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ABSTRACT

The need for wide use of Mobile learning environments o as an educational technology
component in undergraduate education, has particularly arisen at present due to its vast
potential for expansion. Use of online methods for education started to expand exponentially
with the spread of devastating COVID19 since early 2020. Due to countrywide or regional
wise long-term lockdowns, people are compelled to use online methods, particularly for
learning. Mobile learning though makes it possible for students to learn and share their
thoughts and views among each other as well as the academics can disseminate their
knowledge with the student’s community with the support of internet and technology
improvements, it is evident that the solution is still suboptimal when compared to traditional
teaching systems. Both the study behaviour of the students and the existing study patterns of
Learning Management Systems (LMSs) in undergraduate studies seem to be responsible for
this status of affairs. The objective of the study was to examine the present m-Learning study
behaviour of undergraduate students and with the help of the outcome, to develop an
improved LMS. Back-end data of the LMS for the period of five years was analysed to
understand the factors that are under performing, and to use such findings to develop a better
performing LMS. The study used Data Mining techniques in respect of the Database of the
undergraduate LMS of the Faculty of Medicine, University of Colombo to test the research
hypothesis. Various data mining algorithms, such as K Mean Clustering algorithm,
Correlation Algorithm, Association algorithm etc have been used. The study found that there
does exist only a mix of positive, negative and absence of relations between students’ strong
study behaviour and favourable study patterns, in the use of LMS. Distributions are not equal
both among and in-between of attributes with LMS and therefore students are unable to
realize full technical potential of the LMS delivery. LMS is acting as a limitation that keeps
the online option at a suboptimal level. Students do not show a strong study behaviour and

favourable study patterns in the use of LMS.

The conclusion is that there is a wide gap between the actual outcome and the full potential
of the LMS. This pattern and behaviour indicates that the students have neither attempted
questions or examinations nor use the benefits of an integration with social media via LMS
mode. There are unutilized potential areas which can be used or utility can be enhanced
without any technical expansion by only giving more opportunities to students. Findings
provide technical solutions to develop the LMS comprehensively to meet today’s online

learning needs with further investments.
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Chapter 01

Introduction

1.1 Background

The use of mobile learning is becoming a major area of development in the Sri Lankan
education system. During the last decade, it has demonstrated a high potential for expansion.
The mobile learning is a method of disseminating knowledge by using online electronic
media especially to the geographically and physically distanced students of remote areas.
This mode has also been introduced to the area of advanced learning in Sri Lanka. Use of
online methods for education from primary level to post-graduate level expanded
exponentially in Sri Lanka and the entire world with the spread of devastating COVID19
since early 2020. Countrywide or regional wise long term lockdowns confine people quite

often to their homes compelling the use of online not only for learning but every other needs.

Sri Lankan undergraduate students are scattered in all parts of the island and by now mobile
technology has reached to cover almost all parts of the country. Some of the students of the
undergraduate programs are engaged in their learning while they are working. In spite of their
difficulty in participating in classroom lecture sessions in the conventional delivery mode, the
culture of mobile learning finds it very difficult to take root in society. As a result, realizing
the potential of this technology is delayed which is disadvantageous to the individual learner

as well as the country.

Currently, the education sector is facing a huge problem to enhance undergraduate education,
with a large number of students passing the General Certificate of Education, Advanced
Level (GCE/AL) or equivalent qualification, and eligible to enter into the University.
However, the Sri Lankan universities are not adequately equipped to cater to current demands
for the students due to limited availability of resources, especially space scarcity of the
lecture halls, and other building requirements.

Above all, due to unexpected difficulties created by COVID19 Pandemic online methods of
learning have become the only option for learning. COVID19 Pandemic related worldwide
health restrictions require a minimum one-meter social distance, requiring substantial space

to accommodate students in the conventional lecture-rooms. The requirement to maintain
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social distances and  conduct online lectures for all the lecture modules have become
challenging tasks. Therefore, research to find solutions through improving decision support
systems for mobile learning platforms to develop the LMS for conducting undergraduate

online programs in the Universities has become a priority in today’s context.

1.2 Problem statement

The traditional teaching system of universities is currently able to accommodate a very low
percentage of 15-20 students who qualify to enter into university education annually. A
similar percentage either attend private universities or go abroad for higher education. A
substantial portion of students do not get an opportunity. The Education authorities have not
explored the potential use of on-line teaching via the internet by expanding its student intake
through this method. With the high literacy rates and wide use of online teaching provided a
cost-effective method of expanding undergraduate programs. It is believed that the current
study patterns and behaviors of the online studies acting as a limitation keeps the online
option at a suboptimal level. Further there has not been any empirical work in this area to
ascertain the factors that adversely affect progress. As a result of slow development in online
teaching and not realising the full potential of new technology thousands of students who
qualify to enter into universities are dropped out from realising full potential of their life
while the country loses the contribution of such educated citizens to the country’s economy.
An entirely new challenge has been put forward by COVID 19 pandemic, making social
distance mandatory and introducing long term lockdowns of the country or parts of it, leading
online learning the only option. This situation has made the issue of online learning more

relevant and critical in the present-day context.

1.3 Research Questions

I. What are the students’ study behaviours and study patterns of the Learning
Management System (LMS) and current status of the use of mobile mode for
undergraduate learning?

ii.  What are the factors affecting the realization of the full potential of mobile
technology for mobile learning at undergraduate level?

iii.  How can a better performing decision support system for mobile learning platforms
be developed based on the outcome of (i) and (ii) above and using the data mining
concept?
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1.4 Aim and Objectives

Aim:
The main aim of this study is to examine and analyse the students’ study behaviour and the
study patterns of the LMS in order to develop a decision support system for mobile learning

platforms for conducting undergraduate programs.

Objectives:

i To examine, analyse and identify students’ study patterns and study behaviours in
the Learning Management System (LMS), at present.

ii.  To examine factors that influence students’ study patterns and study behaviours in
the Learning Management System (LMS) in order to develop a decision support
system for mobile learning platforms .

iii. To develop a better performing  decision support system for mobile learning
platforms for conducting undergraduate study programs.

1.5 Structure of the Thesis

The Structure of the thesis will distribute as follows.

The first chapter presented the background to the problem, the problem statement, research
questions, research aim and objectives. The second chapter presents the underlying theory
and a critical review of the literature on the research issue. This chapter therefore basically
lays the foundation for the analysis of data, based on the body of knowledge on creating
Decision support systems for mobile learning platforms for conducting undergraduate
programs in Universities including the m-learning, Learning Management System (LMS),
Use of Learning Management Systems (LMS) in Sri Lankan Universities and the existing
gaps in research. The third chapter is about the methodology and technologies that were
used to analyse data. The 4™ to 7" Chapters presents various facets of the development of the
new Decision Support System i.e., the fourth chapter is about the approach with users, inputs,
outputs, process and features and the hypothesis. The fifth chapter is about the procedure of
designing and implementing a system and to consider the top-level architecture design

16



(system design) of the solution. The chapter six is a discussion on the implementation process
and in Chapter seven, the researcher evaluates the results in order to prove the accuracy of the
solution. The last chapter will provide the conclusion for the research with recommendations

for further development.
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Chapter 02

Theoretical Considerations and Review of Literature

2.1 Introduction

In this chapter, the theoretical aspects related to the research issue will be presented and
available empirical evidence will be critically reviewed and presented. Also, a substantial
body of knowledge on electronic learning (e-learning), mobile learning (m-learning) and
Learning Management System (LMS) makes a part of both aspects of theory and empirical
evidence. The remaining five sections of the chapter are organized as follows: Section-2.2
presents the evolution of theory and literature on E-learning and M-learning, while Section
2.3 is devoted to Learning Management System (LMS). Section 2.4 presents the existing
knowledge on Data Mining, and Section 2.5 discusses the use of Learning Management
Systems (LMS) in Sri Lankan Universities. Final Sections present gaps identified in the

literature and a summary of the chapter respectively.

2.2 Underlying Theory and Review of Literature

2.2.1 E-learning and M-learning

With the advancement of information and communication technologies (ICTs), e-
government has emerged as an effective means of delivering government services to citizens.
In the recent past, e-government has become popular in many economically developing
countries, yet there are numerous attempts to reinvent the wheel [1] according to Weerakkody
et al, (2012) in their study on “Implementing e-government in Sri Lanka: Lessons from the
UK,” The concept of e-government Mobile learning (M-learning) has become an important
educational technology component in higher education and it also become a quite significant
factor in higher education [2] as found by Klimova and Poulova, (2016) with regard to mobile
learning in higher education.

The introduction of m- learning to the higher education sector of the country is set to exploit
much of this opportunity, but there remains some doubt on the readiness of people toward
this revolutionary distance learning method [3]. Gunawardana and Ekanayaka, (2009) in their

n

study titled “An Empirical Study of the Factors That Impact Medical Representatives
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support the prevailing doubt on the readiness of the people regarding the distance learning
methods that challenges the hitherto practiced teaching and learning methods, focusing on
attitudes towards the intention to use M-Learning for career development. While stating that
M-learning can be considered as an intersection of online learning and mobile computing [4]
Abou EI-Seoud and El-Sofany, (2009) argue that this is a new stage to enhance higher
education in the direction of towards the development of an M-Learning System. As per
Fazeena and Hewagamage (2011), Mobile learning is one of the major developing areas in
recent years in the educational field [5]and they argue for suitability of Mobile Learning to
enhance English language learning . Their conclusion is based on a survey undertaken among

students of University of Colombo, School of Computing.

In their investigation in higher education, Abu-Al-Aish and Love (2013) found factors
influencing students’ acceptance of m-learning that the Mobile learning (m-learning)
environments provides a wide range of new and exciting learning opportunities supported by
the wireless technology[6] M-learning makes it possible for students to learn, collaborate,
and share ideas among each other with the aid of internet and technology development.
However, M-learning acceptance by learners and educators is critical to the employment of
M-learning systems[7] according to Al-Emran et al, (2015) who observed in their
“Investigating attitudes towards the use of mobile learning in higher education”. Integrating a
secure short message service (SMS), into a learning management system (LMS) provides a
facility for the trainers to communicate with students effectively [8] as found by Premadasa et
al, (2013) in their study on the “Mobile learning environment with short messaging service,”

and it is treated as the m-learning.

Attitudes towards M-learning technology is an important factor that helps in determining
whether or not learners and educators are ready to use M-learning [7] argues Al-Emran et al ,
(2015) in their investigation on attitudes towards the use of mobile learning in higher
education. Through wireless devices e.g. such as mobile telephones, Personal Digital
Assistants - PDAs, tablet PC, and laptops and wireless applications, M-learning supports an
integrated access to Web content and services in education anytime and anywhere (Abou El-
Seoud and EI-Sofany, (2009) [4]. The use of mobile devices and wireless technology in the
new learning environments allows students to achieve more in their educational process [6].
This has been identified as a factor influencing students’ acceptance of m-learning, according

to Abu-Al-Aish and Love,(2013). M- Learning facilitates a new mechanism of teaching and
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learning process in order to enhance the learning and education experience of the students[6].
This has been another variable identified as a factor influencing students’ acceptance of m-
learning by the same authors Abu-Al-Aish and Love, (2013). There are challenges
pertaining to e-learning skill development among course lecturers and students that include
low digital bandwidth; expertise in e- learning; e-learning infrastructure; incentive packages
for retaining skilled personnel; low budget, few funding for research on ODL,; and costs of e-
learning equipment’s with its associated after sales contract adversely affects the
implementation of e-learning [9]. These are relevant findings, based on a study on the
experience of Tanzanian open university students conducted by Bakari et al, (2010) in their
study on the “Implementing of e-learning in higher open and distance learning institutions in

developing countries.

The advancement of technology and high mobile penetration rates in developing countries
has broadened the horizon of education. One possibility to overcome the problems is the
application of the concept of mobile learning (called m-Learning) [10], devices such as
netbooks, tablets or smartphones that have become ubiquitous in the institutions of higher
education for mobile learning, but these may be displaced by emerging technologies . These
views are supported by Grimus et al ,(2012) who consider mobile learning as a chance to
enhance education in developing countries, based on a study in Ghana. In addition, the most
highly cited articles are found to focus on mobile learning system design, followed by system
effectiveness. These findings of Wu et al, (2012) in their comprehensive review of trends
from mobile learning studies based on a meta-analysis, may provide insights for researchers
and educators into research trends in mobile learning [11]. Power of computers and laptops
has changed the way learning happens and made it easier to access all materials and

resources .

Herrington and Herrington, (2007) in their study titled “Authentic mobile learning in higher
education,” opined that the ready availability and uptake of devices such as mobile phones,
personal digital assistants and mobile music players, have permeated the manner and means
of human communication, socializing and entertainment on a large scale [12]. The results
showed that four factors: performance expectancy, effort expectancy, social influence, and
facilitating conditions had significant positive effects on students’ mobile learning acceptance
with performance expectancy being the strongest predictor [13]. These are found in two

studies, viz Mtebe (2014) and Raisamo (2014) on students ’ behavioral intention to adopt
20



and use mobile learning in higher education in Tanzania and Finland,” respectively.

Cheon, et al (2012) in their investigation of mobile learning readiness in higher education
based on the theory of planned behavior,have found that the college students’ acceptance of
m-learning reasonably well. More specifically, attitude, subjective norm, and behavioral

control positively influenced their intention to adopt mobile learning [14].

A review of some empirical literature on the current status of mobile learning that explores
alternatives to help universities fulfil core functions of storage, processing, and disseminating
knowledge that can be applied to real life problems, has been found in Rajasingham, (2011)
in his study titled, “Will Mobile Learning Bring a Paradigm Shift in Higher Education?,”
which is followed by an examination of the strengths and weaknesses of increased
connectivity to mobile communication networks to support constructivist, self-directed
quality interactive learning for increasingly mobile learners[15]. The advancement of
technology and high mobile penetration rates in developing countries have broadened the
horizon of education. One possibility to overcome the problems is the application of the
concept of mobile learning (called m-Learning)[10] as recommended by Grimus et al,(2012)
in their study “Mobile learning as a chance to enhance education in developing countries”

taking Ghana as an example.

2.2.2 M-learning and Learning Management System (LMS)

Online learning is commonly accepted as a support tool for educators as well as a medium of
delivery of any-time, anywhere content of a wide range of study programs to a widely
dispersed learner community [16] according to Sandanayake and Madurapperuma, (2011)
who recommend a novel approach for Online Learning through Affect Recognition.
However, m-learning environments are a relatively new medium of learning to Sri Lankan
universities. Mobile learning (M-learning) has become an important educational technology
component in higher education. Today, M-learning makes it possible for students to learn,
collaborate, and share ideas among each other with the aid of internet and technology
development [7]. This is a finding of Al-Emran et al, (2015) in their investigation of attitudes
in the use of mobile learning in higher education. However, M-learning acceptance by
learners and educators is critical to the employment of M-learning systems. But the
development of digital technologies has so far been limited to social communication and a
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few persons have regarded mobile learning as a core pedagogical activity in higher
institutions of learning [17] as revealed by El-Hussein and Cronje (2010), in their study of

“Defining mobile learning in the higher education landscape.”

The emergence of revolutionary technologies has had a significant impact on educational
technology. It has increased the potential of e-learning as a mode of delivery in education.
The Learning Management System (LMS) is a software application for the administration,
documentation, tracking, reporting, automation and delivery
of educational courses, training programs, or learning and development programs.
The learning management system concept emerged directly from e-Learning and m-

Learning.

2.2.3 Learning Management System (LMYS)

A LMS is a web-based software that facilitates the delivery and tracking of e-learning
activities across an educational institution. It is an e-learning content management system or
simply an e-learning system. In addition to delivering e-learning content, LMS can track
learners’ activities, achievements and competencies, automate (supervisory and
administrative functions, and operate as a repository for learning resources. The tools and
functions of an LMS support teaching and learning processes, usually including course
management tools, online group chat and discussion, homework collections and system
applications in higher education has occurred in the recent past grading, and course
evaluation essential tool in the delivery and management of teaching or training process with
the improvement of the e-learning concept. A sudden increase in the use of learning
management. Learning management systems are gaining interest as many universities are
using LMS as a tool to help in disseminating materials to the learners. There is a trend in
using LMSs to complement face-to-face classes with e-learning sessions. With the help of
various features of an LMS, Lecture notes can be provided as PowerPoint presentations and

PDF files. Other examples of tools include podcasts.
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2.3 Data Mining

2.3.1 Data mining concept and Data Mining Paradigm

Data Mining is a technology to enable data exploration, data analysis and data visualisation
of very large databases at a high level of abstraction. The purpose of data mining that helps
analysts to recognise significant facts relationships trends patterns which might go unnoticed
otherwise . -Data mining requires too much data and too little information. There is a need to

extract useful information from the data and to interpret the data .The data mining tools are

RapidMiner, Oracle data mining, orange, IBM SPSS Modeler, Weka, etc.

Data mining is a very interdisciplinary field and there are many different paradigms of data
mining algorithms, such as Classification algorithms, Regression algorithms, Segmentation
algorithms, Sequence analysis algorithms, Association algorithms that find correlations
between different attributes in a dataset. Based on the said algorithms we can use Natural
Networks, Bayesian Networks, Decision Trees, Support Vector Machines, Instance Based

operators to Data Mining. The data mining paradigm (Figure -2.0).

Data Mining Paradigms

==

Goodness of fit
Hypothesis testing
Analysis of variance Clustering
Summarsization
Linguistic summary

Visualization

Description

v

Bayesian Support Vector Instance
Networks Machines Based

Figure 2.0 - The Data Mining Paradigm

¥
==
==
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2.3.2 Data Mining Process CRISP DM

CRISP is one of the data mining processes and there are many other data mining processes.
The CRISP DM stands for Cross Industry Process for Data Mining and there are six-phases
of the CRISP data mining process. They are business/problem understanding, data

understanding, data preparation, modelling, evaluation and deployment (Figure -2.1).

Data
Understanding

Data
Preparation

Modeling

Business
Understanding
Deployment

DATA

Evaluation

Figure 2.1 - Data Mining Process CRISP DM

The business/problem understanding- The business/problem understanding is to
understand the problem to be solved. It really is an iterative process of discovery with the
data understanding phase. In this stage initially determined the problem and objectives, 2"
assess the situation, which is really a detailed fact-finding exercise, 3" determined data
mining goals and finally 4™ produced the plan. The data understanding- The data
understanding stage before the researcher does anything with the data needs to understand the
strengths and limitations of the data. Because rarely will the data exactly match the problem
that the researcher is trying to solve, it's also important to recognize that data costs money

and that some data may not be available, therefore the researcher needs to evaluate the costs
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and benefits. In this stage are involved that is #1 collect initial data, #2 describe the data, #3

explore the data and #4 verify the quality of the data.

The data preparation- The data preparation is essentially analytics technologies and often
requires that data be in a form that's different from how the data was initially provided. This
data preparation includes #1 converting data to tabular format, #2 removing or inserting
missing values, #3 converting data to different types and #4 scaling numerical values. This is
the most time-consuming stage of this six-stage model . In this stage the specific steps are #1
select the data, #2 clean the data, #3 construct the data and #4 integrate the data. Modelling-
The modelling stage is very important stage in the data mining, in this stage the specific steps
are #1 select the modelling technique, #2 generate tests for model robustness, #3 build the
model and #4 assess the model.

Evaluation stage- The evaluation stage the purpose of the stage is to assess the data mining
results both from a quantitative and qualitative perspectives and have a keen attention to
detail determine if the results are both justifiable infeasible. In this evaluation stage the model
satisfies the original problem. In this stage the specific steps are #1 evaluate the results, #2
review the process and #3 determine . The deployment stage-The deployment stage where
the results of the data mining are put into real use so that the problem can realise. In this stage
the final outcome can pass in the working prototype to the development teams. Then they can
be recorded for product for the production environment and oftentimes in the deployment

stage.

2.4 Use of Learning Management Systems (LMS) in Sri Lankan Universities

Moodle open-source platform is used as the LMS in most state universities in Sri Lanka. It is
a free web learning platform that can be used by educators to model effective online learning
platforms. One of the main advantages is that it is an open source that any user can use,
modify with programming knowledge and adapt the environment according to their wishes. It
can be installed free of charge on any number of servers, and no maintenance costs are
required to pay Moodle offers a more sophisticated and structured e-learning environment. It
appears more like a set of tools sharing an effective and productive learning environment.
These are some sounds for upgrades. Moodle's design is based entirely on socio-

constructivist pedagogy
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is to provide a set of tools that enable an online learning process based on inquiry- and
discovery approach. The following are the reasons behind the wide range of uses in the
context of Sri Lanka (i) Cost-effectiveness, (ii) interoperability and Flexibility, (iii) Support
and Training, (iv) Ease of Use. (v) Scalability and (vi) Sustainability.

2.5 Gap identification

In this literature review, it has been observed that none of the researchers undertook any
research on the students’ study behaviour and students’ study pattern of the Learning
Management System (LMS) specially in the Sri Lankan context. Therefore, in this study the
focus is on the present LMS in order to develop a better decision support system for mobile

learning platforms for conducting undergraduate programs of studies in Universities.

2.6 Summary

This chapter provided a thorough description of the current measure of the particular matter
in the focus and related literature was reviewed to get an idea to execute this research. It has
discussed the related finding, e-learning, m-learning, learning management system (LMS),
use of learning management systems (LMS) in Sri Lankan universities, gap identification. It
delivered a clear idea to what technologies to use and possible ways to address this selected

topic to enact a successful research.
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Chapter 03
Methodology

3.1 Introduction

This chapter presents the overall methodology used in the research. The chapter has five
sections. The first section is about the research design while the second section presents
various data sources for the study. Third section describes data collection methods while the
fourth section presents as to how data was analysed. Data mining and other technological
tools used in the stages of initial data analysis, implementation, evaluation etc. will also be
discussed under this section. The last section will justify the use of the specific methodology

for the intended research.
3.2 Research Design

The research method deployed is the case study method. The number of undergraduate/
postgraduate student populations following their degree courses online in Sri Lanka make the
population of the research. Students who follow undergraduate courses at the Faculty of
Medicine have been taken as the sample while the Faculty of Medicine in the University of
Colombo has been taken as the case for study. The justification for the selection of Faculty of
Medicine as the case for the in-depth study of its online system is its high level of
development as a teaching platform. This research design is essentially leading to a new
system development to resolve the problems prevailing within the existing systems. As such
by undertaking an in-depth study into an adequately developed system, research outcome is

parallelly used to develop an improved version of a system.

3.3 Technologies used for the tool
3.3.1 Data Source

The data pertaining to the m-Learning system of the Faculty of Medicine, University of
Colombo has been used from 2017 to date. For the present research, the period from 2018 to
2020 has been taken into consideration. The total usage of the Learning Management System

is 1695. The sample of research will consist of 234 students who followed online
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undergraduate courses of study during this period. The total usage of the Learning

Management System is shown in Table 3.0

LMS User Summary

User Description Population

Academics 175
System Administrators 6
Technical Team 15
n Total Students 1499

Table 3.0 - The total usage of Learning Management System

The total user views and the usage of the Learning Management System is shown in
Graph 3.0. As the other batch of the students are not using LMS fully, the 2018 batch has

been taken for this research.

md|_logstore_standard_log

35000

30000

25000

20000

15000

10000

5000

ID-1
ID-48

Graph 3.0 -Total User views of Learning Management System
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The sample of research will consist of 234 students who followed online undergraduate
courses of study during this period. Using the data mining technology described below,
information on various attributes relating to their interventions/ involvement with the system
will be accessed through a back-end approach. All the secondary data recorded in the system
will be taken for the analysis and quantitative type of data will be extracted for the purpose.

The Data which were considered for this research are shown in Table 3.1.

Data Consider for this research

User Description Population SR Il Tk
research

Academics

2 System Admin 6 No
3 Technical Team 15 No
5 2012 AL Batch 198 No
2013 AL Batch 200 No
7 2014 AL Batch 197 No
2015 AL Batch 194 No
2016 AL Batch 240 No
10 2017 AL Batch 236 No

11 2018 AL Batch 234 Yes

Table 3.1 - The total usage of the LMS and the sample considered for the research

The data which were considered for this research related to the 2018 AL batch. The user
views of the entire 2018 batch, i.e. 234 students are shown in Graph 3.1
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Graph 3.1 -Total User views of the 2018 AL batch, the sample of this research

3.3.2 The data preparation

The data preparation is essentially data mining and often requires it to be in a form that is
different from how data was initially provided. This data preparation includes #1 converting
data to tabular format, #2 removing or inserting missing values, #3 converting data to
different types and #4 scaling numerical values. This is the most time-consuming stage of this
six-stage model. In this stage the specific steps are #1 select the data, #2 clean the data, #3

construct the data and #4 integrate the data.

3.3.3 Data collection

The sample of research consists of 234 students who followed undergraduate courses of
study during this period. Using the data mining technology described below, information on
various attributes relating to their interventions/ involvement with the system were accessed

through a back-end approach.
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3.3.4 Data mining

The Data Mining technology has been used for data exploration, data analysis and data
visualization from the database at the NOC at a high level of abstraction. The data mining
helps the analysis to recognize relationships, significant trends and patterns which might go
unnoticed usually . Data mining is needed to extract useful information from the data and to
construe the data. From various data mining tools available, such as RapidMiner, Oracle data
mining, orange, IBM SPSS Modeler, Weka, etc. the tool, RapidMiner has been used in this

research

3.3.5 Data mining tool

Data mining is a very vast field and there are many different paradigms of data mining
algorithms. In the data mining to find and examine the correlations, association and different
relationships, etc between different attributes in a dataset, the Clustering algorithm,
Correlation Algorithm, Association rule data mining algorithms, Classification algorithms,
Segmentation algorithms, Regression algorithms, Sequence analysis algorithms, etc is take
part and immensely use. The most common application of this kind of algorithm is for
creating association rules. Based on the said algorithms Natural Networks, Bayesian
Networks, Support Vector Machines, Decision Trees, Instance Based operators etc. could be

used for Data Mining.

3.3.6 Knowledge Discovery Process

The Knowledge Discovery in Database (KDD) process consists of several stages that is “data
cleaning, data Integration, data Selection, data transformation, data mining, pattern evaluation
and knowledge representation” and its graphical representation is shown in Figure 3.0 [18]
according to Janosik (2005) in his article titled, “Data mining and Knowledge Discovery
Hand”.

Repossessing knowledge (knowledge discovery) from data is an essential task for decision
making in any circumstance and data mining is the key part of Knowledge Discovery in
Database (KDD) process[19] as per Zaiane’s (1999) Introduction to Data Mining.
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Figure 3.0 - Knowledge Discovery Process

3.3.7 Data mining tool- RapidMiner

RapidMiner Studio is one of the widespread and most used open-source data mining
solutions. RapidMiner is licensed under the GNU Affero General Public License version 3
and currently available in version 9.8. Java programming is used to write the RapidMiner.
The researcher used a free version of RapidMiner for this research, but the commercial
version is readily available with more functions and features. The RapidMiner caters to data
mining including data loading, data transformation, data pre-processing, data visualization,
predictive analytics, statistical modelling, evaluation etc. The Open window of the

RapidMiner Studio 9.8 is shown in Figure 3.1.
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Figure 3.1 - The open window of the RapidMiner Studio 9.8
3.3.8 PhpMyAdmin

The PhpMyAdmin is written in PHP and it is an open-source free software. PhpMyAdmin is
web based and supports MySQ database. MySQL is the most popular open-source database.
The researcher executed the SQL queries on the PhpMyAdmin cPanel.

3.3.9 MySQL

The researcher used MySQL queries for the development of the database. MySQL is free
and it is a freely available open source. The researcher took a backup from the Moodle live
environment and hosted it on a local server and published it. The researcher perused all the

log details and wrote several queries to obtain the research data set.

3.3.10 CSV files (Comma-Separated Values)

The CSV files (Comma-Separated Values) used to handle the dataset as it involved a large
number of logs. The CSV file has been used for projects to organize and format the data sets.
As this researcher involved a larger number of data sets and also as csv is compatible with the
RapidMiner CSV used to organize and format the dataset.
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3.4 Justification of methods

As stated earlier this research design is essentially leading to a new system development to
resolve the problems prevailing in the existing systems. As such by undertaking an in-depth
study into an adequately developed system, research outcome is used to develop an improved

version of a system.

3.5 Summary

In this chapter, research methods used in the study have been presented. In the data analysis
section, the use of the data mining tools to derive research objectives was elaborated. In this
chapter, technologies used for the tool for data mining were discussed. Further data Mining
Process CRISP DM the data understanding, the data preparation, modelling during the
evaluation and the deployment stage were considered. The Knowledge Discovery Process,
data mining paradigms and also data mining tools- RapidMiner, MySQL, CSV files (Comma-

Separated Values have also been discussed.
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Chapter 04

Data Analysis and Results — The Approach

4.1 Introduction

In the previous chapter, methods used in different aspects of the research were discussed
together with technological tools used to analyse and develop new systems to solve the
research problem. This chapter describes the selected approach for analysis of factors
influencing students, their study behaviour and the patterns of the prevailing Learning

Management System.

4.2 Hypothesis

The research hypothesis was that there will be a students’ strong study behaviour and
favorable study patterns in the use of the Learning Management System (LMS). In order to
test the hypothesis Data Mining techniques of the Learning Management System (LMS) have
been used in respect of the Database of the Undergraduate Faculty of Medicine, University of
Colombo. Various classified technologies have been used in data mining.

4.3 Process Model

The development of the proposed approach has involved mainly four steps of data gathering,
data pre-processing, data mining, and data visualization. In the proposed approach, the data
set was found from the LMS Moodle database and SQL queries were written to develop the
dataset. Once the dataset is developed, the pre-processing has been carried out, as the real
data sets are incomplete, inconsistent and contain many errors. In this preprocessing stage,
several steps have been undertaken viz data cleaning, data integration, data selection, data

transformation, data reduction, data discretization, evaluation and knowledge representation.

Data cleaning has been used to remove noise missing data or irrelevant data as generally
data cleaning improves the data quality. Data integration is merging of data from multiple
data stores; careful integration helps to reduce redundancies and inconsistencies in the
resulting data set and this step improves accuracy and speed. The next step was data

selection, in this step, data relevant to the analysis task, was selected from the database for
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further processing. During the data transformation stage, data transformation routine
converts the data into appropriate ways. It involves aggregation, normalization and
generalization. Data reduction techniques have been applied to obtain a reduced
representation of the data set that is much smaller in volume but still contains critical
information. Data discretization involves the reduction of a number of values of a
continuous attribute by dividing the range of attribute intervals. The evaluation and
knowledge representation in this step visualisation and knowledge representation
techniques have been used to present find knowledge to the users.

In summary, the data preprocessing is a data mining technique. In this preprocessing stage
raw data are transforming into the understandable format. At this stage RapidMiner has been
used in order to mine data or analyse data for data mining activities. There are several
advantages of using this RapidMiner tool. Key important advantage about choosing
RapidMiner is that when the research data set size is small or medium this is useful. The

above reason is given for the use of RapidMiner for the pre-processing data on this research.

Clustering algorithm, Correlation algorithm and Apriori algorithm have been used in this
research as it involves the use of machine learning models to analyse data for patterns, or co-
occurrence, in a database and then finally picked up the most accurate classifying techniques

based on data model which was developed for the research.

4.4 System overview

The proposed process commences with the data collection from the Moodle database of the
live Learning Management System (LMS). Thereafter backup is stored in the different server
environment and the said database is published. Then by using SQL queries a proposed data
set has been developed. The next step is the process of the pre-processing. Thereafter
modelling and design the data mining process takes place. Next process analysed the dataset

using a data mining algorithm and finally presented the final outcome, shown in Figure 4.0.
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4.5 Raw Data Presentation & inputs

The researcher developed a dataset by writing queries using the Structured Query Language
(SQL) to the published Moodle database. The executed SQL queries to develop the dataset is
shown in Code Snippet 4.0.

The SQL Query executed to prepare research data set

select id as user,

(SELECT COUNT (userid) FROM
mdl_stats_user_daily where userid=user ) as
'mdl_stats_user_daily’,

(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like '%dashboard_viewed') as
‘dashboard viewed’,
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(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like '‘%course_viewed') as
‘course_viewed’,

(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like '%course_module_viewed') as
‘course_module viewed’,

(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like '%course_category_viewed') as
‘course_category viewed’,

(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like '%content_page viewed') as
‘content_page viewed’,

(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like '%attempt_viewed') as
‘attempt_viewed’,

(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like '%user_profile_viewed') as
‘user_profile viewed’,

(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like "%report_viewed') as
‘report_viewed’,

(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like '%blog_entries_viewed') as
‘blog_entries_viewed’,

(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like '%omessage_viewed') as
‘message_viewed’,

(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like '%notification_viewed') as
‘notification_viewed’,

(select count(userid) from

mdl_logstore _standard log where userid=user and
eventname like ‘%question_viewed') as
‘question_viewed’,

(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like "%discussion_viewed') as
‘discussion_viewed’,
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(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like 'Yomessage sent') as ‘message sent’,
(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like '%notification_sent’) as
‘notification_sent’,

(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like "%discussion_created’) as
‘discussion_created’,

(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like '%omessage_contact_added’) as
‘message contact added’,

(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like '%user_password_updated') as
‘user_password updated’,

(SELECT COUNT (userid) FROM
mdl_forum_discussions where userid=user ) as
'mdl_forum_discussions’,

(SELECT COUNT (userid) FROM
mdl_chat_messages where userid=user ) as
'mdl_chat_messages',

(SELECT COUNT (userid) FROM
mdl_question_attempt_steps where userid=user ) as
'mdl_question_attempt_steps',

(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like '%question_answered') as
‘question_answered’,

(SELECT COUNT (userid) FROM
mdl_quiz_attempts where userid=user ) as
'mdl_quiz_attempts',

(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like '‘%assignment_submissions') as
‘assignment_submissions’,

(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like '%email failed') as ‘email failed’,
(select count(userid) from

mdl_logstore _standard log where userid=user and
eventname like '%user_login_failed’) as
‘user_login failed’,

(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like '%webservice_login_failed’) as
‘webservice login failed’,
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(SELECT COUNT (userid) FROM
mdl_logstore_standard_log where userid=user ) as
'mdl_logstore_standard_log'

FROM mdl_user ORDER BY ‘user” ASC

Code Snippet 4.0 - The SQL Query executed to prepare research Data set

The SQL query executed in the PhpMyAdmin is shown in Figure 4.1
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Figure 4.1 - The SQL query executed in the PhpMyAdmin

The researcher developed the dataset by writing SQL queries to the published Moodle
database. The developed Dataset is shown in Table 4.0
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Table 4.0 - The developed Dataset by executing SQL query, the full data set —
Appendixes

4.6 Output

By using data mining algorithms, the hypotheses have been tested that students’ study
behaviour and study pattern in the learning management system (LMS) and finally a decision

support system has been developed.

4.7  Stakeholders of the solution

The stakeholders of the solution are system developers of the Learning Management System,
academics, decision makers, mentors and finally students.

4.8 Features of the solution

The Features of the solutions are user friendly, with learnability and security

4.9 Summary

In this chapter, the approach of the research i.e., how to adopt the technology to solve the
research problem has been discussed. The analysis and design of the solution will be

discussed in the next chapter.
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Chapter 05

Analysis and design of the solution- Implementation

5.1 Introduction

In this chapter, the approach to develop the solution by using data mining technology has
been described. The overview of the overall architecture of the proposed solution and the

Analysis and Design Implementation of the proposed Solution is examined in this chapter.

5.2 Top Level Architecture Design (System Design) of the solution

The purpose of this section is to describe the overall architecture of the research and the
proposed solution. The development of the dataset and RapidMiner analytic engine have
processed and given the output for students’ study behaviour and the students’ study patterns
of the LMS. The overall overview of top-level architecture design (system design) of the
solution architecture is displayed in Figure 5.0.

Developed Models
by using
RapidMiner

Got a LMS Back up

Installed to the
Linux Server and
publish the
database

Developed a data
set by using SQL
Queries

Pre-processing
data by using
RapidMiner Final Results for
the analysis

Import Developed
Dataset to the
RapidMiner

Figure 5.0 - System Design
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5.3 Data collection and data pre-processing
5.3.1 Data collection

There were 405 log data tables in the Moodle Learning Management System (LMS). All the
log tables have been perused and the following tables have been identified to carry on
research of the students’ study behaviour and the study patterns of the Learning Management
System.

The log tables and the major attribute which was taken for the research and to develop the
dataset by writing SQL queries to the published Moodle database is shown in Table 5.0

Data Consider for this research

Activity Description of the activity view Relevant log Table

Content

Access

resource_viewed
dashboard viewed
course_viewed
module_viewed
course_category_viewed
content_page_viewed
attempt_viewed
user_profile_viewed
report_viewed

blog viewed
message_viewed

notification_viewed

44

mdl_stats_user_daily

mdl_logstore_standard_log
mdl_logstore_standard_log
mdl_logstore_standard_log
mdl_logstore_standard_log
mdl_logstore_standard_log
mdl_logstore_standard_log
mdl_logstore_standard_log
mdl_logstore_standard_log
mdl_logstore_standard_log
mdl_logstore_standard_log

mdl_logstore_standard_log



Engagemen
t

Assignment

question_viewed
discussion_viewed
message_sent
notification_sent
discussion_created
message_contact_added
user_password_updated
forum_discussions

Chat

question_attempt
question_answered
quiz_attempt
assignment_submissions
email_failed

user_login_failed

‘webservice login_failed’

Total .
total view
Access

Table 5.0 - The Moodle log tables, used for Data Collection

mdl_logstore_standard_log
mdl_logstore_standard_log
mdl_logstore_standard_log
mdl_logstore_standard_log
mdl_logstore_standard_log
mdl_logstore_standard_log
mdl_logstore_standard_log
mdl_forum_discussions
mdl_chat_messages
mdl_question_attempt_steps
mdl_logstore_standard_log
mdl_quiz_attempts
mdl_logstore_standard_log
mdl_logstore_standard_log
mdl_logstore_standard_log
mdl_logstore_standard_log

mdl_logstore_standard_log

5.3.2 Pre- Preparation

The RapidMiner support was obtained for the pre- preparation of the data set. The Harvard
Business Review publication confirmed that the analytics teams spend 80% of their time
preparing data. Once the process outline is set up in the RapidMiner, the following design

view appeared, is shown in Figure 5.1
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Figure 5.1 - Data cleaning (Pre-Preparation)
5.3.3 Pre-processing
Data pre-processing, a data mining technique, has been deployed for transforming the raw
data into an understandable format. The data of the real-world is almost inconsistent,
incomplete, and lacking in certain features of behaviours or trends, and it is also likely to
contain many errors. This Pre-processing has been affected by several methods viz
discretization, building normalisation sampling and correlation determination to solve the

problem.

The analysis has developed a dataset by using SQL queries and the created dataset was
imported to the sub folders i.e. data folder and process folder of the RapidMiner repository.

Once the data set was imported to the RapidMiner it showed all the attributes of the dataset.

Some of the attribute types are not accurate, for example, some of the attribute types should
be integer or real whereas it appeared in the data type as polynomial. Initially, these
anomalies were corrected. Then the data were stored in the data folder. The RapidMiner
calculates and shows the null and missing values based on the attributes. There are two
methods to eliminate null values or missing values. The missing value can be removed or
deleted from the dataset by using a filter operator. The second method is by replacing missing
values operator insert an average value or minimum value or maximum value. In this

research the 2" method has been used to handle the missing values of the attribute. That is by
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replacing missing values with inserting average values through operators. Then the data set is

not reduced (Figure 5.2).

Figure 5.2 - Data cleaning
5.3.4 Eliminate the outliers

The data set retrieved from the repository of the RapidMiner and add delete outlier operator
to eliminate the outliers of the data set. There are different types of outlier operators in the
RapidMiner data mining engine, such as distance-based outlier detection, density-based
outlier detection, local outlier factor and class outlier factor. In this research the distance-
based outlier detection operator has been used to identify the outliers of the dataset. In order

to filter the outliers, the filter operator has been used, shown in Figure 5.3.
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Figure 5.3 - Eliminate outliers values

5.4 User interface model

The main dashboard of the undergraduate Learning Management System (LMS) of the
Faculty of Medicine University of Colombo is displayed in Figure 5.4

OwS Faculty of Medicne s » -,-.u.»....‘ .
Undergraduate Learning Management System - Faculty of Medicine, University of
Colombo

Welcome to the Virtual Learning Environment for the Undergraduate
Students of the Faculty of Medicine, University of Colomba

Site announcements
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Figure 5.4 - Dashboard of the Learning Manag-gerr'\en‘t System (LMYS)

5.5 Back end Database
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Back end database of the Moodle version 3.9 (Learning Management System LMS).The back
end data backup collection from the Moodle database of the live Learning Management
System (LMS). Thereafter the backup is stored in the different server environment and the

said database is published.

5.6 Summary

In this chapter, the design and implementation of the decision support system, i.e. students’
study behaviour and students’ study patterns of the Learning Management System LMS and

how exactly the research is to construct the system in steps were discussed
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Chapter 06

Data Analysis and Results -Discussion on Implementation

6.1 Introduction

The previous chapter considered the design of the proposed solution of the research issue. In
this research which aimed to evaluate the students’ study patterns and the student’s behaviour
of the Learning Management System, the present chapter will consider as to how the

implementation process would work in a detailed manner.
6.2 Overall Implementation of RapidMiner Analytical Engine

In this research, K Mean Clustering algorithm, Correlation Algorithm and Apriori based
association rule data mining algorithms have been used for RapidMiner Analytical Engine to
examine the students’ behaviour and the students’ study pattern in the Learning Management
System (LMS). The Figure 6.0 shows all the views of the attributes in the sample dataset.

frel clataset 2018 R2

- - - . . B - - -

wirse viewed dushboard viewed course module viewed ® course category viewed

® message_viewed
........ Je_sent

* uxer_password_updated

rofile _viewed o report_viewed

& forum_discussions_views
question_answerod ® quiz_attempts

wmail_fuiled

user login failed

Figure 6.0 — All the views of the attributes in the sample dataset
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6.2.1 Clustering algorithm for mining patterns- K Mean Clustering algorithm

In this research K Mean Clustering algorithm is used to mining the data set. The K Mean
Clustering algorithm is widely used for data mining. In this algorithm, similar patterns of
attributes can be clustered by using a developed dataset. The researcher extracted the dataset
from the repository of the RapidMiner analytical engine and added K Mean operator and
checked the performance of the Clustering algorithm and added the data to the similarity
operator in order to check the similarities of the dataset. Thereafter, the cluster density
operator has been added to measure the performance of the model and output from the
similarity. Then the output of the data similarities operator has been connected to the cluster
density operator and output of the clustering operator was given to the performance operator.
Finally, the Clustering algorithm was run to mining the patterns. The Implementation of

RapidMiner Analytical Engine for K Mean Clustering algorithm is shown Figure 6.1.

() Process P L 2B Haw
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= f 1
— ‘ ‘g/ res
Clustering Performance
Q exa B clu [;v {11 e»\a % E\'a[:\)
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v | Qe
(;] clu
v

Figure 6.1 - Implementation of RapidMiner Analytical Engine for K Mean Clustering
algorithm
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6.2.2 Correlation Algorithm for data mining

The correlation algorithm is also used for data mining and to identify the correlation between
different attributes. In this algorithm, it is possible to find out the correlation of the attributes
by using a developed dataset. It may be a negative correlation, positive correlation with a
weak or strong relationship. The researcher extracted the dataset from the repository of the
RapidMiner analytical engine and added to the correlation matrix operator. The output of the
extract dataset was added to the input of the correlation matrix operator. Finally, for
extracting the output of the correlation matrix, the operator was connected to the RapidMiner
analytical engine. Then it established the correlation with all the attributes vide Figure 6.2
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Figure 6.2 Implementation of RapidMiner Analytical Engine for Correlation

algorithm

6.2.3 Apriori based association rule mining - Apriori algorithm.

The study also carried out the research on the students’ study behaviour and study patterns by
using Apriori algorithm. The RapidMiner has been used for data mining. In this algorithm it
is possible to find out the association patterns of the attributes and its support and the

confidence levels. The researcher imports the dataset from the repository of the RapidMiner
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and runs the Apriori algorithm. In order to execute A Priori based association rule mining,

Apriori algorithm the FB Growth operator has been added to the design face of the

RapidMiner. However, FB growth operator will not work as it needs binomial data.

Therefore, discretize operator and normal to binomial operator were added to the design face

of the RapidMiner. Then the association rule operator was added to Apriori algorithm vide

Figure 6.3.
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6.3 Summary

In this chapter the overall implementation process of the Decision support system for LMS
was discussed. The next chapter explains the evaluation of the proposed solution.

yciation Rules

rul{\)

ite )

]

res

re

S



Chapter 07

Data Analysis and Results: Evaluation of new system

7.1 Introduction

The previous chapter presented the implementation process developed in a detailed manner
and this chapter evaluates students’ study behaviour and the study pattern of Learning
Management System (LMS) and tests the above used strategies within the known parameters

to evaluate the accuracy of the findings.

7.2 Evaluation of Data mining and Classification techniques

In this research, the data mining algorithms are used to explore the student’s study patterns
and the study behaviour of the Learning Management System (LMS) by examining the data
set which was developed from the 2018 AL MBBS (Bachelor of Medicine, Bachelor of
Surgery) undergraduate batch of the Faculty of Medicine, University of Colombo.

In this research study, K Mean Clustering algorithm, Correlation Algorithm and Apriori
based association rule mining algorithm, have been used to examine the students’ study

behavior and study patterns of the Learning Management System (LMS).

In the study, the K Mean Clustering algorithm is used to mining the data set and this
algorithm has the ability to cluster similar patterns of attributes by using the developed
dataset. The correlation algorithm is used for data mining and the correlation algorithm can
identify the correlation between different attributes. The correlation may be negative or
positive correlation with a weak or strong relationship. Apriori Algorithm is also a data
mining rule that discovers the probability of the co-occurrence of the items in the data set.
Apriori algorithm identified the support, confidence, lift and conviction of the dataset and by

using Apriori Algorithm association rules, frequent patterns have been identified.

7.3 Evaluation of the solution

The backup database was taken from the live Moodle Learning Management System and
uploaded to the local server and published it. There were 405 number of log tables and all of
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the log tables were perused for the selection of required log tables to carry on the research.

The SQL queries have been executed to develop the proposed dataset.

The developed dataset was uploaded to the RapidMiner Analytical Engine for Data mining.
The Pre- Preparation, Pre-processing and by using delete outlier’s operator replaced missing
values before implementing the algorithms. The study has used the K Mean Clustering
algorithm, Correlation Algorithm and Apriori based association rule mining Algorithm to
examine the students’ study behaviour and study patterns of the Learning Management

System (LMS) from the developed dataset.

7.3.1 K Mean Clustering algorithm for mining patterns

Five clustering patterns were identified as the outcome of the implementation of RapidMiner
Analytical Engine for K Mean Clustering algorithm as shown in Graph 7.0, Graph 7.1, and
Table 7.1 and Figure 7.0 with the densities of the clusters.

The K Mean Clustering algorithm identified five clusters. The average within the cluster
distance was 150280.45 and the cluster average within the cluster distance of the 0, 1, 2, 3, 4
clusters were 193645.20, 102220.60, 10850.32, 136193.22, 47567.26 respectively. The
respective cluster densities were 118, 43, 4, 53, 17, as shown in Table 7.0

The Cluster 0 has 118 number of students views and it is 50% of the sample population but
the cluster average views are very low, at 2782. The Cluster 3 has 53 numbers of students’
views and it is 23% of the sample population and the cluster average is almost the average of
the total sample which is 8985. The Cluster-1 has 43 number of students’ views and it is
18% of the total sample population and the cluster average is higher than the total sample
average which is 15817. The Cluster-4 have 17 number of students’ views and it is 7% of the
sample population but their cluster average is reasonably higher than the total sample average
of 23101. Finally, the Cluster-2 has only 4 numbers of students’ views, and it is 2% of the
sample population but this cluster average views are very high at 31319.

Based on the above results it is revealed that the students’ Content Access, Engagement and
the Assignments (Table 4) distribution among and in between the identified five clusters are

not equal.
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193645
136193 53 23% 8985
102221 43 18% 15817
47567 17 7% 23101
10850 q 2% 31319

50280 235 | 100% 8536
Table 7.0 - K Mean Clustering algorithm for mining patterns, cluster summary
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Graph 7.0 - K Mean clustering algorithm and clustering pattern
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Figure 7.0 Cluster distance patterns and cluster density

Using the K Mean Clustering algorithm, e five clustering patterns were identified as the

outcome of the implementation of RapidMiner Analytical Engine. The average within the
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cluster distance is 150280.45 and the cluster average within the cluster distance of the 0, 1, 2,
3, 4 clusters are 193645.20, 102220.60, 10850.32, 136193.22, 47567.26 respectively. The
respective cluster densities are 118, 43, 4, 53, 17 respectively. The Cluster 0 has 118 number
of students’ views and it is 50% of the sample , however, the cluster average views are very
low, at 2782. The Cluster 3 has 53 numbers of students’ views and it is 23% of the sample
and the cluster average is almost the average of the total sample which is 8985. The Cluster-
1 has 43 number of students’ views and it is 18% of the total sample and the cluster average
is higher than the total sample average of 15817. The Cluster-4 have 17 numbers of students’
views and it is 7% of the sample but their cluster average is reasonably higher than the total
sample average of 23101. Finally, the Cluster-2 has only 4 numbers of students’ views, and

it is 2% of the sample however, this cluster average views are very high at 31319.

Based on the above results, it is revealed that the attributes under the category of Content
Access, Engagement, Assignments Error distribution among and in between, the identified
five clusters are not equal. This demonstrates that students’ study behaviour and the study
patterns of the Learning Management System (LMS) are not distributed in an equal manner

and students have to satisfy without obtaining full potentials of the LMS.

This research outcome revealed by the Data Mining from the K Mean Clustering algorithm
by using RapidMiner Analytical Engine, that the current study patterns and the study
behaviours of the online studies are acting as a limitation that keeps the online option at a
suboptimal level. Results also revealed that the students do not show a strong study
behaviour and favourable study patterns in the use of the Learning Management System
(LMS). Further the students’ view of the Content Access, Engagement and the Assignments

among and in-between the identified five clusters are not found equal.

7.3.2 Correlation Algorithm for data mining- Correlation Matrix

The correlation algorithm has also been used in this study for data mining and it identified
the correlation between different attributes. The relationship may be a negative , positive

correlation with weak or strong character.

In the data mining, by using Correlation Algorithm, following positive correlation, negative

correlation and no correlation were identified. Most of the positive correlations are with very
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high values which shows a very strong correlation, some attributes show strong negative

correlation relationships vide, Graph 7.2 and Table 7.6.

Graph-7.2 shows the correlation of attributes with colour gradient on the heatmap chart,
where it is indicated in red-yellow-white-blue. The correlation of the attribute shows in the
said colour boxes. The dark red boxes show the strong positive correlated attributes, and it is
closer to one or one. The light blue boxes show the strong negative correlated attributes. The
yellow indicates the weak correlated attributes, and the white boxes shows attributes which

do not have any correlations.

[ |

Graph 7.2 - Attribute Cbrrelation pattern

Table 7.2 shows the correlations of the attributes whether it is positive or negative correlation
or weak correlations or no correlations. . In Table 7.2, all the attributes have positive
correlations. The attributes in between notification, notification sent vs email failed, message
viewed s message sent, courseviewed vs course module viewed, discussion viewed vs
notification sent and discussion viewed vs email failed indicate a very strong positive
correlations with values of 0.986, 0.829, 0.801, 0.742, 0.722 respectively.

Table 7.2, shows a very important correlation in the Engagement and Errors attributes viz.
the attributes in  row numbers 1,4,5, and 6. All the attributes have very high correlation,

which is interesting and very important as this can be very useful for developers to consider
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in their next version release. The outcome 4 and 6 will be very important when the

academics and students deliver their discussion, notification and reports via LMS.

First Attribute

Second Attribute

Correlation

o]

e | L

h

notification_sent email_failed (0.986
message viewed message_sent (0.829
course_viewed course_module viewed 0.801
discussion_viewed notification_sent 0.742
discussion_viewed email_failed 0,722
report viewed blog entries viewed 0.671
course_module_viewed quiz_attempts 0.559
dashboard_viewed user_login_failed 0.5

discussion_viewed forum_discussions_views 0.494

Table 7.2 - Correlations algorithm for mining patterns, positive correlated attributes

In Table 7.3,

all the attributes have negative correlations. The attributes in between

notification_sent Vs quiz_attempts Vs email_failed have very strong negative correlations

with values of -0.578, -0.580 respectively and these fall under Access, Engagement and

Errors attributes (Table 5.0). The attributes in the row number 7, and 8 show very high

correlation,

which is interesting and very important, and would be useful for developers to

consider for their next version release. This outcome will also be useful to the academics and

students when they attempt the quiz via LMS.

First Attribute

Second Attribute

Correlation

course_viewed email_failed -0.305
course_viewed notification_sent -0.306
dashboard_viewed course_viewed -0.324
course_module viewed notification_sent -1.35
discussion_viewed quiz_attempts 0.35
course_module_viewed email_failed -0.351
notification_sent quiz._attempts -0.578
quiz_attempts email_failed -(1.58
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Table 7.3 - Correlations algorithm for mining patterns, negative correlated attributes

Table 7.4, all the attributes have weak positive correlations and weak negative correlations.
The result shows that the student’s study pattern and the student behavior of the Content
Access (Table 5.0 ) attributes, such as message viewed, discussion viewed, notification
viewed, and forum discussion views have very low correlation with other attributes.
Engagement (Table 5.0) attributes such as message sent, and notification sent also have very
low correlation with other attributes. This demonstrates that students’ study behaviour and
the study patterns of the Learning Management System (LMS) in Content Access and

Engagement are very weak.

# First Attribute Second Attribute
nforum_discussions_views ‘user_password_updated 0.014
ncoursc category viewed  notification _sent 0.012

course_category viewed iuser _password_updated 0.007
:7blog_ _entriesr_ _vic\;:ed discuésion_ _viewéd | 0.007
‘course_category viewed aiscussion_\fiewed 0.006
‘mcssagefviewed | Vforumfdiscussionsiviews 0.005
jcourse module viewed ;‘gourse_category_viewed —7 0.002
ncourse category viewed | email failed | 0.001
ncomse category viewed Em&ssz_a}ge_}viewed -0.006
n message viewed notiﬁ&ntionyiewcd _7 -0.011
n' course_category viewed  message sent , -0.011
n message viewed :ruser_lo gin failed -0.013
feport_viewed L forum_discussions_views | -0.015
discussion viewed .. user password updated -0.016

Table 7.4 - Correlations algorithm for mining patterns, weak positive and weak
negative correlated attributes

Table 7.5, shows that all the attributes show no correlations; Similarly Content Access
(Table 5.0) attributes, such as question viewed, discussion viewed and also Assignment
(Table 5.0) attributes, such as assignment submissions and question answered do not have
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any correlation with other attributes. This demonstrates that students’ study behaviour and the
study patterns of the Learning Management System (LMS) in Content Access and
Engagement are very weak.

The meaning of this finding is that students do not realise the full potential of the LMS. This
pattern and behaviour confirm that students had not attempted or undertaken any questions or
examinations via LMS mode. This aspect could be improved by making arrangements to
utilize the potential through enhancements of LMS which would give more opportunity to
the students. The existing platform attributes of chart, messages, forum discussions and
discussion have no correlations with other attributes demonstrating the use of LMS is at a
suboptimal level. There is a possibility to integrate into social media like WhatsApp, vibe,

etc in a very user-friendly manner and effect enhancements to the LMS.

First Attribute Second Attribute Correlation
dashboard_viewed guestion_viewed NaN
dashboard_viewed guestion_answered NaN
dashboard_viewed assignment_submissions NaN
course_viewed guestion_viewed NaN
course_viewed question_answered NaN
course_viewed assignment_submissions NaN
course_module_viewed question_viewed NaN
course_module_viewed question_answered NaN
course_module_viewed assignment_submissions NaN
course_category_ viewed question_viewed NaN
course_category_viewed guestion_answered NaN
course_category_viewed assignment_submissions NaN
user_profile_viewed guestion_viewed NaN
user_profile_viewed guestion_answered NaN
user_profile_viewed assignment_submissions NaN
report_viewed guestion_viewed NaN
report_viewed guestion_answered NaN
report_viewed assignment_submissions NaN
blog_entries_viewed guestion_viewed NaN
blog_entries_viewed guestion_answered NaN
blog_entries_viewed assignment_submissions NaN
message_viewed guestion_viewed NaN
message_viewed guestion_answered NaN
message_viewed assignment_submissions NaN
notification_viewed guestion_viewed NaN
notification_viewed question_answered NaN
notification_viewed assignment_submissions NaN
question_viewed discussion_viewed NaN
question_viewed message_sent NaN
question_viewed notification_sent NaN
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guestion_viewed forum_discussions_views NaN
guestion_viewed chat_messages_views NaN
guestion_viewed user_password_updated NaN
qguestion_viewed question_answered NaN
question_viewed quiz_attempts NaN
guestion_viewed assignment_submissions NaN
guestion_viewed email_failed NaN
guestion_viewed user_login_failed NaN
discussion_viewed guestion_answered NaN
discussion_viewed assignment_submissions NaN
message_sent guestion_answered NaN
message_sent assignment_submissions NaN
notification_sent guestion_answered NaN
notification_sent assignment_submissions NaN
forum_discussions_views guestion_answered NaN
forum_discussions_views assignment_submissions NaN
chat_messages_views question_answered NaN
chat_messages_views assignment_submissions NaN
user_password_updated guestion_answered NaN
user_password_updated assignment_submissions NaN
guestion_answered quiz_attempts NaN
question_answered assignment_submissions NaN
qguestion_answered email_failed NaN
question_answered user_login_failed NaN
quiz_attempts assignment_submissions NaN
assignment_submissions email_failed NaN

Table 7.5 - Correlations algorithm for mining patterns, no correlated attributes
The following Table 7.6 shows the attribute Correlations patterns

. ‘cou cou . ‘use ‘blo . o . o - o ‘mes
mdl das ‘cou rse rse_ atte ' or re e mes noti que disc ‘mes noti disc sage

_sta hbo = cate mpt ‘.p P g_' sage ficat stio ussi ficat ussi 5

" rse_ mod i ofile ort_ ntrie > . . sage . _co

Attributes ts_u ard_ X gory _vie . B X _vie ion_ n_vi on_ ion_ on_
. view ule . vie view s_vi X ik sen ntac
ser_ | view ) .- _vie wed - ) — wed view ewe view | = sent crea

dail od’ ed view | = o " wed ed ewe ) od s od t ) ted’ t_ad

v ed’ € ’ o ded’
mdl_stats_user_daily 1.00 0.64 0.22 0.48 0.18 0.46 0.37 0.18 0.22 0.02 0.06 NaN 0.22 0.03 0.05 0.07 0.10
dashboard_viewed 0.64 1.00 032 0.03 0.12 0.23 0.33 0.10 013 0.09 0.06 NaN 0.26 0.06 0.08 0.09 0.00
course_viewed 0.22 0.32 1.00 0.80 0.10 0.40 0.14 0.32 0.46 0.10 0.06 NaN 0.10 0.04 031 0.12 0.06
course_module_viewed 0.48 0.03 0.80 1.00 0.00 0.57 0.27 0.28 0.45 0.11 0.05 NaN 0.07 0.04 035 012 0.11
‘course_category_viewed 0.18 0.12 0.10 0.00 1.00 0.17 0.09 0.02 0.04 0.01 0.07 NaN 0.01 0.01 0.01 0.01 0.01
attempt_viewed 0.46 0.23 0.40 0.57 0.17 1.00 0.32 0.26 0.37 0.03 012 NaN 0.30 0.02 0.52 017 0.05
‘user_profile_viewed’ 0.37 0.33 0.14 0.27 0.09 0.32 1.00 0.34 0.46 0.09 0.11 NaN 0.05 0.13 0 09— 0.03 0.18
report_viewed 0.18 0.10 0.32 0.28 0.02 0.26 0.34 1.00 0.67 0.10 0.04 NaN 0.04 0.06 0.14 0.04 0.15
blog_entries_viewed 0.22 013 0.46 0.45 0.04 0.37 0.46 0.67 1.00 0.10 0.03 NaN 0.01 0.05 017 0.01 0.09
message_viewed 0.02 0.09 0.10 0.11 0.01 0.03 0.09 0.10 0.10 1.00 0.01 NaN 011 0.83 0.13 0.02 0.20
notification_viewed 0.06 0.06 0.06 0.05 0.07 012 0.11 0.04 0.03 0.01 1.00 NaN 0.26 0.07 0.26 0.10 0.29
‘question_viewed’ NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN 1.00 NaN NaN NaN NaN NaN
discussion_viewed 0.22 0.26 0.10 0.07 0.01 0.30 0.05 0.04 0.01 011 0.26 NaN 1.00 0.09 0.74 0.46 0.05
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‘message_sent’ 0_03’ o.oé 0.04 | 004 | o 1 002 | 013 | 006 | 0.05 | 0.83 | 0.07 | NaN 0'09; 100 | o 1(; 0.05 | 0.21
‘notification_sent’ o. 05_; 008 | o 1 0. 35' 0.01 0‘52' . 09' 0. 14; 0. 17' 0. 13' 0.26 | NaN | 074 | (; 1.00 | 038 | 0.02
‘discussion_created’ 0.07 | 009 | 12’ 0. 12’ ool | o 17' 003 | 4 oz; 0.0 1 0. 02' 0.10 | NaN | 046 | 005 | 038 | 1.00 | 0.01
‘message_contact_added’ 0.10 | 0.00 | 0.06 | 0.11 | 0.01 | 0.05 | 018 | 015 | 009 | 020 | 029 | NaN | 0.05 | 021 | 0.02 | 0.01 | 1.00
‘user_password_updated’ 0.0 1 0. 05; 0.06 | 007 | 001 | 003 | 005 | 043 | 015 | 012 | o 03’ NaN 0.02‘ 0.04 0.07‘ 0.0 1 0.09
mdl_forum_discussions 012 | o1 | o 02; 0. 05' 0.02 | o 1 007 | 4 02' 0.03 | 0.00 | 014 | NaN | 049 | 0.10 | 035 | 0.92 | 0.02
mdl_chat_messages 021 | 005 | 017 | 024 | 04; 018 | 028 | 026 | 022 | 012 | 2 NaN | o 05' 0.08 0'11' . 05' 0.37
mdl_question_attempt_steps 047 | 026 | 034 | 052 | 020 | 092 | 032 | 022 | 032 | 003 | 12’ NaN | oo 1 0.03 0'53‘ . 14 0.06
‘question_answered’ NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN
mdl_quiz_attempts 044 | 022 | 038 | 056 | 018 | 093 | 032 | 025 | 036 | 004 | 12: NaN 0'35‘ 0.03 o.sz; . 17’ 0.05
‘assignment_submissions’ NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN
‘email_failed’ 0.0E; 0.07 0_36 0.35 0.00 0_53' 0_11' 0.15' 0.12; 0.09; 013 | NaN | 0.72 0_07' 0.99 | 0.39 0_02'
‘user_login_failed’ 042 | 050 | 1 0.15 | 021 | 027 | 040 | 011 | 004 | .. 1 005 | NaN | 009 | 03' o. 05' . 02' 0.06
mdl_logstore_standard_log 018 | o 9' 09 | 081 | 1 042 | 015 | 038 | 055 | 012 | 05; NaN | o 12' 0.06 | o 1 . 12' 0.09

Table 7.6 - Correlations algorithm for mining patterns

The outcome of the correlation algorithm revealed whether the correlations of the attributes
positive or negative or weak or no correlations.. Some of the attributes have positive
correlations viz notifications sent vs email failed, message viewed vs message sent, course
viewed course module viewed, discussion viewed vs notification sent and discussion viewed
vs email failed, and these are very strong positive correlations with more than 0.7 value. A
very high correlation is observed in the category of Engagement and Errors attributes, too,
viz notification sent vs quiz attempts, quiz attempts vs email failed. A very strong negative
correlations with values of more than -0.6 are found under category attributes of Access,
Engagement and Errors attributes. Also, some attributes have weak positive correlations and
weak negative correlations. It is further revealed that the student’s study pattern and the
student behavior of the Content Access attributes such as message viewed, discussion
viewed, notification viewed, and forum discussion views, have very low correlation with
other attributes. Engagement attributes such as message sent, and notification sent also have
very low correlation with other attributes. This demonstrates that students’ study behavior
and the study patterns of the Learning Management System (LMS) in Content Access and

Engagement are very weak.

The outcome of the correlation algorithm revealed that some attributes in the category of
Content Access such as question viewed, discussion viewed do not show any correlations.
Assignment attributes such as assignment submissions and question answered also show no

correlation with other attributes. This demonstrates that students’ study behavior and the
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study patterns of the Learning Management System (LMS) in Content Access and

Engagement are very weak.

The meaning of the above finding is that students of the faculty have not obtained full
potential of the LMS. This pattern and behaviour supported the view that the students have
not attempted any questions or examinations via LMS mode. This situation reveals the
potential yet left that can be utilized and enhanced to give more opportunity to the students.
The existing platform attributes of chart, messages, forum discussions and discussion are
not correlated with other attributes showing that the LMS delivers at a sub-optimal level. It
is evident that LMS can be integrated to social media like WhatsApp, viber, etc. in a very
user-friendly manner and that would amount to enhancement of the LMS. These final results
and findings are beneficial in early detection of students’ study patterns and the behaviour of
the students who are experiencing difficulties in studies. Both Academics and the students

benefit from these research outcomes.

7.3.3 Apriori based association rule mining - Apriori algorithm

In this research, Apriori based association rule mining, Apriori algorithm, has been used to
examine students’ study behaviour and study patterns by using RapidMiner analytical
Engine. In this algorithm it is possible to find the association patterns and the rules of the
attributes and their support and confidence levels.

These association patterns have been examined by data mining of the existing students’ study

and behaviour patterns by analysing the back end data.

In the Apriori based association rule mining, the support refers to the frequency of
occurrence of the rule. The confidence is a conditional probability of the association rule. The
Lift is a measure of the performance of the association rule. The Lift of one (1) means there is
no association premises-attributes and conclusion-attributes. The Lift of greater than one (1)
means premises-attributes and conclusion attributes are more likely to go together. A high
conviction value means that the consequent is highly depending on the antecedent. Figure. 7
shows that there are 94 association rules that can be discovered at the minimum confidence

level of 0.8 and the minimum support 0.95.

Figure 7.7, shows that there are some similar rules, the rules with the same attributes in

premises and conclusion but interchanged, such as rule number 16 and 63 and rule number 33
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with 34. In this research outcome, there are uninteresting rules that can be found because of
the generalization of relationships, e.g. rule numbers 16 and 33. There are rules that display

the relevant information like those shows expected or conforming relationships, e.g. the rules

number 34
No Premises Conclusion N[0 | (Cernii) | CelAEE Gain P-s Lift anvi
rt dence e ction
16 | message_viewed message_sent 0.255 | 0.833 | 0961 | -0.357 | 0.124 | 1.939 | 3.421
63 | message_sent message_viewed 0.328 | 0.895 | 0.972 | -0.404 | 0.181 | 2.238 | 5.733
33 | course_module_viewed | course_viewed 0.426 | 0.847 | 0949 | -0.579 | 0.173 | 1.688 | 3.264
34 | course_viewed course_module_viewed 0.426 | 0.847 | 0949 | -0.579 | 0.173 | 1.688 | 3.264

Table 7.7 - Apriori based association rule mining, Apriori algorithm, same attributes in
premises and conclusion but interchanged.
Figure 7.8 shows that there are unexpected rules, which shows very interesting relationships
such as 93, 94, 92, 89, 87, 85, 83, 81, 82, 80, 79 and 78. All these rules fall under Content
Access attributes (Table-5.0). All these rules show higher value of confidence while all the
confident values are more than 0.93. All the lift values are more than one with more than
1.85 of Conviction and with more than 0.2 of support value. All these premises attributes
and conclusion attributes have higher association which can be very useful for developers of
LMS for their next version release as well as for academics when they develop their LMS

course modules.
Association's rules under the Content Access (Table 5.0) only the attributes of course

viewed, blog entries viewed, discussion viewed, course module viewed, report viewed, user

profile viewed demonstrated associations.
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Co
nfi Co
No Premises Conclusion Su | de | La nvi
pp | nc | Pla | Ga Lif | cti
ort | e ce |in |P-s |t on
. . . - Inf
93 C(_)urse__wewgd, blog_entries_viewed, course_module_viewed 0.2 1 1 | o2 01119 init
discussion_viewed 04 04 02 | 92 y
. . . . Inf
94 course_viewed, discussion_viewed, course_module_viewed 02 1 |1 o1 | Y2 init
report_viewed 0.2 92 y
02|09 09 . |o1|19 3L
92 course_viewed, discussion_viewed course_module_viewed ' ' ; 0.2 y ; 86
68 | 84 | 97 77 31| 6 4
course_module_viewed, - 24,
89 user_profile_viewed, course_viewed 0210909 02|01 19 39
. . . 04 | 8 | 96 51
blog_entries_viewed, report_viewed 13 6
87 course_module_viewed, course viewed 02|09 |09 0'2 0119 142
blog_entries_viewed, report_viewed - 55 | 68 | 93 7'2 23 | 27 4
course_module_viewed, - 12.
85 course_viewed, user_profile_viewed, blog_entries_viewed 02109039 0.2 0119 87
. 04 | 6 | 93 01 | 79
report_viewed 21 2
course_module_viewed, : 020909 1.8 | 8.7
& user_profile_viewed, report_viewed course_viewed 13 | 43 | 9 %5 0.1 79 | 96
course_module_viewed, . 020909 . 01| 18]74
81 user_profile_viewed, course_viewed 38 | 33 | 86 0.2 1 | 59 | 68
blog_entries_viewed 72
82 course_viewed, user_profile_viewed, course module viewed 0210909 0'2 0118 |74
blog_entries_viewed - - 38 | 33 | 86 7'2 1 59 | 68
. . . 020909 .,/01]18]|72
80 course_module_viewed, report_viewed | course_viewed 89 | 32 | 84 %g 33 | 55 | 69
course_viewed, user_profile_viewed, . . 020909 .,/01]19]|72
| report viewed blog_entries_viewed 21 | 29 | 86 %g 06 | 14 | 09
blog_entries_viewed, . 020909 .,/01]|18]69
8 discussion_viewed course_module_viewed 21 | 29 | 86 %52 02 | 49 | 7

Table 7.8 - Apriori based association rule mining, Apriori algorithm, interesting
relationships
The Figure- 7.9 shows unexpected and very interesting relationships in respect of rule

numbers 91, 90, 88, 84, and 77. All these rules fall under Content Access and the
Assignment attributes (Table 4). All these rules show higher value of confidence i.e more
than 0.93 and more than 1.85 lift values; more than 6.85 of Conviction and with more than

0.2 of support value. All these premises-attributes and conclusion-attributes have higher
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association which can be very useful for developers to consider for their next version release
as well as for academics when they develop their LMS course modules, discussions and

quiz.

Associations rules under the Content Access (table 5.0) associations were found only in
respect of attributes of course viewed, blog entries viewed, course module viewed,

discussion viewed and Assignment attributes (table 5.0) quiz attempts.

Co
nfi Co
No Premises Conclusion Su | de | La nvi
pp | nc | Pla | Ga Lif | cti
ort | e ce in | P-s t on
91 (I;(I):rsza\t/;:,:e\?i'ewed course_module_viewed 0 0 0. 0 0 ! 25
uif—attem - ' - - 209899 | 22| 10|95/ 8
quiz_attemp 71117 6|6/ 3]|89
90 course_viewed, quiz_attempts, course module viewed 0. 0. 0. 0. 0. 1. 25
report_viewed - - 21 | 98 | 99 | 22 | 10 | 95 | 3
3 0 7 1 4 2 91
88 ;ci)sljcrtjsstesT(\Jllr\e\l\\l/?e(]\I/:/ed course_module_viewed 0 0 0. 0. 0 ! 23
Uiz atten: t ! - - 20 1 97 | 99 | 20 | 09 | 95 .8
quiz_attemp 0o/ 96|97 ]|0]o9
84 course_viewed, quiz_attempts course_module_viewed 0 0 0. 0 0 ! 10
- » quiz_attemp - - 26 |95 | 99 | 29 | 12 | 90 | .9
8 5 0 4 7 1 53
77 (t:)cl):rsza?r]ic:a(iu:/?;x:(\;ved' course_viewed 0 0 0. 0. 0 ! 6.
uif—attem - ' - 21092 | 98| 25| 10 | 84 | 84
quiz_attemp 7176|1076

Table 7.9 - Apriori based association rule mining, Apriori algorithm, interesting
relationships

The Figure-7.10 shows unexpectedly very interesting relationships in respect of rules 91, 90,
88, 84, and 77, that fall under Content Access and the Engagement attributes (Table 5.0).
All these rules show higher values of confidence more than 0.93 and all the lift values are
more than 1.9 with more than 8.7 of Conviction and with more than 0.22 of support value.
All these premises attributes and conclusion attributes have higher association which can be
very useful for developers to consider for their next version release as well as academics

when they develop their LMS course modules, discussion and quiz.
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In these associations rules under the Content Access (Table-5.0) associations were found only

in respect of the attributes of course viewed, blog entries_viewed, course module viewed,

discussion viewed and Assignment attributes (table 5.0) quiz_attempts.

Su E?I La Es
N Premises Conclusion PP de P! Qa P-| Lif ict
o or ac in S t .
nc io
t e
e n
0.0 | o0 (; 0. | 1. | 13
86 | course_viewed, user_login_failed course_module_viewed 22 | 96 | 99 10|91 | 4
23
1 3 3 6 8 43
8
0.0 | o0 (; 0. | 2 | 8
76 | message_viewed, email_failed message_sent 21 | 92 | 98 25 13 | 53 | 71
7 7 6 1 4 8

Table 7.10 - Apriori based association rule mining, Apriori algorithm, interesting

relationships

The Figure- 7.11 unexpectedly shows very interesting relationships in the rule number 68.

This rule comes under a combination of Errors, Engagement and Access attributes (Table

5.0). This rule shows higher value of confidence more than 0.91 and a lift value of more than

2.3 with more than 2.7 of Conviction and with more than 0.22 of support value. These

premises attributes and conclusion attributes have higher association which can be very

useful for developers to consider for their next release as well as the academics when they

develop their LMS course modules, and message.

In these associations rules under the Content Access (Table 5.0) associations were found only

in respect of the attributes of course_viewed, message_viewed, course_module_viewed, and

Error attributes (Table 5.0) user_login_failed and email_failed.

CO La Co
Su|nfil o | G Lif | nvi
No Premises Conclusion pp | de - P-s :
ac | in t | cti
ort | nc
e on
e
e 0.0 |0 | |0 |26
68 ;n;z!;f?li:;]t message_viewed 21 | 91 | 98 26 12 | 27 | 72
8o 7013 270
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Table 7.11 - Apriori based association rule mining, Apriori algorithm, interesting
relationships
Graph 7.3 demonstrates the simplified version of the attribute association and Graph 7.4

shows the details of the association of the attributes of Apriori based association rule mining,
Apriori algorithm.

This association patterns have been obtained by data mining relating to the existing students’
study and behaviour patterns by analysing the back end data. Based on the attribute
association patterns which shows in table 7.6, Graph 7.3, Graph 7.4, Table 7.12 and Table
7.13 it is possible for the system developers to monitor their development and design
architecture as against the real situation and thereby to develop better LMS for future
versions. The Graph 7.4 shows the details of association of the Attribute at the minimum

confidence level of 0.8 and the minimum support of 0.95.

shows the details of association of the Attribute at the minimum confident level of 0.8 and the

minimum support of 0.95.
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Graph 7.4 — Rules of associations of the attributes at the minimum confidence level of

0.8 and the minimum support of 0.95.

Table-7.12 shows the Support Confidence Laplace Gain P-s Lift and conviction of the
attributes
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’course_vllewed' , ’mdI_Iogstore_stan.dard_!og, 0281 0.825 0.956 0.40 0.14 2.06 3.429
report_viewed course_module_viewed 0 5 3
fndI_Iogst.ore_s'tandard_log, ’course_w.ewed., ! 0.285 0827 0.956 0.40 0.16 2.37 3767
report_viewed blog_entries_viewed 4 5 1
mdl_logstore_standard_log, - 013 1.94
‘course_viewed’, ‘report_viewed’ 0.285 0.838 0.959 0.39 '9 '9 3.509
‘blog_entries_viewed’ 6
lcourse_v.lewed, , fndI_Iogst(?re_sFandatd_log, 0.285 0.838 0.959 039 0.15 2.23 3.849
report_viewed blog_entries_viewed 5 8 7
) . - 019 | 1.86
mdl_question_attempt_steps | mdl_quiz_attempts 0.421 0.839 0.946 0.58 5 0 3.409
3
mdl_quiz_attempts mdl_question_attempt_steps | 3, 0.840 0950 | os2 | 018 | 191 3.502
, ‘attempt_viewed 3 1 6
mdl_question_attempt_steps | . oo iewed 0.294 0.841 0959 | 040 | 01| 167 3.140
, ‘course_module_viewed - 4 8 6
‘course_viewed’, ‘report_viewed’ 0.294 0.841 0950 | 040 | 01 | 1% 3597
blog_entries_viewed 4 4 8
blog_entries_viewed’, ‘course_viewed’ 0.294 0.841 0959 | 040 | O | 167 3.140
report_viewed 4 8 6
mdl_logstore_standard_log, | .\, <o module viewed 0.396 0.845 0951 | osa | 016 | 168 3.222
course_viewed 0 1 4
mdI_logstore_standard_log, - 011 1.68
‘course_viewed’, ‘course_module_viewed’ 0.281 0.846 0.962 0.38 '4 '5 3.236
‘report_viewed’ 3
‘course_module_viewed’ ‘course_viewed’ 0.426 0.847 0.949 0.57 0';7 1':8 3.264
9
‘course_viewed’ ‘course_module_viewed’ 0.426 0.847 0.949 0.57 0';7 1'868 3.264
9
mdl_stats_user_daily, mdl_quiz_attempts 0.285 0.848 0962 | o3g | 013 | 188 3.614
attempt_viewed 7 3 0
course_viewed, ‘course_module_viewed’ 0.289 0.850 0962 | 039 | 011 | 169 3319
report_viewed 1 8 3
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AssociationRules

[‘report_viewed’] --> [mdI_logstore_standard_log] (confidence: 0.802)

[‘course_module_viewed’, ‘attempt_viewed’] --> [md|_question_attempt_steps, mdl_quiz_attempts] (confidence: 0.802)
[mdI_logstore_standard_log, ‘blog_entries_viewed’] --> [‘course_module_viewed’] (confidence: 0.807)
[mdI_stats_user_daily, ‘attempt_viewed’] --> [mdI_question_attempt_steps, md|_quiz_attempts] (confidence: 0.810)
[‘report_viewed’] --> [‘blog_entries_viewed’] (confidence: 0.812)

[‘course_module_viewed’, ‘attempt_viewed’] --> [mdI_logstore_standard_log] (confidence: 0.815)
[mdI_logstore_standard_log, ‘report_viewed’] --> [‘course_module_viewed’] (confidence: 0.815)
[‘course_module_viewed’, ‘attempt_viewed’] --> [mdl_quiz_attempts] (confidence: 0.815)

[‘course_module_viewed’, ‘attempt_viewed’] --> [mdI_logstore_standard_log, ‘course_viewed’] (confidence: 0.815)
[mdI_logstore_standard_log, ‘report_viewed’] --> [‘course_module_viewed’, ‘course_viewed’] (confidence: 0.815)
[‘course_viewed’, ‘blog_entries_viewed’] --> [mdI_logstore_standard_log, ‘report_viewed’] (confidence: 0.817)
[‘blog_entries_viewed’, ‘report_viewed’] --> [mdI_logstore_standard_log, ‘course_viewed’] (confidence: 0.817)
[‘message_viewed’] --> [‘message_sent’] (confidence: 0.819)

[‘course_viewed’, ‘report_viewed’] --> [mdI_logstore_standard_log, ‘course_module_viewed’] (confidence: 0.825)
[mdI_logstore_standard_log, ‘report_viewed’] --> [‘course_viewed’, ‘blog_entries_viewed’] (confidence: 0.827)
[mdI_logstore_standard_log, ‘course_viewed’, ‘blog_entries_viewed’] --> [‘report_viewed’] (confidence: 0.838)
[‘course_viewed’, ‘report_viewed’] --> [mdI_logstore_standard_log, ‘blog_entries_viewed’] (confidence: 0.838)
[mdI_question_attempt_steps] --> [mdl_quiz_attempts] (confidence: 0.839)

[mdI_quiz_attempts] --> [mdI_question_attempt_steps, ‘attempt_viewed’] (confidence: 0.840)
[mdI_question_attempt_steps, ‘course_module_viewed’] --> [‘course_viewed’] (confidence: 0.841)

[‘course_viewed’, ‘blog_entries_viewed’] --> [‘report_viewed’] (confidence: 0.841)

[‘blog_entries_viewed’, ‘report_viewed’] --> [‘course_viewed’] (confidence: 0.841)

[mdI_logstore_standard_log, ‘course_viewed'] --> [‘course_module_viewed’] (confidence: 0.845)
[mdI_logstore_standard_log, ‘course_viewed’, ‘report_viewed’] --> [‘course_module_viewed’] (confidence: 0.846)
[‘course_module_viewed’] --> [‘course_viewed'] (confidence: 0.847)

[‘course_viewed'] --> [‘course_module_viewed’] (confidence: 0.847)

[mdlI_stats_user_daily, ‘attempt_viewed’] --> [md|_quiz_attempts] (confidence: 0.848)

[‘course_viewed’, ‘report_viewed’] --> [‘course_module_viewed’] (confidence: 0.850)

[‘blog_entries_viewed’, ‘report_viewed’] --> [mdl_logstore_standard_log] (confidence: 0.854)

[‘course_viewed’, ‘blog_entries_viewed’] --> [mdI_logstore_standard_log, ‘course_module_viewed’] (confidence: 0.854)
[mdI_logstore_standard_log, ‘course_viewed’, ‘report_viewed’] --> [‘blog_entries_viewed’] (confidence: 0.859)
[‘course_viewed’, ‘report_viewed’] --> [‘blog_entries_viewed’] (confidence: 0.863)

[mdI_question_attempt_steps, ‘attempt_viewed’] --> [mdI_quiz_attempts] (confidence: 0.864)
[mdI_logstore_standard_log, ‘report_viewed’] --> [‘blog_entries_viewed’] (confidence: 0.864)
[‘course_module_viewed’, ‘attempt_viewed’] --> [‘course_viewed’] (confidence: 0.864)

[mdI_stats_user_daily, mdl_quiz_attempts] --> [mdI_question_attempt_steps, ‘attempt_viewed’] (confidence: 0.865)
[‘course_module_viewed’, mdl_quiz_attempts] --> [mdI_question_attempt_steps, ‘attempt_viewed’] (confidence: 0.867)
[mdI_quiz_attempts] --> [‘attempt_viewed’] (confidence: 0.868)

[mdI_question_attempt_steps] --> [‘attempt_viewed’] (confidence: 0.873)

[mdI_logstore_standard_log, ‘course_viewed’, ‘blog_entries_viewed’] --> [‘course_module_viewed’] (confidence: 0.875)
[mdI_question_attempt_steps, mdl_stats_user_daily] --> [mdl_quiz_attempts] (confidence: 0.877)
[mdI_question_attempt_steps, ‘course_module_viewed’] --> [mdl_quiz_attempts] (confidence: 0.878)
[‘course_viewed’, ‘blog_entries_viewed’] --> [‘course_module_viewed’] (confidence: 0.878)

[mdI_stats_user_daily, ‘user_login_failed’] --> [‘dashboard_viewed’] (confidence: 0.878)

[mdI_question_attempt_steps, ‘course_module_viewed’, ‘attempt_viewed’] --> [mdl_quiz_attempts] (confidence: 0.878)
[‘course_viewed’, ‘attempt_viewed'] --> [mdl_question_attempt_steps] (confidence: 0.880)

[‘course_module_viewed’, mdl_quiz_attempts] --> [‘attempt_viewed’] (confidence: 0.880)

[‘course_viewed’, ‘attempt_viewed’] --> [md|_logstore_standard_log, ‘course_module_viewed’] (confidence: 0.880)
[‘attempt_viewed’] --> [mdl_question_attempt_steps] (confidence: 0.880)

[mdI_question_attempt_steps, mdl_stats_user_daily] --> [‘attempt_viewed’] (confidence: 0.889)
[mdI_question_attempt_steps, mdl_stats_user_daily, ‘attempt_viewed’] --> [md|_quiz_attempts] (confidence: 0.889)
[mdI_question_attempt_steps, ‘course_viewed’] --> [mdI_logstore_standard_log, ‘course_module_viewed’] (confidence: 0.890)
[‘message_sent’] --> [‘message_viewed’] (confidence: 0.895)

[‘course_module_viewed’, ‘blog_entries_viewed’] --> [md|_logstore_standard_log, ‘course_viewed’] (confidence: 0.897)
[mdI_question_attempt_steps, mdl_quiz_attempts] --> [‘attempt_viewed’] (confidence: 0.899)
[mdI_question_attempt_steps, mdl_stats_user_daily, mdl_quiz_attempts] --> [‘attempt_viewed’] (confidence: 0.901)
[mdI_question_attempt_steps, ‘course_module_viewed’] --> [‘attempt_viewed’] (confidence: 0.902)
[mdI_question_attempt_steps, ‘course_module_viewed’, mdl_quiz_attempts] --> [‘attempt_viewed’] (confidence: 0.903)
[mdI_logstore_standard_log, ‘attempt_viewed’] --> [‘course_module_viewed’] (confidence: 0.904)
[‘course_module_viewed’, ‘report_viewed’] --> [md|_logstore_standard_log] (confidence: 0.904)
[mdI_question_attempt_steps, ‘course_viewed’] --> [‘attempt_viewed’] (confidence: 0.904)
[mdI_logstore_standard_log, ‘attempt_viewed’] --> [‘course_module_viewed’, ‘course_viewed’] (confidence: 0.904)
[‘course_module_viewed’, ‘report_viewed’] --> [mdI_logstore_standard_log, ‘course_viewed’] (confidence: 0.904)
[mdI_stats_user_daily, mdl_quiz_attempts] --> [‘attempt_viewed’] (confidence: 0.905)

[mdI_logstore_standard_log, ‘blog_entries_viewed’] --> [‘course_viewed’] (confidence: 0.909)
[‘course_module_viewed’, ‘blog_entries_viewed’] --> [mdI_logstore_standard_log] (confidence: 0.910)
[mdI_stats_user_daily, ‘attempt_viewed’] --> [md|_question_attempt_steps] (confidence: 0.911)
[‘course_module_viewed’, ‘attempt_viewed’] --> [mdI_question_attempt_steps] (confidence: 0.914)
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[‘course_module_viewed’, ‘blog_entries_viewed’] --> [‘course_viewed’] (confidence: 0.923)

[mdI_logstore_standard_log, mdl_question_attempt_steps] --> [‘course_module_viewed’] (confidence: 0.929)
[mdI_logstore_standard_log, mdl_question_attempt_steps] --> [‘course_module_viewed’, ‘course_viewed’] (confidence: 0.929)
[mdI_logstore_standard_log, ‘course_viewed’, ‘attempt_viewed'] --> [‘course_module_viewed’] (confidence: 0.930)
[‘course_module_viewed’, ‘course_viewed’] --> [mdI_logstore_standard_log] (confidence: 0.930)
[‘course_module_viewed’, ‘report_viewed’] --> [‘course_viewed’] (confidence: 0.932)

[mdI_logstore_standard_log] --> [‘course_viewed’] (confidence: 0.932)

[‘course_viewed'] --> [mdI_logstore_standard_log] (confidence: 0.932)

[‘course_viewed’, ‘attempt_viewed’] --> [‘course_module_viewed’] (confidence: 0.933)

[mdI_quiz_attempts] --> [mdl_question_attempt_steps] (confidence: 0.934)

[mdI_logstore_standard_log, mdl_question_attempt_steps, ‘course_viewed’] --> [‘course_module_viewed’] (confidence: 0.942)
[mdI_question_attempt_steps, ‘course_module_viewed’, ‘course_viewed’] --> [md|_logstore_standard_log] (confidence: 0.942)
[‘course_module_viewed’, ‘course_viewed’, ‘attempt_viewed’] --> [mdI_logstore_standard_log] (confidence: 0.943)
[mdI_logstore_standard_log, ‘user_profile_viewed’] --> [‘course_viewed'] (confidence: 0.944)
[mdI_question_attempt_steps, ‘course_viewed’] --> [mdI_logstore_standard_log] (confidence: 0.945)
[mdI_question_attempt_steps, ‘course_viewed’] --> [‘course_module_viewed’] (confidence: 0.945)

[‘course_viewed’, ‘attempt_viewed’] --> [mdI_logstore_standard_log] (confidence: 0.947)

[mdI_stats_user_daily, ‘attempt_viewed’, mdl_quiz_attempts] --> [mdl_question_attempt_steps] (confidence: 0.955)
[‘course_viewed’, ‘user_profile_viewed’] --> [mdI_logstore_standard_log] (confidence: 0.957)
[mdI_logstore_standard_log, ‘blog_entries_viewed’, ‘report_viewed’] --> [‘course_viewed'] (confidence: 0.957)
[mdI_stats_user_daily, mdl_quiz_attempts] --> [mdI_question_attempt_steps] (confidence: 0.959)
[‘course_module_viewed’, mdl_quiz_attempts] --> [mdl_question_attempt_steps] (confidence: 0.960)
[mdI_logstore_standard_log, ‘report_viewed’] --> [‘course_viewed’] (confidence: 0.963)

[‘attempt_viewed’, mdl_quiz_attempts] --> [mdIl_question_attempt_steps] (confidence: 0.967)
[‘course_module_viewed’, ‘course_viewed’, ‘report_viewed’] --> [mdl_logstore_standard_log] (confidence: 0.971)
[‘course_viewed’, ‘blog_entries_viewed’, ‘report_viewed’] --> [md|_logstore_standard_log] (confidence: 0.971)
[‘course_module_viewed’, ‘course_viewed’, ‘blog_entries_viewed’] --> [mdI_logstore_standard_log] (confidence: 0.972)
[mdI_logstore_standard_log, ‘attempt_viewed’] --> [‘course_viewed’] (confidence: 0.973)

[‘course_viewed’, ‘report_viewed’] --> [md|_logstore_standard_log] (confidence: 0.975)

[‘course_viewed’, ‘blog_entries_viewed’] --> [mdI_logstore_standard_log] (confidence: 0.976)

[‘course_module_viewed’, ‘attempt_viewed’, mdl_quiz_attempts] --> [mdI_question_attempt_steps] (confidence: 0.985)
[mdI_logstore_standard_log, mdl_question_attempt_steps] --> [‘course_viewed’] (confidence: 0.986)
[mdI_logstore_standard_log, ‘course_module_viewed’, ‘blog_entries_viewed’] --> [‘course_viewed’] (confidence: 0.986)
... 5otherrules ...

Table 7.13 — Association rule mining patterns of the attributs

In the Apriori based association rule mining algorithm, 94  association rules have been
discovered at the minimum confidence level of 0.8 and the minimum support of 0.95. In the
Apriori based association rule mining algorithm revealed that there are similar rules, the rules
with the same attributes in premises and conclusion but interchanged and uninteresting rules
can be found because of the generalization of relationships. There are rules that display the
relevant information like those shows expected or conforming relationships. Some of the
unexpected rules are very interesting relationships such as rules numbers 90, 91, 93, 94, 92,
88, 89, 87, 84, 85, 83, 81, 82, 80, 79, 77, 78 and 68. All the association rules fall under the
combined category of Content Access, Assignment, Engagement and Errors attributes. All
these rules show higher value of confident  more than 0.93 and all the lift values are more
than one with more than 1.85 of Conviction and with more than 0.2 of support value which
can be very useful for developers to consider for their next release as well as for academics

when they develop their LMS course modules.

In the Apriori based association rule mining the attributes under the category of Content

Access such as question viewed, the attributes under the category of Engagement such as,
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forum discussions and chat the attributes under the category Assignment such as question
attempt, question answered, and assignment submissions have not revealed any association.
This Association pattern and behaviour supports the finding that the students have used
provisions of questions or examinations and any forum discussions and chat via LMS mode.
This revealed that this a potential area for the use and enhanced without further investment
and to give more opportunity to the students. Similarly, the existing platform attributes of
chart, messages, forum discussions and discussion do not have Associations with other

attributes demonstrating the fact that LMS is functioning at a suboptimal level.

7.4 Summary

In this chapter the students’ study behaviour and students’ study pattern of the Learning
Management System (LMS) has been evaluated. The research findings, its limitations and
directions for further developments in detail will be discussed in the final chapter.
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Chapter 08

Conclusions, Recommendations and further work
8.1 Introduction

This final chapter concludes the results of the research study and recommendations are being
presented based on the research finding. This section of the study encapsulates the overview
of the research work. In addition to that, it has been elaborated how research aims, objectives,
research questions and hypotheses were achieved during the process of the study.
Furthermore, the research contributions have been discussed as per the study. In addition to

that, the chapter highlights the limitations of the research and future recommendations.

8.2 Key findings, Conclusion and Recommendations

The research hypothesised that there was a positive relationship between students’ strong
study behaviour and favourable study patterns, in the use of the Learning Management
System (LMS). In order to test the hypothesis, Data Mining techniques were used in respect
of the Database of the Undergraduate Learning Management System (LMS) of the Faculty of
Medicine, University of Colombo. Various data mining algorithms, such as K Mean
Clustering algorithm, Correlation Algorithm and Apriori based association rule mining
algorithm have been used to test the research hypothesis. In conclusion, the study has found
that there does not exist a positive relationship between students’ strong study behaviour and
favourable study patterns, in the use of the Learning Management System (LMS), yet a mix
of positive, negative and absence of relations. Key findings and recommendations of the

study are presented below.

In this research, the attributes under the category of Content Access, such as dashboard
viewed, course viewed, course module viewed, course category viewed, content page
viewed, attempt viewed, user profile viewed, report viewed, blog viewed, message viewed,
notification viewed, question viewed and discussion viewed, have been examined, The
attributes under the category of Engagement, such as message sent, notification sent,
discussion created, message contact added, user password updated, forum discussions and
chat have been examined. The attributes under the category Assignment, such as question

attempt, question answered, quiz attempt and assignment submissions have been examined.
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The attributes under the category of Errors such as email failed, and user login failed have
been examined and also , the attributes under the category of Total Access view have been
examined to test the research hypothesis. In this study, by using the RapidMiner Analytical
Engine, the techniques of data mining algorithms of (i) K Mean Clustering algorithm, (ii)
Correlation Algorithm and (iii) Apriori based association rule mining algorithm have been

used to derive the final outcome.

In the K Mean Clustering algorithm, five clustering patterns were identified as the outcome
of the implementation of RapidMiner Analytical Engine. The average within the cluster
distance is found as 150280.45 and the cluster average within the cluster distance of 0, 1, 2,
3, 4 clusters found were 193645.20, 102220.60, 10850.32, 136193.22, 47567.26 respectively.
The respective cluster densities were 118, 43, 4, 53, 17 respectively. The Cluster 0 had 118
number of students-views and it was 50 percent of the sample, however, the cluster average
views were very low, which was at 2782. The Cluster 3 had 53 number of students views and
it was 23 percent of the sample and the cluster average was almost the average of the total
sample which was 8985. The Cluster-1 had 43 number of students’ views and it was 18
percent of the total sample and the cluster average was higher than the total sample average
which was 15817. The Cluster-4 had 17 numbers of students’ views and it was 7 percent of
the sample, however, their cluster average was reasonably higher than the total sample
average which was 23101. Finally, the Cluster-2 had only 4 numbers of students’ views,
which was only 2 percent of the sample , however, this cluster average views were very high
at 31319.

Based on the above results, the study has revealed that the attributes in respect of identified
five clusters under the category of Content Access, Engagement, Assignments and Error,
distributions are not equal both among them and in-between. This demonstrates that the
students’ study behaviour and the study patterns of the Learning Management System (LMS)
do not distribute in equal manner and therefore students fail in obtaining the full potentials of
the LMS delivery.

By examination of the current study patterns and the study behaviours of the online studies,
through the Data Mining from the K Mean Clustering algorithm by using RapidMiner
Analytical Engine, it has been found that the LMS is acting as a limitation that keep the
online option at a suboptimal level. Based on the above results, it has been found that the

students’ study patterns and the study behaviours of the attributes under the Content Access,
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Engagement and the Assignments among and in-between the identified five clusters are not
equal. The research outcome also revealed that the students do not show a strong study
behaviour and favourable study patterns in the use of the Learning Management System
(LMS).

The outcome of the correlation algorithm reveals whether the correlation among or between
attributes is positive or negative or weak or no correlations of any significance. A very
strong positive correlations with a high 0.7 value, has been found in respect of attributes (i)
between notifications sent vs email failed, (ii) message viewed vs message sent, (iii) course
viewed vs course module viewed, (iv) discussion viewed vs notification sent and (v)
discussion viewed vs email failed.  Also very high correlation has been found under the
category of Engagement and Errors attributes. A very strong negative correlation values of
more than -0.6 have been found in respect of attributes in-between (i) notification sent vs
quiz attempts and (ii) quiz attempts vs email failed under attribute category of Access,

Engagement and Errors attributes.

In the meanwhile , weak positive correlations and weak negative correlations have been
found in respect of some attributes. It shows that the student’s study pattern and the student
behaviour with regard to the Content Access attributes such as (i) message viewed,
(if)discussion viewed, (iii) notification viewed, and (iv) forum discussion views have very
low correlation with other attributes while Engagement attributes such as (i)message sent,
and (ii) notification sent also show very low correlation with other attributes. These findings
lead to the conclusion that students’ study behaviour and the study patterns of the Learning

Management System (LMS) in respect of Content Access and Engagement are very weak.

The outcome of the correlation algorithm also revealed that some Content Access attributes
such as question viewed and discussion viewed and some Assignment attributes such as
assignment submissions and question answered do not have any correlation with other
attributes. This demonstrates that students’ study behaviour and the study patterns of the
Learning Management System (LMS) in respect of Content Access and Engagement are very

weak.

The conclusion that can be arrived at is that there is a wide gap between the actual outcome
and the full potentials of the LMS to be achieved. This pattern and behaviour indicates that

the students have not attempted questions or examinations via LMS mode. This revealed that
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there are unutilized potential areas which can be used or utility can be enhanced without any

technical expansion by just giving more opportunities to the students.

The existing platform attributes of chart, messages, forum discussions and discussion have
not shown correlations with other attributes demonstrating that the functioning of the LMS is
at a suboptimal level. Further it is possible for LMS to be integrated to social media like
WhatsApp, viber, etc. in a very user-friendly manner introducing further enhancements to
the existing LMS. These final results are beneficial for early detection of students’ study
patterns and the behaviour of the students’ experiencing difficulties in studies. Both

Academics and the students would benefit from these research outcomes.

In the Apriori based association rule mining algorithm, 94 association rules have been
discovered at the minimum confidence level of 0.8 and the minimum support of 0.95. The
Apriori based association rule mining algorithm in the study revealed similar rules, with the
same attributes in premises and conclusion, however, due to generalization of relationships,
interchanged and uninteresting rules have been found.  Some rules display the relevant
information as expected or conforming the relationships. Some unexpected rules demonstrate
very interesting relationships. e.g. rules number of 90, 91, 93, 94, 92, 88, 89, 87, 84, 85, 83,
81, 82, 80, 79, 77, 78 and 68. All these association rules are related to the attributes that fall
under the category of combination of Content Access, Assignment, Engagement and Errors.
All these rules show higher confidence values and all the confidence values are more than
0.93 while all the lift values are above 1 (one) with more than 1.85 of Conviction and with
more than 0.2 of support value. These results are found to be very useful for developers to
consider in their next releases as well as the academics when they develop their LMS course

modules.

In the analysis of Apriori based association rule mining, (i) the attributes such as question
viewed under the category of Content Access,, (ii) the attributes such as, forum discussions
and chat under the category of Engagement and (iii) the attributes such as question attempt,
question answered, and assignment submissions under the category Assignment have not
revealed any association. This Association pattern and behaviour shows that the students
have not attempted any questions or examinations or any forum discussions or chat via LMS

mode.

80



The above results revealed serious gaps in the delivery while showing great potential which
is usable or enhanced. Such improvements to LMS would give more opportunity to the
students while the use of existing platform attributes of chart, messages, forum discussions
and discussion at suboptimal level, would expand the scope of delivery substantially.

The research outcome, in the process of both identifying shortcomings of the existing LMS
and making suggestions for improvements based on results, has already been shared with
the Faculty IT committee and the Faculty Head of the Department. As a result, the Faculty
has implemented a large number of awareness programs among the academic and technical
staff and the students for the purpose of the enhancement of the Faculty LMS with the next
revised version of the LMS.

It is recommended that more experiments be conducted by using larger datasets in the future,
in order to undertake future tests with effectiveness of the proposed model and to increase the
general usefulness of this research.

8.3 Limitation
This research though limited to data collected from the medical undergraduates of the Faculty

of Medicine, University of Colombo, it is possible to adopt the final outcome of the research
to a larger student population who use the Leaning Management System. It has been a
challenge to carry out the research due to lack of adequate reference material or limited
access to required research studies in the Sri Lankan context. The results of the study
conducted though seem limited to the University, are nevertheless beneficial to the academic
institutions to understand existing trends in e-learning, m-learning types of LMS, facilities

provided by them with regard to the Sri Lankan educational system.

8.4 Further Development
This research has been limited to the medical undergraduates of the Faculty of Medicine,

University of Colombo and the final outcome of the research has been adopted to the students
who use the Leaning Management System. The results of the study apparently be beneficial
to the academic institutions to comprehend trends existing in e-learning, m-learning types of
LMS, facilities provided by them with regard to Sri Lankan context. Further research is
recommended with larger data sets in order to further develop the outcome of the present

research.
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A

Appendixes —

The developed Dataset by executing SQL query

The researcher developed the dataset by writing SQL queries to the published Moodle

database. The developed Dataset is shown in Table 4.0

Table 4.0- The developed Dataset by executing SQL query
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Clustering pattern details is shown in Table 7.1
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mdl_logstore_standard_| - 012 | 185

og, ‘course_viewed’, ‘course_module_viewed’ 0.281 0.930 0.984 0.32 9 '1 7.070

‘attempt_viewed’ 3

lcourse_n?odule,_wewed , | mdl_logstore_standard_| 0.396 0.930 0.979 045 0.18 | 1.85 7112

course_viewed og 5 2 2

‘course_module viewed', | o |iewed 0.289 0.932 0984 | 033 | 13| 18 1 569

report_viewed - > 3 5

mdl _logstore_standard | | . o \iewed 0.468 0.932 0977 | os3 | %21 | 185 7.344

og - 6 6 7

‘course_viewed’ mdl_logstore_standard | | /g 0.932 0977 | os3 | 021 | 185 7.344
- og 6 6 7

course_viewed', ‘course_module_viewed’ | 0.298 0.933 098a | 034 | 013 | 18515 468

attempt_viewed 0 8 9

mdl_quiz_attempts mdl_guestion_attempt_s | ), 0.934 0979 | 0a4g | 019 | 186 7.539

teps 1 5 0

mdl_logstore_standard_| )

08, , ‘course_module_viewed' | 0.277 0.942 0987 | 031 | 12 | 187 8.588

mdl_question_attempt_s - - 1 9 6

teps, ‘course_viewed’

mdl_question_attempt_s )

feps, . ’ mdI_logstore_standard_| 0.277 0.942 0.987 031 0.12 | 1.87 3.588

course_module_viewed’, | og 1 9 6

‘course_viewed’

‘course_module_viewed’, -

‘course_viewed’, mdl logstore_standard_I | g 0.943 0987 | 031 | 013 | 187 8.713

. - , og 1 8

attempt_viewed 5

mdl_logstore_standard | |, | o\ iowed 0.285 0.944 0987 | 031 | %33 | 18 | g3y

og, ‘user_profile_viewed - 9 3 9

mdl_?uestlon_éttem?t_s mdl_logstore_standard_| 0.294 0.945 0.987 032 0.13 | 1.88 9,086

teps, ‘course_viewed og 3 8 2
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mdl_question_attempt.s | .\ o module viewed | 0.294 0.945 0987 | 032 | 013 | 188 1 g0e6

teps, ‘course_viewed 3 8 2

lcourse_we_wed . mdl_logstore_standard_| 0.302 0.947 0.987 033 0.14 | 1.88 9335

attempt_viewed og 6 2 5

mdl_stats_user_daily, . -

‘attempt_viewed’, mdl_question_attempts |, 0.955 0990 | 029 | 012 | 190 1 yq 459
; teps 9 2

mdl_quiz_attempts 8

’course_vu.-:-wec! , ' mdl_logstore_standard_| 0.285 0.957 0.990 031 0.13 | 1.90 11.617

user_profile_viewed og 1 6 6

mdI_logstore_standard_| }

o8, o ‘course_viewed’ 0.285 0.957 0990 | 031 | 013|190 g6y

blog_entries_viewed’, 1 6 6

‘report_viewed’

mdl_sta.ts_user_dally, mdI_question_attempt_s 0.302 0.959 0.990 0.32 0.14 | 191 12.281

mdl_quiz_attempts teps 3 4 1

courseTmoduIe_wewed , | mdl_question_attempt_s 0.306 0.960 0.990 033 0.14 | 191 12.447

mdl_quiz_attempts teps N 6 2

mdl_logstore_standard | | . | ' \iewed 0.332 0.963 0991 | 035 | O | 19T 4343

og, ‘report_viewed 7 9 8

attemp.t_wewed , mdl_question_attempt_s 0.379 0.967 0.991 0.40 0.18 | 1.92 15.268

mdl_quiz_attempts teps 4 2 7

‘course_module_viewed’, -

‘course_viewed’, mdl logstore_standard | | g 0.971 0993 | 029 | OB | 11 15928

. T , og 6 3

report_viewed 8

‘course_viewed’, -

‘blog_entries_viewed’, mdl_logstore_standard_| |, ,oq 0.971 0993 | 030 | O3 1931 4547y

‘ : , og 8 4

report_viewed 2

‘course_module_viewed’, -

‘course_viewed’, mdl logstore standard_| | 5qq 0.972 0993 | 031 | M | 1931 17053

. - . , og 4 6

blog_entries_viewed 5

mdl_logstore_standard_| |, o \ioweq 0.302 0.973 0994 | 031 | O | 1331 1547

og, ‘attempt_viewed - 9 6 7

’course_v.lewed' ) mdl_logstore_standard_| 0.332 0.975 0.994 034 0.16 | 1.94 19.915

report_viewed og 9 1 2

lcourse_w-ewed-, , mdl_logstore_standard_| 0.340 0.976 0.994 035 0.16 | 1.94 20.413

blog_entries_viewed og 7 5 3

‘course_module_viewed’, . -

‘attempt_viewed’, mdl_question_attempts | 5, 0.985 0997 | 028 | %13 | 198 | 35860
R teps 6 1

mdl_quiz_attempts 5

mdl_logstore_standard_| )

8, ) ‘course_viewed’ 0.294 0.986 0997 | 030 | O | 196 | 54g5

mdl_question_attempt_s - N 4 3

teps

mdI_logstore_standard_| )

il | “course_viewed’ 0.298 0.986 0997 | 030 | O | 196 1 55549

course_module_viewed’, - 6 6 3

‘blog_entries_viewed’

mdl_logstore_standard_| ) ' ' - 019 | 1.97

og, course_viewed 0.396 0.989 0.997 0.40 5 0 46.800

‘course_module_viewed’ 4

mdl_logstore_standard_|

0g, -

) , ) , 0.13 | 1.99 .
mdl_question_attempt_s course_viewed 0.277 1.000 1.000 0.27 3 N Infinity
teps, 7
‘course_module_viewed’
mdI_logstore_standard_| )

?g, ’ , ‘course_viewed’ 0.281 1.000 1.000 0.28 014 1 1.99 Infinity
course_module_viewed’, 1 0 2

‘attempt_viewed’
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mdI_logstore_standard_| )

o8 | “course_viewed’ 0.281 1.000 1000 | 028 | 04| 199
course_module_viewed’, - 0 2

‘ : , 1
report_viewed

Infinity

Table 7.13 — Association rule mining patterns of the attributs
AssociationRules

[‘report_viewed’] --> [mdI_logstore_standard_log] (confidence: 0.802)

[‘course_module_viewed’, ‘attempt_viewed’] --> [md|_question_attempt_steps, mdl_quiz_attempts] (confidence: 0.802)
[mdI_logstore_standard_log, ‘blog_entries_viewed’] --> [‘course_module_viewed’] (confidence: 0.807)
[mdI_stats_user_daily, ‘attempt_viewed’] --> [md|_question_attempt_steps, md|_quiz_attempts] (confidence: 0.810)
[‘report_viewed’] --> [‘blog_entries_viewed’] (confidence: 0.812)

[‘course_module_viewed’, ‘attempt_viewed’] --> [mdl_logstore_standard_log] (confidence: 0.815)
[mdI_logstore_standard_log, ‘report_viewed’] --> [‘course_module_viewed’] (confidence: 0.815)
[‘course_module_viewed’, ‘attempt_viewed’] --> [mdl_quiz_attempts] (confidence: 0.815)

[‘course_module_viewed’, ‘attempt_viewed’] --> [mdI_logstore_standard_log, ‘course_viewed’] (confidence: 0.815)
[mdI_logstore_standard_log, ‘report_viewed’] --> [‘course_module_viewed’, ‘course_viewed’] (confidence: 0.815)
[‘course_viewed’, ‘blog_entries_viewed’] --> [mdI_logstore_standard_log, ‘report_viewed’] (confidence: 0.817)
[‘blog_entries_viewed’, ‘report_viewed’] --> [mdI_logstore_standard_log, ‘course_viewed’] (confidence: 0.817)
[‘message_viewed’] --> [‘message_sent’] (confidence: 0.819)

[‘course_viewed’, ‘report_viewed’] --> [mdI_logstore_standard_log, ‘course_module_viewed’] (confidence: 0.825)
[mdI_logstore_standard_log, ‘report_viewed’] --> [‘course_viewed’, ‘blog_entries_viewed’] (confidence: 0.827)
[mdI_logstore_standard_log, ‘course_viewed’, ‘blog_entries_viewed’] --> [‘report_viewed’] (confidence: 0.838)
[‘course_viewed’, ‘report_viewed’] --> [mdI_logstore_standard_log, ‘blog_entries_viewed’] (confidence: 0.838)
[mdI_question_attempt_steps] --> [mdI_quiz_attempts] (confidence: 0.839)

[mdI_quiz_attempts] --> [mdI_question_attempt_steps, ‘attempt_viewed’] (confidence: 0.840)
[mdI_question_attempt_steps, ‘course_module_viewed’] --> [‘course_viewed’] (confidence: 0.841)

[‘course_viewed’, ‘blog_entries_viewed’] --> [‘report_viewed’] (confidence: 0.841)

[‘blog_entries_viewed’, ‘report_viewed’] --> [‘course_viewed’] (confidence: 0.841)

[mdI_logstore_standard_log, ‘course_viewed'] --> [‘course_module_viewed’] (confidence: 0.845)
[mdI_logstore_standard_log, ‘course_viewed’, ‘report_viewed’] --> [‘course_module_viewed’] (confidence: 0.846)
[‘course_module_viewed’] --> [‘course_viewed'] (confidence: 0.847)

[‘course_viewed'] --> [‘course_module_viewed’] (confidence: 0.847)

[mdI_stats_user_daily, ‘attempt_viewed'] --> [mdI_quiz_attempts] (confidence: 0.848)

[‘course_viewed’, ‘report_viewed’] --> [‘course_module_viewed’] (confidence: 0.850)

[‘blog_entries_viewed’, ‘report_viewed’] --> [mdl_logstore_standard_log] (confidence: 0.854)

[‘course_viewed’, ‘blog_entries_viewed’] --> [mdI_logstore_standard_log, ‘course_module_viewed’] (confidence: 0.854)
[mdI_logstore_standard_log, ‘course_viewed’, ‘report_viewed’] --> [‘blog_entries_viewed’] (confidence: 0.859)
[‘course_viewed’, ‘report_viewed’] --> [‘blog_entries_viewed’] (confidence: 0.863)

[mdI_question_attempt_steps, ‘attempt_viewed’] --> [mdI_quiz_attempts] (confidence: 0.864)
[mdI_logstore_standard_log, ‘report_viewed’] --> [‘blog_entries_viewed’] (confidence: 0.864)
[‘course_module_viewed’, ‘attempt_viewed’] --> [‘course_viewed’] (confidence: 0.864)

[mdI_stats_user_daily, mdl_quiz_attempts] --> [mdI_question_attempt_steps, ‘attempt_viewed’] (confidence: 0.865)
[‘course_module_viewed’, mdl_quiz_attempts] --> [mdI_question_attempt_steps, ‘attempt_viewed’] (confidence: 0.867)
[mdI_quiz_attempts] --> [‘attempt_viewed’] (confidence: 0.868)

[mdI_question_attempt_steps] --> [‘attempt_viewed'] (confidence: 0.873)

[mdI_logstore_standard_log, ‘course_viewed’, ‘blog_entries_viewed’] --> [‘course_module_viewed’] (confidence: 0.875)
[mdI_question_attempt_steps, mdl_stats_user_daily] --> [mdl_quiz_attempts] (confidence: 0.877)
[mdI_question_attempt_steps, ‘course_module_viewed’] --> [mdl_quiz_attempts] (confidence: 0.878)
[‘course_viewed’, ‘blog_entries_viewed’] --> [‘course_module_viewed’] (confidence: 0.878)

[mdI_stats_user_daily, ‘user_login_failed’] --> [‘dashboard_viewed’] (confidence: 0.878)

[mdI_question_attempt_steps, ‘course_module_viewed’, ‘attempt_viewed’] --> [mdl_quiz_attempts] (confidence: 0.878)
[‘course_viewed’, ‘attempt_viewed'] --> [mdl_question_attempt_steps] (confidence: 0.880)

[‘course_module_viewed’, mdl_quiz_attempts] --> [‘attempt_viewed’] (confidence: 0.880)

[‘course_viewed’, ‘attempt_viewed’] --> [md|_logstore_standard_log, ‘course_module_viewed’] (confidence: 0.880)
[‘attempt_viewed’] --> [mdl_question_attempt_steps] (confidence: 0.880)

[mdI_question_attempt_steps, mdl_stats_user_daily] --> [‘attempt_viewed’] (confidence: 0.889)
[mdI_question_attempt_steps, mdl_stats_user_daily, ‘attempt_viewed’] --> [md|_quiz_attempts] (confidence: 0.889)
[mdI_question_attempt_steps, ‘course_viewed’] --> [mdI_logstore_standard_log, ‘course_module_viewed’] (confidence: 0.890)
[‘message_sent’] --> [‘message_viewed’] (confidence: 0.895)

[‘course_module_viewed’, ‘blog_entries_viewed’] --> [md|_logstore_standard_log, ‘course_viewed’] (confidence: 0.897)
[mdI_question_attempt_steps, mdl_quiz_attempts] --> [‘attempt_viewed’] (confidence: 0.899)
[mdI_question_attempt_steps, mdl_stats_user_daily, mdl_quiz_attempts] --> [‘attempt_viewed’] (confidence: 0.901)
[mdI_question_attempt_steps, ‘course_module_viewed’] --> [‘attempt_viewed’] (confidence: 0.902)
[mdI_question_attempt_steps, ‘course_module_viewed’, mdI_quiz_attempts] --> [‘attempt_viewed’] (confidence: 0.903)
[mdI_logstore_standard_log, ‘attempt_viewed’] --> [‘course_module_viewed’] (confidence: 0.904)
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[‘course_module_viewed’, ‘report_viewed’] --> [md|_logstore_standard_log] (confidence: 0.904)
[mdI_question_attempt_steps, ‘course_viewed’] --> [‘attempt_viewed’] (confidence: 0.904)
[mdI_logstore_standard_log, ‘attempt_viewed’] --> [‘course_module_viewed’, ‘course_viewed’] (confidence: 0.904)
[‘course_module_viewed’, ‘report_viewed’] --> [mdI_logstore_standard_log, ‘course_viewed’] (confidence: 0.904)
[mdI_stats_user_daily, mdl_quiz_attempts] --> [‘attempt_viewed’] (confidence: 0.905)
[mdI_logstore_standard_log, ‘blog_entries_viewed’] --> [‘course_viewed’] (confidence: 0.909)
[‘course_module_viewed’, ‘blog_entries_viewed’] --> [mdI_logstore_standard_log] (confidence: 0.910)
[mdI_stats_user_daily, ‘attempt_viewed’] --> [md|_question_attempt_steps] (confidence: 0.911)
[‘course_module_viewed’, ‘attempt_viewed’] --> [mdl_question_attempt_steps] (confidence: 0.914)
[‘course_module_viewed’, ‘blog_entries_viewed’] --> [‘course_viewed’] (confidence: 0.923)
[mdI_logstore_standard_log, mdl_question_attempt_steps] --> [‘course_module_viewed’] (confidence: 0.929)

[mdI_logstore_standard_log, mdl_question_attempt_steps] --> [‘course_module_viewed’, ‘course_viewed’] (confidence: 0.929)

[mdI_logstore_standard_log, ‘course_viewed’, ‘attempt_viewed’] --> [‘course_module_viewed’] (confidence: 0.930)
[‘course_module_viewed’, ‘course_viewed’] --> [mdI_logstore_standard_log] (confidence: 0.930)
[‘course_module_viewed’, ‘report_viewed’] --> [‘course_viewed’] (confidence: 0.932)

[mdI_logstore_standard_log] --> [‘course_viewed’] (confidence: 0.932)

[‘course_viewed'] --> [mdI_logstore_standard_log] (confidence: 0.932)

[‘course_viewed’, ‘attempt_viewed’] --> [‘course_module_viewed’] (confidence: 0.933)

[mdI_quiz_attempts] --> [mdI_question_attempt_steps] (confidence: 0.934)

[mdI_logstore_standard_log, mdl_question_attempt_steps, ‘course_viewed’] --> [‘course_module_viewed’] (confidence: 0.942)
[mdI_question_attempt_steps, ‘course_module_viewed’, ‘course_viewed’] --> [mdI_logstore_standard_log] (confidence: 0.942)

[‘course_module_viewed’, ‘course_viewed’, ‘attempt_viewed’] --> [mdI_logstore_standard_log] (confidence: 0.943)
[mdI_logstore_standard_log, ‘user_profile_viewed’] --> [‘course_viewed'] (confidence: 0.944)
[mdI_question_attempt_steps, ‘course_viewed’] --> [mdI_logstore_standard_log] (confidence: 0.945)
[mdI_question_attempt_steps, ‘course_viewed’] --> [‘course_module_viewed’] (confidence: 0.945)

[‘course_viewed’, ‘attempt_viewed’] --> [md|_logstore_standard_log] (confidence: 0.947)

[mdI_stats_user_daily, ‘attempt_viewed’, mdl_quiz_attempts] --> [mdI_question_attempt_steps] (confidence: 0.955)
[‘course_viewed’, ‘user_profile_viewed’] --> [mdI_logstore_standard_log] (confidence: 0.957)
[mdI_logstore_standard_log, ‘blog_entries_viewed’, ‘report_viewed’] --> [‘course_viewed’] (confidence: 0.957)
[mdI_stats_user_daily, mdl_quiz_attempts] --> [mdI_question_attempt_steps] (confidence: 0.959)
[‘course_module_viewed’, mdl_quiz_attempts] --> [mdl_question_attempt_steps] (confidence: 0.960)
[mdI_logstore_standard_log, ‘report_viewed’] --> [‘course_viewed’] (confidence: 0.963)

[‘attempt_viewed’, mdl_quiz_attempts] --> [mdIl_question_attempt_steps] (confidence: 0.967)
[‘course_module_viewed’, ‘course_viewed’, ‘report_viewed’] --> [mdI_logstore_standard_log] (confidence: 0.971)
[‘course_viewed’, ‘blog_entries_viewed’, ‘report_viewed’] --> [md|_logstore_standard_log] (confidence: 0.971)
[‘course_module_viewed’, ‘course_viewed’, ‘blog_entries_viewed’] --> [mdI_logstore_standard_log] (confidence: 0.972)
[mdI_logstore_standard_log, ‘attempt_viewed’] --> [‘course_viewed’] (confidence: 0.973)

[‘course_viewed’, ‘report_viewed’] --> [md|_logstore_standard_log] (confidence: 0.975)

[‘course_viewed’, ‘blog_entries_viewed’] --> [mdI_logstore_standard_log] (confidence: 0.976)
[‘course_module_viewed’, ‘attempt_viewed’, mdl_quiz_attempts] --> [mdI_question_attempt_steps] (confidence: 0.985)
[mdI_logstore_standard_log, mdl_question_attempt_steps] --> [‘course_viewed’] (confidence: 0.986)
[mdI_logstore_standard_log, ‘course_module_viewed’, ‘blog_entries_viewed’] --> [‘course_viewed’] (confidence: 0.986)
... 5otherrules ...

Table 7.13 — Association rule mining patterns of the attributs
I

Sample row data

The researcher peruses 405 number of log tables in the Moodle Learning Management

System (LMS) some of the data tables noted below.
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Main Log table

The main log table of the Moodle Learning Management System (LMS) is

“mdl logstore standard log”. The major attributes (component, action, target and object

table) and its categories are as follows,

Attribute = Component “action  target  Objecttable

gradereport_grad @ answere @ assessable Choice
er d

gradereport_over | blocked | attempt_preview Cohort

\ created \ badge_listing \ Course

\ ended \ blog_extrernal \ course_moudles

\ mod-lesson \ graded \ capability \ course_sections

mod-quiz loggedin | cohort
as

\ mod-survey \ reset \ config_log \ Folder

report_log restored = course forum_discusstion_sub
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report_stats reviewe | course_bin_item forum_posts
d
\ \ sent \ course_content \ grade_Grades

‘7‘ started \ course_module

\ Groups

unassign | course_module_instan | Lesson
ed ce_list
uploade | course_section message_contacts
d
courses message_users_blocke
ed

~ dwhboard  Messages
\ \ \ discussion \W‘

\ \ \ edit_page

\Page

________ enrolinstance Quiz
I

‘ ‘ group

\ Resource

~ message role_capabilities

tool_recyclebin_categ

message_user
ory

post ' tool_usertours_steps

\ recent_activity \ url

\ role \ user_enrolments

~ subscripton
| tour |

\ \ user_enrolment \
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User_login
User_profile

webservice_function

webservice_token
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Appendixes — B

Main login dashboard of the undergraduate Learning Management System for the Faculty of

Medicine, University of Colombo is mentioned below.

On.'s Faculty of Medicine s » ,.....-.‘.,‘ .
>

Undergraduate Learning Management System - Faculty of Medicine, University of
Colombo

o )
A Saw home » '
My courwes - ¥
™ 20VERSCS v 8w
= 201msTIN
R TN Students of the Faculty of Medicine, University of Colombo
=
- e
-2 -
-2 Site announcements -
= Lrsabacete from (s foros . »
el o
M WASY RapAIMONE ’
hera Chaoe ey

Notics 1o Students Using Onbne Cesrring Progran
v Sarvgruath Porer My Mg 200, 9113

Main login dashboard of the undergraduate Learning Management System

The research created several SQL queries on the live LMS environment to develop required

log tables and some of which are mentioned follows.
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Main login dashboard of the undergraduate Learning Management System for the Faculty of

Medicine, University of Colombo is mentioned follows

(7Y M5 - Facutty of Modcine & & Difsa s .

LIST of all site USERS by COURSE enroliment (Moaodle 2.x)

BRELEELLLLLERE

Main login dashboard of the undergraduate Learning Management System for the Faculty of

Medicine, University of Colombo is mentioned follows
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Main login dashboard of the undergraduate Learning Management System for the Faculty of

Medicine, University of Colombo is mentioned follows
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Database designer of the Undergraduate Learning Management System for the Faculty of
Medicine, University of Colombo is mentioned follows
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Appendixes — C

The researcher developed a dataset by writing queries using the Structured Query Language
(SQL) to the published Moodle database. The executed SQL queries to develop the dataset is
shown in Code Snippet 4.0.

The SQL Query executed to prepare research data set

select id as user,

(SELECT COUNT (userid) FROM
mdl_stats_user_daily where userid=user ) as
'mdl_stats_user_daily’,

(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like '%dashboard_viewed') as
‘dashboard viewed’,

(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like '%course_viewed') as
‘course_viewed’,

(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like '%course_module_viewed") as
‘course_module viewed’,

(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like '%course_category_viewed') as
‘course_category viewed’,

(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like '%content_page viewed') as
‘content_page viewed’,

(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like '%attempt_viewed') as
‘attempt_viewed’,

(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like '‘%user_profile_viewed') as
‘user_profile viewed’,

(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like '%report_viewed') as
‘report_viewed’,

(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like '%blog_entries_viewed') as
‘blog_entries viewed’,
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(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like '%omessage_viewed') as

‘message viewed’,

(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like '‘%notification_viewed') as
‘notification viewed’,

(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like '%question_viewed') as
‘question_viewed’,

(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like "%discussion_viewed') as
‘discussion_viewed’,

(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like 'Y%omessage sent') as ‘message sent’,
(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like '%notification_sent’) as
‘notification_sent’,

(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like '%discussion_created') as
‘discussion_created’,

(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like '%omessage_contact_added’) as
‘message contact added’,

(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like '%user_password_updated') as
‘user_password updated’,

(SELECT COUNT (userid) FROM
mdl_forum_discussions where userid=user ) as
'mdl_forum_discussions',

(SELECT COUNT (userid) FROM
mdl_chat_messages where userid=user ) as
'mdl_chat_messages’,

(SELECT COUNT (userid) FROM
mdl_question_attempt_steps where userid=user ) as
'mdl_question_attempt_steps’,

(select count(userid) from
mdl_logstore_standard log where userid=user and
eventname like '%question_answered') as
‘question_answered’,
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(SELECT COUNT (userid) FROM
mdl_quiz_attempts where userid=user ) as
'mdl_quiz_attempts',

(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like '%assignment_submissions’) as
‘assignment submissions’,

(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like '%email_failed') as ‘email failed’,
(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like '%user_login_failed’) as
‘user_login_failed’,

(select count(userid) from
mdl_logstore_standard_log where userid=user and
eventname like '%webservice_login_failed’) as
‘webservice login_failed’,

(SELECT COUNT (userid) FROM
mdl_logstore_standard_log where userid=user ) as
'mdl_logstore_standard_log'

FROM mdl_user ORDER BY ‘user’ ASC

Code Snippet 4.0 - The SQL Query executed to prepare research Data set
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