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Diabetes mellitus (DM) is described by chronic high blood glucose 
levels, which can result in long-term damage, dysfunction, and organ 
failure. As a result of technological advancements, many researchers 
are employing machine learning to predict diabetes. They collect 
patients’ demographics and health information, organizing them into a 
dataset. However, in most real-world data, the non-diabetic cases 
exceed the diabetic cases, contributing to bias in the majority class and 
resulting in low predictive diabetic cases. Therefore, a Synthetic 
Minority Oversampling Technique (SMOTE) has been proposed to 
improve diabetic prediction on the dataset samples before training the 
Classification and Regression Tree (CART) model. The proposed 
framework involved the preprocessing step (SMOTE and categorical 
conversion), CART training, hyperparameter tuning, and evaluation 
metrics. With a combination of 8 leaf numbers per node, a maximum of 
10 splits, and deviance as the split criterion, the model achieves an 
overall accuracy of 98.72%, a precision of 98.94%, a sensitivity of 
98.44%, and an F1-score of 98.67%. In conclusion, the proposed 
SMOTE-CART framework can effectively address the imbalanced data 
in a diabetes dataset and improve the accuracy of diabetes prediction. 
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1. Introduction 
Diabetes mellitus (DM) is described by chronic high blood sugar levels caused by a metabolic imbalance in which 
the pancreas fails to generate an adequate amount of insulin or when the body ineffectively uses the insulin it does 
produce, leading to long-term damage, malfunction, and organ failure [1-3]. In 2021, diabetes affected 
approximately 6.7 million people globally, as stated by the International Diabetes Federation. By 2045, this figure 
is anticipated to increase by 46 per cent [4, 5].  The number of diagnosed cases continued to rise, emphasizing 
solutions to combat diabetes and limit its effects on world health [6]. 



J. of Soft Computing and Data Mining Vol. 7 No. 1 (2026) p. 1-10 2 

 

 

Diabetes management is self-managed by the patients themselves through many glucose level assessments, 
such as insulin injections, which generates hardship for people who require daily measurements [7]. The current 
conventional glucometers use a needle to get a blood sample from a fingertip and a disposable strip to get the 
readings [8], [9]. Many researchers are utilizing machine learning to predict diabetes, driven by technological 
advancements. They collect patients’ demographic and health information and organize it into a dataset [10]. 
However, in most real-world data, the non-diabetic cases exceed the diabetic cases, contributing to bias in the 
majority class and resulting in poor predictive diabetic cases. Previously, several methods and techniques were 
employed in imbalanced datasets, including the synthetic minority oversampling technique (SMOTE), adaptive 
synthetic sampling (ADASYN), random oversampling (ROS), and various hybrid techniques.  

In [10, 11], the authors study the application of the Synthetic Minority Oversampling Technique (SMOTE) to 
enhance minority classification in diabetes databases. The researchers found that this method improved the 
classification performance, especially in precision and recall, ensuring unbiased results towards the majority 
class, while the author in [13] studies the combination of multiple imputations by chained equations (MICE) and 
SMOTE to handle missing values in the dataset. Therefore, the model becomes more stable and reliable in making 
predictions compared to raw, imbalanced data. 

The author in [14] explored the hybrid method to address the imbalance class, for example, ADASYN-SMOTE 
and SMOTE-SVM, finding that ADASYN-SMOTE performed better with an 87.3% accuracy rate compared to the 
SMOTE-SVM. On the other hand, [15] solved the unbalanced diabetes data using a hybrid sampling approach 
combining SMOTE and ENN, along with Random Forest (RF) and Support Vector Machines (SVM). In addition, the 
author [16] proposed a cluster-based resampling method, such as K-means, Agglomerative Hierarchical Clustering 
(AHC), and Hierarchical Density-Based Spatial Clustering of Applications with Noise (HDBSCAN), combined with 
resampling SMOTE, outperforming the traditional resampling techniques. Furthermore, the authors in [16-21] 
applied SMOTE to various classifiers, including XGBoost, RF and Gradient Boosting Trees, to tackle the imbalance 
issue in the dataset. The research demonstrates consistency of precision, sensitivity, and F1-score with RF, and 
XGBoost outperforms others in handling diabetes classification. 

We have collected data from 210 individuals who underwent health screening checkups at Putra Specialist 
Hospital in Batu Pahat. However, the data is imbalanced, with 195 samples from non-diabetic subjects and the 
remaining 15 samples from diabetic subjects. We implemented the classification and regression tree (CART) 
model to predict diabetes; however, the outcomes were biased due to the insufficient positive and negative 
instances. This is caused by the small dataset size that can affect generalization; in other words, it may be unable 
to capture the variability of real-world conditions. 

SMOTE is a data augmentation approach that can be applied to enhance a model’s generalization within a 
limited dataset by adding new synthetic samples to expand the dataset. Although SMOTE can pose a risk of 
overfitting and potentially increase the noise or outliers, it is suitable for this research since our dataset does not 
involve time-series data, where maintaining temporal relationships is crucial. 

Therefore, this research proposes the SMOTE-CART framework to address the trade-off between unbalanced 
data and boost the accuracy in predicting diabetes. The significant contribution of the SMOTE-CART framework is 
that it offers a novel hybrid technique to tackle imbalanced issues by producing new artificial samples for the 
minority class prior to training the CART model. Additionally, we proposed a novel optimization implementation 
that can enhance CART performance in predicting diabetes. Finally, we also showed the real-world deployment of 
SMOTE-CART through MATLAB. Compared to the previous hybrid method, our findings provide a well-balanced, 
efficient, and effective approach to handling imbalanced datasets, thereby improving model performance.  

2. Methodology 
Figure 1 depicts the general process of the diabetes prediction model. The dataset contains six features: gender, 
age, BMI, smoking status, the number of hours between the last food intake and the health screening, glucose level, 
and diabetes prediction as the target. Gender, smoking status, and the number of hours between the last food 
intake and the health screening are represented as categorical data, with values of 0 and 1. The remaining features 
are expressed in numerical terms. Ethical approval has been obtained from the Research Ethics Committee (REC) 
Meeting of UTHM prior to data collection. Then, the subject’s informed consent was obtained from 210 subjects 
(adults aged 18 to 85 years old, healthy or with Type 2 diabetes) recruited at Putra Specialist Hospital, Batu Pahat. 
The diabetes status, which is the target feature, is divided into two classes: Class 0 for non-diabetes and Class 1 
for diabetes. The process of diabetes prediction started with the preprocessing step and train-test splitting. The 
selected machine learning model in this research is the CART model, which implements several hyperparameter 
tuning settings, for example, the number of leaves per node, the maximum number of splits, and the split criterion. 
The confusion matrix, accuracy, precision, recall, F1-score, and ROC-AUC curve will be utilized to assess the 
model’s performance. Lastly, a model deployment was performed using MATLAB software. 
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Fig. 1 Block diagram for diabetes prediction 

2.1 SMOTE and Train-Test Split 
SMOTE is used in this study because the classification of diabetes and non-diabetes samples is skewed. It is an 
oversampling technique which generates artificial samples for the minority class, rather than repeating existing 
data. A ratio of 80:20 is used to evaluate the model by separating the dataset into two parts. The purpose of 
training is to carry out the instructed task, while testing assesses how the final trained model performs on the 
hidden data to prevent overfitting. Twenty per cent of the data will be randomly selected for testing, while the 
remaining 80% will be used for training. 

Table 1 presents the pseudocode for the steps used to address the unbalanced issue using the SMOTE 
technique. The process begins with loading the dataset containing six input features and a target feature. 
Preprocessing then follows, where the samples are balanced using the SMOTE approach. The augmented dataset 
is subsequently divided into two subsets before being trained with hyperparameter tuning via the grid search 
method.  Lastly, six parameters will be used to assess the model’s performance, such as the confusion matrix, 
accuracy, precision, recall, F1-score, and ROC-AUC curve. 

Table 1 Pseudocode for imbalanced data using SMOTE 
Pseudocode for Imbalanced Data using SMOTE 

1. Load dataset of 6 input features (age, gender, BMI, glucose, meal timing, smoking 
status) and target features (Diabetes) 
2. Balance the data using SMOTE 
3. Split the data into 80:20 train-test 
4. Training the CART algorithm using the grid search method of hyperparameter 
tuning 
5. Performance of evaluation metrics 
6. End 
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2.2 Classification and Regression Tree (CART) and Hyperparameter Tuning 
CART is an algorithm that combines decision trees and regression analysis to solve classification and regression 
problems [23]. Gini index and deviance are the criteria for splitting. The Gini index refers to the statistic that 
determines the purity of data in a decision node, and deviance is calculated using log-likelihood to assess the 
quality of classification models. Hyperparameter tuning is a parameter in machine learning that must be set before 
training the model [24]. In CART, the hyperparameters involved in tuning are the number of leaves per node, the 
maximum number of splits, and the split criterion. The number of leaves per node refers to the minimum number 
of data points in a leaf branch to prevent overfitting by forbidding the tree from splitting further than the selected 
value, and the maximum number of splits constrains the tree’s growth, minimizing complexity and preventing 
overfitting by avoiding needless branching. 

2.3 Performance Metrics 
Accuracy, precision, sensitivity, F1-score, and the ROC-AUC curve are used to evaluate the model’s performance. 
These metrics have been presented in equations (1) through (5), respectively. Table 2 illustrates the binary 
classification’s confusion matrix structure, which displays the position of the number of true positives, true 
negatives, false positives, and false negatives. Besides that, variable a represents the tested_negative, which refers 
to the samples in the negative class, and variable b represents all positive samples, referred to as tested_positive. 
From the structure, a true negative is obtained when the model correctly classifies the negative samples, but if it 
fails, the samples are categorized as false positives. In contrast, when a model successfully identifies a positive 
sample, a true positive is obtained, and if it incorrectly predicts a negative sample, the sample is counted as a false 
negative. 

Table 2 Confusion matrix layout [25] 
Confusion Matrix Structure 

Total number of samples Predicted Class 
No 

a=tested_negative 
Yes 

b=tested_positive 

Actual 
Class 

No 
a=tested_negative 

True Negative False Positive 

Yes 
b=tested_positive 

False Negative True Positive 

 
Accuracy is the ratio of the summation of true positives and true negatives to the total number of cases. The 

proportion of the expected positive instances to the total predicted positive instances is referred to as precision. 
Recall assesses the proportion of positively predicted values among all actual positive samples in the dataset. In 
addition, the F1-score is used to measure the overall model’s achievement by weighting the precision and recall, 
while the AUC value serves as an indicator for a binary classification model that can differentiate positive and 
negative classes [26]. 

All the metrics evaluated by TP as True Positive, TN as true Negative, FP as the False Positive, FN as the False 
Negative, Ri is the rate of the ith data, and If and II are the negative and positive data.   

 

Accuracy =  
TP + TN

TP + TN + FP + FN
 (1) 

Precision =
TP

TP + FP
 (2) 

Recall =  
TP

TP + FN
 (3) 

FI − score =
2TP

2TP + FP + FN
 (4) 

𝐴𝐴𝐴𝐴𝐴𝐴 =  
∑𝑅𝑅𝑖𝑖(𝐼𝐼𝐼𝐼) − 𝐼𝐼𝐼𝐼(𝐼𝐼𝐼𝐼 + 1)/2

𝐼𝐼𝐼𝐼 + 𝐼𝐼𝑓𝑓
 (5) 
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2.4 Model Deployment 
Model deployment in machine learning involves integrating the trained model into the real world for user 
applications through a user interface. Figure 2 represents the user interface of model deployment using MATLAB 
software. By entering user inputs such as gender, age, BMI, glucose level, the number of hours between the last 
food intake and the health screening, and smoking status, the model will predict the class of diabetes.  
 

 

Fig. 2 User interface of the model deployment 

3. Results and Discussion 
Section 3 unveils the findings and their corresponding discussion. Section 3.1 covered four divisions. Firstly, 
subsection 3.1.1 explains the best selected hyperparameter tuning settings that improve the model’s accuracy and 
overall performance. Then, subsection 3.1.2 explained the potential of the developed model through the 
evaluation metrics. Subsection 3.1.3 benchmarking SMOTE-CART with Random Forest and CART models, 
highlighting the results obtained by the selected algorithm compared to others. Finally, subsection 3.1.4 presents 
the outcomes of model deployment. Additionally, Section 3.2 presents a discussion, and Section 3.3 highlights the 
limitations of this study. 

3.1 Results  
This study investigates the effectiveness of the developed SMOTE-CART model in predicting diabetes in 
imbalanced data conditions. In contrast to the previous study, which demonstrated only modest performance, this 
work aims to establish a more robust and successful hybrid model for diabetes prediction.  

3.1.1 Hyperparameter Tuning 
Table 3 presents the optimal hyperparameter tuning settings for the prediction model. A value of 8 is selected for 
the number of leaves per node and 10 for the maximum number of splits. Then, the chosen split criterion is 
deviance due to its functionality in imbalanced datasets, as the current dataset has a higher proportion of non-
diabetic samples. The combinations of tuning settings increased accuracy and other performance parameters.  

Table 3 The optimal hyperparameter tuning settings 
The Best Hyperparameter Tuning Setting 

Number of leaves per node 8 
Maximum number of splits 10 
Split criterion Deviance 

 

 

Diabetes Prediction Model 
Please provide the following information: 

Enter Age: 

Enter BMI: 

Enter Gender (0 for Male, 1 for Female): 

Enter Glucose Reading (mmol/L): 

Meal Taken (0 for No Meal, 1 for Meal Taken): 

Smoking Status (0 for Non-Smoker, 1 for Smoker): 

Predicted Class: 



J. of Soft Computing and Data Mining Vol. 7 No. 1 (2026) p. 1-10 6 

 

 

3.1.2 Performance of Evaluation Metrics 
The experimental results, obtained after training the dataset using the SMOTE and CART framework model, are 
presented in this section. Figure 3 illustrates the confusion matrix, where the rows represent the actual classes 
and the columns represent the predicted classes. For Class 0, the model successfully identified 31 samples as Class 
0, with one miscategorization as Class 1. Besides, 46 samples of Class 1 were correctly classified with no 
misclassification. These results demonstrate that the hybrid SMOTE-CART model is a robust, reliable, and valid 
approach for distinguishing between diabetes and non-diabetes samples. Moreover, the color density in the 
diagonal pattern suggests that the model is effective and has a strong capacity to distinguish between classes. 
 

 

Fig. 3 Confusion matrix 

The result of the SMOTE-CART performance is presented in Table 4. First, Class 0 achieved an accuracy of 
96.88%. indicating that all samples in this class were correctly classified. Then, the 100% precision indicates that 
all non-diabetic samples were correctly predicted. Then, recall was 96.88%, showing that the ground labels were 
successfully identified, and the F1-score was 98.41%, reflecting strong consistency in this class.  

For Class 1, 100% accuracy was achieved, indicating that all diabetic samples were recognized accurately. A 
precision of 97.87% indicates that most samples are correctly predicted as Class 1, while the actual instances are 
successfully identified, achieving 100% recall. A value of 98.92% for the F1-score rate indicates an excellent 
balance between precision and sensitivity in this class, which suggests that this model is effective in predicting 
diabetes. 

A 98.72% overall accuracy signifies an almost perfect classification of both classes. Furthermore, with 
precision, recall, and F1-scores of approximately 98.94%, 98.44%, and 98.67%, respectively, indicating a well-
consistent ability to differentiate between diabetic and non-diabetic data. In general, the outcome from Class 0 
indicates that all the cases of Class 0 (non-diabetic cases) are precisely identified, whereas in Class 1, all actual 
cases were successfully recognized.   

Table 4 Performance of evaluation metrics 
Class Accuracy 

(%) 
Precision 

(%) 
Recall 

(%) 
F1-score 

(%) 

0 96.88 100 96.88 98.41 
1 100 97.87 100 98.92 
Overall (Class 0 + Class 1) 98.72 98.94 98.44 98.67 
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Fig. 4 ROC curve 

Figure 4 illustrates the ROC curve for the model, where the horizontal line represents the false positive rate 
and the vertical line represents the true positive rate, plotted under various probabilistic thresholds. This curve 
explains the ability to discriminate between the two classes across all possible thresholds in binary classification. 
Furthermore, the Under the Curve (AUC) values for both classes are 0.98. In practice, an AUC value close to 1 
indicates perfect differentiation ability, meaning the model can successfully distinguish between individuals with 
diabetes and those without. Additionally, the equality values of both classes demonstrate that the model performs 
well in both categories, indicating a balanced predictive capability. 

3.1.3 Benchmarking SMOTE-CART with Random Forest and CART Models 
The comparison of SMOTE-CART, Random Forest, and CART performance is presented in Table 5. These three 
algorithms were trained using the same settings: the grid search method and an 80:20 split ratio. Random Forest 
achieved an accuracy of 88%, with a precision of 63%, a recall of 60%, an F1-score of 61%, and an AUC value of 
0.88. This result indicates that RF is one of the reliable models. Additionally, CART achieved 100% accuracy, 
including all other parameters. However, the AUC could not be executed because of insufficient instances. Lastly, 
SMOTE-CART achieved higher accuracy than Random Forest, with 98.72%, a precision of 98.94%, a recall of 
98.44%, an F1-score of 98.67%, and an AUC curve of 0.98, indicating excellent model performance.  

From these findings, the optimal performance of the CART model may indicate overfitting due to insufficient 
sample size. Meanwhile, the Random Forest exhibits the lowest sensitivity, yet with a good AUC, indicating a 
reasonable overall performance. Undoubtedly, SMOTE-CART produces a well-proportioned performance with 
higher accuracy, precision, and recall, making it the most generalizable model among the three algorithms. 

Table 5 Comparison between SMOTE-CART and other models 

Algorithms 
Accuracy 

(%) 
Precision 

(%) 
Recall 

(%) 
F1-Score 

(%) AUC-curve 

Random Forest 88 63 60 61 0.88 

CART 100 100 100 100 
No AUC can be executed because of 
insufficient positive and negative 
instances 

SMOTE-CART 98.72 98.94 98.44 98.67 0.98 
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3.1.4 Model Deployment Outcomes 
Figure 5 illustrates the deployment outcomes after simulated input features from a 20-year-old non-diabetic 
patient. This patient is a female with a body mass index of 20 and a glucose reading of 5 mmol/L, indicating she is 
healthy. The resulting predicted class is 0, highlighting that this person is a non-diabetic patient. This situation 
can be proven when the normal glucose level after a meal is less than 7.8 mmol/L, and a BMI of 20 is considered 
normal.  
 

 

Fig. 5 Deployment outcomes 

As shown in Figure 5, the deployment outcomes demonstrate the successful implementation of the 
deployment using MATLAB. The model deployment can be extended using MATLAB App Designer. It can be 
computerized as a stand-alone application that can be executed on any laptop or PC. Alternatively, using Python 
or cloud-based deployment can also be considered for model deployment. However, these applications require 
additional configuration and lack built-in capabilities, and cloud-based deployment relies on the Internet, which 
might lead to delays and security risks.  

3.2 Discussion 
This research successfully developed a diabetes prediction model using the Classification and Regression Tree 
(CART) model, combined with the Synthetic Minority Oversampling Technique (SMOTE), to address the issue of 
unbalanced data in both diabetes and non-diabetes samples. The model achieved an overall accuracy of 98.72%, 
outperforming other algorithms, such as Random Forest and traditional CART. Each class 0 and 1 has a higher 
precision, recall, and F1-score of approximately 98%, respectively. Furthermore, the confusion matrix also 
indicates that only Class 0 has one misclassification, being classified as Class 1. In addition to AUC values of 0.98 
for both classes, this indicates effective discrimination between the classes. 

The previous study [17] also applied the SMOTE algorithm for balancing the dataset, but not highlighting the 
hyperparameter tuning settings, which resulted in a moderate model performance. Therefore, in this study, all 
combinations of actions, such as data preprocessing, optimizing the number of leaves per node, and the maximum 
number of splits, as well as determining the split criterion, contributed to producing a model that can achieve high 
accuracy and effectively detect a person’s diabetes status.  

However, the dataset used in this study is relatively limited, comprising only 210 samples. Although SMOTE 
was implemented to lessen the class imbalance, the small number of diabetic cases (15 samples) may introduce 
unfairness to the model’s learning process, limiting its generalizability to more extensive or diverse populations. 
This study explored a prediction model based on various data types, including demographic information (age and 
gender), anthropometric data (BMI), and lifestyle-related factors (smoking and meal). By combining these varied 
inputs, the model demonstrated strong predictive performance in identifying individuals with diabetes.  

3.3 Limitations of the Study 
One of the study’s limitations is that it only uses features related to demographics, anthropometrics, and lifestyle. 
The exclusion of other clinical criteria, such as cholesterol levels, high blood pressure, and family history of 

Diabetes Prediction Model 
Please provide the following information: 

Enter Age: 20 

Enter BMI: 20 

Enter Gender (0 for Male, 1 for Female): 1 

Enter Glucose Reading (mmol/L): 5 

Meal Taken (0 for No Meal, 1 for Meal Taken): 1 

Smoking Status (0 for Non-Smoker, 1 for Smoker): 0 

Predicted Class: 0 
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disease, can impair prediction accuracy. Furthermore, the sample was collected with the cooperation of a single 
healthcare facility and focused on a few specific areas, which limited the sample’s population and diversity.  

4. Conclusion 
In conclusion, this study demonstrates that the SMOTE-CART hybrid model, which incorporates user health 
information, is an effective model for predicting diabetes status. This model, which includes numerous settings 
such as data preprocessing, optimal hyperparameter tuning, and the use of deviance for splitting, performed very 
well and achieved an excellent accuracy rate. 

This project can be improved in the future by transforming the deployment interface model into a graphical 
user interface (GUI), which would improve usability and make it more visually appealing. This GUI application 
allows users to enter personal health information more rapidly, making data prediction more efficient and 
straightforward. Besides considering a more varied dataset source from multiple healthcare facilities to enhance 
the model’s robustness, future research should also examine the use of more diverse data, such as family history 
and other risk factors, to improve the model’s framework accuracy and generalizability. 
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