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Abstract

This dissertation is dedicated to the topic of identifying students at risk of not
successfully completing a course at an carly stage of their education using machine
learning algorithms. In this study, the final exam score, academic performance
category, and the risk group of students failing to complete the course arc de-
termined for accurate and detailed identification of students at risk. Research
shows that machine learning algorithms such as LightGBM Regressor (for the
final exam score prediction), Logistic Regression (for identifying two groups of
students - those who will complete and those who will not complete the course),
and K-Means (for identifying the academic category) can help identify students
who need assistance from teachers with high accuracy of prediction. Detecting
this group of students at an early stage of their education can enhance students’
motivation for further learning and assist teachers in individually and timely iden-

tifying which student requires help.
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Amnmarna

JIMIIOMJIBIK, 2KYMBIC MALINHAJIBIK OKBITY AJIPOPUTMJIEPIH KOJIJJaHa OTBIPHIII,
KypPCTBI COTCI3 asKTay Kaymi 6ap CTyJeHTTepAl 6acTalnKbl CATBHICBIHAS AHBIKTAY
TaKbIPBIObIHA apHaJIFaH. Bys 3epTTey KypeThl COTCI3 asdKTay BIKTUMAJAbIIbIFbIH-
I8 TYpFaH CTYJICHTTEP.l JjoJ1 YKOHe er>KefiTer>keiiyli aHbIKTay YIIIH CMTHXAHHBIH
KODBITHIHAIB! GallblH, OKY Y/ITePiMiHIH CaHATBIH KoHE KyPCTaH OTIereH CTYIeHT-
TepiH ToyeKes TOOBIH aHBIKTafiIpl. 3eprreynep kepcerkengefi, LGBM perpec-
copbl (EMTHXaHHBIH KOPBITHIH/bI GaJsIbIH OOJIXKay VIIIH), JIOTHCTHKAJBIK perpec-
cusi (CTYIEHTTEepPIH eKi TOObIH AHBIKTAy YIIIH - KypCTbl asKTafTBIHAAD >KoHE
OHBbI 8sIKTaMalThIHIap) KoHe K-opTalna MoHIep (akaJeMUSIJIBIK CaHATTBI 8HBI-
KTay YIIH) CHAKTbI MalnHabIK OKBITY AJITOPUTMEpi MyFaJliMIep/iH KoOMeriHe
MYKTa2K CTyZEHTTep/l XKOFapbl GosKay JONAIriMeH aHBIKTayFa KemekTeceadl. OKy-
IBLIAPABIH OCHl TOOBIH OJIAPIBIH, OKYbIHBIH facblHAa AHBIKTAY OKYIUBLLIAPIbIH
ojlaH Opi OKyFa JereH bIHTACBIH apTTBIPBIII, MyFajiMepre Kail OKYIIBIHBIH Ke-

MEKKe MYKTaXK €KeHIH JKeKe KoHe YaKTblIbl aHbIKTayra KOMEKTECE/Il.



AHHOTAIMA

JITunsioMHasi paboTa MOCBSILEHA TeMe BbISIBJIEHUSl CTYLEHTOB, HOIBEP>KEHHbIX
DUCKy HCYCIICIIIHOTO IPOXOXKACHHUSA KypCa, Ha paHHel cTafun uX oOy4CHHUS C HC-
TOJIb30BaHMEM aJrOPUTMOB MallMHHOrO obydeHusi. B sToM uccienoBanun Jis
TOYHOM U ACTAJBHON HIACHTH(UKALUN CTYJCHTOB, MOJBCPXKCHHBIX DHCKY, ONpe-
JIeJISTIOTCS] HTOTOBBIN 6aJll 9K3aMeHa, KaTeropisl akaIeMU41ecKol yCleBaeMoCTH I
rpyIIa PUCKa CTYJEHTOB, He Mpoulequux Kypc. lccnenosanns noKasbIBaloT, YTo
AJITOPUTMBI MaIlIHHHOTO 00y4eHns, Takue Kax perpeccop LGBM (ansa nporuosu-
POBaHHS UTOTOBOTO 0aji/a 9K3aMeHa), JIOTUCTHYECKas perpeccus (s onpesese-
HUsi IBYX TPYII CTYAEHTOB: T€X, KTO 3aBEPUIHT KypC, U TeX, KTO He 3aBEPIINT
ero) u K-cpeanue (ny1s1 onpejenenus aKaIeMUHY€ECKOll KaTeropiu), MOTyT OMOYb
BBISIBUTb CTYIEHTOB, HYKIAIOLIMXCsl B OMOLIM yYHTeseH ¢ BBICOKOH TOYHOCTbIO
NPOTHO3MPOBAHKs. BbIsiB/IeHIe 3TON TPYININBl ydallXcs Ha DaHHel CTaiun ux
06yJeHHs] MOXKeT MOBBICUTh MOTHBALMIO yYallluXcs K JafbHelimeMy oby4veHnuio

1 TIOMOYb YYUTEJISIM MH/MBIAYAJIbHO U CBOEBPEMEHHO ONPEAE/INTh, KAKOH yYeHnK

ny>KJaeTcsd B NOMOIIH.
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Chapter 1

Background and motivations

1.1 Introduction

1.1.1 Motivation

Special attention at the moment should be paid to the development of the
learning system through the use of Artificial Intelligence technologies, because

education is the foundation for the development of the future generation.

Modern technologics through the use of Artificial Intelligence help us in all
aspects of life [1], including transport and logistics, healthcare, security, in various
studies and sciences, and also help to improve the education system. Thanks to
modern methods of Artificial Intelligence, there is an opportunity to improve
education, namely, to create various adaptive programs for each student, which
can help to give timely feedback on students’ understanding of various disciplines.

Since the recent times after the pandemic, many educational systems have
transitioned to an online format [2], whereas previously it was not quite acceptable
for many modern educational institutions. After the pandemic, many universities
and colleges support a blended learning format, and now it is perfectly normal if
education takes place outside the walls of the university or college. The shift in the
learning format has impacted students’ education, specifically their motivation in

learning, where some students responded positively to the change in the learning



format, while others struggled to embrace online learning due to its drawbacks.

It is no secret that at all times the support of students’ motivation in their stud-
les is an important part in the educational process. There are several important
reasons why motivation is considered important [3] for teaching students:

1) Effectiveness in education. Motivation is the key to achieving success
in education. A motivated student will make increasing efforts to enhance
their knowledge in all subjects studied and strive for the best outcomes
during their educational journey.

2) Enthusiasm from acquired knowledge. Education is a process in which
only motivated students derive pleasure from the learning process itself.
They ask questions, show interest, actively participate in lessons, and seek
new ways to acquire knowledge for their personal development.

3) Creating a conducive learning environment. When students are mo-
tivated in their education, they create favorable conditions for successful
and effective learning, benefiting both themselves and the teacher.

4) The desire to achieve a goal. In most cases, motivated students are
motivated not only in their studies but also in other aspects of life. They
understand the importance of education and can relate successful learning
to their future career growth, which is why they show interest not only in

learning but also in other values in life.

5) Sustainability in learning. In the process of learning, each of the stu-
dents faces difficulties in mastering any skills or knowledge. More motivated
students have to overcome such difficulties much easier, because they realize
the value of the knowledge they have received, so they are ready to overcome
difficulties in learning something and show resilience in learning.

The above points give an idea of the importance of motivating students in the
educational process. The motivation of even one student in a lesson can provide

an incentive for other students.

With the help of machine learning algorithms that are part of Artificial Intelli-
gence, it is possible to continuously improve the quality of the education system

2



and enhance student motivation [4]. By utilizing the capabilities of machine learn-
ing, early in the learning process, it is possible to find students who are at risk of
not successfully pass the course and require timely support from the teacher.

Knowing which students are at risk of not finish the course, the teacher can
use adaptive teaching methods for each student in the form of additional educa-
tional programs for such students. Also, students themselves, knowing in a timely
manner which group they belong to, those who complete the course successfully
or to the one where students fail the course, can start improving their academic
performance on the course in a timely manner. In most cases nowadays, students
do not pay due attention to learning from the very beginning of the course and
can only start learning by the end of the subject when it is already too late to

correct their situation.

1.1.2 Aims and Objectives

This study is dedicated to identifying students who risk not completing the
course successfully before the course ends, in order to increase the level of motiva-
tion in teaching students in a timely manner before the course ends. For a more
successful and accurate identification of students at risk of not completing the
selected course well and those who complete the course successfully, this study

examines several issues such as:

e Final Exam Score - prediction of the final exam score, ranging from 0 to
100, that a student will achieve on the final examination.

o "Pass/Not Pass" - Prediction of successful course completion or non-

completion.

e Academic Performance Category - prediction of the category of aca-
demic performance of students (A, B, C or D):

1) A - the given group consists of students who actively participate in
classes and consistently perform above-average on course assignments,
earning high grades (does not need help from the teacher).

2) B - this group includes those students who regularly take part in classes

3



and complete course assignments below average, receiving not the high-

est grades (some assistance may be required).

3) C - this group includes those students who take part in classes irregu-

larly, and also receive grades below average (needs help).

4) D - this group includes students who rarely attend classes and also

receive low grades. (needs help).

As shown in the figure 1.1, each of the four groups of students is determined
using two parameters, which in turn consist of small components (predictors),
namely from the student’s performance, which in turn reflects the student’s grades
on various tasks and midterm exams, as well as using the participation indicator,

which consists of studying materials, reading various notifications from the teacher

on the learning platform.

Figure 1.1: Definition of four categories of academic performance

This study shows which machine learning algorithms help to determine with
high accuracy such academic indicators at an early stage of training as: final score
for the exam, risk groups for successful and unsuccessful completion of the course

and categories of academic performance (A,B,C,D). Each of these indicators has

4






its own value, however, the application of all three indicators of students together
is able to give a detailed description and the necessary information as shown in
Table 1.1 that the teacher and the student can use to improve their academic

performance.

The first indicator which shown in Table 1.1 helps to guess what grade the
student will receive on the final exam, but the forecast of the exam score cannot
give us an answer whether the student will pass the course or not, for this reason,
this study predicts the classification task, namely failure or successful completion
of the course. At the same time, the assessment received for the exam and also
which group the student belongs to does not give a complete picture of what
exactly students have problems in studying the subject, for this reason, one of the
4 categories is predicted in this study, which helps to determine for what reason the
student may not take the course, and more precisely what cxactly students have
gaps that negatively affect their successful completion of the subject. According
to the above rcasons, only the use of each of the indicators together gives

a complete picture individually for each student.



Table 1.1: Category Detection

Category | Determination | Benefit Assistance

A Successful both on the | 1. Increased motiva- [ The help of the
"Perfomance" axis as | tion teacher and other
well as on the "Partic- | 2. The ability to help | students  is not

ipation" axis.

fellow students.

3. The possibility of
professional and career
growth associated with

needed.
The student is inde-
pendent.

ful both on the "Par-
ticipation"

axis and on the "Per-
fomance" axis.

complete the course in
case of timely interven-
tion.

2. Organization of in-
dividual teaching meth-
ods for better assimila-
tion.

3. Awareness of the
moment when the gaps
in knowledge began.

the course.

B Student is successful | 1. The possibility of a | The student can im-
as on the "Participa- | concept where there are | prove his performance
tion" axis, gaps. by himself, but they
but not successful | 2. Elimination of gaps | may need some help
on the "Perfomance" | in undeveloped topics. | from a teacher or
axis. 3. Striving to get high | other students.

marks

C The student is half [ 1. Awareness of what | A student needs the
successful on both in- | may not pass the | help of a teacher and
dicators of academic | course. can also ask for help
performance. 2. Addressing knowl- | from other students.
Can get sometimes | edge gaps in a timely
high marks, some- [ manner.
times low. 3. Scarch for additional

materials for easy as-
similation. '
D Student is not success- | 1. The opportunity to | A student really needs

the help of a teacher
and can also ask for
help from other stu-
dents.

Identifying students who risk not completing the course successfully before
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the end of the course will help in the following points:

1) Avoiding student dropout. Identifying course students who may not
pass the course well at an early stage avoids the loss of motivation of stu-
dents, which contributes to the dropout of the student as a whole from the
educational process. Students who have lost motivation in learning are able
to reduce their academic performance in various subjects studied and may

quit their studies altogether.

2) Getting support from a teacher. Understanding exactly which stu-
dents are experiencing learning difficulties, teachers can help such students
by including, for example, any additional classes, mentoring, or providing
students with additional resources to help them learn the subject.

3) Effective time saving. Early identification of students at risk and timely
support to students will help save time for which a student can spend re-
peatedly for training if he fails the course. Support at an early stage of
learning is much more effective and expedient than later intervention in the

student’s education.

4) Improving academic performance. If a student is identified at an early
stage of training and is supported by a teacher or his classmates, he will
be able to change the situation and finish the course successfully. When
students’ problems in learning any subjects are solved at an early stage of
training, they have a better chance of completing the course successfully

and coping with learning difficulties.

Early identification of students who may not finish the course is important

topic for research for the following reasons:

e COVID-19 and it’s impact.

One of the first and most important reasons is the period of the COVID-19
pandemic, the consequences of which led to the fact that many educational
systems around the world switched not to the traditional format of education
[2], namely to remote online learning and continue to study online. This

provoked various learning difficulties such as various technical problems,

7



misunderstanding of the subject and, most importantly, a decrease in the

level of motivation of students.
e Individual approach for students.

An equally important and relevant topic is the individual approach in teach-
ing each student. Identifying students at an early stage who are at risk of
not completing the course allows us to determine the characteristics of each
student and helps to understand exactly what kind of support each student
needs. Teachers can create their own methods or techniques of an individ-
ual approach in understanding students of certain topics or other not a few

important things in increasing the motivation (3] of learning a subject .

¢ Efficiency in the use of resources.

The relevance is also reflected in the understanding that it is very necessary
to effectively use the resources of educational institutions, as well as the
time devoted by students and teachers themselves to studying any courses.
Identifying students at risk will help avoid the problem of student dropout
and motivate students to study during, before the course ends.

¢ Regular improvement of the quality of education.

Continuous improvement of the quality of education. If institutions are
able to identify students at an early stage who are at risk of not completing
certain courses, then the quality of education will constantly improve for
the whole institution and for the teacher. Providing support to students
in a timely manner can improve students’ understanding of the subject,
determine which points are not clear to students and help provide additional
resources and support that will help not only the student but also teachers

to understand what it is worth focusing on for many students in the further

education of students.

Summarizing the above, we can give the urgency of the problem in order to
effectively manage the resources of both institutions and students, constantly
improve the quality of education by providing timely assistance to students, an
individual approach to tcaching for cach student, cffectively respond to providing



support to students in teaching various topics.

1.1.3 Thesis Outline

This thesis follows a specific order:

1)

(Ba
SN—

Chapter 1.

The first chapter presents an introduction to the research problem, specif-

ically discussing the goals and importance, relevance, and novelty of the
study.
Chapter 2.

The next Chapter 2, provides an introduction to the theoretical framework

of the research, mentioning various terms used in the study, as well as an
introductory description of the machine learning algorithms used to success-

fully identify students who may not successtully finish the subject.
Chapter 3.

Chapter 3 describes previous research on the topic, including key findings

from previous works and recommendations put forth by the authors of those

studies.

Chapter 4.

In the subsequent Chapter 4, the data preparation process, research meth-

ods, and results are described in detail.

Chapter 5.

The final Chapter 5 concludes the research, summarizes the conducted work

and the obtained results, and provides recommendations for future research.



1.2 Background

1.2.1 Dropout of students at the initial stages of the edu-

cational process.

In our time, the issue of early student dropout from courses affects any ed-
ucational institution. Student attrition at an early stage occurs due to various
reasons, providing an opportunity to make changes before the student’s early de-
parture from the course happens. The problem of early student dropout from
courses lies in the fact that students may discontinue their studies in certain
subjects or, in general, terminate their educational journey before completing a
particular course or even before finishing their education at the educational insti-

tution.

This type of student attrition is significant because it occurs at an early stage
of student education. It can happen within a month or even six months after the
start of the course, but it occurs before the completion of any specific course. It
can have a considerable impact on students’ overall academic success as well as

the overall effectiveness of the educational system.
The reasons why students may not successfully complete a course and drop
out at an early stage of their education can be diverse [5]. Some of these reasons

include:
1) Insufficient academic preparedness.

Some students may be unprepared for specific courses due to their inad-
equate study skills. Not every student, before entering higher education,
understands where exactly they are headed and what they need to know in

order to successfully complete academic courses and become a sought-after

professional in their chosen career.
9) Inappropriate educational environment.

It is important to understand that not all students may fit certain require-
ments in the educational environment of academic institutions, and some

students may not meet specific criteria [5] or align with a particular type of

10



education in educational institutions.
Disappointment with acquired knowledge.

One of the reasons for early student dropout can be the disappointment
students experience with the knowledge they acquire during their educa-
tion compared to their expectations. If students do not receive the desired
knowledge during their studies, it can lead to a loss of motivation for further
learning, causing them to abandon the course at an early stage.

Insufficient engagement and participation in class.

Many students mistakenly assume that involvement in class and active par-
ticipation do not play any role in successfully mastering a subject and cannot
influence early student dropout from a course. It is essential for every stu-
dent to feel like an active participant engaged in the learning process of the
course [5]. If a student does not recognize the importance of being active,
they may lose motivation to learn the subject. Consequently, the lack of

interaction with teachers or fellow classmates in the course contributes to

this.
Financial difficulties.

Financial challenges can arise for students, preventing them from access-
ing the essential resources and educational opportunities [6] they need. The
steep expenses associated with tuition fees, textbooks, accommodation, and
transportation can act as obstacles, particularly for students who have lim-

ited financial means [6].

Inadequate course selection.

Students might not fully comprehend the level of difficulty or fail to align
their interests properly when making course choices, resulting in a decline
in motivation and a higher likelihood of dropping out.

Insufficient support.

Students, especially those who encounter difficulties adjusting to a new en-

vironment or have personal issues, may feel a lack of support from the

11



educational institution. The absence of guidance, mentorship, or access to
resources can diminish their motivation and hinder their ability to overcome

challenges.
8) Personal circumstances.

Students may encounter personal problems, such as family obligations, fi-
nancial hardships, or health issues, that can result in the interruption of

their studies.

Tt is crucial that the students initially enrolled in any course are actively engaged
in the lessons and understand their attitude towards the subject. It is important
to identify if they are facing any difficulties and which specific topics they are
struggling to comprehend. In addition to the students themselves, the teacher,
with the help of Artificial I-ntelligence methods, can understand these issues at an

earlier stage and provide timely support to the students before their education

concludes.

The possibilities of using Artificial Intelligence can help to fix the problem
of early dropout of students at the early stages of education [4]. Starting with
data analysis and collection, Artificial Intelligence methods allow us effective work
with very large amounts of data that a person himself will not be able to master.
Namely, thanks to machine learning algorithms, it is possible to process data with
a large size and different types 7). In particular, for the problem of early dropout
of students, various academic indicators of students are processed and analyzed
with the help of machine learning, such as engagement in the lesson, attendance
of classes by students, various points received or grades on quizzes, completed
projects, various tests , as well as grades on previous exams. The use of these
factors allows Artificial Intelligence methods to determine at the early stages of
training the risk that a student will not complete the course successfully and may

lose motivation for further academic development.

In addition to processing and analyzing large amounts of data with various
types of data [4], Artificial Intelligence methods can identify students at an early
stage can not finish the course. That is, with the help of machine learning tech-
niques, Artificial intelligence can identify students who have a very high risk of

12



not successfully completing the course. Identifying such students at an early stage
of learning will allow teachers to understand which students need their support
and can take the necessary measures at the early stages of teaching the subject.
After identifying students at risk of not completing courses, Artificial Intelligence
can also suggest adaptive learning for each student. Machine learning algorithms
allow you to determine which type of training is suitable for each student, that is,
adaptive machine learning methods built for each student allows the teacher to
provide various educational programs or additional resources that are necessary
for a particular student in mastering the learning material and overcoming various

difficulties for successful completion of the course.

The main task of applying the adapted teaching method for various students
is to optimize the educational process and increase academic performance in the
classroom among students. Earlicr, the authors of [1] in their study describe how
the Moodle system can be used to apply adapted teaching methods among stu-
dents. Namely, the authors give examples based on all the functions of the system
when the system analyzes all data about students using Artificial Intelligence and
can automatically offer certain individual tasks for each student as well as addi-
tional sources or resources for teaching a particular topic. This feature also allows
you to determine at what point of learning students have learning difficulties. It
is also a great opportunity for students to focus on certain topics and get more
support from the teacher, because thanks to this opportunity, the teacher will
see at what stages the student finds it difficult to master the material success-
fully. In addition, the authors describe in detail exactly what situations a user
may encounter when using a management system for studying various subjects to
determine adapted teaching methods suitable for each student.

The use of these Artificial Intelligence capabilities can significantly increase the
level of motivation of students [4]. Artificial intelligence methods can provide
both for the student and for the teacher detailed personalized information about
the student’s learning ability of various courses as well as various motivational
materials as well as his predictive indicators for the course that will help students

work harder and gain knowledge for the successful completion of the subject.

All of the above features of Artificial Intelligence on the problem of early

13



dropout of students from the course (analysis of various factors of students with
large volumes and different types of data, identification of students who can not
finish the course successfully, as well as the application of adaptive teaching meth-
ods to various students) they to promote the involvement of students in the lesson

and also increase the chances of successful completion of any course in the selected

disciplines.

The system for identifying students with a risk group is presented by scien-
tists in their study [1], where they help determine which students at an early
stage of study will not successfully graduate from a higher educational institution.
The system developed by scientists uses complex Artificial Intelligence algorithms
based on artificial neural networks [1] that accurately identify students at risk of

not successfully graduating from higher education.

Author describe in detail how artificial neural networks were used, which are
machine learning methods for processing a large amount of data about students
and subsequent analysis of various academic indicators obtained during the period
of study by students, their activities and other various parameters to successfully
identify students who can not finish the course successfully [1]. The author note
that the neural networks used are able to identify various relationships and com-
plex patterns, which is the most effective way to eliminate student failures in the
successful teaching of subjects and successful ways to predict early dropouts of

students from educational institutions.

One of the important objective of the study [1] is to develop a system for
classifying students into risk groups for not successfully graduating from an edu-
cational institution. With the help of this system, the managers of the education
system in the educational institution itself can identify such students and provide
timely support to students in the form of additional classes, providing additional
resources so that students can improve their situation for the better and success-

fully graduate from higher education.

Author focus on how the model is trained based on machine learning algorithms
using neural networks [1]. The machine learning with neural network is trained

on the basis of historical data about each student, including students’ academic
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performance, and builds models for predicting the probability of a student drop-
ping out of training at a given educational institution. In this way, the machine
learning algorithm helps to identify such students from the risk group and helps
educational institutions to take various measures to improve the academic per-
formance of students at the time. The author emphasize what opportunities can
be achieved by using machine learning methods to eliminate the problem of early
dropout of students from training. It is noted that educational institutions us-
ing the developed system can see personalized information for each student and

improve the effectiveness of the academic performance [1].

1.2.2 Machine Learning with Python

Machine learning is currently used in many everyday tasks [8] and is able to
simplify the routine work of mankind many times. Learning from the provided his-
torical data, machine learning algorithms identify various dependencies between
data and patterns, and ultimately solve the problem much faster and more effi-
ciently than the person himself. In addition, machine learning methods are able
to cluster themselves into groups or identify patterns in a large amount of datg,
without providing historical data. Big data processing and analysis is an impor-
tant link in any field of activity [7], when introducing any business and without
using machine learning methods, it is very difficult for people to identify patterns
in the available data on their own and find solutions to their questions.

Machine learning is only one of the subsections of Artificial Intelligence, which
is an integral part of all the available capabilities of Artificial Intelligence. This
subsection relates to the creation of various forecasting models and algorithms
that are able to extract the necessary information for computers [8], learn from
this knowledge provided and produce the desired result without any difficulties

for humans.
Nowadays, this area is of particular importance in all areas for the following
reasons:
1) Processing and subsequent analysis of available data.

With the appearance of the Internet and its development, a large amount of
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4)

information is generated every second, which has to be processed and ana-
lyzed to conduct any business or for various other purposes in any existing
activity at the moment. Machine learning can help analyze data [7], deduce
patterns, and help us draw conclusions. The model created on the basis of

trained data can be constantly improved and used if necessary.
Optimization and automation of routine processes.

Machine learning algorithms can automate any processes or tasks, namely
what a person previously needed to do, for example, recognize an image
to access something, or an example when it is necessary to classify data.
If a lot of data is generated and this process is dynamic, managing such a
volume can take a long time for a person, for this reason, the use of machine
learning methods is necessary in such cases [7]. Examples of using machine
learning to automate and optimize complex or everyday routine tasks may

be enough for various purposes.
Prediction of various things.

With the use of ML, it has become possible to create models that will be
able to determine something in advance for the successful implementation
of any business. One example is our daily weather forecast, on the basis
of which people can rely on air temperature and weather, planning their
day. Another very good example is the use of ML-based predictions in the
field of medical diagnostics, a diverse number of diagnoses are predicted
based on machine learning models [8]. In addition, it is used for our daily

recommendations in various aspects of life.
Adaptability to different users.

Machine learning models can adapt to each user and create, based on the
available data, their recommendations for examples on choosing clothes to
buy or watching movies. The use of various personal data for model training
allows models to expand their capabilities and adjust to the taste and choice
of each user/client, offering a certain category of what may be liked or may

he suitable for a person [7]. This flexibility allows us to apply and train
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artificial intelligence more and more nowadays.

In the application of machine learning, in addition to the fact that it is necessary
to know where and in what cases models trained by artificial intelligence can be
used, it is important to learn to master the language in which such models can
be created. One of these languages is Python, where it is very popular in the
field of machine learning for a number of reasons [9]. In general, this language is
very easy to learn, which is its main advantage over other existing languages.The
syntax of the language is very simple compared to other languages.

The code itself written in Python can be easily read and legible not only for one
person who is the author of the code, but also for all other users [9]. This greatly
simplifies the ways of communication between different members of projects cre-
ated using machine learning. In addition to its simplicity, it is very rich in various
ready-made libraries with the help of which it becomes very convenient to solve
any tasks of varying complexity. It enjoys high power and an extensive ecosystem
of various built-in tools. All these features help us choose this particular language

to solve machine learning problems, which is common for many developers facing

machine learning.

In addition to this, thc language is so popular that it has been able to contribute
to the creation of a large community and to the creation of large ecosystems of
libraries [10]. Due to the great demand between users of the language in solving
their tasks, at the current time, the necessary tools and libraries are being created
more and more, which are used in the future by other users using the possibility

of artificial intelligence in tasks.

The creation of an entire ecosystem of certain tools and libraries makes it
possible to simplify the process of solving problems based on the use of artifi-

cial intelligence, which in general entails facilitating the development of machine

learning all over the world.

An additional feature of Python is that it can easily integrate with other pro-
gramming languages and tools. This feature allows to use this language in various

existing systems to solve problems based on machine learning [9], as well as apply

it in various technology stacks.

17



In general, the high performance and efficiency of using the language is mani-
fested in the fact that it has a large number of built-in optimized libraries that are
constantly expanding and thereby provide high performance compared to other

languages.

The language has become widespread not only because it is possible to solve
problems based on artificial intelligence, but also because it solves problems of
varying complexity and volume, so it is very popular not only among machine
learning tasks [10], but also for all other cases. This feature allows users of the
language to apply the acquired skills and knowledge in solving various other tasks

in the same language. For this reason, many language users consider choosing

this particular language compared to other languages.
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Chapter 2

Literature Review

2.1 Student dropout prediction.

Earlier in his research, scientist Cameron Cooper, using machine learning algo-
rithms, namely using neural networks, identified students at risk of not completing
one of the prerequisites - "Introduction to computer programming" successfully.
Earlier, before conducting this study, scientists [1] studied the problem of cal-
culating the exact percentage of underachieving students in the introduction to
programming courses, as well as identifying factors that could affect the success-
ful completion of the course and vice versa on the failure of the course. The
researchers [1] put forward several different hypotheses in their study according
to which it was possible to reveal the main reasons for the failure of students in
the course of introduction to programming, namely, they identify such predictors
as the complexity of the material being studied in the course, that students might
not have been prepared for this course and did not have any previous experience
in this subject, as well as not the best and necessary support from teachers in this
subject.The results of this study [11], show that only 67% of students successfully
complete their studies in the subject - "Introduction to Computer programming"
in the period of 7 years in education centers. On the other hand, the study has
limitations because the results are based on data obtained from various universi-
ties and this may not reflect the full picture of the failure of students of the course

on programming for a varicty of cducational institutions and in all contexts. The
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authors also note [11] how much % of students fail in the course introduction to
programming, however, the authors do not offer ways or techniques that could be
applied and changed to improve the situation according to the students’ rights.

The main purpose of this research [1] conducted by the scientist Cameron
Cooper was to find students who may be at great risk of not completing their
studies or experiencing difficulties in the programming course, which is an intro-

ductory course for all novice programmers.

To conduct the study, the scientist collected data on students’ academic per-
formance, their demographic indicators, educational history before they started
studying this course for 7 years of studying this subject Introduction to Com-
puter Programming [1), namely, he collected 592 data about each student to
teach his model. The scientist uses machine learning algorithms and analyzes all
the collected data about students. After teaching the model to the students’ past
historical data, the author creates a predictive model that allows to successfully

find students who can not finish this course successfully.

The results of this study [1] showed how much machine learning capabilities
allow you to correctly identify students at risk with a forecast accuracy of 99%.
The author uses 25 different neural networks. The author shows that of all the
neural networks used, the best result according to the forecast turned out to be
o Probabilistic neural network. This model has achieved high forecast accuracy,
where the author encourages teachers to use the forecast model for timely inter-
vention if a student is at risk of not completing the course successfully. Author
in the research [1] emphasizes the great potential for using this student predic-
tion model, noting that there is an opportunity to actively use machine learning
models in order to support students to complete a programming course very well,
while noting that further research can contribute to improving the efficiency of
higher education students.The author shows how sensitivity analysis is used to
identify the most important periods in students’ learning [1], which help teachers
correct the situation in time and help improve students’ academic results. The
results of the study [1] showed how with the using ML algorithms it is possible
to increase the level of completion of a programming course, namely, this study

contributed to an increase in academic performance by 23% through the use of
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an alert system.

On the other hand, the authors [1] note that the conducted research and its
model can be used only for students for a two-year community college, namely for
the course "Introduction to Computer programming", which students take when
entering the computer science specialty. This is a limitation of this study, since it
is suitable only for students with two-year studies and the specifics of the study
are tied to only one subject, which may negatively affect the application of the
model in other disciplines or use in other educational institutions.

In another study [12], the author studied this problem of identifying students
can not finish the course, but with a different approach. Author divided the
period of study of students into 3 different stages of learning a subject. To solve
this problem, the author used only such predictors as grades for various tasks, as
well as the number of visits to the classes themselves by students [12]. The th’ree
different stages into which the method of identifying such students is divided are

divided in the following way:

e Stage 1.

The first stage includes all visits and evaluation of the very first task for the

first 4 classes of the course.

e Stage 2.
The second stage includes the analysis and revision of grades for the first
and second tasks in aggregate, as well as the number of visits over the last

8 weeks of training.

e Stage 3.

The last third stage is similar to the previous two stages, but it contains
only the grades of three tasks and the number of visits by students for
10 completed weeks of study, and it also contains an assessment for the

intermediate exam before the end of the course.

Author in his research [12] says that he does not use all the assessments and

visits by students in a row for all 10 weeks of training on the course, since the
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teacher cannot always conduct all the lessons, that is, in some weeks lessons may
not be conducted due to various circumstances. Further, after being divided into
three different stages, the scientist uses different types of machine learning algo-
rithms and teaches at all three stages separately. In addition to using algorithms
at all three stages of training, the author uses a methodology previously derived
by scientists in their study [13] in which researchers note that using a combined

result from various algorithms gives a better result than just using one algorithm

to solve a problem.

For this reason, the authors uses a combination of several algorithms [13] at the
same time. Namely, the author explains his solution to the problem using three
different schemes, namely in such a way that the student belongs to the risk group
if at least 1 of the 3 algorithms used classifies the student to the risk group, this
s included in the first scheme proposed by the author of the study.The following
scheme refers to the result obtained by two algorithms, which means that of all
the algorithms used, the student will be considered at risk only if two algorithms
determine the student as at risk of not finishing. The most recent third scheme
for detecting students at risk is determined in such a way that a student will one
of the students at risk only if all three algorithms [13] classify students as at risk,

this will mean that students really may not graduate successfully.

After carrying out all the methods, the authors shows the result that the use of

the second method when the result is used when at least two of all the algorithms
used show that the student is in a group who can not finish the course with the

most higher accuracy rate - 85.33% [13], only in this case the student will be

determined to the group who will not successfully complete the course on the

subject.

In his experiments [12], the author used three different algorithms to identify

students at risk, namely,
sifier and Naive Bayesian algorithm. The results of the experiments have shown

that of all 3 machine learning algorithms such as the Instance-based learning Clas-
sifier, Decision Tree and Naive Bayes, the K-star algorithm showed the best result
according to the forecast [12]. In addition, the author does not use predictors such
as he points out that in such studies it is necessary to use only

such as the Decision tree, Instance-based learning clas-

as age or gender,
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time-varying predictors that have the ability to change and not be statistical [12].
For example, the predictors used as grades and attendance are time-varying data
about students.At the same time, the author compares his obtained results on
the use of only time-varying data with the results of previously obtained studies
where he notes that his results are better than in the study where the au1:h01i
[14] also use only time-varying predictors and lower than in the study of other

scientists [13] according to the same logic of using time-varying predictors.

Comparing with the studies of other authors [13] on this topic, the difference is
that the author used exactly time-varying data on students and shows us that for
such studies, only time-varying data can be taken and this will be sufficient for an
accurate forecast. However, on the opposite side, the limitation in this study is
that the author uses data collected from online courses and also the author does
not conduct dependence and analysis on the influence of the collected predictors
for this study on the model obtained by experimenting with various machine
learning algorithms. Author [12] also calls in his work for the further development
of the experiments done by the author, namely, he considers it necessary to carry
out similar work only using learning algorithms based on instances [12], such as
KNN, to obtain accurate results on the prediction that the student is in poor
condition in the subject and may not finish the course successfully.

In their study [15], the scientists devoted time to studying the topic of the
problem of potential dropout of students in the field of STEM in colleges. A
distinctive feature from other researchers is that the authors [15] tried to find the
most stable factors (predictors) of data on college students that can accurately
lead students to a loss of student interest in learning as well as to early dropouts
from education in general. The authors note that it is at the beginning of training
that students are at risk of early dropout from students, the author notes that
more than 60%
this reason, the authors

at risk of not completing their st
for students to study by college administrators. Authors

of students are able to drop out at early stages of training. For
[15] note that it is extremely important to detect students
udies at the early stages of their studies, in order
to maintain motivation
[15] compare various factors to determine the most significant for identifying such

students as:
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e GPA level taken from high school.
e GPA level during college

o Age

e Gender

e Race
e Date of admission to college

¢ Different SAT exam scores (math, verb, etc.)
e Duration of training

e Specialty of study
¢ Final semester of study

Authors consider 9 different specialties with different academic requirements,
as well as various difficulties faced by students or teachers themselves during the
study of the subject. Authors consider 9 different specialties [15] (Mathematics,
Physics, Chemistry, Biology, Computer Science, Information Technology, Civil
and Infrastructure Engineering, AIT(Applied Information Technology) and Psy-
chology) with different academic requirements, as well as various difficulties faced
by students or teachers themselves during the study of the subject. The results
of a comparative analysis between 9 specialties in the students’ cohabitation in
these specialties show that the process of teaching students in different 9 special-
ties takes place in students in different ways [15], and scientists also say how much

the courscs and curriculum may differ from each other, as well as differences in

student performance in these specialties.

Of all the 9 listed specialties for which a comparative analysis was conducted,

most of all students are delayed and graduate successfully in the Information

Systems specialties, then these are Computer Science specialties and other en-
gineering specialties. The analysis showed [15] that in the specialty of Physics,

students are most at risk of not completing their studies. If a student studies

successfully for the first two years of study, then he will have a better chance
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of completing his studies. Author noted [15] this pattern in his analysis by the
fact that physics is one of the most difficult specialties and those who enter this
specialty are much older than those who enter other specialties mainly due to the
fact that they approach the choice of their specialty very deliberately and without
nonsense that young people can allow by choosing their specialty thoughtlessly.
Students who enrolled in the specialty of Physics who do not make efforts to im-

prove their academic performance in most cases give up and drop out at the early

stages of their studies.

In addition, authors [15] conducted experiments on teaching machine learning
algorithms separately for different 8 semesters of training in any specialty. In
addition to machine learning algorithms, Survival Analysis was also present in the
study, the author took algorithms such as Logistic Regression (LR), Naive
Bayes (NB),Decision Tree (DT), Random Forest (RF), and Adaboost
(AB) methods. The results of the study [15] showed that the duration of study
nal institution as well as the level of academic performance by

at a higher educatio

semester (GPA) are important predictors for calculating the risk among students

of not completing their studies.

Author notes that machine Jearning methods [15] did the best job of predicting

student dropout compared to methods of survival analysis. Of all the algorithms
and analysis methods used, machine learning algorithms such as Logistic Regres-
sion and AdaBoost methods have shown the best result. They are the most accu-
rate methods for finding students can not finish their studies. The logistic model

showed the best predictions for the 4th semester of training with the accuracy of

the F1 score = 95%

accuracy of the model for the
F1 score = 95 model%[15] The limitation of the work carried out is that the data

s enrolled in college used in the work such as the GPA level in higher

model, also the AdaBoost method showed a high result of the
4th semester of training with the accuracy of the

on student
[15], as well as various grades on SAT exams may not be available to all

education
nd the world, so this is a limitation on the study. In

educational institutions arou

addition, the quthor made an experiment only in certain disciplines, while earlier

deductions, although in a sm
portant problem.

all amount, may also be in other specialties and is

also an 1m
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2.2 Prediction of students’ final grades.

Linear Regression

Scientist Mahesh Gadhavi [16] conducted experiments to predict the final
grade of students on the course, which can be used in the future in educational
fields. Linear regression was used to analyze the relationship between independent
variables and the final final course score. In this study [16], linear regression is
used to predict a student’s final grade based on various factors such as student
attendance at courses, grades for previous exams, the number of hours passed
in class, which can affect academic success. Using data on attendance, grades,
as well as the number of study hours spent, a linear regression model was built
that takes into account the relationship between predictors and the final grade.

To verify the accuracy of the obtained model, the researcher made an analysis

com
the real final grades of students. The scientist [16] notes that in order to obtain

paring the estimates obtained from the forecast with the average values of

more accurate results, the predictors used in the study were normalized to 100%

to obtain a more correct assessment of the course.

The results of the work [16] done have shown that the model based on the usual

linear regression 1s very effective for building a model based on the forecast of the

course assessment.

Author notes [16] that the study may be suitable for various educational in-

stitutions, according to how teachers and managers of universities or colleges can

help students make decisions on student support, as well as identify students at
risk of not graduating from an educational institution, and can also help teach-
ers develop a system for teaching students individually for each student for more

successful completion of the course.

However, it should be noted that the results of the study [16]are limited by the

data used and the only one linear regression model used in the research. For more

accurate forecasting and analysis, it may be necessary to use other algorithms,

not only Linear Regression and a wider data set.

Generalized

Linear Model
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After the introduction of a mixed format of education in connection with
COVID-19, the problem with a decrease in motivation in learning among stu-
dents began to develop even more among students than it was before COVID-19
appeared. In his research [17], the scientists analyzed the collected data on stu-
dents during the introduction of online learning, where he tried to reveal the topic
of predicting the final grade for the course, which the student receives at the end

of the whole course during the first semester.

Tn certain experiments, the authors notes that academic performance data were
collected by monitoring academic performance in the form of various grades re-

ceived on the subject for the period from 2020-2021 during the first semester

Authors uses 35 predictors to analyze [17] the forecast of estimates, namely:

1) Knows about MS Teams

9) Participation in other laboratories

3) Grades for other courses
4) Uncertainty in understanding of the subject

r the final on the topic of the subject

5) Readiness fo

6) How many times have there been technical difficulties

s were evaluated and re-returned for revision

7) The task

e subject

nt on training on weekdays

9) Hours spe

10) How well the variou

sment based on notes written in the classroom

s completed tasks are evaluated

11) Asses

19) The impact of the tests on the knowledge of the theory

eed to apply visualizations for a good understanding

13) The n

14) Reach in the stud

ness in the use of graphic images

)
)
)
)
)
)
)
8) Time spent studying th
)
)
)
)
)
) y of complex topics
)

15) Useful
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16) The student likes this subject more compared to others
17) Eliminating gaps in the topics covered

18) The maximum limit of exhaustion from the subject

19) Hours spent on all types of work

90) Number of hours of attendance on the learning platform

)
)
)
)
)
21) Complaints about late grades for the lesson
)
)
)
)

99) Marking gaps in conducting online lectures
93) Basic knowledge of office programs
94) The presence of completed tasks related to future work
95) The probability of good performance of tasks related to future
work
26) Sustainability in learning
27) Academic performance level by topic
28) Physics grades on the initial exam
29) The number of activities on the part of the student
30) The number of students who dropped out
31) Number of lectures attended
32) Activity in online classes
33) The class grouP to which the student belongs
34) Type of completed high school student
35) Final assessment of the course
After conducting 2 statistical analysis of all 35 predictors, the authors[17]

identifies and subsequently utilizes only the factors that influence the academic

performance of students in the online course during the first semester of a specific
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subject within the Natural Sciences of the Engineering Faculty for the purpose of
grade prediction.

Using the influential factors for the course grade, the authors [17] creates a
hybrid model using machine learning. The hybrid model consists of a generalized
linear model, where the errors are used as input for a neural network. In other
words, initially, the course grade passes through a model using a regular linear
regression, which is typical for predicting values. Then, the obtained error results
enter the neural network model, which is composed of 70% for train data, 15% for
testing data, and the remaining 15% as the validation. The use of a hybrid model

[17] that can continuously learn from its errors has allowed the authors to achieve

oxcellent results in predicting the grade a student can obtain upon completing
the course. In their findings, the authors note that the utilization of the hybrid
model (lincar regression and ncural network) specifically led to automatic grade
improvement with a high coefficient of determination, R1 = 1]17]. On the flip side,

the study has several limitations. Firstly, the predictors used were only based

on online student sessions and not in a blended learning format. Additionally,

the authors only utilized data from a single semester, specific to one subject.

This means that the findings of this study [17] can only be applied in a limited
context, (}KC]HSW("]}’ for the first semester of online learning. For future research,
it is advisable to include data not only from online learning but also from different
semesters. The authors [17]1'ecommcnd exploring the selection of the 35 predictors

for subsequent courses in various subjects and in a blended learning format for

future studies.

The tables below g1, 24 show a comparison of current work as well as limi-

tations on previous studies
ades, dropout of students from the course.

aimed at predicting various kinds of academic perfor-

mance, such as gr



Table 2.1: Limitations and comparison of other studies with this study.

Ne | Research work | Methods/Research | Limitations Comparison
with this re-
search

1 | Using Machine | 25 different Neural | Limited sampling of | Sampling in

Learning to | Networks (Probabilis- | data for only one sub- | various subjects,
Identify At-risk | tic Neural Network, | ject predictors  are
Students in an | Regression MLP, universal for dif-
Introductory Classification ~MLP, forent COUTSs.
Programming Reg Gen Feedfor-
Course at a | ward) using Backward
Two-year Public | Elimination for input
College [1] data
2 | Identifying At- | Comparison of 3 dif- | The data collected | The analysis of
Risk  Students | ferent algorithms: | only  from  online | the  influence
Using Machine Instance-based courses does not carry | of  predictors
Learning Tech- learning classifier, | out dependence and | on the forecast,
niques: A Case decision tree and | analysis of the influ- | data  collected
Study with IS | naive Baycsian algo- | cnce of the collected from both online
100 [12] rithm for predicting predictors on the [ and offline for-
students  at  risk, | model mats, has been
comparison of time- carried out.
varying attributes
and time-invariant
attributes such as
hunter or age
3 | Dropout  pre- 3 different schemes: 1 | Applicable only for | Applicable for
diction in € scheme - student be- | courses with online | both  training
learning courses | longs to a risk group trainin.g, there is no | formats, a com-
through the | even if only 1 algo- analysis of the influ- | parison of the
combination of | rithm assigns him to a | encc of factors on the | obtained factors
machine learn- | risk group, 2 scheme - | forecast of the model. | for the forecast
ing techniques if at least 2 a.lgorithms is given.
[13] show that this student
belongs to risk group,
scheme 3 - if all 3 al-

gorithms determine a
student as from a risk

group
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Table 2.2: Limitations and comparison of other studies with this study.

e-Learning Envi-
ronment: Clus-
tering Using K-
means [18]

ing clustering algo-
rithm to determine
the level of student en-

gagement in the les-

courses as the atten-
dance on the course
platform is applicd,
the time spent on

Ne | Research work | Methods/Research | Limitations Comparison
with this
research

4 | Student Engage- | K-means was used as | The possibility of | The opportunity

ment Level in an | an unsupervised learn- | using it for online | to see complete

and detailed in-
formation about
the
academic perfor-

student’s

5 | Applications of
machine learn-
ing to student
grade prediction
in quantitative
business courses

[19]

In the conc
related to predic
value and distincti

making it casicr for

dent. Additionally; t
dropout and student re

son. Three clustering | the platform. Does | mance, helping
models are considered: | not give a complete | to improve
9-level, 3-level and 5- | picture of the stu- | his academic
level clustering (Very | dent’s progress, only | performance.
Low, Low, Medium, involvement in the

High, Very High). lesson

Three different al- | The data were not Data prepro-
gorithms are used, | normalized to improve | cessing was

such as: naive Bayes
method, KNN, SVM
to determine the final
grade of the course.

' the forecast

indica-
tors, and the impact
of forecast factors was
not analyzed.

carried out to
the
results of fore-

improve

casting, as well
as the impact
of data on the
forecast.
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ceiving an F grade in the course.

Jusion of previous works [1], [12], [13], [14], [15], [11], [16],[17],[18]
ting various academic indicators and student attrition, the main
on of this study is that it categorizes students into four groups,
tecachers to identify the most appropriate support for each stu-
his study examines two cases of incomplete learning: student




Chapter 3

Methodology

31 Data description and preprocessing.

3.1.1 Feature Selection

pose of the research, which is to provide a compre

Returning to the main pur
mic performance (final exam scores, dropout predictio
I,

hensive picture of acade
f academic achievement in a subject [20]) for eacl
acCll

and one of the four categorics 0
particular course, the researchers [18] obtained data from t}
< ne

student taking a
North American University [18] as predictors for conducting experiments. The
1 this study consists of the ac
were enrolled in the second year of their undergradu-

ty of Western Ontario in Canada.The full description

ademic performance of students in the

data uscd 1

natural sciences course who

ate program at the Universi

of each of the predictors use
many times does a student attend classes.

d in this article is described below:

1. Visits: How
How many times has the student read the cour
'se

9. Study of materials:

rial in the learning

tions: The number of readings of notifications from t}
" 1c

mate platform.

3. Reading notifica
toacher on the learning platforni.

obtained from the first quiz

4. Quiz: The SCOTe
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5. Assignment 1: Evaluation of the very first completed task.
6. Midterm: The score obtained from the first midterm.
7. Assignment 9. Evaluation of the second completed task.

8. Assignment 3: Evaluation of the third completed task.

9. Assignments submission delay: Missing a deadline.

10. Final Exam: The score obtained from the final exam.

11. Participation in the discussion: Number of participants in the lesson.

on quality score, which measures the accuracy and

The F1 score classificati
d as follows in Equation(3.1.1) :

completeness of data, is calculate

Precision X Recall
; =2
F1 5core % Precision + Recall (3.1.1)

In addition to the 1 score evaluation for assessing the accuracy of positive
nPrecision” evaluation in Equation(3.1.2) and "Recall" which

predictions, the
the model detects all positive examples in Equation(3.1.3) is

measures how well

used based o lculation.

n the following c2

o True Positive
Precision = Tye Positive + False Positive (312)

True Positive
o
Recall = True Positive + False Negative (3.1.3)

The accuracy evaluation of the model’s predictions was also calculated using

the following Equation(3.1.4)
Number 0 f Correct Predictions
(3.1.4)

Accuracy = “Total number 0 f Predictions

ontains 486 r0WS about each student with 11 predictors,

The collected data C
f data is as follows:

where the distribution 0
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Figure 3.1: Data distribution

Before training the models, an analysis of the collected data served as a manda-
tory part of this study in order to understand whether there are any dependencies
in the data or perhaps some factors do not affect the forecast of academic per-
formance and can be removed for further work. To identify correlations between

predictors in this study, a correlation heatmap and a statistically significant test

are used.
The figure below 3.2 shows a correlation heatmap of all predictors in this study,

where a warmer shade (red color) indicates a dependency between variables and

represents the degree of correlation between them.

After applying the correlation table, we can conclude that we have dependent

data among themselves, namely, these are three different indicators of students’

grades with a maximum correlation coefficient equal to 0.56 (Table 3.2).

For a more visual representation of the relationship between correlating data in
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Figure 3.2: Correlation heatmap between predictors

order to understand why there is a dependence in these data, as well as the overall
distribution of data on these correlating predictors, a paired data distribution

graph was constructed 3.3, where you can see exactly how the data is distributed

across the three predictors.

As shown in the graph below 3.3, in fact, there is a dependence in our data
and we can also conclude that if a student receives a good grade on the first task,
then he is more likely to receive a good grade for the next two tasks and vice

orsa. those who received bad grades for the first task also receive low grades
for subsequent tasks. This may be one of the reasons that students are already
demotivated after receiving a bad grade on the first task and do not want to study

the subject properly further.

In addition to the correlation between predictors, another factor was added
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Figure 3.3: Assignments predictors Pairwise Plots

regarding the timely submission of assignments. Students who hav? missed. at
least one assignment submission are represented by the blue color, while the pink
color 3.3 indicates that the student did not miss any assignment submission.
By observing the above graph, we can conclude that those students who missed

submissions generally received very low scores on the assignments.

Based on the visual representation of the relationship between predictor vari-
ables, it was crucial to select only significant factors that influence St.uc?ents’
academic performance for further investigation. To achieve this, a statistically
significant test was additionally employed in this study, where the p-value ‘I‘eI:-)—
resents the probability of obtaining the observed data if the null h.ypothe-sm -1s
true. The null hypothesis, in turn, indicates that there is no statistically signif-
icant relationship between the variables. If the p-value is less than 0.05, we can

‘ect the null hypothesis and conclude that there is a difference between the vari-
reject the
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ables, indicating that these predictors should be considered for further analysis.As
shown in the figure below, the statistical method Ordinary Least Squares shows
detailed information for checking the relationship between the dependent variable
(in this study, this is the final exam score) and independent multiple variables.
The result of OLS regression 3.4 shows various indicators about standard errors
of coefficients, t-values, p-values and other statistical indicators.In the figure be-
low, the p-values associated with the t-values indicate the probability of observing
coefficient estimates if there is no relationship between the independent variables
and the dependent variable. The value of predictors with p less than 0.05 indi-
cates statistical significance that the independent variable has a significant effect

on the dependent variable, for this reason the variable should be used for further

research.
OLS Regression Results
Dep. Variable: Final Exam ({35) R-gguarad: 8.575
Modei: oLS  Adj. R-squared: 8.571
tathod Least Squares F-statistic: 1206.0
Date: wed, 26 Apr 2023  Prob (F-statistic): 7.58e-87
Time: 16:16:31 Log-Likelihood: -1658.2
lo. Observations: 5486  AIC: 3328,
Df Residuals: 5475  BIC: 3353,
Df Model: ie
Covariance Type: nonrobust
coef std err t P>|t| [e.e25 e?;;;]
const 3.1637 0.167  29.592 2.000 2.05a  3.373
visits e.es21 g.e18 6.513 8.ee0 8.e43 2.e31
study of materials 0.0340 508 6.995 0.000 0.024 0.042
Reading notifications _ 8.0062 0.a18 8.344 f.000 0.029 8.041
participation in the discusslon ¢.ee4a3 2.021 9.2e7 @.e00 8.036 o.048
|4 Fe )
Quiz (10) e,0085 2,008 @.0862 0.000 e.e16 0.017
assignment 1 (8) 8.ce69 2-939 0.75¢ ©.600 e.eli 0.0625
Midrerm (28) @.3@37 e.ee9 34.606 0.eee e.286 0.221
assignment 2 (12) e 1i22 f ale 11 g%ﬁ 8.e00 8.e93 8.132
assignment 3 (25) e 9=ez ? ef? 9.358 e.eee 0.072 e.11e
assignments submission delay e 2§2y 2 Guf -6.317 @.ceo -8.370 -0.195
tuc}-_cf_mater‘ials @.e34e 8.e95 6.995 e.0e0 g.e24 0.043

Figure 3.4: OLS Regression Results

ained using OLS regression 3.4 indicated that all independent

t on the dependent variable, since the p value for all in-
ss than 0.05, for this reason all factors were used to

The results obt
variables have an effec
dependent variables was le

predict academic performance in the future.
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3.1.2 Outliers identification

In addition to identifying influencing factors for predicting students’ academi
. ic

performance, this study analyzes the detection of outliers in the data [21]. D
. . . ) . . De-

tecting outliers in data is an important process before starting model trainin
g,

this is due to the following reasons:

1) Distortion of statistical forecasting models. If there are outliers i
in
the collected data and they are not processed properly, this may lead to

incorrect estimates of the model parameters.

2) Inaccuracy of data. The appearance of outliers in the collected data may
occur due to inaccuracy in filling in the data, if the data were collected
manually, there may often be errors in the data. The accuracy in the data

will help to build a more accurate model that we expect to get

Influence on the result obtained. Outliers can significantly distort the

3)
predicted results and only replacing or deleting outliers in the data will help

to avoid this situation.

Normal distribution in the data. For some forecasting models, it is
assumed that the data has a normal distribution. Outlier detection heips to
5] distribution in the data, for accurate data predictions

4)

observe the norm
Incorrect conclusions from forecasts. Distortion of emissions leads to

5)
usions can lead to incorrect conclusions that

the fact that general final concl
should contribute to solving any problems.

5 listed above give an understanding of exactly how emissions affect
the prediction of models, as well as how much emissions can distort the results
obtained and lead to erroneous conclusions. Before starting to remove or replace
was to determine whether there are emissions in the data. To
tially used, which help to visually see if

The point

emissions, the task

do this, graphical visualizations were ini
there are outliers in the data, and a function was also used with which it was

e to find outliers-in all data column
available graphical ways to visualize the distribution

s at the same time. Graphical visual-

possibl
izations were built using the

of data:
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e Box plot.

This is one of the types of graphs that displays static data of indicators
The graph has a rectangular box shape where its boundaries are the fir t
quartile (Q1) and the third quartile (Q3). In addition to the rectan ulS
shape of the box, vertical lines are visible that indicate the range of flatzr
and what is outside the range is considered outliers and is displayed as dots’

e Histogram.
One of the types of graphical representation, where data is distributed
columnally and the X-axis indicates the distribution of data, and the Y
axis indicates the frequency of such distribution. With histogram graph
you can see how many times a value occurs in the data, and in addition t(;

the main distribution in the data, you can see outliers or other anomalies

that require analysis.

Visual graph with distribution of data help to understand exactly where the
outliers are, however, for further rapid analysis of outlier detection in this research
o, function based on a statistical indicator - IQR (Interquartile Range) [21], Whic};
is based on the distribution of quartiles in the data set, was used. The IQR method
sorts the data in a certain order and then finds three quartiles in the data. The
first quartile Q1 denotes the value below which 25% of the data is located, the
second quartile Q2 denotes the accurate value below which 50% of the data is
located, and the last third quartile Q3 is the value below which 75% of the data
is located. Further, to calculate this indicator, the upper limit is subtracted from
the lower one, and then the upper and lower emission limits are determined, that
is, everything that will be outside these limits is emissions. This IQR was used to
determine the presence of outliers in the data , which determines in which column

how many outliers there are.

3.1.3 Data Normalization

a normalization is extremely important for model training, since it is the

Dat
eve high results of model prediction accuracy.

normalized data that helps to achi
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Its function is to compare the data in such a way that the data is not very
scattered, that is, so that for all the available signs (predictors), the data are
compared. This is of particular importance because if the features in the data
with large values can significantly affect the model, and those predictors where
possible are data with smaller values, they will not affect the model at all. Data
normalization helps to bring each of the predictors into one range, that is, it scales
the data in such a way that there will not be one where one predictor has large
values, another factor in the data will have very small values that will not have a

significant impact on the model. Currently, there are various ways to normalize

data, where the main ones are:

1) Min-Max Scaling.

Min-Max Scaling (this is a way of scaling data by minimum value and

maximum), that is, bringing all the values of each predictor to a certain

interval, usually from 0 to 1.

2) Z-Score Standardization.
7_Score Standardization (standardization of available Z-score data), in this
method, the values are converted in such a way that they have an average

value of 0 and a standard deviation of 1.

3) Logarithmic transformation.

In this case, to reduce various distortions and biases in the distribution of

values, the application of & logarithmic function to the data is used.

the Min-Max method was used [21], which is one of the fastest
he task of which is to first determine

s and then convert each value

In this study,
and most effective ways of normalization, t

the minimum and maximum values in the predictor
from 0 to 1 so that all distributions in the data remain the same, but the minimum

and maximum for each predictor there were the same ones.
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3.1.4 Imbalance of the available data

An imbalance in the available data occurs if one class or one category in the
data significantly exceeds its share over another category or forecast class. In this
the class of students with a "PASS" mark [20], indicating that a student
ssfully completed a course in a subject, exceeds its share over the class

study,

has succe
of a minority of "NOT PASS" students who have not successfully completed the

course. The class of students who passed made up about 79%, while the class of

students who did not pass made up 21% of all students.

Such an unbalanced balance between classes or other categories leads to the

fact that the model that will be trained on the provided data will only be able

to give correct results for further forecasting of the majority class. At this time,

when the model is well trained in the majority class, the class of students who
have not completed the course in further forecasting will be determined in most
cases incorrectly and with low prediction accuracy, that is, this suggests that in

a larger case the model will be able to correctly identify only those students who

complete the course successfully. To eliminate this situation, 2 methods were used
:n this study [20] to regulate the disequilibrium in the data: Near Miss, SMOTE.

The SMOTE method is used to increase the minority class, that is, based on
the data on the minority class, the method tries to increase the set based on
synthetic data to the point that the class with more data equates to the class
with less data. SMOTE automatically selects its nearest neighbors for each of the
minor class values, and then new synthetic data is created between the selected
value and its one of the closest neighbors. This process is repeated for each of the
data values and stops until a balance is reached between the data of the class of

students who have completed the course successfully [20] and those who have not
completed the course successfully.

Near Miss is the opposite of the SMOTE method, however, both methods have
one main function to balance data between prediction classes. It is the exact
ause it tries to reduce the-data set from the majority class until the
' ber of the other class. For each of the data set
ors are selected, and then the data

opposite bec
data of one class exceeds its num

of the minority class [20], the nearest neighb
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from the majority class that are close to the neighbors are selected and then they
are removed from the data set. The process is dynamic and stops until it equates

the two classes.

3.2 Proposed Method

After working with data preprocessing, the next necessary task for the study
was to train models for multidisciplinary prediction of students’ academic perfor-

mance, namely, to determine:
1. Final Exam Score - determination of the final grade on the final exam of

the course.

9. "Pass/Not Pass" - determining which of the two groups "Pass", "Not

Pass" refers to each student of the course.

3. Academic Performance Category - determining which performance

group a student belongs to in the course [20]:

1

W N

)
)
)
4) D

Final Exam Score

Determining the final grade for the course is a regression task, where any value

is predicted by & number of influencing predictors on the model. In this study, to

predict the final grade for the course, models of conventional Linear regression
and LGBM regressor with an increase in gradient were experimented. The
gradient Increasing algorithm (LGBM Regressor) [21] was used with the three
most well-known parameters as: GOSS, GBDT, DART. To determine the best

r, the GridSearchCV method of automatic search for optimal

boosting paramete
he best parameter of all of them set for a

parameters was used, which selects t

more accurate and better prediction.
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"Pass/Not Pass"

Identification of students at risk is one of the main tasks of this study [20],
where 7 most well-known algorithms for solving classification problems were used
to identify students at risk of not completing the course successfully at an early
stage of training : DecisionTreeClassifier, Naive Bayes, Logistic Regres-
sion, SVM Classifier, MLPClassifier, BaggingClassifier, KNN. As hy-
perparameters for more successful prediction, cross-validation or in other words
cross validation with 30-fold repetition was used, as well as the GridSearchCV
method for optimal search of the best hyperparameters of the model.

Academic Performance Category

To solve the clustering task for predicting one of the 4 groups of academic
performance in a course that a student belongs to, the following algorithms were
used: K-Means, BIRCH and MiniBatch K-Means. At the same time, the
analysis of the main components or PCA was used for each of the algorithms,
which was necessary because the data contains more than two predictors. The
main task for the analysis of the main components is to reduce the dimensionality
of the data so that the loss of important information for forecasting is sufficiently
minimal. Before applying various clustering algorithms, the elbow method (Elbow
Rule) was used in this study, which automatically selects the required number of
clusters in the data. In addition, to check how well the observations were clustered,
the silhouette coefficient was used, in cases where the silhouette coefficient is the

highest compared to others, this means that choosing the number of clusters with

this number will cluster the data better.
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Chapter 4

Result

As a result of data preprocessing, totally 34 outliers [20]were identified in the
all data and all outliers replaced by the average values of each predictor. The

graphs below show outliers as dots of the "Quiz" predictor.

i00

SO tw‘”—‘_. i ; V b

QuizO1 [10]

Figure 4.1: Outliers for ‘Quiz’ predictor.
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4.1 Final Exam Score

The results of identifying the final grade on the final exam showed that the

ensemble method of increasing the gradient - LGBM Regressor [21], copes much

better with the prediction of the final exam grade than using conventional Lin-

ition, the automatic selection of the best hyperparameters

ear regression. In add
he type of the GOSS boosting model sur-

(GridSearchCV) [21] determined that t
passes the results in predicting the estimate.

n in the table below, the results of the boosting model method sur-
ith an estimate of the coefficient of determination R2

e than the estimate of the determination of Linear

As show
passed Linear Regression W

— 0.81, which is 0.24 mor

regression (more details in the table 4.1)

Table 4.1: Final Exam Score Prediction Results.

LGBM(GOSS) Regressor
R2 | MSE | MAE | MAPE

052 | 78.47| 4.93 | 3.69
0.81 | 33.57| 4.06 | 3.07

Linear Regression Vs
Algorithm Name
Linear regression

LGBM(GOSS) Regressor

of the prediction results of the two algo-

resentation (Fig.4.2)
lear how much the LBGM Regressor al-

low makes it €
ual Linear Regression and gives accurate results on the

The visual rep
rithms in the figures be

gorithm surpasses the us
final assessment of the course.
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Figure 4.2: Actual vs Forecast data of Linear Regression (left) and LBGM
Regressor(right).

4.2 "Pass/Not Pass"

The application of 7 different classification algorithms [20] for predicting stu-
dents who can not finish the course successfully and those who complete the course
successfully showed that using Logistic regression with a cross 30-fold check deter-
mines 81% successfully those students who complete the course successfully and
53% successfully those who do not complete the course. Compared to the other
6 algorithms, Logistic Regression showed better results (Table 4.2) in predicting

two classes of students, those who successfully complete the course and those who

do not well complete the course.
In addition, this study used two methods of balancing data between the ma-

jority class (those students who will complete the course) and the minority class
(students who will not complete the course successfully: SMOTE and Near Miss.
In comparison with the Near Miss method, the SMOTE method contributed to
increase the prediction accuracy for the minority class of students who did not

lly complete the course by 11% [20], where the recall rate of the Near

successfu
Miss method is 2% less compared to the SMOTE method.
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Table 4.2: Classification Results.

Class Not Pass Pass

Name Precision | Recall | F1-score | Precision | Recall | F1-score
Logistic Regression 42% 72% 53% 91% 73% 81%
MLPClassifier 37% 78% 51% 92% 65% 76%
DecisionTreeClassifier | 34% 52% 41% 85% 73% 78%
BaggingClassifier 43% 53% 47% 87% 81% 84%
KNN 37% 74% 50% 85% 71% 75%
SVM Classifier 43% 53% 47% 90% 71% 79%
Naive Bayes 42% 72% 50% 86% 1% 79%

Not Pass Pass

700

Not Pass 1 600
o [ 500
2 K
E )
g 400
Fed
w
- 300
Pass 1
- 200
100

Predicted

Figure 4.3: The results of Logistic Regression - Confusion Matrix.

4.3 "Academic Performance Category"

The results of using the elbow method showed that the most optimal value of
K for identifying groups of students with academic performance is 4 clusters. In

the figure below (Fig.4.4), a dashed dptted line indicates the K value, which is

the most optimal val
" graph helps to visually assess the optimal number of clusters or

ue for splitting data into groups.

The "Elbow

value of the parameter, which, as we see in the figure below, is equal to 4. On

the
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the graph, it is noticeable how the bend begins exactly when K = 4 and then it

is reduced and becomes less noticeable.

166 Distortion Score Elbow for KMeans Clustering
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Figure 4.4: Distortion Score Elbow for K-means Clustering

g.4.5) show the results of three different cluster algorithms,

The graphs below (Fi - gl -
where each of the four groups of students is painted in its own specific color:

1. Birch (Fig.4.5)

9. K-Means (Fig.4.6)
3. MiniBatch K-Means (Fig.4.7)

%
-4 -2 0 2 4 6 8 10
Figure 4.5 BIRCH Clustering Result.
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Comparing the clustering of students into 4 groups of the K-Means algorithm
and BIRCH algorithm models, we can conclude that at the moment both algo-
rithms have approximately equally divided students into 4 groups of academic
performance. This gives us an understanding that both algorithms are very simi-
lar to each other, however, to determine the accuracy in clustering, it was neces-
sary to check the silhouette coefficient. Compared to the previous two algorithms
(Birch, K-Means), MiniBatch showed a completely different result. As shown in
the graph (Fig.4.7), both on the right side of the graph and on the left side of
the graph, the students were divided into completely different groups, even when

they are very close to each other.

Iteration 16

~4 2 4 4 ]

Figure 4.6: K-Means Clustering Result.

To compare the accuracy of the clusters obtained in this study, the silhouette
coefficient was used, the task of which is to determine how well each of the algo-

rithms coped with the division of students into groups of academic performance.

In turn, the coefficient of determination is an indicator that measures how much

the values within one cluster are similar to each other compared to the values of

data from other clusters.
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Figure 4.7: MiniBatch K-Means Clustering Result.

As a result, the higher the value of the silhouette coefficient for each of the

algorithms, the better the clustering quality. The indicator helps to choose the
optimal number of clusters or evaluate the effectiveness of the clustering algorithm.

The graphs below (F ig.4.5) show the results of the silhouette coefficient for each

of the clustering algorithms.
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Figure 4.8: Silhouette Plot of Birch Clustering.

K-Means Clustering
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Figure 4.9: Silhouette Plot of K-Means Clustering.

Silhouette coefficients for the K-Means algorithm showed better results com-
pared to the Birch algorithm. For the K-Means algorithm, the silhouette coef-

ficient is 0.58 (Fig.4.9), while for the Birch algorithm 0.51 (Fig.4.8), it also has

negative coefficient values, which indicates incorrect clustering of data.

MiniBatch K-Means Clustering
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Figure 4.10: gilhouette Plot of MiniBatch K-Means Clustering.
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always attend classes, but these students do any tasks while receiving not high
scores. This group of students need the support of a teacher and may not complete
the course successfully upon its completion. The last fourth group of students with
a mark "3" with a purple line color (Fig.4.11) refers to students who are late for
assignments, receives the lowest scores compared to other students on many types

of assignments and also refers to students in need of teacher help.

Visits
label

ey ()

s e Study of materials
Assignments submission delay —

Reading notifications
Assignment 3 (25)
10

Participation in the di

Assignment 2 (12}

Quiz (10)

sidterm (20)

Assignment 1 (8)

. - for K-Means Algorithm Result.
Figure 4.11:
cans data clustering algorithm divided the data into 4
In general, the K-10 of students who successfully complete the course and
roup

formance amounted to 63.8% (group A and B), where the
rfor
and D (Fig4.12).

groups, where the &
have high academic pe .
rest are students with group
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C and D group of students make up the remaining 36.2% of students in need of
teacher assistance and are students from the group who can not finish the course.

et == B 3

Figure 4.12: Proportion of students in each group (A(0),B(1),C(2),D(3)).
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Chapter 5

Conclusions and future work

5.1 Conclusions

ion is devoted to the topic of multidisciplinary prediction using

This dissertat
d in order to de-

various machine learning algorithms for the course being studie
ine the full picture of academic performance in the context of each student.
y is to successfully determine at an early stage of
students who can not finish the

term
The main purpose of this stud

training that a student belongs to a group of
course at an earlier stage of training for timely intervention and support of the

teacher as well as timely elimination of gaps in the study of the subject by the
student himself. Identifying students can not finish the course successfully can
increase the level of motivation in learning a subject at an earlier date, before the

course ends.
ture of a student with important academic indica-

evelop various individual teaching methods for each

th similar academic indicators for a better under-
jvation among students

In addition, & complete pic

can help course teachers d
of students Wi
urse by students and also increase mot
on of the course.

tors
student or groups

standing of the c0

essful understanding and completi

for a more succ
cademic performance of each student is determined by

hich were analyzed in detail in this study: the final
roup to which the student

The full picture of the a

the following indicators, W

grade that the student will receive on the exam, the g

%)



belongs (will pass the course successfully or will not pass successfully), as well

. ’ as
?ne of the 4 categories of students to which the student with various academic
indicators for completing tasks belongs, attendance of lessons, activity in the

lesson, as well as various points obtained as a result of the course

In comparison with previously performed works, this study differs in that each
student as well as the teacher himself can see the full picture of students’ academic
performance in the context of various academic indicators that can make it clear
exactly where students have gaps in knowledge and how exactly students can
be helped to complete the course successfully and increase their motivation in

studying the course during, in order for the student to have time to be active and

involved in the course before the end of the subject.

To display a complete picture of a student’s academic performance, various
machine learning algorithms were used, which helped to see complete information
about each student. First of all, before training the models, various data prepro-

cessing methods were used, which in turn helped to avoid various problems with

inaccurate classification and prediction.
In addition, various methods were used in this study to determine the signif-

.cance and influence on the predictive indicators of students.After preliminary

data processing,

belongs to a group that complete
where the logistic regression algorithm shows the accuracy of the forecast for a

class of students who will graduate the course successfully by 81%, as well as
the forecast by 53% for a minority class of students who will not
ate the course successfully. To predict the final grade for the final exam, two
om the regression type as: Linear regression and LGBM
of boosting model "GOSS", which showed the coefficient

7 classification algorithms were used to determine that a student
d the course unsuccessfully or unsuccessfully,

the accuracy of
gradu
algorithms were used fr
Regressor with the type
of determination of Linear Regression by 0.24 more.
o, one of the distinctive parts of this study is the prediction of one of the 4
of the classization of students according to various academic
uster groups indicates the level of attraction, motivation
1l as the need for help from the teacher

Als
groups (A, B, C,D)
indicators. Each of the cl
of students In Jearning the course, as we

o6



to provide timely support for the successful completion of the course.This study
used three different algorithms for clustering students as K-Means, MiniBatch
K-Means and Birch algorithm. The K-Means algorithm with the optimal number
of clusters = 4 showed the most accurate result for clustering students. Using all
three different academic indicators, students and teachers can freely and easily
pay attention to gaps in knowledge, improve their performance in the early stages

of learning, as well as increase efficiency in studying any course.

5.2 Future Work

In the future, using these indicators of academic performance, it would be
better if we introduce this system of forecasting academic indicators into each of
d disciplines and check the effectiveness of using the system for each of
in order to predict students from the minority group
it is necessary to improve the quality

the studie
the subjects. In addition,
who will not pass the course successfully,
of forecasts using various other machine learning algorithms. Also, one of the

subsequent research works could be the introduction of this prediction into online

platforms for teaching students.
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Appendix A

Outliers identification
def impute outliers IQR(df):

ql=df.quantile(0.25)
q3=df.quantile(0.75)
IQR=q3-ql
upper = df] (df>(q3+1.5*IQR))].max()
lower = df] (df<(q1-1.5*IQR))].min()
df = np.where(df > upper,
df.mean(),
np.where(
df < lower,

df.mean(),
df ) ) return df
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Appendix B

Students clustering with Birch Algorithm

from numpy import unique

from numpy import where

from sklearn.datasets import make classification

from sklearn.cluster import Birch

from matplotlib import pyplot

model = Birch(threshold=0.01, n clusters=4)
model fit(df)

yhat = model.predict(df)

clusters = unique(yhat)

for cluster in clusters:

row ix = where(yhat == cluster)

plot clusters1(df)

pyplot.show()
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Appendix C

K Elbow and Silhouette Visualizer with

from sklearn.cluster import KMeans

from yellowbrick.cluster import KElbowVisualizer

SilhouetteVisualizer

model = KMeans(random state=42)

olb visualizer = KElbowVisualizer(model, k=(2,11))
elb visualizer.fit(df) |

elb visualizer.show()

sil visualizer = SilhouetteVisualizer(model)
sil visualizer.fit(df)

sil visualizer.show()
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