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Abstract

The development of Machine Learning (ML) has contributed significantly to the field of education, particularly in
analyzing student academic data to support data-driven decision-making. Predicting student exam results is
important for identifying academic performance patterns, detecting potential failures, and improving learning
interventions. However, variations in student characteristics and dataset complexity require the selection of
appropriate classification models to achieve optimal prediction performance. This study aims to compare the
effectiveness of several ML classification models in predicting student exam results using a student academic
dataset. The dataset consists of 306 records, seven attributes, and five grade classes (A, B, C, D, and E), including
attendance, quiz scores, midterm examination scores, final examination scores, and assignment scores. Data
preprocessing was conducted to handle missing values, duplication, inconsistencies, and outliers. The dataset was
split into training and testing data with a ratio of 75:25 and evaluated using 10-fold cross-validation. Several
classification models were applied, including k-Nearest Neighbour (kNN), Decision Tree, Naive Bayes, Support
Vector Machine (SVM), and Random Forest. Model performance was evaluated using accuracy, precision, recall,
and F1-score metrics. The experimental results showed that Random Forest achieved the best performance with an
accuracy of 73.9%, precision of 74.0%, recall of 73.9%, and F1-score of 73.9%, followed by Naive Bayes and
Decision Tree. Meanwhile, SVM produced the lowest performance among the tested models. The findings indicate
that Random Forest is the most effective method for predicting student exam results and has strong potential to
support educational decision-making systems.
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1. INTRODUCTION

The development of information technology, especially in the fields of data mining and Machine Learning (ML),
has made a significant contribution to the world of education [1]. One application is in analysing student academic
data to support more accurate and data-based decision making. Student exam result datasets are an important source
of information that can be used to predict academic performance, identify potential failures, and design more effective
learning interventions[2]. However, the complexity of the data and variations in student characteristics require the use
of appropriate analysis methods so that prediction results have a high level of accuracy.

Various classification models have been used in previous research to predict student learning outcomes, such as
Decision Tree, Naive Bayes, K-Nearest Neighbour (KNN), and Support Vector Machine (SVM)[3]. Recent studies
show that there is no one model that consistently excels on various types of datasets, because model performance is
very dependent on the characteristics of the data used, such as the number of features, data distribution, and the
presence of noise and imbalanced data. Therefore, choosing the right model is a crucial aspect in producing an optimal
prediction model.

Although various studies have discussed the application of classification models in educational contexts, most
studies still focus on the use of one or two models without conducting comprehensive comparisons using diverse
evaluation metrics [4]. Apart from that, there are still limitations in using specific and contextual student exam result
datasets, especially in certain educational environments. This shows a research gap in the form of a lack of systematic
comparative studies to evaluate the effectiveness of various classification models on student exam result datasets with
a comprehensive evaluation approach.

Several ML studies on students have been conducted. Research by Rohayani and Umam, (2025) implemented
the Backpropagation Algorithm to predict study program determination based on student grades. The results of the
research using classification performance with Rapidminer software on targets which produced the greatest accuracy
was 77.42% [5]. Furthermore, research by Putra et al, (2025) grouped student scores using the K-Means method.
Tests carried out using the silhouette coefficient showed a value of 0.458. This value shows that the grouping results
obtained are quite satisfactory, although they have not yet reached the optimal level [6]. Research by Surohman et al,
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(2021) conducted a correlation analysis between students' profiles and academic scores using the k-means algorithm.
The results of this research show that the elbow method for the most ideal number of clusters in this research is
between 3 and 4 clusters, where the highest Silhoutte Coefficient value is 0.8103 for grouping 3 clusters [7]. Several
studies apply ML algorithms to student-related datasets, but comparisons of several ML models on student grade
datasets have not been found

Based on these problems, this research aims to compare the effectiveness of several ML classification methods
in predicting student exam results. The model used in this research includes several popular methods that have
different characteristics. Model performance evaluation is carried out using various metrics, such as accuracy,
precision, recall, and F1-score, to provide a more comprehensive picture of the performance of each model. It is hoped
that the results of this research can contribute to determining the most appropriate classification method for analysing
educational data, as well as becoming a reference for further research in developing a prediction system for student
learning outcomes.

2. RESEARCH METHODS

This research uses a quantitative approach with experimental methods to compare the performance of several ML
classification models in predicting student exam results. The research stages were designed systematically starting
from data collection to model evaluation. The framework design is illustrated in Figure 1.
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Figure 1. Framework design

After the diabetes classification is carried out, a comparative analysis is then carried out by calculating the accuracy
value and the computing time required for the ML model to build the model

3.1. Dataset

The data set used in this research is student exam score data which includes several attributes, such as assignment
scores, midterm exam scores (UTS), final semester exam scores (UAS), attendance, and other supporting attributes.
This dataset consists of 306 records, seven attributes, and 5 classes (A, B, C, D, dan E). Data can be obtained from
educational institutions or relevant public datasets. The features used in this dataset are presented in Table 1.

Table 1. Features and attribute dataset

1D Features Information

fl Name Student name

2 Attendance Attendance value

3 Quiz Quiz exam scores

4 Midterm Exam Midterm exam scores

5 Final Exam Final exam or UAS scores
f6 Assignments Assignment value

f7 Grade Quality Letters

3.2. Pre-processing

The pre-processing stage is carried out to ensure data quality before it is used in the model training process. The
steps taken include data cleaning: Addressing missing values, data duplication and inconsistencies (outliers). The
results of the improved dataset are shown in Figure 2.

264



Pramestiawan, et al., comparative study of classification models in processing student test scores datasets

‘,v::v ° o o0 ° (? [ ] [ & [ ] 100 [ ] L T ] eDI@l @
S © 2 & ” oo ¢ wevcom
%} 90 00 @ 2 e ) © @see oo @ O
[ ® e o @ °
° @ @ L] [ L]
4
® e o =l L ] 80| ® L] as o [ ] [ ]
13 L % o [
f 7 e ° o % % £ : °
: s : i
: R E
) ) ® 8 60| [ ]
0| 5 : » o:
- o
40| €
50 ’ CE i : E) ' %0 100 w0 % E] ] % % 100
. -
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Figure 2. Data inliers

Next is split data where the dataset is split into two parts, namely training data (training set) and test data (testing set)
with a ratio of 75:25. It is based on the results of our comparison tests that in this case, splitting using this ratio has
the best impact on model performance.

3.3. Cross-validation (k-fold)

Classification is a form of data mining technique that is currently popular [8]. This strategy uses various methods
to assess available data to produce diabetes predictions [9]. The classification model will be validated using k-fold
cross-validation. The cross-validation method is generally used for training sets [10]. Figure 3 displays the cross-
validation procedure
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Figure 3. Procedure k-fold Validation

3.4. Classification

At this stage, several machine learning classification models are applied and their performance is compared [11].
The models used in this research include K-Nearest Neighbour (KNN), Decision Tree, Naive Bayes, Support Vector
Machine (SVM), Random Forest [12]. Each model is trained using training data and tested using test data to get an
idea of the performance of each model.

3.5. Model Performance Evaluation

This study examines how the Confusion Matrix can be used to measure accuracy and error rates. Confusion
matrix is a table used to evaluate the performance of classification models in ML. This table compares the model's
predicted results with the actual (actual) values from the data, so it can provide an in-depth picture of the model's
strengths and weaknesses [13]. The confusion matrix variable is displayed in Table 2.

Table 2. Confusion Matrix

Class Positive Prediction Negative Prediction
Positive Actual Number of True Positive (TP) Number False Negative (FN)
Negative Actual Number of False Positive (FP) Number True Negative (TN)

Accuracy is a method for evaluating the performance of an ML model. These variables can be obtained from the
Confusion Matrix in Table 3 and calculated using equation (1-4).
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3. RESULTS AND DISCUSSION
3.1. Test Results

We use Orange software (version 3.39). This platform simplifies the construction of multiple data analysis
techniques[14]. Orange has the ability to categorize, perform regression, classification, remove features, create
association rules, and adjust classes to datasets [15]. We use k-fold=10, split data (training set 75%, and testing 25%)
because our findings are this option is the best for ML algorithm classification.
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Figure 4. Model testing design in Orange tools

After carrying out the training and testing process on several ML models, the results of the model performance
evaluation were obtained based on accuracy, precision, recall and F1-score metrics. The performance comparison
results of each model are shown in Table 3.

Table 3. Classification Model Performance Comparison

Model Accuracy Precision Recall F1-Score
SVM 0.648 0.597 0.648 0.610
kNN 0.670 0.682 0.670 0.662
Tree 0.687 0.688 0.687 0.685
Naive Bayes 0.696 0.708 0.696 0.697
Random Forest 0.739 0.740 0.739 0.739
Average | 0.688 0.683 0.688 0.678

Based on these results, the Random Forest model shows the best performance with an accuracy rate of 74%, followed
by Naive Bayes with an accuracy of 69.6% followed by the Tree model. Meanwhile, SVM has the lowest performance
among the models tested. Based on the average test value of the model, ranking is then carried out to obtain
comprehensive information on the model performance shown in Figure 5.
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Figure 5. Machine learning model performance

Next, we compared the computing time required when building the model on testing data. The computing time for
each model is shown in Figure 6.
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Figure 6. Computational time building the model

3.2. Model Performance Evaluation

The higher performance of Random Forest is due to its ability to combine several decision trees, thereby reducing
the risk of overfitting and increasing model generalization. Support Vector Machine also shows good performance
because of its ability to separate classes with optimal margins, especially on datasets with quite complex dimensions.
On the other hand, the Naive Bayes and k-NN models show quite good performance but are sensitive to the choice of
k parameters and the data scale. Decision Trees provide relatively stable results and are easy to interpret but tend to
experience overfitting if no pruning is carried out. SVM and Tree, despite having advantages in computing speed,
show lower performance. This is likely due to the independence between features not being fully fulfilled in the
student test score dataset.
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3.3. Research Implications

The results of this research can be used as a reference for educational institutions in selecting appropriate machine
learning models for classifying student achievement levels. By choosing the right model, the academic data analysis
process can be carried out more accurately and efficiently, thus supporting better decision making in the world of
education.

3.4. Discussion

The results of this study demonstrate that different ML classification models exhibit varying performance in
predicting student exam results, indicating that model selection plays an important role in educational data analysis.
Based on the experimental results, the Random Forest model achieved the highest performance with an accuracy of
73.9%, precision of 74.0%, recall of 73.9%, and F1-score of 73.9%. These findings indicate that Random Forest is
more effective in handling student exam datasets with multiple academic features, including attendance, quiz scores,
midterm examinations, final examinations, and assignments. The superior performance of Random Forest can be
attributed to its ensemble learning mechanism, which combines multiple decision trees to improve prediction
robustness and reduce the risk of overfitting. This capability enables the model to better generalize unseen data,
particularly in educational datasets where student performance patterns may vary significantly.

The Naive Bayes model showed the second-best performance with an accuracy of 69.6%, indicating that
probabilistic classification methods can still perform relatively well in student academic prediction tasks. The model
assumes independence among features, which may partially align with student assessment components such as
attendance, assignments, and examinations. However, in real educational settings, these features are often interrelated,
which may explain why Naive Bayes did not outperform Random Forest. Similarly, the Decision Tree model achieved
stable results with an accuracy of 68.7%, demonstrating its ability to model decision rules transparently and provide
interpretable outcomes for educational stakeholders. However, the model may suffer from overfitting when handling
limited datasets or when tree pruning is not optimally applied.

Meanwhile, k-Nearest Neighbour (kNN) produced moderate performance with an accuracy of 67.0%. This
suggests that similarity-based learning methods can classify student performance reasonably well, although they are
highly dependent on distance calculations and parameter selection, particularly the value of *k*. The performance of
kNN may also be influenced by feature scaling and the diversity of student characteristics in the dataset. On the other
hand, the Support Vector Machine (SVM) model demonstrated the lowest performance with an accuracy of 64.8%.
Although SVM is generally effective in handling complex classification boundaries, its lower performance in this
study may be caused by the characteristics of the dataset, which consists of relatively limited records (306 samples)
and multiple grade categories (A—E). The complexity of multi-class classification and overlapping feature
distributions may reduce SVM effectiveness in identifying clear decision boundaries.

The comparison of computational time also revealed important insights regarding model efficiency. Although
Random Forest achieved the highest predictive performance, computational cost must also be considered in real-
world educational implementations. Simpler models such as Decision Tree or Naive Bayes may still be preferable
when computational efficiency and interpretability are prioritized. However, for predictive systems requiring higher
accuracy, Random Forest appears to be the most suitable approach based on the results of this study.

Overall, the findings highlight that the effectiveness of ML models in educational datasets depends on data
characteristics, feature interactions, and classification complexity. The study contributes to the growing body of
educational data mining research by providing a systematic comparison of multiple classification models using
comprehensive evaluation metrics. The results also suggest that integrating robust ML techniques into educational
systems can support more accurate academic performance prediction, early identification of at-risk students, and data-
driven educational decision-making.

4. CONCLUSION

This research has evaluated and analysed the performance of several ML models in classifying student exam
score datasets. Based on the results of the experiments that have been carried out, it can be concluded that each model
has different characteristics and levels of performance. The Random Forest model shows the best performance
(73.9%) compared to other models with the highest accuracy, precision, recall and F1-score values. This shows that
the ensemble learning approach is effective in increasing the generalization ability of the model on student test score
datasets. Support Vector Machine also provides competitive performance, especially in handling complex class
separations. Meanwhile, models such as Naive Bayes and Decision Tree provide quite good results but have
limitations such as the potential for overfitting and sensitivity to parameters. The SVM model although superior in
computational efficiency, shows relatively lower performance due to the assumption of feature independence which
does not fully match the characteristics of the data. Overall, this research confirms that selecting the right machine
learning model greatly influences classification results, and the use of multiple evaluation metrics is very important
to get a more comprehensive picture of model performance.
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In further research development, several things can be done, namely the use of larger and more diverse datasets.
Future research is recommended to use a larger dataset and include more variables, such as students' social, economic
and psychological factors. Exploration Other models can be tested against other more complex models, such as
advanced ensemble methods such as Gradient Boosting, XGBoost or deep learning-based approaches. Deeper
Hyperparameter Optimization uses techniques such as Grid Search or Random Search to get the best parameters from
each model.
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