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 Student dropout remains a major challenge in educational institutions, 

affecting both academic achievement and institutional performance. Early 

identification of at-risk students is essential to support timely intervention and 

improve retention rates. This study proposes an interpretable hybrid ensemble 

model for early academic risk detection by integrating stacking ensemble 

learning, Bayesian optimization, and SHAP-based interpretability. The study 

used a public dataset from Kaggle containing 10,000 student records with 

demographic, behavioral, and academic performance attributes. Exploratory 

analysis indicated that at-risk students generally had lower GPA and 

attendance rates, while higher stress levels were associated with increased 

dropout risk. Due to the moderately imbalanced class distribution in the 

dataset, SMOTE was applied only to the training data after train–test splitting 

to improve minority class representation while avoiding data leakage during 

evaluation. Experimental results demonstrate that the proposed hybrid model 

outperformed individual baseline classifiers and standard stacking ensemble 

methods, achieving an accuracy of 0.93 ± 0.01, precision of 0.92 ± 0.01, recall 

of 0.91 ± 0.01, and F1-score of 0.91 ± 0.01 under stratified 5-fold cross-

validation. The integration of Bayesian Optimization improved model stability 

and classification consistency, while SHAP-based analysis identified GPA, 

CGPA, attendance rate, study hours, and stress index as the most influential 

contributors to prediction outcomes. 
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1. INTRODUCTION 

Student dropout [1] remains a significant challenge in modern education systems, as it directly impacts 

student success and institutional performance. High dropout rates not only reduce graduation outcomes but 

also reflect inefficiencies in academic support systems. Therefore, early identification of students at risk is 

essential to enable timely intervention and improve retention. With the increasing availability of educational 
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data, institutions are now able to leverage data-driven approaches to better understand student behavior [2], 

and academic performance [3], [4], [5]. 

Learning analytics and Educational Data Mining (EDM) have become important research areas for 

analyzing student behavior and predicting academic outcomes using machine learning techniques [6], [7]. 

Various classification algorithms, including Logistic Regression, Decision Tree, and Random Forest, have 

been widely applied for academic risk prediction and student performance analysis [8], [9], [10], [11], [12]. 

These approaches demonstrate the potential of machine learning to support early intervention strategies in 

educational environments. 

However, individual machine learning models often experience limitations when handling complex 

and heterogeneous educational datasets. Educational data commonly contain nonlinear relationships, 

behavioral variability, and class imbalance problems that may reduce prediction accuracy and model stability. 

To address these limitations, ensemble learning techniques have increasingly been adopted because they 

combine multiple classifiers to improve robustness and generalization capability [13], [14]. Among ensemble 

approaches, stacking ensemble methods are particularly effective because they integrate heterogeneous base 

learners capable of capturing more complex educational patterns. 

Recent studies have also incorporated explainable artificial intelligence (XAI) approaches to improve 

model transparency in educational prediction systems. Methods such as SHAP and LIME have been used 

together with machine learning algorithms including Support Vector Machine, Logistic Regression, and 

Extreme Gradient Boosting to explain prediction outcomes and feature contributions [15], [16], [17], [18]. 

Explainability is essential in educational contexts because prediction results should be interpretable for 

academic stakeholders and decision-making processes.  

Despite these advancements, only limited studies have integrated class imbalance handling, stacking 

ensemble learning, Bayesian hyperparameter optimization, and explainable AI within a single predictive 

educational analytics framework. Most previous studies focused either on improving predictive performance 

or on model interpretability independently. 

Therefore, this study proposes an interpretable hybrid ensemble framework that integrates SMOTE, 

stacking ensemble learning, Bayesian Optimization [19], and SHAP-based explainability for early academic 

risk detection. The proposed framework aims to improve predictive accuracy, model robustness, minority class 

detection, and interpretability simultaneously. By utilizing demographic, behavioral, and academic-related 

features, this research contributes to the development of an intelligent and explainable educational decision 

support system for identifying students at academic risk [20], [21]. 

 

 

2. METHOD 

This study adopts a structured research methodology to develop an interpretable hybrid ensemble 

model for early academic risk detection. This study adopts the Cross-Industry Standard Process for Data 

Mining (CRISP-DM) framework [22], which consists of business understanding, data understanding, data 

preparation, modeling, evaluation, and deployment stages. The overall research framework is illustrated in 

Figure 1. 

 

 
Figure 1. Proposed research framework for early academic risk prediction 

 

Figure 1 presents the proposed research framework based on the CRISP-DM methodology. The 

process begins with business understanding to define academic risk prediction objectives, followed by data 

understanding through dataset collection the dataset is collected from data public (Kaggle.com) with 19 
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features and exploratory data analysis. The data preparation stage includes cleaning, encoding, normalization, 

train–test splitting, and SMOTE oversampling [23]. In the modeling stage, a stacking ensemble model is 

developed using several base learners and Logistic Regression as the meta-learner, with Bayesian Optimization 

applied for hyperparameter tuning. The evaluation stage assesses model performance using Accuracy, 

Precision, Recall, F1-score, and AUC, while SHAP explainability is used to interpret feature contributions. 

Finally, the deployment stage supports early academic intervention and educational decision-making. The 

results of the model can assist educational institutions in identifying at-risk students and developing timely 

support strategies. 

 

Research Design and Identification Problem 

This study adopts a quantitative experimental approach using machine learning techniques to develop 

an interpretable predictive model for early academic risk detection. The research framework follows Cross-

Industry Standard Process for Data Mining (CRISP-DM) methodology, which consists of problem 

understanding, data understanding, data preprocessing, modelling, evaluation, and interpretation stages [3]. 

This framework is selected due to its flexibility in handling real-world data and its suitability for educational 

data mining applications. 

 

Dataset Collection 

The dataset used in this study was obtained from Kaggle under the title “Student Dropout Prediction 

Dataset (https://www.kaggle.com/datasets/meharshanali/student-dropout-prediction-dataset). The dataset 

consists of 10,000 student records designed for educational analytics and academic risk prediction research, 

total 19 columns. It contains demographic, behavioral, and academic performance variables, including age, 

gender, attendance rate, GPA, study hours, stress index, and family income. The dataset was accessed in 

January 2026 and was used as a publicly available benchmark dataset for educational data mining experiments.  

The dataset includes demographic, behavioral, and academic performance features. Demographic 

attributes include gender, parental education, and department. Previous studies have identified academic 

performance indicators, attendance patterns, and behavioral variables as important predictors of student 

academic risk [24] and dropout tendencies [25]. 

The target variable represents student academic risk, indicating whether a student is at risk of dropout 

or not. The diversity of features enables comprehensive modeling of student performance and supports early 

detection of academic risk. The target variable represents academic risk [26], defined as a binary classification 

problem. 

 

𝑦 = {
1
0

                                                                                                                         (1) 

 

where 1 indicates at-risk and 0 otherwise.  

 

Data Preprocessing 

Data preprocessing is conducted to ensure data quality and compatibility with machine learning 

models. Categorical variables, including Gender, Internet Access, and Extracurricular Participation, were 

encoded using label encoding. Meanwhile, numerical variables such as GPA, CGPA, Attendance Rate, Study 

Hours per Day, Stress Index, Assignment Delay Days, Family Income, and Travel Time Minutes were 

normalized using Min–Max scaling to ensure comparable feature ranges during model training. 

Exploratory Data Analysis (EDA) is performed to analyze data distribution and identify patterns, 

including class imbalance and feature relationships. These preprocessing steps improve model stability and 

enhance predictive performance. Before model development, several preprocessing steps were performed to 

improve data quality and model compatibility. 
 

Handling missing values and class imbalance 

Missing values in numerical features were handled using median imputation, while missing 

categorical attributes were replaced using mode imputation. Categorical variables were transformed into 

numerical representations using label encoding, and numerical features were normalized using Min-Max 

Scaling.  

Because the dataset exhibited moderate class imbalance between at-risk and non-risk students, the 

Synthetic Minority Oversampling Technique (SMOTE) was applied to the training dataset after train-test 

splitting. SMOTE was implemented only on the training data to avoid data leakage and preserve the integrity 

of model evaluation. During cross-validation, SMOTE was independently applied to each training fold before 

model fitting. The oversampling process was implemented using the imbalanced-learn library with k=5 nearest 

neighbors. This approach helps improve minority class representation and enhances the model’s ability to 

correctly identify at-risk students. 

https://www.kaggle.com/datasets/meharshanali/student-dropout-prediction-dataset
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Proposed Hybris Model 

The stacking approach combines the predictions of base learners into a meta-feature vector, which is 

then processed by a meta-learner using Logistic Regression [10]. This approach enables the model to learn 

optimal combinations of base predictions and improves generalization performance.  

This study proposes a hybrid ensemble learning model based on stacking. Five machine learning 

algorithms are used as base learners: Logistic Regression (LR), K-Nearest Neighbors (KNN), Naive Bayes 

(NB), Decision Tree (DT), and Random Forest (RF). Each base learner ℎ𝑗(𝑥), for 𝑗 = 1,2, … ,5, produces a 

prediction: 

 

𝑧𝑗 = ℎ𝑗(𝑥)           (2) 

 

where ℎ𝑗(𝑥)is the prediction function of the 𝑗-th base learner, 𝑧𝑗is the predicted output (class probability or 

label) from the 𝑗-th model. The outputs of all base learners are combined into a meta-feature vector: 

 

𝐳 = [ℎ1(𝑥), ℎ2(𝑥), ℎ3(𝑥), ℎ4(𝑥), ℎ5(𝑥)]                        (3) 

 

where 𝐳 ∈ ℝ5is the meta-feature vector, each element represents the prediction of a base learner 
This approach enables the model to learn optimal combinations of base predictions and improves generalization 

performance[48], [49]. The meta-learner uses Logistic Regression to generate the final prediction: 

 

𝑦̂ = 𝜎 (𝛽0+ ∑ 𝛽𝑗
5

𝑗=1
𝑧𝑗)                         (4) 

 

where 𝑦̂is the final predicted probability of academic risk, 𝛽0is the bias (intercept) term, 𝛽𝑗is the coefficient 

corresponding to the 𝑗-th base learner, 𝑧𝑗is the input from the base learner, 𝜎(⋅)is the sigmoid activation 

function defined as: 

  

𝜎(𝑡) =
1

1+𝑒−𝑡             (5) 

 

To further enhance model performance, Bayesian optimization is applied to automatically tune 

hyperparameters. The Expected Improvement (EI) acquisition function is used to efficiently explore the 

parameter space and identify optimal configurations, reducing the limitations of manual tuning methods [20]. 

Let 𝑓(𝑥)denote the objective function representing model performance (e.g., F1-score). The optimization 

objective is: 

 

𝑥∗ = arg max
𝑥∈𝑋

𝑓(𝑥)           (6) 

 

where 𝑥 represents a set of hyperparameters, 𝒳is the hyperparameter search space, 𝑥∗is the optimal 

hyperparameter configuration. The Expected Improvement (EI) acquisition function is used to efficiently 

explore the parameter space and identify optimal configurations, reducing the limitations of manual tuning 

methods [6]. The Expected Improvement (EI) acquisition function is defined as: 

 

𝐸𝐼(𝑥) = 𝔼[max(0, 𝑓(𝑥) − 𝑓(𝑥+))]         (7) 

 

where 𝐸𝐼(𝑥)measures the expected improvement at point 𝑥, 𝑓(𝑥+)is the best observed performance so far  

𝔼[ ]denotes the expectation operator. This formulation enables efficient exploration and exploitation of the 

hyperparameter space, leading to improved model performance. 

Bayesian Optimization was employed to automatically identify optimal hyperparameter 

configurations as shown in Table 1 for the proposed ensemble model. The optimization process used the 

Expected Improvement (EI) acquisition function to efficiently balance exploration and exploitation within the 

search space. 

 

Table 1. Hyperparameter configurations 
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Model Hyperparameter Search Space 

Random Forest n_estimators 50–300 

Random Forest max_depth 3–20 

KNN n_neighbors 3–15 
Logistic Regression C 0.001–10 

 

Table 1 presents the hyperparameter configurations and search spaces used during the Bayesian 

Optimization process. Several important parameters from the base learning algorithms were optimized to 

improve predictive performance and model stability. For the Random Forest model, the number of estimators 

(n_estimators) was optimized within the range of 50 to 300, while the maximum tree depth (max_depth) was 

explored between 3 and 20 to control model complexity and prevent overfitting. In the K-Nearest Neighbors 

(KNN) model, the number of neighbors (n_neighbors) was optimized within the range of 3 to 15 to determine 

the most suitable neighborhood size for classification. In addition, the Logistic Regression model optimized 

the regularization parameter (C) within the range of 0.001 to 10 to balance model flexibility and generalization 

capability. These search spaces were selected to provide sufficient exploration of model configurations while 

maintaining computational efficiency during the optimization process. 

 

Model Evaluation 

Model evaluation was conducted using stratified k-fold cross-validation to reduce evaluation bias and 

assess model robustness. Performance metrics were calculated as the average values across folds along with 

their standard deviations. Several evaluation metrics are used, including Accuracy, Precision, Recall, F1-score, 

and Area Under the Curve (AUC). These metrics provide a comprehensive assessment of classification 

performance and allow comparison between models. The F1-score is defined as: 

 

𝐹1 = 2 ⋅
Precision⋅Recall

Precision+Recall
         (8) 

 

To further validate the effectiveness of the proposed model, a comparative analysis is conducted 

between individual classifiers, stacking ensemble, and the hybrid model with Bayesian optimization.  

 

Model Interpretation 

To enhance model transparency and support explainable AI in education, Shapley Additive 

exPlanations (SHAP) are employed to interpret the model predictions [27]. SHAP values quantify the 

contribution of each feature to the prediction outcome, enabling identification of key factors influencing 

academic risk. SHAP values are based on cooperative game theory and can be expressed as: 

 

𝜙𝑖 = ∑
∣𝑆∣!(∣𝑁∣−∣𝑆∣−1)!

∣𝑁∣!𝑆⊆𝑁∖{𝑖}
[𝑓(𝑆 ∪ {𝑖}) − 𝑓(𝑆)]            (9) 

 

where 𝜙𝑖represents the contribution of feature 𝑖. This interpretability analysis provides valuable 

insights for educational stakeholders and supports data-driven decision- making [28] for early intervention 

strategies. 

 

3. RESULTS AND DISCUSSIONS 

This section presents the results of the proposed interpretable hybrid ensemble model for early 

academic risk detection, along with a comprehensive discussion of the findings. The analysis follows a 

structured data driven approach, beginning with data exploration and preprocessing, followed by model 

development and evaluation, and concluding with model interpretation using SHAP [29]. 

 

Problem Identification and Data Characteristics 

The study begins with the identification of academic risk as a critical issue in educational systems, 

particularly related to student dropout. To address this problem, a dataset consisting of 10,000 student records 

is analyzed to understand its characteristics. Initial exploratory analysis reveals that the dataset contains a mix 

of demographic, behavioral, and academic features. The distribution of the target variable indicates the 

presence of class imbalance as shown in Figure 2, where the number of at-risk students is lower compared to 

non-risk students at. 
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Figure 2. Distribution of academic risk classes 

Figure 2 illustrates the distribution of academic risk classes in the dataset. The results show that the 

majority of students are categorized as non-risk (class 0), with a total of 7,646 instances, while 2,354 instances 

are classified as at-risk students (class 1). The exploratory analysis indicates observable differences between 

at-risk and non-risk students across several academic and behavioral variables. These patterns suggest potential 

associations between academic performance, behavioral factors, and academic risk prediction. This condition 

justifies the use of ensemble learning to improve robustness. Table 2 presents the characteristics and 

descriptions of the variables used in this study. 
 

Table 2. Dataset characteristics 
No Feature Description Type 

1 student_id unique student identifier integer 

2 age student age numerical 

3 gender student gender categorical 
4 family_income family income level numerical 

5 internet_access access to internet categorical 

6 study_hours_per_day daily study duration numerical 
7 attendance_rate attendance percentage numerical 

8 assignment_delay_days delay in assignment submission integer 

9 travel_time_minutes travel time to campus numerical 

10 part_time_job student employment status categorical 

11 scholarship scholarship status categorical 

12 stress_index student stresslevel numerical 
13 gpa grade point average numerical 

14 semester_gpa gpa per semester numerical 

15 cgpa cumulative gpa numerical 
16 semester current semester categorical 

17 department academic department categorical 

18 parental_education parent education level categorical 
19 dropout academic risk (target variable) integer 

 

As shown in Table 2, the dataset consists of 10,000 student records with 19 features, including 

demographic, behavioral, and academic attributes. Consists of 3 integer data types, 7 categorical data types, 

and 9 numerical data types. However, the proportion of missing data is relatively small. Missing numerical 

values were handled using median imputation, while categorical missing values were replaced using mode 

imputation during preprocessing. The target variable, Dropout, represents academic risk and is used for 

classification. The target variable, Dropout, represents academic risk and is used for classification. The dataset 

shows moderate class imbalance, with 7,646 non-dropout instances (76.46%) and 2,354 dropout instances 

(23.54%) out of 10,000 records. To improve minority class representation and reduce class bias, SMOTE was 

applied during the training phase. 

 

Distribution Numeric Feature 

To better understand the characteristics of the dataset, an exploratory visualization of numerical 

variables was conducted prior to model development as shown in Figure 3a and 3b. This analysis aims to 

examine the distribution, variability, and potential outliers of the numerical features used in the study. 

 



Arifin, et. al. / J. Soft Comput. Explor., Vol. 7, No. 3, September 2026:  489-501                  495 

 

 

 
Figure 3a. Distribution of selected numerical variables for exploratory data analysis 

 
Figure 3b. Distribution of selected numerical variables for exploratory data analysis 

Figure 3a and 3b presents the distribution of selected numerical features used in the dataset, including 

age, family_income, study_hours_per_day, attendance_rate, assignment_delay, travel_time_minutes, 

stress_index, GPA. The visualization is intended to provide an overview of data distribution, variability, and 

potential outliers prior to model development and preprocessing. Only numerical variables were visualized in 

this stage because distribution-based visualization techniques such as histograms are more appropriate for 

continuous numerical attributes compared to categorical variables. Here is the summary as shown in Table 3 

showing the average GPA, attendance rate, study hours, assignment delay, travel time, and stress index for 

students who did not drop out (0) and those who did (1): 

 

Final Preprocessed Dataset 

After completing normalization, cleaning, and feature engineering, the final preprocessed dataset was 

constructed. It contains both transformed and original features that are ready to be used for model training. 

Table 5 provides a snapshot of the final dataset after preprocessing. 
 

Table 3. Comparison of behavioral features by dropout status 
Dropout Average 

GPA 

Average 

Attendance 
Rate 

Average 

Study 
Hours per 

Day 

Average 

Assignment 
Delay Days 

Average 

Travel 
Time 

Minutes 

Average 

Stress 
Index 

0 2.58 82.48 4.07 1.73 29.99 5.25 

1 1.43 79.31 3.80 1.99 30.78 6.31 

 

Based on Table 3 students who did not drop out have a notably higher average GPA and a slightly 

higher average attendance rate compared to those who did drop out. In addition, behavioral factors such as 

attendance and study hours show similar patterns, where lower attendance rates and fewer study hours increase 

the probability of dropout. Conversely, the stress index exhibits a positive relationship with academic risk, 

indicating that higher stress levels contribute significantly to the likelihood of dropout. Overall, these findings 

suggest that academic risk is influenced by a combination of academic, behavioral, and psychological factors, 

providing a strong foundation for subsequent predictive modeling. The observed relationships between features 
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and dropout risk further support the use of ensemble learning methods and interpretability techniques, such as 

SHAP, to ensure both predictive performance and model transparency. 

 

Model Development Results 

The performance results presented in Table 4 represent the average scores obtained from stratified 5-

fold cross-validation along with the corresponding standard deviations. The relatively low standard deviation 

values indicate that the proposed hybrid model demonstrates stable and consistent predictive performance 

across different validation folds. 

 

Table 4. Performance comparison of model configurations across cross-validation folds 
Model Configuration Description Accuracy 

(Mean ± Std) 

Precision (Mean 

± Std) 

Recall (Mean 

± Std) 

F1-score 

(Mean ± Std) 

Logistic Regression 

(LR) 

Individual baseline classifier 0.82 ± 0.03 0.81 ± 0.03 0.80 ± 0.04 0.80 ± 0.03 

K-Nearest Neighbors 
(KNN) 

Individual baseline classifier 0.85 ± 0.02 0.84 ± 0.02 0.83 ± 0.03 0.83 ± 0.02 

Naive Bayes (NB) Individual baseline classifier 0.84 ± 0.03 0.83 ± 0.03 0.82 ± 0.03 0.82 ± 0.03 

Decision Tree (DT) Individual baseline classifier 0.86 ± 0.02 0.85 ± 0.02 0.84 ± 0.03 0.84 ± 0.02 
Random Forest (RF) Individual baseline classifier 0.89 ± 0.02 0.88 ± 0.02 0.87 ± 0.03 0.87 ± 0.02 

Stacking Ensemble Combination of base learners 

using Logistic Regression as meta-
learner 

0.91 ± 0.01 0.90 ± 0.01 0.89 ± 0.01 0.89 ± 0.01 

Hybrid Model 

(Stacking + BO) 

Stacking ensemble optimized 

using Bayesian Optimization 

0.93 ± 0.01 0.92 ± 0.01 0.91 ± 0.01 0.91 ± 0.01 

 

Table 4 presents the performance comparison of individual classifiers, stacking ensemble, and the 

proposed hybrid model using stratified cross-validation. The evaluation results are reported as the mean 

performance together with the corresponding standard deviation across folds to provide a more comprehensive 

assessment of model stability and generalization capability. 

Among the individual baseline classifiers, Random Forest achieved the best performance with an 

accuracy of 0.89 ± 0.02 and an F1-score of 0.87 ± 0.02. The stacking ensemble further improved predictive 

performance by combining multiple base learners through a Logistic Regression meta-learner, achieving an 

accuracy of 0.91 ± 0.01 and an F1-score of 0.89 ± 0.01. 

Furthermore, the proposed hybrid model integrating stacking ensemble learning with Bayesian 

Optimization achieved the highest overall performance, obtaining an accuracy of 0.93 ± 0.01 and an F1-score 

of 0.91 ± 0.01. The relatively low standard deviation values across folds indicate that the proposed model 

demonstrates stable and consistent performance during cross-validation.  

These findings suggest that the integration of ensemble learning and automated hyperparameter 

optimization contributes positively to predictive robustness and classification effectiveness in academic risk 

prediction. 

 

Effect of Bayesian Optimization 

The effect of Bayesian Optimization (BO) on model performance was evaluated by comparing the 

stacking ensemble model before and after hyperparameter tuning. The results indicate that the application of 

BO provides consistent improvements across evaluation metrics, particularly in terms of F1-score and model 

stability. 

In this study, Bayesian Optimization was applied to optimize several important hyperparameters of 

the base learning algorithms. For the Random Forest model, the number of estimators (n_estimators) was 

optimized within the range of 50–300, while the maximum tree depth (max_depth) was explored between 3–

20. For the K-Nearest Neighbors (KNN) model, the number of neighbors (n_neighbors) was optimized within 

the range of 3–15. The Logistic Regression meta-learner optimized the regularization parameter (C) within the 

range of 0.001–10 using the Expected Improvement (EI) acquisition strategy. As shown in Table 4, the stacking 

ensemble model improved from an F1-score of 0.89 ± 0.01 before optimization to 0.91 ± 0.01 after applying 

Bayesian Optimization, representing an improvement of approximately 2%. The optimized model also showed 

lower variance across cross-validation folds, indicating improved robustness and generalization capability. 

Overall, Bayesian Optimization enhanced predictive performance, model stability, and classification 

consistency without requiring exhaustive manual hyperparameter tuning. 

Model Evaluation (ROC & Confusion Matrix) 
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The model performance is further evaluated using ROC curves and confusion matrix analysis to assess 

classification effectiveness (Figure 4). In addition, the confusion matrix (Figure 5) provides detailed insight 

into classification outcomes, showing that the model correctly identifies most at-risk and non-risk students with 

a balanced error distribution. This is particularly important for minimizing false negatives in early academic 

risk detection. 

 

 
Figure 4. ROC curve comparison all models 

 
Figure 5. Confusion matrix -stacking ensemble 

As result shown in Figure 4 Logistic Regression (AUC = 0.91), this means that there is a 91% chance 

that the Logistic Regression model will rank a randomly chosen positive instance higher than a randomly 

chosen negative instance. A high AUC indicates good separability between the positive and negative classes. 

The Decision Tree model has an AUC of 0.82. This indicates that it performs reasonably well in distinguishing 

between the two classes, but it's not as strong as some of the other models. K-Nearest-Neighbors (AUC = 0.97), 

this is a very strong AUC score. It suggests that the KNN model is highly effective at separating positive and 

negative examples, indicating excellent classification performance. With an AUC of 0.90, the Naive Bayes 

model also demonstrates strong predictive power, being able to differentiate between the classes with a high 

degree of accuracy Random Forest (AUC = 0.98) this is the highest AUC among the individual base learners. 

A score of 0.98 signifies outstanding classification performance, meaning the Random Forest model is 

extremely good at ranking positive cases above negative ones. 

According to Figure 5, the Stacking Ensemble model demonstrates high levels of precision and 

sensitivity. Out of a total of 300 test samples, the model correctly predicted 280 samples, consisting of 145 

True Negatives (TN) and 135 True Positives (TP). The overall accuracy of the model is recorded at 93.3%. 

Further analysis of the error distribution reveals that the model produced only 5 False Negatives (FN), 

indicating an exceptional recall capability in identifying the positive class. Although there were 15 False 

Positives (FP), the low number of False Negatives suggests that the model is highly reliable in minimizing the 

risk of missed detections for the target class. The combination of a high AUC value and a matrix distribution 

dominated by the main diagonal confirms that the Stacking Ensemble is the most stable and reliable model for 

implementation in this study. The model is very good at minimizing false negatives (risk of missed detection). 

Highly reliable for early detection. 

Model Interpretation Using SHAP 

To enhance model transparency, SHAP analysis is employed to interpret the contribution of each 

feature to the prediction results. The analysis indicates that academic performance variables, such as GPA and 

semester GPA, are among the most influential factors in predicting academic risk. In addition, behavioral 

features, including attendance rate, study habits, and stress index, also contribute significantly to the model’s 
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decisions. These findings suggest that academic risk is influenced by a combination of academic achievement 

and behavioral patterns. The use of SHAP enables the model to provide interpretable insights, supporting its 

applicability in educational decision-making contexts. The use of SHAP enables the model to provide 

interpretable insights, supporting its applicability in educational decision-making contexts. 

 

 
Figure 6. SHAP summary plot for feature importance 

Figure 6 presents the SHAP summary plot, which illustrates the contribution of each feature to the 

model’s prediction outcomes. The SHAP analysis shows that academic performance variables, including GPA, 

CGPA, and Semester GPA, have the largest contribution ranges, with SHAP values approximately spanning 

from −0.8 to 1.2. In the SHAP framework, positive values indicate stronger contribution toward at-risk 

predictions, while negative values indicate contribution toward non-risk predictions. Higher GPA-related 

values are generally associated with negative SHAP values, whereas lower GPA values tend to correspond 

with positive SHAP values, indicating stronger contribution toward academic risk predictions. 

Behavioral variables such as Stress Index, Attendance Rate, Study Hours per Day, and Assignment 

Delay Days also demonstrate meaningful contributions to prediction outcomes. The Stress Index exhibits a 

relatively wide SHAP distribution (approximately −1.0 to 1.3), where higher stress values are more frequently 

associated with positive SHAP values. Conversely, higher attendance rates and longer study hours tend to 

correspond with negative SHAP values, indicating lower contribution toward at-risk predictions. Assignment 

Delay Days generally show positive SHAP contributions, with several instances exceeding 0.5 SHAP value, 

suggesting relatively strong contribution toward academic risk predictions. 

In addition, contextual variables such as Travel Time Minutes and Family Income exhibit relatively 

smaller SHAP ranges centered near zero, indicating more moderate influence on model predictions compared 

to academic and behavioral variables. Overall, the SHAP analysis demonstrates that academic performance 

and behavioral variables contribute more prominently to the prediction process. However, these findings should 

be interpreted as feature contributions to model predictions rather than direct causal relationships with student 

dropout or academic risk. Table 5 summarizes the feature contribution insights obtained from the SHAP 

analysis, providing transparency for data-driven academic risk prediction. 

 

Table 5. Feature importance insight based on SHAP analysis 
Feature Impact Direction Interpretation 

GPA / CGPA Negative Higher GPA reduces dropout risk 

Attendance Rate Negative Better attendance lowers risk 
Study Hours Negative More study time reduces risk 

Stress Index Positive Higher stress increases dropout risk 

Assignment Delay Positive Late submissions increase risk 
Travel Time Positive Longer travel slightly increases risk 

 

Discussion 
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The findings of this study demonstrate that the proposed hybrid ensemble [30] framework is effective 

for early academic risk prediction in educational datasets.  

The integration of SMOTE improves minority class representation and enhances the model’s ability to 

identify at-risk students more effectively, particularly in moderately imbalanced educational datasets. The 

stacking ensemble framework enables the model to capture heterogeneous and nonlinear educational patterns 

more effectively than individual classifiers. Bayesian Optimization improves model robustness and stability 

by automatically identifying suitable hyperparameter configurations without exhaustive manual search. 

Previous papers have discussed many ML models but the result black-box models, which are difficult to 

explain. This study uses SHAP to explain feature contributions, the direction of those contributions, and the 

interpretability of predictions. 

The main contribution of this study lies in the integration of SMOTE, stacking ensemble learning, 

Bayesian Optimization, and SHAP-based explainability within a unified predictive educational analytics 

framework. The proposed approach not only improves predictive performance and model stability but also 

enhances interpretability and minority class detection for early academic risk prediction [31]. Unlike previous 

studies that focused primarily on either predictive performance or explainability independently, this study 

integrates imbalance handling, ensemble learning, automated hyperparameter optimization, and explainable AI 

within a single framework for educational risk prediction. 

Despite the promising results, this study has several limitations. First, the research relies on a publicly 

available dataset that may not fully represent real institutional academic environments. Second, the dataset is 

cross-sectional and does not capture longitudinal student learning behavior over time. In addition, the study 

focuses primarily on structured tabular data and does not incorporate learning management system (LMS) 

interaction data or textual educational records that may provide additional predictive insights. 

 

4. CONCLUSION 

This study proposed an interpretable hybrid ensemble framework integrating stacking ensemble 

learning, Bayesian Optimization, and SHAP-based explainability for early academic risk prediction. The 

experimental results demonstrate that the proposed approach achieves improved predictive performance and 

stable classification capability across stratified cross-validation. 

The findings indicate that academic performance variables, including GPA, CGPA, and Semester 

GPA, together with behavioral factors such as attendance rate, study hours, and stress index, contribute 

substantially to the model’s prediction outcomes. In addition, the SHAP-based interpretability analysis 

provides transparent insights into feature contributions, supporting data-driven academic monitoring and early 

intervention strategies. 

Despite the promising results, this study has several limitations. The research relies on a publicly 

available dataset that may not fully represent real institutional academic environments, and the dataset does 

not capture longitudinal student learning behavior over time. Furthermore, the study primarily focuses on 

structured tabular data without incorporating learning management system (LMS) interaction data or other 

educational behavioral records. 

Future work may extend this research by utilizing real institutional datasets, integrating temporal 

educational data, and exploring advanced deep learning or multimodal learning approaches to further improve 

predictive capability and interpretability in academic risk prediction systems. 
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