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1. Introduction 

Diabetes mellitus (DM) remains one of the most critical global health challenges, with prevalence 
continuously increasing and causing substantial morbidity and mortality worldwide. According to 
the International Diabetes Federation (IDF), approximately 537 million adults were living with 
diabetes in 2021, and this number is projected to rise to 643 million by 2030 [1],[2]. Beyond the 
human toll, diabetes contributes to severe complications including cardiovascular diseases, 
nephropathy, retinopathy, and neuropathy imposing a tremendous burden on healthcare systems [3]. 
Early and accurate detection of diabetes is crucial to prevent long-term complications and improve 
patient quality of life [4]. 
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 Diabetes continues to be a critical global health issue, demanding 
accurate predictive systems to enable preventive interventions. 
Traditional diagnostic tests lack efficiency for large-scale early screening, 
which has led to growing interest in artificial intelligence solutions. This 
research proposed an effective methodology for diabetes classification 
based on tree-based algorithms enhanced with SMOTEENN balancing. 
The study employed the Kaggle Diabetes Prediction Dataset with 
100,000 instances and eight medical and demographic features. 
Preprocessing steps included handling missing and duplicate values, 
encoding categorical variables, and scaling numerical attributes with 
Min-Max normalization. To address severe class imbalance, 
SMOTEENN was adopted, producing a cleaner and more balanced 
dataset. Model evaluation was performed using Stratified 5-Fold cross-
validation on six classifiers: Decision Tree, Random Forest, Gradient 
Boosting, AdaBoost, XGBoost, and CatBoost. Experimental results 
indicated significant gains after balancing, with ensemble methods 
outperforming single-tree baselines. Random Forest delivered the best 
overall performance (98.93% accuracy, 98.96% F1-score, 99.16% recall, 
99.94% AUC), followed by CatBoost and XGBoost with comparable 
results above 99% AUC. While Decision Tree benefited most from 
SMOTEENN in relative terms, it remained less competitive. Analysis of 
the importance of the analysis revealed HbA1c level and blood glucose 
level as dominant predictors, validating clinically meaningful learning. 
These findings suggest that integrating hybrid resampling with ensemble 
tree classifiers provides reliable and general predictions for diabetes risk. 
The approach holds promise for deployment in healthcare decision 
support systems. 
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Traditional diagnostic methods such as fasting plasma glucose, oral glucose tolerance tests, and 
HbA1c remain the clinical standard. However, these approaches are invasive, time-consuming, and 
may fail to identify high risk individuals at the early stages of the disease [5]. This limitation has 
motivated the adoption of artificial intelligence (AI) and machine learning (ML) techniques to 
develop predictive models that leverage patient data for scalable, non-invasive early diabetes 
detection [6]. 

Numerous studies have applied various ML algorithms to diabetes prediction. Classical 
approaches such as k-Nearest Neighbors (KNN), Support Vector Machine (SVM), and Artificial 
Neural Networks (ANN) have demonstrated promising results in classification tasks [7], [8]. More 
advanced methods such as ensemble learning [9] and feature selection combined with dimensionality 
reduction [10] have further improved predictive accuracy. Tree-based algorithms such as Random 
Forest (RF), Gradient Boosting (GB), and Extreme Gradient Boosting (XGBoost) have attracted 
significant attention due to their robustness, interpretability, and ability to handle nonlinear 
relationships in medical data [11],[12]. 

Despite these advancements, three critical limitations remain unaddressed, many prior studies 
apply SMOTE-based oversampling without addressing synthetic noise introduced during 
interpolation [13], [14]. This limitation is particularly problematic in clinical settings, where 
synthetic noise can degrade model generalization and lead to false clinical decisions. Recent research 
demonstrates that hybrid balancing approaches (combining oversampling and cleaning) achieve 
more stable results than single-resampling methods [15],[16]. Most comparative evaluations focus 
on 1-2 classifiers [8], [12]. A comprehensive benchmark across multiple tree-based methods is 
needed to guide practitioner selection. 

To address these gaps, this research proposes the development of an effective tree-based machine 
learning model for early diabetes detection, integrating data balancing techniques to enhance 
classification performance. Specifically, the Synthetic Minority Over-sampling Technique combined 
with Edited Nearest Neighbors (SMOTEENN) is employed to simultaneously reduce noise and 
address class imbalance more effectively than oversampling or undersampling alone. The 
contribution of this research is: (1) providing a comparative evaluation of multiple tree-based 
classifiers, including Decision Tree (DT), Random Forest (RF), Gradient Boosting (GB), AdaBoost 
(ADB), XGBoost (XGB), and CatBoost (CTB), (2) investigating the impact of imbalance handling, 
and (3) offering an interpretable model that can assist healthcare practitioners in identifying 
individuals at high risk of diabetes. By advancing tree-based approaches, this research seeks to 
improve predictive accuracy, robustness, and clinical applicability in the early detection of diabetes. 

2. Method 

Fig. 1 shows the diabetes detection framework proposed in this paper. 

 

Fig. 1. The process of the proposed framework 



ISSN 2656-6257 Mobile and Forensics 15 
Vol. 8, No. 1, March 2026, pp. 13-25 

 Syahrani Lonang et.al., (Enhancing Early Diabetes Detection .....) 

2.1. Dataset 

This research employs the Diabetes Prediction Dataset obtained from Kaggle, which provides 
demographic and clinical records for diabetes risk assessment. The dataset contains a total of 100,000 
samples with eight features, including both numerical and categorical variables. The predictive target 
is diabetes status, where 0 represents non-diabetic and 1 represents diabetic cases. However, the 
dataset exhibits a significant imbalance, with the majority class (non-diabetic) dominating the 
minority class (diabetic), a common challenge in medical datasets that may reduce model sensitivity 
to minority outcomes [17]. Addressing this imbalance is crucial to improve the fairness and reliability 
of classification results. Table 1 provides a description of the features included in this dataset. 

Table 1.  Table Styles 

Index Feature Data Type Description 

1 Gender category Female = 0; Male = 1 

2 Age Numeric Age in years, [4,80] 

3 Hypertension Category No hypertension =0; Having hypertension = 1 

4 Heart disease Category No heart disease =0; Having heart disease = 1 

5 Smoking history Category 
Never = 0; Other = 1; No Info = 2; Ever = 3; Current = 
4; Former = 5; Not Current = 6 

6 Body mass index (BMI) Numeric 
Measure of body fat based on weight and height 
[10,95.7] 

7 HbA1c level Numeric 
Hemoglobin A1c measures a person's average blood 
sugar level [3.5,9] 

8 Blood glucose level Numeric Amount of glucose in the bloodstream [80,300] 

9 Diabetes Category No Diabetes = 0; Having Diabetes = 1 

 

2.2. Data Preprocessing 

Data preprocessing was conducted to improve data quality and model performance [18]. Missing 
values were inspected, and duplicate entries were removed to avoid bias. Categorical variables, 
including gender and smoking history, were encoded into numerical values for algorithm 
compatibility. Finally, all numerical features were scaled using Min-Max normalization to a range 
of [0,1], as expressed in Equation (1): 

 
𝑥′ =

𝑥 − 𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛

 (1) 

Where x’ is the normalized feature value, x is the original feature, xmin and xmax indicate the 
smallest and largest observed values. This method ensures uniform contribution of each feature to 
the learning process and avoids bias toward variables with larger ranges [19],[20]. 

2.3. Balancing Data Using SMOTEENN 

Medical datasets are frequently imbalanced, where the majority class significantly outweighs the 
minority class. Such disproportionate distributions reduce classifier sensitivity and bias predictions 
toward the majority, thereby compromising the reliability of the model [21],[22]. The diabetes 
dataset employed in this research is no exception, with a stark disparity between classes. As shown 
in Table 2, 91,500 instances (91.5%) belong to the non-diabetic class, while only 8,500 instances 
(8.5%) represent diabetic cases. This imbalance poses a critical challenge in ensuring accurate 
recognition of minority outcomes. 

Table 2.  The distribution of diabetes in dataset 

Class Number of Records Percentage 

Non-diabetes [0] 91,500 91.5% 

Diabetes [1] 8,500 8.5% 

Total 100,000 100% 
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To address imbalance, three common strategies are employed: oversampling minority cases, 

undersampling majority cases, or combining both. Oversampling enriches the minority space but 
may induce overfitting, while undersampling reduces the dataset size and risks discarding valuable 
information. Prior studies have demonstrated that hybrid approaches achieve more stable and 
effective results compared to single resampling methods. In this research, the SMOTEENN method 
was adopted. SMOTE (Synthetic Minority Oversampling Technique) generates synthetic minority 
samples by interpolating between existing neighbors, expanding the decision boundary. ENN (Edited 
Nearest Neighbors) subsequently removes noisy or conflicting samples based on local neighborhood 
consistency, thus refining data quality. This two-step mechanism both balances and denoises the 
dataset [23],[24],[25]. After applying SMOTEENN, the distribution reached near parity, with 86,525 
diabetic cases (51%) and 82,176 non-diabetic cases (49%). This adjustment ensures a cleaner, more 
balanced dataset, providing a solid foundation for reliable and generalizable model training. 

Critical Data Leakage Prevention: SMOTEENN was applied exclusively within each training fold 
during cross-validation, never to test folds. The procedure was: 1. Dataset split into 5 stratified folds 
2. For each fold: - Training set (4 folds) → Apply SMOTEENN → Train model - Test set (1-fold) 
→ Original imbalanced distribution → Evaluate 3. Report averaged metrics across 5 folds with 
standard deviation. This ensures models are tested on realistic imbalanced data, simulating real-world 
deployment conditions where test data retain the original distribution. 

2.4. Classification Model 

The dataset was divided into training and testing subsets using Stratified 5-Fold cross-validation. 
This method ensures that each fold maintains the original class distribution, thereby reducing bias 
and providing a more reliable evaluation of model performance across both majority and minority 
classes. Such stratified sampling is widely recommended in imbalanced medical datasets to improve 
the stability and robustness of classification outcomes. Six tree-based algorithms were selected with 
the following default hyperparameters as shown Table 3: 

Table 3.  Hyperparameter configurations 

Algorithm Hyperparameters 

Decision Tree criterion= ‘gini’, max_depth=None, min_samples_split=2, random_state=42 

Random Forest 
n_estimators=100, criterion= ‘gini’, max_depth=None, min_samples_split=2, 
random_state=42 

Gradient Boosting n_estimators=100, learning_rate=0.1, max_depth=3, subsample=1.0, random_state=42 

Algorithm Hyperparameters 

XGBoost n_estimators=100, learning_rate=0.3, max_depth=6, subsample=1.0, random_state=42 

AdaBoost n_estimators=50, learning_rate=1.0, random_state=42 

CatBoost iterations=100, learning_rate=0.03, depth=6, random_state=42 

 
For model development, six tree-based algorithms were selected: Decision Tree (DT), Random 

Forest (RF), Gradient Boosting (GB), AdaBoost (ADB), XGBoost (XGB), and CatBoost (CTB). DT: 
Simple yet interpretable models establishing baseline performance for medical classification tasks 
[26]. RF extends DT by aggregating multiple trees through bagging, which reduces variance and 
enhances robustness against overfitting [27]. GB and ADB represent boosting-based approaches that 
sequentially correct misclassified samples, often yielding higher accuracy and sensitivity in 
healthcare applications [28].  XGB has been widely recognized for its scalability, regularization 
capabilities, and superior predictive performance, making it particularly effective for handling high-
dimensional medical datasets [29]. Meanwhile, CTB improves upon conventional boosting by 
incorporating efficient handling of categorical variables and reducing prediction bias, thus achieving 
competitive results even on heterogeneous clinical datasets. Prior studies in diabetes and other 
disease prediction have consistently shown that ensemble tree-based classifiers outperform single 
models in both predictive accuracy and generalization [30]. By combining these six algorithms, the 
research provides a comprehensive comparison of tree-based methods for early diabetes detection, 
highlighting relative strengths and contributions to improving diagnostic accuracy. 
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2.5. Performance Evaluation Measures 

The evaluation of classification models in this research relies on multiple performance metrics 
derived from the confusion matrix, which provides a comprehensive overview of correct and 
incorrect predictions made by the classifier [31]. In a binary classification setting such as diabetes 
detection, the confusion matrix is structured around four components: true negative (TN), false 
negative (FN), true positive (TP), and false positive (FP). True Negative, denoted as TN in Figure. 
2, shows the number of actual negative class data points predicted by the model to be actual negative. 
The term FN refers to the amount of data that is predicted to have a negative class but is positive. 
True positive, abbreviated as TP, is the amount of positive data correctly classified by the model 
based on its class. The amount of data in a class that is negative but is predicted to be positive by the 
model is referred to as a false positive (FP) [32],  [22], [31]. 

These elements form the basis for calculating several widely used measures including accuracy, 
precision, recall (true positive rate), specificity (true negative rate), F1-score, miss rate, fallout, and 
the area under the ROC curve (AUC-ROC).  Fig. 2 illustrates the confusion matrix structure. 

 

Fig. 2. Confusion matrix 

Accuracy measures the overall proportion of correctly classified instances, while precision 
quantifies the proportion of correctly predicted positive cases among all positive predictions. Recall, 
or sensitivity, reflects the proportion of actual positive cases correctly identified, whereas specificity 
assesses the proportion of negatives correctly recognized. To balance precision and recall, the F1-
score is considered as their harmonic mean [33], [34]. Metrics such as error rate, miss rate, and fallout 
provide additional perspectives on misclassification costs, particularly important in healthcare tasks 
where false negatives may lead to critical consequences [35]. Furthermore, AUC reflects how well a 
model predicts diabetes. Prior works on diabetes classification consistently applied these measures, 
confirming their suitability for assessing model robustness and clinical applicability. Based on the 
outcomes obtained from the confusion matrix, the performance indicators were computed using the 
formulas presented below. 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁
 (2) 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
× 100 (3) 

 
𝑅𝑒𝑐𝑎𝑙𝑙 =

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
× 100 (4) 

 𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ×
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𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
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By employing this comprehensive set of evaluation metrics, the research ensures that the models 
are not only optimized for accuracy but also balanced in their ability to detect minority diabetic cases 
while avoiding excessive false alarms. 

3. Results and Discussion 

This research aims to develop an effective tree-based machine learning model for early diabetes 
detection. To mitigate the imbalance inherent in the dataset, the SMOTEENN method was applied, 
ensuring a balanced representation of classes. Performance evaluation was carried out using 
Stratified 5-Fold cross-validation, enabling fair assessment across classes. Six tree-based algorithms 
were implemented in this research: DT, RF, GB, XGB, ADB and CTB. 

Before evaluating model performance, this study first analyses the impact of SMOTEENN on the 
original class distribution of the diabetes dataset. As shown in Figure X, the raw data are highly 
imbalanced, with 91,500 non‑diabetic instances (class 0) and only 8,500 diabetic instances (class 1), 
corresponding to a ratio of approximately 10.8:1. After applying SMOTEENN, the distribution 
becomes substantially more balanced, yielding 86,525 diabetic cases (51%) and 82,176 non‑diabetic 
cases (49%). This near‑parity distribution confirms that the hybrid resampling procedure not only 
increases the representation of the minority class but also removes noisy and overlapping samples 
from the majority class, thereby providing a cleaner and more informative dataset for subsequent 
model training and evaluation. 

 

Fig. 3. Data Distribution 

Table 4.  Average performance for each algorithm without SMOTEENN 

Algorithm 
Performance Measures 

Accuracy Precision Recall F1-Score Specificity Fallout Miss rate 

DF 0.9519 0.7084 0.7392 0.7234 0.9717 0.0283 0.2608 

RF 0.9702 0.9490 0.6860 0.7963 0.9966 0.0034 0.3140 

GB 0.9720 0.9841 0.6814 0.8052 0.9990 0.0010 0.3186 

XGB 0.9712 0.9552 0.6936 0.8036 0.9970 0.0030 0.3064 

ADB 0.9719 1.0000 0.6691 0.8017 1.0000 0.0000 0.3309 

CTB 0.9711 0.9525 0.6952 0.8037 0.9968 0.0032 0.3048 

 
As presented in Table 4, the best overall accuracy is obtained by GB at 97.20%, closely followed 

by ADB (97.19%), XGB (97.12%), and CTB (97.11%). RF also performs strongly with 97.02%, 
while DT lags at 95.19%. This confirms the advantage of ensemble-based methods, as also reported 
in prior studies on disease prediction where boosting techniques consistently outperformed single-
tree classifiers. For precision, ADB achieves a perfect 100.00%, indicating no false positives, while 
GB (98.41%) and XGB (95.52%) also attain high values. However, these models trade precision for 
recall, which remains comparatively low: 66.91% for ADB and 68.14% for GB. By contrast, DT 
shows the highest recall (73.92%) and the lowest miss rate (26.08%), reflecting its tendency to 
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capture more true positives but at the cost of increased false alarms (lower precision, 70.84%). This 
inverse relationship between precision and recall is consistent with patterns highlighted in earlier 
works. 

In terms of F1-Score, GB leads with 80.52%, slightly ahead of XGB (80.36%), CTB (80.37%), 
and ADB (80.17%). RF, although accurate and highly specific (99.66%), records a lower recall 
(68.60%), reducing its F1 (79.63%). Specificity values are uniformly high across all ensembles 
(≥99.66%), with ADB reaching a perfect 100.00%, but this masks the fact that minority diabetic 
cases are often misclassified. The results highlight that without balancing; classifiers exhibit strong 
precision and specificity but consistently weaker recall. This confirms the typical bias toward the 
majority class in imbalanced datasets, limiting the ability to correctly identify diabetic cases a 
challenge. 

Table 5.  Average performance for each algorithm with SMOTEENN 

Algorithm 
Performance Measures 

Accuracy Precision Recall F1-Score Specificity Fallout Miss rate 
DF 0.9786 0.9780 0.9803 0.9792 0.9768 0.0232 0.0197 

RF 0.9893 0.9876 0.9916 0.9896 0.9869 0.0131 0.0084 

GB 0.9696 0.9693 0.9714 0.9704 0.9677 0.0323 0.0286 

XGB 0.9851 0.9897 0.9811 0.9854 0.9892 0.0108 0.0189 

ADB 0.9462 0.9444 0.9512 0.9478 0.9410 0.0590 0.0488 

CTB 0.9878 0.9928 0.9833 0.9880 0.9924 0.0076 0.0167 

 
As reported in Table 5, the application of SMOTEENN substantially improved the performance 

of all classifiers compared to the imbalanced setting. The highest accuracy was achieved by Random 
Forest (RF) at 98.93%, followed closely by CatBoost (CTB, 98.78%) and XGBoost (XGB, 98.51%). 
Decision Tree (DT) also demonstrated a notable improvement, reaching 97.86%, while Gradient 
Boosting (GB) slightly underperformed relative to other ensembles at 96.96%. AdaBoost (ADB), 
however, recorded the lowest accuracy at 94.62%, showing that its conservative prediction strategy 
was less effective even after balancing. For precision, CTB delivered the best result (99.28%), 
marginally higher than XGB (98.97%) and RF (98.76%). This indicates that these ensemble methods 
were highly effective in minimizing false positives. Recall values also improved markedly across 
models, with RF attaining 99.16%, CTB 98.33%, and XGB 98.11%. Compared to the imbalanced 
dataset where recall values ranged between 66.91% (ADB) and 73.92% (DT), the use of 
SMOTEENN reduced the miss rate significantly—for instance, DT’s miss rate declined from 26.08% 
to 1.97%, and RF’s from 31.40% to 0.84%. In terms of F1-Score, RF again led with 98.96%, followed 
closely by CTB (98.80%) and XGB (98.54%). By contrast, ADB scored the lowest F1 (94.78%), 
reflecting its overall weaker balance between precision and recall despite perfect precision in the 
imbalanced case. Specificity values remained high across all models, with CTB attaining 99.24% 
and XGB 98.92%, confirming that balanced training preserved strong negative-class recognition 
while greatly enhancing recall score. 

 

Fig. 4. The ROC curve of six algorithms with and without SMOTEENN 
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As presented in Fig. 4. The ROC curves reveal clear separation among models: the boosted 
ensembles—GB, XGB, and CTB—trace the upper-left envelope, consistent with their higher AUCs 
(97.90%, 97.73%, 97.72% in Table 5). RF follows with 96.25%, while DT trials markedly (85.11%), 
indicating limited discriminative ability when the training data are imbalanced. ADB performs well 
(97.28%) but remains slightly below the top trio. After balancing, every ROC curve shifts toward the 
top-left corner, and inter-model gaps shrink at low FPR. RF reaches the steepest ascent and the largest 
area (99.94% AUC), closely followed by CTB (99.92%) and XGB (99.90%). GB remains strong 
(99.67%). The most notable improvement is DT, whose AUC jumps from 85.11% to 97.84% (+12.73 
points), reflecting far better separability of diabetic vs. non-diabetic cases once class skew is 
corrected. ADB also increases to 99.16%, confirming the broad benefit of hybrid resampling. 

To understand which clinical and demographic attributes most strongly drive the predictions of 
the tree‑based models, this study further examines feature importance across all classifiers, as 
illustrated in Fig. 5. Consistently for Decision Tree, Random Forest, Gradient Boosting, XGBoost, 
AdaBoost, and CatBoost, HbA1c level emerges as the most influential predictor, followed by blood 
glucose level, age, and BMI, whereas hypertension, heart disease, smoking history, and gender 
contribute comparatively less. This pattern is clinically plausible because HbA1c and blood glucose 
are primary biomarkers for diabetes diagnosis, while age and BMI are well‑established risk factors, 
indicating that the models learn medically meaningful relationships rather than relying on spurious 
correlations. 

 

Fig. 5. Feature Importance 

Considering all metrics from Tables 3–4–5 jointly, Random Forest with SMOTEENN provides 
the best balance: top AUC (99.94%), very high Accuracy (98.93%), Recall (99.16%), and F1-Score 
(98.96%), with low Fallout (1.31%) and Miss rate (0.84%). CatBoost is a close second—excelling 
in Precision (99.28%) and Specificity (99.24%) with AUC 99.92%—and XGBoost ranks third with 
consistently high Accuracy/F1 and AUC 99.90%. Thus, RF + SMOTEENN is the most effective 
choice for early diabetes detection in this research. 

4. Conclusion 

This research proposed a tree-based machine learning framework for early diabetes detection, 
addressing the challenge of class imbalance through the SMOTEENN technique. Six algorithms 
Decision Tree, Random Forest, Gradient Boosting, AdaBoost, XGBoost, and CatBoost were 
evaluated using Stratified 5-Fold cross-validation and multiple performance indicators derived from 
the confusion matrix and ROC analysis. 

The experimental results demonstrated that balancing with SMOTEENN produced substantial 
performance gains across all models, especially in recall and miss rate. Random Forest achieved the 
best overall performance, with an accuracy of 98.93%, F1-score of 98.96%, recall of 99.16%, and 
the highest AUC of 99.94%. CatBoost and XGBoost followed closely, offering strong precision, 
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specificity, and comparable AUC values above 99.0%. Decision Tree, while showing notable 
improvement after balancing, remained less competitive compared to ensemble models, and 
AdaBoost performed relatively weaker despite gains in AUC. These findings confirm that ensemble-
based classifiers combined with hybrid resampling provide a robust and reliable solution for diabetes 
classification. 

The significance of this study lies not only in improved predictive accuracy but also in its potential 
clinical implications. By integrating SMOTEENN with robust classifiers, the system can support 
early screening and risk assessment for diabetes, thereby aiding healthcare providers in timely 
intervention. For future directions, the framework may be expanded with automated feature selection, 
hyperparameter optimization, and validation on diverse populations. Furthermore, embedding such 
models into digital health platforms could pave the way for scalable and real-time decision support 
in diabetes care. 
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