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Abstract

In recent years, data mining techniques have gained significant attention in
educational institutions for improving the quality of education and enhancing
academic  decision-making processes. Accurate prediction of student academic
performance plays a vital role in identifying students at risk of poor achievement
and supports the development of effective educational strategies. Numerous studies
have focused on predicting student performance at the higher education level, as
academic success in earlier semesters strongly influences students’ future learning
progress and retention. In semester-based educational systems, many students
experience academic difficulties or fail to achieve satisfactory grades during the
initial stages of higher education. Therefore, the early prediction of student
performance is essential for improving student retention and academic outcomes.
Educational Data Mining (EDM) provides techniques for extracting meaningful
information, hidden patterns, and wvaluable knowledge from large volumes of
educational data. These extracted insights can be utilized to predict students’
future academic success and support timely interventions. The primary objective of
this research is to evaluate student performance using multiple classification
techniques and identify the model that achieves the highest predictive accuracy.
The educational dataset used in this study is obtained from a Kaggle repository.
The proposed methodology consists of several stages. Initially, the dataset
undergoes preprocessing, including the removal of duplicate records and handling
of missing values through appropriate data imputation techniques. Subsequently,
three classification algorithms are implemented using the Weka data mining tool.
These algorithms include Deep Learningbased Neural Networks (NN) and
traditional machine learning techniques such as Random Forest (RF), Support
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Vector Machine (SVM). To enhance feature quality and reduce dimensionality,
Principal Component Analysis (PCA) is applied for optimized feature extraction.
Furthermore, the performance of all classification models is evaluated using a
training—testing split validation available in the Weka environment. The models

are assessed using standard performance evaluation metrics, including Training

Accuracy, Testing Accuracy, Precision, Recall, and F1-Score. Experimental results
indicate that the Neural Network and Random Forest classifiers outperform the
SVM model in terms of predictive accuracy and overall classification performance.

1  INTRODUCTION

Educational Data Mining (EDM) has emerged as
an important interdisciplinary research field that
combines education, data analysis, machine
learning, and data mining techniques to extract
meaningful knowledge from educational datasets.
The increasing availability of academic data and
the rapid growth of digital educational platforms
have created a strong need for intelligent systems
capable of analyzing large volumes of educational
information. Educational institutions
continuously generate massive amounts of data
through learning management systems, online
educational  platforms, classroom  activities,
examinations, seminars, workshops, and student
assessments. However, raw educational data has
limited value unless it is effectively processed and
analyzed to support academic decision-making
and improve the quality of education. Data
mining techniques provide efficient methods for
discovering hidden patterns, extracting useful
information, and identifying  meaningful
relationships from large educational databases.
These extracted insights can support institutions
in monitoring academic progress, improving
teaching methodologies, and predicting student
performance. Educational systems are considered
one of the most critical components for the
social, economic, scientific, and technological
development of any nation. Therefore,
maintaining a wellstructured and effective
educational system is essential for sustainable
national development. Developed countries have
implemented advanced educational systems and
evaluation frameworks to improve academic
quality and student outcomes. In modern
educational environments, learning is no longer

restricted to traditional classroom teaching;
instead, it extends to online learning systems,
intelligent tutoring systems, web-based education
platforms, project-based learning, seminars, and
workshops. Despite these advancements, the
success of such systems largely depends on
accurate evaluation and assessment mechanisms.

Student academic performance prediction has
become a significant research area because it
enables educational institutions to identify
students who are at risk of poor academic
achievement or failure. Early prediction of
student performance allows educators to take
timely  interventions and provide appropriate
academic support to improve learning outcomes
and student retention. Educational Data Mining
facilitates this process by analyzing historical
educational data and generating predictive
models capable of forecasting student success or
failure. Unlike traditional database analysis
methods that only provide descriptive
information, EDM techniques can answer
predictive and analytical questions such as
estimating a  student’s future academic
performance, identifying learning difficulties, and
determining the factors influencing academic
achievement. The prediction of student
performance is closely related to the effectiveness
of the teaching and learning process. Learning
outcomes represent the knowledge, cognitive
skills, attitudes, and behavioral changes acquired
by students during the educational process. These
outcomes can be evaluated through assessments,
assignments, examinations, and classroom
activities. By analyzing these indicators,
institutions can better understand students’
learning behavior and improve instructional
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strategies. Consequently, the accurate prediction
of student performance can contribute
significantly to improving educational quality and
institutional effectiveness.

In recent years, machine learning and deep
learning approaches have been widely applied in
educational data mining for student performance
prediction. These approaches enable automated
analysis of educational datasets and improve
prediction accuracy compared to traditional
statistical methods. However, challenges such as
insufficient  datasets, features,
imbalanced data, and low prediction accuracy still
affect the effectiveness of existing prediction
systems.  Therefore, selecting  appropriate
classification techniques and optimized feature
sets is essential for developing reliable predictive
models. The primary objective of this research is
to develop an intelligent framework for
predicting student academic performance using
machine learning and deep learning techniques.
The study aims to organize and preprocess
educational datasets collected from academic

irrelevant

institutions and analyze student performance
using multiple academic and demographic
features. Various classification algorithms,
including Deep Learning and Machine Learning
models, are implemented and evaluated to
determine the most effective predictive approach.
Furthermore, the proposed framework is
designed to assist educational institutions in
accurately forecasting student academic outcomes
and supporting data-driven educational decision-
making processes.

2 Literature Review

Numerous studies in the field of Educational
Data Mining (EDM) have focused on developing
predictive models to evaluate and forecast student
academic performance. These studies primarily
aim to identify students at academic risk, analyze
factors affecting learning outcomes, and improve
educational decision-making processes through
predictive analytics [1], [8]. Existing research has
concentrated on identifying influential academic
attributes and designing efficient classification
models capable of accurately predicting future

student  performance.  Several  significant
contributions in this domain are discussed below.
V. Ganesh et al. proposed a Hybrid Educational
Data Mining (HEDM) model to evaluate overall
student academic performance and improve
educational standards. The proposed framework
integrated the J48 decision tree classifier with the
Naive Bayes classification approach to analyze
academic factors and categorize student
performance effectively. The hybridization of
these  techniques  enhanced
efficiency and improved prediction accuracy by
combining probabilistic and rule-based learning
mechanisms. G. Jayanthi and V. Ramesh
developed a student performance prediction
model using multiple classification algorithms,
including Fully Connected Neural Networks,
Naive Bayes (NB), Sequential Minimal
Optimization (SMO), J48, and REPTree
classifiers [2]. Their model was designed to
identify weak and unmotivated students at an
early stage, enabling educators to implement
corrective measures and improve student learning
outcomes. Experimental findings demonstrated
that classification-based predictive systems can
significantly support academic monitoring and
student performance enhancement. Altabrawee
et al. [6] introduced a predictive framework for
student performance evaluation using four
machine learning techniques: Artificial Neural
Networks (ANN), Naive Bayes (NB), Decision
Trees (DT), and Linear Regression (LR). The
study focused on predicting students’ overall
academic performance in specific subjects.
Furthermore, the research analyzed the influence
of internet usage and social networking activities
on academic achievement, highlighting the
relationship between digital learning behavior
and educational performance. Educational Data
Mining techniques have increasingly contributed
to the modernization and expansion of
educational systems. Chitti M. et al. [5]
investigated several educational factors associated
with  EDM, including student performance,
dropout prediction, cognitive abilities, instructor
effectiveness, course delivery, and educational
content development. The study emphasized the

classification
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use of data analytics tools for extracting
meaningful patterns from educational datasets.
However, the authors also noted that many
existing predictive models remain overly complex
and difficult to interpret, limiting their practical
implementation in educational environments.
Kim B. et al. [6] addressed the challenge of
predicting student success in online learning
environments using deep learning techniques.
The researchers proposed a framework named
GritNet, which utilizes Bidirectional Long Short-
Term Memory (BLSTM) networks for student
performance prediction. The proposed deep
learning ~ model superior
performance compared to traditional logistic
regression-based methods, particularly during the
early weeks of online courses when accurate
predictions are most critical for timely
educational interventions.

Recent advancements in Federated Learning (FL)
have also influenced educational data mining
research. Dayan 1. et al. [7] demonstrated the
effectiveness of FL in enabling collaborative
model training while preserving data privacy.
Federated Learning is a distributed machine
learning paradigm in which multiple clients
collaboratively train a shared global model without
exchanging raw data. Instead, only model
parameters are transmitted to a centralized
aggregation server, ensuring data privacy and
security. FL has gained significant attention in
domains such as healthcare, intelligent systems,
wireless communication, and educational

demonstrated

analytics due to its ability to support collaborative
learning across heterogeneous datasets while
maintaining user confidentiality. Several studies
have highlighted the advantages of FL for
educational prediction systems. Hu K. et al. [9]
provided a comprehensive overview of Federated
Learning, including its architecture, development
process, classification, and comparison with
traditional distributed learning methods. The
study also discussed key challenges associated
with FL, such as communication overhead,
system  heterogeneity,  unreliable = model
aggregation, and privacy preservation.
Additionally, the authors explored various

federated deep learning algorithms and
emphasized the future potential of FL-based
intelligent  educational  systems.  Federated
Learning  has  demonstrated  promising
performance in predictive modeling tasks due to
its ability to combine local models into a unified
global model while preserving data privacy.
Existing FL-based predictive frameworks have
shown improved reliability, efficiency, and
accuracy compared to conventional machine
learning approaches. In these systems, multiple
localized datasets are wused to develop
independent machine learning models, which are
subsequently aggregated into a global predictive
model. This collaborative learning mechanism
enables institutions to benefit from distributed
knowledge without sharing sensitive educational
data. Bayer et al. [13] combined social network
analysis and data mining techniques to identify
potentially successful and unsuccessful high
school students during the early stages of their
academic careers. The study enhanced predictive
accuracy by incorporating social interaction
patterns into the educational prediction
framework. Similarly, Zahyah A. et al. [20]
proposed a framework that utilized admission-
time data to predict students’ first-semester
academic outcomes. The framework -classified
students into high-risk and high-performance
categories, enabling institutions to implement
early academic interventions. Brijesh K. B. and
Pal S. [22] proposed a predictive model that
multiple student-related
characteristics to forecast academic performance.
Their research emphasized the importance of
identifying both advanced and slow learners
using data mining techniques. The study
highlighted the role of predictive analytics in
supporting personalized educational strategies
and improving academic outcomes. M. Pandey
and S. Taruna [23] introduced a hybrid student
performance  prediction  framework  that
combined Aggregating One-Dependence
Estimators (AODE) with the K-Nearest Neighbor
(KNN) algorithm. The proposed hybrid classifier
utilized probabilistic rule-based learning for
predicting  engineering students’ academic

considered
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performance. The model was evaluated on
multiple student datasets and compared with
classifiers such as KSTAR, OneR, Naive Bayes,
and NBTree. Experimental results demonstrated
improved  predictive  performance and
classification accuracy compared to individual
classifiers.

Recent studies have also explored Federated
Learning frameworks for prediction tasks beyond
education. In [24], a Federated Learningbased
earthquake prediction framework was proposed
to address issues related to multidimensional data
processing, communication latency, and data
privacy. The framework utilized localized machine
learning models trained on distributed seismic
datasets, which were aggregated using the
FedQuake algorithm to generate a global
predictive model. The proposed system achieved
a prediction accuracy of 88.87% using seismic

Table 1: Summary of Related Research Studies

data collected from the Western Himalayas
region. This study demonstrated the effectiveness
of Federated Learning in handling distributed
datasets and developing highly accurate predictive
systems while maintaining data privacy and
security. Overall, the literature indicates that
machine learning, deep learning, and federated
learning approaches have significantly enhanced
the capability of educational systems to predict
student academic  performance. However,
challenges such as data heterogeneity, model
interpretability,  privacy  preservation, and
prediction accuracy remain important research
issues. Therefore, further research is required to
develop robust, interpretable, and privacy-
preserving predictive frameworks capable of
improving educational decision-making and
student success prediction.

Authors IAccuracy
V. Ganesh et al. (2020) 90%
Altabrawee et al. (2019) 91%
M. Pandey & S. Taruna (2016) 94%
Brijesh K. B. & Pal S (2011) 85%
Zahyah A et al. (2016) 83%
Abu, A. (2016) 87%
Sangho S. (2016) 90%
G. Jayanthi & V. Ramesh (2015) 92%
V. Gharat et al. (2020) 89%
Shetty I. D. et al. (2019) 91%
Al Mazidi et al. (2018) 90%

During the last few years, a lot of work has been
done on Educational Data Mining, to predict the
student’s education performance and progress,
Educational Dropout ratio prediction, Student
placement prediction, and Student final result
prediction. There are many advantages of these
predictions, and very helpful for establishing as
well as implementing new rules and regulations
in educational institutions, adopting new
teaching methodology, improving placement

records, improving curriculum in educational
institutions, and using educational data mining
techniques to gather different information about
the student that affects the student's
performance. Students’ performance depends
upon many internal and external factors. The
internal factors that are related to the student’s
basic information age, gender leaving area marks
data and student’s basic information age, gender,
leaving area marks.
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Figure 1 Comparison of Different Studies

3  Proposed
Implementation
The proposed approach for predicting student
academic performance is illustrated in Figure 2.
The methodology is designed as a systematic
pipeline that integrates data preprocessing,
feature optimization, model development, and
performance evaluation to ensure accurate and
reliable predictions. Initially, a publicly available
student performance dataset is obtained from the
Kaggle repository
(https://www.kaggle.com/datasets). The collected
dataset undergoes a comprehensive preprocessing
stage, which includes data cleaning, handling
missing values, and encoding categorical (string)
attributes into a numerical format suitable for
machine learning models. This

step ensures data consistency and improves the
quality of input features. After preprocessing, the
dataset is partitioned into training and testing
sets, and a cross-validation split is performed
using the WEKA data mining tool. This division
enables robust model evaluation and helps in
assessing the generalization capability of the
developed models. In the next stage, Principal
Component Analysis (PCA) is applied to reduce
and select features. PCA identifies the most

Methodology and

significant and informative features from the
dataset while eliminating redundant and less
relevant attributes. This dimensionality reduction
enhances model efficiency and improves
predictive performance. Subsequently, multiple
machine learning and deep learning models are
developed and trained using WEKA software.
These models include a Neural Network (NN) as a
deep learning approach, along with traditional
machine learning classifiers such as Random
Forest (RF) and Support Vector Machine (SVM),
among others. Each model is trained and tested
on the processed dataset to evaluate its predictive
capability. Finally, the performance of all
implemented models is systematically evaluated
and compared using standard evaluation metrics,
including training accuracy, testing accuracy,
precision, recall, and Fl-score. The model
demonstrating the highest performance across
these metrics is identified as the best-performing
approach for student academic performance
prediction. This comparative analysis provides a
clear understanding of the effectiveness of each
algorithm and supports the selection of an
optimal predictive model.
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Figure 2 Proposed Methodology

3.1 Description and Selection of the Dataset

The dataset is downloaded from the Kaggle
dataset repository, which contains 581 rows and
20 features. The features of the dataset are given

as (AGE, GENDER, HS_TYPE,
SCHOLARSHIP, FATHER_EDU,
MOTHER_EDU, SIBLINGS, KIDS,
MOTHER_JOB, FATHER_JOB,
PREV_STUDY, PREV_EXAM, NOTES,

LISTENS, LIKES DISCUSS, CLASSROOM,
CUML _GPA, EXP GPA, COURSE ID,
GRADE). In these 20 features, some features are

Table 2 Dataset Features Description

binary, some features are numeric, and some
features contain string values. Table 2 shows the
type and values of each feature. There are 9
binary-type features, 9 categorical-type features,
and 2 numeric features. After applying PCA, the
number of features is reduced due to the
unimportance of their dependency in the
accuracy and performance of machine learning
models. The last column, Grade, is the label of
the dataset that predicts the students in four
categories (Good, Low, Average, and Drop).

[Feature Type Values

AGE Numeric 1to 10

GENDER Binary Male and Female
HS_TYPE Binary Yes and No
SCHOLARSHIP Binary Yes and No
FATHER_EDU Categorical High, Low, Average
MOTHER_EDU Categorical High, Low, Average
SIBLINGS Categorical 5, Less than 5, greater than 5
KIDS Binary Yes and No
MOTHER_JOB Binary Yes and No
FATHER_JOB Binary Yes and No
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PREV_STUDY Categorical High, Low, Average
PREV_EXAM Categorical High, Low, Average

INOTES Binary Yes and No

LISTENS Binary Yes and No

LIKES_DISCUSS Binary Yes and No

CLASSROOM Categorical High, Low, Average
CUML_GPA Categorical High, Low, Average
EXP_GPA Categorical High, Low, Average

COURSE ID Numeric Different values

GRADE Categorical Low, Good, Average and Drop

The cleaning of the dataset is done by removing
the noisy data and fill the blank cells of the dataset
with appropriate values. Labeling of String
features are done in this step to accurately process
the dataset on the machine and deep learning
models.

3.2 Splitting of the dataset

After selecting the dataset, the second step is
splitting the dataset into training and testing.
Weka provides many ways of splitting the dataset,
but we use two ways to split our dataset according
to our needs. Two ways are given below:

Table 3 Distribution of the dataset

° Training Testing Split
10K fold Split

3.2.1 Training and Testing Split

Training and testing split options are given in
Weka for the evaluation of model performance.
Training and testing split refers to the process of
dividing a dataset into two separate subsets: a
training set and a testing set. We use a 75 percent
dataset for training of models and the remaining
25 percent dataset for testing of the selected deep
learning and machine learning models.

Parameter IPercentage Count

Training Dataset 75 435 records
Testing Dataset 25 146 records
Total Dataset 100 581 records

A total of 581 records of dataset 435 records are
used for the training of models, and the remaining
146 records are used for the testing of models.

4  Experiment and Results

Many ML models are applied to the dataset to
evaluate the students’ academic performance.
Many Evaluation metrics are used in our purpose
methodology, such as the accuracy of Models, the
precision of models on each class, the recall of
models on each class, and the F-1 score for each
class.

4.1.1 Accuracy

The accuracy of each ML Model is collected.
Accuracy is the degree to which a set of
measurements is accurate in relation to its actual
value.

4.1.2  Precision

The consistency of many determinations of the
same quantity is known as precision. The results
are extremely reproducible because there is a
reduced difference in wvalues, the better the
precision.
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4.1.3 Recall

The recall is the capacity of a model to locate all
pertinent instances in a data source. The recall is
calculated as the sum of the number of true
positives minus the number of false negatives.
4.1.4 F-1score.

The harmonic mean of recall and precision is
used to calculate the F1 score.

4.2 Results of NN

We evaluate a neural network using Weka on a
training-testing split dataset and a 10-K Folding
dataset, and the results of both splits are given in

Table 4.

Table 4 Accuracy of NN

Splitting lAccuracy
Training Testing Split 92.41
10-K Folding Split 93.79

Table 4 shows that the accuracy of the training
testing split is 92.41 percent, and the accuracy of
10-K Folding is 93.79 percent. The results show
that the neural network model is well on 10-K
Folding split.

Table 5 CM of NN using Training Testing Split

4.2.1 Confusion Matrix of NN

The confusion matrix of NN for both the training
and testing split, and 10-K Folding is calculated.
The confusion matrix of the training-testing split
results is given in Table 5.

Class F1-Score Precision Recall
Good 95.8 95.8 05.8
Average 93.3 95.5 01.3
Low 89.4 91.3 87.5
Drop 87.7 83.4 92.6
Average 92.5 92.4 02.4

Table 5 shows that the Flscore of NN is
achieved by class Good, Average, Low, and
Drop as95.8 percent, 93.3 percent, 89.4 percent,
and 87.7 percent. Precision of NN is achieved by
class Good, Average, Low, and Drop as 95.8

percent, 95.5 percent, 91.3 percent, and 83.4
percent. Recall of NN is achieved by classes
Good, Average, Low, and Drop as 95.8 percent,
91.3 percent, 87.5 percent, and 92.6 percent.
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Figure 3 Result Graph of NN for Training Testing Split

The graph in Figure 3 shows the CM results of
NN using a training-testing split. The graph shows
that Maximum precision is achieved by class
Good, maximum Recall is achieved by class
Good, and maximum f1-Score is achieved by class
Average.

4.3 Result of RF

We evaluate the Random Forest model using
Weka on a training-testing split dataset and a 10-
K Folding dataset, and the results of both splits
are given in Table 6. Table 6 shows that the RF
accuracy of the training testing split is 91.3
percent, and the accuracy of 10-K Folding is
90.34 percent. The results show that the RF
model performs well on the training-testing split.

Table 6 RF Accuracy

Splitting IAccuracy
Training Testing Split 91.3

10-K Folding Split 90.34

4.3.1 Confusion Matrix of RF
The confusion matrix of RF of both training and
testing splits and 10-K Folding is calculated. The

confusion matrix of the training-testing split is
given in Table 7.
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Table 7 CM of RF using Training Testing Split

Class IF1-Score IPrecision IRecall
93.8 93.8 93.3

Good

Average 85.1 93.3 37

Low 32.6 86.4 79.2

Drop 100 100 100

Average 90.3 90.4 90.3

Table 7 shows that the Fl-score of RF is achieved
by class Good, Average, Low and Drop as 93.8
percent, 85.1 percent, 82.6 percent, and 100
percent. Precision of RF is achieved by class
Good, Average, Low, and Drop as 93.8 percent,

93.3 percent, 86.4 percent and 100 percent.
Recall of RF is achieved by classes Good, Average,
Low, and Drop as 93.3 percent, 87 percent, 79.2
percent, and 100 percent.

CM Results G1 aph of RF using tr ainjngﬂtoestmg split

100 038938033
9
8
7
6
5
4
3
2
1

o oo o o o = = =@ =

Good Average

B F1-Score

100
90.390.4903

Drop Average

Presicion M Recall

Table 8 CM Results of RF using Training Testing Split

The graph in Figure 8 shows the CM results of
RF using a training-testing split. The graph shows
that Maximum precision is achieved by class
Good, maximum Recall is achieved by class
Good, and maximum fl-Score is achieved by
class.

Average.

4.4  Results of SVM

We evaluate the SVM model using Weka on the
training-testing split dataset, and the 10-K Folding
dataset, and the results of both splits are given in
Table 9.

Table 9 shows that the accuracy of the training
testing split is 43.44 percent, and the accuracy of
10-K Folding is 50.17 percent. The results show
that the SVM model is well on 10-K Folding split.
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Table 9: Accuracy of SVM

Splitting |Accuracy
Training Testing Split 43.44
10-K Folding Split 50.17

4.4.1 Confusion Matrix of SVM
The confusion matrix of the SVM of both
training and testing splits, and 10-K Folding is

Table 10 CM of SVM using Training Testing Split

calculated. The confusion matrix of the training-

testing split results is given in Table 10.

Class F1-Score [Precision Recall
Good 16.4 38.5 10.04
Average 49.6 37.4 73.9
Low 11.8 20 8.3
Drop 75.9 71 81.5
Average 37.2 41.1 43.4

Table 10 shows that the Fl-score of SVM is
achieved by class Good, Average, Low, and Drop
as 16.4 percent, 49.6 percent, 11.8 percent, and
75.9 percent. Precision of SVM is achieved by
classes Good, Average, Low, and Drop as 38.5

percent, 37.4 percent, 20 percent, and 71 percent.
Recall of SVM is achieved by class Good,
Average, Low, and Drop as 10.04 percent, 73.9
percent, 8.3 percent, and 81.5 percent.

90
80

n

Good Average

B F1-Score

CM Result of SVM using Training Testing Split

70
60
50
40 16.4
10.04 11.8
30

Presicion

Drop Average

H Recall

Figure 4 CM of SVM using Training Testing Split

The graph in Figure 4 shows the CM results of
SVM using a training-testing split. The graph
shows that Maximum precision is achieved by

class Drop, maximum Recall is achieved by class
Drop and maximum f1-Score is achieved by class
Drop.
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Table 11: Accuracy Comparison of Models
Models Training Testing 10-K Folding
IAccuracy IAccuracy
INN 92.41 93.79
RF 91.3 00.34
SVM 43.44 50.17

The graph in Figure 5 shows that maximum

accuracy on the training testing split is achieved
by the NN model with an accuracy of 92.4

percent, and minimum accuracy is achieved by
the SVM model with an accuracy of 43 percent.

100 92.41 93.79

o

o

o

o

913 90.34

20

80

70

60 43.44 "
5

4

3

2

NN RF SVM

B Training Testing Accuracy

= 10-K Folding Accuracy

Figure 5 Comparison Graph of Models

4.5 Conclusion

Educational institutes have been increasingly
interested in data mining over the past few years
as a means of enhancing the quality of education.
Accurately predicting student performance in
class was crucial to improving the value of
academic education. Studies primarily focused on
predicting student performance at the higher
education level since understanding academic
progress was critical for further education. Failure
or poor grades during higher education caused
students to drop out, making timely performance
prediction critical for retention. Educational data
mining (EDM) is the process of extracting.

valuable data and patterns from accumulated
academic data to predict student success.

Our research aimed to evaluate student
performance  using multiple  classification
strategies, using a Kaggle repository database as
the dataset source. We removed duplicate records
and filled in any empty fields with appropriate
information. We applied six different classifiers,
including deep learning methods like Neural
Network and data mining methods like Random
Forest, to the dataset using the performance
measure tool Weka. We also applied Principal
Component Analysis (PCA) to optimize feature
extraction. We evaluated all models using the
Training and Testing split and 10-K Fold options
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available in Weka. Finally, we calculated the
Training Accuracy, Testing Accuracy, Precision,
Recall, and FI1-Score for each model and
compared the results. Our findings showed that
Neural Network and Random Forest produced
the best results compared to other models. In the
future, this work can be expanded by adding
more records to the dataset, and reinforcement
or federated learning can be used to improve the
accuracy of the model. Other datasets can be
used to classify the Grades and fine-tune the
classes.
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