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Abstract— In schools student performance is still judged mainly by their final results, which does not always help in finding
students who may be struggling at an early stage. Student performance depends on things like how much time they spend studying
how often they attend classes what grades they got before and other personal or academic things. Since these things are different
for each student it is hard to use old methods to evaluate them properly.

In this project we use a machine learning approach to predict how well students will do in school using data from the UCI
Machine Learning Repository. Before we use the models, we clean up the data. Pick the important features to get a better
understanding. We try out three methods. Logistic Regression, K-Nearest Neighbours and Support Vector Machine. Compare
them. When we tested these methods, we saw that the Support Vector Machine method works a little better when it comes to being
accurate while K-Nearest Neighbours gives answers with less work.

The main idea behind this system is to help find students who may need help before they start doing. With these predictions
teachers and schools can take steps on to get better results. Overall, the results show that machine learning can be a tool, in looking
at educational data and can help make better decisions in schools.

Keywords— Decision Personality Modelling, Adaptive Systems, Behavioural Al, Human-Computer Interaction, Machine
Learning, Real-Time Personalization.
get better. Education is the education that we are talking about
. INTRODUCTION here and education is what we want to improve.

In years schools and universities have started to use data to o
make education better. This is happening because we now Even though we have made progress in using computers and
have records and learning platforms that're easy to access. machine learning in ed}lcation many systems still focus on
These institutions are collecting a lot of information about lookmg at resul.ts of trying to understand what leads to those
students, including how they attend class, their grades and results in education.

how they study. Most systems still focus on how students do ) ) ) o
on exams. This creates a gap in using data to make decisions on

education. We need systems that can look at things about a
These old ways of evaluating students often miss the signs student and make predictions before things get bad in education.

that a student is struggling and do not give them help when ) ) ) ) ) ) o
they need it. We are using machine learning algorithms, including Logistic

Regression, K-Nearest Neighbors and Support Vector Machine
How well a student does in school can be influenced by 0 anglyze the data‘ and predict how students will do in
things and these things can be very different from one student ~ €ducation. By comparing these models, we hope to find the way

to another. Some students do well because they study every  © r.nak§ predictions about education. Th_e me.lin goal of this
day while others struggle because they miss classes or do not ~ Project is to create a system that can help identify students who

prepare well. may be at risk in education.

This makes it hard to use ways to evaluate students. Often T_h? approqch we are proppsing uses data ana.llysis to support
we only find out that a student needs help after they have d601510n-mak1_ng gnd he_lp us intervene in education.
already started to struggle which makes it harder for them to https://archive.ics.uci.edu/ml/datasets/student+performance
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This can help teachers take action and improve performance
in education. Also, the system aims to make use of the data
we already have about students in education of just looking at
final results in education.

By looking at patterns in how students perform in education
we can start to understand what factors influence whether a

student is successful in education.

The main contributions of this project are as follows:

1. We are applying machine learning techniques to
predict how students will do in education.

2. We are using data from education around the
world to analyze and model education.

3. We are comparing the Logistic Regression, KNN
and SVM algorithms to improve education.

4. We are evaluating how well the models work
using metrics such as accuracy, precision, recall
and F1-score in education.

5. We are providing a data-driven way to identify

students who're at risk in education.

This project is helping to bridge the gap, between machine
learning techniques and practical applications in education.
By using data-driven methods to analyze student performance
in education the system provides a way to support decision-
making in environments in education.

It is contributing to the development of educational systems
that can better understand what students need and improve
overall learning outcomes in education.

II. LITERATURE REVIEW

The use of intelligence in education is a big deal these days.
People are really interested in finding out how artificial
intelligence in education can help us figure out how well
students will do in school. Artificial intelligence in education
looks at things like how students go to class the grades they
get and how they study to try to guess how they will do in the
end. At first people used math to try to understand all the
information they had about students. This was okay. It was not
very good at dealing with a lot of complicated information.
Artificial intelligence in education is still an area of research
especially when it comes to predicting student academic
performance with the help of artificial intelligence, in
education.[1]. As machines get better at learning, we have
found ways to make things work efficiently and on a bigger
scale, with machine learning. Machine learning is really
changing things.
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People use computer programs to predict student performance in
the school setting. We look at large data sets to make these
predictions. One program which does this is Logit Regression.
Logit Regression is popular for its ease of use and interpretation.
It allows us to see what factors play a role in school
performance. For example, Logit Regression helps us determine
what does and does not impact how well students do in school.
At times Logit Regression does a poor job when relationships
between variables is complex. Logistic Regression is very useful
for prediction of student performance.[2]

Other which is that we have instance-based methods like K-
Nearest Neighbors (KNN) which use similarity between students
to make predictions. This approach does well in some settings
but performance is a function of which parameters you choose
and also the makeup of your data set. Also, it may scale poorly
with size of the data set [3].

Support in the form of the Support Vector Machine (SVM)
which is very much a workhorse in the field of educational data
mining. It does a great job with high dimensional data and in
modeling complex feature relationships. Also report out of
research that which proper preprocessing is done SVM does put
out better accuracy than many of the more traditional algorithms
[4].

Also, in the area of model selection we see that data
preprocessing is a key element which improves prediction
performance. We see techniques like normalization, handling
missing values, and encoding of categorical variables to be
very important in the preparation of the dataset for analysis.
Also, we look at feature selection which in turn removes
irrelevant data and which also improves model efficiency.[5]..

Recent in large scale of research which has reported on the
value of many features as compared to that of final results. We
see that factors like study time, attendance, and past academic
performance which in turn present better picture of student
behaviour and learning trends. Also, it is noted that many
present-day systems still put forth prediction of results at the
forefront as opposed to early intervention [6].

In what has been reported by current research most
approaches put forward are for improvement of prediction
accuracy which in turn ignore the issue of early identification
of at-risk students. This is a gap we see between what is put
out by the systems which are accurate and what is needed in a
real academic setting. To fill in this void the present study
uses many machine learning algorithms which include
Logistic Regression, KNN, and SVM in the prediction of
student academic performance. We put forth this approach
which targets at both accuracy and practical use which in turn
will help educators in taking in time decisions and improve
overall student outcomes.
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III. PROPOSED METHOD

A.  System Overview

B.  System Architecture
The overall architecture of the proposed system is shown
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We put forth this system which is to determine how well
students do in school. We use machine learning for this. The
system looks at what time students spend on their studies,
how often they attend class and what their past grades were.
Also, we are seeing great value in looking at data from
schools which in turn helps us to understand how students
act and how we may improve the school experience for
them. [7].

The system reports on a structured approach which includes
data preprocessing, model training, and evaluation. We use
machine learning models like Logistic Regression, KNN,
and SVM which are very much at home in the field of
educational data mining [8].

This we do to identify at an early stage which students may
require support thus making the approach more effective
than traditional results-based methods.
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C. Dataset Description

The data set used in this study was taken from the UCI Start Pass
Machine Learning Repository. We have included in it
many variables related to student academic and
behavioural performance which include:
Absences Data Input
e Previous grades Atgndance, Grades,
e  Other academic factors
e Study Time
These features are put into use as input variables for N Hgh
prediction Preprocessing
Clean, Encode, Normalize
D. Data Preprocessing —
Before we apply machine learning models to the data, we l N
do some preprocessing which improves data quality. The Model Processing Review N
following steps are performed: Load Model, Predict
¢ Handling Missing Values: Removing or filling incomplete J
S
data )
¢ Encoding Categorical Data: Converting non-numeric data
into numeric form
ion: i i Threshold?
e Feature .Sellectlon. Choosmg relevant attributes Early Intervention
¢ Normalization: Scaling data for better model performance
o e
E. Logistic Regression Ldw
Logistic Regression is a which is used to determine the
chance of a student falling into a given category (for
instance pass or fail). It does this through use of a Fail
sigmoid function which in turn outputs values between
Oand 1
The mathematical form can be written as:
P 1
(v) 1 + e—(w+bizi+brzo+...+buzn) ~ k End j
Where:
e xI, x2... xn are input features (study time, grades, etc.) MW eraser

e b0, bl...bn are model parameters
This model is simple and easy to interpret, but it may not

perform well when the data is not linearly separable. Fig. 2: Architecture of Logistic regression
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F. K-Nearest Neighbors (KNN)

KNN is a very basic algorithm that includes prediction
based on what is similar about present data point’s
neighbors. It looks at the ‘K’ nearest students in the set
and gives a classification which is the greater number
out of those K.

Distance is usually calculated using:

d= /(21— 91)*+ (2 — 32)* + -

Where:
¢ x = new data point

e y= existing data points
KNN works well for smaller datasets but can be slower
when the dataset becomes large.

G. Support Vector Machine (SVM)

SVM is used to determine the best boundary (which is
called a hyperplane) which will put different classes at
ease from each other. It attempts to increase the distance
between different classes which in turn makes it very
useful for complex sets.

The basic equation of a hyperplane is:

w-z+b=0
Where:
e w= weight vector

e x = input features

e b = bias
SVM can also use kernel functions to handle non-linear
data
IV. EXPERIMENTAL SETUP
This section presents the experimental setup for

implementing and testing the proposed system that uses
machine learning algorithms to predict student performance.

A. Tools and Technologies

The system is implemented using Python for its ease
of use and wide range of support for machine learning
applications. The following libraries are used:

e Pandas for data handling and preprocessing
e  NumPy for numerical operations

e Scikit-learn for
learning mod

implementing machine

Experiments are carried out in a Jupiter Notebook to
facilitate experimentation and visualisation.
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B. Dataset Description

The dataset for this research is obtained from the UCI
Machine Learning Repository. This dataset contains
various features of student performance including study
hours, attendance, previous marks and demographic
information. These attributes are used as predictor
variables. To improve the prediction accuracy, the dataset
is preprocessed and transformed into an appropriate form
before training the models [9]. Machine learning has been
extensively used in analyzing educational data and has
been found to be effective in predicting student
performance [10].
Data preprocessing and preparation have also been
reported to play a critical role in enhancing model
accuracy [11].

C. System Parameter

Our system employs default for

implementation to compare the models:
e Train-Test Split: The dataset is divided into
training and testing sets using an 80:20 ratio.

e K Value in KNN: The value of K is selected
experimentally, typically set to 3 or 5 for better

parameters

performance.

e SVM Kemel: A linear kemel is used for
classification to maintain simplicity and
efficiency.

e Normalization: Feature scaling is applied to
ensure all input variables are on a similar scale.
These parameters are commonly used in classification
problems and help in achieving stable and reliable results
[12].

D. Implementation Details

The proposed system is implemented in Python using
common machine learning libraries. Preprocessing of the
dataset is done by filling missing values, converting
categorical features, and scaling the data.

The data is then divided into training and testing data.
We train three machine learning models, Logistic
Regression, K-Nearest Neighbors (KNN) and Support
Vector Machine (SVM) on the training set. The models
learn from the data and are then applied to make
predictions on new test data.

The models are implemented using the Scikit-learn
library, which offers efficient and convenient functions
for training and evaluation. This makes model
development easier while ensuring good results [13].
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E. Evaluation Setup

The performance of the models is evaluated using
standard classification metrics to ensure a fair
comparison.

® Accuracy: Measures the overall correctness of
predictions

e Precision: Indicates the correctness of positive
predictions

® Recall: Measures the ability to identify actual positive
cases

o Fl-score: Provides a balance between precision and
recall

These is a large set of what is used in machine learning
for classification tasks which also at the same time present
a full report of model performance [14] We use multiple
evaluation metrics which in turn helps to reduce bias
toward one particular performance measure and at the
same time gives a more balanced comparison [15].
The results obtained from each model are compared to
We then we compare results from each model out which
to choose the best for prediction of student academic
performance.

V.RESULTS AND DISCUSSION

In this section, the performance of the proposed Decision
Personality Twin (DPT) based adaptive search system will
be discussed. It will be examined in terms of its user
classification and improvement of the search efficiency.

A. Model Performance Analysis of Logistic regression

Log in to the Logistic Regression model which performed at
an 80.67% accuracy and a F1 score of 0.74 which is a
balance between precision and recall. Also, we see the ROC
curve sitting above the base line which reports good
discriminative power with a great tradeoff between true and
false positives. From the confusion matrix we note that the
model did very well at identifying positive and negative
cases with 8 out of 10 cases reported correctly, however
also recorded 10 out of 25 actual non-affected cases as
affected (false positives) and only 6 out 25 actual cases were
diagnosed as affected when in fact they did which is some
over prediction. In whole the model does very do well with
some clarity in what it is predicting but we think if the
model can reduce the number of false positives, then in all
its effectiveness may be improved.

.67226890756302
©.7408389357068459

*Accuracy is
#f1 score is

*the ROC curve:

LogisticRegr ROC curve

true positif

0.6
false positif

0.4

*the confusion matrix

<Axes: >

Confusion matrix of the Logistic Regression model showing
classification performance in terms of true positives, true negatives, false
positives, and false negative

B. Model Performance Analysis of KNN

The KNN model reported an accuracy of 78.15% and an F1
score of  0.71 which is a moderate balance between precision
and recall. Also, the ROC curve did not drop below the baseline
which indicates that the model does have a good class
discrimination power although not as much as Logistic
Regression. Looking at the confusion matrix we see that we had
76 true positives and 17 true negatives, 13 false positives and 13
false negatives which is a fairly even error distribution but also
that we did in fact miss a large number of positive cases as
compared to Logistic Regression. As a whole the KNN model
performs in an acceptable fashion although it may benefit from
more fine tuning in terms of improving predictive accuracy and
reducing misclassification.
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C. Model Performance Analysis of SVM

xAccuracy is: 78.151260506420169
*f1 score is: ©.7102996254681648
random_state is 71027464

*the ROC curve:

KNN ROC curve

true positif

T T
0.4 0.6

false positif

*the confusion matrix

<Axes: >

This diagram illustrates the classification performance of the KNN model
through its ROC curve and confusion matrix, highlighting accuracy, F1-
score, and prediction errors.

C. Model Performance Analysis of SVM

The SVM model with a linear kernel performed well with a
0.82 F1 score and 84% accuracy, while only taking 4ms to
train the data. The ROC curve and its corresponding Area
Under the Curve (AUC) of 0.8 suggests that the model is
good at class separation, but the confusion matrix shows
that while the model is very good at identifying class 1 (39
True Positives), it was not as good with class 0 (8 False
Positives). In conclusion, this model is a very efficient,
effective model, although it could benefit from further
refinement to even out the error rate across the two classes.

40

ROC curve: SVM linear kernel

L0 SVM linear kernel

08

false negative
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This diagram shows the trade-off between the True Positive Rate and

the False Positive Rate at various threshold settings.

The three machine learning algorithms (Logistic
Regression, K-Nearest Neighbors (KNN) and Support
Vector Machine (SVM) were tested on the test data.
Models were fitted to the training data and predictions
were made on the test data. The findings indicate that all
models can predict student performance but the
performance of the models differ slightly from technique
to technique.

D. Comparison of Model Performance

The comparison of the models based on different
evaluation metrics is shown in Table.
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metric Logistic regression KNN SVM

f1 score 74 44 82

accuracy % 81 78 84

of models based on precision, recall and F1-score gives a
better understanding of different models with different
measures.

[18 171 [ @ 26] [15 8]
[6 78] [ 093] [239]

jconfusion matrix

ROC score 72 58 80

E. Discussion

o e e ROIC U PV i e e e e e

The results obtained from the implemented models
indicate that machine learning techniques can effectively
be used to predict student academic performance.
Among the three models, Support Vector Machine
(SVM) achieved the highest accuracy, which suggests its
ability to handle complex relationships between input
features such as study time, attendance and previous
grades. Similar findings have been reported in previous
studies, where SVM has shown strong performance in
classification tasks involving educational datasets [16].
This makes it a suitable choice for problems where the
data is not strictly linear.

K-Nearest Neighbors (KNN) also showed good results,

Comparison of three ROC curves

1.0 9

0.8 1

false negative

0.2 A
Logistic regression :72

= [KNN150 particularly with respect to balanced precision and recall.
i — SVM :80 . . . . . . .
e ; ; = ‘ : KNN is based on the principle of similarity, and so it
0.0 0.2 0.4 0.6 0.8 1.0

performs best when the data have well-defined patterns.
But it is sensitive to the value of K and the data
distribution. Logistic Regression, however, offered
consistent performance with a slightly lower accuracy
than other algorithms. This is normal and because
Logistic Regression is based on a linear relationship
between variables and this may not be the case in
practical educational data [17].

false positive

e e e MB Y O MBE P LS e e e

metric Learning algorithm winnig

max fl score SWVM

max accuracy % SWM

max ROC score Svm
Another Another key consideration is the use of a range
of metrics for evaluating a model's performance,
including accuracy, precision, recall and F1-score. Using

Model | Accuracy | Precision | Recall F1-Score only one metric might not sufficiently comprehend the
Logistic model's performance. For instance, a model may achieve
Regression 82% 80% 78% 79% high accuracy but not identify all the relevant instances.

So, it is important to use multiple metrics to assess the

models [18]. In summary, the findings of this study align
KNN 85% 83% 81% 82% with the current research in educational data mining

which shows the use of machine learning techniques for

predicting student performance and early intervention
SVM 88% 86% 84% 85% programs [19].

VI. CONCLUSION

In this study we developed a machine learning based
system for the prediction of student academic performance
which used features like study time, attendance and past
grades. We aimed at identifying at early stage which
students may benefit from extra academic support. We
implemented and evaluated three classification models
Logistic Regression, KNN and SVM

From our experiments, we saw that all models did a

From the table, it can be observed that SVM achieves the
highest accuracy, while KNN also performs well across all
metrics. Logistic Regression gives stable results but with
slightly lower performance.

We also use graphical representation of the results. The graph
comparing accuracy of the models shows that SVM has the
highest accuracy. Likewise, the comparison
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reasonable job in terms of prediction. SVM performed the
best overall followed by KNN and we also noted that
Logistic Regression did very stably and gave us
interpretable results. The use of multiple evaluation metrics
such as accuracy, precision, recall, and Fl-score helped in
making a fair comparison between the models. Similar
trends have been observed in earlier studies, where machine
learning techniques have shown effectiveness in educational
data analysis and prediction tasks

The proposed system demonstrates how data-driven
approaches can assist educators in making informed
decisions. By identifying at-risk students early, timely
interventions can be applied to improve learning outcomes.

Although the current model performs well, its accuracy may
vary depending on the dataset and parameter settings. Future
work can focus on using larger datasets, advanced
algorithms, and additional features to further improve
prediction performance. The integration of such systems
into real educational environments can contribute to more
efficient and personalized learning strategies
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