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Diabetes mellitus (DM) is a chronic disease that can cause serious 

complications, making early detection essential. Technological advances 

enable the use of data mining techniques, particularly the Naïve Bayes 

classification method, to support early diabetes detection. Although Chi-

Square variable selection is known to improve Naïve Bayes accuracy, 

studies examining the impact of different significance levels remain 

limited. Therefore, this study applies the Naïve Bayes method with and 

without Chi-Square variable selection at three significance levels (α = 

0.05, α = 0.01, and α = 0.001) to evaluate their effects on classification 

performance and identify the optimal significance level. The results show 

that Naïve Bayes without variable selection achieved an accuracy of 

87.50%, precision of 93.01%, and recall of 86.21%. After applying Chi-

Square selection, performance improved across all significance levels. At 

α = 0.05, the accuracy reached 87.88%, with precision of 93.06% and 

recall of 86.85%. At α = 0.01, accuracy increased to 88.46%, precision to 

94.25%, and recall to 86.53%. The best performance was obtained at α = 

0.001, achieving an accuracy of 88.65%, precision of 94.19%, and recall 

of 86.86%. These findings indicate that Chi-Square variable selection 

effectively enhances the performance of the Naïve Bayes algorithm for 

diabetes classification. 
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INTRODUCTION 

Diabetes mellitus (DM) is a chronic disease characterized by blood sugar levels exceeding 

normal limits, which can lead to serious complications if left untreated [1][2]. According to the 

International Diabetes Federation (IDF), there were approximately 589 million people with diabetes 

worldwide in 2024, and this number is expected to rise to 853 million by 2050. In the same year, over 

3.4 million deaths were attributed to diabetes complications, and 43% of individuals with diabetes 

remain undiagnosed[3]. This situation underscores the urgency of early detection as a preventive 

measure and to reduce the risk of complications and mortality. Diabetes is generally accompanied by 

symptoms such as polyuria, polydipsia, polyphagia, weight loss, fatigue, blurred vision, and wounds that 

are difficult to heal[4][5]. These symptoms are important indicators in the process of symptom-based 

diabetes diagnosis, which can be used to support the early detection system for diabetes.. 

With the advancement of technology, the early detection of diabetes can be aided by data-based 

methods. One widely used approach is data mining. Data mining is the process of extracting and 

analysing relevant information from large databases using statistical, mathematical, machine learning, 

and artificial intelligence approaches [6]. Data mining uses various approaches to obtain information, 
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including description, estimation, clustering, association, prediction, and classification[7]. Among these 

various approaches, classification is one of the methods that is often used in various fields, including 

health, because it can group objects into certain groups, for example, positive or negative for a disease, 

based on the available data information. Thus, the use of classification methods can assist in the early 

detection of diabetes. 

Classification is the process of categorizing objects based on similar characteristics and 

developing models and functions that can define, distinguishing, and predicting the class of previously 

unknown objects  [8][9]. There are several classification methods, namely Naïve Bayes, K-Nearest 

Neighbor (KNN), Decision Tree (C4.5, C5.0), Artificial Neural Network (ANN), Random Forest, and 

Support Vector Machine (SVM)  [10]. This study applies the Naïve Bayes method, which is used for 

various reasons, including calculation speed, algorithm simplicity, and its ability to achieve high 

accuracy[11]. Naïve Bayes classification is a statistical method for identifying membership of a class. 

The principle of this classification was introduced by Thomas Bayes, a British scientist, which is to 

estimate future probabilities based on previous events, which is widely known as Bayes' theorem [12]. 

Several previous studies have shown that the Naive Bayes method can produce good classification model 

accuracy.  In a study by [13] using the Naïve Bayes method to classify diabetes in women, an accuracy 

of 78.50% was obtained. Another study by [14] evaluated the prediction of early-stage diabetes risk 

using the Naïve Bayes method with cross-validation, achieving an accuracy level of 87.88%. Although 

the Naïve Bayes method has been proven to have advantages in classifying diabetes, further research is 

needed to evaluate its effectiveness in various dataset conditions, including those that have undergone 

variable selection. This stage is important for identifying influential variables in the dataset, so that the 

classification model focuses on variables that have a significant influence. 

Variable selection is the process of identifying and selecting a subset of influential independent 

variables from a large data set that will be used to form a classification model [15]. Variable selection 

aims to reduce irrelevant variables, speed up the model training process, and improve classifier 

performance [16]. However, finding the optimal variables is not an easy task because it has the potential 

to cause high bias or variance [17]. Therefore, an appropriate variable selection strategy that is relevant 

to the data is needed. Chi-Square and Mutual Information are two widely used filter-based variable 

selection approaches [18]. The Chi-Square method is a variable selection technique used to assess the 

strength of the relationship between a variable and a class[19]. According to [20] , his research proved 

that the application of Chi-Square variable selection in Naïve Bayes increased accuracy by 2.38%. 

Similar research by [21] showed an accuracy increase of 6.78%. 

Previous studies have confirmed that the use of the Naive Bayes method with Chi-Square 

variable selection can improve the accuracy performance of classification models. Based on this 

description, the problem in this study is that there has been no specific study analysing the effect of 

differences in the significance level of Chi-Square variable selection on the accuracy performance of the 

Naive Bayes method in the classification of diabetes. Based on this problem, this study classified 

diabetes using the Naive Bayes method, both with and without Chi-Square variable selection, at three 

levels of significance, namely α = 0.05; α = 0.01; and α = 0.001. This study aims to compare the accuracy 

performance of Naive Bayes without variable selection and Naive Bayes with Chi-Square variable 

selection at various levels of significance so that it can be determined to what extent variable selection 

affects the improvement in the accuracy of the diabetes classification model. 

RESEARCH METHODS 

Overall, this study was conducted to optimise the performance of the Naive Bayes classification 

method in classifying diabetes patients by comparing the effectiveness of classification models with and 

without Chi-Square variable selection at three different levels of significance. 
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Figure 1. Research methodology 

Data Collection 

The data used in this study is secondary data obtained from Kaggle entitled Early-Stage Diabetes 

Risk Prediction Dataset. The dataset is based on questionnaire results obtained directly from patients at 

Sylhet Diabetes Hospital in Sylhet, Bangladesh, and has been approved by medical professionals. This 

study uses 520 data points with 16 variables, consisting of 15 independent variables and 1 dependent 

variable. 

Data Preprocessing  

Data preprocessing is an important process that aims to process data so that it is more structured 

and can be used in the analysis process [22]. The preprocessing stage used in this study encodes labels 

by transforming categorical data into numerical form. 

Variable Selection 

Variable selection is the process of identifying and selecting a subset of variables to be used in 

a machine learning model. The variable selection process is used to optimise performance by eliminating 

variables that have no effect or contribute little to the final classification model results[23]. 

 

Chi-Square 

Chi-Square is a nonparametric statistical test method used to assess whether two variables show a 

statistically significant relationship [24]. The higher the Chi-Square value, the stronger the relationship 

between the variable and the target class [25].  

The following is the Chi-Square test equation [26]: 

𝑋2 = ∑
(𝑂𝑖−𝐸𝑖)2

𝐸𝑖

𝑛
𝑖=1   …………………………………………….(1) 

where 

Start 

Data Collection 

Preprocessing Data 

Chi-Square Variable Selection Without Variable Selection 

Data Distribution 

Navie Bayes Classification 

results and analysis 

End 
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𝑋2 = Chi-square test distribution 

𝑂𝑖 =  𝑖𝑡ℎ observed value 

𝐸𝑖 = 𝑖𝑡ℎ expected value 

 

The Chi-Square test procedure is as follows: 

1.  Establish hypotheses 𝐻0 and 𝐻1 

𝐻0 : There is no significant relationship between the two variables. 

𝐻1 : There is a significant relationship between the two variables. 

2. Calculate the expected frequency (𝐸𝑖) 

𝐸𝑖  𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑐𝑒𝑙𝑙 =
(𝑇𝑜𝑡𝑎𝑙 𝑅𝑜𝑤)×(𝑇𝑜𝑡𝑎𝑙 𝐶𝑜𝑙𝑢𝑚𝑛𝑠)

𝑇𝑜𝑡𝑎𝑙 𝑂𝑣𝑒𝑟𝑎𝑙𝑙
  ……………………………………(2) 

3. Calculate the Chi-Square test distribution using equation (1) 

4. Determine the significance level. In this study, three significance levels are used, namely  

 𝑎 = 0,05, 𝑎 = 0,01 and 𝑎 = 0,001 

5. Determining the 𝑋2 table value 

𝑑. 𝑓 = (𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑟𝑜𝑤 − 1) × (𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑙𝑢𝑚𝑛𝑠 − 1)…………………(3) 

6. Formulating the test criteria 

If the calculated 𝑋2 value ≤ the 𝑋2 table value, then the 𝐻0 hypothesis is accepted 

If the calculated 𝑋2 value > the 𝑋2 table value, then the 𝐻0 hypothesis is rejected 

7. Comparing the calculated 𝑋2 and 𝑋2 table  

8. Making a decision on whether there is a relationship between variables 

Data Distribution 

 
Figure 2. K-Fold Cross Validation Scheme k=10 

 

Data splitting is a method of separating data into two groups, namely training data and test data, 

but unbalanced data splitting can result in bias. K-Fold Cross Validation is an approach that can be used 

to optimise the performance of classification models by splitting the dataset into k folds, with (k-1) used 

for training data and the rest as test data. The analysis stage is carried out using classification methods 

for k iterations. The final stage of this process is to calculate the average results of all iterations to obtain 

a more stable model evaluation[27][28]. The K-Fold Cross Validation approach with k=10 can produce 

accuracy with relatively low variance and bias [29]. Therefore, in this study, the K-Fold Cross Validation 

method with k=10 was applied to divide the data in the classification of diabetes. 
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Naïve  Bayes Classification Method 

Naïve Bayes classification is a statistical classification method used to predict the probability of 

data belonging to a particular class[30]. This method is based on the concept of probabilistic theory and 

statistics introduced by a British scientist named Thomas Bayes, who estimated future probabilities 

based on past events, which later became widely known as Bayes' theorem [31]. Naïve Bayes 

classification can be applied in the following stages [32]: 

1. Reading training data 

2. Calculate the prior probability for class 𝑌𝑖 using the following equation: 

 

𝑃(𝑌𝑖) =
𝑌𝑖

𝑌
   ………………………………………………….(4) 

dengan 

𝑃(𝑌𝑖) = prior probability of class 𝑌𝑖 occuring 

𝑌𝑖 = classification result of the training data 

𝑌 = total number of training data 

3. Calculate the probability of each independent variable relative to its dependent variable using 

the following conditional probability equation: 

𝑃(𝑌|𝑋) =
𝑃(𝑋∩𝑌)

𝑃(𝑋)
  ………………………………………………(5) 

where 

𝑃(𝑌|𝑋) = probability of Y occurring given that X has already occurred 

𝑃(𝑋 ∩ 𝑌) = initial probability of X given that Y has already occurred simultaneously 

𝑃(𝑋) = probability of condition X occurring 

4. Calculate the total posterior probability value for each class using the following equation: 

𝑃(𝑌𝑖|𝑋) = ∏ 𝑃(𝑥𝑘|𝑌𝑖) = 𝑃(𝑥1|𝑌𝑖) × 𝑃(𝑥2|𝑌𝑖) × … ×  𝑃(𝑥𝑛|𝑌𝑖)𝑛
𝑘=1                             (6) 

5. Calculate the product of the prior probability and the total probability of the independent 

variable for each class. 

6. The final classification result is determined based on the highest probability value between the 

two classes. 

 

In an effort to clarify the process flow of diabetes classification using the Naïve Bayes method 

with and without Chi-Square variable selection, the following pseudocode briefly and systematically 

describes the main stages of the research. 
 

Input: Diabetes dataset (520 data points, 16 variables) 

Output: Accuracy, Precision, Recall values 

Begin 

 1. Read the diabetes dataset 

 2. perform preprocessing data 

a. Encoding Gender → (1 (Male), 2 (Female)) 
b. Encoding symptoms → (1 (Yes), 0 (No)) 
c. Encoding Class → (1 (Positive), 0 (Negative)) 

 3. Determine the research scenario 

       a. Without variable selection 

       b. With Chi-Square variable selection (a=0.05, a=0.01, and a=0.001) 

 4. If using Chi-Square, then 

a. Calculate the Chi-Square value of each variable against Class 

b. Compare the calculate 𝑋2 with the table 𝑋2 

c. Select variables with 𝑋2 calculate > 𝑋2 Table 

d. create a dataset of variable selection results 
       Else 

    a. Use all variables 

 5. Divide the dataset randomly using K-Fold Cross Validation (k = 10) 

 6. For each fold i (i = 1 to 10) do the following 

a. Determine the training data and test data 
b. Calculate the prior probability of each class 
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c. Calculate the conditional probability of each variable for each class 
d. Calculate the posterior probability of each class 
e. Calculate the product of the prior probability and the total posterior 

probability for each class 

f. Determine the classification result based on the highest probability 
g. Save the prediction results 

    7. Calculate the confusion matrix (TP, TN, FP, FN) 

    8. Calculate the evaluation values  

a. Accuracy 
b. Precision 
c. Recall 

9. Calculate the average evaluation results from all folds 
End 

 

Model Evaluation 

Model evaluation in this research stage aims to measure the performance of the model that has 

been built by referring to the accuracy, precision, and recall values using a confusion matrix. Model 

evaluation with a confusion matrix is used to measure the effectiveness of the classification model's 

performance after the data mining process. This evaluation produces information that serves to measure 

the performance of the classification model results with the actual classification [33]. 

 
Table 1.  Confusion Matrix 

Confusion matrix 
Actual 

Positive Negative 

Prediction 
Positive TP FP 

Negative FN TN 

 

Explanation: 

▪ TP (True Positive)  the number of actual positive class data predicted as positive values. 

▪ TN (True Negative) is the number of actual negative class data predicted as negative values. 

▪ FN (False Negative) is the number of actual positive class data predicted as negative values. 

▪ FP (False Positive) is the number of actual negative class data predicted as positive values. 

 

The confusion matrix contains three methods for evaluating classification models on test data [34]:  

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 × 100%  ……………………………………(7) 

Accuracy serves as the result of model performance assessment during the classification process. 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
× 100%   ……………………………………… (8) 

Precision serves to compare the number of True Positive (TP) data with the total number of data 

predicted as positive 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
× 100%      ………………………………………… (9) 

Recall serves to compare the number of True Positive (TP) data with the total number of data that are 

actually positive 

 

 

 

 

https://doi.org/10.29407/gj.v10i2.27878


  

69 

 

Vol. 10 No. 2 Tahun 2026 

e-ISSN: 2549-2233 / p-ISSN: 2580-4952 

DOI : https://doi.org/10.29407/gj.v10i2.27878 

RESULT AND DISCUSSION 

Data Collection 

This study utilised secondary data from the kaggle.com platform entitled ‘Early Stage Diabetes 

Risk Prediction Dataset’. This dataset was collected from surveys conducted directly with patients at 

Sylhet Diabetes Hospital in Sylhet, Bangladesh, and was approved by authorised medical personnel. 

This study examined 520 observational data sets, covering 16 variables, including 15 independent 

variables and one dependent variable. 

 
Table 2. Description of Diabetes Variables 

Variable     Description     Category    Description 
 

𝑋1  Gender 
Male 

gender 
 

Female  

𝑋2 Polyuria 
Yes 

frequent urination with abnormal frequency     
 

No  

𝑋3 Polydipsia 
Yes 

hyperphysiological thirst   
 

No  

𝑋4 
Sudden weight 

loss 

Yes 
significant weight loss 

 

No  

𝑋5 Weakness 
Yes 

decreased physical endurance   
 

No  

𝑋6 Polyphagia 
Yes 

excessive increase in appetite 
 

No  

𝑋7 Genital thrush 
Yes 

fungal and bacterial infection     
 

No  

𝑋8 Visual blurring 
Yes 

blurred vision 
 

No  

𝑋9 Itching 
Yes 

Persistent itching  
 

No  

𝑋10 Irritability 
Yes 

emotional instability 
 

No  

𝑋11 Delayed healing 
Yes 

wounds that are difficult to heal 
 

No  

𝑋12 Partial paresis 
Yes 

weakness or limpness in the body 
 

No  

𝑋13 Muscle stiffness 
Yes 

difficulty moving or stiff muscles 
 

No  

𝑋14 Alopecia 
Yes 

hair loss 
 

No  

𝑋15 Obesity 
Yes 

obesity 
 

No  

𝑌 Class 
Positive 

classified as positive or negative diabetes 
 

Negative  

 

Preprocessing Data 

The preprocessing stage is carried out to prepare the dataset so that it can be processed by the Naïve 

Bayes method. This process includes label encoding to convert categorical data into numerical data. The 

Gender variable is labelled with a value of 1 for ‘Male’ and 2 for ‘Female’, while all symptom variables 
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are labelled 1 for “Yes” and 0 for ‘No’. The Class variable as the output label is given a value of 1 for 

the category ‘Positive’ and 0 for the category ‘Negative’. 

 
Table 3. Result of Preprocessing Label Encoding 

No 𝑿𝟏 𝑿𝟐 𝑿𝟑 𝑿𝟒 𝑿𝟓 𝑿𝟔 𝑿𝟕 𝑿𝟖 𝑿𝟗 𝑿𝟏𝟎 𝑿𝟏𝟏 𝑿𝟏𝟐 𝑿𝟏𝟑 𝑿𝟏𝟒 𝑿𝟏𝟓 𝒀 

1 1 0 1 0 1 0 0 0 1 0 1 0 1 1 1 1 

2 1 0 0 0 1 0 0 1 0 0 0 1 0 1 0 1 

3 1 1 0 0 1 1 0 0 1 0 1 0 1 1 0 1 

4 1 0 0 1 1 1 1 0 1 0 1 0 0 0 0 1 

5 1 1 1 1 1 1 0 1 1 1 1 1 1 1 1 1 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

520 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

 

Chi-Square Variable Selection Results 

The variable selection method used for this study was Chi-Square. Variable selection is a method 

for selecting independent variables that show a significant relationship with the dependent variable in 

order to improve the performance of the classification model. Figure 3 shows the results of the Chi-

Square method calculation. 

 

Figure 3. Chi-Square Calculation Results 

 

The figure above shows the calculated Chi-Square value in the diabetes dataset, which illustrates 

the level of influence of the independent variables on the dependent variable. A high calculated Chi-

Square value indicates a significant influence of the symptom variables on diabetes status. In the variable 

selection stage, testing was carried out using three levels of significance, namely a=0.05, a=0.01 and 

a=0.001. In the Chi-Square test steps described above, variables that are significantly influential are 

retained, and variables that are not significantly influential are not included in the classification process. 

Based on the results of the Chi-Square test on the diabetes dataset, several variables meet the significance 

requirements. 

 

 
  

https://doi.org/10.29407/gj.v10i2.27878


  

71 

 

Vol. 10 No. 2 Tahun 2026 

e-ISSN: 2549-2233 / p-ISSN: 2580-4952 

DOI : https://doi.org/10.29407/gj.v10i2.27878 

Table 4. Results of Chi-Square Test Variable Selection 

Significant Variables 

Chi-Square Test 𝒂 = 𝟎, 𝟎𝟓 

Significant Variables 

Chi-Square Test 𝒂 = 𝟎, 𝟎𝟏 

Significant Variables 

Chi-Square Test𝒂 = 𝟎, 𝟎𝟎𝟏 
  

Gender, Polyuria, Polydipsia,  

Sudden weight loss, Weakness, 

Polyphagia, Genital thrush, Visual 

blurring, Irritability, Partial paresis, 

Muscle stiffness,  Alopecia  

Gender, Polyuria, Polydipsia,  

Sudden weight loss, Weakness, 

Polyphagia, Visual blurring, 

Irritability, Partial paresis, 

Muscle stiffness,  Alopecia 

Gender, Polyuria, Polydipsia,  

Sudden weight loss, Weakness, 

Polyphagia, Visual blurring, 

Irritability, Partial paresis, 

Alopecia 

 

 

Data Division 

In this study, the data set was divided randomly using the K-Fold Cross Validation method with 

k=10, where each fold consisted of 52 observations, with a total of 468 observations in the training data 

and 52 observations in the test data. 

 

Naïve Bayes Classification Results 

The results of the Naïve Bayes classification method for diabetes using the K-Fold Cross 

Validation scheme at k= 10 obtained an average accuracy value of 87.50%, precision of 93.01% and 

recall of 86.21%. 
Table 5. Naïve Bayes Classification Results 

Fold Accuracy  Precision Recall 

1 86,54% 92,86% 83,87% 

2 94,23% 96,15% 92,59% 

3 86,54% 90,63% 87,88% 

4 92,31% 92,59% 92,59% 

5 90,38% 97,06% 89,19% 

6 82,69% 88,57% 86,11% 

7 78,85% 86,21% 78,13% 

8 82,69% 95,45% 72,41% 

9 94,23% 100,00% 91,43% 

10 86,54% 90,63% 87,88% 

Average 87,50% 93,01% 86,21% 
    

    

Results of Naïve Bayes Classification with Chi-Square 

The results of the Naïve Bayes classification method with Chi-Square at three significance levels 

using the K-Fold Cross Validation technique at k = 10 obtained the following accuracy, recall, and 

precision classification models: 

 

 
Table 6. Results of Naïve Bayes Classification with Chi-Square 

Model Fold Accuracy  Precision Recall 

Results of Naïve Bayes Classification with 

Chi-Square 𝑎 = 0,05  

1 90,38% 93,33% 90,32% 

2 94,23% 96,15% 92,59% 

3 86,54% 90,63% 87,88% 

4 92,31% 92,59% 92,59% 

5 90,38% 97,06% 89,19% 

6 82,69% 88,57% 86,11% 

7 78,85% 86,21% 78,13% 

8 82,69% 95,45% 72,41% 

9 94,23% 100,00% 91,43% 

10 86,54% 90,63% 87,88% 

Average 87,88% 93,06% 86,85% 
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Model Fold Accuracy  Precision Recall 

Results of Naïve Bayes Classification with 

Chi-Square 𝑎 = 0,01 

1 88,46% 93,10% 87,10% 

2 92,31% 96,00% 88,89% 

3 86,54% 93,33% 84,85% 

4 96,15% 96,30% 96,30% 

5 92,31% 100,00% 89,19% 

6 84,62% 91,18% 86,11% 

7 78,85% 86,21% 78,13% 

8 82,69% 95,45% 72,41% 

9 94,23% 100,00% 91,43% 

10 88,46% 90,91% 90,91% 

Average 88,46% 94,25% 86,53% 

Results of Naïve Bayes Classification with 

Chi-Square 𝑎 = 0,001 

1 86,54% 92,86% 83,87% 

2 94,23% 96,15% 92,59% 

3 90,38% 93,75% 90,91% 

4 92,31% 92,59% 92,59% 

5 92,31% 100,00% 89,19% 

6 84,62% 91,18% 86,11% 

7 78,85% 86,21% 78,13% 

8 84,62% 95,65% 75,86% 

9 94,23% 100,00% 91,43% 

10 88,46% 93,55% 87,88% 

Average 88,65% 94,19% 86,86% 

 

Comparison of Classification Models 

A comparison of the accuracy performance of the Naïve Bayes classification model without 

variable selection and the Naïve Bayes classification model using Chi-Square variable selection at three 

levels of significance was used to determine the extent to which variable selection affects the 

improvement in the accuracy of the diabetes classification model. Based on the evaluation results, a 

comparison of the accuracy, recall and precision values of the classification model is shown in Table 7 

below: 

 
Table 7. Comparison of Accuracy, Recall, and Precision of Classification Models 

Classification Model Accuracy  Precision Recall 

Naïve Bayes 87,50% 93,01% 86,21% 

Naïve Bayes + Chi-Square a = 0,05  87,88% 93,06% 86,85% 

Naïve Bayes + Chi-Square a = 0,01 88,46% 94,25% 86,53% 

Naïve Bayes + Chi-Square a = 0,001 88,65% 94,19% 86,86% 

 

The results of the experiment show that the best performance value can be measured based on 

the accuracy level. The application of Chi-Square variable selection has been proven to improve the 

accuracy of the Naïve Bayes classification model. At a significance level of a=0.05, the accuracy reached 

87.88%, an increase of 0.38% from the model without variable selection. At a significance level of 

a=0.01, accuracy reached 88.46%, an increase of 0.96%, and at a=0.001, accuracy reached 88.65%, an 

increase of 1.15% compared to the model without variable selection. Based on these results, the best 

accuracy value was obtained in the Naïve Bayes classification model with Chi-Square when using a 

significance level of a=0.001, which was 88.65%. This finding indicates that a smaller a value results in 

a more rigorous variable selection process that is more relevant to the dependent variable. These results 

support the principle of the Chi-Square test, namely that a higher Chi-Square value indicates that the 

variable has strong discriminatory power in distinguishing between different class labels [35]. 
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CONCLUSION 

Based on the results of research conducted on the classification of diabetes mellitus using the 

Naïve Bayes method with the application of Chi-Square variable selection, several conclusions were 

obtained as follows: 

1. The Naïve Bayes method without variable selection showed good classification capabilities with 

an accuracy value of 87.50%, precision of 93.01%, and recall of 86.21%. These results indicate 

that the Naïve Bayes method is capable of identifying patterns in diabetes symptom data with a 

prediction accuracy of 87.50%. 

2. The application of Chi-Square variable selection has been proven to have a positive effect on 

improving model performance. At a=0.05, the model accuracy increased to 87.88%; at a=0.01, 

the model accuracy increased to 88.46%; and at a=0.001, it reached 88.65%. Thus, there was an 

increase in accuracy of 0.38% to 1.15% compared to the model without variable selection. This 

indicates that the variable selection process helps the model focus on the most relevant variables, 

resulting in more accurate classification. 

3. These findings show that a more rigorous variable selection process and the use of a smaller 

significance value improve the model's ability to recognise significant data patterns. Overall, the 

combination of Naïve Bayes classification with Chi-Square variable selection proved to be 

effective in the early detection of diabetes because it was able to provide more accurate results. 

SUGGESTION 

Several suggestions and recommendations for further research development related to the 

application of the Naïve Bayes classification method with Chi-Square variable selection are as follows: 

1. Further research is recommended to combine the Chi-Square method with other variable 

selection techniques, such as Mutual Information, Forward Selection, Backward Elimination, 

and Recursive Feature Elimination (RFE).  

2. The variable selection method that has been developed is recommended to be applied to other 

classification methods, such as Artificial Neural Network (ANN), Random Forest, K-Nearest 

Neighbour (KNN), Decision Tree (C4.5, C5.0), and Support Vector Machine (SVM). This 

application aims to broaden the scope of research while comparing the performance results of 

each algorithm, thereby obtaining the most optimal classification model. 
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