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Abstract−Diabetes mellitus is a chronic disease caused by impaired glucose metabolism and has become a global health threat with a 

steadily increasing prevalence each year. According to WHO and IDF, the number of people living with diabetes is projected to reach 

783 million by 2045. This condition demands the development of an accurate and efficient early detection system to support medical 
decision-making. This study aims to develop an optimized Support Vector Machine (SVM)-based classification model to enhance the 

accuracy and interpretability of diabetes prediction. The dataset used is the Pima Indians Diabetes Dataset, which consists of eight 

medical features such as glucose level, blood pressure, and body mass index (BMI). The research stages include data preprocessing, 

class balancing using the Synthetic Minority Over-sampling Technique (SMOTE), parameter optimization with GridSearchCV, and 
interpretability analysis through SHapley Additive exPlanations (SHAP). The results show that the optimized SVM model with the 

Radial Basis Function (RBF) kernel achieved an accuracy of 82%, with a significant improvement in the diabetes class recall value 

from 0.564 to 0.83 after optimization. The Area Under Curve (AUC) value of 0.871 indicates the model’s effectiveness in 

distinguishing between positive and negative classes. The SHAP analysis reveals that Glucose, Age, BMI, and Diabetes Pedigree 
Function are the most influential features in prediction. These findings emphasize that the combination of normalization, balancing, 

hyperparameter optimization, and interpretability produces a reliable and transparent SVM model. This model has strong potential for 

implementation in Clinical Decision Support Systems (CDSS) for accurate and explainable early diabetes detection. 
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1. INTRODUCTION 

Diabetes mellitus is one of the most significant chronic diseases globally, caused by disorders of glucose metabolism, 

where blood sugar levels increase due to impaired insulin production or function[1][2][3]. The World Health Organization 

(WHO) estimates that the number of people with diabetes will rise to more than 643 million by 2030, making it a serious 

global health threat[4][5]. This condition leads to various complications such as heart disease, kidney failure, blindness, 

and limb amputations if not detected early[6]. In this context, the development of automated classification systems based 

on machine learning becomes crucial to support early diagnosis and medical decision-making[7]. With the availability of 

large and diverse medical data, Data Mining and Machine Learning methods such as Support Vector Machine (SVM) 

have emerged as potential approaches for accurately classifying diabetes[8]. 

The high global prevalence of diabetes poses a major challenge to modern healthcare systems. According to the 

International Diabetes Federation (IDF), there were over 537 million people living with diabetes in 2021, and this number 

is projected to increase to 783 million by 2045[9]. In Indonesia alone, the prevalence of diabetes reached 10.6% of the 

total adult population, positioning it as one of the countries with the fastest-growing number of diabetes cases in Southeast 

Asia[10][11]. The primary issues faced are delayed diagnosis due to difficulties in interpreting complex and varied 

medical data. Furthermore, class imbalance in medical datasets also leads to decreased accuracy of predictive models [8]. 

Therefore, an approach capable of optimizing classification by considering data complexity and interrelated medical 

variables is required. 

To address these issues, the optimized Support Vector Machine (SVM) method presents an effective solution due 

to its capability in handling high-dimensional and non-linear data[12]. SVM operates by finding the optimal hyperplane 

that maximally separates data between classes, making it highly suitable for classifying diseases with complex 

characteristics like diabetes[13][14]. Optimization of SVM can be performed using techniques such as the Firefly 

Algorithm, Particle Swarm Optimization, or Backward Elimination to enhance accuracy and computational efficiency[6]. 

The application of these optimization techniques has been proven to yield classification models with accuracy rates above 

95%, significantly improving early diabetes detection capabilities[9]. 

Several previous studies have demonstrated the effectiveness of the SVM method in diabetes disease classification. 

Research by [12] utilizing a combination of SVM with Backward Elimination achieved an accuracy of 85.71% on the 

PIMA dataset. Meanwhile, [15] implemented SVM+PSO and SVM with a POLY kernel, obtaining a best result of 83.99% 

using PSO. Another study by [6] utilized the Firefly optimization algorithm to enhance SVM performance, achieving an 

accuracy of 98.45%. Additionally, [9] found that the Radial Basis Function (RBF) kernel yielded the best results with an 

accuracy of up to 97% in detecting diabetes. These four studies reinforce the position of SVM as a leading algorithm in 

data-based medical disease classification analysis. 

Nonetheless, two main challenges persist: class imbalance in diabetes datasets often reduces model sensitivity 

towards positive patients, and the lack of prediction interpretability makes the model difficult to rely upon as a clinical 

decision support system. To overcome these problems, this research proposes the use of hyperparameter-optimized SVM 
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(such as Grid Search), combined with balancing techniques like SMOTE, and explainable AI analysis such as SHAP, so 

that the model is not only accurate but also explainable. 

The objectives of this research are to develop and evaluate an optimized SVM model for diabetes classification 

that can improve performance metrics (e.g., accuracy, sensitivity), while also mapping the contribution of medical features 

(such as glucose level, BMI, blood pressure, age) to the prediction through SHAP interpretation. It is hoped that the results 

will provide a scientific basis for the application of a clinical decision support system (CDSS) in the early detection of 

diabetes, with potential for real-world implementation in healthcare facilities. 

2. RESEARCH METHODOLOGY 

This research was conducted to develop and evaluate a Support Vector Machine (SVM) model for classifying diabetic 

patients based on medical parameters. Each stage was designed to enable the model to achieve high accuracy and to be 

clinically explainable through feature interpretability analysis. Prior to detailing each step, Figure 1 illustrates the overall 

research methodology workflow. This workflow consists of five main stages, namely: (1) Data Acquisition and Pre-

processing, (2) Feature Analysis, (3) SVM Parameter Optimization, (4) Model Training and Validation, and (5) 

Evaluation and Interpretation of Results. 

 

Figure 1. Research Stages 

This study aims to develop and evaluate a Support Vector Machine (SVM) model for diabetes classification based 

on medical parameters, through a structured workflow based on Figure 1 above. The process begins with Data Acquisition 

and Pre-processing to ensure data quality, followed by Feature Analysis to understand the characteristics of the predictor 

variables. The subsequent stage is SVM Parameter Optimization to find the optimal model configuration, which is then 

followed by Model Training and Validation to train and test its performance. The final stage is the Evaluation and 

Interpretation of Results, which not only measures model accuracy but also analyzes feature interpretability so that the 

model's findings can be understood clinically. 

2.1 Data Acquisition and Pre-processing 

This stage encompasses dataset collection, missing values inspection, and outlier handling. The data were subsequently 

normalized using Min-Max Scaling (utilizing the formula in Equation 1) so that all features were within the range of 0–

1. Following this, the Synthetic Minority Over-sampling Technique (SMOTE) method (utilizing the formula in Equation 

2) was applied to balance the number of data points across classes, as the initial dataset had an imbalanced distribution 

between diabetic and non-diabetic patients. This step ensures that the model is not biased towards the majority class. 

The research data originate from the Pima Indians Diabetes Dataset, which serves as the foundation for the analysis 

in this study. This dataset contains 768 observations with eight predictor variables and one target variable (Outcome). 

Each row represents one female patient of Pima Indian heritage aged over 21 years, containing medical information such 

as number of pregnancies, blood glucose level, diastolic blood pressure, skinfold thickness, insulin level, body mass index 

(BMI), diabetes pedigree function, and the patient's age. An Outcome variable value of 1 indicates a positive diabetes 

diagnosis for the patient, whereas 0 indicates a negative diagnosis. Figure 2 presents a sample of the data used in this 

study. 

 

Figure 2. Data Sample 
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Figure 2 shows a considerable variation in values across attributes. For instance, glucose levels range from low to 

very high, reflecting differences in metabolic conditions among individuals. Several zero values were found in the Insulin 

and SkinThickness columns, indicating missing or unmeasured data. This highlights the necessity for pre-processing 

stages such as missing value imputation and normalization before the SVM model can be optimally trained. Overall, 

Figure 1 provides a preliminary overview of the data distribution characteristics and potential data quality issues that need 

to be addressed in the initial stage of analysis. 

Prior to the data cleaning process, a crucial step is to ensure the absence of missing values in every feature within 

the dataset. This inspection aims to assess data quality and confirm that all attributes possess valid values before 

proceeding to subsequent pre-processing stages such as normalization or class balancing. The results of the missing value 

check are presented in Figure 3, which illustrates the data completeness condition for each variable. 

 

Figure 3. Missing Values Check 

Based on Figure 3, it can be observed that all columns have zero missing values. This indicates that the dataset 

contains no missing values across its features. This condition demonstrates that the data is ready for use in subsequent 

preprocessing stages without requiring value imputation[16]. It also suggests that the dataset exhibits good quality in 

terms of data completeness, thereby minimizing the potential for bias caused by incomplete data[17]. 

𝑋′ =
𝑋−𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥−𝑋𝑚𝑖𝑛
           (1) 

𝑥𝑛𝑒𝑤 = 𝑥𝑖 + 𝛿(𝑥𝑧𝑖 − 𝑥𝑖)          (2) 

Variable X represents the original feature value, variable X' represents the feature value after normalization, Xmin 

and Xmax represent the minimum and maximum values of the feature, xi represents an original minority class data point, 

xiz represents the nearest neighbor of xi, and δ is a random number between 0 and 1. The subsequent step involves 

preprocessing using Equation 1, with the normalization results shown in Figure 4 below. 

 

Figure 4. Data After Preprocessing 

Figure 4 displays the final dataset after the preprocessing stage, where all features have been standardized to a 

value range between 0 and 1. It can be observed that each column, such as Pregnancies, Glucose, BloodPressure, BMI, 

and Age, now possesses a uniform scale, indicating the successful execution of the normalization process. These results 

demonstrate the absence of significant scale differences among the features, which will assist the SVM model in forming 

a decision boundary more stably and efficiently. Thus, Figure 4 serves as evidence that the preprocessing stage 

successfully enhanced the data quality numerically and statistically before its use in the diabetes classification model 

training process. 

2.2 Feature Analysis 

An exploratory analysis was conducted to understand the data characteristics and the correlations between features[18]. 

Pearson correlation (Equation 3) was used to identify the features most influential on the Outcome. Features such as 

Glucose, BMI, and Age typically exhibit the highest correlation with diabetes, while features with low correlation can be 

considered for omission or assigned lower weight in the model. 

𝑟 =
∑(𝑥𝑖−𝑥̅)(𝑦𝑖−𝑦̅)

√∑(𝑥𝑖−𝑥̅)2 ∑(𝑦𝑖−𝑦̅)2           (3) 

The description for Equation 3 includes variables xi, yi representing data pairs, and 𝑥̅, 𝑦̅ representing the mean 

values of each respective variable. An r value approaching 1 or -1 indicates a strong relationship, while a value 

approaching 0 indicates a weak relationship. 
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2.3 SVM Parameter Optimization 

The SVM model[19] was developed using the Radial Basis Function (RBF) kernel (Equation 4)[20] due to its ability to 

handle non-linear relationships among medical features. The parameters C (regularization) and γ (Gamma) were 

optimized (Equation 5) using GridSearchCV with 5-fold cross-validation[21][22]. The objective of this optimization was 

to find the best parameter combination yielding a balance between model complexity and generalization capability, with 

the F1-score as the primary evaluation metric to ensure balanced performance on the originally imbalanced data[23][24]. 

𝐾(𝑥𝑖, 𝑥𝑗) = exp (−𝛾‖𝑥𝑖 − 𝑥𝑗‖
2

)         (4) 

min
𝑤,𝑏

1

2
‖𝑤‖2 + 𝐶 ∑ 𝜀𝑖

𝑛
𝑖=1  dengan syarat: 𝑦𝑖(𝑤𝑇𝑥𝑖 + 𝑏) ≥ 1 − 𝜀𝑖,   𝜀𝑖 > 0     (5) 

2.4 Model Training and Validation 

The model was trained using the preprocessed data and tested using an 80:20 data split ratio between the training set and 

testing set. Model evaluation was performed by calculating the metrics Accuracy, Precision, Recall, F1-score[25][26], as 

well as the Confusion Matrix to assess classification performance for each class[27][28]. This stage aimed to evaluate 

how well the model can identify patients who truly have diabetes without compromising on incorrect predictions. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
          (6) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
          (7) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
           (8) 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
         (9) 

2.5 Evaluation and Interpretation of Results 

The model's performance was further evaluated using the ROC Curve and AUC (Area Under the Curve) to assess its 

ability to distinguish between positive and negative classes[29][30], and the Precision-Recall Curve to evaluate detection 

balance on the imbalanced data[31]. Additionally, an interpretability analysis was conducted using SHapley Additive 

exPlanations (SHAP)[32][33][34], which explains the magnitude of each feature's contribution (e.g., Glucose, BMI, Age, 

Insulin) to the model's prediction decision. This approach allows the classification results to be explained transparently 

and relevantly within the medical context. 

𝐴𝑈𝐶 = ∫ 𝑇𝑃𝑅(𝐹𝑃𝑅)𝑑(𝐹𝑃𝑅)
1

0
  (10) 

∅𝑖 = ∑
|𝑆|!(|𝑁|−|𝑆|−1)!

|𝑁|!𝑆∁𝑁\{𝑖} [𝑓(𝑆 ∪ {𝑖}) − 𝑓(𝑆)]  (11) 

The value ϕi indicates the extent of the feature's influence on the diabetes prediction outcome. 

3. RESULTS AND DISCUSSION 

This study presents the principal findings from the experimental process, which involved the stages of data pre-processing, 

model training, parameter optimization, and the evaluation of the Support Vector Machine (SVM) algorithm's 

performance in classifying diabetes. The analysis focuses on how each methodological step contributed to enhancing the 

model's accuracy and generalization capability, including the influence of normalization techniques, handling of class 

imbalance, and hyperparameter optimization on prediction quality. Furthermore, visualizations based on t-SNE, Kernel 

PCA, and SHAP were employed to provide a deeper understanding of the data structure and the role of each medical 

feature in the classification process. These findings are not only compared with a non-optimized SVM model but are also 

discussed within the context of previous research to demonstrate the advantages of the proposed approach and its 

relevance in improving the reliability of early diabetes diagnosis. 

3.1 Results 

3.1.1 Descriptive Statistics and Pre-processing 

Descriptive statistics compare the condition of the data before and after the pre-processing stage, specifically in the steps 

of missing value imputation and feature normalization. This table is presented to illustrate how data transformation affects 

the mean and standard deviation of several medical variables, such as Glucose, BloodPressure, SkinThickness, Insulin, 

and BMI. The comparison in Table 4 provides a clear overview of the data scale stabilization after normalization, while 

ensuring that the relative distribution among features is preserved. This information is crucial because algorithms like 

Support Vector Machine (SVM) are highly sensitive to differences in the value ranges across variables. Therefore, the 
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analysis of changes in the descriptive statistics in Table 4 forms the basis for understanding the quality of the data used 

in the model training stage. 

 

Figure 5. Descriptive Statistics Before and After Pre-processing 

Figure 5 shows that all numerical features underwent significant changes in mean and standard deviation after the 

normalization process. Features such as Glucose and BloodPressure exhibited a decrease in mean values to a range 

between 0 and 1, which is characteristic of Min-Max normalization. A similar pattern is observed for Insulin and BMI, 

which previously had very high variation but, after processing, have a smaller standard deviation, indicating a more stable 

feature distribution. Additionally, the Outcome feature remained unchanged as this variable is the target class and was 

not subjected to normalization. Overall, the pattern in Table 4 demonstrates that the pre-processing stage successfully 

normalized the variable scales without altering the core information structure, thereby ensuring that the SVM model can 

operate more optimally on the standardized data. 

The class distribution of the Outcome variable, both before and after the data balancing process using the Synthetic 

Minority Over-sampling Technique (SMOTE), needs to be visualized to confirm the dataset's balance based on class. 

This visualization is important because class imbalance is a primary issue in medical datasets, including in diabetes 

classification, where the number of samples in the non-diabetes class (class 0) is generally much larger than in the diabetes 

class (class 1). This imbalance can introduce bias in the classification algorithm, causing the model to be inclined to 

predict the majority class and overlook patterns in the minority class. Therefore, Figure 2 is used to demonstrate the extent 

to which the application of SMOTE was able to rectify the data proportion between classes before the model was trained. 

The analysis of this figure forms the basis for understanding the improvement in model performance after the imbalance 

was appropriately addressed. 

  

(a)      (b) 

Figure 6. Class distribution before (a) and after (b) SMOTE 

Figure 6 shows that before the application of SMOTE, the number of samples in class 0 (non-diabetes) was 

significantly higher than in class 1 (diabetes), resulting in an imbalanced dataset. This imbalance has the potential to 

reduce classification accuracy for the minority class because the model does not receive sufficient data representation to 

optimally learn the patterns of diabetes. After SMOTE was applied, Figure 2(b) illustrates that the class distribution 

became balanced, with the number of samples in both classes reaching a similar level. This condition aids in enhancing 

the model's ability to recognize diabetes patterns, increases sensitivity, and reduces bias towards the majority class. In 

summary, Figure 2 demonstrates that the class balancing process was successfully executed and constituted a critical step 

prior to conducting the Support Vector Machine model training. 

3.1.2 Hyperparameter Optimization Results 

The heatmap illustrates the influence of the combination of hyperparameters C and γ (Gamma) on the performance of the 

Support Vector Machine (SVM) model with an RBF kernel. This visualization is utilized to display the variation in 
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accuracy values resulting from a series of parameter searches during the optimization process. In this study, setting the 

hyperparameters was a critical step because C acts as a regularization parameter that controls the trade-off between 

misclassification and decision surface simplicity, while γ (Gamma) determines the influence range of a single data point 

on the decision boundary. The tested values for C ranged from 0.1 to 1000, while the Gamma values included the option 

"scale" as well as the numerical values 0.1, 0.01, and 0.001. The process of finding the best hyperparameters for the 

Support Vector Machine (SVM) algorithm using GridSearchCV involved searching for the optimal combination of these 

parameters employing 5-fold cross-validation and the F1-score evaluation metric. The F1-score was selected due to its 

ability to balance performance between precision and recall, given the prior condition of class imbalance in the data. 

Therefore, Figure 3 below demonstrates how changes in these two parameters affect model performance, thereby 

facilitating the identification of the best value combination that yields optimal accuracy. Analysis of this diagram formed 

the basis for selecting the most appropriate hyperparameter configuration for diabetes classification. 

 

Figure 7. Hyperparameter Optimization 

Figure 7 indicates that the performance of the SVM model is significantly influenced by the combination of C and 

Gamma values. At low C values (e.g., 0.1 and 1), the accuracy tends to be in the range of 0.69–0.75, suggesting that the 

model is still too simplistic and unable to separate the classes optimally. An improvement in accuracy begins to emerge 

when the C value reaches 100 or higher, particularly in combination with Gamma=0.1 and Gamma="scale", which yield 

the highest accuracy of 0.78–0.79, as shown in Figure 3. This pattern indicates that the SVM model requires a less 

restrictive regularization level to capture the non-linear patterns within the diabetes data, especially among medical 

features that exhibit complex relationships. Overall, Figure 3 reveals that the best hyperparameter pairs lie within C values 

between 100 and 1000, combined with Gamma = 0.1 or "scale". These combinations were subsequently used as the 

optimal configuration in the model training phase. 

3.1.3 Model Performance 

A comparison of performance between the baseline SVM model and the optimized SVM model is presented based on 

key evaluation metrics: precision, recall, F1-score, and accuracy. This comparison demonstrates the extent to which the 

hyperparameter optimization process impacts the improvement of classification quality, particularly in distinguishing 

between the non-diabetes (0) and diabetes (1) classes. This comparison is crucial because the baseline model represents 

the default SVM configuration without parameter adjustment, whereas the optimized model employs the combination of 

C and Gamma values obtained through GridSearchCV. Consequently, Table 5 below illustrates the effectiveness of the 

optimization process in enhancing the model's ability to recognize medical patterns within the diabetes dataset. 

Table 1. Baseline Model and Optimized Model Performance 

Performa SVM Kelas Precision Recall F1-score Akurasi 

Model baseline 
Non-diabetes (0) 0.784 0.879 0.829 

0.766 
Diabetes (1) 0.721 0.564 0.633 

Model Teroptimasi 
Non-diabetes (0) 0.83 0.81 0.82 

0.82 
Diabetes (1) 0.81 0.83 0.82 

Table 1 shows that the optimized SVM model provides a consistent performance improvement across all metrics 

compared to the baseline model. For the non-diabetes class (0), precision increased from 0.784 to 0.83, while recall 

changed from 0.879 to 0.81, indicating a stabilization of predictions and a reduction of over-prediction for the majority 

class. For the diabetes class (1), a more significant improvement is observed in recall, which increased from 0.564 to 0.83, 

demonstrating that the optimized model is considerably more capable of detecting diabetes cases that were previously 

difficult for the baseline model to identify. The F1-score for both classes also increased and became symmetrical, each 

with a value of 0.82, reflecting a better balance between precision and recall. Furthermore, the overall accuracy increased 
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from 0.766 to 0.82. In summary, Table 1 demonstrates that the hyperparameter optimization process successfully 

enhanced the model's ability to classify diabetes more accurately, balanced, and robustly. 

The Confusion Matrix generated from the optimized Support Vector Machine (SVM) model in the diabetes disease 

classification research is shown in Figure 8 below. This matrix serves as an evaluation tool to measure the model's 

performance in predicting three categories: whether a patient belongs to the diabetes, pre-diabetes, or normal class. The 

main diagonal elements of the matrix (from top-left to bottom-right) visually represent the number of correct predictions 

for each class. The higher the values on this diagonal compared to the off-diagonal elements, the more accurate the 

constructed model is in identifying a patient's diabetes status based on the analyzed medical features. 

 

Figure 8. Confusion Matrix 

Based on Figure 8, it can be analyzed that the optimized Support Vector Machine model demonstrates reasonably 

good classification performance, albeit with varying levels of accuracy for each class. The values of 81 and 83 in the 

diagonal cells for the first two classes indicate that the model has high and balanced predictive capability for these two 

classes. However, there is evidence of misclassification spread, as indicated by the off-diagonal values, such as 17 and 

19. These numbers represent a number of instances where the model erroneously distinguished between the first and 

second classes. Meanwhile, the performance for the third class requires further examination of the associated values. 

Overall, this matrix confirms that the optimized SVM model successfully maps the complex relationships of the medical 

features quite reliably, although there remains room for improvement, particularly in reducing the overlap of 

characteristics between classes that share similarities. 

The Receiver Operating Characteristic (ROC) curve was used to evaluate the performance of the optimized SVM 

model in distinguishing between the positive (diabetes) and negative (non-diabetes) classes. The ROC curve illustrates 

the relationship between the True Positive Rate (TPR) and the False Positive Rate (FPR) at various decision thresholds. 

The resulting Area Under the Curve (AUC) value serves as an important indicator for measuring the model's overall 

classification capability. A larger AUC value indicates a better model performance in accurately separating the two 

classes. Thus, Figure 9 below is used to assess the model's predictive performance globally, beyond a single accuracy 

metric. 

 

Figure 9. ROC Curve 

Based on Figure 9, the optimized SVM model shows an Area Under the Curve (AUC) value of 0.871, indicating 

that the model has excellent classification capability. An AUC value above 0.85 signifies that the model can effectively 

distinguish between patients with diabetes and those without. The shape of the curve, which tends to deviate from the 

diagonal line (representing a random model with AUC = 0.5), indicates that the model has a low rate of prediction errors. 

Furthermore, the high True Positive Rate at low False Positive Rates demonstrates that the model can accurately detect 

diabetes cases without producing many false positives. Therefore, Figure 5 confirms that the parameter optimization of 

the SVM model not only improved accuracy and F1-score but also strengthened the model's stability in overall binary 

classification. 
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The Precision-Recall Curve was used to evaluate the performance of the optimized SVM model specifically under 

conditions of class imbalance, which is commonly found in medical datasets. Unlike the ROC curve, which assesses the 

model's overall performance, this curve focuses on the model's ability to precisely identify the positive class (diabetes). 

Precision indicates the proportion of positive predictions that are truly accurate, while Recall indicates the extent to which 

the model can capture all actual positive cases in the data. Thus, Figure 10 provides a more detailed illustration of the 

trade-off between detection accuracy and completeness in the classification model, particularly in the context of 

diagnosing diseases with low prevalence such as diabetes. 

 

Figure 10. Precision-Recall Curve 

Based on Figure 10, the optimized SVM model shows a relatively stable Precision-Recall curve pattern, with 

Precision remaining above 0.8 across most of the Recall range. This indicates that the model maintains a good balance 

between its ability to detect positive cases and minimize false positive classification errors. The decrease in Precision as 

Recall approaches 1.0 indicates an increase in errors when the model attempts to classify all positive cases without 

considering the optimal probability threshold. In general, the curve's position, which remains above the random baseline, 

demonstrates that the model delivers consistent and effective performance for diabetes detection, particularly on datasets 

with imbalanced class distributions. Thus, Figure 6 reinforces the evidence that parameter optimization in SVM not only 

improved overall accuracy but also enhanced the balance between detection precision and sensitivity in complex medical 

cases. 

3.1.4 Data Distribution and Feature Space Representation 

The results of the visualization using two two-dimensional data analysis approaches employed to understand the model's 

ability to distinguish classes after the training and data balancing process are as follows: Figure 7(a) displays the Kernel 

PCA Plot (2D), which depicts the decision boundary of the optimized SVM model as well as the class data distribution. 

This boundary area indicates how effectively the model separates diabetes and non-diabetes samples in the feature space 

resulting from the kernel transformation. Meanwhile, Figure 11(b) presents the t-SNE Plot (2D) of the data after applying 

the SMOTE method, visually displaying the class distribution to assess the degree of data balance and how well the cluster 

structure between classes is formed. These two visualizations help reinforce the understanding of the effectiveness of the 

optimized SVM model in capturing relevant non-linear patterns within the medical dataset. 

   

(a)      (b) 

Figure 11. The Kernel PCA Plot (2D) 

Based on Figure 11(a), the Kernel PCA visualization results indicate that the decision boundary generated by the 

optimized SVM model is capable of separating the two classes reasonably well, although several data points remain in 

the overlapping area. The distribution of the red (diabetes class) and blue (non-diabetes class) data demonstrates that the 

model successfully forms a non-linear separation that follows the natural pattern of the data, illustrating the effectiveness 

of the RBF kernel in mapping the data to a higher-dimensional space. Meanwhile, Figure 11(b) displays the t-SNE results 
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applied to the dataset that has undergone the SMOTE process, where the distribution of both classes appears more 

balanced and forms two more defined clusters. This indicates that the data balancing process successfully reduced the 

dominance of the majority class and enhanced the representation of the minority class, thereby allowing the model to 

learn patterns more equitably. Overall, Figures 11(a) and 7(b) confirm that the combination of SVM optimization and 

data balancing is able to produce clearer class separation and supports the improvement of diabetes disease classification 

performance. 

3.1.5. Model Interpretability Analysis Using SHAP 

The results of the model interpretability analysis using SHapley Additive exPlanations (SHAP) are presented in Figure 8, 

which is used to understand the contribution of each feature to the output of the optimized SVM classification model. 

This visualization is crucial as it provides an in-depth explanation of how each medical variable influences the model's 

decision in predicting a patient's diabetes status. Each point on the plot represents the SHAP value for a single observation, 

with the color indicating the original feature value blue representing low values and red indicating high values. Therefore, 

Figure 12 offers insight into which features are most dominant in determining the model's prediction outcome, as well as 

the direction of their influence (positive or negative) on the likelihood of an individual being classified as having diabetes. 

 

Figure 12. SHapley Additive exPlanations (SHAP) Analysis Results 

Based on Figure 12, the Glucose feature appears to have the greatest influence on the model's output, followed by 

Age, BMI, and DiabetesPedigreeFunction. This signifies that blood glucose level is the primary determinant in diabetes 

classification. The red-colored points for the Glucose feature are located on the right side (positive SHAP values), 

indicating that high glucose levels significantly increase the likelihood of a positive diabetes prediction. Conversely, 

features such as Insulin, SkinThickness, and BloodPressure have a lesser impact and tend to contribute to negative 

decisions when their values are low. The clear color gradient from blue to red along the horizontal axis shows that the 

model effectively captures non-linear relationships among the features. Thus, Figure 8 confirms that the optimized SVM 

model is not only effective in terms of predictive performance but also transparent in explaining the contribution of each 

medical variable to the classification outcome, which is highly important in the context of implementing the model to 

support data-driven clinical decision-making. 

3.2. Discussion 

The experimental results demonstrate that the strategies of pre-processing, hyperparameter optimization, and model 

interpretability synergistically enhance the performance of SVM in diabetes classification. First, the application of Min-

Max normalization after missing value imputation (as presented in Table 4) improved the scale among the medical 

features and helped the SVM model become more stable and avoid domination by large-dimension features. This 

normalization approach aligns with the findings of Prastyo et al. (2024), who reported that SMOTE combined with 

normalization increased SVM accuracy from approximately 94% to 98% on a diabetes dataset [35]. 

Second, the use of SMOTE to address class imbalance (as visualized in Figure 2) proved to be crucial. Research 

by Wibowo et al. (2025) supports this result by demonstrating that SMOTE improves the recall and F1-score of SVM 

models compared to no balancing, particularly for the diabetes class which is often neglected [36]. Furthermore, a 

comparative study between SMOTE and other oversampling techniques also found that SMOTE significantly increased 

accuracy from approximately 67% to 82% in diabetes classification[37]. 

Third, hyperparameter optimization (Figure 3) revealed that a combination of high C and γ values (e.g., C = 100–

1000 and γ = 0.1 or "scale") provided a significant performance improvement. This indicates the importance of parameter 

exploration for SVM models to achieve a balance between regularization and non-linear flexibility. This finding is 

relevant to the research by Saputra, Ma'arif, and Sunat (2024), which showed that multi-kernel SVM tuning can enhance 

diabetes prediction performance compared to SVM with default settings [38]. 

Fourth, the performance comparison (Table 5) revealed that the optimized SVM not only improved overall 

accuracy but also substantially increased the recall of the minority class (diabetes) from 0.564 to 0.83. This is critically 
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important in a clinical context, as detecting more positive cases has a direct impact on preventing diabetes complications. 

This pattern is consistent with the medical machine learning literature, where hyperparameter optimization combined 

with oversampling techniques often yields a positive trade-off between sensitivity and precision. 

Fifth, the model interpretability analysis using SHAP (Figure 8) showed that the Glucose, Age, BMI, and 

DiabetesPedigreeFunction features are the most influential on the predictions. This result corresponds with clinical 

knowledge, as blood glucose levels and body mass index are indeed primary indicators of diabetes risk. Recent research 

supports the use of SHAP for explaining medical classification models because it can communicate feature contributions 

to healthcare practitioners. For instance, another study applying SVM to a medical dataset demonstrated that SHAP-based 

interpretation helps doctors understand the determinants of predictions. 

Overall, the systematic series of methodologies from normalization and balancing to hyperparameter optimization 

and interpretability has resulted in an SVM model that is not only reliable in terms of performance but also transparently 

explainable. This combination holds significant potential for application as a Clinical Decision Support System (CDSS), 

particularly for early diabetes screening, where interpretability and sensitivity are paramount for the adoption of prediction 

results by healthcare professionals. 

4. CONCLUSION 

The final research results indicate that the Support Vector Machine (SVM) model, which underwent the stages of pre-

processing, class balancing using SMOTE, and hyperparameter optimization, successfully achieved a significant 

performance improvement in diabetes classification. The optimized model demonstrated an accuracy of 0.82, with a 

balanced F1-score for both classes, and an Area Under the Curve (AUC) of 0.871, signifying a strong detection capability 

for positive diabetes cases. Kernel PCA and t-SNE visualizations revealed a more distinct class separation following the 

optimization and balancing processes, while the SHAP interpretability analysis confirmed that the Glucose, Age, BMI, 

and Diabetes Pedigree Function features are the dominant factors in the prediction. Overall, these results prove that the 

integration of SVM optimization and the SHAP-based interpretative approach is capable of producing an accurate, 

balanced, and transparent classification model, thus making it suitable for use as a basis for a clinical decision support 

system for the early detection of diabetes. 
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