AKETEN APPIAH-MENKA UNIVERSITY OF SKILLS TRAINING AND
ENTREPRENEURIAL DEVELOPMENT
FACULTY OF APPLIED SCIENCES AND MATHEMATICS EDUCATION

DEPARTMENT OF INFORMATION TECHNOLOGY EDUCATION

USING MACHINE LEARNING TECHNIQUES FOR EARLY
IDENTIFICATION OF AT-RISK STUDENTS IN A COURSE AT THE

INTERMEDIARY LEVELS OF EDUCATION

ANANE GABRIEL

MAY, 2023



AKETEN APPIAH-MENKA UNIVERSITY OF SKILLS TRAINING AND
ENTREPRENEURIAL DEVELOPMENT
FACULTY OF APPLIED SCIENCES AND MATHEMATICS EDUCATION

DEPARTMENT OF INFORMATION TECHNOLOGY EDUCATION

USING MACHINE LEARNING TECHNIQUES FOR EARLY
IDENTIFICATION OF AT-RISK STUDENTS IN A COURSE AT THE

INTERMEDIARY LEVELS OF EDUCATION

ANANE GABRIEL
(7211460003)

A PROJECT WORK SUBMITTED TO THE DEPARTMENT OF
INFORMATION TECHNOLOGY EDUCATION OF THE AKETEN
APPIAH-MENKA UNIVERSITY OF SKILLS TRAINING AND
ENTREPRENEURIAL DEVELOPMENT IN PARTIAL FULFILLMENT
OF THE REQUIREMENT FOR THE AWARD OF A MASTER OF

SCIENCE DEGREE IN INFORMATION TECHNOLOGY EDUCATION

MAY, 2023



DECLARATION

STUDENT’S DECLARATION

I, Anane Gabriel, declare that this thesis, except for quotations and references contained in
published works which have all been identified and duly acknowledged, is entirely my own
original work, and it has not been submitted, either in part or whole, for another degree

elsewhere.

SUPERVISOR’S DECLARATION

| hereby declare that the preparation and presentation of this work were supervised following the
guidelines for supervision of thesis/dissertation/project as laid down by the Akenten Appiah-
Menka University of Skills Training and Entrepreneurial Development.

Dr. William Asiedu (Supervisor)



ACKNOWLEDGEMENT

I would like to express my deepest gratitude to my supervisor Dr. William Asiedu, for his
invaluable guidance, unwavering support, and valuable insights throughout this thesis process.
His encouragement and constructive feedback have been instrumental in shaping my research
and academic development. I would also like to thank the Bia West Secondary School
directorate for their time, expertise, and critical feedback. Their insightful comments and
suggestions have greatly enhanced the quality of this thesis. | am also grateful to my colleagues
and friends, who have provided me with moral support, encouragement, and technical assistance
throughout this journey. Finally, | would like to express my heartfelt appreciation to my family
for their love, encouragement, and support throughout my academic journey. Their unwavering
belief in me has been my guiding light and main source of inspiration. Thank you all for your

valuable contributions and support.



DEDICATION

| dedicate this thesis to my parent and wife, whose unwavering support, guidance and
encouragement have been the foundation of my academic journey. Without them, I would not

have been able to achieve this milestone. This thesis is a testament to their love and dedication.



ABSTRACT

This thesis focuses on the use of machine learning techniques to identify at-risk students at
intermediary levels of education. The goal of this project is to develop a predictive model that
can identify students who may be struggling in the course before they reach a critical point that
leads to lower grades or withdrawal. Based on the analysis of related literature, this study
selected students’ personal characteristics and academic performance as input attributions at the
intermediary level of education. Prediction models were developed using Artificial Neural
Network (ANN), Decision Tree (DT) and Linear regression. A sample of 785 students was
utilized in the procedures of model training and testing. The results of each model were
presented in a confusion matrix and were analyzed by calculating the rates of accuracy,
precision, recall, and F-measure. The results suggested all three machine learning methods were
effective for student at-risk prediction, but DT presented a better performance. By identifying at-
risk students early, teachers can provide additional support and resources to prevent students
from falling behind and dropping out. Ultimately, this research could have significant
implications for improving student retention rates in intermediary education and helping students

achieve their academic goals.
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CHAPTER ONE

INTRODUCTION

1.0 Background of the study

All students are expected to take general education classes in the intermediate levels of
education to make sure they have the multidisciplinary background knowledge, analytical
skills, and communication abilities needed to succeed in their chosen degrees and careers.
Failing a course in general education could start a chain reaction of negative consequences
that can range in severity from small (having to repeat a course) to severe (e.g., expulsion
from school, delayed degree completion, and lost eligibility for financial help). As a result, a
student's performance in these courses might be seen as being crucial to their academic
achievement, including retention and graduation (Makombe & Lall, 2020). It is common
knowledge that the implementation of corrective interventions depends significantly on the
timeliness of the identification of students who are at risk. Yet, teachers typically have
minimal knowledge of their student's performance during the first semester, which can make
it difficult to identify at-risk students and have broad repercussions if the wrong assumptions
are drawn (Pilotti et al., 2022). One of the tactics that can be utilized to increase completion
rates is identifying at-risk students. Early identification of at-risk students may enable
teachers to conduct instructional interventions and enhance course design. Instructors could
give students instant feedback with a quick intervention solution, and retention rates may

increase (Al-Shabandar et al., 2019).

Despite the requirement for accurate early forecasts of students' academic performance,
which depend on limited data, the majority of research on machine learning intended to aid
educators in performance prognostications has referred to substantially more data that has
been gathered over a much longer time frame and has frequently involved discipline-specific

subject matters. Examples include forecasting students' final course grades in a particular area
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of study based on their cumulative grade point average (CGPA), grades in prerequisite
courses, or more simply, on their academic history as demonstrated by their performance in
previous courses(Pilotti et al., 2022). Yet, a wide range of creative stand-alone or hybrid
solutions that emerge frequently in the body of existing literature, together with the
algorithms that provide the best results, tend to vary greatly. Because of this, choosing and
using a good method to identify at-risk learners may prove to be so difficult and
overwhelming for a teacher whose professional field is not computer science. The most likely

course of action is to disregard potentially useful technological solutions.

Early forecasts are undoubtedly more impactful than later ones, but early in a course, the
teacher has access to limited data, making it difficult to predict student's difficulties (e.g.,
early poor performance a sign of a temporary problem, perhaps connected to the peculiarities
of an assignment, or a reliable indicator of severe problems). It must be emphasized that by
early identification of a student at risk of dropping out or retention, the required assistance
and interventions may be given to the student, reducing dropouts and increasing retention,

performance, and completion rates.

Numerous methods are being suggested right now to assess students’ academic achievement.
One of the most used methods to evaluate student performance is data mining. Recently, data
mining has been utilized extensively in the educational field. Data mining in education is
what it is termed. To determine important facts and trends from a sizable educational
database, a procedure known as " Educational data mining" is implemented (Shahiri et al.,

2015).

Prediction is among the most popular kinds of Educational Data Mining techniques. When
making predictions, the objective is to create a model that can infer just one feature of the

data (the predicted variables, which are comparable to the dependent variables in



conventional statistical analysis) from a combination of other aspects of the data (predictor
variables, similar to independent variables in traditional statistical analysis). Knowing the
anticipated variable for a small collection of data is essential when creating a prediction
model; a model is then developed for this small set of data and statistically validated so that it
may be used on a larger scale (Baker & Siemens, n.d.). For example, one could gather
information on 500 learners who may be at risk of dropping out of school, create a prediction
model to determine the extent to which a particular student will do so, validate it using data
from segments of the 500 students who were left out when developing the prediction model,
and then use the resulting model to make predictions about new students. Models for
predictions are frequently used for predicting either future occurrences or factors that are

difficult to measure immediately in the present time.

1.1 Statement of the problem

In recent years, a brand-new field of research known as "educational data mining" has
emerged as a result of the development of numerous statistical approaches to analyze data in
the context of education. One such use of educational data mining is early student outcome
forecasting. Identification of the "weak" student is required at all educational levels in order
to plan some sort of remedial for them (Baek & Doleck, 2021). Although computer systems
are not as adept at acquiring knowledge as humans are, numerous machine-learning methods
have been created that are useful for particular learning tasks. They are particularly helpful in
poorly understood fields where people might lack the information necessary to create
efficient experiences and understand algorithms. In general, machine learning investigates
techniques that draw conclusions from data provided (the input set) to generate broad
assumptions that make predictions about future instances to come. Several situations
involving intermediary learning could benefit from the capacity to forecast a student's

success. A supervised machine learning system can train on the key demographic traits of



students as well as their grades and a few written assignments. The learning algorithm might
then be able to anticipate how prospective students will perform, making it a useful tool for

identifying expected underachievers.

Due to the advancement of artificial intelligence, machine learning, and deep learning
techniques, researchers have been able to design a number of prediction models to uncover
oblique research trends that explain the strengths and weaknesses of students. Researchers
can utilize machine learning approaches to examine several factors that have a big impact on
student at-risk rates in order to lower dropout rates. By accurately identifying students who
are likely to quit their educational pursuits, predictive models driven by Machine Learning
techniques let teachers develop preventative strategies before dropout behavior starts. As far
as the researcher is aware, there has not been a publication like this in the literature. By
utilizing machine learning approaches to comprehend characteristics connected with students'
learning behavior and how they connect with academic results, this research project's primary

objective is the earliest possible detection of students who are in danger of dropping out.

1.2 Purpose of the study

To reduce student dropout in a course, it is important to comprehend the fundamental
elements of student dropout and which students are at risk of dropping out at the intermediary
level of education. Goverment officials are working harder in the area of education to reduce
the number of student dropouts at the intermediary level of education. In Ghana, there are
numerous initiatives aimed at lowering the number of students dropping out, including free
senior high school initiatives and school feeding programs. At the intermediate level of
education, those programs are available to all students and are not specifically aimed at the
group of students who are in danger of dropping out. An effective program to prevent student
dropout must be economical and should focus on at-risk students. At-risk students must first
be identified using school data that is currently available, then they must interact with a
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pertinent outreach program, and finally, the intervention must be assessed. In line with this,
the study aims to use machine learning techniques for the early identification of at-risk

students in a course at the intermediary levels of education.

1.2.1 Specific purpose of the study

The research set out to accomplish the following goals;

1. To assess students’ performance using a machine learning algorithm.
2. To use regression methods to predict students’ marks.

3. The effect of students’ demopraphy on their academic performance.

1.3 Research questions

The following questions were the focus of the research.

1. Which machine learning algorithm performs best in predicting students performance,
considering different factors such as previous academic achievements and socio-
economic indicators?

2. How will linear regression, artificial neural network (ANN), and decision tree
methods be used to predict students’ marks?

3. How does demographic information impact the academic performance of students’?

1.4 Importance of the study

To solve institutional teaching and learning issues pertaining to the early detection of at-risk
students of attrition or academic failure, the topic of learning analytics has received a lot of
attention. The study examines how educational settings affect a model that predicts student
success to address this issue. Through this approach, the research hopes to empirically show
how crucial it is to comprehend the course and disciplinary context when creating and

analyzing models that predict academic success and attrition (Gasevi¢ et al., 2016). This



study uses machine learning techniques to analyze these perspectives in order to help the
teachers and administrators develop educational pedagogy interventions, improve the
student's academic achievement, and identify the students at risk of low performance and
graduate from the institute late. The work closes the gap between machine learning
techniques currently in use and empirical predictions of student performance. The study's
findings are pertinent to academia, researchers, and educational institutions since they

advance our understanding of how to anticipate student achievement.

1.5 Organization of the Study

There are five chapters in the research. The study background, problem statement, purpose,
specific goals, research questions, the significance of the study, and study organization are all
presented in chapter one. A review of the literature is presented in chapter two on peer
instruction, educational data mining, at-risk learners, students at-risk of low performance, and
machine learning. The research on the application of machine learning algorithms for the
early detection of at-risk students in a course is reviewed in more detail in Chapter 2. The
research methodology and machine learning approach are presented in chapter three. The
study's analysis, findings, and discussion are presented in chapter four. The study's summary,

conclusion, and recommendation are presented in Chapter 5.

1.6 Delimitation of the Study

Even though it was recognized that there are other senior high schools in the Western North
region, the study only included Bia Senior High School. The research is restricted to the self-
reported perspectives of the information gathered from the school management. Additionally,
the study's population is restricted to the students at the educational institution where the
study was carried out. As a result, only the schools in the study area could be generalized

from the findings of this study.



1.7 Limitations of the Study
The study's shortcomings were noted in a number of ways. The first is related to the failure to
gather data at the planned rate of 90% return. The second has to do with the scant information

regarding the demographics of students that the school management provides.

1.8 Definition of terms

Artificial Neural Network: This models the neuronal network that makes up the human
brain in an effort to aid the computer in comprehending information and making judgments in
a manner similar to that of a human. Configuring common computers to function like

networked brain cells is the first step in the creation of ANNS.

Educational Data Mining: It entails gathering, processing, and analyzing data from

educational systems to find trends or connections that could enhance educational outcomes.

Decision Tree: Employs a tree-like framework of choices and likely outcomes, such as
chance event outcomes, resource costs, and utility, to aid in decision-making. This method

may be used to demonstrate an algorithm that solely employs conditional control statements.

Linear Regression: A dependent variable's relationship to one or more independent variables
is modeled using a statistical technique called linear regression. It bases its analysis on the
supposition that the variables are inversely proportional, meaning that when the value of one

variable changes, so does the value of the other.

At-risk student: A student who needs short-term or continuing support to flourish
academically is referred. At-risk learners often exhibit psychological or behavioral issues,
exhibit absenteeism, underperform in class, show little enthusiasm for learning, and seem

disconnected from the school environment.

Predictive Modelling: This is a computational function for forecasting future occurrences or

results by looking for patterns in a collection of input data.
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CHAPTER TWO

LITERATURE REVIEW

2.0 Introduction

The study seeks to use machine learning techniques for the early detection of at-risk students
in a course at the intermediate levels of education. A review of the literature is presented in
chapter two on peer instruction, educational data mining, at-risk learners, students at-risk of
low performance, and machine learning. The research on the application of machine learning
algorithms for the early detection of at-risk students in a course is reviewed in more detail in

this Chapter.

2.1 Machine Learning

The assumption that robots may learn on their own how to tackle a particular problem by
being given access to the proper data is advanced by the artificial intelligence branch known
as machine learning. Machine learning enables machines to execute independently
intellectual tasks that have historically been addressed by humans by utilizing sophisticated
statistical and mathematical techniques (Musumeci et al., 2019). After learning a set of rules
from examples, machine learning is the process of creating a classifier that can be used to
generalize from new cases (Bagaa et al., 2020). There are two steps involved in classifier
generation. A provided training dataset is used to build the classification model in the first
stage. This process is known as training (Al-Shabandar et al., 2019). Construction of
categorization rules takes place in this step. The accuracy of the classification criteria is
evaluated in the second phase, testing. If the classifier's accuracy is greater than the desired
threshold, the classifier model developed in the first phase may be used for the classification
of new data records (Er, 2012). Machine learning algorithms are required for training the
classifier. Because these algorithms are frequently reliant on forecast accuracy, choosing the

right one is crucial. Machine learning approaches incorporate certain features of the human

8



mind that allow us to solve exceedingly complex issues quicker than even the quickest
computers (Numerous challenging issues, including speech recognition from text adaptive
control), and mark-up estimate in the building sector has been effectively solved using
machine learning approaches(Mair et al., 2000).

Machine learning is important because it helps companies identify customer behavior trends
and simplifies the process of developing new items (Yarkoni & Westfall, 2017). Many of the
most successful companies operating today, including Instagram, Amazon, and Uber, heavily
rely on machine learning. Machine learning technology has become a crucial differentiator
and competitive advantage for many firms. How an algorithm learns to improve its prediction
accuracy is how traditional machine learning is typically classified (Bagaa et al., 2020). There
are four fundamental strategies: unsupervised learning, supervised learning, semi-supervised
learning, and reinforcement learning. One may use a number of different algorithms

depending on the type of data that data scientists are attempting to forecast (Nielsen, 2019).

2.1.1 Supervised learning

With this sort of machine learning, data analysts offer the algorithms labeled training data
and indicate the variables they want the computer to look for relationships between. Both the
algorithm's input and output are described. Data analysts have to use labeled inputs and
desired outputs to train the algorithm in supervised machine learning (Gajane & Pechenizkiy,
2018). For the following tasks, supervised learning approaches are effective: dividing
information into two groups using a binary system. select from a variety of more than two
response categories. The purpose of regression modeling is to forecast both continuous values
and Assembling: combining the output from different machine learning models to produce an

accurate forecast (Mair et al., 2000).



2.1.2 Unsupervised learning

The machine learning algorithms employed in this type of analysis are trained on unlabeled
data. The software searches the data sets for any significant connections. The data utilized to
train algorithms as well as the predictions they make are both predetermined (Rose, 2018).
Machine learning algorithms that are unsupervised don't need labels on the input data.
Unlabeled data is examined by analysts to identify tendencies that can be used to segment it
(Goto et al., 2019). Unsupervised algorithms are used by neural networks and the great
majority of deep learning methods (Zoabi et al., 2021). Unsupervised learning techniques
perform well for the following tasks: Clustering is the process of separating a dataset into
groups that have a similar appearance. Anomaly detection is the method of finding out-of-
the-ordinary data points in a data collection. Association mining is the method of locating
clusters of objects that commonly occur together in a data collection. Dimensionality

reduction is the method of minimizing the number of variables included in a data source.

2.1.3 Semi-supervised learning

This strategy integrates two different kinds of machine learning. Although an algorithm may
be fed primarily labeled training data, the algorithm is still free to independently explore the
data and gain an understanding of the data set. Semi-supervised learning is carried out by data
analysts using a small set of tagged training data (Mackenzie, 2015). In order for the
algorithm to analyze fresh, unlabeled data, it has to know the dimensions of the data set. In
general, algorithms work better when they are trained on sets of data containing labels (Seko
et al., 2017). Semi-supervised learning satisfies both the performance of supervised learning
and the efficacy of unsupervised learning. Machine translation, which trains algorithms to
translate languages using less than a full dictionary of words, is one use of semi-supervised

learning. Fraud identification is the process of finding instances of fraudulent activity when
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there aren't many successful ones. Data labeling: After being educated on tiny data sets,

algorithms can learn to automatically apply data labels to bigger sets.

2.1.4 Reinforcement learning

This is frequently used by data analysts to teach a machine to perform a multi-step process
with precise criteria (Acharya & Sinha, 2014). An algorithm is programmed by data analysts
to accomplish an outcome, and when it decides how to do so, it receives good or negative
input. Yet, the algorithm typically decides for itself what to do at each level. (Weiss &
Indurkhya, 1995). A few industries that frequently use reinforcement learning include
robotics, where robots have been taught to perform tasks in the real world, video games,
where robots have been taught to play a variety of video games, and resource management,
where businesses can use reinforcement learning to assist them figure out how to allocate

resources.

Nowadays, many different applications employ machine learning. The news feed on
Instagram is powered by a recommendation algorithm, which is arguably one of the most
well-known applications of machine learning (Pojon, n.d.). Instagram uses machine learning
to customize each user's feed specifically. The predictive algorithm will begin to display
more of that group's activity in the feed more quickly if a member regularly takes the time to
halt and read the postings in that group. The algorithm is actively working in the background
to reinforce recognized similarities in the person's online behavior. The news feed will update
itself if a user's reading tastes alter and they don't check out posts from that group in days
(Rawat & Malhan, 2019). Several scholars have employed various machine learning to carry
out categorization in various knowledge domains over the years (Papamitsiou & Economides,
2014). Three machine learning algorithm classes have been selected for this research, and a
representative algorithm from each class has been used for categorization (Yarkoni &
Westfall, 2017). Three classes of machine learning algorithms are chosen to add some variety

11



to the classifiers, so they shouldn't all make the same or related mistakes. The rationale for
selecting these machine learning algorithms is then addressed. Without making significant
model assumptions, DT demonstrates the ability to model complicated interactions between
variables. They can reduce modeling time when the data set is large because they do not
require extensive training (Lotter et al., 2020). The algorithm has been selected to serve as a
representative of this class. Because of its exceptional capacity for self-learning and self-
adaptation, ANN has been employed in many challenging applications, including predicting
share value and breast cancer, to mention a few (Zytkow & Sanjeev, 1998). They are
frequently discovered to be more accurate and efficient than other classifier methods. The

Multi-Layer Perceptron (MLP) is selected as the class's representative member.

2.2 At-risk Learners

At-risk students show less persistence and receive uneven and patchy praise for their
successes. Delay is yet another significant problem with online classes. As a result, students
who are enrolled in online learning frequently put off and rush through their homework.
These students exhibit lower achievement and long-term retention, which is not surprising
(Al-Mobayed et al., 2020; Lotter et al., 2020). Dyslexia, low self-esteem, poor use of ICT
(information and communication technology) skills, a lack of tutor assistance and
encouragement, infrequent online logins or communication, repeating a module after failing,
and a lack of comprehensive formative assessment are additional factors associated with at-
risk online learners. Further, (Lotter et al., 2020) discovered that at-risk students frequently
switch up their study locations and exhibit poorer motivation, a severe internal locus of
control, a lack of computer comfort, and little incentive to enroll in the course. These
elements are the main cause of at-risk online learners' significantly higher rate of withdrawal
from videoconferencing and web-based distance education, according to (Lizzio & Wilson,

2013). In light of these findings and the rising popularity of online learning, it is crucial to
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develop an effective screener that enables teachers or educators to identify at-risk learners
based on psychological perspectives early on. Additionally, early identification gives at-risk
online learners enough time for possible guidance and even intervention, which can help

them succeed in the virtual school setting.

2.3 Student At-Risk of Low Performance

The studies done in the field of learning analytics to forecast a student's academic success in
terms of award-gap results, grade prediction, or overall average grades are examined in this
area. Data on daily student behavior from virtual learning environments to forecast whether
students will succeed in an educational program or fail. (Heuer & Breiter, 2018) According to
the researchers, binary data had the same predictive value as the precise number of clicks.
They compared the outcomes of four different supervised machine-learning algorithms. They
additionally grouped learners based on their regular activities using K-means clustering. (Al-
Shabandar et al., 2019) examined the elements of student participation that were closely
associated with academic success. They noted that frequent course logins, the length of
resources pay attention to, and repeated resource watch were significant determinants of
student performance. The Logistic Regression model classified learners as good or not based
on these characteristics. They discovered that the student's natural curiosity affected the
success of the certification. In this area, their "learning effectiveness" approach performs
better than alternatives. (Pefia-Ayala, 2014) shown that the C4.5 classifier outperforms
previous approaches in predicting whether a student would complete a course of study by
taking into account household expenses and students' personal information in addition to
academic performance indicators. An overview of the methods utilized in the field of learning
analytics to determine the final score of a learner was presented by (Shahiri et al., 2015).
They noticed that the most often utilized datasets are cumulative grade point averages and

internal evaluations. Decision trees and neural networks were the most often used machine
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learning algorithms. Logistic regression was employed by (Daimiel et al., 2020) to forecast
whether a learner will obtain their online certificate. The authors estimated the likelihood that

students would receive a certificate using the results of the homework and student interaction.

(Okubo et al., 2017) used student click stream information with the online institute platform
to evaluate the effectiveness of Recurrent Neural Networks to conventional regression
techniques when predicting final student grades. In comparison to other models, the usage of
recurrent neural networks demonstrated superior predictive power. Early identification of
students in ongoing classes is a crucial component of anticipating at-risk students so that
intervention techniques can be applied to enhance their academic success in that course.
Principal Component Regression was utilized by (Haiyang et al., 2018) to estimate student
performance by utilizing data from the students, such as quiz and assignment scores. Only
one-third of the semester had passed when their model began to predict students'
performance. This first performance assessment can be used to identify students who require
prompt attention in order to possibly turn around their circumstances. (Willging & Johnson,
2009) conducted in-depth research to pinpoint the elements that contribute to learning
abandonment by students. The most significant indicators included trouble integrating with
classmates, difficulty adjusting to the financial situation, age, gender, and type of teaching.
This research was expanded further to determine the causes of the high dropout rates in
online programs. To do this, survey data was integrated with demographics (such as age,
gender, occupation, etc.). The poll asked a variety of questions about anything from why the
student decided to participate in the program to what would have caused them to leave,
including work obligations, a lack of teacher involvement, disappointing assignments, and
much more. According to the study's findings, dropout predictors are comparable between
face-to-face and online programs when there is no previous set of data. (Hlosta et al., 2018)

identified at-risk students by leveraging the information from running presentations to train a
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prediction model. From the actions of students who have already turned in their exams,

learning patterns can be deduced.

According to (Aldowah et al., 2020), certain learning analytics techniques are most suited for
particular learning issues, and using these techniques can assist in creating a student-focused
approach to lowering the rate of dropping out of school. identifying at-risk learners in self-
paced online courses utilizing self-regulated learning strategies. Even if only 30% of the
course was completed, they anticipated that the students wouldn't finish it. (Chen et al., 2018)
studied at-risk students in STEM courses across various areas. With a degree completion rate
below 42%, the pace at which students drop out of STEM majors is concerning. For the
purpose of quickly identifying learners who are in danger, they created a framework for
survival analysis. The outcomes were encouraging and on par with more established machine
learning methods like logistical regression, classification trees, and boosting. Even with fewer
semester details, the methodology was effective, with characteristics like degree duration and
grade-point average demonstrating good predictive ability. A time series-based prediction
technique termed the Time Series Forest algorithm was put forth by (Haiyang et al., 2018).
Students' actions and interactions in the learning environment made up the data they
collected. They discovered that as the amount of daily data used to train the model is

increased over time, its accuracy increases.

2.4 Peer Instruction

Peer instruction is a method of classroom instruction that is student-centered (Watkins &
Mazur, 2013). For use in beginning Science classes, it was created in the 1990s, and
mathematics and computer science eventually embraced it. It entails using questions with
multiple responses in the classroom, to which students must first react individually and then
again after a group discussion. Students often utilize clickers to provide their comments,
including those in this study. In order to establish a shared understanding and demonstrate
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instructor knowledge of the pertinent topic, instructors guide a class debate regarding the
question after the two responses have been given. Numerous fields have demonstrated the
effectiveness of peer instruction, including chemistry, life sciences, math, and IT (Mair et al.,

2000; Nielsen, 2019; Wei et al., 2019).

This research showed that peer instruction supports learning even when none of the
discussion group participants knew the right answer, as it improves students' learning and
attitudes toward learning, increases student engagement and understanding, and increases
learning (Khosla et al., 2010; Zytkow & Sanjeev, 1998). In the field of computing, PI has
been demonstrated to improve student learning, reduce course failure rates, and boost major
retention rates (Osborn, 2001). In addition, peer instruction works well across a range of
computing course topics, including courses in programming, theory, and systems (Porter,
2013). Learners generate clicker data throughout every lesson by using peer instruction in
conjunction with clickers. In the current work, we make use of this automatically generated

data and don't need to gather or generate anymore.

2.5 Educational Data Mining

To comprehend student behavior patterns more thoroughly and learning environments, the
new discipline of educational data mining uses statistical and machine learning techniques to
evaluate a massive library of academic information. Finding out what influences the results of
learners, failure, participation, and interaction on online learning platforms requires some
steps. Several educational data mining research has been conducted. Some of these research
studies also use demographic info track student learning (Waheed et al., 2018), but the
majority of these studies focus on analyzing variables that are generated from students’ online
activities (Baneres et al., 2019; Shahiri et al., 2015). Studying frequency, length, subject
matter, and social interaction-related parameters were formerly the main variables to be taken
into consideration for analysis. Variables including click stream, examination results, task
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results, and web forums involvement were introduced to the analytical process as the online
learning platform became more dependable and interactive (Zacharis, 2015). Researchers find
it difficult to identify relevant variables because of the variety of Learning Management
Systems, massive open online courses, courses available, and course activity types. Literature
focus on gathering data and forecasting how well learners perform at the end of the semester
from failure and dropping out. On the contrary, from the very beginning of the course, online
learning platforms produce a vast amount of data related to student involvement and courses,

etc.

By examining information about variables from the beginning of the course, a thorough
predictive model may be created that will let teachers intervene effectively and at the proper
time, preventing failures and dropouts. Four machine learning methods were used in a study
by (Mair et al., 2000) to identify pupils who are likely to fail early on. The Support Vector
Machine, which had an accuracy rate of 79%, was found to be the most efficient method for
identifying pupils in the past. The study also showed that improving the performance of
machine learning algorithms requires significant data initial processing. Predictive model
building is feasible earlier in the course, according to the findings of prior studies, but there
are many obstacles that restrict their applicability to a particular learning platform. The
various course structures, instructional styles, and online platforms are major factors
preventing predictive models from being flexible, universal, and transferrable (Cicchinelli et
al., 2018). In the past several years, research projects in both both formal and informal
contexts for education have used statistical and predictive models to identify insights in a vast
store of data (Waheed et al., 2018). For instance, various studies looked into the impact of
demographic factors on student retention or successful learning performance. More than 200
distinct datasets pertaining to the demographics and online interaction patterns of

undergraduate students studying economics and business were examined and analyzed in a
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study by (Tempelaar et al., 2015) The study looked at the effects of many factors on students'
success, including educational history, clickstream information, and exam results, entrance

examination results, and studying character data.

While the majority of research focuses on determining how important factors affect the
achievement of learners, some studies advocate for early intervention, knowledgeable
support, and prompt feedback to help students who are at risk. Several studies conducted at
Open University in the UK attempted to identify students who were at risk by using a variety
of predictor variables (Cui et al., 2020). The studies used students' study habits to map out
poor performance and Whether or not learners complete the course successfully or
unsuccessfully. The experiments also showed that adding demographic information to
behavior among learners’ data enhanced the effectiveness and precision of model predictions.
(Abumalloh et al., 2021) conducted a study in which they sought to pinpoint pertinent factors
that influence students' decisions to drop the class. Three categories were created to group the
factors influencing student dropout rates. First factors relating to the students' demographics,
such as their gender, background, relevant experience, abilities, psychological characteristics,
and prior schooling. Second, variables relating to the requirements and structure of the
course, such as the number of assessments, institutional assistance, interaction, level of
difficulty, and length of time. Third environmental/contextual aspects, such as the type of
technology utilized, the area, the level of outside noise, the setting at work or home, etc. A
time-series clustering method was used to identify at-risk students who signed up for online
courses as soon as it was practical to do so (Huang & Fang, 2013). The time-series clustering
method produced prediction models with greater accuracy compared to conventional
aggregation procedures. (Buschetto Macarini et al., 2019) examined the effects of
engagement characteristics derived from online course performance achievements using a

variety of learning analytics methodologies. The findings showed that students with higher
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academic standings have a higher engagement rate than students with lower academic

standings.

By analyzing students' electronic book downloading patterns, (Harlim et al., 2021) created an
early warning system that might identify learners who could struggle academically. 14
machine learning methods were utilized to train the model utilizing data from various weeks
of the semester to create the best predicting model. According to the accuracy and Kappa
measure, the best predictive model was chosen, and it suggested the ideal moment for
teachers to step in. According to the study, all prediction models performed better as they
were trained using progressively more weekly data. Starting in the third week, the early
warning system predictive models had an accuracy of 85% in predicting low- and high-
performance learners. While J48 outperformed all other algorithms when given the converted
data, Random Forest outperformed other algorithms when given the full 16 weeks of data.
Additionally, the Nave Bayes performed better with categorical data. Due to the variety in
course structures and Massive Open Online Course designs, predicting students' performance
early in the course can be a difficult challenge. Even if a learning management system is
becoming more and more popular, there is still a need for an automated intervention system
that can give learners immediate responses. Researchers have built a number of machine-
learning techniques that can help teachers provide knowledgeable assistance to students
during the learning process in order to combine an automated intervention system with a
learning management system. In order to identify students' learning patterns, ML algorithms
like Decision Trees, k-nearest-neighbors, Support Vector Machines, and random forest
algorithm among others, are frequently trained using daily, weekly, or monthly student log

data.
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As a result of their ability to process raw data directly, deep learning algorithms are now also
used to develop predictive models. (Minnich et al., 2016) used the Recurrent Neural Network
algorithm trained on raw log student records to forecast how well learners performed at the
end of the course. The use of genetic programming was made since it complements multi-
view learning well. Without additional adjusting, the learned and evolved prediction model is
directly explicable. Additionally, applying the genetic computing approach causes
classification rules to naturally evolve as new data becomes available. In other words,
categorization rules changed as new data became available. Underperforming and
underrepresented learners are the focus of the early warning system, which was created using
understandable Genetic Programming classification principles. This study's main flaw was
the author's failure to specifically highlight the various semester phases at which performance
markers, namely accuracy, sensitivity, specificity, and Kappa, were computed using a multi-

view genetic programming algorithm in conjunction with other machine learning techniques.

The program uses the students' prior grades as input to simulate learning outcomes. In terms
of precision, recall, specificity, and accuracy, the suggested dropout detection method
outperformed feed-forward neural networks, Support Vector Machines, educational data
mining systems, and Probabilistic Ensemble Simple Fuzzy Adaptive Resonance Theory
Mapping methods. The dropout rate could be reduced by 20% by implementing a tutoring
action plan based on logistic regression. (Lara et al., 2014) recommended employing
knowledge discovery to pull information from databases that could help teachers comprehend
how students interact with online learning environments. The method being discussed
produces historical student reference models that can be utilized to determine whether or not
learners are failures. The System for Educational Data Mining suggested system compares
learners from the course who aced the exams and are eligible to take the final exam to

dropout students who are unable to sit for the final test. For the two groups, The System for
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Educational Data Mining was able to produce study patterns, which can be very beneficial for

instructors in terms of enhancing students' study performance.

2.6 Empirical review

At-risk learners were found using a variety of machine learning methods, such as regularized
logistic regression (LR), support vector algorithms, random forest, decision tree, and naive
Bayes models (Buschetto Macarini et al., 2019). Some characteristics, such as the frequency
of the learners who visited the home page and the duration of each session, were recorded
from behavior log data. The outcomes showed that regularized logistic regression models had
the best performance. An example of a deep neural network is the ConRec Network model,
which was proposed by (Xing et al., 2015). Convolutional and recurrent neural networks
were integrated in this study to predict whether students are likely to drop within the next
seven days of virtual classroom. The records of learners were organized based on a
chronology of timestamps and comprised information such as the date and time of the
learners' enrolment as well as other qualities. The lower and top sections make up the two
parts of the hybrid neural network model. Convolutional neural networks' hidden layer was
used in the lower section to automatically extract features. Recurrent Neural Networks were
utilized in the upper section to produce a forecast by merging and averaging the retrieved
information each time. The model was contrasted with different industry standards. The
findings showed that all models performed similarly. The authors claimed that despite similar
performance, the ConRec Network model is more effective than baseline approaches because
it can automatically extract features from student data without the requirement for the use of

feature engineering.

Researchers have taken into account a number of factors to determine the degree of student
achievement in the online environment, including the length of time students spend
interacting with digital resources during assessment submission and the total number of
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attempts made, educational level, geographic location, and gender. Genetic algorithms were
used to enhance the feature set (Abumalloh et al., 2021). The results demonstrated that
behavioral traits, not demographic traits, are associated with highly ranked features. Four
classifiers DT, ANN, naive bayes, and k-nearest neighbor were used to predict student
performance. The use of the feature set improved using genetic algorithms raised accuracy by
19%, according to simulation results. When using the genetic algorithms-optimized feature
set instead of the decision tree with the full feature set, accuracy increased to 97% (Minaei-
Bidgoli et al., 2003). The impact of latent variables in combination with observable variables
on student results in online classrooms was evaluated using hidden Markov models.
(Boughoula et al., 2017) suggested a two-layer hidden Markov model to deduce latent student
behavior patterns. The ability of the two-layer hidden Markov model to more thoroughly
identify the micro-behavioral patterns of students and spot the change from one latent state to
another set it apart from standard HMM. For instance, students often join in forum
discussions when they take quizzes. The quiz assessment date and the submission date are
two distinct transitions that the model can learn. According to the study's findings, Less latent
behavioral states are present in high-achieving students because they already have the

necessary knowledge and do not require additional assistance.

The development of models for predicting students' success has received a lot of attention in
Educational Data Mining research for a variety of reasons (Taruna & Pandey, 2014). Many of
these studies formulated the problem of grade identification, such as class grade semester
Grade, or graduation (i.e. final) grade, as a way to forecast the students' performance (Hamsa
et al., 2016). Some works used students' grades or scores as criteria to create their difficulties
in score prediction or performance classification. The most frequently used characteristics to
predict students' performance in a typical classroom are their academic records. The

academic performance history that was accessible prior to the start of the specific class was
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employed in the majority of the studies in this field (Yang et al., 2018). These characteristics
include GPA, cumulative GPA, and grades from prerequisite courses. Academic information
gathered over the course of the semester, such as grades on assignments, participation in class
activities, quizzes, and attendance, has also been used in numerous research (Hamsa et al.,
2016). Although these characteristics can be quite useful in predicting course grades, they
might not always be present. Additionally, it is important to note how these in-class

evaluations vary from semester to semester.

Some studies have used information on the student's prior educational outcomes, including
their enrollment results and middle school grades, as well as information about their high
school, including its name, school type, and locality, since the existing academic curriculum
lacks performance statistics, particularly for first-year students (Oladokun et al., 2008).
Numerous works also made use of non-academic factors, such as demographic information
about students, or information about students' interests and extracurricular activities
(Almayan & Mayyan, 2016). To create the prediction model, several machine-learning
approaches have been used DT, k-Nearest Neighbor, ANN, SVM, naive bayes, and logistic
regression are examples of commonly used methods. (Kumar et al., 2020) created a Neuro-
Fuzzy model for forecasting learning outcomes by combining the benefits of a neural
network and a fuzzy system. The student's GPA and CGPA make up the features employed
for the forecast in this study. Several researchers have revealed that combined models have

promising potential.

The use of traditional statistical approaches in identifying at-risk students of quitting their
field of study and leaving higher education has been studied recently in research activities.
Based on enrollment data. (Golding & Donaldson, 2006) determined the connection between
students' overall academic achievement and the likelihood of matriculation in the first year.
One of the first researchers to use machine learning methods to investigate the student
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retention issue (Zytkow & Sanjeev, 1998). Factor analysis and logistic regression were
applied to a set of student attributes collected from data extracted by (Xing et al., 2015). In
order to predict student retention, (Borko et al., 2008) evaluated numerous methods of data
mining (decision trees, logistic regression, Bayesian classifiers, and neural networks) and
found that logistic regression performed the best. Additionally, several contexts have
employed logistic regression to predict early dropout rates. (Kovacic, 2012) used a variety of
tree-based techniques and logistic regression to investigate the impact of demographic factors
and the study environment on the outcome of student enrolment. Retention data was
examined by (Nandeshwar et al., 2011), who came to the conclusion that giving high-risk
student groups more attention and resources increases the likelihood that they will graduate
from college. (Mohd & Yahya, 2018) used attributes collected from attendance reports, class
test results, and submitted assignments to classify data using a decision tree. In an online
course setting, (Albreiki et al., 2021) employed the k-nearest neighbor approach to predict
student failure. None of these techniques can fully utilize the extra semesters in the data from
the previous student cohort for early dropout prediction, even if they can all predict student

dropout.
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CHAPTER THREE

METHODOLOGY

3.1 Introduction

In a course at the intermediate levels of education, the project aims to apply machine learning
techniques for the early identification of students at risk. Weka software, which has built-in
functions for the three approaches chosen for this research (linear regression, artificial neural
network, and decision tree) is used to provide the research design and machine learning

technique for the study in this Chapter.

3.2 Research Design

This study uses machine learning to create a model that forecasts at-risk students. Building a
binary classification model with two classes for samples to fall into the successful class and
the at-risk class is the major goal of this work. A single sample's variables are input
attribution x = (X1, Xo,..., Xn) and category attribution y; building a classification model
entails developing a mapping function called y = f(x) that can be used to establish a sample’s

category attribution y based on its input attribution x. Figure 1 depicts the general layout of

the study.
- Machine learning method
o . 1 — _ _
Traslgtlng —— * Neural network | Decision tree | Linear regression

v
E 3 Sample of prediction model

Figure 1: Study Framework

Prediction
results
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The study can be broken down into the four sections below:

1. Create the training data set by extracting student at-risk attribution data from the
school data, and then load the data into the at-risk prediction model.

2. Create samples for the prediction model by using the data to train machine learning
algorithms like linear regression, artificial neural networks, and decision trees.

3. In order to create a test data set, take another part of the data from the information
systems and feed it into the actual samples of the previously created prediction
models.

4. Use the samples from the prediction model to generate predictions on the test data set

and evaluate how those predictions turned out.

3.3 Data Collection

One dataset is utilized in this research. This set is obtained from Bia Secondary School with a
student population of 785. The dataset was collected from the entire student population
enrolled in the schools. The demographic and academic dataset was collected from the school
administration. Despite potentially being essential for comprehending student at-risk rates,
data on the satisfaction of students, socioeconomic status, motivational factors, an individual
fit of the institutional structure, attention to detail when choosing the program of study, and
academic or societal student integration is not available. They are not accessible to every
student at the intermediary level of education, and even if they were, data privacy and
protection rules would prevent their use. Therefore, information regarding student

demographics and academic achievement is used for the prediction.

26



Table 1: Variable descriptions of student’s demographics

Serial Number Name of variables Meaning of variables Type of variable
1 gdr Gender binary
2 age Age numerical
3 dbg Day/Boarding binary
6 fss Financial support source numerical
7 stl study level binary
8 hsta health status binary
9 esfs support from school binary
10 bece BECE grade numerical

Table 2: Variable descriptions of student’s academic performance

Serial number

Name of variables

Meaning of variables

Type of variable

awtr

hwtr

Iwtr

tsc

tpc

tfc

pte

Average test written
High test results
Low test results
Number of courses
studied

Number of courses
passed

Number of courses
failed

Rate of pass

numerical

numerical

numerical

numerical

numerical

numerical

numerical
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3.4 Data Analysis

3.4.1 Linear Regression Model
Regression analysis is a method for determining the statistical significance of a connection
between a dependent variable and multiple independent variables. The fundamental

multivariate linear regression model in this situation is

Vit = Bo+ PiXi+ P2zit + &it

with student and terms represented by i and t, accordingly. The dependent variable, yi, has
two possible outcomes: successful (0) and at-risk (1). While data about performance, zi, is
time-variant, data on demographics, Xi, is time-constant. The ease of interpretation and
improved comprehension of the significance and depth of the explanatory factors on the
likelihood of at-risk are two benefits of the linear regression approach. The linear regression
model's ability to predict values of the dependent variable that are less than zero and more

than one is a drawback when it comes to estimating probability.

3.4.2 Artificial Neural Network (ANN)

Artificial intelligence (Al) research has a particular interest in behavioral simulation
techniques. Brain research served as an inspiration for Al, which has been working since the
1955s to simulate the structure and operation of the human brain. Training algorithms were
shown to be capable of calculating linearly separable functions. (Berens et al., 2018)
employed the error-back propagation method for neural networks reviving artificial
intelligence, which had been in a state of standstill. In addition to pattern recognition, image
analysis, and detection of speech, higher-dimensional neural networks are being utilized to
improve procedures, control systems, evaluate and forecast different results. In broad terms,
the parameters, borders, and values of the chosen activation function are changed to learn the

multilayer perceptrons. Artificial neural networks are computer models that mimic the neural
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networks seen in animal brains. It is composed of links between the input and hidden layers
as well as input and output layer components. In contrast to the variables of category
attributions, which are represented by units in the output layer, each variable of the input
attributions is represented by a unit in the input layer. Training is a process that modifies the
weighting of inter-layer connections depending on the training utilizing categories of
previously known information to create a more precise categorization of data with unknown

categories.

Hidden
layer

Output
layer

Figure 2: Algorithm model for artificial neural network

3.4.3 Decision tree

Using rules drawn from an existing data collection, a decision tree allocates entities (students)
to one or more specified classes (successful and at-risk) of the goal variable. A decision tree
builds itself by choosing observational attributes as nodes and building branches from each
potential value for those attributes, iteratively (Zacharis, 2015). The process of choosing

attributes is guided by the ideas of entropy and information gain. The decision tree algorithm
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employs a top-down selection process, starting with the observed attribute that delivers the
greatest amount of information gain. The root node is the property that has the best ability to
predict the result. The observations are divided into progressively smaller data groupings by
the root and subsequent nodes in order of predictive strength until all observations in one
group have the same result or a pure group. Entropy assesses the homogeneity of results in a
subset of the data, with O entropy corresponding to a subset that is entirely uniform and one
with equal shares of all outcomes (Mair et al., 2000). Various decision tree algorithms
produce predictions for the outcome variable across observation. You can find a summary of
the most popular algorithms in (Pilotti et al., 2022). The researcher extends the well-known
ID3 algorithm in this study by using the decision tree algorithm C4.5. It eliminates the 1D3
constraint. The C4.5 builds trees utilizing knowledge gained recursively. This approach also
makes use of improved choice of attributes and splitting. Decision trees have a tendency to
overfit the data since they are a non-parametric machine-learning technique with a lot of

adaptability.

>a <a

X2 Type 1 Xi

>h <b =C Zc

Figure 3: Decision Tree Algorithm Model
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3.5 WAKA Software

WEKA software will be employed for this research project. Machine-learning algorithms for
classification and grouping tasks in data analysis are widely available in WEKA software.
Both direct dataset application and Java code calls for the WEKA algorithms are available.
Data pre-processing, regression analysis, clustering, classification, rule-based association,
and display are among the capabilities included in WEKA. WEKA is suitable for creating
new machine-learning techniques as well. Data from ".arff" files are read into the program as
input. WEKA can read ".csv" file formats in addition to its native ARFF data file format.
This is beneficial since most spreadsheets and database software programs may export or
store data as flat files in the.csv format (Hall et al., 2009). There is extra software available
for combining many interconnected database tuples into a single table that can be handled
using Weka, despite the fact that it cannot perform mega-relational analysis of data. The
methods provided in the Weka distribution do not now cover sequence modeling, which is

crucial.

3.6 Predictive Model's Performance

WEKA uses a confusion matrix to show how well the classification methods performed.
Counting the number of false positives, false negatives, true positives, and true negatives is
done using a predictive analytics table called a confusion matrix, which has two rows and
columns. Any predictive model could make false negatives (under-prediction) or false
positives (over-prediction) errors. An error matrix, or confusion matrix, is used to represent
the percentages that constitute each of these errors (Fielding & Bell, 1997). The total number
of instances in which the data meet the criteria for a positive result is (p). Condition negative
(n) refers to the total number of genuine negative cases in the data. True positives (tp) are test
results that reliably demonstrate the existence of a condition or trait. A "true negative" (tn)

exactly demonstrates the absence of a characteristic in a test result. False positive (fp) is a test
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result that incorrectly suggests the existence of a certain condition or trait. A false negative
(fn) is a test outcome that untruthfully shows the absence of a certain condition or

characteristic. The four elements of the confusion matrix are displayed in the table below.

Table 3: Confusion matrix

At-risk prediction  Successful prediction

At-risk Students True Positive (TP)  False Negative (FN)

Successful Students False Positive (FP)  True Negative (TN)

A student who is appropriately rejected as an at-risk student, or truly negative, is a student
whose success is correctly projected. As a result, a student who was accurately forecasted as
being at danger was correctly identified as such, making it a true positive from the confusion
matrix, derived. A confusion matrix is the name given to this matrix, which displays potential
prediction outcomes (Lizzio & Wilson, 2013). These data can be used to determine various

evaluation criteria. The first is accuracy, as stated by Powers (2011):

TP+TN

Accuracy = BT EN ST AN Equation (1)

Basically, accuracy is the proportion of accurate forecasts. Accuracy, however, has certain
limitations when assessing the outcome of predictions. Particularly when the distribution of
classes is unbalanced, accuracy does not reveal how the cases of the minority class are
classified. One possible data set is one with 200 students in it, 180 of whom have passed the
test. 90% of the time, the majority rule, a basic forecast that makes no use of machine
learning but instead assumes that every student will pass the test, is correct. In comparison to
simply assuming that each example belongs to the majority class, the model ought to perform
better. Three more criteria are used in this research Precision and recall are two of them, and

they are described as follows (Berens et al., 2018):
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TP

Precision = T pp Equation (2)
TP .
Recall = TR e Equation (3)

Recall and precision are used to create a superior assessment. The essential point is that
making precise predictions about a favorable result is insufficient. Successful positive and
unsuccessful negative predictions must be present in a solid predictive model. The F-
measure, which is the third criterion this research uses, is defined as follows by Fawcett
(2005):

2xRecall+*Precision

F — measure = ————— Equation (4)
Precision+Recall

F-measure is a means to have a single value that accounts for both recall and precision. The

last criterion for comparing in this research is the F-measure.
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CHAPTER FOUR

RESULTS, FINDINGS, AND DISCUSSION

4.0 Introduction

The research's outcomes are reported in this chapter using the effectiveness of machine
learning algorithmic techniques. Accuracy, recall, and precision are the three evaluation
criteria that have been used to assess how well each technique performs in identifying

successful or at-risk students.

4.1 Predicted Models

Predictive modeling is the technique of forecasting future circumstances and actions that
utilize a model, find in previously unknown data developed from similar prior data
(Schneider et al., 2018). It has several applications in a range of fields, including finance,
skill development, medicine, and the legal system (Nandeshwar et al., 2011; Willging &
Johnson, 2009). The application procedure is the same across all of these disciplines. Using
previously obtained data, a machine learning technique establishes the correlations between
different data properties. Based on characteristics, the generated model is capable of

foretelling one of a new dataset's features (Mackenzie, 2015).

Building a prediction model using known data is known as training, and the data used in this
process is known as the test dataset or training dataset. After being built, the model needs to
be evaluated on another data set to determine how well it performs. To make sure the model
is adaptable enough to be used other than the one it was constructed with, two other sets of
data are employed. Otherwise, the issue of over-fitting could develop, which happens when a
model performs well with its original data set but badly on additional data sets due to its
excessive complexity (Quinn & Gray, 2020). Training and test sets are often generated from

the input data set to lower prediction errors. The model is used to predict the dependent
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variable for the test set in order to evaluate the model using test data. The dependent
variable's anticipated and actual values are then compared. Comparing assessment to the

overall number of accurate forecasts is more difficult.

4.2 Correctness of Classifiers

Figure 4 displays the forecasting accuracy for the Decision Tree, Artificial Neural Network,
and linear regression before describing the results for the various classifiers. Each approach
calculates a student's at-risk likelihood, which ranges from 0 (successful) to 1 (at-risk).
Probabilities that are close to 0 or 1 when predicting at-risk are correct. The accuracy of
forecasts at the identification threshold is unclear. The precision is demonstrated in Figure 4.
The proportion of accurate predictions among all predictions is, as expected, lowest when the
threshold is approached. This is true for all classifiers, but the Decision Tree performs better,
although not throughout the entire range of observations when compared to Linear
Regression and Artificial Neural Network. Particularly for students with risks just beyond the

threshold, the DT's accuracy is greater.

The models had to be built after the test and training sets had been made. The linear
regression approach was used to develop the initial model. The major steps in creating a
model with WEKA include defining the input data, dependent variables, and independent
variables. The test data collection is used to apply the model after it has been constructed. A
confusion matrix is the result of this process, which is relevant to the research. It includes
information on both actual and expected values. The confusion matrix for the first prediction
model is displayed in Table 4. 93% is the accuracy determined using the confusion matrix.
Compared to the baseline accuracy of 74%, this is an improvement. Findings are assessed

once again.
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Figure 4: Prediction Accuracy

4.3 Results of Data Set from Bia Secondary School

Applying machine learning techniques to the raw data, including student demographics and
academic performance, was the initial step. The dependent variables were changed in this
instance to become binary, which constitutes the only data processing that took place. The
majority rule is 74% accurate because 584 out of 785 students performed adequately or
satisfactorily. The accuracy of prediction models constructed using this data set was
compared to the standard accuracy for this data set in order to determine whether the models
were capable of producing relevant predictions. The data had to be split into training and test

sets after the standard accuracy had been determined.

The prediction model was constructed using a training set that represented 75% of the data,
and a test set that represented 25% of the data. It is crucial to keep in mind when creating
training and test sets that each must have about equal proportions of students from both
classes. A built-in feature of the WEKA software makes sure that the cases of various classes

are distributed fairly among the training and test sets.
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Table 4: For the raw data set, a confusion matrix for linear regression was employed.

False prediction True Prediction
False (Actual) 26 6
True (Actual) 2 86

The decision tree approach was used to generate the second model. This model's WEKA
function implements the CART classification algorithms. The process is the same as with the
prior model, except for the function used. A model was developed using the training set, then
applied to the test set after creating training and test sets. The confusion matrix for this model
is displayed in Table 5. This model's accuracy, which is 93%, is identical to that of the

preceding model.

Table 5: CART confusion matrix applied to the raw data set

False Prediction True prediction
False (Actual) 24 8
True (Actual) 0 88

The Artificial Neural Network (ANN) classification technique is used to create the final
model for this data set. The model's confusion matrix is displayed in Table 6. The accuracy of

this confusion matrix is 95%.

Table 6: For the raw data set, an ANN confusion matrix was applied.

False Prediction True Prediction
False (Actual) 28 4
True (Actual) 1 87
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After the complete data set was split into a training set and a test set in a ratio of 7:3, the test
set had 521 samples. Utilizing examples from three different machine learning approaches,

the test data set was categorized. The predicted results are shown in Table 7.

Table 7: Results of the confusion matrix's prediction

Linear Regression ANN DT

Successful ~ At-risk Successful ~ At-risk Successful ~ At-risk
Successful 372 19 451 27 471 20
At-risk 38 302 29 43 46 174
Total 410 321 480 70 517 194

The outcomes of the prediction were assessed using the abovementioned evaluation
techniques in Table 8. The three prediction models performed similarly in relation to the
precision rate and recall rate of the successful students: Artificial Neural Network (ANN) had
the best precision rate (98.88%), followed by Decision Tree (DT) (98.37%), and Linear
regression had the lowest precision rate (97.30%). The recall rate is ranked by Artificial
Neural Network ANN (98.88%), Linear regression (98.37%), and Decision Tree (DT)
97.30% in ascending order. There are some disparities between the three prediction models in
terms of the precision rate and recall rate for the at-risk students: The Decision Tree (DT) had
the best accuracy (63.89%), followed by the linear regression (63.39%), while the Atrtificial
Neural Network (ANN) had the least precision rate (53.54%). The prediction model's total
efficacy is indicated by the overall accuracy rate. The overall accuracy rate is ranked as
follows: Decision Tree (94.63%), Artificial Neural Network (93.97%), and linear regression
(93.92%), with all three models having relatively good overall accuracy rates that were above

93%.
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Table 8: Evaluation of prediction outcomes

Analysis Index ANN DT Linear Regression
Precision Rate of Successful Students 98.88% 98.37% 97.30%
Precision Rate of At-risk Students 53.54% 63.89% 63.39%
Recall Rate of Successful Students 94.63% 95.76% 95.67%
Recall Rate of At-risk Students 84.85% 82.22% 76.15%
Overall Effectiveness 93.97% 94.63% 93.92%
F-measure of at-risk Students 65.65% 71.91% 69.19%

Finding potential at-risk students was the goal of this research. The at-risk students' specific
F-measure score represents the general efficacy of the prediction models in predicting the at-
risk students. The models are ranked Decision Tree (71.91%), Linear regression (69.19%),
and Atrtificial Neural Network (65.65%) in decreasing order. The DT was, by contrast, the
most effective and was more accurate in predicting the at-risk students. In summary, the three

prediction models were all relatively good at screening prospective risky students.

The accuracy of all three prediction models was higher for the successful students than the at-
risk students due to the incomplete data attributions. A similar study suggests that a range of
variables, including personal qualities, may have an impact on students who are at risk of
failing. Because of the comprehensiveness of the data collected from the academic
administration systems of the educational institutions, the study's restrictions prevented the
researcher from using more than only students' personal attributes and academic performance
as input variables in the predictive model. This affected the predictive model's accuracy. The
precision of the forecast may also be improved through advancements in machine learning

algorithm techniques. In contrast to the use of an integrated multi-model technique, which
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will help to enhance the precision to some level, we only used one model for prediction in

this work.
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CHAPTER FIVE

SUMMARY, CONCLUSION, AND RECOMMENDATION

5.0 Summary

Enhancing student retention rates and improving educational institution efficacy are all made
possible by the students' performance prediction. Intervention initiatives in schools assist
students who are at risk of dropping out of school. Accurately identifying and prioritizing the
students who need help is key to the success of such initiatives. As discussed in chapter one,
this study investigates the issues relating to students who are at risk at the intermediary level
of education, using machine learning methods for early identification through the use of

student demographics and academic information.

The reviewed literature covered Educational Data Mining, students at-risk of low
performance, and machine learning. As a result, machine learning has the ability to advance
education more quickly, and it is evident that education is becoming much more efficient.
Teaching and learning will be radically altered by the right and effective application of
machine learning techniques in the educational sphere. In order to aid difficult students early
and take action to increase success and retention, educators that use machine learning will

acquire a better picture of how their students are developing with their learning.

This study has shown that early detection based on student performance is important in
identifying the necessary corrective actions. On the other hand, corrective measures are
conducted while utilizing technological innovations and course characteristics. The research
also showed that Decision Tree was the typical early detection algorithm and the corrective
algorithm because most earlier studies had used Decision Tree for the purpose and had shown

meaningful outcomes. Finally, student demographic and academic data were used to apply
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Decision Tree, ANN, and Linear regression methods for performance and during at-risk

predictions.

5.1 Conclusion

By summarizing and analyzing pertinent literature on the factors affecting successful students
and at-risk students in addition to the student's attribution data stored in the information
system of the educational institution, this study used the demographics and academic
performance of students as the prediction model's input attributions. Three machine learning
techniques Artificial Neural Network, Decision Tree, and linear regression were used to
forecast whether a student will succeed or encounter risk factors. The Decision Tree provided
the most accurate predictions, but the results showed that all three prediction models could

predict student behavior to some extent.

The researcher conducted successful and at-risk predictions on current students at the Bia
Secondary School using the methodology suggested in this study. For the school to take
targeted retention measures to keep the potential students before dropout behavior happens,
the divisions associated with students' learning support services were given the list of

students who are anticipated to be at risk of dropping out.

5.2 Recommendations

Based on the findings, the following suggestions are made:

1. Due to their direct impact, group projects have a favorable link with a student's final
grade. Therefore, it is advised that teachers encourage students to participate more
actively in group projects.

2. Given that financial support and academic performance are positively correlated, it is
advised that educational institutions award bursaries to deserving candidates.

3. Booster or support classes for students who are at risk should be made available.

42



5.3 Suggestion for Further Research

The improvement of prediction accuracy is the main objective of research on student at-risk
identification. Future studies could be done to strengthen attributions and enhance algorithms
given this purpose. It is first possible to collect information on learning behavior from the
learning management system to enhance the input attributions for the predictive model,
which will improve prediction accuracy. Second, machine learning techniques can be
enhanced to boost forecast accuracy. One example is the usage of the combined model. The
method of feature creation is the third area that may need improvement. Due to a lack of data,
there is a limit on the number of feature adjustments that may be done. The research's data
source was a single table, and variables from that database were used to create custom
variables. A larger data set with more tables will make it easier to create new customized
variables, but bear in mind that the more customized a variable is, the harder it is to

comprehend how it interacts with the dependent variable.
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