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Abstract

There has been a surge in student failure rates in blended-learning courses in recent
times, which has generated considerable research interests. Engagement is identified
as one of the core metrics for measuring students” success or failure in any learning
system. This study utilizes machine learning algorithms on students” log-file data col-

lected from an LMS to predict student success and increase their throughput rates.

The machine learning predictive models considered in this study are Logistic Re-
gression, Support Vector Machines, Naive Bayes, Decision Tree, Random Forests, Gra-
dient Boosting Tree, Multilayer Perceptron Neural Network, and Linear Discriminant
Analysis. The study presents the advantage of using SMOTE sampling in handling
imbalance class problems over Random Under-Sampling and Random Over-Sampling

Techniques.

The Random Forests performance surpassed the other machine learning models in
this study with an accuracy value of 91%, AUC of 0.90, and F1-score of 0.98. The results
provide an automatic predictive model for timely identification of learners at risk of
failing in their courses for instructor early intervention. The significance of this study

is to provide a feedback tool on engagement for an increase in student performance.

Keywords: Educational Data Mining, Student Success, Machine Learning, Student

Engagement, Predictive Models.
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Chapter 1

Introduction

Educational Data Mining (EDM) is a prominent study area, serving a variety of instruc-
tional goals within web-based educational systems [Romero ef al., 2014]. The purpose
of EDM includes evaluation of learning and instructional design efficacy, designing
adaptive environments for students based on their actual behaviour, providing input
to both students and teachers, and detecting abnormal learning habits in the system
[Castro et al., 2007]. EDM is a data mining subset that utilises machine learning meth-
ods in various kinds of academic data to address academic research concerns [Romero
and Ventura, 2013]. Academic success is one such concern for tertiary education insti-
tutions around the world.

Data analytics is identified for detecting students” academic failure and increasing
the throughput rate in educational institutions around the globe [Ajoodha et al., 2020;
Kumar et al., 2018].

Student engagement is the student’s learning involvement or participation in a learn-
ing environment [Hu and Li, 2017]. The concept of student engagement is derived from
conventional classroom teaching studies [Hu and Li, 2017]. Though online, blended,
and classroom learning processes are different, student engagement theory is the same.
That is, they all need students” active involvement [Hu and Li, 2017].

The blended course is a mix of the traditional classroom and online learning [Porter
et al., 2014; Margulieux, 2015]. The possible advantages of using technology to comple-
ment instructors include improving instruction quality and accessibility of instruction
[Margulieux, 2015]. The blended-learning objectives include active learning, accessibil-
ity to information at a convenient time, student-teacher physical interaction, improve-
ment in academic performance, learner’s independence and improved cost-efficiency
[Osguthorpe and Graham, 2003].

The objectives of using the blended-learning method rely on the teacher, learners,
curriculum, and school, but adequately implemented technology-based instruction
should not adversely impact learning outcomes [Margulieux, 2015]. A large number
of learners are participants in technology-mediated learning in recent times because it
is a convenient way of learning [Hu and Li, 2017], and the present COVID-19 pandemic
has necessitated it.
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However, the blended or online learning platform is faced with numerous chal-
lenges. Some of the challenges associated with the students in a technology-mediated
environment are lack of self-drive in students towards various course materials and ac-
tivities, increase in the rate of course non-completion and high attrition rate [Hussain et
al., 2018; Asiah et al., 2019; Moubayed et al., 2018]. The other challenge is the technical
challenges such as lack of automatic detection of student engagement or disengage-
ment, lack of efficiency and accurate prediction model.

Despite the challenges with blended and online learning platforms, the blended-
learning environment has dramatically reduced the difficulty of student engagement
detection experienced in online learning. According to the study of Owston and York
[2018], some scholars agreed that students perform decently well in blended programs
than those exclusively in technology-mediated or classroom courses across a broad
spectrum of academic subjects and educational offerings.

Student engagement is a core metric for measuring a student’s success or failure in
any learning system. Recently, the reported rate of failure in undergraduate blended-
learning courses is alarming, especially in science courses [Macarini et al., 2019]. Thus,
there is a need to investigate the key engagement metrics correlated with a student’s
success in a blended-learning environment.

Student engagement is important to learning but multi-faceted and complex [Bosch,
2016]. The time allotted to online activities in a blended-learning course is proportional
to the course performance [Gémez-Aguilar et al., 2015; Romero et al., 2013]. Hence, the
study of the online component of blended-learning.

1.1 Problem Statement

Student engagement is the main indicator for measuring students’ performance in any
learning system. Evaluating student performance in blended-learning using their in-
teraction with the Learning Management System (LMS) is essential in determining the
reason behind high failure rates in undergraduate courses, especially in science. The
evaluation result will help the instructors identify students at risk of failing and need
intervention to avert failure. To this end, this study looks at predicting student success
in a blended course using student engagement data obtained from LMS to research key
engagement metrics vital for the prediction of students” success. In this research, the
term "at-risk " means students on the low-level band on a scale of 100 percent.

1.2 Motivation of Study

This research is motivated by the need to increase the throughput rates of students
in a blended-learning course. Some of the earlier studies classified students’ perfor-
mances into outstanding, average, or below average [Asiah et al., 2019]. The students
in the bracket of below-average are eventually identified to fail the course. Hussain
et al. [2018] also emphasised in their research that excellent learning can be achieved
by tracking student engagement in an educational programme through different prac-
tices, which ultimately helps minimise dropout rates. This study seeks to investigate
the vital student engagement metrics that affect students” success in a course.
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1.3 Research Contribution

The contributions of this research are:
e A predictive model to determine which features are vital to predict student suc-
cess in a blended-learning course.

e Feedback tool on learning for possible redesigning of course to increase through-
put in a blended-learning course.

¢ Automatic predictive model for early identification of at-risk students for timely
instructor intervention.

1.4 Purpose Statement

This research evaluates the effect of student engagement with the LMS on the students’
performance. It will also compare and evaluate the more influencing interactions in
predicting the students” success in a blended course.

1.5 Aims and Objectives

1.5.1 Study Aim

This study aims to predict student success by using stored data containing student
activities and evaluating the behavioural patterns using student engagement on the
LMS.

1.5.2 Obijectives
To achieve this aim, the following objectives are to be met:
e To determine and evaluate the vital engagement metrics on student’s perfor-

mances.

e To provide the instructors or lecturers with automatic detectors to identify a stu-
dent at risk of failing during courses for possible intervention.

e To provide a machine learning model with optimal performance for the predic-
tion of student’s success.

e To investigate the impact of student’s engagement on their course assessment
scores.

¢ To evaluate the effect of the data sampling methods on the performance of the
models in predicting student success.



Chapter 1. Introduction 4

1.5.3 Research Questions

The research questions for this study are:

e What are the key engagement metrics for early detection of students at risk of fail-
ing for the instructors” hypothetical timely intervention in the blended-learning
course?

e Which machine learning models used in this study offer optimum performance
in predicting student success in the blended-learning course?

e Which engagement features are vital to predicting students” performance in a
blended-learning course?

e Which of the data sampling techniques used in this study give the best model
performance in predicting student success?

1.6 Summary

This chapter presented the introduction of the study. It also discussed the problem
statement, motivation of study, research contribution, statement of purpose and re-
search questions. The purpose of this study is to obtain information that could be used
to identify students at risk of failing and provide the instructor’s hypothetical interven-
tion to avert failure and boost performance.

This research report is structured as follows: Chapter 2 provides the related work
on various researches done in the past on student success predictions in a blended-
learning environment, Chapter 3 outlines the research design and methodology associ-
ated with the student success predictions based on engagement using eight predictive
models: Logistic Regression, Support Vector Machines, Naive Bayes, Decision Trees,
Random Forest, Gradient Boosting Tree, Multi-layer Perceptron, and Linear Discrim-
inant Analysis. Chapter 4 contains the results and discussion, and Chapter 5 is the
conclusion, further study, limitation, and contribution.



Chapter 2

Literature Review

2.1 Introduction

Researchers have attempted to study student success using engagement in blended-
learning and online learning environments [Hussain et al., 2018; Amrieh et al., 2016;
Van Goidsenhoven et al., 2020]. The correlation between students’” performance and en-
gagement has also been extensively investigated using data mining, statistical analysis,
and machine learning [Dutt and Ismail, 2019; Hussain et al., 2018; Zacharis, 2016]. Stud-
ies have shown that educational achievement has been correlated with LMS engage-
ment metrics and has a strong relationship with their performance in the programme
[Macarini et al., 2019; Hussain ef al., 2018; Amrieh et al., 2015, 2016].

Hussain et al. [2018] and Zacharis [2016] in their research used the number of clicks
on educational learning platform as one of the significant student interaction features in
a technology-mediated /blended-learning environment in the investigation of student
success. Decision Tree, Naive Bayes Classifier, and Neural Networks algorithms were
also considered in their research due to the simplicity and high predictive accuracies of
these algorithms.

For blended-learning success prediction, the interaction or engagement of the stu-
dent with the LMS, which is the online component of the blended-learning course, was
explored in the study by [Sheshadri et al., 2019]. Their result showed that the online
part of blended learning’s engagement correlates with student performance and final
grades. New studies suggest that blended learning can improve student success[Vo et
al., 2017; Bernard et al., 2014].

This section is structured as follows: Section 2.1.1 discusses the impacts of student
engagement on performance; Section 2.1.2 shows the classification of engagement de-
tection; and finally, Section 2.1.3 explores log-file analysis for predicting student suc-
cess.
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2.1.1 Impacts of Student Engagement on Performance

The impact of student engagement is broad on student performance. Student engage-
ment stimulates factors such as students’ learning experience, learning satisfaction,
learning performance, and competency in the course [Soffer and Cohen, 2019]. Wefald
and Downey [2009] showed the positive correlation between student engagement with
learning performance, promotion of learning outcomes, an increase in professional ma-
turity, and a reduction in dropout propensity.

Hu et al. [2016] examined the role of learning engagement in technology-mediated
learning, and their result showed a positive impact on learning effect in either class-
room learning or technology-driven learning. Essentially, when students are well en-
gaged in learning, they are bound to gain more in their learning activities Soffer and
Cohen [2019] and ultimately succeed in the course.

2.1.2 Engagement Detection Classification

Dewan et al. [2019] proposed classifications for engagement detection from the existing
approach for online learning learners. There are three major types: automatic, semi-
automatic, and manual. These classifications depend on the method and the level of
user participation in the engagement identification procedure.

In a manual method of engagement, detection requires learners’ direct participation
in the process of engagement detection. The manual category is broken down into a
self-reporting and an observational checklist.

Engagement tracing is a sub-division of semi-automatic engagement detection,
where the learner’s indirect involvement in the interaction detection process is re-
quired. Engagement tracing records the frequency and precision of learner answers
to problem practice and questions.

In the automatic category, the system automatically records the learners’ activities
in the interaction detection process and does not interrupt the learners. The automatic
method sub-divisions are "computer vision-based type, sensor data analysis, and log-
tile analysis", subject to the data these interaction detection systems capture.

2.1.3 Log File Analysis

For the predictions of student success, the behaviours of the learners stored in log files
are analysed. In a technology-mediated learning setting, the students” activities are
recorded in logs, and this can provide useful insight for the identification of the en-
gagement towards performance prediction [Dewan et al., 2019].

For example, an LMS can store a user’s learning history, including the history of
browsing, assighment submissions, frequency of login, test results, and other essential
events [Wellman et al., 2014]. Sakai is an example of an open-source LMS, which is
regarded as a course management system within the open-source culture. Sakai is an
accessible learning resource used in most institutions of higher learning [Cavus and
Zabadi, 2014]. There are commercial and open-source LMSs. Kalboard 360 is a cloud-
based example of commercial LMS that allows a blended-learning form of pedagogy.
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2.2 Data Source

Insufficient consideration has been devoted to sources of data for supervised classifica-
tion analysis [Gardner and Brooks, 2018]. The knowledge of the sources of data is vital
for predictions. It provides valuable foundations for potential research that are not ex-
plored. It also reduces developmental and computational times for feature extraction
[Gardner and Brooks, 2018; Mining, 2012].

Different data sources had been explored in the past for success predictions, as ev-
ident in other researchers’ past works. Some researchers used qualitative data (ques-
tionnaire or interview), quantitative data (student behavioural data from online learn-
ing activities), and others used combinations of both data types [Hu and Li, 2017].

Wells et al. [2016] explored log-file data of postgraduate students in an online man-
agement program at Imperial Business School, London, for the 2014 /2015 session. Hus-
sain et al. [2018] used freely accessible data collection from the Open University of the
United Kingdom in their study. In their research on the predictions of success, Soffer
and Cohen [2019] used four online courses from the Moodle LMS log-file data of the
undergraduate students at Tel Aviv University, Israel.

Captured images from videos were developed and used for engagement recognition
in relation to student performance by [Kamath ef al., 2016]. Moubayed et al. [2018]
investigated the connection between student engagement and academic success in a
technology-mediated platform using the LMS data from a North American university
undergraduate science course. Alsubhi et al. [2019] explored interview questions for
student engagement challenges in e-learning platforms at different Saudi universities
and their relationship with student performance. Silva et al. [2016] applied Moodle
LMS data from graduate courses in public management course at the university in
Brazil from 2014 to 2015.

Measurement of student disengagement was conducted by Haiyang et al. [2018] us-
ing data from Open University. Inventory answers and recorded video data for stu-
dents in Stanford statistical Massive Open Online Course was used by Mongkhonvanit
et al. [2019] for student engagement tracing.

2.3 Feature Selection

Feature selection is the key element in any successful machine learning project
[Domingos, 2012]. Feature selection involves selecting or creating new features in the
data set for an improved result of the prediction model and reducing computation
time [Deepika and Sathyanarayana, 2019]. Also, feature selection controls the size of a
dataset and removes redundant or irrelevant features [Deepika and Sathyanarayana,
2019]. Ramaswami and Bhaskaran [2009] identified some of the feature selection filters
commonly used in EDM as follows:

1) Correlation Based Attribute evaluation

2) Chi Square Attribute evaluation

3) Gain Ratio Attribute evaluation

4) Information Gain Attribute evaluation

5) Relief Attribute evaluation and
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6) Symmetrical Uncertainty Attribute evaluation

This section is structured as follows: Section 2.3.1 explores feature selections in stu-
dent success prediction in the past work.

2.3.1 Feature Selection in Student Success Prediction

The investigation of the student success using engagement in online learning using
four variables: initial assessment scores, the highest level of education, final exami-
nation score, and the total number of clicks on the learning platform was performed
by [Hussain et al., 2018]. Student clicks on nine online learning platforms, final grade
and assessment score were highly significant to engagement from spearman statisti-
cal results. Their findings also showed that learners’ clicks on forumng and oucontent
are significant in predicting student success. The forum discussion and course content
access activities positively impact student engagement and examination final grade.

The association between student involvement and success in the technology-
mediated setting was explored using nine engagement metrics with association rule
from learners’ event logs in the study of [Moubayed et al., 2018]. It was revealed in
the researchers’ study that student attributes like the frequency of logins, content read,
and the number of forum read influenced the quiz performance and eventually re-
sulted in a high final score in the course. Moubayed et al. [2018] proposed that student
involvement can be a determinant of academic success due to the positive correlation
engagement has on performance.

2.4 Predictive Models in Educational Data Mining

A considerable number of predictive models or machine learning algorithms have been
implemented on educational data in past studies to evaluate students’ success. Authors
have investigated student success based on engagement in blended learning and on-
line environments using features extracted from students’ activities in the pedagogy’s
online component. Table 2.1 highlights the summary of predictive models, features,
and evaluation metrics from the related work.

The Decision Tree model is a frequently utilised predictive model in EDM. Hashim
et al. [2020]; Waheed et al. [2020]; Hussain et al. [2018]; Amrieh et al. [2016] and Cocea
and Weibelzahl [2009] applied the Decision Tree model in their studies of student per-
formance, and the highest accuracy value of 82% was obtained from the Decision Tree
by [Amrieh et al., 2016].

Naive Bayes Classifier was also implemented by Hashim et al. [2020]; Hussain et al.
[2018]; Abed et al. [2020] and GopalaKrishnan and Sengottuvelan [2016] in their studies
of student performance. Abed et al. [2020] had a good accuracy value for the Naive
Bayes Classifier used in their study. The Logistic Regression is an extensively used
model in EDM (Waheed et al. [2020]; Hashim et al. [2020]; Bote-Lorenzo and Gémez-
Sénchez [2017]; Silva et al. [2016]; GopalaKrishnan and Sengottuvelan [2016]; Sinha et
al. [2014]; Cocea and Weibelzahl [2009]). The authors in Hashim et al. [2020] and Silva
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et al. [2016] achieved the optimum accuracy value for Logistic Regression among the
algorithms experimented in their researches.

The other models from the literature are : Support Vector Machines (Waheed et al.
[2020]; Hashim et al. [2020]; Dutt and Ismail [2019]; Bote-Lorenzo and Gémez-Sanchez
[2017]; Ajoodha et al. [2020] and Kamath et al. [2016]); and Random Forests ( Ajoodha
et al. [2020] and Dutt and Ismail [2019] ), the best accuracies were recorded by Ajoodha

et al. [2020] and Dutt and Ismail [2019] for Random Forest in their studies.

Authors

Features

Models

Evaluation Metrics

Waheed et al. [2020]

Students demograph-
ics,clickstream be-
haviour and assess-
ment performance

ANN, LR and SVM

Accuracy,Precision and
Recall

Hashim et al. [2020]

Number of students,
study  year, gen-
der, students’ birth
yearregistration, em-
ployment examination
points and final points

SMO, DT, NN, NB, LR,
KNN and SVM

Precision and Recall

Dutt and Ismail [2019]

Demographic, Aca-
demic and behavioral
features

SVM, LDAREKNN,
and CART

Accuracy and  F-

measure

Alsubhi et al. [2019]

Online discus-
sion,assessment,exercise:
learning material

Qualitative approach

Pr

Expert view

Mongkhonvanit et al. [2019]

Item responses ,video
interaction

RNN

Accuracy

Hussain et al. [2018]

Highest education
level,Final results,test
score,Number of clicks

Tree-based Algorithms,
Naive Bayes

Accuracy,Kappa,Recall

Moubayed ef al. [2018] Student ID, | Apriori Algorithm, | Support,Confidence,Lift
Quiz,Midterm Frequent Pattern (FP)
Exam,Final Exam Growth Algorithm,
Generalisation Sequen-
tial Pattern Algorithm
Alshabandar et al. [2018] Clicks on | EDDA,KNN,LR Accuracy,F1,AUC, sen-
URL,sum_clicks.subpagg sitivity,specificity
Kaur et al. [2018] Video recording RF, DNN Mean Square Error,
Pearson Correlation
Coefficient
Bote-Lorenzo and Gémez-Sénchez [2017] Engagement  Videos, | LR, SGD ,RESVM AUC
assignment scores
Wells et al. [2016] Gender,Region, High- | LR Correlation
est qualification, Em-
ployment sector
Silva et al. [2016] Dialogue,Autonomy, LR Accuracy
Profile Data
Kamath et al. [2016] Video recording SVM Accuracy
GopalaKrishnan and Sengottuvelan [2016] | Pages  read,Learning | LR,DT,BC,PSO with | Accuracy ,Precision

time,Questions at-
tended,Assessment
time,Correct
swers,Wrong
answers,Clicks
used,Scroll

used

an-

wheel

BCr, HPSO with NBC

Sinha et al. [2014]

Clicks

LR

Accuracy

Cocea and Weibelzahl [2009]

Clicks

BN,LR,J48,CART, IBk

Accuracy,Precision

TABLE 2.1: Related Work on Student Success Prediction based on Engagement in On-
line and Blended Learning Environments




Chapter 2. Literature Review 10

2.5 Evaluation Techniques

Different authors evaluated the performance of predictive models in their studies of
student success prediction by comparing actual and predicted values. The Confusion
Matrix represented in Table 2.2 holds the value of the information produced by a pre-
dictive model, about expected and actual class labels [Hussain et al., 2018]. The terms
in the confusion matrix are explained below:

e True positive (TP): Number of correct positive predictions.
e False positive (FP): Number of incorrect positive predictions.
e True negative (TN): Number of correct negative predictions.

e False negative (FN): Number of incorrect negative predictions.

Predicted
TP | FN
Actual P T TN

TABLE 2.2: Confusion Matrix

There are different studies of student success prediction using engagement where
accuracy evaluation technique has been used to test models performance Hussain et al.
[2018]; Silva et al. [2016]; Durgabai and Bhushan [2014]; Cocea and Weibelzahl [2009];
Sinha et al. [2014]; Mongkhonvanit et al. [2019]; Kamath et al. [2016]; GopalaKrishnan
and Sengottuvelan [2016]. Accuracy is a ratio of correct prediction.

Cocea and Weibelzahl [2009]; GopalaKrishnan and Sengottuvelan [2016] evaluated
their models of student engagement predictions using precision evaluation method.
Precision is the number of accurate positive predictions as a percentage of the total
number of positive predictions.

Recall or sensitivity evaluation technique is the number of positive results right and
the average number of positives. Hussain et al. [2018]; Alshabandar ef al. [2018] tested
their models using recall in their studies of student performance using engagement.

Kappa statistics, which is a metric that compares the observed accuracy with an ex-
pected accuracy, was explored by Hussain et al. [2018] in testing the performance of
their model of study success prediction.

An important metric is the Area Under the Curve (AUC) and Receiver Operating
Characteristic (ROC) curve in the domain of prediction of student success. Hussain et
al. [2018]; Alshabandar et al. [2018]; Bote-Lorenzo and Gémez-Sanchez [2017] evaluated
their model using this metric.

F1- Measure, which is the harmonic mean of precision and recall, is another indicator
for evaluating feature selection techniques’ effectiveness. This metric is more important
for evaluating the efficiency of the classifier. Alshabandar et al. [2018] used the F1 mea-
sure evaluation metric in the study of student success.
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2.6 Conclusion

This chapter highlighted the researches done in the domain of student success/perfor-
mance predictions concerning: impact of student engagement in performance, engage-
ment detection, data source, feature selection, and predictive model. The study inves-
tigated the essential metrics for the prediction of student success based on engagement
in blended-learning also.

From the literature, authors proposed further research into student success using
engagement in a blended-learning environment as it has not been extensively investi-
gated Van Goidsenhoven et al. [2020]; Park [2014]. In this study, we propose to examine
students’ success through student engagement in relation to the students” different be-
havioural patterns with the LMS and the provision of effective balancing techniques
for the data emanating from blended-learning settings as we identified these gaps in
the literature.

In this research, Logistic Regression, Support Vector Machine, Naive Bayes Classifier,
Decision Tree, Random Forests, Gradient Boosting Tree, Multilayer Perceptron, and
Linear Discriminant Analysis predictive models will be explored. These models’ choice
is due to their high efficiency and accuracy on student data from the LMS for the impact
of student engagement on student performance in a blended-learning (Kalboard 360
LMS) platform.



Chapter 3
Research Methodology

The previous chapter presented related work by researchers in the domain of student
success predictions based on engagement in blended-learning environments. This
chapter addresses the research approach, theoretical framework and methods to be
adopted in this research. Student success prediction flow in Figure 3.1 itemises the pro-
cess flow and the key steps that will be involved in this study to accomplish the goal of
this study.

This study adopted a quantitative research approach on data from undergraduate
studies based on the related works. The exploration of the linear and non-linear ma-
chine learning models was utilised to forecast students” success and increase their
throughput rates in a blended-learning course. This study also used the theoretical
framework of Amrieh et al. [2016] that categorises log-file data of students from an
LMS into Behavioural, Demographical, and Academical categories to analyse the im-
portance of each feature to the prediction.

The sections are structured as follows: Section 3.1 outlines the application of the
study; Section 3.2 presents the data acquisition and collection of the dataset; Section 3.3
highlights the pre-processing and feature selection used in this study; Section 3.4 gives
the machine learning models explored in this study; Section 3.5 shows the performance
metrics for testing the performances of the models and Section 3.6 is the summary.

3.1 Application of Study

This study helps identify the students who are at-risk of failing in a course. Following
the identification of at-risk students, the instructor’s attention will be triggered to track
such students” engagement and provide a suitable timely intervention to eliminate or
reduce the failure rates. This instructor’s intervention will, on the broader level, also
improve the reputation of the university as the instructors” intervention will go a long
way to put the student on track.

This research provides automated predictive models to the LMS used by the insti-
tution to monitor at-risk students. The predictive models will also produce significant

12
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insight for the educational instructors to improve their teaching material and student
performances.

Data acquisition and
collection from LMS

J i Features 1 Pmmmmmmmmmmmememooo oo
joT T . _ 1 i Predictive Models |
1 | ! ] | ]
' Data prn.ef Feature. : ! 1 ’—‘Predic‘[ion 1 | NBC ‘ ‘ RF H LR ‘ | DT ‘ :
I | processing extraction |, 1 i

1
: | )

i|SVMs | [mee | [esr |
1

1
!
Evaluation |‘—:
1
1
1
1

______________________

FIGURE 3.1: Student Success Prediction Flow

3.2 Data Acquisition and Collection

In this research, we used the student academic performance dataset that is free and
accessible on Kaggle to analyse academic performance. The data was collected from
the Kalboard 360 LMS using the xAPI educational activity tracker tool. The XxAPI tracks
knowledge and teaching tasks, such as login time or page read. The dataset is made
up of 500 student records and 16 features as represented in Table 3.1. The attributes
were divided into three: (1) Demographic variables, such as gender and nationality. (2)
Academic variables, such as the educational stage, the degree level, and the section,
and (3) Behavioral variables such as raising hands-on lessons, opening up resources,
responding to parent surveys, and parent satisfaction with the school [Amrieh et al.,
2016].

3.3 Pre-processing and Features Selection

The performance of any data mining algorithm and the identified trend is essential
for the dataset’s effectiveness. The pre-processing facilitated the processing of unre-
fined datasets into a machine learning algorithm-comprehensible format. The empha-
sis was on identifying and discarding inaccurate or meaningless data such as missing
data, anomalies, and inconsistent data. The process reduced the feature space’s size,
eliminated duplicate, insignificant, or meaningless data, and enhanced the result in-
terpretation. We used information gain to assess the ranking features to determine
which features are most necessary to build student success’ prediction models. The top
ten subsets of features were selected for dimensionality reduction and improved data
quality for better model performances. The features were separated into demographic,
academic background, and behavioural features for easy determination and evaluation
of the vital engagement metrics in predicting student success. The target variable was
split into three groups based on the student academic grades: Low, Medium, and High.
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TABLE 3.1: The Students’ Attributes Classification.

Attribute Classification | Attribute Explanation
Gender Statistical data
Demographic Attributes Nationality such as age,
Place of Birth gender
Relation
Stage ID Data related to
Grade ID student acad-
Academic Attributes Section ID emic activities
Topic
Semester
Raise Hands Student Enga-
Visited Resources gement with
Announcement Views LMS
Behavioral Attributes Discussion
Parent Answering Survey
Parent School Satisfaction
Student Absent Days

The performance between 0 and 69 implies low; the performance between 70 and 89
means medium, and the performance between 90 and 100 is high.

0— 69, Low
Grade = ¢ 70 — 89, Medium
90 — 100, High

3.3.1 Missing Values

There are 20 instances of students who have almost all their values missed,these in-
stances were removed from data in order to clean the data and ensure completeness.
The new counts of the dataset was brought to 480 instances with:

127, Low
Class = ¢ 211, Medium
142, High

3.3.2 Data Transformation

The dataset is the combination of both categorical features and continuous features; the
categorical features were transformed for the machine learning models to understand
it. Label encoding was used to transform the categorical features to machine intelligible
format in this study, as shown in Figure 3.2.
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gender MationallTy PlaceofBirth Stagell GradelD SectionlD Topic Semester Relation raisedhands VislTedResources AnncuncementsView Di
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FIGURE 3.2: Data Transformation using Label Encoding

3.3.3 Data Sampling

The data balancing strategies to obtain a more balanced data distribution will be ap-
plied to the training set to handle the class imbalance problem. A Synthetic Minority
Oversampling Technique (SMOTE) will be employed on the dataset. SMOTE works
by initially populating a minority class X instance and determines its closest minority
class neighbours. The synthetic sample is then generated by simply choosing one of
the k nearest neighbours X5 as well as linking X; and X» to create a line in the space of
the feature. The synthetic samples will be created as a convex mix of the both X; and
X samples selected [Guo et al., 2008; Longadge and Dongre, 2013].

The literature encourages SMOTE over Random Under-Sampling (RUS) and Ran-
dom Over-Sampling(ROS) techniques due to possible loss of valuable data while re-
moving majority class samples in RUS and the reuse of minority class samples in ROS.
SMOTE solves ROS and RUS’s likely problems by producing fresh synthetic data from
minority samples [Longadge and Dongre, 2013]. A dataset is highly biased or skewed
if one class sample is more significant than others [Longadge and Dongre, 2013]. This
study will be testing RUS and ROS techniques to investigate the claim in [Longadge
and Dongre, 2013].

3.3.4 Feature Selection

The information gain attribute evaluation determines the value of the attributes by
measuring the entropy in relation to the rank. Information Gain indicates the impor-
tance of the attributes. The Information Gain filter will select the important features in
building our models to obtain better accuracy and reduce feature dimension.

3.3.5 Libraries, Platforms, Frameworks, and Language

This study will utilise the scikit-learn framework (built on NumPy, SciPy, and mat-
plotlib) to perform most experiments required for building the eight models in this
study. The experiments include: sampling, 10-fold cross-validation on the training set,
and the models will later be tested using the testing set. The programming language
to be used is the python programming language via anaconda IDE application with
Jupyter notebook.
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3.4 Predictive Models

In this study, eight predictive models will be used in the prediction of student suc-
cess. The models are Logistic Regression, Support Vector Machines, Naive Bayes, Deci-
sion Tree, Random Forests, Gradient Boosting Tree, Multilayer Perceptron, and Linear
Discriminant Analysis Classifier. These models will be evaluated using k-fold cross-
validation to test for their performances, where k is 10.

For the k-fold cross-validation, the initial sample was randomly split into k equal-
sized subsets. A single subset of k subsets was maintained as validation data for testing,
and the remaining k-1 subsets was used as training data. The cross-validation method
was then used k times, for each of the k subsets used as validation data only once. The
mean of results produced by the repeated k-fold sub-sampling was obtained to a single
estimate.

This section is structured as follows: Section 3.4.1 discusses the Logistic Regression;
Section 3.4.2 provides information on Support Vector Machines; Section 3.4.3 outlines
details on Naive Bayes Classifier; Section 3.4.4 explains the Decision Tree; Section 3.4.5
presents Random Forests; Section 3.4.6 discusses Gradient Boosting Tree; Section 3.4.7
highlights Multilayer Perceptron Model, and finally, Section 3.4.8 shows how Linear
Discriminant Analysis model works.

3.4.1 Logistic Regression

Logistic regression is one of the most widely used in the analysis of EDM, due to its
robust likelihood of performance by nature [Chen and Cui, 2020; Kang et al., 2020;
Van Goidsenhoven et al., 2020]. It is used for model-dependent variables with the aid
of independent variables. It is based on the estimation of the highest likelihood, and
according to that likelihood, the data observed should be the most probable. Logistic
regression performs better if there is no perfect correlation between the independent
variables [Sperandei, 2014; Brownlee, 2016].

The logistic regression model is commonly used because of its flexibility and capac-
ity to make evaluative assumptions concerning model terms [Kuhn et al., 2013]. The
application of logistic regression in this research is from [Brownlee, 2016; Kuhn et al.,
2013]. Equation 3.1 and Figure 3.3 are the mathematical and graphical representations
of Logistic Regression respectively.

1

Pr(x) = FRp—] " eXp*(Bw)

(3.1)
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FIGURE 3.3: Logistic Regression Graphical Representation

3.4.2 Support Vector Machines

Support Vector Machines (SVMs) are supervised learning models with learning set of
rules that analyse the data used to interpret categorization problems. SVMs are com-
monly used in EDM because they have high accuracy in prediction [Abed et al., 2020].
SVMs can effectively perform a non-linear classification using the kernel trick, map-
ping their inputs into high-dimensional function spaces [Brownlee, 2016; Cristianini et
al., 2000]. The mathematical representation of Support Vector Machines” hyperplane is
in equation 3.2 while Figure 3.4 is the graphical description of the hyperplane.

wlz, +b=0, (3.2)
such that:
wle, +b>1 for Yy, = +1,
wle, +b< -1 for y, = —1.
where :

w = weight associated with the feature 1 to z,
b = set of points.
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FIGURE 3.4: SVM Hyperplane

Seiffert et al. [2008] proposed in their study that SVMs can mitigate the skewed vari-
able’s issue without introducing noise. The SVM architecture used in this analysis is
from [Park and Kim, 2020; Brownlee, 2016; Kuhn et al., 2013].

3.4.3 Naive Bayes Classifier

For most predictive problems, this algorithm is the most pragmatic and most straight-
forward learning approach. The Naive Bayes Classifier (NBC) is based on Bayes’ theo-
rem with strong independence assumptions between the features using a probabilistic
approach [Hussain et al., 2018].

Naive Bayes Classifier is efficient because: it takes less processing time, less training
data, low variance, an explicit predictor of posterior likelihood, resilience to noise, and
high capacity to handle missing values Webb et al. [2010] compared to most machine
learning models.

ORONORNC

FIGURE 3.5: Naive Bayes Graphical Representation

The classifier estimates the parameters of the probability distribution P(X/Y) on the
training set of features X (16 features represented in table 3.1) given class Y (Low,
Medium, or High), and then compute the posterior probability of the testing set. This
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leads to classifying the testing set based on the largest computed probability. The prob-
ability can be represented mathematically as:

PY/X)x P(X)

PX/Y) = =

(3.3)

Figure 3.5 is the graphical representation of a simple Naive Bayes where:
{X1, X2, X3, - X} € X are features and {Y'} is the target.

3.4.4 Decision Tree

A Decision Tree has a structural outline architecture graphically depicted in Figure 3.6
in which each internal node tests an attribute. Every division relates to the feature
value, and every leaf node allocates a class (Low, High, or Medium). The tree is formed
from the dataset by deciding which features at the child nodes better divide input fea-
tures. The theory of information gain is used to split the nodes. If a node has minimal
entropy, then it is used as a split node. "A decision tree fits when a study seeks to de-
termine which features are important in a student prediction model" [Hussain et al.,
2018].

The decision tree utilises the training samples to identify the best points to divide
the data to reduce the cost metric [Brownlee, 2016]. It is commonly used because of
its high interpretability nature and requires lesser data pre-processing, unlike other
machine learning algorithms [Brownlee, 2016]. The decision tree’s implementation in
this research is from [Kuhn ef al., 2013; Brownlee, 2016].

Decision Node _——)»Root Node

(T T T $ _____ ° JV

| Sub-Tree
|

g |

Decision Node

v v

Decision Node

o m— m— — — —

Leaf Node Leaf Node Leaf Node Decision Node
N o e e e - |
Leaf Node Leaf Node

FIGURE 3.6: A Graphical Representation of Decision Tree
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3.4.5 Random Forests

The Random Forests is an associative learning algorithm. It consists of several ran-
domly generated decision trees. These randomly generated decision trees are merged
to achieve higher accuracy and reliable predictions and inhibit over-fitting challenges
likely to experience in a typical decision tree and [Ajoodha et al., 2020]. The perfor-
mance of random forests is usually better than decision trees Abed et al. [2020].

Random Forests is an evolution of the decision tree. Here, training dataset samples
are taken with substitution, but the trees are built to eliminate classifiers’ association.
Principally, instead of rapaciously selecting the best breakup point in each tree’s archi-
tecture, only an arbitrary set of features is selected for each division [Brownlee, 2016].

3.4.6 Gradient Boosting Tree

Gradient boosting is a machine learning technique that draws recognition to its speed
and accuracy of prediction, particularly with massive and complicated data. It reduces
the risk of over-fitting. It works by combining a learning algorithm to achieve an ef-
ficient learner from several weak learners that are concurrently related Hussain et al.
[2018].

The gradient boosting concept is to integrate relatively weak predictive models to
create a more potent predictive model. It is a very effective technique for creating pre-
dictive models. Gradient boosting is appropriate to several different risk functions and
maximises these functions” accuracy, which is superior to predictive models [Hew et
al., 2020].

3.4.7 Multilayer Perceptron

Multilayer Perceptron (MLP) is an artificial neural network feed-forward class. It uses
the supervised learning concept called back-propagation for training and includes a
minimum of three processing layers: input, hidden, and output layers Yahaya et al.
[2020].

The input layer obtains the input signal for analysis. The output layer does the tasks
of prediction and classification, and the hidden layers positioned in between input and
output layers serve as the computing driver[Raj and Evangeline, 2020]. In MLP, the
data flow in the forward direction from the input to the output layer, and the neurons
learn with the back-propagation learning algorithm[Raj and Evangeline, 2020]. The
architecture of the multilayer perceptron used in this research is from [Raj and Evange-
line, 2020; Izenman, 2013]

3.4.8 Linear Discriminant Analysis

Linear Discriminant Analysis (LDA) is a computational method for binary and multi-
class classification. It assumes Gaussian distribution for input data for dimensionality
reduction. It is easy, reliable statistically, and sometimes generates models whose per-
formance is as excellent as methods that are more complex [Brownlee, 2016].
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LDA follows the principle of finding a linear combination set of attributes that appro-
priately separates classes distinctly [Izenman, 2013]. The implementation of the Linear
discriminant analysis classifier used in this research is from [Izenman, 2013].

3.5 Evaluation Metrics

The performance of the eight models used in this study will be measured using eval-
uation metrics: confusion matrix, accuracy, recall, precision, F1 score, and AUC - ROC
Curve, which were mostly used in other related studies. The confusion matrix holds
the value of the information produced by a predictive model about predicted and ac-
tual class labels. The data in the matrix is used to evaluate our models.

e Accuracy score is a very common evaluation metric for the classification mod-
els. It can be expressed as the number of precise prediction based on number of
predictions as shown below.

TP+TN
TP+TN+ FP+FN

Accuracy =

e Recall is the number of correct positive predictions and the ratio of the total num-
ber of positives. This is also known by rate of true positive.

TP

Recall = 75N

e Precision is the number of correct positive predictions as a ratio of the total num-
ber of positive predictions.

TP
TP+ FP

Precision =

e The F1 score is the mean value for recall and precision. It offers an indicator of
mistakenly graded results.

Recall * Precision

F1=2
* Recall + Precision

e The Area Under Curve (AUC) and Receiver Operating Characteristic (ROC) will
be used to measure the performances of the three classification models. AUC
curve is calculated by this formula :

1
AUC = (TPR + TNR)

The terms are used in AUC and ROC curve as follows.

TP
TPR=——
R=TpirN
TN
TNR =

TN+ FP
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rpP

FPR= ———
kr FP+TN

3.6 Summary

In this chapter, the study’s approach, theoretical framework and methodology were
discussed step-by-step, splitting the data into 70 percent for training and 30 percent for
testing. Thereafter, the model evaluation will be done using 10-fold cross-validation
on the training set. Pre-processing of the data will also be carried out and classifying
the data to the various classes available. The models will perform the predictions of
students into high, low, and medium classes. The next chapter discusses the results of
the models on the testing set.



Chapter 4

Results and Discussion

4,1 Introduction

In the previous chapter, the methodology utilised in the research was presented. This
section offers and discusses the results obtained from running the Linear Logistic Re-
gression, Support Vector Machines, Naive Bayes, Decision Tree, Random Forests, Gra-
dient Boosting Tree, Multilayer Perceptron, and Linear Discriminant Analysis Classi-
tier. Three major sampling experiments: Random Under-Sampling, Random Over-
Sampling, and Synthetic Minority Oversampling Technique (SMOTE), were conducted

as in this study.

The first section presents the description of the dataset. The second section addresses
important information gain and feature importance results. The third section highlights
three sampling methods and the models trained with the imbalanced class dataset. The

last section is the summary of the chapter.

4.2 Dataset Description

The data acquisition was made using the xAPI learner activity tracker tool from the
Kalboard 360 LMS. This form of teaching on the Kalboard 360 LMS is blended-learning.
The total dataset contains 500 instances of student records and 16 feature [Amrieh et al.,
2016]. There were 20 instances of missing values in the dataset [Amrieh et al., 2015,
2016]. If no information is entered for an attribute, missing values exist [Romero et al.,
2014]. In this research, students who have all or nearly all their values omitted were
deleted/dropped from the data to clean up and guarantee data correctness. Figure 4.1

represents the dataset after dropping the missing value.

23
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S/No|Features Interpretations

1. Gender Gender of the student, either Female or Male
2. Nationality Citizenship of the studebt

3. Place of birth Country of birth

4. Educational Stages Student educational level

5. Grade Levels Student grade levels

6. Section ID Student’s classroom

7. Topic Courses

8. Semester School semester

9. Parent Student relation

10. |Raised Hand Number of times student raised a hand in class
11. |Visited Resources Number of times student visited class content
12.  |Viewing Announcements |Number of times student viewed announcement
13.  |Discussion groups Number of times student join the discussion
14. |Parent Answering Survey|Parent’s response to the school survey

15.  |Parent school Satisfaction |Parents’ level of satisfaction with the school

16. |Student Absence Days |Number of times student is absent from class

TABLE 4.1: Features in the Dataset

count

]

L M H
Class

FIGURE 4.1: Data Distribution After Dropping the Missing Values

4.3 Information Gain and Feature Importance

4.3.1 Information Gain

In this phase, we used the information gain filter to assess the features’ value by calcu-

lating the information gain (entropy) on a class basis. The features that contribute more
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Rank | Entropy Attribute Name

0.07611

0.04748 Grade ID
14 0.01182 Semester
15 0.01058 Stage ID
16 0.00703 Section ID

TABLE 4.2: The Information Gain Ranking for a Set of Features to Predict the Student’s
Success

information have higher entropy, while those that do not add any information have a
lower entropy. Table 4.2 shows the ranking of the important features. The information

gain (entropy) value is 0<e<1. That is, the entropy of features range from 0 to 1.

The features coloured blue are behavioural, the red-coloured features are demo-
graphic, and the yellow-coloured features are academic. The top five features belong to
the student behavioural category, suggesting that behavioural features are significant
in predicting student success in a blended-learning environment. The other feature

categories in order of importance are: demographic and academic.

The outcome of this experiment shows the importance of student engagement in
academic performance, especially as far as blended or any other online learning is con-

cerned.

4.3.2 Feature Importance

To further investigate the vital information in predicting the student’s success, Random
Forests feature importance was also considered. Random Forests is utilised because of
the tree-like techniques in Random Forests, which automatically calculates and gives
a higher rating to the importance of the features [Brownlee, 2016]. Feature importance
can provide a clear understanding of the dataset, models, and features to boost the

predictive models [Brownlee, 2016].
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FIGURE 4.2: A Graphical representation of the Information Gain for Set of Attributes

to Predict Student Success

Feature importance from Random Forests is represented in Figure 4.3 which corrob-

orates the result in Table 4.2. The top five features in the ranking are: Student absence

days, raised hands, visited resources, announcement view, and parent answering a

survey. The topmost features in feature importance also belong to the behavioural cat-

egory, and this gives insight into the features that are important in predicting student

success.
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FIGURE 4.3: Random Forests Feature Importance



Chapter 4. Results and Discussion 27

100

rassedhands

- 075

VisITedResources

- 0.50

Announcements\View

-025

Discussion

- 0.00

Class

raisedhands VisiTedResources AnnouncementsView Mscussion Class

FIGURE 4.4: Correlation Matrix for Numerical Features

4.4 Classification Results with three Sampling Techniques and

Imbalanced Dataset

The data was split into training and testing sets, with 70 percent of the data used for
10-fold cross-validation and 30 percent for testing. In order to resolve the problem of
imbalanced class in the dataset, three sampling techniques were experimented with to
ascertain the predictive model with optimal performance. Feature Selection (FS) was
also employed to see the dimensionality reduction effect on the models used in this

study.

4.41 Random Under-Sampling Technique with and without Feature Selec-

tion

Random Under-Sampling (RUS) technique of the data to equal counts was employed to
avoid bias and the predictive models” poor performance. 10-fold cross-validation was
performed on the training set. The first experiment uses the data’s exclusive features,
while the second experiment used Feature Selection (FS) to reduce feature dimensions.

Table 4.3 shows the accuracy results of the two experiments conducted under the RUS.

The accuracies colour-coded green in Table 4.3 shows the model accuracies with
higher performance in sampled data with the RUS and RUS plus FS. It shows that
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five models (Decision Tree, Logistic Regression, Gradient Boosting Trees, Linear Dis-
criminant Analysis, and Support Vector Machines) achieved better performances with-
out feature selection. On the other hand, three models (Multilayer Perceptron, Ran-
dom Forests, and Naive Bayes) improved their performances with the feature selection.
From this RUS experiment, the Decision Tree model is the highest performing model

with an accuracy value of 0.75.

The drawback of using the random under-sampling technique on the majority class
to solve the imbalanced class problem in data mining is the loss of insightful facts from
the dataset that can help in model prediction [Longadge and Dongre, 2013].

TABLE 4.3: Predictive Model Accuracies after 10-fold Cross-Validation for Random
Under-Sampling Method

Predictive Model RUS Accuracy | RUS + FS Accuracy
Logistic Regression
Support Vector Machines
Naive Bayes

Decision Tree

Random Forests
Gradient Boosting Trees
Multilayer Perceptron
Linear Discriminant Analysis |

4.4.2 Random Over-Sampling Technique with and without Feature Selec-

tion

Random Over-Sampling (ROS) technique of the data to equal counts was employed to
avoid majority class bias and prevent predictive models’” poor performance. The two
experiments carried out here were on the full features and Feature Selection (FS). Table

4.4 shows the two experiments” accuracy results on the ROS.

Under ROS, the accuracies colour-coded green in Table 4.4 were better in perfor-
mance with or without feature selection. The result indicates that five models (Gradi-
ent Boosting Trees, Logistic regression, Linear Discriminant Analysis, Naive Bayes, and
Multilayer Perceptron) performance were better without feature selection. The orange-
coded accuracy shows no change in the decision tree’s accuracy with the application of
feature selection. Simultaneously, two models (Support Vector Machines and Random

Forests) had a boost in performance with the feature selection.

The best performing model is Gradient Boosting Trees with an accuracy value of 0.75

without feature selection. The disadvantage of using ROS to replicate the minority
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class in solving the class imbalance problem is that certain models overfit with the ROS

application [Longadge and Dongre, 2013].

TABLE 4.4: Predictive Model Accuracies after 10-fold Cross-Validation for Random
Over-Sampling Method

Predictive Model ROS Accuracy | ROS + FS Accuracy
Logistic Regression

Support Vector Machines
Naive Bayes

Decision Tree

Random Forests

Gradient Boosting Trees
Multilayer Perceptron

Linear Discriminant Analysis

4.4.3 SMOTE Technique with and without Feature Selection

In Synthetic Minority Over-Sampling Technique (SMOTE), new experimental samples
are created to over-sample the disadvantaged minority group using the neighbourhood
of every instance of the minority group [Longadge and Dongre, 2013]. SMOTE was
applied to the data to balance the imbalanced class problem. Table 4.5 shows the two

experiments’ accuracy results on the SMOTE.

The SMOTE technique experiment demonstrates that five models (Decision Tree,
Multilayer Perceptron, Gradient Boosting Trees, Logistic Regression, and Naive Bayes)
in green colour had higher accuracies without the implementation of feature selection.
The orange-coloured accuracies are indifferent with or without feature selection, and
two models ( Random Forests and Support Vector Machines) performances increased

with the application of feature selection.

The Random Forests model obtained the optimal performance with an accuracy
value of 0.91 with feature selection. The challenge of using SMOTE for data pre-
processing is that the technique takes a long time in learning processes [Longadge and
Dongre, 2013].
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TABLE 4.5: Predictive Model Accuracies after 10-fold Cross-Validation for SMOTE
Method

Predictive Model

Logistic Regression

Support Vector Machines
Naive Bayes

Decision Tree

Random Forests

Gradient Boosting Trees
Multilayer Perceptron

Linear Discriminant Analysis

SMOTE Accuracy | SMOTE + FS Accuracy
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FIGURE 4.5: Algorithm Comparison by Training Set

4.4.4 C(Classification on Imbalanced Data with Feature Selection and without

Feature Selection

In this phase, the dataset with an imbalanced class was used in training the models
using 10-fold cross-validation like the other previous experiments. This experiment
seeks to investigate the performances of the model when the sampling method is not in
use. Two experiments were conducted in this phase that also includes the use of feature
selection and without feature selection. Table 4.6 represents the implementation of 10-

fold cross-validation on the imbalance class dataset with sampling technique.
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The result in Table 4.6 the green-coloured accuracies shows that four models (Lo-
gistic Regression, Linear Discriminant Analysis, Naive Bayes and Support Vector Ma-
chines performed better without the feature selection. The orange-coloured accuracy
of Random Forests indicates that feature selection does not affect the performance of
the model, and three models” (Gradient Boosting Trees, Decision Tree, and Multilayer
Perceptron) performances improved with the feature selection.

TABLE 4.6: Predictive Model Accuracies after 10-fold Cross-Validation on the Imbal-
anced Class

Predictive Model

Logistic Regression

Support Vector Machines
Naive Bayes

Decision Tree

Random Forests

Gradient Boosting Trees
Multilayer Perceptron

Linear Discriminant Analysis

Imbalanced Class Accuracy|Imbalanced Class + FS Accuracy

4.4.5 Feature Selection using the top 5 and 10 Feature Selection with the Re-
sampling Techniques

In this phase of the experiment, the top 5 features in table 4.2 and figure 4.3 were se-
lected from the re-sampled dataset with the SMOTE, RUS, and ROS. Table 4.7 shows
that the top five features improved the performances of Logistic Regression, Gradient
Boosting Trees, Linear Discriminant Analysis, and Naive Bayes models slightly under

SMOTE re-sampling technique.

The Random Forests, Logistic Regression, and Linear Discriminant Analysis models’
performances boosted with the top five features’ selection under the RUS re-sampling
method. The ROS re-sampling technique and the top 5 features increased the Random
Forests, Logistic Regression, Linear Discriminant Analysis, Naive Bayes, and the Mul-
tilayer Perceptron models’ performances. We can conclude that a reduction in feature

dimensionality improved the model performances slightly.

4.5 Model Evaluation with Confusion Matrix,Accuracy Preci-
sion, Recall, F1-Score,AUC and ROC curve

On average, the SMOTE technique without feature selection presents the eight models
used in this research with the higher performances across the board above the SMOTE
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TABLE 4.7: Comparison of the top 5 and 10 Feature Selection with the Re-sampling

Techniques

. SMOTE + FS | RUS +FS ROS +FS
Predictive Model 5FS [ 10FS | 5FS [10FS | 5FS | 10FS
Decision Tree 0.86 | 0.87 0.67 | 0.67 | 0.63 | 0.68
Random Forests 0.85 | 0.91 0.76 | 0.74 | 0.74 | 0.72
Logistic Regression 0.84 | 0.83 0.74 | 0.72 | 0.73 | 0.7
Gradient Boosting 0.84 | 0.83 0.69 | 0.72 | 0.72 | 0.74
Linear Discriminant Analysis | 0.83 | 0.81 072 | 0.69 | 0.72 | 0.71
Naive Bayes 0.83 | 0.8 0.67 | 0.67 | 0.68 | 0.67
Multilayer Perceptron 0.79 | 0.84 074 | 074 | 0.76 | 0.43
Support Vector Machines 0.7 |0.72 0.55 | 0.55 | 0.55 | 0.58

and feature selection implementation. Therefore, the performance evaluation metrics
were implemented on the SMOTE technique without feature selection. In addition
to the use of 10-fold cross-validation and testing accuracy, other set of measurement

metrics were implemented to also assess the performance of the model in subsections
451,452,453,454,455,45.6and 4.5.7.

4.5.1 Confusion Matrix

The confusion matrix holds the value of the information produced by a predictive
model about predicted and actual class labels. It is a table structure that enables the

visualisation of the algorithm’s outcome.

The confusion matrices in Figures 4.8,4.9, 4.10, 4.11, 4.12, 4.13, 4.14 and 4.15 were
computed from the models trained with SMOTE technique without feature selection
due to high accuracy obtained across the eight predictive models in this study. The

prediction of low-class was predicted better than medium and high classes.

Predicted
Low | Medium | High
5% 0%

Low
Medium
ngh 00/0

Actual

TABLE 4.8: Logistic Regression Predictive Model’s Confusion Matrix

Predicted
Low | Medium | High
2% 5%

Low
Medium
ngh 60/0

Actual

TABLE 4.9: Support Vector Machines Predictive Model’s Confusion Matrix
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Predicted
Low | Medium | High
7% 0%

Low
Medium
ngh 00/0

Actual

TABLE 4.10: Naive Bayes Predictive Model’s Confusion Matrix

Predicted
Medium
0%

High
0%

Low
Medium
ngl‘l 00/0

Actual

TABLE 4.11: Decision Tree Predictive Model’s Confusion Matrix

Predicted
Low | Medium | High
5% 0%

Low
Medium
High 0%

Actual

TABLE 4.12: Random Forests Predictive Model’s Confusion Matrix

Predicted
Low | Medium | High

Actual

TABLE 4.13: Gradient Boosting Predictive Model’s Confusion Matrix

Predicted
Low | Medium | High

Actual

TABLE 4.14: Multilayer Perceptron Predictive Model’s Confusion Matrix

4.5.2 Accuracy

Accuracy value is a widespread evaluation metric for classification models. It can be
calculated as the number of correct predictions divided by the total number of predic-
tions. For a balanced dataset, accuracy is a fair indicator of the efficiency of the model.
An imbalanced dataset requires other evaluation metrics for the test of how well the

model performs.

In this study, the predictive models” best accuracy values were achieved with an
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Predicted
Low | Medium | High
5% 0%

Low
Medium
ngh 00/0

Actual

TABLE 4.15: Linear Discriminant Analysis Predictive Model’s Confusion Matrix

experiment using SMOTE sampling technique as represented in Table 4.16 in descend-
ing order after 10-fold cross-validation. Random Forests reached the highest accuracy
value of 90%. Decision Tree, Multilayer Perceptron, Gradient Boosting Trees, Logistic
Regression, Naive Bayes, Linear Discriminant Analysis, and Support Vector Machines
obtained accuracy values 89%,89%,84%,84%,83%,81%, and 70% respectively.

Model Accuracy (%)
Random Forests 90
Decision Tree 89
Multilayer Perceptron 89
Gradient Boosting Trees 84
Logistic Regression 84
Naive Bayes 83
Linear Discriminant Analysis | 81
Support Vector Machines 70

TABLE 4.16: Accuracy Values for the Predictive Models

4.5.3 Precision

Precision, which is Positive Predictive Value (PPV), tests the models for the number
of the expected positive results that are positive from all positive results. Table 4.17
demonstrates the precision evaluation metric results for this research’s predictive mod-
els. Decision Tree, Random Forests, and Multilayer Perceptron have higher precision
scores with precision values of 0.89 each. Other models with reasonably good precision
values are Logistic Regression, Naive Bayes, and Gradient Boosting Trees with 0.83 pre-
cision value each. Linear Discriminant Analysis follows the order with 0.80. The least

precision value is the Support Vector Machines with 0.67.

The greater the precision score, the stronger the model at predicting the classes. The
low-class has the highest precision score across the board, followed by the high-class,
and the medium-class is the least. The implication of this lower precision score for the

medium-class is that the models are not predicting the medium class appropriately.
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Models Low | Medium | High | Average
Logistic Regression 0.90 | 0.72 0.88 | 0.83
Support Vector Machines 0.70 | 0.57 0.76 | 0.67
Naive Bayes 093 | 0.71 0.84 | 0.83
Decision Tree 0.95 | 0.89 0.84 | 0.89
Random Forests 0.95 | 0.81 0.92 | 0.89
Gradient Boosting Trees 0.90 | 0.74 0.86 | 0.83
Multilayer Perceptron 0.95 | 0.76 0.95 | 0.89
Linear Discriminant Analysis | 0.86 | 0.69 0.84 | 0.80

TABLE 4.17: Precision Table for the Predictive Models

454 Recall

The recall calculates the correctly estimated positive results from all the observed posi-
tive results. The order of correctly predicted classes as depicted in Table 4.18 are: Ran-
dom Forests (0.89), Multilayer Perceptron (0.89), Decision Tree (0.88), Logistic Regres-
sion (0.84), Naive Bayes(0.83), Gradient Boosting(0.83), Linear Discriminant Analysis
(0.80) and Support Vector Machines which is the least with recall value 0.68.

Models Low | Medium | High | Average
Logistic Regression 095 | 0.72 0.84 | 0.84
Support Vector Machines 0.93 | 0.36 0.76 | 0.68
Naive Bayes 0.93 | 0.69 0.86 | 0.83
Decision Tree 1.00 | 0.69 094 | 0.88
Random Forests 0.95 | 0.83 090 | 0.89
Gradient Boosting Tress 0.95 | 0.69 0.86 | 0.83
Multilayer Perceptron 0.95 | 0.89 0.84 | 0.89
Linear Discriminant Analysis | 0.95 | 0.61 0.84 | 0.80

TABLE 4.18: Recall Table for the Predictive Models

4.5.5 F1 Score

The F1 score is vital as a bridge for recall and precision. It offers a measure of the
findings that are incorrectly graded. F1 score is the best metric for measuring the per-

formance of models on an imbalanced dataset.

The higher values of the F1 score specifies the excellent performance of the model.
Generally, the range of the F1 score is from 0 to 1. The models with the best F1 scores

in our study are Random Forests and Multilayer Perceptron with 0.89 F1 scores each.
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Models Low | Medium | High | Average
Logistic Regression 093 | 0.72 0.86 | 0.84
Support Vector Machines 0.80 | 0.44 076 | 0.67
Naive Bayes 0.93 | 0.70 0.85 | 0.83
Decision Tree 098 | 0.78 0.89 | 0.88
Random forestss 0.95 | 0.82 091 | 0.89
Gradient Boosting Tress 093 | 0.71 0.86 | 0.83
Multilayer Perceptron 0.95 | 0.82 0.89 | 0.89
Linear Discriminant Analysis | 0.90 | 0.65 0.84 | 0.80

TABLE 4.19: F1-Score Table for the Predictive Models

4.5.6 Area Under Curve (AUC)

The AUC value returns a holistic rating of a predictive model’s performance. AUC
shows how well a model can separate the classes from each other. The AUC value of
1 signifies a clear division of classes, and the mid-way (0.5) value indicates that the

model randomises the classes in prediction.

In Table 4.20, virtually all the models in this study have AUC values close to 1 except
Support Vector machines with an AUC value of 0.71. The results in Table 4.20 indi-
cates that the other seven models, that is, Logistic Regression, Naive Bayes, Decision
Tree, Random Forests, Gradient Boosting Trees, Multilayer Perceptron, and Linear Dis-
criminant Analysis, were able to separate the classification/prediction of classes low,

medium and high distinctively.

Model AUC
Logistic Regression 0.94
Support Vector Machines 0.71
Naive Bayes 0.92
Decision Tree 0.98
Random Forests 0.98
Gradient Boosting Trees 0.95
Multilayer Perceptron 0.94
Linear Discriminant Analysis | 0.94

TABLE 4.20: AUC Score for the Predictive Models

4.5.7 Receiver Operating Characteristic (ROC)

Receiver Operating Characteristic (ROC) was used to measure the performances of the
eight classification models. ROC is a visual and valuable method for measuring the
efficiency of classifiers. ROC effectively describes the exchange between the TP and FP

rates as a graph. ROC can reveal potential and consider how the model can correctly
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Logistic Regression ROC curve
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FIGURE 4.7: Support Vector Machines ROC

perform or misidentify negative classes as positive. If the ROC curve is equal to 1, then
model is effective in prediction [Hashim et al., 2020; Bowers and Zhou, 2019].

More often than not, it is ideal to have a ROC graph with a significant amount of
distance below the curve. ROC closer to 1 is preferable and ROC of 0.5 is really poor
model [Bowers and Zhou, 2019]. In this study, the ROCs for all the predictive models
are represented in Figures 4.6, 4.7, 4.8, 4.9, 4.10, 4.11, 4.12 and 4.13 with good space

below the curve and closer to 1.
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MNaive Bayes ROC curve
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FIGURE 4.8: Naive Bayes ROC

Decision Tree ROC curve
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FIGURE 4.9: Decision Tree ROC

4.6 Discussion

This study predicts student success in the right class using the LMS’s student engage-

ment.

The class imbalance problem in the data was solved using SMOTE technique after
experiments using RUS and ROS techniques. The feature selection effect was also ex-
perimented on the data to achieve the best accuracy across all the models used in this
research. The accuracy, precision, recall, F1 score, AUC, and ROC obtained from the
models proved that the SMOTE technique was better than RUS and ROS methods. The
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Random Forest ROC curve
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SMOTE balancing result affirms the claim in Longadge and Dongre [2013] regarding

the choice of pre-processing sampling method for handling the class imbalance prob-

lem.

The Information Gain filter was used to determine the contributing importance of

the features in predicting student success classes. The results in Table 4.2 and Figure
4.3 highlight each feature’s contribution to the student classes classification. The fea-

ture selection experiment phase demonstrates little or no contribution from the feature

selection in the overall models’” performances, contrary to the view of [Deepika and
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Multi-layer Perceptron ROC curve
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FIGURE 4.13: Linear Discriminant Analysis ROC

Sathyanarayana, 2019]. The contradiction in the literature and the results obtained us-

ing feature selection is probably due to the nature and the size of the data used in this

study.

The top five features are the most contributing features to the model predictions from
the Information Gain ranking. These top five features are under the behavioural at-
tributes of students on LMS, which agrees with the studies by Amrieh et al. [2016]; Dutt
and Ismail [2019], while the other features from six to sixteen are categorised as de-
mographic and academic, respectively. The result from the Information Gain indicates

that the students” engagements on LMS directly correlate with the students” academic

performances.



Chapter 4. Results and Discussion 41

All the machine learning models used in this study predicted students” classes rea-
sonably well, with low-class being the major predicted class and followed by high-
class. The least predicted class is the medium class. Table 4.21 is the comparison of the

evaluation metrics and the eight predictive models in this study.

Random Forests performed better just like the results from the studies of Ajoodha et
al. [2020]; Dutt and Ismail [2019] than all the other models with an accuracy value of
90%, AUC of 0.98, precision of 0.89, recall of 0.89, and F1 score of 0.89. The outstanding
performance of the Random Forests is due to the randomly generated decision trees
that are merged to achieve higher accuracy and reliable predictions. The hyperparam-
eter tuning used for the best accuracy in Random Forests is ten tree numbers in the
forest (n_estimator), the function for measurement of entropy (information gain), and
zero randomness of the bootstrapping. The other models” accuracy values are 89%,
89%, 84%, 84%, 83%, 81%, and 70% for Decision Tree, Multilayer Perceptron, Gradient
Boosting Trees, Logistic Regression, Naive Bayes, Linear Discriminant Analysis and
Support Vector Machines respectively. The Least performing model is SVM, with low

values for the performance metrics across the models.

The results obtained in this chapter answered the research questions in Chapter 1 as

follows:

e What are the key engagement metrics for early identification of at-risk students
for the instructors’” hypothetical timely intervention in the blended-learning
course?

Information gain and feature importance in Table 4.2 and Figure 4.3 show that the
top engagement metrics are essential in the identification of at-risk students:

(i) Visited Resources: the number of times students visited the resources,

(ii) Student Absence Days: the number of absent days on the LMS,

(iii) Raised Hands: the number of times the student raised hands to ask questions
or make contributions on LMS,

(iv) Announcement Views: the number of times students viewed the announce-
ment placed on LMS and

(v) Parent Answering Survey: The parent response to the surveys offered by the

school.

These top five engagement metrics are in the behavioural category of the feature

classification.

e Which machine learning models used in this study offer optimum performance
in predicting student success in the blended-learning course?

The machine learning model with the optimal performances is Random Forests.
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Random Forests predicted low class appropriately by 95%, medium class accu-
rately by 83%, and high class rightly by 90%. Although Decision Tree, Gradient
Boosting Tree, Multilayer Perceptron, and Logistic Regression models predicted

some classes more accurately but not across the classes.

Which features are crucial to predicting students” performance in the blended-
learning course?

The features required to predict student performance in the blended-learning
course are the top five features in Table 4.2 and Figure 4.3. The experiment with
the top five features shows a slight improvement in some models” performances

as represented in Table 4.7.

Which of the data sampling techniques used in this study give the best model
performance in the prediction of student success?

The results obtained from sampling techniques highlight the best model perfor-
mance in the prediction of student success as shown in Tables 4.3, 4.4 and 4.5.

The models with the SMOTE sampling techniques achieved higher performances

compared to the results from ROS and RUS.

Model Accuracy (%) | Precision | Recall | F1score | AUC
Random Forests 90 0.89 0.89 0.89 0.98
Decision Tree 89 0.89 0.88 0.88 0.98
Multilayer Perceptron 89 0.89 0.89 0.89 0.94
Gradient Boosting Trees 84 0.83 0.83 0.83 0.95
Logistic Regression 84 0.83 0.84 0.84 0.94
Naive Bayes 83 0.83 0.83 0.83 0.92
Linear Discriminant Analysis | 81 0.80 0.80 0.80 0.94
Support Vector Machines 70 0.67 0.68 0.67 0.71

TABLE 4.21: Summary of the Evaluation Metrics for Predictive Models

4.7 Summary

In this chapter, the results obtained from training the eight predictive models were pre-

sented and discussed. The Random Forests model’s performance was the best in this

study with an accuracy value of 90%, AUC of 0.98, the precision of 0.89, recall of 0.89,
and F1 score of 0.89. The top ten features in Table 4.2 highlighted the significant fea-

tures in predicting student success. The top ten features were also identified to belong

to behavioural attributes, which indicates the essentials of the students’ behavioural

patterns explicitly to their performances.
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We experimented with different re-sampling techniques, and the SMOTE technique
improved the models” performances across the board. The RUS technique’s effect on
the models’ performances appears better in accuracy than the ROS technique effect. Fi-
nally, this current study’s comparative analysis of predictive models and re-sampling
methods revealed that machine learning techniques have a prospective role in predict-

ing student success and other educational outcomes.



Chapter 5

Conclusion, Further Study,

Limitations, and Contribution

The results obtained by the trained models were explained in the previous chapter, to-
gether with other findings and future approaches that could enhance the overall mod-
els. This chapter presents the study’s conclusion on predicting student success using
student engagement in a blended-learning course’s online component. Other discus-
sions in this chapter are possible future work, the drawbacks of the study, and contri-

butions.

5.1 Conclusion

This study aimed to predict student success using student engagement in the LMS in a
blended-learning course. We showed that random forests” performance exceeded other
classifiers in this study in terms of evaluation metrics. This study also revealed that
feature selection does not significantly affect the performances of the models. However,
random forest and support vector machines only had a little leap with feature selection,

as shown in 4.5.

The SMOTE technique of data sampling gave promising results in the models " per-
formances with a major classification of low and high classes. The medium class was
disadvantaged across the models with the use of SMOTE and the other two data sam-
pling methods.

The information gain ranking highlighted the behavioural features as the highest
determinants in predicting student success. To alleviate the risk of failing or dropout

drastically in a blended-learning, irregularities in students’ behavioural attributes are
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pointers to instructors or institutions for timely intervention to prevent colossal dam-
age in student education trajectory. Based on the predictive models used in this study
and their evaluation metrics, we conclude that student engagement can play a vital role

in predicting student success.

The predictive models explored in this study offer substantial insight into education
for student performance improvement, increase in throughput rate, and the reduction
in the dropout rate. This study implies that the instructor or institution’s timely inter-
vention will avert possible failure in the students’ courses, increase throughput rate,

and other academic outcomes.

5.2 Future Study Recommendation

An investigation into better and more accurate data sampling methods for balancing
the class imbalance problem is recommended to dig deep into the medium class’ least

prediction anomaly experienced in this study.

Implementing the predictive models used in this study is also recommended on the
University of Witwatersrand undergraduate students” data to ascertain the important
features to detect students at risk of failing and dropping out of the program for possi-

ble instructor and institution intervention.

An extension of experiments in this study to other models like deep neural networks
and other sophisticated machine learning models is also recommended for a holistic

view of other useful factors in predicting student success.

5.3 Limitation

One major limitation of this research was that we could not test the predictive models
on the university’s undergraduate student data as proposed due to concerns surround-
ing the release of racial demographic information for research, as indicated by the uni-
versity’s ethics committee. This limited our research scope somewhat; however, in this
case, we only opted for data from online repositories. The data from online repositories

are not as rich as the data from the university’s repository.

The size of the data used in this study is also a limitation. A larger data would have
given a better insight into the other influencing factors on student success prediction.
Another limitation is the non-availability of free and robust educational datasets online

due to privacy-related issues in ethics.
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5.4 Contributions

The contributions of this study are the provision of the vital engagement metrics on
students performances, early detection technique for instructors or lecturer to identify
a student at risk of failing during courses for possible intervention based on the LMS
behavioural patterns, and the impacts of student engagement on the students’ success

or performance.

This study also provides optimum data re-sampling methods for the imbalanced
class problem associated with data in educational settings. This research presents a
foundation for future research into different re-sampling strategies combined with fea-

ture space reductions.
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