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 Diabetes mellitus is a non-communicable disease with an increasing 

prevalence that requires accurate early detection methods. This study 

aims to analyze the performance of  the Support Vector Machine (SVM) 

method with three kernels, namely Linear, Polynomial, and Radial Base 

Function (RBF), in the classification of diabetes risk. The data used was 

a Pima Indians Diabetes dataset  consisting of 768 observations with 8 

predictor variables and one target variable. This study uses a quantitative 

approach with stages of data exploration, preprocessing, and model 

evaluation using 10-Fold Cross Validation. The model's performance was 

evaluated based on the Accuracy, Sensitivity, Specificity, Kappa, and 

ROC-AUC metrics. The results show that all three kernels have good 

classification capabilities, but the Polynomial  kernel provides the best 

performance compared to the Linear and RBF kernels. The Polynomial  

kernel produces the highest Accuracy value of 77.60%, as well as  

superior Kappa and ROC-AUC values. In addition,  the Polynomial 

kernel  also shows a better balance in classifying diabetic and non-diabetic 

patients. These results show that the kernel selection in the SVM method 

has a significant effect on the classification performance, and  the 

Polynomial  kernel is the most optimal model in the dataset used in this 

study. 
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1. INTRODUCTION 
 

Diabetes mellitus is one of the non-communicable diseases that is a serious concern 

at the global level. This condition occurs due to a decrease in the production of the 

hormone insulin by the pancreas or the occurrence of insulin resistance, so that glucose 

in the body cannot be processed optimally and results in increased blood sugar levels or 

hyperglycemia [1]. The complications caused are very diverse, ranging from vision 

impairments, heart disease, stroke, to kidney failure, so early treatment is very important 

[2], [3]. Based on a 2021 report by the International Diabetes Federation (IDF), it is 

estimated that around 537 million people worldwide are living with diabetes, 

representing about 10.5% of the global population, and the figure is projected to increase 

to 783 million by 2045 [4]. Indonesia itself ranks fifth with the highest number of patients, 

namely 19.5 million cases in 2021 and is estimated to reach 28.6 million in 2045 [1]. 

The high incidence of diabetes is also exacerbated by low public awareness, where 

nearly half of all adult diabetics in the world are unaware of their medical condition, 

with the highest prevalence of undiagnosed in Africa, the Western Pacific, and Southeast 

Asia at 53.6%, 52.8%, and 51.3%, respectively. [4]. Various risk factors contribute to the 

incidence of type 2 diabetes mellitus, including age over 45 years, obesity, hypertension, 

unhealthy consumption patterns, stress, and family history that have been proven to 

have a meaningful relationship with an increased risk of this disease [5]. A person who 

has a parent with a history of diabetes has a 3.4 to 3.5 times higher risk of developing 

diabetes, and that risk increases to 6.1 times if both parents have the same disease [1]. 

This condition shows how important early detection efforts are, especially in developing 

countries including Indonesia. To overcome these early detection challenges, artificial 

intelligence and machine learning-based approaches are starting to be explored in the 

health sector. The machine learning approach has the ability to recognize nonlinear 

relationships between variables and produce predictions that are faster and more 

accurate than conventional statistical methods [6], [7]. Various algorithms such as Naive 

Bayes, K-Nearest Neighbor, Decision Tree, Random Forest, and Support Vector Machine 

(SVM) have been widely applied for diabetes classification with varying degrees of 

accuracy [8], [9], [10]. One of the algorithms that has proven to be reliable is SVM, which 

works by finding the optimal separator plane (hyperplane) to separate data into two 

classes with maximum margins [11], [12]. The advantages of SVM include its high 

classification ability and resistance to overfitting on high-dimensional data, making it 

very potential as an aid for early detection of diabetes [13]. 

SVM performance is greatly affected by the kernel functions used in the 

classification process. The kernel functions to transform data into a higher-dimensional 

feature space so that patterns that were initially difficult to separate become linearly 

separable [14]. The three most commonly used kernel types are linear kernels that are 

effective for simple feature relationships, RBF kernels that excel for complex nonlinear 

patterns, and polynomial kernels that are capable of modeling the interactions between 

features to a certain degree [6]. Selecting the right kernel is key for SVM models to strike 

a balance between accuracy and generalizability to new data [6], [15]. 

Some previous studies have shown mixed results regarding the best kernel in 

disease classification. In the classification of stroke risk using Indonesia Family Life 

Survey (IFLS) data, linear kernels produced the highest accuracy of 99.0% with 97.0% 

sensitivity and 100.0% specificity, outperforming RBF, polynomial, and sigmoid kernels 

[14]. In the hypertension risk prediction study, SVMs with linear kernels gave the highest 

ROC-AUC of 0.9518 although the RBF kernel recorded a slightly higher accuracy of 
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87.38% [6]. On the other hand, in the classification of diabetes using the Pima Indians 

dataset, the RBF kernel was able to achieve up to 95.45% accuracy after the 

implementation of feature selection [2], while other studies showed that SVMs with 

polynomial kernels resulted in an accuracy of 86.48% on the same dataset [11]. These 

differences in results suggest that no kernel is universally superior, so a comprehensive 

comparison between kernels in cases of diabetes still needs to be studied further [6], [7]. 

Most previous studies have focused on one type of kernel or one particular 

algorithm without conducting a thorough comparison, and have not comprehensively 

assessed the consistency of model performance using various evaluation metrics [6], [8], 

so this study aims to compare the performance of kernel Linear, Polynomial, and Radial 

Basis Function (RBF) on the Support Vector Machine (SVM) in classifying diabetes using 

Accuracy, Sensitivity, Specificity, Kappa metrics, and Receiver Operating Characteristic 

(ROC). The results of the study are expected to determine the kernel that provides the 

best classification performance so that it can be used as a reference in the development 

of diabetes early detection systems." 

 
 

2. METHODS  
 

2.1 Data Types and Descriptions 

This study uses a quantitative approach with a computational experiment method 

that aims to compare the performance of several Support Vector Machine (SVM)  

classification models with Linear, Polynomial, and Radial Base Function (RBF) kernels in 

detecting diabetes risk. The data used is secondary data obtained from  the Pima Indians 

Diabetes Dataset public dataset which is accessed through open source. This dataset 

consists of 768 observations with 8 predictor variables, namely Pregnancies, Glucose, Blood 

Pressure, SkinThickness, Insulin, BMI, DiabetesPedigreeFunction, and Age, as well as one 

target variable, namely Outcome which consists of two classes, namely 0 (non-diabetes) 

and 1 (diabetes). The entire data analysis process, from preprocessing to model evaluation, 

is carried out using R Studio  software with several  supporting packages for machine 

learning and model classification evaluation. 

 

2.2 Research Stages 

1. Data Exploration 

At this stage, an initial analysis is carried out to see the characteristics of the data 

such as distribution, minimum-maximum values, and class proportions in the target 

variable. 

2. Data Pre-processing 

Pre-processing includes checking for missing values, converting target variables 

into factors, and standardizing data to avoid differences in scale between variables that 

can affect SVM performance. 

3. Data Sharing 

The data is divided into training data and test data implicitly through the cross 

validation method. The model evaluation was carried out using the 10-Fold Cross 

Validation method, which divides the data into 10 parts (folds). Each fold is alternately 

used as test data, while the rest is used as training data. This process is repeated 10 times 

to reduce the bias of the evaluation results and improve the stability of the model. 
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2.3 Classification Methods 

The main method used in this study is a Support Vector Machine (SVM) with three types 

of kernels, namely: 

• Linear Kernel: used for data that is linear or nearly linear. 

𝑲 = (𝑿𝒊, 𝑿𝒋) = (𝑿𝒊 × 𝑿𝒋)                                                                                              (1) 

• Kernel Polynomial: used to capture nonlinear relationships with specific degrees 

of polynomials.  

𝑲 = (𝑿𝒊, 𝑿𝒋) = (𝑿𝒊 × 𝑿𝒋 + 𝟏)
 𝒑

                                                                                    (2) 

• RBF (Radial Base Function) kernel: used to handle complex and nonlinear data 

patterns.  

𝑲 = (𝑿𝒊, 𝑿𝒋) = 𝒆−𝒚(𝑿𝒊,𝑿𝒋)
𝟐

                                                                                             (3)                                                                                  

Each kernel is evaluated to see for performance differences in classifying diabetes data 

[16]. 

 

2.5 Evaluation Method 

Model performance is measured using several evaluation metrics, namely: 

• Accuracy: used to measure the overall accuracy of the model in performing 

classification. 

• Sensitivity (recall): used to see the model's ability to correctly detect positive 

cases of diabetes. 

• Specificity: used to measure the model's ability to recognize negative cases (non-

diabetes). 

• Kappa: used to assess the degree of agreement between the model's predicted 

results and actual data taking into account the possibility of random errors. 

• ROC-AUC: used to evaluate the model's ability to distinguish two classes as a 

whole based on  the Receiver Operating Characteristic curve. 

 

3. RESULTS AND DISCUSSION 
 

3.1 Descriptive Stats 

The dataset used consisted of 768 observations, 8 predictor variables, and 1 target 

variable (Outcome). Predictive variables include Pregnancies, Glucose, Blood Pressure, 

SkinThickness, Insulin, BMI, DiabetesPedigreeFunction, and Age. 
 

Table 1. Descriptive Statistics 

Variabel Minimum Maximum Average 

Pregnancies 0 17 3,845 

Glucose 0 199 120,9 

BloodPressure 0 122 69,11 

SkinThickness 0 99 20,54 

Insulin 0 846 79,80 

BMI 0 67,10 31,99 

DiabetesPedigreeFunction 0,078 2,420 0,472 

Age 21 81 33,24 
 

Based on descriptive statistics, the average number of pregnancies was 3.845 times, the 

average glucose level was 120.9 mg/dL, blood pressure was 69.11 mmHg, the thickness 

of the skin folds was 20.54 mm, the insulin level was 79.8 μU/mL, the BMI was 31.99 

kg/m²,  the Diabetes Pedigree Function value  was 0.472, and the age was 33.24 years. The 

Outcome target variable  had an average of 0.349, which indicates that about 34.9% of 
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the data belonged to the diabetes category and 65.1% belonged to the non-diabetic 

category. In addition, some variables such as Glucose, Blood Pressure, Skin Thickness, 

Insulin, and BMI have a minimum value of 0, which indicates the presence of incomplete 

data or medically unrealistic values. Therefore, a data standardization process was 

carried out before modeling using a Support Vector Machine (SVM). 

 

3.2 Data Pre-processing 

In the pre-processing stage, missing values are checked for all variables using the 

colSums(is.na(data)) function. The results of the check show that there are no 

missing values in the dataset, so that all data can be used in the modeling process. 

Furthermore, the Outcome target variable  was changed into a factor with two categories, 

namely "No" for non-diabetic patients and "Yes" for diabetic patients. This 

transformation is carried out so that the target variable is in accordance with the needs  

of the Support Vector Machine (SVM) classification method in the model training and 

evaluation process. 
 

3.3 Evaluation Using 10-Fold Cross Validation 

Model evaluation was carried out using the 10-Fold Cross Validation method. In 

this method, the dataset is divided into 10 parts (folds) that are almost the same size. 

Each fold was alternately used as test data, while the other nine folds were used as 

training data. This process is carried out 10 times so that each data has the same 

opportunity to become training data and test data. 

 In this study, model evaluation was carried out using the trainControl() 

with parameters method = "cv" and number = 10. In addition, used classProbs 

= TRUE to generate class probabilities, summaryFunction = twoClassSummary to 

calculate evaluation metrics such as ROC, sensitivity (Sensitivity), and specificity 

(Specificity), and savePredictions = "final" to save the prediction results on each 

fold. Usage 10-Fold Cross Validation aims to obtain more stable evaluation results and 

reduce bias that can arise due to the sharing of training data and testing conducted only 

once. 
 

3.4 Linear Kernel SVM Results  
 

The SVM model with Linear kernel was applied to a diabetes dataset consisting of 

768 observations and 8 predictor variables. The model evaluation was carried out using 

the 10-Fold Cross Validation method  to obtain more stable and representative results. 

Model performance is measured using Accuracy, Sensitivity, Specificity, Kappa, and 

ROC. 
Table 2. Linear Kernel SVM Evaluation Results 

Metric Value 

Accuracy 0,755 

Sensitivity 0,563 

Specificity 0,858 

Kappa 0,439 

ROC 0,832 

 

Based on Table 2, the Linear kernel produces an Accuracy value  of 77.47%, which 

indicates that the model is able to classify most of the data correctly. A sensitivity value 

of 55.60% indicates that the model is able to detect about 55.60% of patients who actually 

have diabetes. Meanwhile, a Specificity value of 89.20% indicates an excellent ability to 
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recognize patients who do not have diabetes. An ROC value of 0.829 indicates that the 

model has good classification ability in distinguishing the two classes. 

 

3.5 Hasil SVM Kernel Polynomial 
 

The SVM model with the Polynomial kernel is used to accommodate the possibility 

of nonlinear relationships in the data. Evaluation was conducted using the 10-Fold Cross 

Validation method with the same metrics as in the Linear kernel. 

 
Table 3. SVM Kernel Polynomial Evaluation Results 

Metric Value 

Accuracy 0,776 

Sensitivity 0,563 

Specificity 0,890 

Kappa 0,479 

ROC 0,838 

 

Based on Table 3, the Polynomial kernel produces an Accuracy of 77.60%, which is the 

highest value compared to other kernels. The sensitivity value of 56.34% indicates that 

the model's ability to detect diabetic patients is slightly better than that of the Linear 

kernel. In addition, a Specificity value of 89.00% indicates that the model is still able to 

recognize non-diabetic patients well. The Kappa value of 0.479 and ROC of 0.838 are also 

the highest among the three kernels, indicating that the Polynomial kernel has the best 

classification performance in the dataset used. 

 

3.6 RBF Kernel SVM Results  
 

Kernel Radial Base Function (RBF) is used to capture more complex and nonlinear 

patterns in data. As with the previous model, the evaluation was carried out using the 

10-Fold Cross Validation method. 

 
Table 4. RBF Kernel SVM Evaluation Results 

Metric Value 

Accuracy 0,755 

Sensitivity 0,563 

Specificity 0,858 

Kappa 0,439 

ROC 0,832 

 

Based on Table 4, the RBF kernel produces an Accuracy of 75.52%, which is lower than 

the Linear and Polynomial kernels. However, the Sensitivity value of 56.34% indicates 

the same diabetes detection ability as the Polynomial kernel. A Specificity value of 

85.80% indicates that the model's ability to recognize non-diabetic patients is still 

relatively good, although it is lower than the other two kernels. An ROC value of 0.832 

indicates that the RBF kernel still has good classification capabilities, but its overall 

performance is still below the Polynomial kernel. 

 

3.7 Comparison of the Three Kernels 

After modeling was carried out using Linear, Polynomial, and RBF kernels, then 

performance comparison was carried out to determine the best kernel in the diabetes 

classification. The comparison was conducted based on five evaluation metrics, namely 
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Accuracy, Sensitivity, Specificity, Kappa, and ROC obtained through the 10-Fold Cross 

Validation method. 
Table 5. SVM Kernel Performance Comparison 

Kernel Accuracy Sensitivity Specificity Kappa ROC 

Linear 0,775 0,556 0,892 0,475 0,829 

Polynomial 0,776 0,563 0,890 0,479 0,838 

RBF 0,755 0,563 0,858 0,439 0,832 

 

Based on Table 5, the Polynomial kernel shows the best performance with an 

Accuracy value of 77.60%, Kappa of 0.479, and ROC of 0.838. This value is the highest 

compared to the Linear and RBF kernels, thus indicating that the Polynomial kernel has 

better classification capabilities overall. Judging from the ability to detect diabetic 

patients, the Polynomial and RBF kernels produce the same Sensitivity value, which is 

56.34%, while the Linear kernel produces a Sensitivity of 55.60%. Although the 

differences are relatively small, these results suggest that the Polynomial and RBF 

kernels are slightly better at identifying patients who actually have diabetes.  

Meanwhile, the Linear kernel produces the highest Specificity value of 89.20%, which 

indicates that it is best at recognizing patients who do not have diabetes. However, since 

the purpose of the study is not only to recognize non-diabetic patients but also to 

accurately detect diabetic patients, the evaluation does not only focus on Specificity. 

Overall, the Polynomial kernel provides a better balance between Accuracy, Sensitivity, 

Specificity, Kappa, and ROC than the other two kernels. Therefore, based on the results 

of the evaluation using the 10-Fold Cross Validation method, the Polynomial kernel was 

selected as the best kernel for diabetes classification in the dataset used in this study. 
 

 

Figure 1. Comparison of the Accuracy of the Three SVM Kernels 

 Based on the barplot in Figure 1 shows that the Polynomial kernel has the highest 

Accuracy value, followed by the Linear kernel and the RBF kernel. Although the 

difference in Accuracy between kernels is relatively small, the Polynomial kernel still 

performs the best based on the overall evaluation results. Based on Table 5 and Figure 1, 

the Polynomial kernel produces the highest Accuracy value of 77.60%, higher than the 

Linear kernel of 77.47% and the RBF kernel of 75.52%. These results show that the 

Polynomial kernel has better classification capabilities in grouping the data of diabetic 

and non-diabetic patients on the dataset used. In addition to producing the highest 

accuracy, the Polynomial kernel also obtained a Kappa value of 0.479 and an ROC of 

0.838 which is higher than other kernels. 

These findings are in line with research [17] Who compares kernel Linear, 

Polynomial, RBF, then Sigmoid in the classification of heart diseases using the SVM 

method, where kernel Polynomial produces the best performance with an accuracy of 

88.52%. The similarity of these results indicates that kernel Polynomial Have a good ability 

to model nonlinear relationships in health data so that it can improve classification 
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performance. In addition, the research [18]  shows that the SVM method is able to 

provide good performance in predicting anemia status, thus further strengthening that 

SVM is an effective method for classification problems in the health sector. On the other 

hand, research [6] shows that the best performance of a kernel is greatly influenced by 

the characteristics of the data used, so that kernel Linear and RBF can provide better 

results on certain datasets. Therefore, the difference in results between studies is natural 

because it is influenced by the type of dataset, the number of attributes, the data 

preprocessing technique, and the model parameters used. Based on the results of the 

evaluation obtained, kernel Polynomial can be established as the best model in this study 

because it produces the highest level of accuracy compared to Linear and RBF kernels. 

 
 

4. CONCLUSION  

The results of the analysis showed that  the Support Vector Machine (SVM) model with 

Linear, Polynomial, and Radial Base Function (RBF) kernels was able to classify diabetes 

data with quite good performance. The difference in the values in each evaluation metric, 

namely Accuracy, Sensitivity, Specificity, Kappa, and ROC-AUC, indicates a variation in 

the ability of each kernel to separate the diabetes and non-diabetic classes. Among the 

three models tested, the Polynomial  kernel performed the most with  the highest 

Accuracy values and better Kappa and ROC-AUC values than the Linear and RBF 

kernels. In addition,  the Polynomial kernel  also shows a better balance in classifying the 

two classes, thus providing more stable prediction results. The results of this study show 

that  the Support Vector Machine (SVM) method is effectively used in medical 

classification problems, especially in diabetes data, and the selection of the right kernel 

has a significant influence on the quality of classification results. 
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  𝑲 =  (   𝑿  𝒊 ,     𝑿  𝒋 ) =  (   𝑿  𝒊 ×   𝑿  𝒋 )  


  𝑲 =  (   𝑿  𝒊 ,     𝑿  𝒋 ) =    (   𝑿  𝒊 ×   𝑿  𝒋 + 𝟏 )    𝒑  


  𝑲 =  (   𝑿  𝒊 ,     𝑿  𝒋 ) =   𝒆  − 𝒚    (   𝑿  𝒊 ,   𝑿  𝒋 )  𝟐  

