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Abstract:

Online learning environment is new platform in education arena, which provides handsome of features to the learners. Despite
the online learning system seems attractive it is greatly affected by the poor monitoring capabilities. These issues had handled
through behavioural and psychological facts by many researchers known as disengagement detection. The objective of the
disengagement detection is to extract the causes and pattern of disengagements. Once the disengagement is identified, it is
necessary to motivate the disengaged learners. The proposed work discriminates the learner s attitude using TSVM approach
and extracts the causes and pattern of disengagements, which helps the instructor to motivate the disengaged users. Our
experimental result states that the proposed method classifies the disengaged users well and makes the online learning system

effective.
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I. INTRODUCTION

Online learning is the new learning mechanism which is
considered as an internationally recognised qualification and
the learners does not need to attend classes on campus. There
are many terms used to describe learning that is delivered
online, via the internet, ranging from Distance Education, to
computerized electronic learning, online learning, internet
learning and many others. We define online learning as
courses that are specifically delivered via the internet to
somewhere other than the classroom where the professor is
teaching. It is not a course delivered viaa DVD or CD-ROM,
video tape or over a television channel. It is interactive in that
you can also communicate with your teachers, professors or
other students in your class. Sometimes it is delivered live,
where you can “electronically” raise your hand and interact in
real time and sometimes it is a lecture that has been pre-
recorded. There is always a teacher or professor interacting
/communicating with you and grading your participation,
your assignments and your tests. Online learning has been
proven to be a successful method of training and education.

The biggest issue that might arise in the online learning
system is the lack of learner interests on the online learning
system. Some of the factor of learning system might change
the learner focus which would lead to failure of the system.
Thus online learning systems should capable of finding the
learners behaviours and changes to make them to focus on the
assessment. This would be more difficult for some of online
learner which needs to consider for the better performance [1].

Learning attitude is defined as a thoughts and actions of the
individual person in doing some works. Every learner would
have their own learning attitude which would differ with
other learner attitudes. So, single evaluation method may not
be suited for every learner. Each learner should treat with the
different evaluation method based on their learning attitude.
However, finding the learning attributes of the online learners

with the concern of the differentiating their learning
behaviour would be more difficult process.

The overall research of this work concentrates on
discriminating the learning attributes of the online learners.
The proposed research work automates the disengagement
detection process by introducing the machine learning
approach namely Transductive support vector machine
(TSVM). This approach would learn the training data set that
contains various online learners’ opinion about the learning
system. After finding the learner who is disengaged. The
disengaged learners would be classified into two classes
namely Partially disengaged and Fully disengaged. This
classification is done using the naive bayes classification
algorithm. After classification of the disengaged learners, the
system assigns tasks based on learner’s classification.

The organization of the proposed research work is given as
follows: In the section 2, various previous research works that
has been conducted in terms of finding the disengagement
activities of users. In the section 3, detailed discussion of the
proposed research methodology is given. In the section 4,
experimental evaluation of the proposed research
methodology is given in depth. In the section 5, Final
conclusion of the research method is given.

II. RELATED WORKS

Research undertaken in the area of attitude and attitude
formation shows that attitudes and beliefs are linked, and
attitudes and behaviours are linked; moreover, attitudes are
essentially divided into likes and dislikes [2]. With the broad
expansion of ICT in education during the last decade, many
research studies have explored the attitudes of users
(educators and students) towards the integration of ICT in
education [3][4][5]. Similarly many research studies analysis
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the learners attitudes and identifies the unmotivated learners
inonline learning [6][7][8][9][10][11].

University students in developing countries have varying
attitudes towards e-learning but generally their attitudes are
positive [12]. This was emphasised in [13] who pointed out
that many students had positive attitudes towards e-learning
because it had a positive impact on their motivation as well as
self-esteem.

In some developing countries, the learning process and the
adherence to traditional practices are inseparable. Thus,
technology-based tools for e-learning are viewed as an
interference with the practices that have been valued for
generations. A good example of this scenario is Botswana.
The socio-cultural environment in Botswana is very strong.
Students in Botswana’s higher learning institutions are still so
strongly embedded in it that their attitude towards e-learning
reflects it. Despite having taken significant steps towards a
Western-style economy and towards urbanisation, the
country maintains strong connections to its traditional roots.
According to [14], students gain most of their knowledge
from their integration with the various communities that have
strong values, knowledge and beliefs.

However, the reserved attitude towards technology-based
learning tools in Botswana and other developing countries is
gradually disappearing, as the obvious usefulness of these
tools is being realised. As Internet-enabled mobile devices
are becoming more and more popular in developing
countries, so is the range of areas in which they are applied;
and this includes e-learning. Mobile devices such as Internet-
enabled phones are very popular and are increasingly being
used for blogging and social networking; this, in turn, helps
improve user attitudes towards e-learning.

According to [15] however, the physical separation between
the learner and the instructor tends to create a feeling of
isolation on the part of the learner leading to negative
attitudes.

A 2002 survey carried out in Pakistan’s Virtual University
with 387 undergraduate students in their final year of study
concluded that over 90% of the students viewed learning
through satellite TV and the Internet as advantageous, and
student attitude towards e-learning were generally positive
[16]. In [17] identified student attitudes as a factor that
determined how e-learning was adopted in Iran. In [ 18] stated
users who were very familiar with web technologies and the
skills needed to use computer and mobile devices for
instruction developed positive attitudes. On the other hand,
students who were not skilled in ICT became anxious about
the use of computers, had lower expectations from
educational technology, and they did not believe in the
benefits of e-learning [19].

ITI. DISCRIMINATING LEARNING
ATTITUDES

Online learning is the most important and growing field in the
real world environment which eliminates the need for
students or learners to show up in the class room to learn the
new things. Online learning system eliminates the
maintenance of class room system with various technologies
and professional. And also students can learn from anywhere
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without reaching the school. However, some drawback of
online learning system might reduce the involvement online
learners. This process of not involving in the online learning
system is called as disengagement activity. This
disengagement activity would occur due to many reasons like
inconvenient environment, inconvenient learning time
schedules, improper learning materials and soon.

Generally traditional evaluation system would follow the
fixed pattern for all learners. This single and fixed traditional
evaluation system may not be suitable for the real world
learners who are having different learning attitudes. In this
research work, learners are discriminated in terms of their
disengagement activity that occurs because of the various
learning attitudes. The overall research work is automated by
introducing the machine learning approach namely
Transductive support vector machine. This will train the log
files of the various online learners based on which active
users would identified as disengaged or not. After finding the
disengaged learners those would classified into two classes to
discriminate them. The classes that are used for
discrimination are, “Partially disengaged and Fully
disengaged”. Based on these classification results, learners
would be treated with different methodologies, so that
disengagement possibility can be reduced considerably. The
overall flow diagram is given in Figure- 1.

The processing step of proposed research methodology is
listed as like follows:

> Learnthelog files of online learners

> Findthe disengaged learners among active users

> Classify the disengaged learners based on the learning
attitude

>  Assign tasks based on their class

These steps are explained clearly in the following sub
sections.

Figure 1. Overall flow of Proposed research work

A. LEARNTHE LOG FILES OF ONLINE LEARNERS

In the proposed research work, the log files of 120 learners are
gathered from the online learning environment namely Quasi
Framework [20]. The identified log files will be learned and
categorized in accordance to their activity behaviour. This
learning is done by using the machine learning algorithm
called TSVM which aims to categorize the log files that are
identified based on their type and nature. This TSVM
algorithm is used to avoid the convergence problem which
may occur due to the large volume of data.

TSVM is the iterative algorithm which aims to cover the
unlabelled data present in search space with the help of
transductive function by separating the hyper plane
optimally. In the training phase of the TSVM, unlabelled data
will be considered for the classification. That is the log files
without label will be considered in the training phase for the
better classification process. By using the TSVM
methodology, better generalization capability of the classifier
can be achieved. Also, this methodology aims to move the
hyper plane gradually based on reaching a finer place. This
methodology aims to achieve a finer place by achieving the
generalization capability of the classifier. A finer hyper place
position can be achieved by iteratively doing this mechanism.
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In this approach, better classification can be achieved by
migration of the data into the class labels which pretend to
avoid the misclassification of the data by avoiding the
discriminate functions. This mechanism also aims to provide
more accurate results than the existing methodology. The
convergence of the categorization depends on the similarity
present among the different class labels.

ALGORITHM

Input: Labelled points: S = [(x, y)l,j=1,2,...,land
unlabelled points: V=[(x)],j=1+1,...,n.

Output: Transductive SVM classifier with original training
set and the transductive set.

Begin
Initialize the working set W” =S, previous transductive set
A" =@and specify C and C*

Train SVM classifier with the working set W"”

Obtain the label vector of the unlabeled set V.

fori=1toT

Select N+ positive transductive samples from the upper
side of the margin and N— negative transductive samples
from the lower side respectively.

// T is the number of iterations

Select positive candidate set B+ containing N+ positive
transductive samples and negative candidate set B—
containing N—negative transductive samples respectively.

B’=B'UB

Update the training set:

ifA"" =@ W(@{i)=W""UB",

D(il — B(il

Else

D’=A""tn B()t

W(i) — (W -1 _ D i1 ) UD (l>t

Endif

AD=R®

Train TSVM classifier with the updated training set W (i)
Obtain the label vector of the unlabelled set V
end for

end

The designing of TSVM for the log file categorization is done
intwo ways and it addresses two issues. Those are

Select the log file with the expected accurate labelling

Choose the informative knowledge source about the log
file

TSVM selects the margin of the classification of log file
samples by accurately identifying the upper and lower side of
the samples with analysing and checking the following
conditions. Those are, if P> 1 (i.e., falls below or above the
hyper plane region will be identified), then the transductive
samples of log files closest to the margin bounds will be
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assigned as class labels as +1 or -1 respectively. Else labelling
will be done any way without any consideration.

A dynamic adjustment is necessary, taking into account that
the position of the hyper plane keeps changing in iterations.
Typically, the most confident unlabelled patterns, together
with their predicted labels, are added to the current training
set. The classifier is retrained and the process is repeated. It is
to be noted that the classifier uses its own prediction to teach
itself. It is natural to imagine that a classification error can
reinforce itself. Therefore, it is important to take a caution in
the selection of transductive samples because wrong
labelling may substantially degrade the performance of the
classifier.

Due to the fact that support vectors contain the richest
information among the informative samples (i.e., the ones in
the margin band), the unlabelled patterns closest to the
margin bounds have the highest probability to be correctly
classified. Therefore, in this approach, design a selection
procedure (i.e., filtering process) to increase the acceptability
of the samples with the expected correct labelling. In other
words, an unlabelled sample should be considered as
transductive sample if the TSVM ensemble assigns the same
label toit.

The above classification algorithm is used to result the
categorization of the log files based on the behaviour of
previous users. Thus with the knowledge of this algorithm
one can categorize the log files based on the user’s activity
and behaviour. The attributes that are used for learning and
categorizing whether the users are disengaged learners or not
is listed in the Table 1.

Table 1: List of Attributes

Attributes

No of pages” read

Average time spent for Learning

[¥%)

Number of questions attended

Average time spent on assessment

n

Number of correct answers

Number of wrong answers

B. FIND THE DISENGAGED LEARNERS AMONG
ACTIVE USERS

In the previous section, the learning of the previous online
learners is done in terms of their disengagement activities.
From the knowledge, the active users in the online learning
system would be predicted and categorized as whether they
are disengaged learner or active learner. This is done
gathering the attributes values that are listed in the table 1
which would compare with the categorized labels of the
training phase. The steps that are followed for categorization
ofactives users are listed as follows:
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STEPS:

1. Gatherthe attribute values of the active users
2.
3.

Retrieve the categorized user information values

Compare the attribute values with the categorized label
values

4.

After analysing the active learners in the system as

disengaged or active learners,

> The active learners would continue their process of
online learning

» The disengaged learners would be classified into two
classes namely partially disengaged or fully disengaged.

The disengaged learner classification process is explained

clearly in the following sub sections.

Predict disengaged learner or active learner

C. CLASSIFYTHE DISENGAGED LEARNERS BASED
ONTHE LEARNINGATTITUDE

The classification of disengaged learners is done to predict
whether the learners are completely disengaged from the
online learning system or they are distracted from the online
learning system for the particular period of time. By knowing
these, those learners can be assigned with tasks that most suit
them. For example, the learners that are fully disengaged can
be forwarded to attend an online survey and the partially
disengaged learners can be handled by sending the popup
message or doing small assessment tasks. In this work, naive
bayes classification algorithm is used for classification of
disengaged learners.

Naive Bayes is a simple technique for constructing
classifiers: models that assign class labels to problem
instances, represented as vectors of feature values, where the
class labels are drawn from some finite set. It is not a single
algorithm for training such classifiers, but a family of
algorithms based on a common principle: all naive Bayes
classifiers assume that the value of a particular feature is
independent of the value of any other feature, given the class
variable. For example, a fruit may be considered to be an
apple if it is red, round, and about 10 cm in diameter. A naive
Bayes classifier considers each of these features to contribute
independently to the probability that this fruit is an apple,
regardless of any possible correlations between the colour,
roundness and diameter features.

For some types of probability models, naive Bayes classifiers
can be trained very efficiently in a supervised learning
setting. In many practical applications, parameter estimation
for naive Bayes models uses the method of maximum
likelihood; in other words, one can work with the naive Bayes
model without accepting Bayesian probability or using any
Bayesian methods.

Input trained data NB (C, D) // C-class and D-Dataset
V< extractterms (D)

N<—countdataset (D)

Find length of dataset (D/)

Foreachc

Compute probability of each sequence

Store probability in database.

Do count dataset in class (D, ¢)

Prior[c] <—

<— Concatenate from class distribution
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Despite their naive design and apparently oversimplified
assumptions, naive Bayes classifiers have worked quite well
in many complex real-world situations. In 2004, an analysis
of the Bayesian classification problem showed that there are
sound theoretical reasons for the apparently implausible
efficacy of naive Bayes classifiers. Still, a comprehensive
comparison with other classification algorithms in 2006
showed that Bayes classification is outperformed by other
approaches, such as boosted trees or random forests.

D. ASSIGN TASKS BASED ON THEIR CLASS

After classification of disengaged learners into fully
disengaged and partially disengaged classes, some activities
would be done to motivate the learners to continue learning
through online learning system. The learners who does not
have an interest on a specific course but joined due to the
compulsion, improper material, poor network issues,
improper communication with the instructor and the learner,
whenever the learner needs an assistance with the system and
the system fails to help the learner. Those reasons may lead
the learner to fully disengaged on the online course. Hence
the system will forward those disengaged learners to attend
an online survey. The Online survey contains 10 set of
questions. Based on the results from the online survey, an
instructor has to identify the reason for fully disengaged and
take necessary action to engage the learners. Table-2
describes the list of survey questions and possible answers for
the questions. Similarly, identifying the reason for partially
disengaged is also a tough case, because they are not
completely disengaged. They are engaged most of the time
and disengaged in a particular session. Whenever the learner
seems to be demotivated, the system generate some
additional assessment and send it to the learners to change
their focus, create some pop up messages to change the user
focus and so on. Similarly, if the learner is much engaged in
learning activities but failed in examination activities, then
the system forwards the learners to participate pre-tests
before performing the actual examination. So that the
learners will be flexible on assessment environment too.

Table 2: List of Survey Questions

Serial Possible Answers

No

Survey Questions

1 Are you Interest in the course” {Yes No}

Whether the Online leaming environment is attractive? {Yes, No}

3) Whether the online course material is well organized? {Yes, No}

Whether the language of the course material is understandable? {Yes. No}

Whether the online course matetial provides a sufficient example for each
and every topic?

{Yes, No}

The Online Course material belongs to which categorv? {Basic, Intemediate, Advanced}

7 Hovw much time taken by the instructors to solve vour queries? {Immediate reply, Within a Day,

Within 2 Week, Within a Month}

{Low, Not tbad, High, More
Pasitive}

Interaction among the other students

Yeso}

Does the use of Online leaming system help vou to improve vour leaming

skills?

How much u rate this online course? {1- Verv Poor, 2-Poar. 3- Average,

4- Good, 3- Very Informative)
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IV. EXPERIMENTAL RESULTS

The experimental evaluation was conducted in the proposed
research framework in which classification algorithm is used
for discriminating the learning attitudes of the disengaged
learners. In the proposed research, naive bayes algorithm is
used for classification purpose which can provide improved
results than the other classification algorithm. The evaluation
is conducted between the various classification algorithms to
prove the effectiveness of the proposed research
methodology. The classification algorithms that are used in
this work for experimental evaluation are listed as follows:

Naive bayes

Random Forest

Random decision tree
Alternative decision tree

True positive and accuracy is considered as a key factor to
confirm the quality of our proposed methodology, similarly
other indicators such as false positive rate, precision, error
rate are also calculated. Experimental results are listed in
Table-3. Among the experimental results, we obtained, it
confirms that the naive bayes classification will give better
classification results than other algorithms. The Confusion
matrix of naive bayes classification algorithm is listed in
Table-4. The diagrammatic representation of the accuracy
metric comparison is illustrated in the Figure 2.

Table 3: Experimental Results

Naivebayes RF RDT ADT
Y% Correct 89.17 875 8833 85
TruePositiveRate | 0.816 0.868 0.842 (.763
FalsePositiveRate | 0.049 0.085 0.061 0.049
Precision 0.386 0.825 0.863 0879
F-Measure 0.849 .846 0.853 0817
Error 0.109 0.125 0.117 015

Table 4: Confusion Matrix for Naive bayes Classification

Predicted ‘

Partially
Engaged i
Disengaged

7
67

Fully
Disengaged

Total

Engaged

Actual o
Partially Disengaged

0.

76

Fully Disengaged
Toul

Figure 2. Accuracy comparison chart

In the Figure 2, accuracy comparison is done between the
various classification algorithms namely Naive bayes,
Random Forest, Random Tree and Alternative decision tree.
From this figure, it is proved that the naive bayes algorithm
can accurately discriminate the disengaged learner’s
behaviour then the other classification algorithms. It is
because of; naive bayes algorithm consumes less number of
iteration than the other classification algorithms. The
accuracy value of the naive bayes algorithm is §9.17,
Random Forest algorithm is 87.5, Random decision tree
algorithmis 88.33 and Alternative decision tree is 85.
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V. CONCLUSION

Online learning system is the most popular field in the real
world environment such as teaching, learning, research field
and so on. Learners are motivated to use the online learning
system to avoid attending schools or libraries. In the proposed
research work, the learner’s attitude can be classified into
three types namely Engaged, fully disengaged, partially
disengaged. The most of the reason for fully disengaged lies
outside of the scope of the log files, hence it is difficult to
identify the solution. Thus we conducted an online survey
that includes a questionnaire to know the user behavioural
thoughts. Similarly, for the partially disengaged learners,
whenever the learners lead to disengagement. The system
generates pop up messages to change the user focus and so on.
In the future perspective, we need to classify the partially
disengaged learners in to more categories and motivate them
based on their category.
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