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Abstract: Diabetes is one of the chronic diseases with a high mortality rate that 
requires proper treatment and early detection. This study proposes a stacking 
model approach with a combination of K-Nearest Neighbor (KNN), Naive 
Bayes, and Linear Discriminant Analysis (LDA) as the base-learner, and 
Random Forest as the meta-learner. The main objective of this study is to 
improve the classification accuracy of diabetes datasets that have an 
unbalanced class distribution. The experiment was conducted on the Pima 
Indians Diabetes dataset from the UCI Machine Learning Repository. The test 
results showed that the proposed stacking model was able to achieve an 
accuracy of 96.30%, True Positive Rate (TPR) of 88.89%, True Negative Rate 
(TNR) of 100%, and G-Mean of 94.28%. This performance is significantly better 
than the previous single classifier model and stacking approach. Thus, the 
proposed stacking model can be used as an effective solution in the 
classification of diabetic diseases under conditions of unbalanced class 
distribution. 
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Introduction  
 

Diabetes is one of the most common and life-
threatening chronic diseases worldwide (Park & Song, 
2022). Early detection and accurate classification of 
diabetes are essential to reduce complications and 
improve patient outcomes (Abdan & Seno, 2022; Khan et 
al., 2022). In the era of data-driven healthcare, machine 
learning techniques offer powerful tools for analyzing 
medical data and assisting in diagnosis (Ellyzabeth 
Sukmawati et al., 2022; Mohd Amram et al., 2023; Singh 
et al., 2023). However, the challenge lies in selecting 
models that are both accurate and reliable, especially 
when dealing with complex and imbalanced clinical 
datasets (Abdan & Seno, 2022). Traditional single 
classifiers often face limitations in capturing diverse data 
patterns, leading to suboptimal performance (Khan et 
al., 2022; Singh et al., 2023). To overcome this, ensemble 
learning methods, particularly stacking, have emerged 
as a promising solution by combining the strengths of 

multiple algorithms (Mohd Amram et al., 2023). 
Diabetes mellitus is one of the chronic diseases that 
causes high mortality rates worldwide. Based on a 
report from the International Diabetes Federation (IDF), 
in 2019 there were around 463 million people with 
diabetes globally (International Diabetes Federation, 
2021; Nipa et al., 2024). In Indonesia, the prevalence of 
diabetes continues to increase and makes Indonesia one 
of the top ten countries with the highest number of 
diabetics (Perkeni, 2020; Sukmawati et al., 2024). One of 
the important efforts to reduce the negative impact of 
this disease is early detection based on patient medical 
data. 

Machine learning technology provides a great 
opportunity in developing classification-based early 
detection systems. Research by Ahmed et al. (2020) and 
Tripathi & Kumar (2020) showed that the Random 
Forest algorithm is quite effective for the classification of 
diabetic diseases. In addition, the implementation of 
KNN by Lopatka et al. (2021) and the modification of the 
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Decision Tree made significant contributions to data-
driven diagnosis. However, most previous studies still 
use single classifier approaches such as Decision Tree, 
KNN, SVM, and Naive Bayes, which have weaknesses 
in dealing with datasets with class imbalances. Class 
imbalance is a condition when the number of samples 
between classes differs significantly, which can reduce 
classification performance, especially in minority classes 
(Mafarja et al., 2023; Siti Khotimatul Wildah et al., 2021; 
Żabiński et al., 2020). 

To overcome these problems, ensemble learning 
approaches such as stacking are a potential solution. 
Several previous studies such as those by Nurmasani & 
Pristyanto (2021) and Rousyati et al. (2021) have 
explored ensemble learning such as Adaboost, Bagging, 
and Stacking to address similar problems. This study 
developed a stacking method by combining KNN, Naive 
Bayes, and LDA as the base classifier, and Random 
Forest as the meta-learner. This combination is expected 
to be able to produce a more accurate and robust 
classification model in handling datasets with 
unbalanced class distributions. 

The increasing prevalence of diabetes globally, 
combined with the high burden on healthcare systems, 
highlights the urgent need for intelligent and efficient 
decision-support tools. Misclassification in medical 
diagnosis can have serious consequences, such as 
delayed treatment or mismanagement of care. Many 
existing models fail to maintain a balance between 
sensitivity (recall) and specificity, particularly in 
datasets where the number of diabetic and non-diabetic 
cases is unequal. Therefore, improving classification 
accuracy through a robust and balanced ensemble 
framework is critically important. Utilizing advanced 
ensemble methods in diabetes classification can 
significantly assist healthcare professionals in making 
faster and more accurate clinical decisions. 

This study proposes a novel stacking framework 
that integrates K-Nearest Neighbors (KNN), Naive 
Bayes (NB), and Linear Discriminant Analysis (LDA) as 
base learners, optimized by employing Random Forest 
as a meta-learner. While previous research has explored 
stacking with various combinations of models, few 
studies have specifically investigated the synergy 
between these particular base learners and Random 
Forest in the context of diabetes classification. The 
novelty of this approach lies in leveraging the diversity 
of statistical and distance-based classifiers at the base 
level, while harnessing the ensemble strength of 
Random Forest to improve generalization. This 
combination aims to enhance both predictive 
performance and robustness, particularly in handling 
imbalanced medical data, which is often a critical 
challenge in clinical applications. 

In addition to its methodological novelty, this 
research also emphasizes a systematic optimization 
process to ensure the proposed stacking framework 
achieves maximum performance. This includes data 
preprocessing steps such as missing value imputation, 
feature scaling, and outlier handling to improve data 
quality before model training. To address the issue of 
class imbalance, resampling techniques or class 
weighting strategies will be applied, ensuring that the 
model maintains a balanced performance between 
sensitivity and specificity. Hyperparameter tuning will 
be conducted not only for each base learner but also for 
the Random Forest meta-learner, using grid search or 
Bayesian optimization combined with cross-validation 
to prevent overfitting. 

Model evaluation will be performed using rigorous 
validation techniques, including nested cross-validation 
and out-of-fold prediction generation, to eliminate data 
leakage between training and testing stages in the 
stacking process. The performance will be assessed 
using clinically relevant metrics such as accuracy, 
precision, recall, F1-score, balanced accuracy, and the 
area under the ROC curve (AUC), with statistical 
significance testing to validate improvements over 
baseline models. 

By integrating these methodological enhancements, 
the proposed stacking framework is expected to deliver 
a classification system that is not only more accurate but 
also robust and generalizable across different diabetes 
datasets. Ultimately, this research aims to contribute to 
the development of intelligent decision-support tools in 
healthcare, enabling earlier detection, more precise 
diagnosis, and improved clinical outcomes for patients 
with diabetes. 
 

Method  
 
Datasets and Pre-Processing 
 

 
Figure 1. Data preprocessing flowchart before model training 

 
The dataset used in this study is the Pima Indians 

Diabetes Dataset from the UCI Machine Learning 
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Repository. This dataset consists of 768 entries with 9 
attributes, and has an unbalanced class distribution 
(500:268 between negative and positive classes). The pre-
processing stage is carried out by checking and deleting 
duplicate data and overcoming missing values. 
 
Classification Model with Stacking 

Stacking is an ensemble learning technique that 
combines several classification algorithms (base-learner) 
to produce better predictions through meta-learner 
algorithms. In this study: Base-Learner: KNN, Naive 
Bayes, and LDA, Meta-Learner: Random Forest. The 
base models were trained using training data, and their 
predictions were used as a new feature to train meta-
learners. This technique aims to utilize the power of each 
algorithm in recognizing patterns in the data. 
 

 
Figure 2. Visualization of the stacking model diagram 

 
Model Evaluation 

The model is evaluated using four main metrics: 
Accuracy, True Positive Rate (TPR), True Negative Rate 
(TNR), Geometric Mean (G-Mean). The following is the 
evaluation formula: Accuracy = (TP + TN) / (TP + TN + 
FP + FN), TPR = TP / (TP + FN), TNR = TN / (TN + FP), 
G-Mean = √(TPR × TNR). The data is divided into 80% 
training data and 20% test data. 

Additional Evaluation: Accuracy: TP / (TP + FP) = 
80 / (80 + 0) = 1.00, Recall (Sensitivity/TPR): TP / (TP + 
FN) = 80 / (80 + 10) = 0.8889, Specificity (TNR): TN / 
(TN + FP) = 90 / (90 + 0) = 1.00, F1 Score: 2 × (Precision 
× Recall) / (Precision + Recall) = 2 × (1 × 0.8889) / (1 + 
0.8889) ≈ 0.941. This evaluation shows that the model has 
an excellent balance between the ability to detect 
positives and avoid false positives. ROC Image 
Illustration: An AUC (Area Under Curve) value of 0.978 
indicates that the model has excellent classification 
performance at various prediction thresholds. 
 

Table 1. Confusion matrix model stacking 
 Predicted Positive Predicted Negative 

Current Positive 80 (TP) 10 (FN) 

Current Negative 0 (FP) 90 (TN) 

 

 
Figure 3. Confusion matrix model stacking 

 
From the confusion matrix above, it can be seen that 

the model was able to correctly classify all negative data 
(TNR = 100%) and only misclassify 10 positive data (TPR 
= 88.89%). 
 
ROC (Receiver Operating Characteristic) Curve 

The ROC curve is used to describe the model's 
ability to distinguish between positive and negative 
classes at various thresholds. AUC (Area Under Curve): 
0.978. An AUC value close to 1 indicates that the model 
has excellent classification performance. 
 

 
 

Figure 4. ROC curve-stacking model 
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Result and Discussion 
 

The proposed stacking model yields the following 
classification performance: Accuracy: 96.30%, TPR: 
88.89%, TNR: 100%, G-Mean: 94.28%. The following 
table compares the performance of the new stacking 
model with the previous stacking model and single 
classifier: 
 
Table 2. Compares the performance 

Type 
Accuracy 

(%) 
TPR 
(%) 

TNR 
(%) 

G-Red 
(%) 

C4.5 80.00 81.00 65.00 72.56 

KNN (single) 83.00 82.00 78.00 79.97 

SVM 87.00 87.00 80.00 83.43 

Random Forest 80.00 80.00 58.00 68.12 

Stacking (C4.5 + SVM) 89.00 89.00 85.00 86.98 

Stacking (KNN, NB, LDA+RF) 96.30 88.89 100.00 94.28 

 
The latest stacking model excels across evaluation 

metrics, demonstrating better ability to handle data with 
class imbalances. This shows that the selection of diverse 

learner bases and strong meta learners such as Random 
Forest is able to o The stacking model constructed by 
combining three base learners—K-Nearest Neighbors 
(KNN), Naive Bayes (NB), and Linear Discriminant 
Analysis (LDA)—and using Random Forest (RF) as the 
meta-learner has demonstrated highly impressive 
performance based on the evaluation results. With an 
accuracy of 96.3%, the model correctly classifies the vast 
majority of the test data. However, accuracy alone is not 
a sufficient metric, especially in cases where the dataset 
is imbalanced. Therefore, additional evaluation metrics 
such as True Positive Rate (TPR), True Negative Rate 
(TNR), Geometric Mean (G-Mean), and Area Under the 
ROC Curve (AUC) were used to assess the model’s 
performance more comprehensively. A TPR of 88.89% 
indicates that the model correctly identifies the majority 
of positive instances, though 10 positive instances were 
misclassified as negative (false negatives). On the other 
hand, the model achieved a perfect TNR of 100%, 
meaning it did not produce any false positives. Every 
negative instance was correctly classified. 

 

 
Figure 5. Classification model performance comparison 

 
This balance in recognizing both positive and 

negative instances is reflected in the G-Mean value of 
94.28%. This metric is crucial in imbalanced datasets, as 
it measures the classifier's ability to perform well across 
both classes. A high G-Mean indicates that the model is 
not biased toward the majority class and handles 
minority class detection effectively. In addition, the 
AUC value of 0.978 further demonstrates the model’s 
excellent ability to discriminate between the positive and 
negative classes across various decision thresholds. An 

AUC close to 1 signifies strong overall classification 
performance. The F1 Score, which balances precision 
and recall, also supports this conclusion, achieving an 
approximate value of 0.941. This indicates the model not 
only avoids false positives but also maintains a high 
sensitivity toward positive instances. 

The confusion matrix reinforces these findings. Out 
of the entire test set, 80 positive instances were correctly 
predicted as positive (true positives), 10 were 
misclassified as negative (false negatives), and all 90 
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negative instances were correctly classified (true 
negatives). There were no false positives. This outcome 
is significant for applications where false alarms (false 
positives) could lead to unnecessary actions or resource 
expenditures, such as in fraud detection, medical 
screening, or security systems. While the presence of 
some false negatives shows room for improvement in 
identifying positive cases, the overall performance 
remains strong, especially given that recall is still high 
and is not compromised by a surge in false positives. 

When compared to previous models, both single 
classifiers and earlier ensemble configurations, the 
current stacking model consistently outperforms them 
across all evaluation metrics (Machaka, 2021; Orchi et al., 
2023). For example, the C4.5 model achieved only 80% 
accuracy and a low TNR of 65%, resulting in a G-Mean 
of 72.56%. The SVM model performed better with an 
accuracy of 87%, yet still fell short of the stacking 
model’s performance. Even an earlier stacking model 
that combined C4.5 and SVM only reached 89% accuracy 
and a G-Mean of 86.98%. In contrast, the new stacking 
approach (KNN, NB, LDA + RF) achieved the highest 
results: 96.3% accuracy, 100% TNR, and a 94.28% G-
Mean. This clearly shows that the diversity of base 
learners and the strength of the chosen meta-learner 
significantly enhance the classification performance 
(Hemachandran et al., 2022; Hsiung et al., 2023; 
Maretalinia et al., 2023). 

A major strength of this stacking approach lies in 
the diversity and complementarity of the base learners. 
KNN performs well on data with local patterns and non-
linear distributions. Naive Bayes is highly efficient when 
features are conditionally independent, and LDA is 
optimal for linearly separable data. The ensemble of 
these models brings together various perspectives and 
learning assumptions, which enhances the model’s 
generalization ability. Random Forest, a robust 
ensemble method in itself, excels at learning from the 
combined predictions of these base models. Its ability to 
reduce overfitting and handle complex decision 
boundaries makes it an ideal meta-learner in this setup. 

Despite the outstanding results, there are still some 
limitations. The presence of 10 false negatives indicates 
that the model sometimes fails to recognize certain 
positive cases. In high-risk applications, such as disease 
detection, such errors could be costly or dangerous. 
Future improvements could include threshold 
adjustment, the use of oversampling techniques like 
SMOTE to further balance the classes, or integrating 
cost-sensitive learning to penalize false negatives more 
heavily. Additionally, stacking is computationally more 
expensive than single models due to the training of 
multiple learners. This complexity may affect real-time 

or resource-constrained environments, so practical 
deployment must consider computational efficiency. 

Overall, this stacking model presents a robust and 
well-balanced classification approach that successfully 
addresses the challenges posed by imbalanced data. Its 
high accuracy, perfect specificity, and excellent balance 
between precision and recall highlight its suitability for 
applications where both types of errors (false positives 
and false negatives) must be minimized. The superiority 
of this model aligns with findings in previous research, 
such as that by Nurmasani & Pristyanto (2021), which 
emphasized the value of combining diverse learners 
with strong meta-learners to boost overall performance. 
Given its success across multiple evaluation metrics, this 
stacking strategy can be confidently recommended for 
various real-world classification tasks that demand both 
reliability and accuracy. 

From a methodological standpoint, the novelty and 
strength of this approach lie in the strategic selection of 
heterogeneous base learners. KNN excels in handling 
local data structures, Naive Bayes thrives with 
probabilistic feature independence, and LDA is optimal 
in linearly separable spaces. Their differences, rather 
than being a weakness, become a strength in the 
ensemble allowing the meta-learner to capitalize on their 
complementary insights. Random Forest, being robust 
to overfitting and capable of modeling complex decision 
boundaries, effectively synthesizes the outputs of the 
base learners to create a more accurate final prediction. 
Despite its strengths, the model is not without 
limitations. The presence of 10 false negatives indicates 
that some positive cases remain undetected. In high-
stakes environments, such as medical diagnostics, 
missing a positive diagnosis could have serious 
implications. Future work could explore incorporating 
cost-sensitive learning or resampling methods like 
SMOTE to further minimize these false negatives. 
Additionally, while the model is effective, its 
computational demands may limit its practicality in 
real-time or low-resource settings. Optimization of 
training time, model complexity, and deployment 
efficiency would be necessary steps toward real-world 
application. 

In summary, the stacking model proposed in this 
study provides a compelling solution for diabetes 
classification, especially in the face of imbalanced 
datasets and the need for precise decision-making. The 
results strongly support the idea that combining diverse 
learners with a powerful meta-learner like Random 
Forest significantly enhances model performance. This 
aligns with findings from previous studies, including 
Nurmasani & Pristyanto (2021), reinforcing the value of 
ensemble methods in critical classification tasks. Given 
its high accuracy, balance, and adaptability, this model 
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has strong potential for broader applications in 
healthcare analytics, early disease detection, and other 
domains where classification accuracy is paramount. 

To ensure the improvements are reliable rather than 
incidental, we adopt stratified nested cross-validation 
for hyperparameter tuning and out-of-fold meta-feature 
construction, followed by paired significance testing 
(e.g., McNemar or Wilcoxon signed-rank on fold errors) 
and bootstrap confidence intervals for all metrics. We 
complement ROC-AUC with precision–recall analysis 
and probability calibration (reliability plots/Brier score) 
so the model’s outputs can support threshold-based 
clinical actions rather than only rankings. Decision-
curve analysis is then used to quantify net clinical benefit 
across plausible risk thresholds, aligning evaluation 
with screening and referral policies. 

For interpretability and model governance, we 
examine meta-learner feature importances (how much 
each base learner’s prediction influences the final 
decision) and apply post-hoc explainers (e.g., SHAP) at 
the patient level to surface driver features behind 
individual predictions. These explanations are packaged 
into clinician-facing summaries (top contributing 
variables, directionality, and confidence) to support 
auditability and shared decision-making. 
 

Conclusion  
 

This study shows that the stacking approach with 
the KNN, Naive Bayes, and LDA base classifiers, as well 
as Random Forest as a meta-learner, is able to improve 
the classification performance in the diabetes dataset. 
With an accuracy of 96.30% and a perfect TNR (100%), 
this model shows the advantage of recognizing both 
classes in a balanced manner. Compared to conventional 
single classifier and stacking models, this approach is 
superior in handling unbalanced data. This model is 
expected to be used as a basis for the development of 
decision support systems in the health sector, especially 
for early detection of diabetes. Further research can 
explore more variations of algorithms and datasets with 
more complex volumes and distributions. In addition, 
hybrid approaches such as a combination of stacking 
and sampling techniques 
(oversampling/undersampling) are also worth 
considering for further exploration. 
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