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Abstract

In the past, only machine learning algorithms were used for predicting Students’
Academic Performance. In recent times both feature selection methods and machine
learning algorithms are important in the prediction process. In previous researches, the
focus have been on demographic information. Research specifically analyzing video
interaction of learners is limited. This study provides an opportunity to investigate the
interactions of learners in a Virtual Learning Environment (VLE), The study further
investigated for clarification whether or not if Feature Selection should be skipped during
the prediction process as some previous studies suggested. The study proposed a novel
model named PF-PSO, as an improved Feature Selection (FS) method comg&s:ing a

combination of three existing feature selection methods to improve machinellearning
models’ accuracies in predicting students’ academic performance in a VL Fat closen
feature selection methods are Principal Component Analysis (PCA), Fopwa
Method (FOR) and Particle Swarm Optimization (PSO). Students’ eduéatio
were retrieved from secondary sources such as Kaggle.com. This unbéqi study used two
approaches- with FS and without FS to train machine learning ls The evaluation
metrics include MSE, R? and MAE for the regression tasks. , Precision, and F;
measure for the classification tasks. The results from the , owed that while PSO
proved promising, the proposed system achieved great Wlth Random Forest and
Gradient Boosting performing very well in both regre& and classification tasks and

could explain 65% to 89% variance in the target vagrable” Logistic Regression was best

for classification tasks with accuracy in the ran % and 75%. The proposed system
can contribute to enhancing students’ academi diction. The findings of the study
show the importance of incorporating a ature selection for predicting students’

academic performance.

Keywords:  Feature Selection, Péa§m orrelation Coefficient, Principal Component
Analysis, Forwar tion method and Particle Swarm Optimization.

Word Count: 301 AQJ

Qﬂ\
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Chapter One
Introduction
1.1 Background to the Study

Computers are a major part of daily life in the modern world because of their many uses.
Without computers, life might have been more difficult. Numerous professions, @ding
engineering, architecture, the medical, economic, and entertainment se employ
computers. Teachers use computers in the classroom to help tugy do better

academically and for research purposes. Massive volumes of %@data are generated
e

every day by educational institutions, computers, and the@ t. These data must be
analyzed and preserved. Educational institutions make @ated judgments about student
retention and how best to understand students an&t&aming environment based on the
findings of their analysis of student data\B’btive analytics, improved administrative
support, and reduction of student dg(@ra es are examples of the benefits of education
data mining (EDM). There are @rous data mining techniques available for various

application types. ° $
Q

Two of the nzos important data mining techniques for EDM are regression and
classiﬁcation,Q@h can be used to identify students who are failing, quitting school, or in
need of elp. They can also be used to offer information for curriculum changes and
poli%&ccisions. Various methods, like relationship mining, clustering, and visualization,
can be applied to student data to identify trends and derive valuable insights that benefit
both educators and learners. The technique of applying machine learning algorithms to

analyze educational data to produce informative results is known as Educational Data

Mining.



Educators are implementing digital systems like the Student Information System (SIS),
Learning Management System (LMS), Massive Open Online Course (MOOC), and
Virtual Learning System to support learning activities and improve students' academic
performance in response to the recent growth and expansion of big data, artificial
intelligence, and the Internet of Things (IoT). The level of focus, curiosity, enﬁh&asm,

optimism, and passion students exhibit during a learning process is stude ement.
u< ¢

This also includes how motivated they are to learn and further theifeducdtion. Student
engagement has three parts: behavioural, emotional, and cogniti Q: amount of time a
student dedicates to their academics is known as cognitive %e gement. Students' actions
in class, such as their attendance, participation, 6@& turn-in assignments, and
questioning and answering, are all considered fo@% behavioural engagement. Students'

attitudes, reactions to teachers and other @1;5, the course material, and their sense of

belonging inside the school all consél)\ﬂ@snotional engagement.

An interactive online spaqe%%‘&a virtual classroom, where students and teachers can
communicate, is call%@tual Learning Environment, (VLE). VLEs come in three
primary Varietie%& consist of hybrid, asynchronous, and synchronous systems. There
are differe%&l}he ways that students and teachers interact. Teachers are online at the
same t@%s students when communicating are termed synchronous. They can speak with
eacMer in real-time by using facilities like video conferencing, chat rooms, and virtual
whiteboards. This type of learning is commonly used in courses with completion deadlines.
Teachers and students do not log on at the same time in an asynchronous virtual learning
environment. When it is most convenient for them, students can access the assignments

and resources that their instructors provide online. For students who live in different time

zones, this type of learning is beneficial. Synchronous and asynchronous learning are



combined in a hybrid virtual lea rning environment. Certain courses must be finished in

isolation, while others must be finished instantly online.

E-learning is often referred to as virtual learning, remote learning, and distance online
learning, It is the process of describing how students can use electronic devices to access

educational materials outside of the traditional classroom.

Performance is the accomplishment of a task evaluated against predetermined l@ﬂarks

for speed, accuracy, and completeness. < O
Academic performance prediction is the measure of a student's %@ademic outcomes,
ram,

such as grades, and overall achievement in a course or @ using data, statistical

models, and algorithms. Predicting students' academic s@s helps experts create

association rules so that they can make the right @

Feature selection is an important first sfe}@ creating a prediction model for students'
academic achievement since it ca to discover the features that truly influence

students' academic performance@{‘goost prediction accuracy.
[ ]

Machine learning us@re as input to generate predictions®. The features that affect
student performaﬁ\& n be divided into four categories: demographic features, academic
features, l&gﬂﬁ\ral features, and other additional features®. Demographic features
includ?l’tbent number, name, gender, and age. Academic features include school grades,
cla&vel, and semester. Behavioural features include discussion, access to resources,
comments and other learning behaviour in an online learning environment.

A feature is a measurable attribute or variable that is utilized in a predictive model to

predict a student's grades, likelihood of graduating, or other academic accomplishments.



The predictive algorithm uses features as inputs to find patterns and generate accurate

predictions.

<

There are three main types of feature selection methods: filter method, wrapper method
and embedded method. Filler methods include methods such as ANOVA, Pearson
correlation, and variance threshold. The wrapper method includes forward, backwatd, and
stepwise selection, and embedded methods such as Lasso Regressi @ Ridge
Regression. Feature selection is the process of finding the best fedﬁ{eséﬂ{w of all the
available features using predetermined evaluation criteria. F lection eliminates
redundant, unnecessary, or noisy data, lowers the dimensi of the feature space, and
improves the machine learning algorithm's speed a%&racy. Some machine learning

algorithms have built-in feature selection met@bﬁke Classification and Regression

Trees (CART)S and C4.55, ®%

This study focuses on feature selé}@echniques like Principal Component Analysis
(PCA), Forward Selection M@ FOR), and Particle Swarm Optimization (PSO). PCA
is a statistical techn%%\t reduces the complexity of high-dimensional data while
maintaining tren@ patterns. The Forward Selection Method is a stepwise regression
statistical %&Mﬁ\g strategy that is used to select a subset of important features from
larger Q%Starting with a blank model (no features), the approach adds features one at a
time\fﬁlowing a predetermined criterion, usually the one that yields the most significant
improvement in model performance. PSO is a computer technique that attempts to
enhance a potential solution iteratively to a specified quality metric. These three feature
selection methods are existing techniques to improve students’ academic performance
prediction. A hybrid strategy combines PCA with Random Forest (RF), Decision Tree

(DT), Naive Bayes (NB), and Support Vector Machine (SVM) to solve the



misclassification problem for improving the student's academic performance prediction’.
PCA was used to reduce high-dimensional data complexity, allowing for more clearer
presentation and analysis of complicated feature interactions®. To find relevant features,
the forward feature selection method was utilized and then applied to Naive Bayes. The
classification findings demonstrated a drop in model performance before feature selection
and an increase in model performance following feature selection on student academic

data’. PSO can be used to improve the prediction accuracy of stude Q:a emic

performance'®.In a previous study, the performance of the machine L&{&gf gorithm is

only focused on model interpretability; the feature selectior%@

contradicts the classification model created to predict stu@s erformance during the

is" dropped which
COVID-19 pandemic, where the prediction accuracy in only when the dataset's ten
most important features were incorporated.!’. é@)kRoll system used a variety of
predictive models, including AdaBoost, K- st Neighbour (KNN), Neural Network
(NN), NB, and RF in its elementar.y 1 \tion courses. The results indicated that when
classified data was used, NB perﬂ&fq\i better than other algorithms, whereas RF had the
best performance with raw'd@g.i{esearch has indicated that the feature selection process
may have an impact b@iﬁcation models' accuracy'®. In prediction research, feature
selection play; '@yortant role'*. To solve an issue involving blast-induced ground
vibration, @ure selection approaches were used to choose features for the Random
Fo%@ rithm!®. Feature selection technique, in addition to the machine learning model,
affects the accuracy or performance of a machine learning algorithm'®. Feature selection

can be used to improve the prediction of students' academic performance!”.

This study has followed the data mining method for building its predictive models. Data
mining techniques have been used in many research to predict student performance. .

Most educational institutions have switched from on-campus to online learning, the



COVID-19 pandemic brought attention to the necessity and significance of virtual

education!®19.

1.2 Statement of the Problem

Virtual learning environments (VLEs), have revolutionized education by providing
accessible and adaptable teaching and learning platforms. However, because of the large
and varied datasets that these platforms provide, forecasting students' ec&emic
achievement in VLEs continues to be a major challenge. These % contain
demographic information, assessment records, activity logs, and enga@i(measures. In
a virtual learning environment, predicting a student's ac achievement is a
complicated process that depends on a number of Vas, such as the student's
behaviour, level of participation, and outside condi&&or example, virtual learning
systems produce enormous volumes of data, suc%%eraction logs, job completion times,
and login frequency. In many cases, thes inconsistent or lacking. A student might

overlook logging in. It can be chal@sg to quantify external factors that have a big

influence on performance, like @%@t connectivity.
. $

Many students are at %&erfoming poorly or dropping out of VLEs due to the lack of
reliable automat &&ems that forecast students' academic performance. while machine
learning m GQVG been widely applied for students' academic performance prediction,
their e@%eness significantly depends on the quality of the features employed. Feature
sel%gn methods which identify the most relevant features for prediction, play an
important role in improving model accuracy, reducing computational complexity, and

enhancing interpretability. However, existing studies?*2!2?

often overlook the importance
of systematically selecting features, leading to the inclusion of irrelevant or redundant

features that could impair predictive performance. Notwithstanding the potential of

sophisticated feature selection methods, little research has been done on how to use them



specifically to forecast academic achievement in a virtual learning environment. the focus
has mostly been on demographic information and within the traditional classroom. The
creation of effective, scalable, and precise prediction models specifically suited for virtual

learning platforms is hampered by this gap.

Hence, this study proposed a novel feature selection model named PF-PSO, which
comprises the combination of three existing feature selection methods: «E&cipal
Component Analysis (PCA), Forward Selection Method (FOR), and @ Swarm
Optimization (PSO) to increase the effectiveness and accuracy of atuiyselection. A
previous study predictied academic performance of students by co Qng ranking and the
heuristic approach(Genetic Algorithm)?. Our study impro@he study by replacing the
Genetic Algorithm (GA) with PSO for the following &s: PSO exploits search space
more efficiently and PSO requires fewer pa@&rs to tune compared to Genetic
Algorithm (GA). The proposed framewoot need to go through the various steps
of crossover and mutation. The now{@yre selection technique, PF-PSO suggested was
used to predict students’ acad@i?erformance in a virtual learning environment. The
study further investiga d.@\%aﬂﬁcation whether or not if should Feature Selection be
skipped during the&reﬁ
RS

academic per@ ce should be based on only model interpretability as some previous

studies s@\edm.

\/Q/

tion process and that the accuracy of prediction of students’

1.3  Aim and Objectives of the Study

This study aims to develop an improved feature selection model for the prediction of

student’s academic performance in a virtual learning environment.



The specific objectives of the study were to:

14

1.5

1. Pre-process student data collected from the publicly accessible Kaggle
website.

il. Develop a feature selection model using PF-PSO. *

iii.  Implement PF- PSO feature selection model. { OQ

v Evaluation of PF- PSO feature selection model.. 6\
Research Questions Q$

How can complex data with so many features Qgr;-processed?

O

In what way should the feature se n system that can predict students’

academic performance with gre@racy be designed?

What metrics can be useéiscaaluate the performance of the proposed system?

Q

Who are the @ries of this proposed system and in what areas will they

benefit?, @

Jus@atlon of the Study

Th% will help;

To improve students’ academic performance

To Identify students at risk for early intervention.

For retention of students

Provide information that will be used for decision-making concerning the students

and the institutions.



1.6 Scope of the Study

The study considered personal information, demographical, social, and academic

information and the behavioural patterns of students in virtual learning environments. The

R

The datasets were obtained from relevant online databases consisting o e&gﬁ(ion datasets,

datasets used for the study were high-dimensional educational data.

1.7 Limitations of the Study

and popular databases such as the Kaggle.com repository. Real 1 could be used to

test the study. 0
1.8 Operational Definition of Terms Q :

Pruning: Pruning involves removing branch the tree to simplify it and improve
generalization. Q :

Over-fitting: This is an undes@? machine learning behaviour that occurs when the
[ ]
machine learning model gi *ccurate predictions for training data but not for new data.

Prediction: This is t e\gcast of what will happen in the future.

Academic e@nance: This refers to how well students do in achieving their short and

long-te cational goals.

Metaheuristic: A general-purpose algorithmic framework that can be applied to different

optimization problems with relatively few modifications.

Hyperplane: This is the decision boundary that differentiates the two classes in the

Support Vector Machine. It separates different classes in the feature space.



Log Odd: log odd converts the logistics regression model from a probability-based to a

likelihood-based model. Log odd makes translating output easier.

Curse of Dimensionality: A situation where there is an extensively larger number of

features compared to the number of instances.

Dimensionality Reduction: The transformation of feature space into lower dimensional

space while preserving most of the relevant information. Q\

Features Engineering: Is the process of selecting, transforming, man%g';y and

constructing new variables from raw data using domain knowle%

Confusion Matrix: A table that shows information about f and predicted

classifications in given classification problem. Q

10
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Chapter two
Literature Review
This chapter reviews some theoretical frameworks that are related to this study. An
overview of the basic concepts which are fundamental to this research beginning from

machine learning (ML), through feature selection method to student academic

performance. Related works are also considered. QQ

2.1 Machine Learning ’\

Machine learning is a sub-field of Al where computers learn fn , discover patterns,

and predict outcomes!. Large and complicated data sets § automatically and swiftly
at

analyzed by machine learning techniques, yielding acQ findings.

O

Based on the collected data, machine lga @gorithms are helpful tools for early
prediction of low-performance studen \‘ is technique is more sophisticated than

traditional approaches, which er@ student records such as attendance, quiz scores,

exam results, and marks to‘a& nd predict the academic performance of the students.

Assessment system%&mploy data mining and machine learning techniques to predict
as

student pro g@

develop in the field of education.

Q

Within huge and complicated datasets, machine learning has demonstrated the ability to

d on educational data are now available because of recent

reliably predict the academic success of students. However, the curse of dimensionality,
where there are far more features than instances makes it difficult to create an appropriate

prediction model based on educational datasets.
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Feature selection, which aims to extract just the most relevant features and eliminate noisy,
unnecessary, and redundant features from the dataset, improves the ability to generalize
machine learning models.

2.2 Types of Machine Learning Algorithms

Large volumes of historical data are processed by machine learning algorithms so that
they can discern patterns in the data. *
Machine learning (ML) algorithms can be classified into two main categori@)ervised
learning algorithm and unsupervised learning algorithm. ’\Q/

2.2.1 Supervised Learning Algorithm 0

With the help of the labelled data, this algorithm builds a @ﬁnodel whose output is
either a continuous numerical value or a categorical 1@ If the output of the learning
model is a continuous numerical value, it is call%@sion; if it is a categorical label, it
is called a classifier. @%

The most commonly used super‘gia&achine learning algorithms are decision tree,
logistic regression, linear regres%{,c}n\d support vector machine.

2.2.2. Unsupervised Ma@earning Algorithm.

An unsupervised m Q learning method builds a learning model called a clustering
model by an .sévu labeled data. Clustering models are used to classify or categorise
the provid ata to predict or identify a group or cluster. The most commonly used
unﬁ@sed machine learning algorithms include the k-means clustering algorithm,

hierarchical clustering algorithm and apriori algorithm.
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2.3 Approaches to Supervised Machine Lea,/rning
2.3.1 Random Forest

Random forest is one of the most well-liked and effective ensemble techniques in machine
learning for regression and classification. Employing training data, random
forest fits a linear function between the observed response (y') and the prediction (y).
When there is a non-linear relationship between y and y', the linear mon%c not
perform well?. Predictions from several decision trees are averaged usingfa r. m forest.
Intuitively random forests average multiple huge trees to achieveé&accuracy. Large
trees typically have great variation and low bias. One can lesser$ariation by averaging
so that minimal bias and variance can be simultaneously; d using random forests.
Random forest accuracy has been shown to be cowve with several other supervised
machine learning methods>.
The majority of random forests are pa aB\QQ -free because they frequently employ the
N

to further improve random forest by parameter

default settings, and this makes it Qx_;ﬁi}t
tuning*. o
$

2.3.2 Gradient Bm@

Gradient boo@ ensemble learning method used for regression and classification
tasks. Itera@ly, it builds a group of weak learners, such as decision trees, with each new
mo@/@polving faults caused by the preceding models®. Gradient boosting's primary
objective is to minimize the residuals in order to optimize a loss function. Boosting
algorithms iteratively merge weak learners into a strong learner. Mathematically gradient
boosting can be expressed as the following; The goal of gradient boosting, given a training
dataset, D = (xj, yi)N, is to minimize the expected value of a given loss function, L(y, F(x)),

to obtain an approximation, F(X), of the function F* (x), which maps instances X to their
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output value y. Gradient boosting builds an additive approximation of F*(x) as a weighed
sum of functions.

Fin(X) = Fm-1 (X) + pmhm(x), Equation (2.1)

Where pm is the weight of the m™ function, hm(x). These functions are the models of the
ensemble (for example: decision trees). Some popular variants of gradient boosting

include XCGBoost (Extreme Gradient Boosting), Light GBM (light gradient B&Sﬁng

2.3.3 Decision Trees 6\

Machine), and Cat Boost.

A decision tree is a flexible machine learning approa@w ich builds hierarchical
structures to help with data-driven decision-making a@rediction. It is imperative to
comprehend the fundamental ideas and stru & decision trees to utilize them
efficiently in a variety of machine leamiqs’blications. Random Forest and Gradient

Boosting are two examples of ense.rrK echniques that can be used to improve decision

trees. (‘)\
o

These techniques reduce ov@tting and increase accuracy by combining the predictions
of several decision tr%%, C4.5, C5 and CART are examples of decision trees. The
basic structur(gaf%ﬁ cision tree consists of the following elements;

o Th@ot node refers to the whole dataset.

\/ ternal nodes serve as decisions or feature tests.
e Edge: An edge is a node that links nodes and shows the result of a test or decision
made at the parent node.
e The leaf node holds the final decision or prediction, which might be a numerical

value in the case of regression or a class label in the case of classification.
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e Features and thresholds are employed to determine the branching of the tree and
to divide the data into subgroups.

e Branching; branches link nodes and depict the route from a root node to a leaf
node, illuminating the series of choices taken in order to arrive at a conclusion or
prediction.

e Depth: This is the longest path from a tree's root node to its leaf node. *

R

(O

Several randomized decision trees (Extra Trees) are fitted on diffeé&lbsamples of the

2.3. 4 Extra Trees

dataset using the Extra Trees ensemble learning technique. @redicted accuracy is

enhanced and over-fitting is managed through the use o g.

Regression and classification applications can bo&lﬁlt from the use of additional trees.

It can be applied to enhance the adaptabili\;\ég model.

2.3.5 K-Nearest Neighbour \C)\

Q

K-Nearest Neighbour (K—@e instance based supervised lazy learning algorithms used
for classification an @ession tasks. The basic principle of K-NN is that a data point
with similar @é’ér tics is close to each other in feature space. K-NN works by first
choosin%élumber of the nearest neighbours. Second, distance metrics like Euclidean
Ma\ka/ and Minkowski distances are used to calculate the distance between each data
point and every other data point in the dataset. Thirdly, K-NN will determine which K
data points in the dataset are the closest to the other data points.

Lastly, in the case of classification, voting is the process of assigning the class label that is

most prevalent among the K-Nearest Neighbors to the target output; in the case of

regression, K-NN predicts the target value as the average of the K-Nearest Neighbors'
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target values K-NN is simple to use and comprehend. There is no need for a training phase,
this makes it computationally efficient.

2.3.6 Multilayer Perception

Multilayer Perception (MLP) is a type of neural network. It belongs to a family of deep
learning. MLPs are used for tasks such as classification and regression. MLP is a class of
feed-forward artificial neural network (ANN). An MLP consists of at least three b,&s: an

input layer, one or more hidden layers and output layers. Each layer contai ns that
are fully connected to the next layer. Each neuron applies a non-line cgﬁion function
such as ReLU, sigmoid or tanh, to the weighted sum of its in @activation function
can learn complex patterns in data. Data is passed throu@e network from the input
layer to the output layer. Through the use of backp@&ion methods, MLP learns by
computing the gradient of the loss function and@%ing the weights to decrease error.
MLPs work especially well in situations w@rge data can be divided linearly after being
transformed by hidden layers. ﬂ\@ are relatively easy to implement and can
approximate any continuous &éocﬁz but, they may have problems processing complex,

high dimensional data

2.3.7 Support Ve@achine

3

Support cgi>\/lachine (SVM) was developed by Vladimir Vapuik and Alexey
Cherv is in the 1960s, one of the most effective and reliable supervised machine
leah(g algorithms is support vector machines (SVM), which may be used for both
regression and classification problems®. The main idea behind SVM is to locate the best
hyperplane, or decision boundary, to divide the data points belonging to various classes in
the feature space, The training examples that influence the optimal hyperplane's position

and orientation are known as support vectors.
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To increase the generalisability of the SVM model, SVM maximizes the distance between
the hyperplane and the closest data points.

Application areas of SVM include classification tasks like text categorization, image
recognition and bioinformatics and regression tasks like Support Vector Regression (SVR)

and time series prediction.

2.3.8 Support Vector Regression é

Support Vector Regression (SVR) is the modification of the support e@ Machine
(SVM) for regression problems. Finding a function that roughly re % the relationship
between an input variable and a continuous target Varia$hile retaining good
generalizability to new data points is the main goal o vector regression (SVR).
SVR is better at handling outliers than traditional re@on techniques.
There are several variants of SVR and they iv@ Linear SVR, Polynomial SVR, RBF
(Radical Basis Function) SVR, Nu-SV %ilon—SVR, Laplacian SVR and Quadratic

N
SVR.

c_)\

S

2.3.9 Logistic Regression $

QQ

Logistic Regression\is a statistical technique used for binary classification. It makes
predictions a@ikelihood of a binary result (0 or 1) using one or more predictor
factors. gmoid function, a logistic function, is used in logistic regression to model
the\%lood that an input point falls into a specific class. To represent the relationship
between predictor variables and a binary result, logistics regression utilizes log odds.

2.3.10 Adaboost

Boosting is a method for improving the predicting ability of the learning system and

coordinating learning. Adaboost, which stands for Adaptive Boosting is a supervised
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machine learning algorithm. It is a method for improving the predicting ability of the
learning system. Adaboost creates a strong classifier by combining several weak
classifiers.

Every new model in the iterative process is built upon errors committed by the one before
it.

The process of Adaboost includes the following; *
e Start weighing every sample. ’\Q/
' O

Develop a poor classifier (such as decision Stump).

e Give the sample that was incorrectly classified §®Neights.

e Reduce the weights of the samples that W‘B

e Obtain a dataset

e (Calculate the classifier's error rate.

e Make weight updates

essfully classified.

e Determine the classifier's weight.

e Make classifier updates. \

e Repeat steps until the error 1‘%1\ alls within a specified criterium level.

e Generate the final mode \cj
. \@
Q‘Q

Naive Bayes is.a abilistic algorithm based on Bayes’ theorem used for classification

2.3.11 Naive Bayes

tasks. In t @Bayes algorithm, it is assumed that the features in each class label are
indepe@ of each other, this is advantageous because only a small amount of training
dat&wequired to estimate the parameters required for the classification. Naive Bayes is
robust to noise. Naive Bayes is easy to construct, interpret and exhibits high accuracy and

speed when applied to a large database.

Bayes’ theorem:
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P(B/ A)P(4)

P(A/B)= 5)

Equation (2.2)

Where,
P(A/B): the posterior probability

P(B/A): the likelihoods
P(B): predictor prior probability /\
2.4 Feature Selection %

Data from a variety of sources, including the Internet, ute, healthcare, and education,

P(A): prior probability

could contain thousands or even millions of attr'banbr each instance. These attributes
are known as features. Data used as input achine learning models to generate
predictions is called a feature. Some of theSe features are redundant and irrelevant to the
machine learning model. Irreleva : ,\tﬁs are features that are unrelated to the intended
outcome of the machine ol@g model. They lower the machine learning model's
performance and accs@%edundant features are features that are duplicated or whose
values are per e@nnected. It has been ,proven that having redundant features slows
down mac@ rning and lengthens computation times’.

The C%’Qf dimensionality indicates the presence of redundant and irrelevant features in
the}éset. Redundant features supply redundant information, while irrelevant features do
not provide any valuable information for the machine learning process®. A high-

dimensional dataset is one that has many more features than the dataset as a whole,

leading to a large number of dimensions’.
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The accuracy or performance of a machine learning algorithm does not only depend on the
machine learning model alone but also on the feature selection method!?.

The relevant features must be chosen in order to increase the accuracy of the machine
learning algorithms that are used to predict students' academic performance.
High-dimensional data and noisy elements that can affect the predicted outcomes are
common issues with educational datasets. Many characteristic include redun& and
unnecessary features, which slows down the performance of the machi earning

algorithm, complicates data interpretation, and produces inaccura{@ s. Feature
(

selection is frequently used to solve problems with noisy featur
%

large dimensional

datasets. The primary goal of the feature selection techniq aximize the subset of

relevant features and reduce redundancy while retaim@igh accuracy and preserving
crucial information. Feature selection is the tec k@f limiting the input variable to a
predictive model by eliminating noise and ysi st relevant data:

e Feature selection can optirzl' bnctive model several ways: prevent learning
from noise (over-fitting), ir@& ed accuracy, and reduce training times. A model's
ability to generali.ze @ssfully to unobserved cohorts depends on feature
selection. The go $eature selection is to produce a high-quality dataset with
which to train\%redictive model.

e The feat %lection technique is applied to obtain a feature subset to lower the
likelihgod of prediction errors Furthermore, in order to achieve high predictive

ccuracy, features that are very relevant are selected. Most feature selection

%ethods, however, yield feature selection solutions that, lie in the zone between

sub-optimal and nearly optimal. Throughout the search process, these searches are
conducted locally as opposed to globally.

e Feature selection is one method that is crucial to improving the efficiency of
machine learning algorithms. Feature selection is a method that helps reduce
dataset size by removing redundant and unnecessary features from the dataset,
which improves the performance of machine learning algorithms, accelerates the

learning process, and builds simpler models.
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2.5 Feature Extraction

Feature extraction is a process that entails converting high-dimensional data into a lower-
dimensional space, finding a new set of K dimensions that are combinations of the original
dimensions. The most popular and extensively utilized technique for extracting features is

D

2.6 Types of Feature Selection Method O

Principle Component Analysis.

One of the most important processes for assessing high dimensiona&gqfthe fields of
data mining and machine learning is feature selection. The goal ure selection is to
minimize information loss while choosing the best feator a minimum subset of
characteristics. Three primary categories of feature @tion techniques exist. These
consist of the filter, wrapper and the embeddgbethods. The three primary feature
categories are the basis for further techni ike the hybrid and ensemble methods.
The .ways in which these feature selev&techniques vary include their incorporation into
machine learning algorithms, a%gﬁ?\ent metrics, computational complexity, and capacity
to identify feature interact':@ld redundancies.

2.6.1 Filter Method

These methoé}® features based on statistical properties like correlation, mutual
informatj br significance tests. Feature ranking is the evaluation metric for feature
selétkig/in the filter method. The features are ranked based on their scores in various
statistical tests for their correlation with their class. The features that score above a certain
threshold are removed. The filter methods are independent or separated from the machine
learning algorithm. This makes filter method free from machine learning algorithm bias
which reduces over-fitting and can be generalized and not fine-tuned to any specific

machine learning algorithm and less computationally demanding and very suitable to high
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dimensional data. Filter methods can be grouped into univariate and multivariate.
Univariate methods include X? test, fisher’s exact test, information gain, Euclidean
distance, Pearson correlation, Mann-Whitney U test, and t-test) have attracted the most
attention in domains that work with high dimensional dataset because of their speed and
simplicity. Multivariate methods are more computationally heavy than univariate methods
so cannot be effectively scaled or suitable for very high dimensional data. Filter mgthod is
fast and usually the good approach when the number of feature is huge and-aw@ids over

fitting but sometimes it may fail to select best features.

/ Full set of features /

Select significant features using statistical
measure

/ Selected features /

ure 2.1: Filter feature selection method

Fig

(Source: Researcher, Adelodun F.O. 2024)

2.6.2 Wrapper Methods
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Wrapper method uses the performance of a chosen machine learning algorithm as the
evaluation metric to select the best feature subset. The wrapper method are dependent on
the machine learning algorithms for selection of the best performing set of features for the
chosen machine learning algorithm!!. Wrapper method haven been proven to have a
higher predictive performance than can be obtained in filter method!2. Wrapper methods
take into consideration of feature dependencies, interactions and redundancies duging the
selection of the best performing subsets while filter methods only take into Qerations
only of feature relevance. However, because of the high number of co p@ns required
to generate and evaluate feature subsets, wrapper methods ar @’-gvationally heavy
compared to filter and embedded methods. %

Wrapper methods are dependent on the machine learn@sed, so there is no guarantee
that the selected feature will remain optimum i aﬂ@m algorithm is used. Therefore, it
cannot be generalized to external dataset.,I §e prone to over-fitting Filter methods
produces a ranked list of features and Xr methods produces a best performing feature
subset as the output. Examples of@per methods includes forward selection, backward
elimination, and Recurswe'@re Elimination (RFE).

N
Q)
C

&%6
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Feature subset generation
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Subset Evaluation using Machine Learning
Algarithms Q

Stopping Criteria

/ Selected features /

Stop

Figure 2.2: Wrapper selection meth&
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%

2.6.3 Embedded Method Q;\(‘)
Embedded method combi .Qk qualities of both the filter and wrapper methods'3. These
methods perform fe tugelection as part of the model training process. The embedded
method is bu@gﬁchine learning algorithm. During the training stage, the machine
learning @ithm adjusts its internal parameter and determines the appropriate weights
giV%g{ each feature to produce the best accuracy. Examples of embedded methods
include decision trees, LASSO (Least Absolute Shrinkage and Selection), Elastic Net, and
Ridge Regression. Feature selection is optimized resulting in implied model performance,
but they are limited to specific machine learning algorithms hence hindering their

application across different models. They are computationally expensive. Advantages of

Embedded methods include taking into consideration the interaction of features, they are
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faster like filter methods, they are more accurate than filter method, they find the feature

subset for the algorithm being trained and they are less prone to over-fitting.

/ All features /

Machine learning algorithm training

Internal Optimization

/ selected features /

Figure 2.3: Embedded feature selection method

2.6.4 Emsemble Method

This\method involves combining different feature selection methods and applying them to
a dataset assuming that they will produce an output that is better than the output of a single
algorithm. An ensemble of multiple feature selections combines the strengths of different

methods while overcoming their weaknesses'*.
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Ensemble methods try to increase the prediction accuracy by combining the results from
multiple base classifiers. Random Forest is a class of ensemble methods that uses decision
trees as weak learners Gradient Boosting (GB) is an ensemble classifier!>. They are robust
and versatile. They combine different feature selection methods leveraging the strength of
each method to improve overperformance. They are applicable in different machine
learning algorithms and problem domains. Implementing the ensemble method can
increase complexity and computational cost. The results of the ensemble m Qmay be

difficult to interpret compared to those of individual methods and K% sensitive to

The hybrid method is a feature selection that inv. 1\;@% combination of different feature

parameter tuning.

2.6.5 Hybrid Method

selection approaches in order to take advanta e strengths of the component methods
for example, univariate ﬁlter-wrapp 1d methods incorporate a univariate filter
method as the first step to reduce ﬁ%ﬁmtl | feature set size thus limiting the search space
and computational load fopt@%sequent wrapper step. In this instance, the filter method
is used because of 1®1cny and speed. By contrast, the wrapper method is used

because it caE @s feature dependencies and allow interactions with the learning

algorlthm oducing better performance.

The\&lways a tradeoff between computational complexity and performance in feature
selection. In this context, hybrid methods can be considered as a ‘middle ground’ solution
between the simple filter method and the more computationally complex wrapper and
embedded methods, indeed many examples in the literature have shown that a hybrid
method tends to produce better performance than filter method while also being less

computationally expensive than a pure wrapper method. The hybrid of filter and wrapper
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feature selection techniques performs better than those based solely on filter or wrapper
techniques. The hybrid method is less computationally complex than those based on the
wrapper technique while preserving its relatively higher accuracy than the filter technique.
At present, no particular feature selection technique is superior to the others. Each
technique has advantages and disadvantages.

2.7 Feature Selection Statistics

A feature selection model can be selected based on the input and output Use the
Spearman's rank coefficient or the Pearson correlation coefficient if the and output
data are numerical. Use Kendall's rank coefficient and the ANOVe ation coefficient
if the input and output data are numerical and categorical, r ec'%ely, and apply the Chi-
squared test (contingency tables) and mutual informati Q input and output data are
categorical in characteristics. be

2.8 Students’ Academic Performanc gbc ion.

A prediction is an anticipation of.fgt\'xents. Identifying successful students is less
difficult than identifying student\gj\ could struggle. Academic performance refers to
how well student do in acRi¢wing their short and long terms educational goals which can
be measured through\%gs, test scores and their overall comprehension of academic
material. The 'r@@n of students' academic performance attempts to investigate data
that is hel@ to the student's learning process. Education institutions can profit from
acc@%dent performance prediction by enhancing the student learning process and
elevating the overall quality of their institutions. Machine learning models are often
employed to predict to inform educators and institutions about early interventions, and
personalized learning plans for improving students' future academic achievement.

2.9 E-Learning
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The postal learning approach, which Sir Isaac Pitman pioneered in 1840 and is regarded as
the first distance learning course, gave birth to e-learning!®.

Online classrooms are a sophisticated educational format known as e-learning.

The e-learning platform makes use of intelligent methods to gather important user data,
like how often students access the system, how accurately they answer questions, and how
many hours they spend reading and viewing tutorial videos. Massive Open Onhne ourses
(MOOCs) and Learning Management Systems (LMS) are examples earning
platforms. The educational system is not new to e-learning, during Q OVID-19
epidemic, it evolved into a useful supplement to traditional classr &d instruction!”.
2.10 Data Mining é

Data mining is the process of automatically extract@from raw data any relevant
information. Educational data mining is the te %%a mining techniques used in the
field of education. Within the field of co 1(Seience, data mining is a recognized field.
Late in the 1980s, data mining ha.d i >glnnings. It is a smaller procedure inside the
larger Knowledge Discovery in D@e (KDD) process.

Data cleansing, data integ'f@, data selection, data transformation, pattern evaluation,
and knowledge repre@tlon are additional sub-processes that are a component of the

KDD process{;@g Knowledge in Databases

o Kn@edge Discovery in Database (KDD) are presented in the following order;
@% cleaning: removing the unwanted data or noise in the datasets.
O\A)ata integration: combining multiple data sources.
e  Data selection: select related data to the task from the database
o Data transformation: converts the data into an appropriate form that will be easy to
be processed.
e  Data mining: a process such as regression, classification and association to extract

data patterns.
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e  Pattern evaluation: evaluate the output of the data mining process and identify the
interesting measures.

Knowledge representation: various techniques are used to present the mined or processed
data to the users who will in turn make use of the acquired knowledge to make better
decisions. The two major tasks of data mining are the predictive and descriptive tasks. The
predictive tasks include classification, prediction and time-series analysis, and the
descriptive tasks include association, clustering and summarization'®, Q*
2.11 Predictive Modeling Approaches O
Regression and classification are two predictive approaches in stitistics and machine
learning below is a short explanation of these approaches $

2.11.1 Regression O

Regression is a statistical method used for estimatingQQQationships among variables. It
focuses on predicting a continuous outcome va (the dependent variable) based on
one or more predictor variables (the ind%@ent variable). The key point to the note is
that the output variable in the regre‘s’q&n continuous, which means that it can take any
value within a range. Congn&@es of regression include linear regression, where the
relationship can be mo Qs\iplex. Regression is often used for forecasting, determining
the strength of Rrg&rs and trend analysis.

The evalu tio@trics of regression include Mean Square Error (MSE), Root Mean
Squared r (RMSE), Mean Absolute Error (MAE) etc. Examples of regression
alng include Linear Regression, Polynomial Regression, Ridge Regression, and
Lasso Regression.

2.11.2 Classification

Classification is categorizing or classifying an item into a predefined set of categories or
classes. It involves building a model that assigns new observations to one of the several

classes based on the features of the data.
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The output variable in classification is categorical, not numeric. It can be binary (for
example, yes/no, spam/not spam) or multi-class, for example, categories of disease.
Common machine learning algorithms used for classification include logistic regression,
decision trees, support vector machines and neural networks.

Classification is widely used in student academic prediction, email filtering (spam or not
spam) image recognition, medical diagnosis and more. Evaluation metrics &d in
classification include Accuracy, precision, recall, F; score, ROC curve, @nfusion
matrix. Q/

The main difference between regression and classification is t @ssion predicts a
continuous value while classification predicts a categorica@%Regression is used to
predict a value, whereas, classification is used to sepa@ata into classes and different

metrics are used to evaluate the performance gfr@ssion and classification models.

Classification problems can sometimes @e complex due to separating data into

distinct categories. \
S
2.12 Linear Regression ,&(—)
Q

N

Linear regression is a f\@;nental statistical technique used to model the relationship

between a depende@ble often denoted as y and one or more independent variables
often denotedias X, X2, ..., Xn. It assumes that there is a linear relationship between the

indepen riables and the dependent variable.
Q
Th%ic form of linear regression can be represented as:
y= ot X1+ 2X+..+ o Xgt Equation (2.3)
Where:

— yis the dependent variable (the variable we are trying to predict).
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- X, X2, ..., Xn are the independent variables (also called predictors or features)

— o 1s the intercept (the value of y when all independent variables are zero.

- 1, 2,..., n are the coefficients (also called slopes) that represent the change in
for a one-unit change in the corresponding independent variable, holding all other
variables constant.

— is the error term, representing the difference between the observed Val&Of y

and the value predicted by the model. OQ

Linear regression is a modelling technique proposed by Sir Franci‘a‘Qﬂton in 1894 to

predict the value of a dependent variable. It quantifies the@ ship between the

dependent variable and independent variables (predictg th correlation and linear

regression provide the opportunity to understand the@e dent variable and independent
variable relationship, while, correlation provid ’bquantitative way of measuring the
degree or strength of a relation beth\\Qwo variables, regression mathematically
describes this relationship. In coﬁ@ analysis, the correlation coefficient “r” is a
dimensionless.s number who&@ ranges from -1 to +1. A value towards -1 indicates a
.
negative relationship e@}a value towards +1 indicates a positive relationship. When
there is a norr.rlgl\"strl ution, the Pearson correlation is used but with non-normal
distributed da@ Spearson rank correlation is used. The coefficient of determination is
the portiﬁb§the total variation in the dependent variable that can be explained by the
V&I’M in the independent variable(s). When R? is +1, there exists a perfect linear
relationship between the dependent variable and independent variable, that is, 100 percent
of the variation in the dependent variable is explained by the variation in the independent
variable. When it is 0< R? < 1, there is a weaker linear relationship between the dependent

variable and independent variable, that is, some, but not all of the variations in the

dependent variable can be explained by the variation In the independent variable.
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The goal of linear regression is to estimate the coefficients (slopes and intercept) that
minimize the difference between the observed values of the dependent variable and the
values predicted by the model. This is typically done by minimizing the sum of the
squared differences between the observed and predicted values, a method known as

ordinary least squares (OLS) regression.

Once the coefficients are estimated, the linear regression model can be used%nake

predictions for new data by plugging in the values of the independent Vi{into the
equation. /\

Linear regression is widely used in various fields such as sc economics, finance,
biology, engineering, and social sciences for predicti asting, and understanding
the relationships between variables. However, it @assumptions, such as linearity,
independence of errors, constant variance of epﬁband normality of errors, which should
be checked before interpreting the results\Additionally, it may not perform well with

nonlinear relationships or when tl{% tliers in the data.
2.13 Ant Colony Optinfis%yzn
Ant Colony OpEimi%tion (ACO) is an approach to problem-solving that is inspired by the
foraying beha@f some ant species. These ants deposit pheromones on the ground to
mark so%@ourable path that should be followed by the other members of the colony.
ACB@?:;{Ioits a similar mechanism for solving optimization problems. Other ants perceive
the presence of pheromone and then follow paths where pheromone concentration is
higher. In ACO, several artificial ants build solutions to the considered optimization
problem at hand and exchange information on their quality via a communication scheme
that is reminiscent of the one adopted by real ants. ACO is a type of metaheuristic

algorithm. A metaheuristic is a set of algorithmic concepts that can be used to define
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heuristic methods applicable to a wide set of different problems. In other words, a
metaheuristic is a general purpose algorithmic framework that can be applied to different

optimization problems with relatively few modifications.

There are three main ACO algorithms, proposed Ant System (AS), MAX-MIN Ant
system and Ant Colony System. Traveling salesman problem is used to illustrate the ACO

algorithm; at each iteration, the pheromone value are updated by all the ants éh&have

built a solution in the iteration itself. The pheromone associated with tE @ joining

@

Equation (2.4)

cities i and j is updated as follows

z'l.j:(l p)r +k21AT Q

Where p is the pheromone evaporation rate, B’lbt% number of ants and p, is the

quality of pheromone laid on edge (i,)) by\a\\égch that

(% ) if @vels on edge (i, )
Atl = . AQ Equation (2.5)

Where Q 12 stant and Lk is the length of the tour constructions of a solution, ants

select %

mtyxﬁd as so far constructed the partial solution SP, the probability of going to city j is

owing city to be visited through a stochastic mechanism. When ant K is in

given by;

a B
Vi My

if 7, € N(S), Equation (2.6)

ij
ajleN(S”) 7} r],f

o otherwise

35



N(SP) is the set of feasible components, that is, edges (I, L), where L is a city not yet
visited by ant K and I represents the current city where ank K is located. The heuristic

function, 7, represents the heuristic value of moving from city i to city j which is given by

d .. Equation (2.7)*
Where dj is the distance or cost between cities i and j. OQ

2.14 Genetic Algorithm :’\

The Genetic Algorithm (GA) is an adaptive technique usﬁﬁn and solve complex
problems. GA is derived from natural selection and ge oncepts It utilizes selection,
crossover and mutation operators to effectively he search system strategy. It is a
valuable tool to find solutions for problem o i%z§mn GA is used to solve problems that
do not have a well-defined efﬁc1ent solution Th1s approach is used to solve optimization
problems such as scheduling, sh j modelling and simulation where randomness
function is used®. Evolut1 ally starts with a community of randomized individuals
and it is an 1nteract1ve‘®%s with the population being viewed as a method of generation
for each repro E@For every generation, the fitness of everyone in the population is
measured. When sufficiently fit individuals are probabilistically chosen from the existing
po ul@ and the gene is modified to create a new generation circle for all recombined
and potentially mutated at random. A newer generation of candidate strategies would be

utilized over the next generation of the process. The algorithm usually ends when either a

maximum number of generations or satisfaction has been generated.
The following steps are used to obtain fitness:
e Consider population, P randomly
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e Obtain the fitness of the population

e Repeated from the following steps until convergence.

e Choose any parent from the population individually.

e Generate a new population through the crossover process.

e Insert random genes in a new population to perform mutation.

e Obtain fitness for newly generated populations.

2.15 Related works *

To increase the effectiveness and classification accuracy of SVM, two ne ods were
proposed: feature selection-score (FS—Score) and DWPSO-SVM, _dn\enhanced particle

swarm optimization algorithm?!.To select the features, th ore approach was

employed, and the parameters were optimized using % mproved particle swarm

optimization model with dynamic adjustment of inertl@elght (DWPSO-SVM).

(e

S/ix machine learning classifier techniqu ’@ere used to extract a pattern from two
datasets obtained from moodle learr.li%&t rm to predict the performance of students in
programming class course?2. A bi\&»\ategorization (pass/fail) was used to grade the first
dataset and the second @raded in a three- level categorization ( fail, good and
excellent). The six m&@ learning classifiers were Logistic Regression, Naive Bayes,
Support Vect ‘@e, Random Forest, Neural Network and Decision Tree. To choose
the best fo@stmg features, the study uses every conceivable combination of the eleven
fea@ the two datasets, 24432 prediction models in total were analyzed. According
to the results, Random Forest produced the greatest results on three-level grade

categorization in terms of accuracy, precision, and recall, whereas Logistic Regression

produced the best results on binary datasets.

The findings demonstrated that there is no one optimal prediction model and that the same

classifiers on multiple features might produce very similar results. Limitation: all possible
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feature combinations were used to select features instead of using features which can be

computationally expensive and time-consuming.

A flexible predictive model was examined, in which a framework for predicting students'
academic achievement was built directly from raw data?’. Instead of using a feature
selection process. The framework bases feature selection on model interpretability. The
framework was tested with ANN and RF. Static features, dynamic features egory
features, and continuous features were the four categories into which t s were
divided. Course details and student demographics are among the tilccefements. The
student click streams on various VLE pages are dynamic elem@e student's greatest
level of education is the categorical feature. Students' clics on the course page are
continuous features. The framework included all fo§&\ent5. The forecast was based

on four forecast moments: the course's first quar@dterm, third quarter, and two weeks

prior to the last day of the course. @

The experiment's findings dem@ed the predictive models' excellent 81 percent

accuracy, 69 percent precisi& 57 percent recall.

Q

To examine the co&: 10n between e-learning behaviour and learning performance, the
t

Behaviour Cl(ss&

was devp&@i”. The Behaviour Classification based on the E-learning Performance

ion based on E-learning Performance (BCEP) prediction framework

(Bﬁil%prediction framework and the predictors in the traditional framework were
compared for prediction performance. The number of login platforms, the number of
participants in forum discussions, the homepage, page, subpage, glossary, resource, and
other behavioural data are among the input variables. @ The Process-Behavior
Classification (PBC) model serves as the foundation for the suggested BCEP prediction

framework. The four steps of the BCEP are feature fusion, data cleaning, behaviour
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catemgorization, and model training. Six machine learning techniques are included in the
proposed model (BCEP): SVC(R), SVC(L), Naive Bayes, K-NN(U), KNN(D), and
softmax. The accuracy rate, Fl-score, Kappa Coefficient, and prediction time were the

evaluation criteria.

The results of the experiments demonstrate that the BCEP prediction framework-based
learning performance predictor has a strong predictive impact and that the P odel

performs better in learning performance prediction than more conventioc/@s ifcation

techniques. /\

A predictive model was developed for predicting student perfor e by utilizing log data
from the Learning Management System (LMS)?. The as built using four machine
learning classifications: logistic regression, DT, EQ@SVM. When creating the model,

they adhered to the data mining procedﬁb‘ which included gathering datasets,

preprocessing data (cleaning and trans@ data), selecting features, classifying data,
obtaining training data, and eval{ﬁgg the model. A 10-fold cross-validation procedure
and the evaluation metricsw&%l, f-measure, accuracy, and precision were used to test
the models. The studyu % dataset that was taken from the publicly accessible Kaggle
website. Acad N\&formance data and student engagement data were the two files that

made up the,datd. The desired numerical data was converted into the nominal form using

the di ation approach.

The study analyzed student data using statistical methods and machine learning algorithms.
According to the results, RF is the best method for dividing student performance into three

categories: high, medium, and low.

A thorough review of student academic performance prediction was carried out to

determine the different Deep learning techniques for predicting student academic
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performance using precise modelling and parameter measurements developed on reputable
and publically accessible data sets?®. Artificial Neural Network (ANN), Recurrent Neural
Network (RNN), Convolutional. Neural Network (CNN), Multi-Layer Feed Forward
Neural Network (MFFNN), and Long Short-Term Memory (LSTM) are among the deep
neural networks that were taken into consideration in the study. Additionally, they
provided a novel framework for the prediction task based on an enhanced (LSTM
algorithm. Adam and Nadam's algorithms are proposed as improvements involve
optimization to enhance learning and improve performance. A multi-layered neural

network is trained by backpropagation to acquire the correct inte @r sentation, which
§e

enables it to learn any random input-to-output mappi investigation and
examination of research articles published in a number utable publications has led to
the conclusion that either ANN or DNN is the st@:tive neural network design when

it comes to predicting student performance is the deep neural network technique

that is used the least. \
Q

In an attempt to predict studen@ecr)formance in one of the undergraduate data structure
N
courses at a large pu 'e@barch institute early in the course, a predictive model for
student performanﬁ%e classrooms using student interaction with e-textbooks was
conducted?’. Qv;)\\’data mining techniques were used to achieve this goal. Regression
analysis tilized to predict the exam's final grade, and a classification method was
emp\q;ed to predict each student's performance, either good or bad. Support vector
machines, Random Forest Classifier, Decision trees, K-Nearest Neighbor, and Logistic
Regression were among the algorithms used for classification. Based on the confusion
matrix, four distinct measures were used to evaluate the quality of the classification
algorithm: accuracy, precision, recall, and F-measure. Random Forest Regression and

Multiple Linear Regression were used for the Regression analysis. The quality of the
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regression methods was evaluated using three distinct metrics: coefficient of
determination (R?), mean absolute percentage error, and root mean squared error (RMSE).
The study employed the coefficient feature selection approach to identify the most crucial
features for model construction.PE-total-time, PE-total attempts, PE-reset, PE-model, PE-

exercise, and SS-total-time are some of the input variables.

The study's independent variable is the attribute "etest,”" and its predictors are ﬁ\other
features. For this set of data, the Random Forest classifier yielded @ overall
classification result with an accuracy of 91.7%, and the Rando&orest regression

produced the best regression analysis with an R? of 0.977. %0

In a four-year computer technology program, a predicti Qel (CPM) was presented 8.

score average and second and third year grade Randon Forest technique was used on

This model would provide students a predic:}ﬁ& PA based on their high school

the dataset. Five hundred and twentyszfive datasets in total were employed for the

investigation. The dataset was spl'ﬁ;\a}[r ining and testing subsets of seventy and thirty,

respectively. To assess the-gg{y of the model, the values were compared between the

predictions and the res@%Using eighty-two records, CPM was able to predict the final

CGPA after t C{Q' d and third years with an accuracy of 88.68 percent and 92.36
®

percent, re@

repetité.a‘he second and third years experienced an increase in accuracy to 91.32

ely. One hundred and five recordings were used for the experiment's

percent and 92.87 percent, respectively. The RF classification would improve with a larger

dataset.

A model based on machine learning was presented to predict the final exam grades of
undergraduate students?®. Midterm test grades were used as primary data. The input

variable is data-driven. Three parameters are used in the data-driven input variables:
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departmental data, faculty data, and midterm test grades. The machine learning algorithms
comprised the following: K-NN, LR, NN, SVM, RF, and NB. The prediction's outcome
revealed a minimum accuracy of 69.9 percent for K-NN and a maximum accuracy

between 70.75 percent and 74.6 percent for RF and NN respectively.

Dwarf Mongoose Optimization (DMO) and Quatum-Based Optimization (QBO) were
combined to create a feature selection framework named DMOAQ, which be from
both DMO and QBO's advantages*’. To get beyond the search restrictions -Based
Optimization was used as a local search of the DMO, modifying thé%{rformance of the
conventional Dwarf Mongoose Optimization. The well-knm@@hmarks and high-
dimensional datasets, including traditional DMO, were @i to test the study. The

evaluation's findings demonstrated that DMOAQ fz@u;erformed the original DMO's
search capacity. gb
For feature selection applications, E 5&,

optimization algorithm,was des@. o balance the exploitation and exploration

a modified version of the grasshopper

mechanisms, the Grasshop&%ptimization Algorithm (GOA) was utilized with a

Gaussian strategy andie Qpposition-based learning to boast its local and global search

mechanisms. }@f enhanced technique, EGOA, was tested using various numerical
utper

functions, B formed the original GOA.

Paﬁ&ositions and velocities are updated for each iteration of an efficient feature
selection approach based on a multi-objective PSO algorithm using feature ranks and
particle rankings3?. The performance of the enhanced PSO approach was evaluated using

sixteen datasets; it outperformed eleven existing methods by a significant margin.
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The Salp Swarm Algorithm (SSA) was used as a feature selection technique to improve
the diagnosis of glaucoma®’. When SSA was used with the Kernel-Extreme Learning

Machine (KELM) classifier, the accuracy of the classification was much increased.

During the COVID-19 epidemic, an e-learning classification model was developed to
determine the most relevant student attributes for prediction and to predict students'
performance based on their satisfaction with e-learning**. The model was constru using
machine learning classification models such as Decision Tree, Random Tr: e@ ¢ Bayes,
Random Forest, RepTree, Bagging, and K-Nearest Neighbor. Thi@g(eatures were
present in the total dataset of one thousand. Employing all.thi ive features in the
dataset, and then applying ten most significant features, th@y‘s findings indicated that

the prediction accuracy increased only when the C{ ;ost significant features were

employed. ’b
d ??

To build an e-learning environment m e&or a course, learners' e-learning experiences
were reviewed, and log data from ﬁ%siractions with learning activities was collected™.
Interactions between studen& other students, with materials, and with assessment
activities were all ind@ he student information system was used to extract the data
from the cour c\\@‘ration forms and import it into the e-learning platform. For six
weeks, or a'semester, the students utilized the online learning platform, and the interaction
logs o@e activities were kept track of. These log data serve as both the study's data

source and a representation of the student's online learning experiences.

Confirmatory Factor Analysis (CFA) was employed to determine whether e-learners'
experiences and system components are related. Assessment, hypertext, video, content
package, and instructional discussion (forum) were the components of the system. A total

of sixty-two students made up the study's dataset. The CFA analysis's findings indicated
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that there was a significant, moderately positive relationship between e-learning

experiences and system components, with instructional discussions ranking highest and

the content package ranking lowest. Discussion forums and the e-assessment component

were also significant elements of e-learning.

A variety of publications on feature selection techniques were investigated for machine

learning-based disease risk prediction employing high-dimensional patient genetig data®.
™

The study reviewed feature selection techniques such as the filter, wrapp Q ded,

and hybrid approaches. ’\< )
The result of the review showed that there is no optimal featur; on. They conclude

that while the filter method's speed and ease of use @ it appropriate for high
dimensions, it is only effective at identifying relev%&res and is unable to remove
redundant ones. They disregard feature intera%‘rb, which may result in the loss of
important information. The wrapper appm@lfgldles redundant features and interactions
to make up for the filter's shortcomings;~but it comes at a significant computational cost
because of the large dimension@&% the dataset. Given that the wrapper technique is not
preferred for forecast%@\%ness risk in the patient's genetic high-dimensional data, they

concluded that hybri ture selection is a "middle ground." Several feature selection

techniques ar@blned in a hybrid feature selection method to select features. Consider
a hybri ~wrapper approach. The filter technique handles the reduction of features,

ancﬁ&rapper approach processes the reduced data to provide a minimal feature subset

that maximizes machine learning algorithm performance and has a possibility of accuracy.

Several researchers have used both supervised (classification) and unsupervised
(clustering and association rule mining) educational data mining techniques to predict

students' academic performance 3.
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To forecast students' academic achievement, a deep neural network model was

introduced 3%. This is the first time a deep neural network has been used to mine

educational data and forecast student achievement.

The accuracy of the suggested model was 84.3%. Early intervention is made possible by

the model's ability to forecast academic success and identify pupils who are more likely to

fail. *
X

A hybrid feature selection method named RnkHEU is designed to improv accuracy of
predicting students’ academic performance®®. The hybrid ap creates candidate
feature sets for heuristic approaches using a combination o@%&ch and Naive Bayes
classifier. Heuristic search begins with the randomly ged feature subsets, which may

produce inconsistent feature selection outcomes. ’bQ

The ultimate result of feature selection u@ained by performing a heuristic search on

the candidate set after employing ragkss€arch to produce subsets of ranking features and

choosing the subset with the h'@a&classiﬁer accuracy as the candidate set.

The dataset size that v@%ployed, which came from eight separate student data sources,
ranges from one red and thirty-one to five thousand, eight hundred and twenty.

Thirteen th%sg(, eight hundred and sixty-three is the entire dataset that was used.

O

La%gﬁ challenging datasets were handled by combining three well-known feature
selection techniques®. By removing uncorrelated and inconsistent input values, the
classifier's performance was improved by the use of three feature selection techniques:
dominance-based rough set approach (DRSA), best first search (BFS), and correlation-
based feature selection (CFS). The computational time complexity was another goal of the

investigation. Pre-processing data, data reduction, feature selection, and data analysis
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comprise the four stages of the methodology. The data cleaning step of pre-processing
data involves structuring the data using randomization and normalization to create a
uniform and objective dataset. A correlated features dataset is the result of applying CFS
BFS to the standardized dataset during the data reduction step. The data reduction stage
speeds up processing and conserves memory. Before the start of the data reduction process.
A lot of subgroups would be formed if there were more than ten thousand occ&nces.
The CFS-BFS approach will then be applied to these subgroups in the sa ner for
reduction. The dataset's most optimal features are chosen during the d ta@tion phase.
Using SVM, decision analysis is conducted during the optimal a sis phase. Next,
the model's computational time and accuracy are assessed. @ M, and Deep Learning
(DL) are the classifiers that were evaluated. According @ results, NN had an accuracy

rate of 82.1 percent, SVM 66.5 percent, and Dl@%rcent. The model's building time
1

using the chosen approach and the model's, t me on the testing dataset were used to

N

calculate computational time. The ou demonstrates that NN using the multilayer
perception method was better s@or handling large datasets since it completed the

analysis with less computatfi ime and a high accuracy rate.

N

Q
On two real-life e%ﬁn heterogeneous datasets, the effectiveness of the most popular
machine learning ¢lassification models created by applying DT, NB, SVM, RF, and ANN
were ¢ ed*. Predicting students' performance based on social, demographic,
ps;%\on/gical, and family aspects served as the foundation for the comparison. One
thousand and forty-four Portuguese datasets and four hundred and eighty xAPL datasets
made up the two datasets. Due to the variability of the study's features, the two datasets'
vastly different sizes, and how balanced or unbalanced datasets affected the models'

performance, a comparison examination of the models proved challenging. Portuguese

took into account factors like age and extracurricular activities, while XAPL took into
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account factors like class percentage, announcements watched, discussion involvement,

and satisfaction.

A hybrid machine learning framework consisting of three ensemble approaches and eight
single machine learning classification algorithms was suggested to find the best predictive
model for predicting students at risk*>. To choose the best features from the dataset
relevant to students' performance, filter-based and wrapper-based feature s%ction
strategies were employed. For the filter-based approach, the framework e @Q@he CFS
subset Eval algorithm, and for the wrapper-based method, it used the &lsﬁé subset Eval
algorithm. Comparing the experiment's outcome to the single tion algorithms, it

was evident that all of the ensemble approaches emplo were more accurate. The

majority of the algorithms performed better when t@c bined approach of the filter-
based and wrapper-based methods was used t(&@:t the best features. In total, 486

datasets were utilized in the investigatio\\\@e models' performance will be optimized

using a larger dataset. F-measure an cuxacy were the evaluation metrics.
g g C) y

A three-phase hybrid featur&gdtion technique was created* to lower the computational

cost by employing an*@%ed integer PSO and correlation-guided clustering.

For high-din@gsn’\'al datasets, a variable-size cooperative convolutional PSO was

introduc broke down a high-dimensional feature selection problem into several low-

dim\&faal, computationally efficient sub-problems.

To increase the accuracy in predicting student academic performance, a genetic algorithm-
based feature selection (GAFS) and four single classifiers (DT, NB, K-NN, and
RF) classification framework were proposed®. The two stages of the system were feature
selection and modelling. The experiment was run in two phases: single classifiers using

feature selection techniques (GAFS) to decrease the dataset's dimensions and single
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classifiers without GAFS using all features for classification. The study made use of 480
datasets from the Kaggle database. The classifiers' accuracy was assessed using four
assessment metrics: F-measure, Precision, Recall, and Accuracy. The dataset was
subjected to ten-fold cross-validation to speed up computation while maintaining accuracy.
The outcome of the experiment showed that the use of GAFS with classifiers outperforms
the use of classifiers with all features. RF is the most effective classifier. RF &hieved

82.29 percent accuracy with GAFS. RF's accuracy was 79.79 percent withou@s.

Six ensemble classifiers, including DT, Artificial Neural Network , RF, Voting,
Bagging, and Boosting, were used in two experiments to four hundred and
eighty student performance data sets that included sixtee@atures that were obtained
from the Kaggle repository*. The three prima%&gories of the dataset were
demographic, academic, and behavioral. Traini&l testing data were validated using
ten-fold cross-validation. The six metrics@vere utilized to assess the performance of
the six classifiers were Geometric (G-mean), True Negative Rate (TNR), True
Positive Rate (TPR), F1-Score %&ision, and Area under the curve (AUC). The confusion
.
matrix served as the ba 's@*salculating the evaluation measures. The dataset containing
all sixteen features xgnj ected to the six ensemble classifiers in the initial experiments,
and the six cl s:\r's' performances were compared. The outcome demonstrated that RF
outperfo he other classifiers. In the subsequent experiment, GA was used for feature
sele}sipn, and the algorithms were re-executed using tenfold cross-validation and
evaluation with evaluation metrics. RF outperformed all classifiers and improved top

performances were seen in all classifiers.

Using machine learning algorithms*’, two predictive models were created to measure how

learners' behaviours could affect their learning attainment in Massive Open Online
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Courses (MOOCs). These models were students' evaluation grades and final students'
performance models. Student performance on previous assessments of their interpersonal
behaviour is taken into account for the first experiment. Feature selection is taken into
account solely in the initial trial. The session homepage, sum-click forming, session
resource, sum-click subpage, session quiz, sum-click quiz, and score evaluations were
among the behavioural characteristics employed in the first experiment. In the second set
of studies, only temporal features, demographic features, and behaviour ects are
utilized as input variables to calculate final exam marks. The previous as%gnent’s grade
was not considered. Regression analysis and machine learning moincluding Random
Forest (RF) and Multi-layer perception (MLP) with two hi §ers, were used for both
experiments. The Generalized Linear Model, Gradien@osting Machine (GBM), and
Single Hidden Layer Neural Networks (Nnet) rf@. R-squared (R?) and Root Mean
Square Error (RMSE) were the metrics %Qn regression analysis. The discrepancy

between the expected and actual obsegv\'k is measured by RMSE.

The predictive models perf@%?er, as evidenced by the lowest RMSE value. The
outcome demonstrate%@lﬁ with a score of 8.131 for the student evaluation grade

model, obtained th*w st RSME. With an average value of 0.086, GBM produced the

best accuracy@ns of final students' performance.

A set @rg.lidelines was developed using the Apriori Association Rule Algorithm to
investigate the relationship between academic performance and student involvement*®. In
a mixed learning environment, the relationship between student's academic achievement
and their degree of involvement was demonstrated using confidence and lift indicators.
Nine engagement metrics were used, including time-related and student grades that were

commonly associated. Other engagement indicators, including emotions, and variables
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like age and gender that may have an impact on student involvement were not taken into

account.

By employing data mining techniques on datasets gathered from the Learning
Management System (LMS) and other systems inside the educational institution, a
framework for predicting student performance was proposed*. Three predicted output
factors were the student's academic profile, the analysis and prediction of emic

performance, and the strategy planning based on reports and results. : O

Expectation Maximization (EM) clustering technique, non-hierarcl@&xstering method,
and hierarchical clustering approach were recommended to_be ied to the dataset to
identify the student profile. To predict students' academi ss. Data mining techniques
like K-means clustering and hierarchical clusterin {g}rithms were recommended to be
applied to the datasets gathered from LMS ( ), student record systems, and student
information systems (SIS) to predict s&%@ academic success. It was recommended to
apply data mining techniques i@ng association, classification, and clustering for

strategy development and deciig( making.

To select features fﬁ?hine learning algorithms like RF, CART, CHAID, ANN, and

SVM to predi<t P?XS?

rticle Velocity (PPV), feature selection methods were used™.

Two C@% datasets were classified using several algorithms including Bayes Network,
NB,\QM, MLP, KNN, DT, and RF°!. The features in the two breast cancer datasets,
BCDWI11 and WBCD32, varied in terms of quantity and type. Whereas WBCD32 had
thirty-two features and five hundred and sixty-nine instances, BCDW11 had eleven
features and six hundred and ninety-nine instances. Upon applying classification methods

to these datasets, the Bayesian Network outperformed other classifiers, yielding the best
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accuracy of 97.13 percent for BCDW11 with fewer featured data. For WBCD32 datasets

with more featured data, SVM provided the best accuracy of 97.89 percent.

A predictive model was created in a study>? to predict, early in the semester, the final
grades of students registered in introductory courses. The researchers used WEKA

software to test eleven machine learning algorithms in order to compare their effectiveness.

The correlation between first-year students' Grade Pant Average (GPA Q%ssim
University in Saudi Arabia and a range of personal and academic charactetisti¢s; including
parents' educational attainment, the amount of time they spend or@Xhones, and their
level of academic achievement®®. Six machine learning techniques were used to measure
the admission test. The six algorithms include Neura@Qﬂ(, K-Nearest Neighbour,

association rule to check if some rules demo ed the existence of direct relationship

Decision Trees, Random Forest, AdaBoost and E@er Perception. They also applied

between personal and educational facto a§ students’ performance. Accuracy was used

to measure each of the six algorit@er rmance.
N

To enhance the multiple @essmn model through feature selection, the performance of
the model construc% g an academic performance dataset from the Kaggle repository
s

[ ]
was examine4 ar?\xé

CGPA apsmng the features taken into consideration. Backward elimination and other

essed>*. GRE, SCORE, Tofel Score, University rating, SOP, and

feaﬁ@ clection techniques were used to build the model with multiple features by
determining the statistical relationship between the features. The optimized model is then
tested with a variety of machine learning classifiers, including Logistic Regression, K-NN,
Kernel SVM, Naive Bayes, Decision tree, and Random Forest. Classifier efficiency is
evaluated using metrics including precision, recall, F-score, and accuracy. Without using

backward elimination, RF produced the best accuracy of 0.91 and followed by accuracy of
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0.74 for Kernel SVM and followed by NB with the accuracy of 0.70. The Kernel SVM
achieved the best accuracy of 0.89 with backward elimination, followed by RF (0.88) and

NB (0.80).

Using cut-point and feature discretization, PSO was able to search a wider range of gene

expression datasets and selected fewer featumres while maintaining similar classification

accuracy>. *

The Open University (OU) in the United Kingdom>® used student da a social
science course to test six different types of machine learning cl@’\es, including DT,
J48, JRIP, Gradient-Boosted Tree (GBT), Classification aai @ssion Trees (CART),

and Naive Bayes Classifier (NBC), to predict low st

system. Three categories of data make up the s u@ata: learning behaviour (the total

gagement in an e-learning

number of clicks on VLE activities throu ho first course assignment), performance
(final results and assessment scores), a ographic (highest education level). Data plus,
forming, glossary, oucolloborate ﬁgooitnt resources, subpage, homepage, and URL
were among the VLE actlwtlei%(e study's entire dataset, which came from the July 2013
session, numbered tha@%dred and eighty-four. Based on a significant level of 0.05,

statistical ana @’h as Spearman's correlation using SPSS are used to determine the
effect of gata on student engagement. The analysis's findings demonstrated a
substa@correlatlon between the dependent variable (the total number of clicks on the
VLE activity) and the assessment's final outcomes and ratings. As a result, the highest

education level was left out, and the final outcomes, assessment score, and total clicks on

VLE activities were used to determine how engaged the students were.
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The result of the application of the machine learning models on the remaining data
showed that J48, GBT, DT and JRIP performed better than the other models in terms of

Accuracy, Kappa value and Recall.

Decision Tree was also built using a decision tree classifier on VLE activities. The result
showed that students' clicks on the homepage, foruming, oucontent and subpage were the
most important predictors of student engagement in the VLE course because the atures
appeared most frequently in the classification model. Lastly, using the study’ gsasa
basis, they created an engagement prediction system. The VLE poﬂsource data, the
best Machine Learning classifiers (J48, DT, JRIP, and GBT) fi selection, and the
Instructor Dashboard made up the engagement predicti@ystem. An instructor can
provide low-engagement students with intewenti%&mmendations by using the
Instructor Dashboard, a computer program t nalyzes and provides useful data
regarding student participation in VLWlties. The source data is the student's
interaction with the VLE system to f@ course assessment, which is documented in the

log file. The student database c@'ms the student performance data.

To optimize logistic @Qi\on (classifier) accuracy, a comparison of filter and wrapper
feature selecti s(Qg;‘uiques was carried out’’. Based on the classification accuracy,
Bayesian @Qaﬁon Criteria (BIC), Akaike Information Criteria (AIC), Area Under
Recei\%%perator Curve (AUC), sensitivity, and specificity of logistic regression
(classifier), various feature selection techniques were evaluated. Data generation for
continuous features and a single binary dependent variable for various sample sizes are
part of the simulation study. Information gain and correlation-based feature selection
techniques were employed as filter techniques, and sequential forward and sequential

backward elimination techniques were employed as wrapper techniques. Three genuine
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datasets—Pima Indian Diabetes, Breast Cancer Wisconsin, and Spam—were subjected to
these feature selection techniques. The simulation study's findings demonstrated how the
kind of features affect the feature selection process. There were only continuous features
in the three genuine datasets. When evaluating the effectiveness of various approaches, it

was found that wrapper methods perform better for choosing accurate continuous features

than filter methods. *

Big data techniques are used to predict every student's performance a 1" classes
to identify the high-risk individuals who could drop out, perform be& expectations, or
fail a course®®. To test simple classifiers like Decision Tr Linear SVM and
sophisticated classifiers like RF and Gradient Boosting @features were taken from
past grade data. Since RF required less training time Qgh comparable performance to
GB, they were chosen. The classifiers were asse@%ing five-fold cross-validation. Four
partitions were utilized to train the classiﬂ'@nd one partition was used for testing using
evaluation measures such as precis%%call, F1 score, ROC, and AUC for each fold.
Based on the F1 score and A@c‘t%e experiment's results indicate that GB is the top
.
classifier, closely follo e@s the RF classifier. DT performs the worst. The students at
risk were substantially “imbalanced, with a much lower F1 score, whereas the A-
students were@tly accurately predicted. The original dataset, which spans more than
thirteen , was acquired from the University of Minnesota; however, the total number
of Mts was not disclosed. The learning management system's features have been used

to estimate the results as fail, pass, good, and exceptional.

To provide a qualitative assessment of the student's performance, binary classification
was used. Feature selection technique based on a basic Particle Swarm Optimization was

applied to decrease the search space and increase search effectiveness™.
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2.16 The Summary of Gaps

The e-learning classification model developed to determine the most relevant student
attributes for prediction and to predict students' performance based on their satisfaction
with e-learning, the reviewed literature of the study revealed that there was a gap in using
all features totally thirty-five (35) in the dataset. Better prediction accuracy was achieved
only when the ten most significant features were applied in the dataset ccg&ed to

application of all the thirty- five. features of the dataset. : O

With a total dataset of 62, confirmatory Factor Analysis (@\vas to find the

relationship between e-learners' experiences of learners d%m components. The
eneralized.

limitation of the study was the size of the dataset, so ca

The use of two heterogeneous datasets that werﬁalanced affected the performance of

the models built by the application of @: SVM, RF and ANN. The use of the

unbalanced datasets was the gap. -@

A proposed framework for@cting student performance by applying data mining
techniques on a datas@ mining techniques like K-means clustering and hierarchical
clustering algorit ere recommended to be applied to the datasets gathered from LMS
(Moodle), tugsd\record systems, and student information systems (SIS) to predict

studen%bﬂdemic success. But the gap here is that the study is yet to be implemented or

C&I’QOUL

The model based on machine learning to predict the final exam grades of undergraduate
students was data driven utilising only three parameters- faculty data, departmental data
and midterm exam grades. This study can be improved by including other parameters such

as demographic variables and other machine learning algorithms to the modelling process.

55



The study of a predictive model for student performance in classrooms can be broadened
to incorporate additional distinguishing features to acquire more accurate data that can be
utilized to improve student learning outcomes. Various data mining techniques such as

clustering and association can be used to compare and analyze them.

The correlation between first-year students' Grade Pant Average (GPA) at Qassim

University in Saudi Arabia and a range of personal and academic characteri was

evaluated by accuracy only to measure model performance, but accurac an give
wil

misleading results. Accuracy and F-measures to evaluate performafige give better

results. The primary study focus was parental education an | traits, which are

insufficient to influence academic performance. Q
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Chapter Three
Methodology
3.1 Research Approach
The research approach for this study is introduced in this chapter. It explains the research
methodology and design that were employed in this investigation. The study describes the
locations and different techniques for gathering data, in addition to the system arc&cture

and experimental configuration.

The purpose of this study is to investigate the impact of feature sele€ti (‘échnlques on
the accuracy and effectiveness of student performance predicti machme learning
models. It is expected that feature selection will play a c@ role in improving model
performance by identifying and utilizing the most r and correlated features from
educational datasets. To achieve this aim, dlé&t feature selection methods were
evaluated to know how they can influe @’Gpredlctlon accuracy of machine learning
models and to understand how us X&ey can be for educational purposes. Student
performance prediction's corr%g nature often originates from datasets with high

dimensionality deman %Qz&p isticated feature selection strategy. This study offers a

unique model and 0 ation technique, named PF-PSO comprised of a combination of
three existing ea e selectlon techniques such as Principal Component Analysis (PCA),
Forward@re Selection (FOR) and Particle Swarm Optimization (PSO) that is used to
en}ﬁgc; the feature selection process and for lowering model complexity and
strengthening the models’ capacity to predict student success. The proposed PF-PSO
model addresses this challenge by combining dimensionality reduction, iterative feature
evaluation, and metaheuristic optimization. This hybrid approach aims to pinpoint the

most predictive features, potentially enhancing model performance and offering a deeper

understanding of student outcomes. The PSO algorithm optimises the feature selection by
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updating particle positions and velocities, evaluating fitness, and updating personal best
and global best positions. The final selected features are based on the global best position
achieved by the PSO algorithm, by concentrating on the most pertinent features. Forward
Selection is a useful and simple feature selection technique that can enhance model
performance and lessen overfitting. To prevent overfitting, it might not take feature
interactions into account and necessitate carefully adjusting the stopping crite& We
combined all of these treatments' advantages with PF-PSO's limitations and @ out the

cornerstone of our work by combining the power of PCA, FOR and P§<< )

In approaching this study, we thought about all possible combi Qs and the order of
such combinations. We considered several ways to c@ne Principal Component

Analysis (PCA), Forward Selection Method (FOR@Paﬂicle Swarm Optimization

(PSO). )
O

Firstly, we could do PCA -> FOR -> P @is approach will reduce the dimensionality
of the data by first using PCA, mal@_ﬁ;‘St sier for FOR to select a smaller set of relevant
features. Then, PSO is used Q%lrther refine the feature selection. This method can be
computationally efﬁc%Q PCA reduces the search space for FOR and PSO. It also
helps remove noi\@rrelevant features early in the process.
C

Secondly, %could discard FOR and do PCA -> PSO. Similar to the first option, we
co%%’[ with PCA for dimensionality reduction and then apply PSO directly to the
reduced feature set, potentially leading to a different selection of features compared to
FOR. While this approach avoids the computational overhead of FOR, it might be less

effective at selecting features if the initial PCA does not capture all the relevant

information.
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Thirdly, we considered FOR -> PCA -> PSO. In this approach, we use FOR on the
original features to get a subset. Then, PCA is applied to this subset, and PSO is used to
further refine the selection from the principal components. While this method prioritizes
the iterative selection of features with high predictive power by FOR before applying

dimensionality reduction, it would be more computationally intensive.

Lastly, we considered PSO -> FOR. In this case, we started with PSO to find an @&ﬂ set
of features, and then we use FOR to further refine the selection. This appr: @) ioritizes
exploring a wide range of feature combinations using PSO before %gfon the most
relevant features with FOR. However, it would be computati expensive if the
original dataset is large. We decided to choose the first (@1 (PCA -> FOR -> PSO)
because of its efficiency. PCA significantly redu@@ dimensionality of the data,

potentially making FOR and PSO more efﬁcie&s is crucial since our dataset has a

large number of features. ®%

We can expect significant noise re .g(\loh ince PCA helps to remove noise and irrelevant
features, ensuring that subse%%%eature selection techniques (FOR and PSO) focus on
the most relevant fea%w\e believe this approach offers a balanced strategy between
exploration and @itation. PCA does a broad exploration, FOR does a systematic
selection a Qmore directed method for exploring feature space and locating features

that er%bc model performance and PSO does a fine-grained optimization by exploiting

sevé(possible bests.

However, we recognise that we need to carefully consider the number of components to
retain in PCA to ensure we are not losing too much information. Also, we need to choose

an appropriate number of features to select in FOR.
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By combining these techniques, we achieved a more comprehensive feature selection
process and improved our model's performance. However, we anticipated that the benefits
and synergies would greatly exceed the drawbacks, providing a net positive outcome
generally superior to other approaches. For example, PSO is known to be a
computationally expensive method and often requires a limited search space to save
computing time and expenses. Nonetheless, we are positive that the search area @sible
to the final PSO phase is not only appropriately reduced but also a very go Qd nearly
optimal space, given that it was preceded by the potent approaches ,of\PCA and FOR.
Additionally, it facilitates the optimization of hyperparameters li Xitive, and social
factors, inertia weight, and swarm size. However, by identi '&ubset of fundamental

contributing features, the ensuing Forward Selection pres could help recover clarity,

though PCA alone might bbe
O
N

requires a limited search space to i?;\%b puting time and expenses. Nonetheless, we are
positive that the search arga @sible to the final PSO phase is not only appropriately
reduced but also a V&@ and nearly optimal space, given that it was preceded by the
potent approacheﬁPCA and FOR. Additionally, it facilitates the optimization of
hyperparax&(s-}ke cognitive, and social factors, inertia weight, and swarm size.
Howe@’,by identifying a subset of fundamental contributing features, the ensuing
ForM Selection processes could help recover clarity, though PCA alone might at times
diminish direct interpretability. On the other hand, we acknowledge that overfitting, a
situation in which the model's ability to generalize to new data is compromised by the
features chosen might be a significant drawback to watch out for. An excessive number of

features may also cause overfitting.
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Figure 3.1 below is the Architectural Workflow of the model. It comprises the following
steps: 1. Pre-process the dataset 2. Analyze and visualize the data. 3. Split data into a
training set and testing set. 4. Run machine learning models without feature selection. 5.
Evaluate the models. 6. Run the machine learning models with feature selection using
feature selection methods like the Pearson Correlation Coefficient (PCC), the Principal
Component Analysis (PCA), the Forward Feature Selection (FOR), the Particle Swarm
Optimization (PSO) separately 7. Select features with proposed, PF- PSO &rain
the machine learning models with the features selected by PF-PSO. 9.’]<3Qa‘tp he models.

10. Compare results with feature selection methods and without féa@se ection methods.
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Data
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suitable form training and test Evaluate the
sets models Compare the
performance of
the proposed
models with
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EDUCATIONAL L techniques
DATABAGE Data Preprocessing Model Development Model Development Evaluation
without Feature with Feature
Selection Selection

Figure 3.1: Architectural Workflo (§0}1’rce: Researcher, Adelodun F.O. 2024)
RN

3.2 Research Design Q‘&c)\
This research is a qu%@study. It employs an experimental and comparative design.
The experiment ect lies in evaluating the impact of different feature selection
techniques&gnhline learning model performance. To properly understand the impacts
of our @{@we conducted our experiments in a comparative and iterative manner allowing
us h{ep through and repeat processes to understand the test results. We repeated these
processes for each of the selected datasets and compare the results across the datasets. The
comparative aspect involves comparing the prediction accuracy of models built with and
without feature selection and the effectiveness of five chosen feature selection techniques.
Pearson Correlation

The five feature selection techniques that were utilized include

Coefficient (PCC), Principal Component Analysis (PCA), Forward Selection method
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(FOR), Particle Swarm Optimization (PSO) and a novel approach of combining PCA,
FOR and PSO referred to as PF-PSOI. As we approach our target PF-PSO, we believe it
is important to perform separate and combined approaches of the elements of our
proposed model to serve as comparators. Considering that we have three methods in our
proposed model (Principal Component Analysis, Forward Selection, and Particle Swarm
Optimization), we have six (6) possible sets of singular methods namely No Feature
Selection, PCC, PCA, FOR, PSO and lastly, we have our proposed PF- Qﬁehod.
Consequently, we have a total of six (6) feature selection approaches in our
experimentation. We repeated these six approaches for all three d t résulting in a total
of eighteen (18) experiment sets. The table 3.1 bel %s how the eighteen
experiments were carried out. Feature selection techniq the focus of this research and

forms the pivot point of our methodology. The %od was to run the dataset on our

prediction models without feature selectio@

N

This would form the control set agai ich we can compare results and rationalize. We
trained and evaluated the mode@sing the dataset's entire original feature set, potentially
.
including irrelevant, r .@1‘[, or noisy features. We carefully tracked the model's
performance using §aluation metrics discussed in 3.14. Using this method as our
starting point@s a control set, allowing us to quantify any improvement or potential
degradata model performance. The second step was to apply feature selection
tech\ﬁgues to select features to train the models. The first feature selection technique to be
applied is a simple Pearson Correlation Coefficient (PCC) analysis to select top correlated
features. Then, we run the model with the selected features. This serves as one of the
comparator against our proposed feature selection model. Furthermore, examining this
baseline model may offer vital insights into which original features are the most

significant predictors of student success, even in the event that feature selection does not
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result in appreciable performance gains. For example, we expect in cases where model
performance metrics remain the same with or without feature selection, selecting features
may result in more robust and generalizable models that can more easily generalize to new
data. This approach can help assess the overall computational expense of the chosen
model when working with all original features, probably highlighting the potential need
for dimensionality reduction through feature selection. It is important to note tha&asets
with a large number of features might increase the risk of overfitting, wit‘r@Qbaseline
method. Some machine learning algorithms also have embedde ture selection
mechanisms, which is crucial to consider when interpreting result &eature-selection
approaches. We believe some researchers have overlooke m% in their works.! The
next step after PCC feature selection is to use the Prinomponent Analysis (PCA)
technique to the dataset to reduce the dimen '0@ PCA facilitates dimensionality
reduction by projecting the data onto a 10%@ensional space composed of orthogonal
principal components. These comP%\'Are ranked by the amount of variance they
explain in the original data by ju{@sly selecting the principal components responsible
for the majority of VarianéeQ%Qcﬁ feature selection technique is applied to each dataset

separately, the featurb@%iques such as PCC, PCA, FOR, and PSO after which the

proposed syst@/\ -\PSO comprising of PCA, FOR and PSO is applied to the datasets.

\?’Q’t}
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Table 3.1 Experiment Sets of the Study

Dataset 1 Dataset 2 Dataset 3
No FS 1 7 13
PCC 2 8 14
PCA 3 9 15
FOR 4 10 16
PSO 5 11 17
PF- PSO 6 12 18

Source: Researcher, Adelodun F. O 2024
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Figure 3.2: The Flowchat of the Proposed Model (source: Researcher, Adelodun, F.
0. 2024)
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3.3 The Experimental Procedures

This is a brief description of the total of the eighteen (18) experiments performed on the
three educational datasets refered to as Dataset 1,Dataset 2, and Dataset 3. Regression
tasks were carried out on Dataset 1 and Dataset 3. Nineteen (19), regression models were
run into the datasets. The regression models included Linear regression, DT, RF, SVR
(RBF), K-NN, MLP, GradientBoosting, XGBoost, LightGBM, Extra Trees, $oost,
SVR(linear), SVR (Poly), Gaussian Process, K-NN(tuned), Bayesia @e, Ridge
Regression, Lasso Regression and ElasticNet Regression. For Datas&iexperimentation
we deviated from regression models to classification mo Q performed multi-
classification using nine (9) classification models whicprises of the following:
logistic regression (Multinominal), K-Nearest Ne{{&s (K-NN), Support Vector
Machine, Random Forest, Gradient Boosting, @osting, LightGBM, MLP classifier
(Neural Network), and Naive Bayes. Th&@rlments were arranged according to Table
3.1 For example, experiments 1, 7@3 were carried out without feature selection
method. Experiments 1 and 13 %%ataset 1 and Dataset 3 respectively were ran into the
19 regression models Vely without feature selection, likewise experiment 7 of
Dataset 2 were ran & 9 classification models without feature selection. The proposed

system (PF-P O) ere experlmented as experiments 6, 12, and 18.

PCC ’Q)r were ran on expreiments 2, 8, and 14. For experimentt 2, PCC selector
selected 8 features as top correlated features with a threshold greater than 0.6. For
experimentt § at the selection threshold values of 0.1 and 0.5. A threshold of 0.1 selected
more features and had a better model performance metric than PCC threshold of 0.5.
Feature selection reduced as we increased the threshold. PCC threshold at 0.1; selected 14

features. PCC threshold at 0.5, the selected features were 4 features.For experiment 14,
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when we ran the PCC selector with a selection threshold greater than 0.6, we selected 5

features.

Applying PCA in experiments 3,9, and 15: we selected features with a 0.95 value for n-
components, unfortunately, we cannot print selected features for PCA like PCC do.
Experiment 3 selected 10 features. Experiment 9 selected 4 features and experiment 15

selected 29 features.Fitting the models on the PCA transformed dataset, we Qo%sults

shown in chapter four : O

Experimentation for Forward Selection for experiments 4, 10 and %rs the following:

Experiment 4: we chose “Random Forest Regressor” and “:i@h Tree Regressor” as

our FOR estimators. “Gird Search” was used to perfor erparameter search on “n

feature to select” from 3 to 23 to find the optimaI; V@}&Q

Experiment 10: An ensemble of logistision and Randomforest classifier were

used as estimators for our sequential@sre selectiom and we passed the selected feature

into all the models nine (9) fea%??/ere selected

Experiment 16: Ran@brest as our estimator, we used GridSearch to perform an

hyperparameter QQAK\ on n features to select” we select 30 features and used to train the

models 6
{o)

Ps&perimentts 5, 11 and 17): For the PSO setup, we ensured that the dimentions of
the search space matched the total number of features in our dataset. we initialized the
total particles to search this space we also set the cognitive, social and inertia parameters
(CI1, C2, W1) to 0.5, 0.3, and 0.9 respectively, as a balanced starting point. The PSO
searches, and extracts the features that are consistently selected in the best solutions. The

features are inputed in the regression models and classification models as applicable.
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For PF-PSO: Experiments 6, 12, 18: We ran the PCA on the datasets, afterwards ran FOR
on datasets and finally, we fed the features selected by PCA and FOR into PSO which

selected features at best cost. We then trained our models on this final selection.

3.4 Data Acquisition

A total of three datasets were used in this research and they were sourced from public
repositories. The first step in data collection was to scrape the internet usiHQG&gle’s
Dataset Search engine for datasets with the following keywords and student,
virtual, academic, performance, scores, student academic performafice dataset, student

performance dataset, student academic performance predic@dent performance

prediction, academic performance prediction, student 1 academic performance
prediction, and educational datasets. Q
On Google’s Dataset Search Engine, the search e keyword combination of “student,

virtual academic, performance, prediction@ets” returned 18 datasets. A second search
with “student, academic, performant@iction, datasets” yielded 72 dataset results. It is
expected that fewer keywords \@id make the search more generic and yield increasingly
larger but probably les a@ﬂ results. For example, the second search only contained 10
of the earlier 18 re Qﬁpeated. Nonetheless, we accessed and analysed all 72 results for
our selection@ ia. The results clustered around three sources — Kaggle, the Public
Library ence (PLOS) on Figshare, and Mendeley.

We\s;essed and analysed every result in these searches and picked three (3) sources:
Kaggle.com, Academia.edu and Figshare which we had identified as top sources from our
Google Search and Google Scholar.

On Academia.edu we found an educational dataset named “Dataset of Students’

Performance Using Student Information System (SIS), Modular Object-Oriented Dynamic
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Learning Environment (Moodle) and the Mobile Application “eDify”s. Edify simplifies
information associated with higher education.

Dataset 1 was collected from the student information system (SIS), the learning
management system (LMS) called Moodle, and video interactions from the mobile
application called “eDify.” The dataset, from the higher educational institution (HEI) in
the Sultanate of Oman, comprises five modules of data from Spring 2017 to Spring 2021.
The original dataset as provided by the study is accessible?. Q
Further descriptions of this dataset are provided later in chapter{&aset 2 is

educational data consisting of student records from two seme ollected from the

libaba Cloud Tranchi platform. Xapl-Edu data gathered usi@he alboard 360%.

On Kaggle, a search for “student performance” and &aamg analytics dataset” yielded
307 and 701 results respectively. We searched@lltered all the results for relevance
based on our selection criteria. Finally, ’@% was selected by settling for “Student

Performance Data™>. We traced the{i%ft to a source which is the UC Irvine Machine

Sources of the selecte %sets are presented in Table 3.2 below. Further details are

provided in late(r:\xu‘%ns.
O
\/Q;

Learning Repository?®.
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Table 3.2: Sources of Selected Datasets

Attribute Dataset 1 Dataset 2 Dataset 3

Source Higher Educational Xapl-Edu Data was Published in
Institution (HEI) in gathered using the Proceedings of 51
the Sultanate of Kalboard 360 Learning Annual Future Business
Oman. Management System Technology Conference

(LMS) which employs by P. Cort M. G.
the experience of APL Silva. 2008:

Retrieved via Retrieved from Alibaba d from the UC
Academia.edu Cloud Tranchi platform. %ine (UCI) archives
P

Critically, we ensured that these datasets inclu, rQriables that have been identified by

domain experts as relevant and correlate&@udents’ performances. The performance is

based on scores in tests and exams. ‘I@Siables cover such related factors as:

1. Academic Record“%cluding grades, attendance, exam scores, and

coursework co@%n status.
2. Dem0€ra®nformation: Such as age, gender, ethnicity, and socioeconomic

bp& und.
3. \/Parental Education and Occupation: Providing insights into the educational

and occupational backgrounds of students' parents.

4. Behavioural Patterns: Including disciplinary records, extracurricular activities
participation, participation in virtual classrooms, and engagement in educational

programs.
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There is no consensus on the dataset used for predicting student academic performance.
Many of these datasets include not only Learning Management Systems (LMS)
interaction information but also other data such as gender, average self-study,
student family size, and father and mother qualification”. However, if the dataset

use LMS, there is a lot of variation from first login®, total number of visits and

clicks!® *
3.5 Data Preprocessing OQ

The following pre-processing steps were followed to pre-process tt ets.

1. Exploratory Data Analysis: We calculated d@ptive statistics and created

various visualizations to examine data distribut'&l dentify outliers, and explore

feature relationships. b’b

2. Data Cleaning and Missing D t%\% employed several methods as required
and as we consider appr@ every case. We manually found the missing
values by finding .cn@bnding labels from similar instances. In other cases,
affected insta@%ere removed or addressed using mean imputation for
numericals@res. We carefully detected and corrected outliers using box plots

anc%go{es, retaining those that appeared to contain meaningful information.

3. \/%ﬂcoding Categorical Variables: We applied one-hot encoding to transform

categorical features into numerical representations.

4. Feature Scaling: We considered running our experiments on scaled and unscaled
data but the number of iterations will double and would increase the complexity of
this work. Consequently, we considered our target feature selection methods and

machine learning models in selecting a method. We have chosen the
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Standardization method of feature scaling as this is what fits Principal Component
Analysis, where we usually prefer standardization over Min-Max scaling
(normalization) since we are interested in the components that maximize the

variance.
3.6 Dataset 1

The dataset contains Higher Educational Institutions (HEI) in the Sultanateq%man
comprising five data modules from Spring 2017- Spring 2021. It integra%/ from the
student information system (SIS), Moodle (the LMS), and the@}'" mobile video
application. The dataset includes 326 student records with 4Q_features, covering acasdemic

information (24 features), Moodle activity (10 feature mey video interactions (6

features). Q

This dataset is particularly relevant to k\@y which has virtual learning within its

scope. Numerous studies have em@g data mining approaches to predict student

performance. However, the pn&emphams has been on demographic data. Research

specifically analyzing ;(@m eractions of learners in video-assisted courses is limited.

The dataset, integr a ing~data from an SIS, Moodle, and a video-assisted course (eDify),

offers a unlqu@p nity to explore video learning analytics.

3.6.1 @oratory Data Analysis (EDA) of Dataset 1

Th%faset was structured into three segments:
The presented dataset is organized into three distinct categories:

1. Student Academic Information: This data was collected directly from the

institution's Student Information System (SIS).
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2. Student Activity: This encompasses student interactions and activities

performed within the Moodle learning management system.

3. Student Video Interactions: This data captures student engagement with video

content through the "eDify" mobile application.

Figure 3.3 adapted from’, illustrates the structure of the dataset and maps how these

categories were integrated.
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1D # KMS Constraint
1 RollINumber Primary
Key (PK)
2 ModuleCode
3 ModuleTitle
4 SessionMame
5 ApplicantName
6 ApplicantMobile
7 CGPA
8 AttemptCount
9 Advisor
10 RemoteStudent
11 Probation
12  HighRisk
a3 TermExceeded
14 AtRisk
15 AtRiskSSC
16 SpecialNeed
17 OtherModules
18 PrereqguisiteModules
19 PlagiarismHistory
20 MalPracticeHistory

Final Dataset

1D # Field Table
1 ApplicantName  T2blel
2 CGPA Table 1
3  AttemptCount Table 1
4  RemoteStudent  12blel
B Probation Table 1
6 HighRisk Table 1
7  TermExceeded Table 1
8  AtRisk Table 1
9  AtRiskssC Table 1
10 OtherModules Table 1
11  PlagiarismHistory Table 1
12 Cwi1i Table 2
13 Cw2 Table 2
14 ESE Table 2
15 OnlineC Table 4
16 OnlineO Table 4
17 Played Table 5
18 Paused Table 5
19 Likes Table 5
20 Segment Table 5
Target
21  Result Variable

1D # Result Constraint
3l cwi1i Primary Key (PK)
2 CW2 Primary Key (PK)
3 ESE Primary Key (PK)
4 RollNumber Fareign Key (FK)
5  ApplicantName Foreign Key (FK)
ID# Moodle Constraint
1 User full name Primary Key (PK)
2 Time Primary Key (PK)
3 AffectedUser Foreign Key (FK)
4 Event context
& Component
7 Event name
—
8 Description
9 Origin
10 IP address
D # Activity Constraint
1 Online C Primary Key (PK)
2 Online O Primary Key (PK)
3 RollINumber Foreign Key (FK)
4 ApplicantName
1D # VLE Constraint
1 Played Primary Key (PK)
2 Paused Primary Key (PK)
3 Likes Primary Key (PK)
4 Segment Primary Key (PK)
5 RoliINumber Foreign Key (FK)
[ ApplicantName

Figure 3.3: Dataset of Students’ Performance using Student Information System!!
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3.6.2 Data Preprocessing of Dataset 1

The original work that collated the dataset had pre-processed in such a way that they

coded results and several other metrics into ordinal text values.

We will take th e data to python and begin further Exploratory Data Analysis (EDA) and

pre-processing.

3.7 Dataset 2

The xAPI-Edu-Data dataset is an educational classification dataset designed to analyze
and predict student academic performance. Collected from the Alibaba Cloud Tianchi
platform, the dataset includes 480 student records from two semesters, encompassing
various countries and gender. The primary objective of this dataset is to support research
in e-learning, predictive models, and educational data mining. The data was gathered
using the Kalboard 360 Learning Management System (LMS), which employs the

Experience API (xAPI) to track learner activities and progress.

Kalboard 360 is a multi-agent LMS aimed at enhancing learning through advanced
technology, providing synchronous access to educational resources from any device with
an internet connection. The Experience API, a component of the Training and Learning
Architecture (TLA), enables detailed monitoring of learning progress and actions, such as
reading articles or watching training videos. This API helps learning activity and

identifies the learner, activity, and objects involved in a learning experience.

The dataset consists of 480 instances with 17 attributes each, categorized into
demographic, academic background, and behavioural features. Demographic features
include gender and nationality, academic background features cover educational stages

and grade levels, and behavioural features track activities like raising hands in class,
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visiting resources, and parental involvement. Notably, the dataset does not contain any
missing values, making it robust for analysis. Student demographics show a gender
distribution of 305 males and 175 females. Nationality-wise, the students originate from
diverse countries, with significant representations from Kuwait (179 students) and Jordan
(172 students). Other nationalities include Palestine, Iraq, Lebanon, Tunis, Saudi Arabia,
Egypt, Syria, USA, Iran, Libya, Morocco, and Venezuela. This diverse composition
allows for a comprehensive analysis of academic performance across different
backgrounds.The dataset spans two educational semesters, with 245 records from the first
semester and 235 from the second. Attendance records indicate that 191 students had
more than seven absence days, while 289 students had fewer than seven absence days.
Parental involvement was also tracked, with 270 parents responding to school surveys
and 210 not responding. Additionally, 292 parents expressed satisfaction with the school,

whereas 188 did not.

Academic performance is categorized into three levels based on total grades: Low (0-69),
Middle (70-89), and High (90-100). The majority of students fall within the middle
category, with high-scoring students (90-100) comprising 29.58% of the total. This
distribution highlights the dataset's utility in identifying factors that contribute to different

levels of academic success.

Overall, the xAPI-Edu-Data dataset is a valuable resource for this study which has virtual
learning within its scope. The comprehensive set of LMS-tracked attributes, combined
with detailed demographic and behavioural data, provides a robust foundation for

developing predictive models and enhancing educational strategies.
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Table 3.3: Dataset Overview of Dataset 2

Aspect Description

Number of 480

Instances

Number of 17

Attributes

Area E-learning, Education, Predictive Models, Educational
Data Mining

Attribute Integer/Categorical

Characteristics

Date 2016-11-8

Associated Tasks Classification

Missing Values No

File Formats Comma-separated Values (csv)

Source Elaf Abu Amrieh, Thair Hamtini, and Ibrahim Aljarah,

The University of Jordan, Amman, Jordan

Table 3.4: Data Collection of Dataset 2

LMS Experience API (xAPI)

Tool Kalboard 360

Function Tracks learner activities and progress, monitors actions like reading articles or

watching videos

System  Multi-agent LMS designed for synchronous access to educational resources
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Table 3.5: Demographic Distribution of Dataset 2

Attribute Description

Gender Males: 305, Females: 175

Distribution

Nationality Kuwait: 179, Jordan: 172, Palestine: 28, Iraq: 22, Lebanon: 17, Tunis: 12,
Distribution Saudi Arabia: 11, Egypt: 9, Syria: 7, USA: 6, Iran: 6, Libya: 6, Morocco: 4,

Venezuela: 1

Table 3.6: Semester and Attendance of Dataset 2

Aspect Description
Semesters First: 245 records, Second: 235 records
Attendance Absence days > 7: 191, Absence days < 7: 289

Table 3.7: Parental Involvement of Dataset 2

Aspect Description
Parent Answering Survey Yes: 270, No: 210
Parent School Satisfaction Yes: 292, No: 188

Table 3.8: Academic Performance of Dataset 2

Performance Level Grade Range Percentage of Students
Low 0-69 26.46%
Middle 70-89 43.96%
High 90-100 29.58%
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3.7.1 Exploratory Data Analysis (EDA) of Dataset 2

As stated earlier, the dataset consists of 480 instances with 16 attributes each, categorized
into demographic, academic background, and behavioural features. Demographic features
include gender and nationality, academic background features cover educational stages
and grade levels, and behavioural features track activities like raising hands in class,

visiting resources, and parental involvement

Below is a table detailing the 16 attributes (features) and their data types. The “Class”
attribute is our data type and we would have to adopt classification rather than regression
models as we are unable to obtain the continuous scores of the students and rather have
only the classifications of Low, Mid, and High corresponding to scores ranges 0-69, 70-
89, and 90-100 respectively. We are unable to modify this classification in any way as we

do not have access to the original scores.

1. Class Distribution

The class distribution plot indicates a significant imbalance in the target variable (Class):
o High (H): Relatively fewer instances.
e  Medium (M): Largest group.
e Low (L): Intermediate size.

This imbalance can affect model performance, particularly for the minority class (H).
Techniques like SMOTE (Synthetic Minority Over-sampling Technique) can address this.

However, we are relying on class weighting abilities of our models to address this.
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2. Correlation Analysis

The correlation matrix for numerical features (raisedhands, VisITedResources,

AnnouncementsView, Discussion) shows:

e raisedhands and VisITedResources have a moderate positive correlation.

e Other correlations are weaker, indicating that these features might provide

complementary information.

3. Distribution of Numerical Features

The histograms for numerical features show:

e raisedhands: Skewed distribution with most values on the lower side but a long

tail.
e VislTedResources: Similarly skewed distribution as “raisedhand”.
e AnnouncementsView: Follows a similar pattern but with fewer extreme values.
o Discussion: Most values are concentrated on the lower side.

4. Distribution of Categorical Features

The count plots for categorical features show:

¢ Gender: Balanced distribution between male and female students.

e NationallTy and Place of Birth: Dominated by a few categories (e.g., 'KW' for
Kuwait).

o StagelD, GradelD, and SectionID: Fairly balanced with slight variations.
e Topic: Heavily skewed towards certain subjects (e.g., IT).
e Semester: Equal distribution between Fall and Spring.

e Relation: Predominantly 'Father'.
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e Parent Answering Survey and Parent school Satisfaction: Skewed distributions

with most responses being 'Yes' and 'Good'.

e Student Absence Days: Mostly 'Under-7' days of absence.

5. Feature Distributions Across Classes

The boxplots showing numerical features across different classes highlight:
o raisedhands: Higher values tend to correlate with better performance (more hands
raised in the high-performing class).

e VislTedResources: Similar trend, with more resource visits in higher-performing

classes.

e Announcements View: Higher counts for better-performing studentsy, but with

less clear separation.

o Discussion: More discussions participated in by higher-performing students, with

overlap.

6. Suitability for Modeling
e Numerical Features: Show distinct distributions across performance classes,
indicating suitability for prediction.

o Categorical Features: Offer potential insights into demographic and behavioural

factors influencing performance.

We can conclude that the dataset is suitable for modelling predictors of academic
performance, given the evident relationships between features and the target variable. We

therefore proceeded to preprocessing.
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3.7.2 Data Preprocessing of Dataset 2

The original work that collated the dataset had pre-processed in such a way that they
coded results and several other metrics into ordinal text values. We are unable to get the

raw dataset so we will work with it as such and switch over to classification.

A quick Excel view of the raw pre-processed file showed no columns are required to be
dropped. The next step is to check for missing values. We found no missing values across

all the attributes. Values of 0 are taken as 0 and not missing.

Afterwards, we perform encoding for the categorical values and standardization scaling of

the numerical values.

To ensure the best encoding for each attribute, we carefully considered the characteristics
and cardinality of each feature. So, we will use one-hot encoding for low-cardinality
nominal features, ordinal encoding for ordinal features, and frequency encoding for high-

cardinality nominal features.

With the above, below is our encoding plan:

1. Gender: Nominal, low cardinality -> One-hot encoding
2. Nationality: Nominal, high cardinality -> Frequency encoding
3. Place of birth: Nominal, high cardinality -> Frequency encoding

4. Educational Stages: Ordinal -> Ordinal encoding (Lower Level < Middle School
< High School)

5. Grade Levels: Ordinal -> Ordinal encoding (G-01 <G-02 <... <G-10)
6. Section ID: Nominal, low cardinality -> One-hot encoding
7. Topic: Nominal, high cardinality -> Frequency encoding

8. Semester: Nominal, low cardinality -> One-hot encoding
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9. Parent responsible for student: Nominal, low cardinality -> One-hot encoding
10. Parent Answering Survey: Nominal, low cardinality -> One-hot encoding
11. Parent School Satisfaction: Nominal, low cardinality -> One-hot encoding
12. Student Absence Days: Ordinal -> Ordinal encoding (Under-7 < Above-7)

13. Grade Classification: Ordinal -> Ordinal encoding (Low < Middle < High)

With this, we conclude preprocessing and have our data ready for the experiment sets. In
dataset 2 experimentation, we have to deviate from regression models to classification
models, and we will be performing multi-class classification using Logistic Regression
(Multinomial), k-Nearest Neighbors (k-NN), Support Vector Machine (SVM), Random
Forest, Gradient Boosting, XGBoost, LightGBM, MLP classifier (Neural Network) and

Naive Bayes.
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Table 3.9: Attributes and Descriptions of xAPI-Edu-Data

Attribute Description Data Type

Gender Student's gender (e.g., "Male", "Female") Nominal

Nationality Student's nationality (e.g., "Kuwait", "Lebanon", Nominal
"Egypt")

Place of birth Student's place of birth (e.g., "Kuwait", "Lebanon", Nominal
"Egypt")

Educational Stages Educational level student belongs to (e.g., "Lower Ordinal
Level", "Middle School", "High School")

Grade Levels Grade level student belongs to (e.g., "G-01", "G-02", = Ordinal
"G-03")

Section ID Classroom student belongs to (e.g., "A", "B", "C") Nominal

Topic Course topic (e.g., "English", "Spanish", "French") Nominal

Semester School year semester (e.g., "First", "Second") Ordinal

Parent responsible for ~ Parent responsible for the student (e.g., "mom", Nominal

student "father")

Raised hand Number of times the student raises his/her hand in Numeric
class (0-100)

Visited resources Number of times the student visits course content (0- Numeric
100)

Viewing Number of times the student checks new Numeric

announcements announcements (0-100)

Discussion groups Number of times the student participates in discussion Numeric
groups (0-100)

Parent Answering Whether the parent answered surveys provided by the Nominal

Survey school (e.g., "Yes", "No")

Parent School Degree of parent satisfaction with the school (e.g., Nominal

Satisfaction "Yes", "No")

Student Absence Days Number of absence days for each student (e.g., Ordinal
"above-7", "under-7")

Grade Classification Student's grade classification based on total grade Ordinal

(e.g., "Low", "Middle", "High")
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3.8 Dataset 3

The dataset was collected as part of an educational research initiative aimed at
understanding the factors influencing academic success in secondary education. This
dataset was originally compiled by (Paulo Cortez and his colleagues) and has been widely
used in the academic and machine learning communities for various analyses and

predictive modelling tasks.

3.8.1 Data Collection

The dataset was collected from two Portuguese secondary schools, Gabriel Pereira (GP)
and Mousinho da Silveira (MS). The data encompasses a range of variables that capture
not only academic performance but also socio-economic, demographic, and behavioural
aspects of the students. The objective was to gather comprehensive information that could

shed light on the multifaceted nature of student performance.

3.8.2 Data Description

1. Demographic Information:

e School: The dataset records the school attended by each student, either
Gabriel Pereira or Mousinho da Silveira. This variable provides context for
the academic environment and potentially different teaching methods or

resources available at each school.

Gender and Age: Gender and age are crucial demographic factors. The
age range of the students is from 15 to 22 years, which is typical for

secondary education in Portugal.
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2. Family Background:

Address and Family Size: The type of home address (urban or rural) and
the family size provide insight into the socio-economic background of the
students. Larger families and those living in rural areas may face different

challenges compared to smaller, urban families.

Parental Status and Education: Information on parents' cohabitation
status, education levels, and occupations offers a view into the socio-

economic and educational support system available to the students.

3. Educational and Extra-Curricular Activities:

Study and Travel Time: The dataset includes how much time students
spend travelling to school and studying each week. These factors can
significantly impact the amount of time available for academic and

extracurricular activities.

Extra Support and Activities: Variables like additional educational
support, family support, paid classes, and participation in extracurricular
activities highlight the various forms of academic assistance and

enrichment activities available to the students.

4. Personal and Social Attributes:

Family Relationships and Free Time: The quality of family relationships,
amount of free time, and social activities like going out with friends are

included to understand their impact on student well-being and performance.

Alcohol Consumption and Health: Workday and weekend alcohol
consumption are recorded along with the student's health status,
acknowledging the potential influence of lifestyle choices on academic

outcomes.
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5. Academic Performance:

e Grades and Absences: The key performance indicators in the dataset are
the grades from three periods (G1, G2, and G3) and the number of school
absences. These metrics provide a direct measure of academic success and

consistency.

3.8.3 General Description

The dataset is structured with 395 instances and 33 attributes, providing a rich and
detailed snapshot of student life and performance. Each record in the dataset corresponds
to a unique student and includes both categorical and numerical variables. The final grade
(G3) serves as the target variable for regression analysis, making this dataset suitable for

predicting academic performance based on the myriad factors recorded.

This dataset is particularly valuable for its comprehensive nature, encompassing a broad
spectrum of influences on student performance. It allows for the exploration of how
personal, familial, and educational factors intertwine to affect academic outcomes.
Researchers can leverage this data to identify key predictors of success, understand the
impact of different socio-economic backgrounds, and develop strategies to support

students in achieving their full potential.

3.8.4 Dataset Structure

The "Student Performance Data" dataset comprises records of 395 students, focusing on
their performance in secondary education, specifically in Mathematics. The dataset
includes 33 attributes that capture a wide array of factors such as demographic
information, social and family dynamics, educational support, and academic performance.

The target variable for this regression problem is the final grade (G3).
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1. Demographic Attributes:

O

school: The school attended by the student (binary: 'GP' for Gabriel

Pereira, 'MS' for Mousinho da Silveira).

o Gender: Gender of the student (binary: 'F' for female, 'M' for male).

o age: Age onf the student (numeric, ranging from 15 to 22).

2. Family Attributes:

address: Type of home address (binary: 'U' for urban, 'R' for rural).

famsize: Family size (binary: 'LE3' for less than or equal to 3, 'GT3' for
greater than 3).

Pstatus: Parent’s cohabitation status (binary: 'T' for living together, 'A’" for

apart).

Medu: Mother’s education level (numeric: 0 to 4, where 0 means none and

4 means higher education).

Fedu: Father’s education level (numeric: 0 to 4).

Mjob: Mother’s job (nominal: 'teacher', 'health', 'services', 'at home',

'other").

Fjob: Father’s job (nominal: same categories as mother’s job).

reason: Reason for choosing the school (nominal: 'home', 'reputation’,

'course', 'other").

guardian: Guardian of the student (nominal: 'mother’, 'father', 'other").

3. Study and Travel Attributes:
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e traveltime: Time taken to travel from home to school (numeric: 1 to 4,

where 1 means <15 min and 4 means >1 hour).

e studytime: Weekly study time (numeric: 1 to 4, where 1 means <2 hours

and 4 means >10 hours).

e failures: Number of past class failures (numeric: 0 to 4).

4. Support and Activities:

e schoolsup: Extra educational support (binary: yes or no).

e famsup: Family educational support (binary: yes or no).

e paid: Extra paid classes within the course subject (binary: yes or no).

e activities: Participation in extra-curricular activities (binary: yes or no).

e nursery: Attended nursery school (binary: yes or no).

e higher: Aspiration to pursue higher education (binary: yes or no).

e internet: Internet access at home (binary: yes or no).

e romantic: Engagement in a romantic relationship (binary: yes or no).

5. Personal and Social Attributes:

famrel: Quality of family relationships (numeric: 1 to 5).

e freetime: Amount of free time after school (numeric: 1 to 5).

e goout: Frequency of going out with friends (numeric: 1 to 5).

e Dalc: Workday alcohol consumption (numeric: 1 to 5).

e Walc: Weekend alcohol consumption (numeric: 1 to 5).

e health: Current health status (numeric: 1 to 5).
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e absences: Number of school absences (numeric: 0 to 93).

6. Academic Performance:

e Gl: First-period grade (numeric: 0 to 20).
e G2: Second-period grade (numeric: 0 to 20).

e G3: Final grade (numeric: 0 to 20, this is the target variable for the

regression problem).
3.8.5 Exploratory Data Analysis (EDA) of Dataset 3
The dataset consists of 395 student records and 33 attributes, capturing a wide range of

demographic, social, and academic factors. Here are some key points from the summary

statistics:

e School: The dataset includes students from two schools, with the majority (349)

attending Gabriel Pereira (GP).
e Sex: There are 208 female and 187 male students.

e Age: The age of students ranges from 15 to 22 years, with an average age of about

16.7 years.

Family-related attributes:

e Address: Most students (307) live in urban areas.

o Family Size: A larger portion of students (281) come from families with

more than three members.

e Parental Status: Most students (354) have parents who live together.
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Parents' Education: The education levels of mothers and fathers vary,
with averages around secondary education level (Medu mean: 2.75, Fedu

mean: 2.52).

Parents' Occupations: The most common job for mothers is 'other' (141),

and for fathers, it is also 'other' (217).

Study and Travel Time:

Travel Time: Most students have a travel time of less than 30 minutes to

school.

Study Time: Weekly study time is varied, with a notable portion of

students studying less than 5 hours a week.

Past Failures: The number of past class failures is relatively low, with the

majority having no failures.

Support and Activities:

Extra Educational Support: A mixed distribution of students receiving

extra educational support.
Family Support: Similarly mixed distribution for family support.
Paid Classes: Around half of the students take extra paid classes.

Extracurricular Activities: Participation in extracurricular activities is

also balanced.
Nursery School Attendance: Most students attended nursery school.

Higher Education Aspiration: A large majority of students aspire to

pursue higher education.
Internet Access: Most students have internet access at home.

Romantic Relationships: About half of the students are in romantic

relationships.
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Personal and Social Attributes:

e Family Relationships: Generally good, with an average rating of 3.94 out

of 5.
e Free Time: Moderate, with an average rating of 3.24 out of 5.

¢ Going Out with Friends: Moderate, with an average rating of 3.11 out of

5.

e Alcohol Consumption: Workday alcohol consumption is low (average

1.48 out of 5), but weekend consumption is higher (average 2.29 out of 5).
e Health: Generally good, with an average rating of 3.55 out of 5.

e Absences: Absences vary widely, with some students having as many as

75 absences, but the majority have fewer than 10.
Academic Performance:
e GI1 (First Period Grade): Average grade is about 10.91 out of 20.
e G2 (Second Period Grade): Average grade is about 10.71 out of 20.

e G3 (Final Grade): Average grade is about 10.42 out of 20, which is our

target variable for regression analysis.

Data Distribution and Visualizations

We visualized the distributions of some key numerical variables (age, absences, grades)

and categorical variables (school, gender, address). This will be presented in chapter four.
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3.8.6 Data Preprocessing of Dataset 3

The dataset presents us with a continuous value for “G3”, our target variable. So, we have

a regression problem.

A quick Excel view of the dataset showed no columns are required to be dropped. The
next step is to check for missing values. We found no missing values across all the

attributes. Values of 0 are 0 and not missing.

Next is for us to encode the variables and get the dataset ready for feature selection

modelling.

The dataset has 395 entries and 33 columns, with a mix of numerical and categorical data.

Here's a brief overview of the dataset structure:

e The Numerical features (int64) are: age, Medu, Fedu, traveltime, studytime,
failures, famrel, freetime, goout, Dalc, Walc, health, absences, G1, G2, G3.

e The Categorical features (object): school, gender, address, famsize, Pstatus, Mjob,
Fjob, reason, guardian, schoolsup, famsup, paid, activities, nursery, higher,

internet, romantic.

We can further consider binary features while also considering the ordinality of some

features.

Based on the dataset structure and the types of variables provided, we can identify the

following:

Categorical Variables Encoding:

1. Binary Variables:
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o school, genders, address, famsize, Pstatus, schoolsup, famsup, paid,

activities, nursery, higher, internet, romantic.

For binary categorical variables like these (which have only two unique values),

you can use label encoding:

o Assign 0 or 1 for each category. For example, for school, 'GP' could be 0
and 'MS' could be 1. This ensures each category is represented by a

numerical value without introducing unnecessary dimensions.

Multi-category Variables:

o Mjob, Fjob, reason, guardian

For variables with more than two categories, we can use one-hot encoding to

create new features. For example,

o Create binary columns for each category. For instance, Mjob teacher,

Mjob_healths for Mjob.

o This approach ensures that each category is represented independently

without assuming any ordinal relationship among them.

Numeric Variables: Variables like age, Medu, Fedu, traveltime, studytime,
failures, famrel, freetime, goout, Dalc, Walc, health, absences, G1, G2, G3 are
already in numeric format and do not require encoding. We would only apply

scaling.

Meanwhile, it is important to note that some of the categorical features are ordinal. For

example, famsize (family size), has ordinal characteristics. In such cases, it's important to

encode them in a way that preserves their ordinal nature, especially when using models

that can benefit from understanding ordinal relationships. Models like Linear Regression,

Decision Trees, Random Forests, and Gradient Boosting can potentially benefit from

understanding ordinal relationships in features like famsize, Medu, and Fedu. These

models can learn and utilize the order of values to make more informed predictions.
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Based on the foregoing consideration, we have the following as our encoding plan.

Numerical Features: we will apply Standarization scaling to numerical features.

1.

Demographic Attributes:

@)

age: Numeric attribute representing age of the student. This is numeric and

naturally ordinal.

2. Family Attributes:

Medu: Numeric attribute representing Mother’s education level (ordinal).
Fedu: Numeric attribute representing Father’s education level (ordinal).

traveltime: Numeric attribute representing time taken to travel from home

to school (ordinal).
studytime: Numeric attribute representing weekly study time (ordinal).

failures: Numeric attribute representing number of past class failures

(ordinal).

famrel: Numeric attribute representing quality of family relationships

(ordinal).

freetime: Numeric attribute representing amount of free time after school

(ordinal).

goout: Numeric attribute representing frequency of going out with friends

(ordinal).

Dalc: Numeric attribute representing workday alcohol consumption

(ordinal).

Walc: Numeric attribute representing weekend alcohol consumption

(ordinal).

health: Numeric attribute representing current health status (ordinal).
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o absences: Numeric attribute representing number of school absences

(ordinal).

3. Academic Performance:

o Gl: Numeric attribute representing first-period grade (ordinal).
o G2: Numeric attribute representing second-period grade (ordinal).
o G3: Numeric attribute representing final grade (ordinal, target variable).

Categorical Features:

1. Demographic Attributes:

o school: Binary attribute ('GP' for Gabriel Pereira, 'MS' for Mousinho da

Silveira). This is nominal as no school is inherently better than the other.

o gender: Binary attribute ('F' for female, 'M' for male). This is also nomnal

as no gender is higher than another

2. Family Attributes:

o address: Binary and nominal attribute ('U' for urban, 'R’ for rural).

o ~famsize: Binary attribute ('LE3' for less than or equal to 3, 'GT3' for
greater than 3) (ordinal).

o Pstatus: Binary attribute ("T' for living together, 'A' for apart). Categorizing
this feature as ordinal because we believe a student who has the support of

both parents might be more advantaged than a student with one.

o Mjob: Nominal attribute representing Mother’s job (‘teacher', 'health’,

'services', 'at_home', 'other").

o Fjob: Nominal attribute representing Father’s job (‘teacher', 'health',

'services', 'at_home', 'other").
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reason: Nominal attribute representing reason for choosing the school

('home', 'reputation’, 'course', 'other").

guardian: Nominal attribute representing guardian of the student ('mother’,

'father', 'other").

3. Study and Support Attributes: These attributes are very subjective and we chose

to just code them as binary with 1 for yes and 0 for no. We believe any ordinal

bias that might introduce is subective when you consider the probable impact of

these variables.

o

schoolsup: Binary attribute indicating extra educational support (yes or no).
famsup: Binary attribute indicating family educational support (yes or no).

paid: Binary attribute indicating extra paid classes within the course

subject (yes or no).

activities: Binary attribute indicating participation in extra-curricular

activities (yes or no).

nursery: Binary attribute indicating attendance at nursery school (yes or

no).

higher: Binary attribute indicating aspiration to pursue higher education

(yes or no).
internet: Binary attribute indicating internet access at home (yes or no).

romantic: Binary attribute indicating engagement in a romantic

relationship (yes or no).

Encoding Plan:

1.

Binary Variables:

o

Use label encoding (0 or 1) for binary variables where categories are non-

ordinal:
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= school, gender, address, Mjob, Fjob, reason, guardian, schoolsup,

famsup, paid, activities, nursery, higher, internet, romantic.
2. Ordinal Variables:
o Use ordinal encoding for variables that have a natural order:

* Medu, Fedu, traveltime, studytime, failures, famrel, freetime, goout,
Dalc, Walc, health. These are numeric and would already retain

their ordinality when scaled using standardization.

= Ensure that ordinal encoding preserves the order of categories (e.g.,
'LE3' as 0 and 'GT3' as 1 for famsize, 'T' as 0 and 'A' as 1 for
Pstatus).

3. Nominal Variables:

o Use one-hot encoding for nominal variables to create binary variables for
each category. This removes any ordinal bias we might introduce by any

other form of encoding.
= Mjob, Fjob, reason, guardian

3.9 Pearson Correlation Coefficient

The Pearson Correlation Coefficient (PCC), often referred to as 't', is a tool in statistics
used to measure the direction and strength of a linear relationship between two
continuous variables. The value of 'r' falls between -1 and +1. A value of -1 means a
perfect negative linear correlation, while +1 indicates a perfect positive linear correlation.
A value of 0 means there is no linear correlation between the two variables. The sign of
the PCC value (+ or -) shows the direction of the relationship. A positive sign means that
as the value of one variable increases, the value of the other variable also tends to
increase. Conversely, a negative sign indicates that as one variable increases, the other

tends to decrease. It's important to note that the PCC specifically measures linear
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relationships, and may not be a good indicator of the strength of a relationship if the
association between the variables is non-linear. Also, two strongly correlated variables
are not automatically causative. It is generally understood that correlation doesn't imply
causation. Other factors may be influencing the relationship, or the strong correlation

might just be a coincidence.

3.10 Principal Component Analysis (PCA)

The Principal Component Analysis (PCA) is a foundational dimensionality reduction
technique widely used in machine learning and data analysis. At its core, PCA aims to
transform a dataset consisting of multiple correlated variables into a set of linearly
uncorrelated variables called principal components (PCs). Its primary objective is to find
a new coordinate system (formed by principal components) that captures the maximum
variance within a dataset, providing a more compact and informative representation.
Imagine a dataset where features are highly correlated this implies that some features

carry redundant information. PCA aims to:

1. Identify Directions of Maximum Variance: Find the directions, or axes, along
which the data exhibits the greatest spread.

2. Create Orthogonal Components: Generate new features (principal components)
that are linear combinations of the original features and are uncorrelated
(orthogonal) to each other.

3. Ordered Importance: Rank the principal components (PCs) by the amount of
variance they explain. The first principal component accounts for the most

variance, then the second, and so on.
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These PCs are ordered in terms of the variance they capture in the original data, with the
first PC capturing the maximum variance and subsequent PCs capturing decreasing
amounts of variance. This transformation is achieved through a series of mathematical

computations that involve eigenvalue decomposition and linear algebra operations.

Firstly, the data is centred by subtracting the mean of each feature across samples,
ensuring that the data is centred around zero. This step is crucial as PCA is sensitive to

the mean of the data.
Step 1: Define the data.

Step 1: Calculate the mean vector X across each feature:
x=—2x Equation (3.1)
Step 2: Subtract the mean from each feature to centre the data:

- X-x Equation (3.2)

centered

Step 3: Compute the covariance matrix S of the centred data:). Obtain covariance of the

matrix. S

Equation (3.3)

2p P

such that=

_[ 1 12] Equation 3.4
21 22
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and

S11 =82, S12=S821 Equation (3.5)
Where
P J—
z (xu' A
Sj- e i= Equation (3.6)
n-—1
> (Xij - )Eij(xij - x_jj
" for=iztj Equation (3.7)
n —
S=n—11 ()(centered ) T Xcentered Equation
( 3.8

Step 4: Perform eigenvalue decomposition on S to obtain eigenvalues
Ao ,...,kp. and corresponding eigenvectors vi ,v2 ,..,v, . These
eigenvectors represent the principal components. The covariance matrix E of the centred

dataxisY:

E = 1/n-1 x"x Equation (3.9)
Where x! is the transpose of the centered data matric and

x'x ¢; computes the dot product of the transpose and the centred data.

I/n-1 is used to get an unbiased estimator of the covariance.

Step 5: Select the PCs by sorting the eigenvalues in descending order and selecting the
top k eigenvectors corresponding to the highest eigenvalues. These eigenvectors form the

new basis for the transformed data.
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Step 6: Transform the data by projecting the original data onto the new basis to obtain the

transformed dataset X transformed

Xtransformed =Xcentered Vi Equation (3.10)

Where Vi is the matrix containing the top k eigenvectors as columns.

3.11 Forward Selection Method (FOR)

Subsequently, Forward Selection (FOR) augments the feature selection process. This
greedy algorithm works iteratively, starting from the reduced representation obtained
from PCA. At each step, FOR examines the impact of adding individual features on the
performance of a chosen machine learning model. The feature that yields the greatest
performance improvement is then incorporated into the permanent feature set. This
stepwise approach ensures we include features that demonstrably enhance model

capability

Forward Selection as a feature selection process works iteratively, starting with a null
model, adding only one feature at a time to the model and if a feature is selected, it never
drops from the model. The central idea behind Forward Selection is to build a feature set

incrementally. Here's how it operates:

1. Start Small: Initialize an empty set of features.
2. Iterate and Evaluate: For each feature not already in the selected set,

e Temporarily add the feature to the current set of features,

e Train a machine learning model with this newly expanded feature set, and

e Evaluate the model's performance using a chosen metric (e.g., accuracy,
F1-score).

3. Select the Best: Identify the feature that, when added to the existing set, resulted

in the greatest improvement in the performance metric.
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4. Grow the Feature Set: Permanently add the selected feature to the feature set.

5. Repeat: Continue the iterative process until a stopping criterion is met (e.g., no
significant performance improvement, reaching a maximum number of features).

Mathematically, let's represent the dataset as X with p features and y as the target variable.

The Forward Selection process can then be expressed as follows:

1. Start with an empty set of selected features: S=

2. For each feature X; not in S, evaluate the performance metric (e.g., R? for

regression, accuracy for classification) when combining x; with the features in

S.
3. Select the feature Xk  that maximises the performance metric:
xk =argmaxX]j S Performance Metric(S  {xj })

Add the selected feature to the set of selected features: S=S  {xx }
4. Repeat the process until a stopping criterion is met (e.g., maximum number of

features, no improvement in performance).

Notably, Forward Selection is a practical and intuitive feature selection method that can
improve model performance and reduce overfitting by focusing on the most relevant
features. However, it may not consider feature interactions and may require careful tuning
of stopping criteria to avoid overfitting. We believe an earlier PCA solves this and FOR

selects the best of the PCs.

3.12 Particle Swarm Optimization (PSO)

Lastly, the integration of Particle Swarm Optimization (PSO) introduces a global,
metaheuristic component that complements the localized search of Forward Selection.
Particle Swarm Optimization (PSO) was inspired by the social behaviour of bird flocks or

fish schools. It explores all possible combinations of features. Hence, it is commonly used
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in optimization problems, including feature selection in machine learning. PSO is widely
used in both science and industry optimization algorithms. The PSO algorithm was put
forward by Eberhart and Kennedy'?. It is a population intelligent algorithm designed by
imitating the study on the predation behaviour of birds while observing the predation

situation!3.

PSO is based on the concept of particles moving through a search space to find the
optimal solution by iteratively updating their positions and velocities. In this framework,
each particle within the swarm represents a candidate feature subset. The "fitness" of a
particle is determined by evaluating the model's performance using its corresponding
feature subset. Through a collaborative process of updating particle positions and
velocities based on individual and swarm-wide best experiences, PSO converges towards

an optimal or near-optimal feature combination.

This is the major idea of PSO is the search space for the best position of each particle and
the best positions of all particles:
o Particles as Potential Solutions: Each particle represents a candidate solution (in
our case, a potential feature subset).

o Positions and Velocities: Particles have positions (representing their current

solution) and velocities (indicating their movement direction and speed).
o Collaborative Search: Particles are influenced by:
o Personal Best: Their own best-known position found so far.

o Global Best: The best position discovered by any particle in the entire

swarm.

e Movement Updates: At each iteration, particles adjust their velocities and

positions based on their personal best, the global best, and some degree of
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randomness. This enables them to explore the search space while being drawn

towards promising areas.

Mathematically, PSO can be understood as:

Step 1. Initialization: Initialize a population of particles randomly within the search space.

Each particle represents a potential solution to the optimization problem.

Step 2. Velocity Update: Update the velocity of each particle based on its previous
velocity, personal best position, and global best position. The velocity update formula for

particle i in dimension d is given by:

v+ =wxv,(t)+C 1, ( pbest, — x, (t))

L . Equation (3.11)
(inertia  past/cognitive component)

+C,r, (gbest — xi(t))

social component
x,(t+D)=x()+v,(+1) Equation (3.12)

Where:

1. vi a(t+1) is the updated velocity of particle i in dimension d at time t+1.

2. w 1s the inertia weight controlling the particle's momentum.-

3. ci andcz are acceleration coefficients.

4. r1  andr; are functions generating random values between 0 and 1.
5. pi¢  is the personal best position of particle i in dimension d.

6. ped  1s the global best position among all particles.

7. Xid (t) is the current position of particle i in dimension d at time t.
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Step 3. Position Update: Update the position of each particle based on its velocity. The

position update formula for particle i in dimension d is given by:

Xid (tF1)=xia (t)+tvia (t+1) Equation (3.13)

Step 4. Fitness Evaluation: Evaluate the fitness (objective function value) of each particle

based on its current position.

Step 5. Update Personal Best and Global Best: Update the personal best position piq  for
each particle and the global best position p.a  among all particles based on their fitness

values.

Step 6. Termination Criteria: Repeat steps 2-5 until a termination criterion is met (e.g.,

maximum number of iterations, convergence criteria).

As such, PSO leverages the collective intelligence of particles to explore and exploit the
search space effectively, making it suitable for optimization tasks such as feature

selection.

Key things to consider in these implementations include a few parameters and arguments

to be passed such as:

1. Fitness Function: The heart of PSO for feature selection lies in the fitness
function design. It should accurately evaluate how well a feature subset

contributes to the model's performance.

2. Hyperparameters to consider:

a. swarmsize: Size of the particle swarm (e.g. 30)

b. maxiter: Maximum number of iterations (e.g. 100)
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c. w (inertia weight) and cl, c2 (acceleration coefficients): These influence
the balance between particle personal exploration and convergence

towards the global best.

3. Discrete PSO: This PSO has been adapted to discrete search spaces (what we have
in feature selection problem) where positions require binary values (feature

included or excluded) and termed Ib and ub (lower and upper bounds respectively).

3.13 Model and Model Evaluation

Academic performance prediction can either be a regression or classification problem
depending on the target prediction. If we want to predict continuous score values, we
have a regression problem. Typical models that fit this problem class are linear regression
models such as Simple Linear Regression and Multiple Linear Regression, and non-linear
regression models such as Polynomial Regression, Support Vector Regression, Decision
Tree Regression, and Random Forest Regression. However, if we want to predict whether
the student will pass or fail, then we have a binary classification problem. Typical models
for these problems are Logistic Regression, K-Nearest Neighbours, Support Vector
Machines, Kernel SVM, Naive Bayes and Decision Tree Classification, and Random
Forest Classification models. Nonetheless, we recognize that these typical binary
classification models can be tweaked with binary transformations to perform multi-class
classification which can be useful if we classify students into fail, pass and distinction.
This introduces a certain complexity to our work. We have to properly consider our
datasets to determine if they have binary targets if we would transform them to have a

target binary feature with variables of pass and fail or if they have nominal targets.

Now, Dataset 1 had three grades — CWI1, CW2 AND ESE. CWI represents marks

obtained in the first course week and contains discrete data like 86.5. The same applies
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for CW2 and ESE which represent the scores for the second course week and the end of
the semester respectively. In this case, we have a regression problem and we need not
apply classification except we define a cut-off mark and transform the scores into pass
and fail. Dataset 2 is a classification problem, it was evaluated by Accuracy, Precision, F-
mean and Recall. Dataset 3 has three target variables G1, G2, and G3 representing grades.
Gl is the first period grade (numeric: from 0 to 20), G2 is the second period grade
(numeric: from 0 to 20), and G3 is the final grade (numeric: from 0 to 20, output target).

This is a regression problem.

Model results of datasets] and datasets3 were evaluated using standard Linear
Regression performance metrics — Mean Absolute Error (MAE), Mean Squared Error
(MSE) and R-squared. The performance of the models was assessed with and without
feature selection to compare the impact of different feature selection techniques on model
accuracy and predictive power. This comprehensive evaluation ensures a thorough
analysis of the effectiveness of the different feature selection methods in enhancing the

predictive capabilities of machine learning models for students' performance prediction.

3.14 Evaluation Metrics

Regression model performance is often evaluated utilizing these three metrics: R-squared,

Mean Squared Error (MSE), and Mean Absolute Error (MAE).

R-squared

R-squared (R?) is a statistical measure also called the coefficient of determination, which
shows how much of the variance of the target variable can be anticipated or explained by

the features used as input in a regression model
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A higher score denotes a more favourable model-data fit. R-squared has a scale from 0 to
1 or 0 percent to 100 percent. 100 percent, or 1, means that all of the variability in the
r.esponse data around the mean is explained by the model. Put in another way, the
dependent variable is correctly predicted by the independent variables. R-squared
indicates that independent variables have no predictive power over the dependent variable

if it is zero or 0 percent.

z?:l (y; _J;\i)z
L ()

R’ =1 Equation (3.14)

Where:

yi = actual value

AN

¥, = predicted value

y = mean of the actual values

n = number of data point
Mean Squared Error

Mean Squared Error (MSE) is a statistic that shows the average squared difference
between actual and predicted outcomes It measures the correctness of the model; lower

14,16

values suggest better performance'*'°. By virtue of the squaring of differences, MSE 1is

more sensitive to large errors.

1 A 2 .
MSE= —>", (yi - y’) Equation (3.15)
n
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Mean Absolute Error

The Mean Absolute Error (MAE) is determined by calculating the average absolute
deviation between the actual and predicted values, In comparison with MSE, the Mean

Absolute Error is less prone to outliers!®!>16,
1 «, " .
MAE=—=2%" |y, -y, | Equation (3.16)
n

Several measures such as accuracy, recall, precision and F-measure has been proposed to

evaluate model performance in classification problems.

Accuracy:

Accuracy measures the percentage of true positives and true negatives, or accurate

predictions, among all predictions made.
Precision:

This measures the percentage of actual positive predictions among all the classifier's

positive predictions.
Recall (Sensitivity):
Recall measures the percentage of real positives that the classifier accurately identified.

F- Measure (F1-Score):
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This is the harmonic mean of recall and precision, to provide a balance between the two,
particularly in cases where the distribution of classes is not uniform.
The performance of the models was examined using performance measures based on the

confusion matrix. A two-class confusion matrix is shown in Table 3.10.

Where,

TP =the proportion of positive cases that were correctly identified. For instance, predict

as positive when actual positive.

TN = the proportion of negative cases that were classified correctly. Predict negative

when actual negative.

FN = the proportion of positive cases that were incorrectly classified as negative. Predict

negative when actual positive.

FP = the proportion of negative cases that were incorrectly classified as positive. Predict

positive when actual negative.

TPR = True Positive Rate

PPV = Positive Predictive Value

TP+TN .
Accuracy = Equation (3.17)
TP+TN+ FN + FP
.. TP .
Precision = ——— Equation (3.18)
TP+ FP
TP
Recall = ———— Equation (3.19)
TP+ FN

117



2(Precision™* Recall)

Precision+ Recall

F-measure = Equation (3.20)

Table 3.10 Confusion Matrix

Predict Class

Class Success Class Failure
Actual Class = Success TP FN
Class Class = Failure FP TN

3.15 Tools, Language and Materials

The experiments in this research were conducted with Python as the programming

language. Our Python version is 3.7.0 with details shown in our output below:

3.7.0 (v3.7.0:1bf9¢c5093, Jun 27 2018, 04:06:47) [MSC v.1914 32 bit (Intel)]

We used Python because of its readability, vast community, and rich ecosystem of
libraries that make it serve as the foundation for data analysis, feature engineering,
modelling, and visualization required in this project. The use of Python 3.7 ensures

compatibility with modern libraries and features.

The key libraries we used are:

1. Core Data Science Libraries:

a. Pandas (1.5.3): Provided Data Frames and a wide range of tools for data

loading, cleaning, manipulation, transformation, and analysis.
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b. NumPy (1.24.1): Forms the basis for all numerical computing, multi-dimensional

arrays, and mathematical functions used in our experiments.

c. SciPy (1.9.3): Builds upon NumPy, offering advanced tools for scientific

computing, including optimization, linear algebra, and statistical analysis.

2. Visualization Libraries:

a. Matplotlib (3.7.0): The cornerstone of static plotting in Python. We used it for

creating various plots (line charts, scatter plots, histograms, etc.).

b. Seaborn (0.12.2): Provides statistically informative and aesthetically pleasing

plots based on Matplotlib.

3. Machine Learning Libraries:

a. Scikit-learn (1.2.0): A comprehensive library which we used for:
1. Preprocessing tools: For data scaling, normalization, and encoding.
11 Model evaluation metrics: To assess model performance.

4, Feature Selection Libraries:

a. Scikit-learn's feature selection module: Provided the PCC method.

b. MLxtend (0.21.0): Offers Forward Feature Selection (FOR) implementation.
c. pyswarms (1.4.0): Implemented the Particle Swarm Optimization (PSO) for
feature selection..

For code editing and version control, we used VisualStudio Code. We employed Visual
Studio Code because of its versatility and robust integration with the Python RE. It also

afforded us a streamlined workflow and robust version control.

We used Microsoft Excel for Microsoft Excel initial data exploration and cleaning. We

also used it to create some simple visualizations and tables.
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Our primary computing environment was on a local Windows-based system. However,
we ran codes simultaneously on Google Cloud to ensure there were no errors from

computing limitations.
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Chapter Four

Results and Discussion of Findings

4.1 Introduction
This chapter discusses the results and evaluation outcomes of the experiments carried out

iteratively and comparatively to assess and compare feature selection methods for

predicinting students’ academic performance in a Virtual Learning Environment.

4.2 Results and Discussion

4.2.1 Descriptive Visualisation Results
Below are some descriptive visualization results after the Data Pre-processing of Dataset

1
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Figure 4.1: Distribution of CGPA (Source: Researcher, Adelodun, F. O. 2024)
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Below are some descriptive visualization results of Dataset 2.
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Below are some descriptive visualization results after the Data Pre-processing of Dataset
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4.2.2 Model Training and Evaluation Results

4.3 Dataset 1 Experiment Sets

Table 4.1 The Results of Experiment Set 1

Average MSE  Average R-squared Average MAE

1 Linear Regression 314.81 -0.09247 13.69697
2 Decision Tree 481.6768 -0.66606 14.91809
3 Random Forest 223.4295 0.229647 10.6209

4 SVR (RBF) 292.9208 -0.01037 13.01048
5 KNN 325.8456 -0.11548 13.62819
6 MLP 318.5454 -0.10272 13.78158
7 Gradient Boosting 251.7244 0.127525 11.25462
8 XGBoost 249.7095 0.133933 11.42567
R10 Extra Trees 242.7997 0.167313 11.11915
11 AdaBoost 279.7785 0.028615 13.25315
12 SVR (linear) 308.1571 -0.06394 13.47966
13 SVR (poly) 286.8212 0.010756 12.8311

14 Gaussian Process 1751.601 -5.25361 36.47341
15  KNN (tuned) 308.6294 -0.05458 13.37506
16  Bayesian Ridge 295.2953 -0.01847 13.18661
17  Ridge Regression 312.524 -0.08352 13.64762
18  Lasso Regression 293.3104 -0.00991 13.16934

144



13.18315

-0.01581

294.4782

ElasticNet

19

Regression

—&— Average MSE
—#—Average RE

—i— Average MAE

500

slajalleled |gonsnelg

100

uoissalfay 1aNanseg

uoissalbay osseq

i uoissalbay abpiy
eI, abpiy ueisakeg

— (pauni) NN

5530014 UBISSNELD)

—+ (fed) wns

(Jeaul) YAS

lzo0gepy

s88l] BIP

[ 10089 X

Buisoog walpels

d 1A

M NH

(484 HMAS

158104 WOPUEY

a8l uolsag]

uoissalfay jeau

Figure 4.41: Visual representation of Experiment Set 1 Result

145



Experiment Set 2

The following is the result of running the PCC selector at a threshold greater than 0.6. It

selected eight (8)which was used to train the machine learning models.

Pearson Correlation Matrix
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Figure 4.42: PCC Matrix of Experiment 2 (Dataset 2)
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Table 4.2: The Result of Experiment Set 2

Average Average R- Average MAE
MSE squared
Linear 302.2859 -0.04226 13.35342
Regression
Decision 384.8053 -0.34693 14.05801
Tree
Random 263.4042 0.087904 12.13148
Forest
SVR (RBF) 296.0745 -0.01857 12.99936
KNN 296.3355 -0.01491 13.2783
MLP 313.2623 -0.07168 13.59177
Gradient 264.8725 0.077715 12.23619
Boosting
XGBoost 304.1845 -0.05046 12.63343
LightGBM 271.6999 0.066384 12.52942
Extra Trees 332.7279 -0.16231 13.633
AdaBoost 267.8909 0.072366 12.79653
SVR (linear) 294.2838 -0.00801 13.00514
SVR (poly) 288.4291 0.006913 12.95524
Gaussian 3877291 -14718.1 420.3828
Process
KNN (tuned) 293.5627 0.001015 13.17142
Bayesian 294.5166 -0.01177 13.14262
Ridge
Ridge 299.7191 -0.03225 13.28294
Regression
Lasso 296.7647 -0.02215 13.20578
Regression
ElasticNet 296.1098 -0.02033 13.20679
Regression
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Experiment Set 3

Unfortunately, we cannot print selected features for PCA because PCA doesn't directly
provide "feature names" the way feature selection methods like SelectKBest in PCC do.
This is because PCA transforms the data into a new set of components that are linear

combinations of the original features. It doesn't strictly select specific features.

Also, the resulting principal components (the new 'features') are represented by directions
in the transformed space. We did a PCA Explained Variance analysis (elbow method) to
determine optimal n components value which we found to be between 0.9 and 0.96 at 10

components.

e e L et
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Number of Components

Figure 4.43: PCA Explained Variance of Experiment 3
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So, fitting the models on the PCA-transformed dataset, we get the following results:

Table 4.3: The Result of Experiment 3

Average MSE Average R- Average MAE
squared

Linear Regression 302.8952 -0.04552 13.38349
Decision Tree 578.8873 -1.07215 17.92467
Random Forest 300.9406 -0.03019 13.1167

SVR (RBF) 292.7527 -0.00994 12.98768
KNN 323.8624 -0.11549 13.57187
MLP 328.7724 -0.11996 13.97091
Gradient Boosting 328.5207 -0.13361 13.98714
XGBoost 341.362 -0.17653 13.87984
LightGBM 349.0052 -0.21111 13.95963
Extra Trees 306.1674 -0.04383 13.27959
AdaBoost 319.1056 -0.11116 13.87409
SVR (linear) 307.5677 -0.06011 13.41835
SVR (poly) 293.6241 -0.0143 13.05535
Gaussian Process 1525.781 -4.44261 33.2103

KNN (tuned) 313.051 -0.07384 13.50823
Bayesian Ridge 295.5758 -0.01959 13.17439
Ridge Regression 302.7898 -0.04515 13.38076
Lasso Regression 293.5146 -0.01128 13.07444
ElasticNet Regression 292.3099 -0.00802 13.07271
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Figure 4.45: Visual representation of Experiment Set 3 Result

Experiment Set 4

We run the scaled dataset with FOR only as feature selection. Knowing the non-linearity
of our dataset, we chose “RandomForestRegressor” and “DecisionTreeRegressor” as our
FOR estimators. We used GirdSearch to perform a hyperparameter search on

“n_features to_select” from 3 to 23 to find the optimal value.
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Table 4.4: The result of Experiment 4

Average MSE  Average R-squared Average MAE
Linear Regression 315.2957 -0.09501 13.68136
Decision Tree 426.0438 -0.51315 15.03338
Random Forest 237.9175 0.181225 11.44543
SVR (RBF) 292.9108 -0.0109 12.98584
KNN 332.6935 -0.14387 13.79145
MLP 322.5508 -0.11947 13.71777
Gradient Boosting 267.4766 0.0691 12.20902
XGBoost 274.8883 0.048817 12.53197
LightGBM 270.2428 0.07956 12.18283
Extra Trees 267.5636 0.077452 12.04694
AdaBoost 292.0608 -0.01456 13.11031
SVR (linear) 311.9695 -0.07795 13.50007
SVR (poly) 287.8989 0.006328 12.80858
Gaussian Process 1623.462 -4.79849 34.39143
KNN (tuned) 315.9393 -0.08975 13.58896
Bayesian Ridge 297.6101 -0.02864 13.23092
Ridge Regression 313.3432 -0.08741 13.63518
Lasso Regression 297.7939 -0.02821 13.22409
ElasticNet Regression 296.7159 -0.02559 13.19829
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Figure 4.46: Visual representation of Experiment Set 4 Result

Experiment Set 5§

For the PSO setup itself, we ensured that the dimensions of the search space matched the
total number of features in our original dataset (24). So, we initialized 24 particles to
search this space. We also set the cognitive, social, and inertia parameters ('C;", "Cz’, and
W) to 0.5, 0.3, and 0.9, respectively, as a balanced starting point. Once the PSO finished

searching, it extracted the features that were consistently selected in the best solutions
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(those with positions greater than 0.5) and we input that in the regression models we have

evaluated. We found the following result from our models.

Table 4.5: The result of Experiment 5

Average MSE  Average R- Average MAE
squared

Linear Regression 314.81 -0.09247 13.69697
Decision Tree 481.6768 -0.66606 14.91809
Random Forest 223.4295 0.229647 10.6209

SVR (RBF) 292.9208 -0.01037 13.01048
KNN 325.8456 -0.11548 13.62819
MLP 318.5454 -0.10272 13.78158
Gradient Boosting 251.7244 0.127525 11.25462
XGBoost 249.7095 0.133933 11.42567
LightGBM 250.9639 0.143603 11.41556
Extra Trees 245.7222 0.156451 11.22059
AdaBoost 268.522 0.069014 12.95594
SVR (linear) 308.1571 -0.06394 13.47966
SVR (poly) 286.8212 0.010756 12.8311

Gaussian Process 1751.601 -5.25361 36.47341
KNN (tuned) 308.6294 -0.05458 13.37506
Bayesian Ridge 295.2953 -0.01847 13.18661
Ridge Regression 312.524 -0.08352 13.64762
Lasso Regression 293.3104 -0.00991 13.16934
ElasticNet Regression 294.4782 -0.01581 13.18315
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Figure 4.47: Visual representation of Experiment Set 5 Result

Experiment Set 6

This is the proposed model, PF- PSO, a combination of PCA, FOR and PSO. Combining
these techniques, we hope to achieve a more comprehensive feature selection process and

improve our model's performance.
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Table 4.6: The result of Experiment 6

Average MSE  Average R-squared Average MAE

Linear Regression 310.6982 -0.07888 13.77405
Decision Tree 663.8221 -1.35404 19.43788
Random Forest 324.0596 -0.14001 13.61323
SVR (RBF) 300.5625 -0.04531 13.28329
KNN 335.8528 -0.17283 13.91777
MLP 326.6266 -0.13815 14.04312
Gradient Boosting 351.3551 -0.24592 14.46499
XGBoost 385.4649 -0.37225 15.184

LightGBM 355.879 -0.26008 14.38811
Extra Trees 334.276 -0.17135 13.68018
AdaBoost 355.4155 -0.2629 14.64434
SVR (linear) 317.4653 -0.10213 13.84965
SVR (poly) 318.1219 -0.10192 13.87862
Gaussian Process 46854.78 -169.347 138.2104
KNN (tuned) 337.3727 -0.17243 14.05427
Bayesian Ridge 304.2629 -0.05563 13.57231
Ridge Regression 310.5051 -0.0782 13.76995
Lasso Regression 304.5223 -0.05669 13.59095
ElasticNet Regression 304.4046 -0.05646 13.59885
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Figure 4.48: Visual representation of Experiment Set 6 Result

4.4 Dataset 2 Experiment Sets

Now, we perform a standardization scaling on our dataset and begin the experiment sets.

Experiment Set 7

We ran the scaled dataset without feature selection into the 9 models and tested with a 10-

fold cross-validation. Now, we have two ways to approach the classification.

156



In one way, we encode “Class” values of “L”,”"M” and “H” into 0, 1, and 2 respectively
which also conveys the ordinality of the classes. In this case, the models perform multi-

class classifications to predict class values of 0, 1 and 2.

In the second way, we encode the “Class” variable into three new variables — “Class_L”,
“Class. M” and “Class H” and assign binary values appropriately to represent the class
value. So, a “Class” value of “L” will work out as 1, 0, 0 across “Class_L”, “Class M”
and “Class_H”; “Class” value of “M” works out to 0, 1, 0; and a “class” value of “H”
works out to 0, 0, 1. In this case, we let the models perform three multi-class predictions
across “Class L7, “Class M” and “Class H” and test the precision for prediction each

class correctly.

For the first case, we got the following results:

157



Table 4.7: Result of Experiment 7 (Single Class Prediction)

Model Accurac Accurac F1 F1 Recall Recall Precision Precision

y Mean yStd Mean Mean Mean  Std Mean Std
Std

Logistic 0.7188 0.0598 0.7258 0.0621 0.7291 0.0597 0.7391 0.0674

Regressio

n

k-NN 0.6000 0.0708 0.6020 0.0764 0.6082 0.0782 0.6266 0.0737

SVM 0.5917 0.0752 0.5855 0.0809 0.6032 0.0824 0.6397 0.0993

Random 0.6813 0.0575 0.6798 0.0679 0.6831 0.0664 0.7142 0.0527

Forest

Gradient 0.6542 0.0711 0.6591 0.0700 0.6626 0.0663 0.6835 0.0803

Boosting

XGBoost  0.6646 0.0628 0.6690 0.0617 0.6716 0.0617 0.6973 0.0679

LightGB 0.6583 0.0660 0.6653  0.0667 0.6667 0.0703 0.6897 0.0679

M

Naive 0.6896 0.0451 0.6996 0.0458 0.7175 0.0540 0.7202 0.0573

Bayes

Neural 0.6688 0.0694 0.6714 0.0687 0.6763 0.0666 0.7080 0.0760

Network
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In the second case, we got the following results:

Table 4.8: Result of Experiment 7 (Multi-Class Prediction)

Recallm mean Recallm Std - Precision Mean - Precision Std| |

SVM  Random Fofgsadient Boostin g{GBoost LightGBM Naive BayeMeural Network
Machnine leamine models

Visual representation of Experiment Set 7 (Single-Class Prediction)

Model Class Accuracy Accuracy F1 F1Mean Recall Recall Precision Precision
Mean Std Mean Std Mean  Std Mean Std

Logistic L 0.9000 0.0580 0.8190 0.0961 0.8301 0.1273 0.8379 0.1574
Regression

Logistic M 0.5604 0.0782 0.4099 0.1469  0.3758 0.1690 0.5133 0.1479
Regression

Logistic H 0.8104 0.0681 0.6745 0.1050  0.6743 0.1713 0.7091 0.1239
Regression

k-NN L 0.8292 0.1061 0.6768 0.1851 0.6731 0.2174 0.7456 0.2321
k-NN M 0.6021 0.0655 0.5504 0.0487  0.5552 0.0909 0.5642 0.0842
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0.1352
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Figure 4.50 Visual representation of Experiment Set 7 (Multiple-Class Prediction)
Result

Experiment Set 8

Here, dataset 2 was ran with Pearson Correlation Coefficient feature selection. We did

this with selection threshold values of 0.1 and 0.5.
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the target variable ( for Dataset 2)
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Table 4.9: Result of Experiment 8 (at Threshold 0.1)

Model Accuracy Accuracy F1Mean F1Std Recall Recall Precision Precision
Mean Std Mean  Std Mean Std

Logistic 0.7333 0.0565 0.7411 0.0591 0.7427 0.0523  0.7529 0.0598

Regression
k-NN 0.6042 0.0801 0.6069 0.0879 0.6128 0.0895 0.6282 0.0852
SVM 0.5958 0.0769 0.5894 0.0837 0.6071 0.0845 0.6436 0.0996

Random 0.7333 0.0657 0.7377 0.0694 0.7380 0.0713  0.7602 0.0638

Forest

Gradient 0.6792 0.0529 0.6866 0.0489 0.6876 0.0555 0.7013 0.0531

Boosting
XGBoost  0.6688 0.0820 0.6740 0.0812  0.6766  0.0800  0.6947 0.0849
LightGBM 0.6667 0.0828 0.6733 0.0825 0.6735 0.0852  0.6942 0.0867

Naive 0.7188 0.0627 0.7303 0.0624 0.7446  0.0657  0.7453 0.0647
Bayes

Neural 0.6896 0.0614 0.6913 0.0681 0.6963 0.0722 0.7149 0.0604
Network
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Figure:4.52 Visual representation of Experiment Set 8 (at Threshold 0.1) Result
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Table 4.10: Result of Experiment 8 (at Threshold 0.5)

Model Accuracy Accuracy F1 F1Std Recall Recall Precision Precision
Mean Std Mean Mean  Std Mean Std
Logistic 0.7146 0.0884 0.7212  0.0951 0.7273 0.0998 0.7426 0.0910
Regression
k-NN 0.5521 0.0819 0.5502 0.0970 0.5596 0.0985 0.5743 0.0908
SVM 0.6063 0.0920 0.6085 0.1012 0.6229 0.1067 0.6476 0.0925
Random 0.6792 0.0946 0.6864 0.0942 0.6870 0.0991 0.7105 0.0961
Forest
Gradient 0.6604 0.0950 0.6690 0.0942 0.6754  0.0945 0.6920 0.0976
Boosting
XGBoost 0.6354 0.0919 0.6478 0.0901 0.6476 0.0926 0.6646 0.0948
LightGBM  0.6333 0.0890 0.6417  0.0895 0.6427 0.0925 0.6711 0.0912
Naive Bayes 0.6896 0.0788 0.7023  0.0786 0.7224 0.0838 0.7212 0.0845
Neural 0.6563 0.0537 0.6606 0.0699 0.6793 0.0698 0.6841 0.0734
Network
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Figure 4.53 Visual representation of Experiment Set 8 (at Threshold 0.5) Result

Experiment Set 9
Here, we perform PCA only for feature selection with a 0.95 value for n component

Again, we performed an Explained Variance Analysis to identify a good value for n

components
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Figure 4.54: PCA Explained Variance Analysis for Experiment 9

So, fitting the models on the PCA-transformed dataset, we get the following results:

Table 4.11: Result of Experiment 9

Model Accuracy Accuracy F1 F1 Std Recall Recall Precision Precision
Mean Std Mean Mean  Std Mean Std

Logistic 0.6063 0.0924 0.6066 0.1003 0.6199 0.1030 0.6423 0.0903
Regression

k-NN 0.6063 0.0771 0.6089 0.0853 0.6144 0.0872 0.6309 0.0813
SVM 0.6063 0.1039 0.6062 0.1111 0.6151 0.1115 0.6430 0.1108

Random 0.5917 0.0933 0.5905 0.1043 0.5959 0.1093 0.6257 0.1045
Forest

Gradient 0.5313 0.0693 0.5298 0.0840 0.5309 0.0888 0.5690 0.0760
Boosting

XGBoost  0.5563 0.1025 0.5591 0.1089 0.5606 0.1170 0.5953 0.0952
LightGBM 0.5688 0.0828 0.5670 0.0960 0.5720 0.1030 0.6074 0.0830

Naive 0.5792 0.0945 0.5857 0.1003 0.6095 0.1011 0.6109 0.1029
Bayes

Neural 0.5792 0.0784 0.5857 0.0837 0.5957 0.0809 0.6100 0.0856
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Figure: 4.55 Visual representation of Experiment Set 9 Result

Experiment Set 10

Here, we ran our dataset with FOR only as the feature selection we decided to create an
ensemble of Logistic Regression and RandomForest Classifier as estimators for our
sequential feature selection then we passed the selected features into all the models. We

got the following results.

Table 4.12: Result of Experiment 10
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Model Accuracy Accuracy Precision Precision Recall Recall F1 F1 Std
Mean Std Mean Std Mean  Std Mean

Logistic 0.7375 0.0598 0.7602 0.0651 0.7478  0.0627 0.7440 0.0613
Regression

k-NN 0.5896 0.0982 0.6106 0.1106 0.6016 0.1104 0.5929 0.1068

SVM 0.6000 0.0868 0.6448 0.1136 0.6084 0.0927 0.5921 0.0940

Random 0.7000 0.0375 0.7267 0.0353 0.7050 0.0518 0.7054 0.0446
Forest

Gradient 0.6833 0.0500 0.7127 0.0522 0.6848  0.0550 0.6868 0.0487
Boosting

XGBoost 0.6542 0.0619 0.6839 0.0738 0.6625 0.0669 0.6620 0.0613

LightGBM  0.6813 0.0646 0.7089 0.0749 0.6886 0.0680 0.6870 0.0649

Naive 0.7125 0.0306 0.7418 0.0382 0.7402 0.0465 0.7222 0.0340
Bayes
Neural 0.6729 0.0536 0.7178 0.0499 0.6859 0.0619 0.6708 0.0692
Network
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Figure 4.56 Visual representation of Experiment Set 10 Result

Experiment Set 11

Here, we ran our dataset with PSO only as the feature selection method. We found the

following result from our models.
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Table 4.13: Result of Experiment 11

Avg. Avg. Precision  Avg. Recall Average F1

Accuracy Mean
Logistic 0.752083 0.762559 0.756876 0.755334
Regression
k-NN 0.610417 0.620669 0.617673 0.607957
SVM 0.610417 0.616677 0.630555 0.619232
Random Forest 0.79375 0.803606 0.79219 0.794638
Gradient Boosting  0.7625 0.768078 0.760758 0.760412
XGBoost 0.754167 0.762672 0.755929 0.754554
LightGBM 0.76875 0.780891 0.761748 0.76667
Naive Bayes 0.710417 0.718859 0.730219 0.714991
Neural Network 0.714583 0.72595 0.721131 0.714711
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Figure 4.57: Visual representation of Experiment Set 11 Result

Experiment Set 12

Here, we use our PF-PSO approach for feature selection. We found the following results

from our models.
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Table 4.14: Result of Experiment 12

Avg. Accuracy Average Average Recall Average F1

Precision Mean
Logistic 0.641667 0.644493 0.652968 0.643064
Regression
k-NN 0.61875 0.6294 0.6257 0.620159
SVM 0.639583 0.64472 0.658631 0.644098
Random Forest 0.654167 0.658717 0.666966 0.658124
Gradient Boosting 0.608333 0.618611 0.61687 0.609822
XGBoost 0.604167 0.611548 0.613044 0.607973
LightGBM 0.6 0.60988 0.611888 0.6041
Naive Bayes 0.645833 0.648899 0.678399 0.65182
Neural Network 0.61875 0.628545 0.640701 0.622643
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Figure 4.57 Visual representation of Experiment Set 12 Result

4.5 Dataset 3 Experiment Sets

Now, we perform a standardization scaling on our dataset and begin the experiment sets.

Experiment Set 13

Here, we ran the processed dataset without feature selection into the 19 models .We got

the following results:
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Table 4.15: Result of Experiment 13

Average MSE

Average R-squared

Average MAE

Linear Regression
Decision Tree
Random Forest
SVR (RBF)

KNN

MLP

Gradient Boosting
XGBoost
LightGBM

Extra Trees
AdaBoost

SVR (linear)

SVR (poly)
Gaussian Process
KNN (tuned)
Bayesian Ridge
Ridge Regression

Lasso Regression

4.167037473
5.943653846
2.534196673
6.631440243
8.664735897
4.878417487
2.769427716
3.018841715
2.711731538
3.57945591

3.095818299
4.03774909

5.663651744
125.8750997
7.770882602
4.029990154
4.14182235

4.824687657

ElasticNet Regression 5.836188808

0.793348758
0.701857363
0.878131433
0.681717595
0.566625751
0.753700671
0.865406866
0.850669077
0.869119483
0.82609068
0.845694729
0.808761183
0.723184995
-5.483777034
0.620520526
0.800593917
0.794668374
0.770646329
0.720569846

1.362017551
1.276987179
0.977377564
1.570204329
2.108423077
1.554396686
1.044217105
1.019573491
1.061075629
1.151033333
1.175335621
1.021310769
1.466979659
10.26894336
1.94532634

1.319374309
1.354239671
1.347107983
1.54858554
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Figure 4.58 Visual representation of Experiment Set 13 Result

Experiment Set 14

Here, we ran dataset with Pearson Correlation Coefficient feature selection. We did this

with a selection threshold at 0.6.

Below is the PCC matrix:
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Figure 4.59: PCC Matrix of Experiment 14 ( for Dataset 3)

Now, running the models on these features produced the following results:
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Table 4.16: Result of Experiment 14

Average MSE Average R-squared  Average MAE

Linear Regression 3.801511 0.81745 1.179896
Decision Tree 7.566166 0.619835 1.490128
Random Forest 5.110064 0.74687 1.334034
SVR (RBF) 5.127085 0.754779 1.277935
KNN 5.608195 0.730465 1.564385
MLP 4.745322 0.772009 1.355507
Gradient Boosting 4.257462 0.792503 1.266013
XGBoost 6.956212 0.658305 1.527786
LightGBM 4.4855 0.782048 1.359939
Extra Trees 6.475354 0.679382 1.449573
AdaBoost 4.952309 0.752401 1.53436

SVR (linear) 4.064841 0.807427 1.006872
SVR (poly) 6.767886 0.674616 1.655411
Gaussian Process 883268.6 -40750.2 88.62502
KNN (tuned) 5.539747 0.733024 1.507393
Bayesian Ridge 3.801091 0.817508 1.176369
Ridge Regression 3.801076 0.817506 1.176555
Lasso Regression 4.824555 0.770655 1.346927
ElasticNet Regression 6.773973 0.676691 1.737694
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Figure 4.60: Visual representation of Experiment Set 14 Result

Experiment Set 15

We run the dataset with PCA only for feature selection with a 0.95 value for

n_components. This selected 29 columns.
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Figure 4.61: PCA Explained Variance of Experiment 15

Fitting the models on the PCA-transformed dataset, we get the following results:

Table 4.17: Result of Experiment 15

Average MSE Average R-squared  Average MAE

Linear Regression 3.943025 0.805574 1.319135
Decision Tree 12.81077 0.331617 2.412051
Random Forest 6.346573 0.697071 1.694247
SVR (RBF) 7.077807 0.660296 1.641759
KNN 8.291603 0.590026 2.052628
MLP 6.467473 0.673641 1.944505
Gradient Boosting 5.643729 0.721785 1.594324
XGBoost 6.807857 0.675741 1.770869
LightGBM 5.736735 0.722214 1.662418
Extra Trees 5.963539 0.712357 1.619804
AdaBoost 7.518536 0.633796 2.071861
SVR (linear) 4.014464 0.808969 1.136138
SVR (poly) 7.57469 0.630727 1.794704
Gaussian Process 123.2046 -5.34491 10.15998
KNN (tuned) 7.55379 0.631294 1.93834
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Bayesian Ridge 3.921699 0.806536 1.305111

Ridge Regression 3.937712 0.80582 1.316371
Lasso Regression 6.990429 0.662641 1.760004
ElasticNet Regression  6.959303 0.66431 1.761868
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Figure 4.62 Visual representation of Experiment Set 15 Result
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Experiment Set 16

Here, we do the same as above but with FOR-only feature selection. We used Random
Forest as our estimator and GridSearchCV to perform an hyperparameter search on

“n_features to select”. We got the following results:

Table 4.18: Result of Experiment 16

Average Average Average MAE

MSE R-squared
Linear Regression 4.118546 0.797603 1.309694
Decision Tree 5.324487 0.740587 1.198077
Random Forest 2.688065 0.870081 0.977721
SVR (RBF) 5.714514 0.726377 1.437079
KNN 6.822226 0.66682 1.760256
MLP 6.468993 0.683327 1.7786
Gradient Boosting 2.898625 0.860079 1.027734
XGBoost 3.450973 0.824524 1.086595
LightGBM 3.103504 0.848246 1.124777
Extra Trees 3.514586 0.830325 1.121525
AdaBoost 3.475162 0.824737 1.247554
SVR (linear) 4.019269 0.809742 1.001696
SVR (poly) 5.294474 0.741806 1.390587
Gaussian Process 54.04301 -1.77099 6.251583
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KNN (tuned) 6.324613
Bayesian Ridge 4.022682
Ridge Regression 4.095334
Lasso Regression 4.824688
ElasticNet Regression 5.836188
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Experiment Set 17

Here, we ran the dataset with PSO only for feature selection. We got the following

results:
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Table 4.19: Result of Experiment 17

Average MSE Average R-squared  Average MAE

Linear Regression 3.984497 0.806163 1.267431
Decision Tree 4.586987 0.773628 1.159167
Random Forest 2.589775 0.876785 0.986213
SVR (RBF) 6.142015 0.707615 1.522492
KNN 8.533469 0.57933 2.096269
MLP 5.669768 0.71543 1.718157
Gradient Boosting 2.853889 0.864443 1.017283
XGBoost 3.080157 0.853179 1.055011
LightGBM 2.806665 0.867229 1.087287
Extra Trees 3.407799 0.836179 1.14794

AdaBoost 3.210163 0.843219 1.202577
SVR (linear) 4.01417 0.809832 0.99843

SVR (poly) 5.859616 0.715598 1.486147
Gaussian Process 50.25826 -1.58535 5.904181
KNN (tuned) 7.942969 0.616761 2.007051
Bayesian Ridge 3.927357 0.809477 1.243473
Ridge Regression 3.967498 0.807136 1.261143
Lasso Regression 4.824555 0.770655 1.346927
ElasticNet Regression 6.678357 0.681231 1.729106
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Figure 4.64 Visual representation of Experiment Set 17 Result

Experiment Set 18

Here, we carry out our PF-PSO approach. We got the following
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Table 4.20: Result of Experiment 18

Average MSE Average R-squared  Average MAE
Linear Regression 3.784 0.816 1.217
Decision Tree 4.387 0.783 1.109
Random Forest 2.489 0.886 0.936
SVR (RBF) 5.942 0.717 1.472
KNN 8.333 0.589 2.046
MLP 5.469 0.725 1.668
Gradient Boosting 2.753 0.874 0.967
XGBoost 2.980 0.863 1.005
LightGBM 2.706 0.877 1.037
Extra Trees 3.307 0.846 1.097
AdaBoost 3.110 0.853 1.152
SVR (linear) 3.814 0.819 0.948
SVR (poly) 5.659 0.725 1.436
Gaussian Process 50.058 -1.575 5.854
KNN (tuned) 7.742 0.626 1.957
Bayesian Ridge 3.727 0.819 1.193
Ridge Regression 3.767 0.817 1.211
Lasso Regression 4.624 0.780 1.297
ElasticNet Regression  6.478 0.691 1.679

188



5 | 1 Average MSE
[ Average R? n
Average MAE
6 = =
5 : _
z 2
m —
=
0 44
= - . -
o
M
2
2 5]
21
) ﬂ ﬂ Jﬂ
; [ 1l
_2 L I L7T I I 7T T | I I I T
R S N
FESE **é”fﬂmgéfg}“g%@ﬁ@@ﬁﬁé’?
& & & & ol g P I
s F & @ S & S 5 5
LEEe FUVEFTosFFELE
& & & & F ¥Ho o
L & & & T LI
~ © @ N

Figure 4.65 Visual representation of Experiment Set 18 Result

Table 4.21: Tabulation and Comparison of Results

DATASET ONE

DATASET TWO

DATASET THREE

Without
feature
selection

Without
feature
selection

Contains non-linear
relationship between
feature and target
vartiable.

Random forest is best
performing model.

Worse performing is
Gaussian process.

Contains linear
relationships between
features and target
variables.

Overall, single class
logistic Regression
and Naive Bayes are
best performing
model.

Contains non-linear
relationships between
features and target
variable.

Random forest model
merged as the best
performing model
followed by Gradient
Boosting, lightGBM
and XGBoost K-NN

189



With PCC
feature
selection

With PCA
only

With FOR

Method

With PSO
only

The results of the
linear model improved
because of the
linearity from PCC.

Random forest is the
best performing model
but its performance is
worse after PCC
feature selection

Using only PCA
feature selection
worsen the Decision
model compared to
experiment 1, without
feature selection,
while linear models K-
NN at default, and
Ridge Regression
were improved
compare to experiment
1 due to increased
linearity but linearity
is not strong enough
for a satisfactory
performance.

Forward selection
seems to have
negative to neutral
impact on the
performance of the
model. Lesser features
selected seem to get
worse results
indicating that all
variables in the dataset
might have significant
contributions to
prediction.

MAE values
demonstrated relative
consistency across

PCC threshold at 0.1
had superior
performance compared
to PCC threshold at
0.5 where few
selection were
selected. Logistic
Regression, a linear
model performed
better with more
features

Experiment 9
exhibited slightly
lower performance
across must models
compared with
experiment 7(without
feature selection) .
indicating using FS
might have led to loss
of relevant
information.

The highest
performing models
include logistic
regression, followed
by Naive Bayes and
Random forest.

The results were very
impressive for
Random Forest and

and Gaussian.

Process model
performed poorly.

The performance of
models generally
worsen when
compared with
experiment 13 where
no features were
selected.

PCA improved the
linear models slightly
when compared to
experiment 13 but
worsened the earlier
top performers like
Random Forest,
LightGBM and
Gradient Boosting.

The highest
performing models are
Random forest linear
Regression. The MAE
are moderate

spreading between 1
and 1.8.

The results show that
Random Forest
merged as best
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folds, indicating a Logistic Regression performing model with

stable average error good (MSE and MAE)
magnitude.

PF-PSO Random Forest With PF-PSO for The performance of
performed better than  feture selection, all the PF-PSO on models
other models. The models over 65% in was very good. The
values of the MAE is  accuracy. Comparing  average R-squares
relative consistent their performance with were over 80%. The
across the folds but the PSO only thieir same with PSo ony
performance are not as perfomance for (Experiment 17). Their
impressive as when logistic Regression performance were
feature selection and Random Forest close over v80%
method is PSO only were over 75% in
(Experiment5) accuracy

4.6 Discussion of Results

4.6.1 Discussion on Dataset 1

When the dataset without feature selection was run into the model, the results obtained
were compared with three metrics-R-squared (R?), Mean-Squared Error (MSE) and Mean
Absolute Error (MAE). A higher R? value means better model performance and a lower
MSE indicates a better performance. lower MAE values indicate more accurate
predictions. Randorm Forest model obtained the highest R? of 0.229 which means
Random Forest can explain 22.9% of the variance in the final grades. Random Forest had

the lowest MSE at 223.4, and the lowest MAE at 10.62.

The fold result of best performing model, reveals that the MAE is relatively consistent

indicating that the magnitude of errors is fairly similar across folds.

The second experiment (experiment 2) after PCC feature selection is worse than the first
experiment where no feature was selected. The performance of the linear models slightly

improved when compared with experiment 1 results, but still unacceptable because of the
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increased linearity from the PCC selection method. The dataset was run with PCA only
for feature selection with a 0.95 value for n components. Fitting the models on the PCA-
transformed dataset, the results obtained showed that Decision tree models are worsened

with PCA for feature selection and only slightly improved the linear regression models.

In Experiment Set 4, with Forward feature selection seems to have a negative to neutral
impact on the performance of the models. Lesser features selected seemed to get more
results indicating that all the features in the dataset have significant contributions to the

prediction.

PSO for feature selection, Random Forest is the best performing model, the result of
Random Forest within the folds revealed the MAE values were relatively consistent
across folds from 8 to 14 indicating a stable average error magnitude. MAE for evaluation

focus on average error which can lead to more accurate and reliable models.

For our proposed framework, PF-PSO. For the PCA step, PCA explained variance
analysis to determine the optimal n components value, which we found to be between 0.9
and 0.96 at 10 components. We ran the PCA and selected 10 n-features, we ran forward
feature selection iterating with n-features, from 3 to 10 and got good results at 8. We fed
this into PSO which selected 5 features and trained our models on this final selection. The
results obtained showed that a combination of PCA, FOR and PSO could not outperform

PSO in experiment 5.

4.6.2 Discussion Two on Dataset 3

The dataset 3 was compared with three evaluation metrics-R-Squared, MSE and MAE.
The dataset was run into the models without feature selection. The best performaning

model is Random Forest with the highest R? of 0.878 which indicates it can explain
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87.8% of the variance in the final grades. Random Forest had the lowest MSE at 2.534
and the lowest MAE at 0.977. the low error metrics (MSE and MAE) further highlight the
strong predictive accuracy of experiment 13 without feature selection. Other strong
performers included Gradient Boosting, Light GBM and XGBoost. Gradient Boosting
achieved metrics close to those of Random Forest with slightly higher MSE and MAE but

still maintaining strong predictive accuracy.

In contrast, KNN performed poorly in both its default and tuned versions with high errors
and low R2. Random Forest model demonstrated the highest accuracy and reliability(folds
result) making it the best choice for predicting student grades in this dataset. The poor
performance of KNN especially compared to models like Random Forest highlights the
importance of feature selection and model complexity. KNN’s sensitivity to irrelevant
features can lead to poor performance when many features are present especially if they

are not all equally informative.

We ran the dataset with PCC feature selection with a selection threshold of 0.6. The top
performing models performed worse because of the poor linearity of the dataset. The
linear models performed better but not as well as Random Forest in Experiment 13. We
run the dataset with PCA only for feature selection with a 0.95 value for n-components.
This selected 29 components. Fitting the models on PCA transformed dataset we obtained

the result in Table 4.35.

PCA transforming the data improved the linear models slightly (when compared to

Experiment 13) but worsened the earlier top performers.

When we ran the dataset with FOR — only for feature selection, the performance of KNN
improved when compared with experiment 13. The Random Forest is still the best

performing model.
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Comparing the performances with PSO only for feature selection and with the
combination of PCA, FOR and PSO. Their performance is close. Random Forest had
2.589 for MSE, R? is 0.877 and 0.986 for experiment 17(PSO only for feature selection).
For experiment 18, 2.489, 0.886 and 0.936 for MSE, R? and MAE respectively(PCA,

FOR and PSO).

4.6.3 Discussion 3 on Dataset 2

The dataset 2 was evaluated and compared with Accuracy, Recall, Flmean and precision.
Without feature selection for single class model, the highest performing model is the
Logistic Regression accuracy mean of 0.7188 and F1 mean of 0.7258, demonstrating its
ability to handle the multi-class nature of the problem effectively. This is followed by the
Naive Bayes classifier, which shows a performance with an accuracy mean of 0.6896 and
Fi1 mean of 0.6996. The binary classifiers generally perform better for low class (L) and
High class (H) compared to medium(M). This indicated that these models are highly
effective at identifying ‘low’ category students and the capability to distinguish between
the high-performing students effectively. Comparing the results from the single ‘class’
models with the binary classification approach provides several insights. The single ‘class’
models offer a balanced view . and are simpler to implement but may not capture the
peculiarities of each class as effectively as the binary approach. However, the result of the
class- M indicates that binary classification highlights areas where data may inherently be

more challenging to classify.

The dataset was run with the PCC with the threshold values of 0.1 and 0.5 respectively. A
thresholdof 0.1 selected more features and had better model performance metrics than the
threshold of 0.5 where the performance metrics reduced as the threshold was increased.

The superior performance metrics at the lower PCC threshold of 0.1 suggest that the
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dataset contains a mix of linear and non-linear relationships among features and the target
variable. By retaining a more extensive set of features, even those with weaker
correlations, the models were better equipped to capture complex, non-linear patterns
within the data. This indicates that the predictive relationships in the dataset are not
strictly linear, as a model relying purely on strong linear correlations (represented by a

higher PCC threshold) performed worse.

The improved performance of models like Logistic Regression, Random Forest, and
Gradient Boosting with a broader feature set implies that these algorithms benefit from
the additional information provided by weakly correlated features. Logistic Regression, a
linear model, still performed better with more features, suggesting that the presence of
more explanatory variables helps to model multi-dimensional linear interactions more

effectively.

The decline in performance at the higher PCC threshold of 0.5, where fewer features were
selected, indicates that the dataset's complexity cannot be adequately captured by a
limited set of strongly correlated features. This points to an inherent non-linearity and
interdependence among the features that require a comprehensive set of variables to
model accurately. The standard deviations of accuracy, F1, recall, and precision metrics
were also higher at the 0.5 thresholds, highlighting that the models became less stable and
more sensitive to data splits, further affirming the importance of a diverse feature set in

capturing the true underlying patterns.

Additionally, the selection of specific features at the 0.1 threshold, such as "NationallTy",
"PlaceofBirth", and "Topic’, which are not directly numeric but categorical, suggests that
these features likely interact with other variables In ways that are not purely linear. Their

inclusion improves model performance, indicating their combined effect with other
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features provides significant predictive power, supporting the idea of complex, non-linear

interactions within the data.

Lastly, the analysis indicates that the dataset is characterized by both linear and non-linear
relationships. Effective predictive modelling in this context requires retaining a broad set
of features to capture the multi-dimensional and intricate interactions among variables.
This suggests that the dataset benefits from techniques capable of handling non-linearities
and complex feature interactions, reaffirming the importance of more comprehensive

feature selection strategies in achieving robust model performance.

Meanwhile, when we compare the results of Experiment 7 (no feature selection) with the
best of Experiment 8 (using Pearson Correlation Coefficient (PCC) feature selection at a
threshold of 0.1, we observe that PCC feature selection generally improved model
performance compared to no feature selection. For example, the accuracy mean for
Logistic Regression increased from 0.7188 to 0.7333, and the F1 mean increased from
0.7258 to 0.7411. Similarly, Random Forest's accuracy mean rose from 0.6813 to 0.7333,
and its F1 mean improved from 0.6798 to 0.7377. This trend suggests that retaining more
features, even those with weak correlations enhances model performance by providing

more comprehensive information for prediction.

Notably, Experiment 7 utilized all available features, whereas Experiment 8 with a PCC
threshold of 0.1 slightly reduced the feature set by excluding highly correlated ones. The
better performance with a PCC threshold of 0.1 indicates that the dataset benefits from a
reduced feature set, suggesting that some degree of multicollinearity may have been
present. Hence, the slight reduction in features helped eliminate redundancy without

losing significant information, thereby enhancing the model's ability to generalize.
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The results from Experiment 9 indicate varying model performance compared to
Experiments 7 and 8. In Experiment 9, Logistic Regression achieved an accuracy mean of
0.6063 with a standard deviation of 0.0924, while other models like k-NN, SVM,
Random Forest, Naive Bayes, and Neural Network showed similar performance with
accuracy means around 0.60 to 0.61. However, Gradient Boosting, XGBoost, and

LightGBM performed notably worse with accuracy means around 0.53 to 0.57.

Comparing with Experiment 7, where no feature selection was applied, Experiment 9
generally exhibited slightly lower performance across most models. Models like Logistic
Regression, k-NN, SVM, Random Forest, Naive Bayes, and Neural Network performed
better without feature selection, suggesting that PCA might have led to a loss of relevant

information.

Furthermore, when compared with Experiment 8, which utilized Pearson Correlation
Coefficient (PCC) feature selection, Experiment 9 generally performed worse. Models
such as Logistic Regression, k-NN, SVM, and Random Forest showed better performance
with PCC feature selection compared to PCA. Naive Bayes and Neural Network
maintained similar performance between the two experiments, while Gradient Boosting,

XGBoost, and LightGBM also performed better with PCC feature selection.

These results suggest that PCA might not fully capture the dataset's variability compared
to other feature selection methods like PCC or using all features. Certain models,
especially Gradient Boosting, XGBoost, and LightGBM, seem more sensitive to the
choice of feature selection method. PCA reduces dimensionality but may discard
important information, leading to reduced performance in some models. However,
models like Naive Bayes and Neural Network appear less affected by feature selection

methods, maintaining consistent performance across experiments. We observed
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impressive results for Random Forest and Logistic Regression in experiment 11
comparable only to experiment 9. Within their folds, they have even more impressive

results.

4.7 Comparison with Previous Works

Comparison of the proposed system with Al-Zawqari, 2022 flexible predictive model
where feature selection was skipped and feature selection is based on model
interpretability for the model performance of ANN and RF. They did not take into
consideration the embedded feature selection mechanism in RF and ANN. The poor
performance of KNN in our experiment revealed they contained irrelevant features. Its
performance improved after feature selection indicating the importance of feature

selection in model performance.

GA was replaced by PSO in Wen’s work RnKHEU because PSO is more memory
efficient and GA require more tuning than PSO. PSO gives better accuracy as in the case

of our experiments using PSO compared to the Wen work.
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Table 4.22: Performance Comparism of Forward NFS, PCC, PCA, FOR, PSO AND PF.PSO

DATASET | METHODS | METRICS | DT RF LR GB XG EXTRAT | ADA
NFS MSE 481.67 22343 | 314.81 |251.72 | 249.71 | 242.80 279.78
1 R2 -0.666 0.229 |-0.092 |0.127 | 0.133 0.167 0.028
MAE 14.918 10.620 13.696 11.254 11.425 11.119 13.253
PCC MSE 384.80 263.40 302.28 264.87 304.18 332.72 267.89
R2 -0.346 0.087  -0.042 0.077 -0.0504 -0.162 0.072
MAE 14.058 12.131 13.353 12236 12.633  13.633 12.796
PCA MSE 578.88 300.94 302.89  328.52 34136 306.16 319.10
R2 -1.072 -0.030  -0.045  -0.133 -0.176  -0.043 -0.111
MAE 17.92 13.12 13.38 13.99 13.88 13.28 13.87
FOR MSE 426.04 23791 31529 267.47 274.88 267.56 292.06
R2 -0.513 0.181 -0.095  0.069  0.048 0.077 -0.014
MAE 15.033 11.445 13.681 12.209 12.531 12.046 13.110
S PSO MSE 481.67 22342 314.81 251.72 249.70  245.72 268.52
R2 -0.666 0229  -0.092 0.127 0.133 0.156 0.069
MAE 14.918 10.620 13.696 11.254 11.425 11.220 12.955
PF.PSO MSE 663.82 324.05 310.69 351.35 38546 334.27 355.41
R2 -1.354 -0.140  -0.078 -0.245 -0.372  -0.171 -0.262
MAE 19.437 13.613  13.774 14464 15.184 13.680 14.644
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Table 4.23: Performance Comparism of Forward NFS, PCC, PCA, FOR, PSO AND PF.PSO

DATASET | METHODS | METRICS | LR K-NN | SVM | RF GB XG LIG |NB NN

2 NFS Acc. Mean | 0.718 | 0.060 |0.591 |0.681 | 0.654 | 0.664 | 0.658 | 0.689 | 0.668

F1 Mean 0.725 0.602 0.585 0.679 0.659 0.669 0.665 0.699 0.671
Rec. Mean 0.729 0.608 0.603 0.683 0.662 0.671 0.666 0.717 0.676

Prec. 0.739 0.626 0.639 0.714 0.683 0.697 0.689 0.720 0.708
Mean.
PCC Acc. Mean 0.733 0.604 0595 0.733 0.679 0.668 0.666 0.718 0.689

F1 Mean 0.741 0.060 0.589 0.737 0.686 0.674 0.673 0.730 0.691
Rec. Mean 0.742  0.612  0.607 0.738 0.687 0.676 0.673 0.744 0.696

Prec. 0.752 - 0.628 0.643 0.760 0.701 0.694 0.694 0.745 0.714
Mean.
PCA Acc. Mean 0.606 0.606 0.606 0.591 0.531 0.556 0.568 0.579 0.579

F1 Mean 0.606 0.608 0.606 0.590 0.529 0.559 0.567 0.585 0.585
Rec. Mean 0.619 0.614 0.615 0.595 0.530 0.560 0.572 0.609 0.595

Prec. 0.642 0.630 0.643 0.625 0.569 0.595 0607 0.610 0.610
Mean.
FOR Acc. Mean 0.737 0.589 0.600 0.700 0.683 0.654 0.861 0.712 0.672

F1 Mean 0.760 0.610 0.644 0.726 0.712 0.683 0.708 0.741 0.717
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PSO

PF.PSO

Rec. Mean

Prec.
Mean.

Acc. Mean
F1 Mean
Rec. Mean

Prec.
Mean.

Acc. Mean
F1 Mean
Rec. Mean

Prec.
Mean.

0.747
0.744

0.752
0.755
0.756
0.762

0.641
0.643
0.652
0.644

0.601
0.592

0.610
0.607
0.617
0.620

0.618
0.620
0.625
0.629
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0.608
0.592

0.610
0.619
0.630
0.166

0.639
0.644
0.658
0.644

0.705
0.705

0.793
0.794
0.792
0.803

0.654
0.658
0.666
0.658

0.684
0.686

0.762
0.760
0.760
0.768

0.608
0.609
0.616
0.618

0.662
0.662

0.754
0.754
0.755
0.762

0.604
0.607
0.613
0.611

0.688
0.687

0.768
0.766
0.761
0.780

0.600
0.604
0.611
0.609

0.740
0.722

0.710
0.714
0.730
0.718

0.645
0.651
0.678
0.648

0.685
0.670

0.714
0.714
0.721
0.725

0.618
0.622
0.640
0.628



Table 4.24: Performance Comparism of Forward NFS, PCC, PCA, FOR, PSO AND PF.PSO

DATASET | METHODS | METRICS | DT RF |LR |GB |[XG EXTRAT [ADA
NFS MSE 5943 2534 [4.167 [2.769 [3.018  [3.579 3.095
3 R2 0701  0.878 0.793 0.865 0.850  0.826 0.845
MAE 1276 0977 1362 1.044 1019 1.151 1.175
PCC MSE 7566 5.110 3.801 4.257 6956  6.475 4.952
R2 0619  0.746 0.817 0792 0.658  0.679 0.752
MAE 1490 1334 1.179 1266 1527  1.449 1.534
PCA MSE 12.810  6.346 3.943 5.643 6807  5.963 7.518
R2 0331  0.697 0.805 0721 0675  0.712 0.633
MAE 2412 1.694. 1319 1594 1770  1.619 2.071
FOR MSE 5324 2688 4118 2898 3450  3.514 3.475
R2 0.797 0870 0.797 0.860 0.824  0.830 0.824
MAE 1309 0977 1309 1.027 1.08  1.121 1.247
PSO MSE 4586 . 2.589 3.984 2853 3.080  3.407 3.210
R2 0773 0876 0.806 0.864 0.853  0.836 0.843
MAE 1.159 098 1267 1017 1.055  1.147 1.202
PF.PSO MSE 4387 2489 3.784 2753 2980  3.307 3.110
R2 0.783  0.886 0.816 0874 0.863  0.846 0.853
| MAE 1 1.109 0934 | 1217 0967 |1.005 |1.097 | 1.152 |
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Table 4.25: Performance Comparison of Forward , GA, and RnKHEU

DATASET | METHOD ACCURACY OF CLASSIFYING %
NB C4.5 MLP KNN

FORWARD | 57.25 47.33 51.35 53.45

D3 GA 58 48 52.67 48.86
RNKHEU 61.8 53.45 57.35 56.48
FORWARD | 51.75 53.92 49.82 44.05

D5 GA 53 56.45 51.39 49.36
RNKHEU 60.76 62.5 56.14 51.85
FORWARD | 64.88 69.18 62.71 64.25

D6 GA 65.5 71.03 61.94 62.25
RNKHEU 71.19 71.03 66.48 64.56
FORWARD | 40.57 40.86 41.62 40.66

D7 GA 43.33 44.26 43.78 43.14
RNKHEU 46.3 47.53 45.46 47.4

4.8 Questions and Answers to Research Questions

Question 1: How can complex data with so many features be pre-processed?

Answer: The data can be pre-processed by performing Exploratory Data Analysis on the
data to identify outliers. Data cleaning and checking for missing data which are either
removed or addressed using mean imputation. Correct outliers by using box plots and Z-

scores, encoding, feature scaling and standardization.

Question 2: In what way should a features selection technique that can predict students’

academic performance with great accuracy be designed?

Answer: the feature selection technique can be designed by proposing a novel approach
named PF-PSO, a combinationbv of three known feature seclection methods which are
principal component Analysis, Forward selection method and Particle Swarm

Optimization. PCA is to reduce the dimensionality of the dataset. The Forward Selection
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Method is to select the most relevant feature subset and PSO reduces the search space to

have a good and near optimal space.

Question 3: What metrics are used to evaluate the performance of the proposed system?

Answer: The evaluation metrics to be used if it is a regression problem, include MSE, R?
and MAE and if it is a classification problem, the evaluation metrics include, Accuracy,

Precision, Recall and F; Mean.

Question 4: Who are the beneficiaries of the proposed system and in what areas will they

benefit?

Answer: The students and educators are the beneficiaries. Students will know exactly

how they perform and seek prompt assistance before it is too late.

The educator will identify the students at risk for early intervention. The proposed system

provides information for decision making concerns and improve their teaching methods
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Chapter Five

Conclusion

5.1 Summary of Findings

This research adopted a rigorous experimental and comparative approach to investigate
how feature selection techniques can optimize the performance of machine learning
models designed to predict students’ academic outcomes. We systematically evaluated
the impact of several methods, including Pearson Correlation Coefficient (PCC) for
identifying linear relationships, Principal Component Analysis (PCA) for dimensionality
reduction, Forward Selection Method (FOR) for iterative feature addition, and Particle
Swarm Optimization (PSO) as a metaheuristic search technique. Crucially, we
introduced a novel hybrid approach, PF-PSO, that leverages the strengths of PCA, FOR,
and PSO for enhanced feature selection. Model performance across different feature
selection scenarios was meticulously assessed using a comprehensive suite of metrics (R-
squared, MSE, MAE, Accuracy, Precision, Recall, F1 score, and ten-fold cross-

validation), providing a robust basis for comparison.

Three carefully selected datasets from public repositories were used to carry out this
study. These data encompass a rich array of variables considered influential in student
performance, ensuring the relevance and applicability of our findings. Python (3.7.0) was
the core programming language, streamlined within the Visual Studio Code development
environment. Essential data science libraries such as Pandas, NumPy, SciPy, Matplotlib,

and Seaborn facilitated data manipulation, analysis, and visualization.
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5.2 Conclusion

To predict students’ academic performance, feature selection methods and model
performance were employed since not only modal performance is used in predicting

academic success but also features and feature selection methods.

Eighteen different experiments were conducted on three different datasets applying
Regression and classification tasks. Linear and nonlinear models were also assessed. The
experiments were comparative and iterative. The same procedure was carried out on three
different educational datasets. The experiments started by implementing without feature

selection carrying out six (6) sets of experiments for each dataset.

The experiments compare the performance of non-linear models and linear models. A
consistently better performance of the non-linear model implied underlying non-linear
relationship between features (independent variable) and target variable (dependent

variable)

Ten folds cross-validation was used to show the reliability of the best-performing models.

The experiments started by running dataset 1 on the selected models without feature
selection. The results of the experiment revealed that the non-linear models like Random
Forest, Extra Trees, and Gradient Boosting outperformed the linear models like Linear
Regression, Ridge Regression and support Vector Machine. This suggests that linear
modelling approaches might not be suitable for datasetl. The it was observed from the
fold result of the best-performing model, Random Forest that range of the MSE was quite
wide (between 143 to 350), indicating some variability in the model’s performance across
different folds of the data. The MAE is relatively consistent (between 9 and 14) indicating

that the typical magnitude of errors is fairly similar across folds.
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The performance of the linear models slightly improved when dataset 1 was run with the
Pearson Correlation Coefficient (PCC) with threshold 0.6 when compared with
experiment 1 set where no features were selected because of the increased linearity from
PCC. Random Forest is still the best performing but the performance after the PCC

feature selection worsened than experiment 1 where no features were selected.

Classification tasks were applied to dataset 2 and when the single class model results
were analysed, the highest performing model was the logistic Regression with an
accuracy mean of 0.7188 and Fi mean of 0.7258, demonstrating its ability to handle the
problem effectively. The performance accuracy was followed by the Naive Bayes
classifier with robust performance with an accuracy mean of 0.6896 and an F; mean of
0.6996 showing that certain models like logistic Regression and Naive Bayes are better
suited for dataset 2. Analysing the binary classification results, the binary classifiers
performed better for class L (low) and class H (high) compared to class M (medium).
This indicates that these models are highly effective in identifying the low and high-
performing students effectively. Comparing the results from the single-class models and
the binary classification approach, the single class models provides a balanced view and
are simpler to implement but may not capture the peculiarities of each class as effectively
as the binary approach. The superior performance at the lower PCC threshold at 0.1
suggest that the dataset2 contains a mix of linear and non-linear relationships between the
features and the target variable. The improved performance models like logistic
Regression, Random Forest and Gradient Boosting with a broader feature set implies that
these algorithms benefits from the additional information provided by weakly correlated
features. Logistic Regression, a linear model still performed better with more explanatory

variables to model multi-dimensional linear interactions more effectively.
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The decline in performance at the higher PCC threshold of 0.5, where fewer features were
selected indicates that dataset 2°s complexity cannot be adequately captured by a limited
set of strongly correlated features, Experiment 9 generally exhibited slightly lower
performance across most models when compared with experiment 7, where there no
feature selection. Models like Logistic Regression, K-NN, SVM, Random Forest, Naive
Bayes and Neutral Networks performed better without feature selection suggesting that

PCA might have led to a loss of relevant information.

Furthermore, compared with experiment 8, which utilized Pearson Correlation
Coefficient (PCC) feature selection, experiment 9 generally performed worse. In
summary, while PCA did reduce dimensionality, its impact on model performance was

undesirable noting a complex relationship within the features of dataset 2

Analysis of Dataset 3 begins in experiment 13 running the dataset on models without
feature selection. Random Forest emerged as the best performing model with MSE of
2.534, R? of 0.878 and MAE of 0.977, which indicated that the Random Forest model
explains approximately 87.8% of the variance in the final grades and provides the most
accurate prediction among all models tested. The low error metrics (MSE and MAE)
further highlight its strong predictive accuracy. Other strong performers included
Gradient Boosting, LightGBM and XGBoost. Gradient Boosting achieved metrics close
to those of Random Forest. Random Forest model demonstrated the highest accuracy and

reliability, making it the best choice for predicting student grades in this dataset.

The high performance of ensemble methods like Random Forest, Gradient Boosting, and
LightGBM indicated that the relationship within dataset 3 are likely to be complex and
not purely linear. KNN performed poorly in both its default and tuned version. The poor

performance of KNN shows the importance of feature selection. KNN is sensitive to
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irrelevant features, which can lead to poor performance. The gaussian process model

performed particularly poorly.

The results from experiment 3 (using only PCA Feature selection) have worsened the
Decision Tree model when compared with experiment 1(without Feature selection), while
increased linearity improved linear models like K-NN at default and Ridges Regression
when compared to experiment 1 (without Feature Selection) but linearity is not strong

enough for satisfactory performance.

For the feature selection using PSO on the three datasets has produced very impressive
results compared to all previous experiments tested. Table 4,27; gives an insight to their

performance.

Linear models like logistic Regression, KNN and SVM performed better than nonlinear.

The comparison of the PF-PSO approach (PCA-FOR-PSO) for the three datasets reveals
that the accuracy of predicting students’ academic increased but results obtained when
compared with results obtained from running the experiments with PSO only, the PSO

performed better.

Comparing running experiments with without feature selection and with the proposed PF-
PSO. Without feature selection and PF-PSO the absolute errors ranging from 11-16, 13-
20 respectively for dataset 1 and 1 - 10, 0 - 2 respectively for dataset 3 and accuracy from
60 percent to 72 percent and 60 percent to 65 percent for without feature selection and

PF- PSO approach respectively for dataset 3

So, for the PF-PSO proposition, we expect to combine all the strengths of these methods
but also their weaknesses and contraindications. However, we expect that the positives

and synergies will far outweigh the negatives and give us a net positive effect that is
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relatively better than other methods. For example, PSO is known to be a computationally
expensive method and often requires a reduced search space to reduce computational time
and costs. However, since it has been preceded by powerful methods of PCA and FOR,
we know for certain that the search space available to the final PSO step is not only
sufficiently reduced but is also a very good and near-optimal space. It also makes it easy
to maximize hyperparameters such as swarm size, inertia weight, and cognitive/social

coefficients.

Another positive is that while PCA alone might sometimes reduce direct interpretability,
the subsequent Forward Selection steps can help reintroduce clarity by identifying a

subset of core contributing features.

On the other hand, we recognize that one major negative to look out for might be
overfitting, where the selected features do not enable the model to generalize well to new
data. This can, however, also be the case with too many features being used. So, we can

simply mitigate this problem by performing a rigorous cross-validation on the final model.

5.3 Contribution to Knowledge

The main contributions of the study are;

1. Comparison of the performance of four feature selection methods which include
Pearson correlation coefficient, Principal Component Analysis, Forward Selection
Method and Particle Swarm Optimization in predicting students’ academic
performance through experiments.

2. Compare the performance of machine learning algorithms with feature selection

methods and without feature selection methods.
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3. A hybrid feature selection method named PF-PSO was proposed to improve the
accuracy of predicting students’ academic performance in a Virtual Learning

Environment.

5.4 Suggestions for Further Studies

One definite contraindication for this framework is datasets with severe non-linearity. The
complexity of PF-PSO might be overkill for datasets with very few features or instances.
Simpler feature selection methods might suffice. For strongly non-linear datasets, PCA
can be replaced by a non-linear method because PCA’s core strength is in capturing linear

variance.

Overall, we expect that a careful implementation of the proposed PF-PSO framework can
be a powerful tool for identifying highly predictive feature subsets within large student
performance datasets. It strikes a balance between computational efficiency, model

performance improvement, and the potential to gain insights into important features.
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Appendibx

#All models on No FS

s

import pandas as pd

import numpy as np

from sklearn.gaussian_process import GaussianProcessRegressor

from sklearn.pipeline import Pipeline

import xgboost as xgb

import lightgbm as Igb

from sklearn.model selection import train_test split, KFold

from sklearn.linear model import LinearRegression

from sklearn.tree import DecisionTreeRegressor

from sklearn.ensemble import GradientBoostingRegressor, RandomForestRegressor
from sklearn.svm import SVR

from sklearn.neighbors import KNeighborsRegressor

from sklearn.neural network import MLPRegressor

from sklearn.ensemble import ExtraTreesRegressor, AdaBoostRegressor
from sklearn.svm import SVR

from sklearn.neighbors import KNeighborsRegressor

from sklearn.linear model import BayesianRidge

from sklearn.preprocessing import PolynomialFeatures

from sklearn.linear model import Ridge, Lasso, ElasticNet

#from sklearn.ensemble import BaggingRegressor

from sklearn.metrics import mean_squared_error, r2_score, mean_absolute error

# Load the data from 'scaled data.csv'

df = pd.read _csv('scaled data.csv')

X = df.drop(['ESE', 'ApplicantName'], axis=1) # Features, dropping ApplicantName
y = df['ESE'] # Target variable

# Define models to evaluate
models = {
'Linear Regression'": LinearRegression(),
'Decision Tree': DecisionTreeRegressor(random_state=42),
'Random Forest': RandomForestRegressor(random_state=42),
'SVR (RBF)": SVR(kernel="rbf"),
'KNN': KNeighborsRegressor(),
'MLP': MLPRegressor(max_iter=1000, learning_rate="adaptive', random_state=42),
'Gradient Boosting': GradientBoostingRegressor(random_state=42),
"XGBoost': xgb.XGBRegressor(random_state=42),
'LightGBM': 1gb.LGBMRegressor(random_state=42),
'Extra Trees': ExtraTreesRegressor(),
'AdaBoost": AdaBoostRegressor(),
'SVR (linear)": SVR(kernel="linear"),
'SVR (poly)": SVR(kernel="poly"),
'Gaussian Process': GaussianProcessRegressor(),
'KNN (tuned)': KNeighborsRegressor(n_neighbors=7), # Example: Tune n_neighbors
'Bayesian Ridge': BayesianRidge(),
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'Ridge Regression': Ridge(),

'Lasso Regression': Lasso(),

'ElasticNet Regression': ElasticNet(),

#Bagging (Decision Tree)'":
BaggingRegressor(base_estimator=DecisionTreeRegressor(random_state=42)) # Optional
random_state within the DecisionTree

}

# K-Fold Cross-Validation
kfold = KFold(n_splits=10, shuffle=True, random_state=42)

# Storage for evaluation results (empty dictionary)
all results = {}

# Evaluate each model
for model name, model in models.items():
# Create a list to store fold results for this model
fold results =[]
for fold number, (train_index, test index) in enumerate(kfold.split(X)):
X train, X test = X.iloc[train_index], X.iloc[test index]
y_train, y_test = y.iloc[train_index], y.iloc[test index]

model.fit(X_train, y train)
y_pred = model.predict(X _test)

mse = mean_squared_error(y_test, y pred)
12 =12_score(y_test, y pred)
mae = mean_absolute error(y_test, y pred)

fold results.append({
'fold number': fold number + 1, # Start fold numbers from 1
'MSE'": mse,
'R-squared': 12,
'MAE'": mae
)
# Add fold results for this model to the main dictionary
all_results|model name] = fold results

# Calculate average metrics and include model names
summary_results = {model name: {
'Average MSE': np.mean([fold['MSE'] for fold in fold results]),
'Average R-squared': np.mean([fold['R-squared'] for fold in fold results]),
'Average MAE'": np.mean([fold['MAE!'] for fold in fold results]),
} for model name, fold results in all results.items()}

# Create the DataFrame directly and transpose
df summary = pd.DataFrame(summary_results).transpose() # Transpose here
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# Save the DataFrame
writer = pd.ExcelWriter('model comparison_results exp-1.xIsx")
df summary.to_excel(writer, sheet name="Summary")

# Add sheets for individual fold results
for model name, fold results in all results.items():
df = pd.DataFrame(fold results)
df.to_excel(writer, sheet name=model name, index=False)

writer.close() # Save the workbook
import pandas as pd

from sklearn.model_selection import cross_validate
import numpy as np

from sklearn.linear model import LogisticRegression
from sklearn.neighbors import KNeighborsClassifier
from sklearn.svm import SVC

from sklearn.ensemble import RandomForestClassifier
from sklearn.ensemble import GradientBoostingClassifier
from sklearn.naive bayes import GaussianNB

from sklearn.neural network import MLPClassifier
import xgboost as xgb

import lightgbm as 1gb

from openpyxl import Workbook

# Load the preprocessed data (this isa different version - but i eventually used the OH
version)

data = pd.read csv('c-scaled-dataset-2.csv')

X = data.drop('Class', axis=1)

y = data['Class']

#Define the models
seed =42

models = {

'Logistic Regression": LogisticRegression(multi_class='multinomial', solver="1bfgs',
max_iter=500, random_state=seed),

'k-NN': KNeighborsClassifier(),

'SVM": SVC(decision_function_shape='ovr', random_state=seed),

'Random Forest': RandomForestClassifier(random_state=seed),

'Gradient Boosting': GradientBoostingClassifier(random_state=seed),

"XGBoost': xgb.XGBClassifier(random_state=seed, use label encoder=False,
eval _metric='mlogloss'),

'LightGBM': 1gb.LGBMClassifier(random_state=seed),

'Naive Bayes': GaussianNB(),

'Neural Network': MLPClassifier(max_iter=500, random_state=seed)}
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## Perform 10-fold CV and hold results
# Initialize a dictionary to hold results
results = {model name: [] for model name in models.keys()}

# Define scoring metrics
scoring = ['accuracy', 'fl_macro', 'recall_macro', 'precision_macro']

# Perform 10-fold cross-validation and collect detailed metrics
for model name, model in models.items():

cv_results = cross_validate(model, X, y, cv=10, scoring=scoring,
return_train_score=False)

resultsfmodel _name] = cv_results

##Save results to Excel

# Create a workbook and sheets

wb = Workbook()

summary_sheet = wb.active

summary_sheet.title = 'Average Results'
details_sheet = wb.create sheet(title="Fold Results')

# Write headers for summary

summary_headers = ['Model', 'Accuracy Mean', 'Accuracy Std', 'F1 Mean', 'F1 Std',
'Recall Mean', 'Recall Std', Precision Mean', 'Precision Std']
summary_sheet.append(summary headers)

# Write headers for detailed fold results
details_headers = ['Model', 'Fold', 'Accuracy’, 'F1', 'Recall’, 'Precision']
details_sheet.append(details headers)

# Fill in the summary sheet and detailed results sheet

for model name, cv results in results.items():
# Compute means and standard deviations for the metrics
accuracy mean = np.mean(cv_results['test_accuracy'])
accuracy std = np.std(cv_results['test accuracy'])
fl _mean = np.mean(cv_results['test fl macro'])
fl std = np.std(cv_results['test f1 macro'])
recall mean = np.mean(cv_results['test recall macro'])
recall_std =np.std(cv_results['test_recall macro'])
precision_mean = np.mean(cv_results['test precision_macro'])
precision_std = np.std(cv_results['test precision_macro'])

# Write to summary sheet
summary _row = [model name, accuracy mean, accuracy_std, fl mean, f1_std,
recall_mean, recall std, precision_mean, precision_std]

summary_sheet.append(summary row)

# Write detailed results for each fold
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for fold_idx in range(10):
details_row = [model name, fold idx+1,
cv_results['test accuracy'][fold idx],
cv_results['test f1 macro'][fold idx],
cv_results['test recall macro'][fold idx],
cv_results['test precision_macro'][fold idx]]
details_sheet.append(details_row)

# Save the workbook
whb.save('/mnt/data/experiment-set-7-results.xIsx')
import pandas as pd

from sklearn.model_selection import cross_validate
import numpy as np

from sklearn.linear model import LogisticRegression
from sklearn.neighbors import KNeighborsClassifier
from sklearn.svm import SVC

from sklearn.ensemble import RandomForestClassifier
from sklearn.ensemble import GradientBoostingClassifier
from sklearn.naive bayes import GaussianNB

from sklearn.neural network import MLPClassifier
import xgboost as xgb

import lightgbm as 1gb

from openpyxl import Workbook

# Load the preprocessed data (this isa different version - but i eventually used the OH
version)

data = pd.read csv('c-scaled-dataset-2.csv')

X = data.drop('Class', axis=1)

y = data['Class']

#Define the models
seed =42

models = {

'Logistic Regression": LogisticRegression(multi_class='multinomial', solver="1bfgs',
max_iter=500, random_state=seed),

'k-NN': KNeighborsClassifier(),

'SVM": SVC(decision_function_shape='ovr', random_state=seed),

'Random Forest': RandomForestClassifier(random_state=seed),

'Gradient Boosting': GradientBoostingClassifier(random_state=seed),

"XGBoost': xgb.XGBClassifier(random_state=seed, use label encoder=False,
eval _metric='mlogloss'),

'LightGBM': 1gb.LGBMClassifier(random_state=seed),

'Naive Bayes': GaussianNB(),

'Neural Network': MLPClassifier(max_iter=500, random_state=seed)
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## Perform 10-fold CV and hold results
# Initialize a dictionary to hold results
results = {model name: [] for model name in models.keys()}

# Define scoring metrics
scoring = ['accuracy', 'f1_macro', 'recall macro', 'precision_macro']

# Perform 10-fold cross-validation and collect detailed metrics
for model name, model in models.items():

cv_results = cross_validate(model, X, y, cv=10, scoring=scoring,
return_train_score=False)

results[model _name] = cv_results

##Save results to Excel

# Create a workbook and sheets

wb = Workbook()

summary_sheet = wb.active

summary_sheet.title = 'Average Results'
details_sheet = wb.create sheet(title="Fold Results')

# Write headers for summary

summary_headers = ['Model', 'Accuracy Mean', 'Accuracy Std', 'F1 Mean', 'F1 Std',
'Recall Mean', 'Recall Std', 'Precision Mean', 'Precision Std']
summary_sheet.append(summary_headers)

# Write headers for detailed fold results
details_headers = ['Model', 'Fold', 'Accuracy’, 'F1', "Recall', "Precision']
details_sheet.append(details headers)

# Fill in the summary sheet and detailed results sheet

for model name, cv_results in results.items():
# Compute means and standard deviations for the metrics
accuracy mean = np.mean(cv_results['test accuracy'])
accuracy_std = np.std(cv_results['test accuracy'])
fl mean = np.mean(cv_results['test fl macro'])
f1 std = np.std(cv_results['test f1 macro'])
recall mean = np.mean(cv_results['test recall macro'])
recall_std = np.std(cv_results['test_recall macro'])
precision_mean = np.mean(cv_results['test precision_macro'])
precision_std = np.std(cv_results['test precision_macro'])

# Write to summary sheet

summary_row = [model name, accuracy mean, accuracy std, fl mean, fl_std,
recall_mean, recall std, precision_mean, precision_std]

summary_sheet.append(summary row)
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# Write detailed results for each fold
for fold_idx in range(10):
details_row = [model name, fold idx+1,
cv_results['test accuracy'][fold idx],
cv_results['test f1 macro'][fold idx],
cv_results['test recall macro'][fold idx],
cv_results['test precision_macro'][fold idx]]
details_sheet.append(details_row)

# Save the workbook
whb.save('/mnt/data/experiment-set-7-results.xIsx')

import pandas as pd

from sklearn.model_selection import cross_validate
import numpy as np

from sklearn.linear model import LogisticRegression
from sklearn.neighbors import KNeighborsClassifier
from sklearn.svm import SVC

from sklearn.ensemble import RandomForestClassifier
from sklearn.ensemble import GradientBoostingClassifier
from sklearn.naive bayes import GaussianNB

from sklearn.neural network import MLPClassifier
import xgboost as xgb

import lightgbm as Igb

from openpyxl import Workbook

# Load the preprocessed data (this is a different version - but i eventually used the OH
version)

data = pd.read csv('c-scaled-dataset-2.csv')

X = data.drop('Class', axis=1)

y = data['Class']

#Define the models
seed =42

models = {

"Logistic Regression": LogisticRegression(multi_class='multinomial', solver="1bfgs',
max_iter=500, random_state=seed),

'k-NN': KNeighborsClassifier(),

'SVM'": SVC(decision_function shape='ovr', random_state=seed),

'Random Forest': RandomForestClassifier(random_state=seed),

'Gradient Boosting': GradientBoostingClassifier(random_state=seed),

"XGBoost": xgb.XGBClassifier(random_state=seed, use label encoder=False,
eval metric="mlogloss'),

'LightGBM': 1gb.LGBMClassifier(random_state=seed),
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'Naive Bayes': GaussianNB(),
'Neural Network': MLPClassifier(max_iter=500, random_state=seed)}

## Perform 10-fold CV and hold results
# Initialize a dictionary to hold results
results = {model name: [] for model name in models.keys()}

# Define scoring metrics
scoring = ['accuracy', 'fl_macro', 'recall_macro', 'precision_macro']

# Perform 10-fold cross-validation and collect detailed metrics
for model name, model in models.items():

cv_results = cross_validate(model, X, y, cv=10, scoring=scoring,
return_train_score=False)

resultsfmodel name] = cv_results

##Save results to Excel

# Create a workbook and sheets

wb = Workbook()

summary_sheet = wb.active

summary_sheet.title = 'Average Results'
details_sheet = wb.create sheet(title="Fold Results')

# Write headers for summary

summary_headers = ['Model', 'Accuracy Mean', 'Accuracy Std', 'F1 Mean', 'F1 Std',
'Recall Mean', 'Recall Std', 'Precision Mean', 'Precision Std']
summary_sheet.append(summary_headers)

# Write headers for detailed fold results
details_headers = ['Model', 'Fold', 'Accuracy’, 'F1', "Recall', "Precision']
details_sheet.append(details_headers)

# Fill in the summary sheet and detailed results sheet

for model _name, cv_results in results.items():
# Compute means and standard deviations for the metrics
accuracy_mean = np.mean(cv_results['test accuracy'])
accuracy std = np.std(cv_results['test accuracy'])
fl mean = np.mean(cv_results['test fl macro'])
fl _std =np.std(cv_results['test f1 macro'])
recall mean = np.mean(cv_results['test recall macro'])
recall_std = np.std(cv_results['test_recall macro'])
precision_mean = np.mean(cv_results['test precision_macro'])
precision_std = np.std(cv_results['test precision_macro'])

# Write to summary sheet

summary _row = [model name, accuracy mean, accuracy std, fl mean, fl_std,
recall mean, recall_std, precision_mean, precision_std]

summary_sheet.append(summary row)
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# Write detailed results for each fold
for fold_idx in range(10):
details_row = [model name, fold idx+1,
cv_results['test accuracy'][fold idx],
cv_results['test f1 macro'][fold idx],
cv_results['test recall macro'][fold idx],
cv_results['test precision_macro'][fold idx]]
details_sheet.append(details_row)

# Save the workbook
whb.save('/mnt/data/experiment-set-7-results.xlsx')
#All models on PCC

import pandas as pd

import numpy as np

from sklearn.gaussian_process import GaussianProcessRegressor

from sklearn.pipeline import Pipeline

import xgboost as xgb

import lightgbm as Igb

from sklearn.model selection import train_test split, KFold

from sklearn.linear model import LinearRegression

from sklearn.tree import DecisionTreeRegressor

from sklearn.ensemble import GradientBoostingRegressor, RandomForestRegressor
from sklearn.svm import SVR

from sklearn.neighbors import KNeighborsRegressor

from sklearn.neural network import MLPRegressor

from sklearn.ensemble import ExtraTreesRegressor, AdaBoostRegressor
from sklearn.svm import SVR

from sklearn.neighbors import KNeighborsRegressor

from sklearn.linear model import BayesianRidge

from sklearn.preprocessing import PolynomialFeatures

from sklearn.linear_model import Ridge, Lasso, ElasticNet

#trom sklearn.ensemble import BaggingRegressor - I left out bagging
from sklearn.metrics import mean_squared_error, r2_score, mean_absolute error
from sklearn.feature selection import SelectK Best

from sklearn.feature selection import f regression

# Load the data from 'scaled data.csv'

df = pd.read_csv('scaled data.csv')

X = df.drop(['ESE', 'ApplicantName'], axis=1) # Features, dropping ApplicantName
y = df['ESE'] # Target variable

# Feature Selection using Pearson Correlation

correlation _matrix = X.corr().abs()

upper_triangle = correlation matrix.where(np.triu(np.ones(correlation_matrix.shape),
k=1).astype(bool))
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top_correlated features = [column for column in upper_triangle.columns if
any(upper _triangle[column] > 0.6)]

# Select the top features
selector = SelectKBest(f regression, k=len(top_correlated features))
selector.fit(X[top correlated features], y)

# Subset data for transformation
X to_transform = X[top correlated features]
X _selected = selector.transform(X _to_transform)

# Print selected features
print(top_correlated features)

# Define models to evaluate
models = {
'Linear Regression': LinearRegression(),
'Decision Tree'": DecisionTreeRegressor(random_state=42),
'Random Forest': RandomForestRegressor(random_state=42),
'SVR (RBF)": SVR(kernel="rbf"),
'KNN'": KNeighborsRegressor(),
'MLP': MLPRegressor(max_iter=1000, learning_rate="adaptive', random_state=42),
'Gradient Boosting': GradientBoostingRegressor(random_state=42),
"XGBoost": xgb.XGBRegressor(random_state=42),
'LightGBM'": 1gb.LGBMRegressor(random_state=42),
'Extra Trees': ExtraTreesRegressor(),
'AdaBoost": AdaBoostRegressor(),
'SVR (linear)": SVR(kernel='linear"),
'SVR (poly)": SVR(kernel="poly"),
'Gaussian Process': GaussianProcessRegressor(),
'KNN (tuned)': KNeighborsRegressor(n_neighbors=7), # Example: Tune n_neighbors
'Bayesian Ridge': BayesianRidge(),
'Ridge Regression": Ridge(),
'Lasso Regression': Lasso(),
'ElasticNet Regression': ElasticNet(),

}

# K-Fold Cross-Validation
kfold = KFold(n_splits=10, shuffle=True, random_state=42)

# Storage for evaluation results
all results = {}

# Evaluate each model
for model name, model in models.items():
fold results =[]
for fold_number, (train_index, test_index) in enumerate(kfold.split(X_selected)):
X train, X test = X selected[train_index], X selected[test index]
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y_train, y_test = y[train_index], y[test index]

model.fit(X_train, y_train)
y_pred = model.predict(X _test)

mse = mean_squared_error(y_test, y pred)
12 =12 _score(y_test, y_pred)
mae = mean_absolute error(y test, y pred)

fold results.append({
'fold number': fold number + 1,
'MSE': mse,
'R-squared': 12,
'MAE': mae
1)

all resultsmodel name] = fold results

# Calculate average metrics
summary_results = {model name: {
'Average MSE': np.mean([fold['MSE'] for fold in fold results]),
'Average R-squared': np.mean([fold['R-squared'] for fold in fold results]),
'Average MAE'": np.mean([fold['MAE!'] for fold in fold results]),
} for model name, fold results in all results.items()}

# Create the DataFrame directly and transpose
df summary = pd.DataFrame(summary_results).transpose() # Transpose here

# Save Results
writer = pd.ExcelWriter('model_comparison results exp-2.xIsx')

#Save Summary
df summary.to _excel(writer, sheet name='Summary')

# Add sheets for individual fold results
for model name, fold results in all results.items():
df = pd.DataFrame(fold results)
df.to_excel(writer, sheet name=model name, index=False)

writer.close()

print(top_correlated features)
#All models on PCA

import pandas as pd

import numpy as np

from sklearn.gaussian_process import GaussianProcessRegressor
from sklearn.pipeline import Pipeline
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from sklearn.model_selection import train_test split, KFold

from sklearn.linear model import LinearRegression

from sklearn.tree import DecisionTreeRegressor

from sklearn.ensemble import GradientBoostingRegressor, RandomForestRegressor
from sklearn.svm import SVR

from sklearn.neighbors import KNeighborsRegressor

from sklearn.neural network import MLPRegressor

from sklearn.ensemble import ExtraTreesRegressor, AdaBoostRegressor

from sklearn.svm import SVR

from sklearn.neighbors import KNeighborsRegressor

from sklearn.linear model import BayesianRidge, Ridge, Lasso, ElasticNet

from sklearn.metrics import mean_squared_error, r2_score, mean_absolute error
from sklearn.decomposition import PCA

import xgboost as xgb

import lightgbm as Igb

# Load the data from 'scaled data.csv'

df = pd.read _csv('scaled data.csv')

X = df.drop(['ESE', 'ApplicantName'], axis=1)
y = df['ESE']

# Feature Selection using PCA
pca = PCA(n_components=0.95) # Adjust 'n_components' as needed
X pca = pca.fit_transform(X)

# Define models to evaluate

models = {
'Linear Regression': LinearRegression(),
'Decision Tree': DecisionTreeRegressor(random_state=42),
'Random Forest': RandomForestRegressor(random_state=42),
'SVR (RBF)": SVR(kernel="rbf"),
'KNN'": KNeighborsRegressor(),
'MLP': MLPRegressor(max_iter=1000, learning_rate='adaptive', random_state=42),
'Gradient Boosting': GradientBoostingRegressor(random_state=42),
"XGBoost": xgb. XGBRegressor(random_state=42),
'LightGBM': 1gb.LGBMRegressor(random_state=42),
'Extra Trees': ExtraTreesRegressor(),
'AdaBoost": AdaBoostRegressor(),
'SVR (linear)": SVR(kernel='linear"),
'SVR (poly)": SVR(kernel="poly"),
'Gaussian Process': GaussianProcessRegressor(),
'KNN (tuned)': KNeighborsRegressor(n_neighbors=7),
'Bayesian Ridge': BayesianRidge(),
'Ridge Regression': Ridge(),
'"Lasso Regression': Lasso(),
'ElasticNet Regression': ElasticNet(),
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# K-Fold Cross-Validation
kfold = KFold(n_splits=10, shuffle=True, random_state=42)

# Storage for evaluation results
all results = {}

# Evaluate each model
for model name, model in models.items():
fold results =[]
for fold_number, (train_index, test _index) in enumerate(kfold.split(X pca)):
X train, X test = X pca[train_index], X pca[test index]
y_train, y_test = y[train_index], y[test index]

model.fit(X_train, y_train)
y_pred = model.predict(X _test)

mse = mean_squared_error(y_test, y pred)
r2 =12 _score(y_test, y_pred)
mae = mean_absolute error(y test, y pred)

fold results.append({
'fold number': fold number + 1,
'MSE': mse,
'R-squared': 12,
'MAE': mae
1)

all resultsfmodel name] = fold results

# Calculate average metrics
summary results = {model name: {
'Average MSE': np.mean([fold['MSE'] for fold in fold results]),
'Average R-squared': np.mean([fold['R-squared'] for fold in fold results]),
'Average MAE'": np.mean([fold['MAE'] for fold in fold results]),
}+ for model name, fold results in all results.items()}

# Create the DataFrame directly and transpose
df summary = pd.DataFrame(summary_results).transpose() # Transpose here

# Save Results
writer = pd.ExcelWriter('model comparison_results exp-3.xIsx")

#Save Summary
df summary.to_excel(writer, sheet name='Summary")

# Add sheets for individual fold results
for model name, fold results in all_results.items():
df = pd.DataFrame(fold results)
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df.ito_excel(writer, sheet name=model name, index=False)
writer.close()

print(X_pca)

import pandas as pd

import numpy as np

from sklearn.model_selection import KFold, cross _val score

from sklearn.preprocessing import StandardScaler

from sklearn.decomposition import PCA

from sklearn.feature selection import SequentialFeatureSelector

from sklearn.metrics import accuracy score, precision_score, recall _score, f1 _score
from sklearn.linear model import LogisticRegression

from sklearn.neighbors import KNeighborsClassifier

from sklearn.svm import SVC

from sklearn.ensemble import RandomForestClassifier, GradientBoostingClassifier,
AdaBoostClassifier

from sklearn.naive bayes import GaussianNB

from sklearn.neural network import MLPClassifier

import xgboost as xgb

import lightgbm as 1gb

from pyswarms.single.global best import GlobalBestPSO

import matplotlib.pyplot as plt

# --- 1. Load and Inspect Data ---

df = pd.read_csv('oh-scaled-dataset-2.csv')

X = df.drop('Class', axis=1).values # Convert to numpy array for compatibility
y = df['Class'].values # Convert to numpy array for compatibility

# Inspect the Data
print(df.head())
print(df.shape)
print(df.dtypes)

# --- 2. Perform PCA Feature Selection ---

# Determine the number of components that explain at least 95% of the variance
pca_test = PCA().fit(X)

explained variance ratios = pca_test.explained variance ratio

cumulative variance = np.cumsum(explained variance ratios)

# Find the elbow point where variance plateaus
elbow_index = np.argmax(np.diff(cumulative variance) <0.03) + 1

# Plot the cumulative explained variance to find the elbow point
plt.figure(figsize=(8, 6))
plt.plot(np.cumsum(pca_test.explained variance ratio ))
plt.xlabel("Number of Components')

plt.ylabel('Cumulative Explained Variance')
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plt.title('PCA Explained Variance (Elbow Method)')

plt.scatter(elbow_index, cumulative variance[elbow_index], marker="x', s=100,
color="red")

plt.text(elbow_index + 0.5, cumulative variance[elbow_index] - 0.05, fElbow Point
({elbow_index} Components)', color="red")

plt.savefig('pca_explained variance plot expll.png')

plt.show()

# Fit PCA to the data with the chosen number of components

#pca = PCA(n_components=elbow_index) # Specify the number of components based
on graph results

pca = PCA(n_components=10) # Force a number of components based on previous
experiment

X pca = pca.fit_transform(X) # Fit PCA to the data and transform the features

# Save the new features as a new dataframe
X pca_select = pd.DataFrame(X pca, columns=[fPC{i+1}' for i in
range(X_pca.shape[1])])

# Display the shape of the new dataframe
print("Shape of X pca select:", X pca_select.shape)

# Combine the PCA selected features with the target variable
X pca_select['Class']| =y

# Save the new dataframe
X pca_select.to_csv('X pca_select expll.csv', index=False)

# --- 3. Use Forward Feature Selection (FFS) ---

# Define the model for FFS

estimator = RandomForestClassifier(random_state=42)

ffs = SequentialFeatureSelector(estimator, direction='forward', n_features to_select=8,
cv=10)

X _ffs = ffs.fit_transform(X pca, y)

# Save the new features into a dataframe
X ffs_select = pd.DataFrame(X_ffs, columns=[fFeature {i+1}' foriin
range(X_ffs.shape[1])])

# Display the shape of the new dataframe
print("Shape of X ffs select:", X ffs select.shape)

# Combine with the target variable
X ffs_select['Class'] =y

# Save the new dataframe
X ffs_select.to_csv('X ffs select expll.csv', index=False)
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# --- 4. Pass the new features into PSO ---

# --- PSO Feature Selection ---
def pso_objective function(feature_mask, X, y):
# Ensure feature mask is one-dimensional
feature mask = feature mask.astype(bool)
if np.sum(feature_mask) == 0:
return float('inf") # Avoid selecting zero features
X subset =X

best cost = -np.inf # Initialize best cost

for _in range(1):
model = RandomForestClassifier(random_state=42)
scores = cross_val score(model, X subset, y, cv=5, scoring='accuracy')
current_cost = scores.mean()
if current_cost > best _cost:
best cost = current_cost
best pos = feature mask
print("Iteration:", , "Best Cost:", best cost)
return best cost

# Load the FFS selected data
X ffs =X ffs_select.drop('Class', axis=1).values
y ffs =X ffs select['Class'].values

# Set up the PSO optimizer

dimensions = X_ffs.shape[1] # Number of features after FFS

print(dimensions)

options = {'c1': 0.5, 'c2": 0.3, 'w': 0.8}

optimizer = GlobalBestPSO(n_particles=8, dimensions=dimensions, options=options)

# Perform PSO to find the best feature subset
best cost, best pos = optimizer.optimize(pso_objective function, iters=10, X=X f{fs,
y=y_ffs)

# Get the selected features from PSO
best feature mask = best pos > 0.5
selected features = np.where(best _feature mask)[0] # Indices of selected features

# Apply mask to the FFS data
X final = X ffs[:, selected features] # Corrected to select the features based on PSO
results

# Combine with the target variable

feature names = [f'Feature {i+1}' foriin selected features] # Corrected to match the
number of selected features

X final _df = pd.DataFrame(X_final, columns=feature names)
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X final dff'Class'] =y ffs

# Save the final dataframe
X final dfito_csv('X final select expll.csv', index=False)

# Display the shape of the final dataframe
print("Shape of X final df:", X final df.shape)

# --- 5. Evaluate Models with 10-fold Cross-Validation ---
X=X final df.drop('Class', axis=1)
y =X final df['Class']

# Define models to evaluate
models = {

'Logistic Regression': LogisticRegression(multi_class='multinomial', solver="1bfgs',
max_iter=5000, random_state=42),

'k-NN': KNeighborsClassifier(),

'SVM": SVC(decision_function shape='ovr', random_state=42),

'Random Forest': RandomForestClassifier(random_state=42),

'Gradient Boosting': GradientBoostingClassifier(random_state=42),

"XGBoost": xgb.XGBClassifier(random_state=42, use label encoder=False,
eval _metric='mlogloss'),

'LightGBM'": 1gb.LGBMClassifier(random_state=42),

'Naive Bayes': GaussianNB(),

'Neural Network': MLPClassifier(max_iter=5000, random_state=42)

}

# K-Fold Cross-Validation
kf=KFold(n_splits=10, shuffle=True, random_state=42)

# Storage for evaluation results
all results = {}

# Evaluate each model
for model name, model in models.items():
fold results =[]
for fold number, (train_index, test_index) in enumerate(kf.split(X)):
X train, X _test = X.iloc[train_index], X.iloc[test index]
y_train, y_test = y.iloc[train_index], y.iloc[test index]

model.fit(X train, y train)
y_pred = model.predict(X _test)

accuracy = accuracy_score(y_test, y pred)

precision = precision_score(y_test, y_pred, average='macro')
recall = recall score(y test, y pred, average="macro')

fl1 =fl score(y_test, y pred, average="macro")
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fold results.append({
'fold number': fold number + 1,
'Accuracy': accuracy,
'Precision': precision,
'Recall': recall,
'F1 Score': f1

1)

all resultsmodel name] = fold results

# Calculate average metrics

summary_results = {model name: {
'Average Accuracy': np.mean(]fold['Accuracy'] for fold in fold results]),
'Average Precision’: np.mean([fold['Precision'] for fold in fold results]),
'Average Recall': np.mean([fold['Recall'] for fold in fold results]),
'Average F1 Score": np.mean([fold['F1 Score'] for fold in fold results]),
} for model name, fold results in all results.items()}

# Create the DataFrame directly and transpose
df summary = pd.DataFrame(summary_results).transpose()

# Save Results
writer = pd.ExcelWriter('exp-12-pcaforpos.xlsx’)

# Save Summary
df summary.to_excel(writer, sheet name='Summary')

# Add sheets for individual fold results
for model name, fold results in all results.items():
df = pd.DataFrame(fold results)
df.to_excel(writer, sheet name=model name, index=False)

writer.close()
print("Selected Features:", selected features)

import pandas as pd

import numpy as np

from sklearn.model selection import KFold, GridSearchCV

from sklearn.metrics import mean_squared_error, r2_score, mean_absolute error
from sklearn.neighbors import KNeighborsRegressor

from sklearn.linear model import LinearRegression, BayesianRidge, Ridge, Lasso,
ElasticNet

from sklearn.tree import DecisionTreeRegressor

from sklearn.neural network import MLPRegressor

from sklearn.gaussian_process import GaussianProcessRegressor

from sklearn.ensemble import RandomForestRegressor, GradientBoostingRegressor,
AdaBoostRegressor, ExtraTreesRegressor

from sklearn.svm import SVR

237



import xgboost as xgb

import lightgbm as Igb

import time

import cProfile # Import the cProfile module

import pstats # Import pstats module for formatting cProfile results

# Function to run the main script
#Introduce profiling because this particular code ran for too long. It ran for days
#Eventually decided to run the code on the Cloud and then take the selected features and
use here
def main():

# Load the data

df = pd.read_csv('processed-dataset-3.csv')

X = df.drop(['G3'], axis=1) # Dropping target

y = df['G3'] # Target variable

# Selected features from PSO
selected features = ['Pstatus', 'Medu', 'traveltime', 'studytime’, 'failures’, 'schoolsup’,
'nursery', 'higher', 'romantic', 'famrel', 'freetime’, 'Dalc’,
'absences', 'G2', 'Mjob_health', 'Mjob_other', 'Mjob services',
'Fjob_at home', 'Fjob health', 'reason_home', 'reason_other',
'reason_reputation', 'guardian_other']

# Use only the selected features
X selected = X[selected features]

# Initialize the KNN regressor
knn = KNeighborsRegressor()

# Define the parameter grid
param_grid = {'n_neighbors'": np.arange(1, 51)}

# Initialize GridSearchCV
grid_search = GridSearchCV(knn, param_grid, cv=5,
scoring="neg_mean_squared_error")

# Fit the grid search to the data
grid search.fit(X selected, y)

# Get the best parameter
best n_neighbors = grid_search.best params ['n_neighbors']
print(f"The optimal number of neighbors is: {best n neighbors}")

# Define models to evaluate

models = {
'Linear Regression': LinearRegression(),
'Decision Tree'": DecisionTreeRegressor(random_state=42),
'Random Forest': RandomForestRegressor(random_state=42),
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'SVR (RBF)": SVR(kernel="rbf"),

'KNN'": KNeighborsRegressor(),

'MLP': MLPRegressor(max_iter=10000, learning_rate='adaptive', random_state=42),
'Gradient Boosting': GradientBoostingRegressor(random_state=42),
"XGBoost": xgb.XGBRegressor(random_state=42),

'"LightGBM': Igb.LGBMRegressor(random_state=42),

'Extra Trees': ExtraTreesRegressor(),

'AdaBoost": AdaBoostRegressor(),

'SVR (linear)": SVR(kernel='linear"),

'SVR (poly)": SVR(kernel="poly"),

'Gaussian Process': GaussianProcessRegressor(),

'KNN (tuned)': KNeighborsRegressor(n neighbors=best n_neighbors),
'Bayesian Ridge': BayesianRidge(),

'Ridge Regression': Ridge(),

'Lasso Regression': Lasso(),

'ElasticNet Regression': ElasticNet(),

}

# K-Fold Cross-Validation
kfold = KFold(n_splits=10, shuffle=True, random_state=42)

# Storage for evaluation results (empty dictionary)
all results = {}

# Evaluate each model
for model name, model in models.items():
fold results =[]
for fold_number, (train_index, test_index) in enumerate(kfold.split(X_selected)):
X train, X test = X selected.iloc[train_index], X selected.iloc[test index]
y_train, y_test = y.iloc[train_index], y.iloc[test index]

model.fit(X_train, y train)
y_pred = model.predict(X_test)

mse = mean_squared error(y_test, y pred)
12 =12 _score(y_test, y_pred)
mae = mean_absolute error(y test, y pred)

fold results.append({
'fold number': fold number + 1,
'MSE': mse,
'R-squared": 12,
'MAE': mae
1)

# Add fold results for this model to the main dictionary
all resultsmodel name] = fold results

239



# Calculate average metrics and include model names

summary_results = {model name: {
'Average MSE': np.mean([fold['MSE'] for fold in fold results]),
'Average R-squared': np.mean(|fold['R-squared'] for fold in fold results]),
'Average MAE'": np.mean([fold['MAE!'] for fold in fold results]),

} for model name, fold results in all results.items()}

# Create the DataFrame directly and transpose
df summary = pd.DataFrame(summary_results).transpose() # Transpose here

# Save the DataFrame
writer = pd.Excel Writer('exp-17-PSO-final-results.xIsx")
df summary.to_excel(writer, sheet name="Summary")

# Add sheets for individual fold results
for model name, fold results in all results.items():
df = pd.DataFrame(fold_results)
dfito_excel(writer, sheet name=model name, index=False)

writer.close() # Save the workbook
print(f'Selected features: {selected features}")

# Profile the main function
cProfile.run('main()', 'profile results')

# Print profiling results
p = pstats.Stats("profile results')
p.sort_stats('cumulative').print_stats(10)

import pandas as pd

import numpy as np

from sklearn.model_selection import KFold, GridSearchCV

from sklearn.metrics import mean_squared_error, r2_score, mean_absolute error
from sklearn.neighbors import KNeighborsRegressor

from sklearn.linear model import LinearRegression, BayesianRidge, Ridge, Lasso,
ElasticNet

from sklearn.tree import DecisionTreeRegressor

from sklearn.neural network import MLPRegressor

from sklearn.gaussian_process import GaussianProcessRegressor

from sklearn.ensemble import RandomForestRegressor, GradientBoostingRegressor,
AdaBoostRegressor, ExtraTreesRegressor

from sklearn.svm import SVR

import xgboost as xgb

import lightgbm as 1gb

import time

import cProfile # Import the cProfile module

import pstats # Import pstats module for formatting cProfile results

240



# Function to run the main script
#Introduce profiling because this particular code ran for too long. It ran for days
#Eventually decided to run the code on the Cloud and then take the selected features and
use here
def main():

# Load the data

df = pd.read_csv('processed-dataset-3.csv')

X = df.drop(['G3'], axis=1) # Dropping target

y = df['G3'] # Target variable

# Selected features from FFS

selected features = ['school', 'address', 'famsize', 'Pstatus', 'traveltime’', 'studytime’,
'failures', 'schoolsup', 'activities', 'nursery’, 'higher', 'internet',
'romantic', 'Dalc', 'Walc', 'absences', 'G1', 'G2', 'Mjob_health',
'Mjob_other', 'Mjob_services', 'Fjob_at home', 'Fjob health’,
'Fjob_other', 'Fjob_teacher', 'reason_course', 'reason_home',
'reason_other', 'reason_reputation', 'guardian_other']

# Use only the selected features
X selected = X[selected features]

# Initialize the KNN regressor
knn = KNeighborsRegressor()

# Define the parameter grid
param_grid = {'n_neighbors'": np.arange(1, 51)}

# Initialize GridSearchCV
grid search = GridSearchCV(knn, param_grid, cv=5,
scoring="neg_mean_squared error')

# Fit the grid search to the data
grid_search.fit(X selected, y)

# Get the best parameter
best_n_neighbors = grid search.best params ['n_neighbors']
print(f'The optimal number of neighbors is: {best n neighbors}")

# Define models to evaluate
models = {
'Linear Regression': LinearRegression(),
'Decision Tree': DecisionTreeRegressor(random_state=42),
'Random Forest': RandomForestRegressor(random_state=42),
'SVR (RBF)": SVR(kernel="rbf"),
'KNN'": KNeighborsRegressor(),
'MLP': MLPRegressor(max_iter=10000, learning_rate='adaptive', random_state=42),
'Gradient Boosting': GradientBoostingRegressor(random_state=42),

241



"XGBoost': xgb.XGBRegressor(random_state=42),
'LightGBM': 1gb.LGBMRegressor(random_state=42),
'Extra Trees': ExtraTreesRegressor(),

'AdaBoost": AdaBoostRegressor(),

'SVR (linear)": SVR(kernel="linear"),

'SVR (poly)": SVR(kernel="poly"),

'Gaussian Process': GaussianProcessRegressor(),
'KNN (tuned)': KNeighborsRegressor(n neighbors=best n_neighbors),
'Bayesian Ridge': BayesianRidge(),

'Ridge Regression': Ridge(),

'"Lasso Regression': Lasso(),

'ElasticNet Regression': ElasticNet(),

}

# K-Fold Cross-Validation
kfold = KFold(n_splits=10, shuffle=True, random_state=42)

# Storage for evaluation results (empty dictionary)
all results = {}

# Evaluate each model
for model name, model in models.items():
fold results =[]
for fold number, (train_index, test index) in enumerate(kfold.split(X selected)):
X train, X test = X selected.iloc[train_index], X selected.iloc[test index]
y_train, y_test = y.iloc[train_index], y.iloc[test index]

model.fit(X_train, y_train)
y_pred = model.predict(X_test)

mse = mean_squared error(y test, y pred)
12 =12_score(y _test, y pred)
mae = mean_absolute error(y_test, y pred)

fold results.append({
'fold number': fold number + 1,
'MSE'": mse,
'R-squared": 12,
'MAE'": mae
1)

# Add fold results for this model to the main dictionary
all_resultsmodel name] = fold_results

# Calculate average metrics and include model names
summary_results = {model name: {
'Average MSE': np.mean([fold['MSE'] for fold in fold results]),
'Average R-squared': np.mean([fold['R-squared'] for fold in fold results]),
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'Average MAE'": np.mean([fold['MAE!'] for fold in fold results]),
} for model name, fold results in all results.items()}

# Create the DataFrame directly and transpose
df summary = pd.DataFrame(summary_results).transpose() # Transpose here

# Save the DataFrame
writer = pd.Excel Writer('exp-16-FFS-final-results.xlsx")
df summary.to_excel(writer, sheet name='Summary')

# Add sheets for individual fold results
for model name, fold results in all_results.items():
df = pd.DataFrame(fold results)
df.to_excel(writer, sheet name=model name, index=False)

writer.close() # Save the workbook
print(f"Selected features: {selected features}")

# Profile the main function
cProfile.run('main()', 'profile results')

# Print profiling results
p = pstats.Stats("profile results')
p.sort_stats('cumulative').print_stats(10)

import pandas as pd

import numpy as np

from sklearn.model_selection import cross_validate

from sklearn.linear model import LogisticRegression
from sklearn.neighbors import KNeighborsClassifier
from sklearn.svm import SVC

from sklearn.ensemble import RandomForestClassifier
from sklearn.ensemble import GradientBoostingClassifier
from sklearn.naive bayes import GaussianNB

from sklearn.neural network import MLPClassifier
import xgboost as xgb

import lightgbm as 1gb

from skfeature.function.information_theoretical based import CIFE
from sklearn.feature selection import SelectKBest

from sklearn.preprocessing import StandardScaler

from openpyxl import Workbook

from pyswarm import pso

# Load the preprocessed data

data = pd.read_csv('oh-scaled-dataset-2.csv')
X = data.drop('Class', axis=1)

y = data['Class']
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# Define the models
seed = 42
models = {
"Logistic Regression': LogisticRegression(multi_class='multinomial', solver="1bfgs',
max_iter=5000, random_state=seed),
'k-NN': KNeighborsClassifier(),
'SVM'": SVC(decision_function shape='ovr', random_state=seed),
'Random Forest': RandomForestClassifier(random_state=seed),
'Gradient Boosting': GradientBoostingClassifier(random_state=seed),
"XGBoost": xgb.XGBClassifier(random_state=seed, use label encoder=False,
eval metric="mlogloss'),
'LightGBM': 1gb.LGBMClassifier(random_state=seed),
'Naive Bayes': GaussianNB(),
'Neural Network': MLPClassifier(max_iter=5000, random_state=seed)

}

# Function to optimize using PSO
def optimize feature selection(X, y, model):
def objective(features):
# Convert features to indices
selected features = np.where(features)[0]
if len(selected features) == 0:
return np.inf # Return a large value if no feature is selected

# Subset X with selected features
X selected = X.iloc[:, selected features]

# Perform 10-fold cross-validation and return negative accuracy (to maximize
accuracy)

cv_results = cross_ validate(model, X selected, y, cv=10, scoring="accuracy’,
return_train_score=False)

accuracy _mean = np.mean(cv_results|['test_score'])

return -accuracy mean

# Number of features
num_features = X.shape[1]

# PSO optimization

Ib = np.zeros(num_features) # Lower bounds for features (0 for unselected, 1 for
selected)

ub = np.ones(num_features) # Upper bounds for features (0 for unselected, 1 for
selected)

xopt, fopt = pso(objective, b, ub, swarmsize=100, maxiter=5, debug=True)

# Convert the best solution to indices of selected features

selected features = np.where(xopt)[0]
return selected features
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# Define the scoring metrics
scoring_metrics = ['accuracy’, 'precision_macro', 'recall_macro', 'f1 _macro']

# Perform Particle Swarm Optimization for feature selection
results = {model name: [] for model name in models.keys()}

# Perform 10-fold cross-validation with PSO feature selection and collect detailed metrics
for model name, model in models.items():

# PSO feature selection

selected features = optimize feature selection(X, y, model)

# Get the selected features from X
X selected = X.iloc[:, selected features]

# Perform 10-fold cross-validation

cv_results = cross_validate(model, X selected, y, cv=10, scoring=scoring_metrics,
return_train_score=True)

resultsfmodel _name] = cv_results

# Save results to Excel

wb = Workbook()

summary_sheet = wb.active
summary_sheet.title = 'Average Results'

# Write headers for summary

summary_headers = ['Model', 'Accuracy Mean', 'Accuracy Std', 'Precision Mean',
'Precision Std', 'Recall Mean', 'Recall Std', 'F1 Mean', 'F1 Std', 'Selected Features']
summary_sheet.append(summary headers)

# Fill in the summary sheet and create detailed sheets for each model
for model name, cv_results in results.items():
# Compute means and standard deviations for each metric
accuracy mean =np.mean(cv_results['test_accuracy'])
accuracy_std =np.std(cv_results['test accuracy'])
precision_mean = np.mean(cv_results['test precision_macro'])
precision_std = np.std(cv_results['test precision_macro'])
recall mean = np.mean(cv_results['test recall macro'])
recall_std =np.std(cv_results['test_recall macro'])
fl_mean = np.mean(cv_results['test fl1 macro'])
fl _std =np.std(cv_results['test f1 macro'])

# Write to summary sheet

summary row = [model name, accuracy mean, accuracy_std, precision_mean,
precision_std, recall mean, recall_std, f1 mean, fl std, ', ".join(selected features)]

summary_sheet.append(summary row)

# Create a new sheet for each model's fold results
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model sheet = wb.create sheet(title=f'{model name} Folds')

model headers = ['Fold', 'Test Accuracy', "Train Accuracy', "Test Precision', 'Train
Precision', 'Test Recall', '"Train Recall', 'Test F1', "Train F1']

model sheet.append(model headers)

# Write detailed results for each fold
for fold_idx in range(10):
fold row = [
fold idx + 1,
cv_results['test accuracy']|[fold _idx], cv_results['train_accuracy']|[fold idx],
cv_results['test precision_macro'][fold idx],
cv_results['train_precision_macro'|[fold idx],
cv_results['test recall macro'][fold idx],
cv_results['train_recall macro'[[fold idx],
cv_results['test fl macro'][fold idx], cv_results['train_fl macro'|[fold idx]

]
model sheet.append(fold row)

# Save the workbook

wb.save('exp-11-pso.xIsx')

print("Selected Features:", selected features)

import pandas as pd

import numpy as np

import seaborn as sns

import matplotlib.pyplot as plt

from sklearn.gaussian_process import GaussianProcessRegressor

from sklearn.pipeline import Pipeline

import xgboost as xgb

import lightgbm as 1gb

from sklearn.model selection import train_test split, KFold

from sklearn.linear model import LinearRegression

from sklearn.tree import DecisionTreeRegressor

from sklearn.ensemble import GradientBoostingRegressor, RandomForestRegressor
from sklearn.svm import SVR

from sklearn.neighbors import KNeighborsRegressor

from sklearn.model selection import GridSearchCV

from sklearn.neural network import MLPRegressor

from sklearn.ensemble import ExtraTreesRegressor, AdaBoostRegressor
from sklearn.linear model import BayesianRidge

from sklearn.preprocessing import PolynomialFeatures

from sklearn.linear model import Ridge, Lasso, ElasticNet

from sklearn.metrics import mean_squared_error, r2_score, mean_absolute error
from sklearn.feature selection import SelectKBest, f regression

# Load the data

df = pd.read_csv('processed-dataset-3.csv')

X = df.drop(['G3'], axis=1) # Dropping target
y =df['G3'] # Target variable
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# Feature Selection using Pearson Correlation
correlation _matrix = X.corr().abs()

# Plot and save the correlation matrix

plt.figure(figsize=(16, 12))

sns.heatmap(correlation_matrix, annot=True, fmt=".2f", cmap='coolwarm')
plt.title('Pearson Correlation Coefficient Matrix")
plt.savefig('PCC_matrix.png')

plt.show()

upper_triangle = correlation matrix.where(np.triu(np.ones(correlation_matrix.shape),
k=1).astype(bool))

top_correlated features = [column for column in upper_triangle.columns if
any(upper_triangle[column] > 0.6)]

# Select the top features
selector = SelectKBest(f regression, k=len(top_correlated features))
selector.fit(X[top correlated features], y)

# Subset data for transformation
X to_transform = X[top correlated features]
X _selected = selector.transform(X_to_transform)

# Print selected features
print(top_correlated features)

# Initialize the KNN regressor
knn = KNeighborsRegressor()

# Define the parameter grid
param_grid = {'n_neighbors'": np.arange(1, 51)}

# Initialize GridSearchCV
grid_search = GridSearchCV(knn, param_grid, cv=5, scoring='neg_mean_squared_error')

# Fit the grid search to the data
grid_search.fit(X_selected, y)

# Get the best parameter
best n_neighbors = grid_search.best params ['n_neighbors']
print(f"The optimal number of neighbors is: {best n neighbors}")

# Define models to evaluate

models = {
'Linear Regression': LinearRegression(),
'Decision Tree'": DecisionTreeRegressor(random_state=42),
'Random Forest': RandomForestRegressor(random_state=42),
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'SVR (RBF)": SVR(kernel="rbf"),

'KNN'": KNeighborsRegressor(),

'MLP': MLPRegressor(max_iter=10000, learning_rate='adaptive', random_state=42),
'Gradient Boosting': GradientBoostingRegressor(random_state=42),
"XGBoost": xgb.XGBRegressor(random_state=42),

'"LightGBM': Igb.LGBMRegressor(random_state=42),

'Extra Trees': ExtraTreesRegressor(),

'AdaBoost": AdaBoostRegressor(),

'SVR (linear)": SVR(kernel='linear"),

'SVR (poly)": SVR(kernel="poly"),

'Gaussian Process': GaussianProcessRegressor(),

'KNN (tuned)': KNeighborsRegressor(n_neighbors=best n_neighbors),
'Bayesian Ridge': BayesianRidge(),

'Ridge Regression': Ridge(),

'Lasso Regression': Lasso(),

'ElasticNet Regression': ElasticNet(),

}

# K-Fold Cross-Validation
kfold = KFold(n_splits=10, shuffle=True, random_state=42)

# Storage for evaluation results (empty dictionary)
all results = {}

# Evaluate each model
for model name, model in models.items():
fold results =[]
for fold_number, (train_index, test_index) in enumerate(kfold.split(X_selected)):
X train, X test = X selected[train_index], X selected[test index]
y_train, y_test = y[train_index], y[test_index]

model.fit(X_train,y train)
y_pred = model.predict(X_test)

mse = mean_squared _error(y_test, y pred)
12 =12 score(y test,y pred)
mae = mean_absolute error(y test, y pred)

fold results.append({
'fold number': fold number + 1,
'MSE': mse,
'R-squared": 12,
'MAE': mae
1)

# Add fold results for this model to the main dictionary
all resultsmodel name] = fold results
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# Calculate average metrics and include model names
summary_results = {model name: {
'Average MSE': np.mean([fold['MSE'] for fold in fold results]),
'Average R-squared': np.mean(|fold['R-squared'] for fold in fold results]),
'Average MAE'": np.mean([fold['MAE!'] for fold in fold results]),
} for model name, fold results in all results.items()}

# Create the DataFrame directly and transpose
df summary = pd.DataFrame(summary_results).transpose() # Transpose here

# Save the DataFrame
writer = pd.Excel Writer('exp-14-PCC-results.xlsx")
df summary.to_excel(writer, sheet name="Summary")

# Add sheets for individual fold results
for model name, fold results in all results.items():
df = pd.DataFrame(fold_results)
dfito_excel(writer, sheet name=model name, index=False)

writer.close() # Save the workbook

print(top_correlated features)
#Exp 13: All models on No FS

import pandas as pd

import numpy as np

from sklearn.feature selection import SelectKBest, f regression

from sklearn.gaussian_process import GaussianProcessRegressor

from sklearn.pipeline import Pipeline

import xgboost as xgb

import lightgbm as Igb

from sklearn.model selection import train_test split, KFold

from sklearn.linear_model import LinearRegression

from sklearn.tree import DecisionTreeRegressor

from sklearn.ensemble import GradientBoostingRegressor, RandomForestRegressor
from sklearn.svm import SVR

from sklearn.neighbors import KNeighborsRegressor

from sklearn.model selection import GridSearchCV

from sklearn.neural network import MLPRegressor

from sklearn.ensemble import ExtraTreesRegressor, AdaBoostRegressor
from sklearn.svm import SVR

from sklearn.neighbors import KNeighborsRegressor

from sklearn.linear model import BayesianRidge

from sklearn.preprocessing import PolynomialFeatures

from sklearn.linear model import Ridge, Lasso, ElasticNet

#from sklearn.ensemble import BaggingRegressor

from sklearn.metrics import mean_squared_error, r2_score, mean_absolute error
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# Load the data

df = pd.read_csv('processed-dataset-3.csv')

X = df.drop(['G3'], axis=1) # Dropping target
y = df['G3'] # Target variable

# Initialize the KNN regressor
knn = KNeighborsRegressor()

# Define the parameter grid
param_grid = {'n_neighbors'": np.arange(1, 51)}

# Initialize GridSearchCV
grid_search = GridSearchCV(knn, param_grid, cv=5, scoring='neg_mean_squared_error')

# Fit the grid search to the data
grid_search.fit(X, y)

# Get the best parameter
best n_neighbors = grid search.best params ['n_neighbors']
print(f"The optimal number of neighbors is: {best n neighbors}")

# Define models to evaluate
models = {

'Linear Regression': LinearRegression(),

'Decision Tree'": DecisionTreeRegressor(random_state=42),

'Random Forest': RandomForestRegressor(random_state=42),

'SVR (RBF)": SVR(kernel="rbf"),

'KNN'": KNeighborsRegressor(),

'MLP': MLPRegressor(max_iter=5000, learning_rate="adaptive', random_state=42),

'Gradient Boosting': GradientBoostingRegressor(random_state=42),

"XGBoost': xgb.XGBRegressor(random_state=42),

'"LightGBM': Igb.LGBMRegressor(random_state=42),

'Extra Trees': ExtraTreesRegressor(),

'AdaBoost": AdaBoostRegressor(),

'SVR (linear)": SVR(kernel="linear"),

'SVR (poly)": SVR(kernel="poly"),

'Gaussian Process': GaussianProcessRegressor(),

'KNN (tuned)': KNeighborsRegressor(n neighbors=best n_neighbors),

'Bayesian Ridge': BayesianRidge(),

'Ridge Regression': Ridge(),

'Lasso Regression': Lasso(),

'ElasticNet Regression': ElasticNet(),

#Bagging (Decision Tree)":
BaggingRegressor(base_estimator=DecisionTreeRegressor(random_state=42)) # Optional
random_state within the DecisionTree

}

# K-Fold Cross-Validation
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kfold = KFold(n_splits=10, shuffle=True, random_state=42)

# Storage for evaluation results (empty dictionary)
all results = {}

# Evaluate each model
for model name, model in models.items():
# Create a list to store fold results for this model
fold results =[]
for fold_number, (train_index, test_index) in enumerate(kfold.split(X)):
X train, X _test = X.iloc[train_index], X.iloc[test index]
y_train, y_test = y.iloc[train_index], y.iloc[test index]

model.fit(X_train, y_train)
y_pred = model.predict(X _test)

mse = mean_squared_error(y_test, y pred)
r2 =12 _score(y_test, y_pred)
mae = mean_absolute error(y test, y pred)

fold results.append({
'fold number': fold number + 1, # Start fold numbers from 1
'MSE': mse,
'R-squared': 12,
'MAE': mae
1)
# Add fold results for this model to the main dictionary
all resultsfmodel name] = fold_results

# Calculate average metrics and include model names
summary results = {model name: {
'Average MSE': np.mean([fold['MSE'] for fold in fold results]),
'Average R-squared': np.mean([fold['R-squared'] for fold in fold results]),
'Average MAE'": np.mean([fold['MAE'] for fold in fold results]),
}+ for model name, fold results in all results.items()}

# Create the DataFrame directly and transpose
df summary = pd.DataFrame(summary_results).transpose() # Transpose here

# Save the DataFrame
writer = pd.Excel Writer('exp-13-noFS-results.xIsx")
df summary.to_excel(writer, sheet name='Summary')

# Add sheets for individual fold results
for model name, fold results in all results.items():
df = pd.DataFrame(fold results)
df.ito_excel(writer, sheet name=model name, index=False)
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writer.close() # Save the workbook

import pandas as pd

import numpy as np

from sklearn.model_selection import cross_validate

from sklearn.linear model import LogisticRegression
from sklearn.neighbors import KNeighborsClassifier
from sklearn.svm import SVC

from sklearn.ensemble import RandomForestClassifier
from sklearn.ensemble import GradientBoostingClassifier
from sklearn.naive bayes import GaussianNB

from sklearn.neural network import MLPClassifier
import xgboost as xgb

import lightgbm as 1gb

from skfeature.function.information_theoretical based import CIFE
from sklearn.feature selection import SelectK Best

from sklearn.preprocessing import StandardScaler

from openpyxl import Workbook

from pyswarm import pso

# Load the preprocessed data

data = pd.read csv('oh-scaled-dataset-2.csv')
X = data.drop('Class', axis=1)

y = data['Class']

# Define the models
seed = 42
models = {
'Logistic Regression': LogisticRegression(multi_class='multinomial', solver="1bfgs',
max_iter=5000, random_state=seed),
'k-NN': KNeighborsClassifier(),
'SVM": SVC(decision_function_shape='ovr', random_state=seed),
'Random Forest': RandomForestClassifier(random_state=seed),
'Gradient Boosting': GradientBoostingClassifier(random_state=seed),
"XGBoost'": xgb.XGBClassifier(random_state=seed, use label encoder=False,
eval metric='mlogloss'),
'LightGBM': 1gb.LGBMClassifier(random_state=seed),
'Naive Bayes': GaussianNB(),
'Neural Network': MLPClassifier(max_iter=5000, random_state=seed)

}

# Function to optimize using PSO
def optimize feature selection(X, y, model):
def objective(features):
# Convert features to indices
selected features = np.where(features)[0]
if len(selected features) == 0:
return np.inf # Return a large value if no feature is selected
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# Subset X with selected features
X selected = X.iloc[:, selected features]

# Perform 10-fold cross-validation and return negative accuracy (to maximize
accuracy)

cv_results = cross_validate(model, X selected, y, cv=10, scoring="accuracy’,
return_train_score=False)

accuracy mean = np.mean(cv_results['test score'])

return -accuracy mean

# Number of features
num_features = X.shape[1]

# PSO optimization

Ib = np.zeros(num_features) # Lower bounds for features (0 for unselected, 1 for
selected)

ub = np.ones(num_features) # Upper bounds for features (0 for unselected, 1 for
selected)

xopt, fopt = pso(objective, b, ub, swarmsize=100, maxiter=5, debug=True)

# Convert the best solution to indices of selected features
selected features = np.where(xopt)[0]
return selected features

# Define the scoring metrics
scoring_metrics = ['accuracy’, 'precision_macro', 'recall_macro', 'f1 _macro']

# Perform Particle Swarm Optimization for feature selection
results = {model name: [] for model name in models.keys()}

# Perform 10-fold cross-validation with PSO feature selection and collect detailed metrics
for model name, model in models.items():

# PSO feature selection

selected features = optimize feature selection(X, y, model)

# Get the selected features from X
X selected = X.iloc[:, selected features]

# Perform 10-fold cross-validation

cv_results = cross_validate(model, X selected, y, cv=10, scoring=scoring_metrics,
return_train_score=True)

resultsfmodel name] = cv_results

# Save results to Excel

wb = Workbook()

summary_sheet = wb.active
summary_sheet.title = 'Average Results'
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# Write headers for summary
summary headers = ['Model', 'Accuracy Mean', 'Accuracy Std', 'Precision Mean',
'"Precision Std', 'Recall Mean', 'Recall Std', 'F1 Mean', 'F1 Std', 'Selected Features']

summary_sheet.append(summary headers)

# Fill in the summary sheet and create detailed sheets for each model
for model name, cv_results in results.items():
# Compute means and standard deviations for each metric
accuracy mean = np.mean(cv_results|['test_accuracy'])
accuracy_std =np.std(cv_results['test accuracy'])
precision_mean = np.mean(cv_results['test precision_macro'])
precision_std = np.std(cv_results['test precision_macro'])
recall mean = np.mean(cv_results['test recall macro'])
recall std =np.std(cv_results['test_recall macro'])
fl _mean = np.mean(cv_results['test fl macro'])
f1_std = np.std(cv_results['test f1 macro'])

# Write to summary sheet

summary row = [model name, accuracy mean, accuracy_std, precision_mean,
precision_std, recall mean, recall std, fl mean, fl std,', 'join(selected features)]

summary_sheet.append(summary row)

# Create a new sheet for each model's fold results

model sheet = wb.create sheet(title=f'{model name} Folds')

model headers = ['Fold', 'Test Accuracy', "Train Accuracy', "Test Precision', 'Train
Precision', '"Test Recall', 'Train Recall', 'Test F1', "Train F1']

model sheet.append(model headers)

# Write detailed results for each fold
for fold_idx in range(10):
fold row = [
fold idx + 1,
cv_results['test accuracy'][fold idx], cv_results['train_accuracy'][fold idx],
cv_results['test_precision_macro'][fold idx],
cv_results['train_precision_macro'[[fold idx],
cv_results['test recall macro'][fold idx],
cv_results['train_recall macro'|[fold idx],
cv_results['test f1 macro'][fold idx], cv_results['train_fl macro'][fold idx]

]
model sheet.append(fold row)

# Save the workbook

whb.save('exp-11-pso.xIsx")

print("Selected Features:", selected features)

import pandas as pd

import numpy as np

from sklearn.model_selection import cross_validate
from sklearn.linear model import LogisticRegression
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from sklearn.neighbors import KNeighborsClassifier
from sklearn.svm import SVC

from sklearn.ensemble import RandomForestClassifier
from sklearn.ensemble import GradientBoostingClassifier
from sklearn.naive bayes import GaussianNB

from sklearn.neural network import MLPClassifier
import xgboost as xgb

import lightgbm as 1gb

from mlxtend.feature selection import SequentialFeatureSelector as SFS
from sklearn.ensemble import VotingClassifier

from openpyxI import Workbook

# Load the preprocessed data

data = pd.read csv('oh-scaled-dataset-2.csv')
X = data.drop('Class', axis=1)

y = data['Class']

# Define the base models for ensemble
seed = 42
base models = [
('logistic', LogisticRegression(multi class='multinomial’, solver='lIbfgs', max_iter=5000,
random_state=seed)),
(‘random_forest', RandomForestClassifier(random state=seed))

]

# Create an ensemble model
ensemble _model = VotingClassifier(estimators=base _models, voting="soft', n_jobs=-1)

# Perform SFS with the ensemble model
sfs = SFS(ensemble_model,

k features='best',

forward=True,

scoring='accuracy',

cv=3,

n_jobs=-1)

sfs = sfs.fit(X, y)
selected features = list(sfs.k feature names )

# Reduce X to the selected features
X selected = X[selected features]

# Define the models to evaluate
models = {

"Logistic Regression": LogisticRegression(multi_class="multinomial', solver="1bfgs',
max_iter=5000, random_state=seed),

'k-NN': KNeighborsClassifier(),

'SVM'": SVC(decision_function shape='ovr', random_state=seed),
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'Random Forest': RandomForestClassifier(random_state=seed),

'Gradient Boosting': GradientBoostingClassifier(random_state=seed),

"XGBoost": xgb.XGBClassifier(random_state=seed, use label encoder=False,
eval metric='"mlogloss'),

'LightGBM': 1gb.LGBMClassifier(random_state=seed),

'Naive Bayes': GaussianNB(),

'Neural Network': MLPClassifier(max_iter=5000, random_state=seed)

}

# Define the scoring metrics
scoring_metrics = ['accuracy’, 'precision_macro', 'recall_macro', 'f1 _macro']

# Perform 10-fold cross-validation for each model and collect detailed metrics
results = {model name: {} for model name in models.keys()}

for model name, model in models.items():

cv_results = cross_validate(model, X selected, y, cv=10, scoring=scoring_metrics,
return_train_score=True)

resultsfmodel _name] = cv_results

# Save results to Excel

wb = Workbook()

summary_sheet = wb.active
summary_sheet.title = 'Average Results'

# Write headers for summary

summary_headers = ['Model', 'Accuracy Mean', 'Accuracy Std', 'Precision Mean',
'Precision Std', 'Recall Mean', 'Recall Std', 'F1 Mean', 'F1 Std', 'Selected Features']
summary_sheet.append(summary headers)

# Fill in the summary sheet and create detailed sheets for each model
for model name, cv_results in results.items():
# Compute means and standard deviations for each metric
accuracy mean =np.mean(cv_results['test_accuracy'])
accuracy_std =np.std(cv_results['test accuracy'])
precision_mean = np.mean(cv_results['test precision_macro'])
precision_std = np.std(cv_results['test precision_macro'])
recall mean = np.mean(cv_results['test recall macro'])
recall_std =np.std(cv_results['test_recall macro'])
fl_mean = np.mean(cv_results['test fl1 macro'])
fl _std =np.std(cv_results['test f1 macro'])

# Write to summary sheet

summary row = [model name, accuracy mean, accuracy_std, precision_mean,
precision_std, recall mean, recall_std, f1 mean, fl std, ', ".join(selected features)]

summary_sheet.append(summary row)

# Create a new sheet for each model's fold results
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model sheet = wb.create sheet(title=f'{model name} Folds')

model headers = ['Fold', 'Test Accuracy', "Train Accuracy', "Test Precision', 'Train
Precision', 'Test Recall', '"Train Recall', 'Test F1', "Train F1']

model sheet.append(model headers)

# Write detailed results for each fold
for fold_idx in range(10):
fold row = [
fold idx + 1,
cv_results['test accuracy']|[fold _idx], cv_results['train_accuracy']|[fold idx],
cv_results['test precision_macro'][fold idx],
cv_results['train_precision_macro'|[fold idx],
cv_results['test recall macro'][fold idx],
cv_results['train_recall macro'[[fold idx],
cv_results['test fl macro'][fold idx], cv_results['train_fl macro'|[fold idx]

]
model sheet.append(fold row)

# Save the workbook
whb.save('exp-10-mIxSFS.xlsx")

import pandas as pd

import numpy as np

from sklearn.model_selection import cross_validate
from sklearn.decomposition import PCA

from sklearn.linear model import LogisticRegression
from sklearn.neighbors import KNeighborsClassifier
from sklearn.svm import SVC

from sklearn.ensemble import RandomForestClassifier
from sklearn.ensemble import GradientBoostingClassifier
from sklearn.naive bayes import GaussianNB

from sklearn.neural network import MLPClassifier
import xgboost as xgb

import lightgbm as lgb

from openpyxl import Workbook

# Load the preprocessed data

data = pd.read csv('oh-scaled-dataset-2.csv')
X = data.drop('Class', axis=1)

y = data['Class']

# Perform PCA for feature selection
pca = PCA(n_components=0.95) # Retain 95% of the variance based on elbow analysis
X _pca = pca.fit_transform(X)

# Define the models

seed =42
models = {
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'Logistic Regression': LogisticRegression(multi_class='multinomial’, solver="1bfgs',
max_iter=5000, random_state=seed),

'k-NN': KNeighborsClassifier(),

'SVM": SVC(decision_function_shape='ovr', random_state=seed),

'Random Forest': RandomForestClassifier(random_state=seed),

'Gradient Boosting': GradientBoostingClassifier(random_state=seed),

"XGBoost': xgb.XGBClassifier(random_state=seed, use label encoder=False,
eval_metric='mlogloss'),

'LightGBM': 1gb.LGBMClassifier(random_state=seed),

'Naive Bayes': GaussianNB(),

'Neural Network': MLPClassifier(max_iter=5000, random_state=seed)

}

# Perform 10-fold CV and hold results
results = {model name: [] for model name in models.keys()}

# Define scoring metrics
scoring = ['accuracy', 'f1_macro', 'recall macro', 'precision_macro']

# Perform 10-fold cross-validation and collect detailed metrics
for model name, model in models.items():

cv_results = cross_validate(model, X pca, y, cv=10, scoring=scoring,
return_train_score=False)

results[model _name] = cv_results

# Save results to Excel

wb = Workbook()

summary_sheet = wb.active
summary_sheet.title = 'Average Results'

# Write headers for summary

summary_headers = ['Model', 'Accuracy Mean', 'Accuracy Std', 'F1 Mean', 'F1 Std',
'Recall Mean', 'Recall Std', 'Precision Mean', 'Precision Std']
summary_sheet.append(summary headers)

# Fill in the summary sheet and create detailed sheets for each model
for model name, cv_results in results.items():
# Compute means and standard deviations for the metrics
accuracy mean = np.mean(cv_results['test_accuracy'])
accuracy_std = np.std(cv_results['test accuracy'])
fl _mean = np.mean(cv_results['test fl macro'])
fl _std =np.std(cv_results['test f1 macro'])
recall mean = np.mean(cv_results['test recall macro'])
recall_std =np.std(cv_results['test_recall macro'])
precision_mean = np.mean(cv_results['test precision_macro'])
precision_std = np.std(cv_results['test precision_macro'])

# Write to summary sheet
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summary_row = [model name, accuracy mean, accuracy_std, fl mean, f1_std,
recall mean, recall_std, precision_mean, precision_std]
summary_sheet.append(summary row)

# Create a new sheet for each model's fold results

model sheet = wb.create sheet(title=f'{model name} Folds')
model headers = ['Fold', 'Accuracy', 'F1', 'Recall', 'Precision']
model sheet.append(model headers)

# Write detailed results for each fold
for fold idx in range(10):
fold row = [fold idx+1,
cv_results['test accuracy'][fold idx],
cv_results['test f1 macro'][fold idx],
cv_results['test recall macro'|[fold idx],
cv_results['test precision_macro'][fold idx]]
model sheet.append(fold row)

# Add a sheet for selected features
features sheet = wb.create sheet(title='Selected Features')
features _sheet.append(['Selected Features'])
selected features = [fPC{i+1}' for i in range(X pca.shape[1])]
for feature in selected features:

features _sheet.append([feature])

# Save the workbook
wb.save('exp-9-pca095.x1sx")

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

from sklearn.decomposition import PCA

from sklearn.model selection import cross_validate
from sklearn.linear model import LogisticRegression
from sklearn.neighbors import KNeighborsClassifier
from sklearn.svm import SVC

from sklearn.ensemble import RandomForestClassifier
from sklearn.ensemble import GradientBoostingClassifier
from sklearn.naive bayes import GaussianNB

from sklearn.neural network import MLPClassifier
import xgboost as xgb

import lightgbm as Igb

from openpyxI import Workbook

# Load the preprocessed data

data = pd.read_csv('oh-scaled-dataset-2.csv')
X = data.drop('Class', axis=1)

y = data['Class']
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# Perform PCA to analyze explained variance
pca=PCA()
X pca = pca.fit_transform(X)

# Calculate cumulative explained variance
cumulative explained variance = np.cumsum(pca.explained variance ratio )

# Plot cumulative explained variance
plt.figure(figsize=(10, 6))

plt.plot(range(1, len(cumulative explained variance) + 1),
cumulative explained variance, marker='0", linestyle='"--")
plt.xlabel("Number of Principal Components')
plt.ylabel('Cumulative Explained Variance')
plt.title('"Explained Variance Analysis')

# Find elbow point
diff = np.diff(cumulative _explained variance)
elbow_point = np.argmax(diff < 0.05) + 1 # Adjust 0.05 threshold if needed

plt.axvline(x=elbow_point, color="r', linestyle='--', label=f'Elbow Point:
PC={elbow_point}")

# Annotate elbow point
plt.text(elbow point + 1, cumulative explained variance[elbow point - 1],
fPC={elbow_point}', verticalalignment="bottom")

plt.grid()
plt.legend()
plt.tight_layout()

# Save the plot to a file
plt.savefig(‘explained variance analysis.png')

# Show the plot

plt.show()

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

from sklearn.decomposition import PCA

from sklearn.model_selection import cross_validate
from sklearn.linear model import LogisticRegression
from sklearn.neighbors import KNeighborsClassifier
from sklearn.svm import SVC

from sklearn.ensemble import RandomForestClassifier
from sklearn.ensemble import GradientBoostingClassifier
from sklearn.naive bayes import GaussianNB

from sklearn.neural network import MLPClassifier
import xgboost as xgb
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import lightgbm as Igb
from openpyxl import Workbook

# Load the preprocessed data

data = pd.read csv('oh-scaled-dataset-2.csv')
X = data.drop('Class', axis=1)

y = data['Class']

# Perform PCA to analyze explained variance
pca =PCA()
X pca = pca.fit_transform(X)

# Calculate cumulative explained variance
cumulative explained variance = np.cumsum(pca.explained variance ratio )

# Plot cumulative explained variance
plt.figure(figsize=(10, 6))

plt.plot(range(1, len(cumulative explained variance) + 1),
cumulative explained variance, marker='0', linestyle='"--")
plt.xlabel("Number of Principal Components')
plt.ylabel('Cumulative Explained Variance')
plt.title("Explained Variance Analysis')

# Find elbow point

diff = np.diff(cumulative _explained variance)

elbow_point = np.argmax(diff < 0.05) +1 # Adjust 0.05 threshold if needed
plt.axvline(x=elbow_point, color="r", linestyle='--', label=f'Elbow Point:
PC={elbow_point}")

# Annotate elbow point
plt.text(elbow point + 1, cumulative explained variance[elbow_ point - 1],
fPC={elbow_point}', verticalalignment="bottom")

plt.grid()
plt.legend()
plt.tight layout()

# Save the plot to a file
plt.savefig(‘explained variance analysis.png')

# Show the plot
plt.show()

# Set n_components based on the elbow point from the explained variance plot
n_components = elbow_point # Use the identified elbow point

# Perform PCA with the chosen number of components
pca = PCA(n_components=n_components)
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X pca_selected = pca.fit_transform(X)

# Define the models
seed = 42
models = {
"Logistic Regression": LogisticRegression(multi_class="multinomial', solver="1bfgs',
max_iter=5000, random_state=seed),
'k-NN': KNeighborsClassifier(),
'SVM'": SVC(decision_function_shape='ovr', random_state=seed),
'Random Forest': RandomForestClassifier(random_state=seed),
'Gradient Boosting': GradientBoostingClassifier(random_state=seed),
"XGBoost': xgb.XGBClassifier(random_state=seed, use label encoder=False,
eval _metric='mlogloss'),
'LightGBM': 1gb.LGBMClassifier(random_state=seed),
'Naive Bayes': GaussianNB(),
'Neural Network': MLPClassifier(max_iter=5000, random_state=seed)

}

# Perform 10-fold CV and hold results
results = {model name: [] for model name in models.keys()}

# Define scoring metrics
scoring = ['accuracy', 'fl _macro', 'recall _macro', 'precision_macro']

# Perform 10-fold cross-validation and collect detailed metrics
for model name, model in models.items():

cv_results = cross_validate(model, X pca selected, y, cv=10, scoring=scoring,
return_train_score=False)

results[model _name] = cv_results

# Save results to Excel

wb = Workbook()

summary sheet = wb.active
summary_sheet.title = 'Average Results'

# Write headers for summary

summary_headers = ['Model', 'Accuracy Mean', 'Accuracy Std', 'F1 Mean', 'F1 Std',
'Recall Mean', 'Recall Std', Precision Mean', 'Precision Std']
summary_sheet.append(summary headers)

# Fill in the summary sheet and create detailed sheets for each model
for model name, cv_results in results.items():
# Compute means and standard deviations for the metrics
accuracy mean = np.mean(cv_results['test_accuracy'])
accuracy_std = np.std(cv_results['test accuracy'])
fl _mean = np.mean(cv_results['test fl macro'])
fl _std =np.std(cv_results['test f1 macro'])
recall mean = np.mean(cv_results['test recall macro'])
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recall_std =np.std(cv_results['test_recall macro'])
precision_mean = np.mean(cv_results['test precision_macro'])
precision_std = np.std(cv_results['test precision_macro'])

# Write to summary sheet

summary_row = [model name, accuracy mean, accuracy_std, fl mean, fl_std,
recall mean, recall_std, precision_mean, precision_std]

summary_sheet.append(summary row)

# Create a new sheet for each model's fold results

model sheet = wb.create sheet(title=f'{model name} Folds')
model headers = ['Fold', 'Accuracy', 'F1', 'Recall', 'Precision']
model sheet.append(model headers)

# Write detailed results for each fold
for fold idx in range(10):
fold row = [fold idx+1,
cv_results['test accuracy'][fold idx],
cv_results['test f1 macro'][fold idx],
cv_results['test recall macro'|[fold idx],
cv_results['test precision_macro'][fold idx]]
model sheet.append(fold row)

# Add a sheet for selected features
features sheet = wb.create sheet(title='Selected Features')
features _sheet.append(['Selected Features'])
selected features = [fPC{i+1}' for i in range(X pca_selected.shape[1])]
for feature in selected features:
features _sheet.append([feature])

# Save the workbook
whb.save('exp-9-pca-elbow.xlsx")

import pandas as pd

import numpy as np

from sklearn.model_selection import cross_validate
from sklearn.linear model import LogisticRegression
from sklearn.neighbors import KNeighborsClassifier
from sklearn.svm import SVC

from sklearn.ensemble import RandomForestClassifier
from sklearn.ensemble import GradientBoostingClassifier
from sklearn.naive bayes import GaussianNB

from sklearn.neural network import MLPClassifier
import xgboost as xgb

import lightgbm as 1gb

from openpyxI import Workbook

# Load the preprocessed data
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data = pd.read_csv('oh-scaled-dataset-2.csv')
X = data.drop('Class', axis=1)
y = data['Class']

# Perform Pearson Correlation Coefficient feature selection
correlation_threshold = 0.1 # We can adjust this threshold
correlation_with_target = X.apply(lambda x: x.corr(y)).abs()

selected features = correlation with target[correlation with target >
correlation_threshold].index

X selected = X[selected features]

# Define the models
seed = 42
models = {
'Logistic Regression': LogisticRegression(multi_class='multinomial’, solver="1bfgs',
max_iter=5000, random_state=seed),
'k-NN': KNeighborsClassifier(),
'SVM": SVC(decision_function_shape='ovr', random_state=seed),
'Random Forest': RandomForestClassifier(random_state=seed),
'Gradient Boosting': GradientBoostingClassifier(random_state=seed),
"XGBoost": xgb.XGBClassifier(random_state=seed, use label encoder=False,
eval _metric='mlogloss'),
'LightGBM': 1gb.LGBMClassifier(random_state=seed),
'Naive Bayes': GaussianNB(),
'Neural Network': MLPClassifier(max_iter=5000, random_state=seed)

}

# Perform 10-fold CV and hold results
results = {model name: [] for model name in models.keys()}

# Define scoring metrics
scoring = ['accuracy', 'fl _macro', 'recall macro', 'precision_macro']

# Perform 10-fold cross-validation and collect detailed metrics
for model name, model in models.items():

cv_results = cross_validate(model, X _selected, y, cv=10, scoring=scoring,
return_train_score=False)

results[model _name] = cv_results

# Save results to Excel

wb = Workbook()

summary_sheet = wb.active
summary_sheet.title = 'Average Results'

# Write headers for summary

summary_headers = ['Model', 'Accuracy Mean', 'Accuracy Std', 'F1 Mean', 'F1 Std',
'Recall Mean', 'Recall Std', 'Precision Mean', 'Precision Std']
summary_sheet.append(summary headers)
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# Fill in the summary sheet and create detailed sheets for each model
for model name, cv_results in results.items():
# Compute means and standard deviations for the metrics
accuracy mean = np.mean(cv_results['test accuracy'])
accuracy_std = np.std(cv_results['test accuracy'])
fl _mean = np.mean(cv_results['test fl macro'])
f1_std = np.std(cv_results['test f1 macro'])
recall mean = np.mean(cv_results['test recall macro'])
recall_std =np.std(cv_results['test_recall macro'])
precision_mean = np.mean(cv_results['test precision_macro'])
precision_std = np.std(cv_results['test precision_macro'])

# Write to summary sheet

summary _row = [model name, accuracy mean, accuracy_std, fl mean, fl_std,
recall_mean, recall std, precision_mean, precision_std]

summary_sheet.append(summary row)

# Create a new sheet for each model's fold results

model sheet = wb.create sheet(title=f'{model name} Folds')
model headers = ['Fold', 'Accuracy', 'F1', 'Recall', 'Precision']
model sheet.append(model headers)

# Write detailed results for each fold
for fold_idx in range(10):
fold row = [fold idx+1,
cv_results['test accuracy'][fold idx],
cv_results['test f1 macro'][fold idx],
cv_results['test recall macro'|[fold idx],
cv_results['test precision _macro'][fold idx]]
model sheet.append(fold row)

# Add a sheet for selected features
features sheet =wb.create sheet(title='Selected Features')
features _sheet.append(['Selected Features'])
for feature in selected features:
features sheet.append([feature])

# Save the workbook
whb.save('exp-8c01.xIsx")

#Experiment 8: Drop those above threshold version
import pandas as pd

from sklearn.model_selection import cross_validate
import numpy as np

from sklearn.linear model import LogisticRegression
from sklearn.neighbors import KNeighborsClassifier
from sklearn.svm import SVC
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from sklearn.ensemble import RandomForestClassifier
from sklearn.ensemble import GradientBoostingClassifier
from sklearn.naive bayes import GaussianNB

from sklearn.neural network import MLPClassifier
import xgboost as xgb

import lightgbm as 1gb

from openpyxl import Workbook

# Load the preprocessed data

data = pd.read_csv('oh-scaled-dataset-2.csv')
X = data.drop('Class', axis=1)

y = data['Class']

# Perform Pearson Correlation Coefficient feature selection

correlation_threshold = 0.1 # You can adjust this threshold

correlation _matrix = X.corr().abs()

upper_triangle = correlation matrix.where(np.triu(np.ones(correlation_matrix.shape),
k=1).astype(bool))

to_drop = [column for column in upper_triangle.columns if any(upper_triangle[column] >
correlation_threshold)]

X selected = X.drop(columns=to_drop)

# Define the models
seed = 42
models = {
'Logistic Regression': LogisticRegression(multi_class='multinomial’, solver="1bfgs',
max_iter=5000, random_state=seed),
'k-NN': KNeighborsClassifier(),
'SVM'": SVC(decision_function shape='ovr', random_state=seed),
'Random Forest': RandomForestClassifier(random_state=seed),
'Gradient Boosting': GradientBoostingClassifier(random_state=seed),
"XGBoost": xgb.XGBClassifier(random_state=seed, use label encoder=False,
eval metric='mlogloss'),
'LightGBM'": 1gb.LGBMClassifier(random_state=seed),
'Naive Bayes': GaussianNB(),
'Neural Network': MLPClassifier(max_iter=5000, random_state=seed)

}

# Perform 10-fold CV and hold results
results = {model name: [] for model name in models.keys()}

# Define scoring metrics
scoring = ['accuracy', 'f1_macro', 'recall_macro', 'precision_macro']

# Perform 10-fold cross-validation and collect detailed metrics
for model name, model in models.items():

cv_results = cross_validate(model, X _selected, y, cv=10, scoring=scoring,
return_train_score=False)
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resultsfmodel name] = cv_results

# Save results to Excel

wb = Workbook()

summary_sheet = wb.active
summary_sheet.title = 'Average Results'

# Write headers for summary

summary_headers = ['Model', 'Accuracy Mean', 'Accuracy Std', 'F1 Mean', 'F1 Std',
'Recall Mean', 'Recall Std', 'Precision Mean', 'Precision Std']
summary_sheet.append(summary headers)

# Fill in the summary sheet and create detailed sheets for each model
for model name, cv_results in results.items():
# Compute means and standard deviations for the metrics
accuracy mean = np.mean(cv_results['test accuracy'])
accuracy_std =np.std(cv_results['test accuracy'])
fl _mean = np.mean(cv_results['test fl macro'])
f1_std = np.std(cv_results['test f1 macro'])
recall mean = np.mean(cv_results['test recall macro'])
recall_std =np.std(cv_results['test_recall macro'])
precision_mean = np.mean(cv_results['test precision_macro'])
precision_std = np.std(cv_results['test precision macro'])

# Write to summary sheet

summary _row = [model name, accuracy mean, accuracy_std, fl mean, f1_std,
recall_mean, recall std, precision_mean, precision_std]

summary_sheet.append(summary row)

# Create a new sheet for each model's fold results

model sheet = wb.create sheet(title=f'{model name} Fold Results')
model headers = ['Fold', 'Accuracy', 'F1', 'Recall', 'Precision']

model sheet.append(model headers)

# Write detailed results for each fold
for fold idx in range(10):
fold row = [fold idx+1,
cv_results['test accuracy'][fold idx],
cv_results['test f1 macro'][fold idx],
cv_results['test recall macro'][fold idx],
cv_results['test precision_macro'][fold idx]]
model sheet.append(fold row)

# Save the workbook
whb.save('experiment-set-8-results.xIsx")

import pandas as pd
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from sklearn.model_selection import cross_validate
import numpy as np

from sklearn.linear model import LogisticRegression
from sklearn.neighbors import KNeighborsClassifier
from sklearn.svm import SVC

from sklearn.ensemble import RandomForestClassifier
from sklearn.ensemble import GradientBoostingClassifier
from sklearn.naive bayes import GaussianNB

from sklearn.neural network import MLPClassifier
import xgboost as xgb

import lightgbm as Igb

from openpyxI import Workbook

# Load the preprocessed data (This is the one-hot encoding version)
data = pd.read_csv('oh-scaled-dataset-2.csv')

X = data.drop('Class', axis=1)

y = data['Class']

#Define the models
seed =42

models = {

'Logistic Regression': LogisticRegression(multi_class='multinomial', solver="1bfgs',
max_iter=5000, random_state=seed),

'k-NN': KNeighborsClassifier(),

'SVM": SVC(decision_function shape='ovr', random_state=seed),

'Random Forest': RandomForestClassifier(random_state=seed),

'Gradient Boosting': GradientBoostingClassifier(random_state=seed),

"XGBoost': xgb.XGBClassifier(random_state=seed, use label encoder=False,
eval _metric='mlogloss'),

'LightGBM': 1gb.LGBMClassifier(random_state=seed),

'Naive Bayes': GaussianNB(),

'Neural Network': MLPClassifier(max_iter=5000, random_state=seed)

}

## Perform 10-fold CV and hold results
# Initialize a dictionary to hold results
results = {model name: [] for model name in models.keys()}

# Define scoring metrics
scoring = ['accuracy', 'f1_macro', 'recall_macro', 'precision_macro']

# Perform 10-fold cross-validation and collect detailed metrics
for model name, model in models.items():

cv_results = cross_validate(model, X, y, cv=10, scoring=scoring,
return_train_score=False)
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resultsfmodel name] = cv_results

##Save results to Excel

# Create a workbook and sheets

wb = Workbook()

summary_sheet = wb.active

summary_sheet.title = 'Average Results'
details_sheet = wb.create sheet(title="Fold Results')

# Write headers for summary

summary_headers = ['Model', 'Accuracy Mean', 'Accuracy Std', 'F1 Mean', 'F1 Std',
'Recall Mean', 'Recall Std', 'Precision Mean', 'Precision Std']
summary_sheet.append(summary headers)

# Write headers for detailed fold results
details_headers = ['Model', 'Fold', 'Accuracy’, 'F1', 'Recall’, "Precision']
details_sheet.append(details_headers)

# Fill in the summary sheet and detailed results sheet

for model name, cv_results in results.items():
# Compute means and standard deviations for the metrics
accuracy mean = np.mean(cv_results['test accuracy'])
accuracy_std =np.std(cv_results['test accuracy'])
fl_mean = np.mean(cv_results['test fl1 macro'])
fl _std =np.std(cv_results['test f1 macro'])
recall mean = np.mean(cv_results['test recall macro'])
recall_std =np.std(cv_results['test_recall macro'])
precision_mean = np.mean(cv_results['test precision_macro'])
precision_std = np.std(cv_results['test precision_macro'])

# Write to summary sheet

summary _row = [model name, accuracy mean, accuracy std, fl mean, f1_std,
recall mean, recall_std, precision_mean, precision_std]

summary_sheet.append(summary row)

# Write detailed results for each fold
for fold idx in range(10):
details_row = [model name, fold idx+1,
cv_results['test accuracy'][fold idx],
cv_results['test f1 macro'][fold idx],
cv_results['test recall macro'][fold idx],
cv_results['test precision_macro'][fold idx]]
details_sheet.append(details_row)

# Save the workbook
whb.save('experiment-set-7-results.xIsx")

import pandas as pd
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from sklearn.model_selection import cross_validate
import numpy as np

from sklearn.linear model import LogisticRegression
from sklearn.neighbors import KNeighborsClassifier
from sklearn.svm import SVC

from sklearn.ensemble import RandomForestClassifier
from sklearn.ensemble import GradientBoostingClassifier
from sklearn.naive bayes import GaussianNB

from sklearn.neural network import MLPClassifier
import xgboost as xgb

import lightgbm as 1gb

from openpyxl import Workbook

# Load the preprocessed data (this is a different version - but i eventually used the OH
version)

data = pd.read csv('c-scaled-dataset-2.csv')

X = data.drop('Class', axis=1)

y = data['Class']

#Define the models
seed =42

models = {
"Logistic Regression": LogisticRegression(multi_class='multinomial', solver="1bfgs',
max_iter=500, random_state=seed),
'k-NN': KNeighborsClassifier(),
'SVM'": SVC(decision_function shape='ovr', random_state=seed),
'Random Forest': RandomForestClassifier(random_state=seed),
'Gradient Boosting': GradientBoostingClassifier(random_state=seed),
"XGBoost': xgb.XGBClassifier(random_state=seed, use label encoder=False,
eval metric='mlogloss'),
'LightGBM'": 1gb.LGBMClassifier(random_state=seed),
'Naive Bayes': GaussianNB(),
"Neural Network': MLPClassifier(max_iter=500, random_state=seed)
}
## Perform 10-fold CV and hold results
# Initialize a dictionary to hold results
results = {model name: [] for model name in models.keys()}

# Define scoring metrics
scoring = ['accuracy', 'f1_macro', 'recall_macro', 'precision_macro']

# Perform 10-fold cross-validation and collect detailed metrics
for model name, model in models.items():
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cv_results = cross_validate(model, X, y, cv=10, scoring=scoring,
return_train_score=False)
results[model _name] = cv_results

##Save results to Excel

# Create a workbook and sheets

wb = Workbook()

summary_sheet = wb.active

summary_sheet.title = 'Average Results'
details_sheet = wb.create sheet(title="Fold Results')

# Write headers for summary

summary_headers = ['Model', 'Accuracy Mean', 'Accuracy Std', 'F1 Mean', 'F1 Std',
'Recall Mean', 'Recall Std', Precision Mean', 'Precision Std']
summary_sheet.append(summary headers)

# Write headers for detailed fold results
details_headers = ['Model', 'Fold', 'Accuracy’, 'F1', 'Recall’, 'Precision']
details_sheet.append(details_headers)

# Fill in the summary sheet and detailed results sheet

for model name, cv_results in results.items():
# Compute means and standard deviations for the metrics
accuracy mean = np.mean(cv_results['test accuracy'])
accuracy_std = np.std(cv_results['test accuracy'])
fl _mean = np.mean(cv_results['test fl macro'])
f1_std = np.std(cv_results['test f1_macro'])
recall mean = np.mean(cv_results['test recall macro'])
recall std =np.std(cv_results['test recall macro'])
precision_mean = np.mean(cv_results['test precision_macro'])
precision_std = np.std(cv_results['test precision_macro'])

# Write to summary sheet

summary row = [model name, accuracy mean, accuracy_std, fl mean, fl std,
recall_mean, recall std, precision_mean, precision_std]

summary sheet.append(summary row)

# Write detailed results for each fold
for fold_idx in range(10):
details_row = [model name, fold idx+1,
cv_results['test accuracy'][fold idx],
cv_results['test f1 macro'][fold idx],
cv_results['test recall macro'][fold idx],
cv_results['test precision_macro'][fold idx]]
details_sheet.append(details_row)

# Save the workbook
whb.save('/mnt/data/experiment-set-7-results.xIsx')
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#All models on PCA

import pandas as pd

import numpy as np

from sklearn.gaussian_process import GaussianProcessRegressor

from sklearn.pipeline import Pipeline

from sklearn.model selection import train_test split, KFold

from sklearn.linear model import LinearRegression

from sklearn.tree import DecisionTreeRegressor

from sklearn.ensemble import GradientBoostingRegressor, RandomForestRegressor
from sklearn.svm import SVR

from sklearn.neighbors import KNeighborsRegressor

from sklearn.neural network import MLPRegressor

from sklearn.ensemble import ExtraTreesRegressor, AdaBoostRegressor

from sklearn.svm import SVR

from sklearn.neighbors import KNeighborsRegressor

from sklearn.linear model import BayesianRidge, Ridge, Lasso, ElasticNet

from sklearn.metrics import mean_squared_error, r2_score, mean_absolute error
from sklearn.decomposition import PCA

import xgboost as xgb

import lightgbm as 1gb

# Load the data from 'scaled data.csv'

df = pd.read _csv('scaled data.csv')

X = df.drop(['ESE', 'ApplicantName'], axis=1)
y = df['ESE']

# Feature Selection using PCA
pca = PCA(n_components=0.95) # Adjust 'n_components' as needed
X pca = pca.fit_transform(X)

# Define models to evaluate
models = {
'Linear Regression': LinearRegression(),
'Decision Tree'": DecisionTreeRegressor(random_state=42),
'Random Forest': RandomForestRegressor(random_state=42),
'SVR (RBF)": SVR(kernel="rbf"),
'KNN'": KNeighborsRegressor(),
'MLP': MLPRegressor(max_iter=1000, learning_rate="adaptive', random_state=42),
'Gradient Boosting': GradientBoostingRegressor(random_state=42),
"XGBoost'": xgb.XGBRegressor(random_state=42),
'"LightGBM': Igb.LGBMRegressor(random_state=42),
'Extra Trees': ExtraTreesRegressor(),
'AdaBoost": AdaBoostRegressor(),
'SVR (linear)": SVR(kernel="linear"),
'SVR (poly)": SVR(kernel="poly"),
'Gaussian Process': GaussianProcessRegressor(),
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'KNN (tuned)': KNeighborsRegressor(n_neighbors=7),
'Bayesian Ridge': BayesianRidge(),

'Ridge Regression': Ridge(),

'Lasso Regression': Lasso(),

'ElasticNet Regression': ElasticNet(),

}

# K-Fold Cross-Validation
kfold = KFold(n_splits=10, shuffle=True, random_state=42)

# Storage for evaluation results
all results = {}

# Evaluate each model
for model name, model in models.items():
fold results =[]
for fold_number, (train_index, test_index) in enumerate(kfold.split(X pca)):
X train, X test = X pca[train_index], X pca[test index]
y_train, y_test = y[train_index], y[test _index]

model.fit(X_train, y_train)
y_pred = model.predict(X _test)

mse = mean_squared_error(y_test, y pred)
12 =12 _score(y_test, y_pred)
mae = mean_absolute error(y_test, y pred)

fold results.append({
'fold number': fold number + 1,
'MSE'": mse,
'R-squared": 12,
'MAE': mae
1)

all_results|model name] = fold results

# Calculate average metrics
summary results = {model name: {
'Average MSE': np.mean([fold['MSE'] for fold in fold results]),
'Average R-squared': np.mean([fold['R-squared'] for fold in fold results]),
'Average MAE'": np.mean([fold['MAE!'] for fold in fold results]),
} for model name, fold results in all results.items()}

# Create the DataFrame directly and transpose
df summary = pd.DataFrame(summary_results).transpose() # Transpose here

# Save Results
writer = pd.ExcelWriter('model _comparison results exp-3.xIsx’)
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#Save Summary
df summary.to_excel(writer, sheet name="Summary")

# Add sheets for individual fold results
for model name, fold results in all results.items():
df = pd.DataFrame(fold results)
df.to_excel(writer, sheet name=model name, index=False)

writer.close()

print(X_pca)
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