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Abstract: A learmng style refers to the way an individual learns. The traditional way to identify learmng styles
is through a questionnaire or swrvey. Despite being reliable these instruments have several shortcomings that
hinder the learning style identification such as students are unmotivated to fill out a questionnaire and reluctant
to provide mmformation Thus, to solve these problems, researchers have proposed several approaches to
automatically detect learming styles. The automatic detection of learmning styles 1s proven to be beneficial to
students as it can supply them with learning materials according to their individual preferences. In this study
we propose a hybrid approach that combines fuzzy logic and case-based reasoning method to classify students
according to their learning styles and preferences. In the context of modeling the learming styles, a student
model will be constructed based on the information of student’s performance during the online course,
personality and their gender. Within this study, we intend to outline our proposed model following the
felder-silverman model of learning styles and the Big Five model of personality.
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INTRODUCTION

In the past decade, there has been an enormous
growth in the field of Automatic Detection of Learning
Styles (ADLS). This has happened due to the
development of adaptive e-Learning and intelligent
tutormg. The traditional way to identify learming styles 1s
through a questionnaire or survey that need to be filled
out by students. While these instruments present good
rehability and validity it has several shortcomings that
prevent the learning style identification such as students
are unmotivated to fill out a questionnaire (Akbulut and
Cardak, 2012; Dung and Florea, 2012), reluctant to provide
information (Kosba et al., 2005; Joerding, 1999) and
questionnaire only measure leaming styles to one specific
point of time (Graf and Liu, 2008). These are the several
reagsons why researchers in the field of e-Learning have
expanded their interests on ADLS and student modeling
1n order to provide personalization according to student’s
learming styles, preferences and skills (Chrysafiadi and
Virvow, 2013).

However, this system still has several open issues
which led to some criticism. Fistly, since, they are
based on different data, it 15 difficult to compare the
performance of the different approaches (Feldman et al.,

2015). Secondly, various formula has been used by
researchers to compute the precision of the automatic
detection system (Feldman et @l., 2015). If researcher A
used formula A while researcher B used a different
formula for the computation of the precision, thus both
studies cannot be compared. Finally, the precision
achieved by several approaches still can be increased to
100% of accuracy (Zatarain et al., 201 0a, b, Crockett ef al.,
2011; Deborah et ai., 201 5).

In the field of ADLS, learming style model 1s used to
group together students according to their style of
learming and preferences of how they prefer to receive
and process information (Felder and Silverman, 1988).
Numerous learning style models which are widespread
within researchers are Felder and Silverman Model
(Felder and Silverman, 1988), Kolb Model (Kolb, 1984) and
Honey and Mumford Model (Honey and Mumford, 1982).
The learning style models help to develop learning
materials to the students based on their preferences,
experience and learmng styles.

Individual learners play an important role in
traditional education system and technology-enhanced
learning system. Learners come with diversity in their
individual needs and characteristics such as different
learmning styles and preferences, personality traits,
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cognitive abilities, prior knowledge, motivation, affective
features, skills and meta-cogmtive features. These
individual differences influence the learning process and
one of the reason why some learners find it easy to leam
ina particular course, whereas others find it difficult in the
same one (Jonassen and Grobowski, 1993). Considering
learning styles and personality, investigations are
motivated by the relationship between both of the
individual differences and how to correlate them in
automatic method which can be integrated in technology
enhanced learning.

Very limited studies have correlated personality and
learning styles in automatic method. Abrahamian et al.
(2004) classified student’s personality using the
Myers-Briggs Type Indicator (MBTI) and then relates
these types of personality to defined learming preferences
in user interface environment. MBTI also has been
adopted n Fatahi ef af. (2015) n order to individualize the
learning material structure in e-Leaming system. Our
research attempt to blend Felder Silverman (F'S) learning
style model and Big Five (McCrae and John, 1992) (BF)
persenality model with regard to their advantages as they
have not been integrated into any studies. Thus, in this
research, we will mvestigate how mdividual differences
such as learning styles, personality traits and gender can
be modelled using Fuzzy Logic (FL) and Case-based
Reasoning (CBR) methods to be incorporated in
technology-enhanced learmng system.

The main contribution of this study is two-fold. First,
1s to propose a learning style detection model with the
integration of personality based on BF personality model.
Second, the proposed model combines various
techniques such as FL., CBR and fuzzy similarity on
student modeling and classification. With this
combination, a well-represented student model can be
built in order to increase the learning styles detection
accuracy.

Felder Silverman learning style model: The FS learning
style model is based on Jung’s theory of psychological
types Kolb Model (Kolb, 1984). In Felder’s Model in
which developed to describe the learning styles in
engineering education, learners are classified into four
dimensions: processing (active-reflective), perception
(sensory-intuitive), mput (visual-verbal) and
understanding  (sequential-global). An  instrument
named Index of Learning Styles (ILS) was developed
by Felder and Silverman (1988) to identify learning style
preferences as:

+  Active: work well in groups
¢ Reflective: work better by themselves or with at most
one other person

¢ Intuitive: like facts, data and experimentation

s Sensory: prefer principles and theories

*  Visual: pemember best what they see: pictures,
diagrams, time lines, films and demonstrations

s Verbal: remember much of what they hear or read

s Sequential: follow linear reasoning processes when
solving problems

»  Global: make intmtive leaps and may be unable to
explain how they came up with solutions

Big Five personality model: The BF model which was
conceived by Tupes and Christal 15 based on a lexical
approach. After decades of intensive research, the
psychologists are reaching the consensus on using the
BF Model with the five dimensions to be the current
defimtive model of personality (Schmitt ef af., 2007). The
Big Five Inventory (BFI) (Tohn ef al., 1991) is a self-report
inventory for identifying personality based on the BF
model as follows:

s Openness to experience: intellectual, imaginative and
independent-minded

»  Conscientiousness:
dependable

+  Extraversion: talkative, assertive and energetic

s  Agreeableness: good-natured, cooperative and
trustful

» Neuroticism: moody,
confidence

orderly, responsible and

tense, neurotic and not

Literature review: There are many approaches of learmng
style detection in the literature that are incorporated in the
technology-enhanced learning system (e.g., adaptive
learming and mtelligent tutoring). A number of artificial
intelligence techniques such as FL., Neural Networle (NN),
decision tree and bayesian network have been proposed
to automatically detect student’s leamning styles. FL is
commonly adopted solely or bemng hybrid with other
techniques in detecting learning styles.

In a recent researcher Deborah ef al. (2015) proposed
the use of FL to handle uncertainty in learning style
prediction of e-Leaming students on only processing
dimension of FS Model. They evaluated the system for 90
learners and obtained a recognition accuracy of 84%. By
changing the number of learners to 120, a recognition
accuracy of 92% is obtained. By Crockett et al. (2013),
student’s learning styles were identified using fuzzy
classification tree by building a fuzzy predictive model
using independent variables which are captured through
natural language dialogue. Ghorbam and Montazer (2011)
adopted Evolutionary Fuzzy Clustering (EFC) with
Genetic Algorithm (GA) for the recognition of learming
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Fig. 1: The proposed model of hybrid learming style detection

styles of e-Learners. The objective of the EFC is to solve
both the compactness and separation criteria in clustering
problems whereas GA 1s used to optimize the objective
function and to find the center of the clusters. In addition,
Abrahamian et al. (2004) predicted student’s learning
styles (sensory mtuitive and sequential-global) from
behavior cues extracted during conversation obtained
through tutorials delivered through Conversational
Intelligent Tutoring Systems (CITS) (Fig. 1).

FL was combined with NN by Zatarain et al. (2010a,
b), where it was trained with different courses under
different learning styles and later exported to a mobile
device together with an interpreter and the learning
objects. Their results only achieved 16% of accuracy to
classify all tlwee dimensions (perception, mput and
understanding) and 66% of accuracy to classify at least
two dimensions of FS Model.

CBR on the other hand 1s not extensively used in
ADLS. An accurate classification i1s needed before a
classifier can detect/predict a specific domain problem and
an accurate data is crucial in determining an accurate
classification. In CBR, the accuracy of the data depends
on the case base. [t means that all the data entered must
be valid and the case base must always be updated
(Gonzalez et al., 1998). The validation, however is not
considered as an independent phase mn the CBR cycle but
it 1s designed mto the retrieval phase known as a
validated retrieval model (Gonzalez et al., 199%). Hence,
other techniques are needed to do the validation tasks

before the cases are stored in the case library, since, it
only revised cases using adaptation. A recent researcher
by Pandey ef al. (2014) proposed an adaptive C
programming e-Learning system based on different
student characteristics combinations to set different
levels of errors created and identify remedy to solve the
errors and CBR 1s used for classification of student
characteristics and learning performances.

MATERIALS AND METHODS

Proposed model: Based on the previous studies, we
propose a model for detecting the learning styles for
current and new learners based on hybrid features and
technique. The architecture of the proposed model 1s
shown in Fig. 1. Data will be collected from three main
sources: IL.S and BFT survey forms will be created using
the Google forms and will be distributed through the
University Info Sharing Facebook Group. These survey
forms are expected to collect the subject’s (students)
answers for the questions regarding their learning styles
and personality respectively. Learming meanagement
System (LMS) log files. In order to observe pattern of
student’s traits based on selected variables during online
course, the log files will be analyzed. Student’s profile
Gender parameter along with student’s full name and
courses emrolled will be extracted from student’s database
(Fig. 1). The proposed model of hybrid learning style
detection.
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Fig. 2: Fuzzy membership functions for variables: a) DurationTest; b) CorrectAnswer and ¢) visitTopic

Data from the LMS log files will be observed and
pattern of student’s traits will be analyzed. The following
seven features will be selected and extracted: answer
selection order, correct answers, quiz spent time, topic
spent time, number of tries until correct answer, number of
visits to a question and mumber of wvisits to a topic
(Zatarain et al., 2010a, b). We categorized the seven
features as student’s performance. Next, another two
features, 1.e., BF persconality traits and gender will be
combined with the aforementioned seven features making
them as hybrid features. To classify the learning style, a
student model will be built based on the hybrid features.
In the researcher when students login to the LMS, one
version of the leaming materials will be given to each of
the students according to the initial learning styles from
the ILS and they will have to study the provided learning
materials for a specific duration (e.g., 30 or 40 min). Next,
they will have to answer an assessment (e.g., quiz/test of
30 multiple choice questions) on the studied learning
materials. From the results obtained, performance of the
students will be calculated. The structure of fuzzy
decision-making process of student’s learming styles will
be built considering two main criteria, linguistic variables
and membership functions. Hence, the student model will
consist of the aforementioned hybrid features that are
stored as linguistic variables, fuzzy sets and fuzzy rules.
As an illustration, a FL. Model for student classification
based on quiz spent time, correct answers, number of
Visits to a topic, personality and gender is presented here.
The steps in applying the FL and CBR Model n this case
is:
+  Defining input and output values

*  Defining fuzzy sets for mput values
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Defining fuzzy rules

Creating and training the fuzzy CBR
Defining input and output values
Input values:

Duration test [0, ... . 20]

Correct answer [0, ..., 100]

Visit topic [0, ..., 10]

Output values

Classes of student {Bad 1, Bad 2, Good 1, Good 2,
Very good 1, Very good 2, Excellent 1, Excellent 2}

Defining fuzzy sets for input values

Fuzzy sets:

»  Duration test: short, middle, long

Correct answer: low, average, good, excellent
Visittopic: low, moderate, high

The corresponding membership functions are shown
in Fig. 2.

Defining fuzzy rules: The rules and values for student
classification are taken from the human teacher. The
example of fuzzy rules and linguistic variables used in the
TeasOIINg Process 1s as.

Algorithm:

IF durationTest is “long® AND
CorrectAnswer is ‘average’ AND
VisitTopic is *high® AND

Personality is ‘highExtraversion® AND
Gender is ‘male’
THEN

StudentClass is ‘good1’
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Fig. 3: The reasoning procedure of the proposed fuzzy CBR cycle

RESULTS AND DISCUSSION

Creating and training the fuzzy CBR: When the
defined, the construction of the
corresponding fuzzy CBR Model 1s straightforward

fuzzy model 1s

(Fig. 3). An example of cases for learming styles
classification 1s shown below. Within the data set, each
variable 1s associated with classifying at least one
learning style dimension.

Case 1:
¢ Student class is ‘good 1°
s+ Then, solution: student is active learner
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Case 2:
¢ Student class is ‘good 2
»  Then solution: student is reflective learner

The knowledge base contamns the student model that
1s stored as cases of student’s performance, personality
traits and gender of a particular student. Features are
extracted from the knowledge base before making a new
problem case. As a result of the extracted features when
a new problem case has been formulated, fuzzy CBR cycle
1s introduced to solve this new problem case.

Assigning indexes: The indexes are important features
that characterize a case and how cases are stored in the
case library is based on the indexes.
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Case retrieval and matching: When a new case problem
is found, the retrieval process will take place by matching
the new case against cases in the case library using fuzzy
sinilarity approach.

Case reuse: If a matched case found it will be reuse to
solve new case problem. Thus, in this process, FS
learning styles will be proposed.

Case revise and adaptation: If a new case does not exactly
match the old case, the old case may need to be revised
and improve to fit the new one.

Case retain: Once the new case problem is solved, it is
stored in the case library for future use. To assess the
precision of our method, the following measure proposed
by Garcia et al. (2007) will be used:

2 Slm (LSPf edicted > LSILS )

=1

Precision =2 x100
n
Where:
LS, iws = The Leamning Styles Predicted by the
proposed method
LS = The Learning Styles from the TLS
questionnaire
n = The number of students. The function Sim

compares both parameters LS, 4.4 and LS ;

Sim will return “17 if both are equal and “0” 1if they are
opposite. In order to evaluate the proposed model, we
plan to conduct an experiment with undergraduate
students who participate with data extraction of LMS log
files and student profile whereby they also have to fill up
the BFI and IL S questicnnaires.

CONCLUSION

In this study, we presented the ongoing attempt of
our work in learning style detection model. We reviewed
the issues of existing learning styles detection approach.
We also presented the underlying theories of learning
styles and personality models. A survey of previous
learning  style detection approaches have been
accomplished. Nevertheless, there is still a room for
enhancement of the recognition accuracy. The amn 1s to
mnprove the construction and maintenance of student
model and subsequently increase the recognition
accuracy. Due to the importance of individual differences
that 1s mcorporated m the technology-enhanced learning
system, the work will therefore hybridize the FL and CBR

326

methods to detect student’s learning styles based on

hybrid features, 1.e, student’s performance their
personality and gender.
RECOMMENDATION

For the future research, we are planning to implement
the proposed hybrid technique and evaluate the model
using real data set.
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