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Abstract 

Diabetes Mellitus (DM) is a chronic metabolic disease that continues to increase globally and requires effective early 

detection to reduce the risk of serious complications. Machine learning has been widely adopted as an approach for 

predicting diabetes risk; however, most existing models are still black-box in nature, making them difficult to interpret 

and less useful for clinical decision-making. In addition, the problem of class imbalance in medical datasets often 

causes models to be biased toward the majority class, reducing their sensitivity in detecting high-risk patients. This 

study aims to develop and compare diabetes risk prediction models using the Naive Bayes and Support Vector 

Machine (SVM) algorithms with an Explainable Artificial Intelligence (XAI) approach. Class imbalance was 

addressed using the Synthetic Minority Over-sampling Technique (SMOTE) applied to the training data. 

Interpretability was analyzed using SHAP (SHapley Additive exPlanations) for global feature importance and LIME 

(Local Interpretable Model-agnostic Explanations) for local instance-level explanations. The dataset used was the 

Diabetes Health Indicators Dataset from the BRFSS 2015 survey, publicly available on Kaggle, with a sample of 

50,000 records and 22 variables. Evaluation results showed that SVM achieved an accuracy of 84.17%, while Naive 

Bayes achieved a higher recall of 77.76%, indicating better sensitivity in detecting diabetes cases. SHAP analysis 

identified GenHlth, HighBP, BMI, HighChol, and Age as the most influential risk factors globally, while LIME 

provided individual-level explanations. This research contributes a prediction model that is not only accurate but 

also transparent and clinically interpretable. 
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INTRODUCTION 

 

Diabetes Mellitus (DM) is a chronic metabolic disease characterized by persistently elevated 

blood glucose levels and has become a significant public health problem globally, including in 

Indonesia (Nasution 2021). Based on a report by the Ministry of Health of the Republic of Indonesia 

in 2023, the prevalence of diabetes in the population aged 15 years and above reached 11.7% and is 

projected to continue increasing in the coming years (Ade Nasihudin, 2024). DM is often referred to 

as a silent killer because in the early stages it does not cause obvious symptoms, but can develop into 

serious complications such as cardiovascular disease, kidney failure, retinopathy, neuropathy, and 

stroke, which reduce the quality of life while increasing the burden of healthcare costs (Erlin 2022). 

Therefore, early detection and identification of high-risk individuals is a crucial step in diabetes 

prevention and management. 

The development of machine learning has encouraged the use of various algorithms, such as 

Naive Bayes and Support Vector Machine (SVM), to estimate the risk of diabetes based on health 

indicators and lifestyle factors (Wantoro 2021). A number of studies have proven that machine 

learning models are capable of producing high predictive performance, making them potential tools 

for early diabetes detection (Erlin 2022). However, there are two main challenges that still limit their 

clinical application. First, class imbalance in medical datasets causes models to be less sensitive to the 

minority class, risking the misclassification of patients who actually have diabetes (Dikan Ismafillah 

2023). Second, the black-box nature of machine learning models makes it difficult for medical 

professionals to validate and trust predictive results as a basis for clinical decision-making (Handayani 

2025). 

In an effort to overcome these two challenges, this study integrates class imbalance handling 

with the Explainable Artificial Intelligence (XAI) approach using SHAP (SHapley Additive 
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exPlanations) and LIME (Local Interpretable Model-agnostic Explanations) methods in a diabetes risk 

prediction model based on Naive Bayes and SVM. The novelty of this study lies in the simultaneous 

combination of two XAI methods to increase model sensitivity toward the minority class while 

producing a comprehensive and consistent interpretation of the factors determining diabetes risk (Erlin 

2022). Thus, this study is expected to produce a prediction model that is not only accurate but also 

transparent and clinically accountable. 

Previous studies have explored the use of machine learning for diabetes prediction; however, 

most focus solely on predictive accuracy without addressing interpretability or class imbalance 

simultaneously (Dikan Ismafillah 2023; Rahmawati 2024). This study fills that gap by combining 

SMOTE for class imbalance handling with both SHAP and LIME for dual-layer interpretability, 

providing a more holistic framework for diabetes risk prediction in clinical settings. 

This paper is structured as follows: Section 2 presents the literature review, Section 3 describes 

the research method, Section 4 presents the results and discussion, and Section 5 provides the 

conclusion. 

Literature Review 

Diabetes Mellitus 

Diabetes mellitus is a syndrome characterized by hyperglycemia due to insulin deficiency and 

is one of the major health problems worldwide (Askandar Tjokroprawiro, 2015). Risk factors include 

unhealthy eating habits, lack of physical activity, genetic factors, obesity, and age (biofarma, 2025). 

Early detection allows for faster preventive action, reducing serious complications such as heart 

disease, kidney failure, and neuropathy (American Diabetes Association 2023). 

Naïve Bayes 

Naive Bayes is a probability-based classification method that applies Bayes' Theorem with the 

assumption that each attribute is independent of the predicted class (Vernanda 2024). Posterior 

probability is calculated using the following equation: 

P(C | X) = P(X | C) × P(C) / P(X) (1) 

where P(C | X) is the class C probability given data X, P(X | C) is the likelihood, P(C) is the 

prior class probability, and P(X) is the probability of the data. Its advantages include low 

computational complexity and ease of implementation, making it commonly used as a baseline model 

in disease prediction. However, the assumption of feature independence is a limitation for medical 

data, which generally exhibits correlations between variables (BINUS UNIVERSITY, 2025). 

Support Vector Machine (SVM) 

Support Vector Machine (SVM) is a supervised learning algorithm that forms an optimal 

hyperplane as a separator between data classes by maximizing the margin between support vectors 

(Junus, 2023). The SVM decision function is defined as: 

f(x) = wᵀ · x + b (2) 

where w is the weight vector, x is the input feature vector, and b is the bias. For non-linear data, 

SVM uses a kernel function Φ(x) to map data to higher-dimensional spaces, with the RBF kernel: 

K(xi, xj) = exp(−γ∥xi – xj∥²). SVM effectively avoids overfitting but requires precise kernel and 

parameter selection and longer computation time on large datasets (Siregar, 2024) 

Data Imbalance 

Data imbalance occurs when the number of instances in one class significantly outweighs that 

of the other, causing the machine learning model to be biased toward the majority class and less 

sensitive to the clinically more important minority class. This condition generally results in high 

accuracy but low recall and F1-score values, making its handling an important part of building reliable 

disease prediction models (Rahmawati, 2024). 

Explainable Artificial Intelligence (XAI) 

XAI is an approach that aims to increase the transparency of decisions in black-box machine 

learning models (Mienye, 2024). In diabetes prediction, XAI is important to identify key risk factors 

and support evidence-based medical decision-making. XAI enables an understanding of the role of 

mailto:editorijhess@gmail.com


International Journal Of Health, Engineering And Technology (IJHET)                                   E-ISSN 2829 - 8683 
Volume 5, Number 2, July 2026, Page. 2346 - 2354 
Email : editorijhess@gmail.com 

2348 

https://ijhet.com/index.php/ijhess/ 

each feature in predictive outcomes globally and locally, thereby increasing the trust and 

accountability of the model (Hasan, 2024). 

SHAP (Shapley Additive exPlanations) 

SHAP calculates the contribution of each feature to the prediction outcome based on the Shapley 

value concept from game theory (Muliani, 2025). 

LIME (Local Interpretable Model-agnostic Explanations) 

LIME provides a local explanation of model predictions by building simple interpretable models 

around a specific predicted instance (Hasan, 2024). This method is model-agnostic, meaning it can be 

applied to various types of models without depending on their internal structure. The limitation of 

LIME is that its explanations are local and do not always reflect the overall global behavior of the 

model. 

 

RESEARCH METHODS 

 

Data Collection 

The dataset used in this study is the Diabetes Health Indicators Dataset sourced from the 

Behavioral Risk Factor Surveillance System (BRFSS) in 2015, publicly accessible through Kaggle. 

This dataset consists of 253,680 records with 22 variables, including 1 target variable (diabetes status) 

and 21 feature variables comprising health indicators, behavioral factors, and demographic 

information. For the purpose of this research, a sample of 50,000 records was drawn from the 2015 

BRFSS dataset. Table 1 presents the complete list of variables used in this study. 

Table 1. Variable Dataset 

Variable Description Data Type 

Diabetes_binary Diabetes status Biner 

HighBP High blood pressure Biner 

HighChol High cholesterol Biner 

CholCheck Cholesterol check Biner 

BMI Body mass index Numerik 

Smoker Smoking habit Biner 

Stroke History of stroke Biner 

HeartDiseaseorAttack Heart disease or heart attack Biner 

PhysActivity Physical activity Biner 

Fruits Fruit consumption Biner 

Veggies Vegetable consumption Biner 

HvyAlcoholConsump Heavy alcohol consumption Biner 

AnyHealthcare Access to healthcare Biner 

NoDocbcCost No doctor visit due to cost Numerik 

GenHlth General health condition Biner 

MentHlth Mental health Numerik 

PhysHlth Physical health Numerik 

DiffWalk Difficulty walking Biner 

Sex Gender Biner 

Age Age Biner 

Education Education level Biner 

Income Income level Biner 
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Pre-Processing Data 

The pre-processing stage includes missing value handling, deletion of duplicate data, data 

normalization, and attribute transformation to match the needs of the classification algorithm. The data 

are then divided into training data and test data with an 80:20 ratio, yielding 40,000 training records 

and 10,000 test records. 

Data Imbalance Handling 

Class imbalances were addressed using the Synthetic Minority Over-sampling Technique 

(SMOTE) applied only to the training data prior to model development, to improve the model's ability 

to recognize minority classes and reduce bias against the majority class. 

Model Development 

The prediction model was built using two classification algorithms, namely Naive Bayes and 

Support Vector Machine (SVM) with a Radial Basis Function (RBF) kernel to handle non-linear data. 

Both models were trained using training data that underwent SMOTE and evaluated on test data. 

Interpretability Analysis (XAI) 

Model interpretability was analyzed using SHAP to identify the contribution of each feature 

globally to the overall model, and LIME to explain predictions locally on a given instance. The 

combination of both methods is used to obtain a comprehensive understanding of the risk factors that 

most influence the predictive outcomes. 

Evaluation Metrics 

Model performance was evaluated using accuracy, precision, recall, and F1-score metrics 

calculated based on the confusion matrix as follows: 

Accuracy = (TP + TN) / (TP + TN + FP + FN)   (3) 

Precision = TP / (TP + FP)   (4) 

Recall = TP / (TP + FN)   (5) 

F1-Score = 2 × (Precision × Recall) / (Precision + Recall)   (6) 

Where TP (True Positive), TN (True Negative), FP (False Positive), and FN (False Negative) 

are components of the confusion matrix of the classification results. 

 

 

RESULTS AND DISCUSSION 

 

Data Pre-Processing Results 

Pre-processing of the data was carried out to prepare the dataset for use in the model training 

stage. This process includes removing duplicate data and correcting column names. The results of the 

pre-processing are shown in Table 2. 

Table 2. Pre-Processing Results 

Remarks Before After 

Amount of Data 253,680 229,474 

Number of Duplicates 24,206 0 

Handling Data Imbalance 

Analysis of the distribution of data before imbalance handling showed that class 0 (non-diabetes) 

amounted to 34,477 samples (86.19%) and class 1 (diabetes) amounted to 5,523 samples (13.81%), 

indicating a class imbalance condition. After the implementation of SMOTE, the distribution of the 

two classes became balanced with 34,477 samples (50%) each, so the model was expected to be more 

sensitive in detecting minority classes. Visualizations before and after the implementation of SMOTE 

can be seen in Figures 1 and 2. 
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Figure 1. Before SMOTE (Synthetic Minority Over-sampling Technique) 

 
Figure 2. After SMOTE (Synthetic Minority Over-sampling Technique) 

Model Performance Evaluation 

The training results showed that Naive Bayes achieved a training accuracy of 74.14%, while 

SVM with the RBF kernel obtained a training accuracy of 89.34%. Evaluation on the test data using 

a confusion matrix resulted in a comparison of the performance of the two models as shown in Table 

3. 

Table 3. Evaluation Results 

Naive Bayes produced the highest recall value of 77.76%, indicating good ability in detecting 

diabetes cases, but low precision values (27.48%) indicated a high false positive. In contrast, SVM 

showed a more balanced performance with an accuracy of 84.17% and an F1-score of 39.74%, 

although the recall value was lower than that of Naive Bayes. These differences in characteristics 

reflect the trade-off between recall and precision in both models.   

Confusion Matrix  

Naive Bayes confusion matrix analysis yielded 5,786 True Negative (TN), 1,074 True Positive 

(TP), 2,833 False Positive (FP), and 307 False Negative (FN). In the SVM model, 7,895 TN, 522 TP, 

724 FP, and 859 FN were obtained. The high FP value in Naive Bayes is consistent with the low 

precision value, while the high FN value in SVM explains the lower recall value as shown in the Fig  

 

Model Accuracy Precision Recall F1-Score 

Naive Bayes 0.686 0.2748 0.7776 0.4062 

SVM 0.8417 0.4189 0.3779 0.3974 
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Figure 3. Confusion Matrix Naïve Bayes 

 
Figure 4. Confusion Matrix Support Vector Machine 

Interpretability Analysis (XAI) 

The SHAP analysis globally identified five features with the greatest influence on diabetes risk 

prediction: GenHlth (general health condition), HighBP (high blood pressure), BMI (body mass 

index), HighChol (high cholesterol levels), and Age. The GenHlth feature was the most dominant, 

where higher values correlated with an increased risk of diabetes. These findings are clinically 

consistent because general health conditions, blood pressure, and BMI are indeed major indicators of 

diabetes risk (Hasan et al., 2024). Visualization of SHAP results can be seen in Figure 5. 
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Figure 5. SHAP features the most influential features globally 

Analysis of LIME locally showed that predictions at the individual level are influenced by 

different combinations of features. In the case study example, the HvyAlcoholConsump (excessive 

alcohol consumption) feature made the largest positive contribution to the diabetes prediction, while 

MentHlth (mental health), GenHlth, and Income made negative contributions that tended to lower the 

risk. These results prove that LIME is able to provide specific and contextual explanations for each 

individual. The LIME visualization can be seen in Figure 6. 

 

 
Figure 6. LIME Explanation 

Discussion 

Overall, SVM outperforms Naive Bayes in terms of accuracy and balance of performance, but 

Naive Bayes is more sensitive in detecting the diabetes class as indicated by its higher recall value. 

The application of SMOTE has been shown to be effective in overcoming class imbalance by 

balancing the distribution of training data, which has an impact on increasing the sensitivity of the 

model to minority classes. The integration of SHAP and LIME provides a complementary layer of 

interpretability: SHAP identifies dominant risk factors globally, while LIME describes model 
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decisions at the individual level. The combination of the two increases transparency and trust in 

prediction models in clinical contexts. 

 

 

CONCLUSIONS 

 

This study produced a risk prediction model for Diabetes Mellitus using Naive Bayes and 

Support Vector Machine algorithms by addressing class imbalance through SMOTE and enhancing 

model interpretability through Explainable Artificial Intelligence (XAI). Evaluation results showed 

that SVM achieved a better accuracy of 84.17%, demonstrating stronger overall predictive capability, 

while Naive Bayes achieved a higher recall of 77.77%, making it more effective in detecting diabetes 

cases. The application of SMOTE effectively addressed class imbalance, enabling the model to 

improve detection of the minority class. Furthermore, interpretation using SHAP and LIME 

successfully explained the model's prediction results, identifying GenHlth, HighBP, BMI, HighChol, 

and Age as the most influential factors in diabetes risk prediction. The main contribution of this 

research is the combination of machine learning methods with dual XAI interpretation that succeeded 

in making the black-box model clearer and more clinically understandable, supporting data-driven 

decision-making in the health sector. 
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