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 Diabetes mellitus is a chronic disease with serious implications for 
global health. Early detection is essential to reduce these risks, and 
machine learning methods are widely used in diabetes prediction. 
However, improving accuracy remains a major challenge in the 
development of predictive models. This study proposes a stacking-
based ensemble learning approach with an out-of-fold (OOF) scheme 
to improve classification performance. The proposed method 
consists of several systematic steps, namely (1) data preprocessing 
via median imputation of invalid values and feature transformation 
according to model characteristics, (2) the creation of base learners 
comprising Logistic Regression, Gaussian Naïve Bayes, Support 
Vector Machine, Random Forest, and XGBoost, (3) model training 
using Stratified Cross Validation 5 Fold to generate OOF predictions, 
(4) combining all OOF predictions into a meta-feature matrix, and (5) 
training an XGBoost-based meta-model to generate the final 
prediction. This approach enables the meta-model to optimally learn 
the relationships among the outputs of the baseline models. 
Experimental results show that the proposed method achieves an 
accuracy of 91.15%, precision of 90.65%, recall of 83.21%, and an F1-
score of 86.77%. These results indicate that stacking is effective in 
improving the accuracy of diabetes predictions. 

Keywords: 

Diabetes mellitus 
Stacking ensemble 
Out-of-fold 
Feature grouping 
Feature transformation 

This is an open access article under the CC BY-SA license. 

 

1. Introduction 

Health issues are critical concerns that require prompt and appropriate management [1]. In 

recent decades, diabetes mellitus has become one of the leading chronic diseases 
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contributing to rising global morbidity and mortality rates, as it leads to serious complications 

such as heart disease, kidney disorders, and nerve damage [2], [3]. The number of people with 

diabetes continues to rise each year, making early detection a critical step in reducing the risk 

of complications [4]. 

Symptoms of diabetes mellitus include blurred vision, fatigue, increased hunger, and frequent 

urination [5]. Risk factors such as abnormal blood pressure, obesity, and an unhealthy lifestyle 

contribute to the rise in diabetes cases. Pre-diabetes, characterized by insulin resistance, is 

an early stage of the disease’s progression that can be managed if detected early [6]. 

The use of machine learning in diabetes prediction has advanced rapidly. Accuracy is the 

primary indicator for evaluating model performance. Several studies report high results, such 

as RFE-GRU with an accuracy of 90.70% [2] and SECNN at 89.47% [4], while other models like 

Random Forest achieve 79.57% [5]. These differences indicate that no single model is capable 

of consistently delivering optimal performance on diabetes data. 

Previous research has focused on the use of single models or improvements in the 

preprocessing stage [7]. Previous research has not integrated a combination of 

heterogeneous models with feature grouping strategies and out-of-fold (OOF) prediction 

within a single systematic learning framework [8]. Consequently, these approaches have not 

previously addressed the limitations in capturing the variations of complex data patterns [9]. 

Given these limitations, this study proposes a stacking-based ensemble learning approach 

using heterogeneous models [10]. Each model is trained using a different subset of features 

and transformations tailored to its characteristics. Predictions from the base models are 

generated using an out-of-fold (OOF) scheme and then used as input for an XGBoost-based 

meta-model [11]. 

This approach is designed to improve prediction accuracy by combining the strengths of 

various models in capturing different data patterns [12]. The research stages include 

preprocessing, training base models with cross-validation, generating OOF predictions, 

training a meta-model, and evaluation. 

The contributions of this research are: i) proposing an OOF-based stacking architecture with 

heterogeneous models, ii) integrating feature grouping strategies and model-specific 

transformations into a single learning framework, and iii) improving diabetes prediction 

accuracy through a structured multi-model approach. 

2. Method 

In detecting diabetes, this study employs several methodological steps, namely data 

preprocessing, the development of an ensemble-based classification model, out-of-fold (OOF) 

prediction, the development of a meta-model (meta-learner), and model evaluation [13]. The 

research workflow is shown in Figure 1. 
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Figure 1. Research workflow 

Data Description 

This research dataset uses the Pima Indians Diabetes (PID) dataset, obtained from the Kaggle 

public repository via the link: https://www.kaggle.com/datasets/uciml/pima-indians-

diabetes-database. This dataset consists of 768 samples with 8 predictor features and 1 class 

label (Outcome). The data distribution consists of 500 non-diabetes samples (class 0) and 268 

diabetes samples (class 1). 

Preprocessing 

The preprocessing stage was conducted to ensure data quality prior to the modeling process 

[14]. In the PID dataset, several medical features—namely Glucose, BloodPressure, 

SkinThickness, and BMI—contained clinically invalid values of 0. These values were converted 

to missing values (NaN), and imputation was performed using the median value calculated 

from the training data in each fold [15]. 

To maintain the consistency of the data distribution in a specific model, feature 

transformations were performed according to the algorithm’s characteristics. In the Logistic 

Regression model, StandardScaler was used for feature normalization [16]. In the Support 

Vector Machine model, the Quantile Transformer was used with a target normal distribution 

[17]. Meanwhile, the Gaussian Naïve Bayes, Random Forest, and XGBoost models used raw 

data without transformation because they are not sensitive to feature scale. 



43 
 

Base Learners 

This study uses five classification models as base learners: Logistic Regression, Gaussian Naïve 

Bayes, Support Vector Machine (SVM), Random Forest, and Extreme Gradient Boosting 

(XGBoost). Logistic Regression is a linear model that models class probabilities using the 

sigmoid function, as shown in equation (1). 

𝑃(𝑦 = 1 ∣ 𝑥) =
1

1+𝑒−(𝑤
𝑇𝑥+𝑏)

    (1) 

This model was trained using a subset of features (Glucose, BMI) selected to represent key 

metabolic conditions. 

Gaussian Naïve Bayes (GNB) is a probabilistic model that assumes independence among 

features and a Gaussian distribution for each class [18]. The conditional distribution is 

expressed as in equation (2). 

𝑃(𝑥𝑖 ∣ 𝑦) =
1

√2𝜋𝜎𝑦
2
exp⁡ (⁡−

(𝑥𝑖−𝜇𝑦)
2

2𝜎𝑦
2 )  (2) 

This model was trained using the features (BloodPressure, SkinThickness).  

A Support Vector Machine (SVM) is a model that seeks the optimal hyperplane with the 

maximum margin [19], as shown in equation (3). 

min⁡
𝑤,𝑏

1

2
∥ 𝑤 ∥2 s.t.𝑦𝑖(𝑤

𝑇𝑥𝑖 + 𝑏) ≥ 1,  ∀𝑖  (3) 

SVM utilizes all features with the Quantile Transformer to improve data separability and 

generates probabilities using Platt scaling. 

Random Forest (RF) is a decision tree-based ensemble method that combines the predictions 

of multiple trees [20], as shown in equation (4). 

𝑦̂(𝑥) = mode{ℎ𝑡(𝑥)}𝑡=1
𝑇     (4) 

This model uses all features without transformation and employs 300 decision trees to 

improve prediction stability. 

Extreme Gradient Boosting (XGBoost) is a tree-based boosting method that is built iteratively 

[21], as shown in equation (5). 

𝐹𝑚+1(𝑥) = 𝐹𝑚(𝑥) + 𝜂ℎ𝑚(𝑥)    (5) 

Out-of-Fold Prediction  

To improve model generalization, a 5-fold stratified K-fold cross-validation scheme was used. 

In each fold, the data was split into training and validation sets with balanced class 

distributions. Each model is trained using the training data, then generates probability 

predictions on the validation data. This process is repeated across all folds so that each sample 

receives exactly one prediction on the validation data. All predictions from each model are 

combined into an 𝑁 ×𝑀 out-of-fold (OOF) matrix, where 𝑁 is the number of samples and 𝑀 

is the number of models. 
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Meta Learner 

The OOF matrix is used as a new feature for training XGBoost-based meta-models. This model 

combines all predictions from the base models to generate a final prediction [21]. With this 

approach, the meta-model learns the relationships between the base model’s predictions to 

improve classification performance. 

Model Evaluation 

Model evaluation was performed using the prediction results from the meta-model. The data 

was split using a 5-fold stratified K-fold cross-validation scheme [22]. Model performance was 

measured using a confusion matrix consisting of true positive (TP), true negative (TN), false 

positive (FP), and false negative (FN). Based on these values, evaluation metrics were 

calculated, including accuracy, precision, recall, F1-score [23].  

3. Results and Discussion 

This section presents the results of experiments conducted to evaluate the performance of 

the proposed model in predicting diabetes. The evaluation was conducted in stages to analyze 

the contribution of each component in the developed architecture, namely a single model as 

a baseline, the use of stacking, the impact of feature transformations [24], and feature 

grouping strategies [25]. This step-by-step approach aims to provide a clearer understanding 

of the factors contributing to improved model performance. 

3.1. Single Model Performance 

As a first step, an evaluation was conducted on the individual models used as a baseline. The 

models tested included Logistic Regression, Gaussian Naïve Bayes, Support Vector Machine, 

Random Forest, and XGBoost, using all features without any transformations. The 

performance of the single model is shown in table 1. 

Table 1. Single model performance 
Model Accuracy Precision Recall F1-score 

Logistic Regression 76.82% 71.84% 55.22% 62.45% 
Gaussian Naïve Bayes 74.61% 64.78% 59.70% 62.14% 

Support Vector Machine 75.65% 70.98% 51.12% 59.44% 
Random Forest 76.43% 68.35% 60.45% 64.16% 

XGBoost 73.83% 63.79% 57.84% 60.67% 

 

Based on these results, Logistic Regression demonstrated the best performance with an 

accuracy of 76.82%. However, overall, all single models still exhibit limitations in achieving 

optimal performance. This indicates that single models are not yet capable of optimally 

capturing the complexity of patterns in diabetes data.  

3.2. The Impact of Stacking  

Next, we evaluated the impact of using stacking on model performance. In this phase, stacking 

was applied using all features without any transformations. The accuracy of the stacking 

model can be seen in the table 2. 
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Table 2. Stacking model accuracy 
Model Accuracy 

Logistic Regression (Baseline Terbaik) 76.82% 
Stacking (All Features, Without Transformation) 90.89% 

 

The results show that the use of stacking yields a highly significant improvement in accuracy, 

from 0.7682 to 0.9089. This improvement indicates that stacking can combine the strengths 

of various models to produce more accurate predictions. By leveraging the outputs of 

multiple models with different characteristics, the meta-model can construct a more 

comprehensive representation of the data. 

3.3. The Effect of Feature Transformation 

The following analysis was conducted to evaluate the impact of feature transformations on 

the performance of the stacking model. The transformations were applied according to the 

characteristics of each model. The accuracy of stacking with feature transformation can be 

seen in table 3. 

Table 3. Stacking with feature transformation accuracy 
Model Accuracy 

Stacking (All Features, Without Transformation) 90.89% 
Stacking (All Features with Transformation) 90.36% 

 

The results show that applying transformations to all features does not improve performance; 

in fact, it slightly reduces accuracy. This indicates that transformations do not always have a 

positive effect when applied universally to all models. The effectiveness of transformations 

depends heavily on the alignment between the data distribution and the specific 

requirements of each algorithm. 

3.4. The Effect of Feature Grouping 

Next, an analysis was conducted on the impact of the feature grouping strategy, which 

involves dividing features into several subsets used by a specific model. The accuracy of 

stacking with feature grouping is shown in table 4. 

Table 4. Stacking with feature grouping accuracy 
Model Accuracy 

Stacking (All Features, Without Transformation) 90.89% 
Stacking (Feature Grouping, Without Transformation) 89.97% 

 

The results show that using feature grouping without transformation reduces the model’s 

performance. This may be due to the reduced amount of information available in each model 

because of feature partitioning, meaning that some important patterns in the data cannot be 

captured optimally.  

3.5. Combination of Feature Grouping and Transformation 

The next step is to evaluate the combination of feature grouping and feature transformation. 

The accuracy of stacking with feature transformation and feature grouping is shown in table 

5. 
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Table 5. Stacking with feature transformation and feature grouping accuracy 
Model Accuracy 

Stacking (All Features with Transformation) 90.36% 
Stacking (Feature Grouping with Transformation) 91.15% 

 

The results show that the combination of feature grouping and transformation yields the best 

performance, with an accuracy of 91.15%. This indicates that feature grouping is effective 

when combined with transformations that align with the model’s characteristics. 

Transformations help adjust the data distribution, while feature grouping allows each model 

to focus on the most relevant subset of features. 

3.6. Overall Comparison of Models 

A summary of the performance of all models is presented in table 6.  

Table 6. Summary of the performance of all models 
Model Accuracy Precision Recall F1-score 

Logistic Regression 76.82% 71.84% 55.22% 62.45% 
Gaussian Naïve Bayes 74.61% 64.78% 59.70% 62.14% 

Support Vector Machine 75.65% 70.98% 51.12% 59.44% 
Random Forest 76.43% 68.35% 60.45% 64.16% 

XGBoost 73.83% 63.79% 57.84% 60.67% 
Stacking (All Features, Without Transformation) 90.89% 90.24% 82.84% 86.38% 

Stacking (All Features with Transformation) 90.36% 89.11% 82.46% 85.66% 
Stacking (Feature Grouping, Without Transformation) 89.97% 89.63% 80.60% 84.87% 

Stacking (Feature Grouping with Transformation) 91.15% 90.65% 83.21% 86.77% 

 

The results of this study indicate that model performance is influenced not only by the choice 

of algorithm but also by the learning strategy employed. The out-of-fold (OOF) stacking 

approach was found to yield a significant performance improvement compared to a single 

model. Furthermore, the combination of feature grouping and transformations tailored to 

the model’s characteristics contributes to further improvements in accuracy, whereas feature 

grouping without transformations tends to reduce performance due to limitations in feature 

representation. 

Compared to previous studies, the approach proposed in this study demonstrates superior 

performance. A summary of the comparison with previous studies is presented in Table 7. 

Table 7. Comparison with previous studies 
Study Dataset Best Model Accuracy 

Bhattacharya & Datta (2025) Pima Indians Diabetes Gradient Boosting 76.00% 
Chang et al. (2021) Pima Indians Diabetes Random Forest 79.57% 
Zhao et al. (2024) Pima Indians Diabetes SECNN 89.47% 

Shams et al. (2025) Pima Indians Diabetes RFE-GRU 90.70% 
Our Model Pima Indians Diabetes OOF Stacking 91.15% 

 

These results demonstrate that the proposed approach outperforms previous methods by 

leveraging a combination of heterogeneous models, feature grouping, and feature 

transformations within an OOF-based stacking framework. Thus, the structured learning 

architecture has proven to play a crucial role in improving the accuracy of diabetes prediction. 
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4. Conclusion 

This study proposes a stacking-based ensemble approach with an out-of-fold (OOF) scheme 

for diabetes prediction using heterogeneous models, feature grouping, and feature 

transformations. Experimental results show that the proposed method significantly improves 

accuracy compared to a single model, with an increase from 76.82% to 91.15%. Evaluation 

results indicate that stacking is the primary component contributing to performance 

improvement through the combination of outputs from various base learners. Furthermore, 

feature transformation does not always yield improvements when applied globally but can 

enhance performance when combined with feature grouping. Conversely, feature grouping 

without transformation tends to degrade performance due to limitations in information 

representation. 

Overall, the combination of feature grouping and transformations in the stacking framework 

yielded the best performance, indicating that alignment between model characteristics, 

feature subsets, and data distribution is crucial for improving a model’s generalization ability. 

This approach proved effective in capturing complex patterns in diabetes data and has the 

potential to be applied to other classification problems with similar characteristics.  
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