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Abstract

Identifying students’ interests at an early stage is a crucial process in education because it enables
schools to direct students’ potential in a structured and objective manner. However, report card data
typically contain many attributes, some of which are redundant or irrelevant, and this condition can
degrade the performance of classification algorithms such as Naive Bayes. This study compared the
classification performance of three models, namely pure Naive Bayes, a hybrid PSO-Naive Bayes
model, and a hybrid PCA-PSO-Naive Bayes model, in classifying the interests of elementary school
students into four categories: Academic, Arts, Sports, and ICT. The dataset combined cognitive data in
the form of report card scores in nine subjects with affective data obtained from an interest
questionnaire. Particle Swarm Optimization (PSO) was applied as a feature selection technique, while
Principal Component Analysis (PCA) was applied as a dimensionality reduction technique before
feature optimization. Model performance was evaluated using stratified 5-fold cross validation. The
results showed that the PCA-PSO-Naive Bayes model achieved the highest mean accuracy of 98.92%,
compared with 97.84% for pure Naive Bayes and 97.30% for PSO-Naive Bayes. The hybrid PCA-PSO-
Naive Bayes model also produced the most stable accuracy across folds, with a range of 97.3% to
100%. These findings indicate that combining PCA-based dimensionality reduction with PSO-based
component selection improves both the accuracy and the stability of Naive Bayes in classifying student
interests based on academic and questionnaire data.
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INTRODUCTION

The identification of students’ interests in schools is still commonly carried out through
conventional approaches such as subjective teacher observation. In practice, this approach is time
consuming, costly, unstructured, and prone to producing inaccurate mappings of students’ actual
potential at an early stage. At the same time, schools hold abundant data assets in the form of report
card scores and questionnaire results that have not been used optimally to support decision making
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related to student interests. Interest is an essential element in determining the direction of a child’s
potential development from the elementary school level, so an objective and data-driven identification
mechanism is needed.

Educational data mining offers a solution for extracting knowledge and patterns from historical
academic data to support such decisions. Digital records of learning behavior and achievement have
been shown to be a rich basis for predicting student outcomes when appropriate modeling standards
are applied (Arizmendi et al., 2023; Yagci, 2022). Through classification techniques, the mapping of
student interests can be performed automatically, quickly, and objectively by integrating cognitive
data in the form of report card scores with affective data obtained from questionnaires. Recent work
in educational data mining has also demonstrated that combining machine learning models with
metaheuristic optimization can substantially improve the quality of student performance prediction
systems (Abukader et al., 2025). Behavioral and affective attributes have also been shown to add
substantial predictive value beyond academic scores alone (Amrieh et al., 2016).

The Naive Bayes algorithm is widely used in educational classification tasks because it is
simple, computationally efficient, and effective in handling probabilistic reasoning, and it has
repeatedly outperformed more complex classifiers on academic datasets (Mueen et al., 2016). A
previous study classified the potential of elementary school children based on hobbies using Naive
Bayes with an undersampling technique, but it involved only 50 students, used three interest
categories, and did not compare the method with any optimization approach (Karolina et al., 2025).
Naive Bayes also has a fundamental weakness, namely the assumption of feature independence, in
which every attribute is considered to contribute equally. The algorithm is sensitive to imbalanced
data, is less suitable when features are interdependent, and its accuracy can decrease when irrelevant
or redundant features are present. Most previous studies on interest classification stopped at standard
classification using all available attributes without considering feature relevance, so the resulting
performance was not optimal, even though feature selection has been shown to raise the accuracy of
student performance classifiers considerably (Nayak et al., 2023). In the Indonesian context, Naive
Bayes has also been combined with forward selection to predict students’ study and career interests,
with feature selection identifying the attributes that most influence interest (Kusuma et al., 2025), and
machine learning has been applied to classify elementary students’ interests and talents (Sartika et
al., 2024).

Feature selection and dimensionality reduction are established strategies for addressing these
weaknesses. Feature selection methods aim to retain only the most informative attributes and have
been shown to improve classification accuracy across a wide range of data conditions, including
incomplete information systems (Kamalov et al., 2025; Kumar & Gupta, 2026). Wrapper approaches
that embed the classifier in the search, such as hybrid PSO with local search, have proven particularly
effective for selecting compact and discriminative feature subsets (Moradi & Gholampour, 2016),
and self-adaptive PSO variants extend this capability to large-scale problems (Xue et al., 2019).
However, the interpretation of feature selection results is not trivial, and iterative approaches are often
required to obtain stable and meaningful feature subsets (Lotsch, 2026). Particle Swarm Optimization
(PSO) is one of the most widely adopted metaheuristics for feature selection because of its simple
mechanism and fast convergence, and its use has grown consistently across application domains over
the last three decades (Salgotra et al., 2026). PSO has been applied successfully to optimization
problems in various fields, such as task scheduling in fog computing systems (Monika, 2025) and
multimetric route optimization in vehicular networks (Pathan & Annapurna, 2025), and hybrid PSO
schemes have proven effective in complex search spaces (Fister et al., 2025). More specifically, PSO-
based feature selection has repeatedly improved Naive Bayes accuracy: by about 6% in student
graduation classification (Purnamasari et al., 2020), by more than 17% in sentiment analysis
compared with a genetic algorithm (Rafdi et al., 2021), and in intrusion detection on high-dimensional
data (Talita et al., 2021). A hybrid of correlation-based feature selection and improved binary PSO
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with Naive Bayes even reached perfect accuracy on several benchmark datasets while controlling
premature convergence to local optima (Jain et al., 2017).

Principal Component Analysis (PCA) complements feature selection by transforming
correlated attributes into a smaller set of orthogonal components that retain most of the data variance.
Comparative studies show that PCA can be used effectively either as feature extraction or as a basis
for feature selection to improve classifier performance (Sari & Wijaya, 2025; Omuya et al., 2021),
and comparative studies on high-dimensional data show that PCA generally outperforms alternative
reduction techniques when combined with standard classifiers (Reddy et al., 2020), and PCA has also
been applied to summarize complex behavioral data of school-age children (Gonzélez-Devesa, 2026).
Applying PCA before Naive Bayes has been reported to increase classification accuracy on
benchmark data (Syafira et al., 2020). Integrating PCA to simplify the data and PSO to select the
most relevant components before Naive Bayes classification is therefore expected to eliminate
unnecessary variables and focus the model on the most informative information contained in report
card scores and questionnaires.

This study lies in three aspects, the integration of cognitive data (report cards) and affective
data (questionnaires), a multi-domain approach to student interest covering four categories
(Academic, Arts, Sports, and ICT), and the sequential combination of PCA for dimensionality
reduction and PSO for feature selection on top of Naive Bayes. This study aims to compare the
performance of pure Naive Bayes, PSO-Naive Bayes, and PCA-PSO-Naive Bayes in classifying
elementary school students’ interests and to determine whether the hybrid PCA-PSO-Naive Bayes
model produces higher and more stable accuracy.

METHOD

This study used a quantitative experimental method with a data mining approach to compare
the effectiveness of the hybrid PSO-Naive Bayes model with the optimized PCA-PSO-Naive Bayes
model in classifying the interests of elementary school students. The research procedure consisted of
five stages: data collection, data preprocessing, model 1 optimization (PSO + Naive Bayes), model 2
optimization (PCA + PSO + Naive Bayes), and analysis of the results. The research workflow is
presented in Figure 1.
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Figure 1. Research Workflow

The data were obtained from students’ report cards and an interest questionnaire. The report
card data consisted of numeric scores in nine subjects, namely Religious Education, Pancasila,
Indonesian Language, Mathematics, Natural Sciences, Physical Education, Arts and Culture, English,
and Information and Communication Technology (ICT), which describe students’ cognitive abilities.
The questionnaire was used to capture affective information about student interests that is not
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reflected in report card scores; the qualitative responses were converted into numeric scales. The
classification target consisted of four interest categories: Academic, Arts, Sports, and ICT. The
baseline Naive Bayes classifier used the combined report card and questionnaire data, with the class
prior probability computed using Equation (1).

P(Ci)=Si/s (1)

where P(Ci) is the prior probability of class i, Si is the number of samples belonging to class i, and s
is the total number of samples.

In model 1 (PSO + Naive Bayes), PSO was used to select the best combination of features. Each
particle was represented by a binary array, where a value of 0 means the feature is discarded and a
value of 1 means the feature is used. The training data were reduced to the features encoded as 1, a
Gaussian Naive Bayes model was trained on those features, and the classification accuracy was used
to compute the cost function, so that higher accuracy corresponds to lower cost. PSO then searched
for the particle position with the minimum cost. The velocity and position of each particle were
updated using Equation (2).

Vi(t) = ©Vi(t-1) + C1A(Pbest — Xi(t-1)) + C2B(Gbest — Xi(t-1)) )
Xi(t) = Vi(t) + Xi(t-1)

where Vi(t) is the newly computed velocity, o is the inertia weight that balances exploration and
exploitation, C1 is the individual acceleration coefficient with A a random number in [0, 1] forming
the cognitive component, C2 is the social acceleration coefficient with B a random number in [0, 1]
forming the social component, Pbest is the best position found by the particle, Gbest is the best
position found by the swarm, and Xi(t) is the new position of the particle at the current iteration.

Model 2 (PCA + PSO + Naive Bayes) is similar to model 1 but adds a dimensionality reduction
stage using PCA before feature optimization by PSO. The stages are as follows. First, data
standardization: because PCA is highly sensitive to data scale, the data were scaled using a standard
scaler so that each attribute has a mean of 0 and a variance of 1. Second, dimensionality reduction:
the original features were transformed into at most eight new orthogonal principal components that
retain the largest portion of the data variance. Third, component optimization by PSO: analogous to
model 1, PSO selected the PCA components that contribute most to Naive Bayes accuracy. Fourth,
final testing: the best PCA components selected by PSO were used to train and test the Naive Bayes
model, and the results were compared with model 1.

Model performance was evaluated using stratified 5-fold cross validation so that every sample
had an equal opportunity to serve as training and testing data and the class proportions were preserved
in each fold. This procedure was chosen to assess how well the models generalize to independent data
that they have never seen. Convergence curves of the PSO cost function were also analyzed to observe
how quickly and how well the optimization found the best solution in each iteration.

RESULTS AND DISCUSSION

This study classified students’ interests based on the combination of subject scores and
questionnaire data using three classification models: Naive Bayes (model 1), PSO + Naive Bayes
(model 2), and PCA + PSO + Naive Bayes (model 3). Model 1 used all available features, while
models 2 and 3 used dominant features selected on the basis of research considerations, namely
Indonesian Language, Mathematics, Natural Sciences, Physical Education, Arts, English, and ICT
scores, together with the Academic, Arts, Sports, and ICT questionnaire indicators. The Religious
Education and Pancasila subjects were eliminated from models 2 and 3.

Data preprocessing consisted of column selection, data cleaning, and merging of the report card
and questionnaire datasets. Table 1 presents an example of the merged questionnaire data after
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cleaning, and Table 2 presents an example of the combined feature set before the separation of
features and target.

Table 1. Example of Merged Questionnaire Data after Column Selection and Cleaning

Student Q Acad 1 Q Acad 2 Q Acad 3 Q Arts 1 Q ICT 1
Student 1 3.0 2.0 3.0 1.0 1.0
Student 2 1.0 2.0 1.0 2.0 2.0
Student 3 3.0 3.0 3.0 1.0 1.0
Student 4 1.0 2.0 3.0 1.0 3.0
Student 5 3.0 2.0 3.0 2.0 2.0

Table 2. Example of Combined Report Card and Questionnaire Features

Student Indonesian  Mathematics Science PE ICT
Student 1 81.0 84.0 89.0 79.0 85.0
Student 2 72.0 69.0 70.0 73.0 70.0
Student 3 88.0 85.0 93.0 76.0 88.0
Student 4 93.0 90.0 95.0 81.0 92.0
Student 5 80.0 76.0 82.0 72.0 79.0

The next stage was label encoding, which converts the textual interest labels into numbers so
that they can be processed by the machine learning algorithm. Table 3 presents the encoding scheme
for the four target classes. Each encoded number represents the interest of one student, not a score or
a rank, and these numbers form the target vector learned by Naive Bayes.

Table 3. Encoding of the Target Labels

Alphabetical Order Label Code
1 Academic 0
2 Sports 1
3 Arts 2
4 ICT 3

The PSO parameters used in models 2 and 3 are summarized in Table 4. These values follow
common practice in binary PSO for feature selection, in which moderate acceleration coefficients and
a relatively large inertia weight encourage broad exploration of the search space (Salgotra et al.,
2026).

Table 4. PSO Parameters

Parameter Value
Number of iterations 50
Cognitive coefficient (c1) 0.5
Social coefficient (c2) 0.5
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Parameter Value
Inertia weight (w) 0.9
Number of neighbors (k) 30
Minkowski p-norm (p) 2

The best feature combination found by PSO across the five folds was represented by the binary
vector [110011011101111110 1], with a training accuracy of 100%. The accuracy of each
model in every fold of the stratified 5-fold cross validation is presented in Table 5.

Table 5. Accuracy of Each Model per Fold

Fold Naive Bayes (%) PSO + NB (%) PCA + PSO + NB (%)
Fold 1 100.0 100.0 100.0
Fold 2 97.3 100.0 100.0
Fold 3 100.0 100.0 100.0
Fold 4 97.3 91.9 97.3
Fold 5 94.6 94.6 97.3

Based on these results, all models achieved high accuracy in almost all folds. The mean
accuracy of each model, computed as the average of the five fold accuracies, is presented in Table 6.

Table 6. Mean Accuracy of the Three Models

Model Mean Accuracy (%)
Naive Bayes 97.84
PSO + Naive Bayes 97.30
PCA + PSO + Naive Bayes 98.92

Model 3 produced the highest mean accuracy of 98.92%, while model 2 produced the lowest
mean accuracy of 97.30%. Each model is analyzed in turn below.

The pure Naive Bayes model used all features in the dataset, including the Religious Education
and Pancasila scores, and achieved a mean accuracy of 97.84%. In folds 1 and 3 the model obtained
perfect accuracy of 100%, which indicates that the class probability distributions could be learned
well by the algorithm. However, the accuracy decreased slightly in folds 4 and 5. This condition
shows that using all features does not always produce the best performance, because some features
may be less relevant to the identification of student interests. This finding is consistent with the
literature on feature selection, which emphasizes that irrelevant or redundant attributes can degrade
classifier performance (Kamalov et al., 2025).

In model 2, the Religious Education and Pancasila features were eliminated, and PSO was then
applied to select the best features from the set of dominant features. Theoretically, PSO aims to find
the most optimal feature combination to improve classification ability. Nevertheless, the results show
that the mean accuracy of model 2 was 97.30%, slightly lower than pure Naive Bayes, and the decline
was most visible in fold 4, which only reached 91.9%. This indicates that PSO-based feature selection
does not always produce a better feature combination than using all features directly. The condition
may be caused by the relatively limited amount of data, by an initial feature set that was already
sufficiently representative, or by PSO becoming trapped in a local optimum, a known risk of swarm-
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based metaheuristics in small search spaces (Fister et al., 2025; Salgotra et al., 2026). This result
contrasts with studies in which PSO-based feature selection improved Naive Bayes performance on
larger datasets (Jain et al., 2017; Purnamasari et al., 2020; Talita et al., 2021), which suggests that the
benefit of wrapper-based selection depends on the dimensionality of the data and the amount of
redundancy among features (Moradi & Gholampour, 2016). In addition, because the PSO fitness
function was evaluated on the training data, the selected subset can be optimistically biased toward
the training folds, which is a common interpretation challenge in feature selection studies (Lotsch,
2026).

Model 3 is a hybrid model that combines PCA, PSO, and Naive Bayes. The stages consisted of
eliminating the Religious Education and Pancasila features, selecting the dominant features,
standardizing the data, reducing the dimensionality with PCA, selecting the best components with
PSO, and classifying with Naive Bayes. This model produced the highest mean accuracy of 98.92%.
In folds 1, 2, and 3 the model achieved perfect accuracy of 100%, while in folds 4 and 5 the accuracy
remained at 97.3%. These results show that the combination of PCA and PSO improved the quality
of the data representation so that Naive Bayes could classify more accurately. Because the principal
components produced by PCA are orthogonal, this transformation also mitigates the violation of the
feature independence assumption that underlies Naive Bayes, which explains why the PCA-based
model outperformed the model that applied PSO directly to the original correlated features (Sari &
Wijaya, 2025; Syafira et al., 2020). Similar gains from combining PCA-based reduction with Naive
Bayes have been reported across domains, from benchmark datasets to text and medical data (Omuya
et al., 2021; Reddy et al., 2020).

The elimination of the Religious Education and Pancasila subjects in models 2 and 3 was based
on the assumption that the identification of student interests is more strongly influenced by subjects
that are directly related to the interest domains, namely Indonesian Language, Mathematics, Natural
Sciences, Physical Education, Arts, English, and ICT. The results show that even though several
features were eliminated, model performance remained high and even improved in model 3. This
confirms that using more relevant features can increase classification effectiveness (Kumar & Gupta,
2026).

The stability of the models can be assessed from the range of accuracies across folds, as
presented in Table 7.

Table 7. Stability of Model Accuracy

Model Accuracy Range (%)
Naive Bayes 94.6 to 100
PSO + NB 91.9to 100
PCA + PSO + NB 97.3 to 100

Based on these ranges, model 3 has the smallest variation in accuracy. A small variation
indicates that the model has better generalization ability across different subsets of the data. The fold-
by-fold accuracy of the three models is visualized in Figure 2.
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Figure 2. Accuracy of Each Model per Fold

Figure 2 shows that pure Naive Bayes (circles) fluctuated across folds, PSO + NB (squares)
was the least stable of the three methods, and PCA + PSO + NB (triangles) was the most stable method
with the highest overall performance. The comparison of the mean accuracy of the three models is
summarized in Figure 3.
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Figure 3. Comparison of Naive Bayes, PSO + NB, and PCA + PSO + NB

Compared with previous work, this study extends the Naive Bayes-based classification of
elementary students’ potential reported by Karolina et al. (2025), which used only 50 students, three
interest categories, and no optimization, by adding a fourth category (ICT), integrating cognitive and
affective data sources, and comparing two optimization pipelines. The finding that a sequential PCA
and metaheuristic pipeline improves classification performance is also in line with recent educational
data mining studies that combine metaheuristic optimization with machine learning models
(Abukader et al., 2025) and with feature-selection-based approaches to predicting students’ study
interests (Kusuma et al., 2025; Nayak et al., 2023).

This study has several limitations. The dataset came from a single school with a limited number
of students, so the very high accuracies obtained should be interpreted with caution and validated on
larger and more heterogeneous datasets. The evaluation was limited to accuracy; future work should
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report precision, recall, and Fl-score per class, especially if the class distribution is imbalanced.
Finally, the PSO fitness evaluation on training data could be replaced by an internal validation scheme
to reduce the risk of overfitting during feature selection.

CONCLUSION

Based on the evaluation using stratified 5-fold cross validation, all three models showed very
good classification ability in identifying elementary school students’ interests. The PCA + PSO +
Naive Bayes model provided the best performance with a mean accuracy of 98.92% and showed
better stability than the other models, with fold accuracies ranging from 97.3% to 100%. These results
indicate that the combination of PCA-based dimensionality reduction, PSO-based component
selection, and Naive Bayes classification improves the effectiveness of student interest identification
based on academic and questionnaire data. The contribution of this study lies in the integration of
cognitive (report card) and affective (questionnaire) data, the multi-domain treatment of student
interest in four categories (Academic, Arts, Sports, and ICT), and the sequential PCA + PSO + Naive
Bayes pipeline, which extends previous work that used only pure Naive Bayes with fewer categories
and no optimization (Karolina et al., 2025). Future research should validate the proposed model on
larger multi-school datasets, evaluate additional performance metrics, and compare the PCA + PSO
pipeline with other feature selection metaheuristics.
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