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Abstract - The objective of this research is to study the
results and compare several classifiers such as Bayes and
Decision trees in classifying student’s learning styles in a
Virtual Learning Environment. This approach was
experimented initially on 108 students of Computer
Programming 1 online course created using Moodle.
Student’s behaviors have been extracted from Moodle log
data and the learning style for each student was mapped
according to Felder-Silverman Learning Style Model. A 10-
fold cross validation was used to evaluate the selected
classifiers. Classification accuracy and Kappa statistics have
been observed to measure the performance of each classifier.
The results show that the efficiency of classification by means
of J48 technique had the highest average value of correctly
classified instances at 89.91% accuracy and it could be used
to infer the learning styles of students in a Virtual Learning
Environment.
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1. INTRODUCTION

There are increasing research interest in utilizing data
mining in the field of education. This new emerging
discipline is known as Educational Data Mining (EDM). Its
primary concern is developing methods for exploring the
diverse and unique types of data that come from
educational settings. At present, Virtual Learning
Environments (VLEs) increasingly serve as a vital
infrastructure of most universities that enable teachers to
provide students with different representations of
knowledge and to enhance interaction between teachers
and students, and even amongst students themselves.

Virtual learning Environments usually provide online
tools for assessment, communication, uploading of content
and various features. Whilst traditional teaching methods,
such as face-to-face lectures, tutorials, lab assignments, and
mentoring remain dominant in the educational setting,
universities are heavily investing in learning technologies
to facilitate improvements with respect to the quality of
learning [1]. Despite the ever-increasing practice of using
e-learning in educational institutions, most of these
applications perform poorly in motivating students to
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learn. There are many issues that are not addressed due to
the very complex and varying ideas in the development. It
fails to meet the needs of students and fail to serve the
ultimate goal of having on-line learning.

But what is almost completely overlooked is a vast
collection of data that resides inside these specific
environments. All of this data represents a potentially
valuable source which is not adequately considered. The
data stored in these VLEs can be used to improve the
learning and pedagogical process to make it more efficient
for both teachers and learners. Specifically, it can be used
in the identification or classification of student’s learning
styles (LS). Notable educational theorist and researchers
consider learning style as an important factor that affects
the learning process. Understanding how different
individual learn is the key to a successful teaching and
learning.

The study is based on a widely accepted theory that
each learner has an individual or specific learning style. A
learner with specific learning style can face difficulties
while learning, when their learning style is not supported
by the teaching environment thus as a precursor to an
adaptive Virtual Learning Environment the research
initially focuses on the automatic identification of student’s
learning styles using data mining techniques based on their
behaviors on a Virtual Learning Environment. In terms of
learning style model, Felder-Silverman learning style
model (FSLSM) was used for the reason that is often used
in technology-enhanced learning [3]. Moreover, FSLSM
describes the learning style of a learner in more detalil,
distinguishing between preferences on four dimensions as
compared to other learning style models that classify
learners in only a few groups.

2. RELATED LITERATURE

2.1 Learning Styles (LS)

A learning style is a student’s consistent way of
responding to and using stimuli in the context of learning.
Reference [4] defines learning styles as the composite of
characteristic cognitive, affective, and physiological factors
that serve as relatively stable indicators of how a learner
perceives, interacts with, and responds to the learning
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environment. Reference [5] defines learning style as those
educational conditions under which a student is most likely
to learn. They are not concerned with what learners learn,
but rather how they prefer to learn. Learning styles are
points along a scale that help discovers the different forms
of mental representations. When individual tries to learn
something new they prefer to learn it by listening to
someone, talk to someone, or perhaps they prefer to read
about a concept to learn it, or perhaps would like to see a
demonstration.

Learning styles can be defined, classified, and identified
in many different ways. It can also be describe as a set of
factors, behaviors, and attitudes that enhance learning in
any situation. How the students learn and how the teachers
teach, and how the two interact with each other are
influenced by different learning styles. Each person is born
with and has certain innate tendencies towards a particular
style, and these biological characteristics are influenced by
external factors such as cultures, personal experiences, and
developments. Each learner has a different and consistent
preferred ways of perception, organization and retention.
These learning styles are the indicators of how learners
perceive, interact with, and respond to the learning
environments. Students have different styles of learning,
and they learn differently from one another. There are
sufficient evidences for the diversity in individual’s
thinking and ways of processing various types of
information, and shown that students will learn best if
taught in a method deemed appropriate for their learning
styles [6].

2.2 Felder-Silverman Learning Style Model
(FSLSM)

One of the most widely used models of learning styles is
the Index of Learning Styles (ILS) [7] developed by Richard
Felder and Linda Silverman. The learning style model
unlike other model is based on tendencies, indicating that
learners with a high preference for certain behavior can
also act sometimes differently. FSLSM [8] is used very often
in advanced learning technologies and technology-
enhanced education. According to reference [9], the FSLSM
model is most appropriate for multimedia courseware and
online-teaching. Reference [10] confirmed this by
conducting a comparison of learning models with respect
to the application in Web-based learning systems. The
result of their research confirmed that the use of FSLSM is
the most appropriate model for technology-enhanced
education environments. There are four dimensions in
FSLSM such as Perception, Input, Information Processing

and Understanding. Each learner is characterized by a
specific preference for each of these dimensions.

These dimensions are based on major dimensions in
the field of learning styles and can be viewed
independently from each other. They show how learners
prefer to  process (active/reflective),  perceive
(sensing/intuitive), (verbal/visual), and
understand (sequential/global) information. While these
dimensions are not new in the field of learning styles, the
way in which they describe a learning style of a student can
be seen as new and innovative. While most learning style
models, which include two or more dimensions, derived
statistically prevalent learner types from these dimensions
such as models by Myers-Briggs [11], Gregorc [12], Kolb
[13], and Honey and Mumford [14].
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Fig -1: Felder-Silverman Learning Style Model

The active/reflective dimension is analogous to the
respective dimension in Kolb’s model [15]. Active learners
learn best by working actively with the learning material,
by applying material, and by trying things out.
Furthermore, they tend to be more interested in
communicating with others and preferred to learn by
working in groups where they can discuss about the
learned material. In contrast, reflective learners prefer to
think about and reflect on the material. In contrast,
reflective learners prefer to think about and reflect on the
material. Regarding communication, they prefer to work
alone.

The sensing/intuitive dimension is taken from the
Myers-Briggs Type Indicator [11] and has also similarities
to the sensing/intuitive dimension in Kolb’s model [13].
Learners with sensing learning styles prefer to learn facts
and concrete materials, using their sensory experiences of
particular instances as a primary source. They like to solve
problems with standard approaches and also tend to be
more patient with details. They tend to be more practical
than intuitive learners and like to relate the learned
material to the real world. In contrast, intuitive learners
prefer to learn abstract learning material, such as theories
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and their underlying meanings, with general principles
rather than concrete instances being a preferred source of
information.

The third, visual/verbal dimension deals with the
preferred input mode. The dimension differentiates
learners who remember best what they have seen (e.g.
pictures, diagrams), from learners who get more out of
textual or text-based representation, regardless of the fact
whether they are written or spoken.

In the fourth dimension, learners are distinguished
between sequential and global way of understanding. This
dimension is based on the learning style model by Pask
[16], where sequential learners refer to serial learners and
global learners refer to holistic learners. Sequential
learners learn in small incremental step and therefore have
a linear learning progress. They tend to follow logical
stepwise paths in finding solutions. In contrast, global
learners use a holistic thinking process and learn in large
leaps. They tend to absorb learning material almost
randomly without seeing connections but after they have
learned enough material they suddenly get the whole
picture. Because the whole picture is important for global
learners, they tend to be more interested in overviews and
in a broad knowledge, whereas sequential learners are
more interested in details.

3. METHODOLOGY
3.1 Context, Participants and Data Source

The study is based on data from Computer
Programming 1 course which is taught during the first
semester for Computer Technology course in Southern
Luzon State University. Aside from traditional classroom
setup, it is accompanied by a supplementary Moodle [17]
course that is composed of eight chapters that includes
learning objects ranging from textual, visual, concrete and
abstract learning materials. There are also different
exercises that allow students to practice programming
skills. Self-Assessment tests were also provided for each
chapter overall. Students also were encouraged to use the
forums in order to interact and solve problems with other
students during the course. This particular course was
selected for the investigation of individual learning styles
for it is found to have large number of enrolled students in
the Moodle course and the structure of the course is most
appropriate for the selected learning style model.

The study used the acquisition of data coming from the
virtual learning environment database. Specifically, the
data from student’s logs and activities on the virtual

learning environment were carefully examined. The
student’s learning styles are obtained by using the Index of
Learning Styles (ILS) questionnaires that are answered by
the students who are enrolled and completed the selected
course. An initial data for 108 students out of the possible
547 students who completed the Computer Programming
Course were collected. These sets of students are also
enrolled with the corresponding Moodle course during
those periods.

3.2 Feature Extraction

Table 1 provides the list of learning styles mapping of
relevant student’'s behavior on virtual learning
environments. The features were mapped according from
the Felder-Silverman Learning Style Model [8].

Table-1: Learning style mapping of relevant student’s
behavior

Learning Object Relevant Behavior | Learning Style Dimension
Forum post/reply active
view /read reflective Processing
Self-Assessments attempt active
Text-based view /visit reflective
Concrete materials view /visit sensor
Abstract materials view/visit intuitive Perception
Examples view/visit sensor
Exercises revisions intuitive
Visual materials view /visit visual
Text-based view /visit verbal Input
Video materials view /visit visual
Forum post/reply verbal
Course overviews view /visit global
Detailed Activities view /visit sequential Understanding
Navigation navigate linearly sequential
navigate globally global

3.3 Data Preparation and Analysis Procedure

Figure 2 illustrates the data preparation and analysis
procedure of the study. Every student logs and activities
are recorded
databases. Primarily, a search query (SQL) was conducted
to retrieve a variety of data from the VLE, and then log
records are saved. The data processing exploration and
analysis process
preprocessing phase, the data mining phase, and the

in the virtual learning environment

included the following: the data

pattern analysis phase. The data preprocessing phase was
performed by reducing the log file, which was cleaned by
removing all useless, irregular, and missing data from the
original VLE common log files. Feature extractions filtered
out was based on the related characteristics of the Felder-
Silverman Learning Style Model. Derived variables was
extracted through calculating or accumulating variable
data such as number of views, number of visits, number of
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posts, and number of exercises attempts just to name a few.
In addition, another field was created in order to
accommodate the results of each dimension for the Index
of Learning Style questionnaire answered by participating
students in the study. These questionnaires identified each
preferences of each student when it comes to their learning
styles. These variables together with the feature extracted
will be transformed into fields, assigned with proper data
attributes, and stored in a file.

Classification algorithm techniques were applied to
build a classification model of the student’s behavior in
Virtual Learning Environment. The behavior pattern
analysis phase includes data interpretation and evaluation
of the results. This phase was needed in order to identify
meaningful results from outcomes of the data mining
phase. An open-source data mining software package such
as the Waikato Environment for Knowledge Analysis
(WEKA) [18] was used to perform data analysis on the
derived datasets to most accurate
classification model that will be used for the future
development of a software prototype. The learning
algorithms implemented in WEKA are Bayes network
classifier [19] (Naive Bayes, BayesNet) and classification
tree with pruning algorithms [20] (J48 and NBTree). A 10-
fold cross validation was used to evaluate the classifiers.
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Fig-2: Data preparation and analysis procedures
4. RESULTS AND DISCUSSIONS

To empirically investigate the performance of the
classifiers on the extracted data sets, classification
algorithms such as Bayes classifier and Decision Tree with
pruning classifier are selected. A 10-fold cross validation
for every classifier was used. Classifications are tested on
processing dimension, perception dimension and input of
Felder-Silverman Learning Style Model. The understanding
dimension is left out for the reason that there are no
available data sets yet to identify user’s behavior in terms

of their navigational patterns in the Virtual Learning
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Environment. The results of the tests are shown in Table 2
and are summarized based on correctly and incorrectly
classified instances and Kappa statistics.

Based from Table 2, Table 3, Table 4 and Chart 1, we
can infer that method of classification tree algorithms with
pruning obtained the highest accuracy with an average of
88.59% collectively for all dimension. Comparing both
classification tree classifiers, J48 attained the highest
average accuracy of 89.81% and NBTree yields 87.37%.
The Bayes algorithm, Naive Bayes and BayesNet yields an
average accuracy of around 79.84% and 78.51%
respectively. Kappa statistics is used to assess the accuracy
of any particular measuring cases, it is usual to distinguish
between the reliability of the data collected and their
validity. Average Kappa score derived from the algorithms
obtained a value of 0.7 to 0.9 which shows that the

accuracy of the classification is substantial [21].

Table-2: Classification results for processing dimension

PROCESSING DIMENSION
Method Algorithm Correctly Incorrectly Kappa
Classified Classified Statistics
Instances (%) Instances (%)
bayes Naive Bayes 78.35 21.65 0.753
BayesNet 77.81 22.19 0.711
tree J48 87.47 12.53 0.815
NBTree 85.18 14.82 0.704

Table-3: Classification results for perception dimension

PERCEPTION DIMENSION
Method | Algorithm Correctly Incorrectly Kappa
Classified Classified Statistics
Instances (%) Instances (%)
bayes Naive Bayes 79.39 20.61 0.768
BayesNet 78.05 21.95 0.725
tree 148 91.25 8.75 0.908
NBTree 88.58 11.42 0.891

Table-4: Classification results for input dimension

INPUT DIMENSION
Method Algorithm Correctly Incorrectly Kappa
Classified Classified Statistics
Instances (%) Instances (%)
bayes Naive Bayes 81.78 18.22 0.795
BayesNet 79.69 20.31 0.713
tree 148 90.73 9.27 0.902
NBTree 88.36 11.64 0.872
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5. CONCLUSIONS AND FUTURE RESEARCH

This paper is part of an initial stage of the study and is

still an on-going research that involves detection of

learning styles that classifies student based from their

behavior on a Moodle course according to Felder-
Silverman Learning Style Model. The selected model is
implemented on partial data sets of 108 students enrolled
in Computer Programming 1 course in Southern Luzon

State University at Lucban, Quezon, Philippines. The results

show that the efficiency of classification by means of 48

algorithm had the highest average accuracy in terms of

correctly classified instances at 89.81%. In current popular

Virtual Learning Environments, no functions or features

are currently available to automatically identify student’s

individual learning styles that are based from their relative

behaviors. This study can be a basis for educators that

students have varied behavior and learning styles.

Moreover, this study gives hints to educators to design

appropriate course contents that matches the student’s

learning styles to optimize the learning process.

For future work, the researcher will propose to extend

the capability of Virtual Learning Environment to adapt its

course content and design to match the learning style of

each student to respond immediately to their needs based

from the model. Furthermore, the researcher would plan

on methods on capturing student’s navigation behavior

patterns in a learning system so that all learning

dimensions

can be included in the process. Also,

experimentally apply the adaptive system to test the

relationship between

learning and academic

styles

performance.
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