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Abstract: This study investigates the application of data mining techniques to classify secondary school students’ academic

performance. The Student Performance Dataset, obtained from the UCI Machine Learning Repository, was used for analysis. After

excluding two of the exam results, the dataset comprised 31 attributes for 395 students. The classification was based on final exam
grades: scores between 0-10 were labeled as "unsuccessful” (0) and scores between 11 and 20 as "successful” (1). The dataset was

preprocessed to correct CSV format errors, making it suitable for analysis in the WEKA software. Four classification algorithms—

Iterative Classifier Optimizer, OneR, LogitBoost, and Artificial Neural Networks—were evaluated using 5, 7, and 10-fold cross-
validation. Results showed that OneR achieved the highest average accuracy (92.15%) and sensitivity (96%), while LogitBoost yielded
the best specificity (88%). The findings suggest that OneR is the most effective method for classifying student success using this

dataset.
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1. Introduction

The concept of success, in its most basic sense, can be
defined as the attainment of desired outcomes as a result
of dedicated efforts directed toward specific goals. There
are several factors that influence student achievement
and performance. The presence of individuals with
diverse life backgrounds in a common classroom
environment has often led to a neglect of these individual
differences. However, students who are treated equally
within the same classroom setting may exhibit distinct
pathways to acquiring knowledge and learning. Evidence
of this lies in the variability of academic success among
students receiving the same instruction. Various factors
within the classroom environment affect both the
academic performance and learning processes of
students (Arslan and Babadogan, 2005).

An increase in research and methodological
developments regarding individual
student performance offers the potential for a future
upward trend in educational attainment levels. A review

differences and

of the literature highlights key criteria that influence
student performance, including the quality of prior
education, parental education levels, average family
income, the academic program in which the student is
enrolled, satisfaction with the school environment, and
the student’s current psychological state.

The first study attempting to predict student
performance was conducted by Gorr et al. (1994). This
study compared Linear and Multiple Regression Analysis
with Artificial Neural Networks (ANN) for estimating
students' grade point averages. The findings indicated
that the ANN method produced more accurate results. In
another study, SubbaNarasimha et al. (2000) compared
Regression methods and ANN by using two separate
datasets to predict academic performance of a selected
student group. The results suggested that ANN prediction
techniques yielded more accurate estimates in that
specific context.

Tosun (2007) examined Decision Trees and ANN
methods in his study on student performance. While
Decision Trees achieved an accuracy rate of 86%, the
same dataset analyzed with ANN resulted in 92%
accuracy. More recent literature on academic
performance prediction includes Aydemir (2019), who
developed prediction models using ANN and other
classification methods to estimate passing grades in
foreign language courses among university students in
Tiirkiye. The data were divided into training and testing
sets, and among the tested models, the Bagging method
yielded the most accurate predictions, with a mean
absolute error of 1.22 and a correlation coefficient of
0.80.

Another contemporary study by Giire et al. (2020)
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compared the prediction capabilities of Random Forest
and Multilayer Perceptron methods to identify factors
affecting mathematical literacy. The analysis of student
scores showed that the Random Forest method predicted
outcomes with less error, and the variables identified by
high-performing models were considered significant
factors influencing mathematical literacy.

Altun e al. (2019) conducted a study aimed at predicting
final exam scores based on midterm results among
elementary education students. The study compared
Multiple Linear Regression and ANN methods. The
evaluation showed that regression analysis achieved
94.30% accuracy, while ANN achieved 94.43%, indicating
comparable success in performance prediction.

In this study, various data mining techniques were
applied to classify student achievement in secondary
education based on individual and demographic factors.
Among the methods tested, the most successful were
Iterative Classifier Optimizer, OneR, LogitBoost, and ANN.
The analysis used the Student Performance Dataset
obtained from the UCI repository. Early studies on this
dataset involved clustering algorithms, while later works
used different classification algorithms. In this study, the
dataset was refined for classification-based data mining
analyses, resulting in high accuracy rates. Among all the
methods tested, the OneR algorithm delivered the highest
prediction performance,
mining algorithms.

outperforming other data

2. Materials and Methods

The following hyperparameters were used in the
artificial neural network model: learning rate = 0.3, batch
size = 100, momentum = 0.2. Z-score normalization was
applied to the data before processing.

To classify student achievement levels using data mining
techniques, the Student Performance Dataset obtained
from the UC Irvine Machine Learning Repository (UCI)
was utilized. The dataset comprises records of 395
students (187 male and 208 female) and contains 33
attributes (Cortez and Silva, 2008). Among these
attributes, there are three exam results pertaining to the
mathematics course. According to the information
provided on the website from which the dataset was
retrieved, the third exam score is considered the most
significant. Therefore, only the third exam score was
used for classification purposes.

The exam scores, which range between 0 and 20, were
categorized into two groups: students scoring between 0
and 10 were classified as “0” (unsuccessful), while those
scoring between 11 and 20 were classified as “1”
(successful). As a result, two of the exam results were
removed from the dataset, reducing the number of
attributes from 33 to 31.

The dataset in CSV format initially contained quotation
mark (“) errors, which were corrected to make it
compatible for analysis using the WEKA software
platform. All analyses were performed through WEKA.
Two of the exam scores in the dataset were excluded,

reducing the number of attributes from 33 to 31. Based
on the final exam scores, the data were binary classified
as “0” for unsuccessful (scores between 0-10) and “1” for
successful (scores between 11 and 20). The original .csv
file contained quotation mark (“) errors, which were
corrected to make it suitable for analysis using the WEKA
software. All subsequent analyses were conducted via the
WEKA application. The data mining methods applied in
the study are detailed in the following sections.

The Iterative Classifier Optimizer is commonly used in
optimization and classification problems, where gradual
model refinement is necessary. It mimics neural network
learning and is well-suited for data requiring iterative
feedback for improvement.

2.1. Iterative Classifier Optimizer

The Iterative Classifier Optimizer algorithm updates the
model through feedback from the errors obtained during
the classification of the first record, allowing for iterative
refinement. This algorithm functions similarly to a neural
network and can be compared to the structure of the
human brain. The records are distributed across the
network, and once all input samples are presented, the
process is repeated—thus demonstrating a core feature
of artificial neural networks (ANNs). The network can be
configured and trained for a specific application and
begins the learning process by randomly selecting initial
weights (Manikandan et al., 2018).

The OneR (One Rule) algorithm selects the single best
attribute for classification and builds a one-level decision
tree. It is particularly effective in cases with one
dominant feature.

2.2.0neR

Proposed by Holte (1993), the OneR (One Rule)
algorithm is a rule-based classifier that essentially learns
a decision tree. It follows a simplistic error-based rule
induction logic, aiming to select the best classification
criterion by minimizing error rates. Since it focuses on
only a single attribute, OneR is often perceived as a
shallow approach (Uzun, 2005). The OneR algorithm
operates on the following logic:

1. For each attribute, create rules for each of its values.

2. Count the occurrences of each class.

3. Identify the most frequent class for each value.

4. Define classification rules based on the most

frequent class.

5. Calculate the error rate for each rule set.

6. Choose the rule set with the lowest error rate.
LogitBoost employs logistic regression in its boosting
framework, aiming to enhance accuracy and prevent
overfitting. It is especially useful for dense datasets with
overlapping classes.

Using the above steps, OneR is applied to the dataset for
classification.

2.3. LogitBoost

LogitBoost is one of the boosting algorithms developed to
address the overfitting issues often encountered in
AdaBoost when applied to dense datasets. LogitBoost
reduces the classification errors during training in a
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linear manner, thereby improving generalization
performance. It employs a logistic loss function and aims
to resolve the overfitting problem by increasing the
weight of data instances that contribute to classification
errors (Aydin and Arslan, 2017).

2.4. Artificial Neural Networks (ANNs)

Artificial Neural Networks (ANNs) are computational
models inspired by biological neural networks. They
consist of a series of interconnected processing units, or
neurons, organized into input, hidden, and output layers,
as illustrated in Figure 1. Each neuron receives input data
from preceding neurons or external sources, applies an
activation function to transform the data, and passes the
output to the next neuron (Osborn et al.,, 2011).

ANNs are adaptive, capable of learning from examples,
and can function even with incomplete data. They are
among the most effective techniques for classification,
pattern recognition, signal filtering, data compression,

and optimization. ANNs have demonstrated high success

Inputs Weights
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Figure 1. Structure of artificial neural network (Elmas, 2003; Kurnaz and Murat, 2023).

Table 1. Analysis results

rates in various real-world applications including data
mining, navigation, fingerprint recognition, material
analysis, quality control, and medical diagnostics

(Oztemel, 2003).

3. Results and Discussion

In this study, various data mining methods were tested
on the selected dataset using the Weka software (URL-1),
executed on a computer equipped with an Intel Core i7-
4720HQ processor and 12 GB RAM. To ensure objective
evaluation, each of the three different data mining
methods was applied using three different fold values (5,
7, and 10). The models developed through these
techniques were assessed using accuracy, specificity, and
sensitivity as evaluation metrics. Detailed results are
presented in Table 1.

The ROC (Receiver Operating Characteristic) curves of
the applied methods are illustrated in Figure 2.

Output

Activation function

f

Classification Algorithms Fold Sensitivity Specificity Accuracy
Iterative Classifier Optimizer 5 96% 86% 92.41%
7 94% 87% 91.90%
10 94% 86% 91.39%
Average 94.6% 86.3% 91.9%
OneR 5 96% 84% 92.15%
7 96% 86% 92.15%
10 96% 84% 92.15%
Average 96% 84.6% 92.15%
LogitBoost 5 94% 88% 92.15%
7 93% 88% 91.90%
10 94% 88% 91.89%
Average 93.6% 88% 91.98%
ANN 5 96.4% 76.6% 89.11%
7 95.6% 69.6% 86.07%
10 96% 71% 86.8%
Average 96% 72.4% 87.32%
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ROC curves of the used methods
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Figure 2. ROC curves of the applied methods.

In the evaluations, classification models were assessed

using  sensitivity, specificity, and accuracy as
performance metrics across 5, 7, and 10-fold cross-
validation. Among all the methods tested, the Iterative
Classifier Optimizer with 5-fold validation delivered the
highest individual accuracy result. However, when
considering average accuracy across all folds, the OneR
method demonstrated the best accuracy
performance. Regarding sensitivity, OneR again yielded
the highest average. In terms of specificity, LogitBoost

outperformed the other methods.

overall

Although the specificity metric for OneR was slightly
lower (by approximately 2%) compared to LogitBoost,
this difference is considered negligible. Thus, OneR is
recommended as the most successful method for this
dataset.

4. Conclusion

Students spend a significant portion of their lives within
school environments, where they face numerous
challenges that can impact their academic performance.
These adaptation
environments, academic failures, issues with teachers,
peer-related problems, and family-related stressors. Such
factors are increasingly acknowledged as key
determinants of student success.

include difficulties in new

In literature, various studies have employed Artificial
Neural Networks (ANN) and data mining techniques to
analyze and address these challenges. The aim of this
study was to identify the main factors negatively
influencing the academic performance of secondary
school students. The significance of this research lies in
its potential to reveal the key elements affecting student
achievement in secondary education.

Unlike previous literature, this study incorporated

Specificity

LogitBoost

I lerative Classifier
—OneR
YSA
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diverse classification algorithms—Iterative Classifier
Optimizer, OneR, LogitBoost, and ANN—to classify
student performance. Among these, OneR demonstrated
the most promising results in predicting academic
success.

To improve student achievement, it is essential to first
identify and diagnose the key performance-influencing
factors, followed by targeted improvements. This
approach enables focused educational strategies based
on performance-specific indicators. Future research can
explore other data mining techniques or focus on
individual factors

identifying the most influential

affecting student success.
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