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School dropouts, machine Dropping out of school is a serious challenge in the education system that
learning, random forest, risk negatively impacts individual and social development. Early identification
prediction, secondary of students at risk of dropping out is crucial to prevent its long-term
education consequences. This study aims to develop and compare models for

predicting the risk of dropping out of school using a machine learning
approach. The three models compared in the study were Random Forest,
Gradient Boosting, and Neural Network, with data covering 1,000 students
and features such as socioeconomic status, academic performance, parental
engagement, distance to school, and educational resources. The results of
the evaluation showed that the Random Forest model performed best, with
an accuracy of 93%, followed by the Neural Network (92%) and Gradient
Boosting (90%). The feature importance analysis revealed that
socioeconomic status, parental involvement, and academic achievement
were the dominant factors in predicting the risk of dropping out. These
findings demonstrate the potential of applying machine learning as an early
warning system for more targeted interventions to improve student retention.
Further research is recommended to include psychological variables and
longitudinal data, as well as to develop information technology-based
systems for real implementation in schools.

INTRODUCTION

School dropouts are a significant problem that negatively impacts individual development,
social welfare, and the economy of a country. In various parts of the world, including Indonesia, the
dropout rate remains high and is a major concern in the education sector. A study conducted by
Abdullah and Muhid (2021) showed that students' academic satisfaction had a significant negative
relationship with dropout tendencies, while social support factors turned out to be less influential.
This study highlights that the academic aspects felt by students have a direct impact on the risk of
dropping out of school (Prihandono et al., 2023).

The factors that cause school dropouts are quite diverse, ranging from economic limitations
and lack of parental support to social challenges in the school environment (L1, 2020). In particular,
factors such as socioeconomic status, parental involvement, and academic performance have been
shown to have a strong correlation with students' risk of leaving formal education (Brandt, 2020).
Meanwhile, research conducted by Agustina (2019) found that students' decisions to leave school
were also influenced by their perception of the benefits of direct work compared to continuing
education.
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In this context, the use of technologies such as machine learning offers a potential solution to
identify students at risk of dropping out early (Chen & Zhai, 2023; Delen, 2010; do Nascimento et
al., 2022; Kim & Cho, 2024; Vasconcelos et al., 2019; Villar & de Andrade, 2024). According to
Wan Yaacob et al. (2020), the use of algorithms such as Logistic Regression and Decision Tree has
been proven effective in predicting students who are more likely to drop out of college. In addition,
recent studies such as those conducted by Sinaga (2020) and Guntara & Suprawoto (2024) have also
shown the effectiveness of using data mining algorithms and clustering techniques in identifying
patterns of students at risk of dropping out of school. However, this study makes a new contribution
by conducting a comparative analysis of three cutting-edge machine learning models: Random
Forest, Gradient Boosting, and Neural Network, to predict the risk of dropping out at the Indonesian
secondary education level. In addition, the study integrates multidimensional data, including
environmental factors and school resources, which were often overlooked in previous studies.
Another uniqueness lies in the proposal of an early warning system that can be implemented
practically in schools, in contrast to previous research that focused more on higher education.

However, there is a need to further evaluate the performance of various machine learning
models comparatively, especially in the context of secondary education in Indonesia. Therefore, this
study aims to develop an accurate and reliable predictive model of the risk of dropping out of school
by utilizing demographic, academic, and environmental data of students. Three popular machine
learning models, namely Random Forest, Gradient Boosting, and Neural Network, will be evaluated
to determine the most optimal model in this context. Thus, the results of this study are expected to
make a practical contribution to early intervention efforts and increase student retention at the
secondary education level.

RESEARCH METHODS
This study uses a comparative quantitative approach by utilizing machine learning methods

to predict the risk of dropping out of school. This approach is effective in processing large amounts
of data and extracting hidden patterns, and is able to provide accurate predictions about the
likelihood of students dropping out of school based on various risk factors (Sinaga, T. M. 2020), (L1,
W.2020), (Fenech, F. 2024). A similar approach has been successfully used in previous studies such
as in the prediction of student dropouts in MOOCs (Agustian, F. H. 2019). and student dropout
prediction using logistic regression algorithms (Yohena, A. L. 2021).

This study used a dataset of 1000 students, consisting of demographic, academic, and
environmental features, which include:
a. Socioeconomic status
Distance to school
Performa akademik (academic performance)
Parental involvement

© a0 o

School Resources
The target variables were the risk of dropping out of school with a binary category, namely 0
(not at risk) and 1 (at risk) (Brandt, et al. 2020).
This dataset has a balanced distribution of target classes with 503 students labeled as not at
risk and 497 students labeled as at risk. This balance aims to ensure that the prediction model does
not experience bias towards any particular class, as suggested in previous research by Prihandono et
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al. (2023) which emphasized the importance of a balanced dataset for the validity of dropout

predictions (Putra et al. 2024).

The pre-data processing stages in this study include several standard procedures that have been
widely used in previous research, such as in Agustina (2019), Zawada, J. (2024), and Sinaga (2020):
a. Data Cleaning: checks and omissions or imputation of missing values. In this dataset, no missing

value was found.

b. Data transformation: categorical variables are converted into numerical using One-Hot
Encoding, which helps in the processing of data by machine learning algorithms.

c. Data normalization: numerical features are standardized so that each variable has a uniform
scale. This process is important because it can improve the predictive performance of the model
to be used (Guntara, et al. 2024).

d. Dataset sharing: the dataset is divided by an 80:20 ratio for training data and testing data. This
approach was commonly applied in previous studies to ensure strong validation of model
performance (Agustina, et al. 2019), (Abdullah, et al. 2021).

This study compares three popular algorithms in the field of classification to predict student
dropout risk:

a. Random Forest: An ensemble algorithm that uses the concept of multiple decision trees, has
been shown to be effective in dropout prediction because it is able to manage heterogeneous
variables and provide high accuracy as documented in the research of Wan Yaacob et al. (2020)
and Campbell et al. (2024).

b. Gradient Boosting: An ensemble boosting technique that iteratively corrects errors from
previous models to improve prediction accuracy, often used in student dropout predictions in
data mining-based educational environments (Cele, S. C., et al. 2025).

c. Neural Network: A neural network-based classification model capable of recognizing complex
patterns in data, effectively used for predicting student dropouts at various levels of higher
education and online platforms such as MOOCs (Fenech, F. 2024).

These three algorithms were chosen because of their success documented in various previous
studies on dropout prediction in various educational contexts (Guntara, M., et al. 2024), (Li, W.
2020), (Agustian, F. H. 2019).

To evaluate the performance of each model, the following general and robust classification
evaluation metrics are used (Putra, M. R. P., & Utami, E. 2024):

a. Accuracy: to measure the correct proportion of the correct prediction of all the predictions made.

b. Precision: measures the accuracy of positive predictions (at risk of dropout) of the total positive
predictions generated.

c. Recall: measures the sensitivity of the model in finding all students who are actually at risk of
dropout.

d. Fl-score: the harmonic value between precision and recall, which provides a balance between
the two metrics for a thorough assessment of the model's performance.

Evaluation techniques using confusion matrix with cross-validation are also used to ensure
that the evaluation results are robust and generalizable, this method is widely recommended in
previous dropout prediction studies such as those conducted by Wan Yaacob et al. (2020) and
Prihandono et al. (2023).
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RESULTS AND DISCUSSION
Data Descriptive Statistics

The first step is to explore the data descriptively to understand the characteristics of the
research dataset. From a total sample of 1000 students, a relatively balanced distribution was found
for the variables of school dropout risk, namely 503 students who were not at risk (label 0) and 497
students were at risk of dropping out of school (label 1). A balanced distribution approach is
important so that the model is not biased against one of the classes, as recommended by Prihandono
et al. (2023) and other dropout prediction research (Wan Yaacob et al., 2020).
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Figure 1. Visualization of the distribution and relationship between variables on the risk of dropping
out of school
Source: Processed by Authors (2023)

Figure 1 shows a visualization of the distribution and relationship between numerical variables
based on the risk category of dropout. This visual pattern shows a separation between at-risk and
non-at-risk students on certain variables such as socioeconomic status and academic performance.

Descriptive statistics of numerical variables such as academic performance, socioeconomic
status, and distance to school show a normal distribution, while parental involvement and school
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resources show a more varied pattern of variation.

Table 1. Descriptive statistics of the research variables

Vol 4, No 6 June 2025

Variabel Mean  Std Dev Min 25%  Median 75%  Max
socioeconomic status -0.52 1.32 -484 -1.34 -0.67 0.28 3.59
distance to_school 0.05 1.56 -4.65 -1.07 0.08 1.15 5.09
academic_performance 0.66 1.87 -5.02  -0.70 1.03 2.06  5.66
dropout _risk 0.50 0.50 0.00 0.00 0.00 1.00 1.00

Source: Processed by Authors (2023)

Correlation Analysis Between Variables

Correlation analysis between variables uses a Pearson correlation matrix to identify the linear
relationship between predictor variables and the risk of dropping out of school (Li, 2020; Abdullah

& Muhid, 2021).
The results of this analysis show some important findings:

a.

C.

Socioeconomic status has a strong negative correlation with the risk of dropping out of school,
as also found in the research of Campbell (2024) and Wan Yaacob et al. (2020).

Parental involvement has a significant negative correlation, supporting previous findings that
show the importance of family support in the prevention of dropouts (Agustina, 2019; Abdullah

& Muhid, 2021).

Academic performance also showed a significant negative correlation, in line with the research

of Fenech (2024) and Agustian (2019).

Gambar 2. Heatmap Korelasi Antar Variabel
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Figure 2. Correlation heatmap between research variables
Source: Processed by Authors (2023)
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Model Performance Evaluation

After the data pre-processing process, three machine learning models were tested: Random
Forest, Gradient Boosting, and Neural Network.
1) Model Random Forest

The Random Forest model provides the best results in this evaluation with the highest accuracy
0f 93%. This model is highly recommended in dropout prediction research because of its ability to
handle multicategory variables and capture complex patterns, according to the results of Wan
Yaacob et al. (2020), Perdana Putra and Utami (2024), and Sinaga (2020).

Table 2. Random Forest Model Results

Metric Value
Accuracy 0.93
Precision 0.93
Recall 0.92
F1-Score 0.92

Source: Processed by Authors (2023)

Confusion Matrix - Random Forest

Actual 0

Actual 1

1
Predicted 0 Predicted 1

Figure 3. Confusion matrix model Random Forest

2) Model Gradient Boosting
The Gradient Boosting model has an accuracy of 90%, slightly lower than the Random Forest,

but still in line with trends found in ensemble boosting studies in the field of education (Perdana
Putra & Utami, 2024; Agustian, 2019).

Table 3. Gradient Boosting Model Results
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Metric Value
Accuracy 0.90
Precision 0.89

Recall 0.91
F1-Score 0.90

Source: Processed by Authors (2023)

Confusion Matrix - Gradient Boosting
%0

Actual 0

Actual 1

|
Predicted 0 Predicted 1

Figure 4. Confusion matrix model Gradient Boosting
Source: Processed by Authors (2023)
3) Model Neural Network
The Neural Network model also showed excellent performance with an accuracy rate of 92%,
supporting the finding that deep learning methods are suitable for dropout predictions in educational
data (Perdana Putra & Utami, 2024; Wan Yaacob et al., 2020).

Table 4. Neural Network Model Results

Metric Value
Accuracy 0.92
Precision 0.92

Recall 0.91
F1-Score 0.91

Source: Processed by Authors (2023)
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Confusion Matrix - Neural Network
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Gambar 5. Confusion matrix model Neural Network
Source: Processed by Authors (2023)

2. Model Performance Comparison

The results of the evaluation show that Random Forest consistently excels over Gradient
Boosting and Neural Network in the context of dropout predictions based on demographic and
academic data, as has been reported in several recent studies (Putra & Utami, 2024; Wan Yaacob et
al., 2020; Sinaga, 2020).

A detailed comparison of model performance is presented in the following table:

Table S. Comparison Results to Three Models

Model Accuracy Precision Recall F1-Score
Random Forest 0.93 0.93 0.92 0.92
Gradient Boosting 0.90 0.89 0.91 0.90
Neural Network 0.92 0.92 0.91 0.91

Source: Processed by Authors (2023)

381 https://jetbis.al-makkipublisher.com/index.php/al/index


https://jetbis.al-makkipublisher.com/index.php/al/index

Predicting School Dropout Risk Using Machine Learning Vol4 No 6 B
Models: A Comparative Study of Random Forest, Gradient ol4, No 6 June
Boosting, and Neural Network

Perbandingan Kinerja Model

1.000

0.975 4

0.950 4

0.925 4

0.900 4

Accuracy

0.875 4

0.850 4

0.825 4

0.800 -

Random Forest Gradient Boosting Neural Network

Figure 6. Comparison of the performance of three models of predicting the risk of dropping
out of school
Source: Processed by Authors (2023)

3. The Importance of Predictive Variables
The feature importance analysis in Random Forest showed that the most influential variables

were socioeconomic status, parental involvement, and academic performance. These findings are
supported by many previous studies that also highlight the role of these factors as strong predictors
of school dropout risk (Abdullah & Muhid, 2021; Fenech, 2024; Li, 2020; Agustina, 2019).

1) Socioeconomic status

2) Parental involvement

3) Performa akademik (Academic performance)

Table 6. Feature importance of the Random Forest model

Feature Importance
distance to school 0.32
academic_performance 0.25
socioeconomic_status 0.20
parental involvement 0.12
school resources 0.11

Source: Processed by Authors (2023)

a. distance to school feature has the greatest influence on predicting the risk of dropping out of
school.
b. academic_performance and socioeconomic_status also make significant contributions.
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c. Other features such as parental involvement and school resources have a smaller but still
important role.

CONCLUSION

This research successfully developed and compared machine learning models Random Forest,
Gradient Boosting, and Neural Network—to predict school dropout risk. The Random Forest model
demonstrated the highest accuracy (93%), outperforming the other models. Key factors influencing
dropout risk included socioeconomic status, academic performance, and parental involvement. The
findings highlight the potential of machine learning as an early warning system for schools, enabling
targeted interventions to improve student retention. Future research could enhance predictive power
by incorporating psychological variables and longitudinal data, as well as exploring additional
algorithms for further optimization. Practical implementation of these models in schools could
significantly reduce dropout rates and support educational equity.
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