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Abstract 
 

The dropout rate in vocational high schools poses a serious challenge that requires an objective early-detection system. This study aims to 

optimize a model for predicting student dropout risk by utilizing a supervised learning approach. The study uses multivariate data covering 

student demographic attributes, academic achievement, behavior, and financial history. The Random Forest algorithm was implemented 

to classify student risk levels into Safe, Caution, and Danger categories to support preventive decision-making. Model performance testing 

using a confusion matrix showed an accuracy rate of 99%, with a recall of 100% in the High-Risk category, demonstrating the algorithm’s 

effectiveness in accurately identifying high-risk students. These findings contribute to the development of more precise early detection 

methods in educational settings. 
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1. Introduction 

Economic difficulties and a lack of discipline are often the main obstacles preventing vocational high school (SMK) students from 

completing their education on time. Unstable family finances have proven to be a dominant factor driving students out of the education 

system , with the inability to cover school fees being the primary reason students drop out[1] . This economic pressure is often exacerbated 

by low parental education levels and a lack of encouragement from the surrounding community, causing students to lose motivation to 

continue their studies[2] . At the school level, the process of identifying students at risk of dropping out is generally still conducted manually 

and reactively, meaning at-risk students are often only detected after entering a critical phase, leaving very limited room for preventive 

intervention[3] . 

 

Machine learning-based approaches have proven effective in building predictive models for dropout prevention. Student attendance and 

absence variables are among the most significant predictors in determining the probability of dropping out[4] , while financial conditions 

such as a history of administrative payments and parental economic capacity also make a significant contribution to students’ continued 

enrollment[5] . Research based on academic data shows that a combination of variables such as GPA, attendance rates, and course load 

can produce predictive models with high accuracy in classifying at-risk students[6] . 

 

 
Fig. 1: Enrollment trends and dropout rates, 2021–2025 

 

Based on Figure 1, the dropout rate shows a consistent increase each year, starting from 11.0% in 2021 and reaching 15.3% in 2025. This 

trend confirms that without a structured detection system, the risk of dropout will continue to rise. The absence variable contributes 28% 

and financial history 35% to the accuracy of the prediction model, making the combination of these two parameters crucial in strengthening 

risk classification in this study. 

 

https://ioinformatic.org/
https://issn.brin.go.id/terbit/detail/20211008340993531
mailto:rijalsaja73@gmail.com


 

4240 Journal of Artificial Intelligence and Engineering Applications 

 
When processing heterogeneous multivariate datasets, the Random Forest algorithm demonstrates high stability and accuracy in classifying 

complex tabular data, consistently outperforming other algorithms across various testing scenarios[7] . The implementation of an early 

warning system that integrates financial and academic variables has proven reliable in detecting potential dropouts early on and supporting 

more planned preventive interventions in educational institutions[8] . Support from digitized information systems is also a key factor, as 

the centralized integration of academic and administrative data has been shown to improve decision-making efficiency by school 

administrators[9] . 

 

Although many similar studies have been conducted, the majority of previous studies have focused on higher education institutions with 

complex variables, or have relied solely on academic aspects. Predictive models specifically designed for vocational high schools that 

integrate financial aspects (tuition arrears) with daily performance data remain extremely rare[10] . Most existing models are also solely 

focused on overall accuracy without generating a risk-level mapping specific to each student. 

Based on these issues, this study focuses on optimizing a dropout risk classification model using the Random Forest , by incorporating 

multivariate parameters that include demographic, academic, disciplinary, and financial history data from 1,000 students. This study aims 

to produce a precise prediction model based on a confusion matrix as a strategic decision-making tool for schools, by objectively mapping 

risks into three categories: Safe, Caution, and Danger. 

2. Research Methodology 

The methodology used in this study was systematically designed to develop a model for classifying student dropout risk. The research 

workflow was adapted from a standard data science experimental framework that covers phases ranging from data acquisition to evaluation, 

as illustrated in Figure 2. 

 

Fig.2: Research Phases 

 

Figure 2 illustrates a cyclical and iterative research workflow. To achieve the research objectives, the experimental stages were conducted 

as follows:  

 

1. Data Collection. The initial phase involved acquiring historical data from 1,000 students at SMKS Al-Huda, comprising 28 

multivariate attributes. This tabular data includes multivariate variables grouped into four main parameters: demographics 

(socioeconomic background), academics (learning performance), discipline (attendance records with a 28% accuracy contribution), 

and financial history (tuition administration with a correlation of up to 35%). 

2. Data Cleaning. Once the data has been collected, a cleaning process is performed to ensure the quality of the model inputs. This stage 

involves handling missing values through statistical imputation, removing irrelevant data, and deduplicating the data to maintain data 

integrity and prevent bias in the prediction results[11] . 

3. Data Normalization. The cleaned data then undergoes a normalization process using Min-Max Scaling or Standardization techniques. 

This stage aims to align the scale of numerical features to prevent the dominance of certain variables with large absolute values 

during algorithm processing, thereby making computational performance more stable[12] . 

4. Attribute Selection. This step is performed to select the multivariate parameters that have the greatest influence on risk estimates. 

Using correlation or feature importance techniques, researchers retain the most significant attributes and discard redundant ones to 

improve the model’s efficiency and accuracy[13] . 

5. Algorithm Modeling. In this stage, the Random Forest algorithm is applied due to its high stability in handling multivariate tabular 

datasets and its ability to minimize overfitting[14] . The algorithm builds an ensemble of decision trees during the training phase, 

where the final decision is made through a majority voting mechanism to classify student risk into the categories Safe, Caution, and 

Danger. 

6. Model Evaluation. The final step is to evaluate the model’s performance using a confusion matrix. This tool calculates overall 

accuracy and maps the model’s predictions against the actual classes to ensure that the resulting early warning system has high 

precision before it is implemented by schools for preventive guidance[15] . 

 To measure the model’s performance, the following evaluation formula is used: 

a. Accuracy:  

Acc(Accuracy) =
TP+TN

TP+TN+FP+FN
                                                    

  

  Explanation: 

  TP: True Positive 

  FP: False Positive 

  TN: True Negative 

  FN: False Negative 

 

b. Precision: 

Prec (Precision) =
TP

TP+FP
                     

  Notes: 

  TP: True Positive 

  FP: False Positive 
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c. Sensitivity/Recall: 

Rec (Recall) =
TP

TP+FN
   

  

                 Notes: 

 TP: True Positive 

 FN: False Negative 

 

The results of this evaluation determine whether the developed model meets operational standards, so that the school can implement 

targeted interventions for students in the high-risk category. 

3. Results And Discussion 

This section presents the results of the dropout risk classification experiment using the Random Forest algorithm. The main focus of the 

presentation is on the effectiveness of the predictive model in identifying multivariate data patterns of students based on academic, 

disciplinary, and financial parameters. 

 

3.1 Data Transformation and Preparation 

 

The research dataset consists of 1,000 student records with raw multivariate attributes. The initial phase of the research involved data 

cleaning, during which personal identifiers—such as student names—and other attributes not included in the 28 primary research attributes 

were removed to ensure the model’s objectivity and compliance with data privacy regulations. The raw data before preprocessing is 

presented in Table 1 
Table 1: s of Data Before Preprocessing 

Student Name Gender School_Origin Residence_Status Father's_Occupation Scholarship_Status … 

Wahyu Sanjaya L Private Brother Merchant No … 

Hafiz Imron L Private Boarding house Merchant Yes … 

Hamdan Dwi L Private Brother Self-employed No … 

Rendi Halim L Private Brother Brother No … 

 

Based on Table 1, the dataset’s condition prior to cleaning is evident; it still contains personal identification data as well as attributes 

irrelevant to the analysis’s needs. The selection process was conducted to filter out these attributes so that the dataset would be more 

focused on parameters influencing the risk of dropping out of school. 

 

After undergoing data cleaning and feature selection, the dataset was further processed through a data transformation stage. Since the 

dataset contained categorical variables (such as economic status), the One-Hot Encoding technique was applied to transform the textual 

data into a binary numerical representation so that it could be processed mathematically by the Random Forest algorithm[16] . The data 

after preprocessing is presented in Table 2 
Table 2: Data After Preprocessing 

Total_Subjects Math_Score Indonesian_Score BIng_Score Basic_Product_Score … 

10 78 82 84 92 … 

12 83 68 81 64 … 

15 78 84 82 81 … 

10 85 84 77 87 … 

 

Table 3.2 shows the final form of the dataset after it has undergone preprocessing and encoding. All categorical variables have been 

converted to numerical format, enabling the algorithm to perform risk calculations and classifications objectively and with precision. 

 

3.2. Model Training and Experiment Stability 

The experiment used a hold-out data split scheme with an 80% training data and 20% test data ratio. The model was built with a 

configuration of 100 decision trees to ensure stability and minimize the risk of overfitting. To monitor performance consistency during the 

training process, a learning curve visualization was used. 

Fig.3: ’s Learning Curve 
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This graph shows how the model’s performance improves as the amount of training data increases. The convergence of the training score 

and cross-validation score curves confirms the algorithm’s stability in handling multivariate datasets and indicates that the model is not 

overfitting[17] . 

 

3.3. Classification Performance Evaluation 

 

A formal test was conducted on 200 test data points to measure the model’s precision in mapping the risk categories Safe, Caution, and 

Danger. Based on this test, the model demonstrated highly precise performance. The “Danger” category was successfully identified with a 

perfect recall value (1.00), meaning no high-risk students were missed by the model. Performance details for each class are presented in 

Table 3 below. 
Table 3: Model Evaluation Results 

--- Model Evaluation Results --- 

 precision recall F1-score support 

Safe 1.00 0.99 1.00 119 

Danger 1.00 1.00 1.00 31 

Caution 0.98 1.00 0.99 50 

     

Accuracy   0.99 200 

Macro Average 0.99 1.00 1.00 200 

Weighted Average 1.00 0.99 1.00 200 

 

The evaluation results above confirm that this model is highly reliable, with an overall accuracy of 99%. The high consistency of precision 

and recall scores across all categories indicates that the model can serve as an accurate strategic decision-making tool for schools in 

implementing preventive interventions. 

 

These numerical results are further reinforced by the visualization in the following figure: 

 

 
Fig.4: Confusion Matrix 

 

 
Fig.5:  Performance Heatmap 

 

Based on Figure 3.2 and Figure 3.3, the Confusion Matrix provides quantitative details regarding the number of correct and incorrect 

predictions for each class, while the heatmap offers an intuitive visualization of the accuracy distribution. The dominance of color intensity 

along the main diagonal of the heatmap clearly validates that the model has a very high level of accuracy, with minimal misclassification 

between classes. 

The model’s ability to distinguish between risk classes is also measured using the ROC curve. 
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Fig.6: ROC (Receiver Operating Characteristic) 

 

As shown in Figure 3.4, the Area Under the Curve (AUC) value, which is close to 1.00, demonstrates that the Random Forest algorithm is 

highly effective in distinguishing high-risk student profiles from those in the safe category, with a high True Positive Rate ([18] ). 

 

3.4. Attribute Significance Analysis and Decision Logic 

 

It is important to understand which variables most influence risk estimation through Feature Importance analysis. 

 

Fig.7:  Feature Importance Analysis 

 

Based on this analysis, it was revealed that academic performance and financial arrears are the most dominant predictors with significant 

influence weights[19] . This proves that economic factors have a strong correlation with students’ ability to continue their studies at private 

schools. 

Finally, to provide transparency regarding the algorithm’s internal mechanisms, a sample of one decision tree from the ensemble forest 

was selected. 

 
Fig.8: Visualization of the Decision Tree Structure 

 

Based on Figure 3.6, this visualization illustrates the logical flow of attribute branching (such as attendance rates and tuition payment 

status) used by the model to automatically determine students’ risk status, thereby helping guidance counselors understand the basis for 

the model’s decision-making[20] . 

4. Conclusion 

Based on the test results conducted by the researcher, it can be concluded  

1. That the Random Forest model with a configuration of 100 decision trees is capable of classifying student dropout risk consistently. 

This is evidenced by the consistent performance on the learning curve, which shows no signs of overfitting. 

2. The integration of financial data (outstanding tuition fees) proved to be a significant determining variable. Based on the feature 

importance analysis, this factor has a strong correlation with the accuracy of dropout risk predictions, surpassing the influence of 

academic and disciplinary variables. 

3. Model evaluation results using a confusion matrix show a high level of accuracy in classifying students into the Safe, Caution, and 

Danger categories, with an AUC value approaching 1.00. This indicates that the algorithm has excellent class separation capabilities. 
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5. Recommendations 

The recommendations the author can offer are as follows: 

1. The dropout risk classification model that has been developed can still be further refined as artificial intelligence technology 

advances. Given the complexity of the factors causing school dropout, this system needs to be integrated with a more comprehensive 

monitoring module so that the information generated can cover students’ psychosocial aspects in greater depth. 

2. For future researchers, it is hoped that they can expand the dataset by including variables related to the school environment, such as 

family support and social conditions, to improve the model’s accuracy and sensitivity in identifying student risk profiles that are not 

captured by internal school data. 

3. To address potential data imbalance that may occur in the future, it is recommended that future researchers implement more advanced 

data balancing techniques, such as SMOTE (Synthetic Minority Over-sampling Technique) or ADASYN, to ensure the model remains 

consistent in identifying risk classes with limited sample sizes. 
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