, and informatioocpssing and
cognitive processing style. Curry’s onion model asven in

Figure 1 is a good basis for demonstrating theedfit ways in
which learning styles can be categorized, by agsigihem to a
particular layer in a radial system, with a struetanalogous to
that of an onion. The innermost layer, cognitivegessing
style seeks to measure an individual personalipgcigically

related to how they prefer to acquire and integirgfirmation.
Moving outwards, the next layer measures infornmtio
processing style and examines a learner intelleaeparoach to
assimilation of new information. The layer beyondatt
examines social interaction, and how students ptefénteract
The outermost layer, of instruwio
preferences, tends to relate to external factorsh sas
physiological and environmental stimuli associatedth
learning activities. The layers refer to differeaspects of
learning style and those most influenced by extdawors and
most observable are on the outermost layers, bkatiteportant
in learning. The innermost layers are consideredenstable
psychological construct, more significant in complearning
and less susceptible to change; however they @ dasily
measured. Many researchers in the learning styidd have
seen Curry’s model as a useful, pragmatic way ofenéng
different models within these broad categories .[13]

Layer 1: Instructional preferences

Layer 2: Social Interaction

Layer 3: Information processing style

Layer 4: Cognitive processing style

Figure 1: Curry’s Onion Model of Learning Styles

Source: Coffield et al [13]

In a review of the study on learning styles, ovighty learning
style’ models have been proposed, each consisfirj teast
two different styles. According to recent study, @eth [12]
identified many of the models of learning stylesnfr which
they were able to select thirteen major models wihikir
associated measuring instruments for analysis. Theher
classified these into five families along a fixegs@imension.
The classification is as follows: learning styles ane
component of a relatively stable personality typg @Apter and
Jackson); learning styles as flexibly-stable laagrpreferences
(e.g Allinson and Hayes; Herrmann; Honey and Muuhfoand
Kolb); styles as learning approaches and stratedeesg
Entwistle, Sternberg, and Vermunt); constitutiopdlased
learning styles and preferences(e.g Dunn and Diang
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Gregorc); and learning styles reflecting deep-sk&atures of
the cognitive structure including patterns abi(iyg Riding).

Learning style is a concept which has provided soaigable
insights into learning in both academic and othettirgys.
Mostly, the acceptability of the field by the manrie which
individuals choose to approach learning situatiorgeénerally
recognized as having an
achievement of learning outcomes as shown in aystadied
out by Mohamad et al [9]. There are a number ofnieg-
related concepts such as perception of academitrotcand
achievement motivation which have been a focusttehton
when attempting to identify factors affecting leéagirelated
performance [18]. The focus of this study is bagedearning
styles developed by Peter Honey and Alam Mumfoked

impact on performance and
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upon the work of Kolb. They identified four distiniearning
styles or preferences which are pragmatist, thie@isivist and
reflector. According to Kanninen [6], described taér
peculiarities in their behaviorpragmatist is a thinker and doer
who perceive the experiences abstractly, and theceps them
actively; theorist is theoretical, analytical and thinker who
perceive the experiences in an abstract way aegrate them
into concepts; activist learns through new experiences,
opportunities and active experimentatioeflector learns best
by observing, collecting information about it ankinking
through what was learned.

3. OVERVIEW OF CLUSTERING
METHOD
Clustering techniques are machine learning mostly

unsupervised methods that can be used to orgaitze iato
groups based on similarities among the individwadtems. A
simple formal mathematical definition of clusteriisgas stated

Let XOR™" is a set of data items

representing a set of m poin in R". The goal is to partition

as follows [20]:

X into K groupsC, such that every data that belong to the
same group are more “alike” than data in diffegnoups. Each
of the K groups is called a cluster. The result of the g

is an injective mappingX — K of data items X to clusters
C,.
distance, connectivity or intensity. Clustering teicfues are
used in various fields such as machine learnintg daning,
pattern recognition, image analysis and bio-infdicsa[5].

There are several clustering techniques such as#&am Fuzzy
c-means, Hierarchical clustering and Mixture of &aans.

There are different types of similarity meassueh as

Clustering techniques have been applied in severaltlife
problems which are described briefly in this settibhillon et
al [1] proposed a new information theoretic divisiaigorithm
for feature word clustering and apply it to texasdification.
With the experimental result using Naive Bayes angp®rt
Vector Machines on the 20Newsgroups data set aBdesel
hierarchy of HTML documents collected. It showedttihe
algorithm monotonically decreases the objectivecfiom value
by minimizing the “within-cluster Jense-Shannon edgence
while simultaneously maximizing the “between-clusiensen-
Shannon divergence.

According to Mofreh [8], proposed an evaluation
methodologies using fuzzy c-means and kernelisedyfic-
means to find e-learners based on their behavior specific
categories that represent the learners’s profilde author
presented the phases of development as data d&sgrip
preparation, features selection, and the expersnel@sign
using different fuzzy clustering models.

Analysis of the obtained results and comparisorh lie real
world behavior of those learners proved that thisra match
with percentage of 78%. Fuzzy clustering refledtesllearners’
behavior more than crisp clustering. According rigaing [5],
proposed a methodology based on the hybrid of FCM lan
means algorithm and Adaptive Neurofuzzy Inferengst&n
(ANFIS) for the prediction of students’ academicfpemances
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into class of weak, average and good and at-rigidddesuch as
not risky, slight risky, risky and very risky respigely.

4, RELATED WORKS

Wang et al [19] used Kolb’s Learning Style Invegt@rSl) as
a self-assessment tool aimed at determining stulgamhing
style preferences. The instrument consist of 1&stents that
describe learning, each with four endings, thaividdals rank
based on which ending is “most like” or “least lilexperience
of the individuals and in the order of 4, 3, 2, @hdwithout
repeating or skipping any. Participants must coispl® rank
order, four sentence endings that correspond to fearning
mode orientations: concrete experiences (CE), altstra
conceptualizations (AC), active experimentations YAdhd
reflective observations (RO).

The authors performed calculation process by climgpall of

the first endings, second endings, third endingd &ourth
endings to obtain the scores of CE, AC, AE and RO
respectively. The authors also performed a sulibract
operation between two learning mode orientatiorisessuch

as AC-CE and AE-RO to obtain two learning style ssofevo
combinations of ranking scores are plotted on @ griidentify

the intersection of the scores and thus indicate preferred
learning style quadrant of the learner: divergessirilator,
converger, or accommodator.

The authors did not explore the use of computation
intelligence technique to handle the students’ eesps from
the questions statements in determining their Iegrn
preferences especially where there is large numbguestions
statements to be randomly-ranked and distributed.

Manochehr [10] used the Kolb Learning Styles Ineeni(LSI)
to measure the learning styles preferences of stad@here
were two groups of students for learning (e-leagniand
traditional learning). The LSI test is a 12-itemegtionnaire in
which respondents attempted to describe their ilegustyles by
four levels: diverger, assimilator, accommodatal eonverger.

A final comprehensive exam was given to the stuzlémttest
their knowledge based on their learning styles. f@sponses
collected from the students formed the data whickrew
translated and stored as ASCII database file and aealyzed
using SPSS. Based on the results of the LSI ard éxam, a
two way ANOVA procedure was conducted involving two
independent variables, the first independent viiaas Kolb’s
learning styles categories and the other was legmmiethods.

An analysis of student knowledge (final exam grafie)both
groups was done. The author’s findings revealetl shalents’
learning styles were statistically significant fénowledge
performance with e-learning methods and not wittditronal
methods.

Nguyen [11] discussed extensively the understandaig
educationists in the role of learning theories kradining styles
with integrating thoughtful technology to nurturéudents
through a learning process in achieving successfaitning
outcome. Rahimi et al [17] proposed a frameworkt tha
enhanced learning activities by combining the el@mef the
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students’ control with respect to deploying the otlye of
learning styles and the components of technologgtha
teaching process. According to McLoughlin [7], read out a
study on three pedagogies such as pedagogy 2.theonl
collaborative learning pedagogy (OCLP) and onnesttivi The
author's observation was that each has a theolrétamaework
that has constructivist
personalization of the learning experiences atats.

Hao [4] carried out a study to investigate the studeachers’
sense of social presence and the relationship le#hning
styles in a teacher education course. The Webe2linblogies
included blogs, wikis, social networking, socialokmarking,
and a virtual world. Learning styles were assessedheir
relationship with students’ feelings. The resuhidicated that
the social networking site achieved the most searfssocial
presence, and the social bookmarking site the .le@lse
learning styles of reflective, intuitive and glolware associated
with the social presence of Web 2.0 tools. Theifigs would

learning and an emphasis on

N
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where X;, X,,...

Cj=

4
y X,, are input feature parameters denoted

as vector data sets, which are in form of objetttibates
relation. Objects denote the set of respondentsl¢sts) while
attributes are the set of responses from studdrdwing the
degree of agreement on the set of questions stateniEhe
students respond with selection option type expsess
linguistic terms of four point-likert scale: paita disagree,
totally disagree, partially agree and totally agresch level on
the scale is assigned a numeric value from 1 tespactively;
m = 2, for each datum{; . is a coefficient denoting the

degree of being in thggh cluster, the cluster is partition into

help educators gain more understanding of Web 2.0 four classes,Cj=1234. The sum of those coefficients is

technologies’ impact on student's preference anc th
relationships between specific Web 2.0 technologsesial
presence and individual differences.

S. MODEL DESIGN

The design of the model adopts Honey and Mumford’s
Learning Styles Questionnaire using clustering riéple to
uniquely identify students’ learning preferencesttiwould
improve educational study performance. The architatview

of the model is depicted in Figure 2. There aréitgigiuestions

statements that denote featurééi of the personality of a

students, where features are selected to uniquely classiy th

students into four different personalitid?rggmatist, Theorist,
Activist and Reflector). Fuzzy c-means clustering technique is
adopted for classification of feature selectioroifdgur classes
of individual learning style. The mathematical nimas of
fuzzy c-means clustering are described in equatiofis
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defined to be 1 as shown in equation X, is theith of d-

dimensional feature measured dataj is the d-dimension

cluster of centroid)¢|| is the Euclidean distance which is the

distance between feature measured data and tterobesitroid.
Fuzzy partition is carried out through iterativetiofzation of
objective functionJ,, in equation 1, with updated membership
function g and cluster centroid; in equations 3 and 4. The
t+1 t
(t+1) _ ,Uij()
where€ is the termination criterion antlare the iteration
steps. This procedure converges to a local minirmumsaddle
point of J, .

Therefore, at the instance of process classifinatiompletion,
there is unique identification of studens based on the

iteration will terminate whenma.)(ijﬂ,uij <&

attributes Xi into classesC; =1234 as represented in
equation 5.

S, x €EC ®)
where | =1...,m is the total number of students that

interacted and responded to the questions stateratatcertain
period of time; X =1,...,N is the total number of attributes;

j=1,2,3,4 (jisthe number of classes thelstiis are grouped
into). It would be inferred at this point that thighest degree of
membership the student is associated with, betwleerarious
classes Fragmatist, Theorist, Activist and Reflector) is the
strong class the student belongs to.
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Figure 2: Architectural View of the Model

6. RESULTS AND DISCUSSION

The prototype of this model was tested with usinfgy f
participants of third year students of the Depanmef
Computer Science, Federal University of Technolddwre. A
dataset of these fifty students was collected tincgsubmission
of filling-in of their personal data and their resiges to the
guestions statements provided via access portd. fiiey c-
means clustering algorithm was run on the datasetiterated

to converge and terminate &= 0.00001with iterate count
which is equal to three. The output of the aldponitis shown in
Table 1 which identified each of the students’ miag
preferences relative to four dimensions of the Homad
Mumford’s model Pragmatist, Theorist, Activist and
Reflector). Each student has varied degree of membershie val

of belonging to each of the four dimensions and highest
value was inferred as the likely strong class tiuelent could
belong to. The accuracy of this algorithm is ohkedin
considering the total number of students’ datasat are used
as input and out of which the algorithm is ableutnquely
identify individual student into various classesle®elongs to
with the varied degree of membership values. Basedhts,
forty eight out of fifty students (96%) were acdetq identified
and classified into their respective learning merfees. Two
(4%) were not classified accurately which is duintmnsistent
input responses pattern from such students witin stedents’
profile identity ((Id): 8 and 29) as shown in Talle

Table 1: Fuzzy C-Means Membership Distribution for Sudents’ Learning Preference

FUZZY C-MEANS MEMBERSHIP
DISTRIBUTION

FUZZY C-MEANS MEMBERSHIP
DISTRIBUTION

Id | Pragmat | Theorist | Activist | Reflector | Strong
ist Preference

Id | Pragmat | Theorist | Activist | Reflector | Strong

1 0.22845 | 0.25877 | 0.19494| 0.31784 Reflector

26 | 0.27341| 0.20920 | 0.12844| 0.38894 Reflector

2 0.27404 | 0.24986 | 0.15674| 0.31937 Reflector

27| 0.24703| 0.31066 | 0.16144| 0.28087 Theorist

3 0.29554 | 0.24200 | 0.19530| 0.26717 Pragmatist

28 | 0.30391 | 0.22932 | 0.21197| 0.25480 Pragmatist

4 0.21480 | 0.24872 | 0.16058| 0.37590 Reflector

29 | 0.00000 | 0.00000 | 0.00000| 1.00000 NULL

5 0.27264 | 0.25785 | 0.18276| 0.28675 Reflector

30 | 0.29688 | 0.19727 | 0.13568| 0.37018 Reflector
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6 0.38251 | 0.20310 | 0.15938| 0.25501 Pragmatist | 31 | 0.31645 | 0.24469 | 0.24469| 0.18379 Pragmatist
7 0.29989 | 0.18929 | 0.18929| 0.25419 Pragmatist | 32 | 0.32996 | 0.21919 | 0.19299| 0.25787 Pragmatist
8 1.00000 | 0.00000 | 0.00000| 0.00000 NULL 33 | 0.21698 | 0.28186 | 0.21031| 0.29038 Reflector
9 0.33267 | 0.22095 | 0.14730| 0.29907 Pragmatist | 34 | 0.25713 | 0.24465 | 0.14823| 0.34999 Reflector
10 | 0.28247 | 0.25037 | 0.20276| 0.26440 Pragmatist | 35 | 0.27541 | 0.27251 | 0.19320| 0.25888 Pragmatist
11 | 0.25490 | 0.26286 | 0.22734| 0.25490 Theorist 36 | 0.38603 | 0.20374 | 0.16299| 0.24723 Pragmatist
12 | 0.27130 | 0.21354 | 0.13031| 0.38486 Reflector 37 | 0.31236 | 0.20758 | 0.30652| 0.17353 Pragmatist
13 | 0.25036 | 0.20237 | 0.13567| 0.41160 Reflector 38 | 0.32990 | 0.23474 | 0.15583| 0.27953 Pragmatist
14 | 0.25230 | 0.29015 | 0.28170| 0.17585 Theorist 39 | 0.29696 | 0.22109 | 0.16643| 0.31552 Reflector
15 | 0.14017 | 0.57190 | 0.08936| 0.19857 Theorist 40 | 0.25762 | 0.25556 | 0.26185| 0.22497 Activist

16 | 0.23579 | 0.27626 | 0.19181| 0.29615 Reflector 41 | 0.24280 | 0.22345 | 0.14342| 0.39033 Reflector
17 | 0.25779 | 0.27077 | 0.18632| 0.28513 Reflector 42 | 0.36666 | 0.26915 | 0.14795| 0.21624 Pragmatist
18 | 0.21745 | 0.29729 | 0.18563| 0.29963 Reflector 43 | 0.29170 | 0.24309 | 0.18331| 0.28190 Pragmatist
19 | 0.32693 | 0.25337 | 0.20406| 0.21564 Pragmatist | 44 | 0.29417 | 0.22813 | 0.15525| 0.32245 Reflector
20 | 0.30974 | 0.22700 | 0.19381| 0.26945 Pragmatist | 45 | 0.27698 | 0.25140 | 0.14525| 0.32238 Reflector
21 | 0.23733 | 0.25085 | 0.17307| 0.33875 Reflector 46 | 0.29964 | 0.27310 | 0.17454| 0.25472 Pragmatist
22 | 0.12131 | 0.12636 | 0.69530| 0.09303 Activist 47 | 0.22958 | 0.24224 | 0.15050| 0.37868 Reflector
23 | 0.32512 | 0.23336 | 0.19420| 0.24732 Pragmatist | 48 | 0.29401 | 0.24048 | 0.21859| 0.24892 Pragmatist
24 | 0.26177 | 0.28028 | 0.21021| 0.24775 Theorist 49 | 0.32800 | 0.25185 | 0.23913| 0.18222 Pragmatist
25 | 0.30181 | 0.25151 | 0.18172| 0.26495 Pragmatist | 50 | 0.30437 | 0.24243 | 0.18580| 0.26440 Pragmatist

7. CONCLUSION

The design of the model adopted the Honey and Mrdisfo
learning styles using computational intelligence uwiquely
match students with their learning preferences. Tésults
obtained demonstrated that the technique is adelguat
sufficient to achieve the underlined objective. Thecome of
the study would enable the instructors to adequatater for
individual students both in technological-mediatedrning
environment or traditional classroom environmerite Fole of
instructor as advisory counselor would also be adtly
discharged to counselee.
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