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Student academic success is influenced by various factors, both academic
and non-academic. This study aims to examine the correlation between key
student attributes and final grade point average (GPA), as well as to develop
a machine learning model to predict academic success. The correlation
analysis involved academic variables such as admission scores
(Mathematics, English, Indonesian, and academic aptitude test/TPA),
English ability test (EAT), spiritual formation (SF), and first-year GPA
(GPA_1). The results indicate that GPA_1 has the highest correlation with
final GPA (0.63), followed by SF (0.44), while other variables exhibit lower
correlations. To enhance prediction accuracy, a machine learning approach
using three primary models was employed: Naive Bayes, support vector
machine (SVM), and an ensemble learning method based on a stacking
classifier that combines SVM and Naive Bayes. The evaluation used five
train-test split ratios and performance metrics, including accuracy, precision,
recall, and Fl-score. Experimental results reveal that the SVM model
achieves the highest accuracy at 88.40%, followed by the ensemble model
combining SVM and Naive Bayes (88.00%) and the Naive Bayes model
(87.10%). These findings confirm that the machine learning approaches
could effectively predict student academic success, providing a foundation
for academic decision-making and educational intervention strategies.
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1. INTRODUCTION

Data mining is defined as discovering new and useful information from large amounts of data.
This method aims to identify new patterns and trends using various classification algorithms [1]. Educational
data mining (EDM) is a rapidly growing field of science that focuses on developing and applying methods to
analyze data sets generated in educational environments [2], [3]. The analysis aims to gain insights into
student preferences and behavior [4]. There are two main tasks in the education sector: analyzing student data
and predicting their performance, which will contribute to determining their academic future [5].
Therefore, maintaining students' academic performance is very important [6], [7].

Based on this foundation, research in higher education is increasingly moving towards developing
predictive models that integrate various aspects of assessment, such as entrance test data, language skills, and
spiritual formation (SF). Recent studies have shown that incorporating these factors can improve prediction
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accuracy and provide a more comprehensive understanding of the factors influencing students' academic
performance. Previous research indicates that language ability and other non-cognitive factors significantly
influence academic success [8]. Zhou et al. [9], showed that emotional and spiritual intelligence can
encourage student academic achievement. In addition to educational and technical factors, language
proficiency also plays an important role in academic success, particularly among non-native speaker and
international students. Previous studies have shown that language skills significantly influence academic
performance, participation, engagement, and peer integration, highlighting the importance of language
support in higher education environments [10].

Religion and education are closely related and can influence each other. Ahmed et al. [11] also
found that good spirituality significantly and positively impacts student achievement motivation. Moreover,
spiritual character building, including ethical values, discipline, and intrinsic motivation, influence student
resiliency in facing academic challenges [12]. Our previous studies have also demonstrated that machine
learning and learning analytics approaches can effectively predict student success using academic,
behavioral, and sociocultural data. The first study employed random forest, support vector machine (SVM),
and decision tree algorithms to analyze Moodle-based learning activity data and found that assignment
attempt frequency had the strongest correlation with academic achievement, with random forest achieving
prediction accuracy above 81% [13]. Subsequent studies developed predictive models for first-year GPA by
integrating cognitive, socioeconomic, and sociocultural factors, including cultural connectedness, social
acceptance, and cross-ethnic community support, which were found to significantly contribute to academic
achievement and student resilience in multicultural higher education contexts [14], [15]. These findings
suggest that student success prediction can be enhanced by integrating academic, behavioral, and contextual
variables into machine learning model development.

This study highlights the importance of proper algorithm selection and the use of diverse data,
including factors such as language ability and SF, to improve prediction accuracy. Sanchez-Sanchez
compared four different models: i) linear regression, ii) support vector regression, iii) random forest, and iv)
XGBoost in identifying first-year students' academic performance determinants had resulted similar
predictive performance and successfully identified the main variables affecting educational performance [16].
A study done by Beseiso [17] showed that the XGB classifier, integrated with convolutional neural networks
(CNN) from student data, consistently outperformed other models across two different data sets.

The main challenge in predicting student performance is identifying the model with the highest
predictive accuracy. Ensemble learning shows a good level of predictive accuracy in providing strong
evidence for the effectiveness of the model in scientific investigations [18]. Research by Wang et al. [19]
showed that the graph-based machine learning ensemble method was able to improve and higher prediction
accuracy up to 14.8% compared to other algotirma models. Ensemble learning effectively handles complex
data and can predict student success with an accuracy of up to 97.88% [20]. The ensemble approach produces
the best predictions by combining attributes such as attention in theory classes, Moodle quiz scores, and
Moodle forums activity level [21]. In addition, ensemble learning is more resistant to variability and noise in
the data, resulting in more reliable predictions [22]. This study uses an ensemble learning model to predict
students' academic success based on data from entrance exams, language skills, and spiritual character
formation. Studies integrating language-related variables and spiritual character formation with ensemble
learning-based prediction models are limited.

2. RESEARCH METHOD
2.1. Research data

This study analyzed 452 academic data of the scholarship students admitted in year of 2020 and
2021. These data are classified as secondary data that extracted from three resources: i) the data from new
student selection test for scholarship program during admission process that cosist of test scores of math,
English, bahasa Indonesia and academic aptitute test ii) the data from the first year of study that consist of
english abilty test (EAT), spritual formation score, and the first-year grade point average (GPA) and iii) the
final GPA that reflects the student academic success. The first two data sources are considered as the
predictor of the academic success of the scholarship program. We use the data of scholarship students
because they are expected to graduate with higher academic standards compared to regular students.
This will allow us to create a higher standard prediction model of academic success. Table 1 is the academic
status criteria of the final year GPA for academic success.

Based on this table, a student with the final GPA below 2.75 are considered ineligible for graduation
and are at risk of academic warning or remediation; the GPA of 2.75-2.99 is categorized as “Average,”
indicating minimal academic achievement; the GPA of 3.00-3.29 is classified as “Good,” reflecting sufficient
understanding of the course; and the GPA of 3.30-4.00 is categorized as “Excellent,” indicating excellent
academic achievement. We used these criteria as the target class for the prediction model in our analysis.
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Table 2. below illustrates how we apply the academic status criteria to the student final GPA. Later, we use
this classification as the prediction model training process, where various machine learning methods will be
applied to identify factors contributing to student academic success. The developed model is expected to
provide better insights into identifying academically at-risk students early on and provide strategic
recommendations to improve their academic achievements during their study.

Table 1. Final GPA academic status criteria

Interval GPA Status
3,30 - 4,00 Excellent
3.00-3.29 Good
2.75-2.99 Average

0-2.74 Failed

Table 2. lllustration of student academic data based on graduation status
Cohort Nama Math  Bing Bindo TPA EAT1 SF GPA 1 GPA Status
2020  Student 001 50,00 62,00 6571 66,67 580,00 69,35 2,89 2,84  Failed
2020  Student 002 33,33 70,00 82,86 47,22 550,00 91,30 2,05 3,07 Average
2020  Student 003 53,33 76,00 6571 5833 490,00 80,32 344 3,30  Excellent
2020  Student 004 50,00 78,00 62,86 5833 510,00 79,34 3,38 340  Excellent
2020  Student 005 56,67 84,00 7143 72,22 523,00 8345 3,39 348  Excellent

2021 Student_449 53,33 82,00 8286 5556 477,00 9518 3,66 3,67  Excellent
2021 Student_450 36,67 66,00 62,86 66,67 480,00 8871 343 3,26 Excellent
2021 Student 451 60,00 58,00 8286 7222 477,00 7981 291 2,87  Average

2021 Student_452 53,33 86,00 57,14 63,89 586,67 9595 3,82 3,88  Excellent

2.2. Method

The methodological steps of this research include collecting the dataset, training the model on the
training dataset, categorizing the testing dataset, and evaluating the accuracy of the prediction results. The
dataset used in this study is the student dataset, which is divided into training and testing data sets using the
train-test split method with five different proportions: 10:90, 15:85, 20:80, 25:75, and 30:70. The dataset
comprises both quantitative variables (Math, Bing, Bindo, TPA, EAT, SF, GPA_1, GPA) and qualitative
variables from the academic status criteria based on the student final GPA (average, failed, excellent).

Several base classifiers are employed during the training phase for the ensemble stacking method.
The clustering-based training process consists of two steps. In the first step, each base classifier is trained on
the same dataset to generate the corresponding prediction results. In the second step, a meta-classifier utilizes
these prediction results to determine the most probable class for the test data. The flowchart illustrating the
ensemble stacking method is presented in Figure 1.

Dataset
Traiming
SVM Naive
Bayes
Classifier Classifier

!

Meta Classifier

v

Prediction

Figure 1. SVM and Naive Bayes stacking method
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2.2.1. Machine learning

Machine learning is a subfield of computer science that focuses on developing computer systems
capable of learning and optimizing their performance based on experience [23]. The fundamental concept of
machine learning is that computers should be able to learn from data without requiring explicitly detailed
programming. During the training process of a machine learning model, the model is exposed to data and
learns to perform specific tasks by analyzing patterns within the data [24]. Once trained, the machine learning
model can make predictions or decisions based on new, previously unseen data. This ability to learn and
adapt to new data has facilitated the widespread application of machine-learning methods in various studies,
including those focused on classifying or predicting rainfall [25].

2.2.2. Support vector machine

SVMs are a strong group of supervised learning models that are commonly used for tasks like
regression and classification [26]. SVM belongs to the category of supervised learning. SVM techniques are
used in machine learning to classify linear and non-linear data. The basic idea of SVM is to maximize the
distance of the hyperplane from the data it classifies. The training process of an SVM is formulated as a
convex optimization problem, in which the goal is to identify the optimal hyperplane that minimizes
classification errors while maximizing the margin. This is achieved by introducing lagrange multipliers to
transform the constrained optimization problem into an unconstrained one, followed by solving its dual
formulation to obtain the optimal solution. In a two-dimensional feature space, the hyperplane can be
mathematically expressed as follows [27]:

fxX)=w.x+b 1)

where x represents the input vector, w denotes the weight vector of the SVM, and b is the bias or offset term.

2.2.3. Naive Bayes

Naive Bayes is a widely used probabilistic algorithm that has proven to be particularly effective in
text classification and sentiment analysis tasks due to its simplicity, computational efficiency, and
scalability [28]. The Naive Bayes classifier is a supervised learning algorithm designed for multi-class
classification problems. Its construction is based on Bayes’ theorem, which assumes conditional
independence among all feature variables. Mathematically, the theorem can be expressed as follows [29].

__ Pr(xjlcy) Pr(Cy)
Pr(C; 1 X;) = ey )

Where i,j = 1,2,...,N. Here, Pr(C; | X;) represents the posterior probability, Pr(X; | C;) denotes
the likelihood, and both Pr(C;)and Pr(X;)correspond to the prior probabilities. By assuming that the features
X1, Xz, .-, Xipare mutually independent, the Naive Bayes model can be further simplified. The application of
the fundamental Naive Bayes theorem indicates that the probability of a data sample with specific attributes
belonging to class C(Posterior) is determined by the prior probability of class C(Prior), multiplied by the
likelihood of those attributes occurring within class C(Likelihood), and divided by the overall probability of
the attributes across all possible classes (Evidence). The simplified form of the Naive Bayes theorem is
expressed as follows:

Posterior = PriorX'Likelihood (3)
Evidence

The evidence value remains constant across all classes within the dataset. The posterior probabilities
of each class are then compared to determine the most likely class label for a given data sample. This process
computes posterior probabilities for classification, which can serve as informative features in sampling-based
predictive modeling [29].

3. RESULTS AND DISCUSSION

In this study, we analyzed the performance of SVM, Naive Bayes, and stacking-based ensemble
models for data classification. The dataset was divided into training and test sets using five different ratios
(10:90, 15:85, 20:80, 25:75, and 30:70) via the train-test split method. Subsequently, the data were
normalized using the z-score normalization method to ensure uniform feature scaling. The SVM model was
optimized with GridSearchCV to determine the optimal parameters, whereas the Naive Bayes model was
applied without parameter tuning. These two models were combined using a StackingClassifier ensemble,
employing a linearly kernelized SVM as the final estimator.
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Performance evaluation was conducted on the test data for each model and ratio using accuracy,
precision, recall, and F1 score metrics. The testing process was iteratively executed for all combinations of
models and data ratios. The evaluation results demonstrate the impact of training data ratios on model
performance and underscore the effectiveness of ensemble models in leveraging the strengths of SVM and
Naive Bayes to enhance classification accuracy.

Figure 2 presents a correlation heatmap illustrating the linear relationships among several student
academic variables, including the EAT score, Mathematics score, English (BIng) score, Indonesian (BIndo)
score, Test of academic potential (TPA) score, SF score, first-year GPA (GPA _1), and final GPA (GPA). The
correlation analysis indicates that GPA_1 exhibited the strongest positive correlation with the final GPA,
with a correlation coefficient 0.63. This finding suggests that first-year academic performance serves
quantitatively as the primary predictor of students' overall academic success.

In addition, the SF score demonstrated a moderate positive correlation (0.44) with the final GPA,
indicating that the dimension of SF contributes to students' academic achievement. Lower correlations were
observed for Math (0.13), English (0.11), and Indonesian (0.22) scores, suggesting that, although statistically
significant, the contribution of these variables to the final GPA was more minor compared to GPA_1 and SF.
The TPA and EAT scores exhibited very weak correlations with final GPA (0.03 and 0.07, respectively),
implying that initial academic potential and analytical thinking test scores had minimal association with
students' ultimate educational success. These findings underscore the importance of initial academic
performance as a critical determinant in students' progression toward graduation.

This research employed an ensemble learning approach utilizing a stacking classifier, combining
SVM and Naive Bayes as base learners, with a linear-kernel SVM as the meta-learner. These models were
selected based on their respective algorithmic characteristics: SVM is recognized for effectively managing
high-dimensional and complex data, while Naive Bayes offers advantages in probabilistic data processing
and computational efficiency. By integrating these two models within a stacking framework, this study aims
to enhance model accuracy and generalization capability beyond that achievable through single-model
approaches.

The training process used various training-to-test data split ratios, specifically 10:90, 15:85, 20:80,
25:75, and 30:70, to evaluate model performance across different scenarios. The feature data were
normalized using the StandardScaler method to achieve a more stable and uniform distribution.
GridSearchCV was employed to identify optimal hyperparameters for the SVM model. After training and
evaluating each model individually, an ensemble model was developed by combining predictions from the
SVM and Naive Bayes base learners, which then served as inputs for the meta-learner. Model performance
was evaluated using accuracy, precision, recall, and F1-score metrics to determine the effectiveness of the
ensemble approach relative to individual models. Detailed evaluation results for each model are presented in
Table 3, and Figure 3 shows a visualization of the accuracy of comparing the models.

Table 3. Performance of the model

Train/test ratio Model Accuracy  Precision  Recall/sensitivity  F1 score
10:90 81,80% 81,80% 81,80% 81,80%
15:85 84,40% 84,40% 84,40% 84,40%
20:80 Naive Bayes 84,50% 84,50% 84,50% 84,50%
25:75 85,00% 85,00% 85,00% 85,00%
30:70 87,10% 87,10% 87,10% 87,10%
10:90 69,00% 69,00% 69,00% 69,00%
15:85 79,00% 79,00% 79,00% 79,00%
20:80 SVM 88,40% 88,40% 88,40% 88,40%
25:75 83,50% 83,50% 83,50% 83,50%
30:70 85,20% 85,20% 85,20% 85,20%
10:90 70,30% 70,30% 70,30% 70,30%
15:85 80,00% 80,00% 80,00% 80,00%
20:80 SVM + Naive Bayes ensemble  85,10% 85,10% 85,10% 85,10%
25:75 85,30% 85,30% 85,30% 85,30%
30:70 88,00% 88,00% 88,00% 88,00%

In this study, we evaluated the performance of three machine learning models Naive Bayes, SVM,
and an ensemble approach combining SVM and Naive Bayes in classification tasks. The model evaluation
used four primary metrics: accuracy, precision, sensitivity (recall), and F1-score. Based on the simulation
results, the Naive Bayes model performed effectively, increasing accuracy from 81.80% to 87.10%. The
SVM model demonstrated a broader performance range, achieving the lowest accuracy at 69.00% and
peaking at 88.40%. Meanwhile, the ensemble approach (SVM + Naive Bayes) produced competitive results,
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attaining a maximum accuracy of 88.00%. These findings indicate that combining the strengths of both
models in an ensemble can effectively enhance classification performance.

Overall, the SVM model exhibited the best individual performance, reaching the highest accuracy of
88.40%, closely followed by the SVM + Naive Bayes ensemble at 88.00%. The Naive Bayes model also
yielded commendable results, achieving a maximum accuracy of 87.10%. The implementation of an
ensemble approach thus demonstrates considerable potential to further enhance classification accuracy by
addressing the limitations inherent in individual models. Consequently, selecting an optimal model should
align with the specific requirements and characteristics of the classification task.

While the predictive performance of the models demonstrates statistical robustness, it is equally
essential to examine the interpretability and pedagogical relevance of the results within the broader scope of
learning analytics. The strong association between first-year academic performance (GPA_1) and final
academic outcomes, along with the meaningful contribution of non-academic indicators such as SF, provides
a basis for developing data-informed strategies in educational settings. These insights can support early
academic interventions, student support systems, and curriculum enhancements aimed at fostering holistic
student development. Higher Education Institutions could impelement serveral actionable strategies to
improve the equality, retention , and degree complation [30]. Furthermore, the integration of learning
analytics with machine learning (i.e in an LMS) enables educators and administration to translate predictive
outcomes into actionable pedagogical insights, allowing more personalized academic guidance and data-
driven curriculum design [31]. This connection between prediction and interpretation enhances the practical
value of the study and deepens the understanding of how machine learning can support evidence-based
decision-making in education.
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Figure 2. Correlation heatmap of the dataset
Comparison of Accuracy Across Models
0.875 /.
0.850 + :%3 I\
i o/

oss{ /

0.800 -

0.775 4

Accuracy

0.750

0.725 4 Model
—e— SVM
0.700 4 —e— Naive Bayes
L] —e— SVM + Naive Bayes Ensemble
T T T T T
] Aol A8 & o
& & o & 5

Train/Test Ratio

Figure 3. Comparison of accuracy across models

Predicting student academic success using entry test, language, and spiritual for... (Evander Banjarnahor)



1328 O ISSN: 2252-8776

4. CONCLUSION

The results of this study indicate that first-year academic performance (GPA_1) exhibits the
strongest positive correlation with the final GPA, having a correlation coefficient of 0.63, thus serving as the
primary predictor of students' academic success. Additionally, non-academic factors, particularly SF scores,
significantly contribute to academic achievement with a correlation of 0.44. In contrast, Mathematics,
English, and bahasa Indonesia scores demonstrated weaker correlations with the final GPA. Furthermore, the
TPA and EAT scores showed weak correlations with students' academic success. These findings suggest that
initial academic performance, alongside specific non-academic factors, significantly influences academic
achievement more than purely cognitive variables, such as essential academic ability and analytical potential.

Regarding the classification models, this research compared three approaches: Naive Bayes, SVM,
and a stacking classifier-based ensemble method combining both models. Evaluation results revealed that the
SVM model achieved the highest accuracy of 88.40%, closely followed by the ensemble model
(SVM + Naive Bayes) with an accuracy of 88.00%. In comparison, the Naive Bayes model obtained a
maximum accuracy of 87.10%. The ensemble approach demonstrates the potential for enhancing classification
performance by integrating the strengths of each model. Therefore, machine learning-based methods,
particularly the SVM and ensemble approaches, can effectively predict student academic success based on the
various educational and non-academic factors examined in this study. Future work integrating explainable Al
techniques such as SHapley Additive exPlanations (SHAP) or Local interpretable model-agnostic explanations
(LIME) is recommended to support transparent and actionable learning analytics, enabling educational
stakeholders to better interpret and apply model insights in targeted academic interventions.
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