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ABSTRACT  
Student attrition remains a major concern in vocational higher education because it may disrupt study 
completion, academic support planning, and institutional quality assurance. This study develops an 
explainable predictive model to identify students with a higher probability of dropout. The analysis used 
the Predict Students’ Dropout and Academic Success dataset from the UCI Machine Learning 
Repository, which contains 4,424 student records covering academic, demographic, socioeconomic, 
and early academic performance variables. The original outcome variable was converted from three 
categories into a binary target consisting of Dropout and Non-dropout. Logistic Regression, Random 
Forest, and XGBoost were trained and compared using accuracy, precision, recall, F1-score, ROC-
AUC, PR-AUC, confusion matrix, and McNemar’s test. To support interpretability, permutation feature 
importance and SHAP were applied to identify the main contributors to model predictions. The findings 
indicate that XGBoost produced the strongest descriptive performance, with an accuracy of 0.8859, an 
F1-score of 0.8250 for the Dropout class, and an ROC-AUC of 0.9355. Nevertheless, McNemar’s test 
showed that its difference from Logistic Regression was not statistically significant. The most influential 
predictors were approved curricular units in the second semester, tuition fee payment status, and 
approved curricular units in the first semester. 
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INTRODUCTION 

Vocational higher education plays a strategic 

role in preparing human resources with applied 

skills, work competence, and adaptive readiness 

for industrial needs. However, the success of 

higher education is not only measured by the 

admission of new students but also by the 

institution’s ability to retain students until they 

complete their studies. Dropout is an important 

issue because it can generate academic, social, 

economic, and institutional consequences. 

Realinho et al. (2022, p. 1) explain that dropout 

and failure in higher education can hinder 

economic growth, competitiveness, and 

productivity, while also directly affecting 
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students, families, higher education institutions, 

and society. 

In the context of higher education, 

dropout does not have a single universal 

definition. Realinho et al. (2022, p. 1) emphasize 

that there is no universal definition of dropout 

because its proportion may differ depending on 

data sources, measurement periods, and 

calculation methods. In vocational education, 

this issue also needs to be interpreted carefully 

because early termination does not always mean 

that students permanently leave the education 

system. Wydra-Somaggio (2021, pp. 1–2) shows 

that in vocational education, some learners may 

experience stopout, which means leaving one 

educational pathway but later re-entering 

vocational education in another field. 

Student dropout is a multidimensional 

issue. Its causes are not only related to academic 

ability but also to financial, personal, family, 

socioeconomic, and institutional support factors. 

Martins et al. (2023, p. 1) explain that academic 

difficulties, financial problems, personal issues, 

and family conditions can affect students’ 

academic performance and contribute to 

dropout. Rahmani et al. (2024, p. 1) also show 

that dropout in online higher education is 

influenced by demographic aspects, course 

characteristics, technology, motivation, support, 

health, financial constraints, isolation, and 

academic workload. 

The development of learning analytics 

and educational data mining provides 

opportunities for educational institutions to use 

academic data as a basis for early detection. 

Yağcı (2022, p. 1) explains that educational data 

mining can be used to discover hidden 

relationships in educational data and predict 

students’ academic achievement. De Oliveira et 

al. (2021, p. 1) also show that learning analytics 

can be used to analyze student retention and 

dropout through the use of educational data. At 

the end of their review, De Oliveira et al. (2021, 

p. 24) emphasize that learning analytics can help 

institutions identify students who may 

potentially drop out through risk indicators, 

although the use of personal data must still 

consider privacy issues. 

Machine learning is widely used in 

dropout prediction because it can process 

various types of data, including academic, 

demographic, socioeconomic, and learning 

management system activity data. Realinho et al. 

(2022, pp. 2–3) explain that dropout prediction 

datasets may contain demographic, 

socioeconomic, macroeconomic, enrollment 

academic data, and academic performance data 

at the end of the first and second semesters. 

Vaarma and Li (2024, p. 1) also show that 

transcript, demographic, and LMS data can be 

used to predict student dropout in higher 

education. Thus, academic and learning behavior 

data can be used as a basis for developing early 

warning systems. 

Several studies have compared machine 

learning algorithms for predicting dropout and 

academic success. Andrade-Girón et al. (2023, p. 

1) show that Random Forest is one of the most 

commonly used algorithms in dropout prediction 

studies. Martins et al. (2023, p. 3) explain that 

several algorithms commonly used in predicting 

student performance and dropout include 
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Decision Tree, Support Vector Machine, Naive 

Bayes, Gradient Boosting, k-Nearest Neighbors, 

Random Forest, Artificial Neural Networks, and 

Deep Learning. Villar and de Andrade (2024, pp. 

1–2) also compare various supervised learning 

algorithms, including Decision Tree, SVM, 

Random Forest, XGBoost, CatBoost, and 

LightGBM, to predict dropout and academic 

success. 

Class imbalance is an important concern 

in dropout prediction. In many educational 

datasets, the number of students who drop out is 

smaller than the number of students who persist 

or graduate. Martins et al. (2023, pp. 2–3) state 

that minority classes are often the most relevant 

classes because students in these groups are 

those who most need pedagogical intervention. 

Villar and de Andrade (2024, pp. 2–3) also 

explain that class imbalance can make models 

biased toward the majority class and cause poor 

prediction of the minority class. Therefore, 

model evaluation should not rely only on 

accuracy but also consider precision, recall, F1-

score, ROC-AUC, and PR-AUC. 

XGBoost is used in this study because it is 

a tree-based boosting model widely used for 

tabular data and classification tasks. Chen and 

Guestrin  (2016, p. 785) explain that XGBoost is 

a scalable tree boosting system widely used to 

achieve strong predictive results in various 

machine learning challenges. Villar and de 

Andrade (2024, pp. 1–2) also show that boosting 

models, such as XGBoost, CatBoost, and 

LightGBM, are relevant for dropout prediction 

and academic success, especially when studies 

deal with imbalanced data. 

Although predictive performance is 

important, machine learning models in education 

should not stop at accuracy scores. Models need 

to be explainable so that the results can be 

understood by lecturers, tutors, study program 

managers, and policymakers. Nagy and 

Molontay (2024, pp. 274–277) show that the use 

of interpretable machine learning and 

explainable artificial intelligence in dropout 

prediction can help stakeholders understand the 

factors affecting student risk. Lundberg and Lee 

(2017, p. 1) explain that SHAP provides the 

contribution value of each feature to the model 

prediction. Nti and Ramanayake (2026, p. 1) also 

use SHAP to provide global and local 

interpretations so that educators can understand 

the factors driving dropout risk. 

In addition to SHAP, this study also uses 

permutation feature importance to identify the 

most influential features on model performance. 

Fisher et al. (2019, pp. 1–2) explain that variable 

importance can be used to understand how much 

a variable contributes to model accuracy, 

including through permutation-based 

approaches. Vaarma and Li (2024, p. 6) also use 

permutation importance to identify features that 

contribute most to dropout prediction. With this 

approach, model results can be translated into 

information that is easier to understand and more 

useful for academic intervention.  

Previous studies show that dropout 

prediction models continue to develop, but there 

remains a need to connect model results with 

academic actions that institutions can 

implement. Tete et al. (2022, pp. 1–2) found that 

the dropout prediction literature still rarely 
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reports or proposes managerial actions and 

educational policies after prediction models are 

developed. Therefore, this study not only 

compares the performance of Logistic 

Regression, Random Forest, and XGBoost but 

also adds McNemar’s test and explainable 

machine learning so that prediction results can 

be interpreted more carefully and translated into 

a basis for academic intervention. 

Based on the above discussion, this study 

aims to develop an explainable machine learning 

model to predict student dropout risk in 

vocational higher education. The dataset used is 

Predicting Student Dropout and Academic 

Success, which was developed from student data 

at higher education institutions in Portugal. 

Realinho et al. (2022, p. 2) explain that the 

dataset consists of 4,424 records and 35 

attributes with no missing values and can be used 

for benchmarking the performance of various 

algorithms in dropout prediction and academic 

success problems. By using Logistic Regression, 

Random Forest, XGBoost, McNemar’s test, 

permutation feature importance, and SHAP, this 

study is expected to contribute to the 

development of an early detection system that is 

not only accurate but also transparent and 

explainable. 

 

RESEARCH METHOD 

This study uses a quantitative approach with a 

computational experiment design based on 

machine learning. The focus of this study is to 

build, compare, and interpret student dropout 

risk prediction models in vocational higher 

education. The research stages include dataset 

collection, data preprocessing, target 

transformation, data splitting, model training, 

performance evaluation, statistical testing, and 

model interpretation using explainable machine 

learning. This design is in line with dropout 

prediction studies that use academic, 

demographic, socioeconomic, and early-

semester performance data to build student risk 

classification models (Martins et al., 2023, p. 1; 

Realinho et al., 2022, pp. 1–2). 

The study used the Predict Students’ 

Dropout and Academic Success dataset obtained 

from the UCI Machine Learning Repository. The 

dataset contains student-level information 

derived from higher education institutions in 

Portugal and includes demographic, 

socioeconomic, macroeconomic, enrollment-

related, and academic performance variables. In 

this study, the dataset was treated as a secondary 

open dataset; therefore, no additional data were 

collected directly from students (Realinho et al., 

2022, p. 1). 

The dataset consists of 4,424 student 

records and 35 attributes, with no missing 

values. The attributes in the dataset are grouped 

into demographic data, socioeconomic data, 

macroeconomic data, enrollment academic data, 

first-semester academic data, second-semester 

academic data, and classification target (Martins 

et al., 2023, pp. 2–3). The original target variable 

consisted of three outcomes: Dropout, Enrolled, 

and Graduate. To align the analysis with the 

purpose of early dropout risk identification, the 

target was reformulated into a binary 

classification task. Students in the Dropout 

category were coded as 1, while students in the 
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Graduate and Enrolled categories were grouped 

into the Non-dropout category and coded as 0. 

This transformation allowed the models to focus 

on distinguishing students at risk of dropout 

from students who were not categorized as 

dropout cases. 

Data preprocessing was conducted by 

examining the feature structure, ensuring target 

availability, and converting the target into a 

binary format. Since the dataset had no missing 

values, imputation was not performed. After 

target transformation, the data were divided into 

training and testing sets using an 80:20 ratio with 

a stratified split. This technique was used to 

maintain the proportion of dropout and non-

dropout classes in both the training and testing 

sets. Data splitting and evaluation using test data 

are commonly used in machine learning-based 

dropout prediction studies, particularly to 

maintain separation between the model training 

and testing processes (Vaarma and Li, 2024, p. 

6). 

Three models were used in this study: 

Logistic Regression, Random Forest, and 

XGBoost. Logistic Regression was used as a 

baseline because it is simple and commonly used 

in binary classification. Random Forest was used 

as a decision tree-based ensemble model, while 

XGBoost was used as a tree-based boosting 

model. The selection of these models was based 

on previous studies showing that algorithms 

such as Decision Tree, Support Vector Machine, 

Random Forest, XGBoost, CatBoost, and 

LightGBM are widely used in predicting student 

dropout and academic success (Villar and de 

Andrade, 2024, pp. 1–2). Martins et al. (2023, p. 

3) also show that Decision Tree, Support Vector 

Machine, Naive Bayes, Gradient Boosting, 

Random Forest, and Artificial Neural Networks 

are widely used in predicting student academic 

performance and dropout. 

The modeling implementation was carried 

out using Python. Logistic Regression was 

trained with feature standardization and 

balanced class weights. Random Forest was 

trained with 300 estimators and balanced class 

weights. XGBoost was trained with 300 

estimators, a learning rate of 0.05, max depth of 

4, subsample of 0.9, colsample bytree of 0.9, and 

scale positive weight to adjust for class 

imbalance. XGBoost was selected because it is a 

scalable tree boosting system designed to 

produce strong predictive performance across 

various machine learning tasks (Chen and 

Guestrin, 2016, p. 785). Villar and de Andrade 

(2024, pp. 4–5) also explain that boosting 

models, such as Gradient Boosting, XGBoost, 

CatBoost, and LightGBM, are used to improve 

classification ability and understand factors 

contributing to model output. 

Model performance was examined from 

both predictive and statistical perspectives. 

Predictive performance was assessed using 

accuracy, precision, recall, F1-score, ROC-

AUC, PR-AUC, and the confusion matrix. 

Because the dropout class is the main concern of 

this study, recall and F1-score were emphasized 

alongside accuracy. Vaarma and Li (2024, p. 6) 

emphasize that accuracy can be misleading when 

data are imbalanced because a model can appear 

to perform well by simply predicting the 

majority class; therefore, precision, recall, F1-
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score, and the precision-recall curve are 

important for the dropout class. 

In addition, McNemar’s test was used to 

compare Logistic Regression and the best-

performing descriptive model on the same test 

set. This test was included to determine whether 

the observed performance difference reflected a 

statistically meaningful improvement rather than 

only a numerical difference in evaluation 

metrics. The significance level used was 0.05. If 

the p-value is less than 0.05, the performance 

difference between the two models is considered 

statistically significant. The use of statistical 

testing in this study was intended to ensure that 

model comparison was not based solely on 

differences in descriptive metrics. This is in line 

with Goran et al. (2024, p. 122393), who 

emphasize that experimental results need to be 

validated through statistical methods to 

strengthen the reliability of conclusions. 

Model interpretation was conducted using 

permutation feature importance and SHAP. 

Permutation feature importance was used to 

identify the features that most influenced model 

performance by randomly shuffling the values of 

a feature and observing the decrease in 

prediction score. Vaarma and Li (2024, p. 6) 

explain that permutation importance shows a 

decrease in model performance score when 

feature values are shuffled; the greater the 

decrease, the more important the feature is to the 

model. Nagy and Molontay (2024, p. 280) also 

explain that permutation importance works by 

shuffling feature values and observing their 

effect on model performance. In this study, 

permutation feature importance was calculated 

using the F1-score so that feature interpretation 

remained focused on the model’s ability to 

identify the dropout class. 

SHAP was used to explain the 

contribution of each feature to the model output, 

both in terms of feature importance and the 

direction of feature influence on dropout risk 

prediction. Nagy and Molontay (2024, pp. 277–

281) explain that SHAP is based on the Shapley 

value concept and can be used to explain 

individual predictions and feature effects on 

model output. In the educational context, SHAP 

helps make complex models more transparent so 

that prediction results can be understood by 

stakeholders. This approach was used so that 

model results were not limited to risk predictions 

but could also be translated into more targeted 

academic intervention recommendations. 

 

RESULTS AND DISCUSSION 

Results 

The original target distribution of the 

dataset consisted of three classes: Graduate, 

Dropout, and Enrolled. After transformation into 

a binary classification problem, the Graduate and 

Enrolled classes were combined as Non-dropout, 

while the Dropout class was retained as the risk 

class. The distribution of dropout risk classes is 

presented in Table 1. 

Table 1. Distribution of Dropout Risk Classes 
Class Frequency Percentage 

Non-dropout 3,003 67,88 
Dropout 1,421 32,12 
Total 4,424 100,00 

Table 1 shows that the Non-dropout class 

is larger than the Dropout class. The Non-

dropout class consists of 3,003 records or 
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67.88%, while the Dropout class consists of 

1,421 records or 32.12%. This proportion 

indicates that the dropout class is not dominant 

but remains large enough to be analyzed as a risk 

prediction problem. 

 

Figure 1. Distribution of Dropout Risk Classes 

Three machine learning models were 

evaluated using the same test data. The model 

evaluation results are presented in Table 2. 

Table 2. Performance Comparison of Dropout 
Risk Prediction Models 

Metric 
XGBoos

t 

Logistic 
Regressio

n 

Rando
m 

Forest 
Accuracy 0,8859 0,8734 0,8847 
Precisio
n 

0,8123 0,7867 0,8824 

Recall 0,838 0,831 0,7394 

F1-score 0,825 0,8082 0,8046 
ROC-
AUC 

0,9355 0,9272 0,9316 

PR-AUC 0,908 0,8948 0,9007 

The comparison in Table 2 indicates that 

XGBoost produced the most favorable overall 

descriptive results among the three evaluated 

models, with an accuracy of 0.8859, an F1-score 

of 0.8250, an ROC-AUC of 0.9355, and a PR-

AUC of 0.9080. Logistic Regression ranked 

second based on F1-score, while Random Forest 

had the highest precision but lower recall. This 

indicates that Random Forest was more selective 

in predicting dropout students but missed more 

students who actually dropped out compared to 

XGBoost and Logistic Regression. 

 

Figure 2. Performance Comparison of Dropout 

Risk Prediction Models 

Based on the evaluation results, XGBoost 

was selected as the best descriptive model 

because it had the best balance between 

precision and recall for the dropout class. In the 

context of dropout prediction, recall is an 

important metric because failure to identify at-

risk students may cause institutions to provide 

interventions too late. However, precision is also 

necessary so that institutions do not label too 

many students as at risk when they are actually 

not at risk. The performance of XGBoost for 

each class is presented in Table 3. 

Table 3 shows that XGBoost classified the 

Non-dropout class with an F1-score of 0.9153 

and the Dropout class with an F1-score of 

0.8250. The recall value for the Dropout class 

was 0.8380, indicating that the model was able 

to identify most students who actually dropped 

out. This value is important because the main 

purpose of the model is to support early 

detection of at-risk students. 

Table 3. Classification Report of the XGBoost 
Model 

Class Prec. Rec. F1 N 
Non-
dropout 

0,9223 0,9085 0,9153 601 

Dropout 0,8123 0,8380 0,8250 284 
Macro 
avg 

0,8673 0,8733 0,8701 885 

Weighted 
avg 

0,8870 0,8859 0,8863 885 
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Figure 3. Confusion Matrix of the XGBoost 

Model 

The confusion matrix provides a more 

detailed view of the prediction outcomes by 

separating correct classifications from 

misclassified cases 546 Non-dropout students 

and 238 Dropout students. Model errors 

consisted of 55 Non-dropout records predicted 

as Dropout and 46 Dropout records predicted as 

Non-dropout. In the context of academic 

intervention, false negatives need special 

attention because students who are actually at 

risk may not be detected by the system. 

 

Figure 4. ROC Curve of Dropout Risk 

Prediction Models 

The ROC curve shows that the three 

models had good discriminative ability. 

XGBoost obtained the highest ROC-AUC score 

of 0.9355, followed by Random Forest with 

0.9316 and Logistic Regression with 0.9272. 

The differences in ROC-AUC values among the 

models were relatively small, so the advantage 

of XGBoost over the other models should be 

interpreted carefully. Therefore, this study added 

McNemar’s test to examine whether the 

difference between XGBoost and the baseline 

model was statistically significant. 

McNemar’s test was conducted to 

compare Logistic Regression as the baseline 

model and XGBoost as the best descriptive 

model. The test results are presented in Table 4.  

Table 4 shows that XGBoost corrected 32 

predictions that were incorrect in Logistic 

Regression, while Logistic Regression corrected 

21 predictions that were incorrect in XGBoost. 

Although XGBoost had higher descriptive 

performance, the exact p-value of 0.1690 was 

greater than 0.05.  

Table 4. McNemar’s Test Results between 
Logistic Regression and XGBoost 

Item Value 
Both models correct 752 
Logistic Regression 
correct, XGBoost 
incorrect 

21 

Logistic Regression 
incorrect, XGBoost 
correct 

32 

Both models incorrect 80 
Discordant pairs 53 
McNemar chi-square 
statistic 

1,8868 

McNemar chi-square p-
value 

0,1696 

Exact McNemar p-value 0,1690 
Interpretation Not statistically 

significant 
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Therefore, the difference between 

Logistic Regression and XGBoost was not 

statistically significant. This finding indicates 

that XGBoost can be considered the best model 

descriptively, but it cannot yet be stated as 

significantly superior to the baseline model. 

Permutation feature importance was used 

to identify the features that most influenced the 

predictive performance of XGBoost. The ten 

most important features are presented in Table 5. 

Table 5 shows that second-semester 

academic features, particularly the number of 

approved curricular units, were the most 

dominant factors in predicting dropout risk. The 

feature Curricular units 2nd sem (approved) had 

the highest importance value of 0.2292.  

The next most important features were 

Tuition fees up to date with 0.0672 and 

Curricular units 1st sem (approved) with 0.0264. 

These results indicate that early academic 

achievement and tuition fee payment status are 

important indicators in predicting dropout risk. 

The SHAP beeswarm plot shows that the 

feature Curricular units 2nd sem (approved) had 

the strongest influence on the model output. 

High feature values tended to lead to negative 

SHAP values, which means that they reduced 

dropout risk. Conversely, low values of this 

feature tended to increase dropout risk. 

The feature Tuition fees up to date also 

made a substantial contribution. Students with 

good payment status tended to have a lower 

dropout risk, while payment problems were 

associated with increased risk. Other features 

such as Curricular units 1st sem (approved), Age 

at enrollment, Course, and Debtor also 

contributed to the model prediction. 

Table 5. Ten Most Important Features Based on 
Permutation Feature Importance 

No Feature Importance 

1 
Curricular units 2nd sem 
(approved) 

0,2292 

2 Tuition fees up to date 0,0672 

3 
Curricular units 1st sem 
(approved) 

0,0264 

4 
Curricular units 2nd sem 
(enrolled) 

0,0221 

5 
Curricular units 2nd sem 
(grade) 

0,0130 

6 
Curricular units 2nd sem 
(credited) 

0,0116 

7 
Curricular units 1st sem 
(credited) 

0,0093 

8 Age at enrollment 0,0083 
9 Debtor 0,0082 
10 Gender 0,0073 

 

 

Figure 5. SHAP Beeswarm Plot of the 

XGBoost Model 

Discussion 

The results show that machine learning 

can be used to support early detection of dropout 

risk among vocational higher education students. 

XGBoost obtained the best descriptive 
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performance compared to Logistic Regression 

and Random Forest. This performance can be 

explained by the fact that XGBoost is a scalable 

tree boosting system designed to produce strong 

predictive performance across various machine 

learning tasks (Chen and Guestrin, 2016, p. 785). 

This finding is also in line with Villar and de 

Andrade (2024, pp. 1–2) who show that 

boosting-based models, such as XGBoost, 

CatBoost, and LightGBM, are relevant for 

predicting student dropout and academic 

success. 

Although XGBoost had the best 

descriptive performance, McNemar’s test 

showed that its difference from Logistic 

Regression was not statistically significant. This 

finding is important because it indicates that a 

more complex model does not always produce a 

sufficiently strong improvement over a simpler 

model. In the educational context, this result 

suggests that model selection should not be 

based solely on the highest accuracy score. 

Institutions also need to consider statistical 

significance, ease of implementation, 

interpretability, and resource readiness. Nagy 

and Molontay (2024, p. 280) show that complex 

models such as gradient-boosted trees may have 

higher performance than simpler models such as 

Logistic Regression, but interpretability remains 

an important aspect in dropout prediction. In 

addition, Goran et al. (2024, p. 122393) 

emphasize that experimental results need to be 

validated through statistical methods to 

strengthen the reliability of conclusions. 

The model interpretation results show that 

early-semester academic performance was the 

most dominant factor in predicting dropout risk. 

The number of second-semester approved 

curricular units had the greatest influence, 

followed by the number of first-semester 

approved curricular units. This finding is 

consistent with Realinho et al. (2022, pp. 2–3), 

who explain that dropout prediction datasets 

contain academic features at the end of the first 

and second semesters and can be used to predict 

dropout and student academic success. Vaarma 

and Li (2024, p. 1) also show that transcript, 

demographic, and LMS activity data can be used 

to predict dropout in higher education. Thus, 

early academic achievement can be understood 

as an important indicator for detecting students’ 

study continuity risk. 

Financial-related variables also 

contributed to the prediction results. Tuition fee 

payment status appeared as one of the most 

influential features, suggesting that academic 

risk and financial stability may interact in 

shaping students’ study continuity. In vocational 

higher education, students may face not only 

tuition obligations but also practical training 

expenses and other study-related costs. For this 

reason, payment status and debtor information 

should be viewed as early administrative signals 

that may help institutions provide timely 

support, not as a basis for labeling students 

negatively. Martins et al. (2023, p. 1) explain 

that academic difficulties, financial problems, 

personal issues, and family conditions can affect 

students’ academic performance and contribute 

to dropout. Rahmani et al. (2024, p. 1) also show 

that financial constraints, motivation, support, 
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technology, and academic workload are factors 

that can affect dropout in higher education. 

The use of explainable machine learning 

strengthens the practical value of the prediction 

model. Instead of producing only a risk 

classification, the model also provides 

information about which variables contribute 

most to the prediction. This is important in 

educational settings because academic staff need 

interpretable evidence before deciding what type 

of intervention should be offered. Permutation 

feature importance provides a global ranking of 

influential variables, while SHAP helps clarify 

how feature values contribute to the direction of 

model output. This approach is in line with Nagy 

and Molontay (2024, pp. 277–281), who explain 

that SHAP can be used to explain individual 

predictions and feature effects on model output. 

Lundberg and Lee (2017, p. 1) also explain that 

SHAP provides the contribution value of each 

feature to the model prediction, allowing 

complex model outputs to be understood. 

Practically, the results of this study can be 

used as a basis for developing early warning 

systems in vocational higher education. 

Institutions can monitor early-semester 

academic indicators, payment status, and other 

risk indicators to determine which students need 

academic support. However, predictive models 

should still be positioned as decision-support 

tools, not replacements for academic judgment. 

Interpretation by academic advisors, study 

program managers, and student service units 

remains necessary so that interventions are not 

mechanical. Tete et al. (2022, pp. 1–2) show that 

many dropout prediction studies still lack a 

connection between model results and 

managerial actions or educational policies. 

Therefore, the explainable machine learning 

approach in this study can support more 

transparent, data-driven decision-making while 

still considering the human aspects of education. 

Limitations 

 This study has several limitations. First, 

the dataset used in this study was collected from 

higher education institutions in Portugal. 

Therefore, the findings may not fully represent 

the characteristics of vocational higher education 

students in Indonesia, where academic systems, 

student support mechanisms, socioeconomic 

conditions, and institutional policies may differ. 

Second, model evaluation was conducted using 

a single stratified train-test split. Although this 

approach provides an initial estimate of model 

performance, it does not capture the stability of 

model performance across different data 

partitions.  

Future studies should use cross-validation 

and, if possible, external validation using 

institutional data from Indonesian vocational 

higher education contexts. Third, this study 

focuses on predictive performance and model 

explainability using available dataset features.  

Therefore, qualitative aspects, such as 

students’ motivation, learning experiences, 

family background, and institutional support 

practices, were not examined directly. Future 

research can integrate predictive modeling with 

qualitative or institutional data to obtain a more 

comprehensive understanding of dropout risk. 
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CONCLUSION AND 

RECOMMENDATIONS 

Conclusion  

The findings suggest that machine 

learning can support the identification of 

students who may require early academic 

attention in vocational higher education. Among 

the three evaluated models, XGBoost achieved 

the most favorable descriptive results. This 

outcome is consistent with the characteristics of 

boosting-based tree models, which are capable 

of modelling complex interactions among 

tabular features. However, the statistical 

comparison shows that the advantage of 

XGBoost over Logistic Regression should be 

interpreted cautiously because McNemar’s test 

did not indicate a significant difference between 

the two models. 

The results show that XGBoost obtained 

the best descriptive performance, with an 

accuracy of 0.8859, an F1-score of 0.8250 for the 

Dropout class, an ROC-AUC of 0.9355, and a 

PR-AUC of 0.9080. However, McNemar’s test 

showed that the difference between XGBoost 

and Logistic Regression was not statistically 

significant, with an exact p-value of 0.1690. 

Therefore, XGBoost can be considered the best 

model descriptively, but it has not been proven 

to be significantly superior to the baseline 

model. 

The model interpretation results show that 

the most influential features were Curricular 

units 2nd sem (approved), Tuition fees up to 

date, and Curricular units 1st sem (approved). 

These findings indicate that early-semester 

academic performance and students’ financial 

conditions are important indicators in predicting 

dropout risk. Therefore, explainable machine 

learning can be used to support early detection 

and the development of more targeted academic 

interventions in vocational higher education. 

Recommendations 

Future studies are recommended to use 

institutional data from vocational higher 

education institutions in Indonesia so that 

prediction results become more relevant to the 

local context. In addition, further studies can 

compare more models such as LightGBM, 

CatBoost, Support Vector Machine, and neural 

networks. Model testing should also be 

expanded using cross-validation or external 

validation to obtain a more stable estimate of 

model performance. 

From an implementation perspective, the 

model results should be developed into an early 

warning system prototype that can be used by 

study programs or academic units. Such a system 

needs to consider ethical aspects, student data 

privacy, and the role of humans in decision-

making. Machine learning predictions should be 

used as a tool to initiate academic support, not as 

the sole basis for evaluating students. 
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