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Abstract

It is advantageous to use machine learning (ML) algorithms to assess student
performance based on their prior performances and current behaviour because
they can project both positive and negative outcomes at different educational lev-
els. Learning outcomes can be improved by early performance prediction for stu-
dents. The prediction of a student’s academic performance is important because
it shapes changes in university academic policies, guides instructional strategies,
evaluates the efficacy and efficiency of learning, provides teachers and students
with pertinent feedback, and modifies learning environments. All of these ele-
ments support higher graduation rates. There is currently no clear winner among
the various machine learning techniques for predicting student performance while
enhancing learning outcomes. Therefore, this study is going to present the most
effective machine learning techniques using and analysing open-source data from

the Kaggle platform.
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Annarna

CryneHTTepAiH OyPBIHFH! YArepiMIepl MeH OKY YaKbITBIHAAFbI GOJIMBICTapbIHA,
HerisfieJred OKy ic-opekeTiH 6Garajay YIIiH MAIIMHAJBIK OKBITY aJrOPHTMICPiH
naiifanady opTypJi 6inim 6epy meHreiinepiHieri o »koHe Tepic XKeTicTiKTepni
6o/17Kay apKblIbl OKYIIbIIAPABIH, YIrepiMiH apTTHIPYAbIH THiMAI aaici 6ombin Ta-
6p1a051. OKYIIBLIIADABIH OHIMIUIITIH epTe 60/2Kay OKY HOTHKEJIEDiH 2KaKCapTyra
xemekTeceni. CTYIeHTTiH OKY y/repiMiHiH 60/12KaMbl ©Te MaHbI3/bl, ce6ebi 0J1 yHU-
BepCUTETTIH aKaJeMUsILIK epexkesiepiH/eri e3repicTepre 9cep eTefi, OKy Toxipu-
Gecin xabapaap erejii, OKy/blH THIMALIIr MeH THiMAiTirin 6aranaiiapl, MyFatiMaep
MeH CTYJEHTTepre THiCTi Kepi 6aitaHbic Gepeli xkoHe OKY NapaMeTpJlIepiH pet-
refipi. Ocbl daKTOpIapABIH Gapablrbl 6iTipy KepceTKilITepiHiH »KOrapbuiaybIHa,
piknaJ eredi. OKBITY HOTIKesIepiH XKaKCcapTy KesiHfe OKYIUbLIaPIBIH OHIMALTIriH
sx06asayra apHaJIral MaIIHHABIK OKBITYABIH OHTaAILI AJITOPUTMI SPTYPJIi Maluu-
HaJIBIK, OKBITY 9/iCTEpiHiH apachiHIa ol alikpiH emec. CoHABIKTaH, 6ya 3epTTey
Kaggle n12ThOpMACHIHAH ALK, 0aCTalKpl JePeKTepAl Nali]alaia OTBIPLII, OHbI

raJIIaNTHIH MaIIHATBIK OKBITY/BIH €H THIMJII 9/icTepiH YCHIHOAK.



AnHoTanuga

Vcnosib30BaHie aJITOPUTMOB MAallMHHOIO 00y4eH sl 1JIs1 OLICHKH YCIIeBAEMOCTH
y9aIuXCsl Ha OCHOBE MX NPOIUIBIX JOCTIXKEHUN M TEKYIEro MOBEACHM:A sIBJIsA-
eTCsl TIOJIE3HBIM CIOCOOOM IOBBILIEHUS YCTIEBAEMOCTH YYAIMXCsl MYTeM IPOTHO-
3MPOBAHHUSI [TOJIOXKUTEJIBHBIX ¥ OTPULATE/IbHBIX YCIIEXOB Ha Pa3/IMYHBIX YPOBHIX
o6pasoBanus. PanHee IPOrHO3UPOBAHKE YCIIEBAEMOCTH Y YAIIHXCS IOMOTaeT yiy-
IHTb Pe3y/bTaThl 00ydenus. [IpOrHO3 yClieBaeMOCTH y4alllerocs UMeEET peluaro-
[Ijee 3HAUEHNE, IIOCKOJIbKY OH BJIMFAET Ha M3MEHEHUs B aKaJ[eMUeCKUX IPaBUIax
yHHBEPCUTETOB, uHQOpMUPYET O METOAaX 00y4eHHs, OLeHUBAET 3P PEKTHBHOCTD
y [eficTBEHHOCTb oby4eHus, JaeT IIPEnoAaBaTe/IssM 1 y4alluMCs COOTBETCTBYIO-
Lyi0 OGPATHYIO CBfi3b M KODPEKTUDYET yCJIOBUs obyuenusi. Bce aTu dakropn
cr10coBCTBYIOT Gojlee BLICOKOMY YPOBHIO BBITYCKHHUKOB. OnTUMAaILHLINA aJaropuT™M
MAIIHHEOrO OBydeHus JJis NPOTHO3MPOBAHUS YCIEBAEMOCTH YHAIIMXCA NMPH Of-
HOBpEMEHHOM YJIyllIeHUN PEe3yJILTATOB 00y4eHUsI cpeay Pa3/InIHbIX METOAOB Ma-
[IUHHOTO 0OyHYeHHs ellle He OeBHeH. [ToaToMy B 3TOM HcciieJoBaHUY OyAy T Hpe-
cTaBJIeHbI naubosiee 3ppexTUBHbIE METOIB! MAIIMHHOTO O0Y9eHHUs C MCIOIb30Ba~

qyieM ¥ AHATI30M JAHHBIX U3 OTKPBITBIX HCTOYHHKOB C mardopmel Kaggle.
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Chapter 1

Introduction

ThiS iS a mastel,7 .
s thesis that has b .
Tolbassy. To im s been influenced by tl
: prove : he work
performance on aSsessmedl,:C&tlo,n through more accurate predictiOOf Bakdaulet
methods. Suleyman D e.n > th?s study will critically examine ma }f: of student
emirel University’s esteemed academic Ly c ;I:e learning

azzat Atymta
yeva,

has assi ‘
assiduously supervised the research endeavo
ur.

1.1 Background and motivations

After the first
onch claims thai’:; :ilgl:nstud.en.ts leave their higher education progra
T i study 1) motivation a million students leave college each year. A - P.{e-
: and a sense of progress are the two mai - According
nomenon. There are a lot of other things that could have ;r; a;; Cal(lises of this
ened, though.

in Order i g i y | 1 |—

In addition,
plete universi
a helpful criti
Through machi ' i

gh machine learning (ML), this behaviour can be researched
o arched. is i
ith numerous problems and difficulties that Th:is .
need to

ty progral : .
o gd .ns, the study investigates a potential strategy f
nd, in a wa gy for offeri
y, a humorous approach to the learning pr e
ocess.

undoubtedly 2 big issu

be overcome. The main subj :
ject of this study is classi

assification as a wh

ole. Clas-

sification 1n machine learning is defined [2] as the process of figuri
category an observation belongs to. It basically involves a procesgutlilng ot which
s that establishes

5, correlation between an independent variable and a dependent
ndent variable (whi
‘ ich
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could be categorical or numerical).

A wide variety of decision-making issues are now included in the classification
category. According to the study [3], this kind of work is categorized using two
empirical learning methodologies. Statistical pattern recognition (SPR) is the
first method, while machine learning (ML), which generates decision trees and
inference rules, is the second. This study examines several machine learning

approaches, with an emphasis on the latter group.

1.2 Problem statement

The issue at hand takes into account the well-known pattern of college students
dropping out of bachelor’s degree programs at institutions at a certain rate. While
there may be a number of causes for this problem, this research especially focuses
on two of them: motivation and a sense of progress. For student performance and
retention rates to increase, it is essential to recognize and address these concerns.

Evaluating the effectiveness of various machine learning (ML) techniques within
ML frameworks is crucial to achieving this goal. This research attempts to de-
termine the model that performs best in terms of forecasting student outcomes
based on pertinent parameters by comparing and assessing several ML models.

As a result, this study will examine and evaluate the potential of two or more ML

techniques while taking into account their time- and labour-intensive nature.

This study will make use of student information from university education

credit data to carry out a thorough examination. The project will make use of

this dataset to conduct a comparative analysis of various ML models, offering

insights into how well they predict and enhance student performance.
Given that it affects students and educational institutions all around the world,
this issue is significant beyond specific schools. This problem has sociological and

cconomic TepErcussions, such as the possibility of social embarrassment, fewer job

options, and lower pay

The final objective of this thesis is to investigate whether it is possible to identify
a assistance to improve their academic performance

for students who do not achieve academically.

students who might need extr

2
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y ]eVel u 3] ,
e o T s:lg student data and machine learning tecl
: ‘ibute B | echni i
that can improve student to the creation of efficient intel-vcnf e, s
snt perfor ' ]
performance and, ultimately, lower tl ons and methods
tely, lower the attrition rate i
- rate in

baCh al % ; i
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trasting the performance of different algorithms. In the end, the research’s findings
will help to increase the precision and dependability of prediction models, giving
educational institutions crucial information for putting supportive programs for

struggling students into place.

1.4 Research Questions

How well can machine learning models perform in terms of accuracy, recall,
precision, F1 score, and prediction when using freely available student datasets?
This is the main research question that forms the basis of this work [4]. The fol-
lowing linked research questions have been developed in light of this core research

question:

1. Are machine learning algorithms adequate for assessing and forecasting stu-
dent outcomes? Can they successfully discover patterns in student data?

9. What are the best methods for putting machine learning models into prac-
tice? Which particular model performs best in terms of accuracy, precision,
recall, and F1 score when used with student data from higher education

credit records?

How much information must be present in the dataset in order to produce
accurate classifications and predictions? What effect does the dataset size
have on how well the machine learning models perform? These new research
inquiries seek to expand on the applicability and efficiency of machine learn-
ing techniques for studying student data. The purpose of this study is to
answer these questions in order to gain knowledge about the suitability of
ML techniques for spotting trends in student performance, identify the best
ML model for this task, and comprehend how the size of the dataset affects
the classification and prediction abilities of the models. Additionally, in

addition to the ones already mentioned, the following other study questions

can be looked into:
How do various feature selection methods affect how well machine learning

models succeed at forecasting student outcomes?

4



5. Can actionable interventions or support strategies be developed using the -
recognized patterns and predictions from machine lcarning models to en-

hance student performance and retention rates?

6. Are there any ethical issues or potential biases that should be taken into
account when utilizing machine learning to analyse student data, and how

might these issues be resolved?

This study intends to increase knowledge of the capabilities and constraints of
machine learning approaches in the context of analysing student performance.
By doing so, it will aid in the creation of efficient educational interventions and

strategies.



Chapter 2

Literature Review

2.1 Scientific research

How to better prepare students for the shifting needs of society and the job
market is one of the issues that many colleges across the world face. The term
napplicability" describes how well students can use their knowledge and abilities
to solve issues and situations in the actual world. In order to solve this issue, a
great deal of scientific study has been done to pinpoint the variables that affect
students’ learning outcomes and job possibilities as well as to create efficient

treatments and pedagogies.

The study "EMT: A metadata ensemble-based tree model for predicting student
achievement" is an illustration of this kind of research. It suggests a novel ap-
proach for forecasting student performance based on different metadata elements,
such as gender, age, academic background, learning style, etc. The accuracy and
robustness of the prediction are increased by the authors through the use of both
standalone approaches and ensemble algorithms, which integrate several classi-
fiers. To choose the best classifier for each metadata characteristic, they compare
yarious approaches, such as decision trees, naive Bayes, support vector machines
dom voting. They found that the ensemble approaches bea,t’

They also use ran

etc.
ethods after running numerous trials on a real-world dataset, partic-

the single m
alarly NBTree and Adaboost J48, which have an accuracy of roughly 98.5% in



forecasting student performance [5].

In order to improve students’ learning outcomes and career preparedness, this
study shows how data mining and machine learning techniques can be us:ad to
provide timely, individualized feedback and advice. Additionally, it demonstrates
how metadata elements can be used as gauges of student performance and poten-
tial, assisting educators and legislators in creating curricula and regulations that

are more successful.

Higher education institutions face a significant challenge when it comes to the
topic of student development and retention because it has an impact on the insti-
tutions’ reputation, finances, and overall quality. As a result, a significant number
of academics have endeavoured to forecast the academic performance of students
and identify those who are at risk of failing their classes or dropping out entirely.
Because they can analyse huge and complicated datasets and uncover important
patterns and insights, data mining and machine learning techniques have seen
widespread application for this purpose in recent years. The implementation of
these strategies, on the other hand, calls for careful consideration of a variety of
clements, including the definition of student performance, the selection of impor-

tant features, the choice of appropriate methodologies, and the evaluation of the

outcomes.
This issue is addressed in the context of a Saudi Arabian university in the
nprediction of Student’s performance by modeling small dataset size, In-

paper
ternational Journal of Educational Technology in Higher Education" by Lubna
Mahmoud and Abu Zohair. In this setting, the number of students attending

nstitution is on the lower end, and the data available is limited and unreli-

Using & variety of dat
linear discriminant analysis (LDA), k-nearest neighbours (KNN), support vector

(SVM), naive Bayes (NB), and multilayer perceptron artificial neural
MLP-ANN), the authors hope to forecast the final grades of fifty stu-
ntly enrolled in a computer science class. In addition to
ive explanation of the data pre-processing stages,

the 1
able. a mining and machine learning algorithms, such as
machines
network (
dents who are curre
this, they provide 2 comprehens

ich include the management O
dization of the data. This article’s primary contribution

f categorical features, the imputation of missing

wh
values, and the standar
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is that it demonstrates how data mining techniques may be efficiently applied to
tiny datasets by utilizing suitable feature selection and filtering procedures. This
is the article’s primary contribution since it is the most important part of the
article. The authors evaluate and contrast several distinct filtering algorithms,
including correlation-based feature selection (CFS), consistency-based feature se-
lection (CONSISTENCY), information gain (IG), gain ratio (GR), relief attribute
evaluation (RELIEF), symmetrical uncertainty (SU), and chi-squared attribute
evaluation (CHI). When utilizing CFS or IG as a filtering mechanism, they dis-
cover that KNN and LDA obtain the maximum accuracy in forecasting student

performance (74-79%) [6].

This study is significant to my research since it demonstrates how approaches
from data mining may be used to predict student performance in a demanding
environment in which the data is restricted and noisy. In addition to this, it offers
a detailed summary of the data mining process, including an explanation of the
several methods and factors that are utilized. In addition to that, it sheds light
on the significance of selecting relevant features and using filters as a means of
enhancing the accuracy and effectiveness of prediction models. Nevertheless, this
essay does have a few shortcomings, which can be remedied by additional investi-
gation in the future. For the evaluation of their models, for instance, the authors
only use a single set of data from one particular course, which may restrict the
generalizability of their conclusions. In addition, they do not take into account
other aspects that might influence student performance, such as the level of stu-
dent engagement, feedback, or motivation. In addition, they do not describe how
their models might be utilized to support children who are in danger of having
Jow academic performance or dropping out of school and to intervene on their

behalf.
Namoun and Alshangiti’s (2021) article titled "Predicting Student Performance

Using Data Mining and Learning Analytics Techniques: A Systematic Literature
Review" provides a comprehensive overview of the intelligent techniques used
for predicting student performance in an academic setting in which academic
tly measured using student learning outcomes. The authors review a

success is stric
s worth of research work that was carried out between 2010 and November

decade

8



2020 and then synthesize and analyze a total of 62 relevant papers with a focus

on three perspectives:

e the forms in which the learning outcomes are predicted,
e the predictive analytics models developed to forecast student learning; and
e the predominant factors that have an impact on student outcomes.

The authors do a synthesis of the findings and summarize the most important
findings by making use of the best techniques for carrying out systematic litera-
ture reviews, such as PICO and PRISMA. According to the findings of the paper,
the achievement of learning outcomes was primarily evaluated based on perfor-
mance class standings (also known as ranks) and achievement scores (also known
as grades). In the process of classifying student performance, regression and su-
pervised machine learning models were utilized quite frequently. In conclusion,
vious determinants of student learning outcomes were the students’

the most ob

academic moods, their grades on term assessments, and their participation in on-

line learning activities. The report also identifies many major research challenges
and presents a summary of critical recommendations to promote future studies

on this subject. Both of these aspects are included to encourage future research
on this subject. In the essay, consideration is given to both of these facets [7].

article provides a comprehensive and up-to-date assessment of the current

This
state of the art in predicting the academic performance of students through the

application of data mining and learning analytics techniques which are can be
helful for my research work. In addition to this, it draws attention to the lim-
itations and gaps that are present in the existing literature and offers valuable
insights and proposals for the direction of future study. In addition to this, it
points out the deficiencies and restrictions that are present in the existing litera-
ture. In addition to this, it analyzes the advantages and disadvantages of a wide

y of techniques for pre
binary classification, and multiclass classification, amongst others. Bi-

variet dicting the performance of students, such as ranking

regression,
nary classification,
the methods included 1
operation of a number o

multiclass classification, regression, and ranking are some of
n this category. In addition to this, it investigates the

£ different types of predictive analytics models, including

9



linear regression, logistic regression, decision trees, random forests, support vector
machines, and neural networks, amongst others, to investigate how effective these

models are in predicting outcomes.

([ E ( ]
Definition of the
motivations for the Synthesis of findings Interpretation of results
survey and report writing
ﬁ!_—J
Formulation of concise Data extraction and
research questions quality assessment
: J
A comprehensive search Application of exclusion
of the bibliographic criteria to remove the

databases irrelevant studies

P

Figure 2.1: Major steps of the methodology [7]

According to the findings of these studies, data mining and machine learning
approaches are effective methods for forecasting the academic success of students

in a variety of educational environments. In addition to this, they offer a com-
prehensive assessment of the most recent advancements in this subject as well as
a discussion of the opportunities and obstacles that lie ahead for future study.

2.2 Information systems for monitoring progress

A significant number of educational institutions employ research data to develop
o variety of educational systems that are intended to increase students’ academic
p erformance and graphically show students their current level of education.

For instance, the English University of Nottingham Trent developed a system
also student engagement in the pro-

that monitors not only student success but
s of learning. This system was explained in great detail in the article that

ces .
(2019). This system was established in order to

g written by Foster et al.

wa _
ic performance, lower the percentage of kids who drop

jmprove students’ academ
10



OUt. O.f .SChOOl’ and examine the level of participation pupils have in ext '
activities. This study’s principal objective was "to provide stud ex raf:url‘lcular
that would motivate them", as stated in the introduction to the s:nzs i » e
first-year students said that the utilization of this service led to alrll ljrfn[sl]*o 72% of
vement

in tllei i i i ,

initial implementation of the system.

It is interesting to hear about the experiences of a university located i

country. Course Signals is a predictive analytics system that was d in another
Purdue University in the United States. This system utilizes studee't\’eloped kfy
performance, digital learning activity, and demographic data to caulculll tacaden-mc
of dropout for each student. This information is then sent to the i ate the risk
well as the student himself. The university has been able to inCr;:: r;lctoy.as
results and minimize the number of students dropping out of school thaik:iron:;g

e

interactive system [9].

It is reasonable to infer, given tl ience
r he experiences of 0 :
P s of other countries’ educational

institutions, that the introduction of such a system might improve the overall
vera,

academic performance of students at Russian universities while simultaneous]
y

Jowering the number of students who are kicked out of those institutions

Nevertheless, information systems for tracking progress are not exclusive t

colleges located in other countries. In addition, several examples of such syst :
may be found in Russian educational institutions. For example, [10] descrn:;n )
peural network model for forecasting student success at Perm State Research Un'a
versity based on pre-university resources. This model uses neural networks. Thl-
d train neural network models with the help of the STATIS?
] Networks program. These models have the ability to

hat students receive in four different core classes. In

authors construct an
TICA Automated Neura.

he average score b
the total number of observations and fine-tune the accuracy of
o

nake use of a technique that generates synthetic data,
th new data. The authors conduct an analysis of stu

predict t

order to enhance

the models, the authors 1
al data wi

by combining re
ed from a variety of sources, including online courses, electroni
, c

dent data obtain

d social networ

ters employ methods of machine learning in order to divide th
- e

journals, an king sites, using data mining techniques. In addition

to this, the wri
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students into distinct groups according to both their academic success and their
overall demeanor. These groups are defined by the authors’ analysis of the stu-
dents’ overall performance. Students and teachers can improve their learning and

teaching processes by using the system’s visualizations and recommendations,

which are provided by the system.

According to the findings of these studies, information systems that track
progress can also be useful tools for improving student performance in educa-
tional institutions located in foreign countries. In addition to this, they demon-
strate how techniques such as data mining and machine learning may be used to
tudent data in order to provide feedback and guidance to the students.

analyze s
Article University| Data Data Data Main re-
sources analysis visual- sults
methods | ization
methods
Foster et | Nottingham Student Desc.:riptive Charts and | 72% of
al. (2019) | Trent Uni- | engage- statistics | graphs first-year
versity ment students
dashboard reported
improved
academic
perfor-
mance
~Armold | Purdue Course Sig- | Predictive | Traffic 21%  in-
Pistilli University | nals system analytics light indi- | crease in
and Fis cators retention
(2012) rate
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Chapter 3

Methods and Methodology

3.1 Machine learning Models

Machine learnin
g (ML
udgments based On(dat i ) ;1 sub'ﬁeld of artificial intelligence, makes b
y using computer algorithms to lea fpredlctwns or
rn from it. su
. per-

vised learning, un i
, unsupervised '
learning, and reinforcement learnin
g are the th
ree

primary divisions of ML.
Learning from label
e
advance is referred t d data where the desired outcome of each i

oversee the educati o as supervised learning. It is comparable t put s known in

uca - € i
ional process. While unsupervised learni o having a teacher

rning concentrat

€S on

Jearning from u 1
g nlabeled data, when the desired output is eitl
her unknown or i
Ir-

relevant for each input it f
, it focuses on learnin
g from unlabeled d
ata. It resembl
es

examining dat
g data structures and patterns haphazardly rather th
an with a prede
ter-

end in mind. Fi i
inally, trial-and-error learning, where the d
, esired outcom
e

mined
is established b
y a reward or penalty system, is known as reinf
nforcement learni
ning.

Gimilar to & learning process, it involves doing something and gett
getting feedback
to

make jmprovements.
our study, we es eci
Y, pecially focus on supervised learning approach
oaches to fi
ore-

cast student achi . _
- ievement utilizing a variety of indicators, such
ehavior iviti . ’ as st

s, activities, and evaluations. Our goal is t udent char-

tween thes 0 compre
e elements and academic success. Educat prehend the

. ators can i

lden-

In

acteristics,
connection be
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tify students who :
bility to satic tma}’ be at risk of failing or dropping out with th

o pate student performance. It enables effective int e u§e of the

g approaches, prompt and tailored feedback and guidzamcln Er\t,entlons o

e, better learning

outcomes, and higher retention rates

Support vector machi
<ion. random forest ?1(;1:26183;5\/1\4)’ k-nearest neighbors (KNN), logistic regres
- d lincar support ;ector ; ye.e;, Pel‘C‘eptron, stochastic gradient descent (SGD -
 ring techniques we u 2551 er .(Llnea,r SVC) are just a few of the supervi L’
our choice since th se to predict student performance. These method lse~
ey are popular and meet the criteria for our predictioc:l T;az;{e

They deliver accurate results and are perfect for the task at hand
and.

3.1.1 Support Vector Machines (SVM)

daih?n:;ifv Zril;’::;’:;::il;me (SVM) looks for a hyperplane that divides th
. he greatest possible margin. Margin is defi )
distance between the hyperplane and the data points that f 1 efined as the
that are closest to it. These data points are what are known elong to each class
and the reason for this name is that they either support or det :s S'upport vectors,
and orientation of the hyperplane. SVM is capable of deali 1lenfe the position
is both high-dimensional and sparse, and it achieves eXCellen;nlg wllth data that
generalization. The original data are transformed into a hi:l:ers ;fnlcjl%raqi
- siona

and
e for a linear separation to occur, so that the SVM
can

space, where it is possibl

model complex and nonli
of kernel functions. The radial basis function (RBF) is a particular kernel
* kernel that

ur method to improve the performance of our models. The followi
) owing

near interactions. This is accomplished through the
use

we use in 0
is a description of the RBF kernel:
K(xi, SU]) = e_’Y“mi—afJ-"z (
3.1.1)
where & and z; are the coordinates of z; and x;, respectively; gamma controls

el is; and z; and z; are two data points. By applying method
ods

how broad the kern
d grid search, we adjust the parameter gamma as well
well as

validation an

like cross-
rameter C, which controls the trade-off between increasing tl
' 1e margin

another pa
14



and decreasing the error. Using Python’s Scikit-learn module, we create Support
Vector Machines (SVM), and we assess their performance using a range of metrics
like accuracy, precision, recall, and Fl-score. We compare SVM'’s effectiveness to
a number of different classification techniques, such as KNN, logistic regression
random forest, naive Bayes, perceptron, SGD, and linear SVC [11]. ’

The statistical learning theory, often known as the VC theory, was first proposed
by Vapnik and Chervonenkis in 1974 [12]. SVM are derived from this theory.
This theory offers a framework for examining the trade-off between & learning
model’s level of complexity and the degree to which it can be generalized. The
variable capacity (VC) dimension is the central idea, underlying this theory. This
dimension assesses the ability or adaptability of a model to accommodate various
configurations of input. A model with a high VC dimension has the ability to
match complicated patterns of data; however, it also runs the risk of overfitting
the data and performing badly when applied to new data. A model that has a
low VC dimension can prevent overfitting, but it also runs the risk of not fitting
the data well enough and missing some significant patterns in the process. The
best model is the one that reduces the VC dimension as much as possible while

simultaneously increasing the margin between the different classes.

SV Ms are widely recognized as one of the most effective and widely used ma-
chine learning algorithms currently available. Image recognition, text classifica.
tion, emotion analysis, face identification, handwriting recognition, bioinformag-
ics, and anomaly detection are just some of the many applications that have found
widespread use for them. They have also been expanded to handle multi-class

classification and regression problems by making use of various methOdologies,
such as one-vs-O1e€, one-vs-all, or error-correcting output codes. This was accom-
plished by employing the one-vs-one, one-vs-all, and error-correcting output code
ap proaches- SVM does, however, have some challenges and limitations, such as
choosing an appropriate kernel function and tuning its parameters, scaling and
preprocessing the data, computing fmd stormg l‘fu‘ge kernel matrices, providing
probability estimates rather than binary predictions, and handling imbalanced
data. These ch

usec of SVM.

allenges and limitations can be overcome, however, through the
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3.1.2 K-nearest neighbors (KNN)

K-nearest nei X i i :
forecasting studilri:)z:riz‘lr\]nl:isz Zsszpceaf’:elzz(:itlz:"r\lzun'g meth'o o that we utilse fo
ariable with numerous classes

such as A, B, C, D, or F. KNN is an abbreviation for "k-nearest neighbors," whi |
stands for "k-nearest neighbors" and "k-nearest neighbors algorithm." An ;nv: .
is assigned a classification by KNN based on the consensus of the vo.tes castsban'ie
k nearest neighbors in the training data. Different metrics, such as the Eucli;’el S
distance or the Manhattan distance, can be utilized to determine the distance tha;
wo instances. Powerful algorithms like K-nearest neighbors (KNN)

exists between t

can handle high-dimensional and sparse data while still maintaining excellent

accuracy and generalization skills. It does this by making predictions while takin

into account nearby data points. KNN’s adaptability to model complicated ang

nonlinear connections is one of its strengths. KNN may successfully identify
i

complex patterns in the data by modifying the value of k or using other weighting

approaches for the neighbors, such as inverse distance or similarity metrics. In

order to do this, the ideas of "similarity" and "inverse distance" are crucial. They
ble the KNN algorithm to find hidden associations that may be present in the

ena
or relatedness between data points.

dataset by measuring the proximity

KNN are built on the premise that points with similar properties can be dis-
covered nearby one another. The cluster hypothesis and homogeneity hypothesis
ther names for this supposition. Fix and Hodges in 1951 [13] published a
paper in which they offered a method for distinguishing between two normal dis-
tributions that was based on the closest neighbor rule. This paper is where the
concept of using neighbors as a means of categorization can be traced back to.
over and Hart demonstrated in 1967 [14] that the error rate of the
eighbor classifier is bounded by twice the Bayes error rate, which is the
mal error rate that can be reached by any classifier. When they compared the
nearest neighbor classifier’s error rate to the Bayes error rate, they were able to
ot this was the case. In addition to this, they demonstrated that
f the nearest neighbor classifier tends to converge to the Bayes

are O

Later o1, C
nearest 1

opti

demonstrate th

the error raté o

as the number of examples grows.

error I atc

K-nearest neighbors (KNN) is widely recognized as one of the most straightfor-
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war.d and user-friendly machine learning techniques available today. It i
foi its uncomplicated and organic approach to problem-solvin ;h t is renowned
widespread application in a variety of domains, including imaie recey liaife found
classification, recommendation systems, pattern recognition, data szgn.ltlon, text
cial market prediction, intrusion detection, and a great maliy other N
have also been improved to manage regression issues by employin ihareas_ They
the values of k nearest neighbors as the output. This imprOVementh e average of
sible through further development. KNN does, however, face certaizslfna"de I.)OS_
and challenges, like selecting a suitable value for the distance measurelmﬂ;ations
ing the data, handling missing values and noisy data, handling imbalan::d dscal-
storing and searching all of the training data, and more. One of the difﬁcu;:;

KNN encounters is selecting an appropriate value for the distance metric and k

3.1.3 Logistic Regression

Logistic regression calculates the likelihood of an occurrence, such as passing a
test, based on a specified group of independent factors, such as the amount of tifne
spent studying, the number of absences, the number of unsuccessful attempts
and so on. The odds of the event are subjected to a logit transformation dufi)n )
the logistic regression procedure, which may be thought of as the ratio of thi
probability of success to the probability of failure. The logit function is described

as follows:

logit(p) = In (1 ;p ) (3.1.2)

probability of success is p. As a linear combination of the independent

where the
variables, the logit function may also be expressed as follows:
logit(p) = Bo + Przr + Pazz + ... + FuZn (3.1.3)
where 21, %2 , Tp are the independent variables, By is the intercept term

e the coefficients of the independent variables. Maximum

a'nd ﬂlaﬂZ) ce aﬁ'n ar
likelihood estimation, often known as MLE, can be used to cstimate the coeff
17



cients. Using the obserw
ed data, this
likelihood . ) approach finds the .
function. The probability function is describ Zaluefs that maximize the
ed as follows:

L) =[] ot -p)-
i=1 (3.1.4)

where n is th ,
0 or 1), and e. overall number of instances, y; is the result that
probab"l'tn . p; is the anticipated probability for occurrence i ’¥ZS seen (either
1 I i . : .
ity is obtained by using the logistic function, which is th .e anticipated
) e inverse of the

logit function:

1

P = 11 o-logtl)
+ e7lositlp) (3.1.5)

to determine the prediction for a fresh instance z:

7= round ( !
4 oot Brmi+Brat - +Butn) (3.1.6)

1 1

vs-all, or multinomial logisti 1
stic regression, logisti
, logistic re i
gression ma
y

as one-vs-one, one-
asses. One-to-one logistic i
regression, for i
) Instance, co
) mpares

also handle several cl

each class to its OWIL.
Logistic regression is based on the statistical theory of generalized li

els, or GLM. In order to incorporate non-normal distributions and inear Tnod-

Ms are an extension of linear models [15]. A binOmia?(;I-l_imsar

. istribu-

re features of the Generalized Linear Model (GIl,l\:[l)

class, which includes logistic regression. The logit link function ens
predicted probability is always confined between 0 and 1 and bearsuf;S that the
. . e a -

bution. Following Joseph Berkson’s initial idea inml);:;

ance of & sigmoid distri
er expanded the concept of logistic regression in 1958. O
. ne of

David Cox furth
Jgorithms that has been used the most and that has d
rawn

learning a.
from researchers is logistic r ;
- egression. It has a wi
‘ a wide rang
e of

relationships; GL
tion and a Jogit link function a

the machine
the greatest interest
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advantages and : .
o pat ifto praC;acz in I:ed ;n varlous.contexts. It is simple to learn and simpl
It can offer pl;obab-ll-lt and.le variables of both a numerical and categorip e1
may do feature lection bl vy 'elft'lmates rather than just yes or no predictions C?t
By using kernel  thod y utilizing r e.gularization techniques like Ridge or Las'so
o dlo nonlinear ré S. or pf)lynomlal characteristics, it can also be expand .
ationships. It could be prolonged as a resul .Pan ed
of 1.3he challenges and restrictions of logistic regression are sel t'su o t.hIS. o
of independent variables and preventing multicollinearity. S::lil;lgg :ns(;lltable set
prepping

the data. dealing with missin
, g values and noisy data, and i
, handling imbala;
nced

data are additional difficulties and restrictions [16].

3.1.4 Random Forest

Random forest is & type of learning that takes place in a tree struct
ure. The

Random Forest algorithm is an example of ensemble learning, which

the findings of several different decision trees into a single co;lclusi011 aggrega‘tes
rest of decision trees is the goal of the random forest .tecl:?tmg
addition to feature randomness. Baggiug is a Irlelcll:l :
. & om samples of data from the training set in ordO
rain a decision tree on each individual sample. A technique known as fea,tufr
fferent group of characteristics at each split in the decisioz
d to improve classification accuracy. The random
as well as categorical variables. In ad-

an uncorrelated fo
which employs bagging in
that involves generating rand

tot
randomness chooses a di

tree. Feature randomness is use
ay accommodate numerical

forest model m
Je to produce estimations of out-of-bag errors and measu
res

dition to that, it is ab

of the relevance of variables.
J random forest is that a collection of weak learners can b
e

transformed int ]learner through the use of voting or the averaging of
their predictions: Ho first proposed this idea in 1995. He used the random sub-
hnique t0 create a collection of decision trees with a set variance. Later
expanded on this idea in 2001 by combining the bagging strategy with,

hod to create random forests. Breiman also applied

The concept behin
o a strong

space teC

Breiman
the random subspace met

to register "Random Forests" as & trademark in 2006. Numerous applications
i fication, regression, clustering, feature selection, anomaly de-,
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tection, and many m
, y more, have shown th i
' e effect
Random Forest technique [17]. iveness and dependability of the

The utilizati

in a variety of (i)::d(:lfszz(sioi f.Ore?ts has numerous potential advantages and u
e highdime 3 is simple to learn and simple to put into prabctiSeS
gencralization 2 aceu ’nslona] and SP'arSe data, and it achieves a high levelce.
‘¢ can help reduce varia,:;:z : BZ’ averagu.lg the results of numerous decision ’creecs)f
so bl to deal with miss and overfitting. By utilizing bootstrap samples, i N
ith missing values as well as noisy data. It is capable of cai’r IF .
ying

out feature selection by making use of feature importance scores. It is al
, . . . Itis -
to adapt it such that it can deal with nonlinear interactions by emplo ?‘SO possible
ying a variety

of splitting criteria or kernel approaches. Choosing an adequate number of
mber of trees

] (o} plepl()ceSSlng the data com 1
] putlng alld SI}() i
I‘lng a

large number of trees, providing probability estimates instead of class label
abels
d data are some of the challenges and limits of random f’ -
orest

managing imbalance

[18].

3.1.5 Naive Bayes Classifier
ize a supervised learning method called naive bayes to predict stud
udent

We util
able with numerous classes. This method i
S

mance as @ categorical vari
ot very sophisticated. Naive Bayes is a probabilisti
ic

th the naive assumption of conditional

perfor
called "naive" since it is n
classifier that applies Bayes' theorem wi
independence between every pair of features given the value of the class variable
Naive Bayes 18 sometimes referred to as "naive Bayes" or "naive Bayes Classiﬁ;
 The naive bayes model calculates the likelihood of an occurrence, like
predetermined group of independent varia;bles,

an A grade, based on a
nt studying, the number of absences, and so on. Th
’ . The

e
h class is calculated using the naive Bayes method

or probability of the class by the likelihood

receiving
such the amount of time SP

posterior probability of eac
which involves first multiplying the pri
of the features given the class, and th
A mathematical expression for the posterior pro

en normalizing the result by the evidence
bability looks like this: |
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P(z)P(Cy|z)

P(Clz) = 20

(3.1.7)

For each class C, the prior probability is denoted by P(Cy), the likelihood
of features is denoted by P(z|Cy), and the evidence or marginal probability of
features is denoted by P(z). The class variable is denoted by Cj, while the feature

vector is denoted by z.

Typically, the category with the highest posterior probability is chosen as the
predicted class. The naive bayes algorithm can process both numerical and cat-
egorical information. And instead of providing hard-and-fast labels for each cat-
egory, it can instead provide probabilistic estimations. Naive Bayes is based on
inverting conditional probabilities using Bayes’ theorem to make predictions in
light of available evidence. It was Thomas Bayes, in 1763, who first proposed
this idea by proving a special case of Bayes’ theorem for binary occurrences.
Pierre-Simon Laplace, building on Bayes’s work, applied it to a wide range of
astronomical and physical problems in 1812. The term "naive bayes" was coined
by John Duchi in 2003. He did this to refer to a group of classifiers that erro-
neously assume feature independence under certain conditions. This assumption
simplifies the computation of the likelihood term by allowing us to multiply the

probability of each characteristic given the class.

P(z|Cy) = [ ] P(=ilCk) (3.1.8)
i=1

where z; is the feature corresponding to the i-th position in the list and n is the
total number of features. The Naive Bayes method has been shown to be effective
and trustworthy for a range of tasks, including text classification, spam filtering,

gentiment analysis, document clustering, face recognition, and many more tasks.

The naive Bayes algorithm has many benefits and can be applied in a wide
variety of settings. It is straightforward and straightforward to execute and un-
derstand. It is able to deal with data that is both high-dimensional and sparse,
and it achieves a high level of accuracy and generalization. Utilizing the feature
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relevance scores, it is able to carry out the feature selection process. It is al

possible to expand it such that it can deal with nonlinear interactions iay em ?SO
ing a variety of distributions or kernel approaches. Choosing an adequate pr(i)y-
probability and likelihood function, scaling and preparing the data, dealin l'3vitolr
missing values and noisy data, and handling imbalanced data are, some if thel

challenges and limits of the naive Bayes method [19].

3.1.6 Perceptron

The perceptron is the most basic type of artificial neural network, which consists
of only one layer of artificial neurons. Every neuron receives a vector of input
values, computes a weighted sum of those values, and then adds a bias term to
the result. After that, the weighted sum is pushed through an activation function
like a step function, a sigmoid function, or a ReLU function so that an output
value can be generated. The result that is given as the output can either be
regarded as the probability of belonging to a particular class or as the label for
the class itself. Variables of both a category and numerical nature can be handled
by perceptrons. They can also discover the ideal weights and bias by utilizing a
Jearning algorithm such as gradient descent or stochastic gradient descent. This

allows them to learn the optimal values for the weights and bias.

Modeling the biological neurons in the brain and the connections between them
is the fundamental premise behind the concept of perceptrons. The term "per-
ceptron" was first used in 1957 by Frank Rosenblatt, who also developed a rudi-
mentary model of an artificial neuron with adjustable synaptic weights and a
threshold. He also devised a learning method for perceptrons that was based on
the delta rule and updated the weights based on the difference between the desired
output and the actual output. This technique was one of his many contributions
to the field of artificial intelligence. Rosenblatt demonstrated that perceptrons are
capable of learning any function that can be partitioned linearly. On the other
Marvin Minsky and Seymour Papert demonstrated that percep-
trons have limitations and are unable to Jearn certain straightforward operations,
as XOR. Because of this, interest in neural networks began to wane until the
perceptrons and the backpropagation method were first

hand, in 1969,

such
1980s, when multilayer
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developed [20].

I i i
| the realm of machine learning, perceptrons are among the algorithms t!
L ms
are considered to be among the most fundamental and fundamental. Tl éat
. They offer

a wide range of benefits and can be applied in a variety of contexts. Th
. They are

straightforward and easy to comprehend as well as implement. They ar bl
: ‘e capable

of working with data that can be separated linearly and reach great levels of
. Is of ac-
generalization. They also have the capability of carrying out fe tac
ature

curacy and
They can also be made ca-

ection by making use of feature relevance scores.
ar data through the utilization of several layers or

propriate activation function and learning rate
)

sel

pable of dealing with nonline
sing an ap

kernel approaches. Choo
dealing with missing values and noisy data, and

scaling and preparing the data,
handling imbalanced data are some

with perceptrons [21].

of the challenges and constraints associated

7 Stochastic Gradient Decent (SGD)

ic Gradient Descen " (abbreviated as "SGD") refers to
a

lement for the purpose of forecasting stu-

"pass" or "fail." SGD is an iterative

3.1.

The term " Stochast
g method that we imp

binary variable, such as
the weight vector and the bias term of a linear classifier by

r a small batch of randomly selected training instances
ss. SGD is able to achieve high levels of accuracy and
that it can manage data on a huge scale. Reg-
1 or L2 regularization, can be utilized in SGD’s
ality. SGD is also capable of deal-
n approaches like Nystroem

supervised learnin

dent performance a5 a

method that updates
making use of a single 0
at each step of the proce
despite the fact

ularization strategies, such as L
feature selection process for additional function

h nonlineal data thanks to Kkernel approximatio
among others. The SGD algorithm is based on the concept of

Joss function over training data by utilizing gradient descent
sation approach known as gradient descent works by
t descent of the loss function until it finds
an iterative manner. On the other

genera,lization,

ing wit
and RBFSampler,
minimizing & convex
in order t0 do so. An optimi
moving in the direction of the steepes

minimunt. This process continues in
sscent necessitates computing the gradient over the entirety of
ch can be both computationally expensive and

each steps whi
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when applied to
problems of a lar
proximation of th . ge scale. SGD is able t
instances at each et gradler-lt by employing a single or a small ZproduCe an ap-
and makes onli step. This decreases the amount of computi atch of training
- ,t s online and incremental learning possible. Bottou .mfgthat is required
n to su oest 1 . ) m 98
e Il tgo . using SGD, and he applied it to solving lar was the first
I later research, Zhang in 2004 demonstrated that ;GDge'SCale learning
i ~ can
omplish optimal convergence rates. SGD has seer,l un'jer .
i : . s wide
mcludfng bioinformatics, image recogniti spread
face identification [22] [23]. ion, text

slow

circumstances, acc
use across a variety of domains,
classification, sentiment analysis,

3.1.8 Linear Support Vector Classifier (Linear SVC)
dual algorithm is used in the linear SVC approach to id
identify the

best weight vector and bias term. By doing this, the margin bet
stance between the decision boundary and th: ;’Veen classes
thin each class that are closest to the bound;pgirt vec-
cal and categorical variables ca: bejst:;:g

A primal-

is improved. The di
tors—the data points Wi
to determine the margin.

into consideration by the
s, 1t includes the abi
In order to categorize data using convex Joss functions like logistic lo
ar SVC uses linear models. Based on this idea, linear SVS(; and
ction that uses a linear decision boundary. W}?’ az
d a bias term, to split the data into two ;13331:8
sentations of the data. It is possibl é

ctor by minimizing the loss function

Both numeri
linear SVC model. Additionally, rather than probabili
ity

lity to provide class designations.

estimate

hinge loss, line
created. A lineal model is a fun
is defined by 2 weight vector anl
One way 0 think of linear models is as repreé

both the bias term and the weight ve
a. For each training instance, the loss function calculat
ulates a

the degree of difference
Joss functions are functions that have only a single mini

minima ab the local level. This makes it much simpl
mpler

to learn
r the training dat
ents

ove
between the predicted class and the

value that repres

ConveX
] Jevel and no
loss functions-

actual class.

n as the primal-dual algorithm can solve both

algorithm know
dary problem at the same time. To minimi
ize

An optimization
and the gecon

the primaly problem
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the loss function in iti )
weight vector and b?aidzzlr(::ll itoti regalarlzation term while taking into ac
what the regularization terms- e primary problem. A penalty for large vcvm'mt th-e
bromotes seneralization i lsdcalled. This penalty helps prevent overfitte'lghts .
Lagrange " tiplirs Wh-i . tli | ual problem consists of optimizing a funtljcl'g e
maltipliers are different €0 a lflg into account certain limitations. The L o
. efficients that are used for each traini l.e agrange
he margin restrictions are met. The weight Vecto;m;g instance to
ct to iterative modifications by, thleaiz:;, da:c:
-dua

nverge on the values that are optimal

ensure that t
ge multipliers are all subje

Lagran
method until such time as they co
It was first proposed by Fan et al. in 2008. It was developed usi

'rather than libsvm, making it more adaptable and scalable ;pe using liblinear
initial argument for linear SVC. For large-scale linear ClaSs.,iﬁ an .et al. .made the
a library that supports 2 number of penalty and loss functic(: ation, Liblinear i
wide range of kernels and parameters is provided by the sup :i Support for a
library Libsvm. Many different sectors and industries, incluzi;g Eg:;omachine

rmatics,

picture identification, text classification, sentiment analysis, face re
, cognition, and
?

more have found extensive use using linear SVC [23].
advantages to using linear SVC, and it may be used i
It is simple t0 learn and simple to put into Pracl:-l many
ice.
nal and sparse data, and it achieves a high 1eel .
. . V
y. By using regularization techniques like L1 ’ ]_? f
or L2

t feature selection. I
al or radial basis function kernels [24]

There are several

different situations.
can handle high-dimensio
ation and accurac

it may carry ou
chniques like polynomi

the data, dealing wi
d data are sOme of the o
ing a proper pena

generaliz
t may also work with nonlinear

regularization,

data using kernel te
aring

th missing values and noisy data, and
bstacles and limits of linear SVC, [21]

Sealing and PreP
lty, loss function, and regularization

handling jmbalance

Another challenge 18 choos
parameter.
Briefly; Support Vector Machines (SVM), k-Nearest Neighbors (KNN), Logi
. ] 1S-
st, Naive Bayes, Perceptronm, Stochastic Grad iilst
1

andom Fore
ar Support Vector Classifier (Linear SVC) are the mod

. we employ for predicting the performance of students. These model
. : : S

ed for binary classification problems, such
) as
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passing or failing, a
il Variabi nId bece’mu.se they are able to deal with categorical
4 drawback z n addition, each of these models has a uni as well as
: acks, whi 1que set .
ich can be contrasted with one another and eval tocf[ peneflts
uated in light

of our findings.

The support vector i :
cernel function o m;prilizh;ﬁ (?VM) ls. a classification technique that utilizes a
o o imal hyperplane that da.t 1C;nto a. high-dimensional feature space and locat
argin, In addition to ts l. erentiates the classes with the highest possible
high- timensional and s superior accuracy and generalization, SVM can h )

nd parse data. In addition, it can return lab andle

rather than probabilities. SVM, on the other hand, may be d 1'n abels ff)r classes
to the regularization parameter and kernel funct;on yIt m:yIZal\,:ztI: ad}Jlulsltments
' e challenging

to train and te ive i
st, as well as expensive in terms of processing re
sources.

To classif i :

X neighborsyi; ?;;Vti::zcecal KNN takes. into account the opinions of its ne
. . . g data. A voting system is used to achi : arest
High-dimensional and sparse data are no problem for KNN, as i ) l,eve this goal.
provide excellent precision and generalization. Moreover it’ as 1t Stﬂ? manages to
ity estimates in place of class labels. However, KNN m; bcan ﬂ?mvlde probabil-
values and noisy data, and it may be delicate to the distazcee . ef:ted by missing
ber of neighbors. It’s possible that KNN is sensitive to the ;Tlizzraz;i th.e }I:];lm-
neighoors

as well.
r to represent the likelihood of an instance belonging to a specific cl

In orde
f logistic functions. You may sometimes hear thi
is

regression makes use O
Maoisti -
logistic analysis." The accuracy and generalization of

0

l.ent, and it may be used with both numerical and
it can provide probability estimates in place of clas
: s
sion may not fare as well if the data are not linearl
y

logistic
strategy referred to as
gistic regression are excel
reover,

lo
categorical data. Mo
Jabels. HoweVver, logistic regres
separable; and its performance cai be delicately dependent on the regularizatio
n

eter and the solver technique.

param
ning technique known as Random Forest combines the f
> fore-

The ensemble lear
In spite of the high dimensionality

| separate decision trees.

casts from severa
data, Random Forest 1s still capable of producing very
& accu-

and sparsity of the
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rate and generalizable r '
importance of Variablese:lldts. In addition, it may generate me
putational aspect, traini out-of-bag error estimates. Ho asurements of the
time-consuming, and i ing and testing with Random Fo wever, from a com-
’ its output can be difficult to interpr. r:St can be costly and

et.

Naive Bayes is a o
assumption that all I;r:itr): lj)l;l::c Classi.ﬁer that uses Bayes’ theorem
less of the value of the class valj;ab(iterIStics are unrelated to one ano:):;1 t.h © naive
interchangeably with "naive Ba; y T.he term "naive Bayes" is som lél regard-
handle high-dimensional data vftshdea::lﬁca;ion'" The Naive Bayes algez;:;s -
ization. Moreover, i ‘ e and achieve high precisi m can
However, if the COI;dIiJ:ic():EZI ?:Z‘:de probability estimate.f inpl;(;f;o:)lf T:rlld s
rithm’s performance may deter'pendence criteria is not met, the Nai BaSS labels.

iorate because the prior probability :zd l?{’ef algo-
ikelihood

function may introduce bias.

A single layer of artifici
of artificial neural netz(f)i:;alpneurons makes up the perceptron, the si
generalization when given" ferceptf‘on models can achieve excellent amplest form
£ sture relevance s information that can be split linear] ccuracy and
cores to make feature selection decisions Hong It can also use
. ver, perceptrons

have a limited abili - :
ability to process nonlinear input because of thei

eir sensitivity to

the

activation function and the learning rate

gGD is an iterati
i ex:atlve method that uses a single or a limited
selected training instances to update the weight vector and b‘? set of randomly
ias term of a lin
ear

uch technique is known
as stochastic gradi
ient descent, o
, or SGD.

classifier. One S
Despite gGD’s ability to process massive amounts of data, it i
, it is still capable
of

g hlghli accurate and generalized results. It can also

e help of regularization techniques. It’s possiblier:rm feature
s well e that missi

Il as the penalty, loss function, and regul n.fllsmng

' arization

have 1
an impact on SGD. It could also be particularly dels
elicate

producin
selection with t
values and noisy data, &
parameter, could

in this respect.
d the optimal weight vector and bi
ias term that maximi
nizes the gap b
e-

ear support vector classifier (SVC) employs a pri
. rimal-

o hear it referred to as "linear SVC" or ulins mal-dual
ar support

To fin
tween the classes, the lin

algorithm. You may als
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vector classification." High-dimensional data is no problem for the li

'rnethod, and it can also achieve excellent precision and ﬁexibil;t Z(;z?é‘r SVC
it has the capability of providing class labels rather than probabil}i,'t t.ltlon.ally,
However, Linear SVC may be influenced by missing values and noisy Zs imatlonc.
may be sensitive to the penalty, loss function, and regularization y data, and it
addition, Linear SVC may be sensitive to these factors. parameter. In

3.2 Dataset

This study made use of the dataset known as the Student Performance D
[25], which can be found on Kaggle. This dataset includes informatizi .ataset
ing the academic accomplishments of students attending secondary schOOll f?gard-
different Portuguese schools. The data was gathered through the use of lnltwo
reports and questionnaires, and the elements of the data include student Slc 1;)01
in addition to demographic, social, and school-related characteristics. e

The dataset is representative of the following results in the Math subject: Th
file has a total of 649 records and 33 attributes. Table 1 has a description cf the
e

characteristics.

Description
student’s school (binary: ‘GP’ - Gabriel Pereira or ‘MS’ - Mousinho

—
Attribute

A

school

da Silveira)

I
student’s sex (binary: ‘F’ - female or ‘M’ - male)

sex
sex  —
student’s age (numeric: from 15 to 22)

age
(age
student’s home address type (binary: ‘U’ - urban or ‘R’ - rural)

address

famsize family size (binary: ‘LE3’ - less or equal to 3 or ‘GT3’ - greater
than 3)

W parent’s cohabitation status (binary: ‘T" - living together or ‘A’ -

apart)

Medu mother’s education (numeric: 0 - none, 1 - primary education (4th
grade), 2 - 5th to 9th grade, 3 - secondary education or 4 — higher
education)

/
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father’s education (numeric: 0 - none, 1 - primary education (4th

Fedu
grade), 2 — 5th to 9th grade, 3 — secondary education or 4 — higher
education)
Mjob mother’s job (nominal: ‘teacher’, ‘health’ care related, civil ‘ser-
vices’ (e.g. administrative or police), ‘at_home’ or ‘other’)
Fjob father’s job (nominal: ‘teacher’, ‘health’ care related, civil ‘services’
(e.g. administrative or police), ‘at__home’ or ‘other’)
reason reason to choose this school (nominal: close to ‘home’, school ‘rep-
utation’, ‘course’ preference or ‘other’)
guardian student’s guardian (nominal: ‘mother’, ‘father’ or ‘other’)
traveltime | home to school travel time (numeric: 1 - <15 min., 2 - 15 to 30
min., 3 - 30 min. to 1 hour, or 4 - >1 hour)
studytime " weekly study time (numeric: 1 - <2 hours, 2 - 2 to 5 hours, 3 -5
to 10 hours, or 4 - >10 hours)
W@of past class failures (numeric: n if 1<=n<3, else 4)
@ Mucational support (blr.lary: yes or no)
famsup Mucational support (binary: yes or no)
paid oxtra paid classes within the course subject (Math or Portuguese)
(binary: yes of no)
activities xtra-curricular activities (binary: yes or no)
pursery attended nursery school (binary: yes or no)
higher wants to take higher education (binary: yes or no)
internet Internet access at home (binary.: yes or no)
romantic with a romantic relationship (binary: yes or no)
famrel quality of family relationships (numeric: from 1 - very bad to 5 -
excellent)
: free time after school (numeric: from 1 - very low to 5 - very high)
freetime Sing ot with friends (numeric: from 1 - very low to 5 - very high)
%”' fvorkday alcohol consumption (numeric: from 1 - very low to 5 -
—
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al p . ’
5

very high)

health
: current health status (numeric: from 1 - very bad to 5 - v
absences | number of school absences (numeric: from 0 to 93) ery good)

gl first period grade (numeric: from 0 to 20)
Gz second period grade (numeric: from 0 to 20)
3 final grade (numeric: from 0 to 20, output target)

Table 3.1: Student Performance Dataset At-

tributes and Descriptions

3.3 Evaluation Metrics

The performance of machine learning models for forecasting student
: . . udent perfor-
mance 18 evaluated using four metrics: accuracy, precision, recall, and F1 s
. ) ) core.
These metrics are used to measure how well the models perform. These met
. metrics

are frequently applied in classification tasks, with the purpose of evaluating th
uating the

accuracy, completeness, and overall efficacy of the model in terms of its abilit
ity to

make predictions [26].
e Accuracy caul be defined as the proportion of accurately anticipated i
. : in-
ive to the total number of instances. It assesses the degree tl
. 0
ble of producing accurate predictions throughout
racy looks like this:

stances relat
which the model is capa
the whole dataset. Calculating accu

Accuracy = TP+TN
TP+TN+ FP+FN

(3.3.1)

resents the number of true positives, TN represents the num

where TP rep
FP represents the number of false positives, and FN

¢ negatives,

per of tru
ber of false negatives.

nts the num
defined as the ratio of accurately anticipated positive in

] number of positive instances that have been forecasted

1'Cpl”OSC

Precision can be

gtances to the tota
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It determines how accurately the model predicts good outcomes and quan-
tifies the frequency with which it does so. The following factors determine

precision:

Precision = T—P 3
= TP+FP (3.3.2)

The proportion of accurately anticipated positive cases in relation to the
total number of actual positive instances is referred to as recall. It assesses
the degree to which the model is capable of producing accurate forecasts for
all favorable cases. The formula for recall is as follows:

TP

Recall = T_me- (333)

The F1 score represents the mathematical middle ground between precision

and recall. It assesses how well precision and recall are balanced against

one another. The following factors make up the F1 score:
2 x Precision x Recall

Precision + Recall (3.3.4)

Flscore =

These metrics can be used to compare various models and determine which

one is the most suitable solution to the problem at hand. If one of these

:dicators has a greater value, it implies that the model is performing more
i

effectively [26].
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Chapter 4

Results and Discussion

Using the Stud .

researci - irelzzsi el::nnazce Dataset from Kaggle [25], the purpose of thj
proaches were able to forge e and assess how well different machine | '0 this
cast student performance. The dat e&lr.nlng ap-
cleansed, and then extra columns were added so that wi ase) was meticulously
characteristics that determine whether or not a Studenet ?Ould find the primary
purpose of gaining insights into the dataset, data ViSualizlastisol:iessifUI.' For the
echniques were

utilized.
In order to make ) I
the process of machine learning easi i
ler, essential columns such

as school, sex, and family size were initially transformed into their bi
alents after the data had been preprocessed. After then theodt eir binary equiv-
into training and testing sets with an 80:20 prOPOrtion’ ot ataset was divided
port Vector Machines (SVM), K-Nearest Neighbors (KNN) Lie{l ’C.he two. Sup-
Random Forest, Naive Bayes, Perceptron, Stochastic Grad’ientg;;tIC fegression,
Linear SVC, and Decision Tree were the eight distinct machine leZiflei?;lt (SGdD),
g models

that were used to predict student performance.
This table displays the results of an evaluati
on of the performan
ce of various

machinc learning models based on the Student Performance Dataset in att
' ' 1n a empt'ng
dent perf01 mance. Accuracy, precision, 1‘ecall, and the F1 scor W1
g € were

to predict stu
that were used in the evaluation of the models. T}
. The

the four primary metrics
gs reveal that each model is effective in classifying students and identif
ntitying

findin
32



goout EEEE
taveltime F8S
frectime 148

mean_gracde

age

rm-‘ures

Walc
goout
heaity
absences
famrea;
studytrme

nm_'.‘rud_v‘_u'mo

Figure 4.1. Correlation

those who are at risk of failing the class as wel] as those who gye likely to g¢p, leve

higher grades.
The acen racy, precision, recall, and FJ Score were the four mg, jor Measyreg that
: Wy,
Were used in the evaluation of these models’ performance.
dfspla{ying a perfect 100%

Naive Bayes accomplished outstanding performance,
e ' value, Jt’g Possible that

dccuracy, precision, and recall score, as well as au
ccuracy,

ifidal [ 100:00
Naive Ba'yes l 10000
Decision Tree i l 97 69
Logistic Regression [ 97.69
Random Forest 107,69

3 i Decent | !
Stochastic Gradient I | 90.00

Perceptron hines | 86.92
Support Vector Mac [ 84.62

o Evaluation of Machine Learning Models fo Pre diCtixlg
arnce AL1Lel
Dble 4.1: Performan

wdent Performance
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The Decision Ti

ree m e e

eived flawless scores & odel, which is quite similar to the Naive B
student success. A cross all criteria, which indicates that it ayes model, re

. Asar : y redi
a result of their capacity to manage non 1]D.rope11y predicted
-linear interactio

ns

and the fact that they ar ily i
ey are easily interpretable, decision tree
s are useful in tl
he

context being discussed here.

The logistic regress
g egression model performed wonderfully in predicti
icting student per:
per-

rmance, with an a
ccuracy of 97.69%. It performed quite well in t
quit erms of preci-
well it was able to categorize

fo
sion, recall, and F1 scores, which demonstrates h
ow

children. Bec i
ause of its ease of use and clarity of explanation, logist
, logistic regression

is a technique that is frequently chosen for binary classificati
cation jobs.

d ikewi ;
andom Forest model likewise did quite well, with an accu
’ racy of 97.69%

The R
recall, and F'1 scores.

g with competitive precision,
Linear SVC proved trustworthy performance in forecasting stud
stuaent
n accuracy of 97.69% thanks to its use of linear reg 'Perfol._
nich indi - ression.
ich indicates that it is able to identify a consid It
lder-

e at danger of failing.

alon

mance, with &
obtained a high recall score, W
able proportion of children who ar

The model developed using stochastic gradient descent (SGD) achi
£92.31% and a relatively good precision score. In saci ; 1ev;:d an ac-
form quite as well as some of the other models i ;az ?lle fact
n regarding the forecast of studer;t perfors Hi;nact;le

curacy scoré O
that it did not per

e insightful informatio

he Perceptron model was 90.00%, and it had a satisfact
actory
ad a lower precision score, it was

to provid

The accuracy of t
recall score as well.

able to demonstrate
d be at danger of failing.

Despite the fact that it h

the potential to detect a considerable percentage of stud
udents

who woul
The SVM displayed acceptable performance in forecasting student perf
ormance,

with an accuracy of 86.92%. When compared to other models, it exhibited
. , 0
eca suggests that it may have problems apsroorefr
pri-

students in so

ibited encouraging result

11 scores, which

precision and T
me circumstances.

ately classifying
s and reached an accuracy of

The KNN model exh
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84.62% i i '
b, despite having poorer precision, recall, and F1 scores th h
) an other models.
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Chapter 5

Conclusion

5.1 Conclusion

he Student Performance Dataset that was available on Kaggl
aggle, this dis-

n in i i
l S

sertation carried out an investigatio
that can be utilized to raise students’ overall performance. In ord
. In order to cond
uct

lete pr ili
P ploccle.dure was utilized, which included data cl
. eani
ization, data preprocessing, and the applicat'mng,
ion of

dels.

the research, a com
feature engineering, data visua
eight distinct machine learning mo
The findings of the study showed that a number of the machi ;
exhibited high accuracy and did a good job of forecasting the me‘;earnmg models
students. Specifically, the Naive Bayes and Decision Tree moI:i: O;mance of the
flawless scoOres across all evaluation measures, which demonstratessthOth achieved
iction ability of both of these models. Both Logistic Regression ° 1::markable
rformance, which is a sign that these methods :: hI:IZ?dlom
ul In

variety of performance groups.

pred

Forest had good pe
pils into a

classifying PU
e the potential of machine learning approaches in id
1denti-

hasiz
or who are at risk of failing

likely to receive higher scores
can be helpful for educational institutions, pol

as they work to enhance student outcom
es

The findings emp
o are

kinds of findings

dividual educators
focused interventions and support systems

fying students wh

the course. These
and 1N

icymakers
e implementation of

through th
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It is essential to r .
issues regarding overzz:jgnnglz: Zhét éttaining flawless scores in all
tion and testing on a variet n f ;ndlcates the requirement for addi:mdels raises
focus of this investigation v?z, of datasets. In addition, even thou hl:}:l i V.ahda-
it is possible that a more injeol':l analyzing the Student Perfor Iiancee ]I))rlma,ry
student performance could be tlz 1 comprehension of the factors that i gtaset,
ing into account & wider varieta ained by including additional dat influence
y of aspects, such as socioeconomic :;ts and tak-
us and the

instructional strategies that are utilized

In gencral, this di :

study on e subjeiltssoe;tji‘lﬁn. makes a contribution to the expanding b
duontional practices. Th 11z1ng.the. methods of machine learning tg ' ol of
s yields insi I~1tf | (-? :xamm.atlon of a variety of models and ° lmpr(?ve
of these tools in foricaslz' information regarding the applicabilty andeV:fliuétlon
v . ing the performance of students. The findi efficiency
study have the potential to both support the creation of tailored i Itldmgs of this

nterventions to

tC

improve student ou
When de .
n educational settings, it is essential
, 1al to

take into account ethical considerations, data protection, and t
, ransparency as th
e

of machine learning continues to experience rapid advance
3 . ment: To ad
nvestigate the potential of machine learning to dress
. . e H
he level of academic achievement among studp zSOnallze
en S) more

ploying predictive models i

area
these problems and 1

education and raise t

research is required.
tial of machin ;
e learning a
pproaches in :
assessing

y highlights the poten

data and generating significant insights that may b

making, as the conclusion of the study states Thee Eszd for
: ndings

gh the examination of a variety of models highlight th
g e

significance of making useé of sophisticated analytics tools in order t
_ . I to moti
evidence- tions and enhance the results of . Ivate
education. W
. e can WOI'k

based interven
towards makin environment that all stud
ents are ex
posed to

g the educational
g and encouraging for all of them by combining the power of
. pedagogic of data

This stud
student performance

educational decision-
that were acquired throu

more Welcomin
goo

analysis with al practices.
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5.2 Future work

In spite of the fact that this di i
is dissertation has i
provided useful insi i
ghts into the

examinati : _
xamination of successful machine learning algorithms for increasing stud
~ , stude -
formance, there are a variety of potential pathways for future research dnt per
ot : ) an
opment in this topic. To achieve even better results from this research, add devel-
, & itional

investigation could be directed at the following areas:

ration of more Data Sources: It w
: ould be advanta, i
1tageous to 1
1corporate

Incorpo
thorough view of student perfor-

re data sources in order to acquire a more

gs like a student’s socioeconomic background t
, he

mance. This could include thin
ents, the extracurricular activities they participate in

hool. When forecasting student performance, the
d accurate when a greater variety of variables

educational level of their par

and how engaged they are in sc
models can become more robust an
ated into the equation.
Models The development of new technology in the fo

re-
ble to create more advanced predictive models

arc incorpor

Advanced Predictive

seeable future may make it possi
The employment of neural petworks, which are capable of capturing complicated

relationships and patterns in student performance data, is one potential option
that could be pursued.- It is feasible to improve the accuracy and prediction capac

e models by making use€ of deep learning approaches, such as recurrent

volutional neural networks, for example. These models

ity of th
¢ student records and offer staff members with early

neural networks or con
can be taught t0 analyze pas
t risk of perfor

g are &
Interventions: In the future, research could focus on

lized education interventions, building upon the pre
odels. By taking into account the unique
forred modes of instruction, areas in

warnings when kid ming poorly on assessments.

zed Education
f individua
achine Jearning m
pre
le, and their areas of interest, it is pos-

Individuali

the development ©
dictive capabilitics of m
ities of cach student, such as their
], those in which they strugé

¢ individualized improvement methods. Students

dations and adaptive learning routes that
forms that can be developed. This

qual

which they ¢X¢¢
p and implemen

d with tailored recommen

can be establi d using adaptive Jearning plat
, : ividualized and effective learning experience for the stu-
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dents.

Ethical Consi i

Lecessary to adi;‘::::‘:;:’.-s almd C'oncen.ls Regarding Data Privacy It is absol
O arning model ;c]j 001lslderat1dns and concerns regarding data pris\(,) utely
The focus of work to be ;zom‘? more implemented in educational environr;‘;(;}rll’caS
e ensre the cthi nle in the future should be on building framew kS .
o rmance. To ical and TeS.ponsible use of data regarding stud -
preserve the confidentiality of student information thi: ienntl p: )
’ cludes

utting i ' .
p g in place effective data anonymization procedures, gaining i
sent, and following to data protection rules » gaining informed con-

Integration with Learning Mana
gement Systems: Futu
! re research can investi
st1-

he possibility of integrating the machi
ine learning models wi
ith pre-existin
g

gate t
in order to maximize the practical usefulness

learning management systems (LMS)
of the machine Jearning models. Educators can gain real-time inf i

ndations to enhance their instructional decision-n(z;fiatl(?n -
he predictive capabilities within the LMS. This inIil;{ir ) t}'ley
fy kids who are having difficulty in a timely Ii:‘:;‘::

ide more targeted interventions.

practical recomme
smoothly integrate
can make it easier t0 identi
and give teachers the ability to prov
Longitudinal Analysis: In the future, research could concentrate on longitudi
r to acquire a more in-depth understanding of the traje(;gt O‘:i inal
It is feasible to uncover patterns, trends, and lon _:S of
s that contribute t0 academic success if one tracks the Performagn Cern;
eriod of time. The results of a longitudinal stud i .
f various interventions and make it possible to :d:;;

analysis in orde
student performance.

clement
students over 2 prolonged P

d light on the efficiency ©

she
ponse to changing circumstances over time

one’s approach in res
the focus of further research in this field should be on int
egrat-

s, investigating advanced predictive models, providi
. M ) n
dressing ethical problems, integrating with existing
. . g
tudinal analysis. These developments

In conclusion,
itional data source
s, ad
d undertaking longi
achine learning approaches to raise the bar for

ort educators in the provision of educational
d and effective [27] [28].

ing add
individualized therapic
educational systems, ail
will further boost the ability of m
student accomplishment and supp
experiences that are both individualize
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Appendix A

Code snippets showcasing
Data preprocessing and

Prediction

A.1 Creating and Modifying a Binary Feature in
the Dataset

for dataset in combine:
dataset[’fjob_binary’] = 0

dataset.loc[dataset [’Fjob’]
dataset.loc[dataset [’Fjob’] == ’at_home’, ’fjob_binary’]

]
| —

== ’service’, ’fjob_binary’]

]
—

del perform["Fjob"]

A.2 Train-Test Split in Machine Learning using

sklearn

from sklearn.model_selection import train_test_split

X = target.drop(["paid","activities","nursery","higher",
ninternet", "romantic"], axis=1)
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Y = X["failures"]
X_train, X_test, Y_train, Y_test = train_test_split(X, Y,
test_size=0.2, random_state=101)

X_train.shape, Y_train.shape, X_test.shape

A.3 Training and Evaluating a SGD Classifier in

Machine Learning

from sklearn.linear_model import SGDClassifier

from sklearn.metrics import accuracy_score, precision_score,
recall_score, fl_score

sgd = sgDClassifier()

sgd.fit(X_train, Y_train)

Y_pred = sgd.predict(X_test)

acc_sgd = round (sgd.score(X_train, Y_train) * 100, 2)

acc_sgd

acc_sgd = round(accuracy_score(Y_test, Y_pred) * 100, 2)
prec_sgd = round(precision_score(Y_test, Y_pred,
average=’weighted’) * 100, 2)
rec_sgd = round(recall_score(Y_test, Y_pred,
average=’weighted’) * 100, 2)
£1_sgd = round (f1_score(Y_test, Y_pred,

average=’weighted’) * 100, 2)

print(“Accuracy: {}%".format (acc_sgd))
print("Precision: {}%".format (prec_sgd))
print("Recall: {}%" . format (rec_sgd))
print ("F1 Score: {3%" . format (f1_sgd))
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Appendix B

Mathematical formulations of

ML models

B.1 Naive Bayes Classifier

P(z)P(Cg|z)
P(2) (B.1.1)

P(Cylz) =

B.2 Logistic Regression

logit(p) = In ( 1 ;p ) (B.2.1)

B.3 Support Vector Machine

K(zi,z;) = e M=l (B.3.1)
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