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Abstract: Diabetes mellitus is an urgent global health problem and has a 

major impact on people around the world. This disease is characterized by 

high levels of glucose in the blood due to disturbances in the production or 

use of the hormone insulin by the body. This study aims to carry out accurate 

early detection of diabetics so that they can be treated as soon as possible to 

reduce the risk of death and to compare the two algorithms that have the best 

level of accuracy. The algorithms used in this study are the C4.5 and Naïve 

Bayes Decision Tree Algorithms. The results of the experiments carried out 

in this study the Decision Tree Algorithm C4.5 and Naïve Bayes can be used 

in modeling the early detection of diabetes. The highest average accuracy 

results were obtained at 90.835% using the Decision Tree C4.5 Algorithm. 

As for the Naïve Bayes Algorithm, an average accuracy rate of 90.745% is 

obtained. The pruning process was carried out using the Decision Tree 

Algorithm C4.5, the accuracy performance increased to 91.30%. There were 

18 patterns or rules for the early detection of diabetics from the built model. 

The determination of attributes, the number of attribute dimensions, and the 

number of samples greatly affect the performance of the model built. 

Keywords: Decision Tree Algorithm C4,5, Data Mining, Diabetes, Naïve 

Bayes 

 

INTRODUCTION 

Diabetes Mellitus is an urgent global health problem and has a major impact on people around the 

world. This disease is characterized by high levels of glucose in the blood due to disturbances in the 

production or use of the hormone insulin by the body. Diabetes can lead to major complications like 

heart disease, renal failure, eye issues, and amputations if it is not properly managed. Given the high 

prevalence of diabetes and the risk of serious complications, early detection is very important in efforts 

to prevent and manage this disease (Kopitar et al., 2020). However, identification of diabetes in its early 

stages is often a challenge, as some of the early symptoms may be atypical or not noticeable at all. 

Rapid advances in technology and the development of data analysis methods in recent years have 

provided new opportunities to address the challenges of early detection of diabetes. One approach that 

stands out is the use of data mining techniques or data exploration. Data Mining is the process of 

extracting useful knowledge and insights from large and complex data sets using various statistical, 

mathematical and artificial intelligence methods (Fajriati et al., 2023). 

This study aims to utilize Data Mining in the early detection of diabetes by conducting a comparison 

between two popular algorithms, namely the C4.5 Decision Tree Algorithm (also known as C4.5) and 

Naïve Bayes. Both of these algorithms have been widely used in various data mining applications and 

have different characteristics. Algorithm C4.5 is a Decision Tree Algorithm that is very effective in 

forming decision trees based on the rules found in data (Anggraini et al., 2018). This decision tree can 

be used for data classification and can provide insights that are easy for users to interpret. 

The Naïve Bayes algorithm is based on the Bayes theorem and is suitable for classifying data with 

naive features (Enriko et al., 2021). Despite simple assumptions, these algorithms often provide 
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competitive classification results with good performance in most cases. The accuracy of the C4.5 

Decision Tree Algorithm and the Nave Bayes Algorithm is below 80%, according to a previous study 

by Khanam and Foo (2021) comparing machine learning algorithms for predicting diabetes using the 

Pima Indian Diabetes Data Set. Only 5 factors—sugar level, body mass index, insulin, pregnancy, and 

age—were considered in his study. Moreover, according to research by Kumari et al. (2021) on the 

classification and prediction of Diabetes Mellitus using 9 attributes, the C4.5 Decision Tree Algorithm 

and Nave Bayes only have an accuracy of 71.42% and 74.12%, respectively. In addition, research by 

Choubey et al. (2020) using the Pima Indian Diabetes Dataset in evaluating the performance of the 

classification algorithm also revealed that the dataset and 8 attributes were used. In this paper, we will 

discuss the experimental design used to compare the performance of the two algorithms in the early 

detection of diabetes. Use relevant data sets and run C.45 and Naïve Bayes Algorithms on the same 

dataset to compare accuracy, sensitivity, specificity, and other evaluation metrics. This research can 

provide valuable information about comparing the accuracy of the C.45 and Naïve Bayes algorithms in 

detecting diabetes. And guides health professionals in choosing the most appropriate approach in 

practical application. It is hoped that the research findings will help the growth of scientific applications 

and data mining in the healthcare industry. 

  

METHOD 

This research will focus on the application of the Decision Tree Algorithm C4.5 and Naïve Bayes in 

classifying the early detection of diabetes. The flow of research conducted can be seen in Figure 1. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Research Flow 

(Source: Primary) 
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Data Collection 

The data used for current research activities is public data obtained from Kaggle. With 100,000 data 

samples, there are 9 attributes and 1 label. The dataset on Diabetes is described in Table 1. 

Table 1. Diabetes Patients Data 

No Description Type Data 

1 Sex Category 

2 Age Numeric 

3 Hypertension Numeric 

4 Heart disease Numeric 

5 Smoking History Category 

6 BMI Numeric 

7 HBA1C levels Numeric 

8 Blood Glucose Levels Numeric 

9 Diabetes Numeric 

 

Missing Value 

There are data on diabetics obtained from Kaggle that contain a missing value. To overcome this 

problem, researchers conducted data cleaning to clean up the missing value data (Tigga & Garg, 2020). 

After the data cleaning process was carried out, which totaled 100,000 data, only the remaining 42,064 

data were obtained. 

Data Transformation 

The data is then transformed from numeric type to categorical. The reason is that the Decision Tree 

and Naïve Bayes Algorithms are algorithms for processing categorical data (Kumari et al., 2021). The 

categories used are taken from several references, namely: 

a. Age category is taken from Permenkes No. 25 of 2016 

b. The BMI category is taken from the information from the Kaggle dataset that we obtained. 

c. The HBA1C category and blood sugar levels are taken from categories according to the Ministry of 

Health. 

Meanwhile, for attribute categories with values of 1 and 0, we only initiate numbers into category 

criteria (Kopitar et al., 2020). The following changes in value to category criteria can be seen in Table 

2. 

Table 2. Category Criteria Data 

No Component Name Type Function 

1 Age 

>= 60 

>= 45 

>= 19 

>= 10 

>= 6 

>= 5 

>= 1 

Elderly 

Pre Elderly 

Mature 

Teenager 

Children 

Preschool Children 

Toddler 

2 Hypertension 
1 

0 

Yes 

No 

3 Heart disease 
1 

0 

Yes 

No 

4 BMI 

>= 30 

>= 25 

>= 18,5 

< 18,5 

Obesity 

Overweight 

Normal 

Underweight 

5 HBA1C Levels  

>= 6,5 

>= 5,7 

>= 3,5 

Diabetic indications 

Pre Diabetes 

Normal 
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6 Blood Glucose Levels 

>= 126 

>= 100 

< 100 

Diabetic indications 

Pre Diabetes 

Normal 

7 Diabetes 
1 

0 

Yes 

No 

 

Determining the Amount of Training Data 

We conducted several experiments by determining the amount of training data processed, to obtain 

the best accuracy results. The stages of the amount of data processed start from 4 data training scenarios, 

namely: 25%, 50%, 75%, and 100% of the entire dataset (Singh & Yassine, 2018). The distribution of 

the number of datasets can be seen in Table 3. 

Table 3. Determining the Amount of Training Data 

No Total Data Data retrieved Amount of data 

1. 42.064 25% 10.516 

2. 42.064 50% 21.032 

3. 42.064 75% 31.548 

4. 42.064 100% 42.064 

 

Algorithm Decision Tree 

The Decision Tree algorithm is a tree structure that has root nodes, decision nodes, and leaf nodes  

(W. Chen et al., 2020)(Fersellia et al., 2023). Root nodes represent dataset features and are used to make 

decisions, while leaf nodes are the output of these decisions and do not have additional branches  (Rianto 

et al., 2020). 

Entropy Concept:  

 

Entropy(S) = ∑ − 𝑃𝑖 ∗ 𝑙𝑜𝑔2 𝑃𝑖𝑛
𝑖−0  ……………………..…….....….(1) 

 

Information: 

S : Set of Cases. 

A : Features. 

n  : Number of partition S. 

pi : Proportion of Si to S 

Gain Concept:  

Gain(S,A) = Entropy(S) - ∑
|𝑆𝑖|

|𝑆|
𝑛
𝑖−0 ∗ 𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑆𝑖)…………………..…………….....(2) 

 

Information: 

S : Set of Cases. 

A : Attribute. 

n : Number of partitions attribute A. 

|Si| : Number of cases on partition to index i 

|S|  : Number of cases in S 

Algorithm Naïve Bayes 

The Naive Bayes algorithm is a group of algorithms based on Bayesian theory (Fajriati et al., 2023). 

Bayes' theorem is a mathematical model based on statistics and probability (S. Chen et al., 2020). This 

algorithm is also used for probabilistic machine learning to solve various classification tasks. The 

advantages of the Naive Bayes algorithm are that it is fast in building models and making predictions, 

easy to use, and has a low error rate (W. Chen et al., 2020). 
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Naïve Bayes Method Equation: 

 

P(H|X)x = 
𝑃(𝑋|𝐻).𝑃(𝐻)

𝑃(𝑋)
  …………………(3) 

Information: 

X  : Data that has an unknown class 

H : Hypothetical data is a specific category. 

P(H\X)  : Hypothesis H is based on the condition of situation X, which is known as the posteriori 

probability. 

P(H)  : Hypothesis H, or prior probability. 

P(X\H)  : The hypothetical situation H determines the probability of X. 

P(X)  : Probability X. 

 

K-Fold Cross Validation 

K-Fold Cross Validation is a useful technique because it provides more accurate estimates of model 

performance than splitting training data or conventional testing data (Shrinivasan et al., 2023). In 

addition, because all data is used for training and testing, the use of data becomes more efficient 

(Thabtah et al., 2020). In this approach, the data is divided into k equal-sized multiples, where k is the 

user-selected value. The model is tested on the remaining folds after being tested on the first k-1 folds. 

Each fold was utilized exactly once as the test set in this operation, which was repeated k times. To 

produce one estimate, the results are then averaged. In our test, we used a value of K=10 because a value 

of K=10 is more stable in the testing process (Wong & Yeh, n.d.). 

 

RESULT 

The results of data processing through the Data Preparation stage obtained datasets with categorical 

types totaling 42,064 data. After obtaining the dataset, modeling is carried out according to the selected 

algorithm by determining 4 data training scenarios, namely: 25%, 50%, 75%, and 100%  (Singh & 

Yassine, 2018). The modeling process uses Rapidminer tools version 10.1. Then the results of an 

evaluation of the model are carried out using the K-Fold Cross Validation method together with the 

value K = 10 (Wong & Yeh, n.d.) so that you can see the accuracy value. obtained from the built model. 

 

Experimental Results Dataset 25 % (10.516) 

 

Table 4. Experimental Results Dataset 25% 

Algorithm Precision Recall AUC Accuracy 

DT C4.5 65,45% 40,63% 0,913% 90,97% 

Naïve Bayes 61.60% 40,08 % 0,927% 90,84% 

 

Table 4 shows that, when compared with the Naive Bayes Algorithm with a total of 10,526 data sets, 

the C4.5 Decision Tree Algorithm performs with the accuracy performance mentioned above. However, 

there isn't much difference between the two algorithms—only 0.13%. We ran experiments with a 50% 

data set to get better results. 

 

Experimental Results Dataset 50 % (21.032) 

 

Table 5. Experimental Results Dataset 50% 

Algorithm Precision Recall AUC Accuracy 

DT C4.5 63,03% 39,81% 0,904% 90,61% 

Naïve Bayes 60.71% 49,30 % 0,929% 90,72% 
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In table 5 using a 50% dataset, the Naïve Bayes Algorithm has a better accuracy performance than 

the C4.5 Decision Tree Algorithm. However, the results of the accuracy of the two algorithms were not 

better with a dataset accuracy of 25%, so experiments were carried out with a dataset of 75%. 

 

Experimental Results Dataset 75 % (31.548) 

 

Table 6. Experimental Results Dataset 75% 

Algorithm Precision Recall AUC Accuracy 

DT C4.5 62,20% 45,75% 0,905% 90,85% 

Naïve Bayes 60,36% 48,48 % 0,930% 90,70% 

 

It can be seen in Table 6. The C4.5 Decision Tree Algorithm is again superior in accuracy 

performance to the Naïve Bayes Algorithm in a 75% dataset. However, as is the case with using a 50% 

dataset, the accuracy results are not better when compared to performance when using a 25% dataset. 

 

Experimental Results Dataset 100 %  (42.064) 

 

Table 7. Experimental Results Dataset 100% 

Algorithm Precision Recall AUC Accuracy 

DT C4.5 64,99% 40,53% 0,892% 90,91% 

Naïve Bayes 60,49% 48,00 % 0,929% 90,72% 

The last experiment was to use 100% of the data processing result dataset, totaling 42,064 data in 

Table 7. As a result, the C4.5 Decision Tree Algorithm outperforms the Nave Bayes Algorithm in terms 

of accuracy performance. However, the accuracy results are still not better with a 25% dataset. The 

accuracy graph can be seen in Figure 2. 

 

Figure 2. Graph of Experiment Results 

(Source: Primary) 

 

DISCUSSIONS 

Based on the results of the modeling experiments carried out, using 4 data training scenarios, namely: 

25%, 50%, 75%, and 100% (Singh & Yassine, 2018).  The accuracy average is calculated. The results 

of calculating the average accuracy can be seen in Table 8. 

Table 8. Average Accuracy 

No. Algorithm Accuracy  

1 DT C4.5 90,835 % 

2 Naïve Bayes 90,745% 

 

90.4

90.6

90.8

91

25% 50% 75% 100%

Grafik Accuracy Model

Decission Tree C45 Naïve Bayes
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As observed in the table above, the average accuracy of the DT C4.5 algorithm is 90.835%, while 

the average accuracy of the Naive Bayes algorithm is 90.745%, which indicates that the DT C4.5 

algorithm has the highest accuracy. Then we use a cropping step to increase the correctness of the created 

model. Decision Tree Algorithm C4.5 performs the pruning procedure with the best level of accuracy 

on 25% of the dataset. Decision trees are pruned to make them more efficient (Patra et al., 2021). After 

trimming, the accuracy performance increased to 91.30%. The results of the decision tree model using 

the C4.5 Decision Tree Algorithm are as follows. 

  
Figure 3. DT C45 Decision Tree Model 

(Source: Primary) 

From the description above, a pattern or rule is obtained which can be seen in Table 9. 

 

Tabel 9. Pattern / Rules 

No. Algorithm Accuracy  

1 C1 = Normal TD 

2 C1 = Prediabetes TD 

3 C1 = Indication of Diabetes C2 = Pre Diabetes TD 

4 C1 = Indication of Diabetes C2 = Normal TD 

5 C1 = Indication of Diabetes C2 = Indication of Diabetes C3 = YES D 

6 C1 = Indication of Diabetes C2 = Indication of Diabetes C3 = No C4 = 

YES 

D 

7 C1 = Indication of Diabetes C2 = Indication of Diabetes C3 = No C4 = 

NO C5 = Normal 

TD 

8 C1 = Indication of Diabetes C2 = Indication of Diabetes C3 = No C4 = 

NO C5 = Underweight 

TD 

9 C1 = Indication of Diabetes C2 = Indication of Diabetes C3 = No C4 = 

NO C5 = Obesity C6 = Adolescent 

TD 

10 C1 = Indication of Diabetes C2 = Indication of Diabetes C3 = No C4 = 

NO C5 = Obesity C6 = Pre-Elderly 

D 

11 C1 = Indication of Diabetes C2 = Indication of Diabetes C3 = No C4 = 

NO C5 = Obesity C6 = Elderly 

D 

12 C1 = Indication of Diabetes C2 = Indication of Diabetes C3 = No C4 = 

NO C5 = Obesity C6 = Adult 

TD 

13 C1 = Indication of Diabetes C2 = Indication of Diabetes C3 = No C4 = No 

C5 = Overweight C6 = Adolescent 

TD 

14 C1 = Indication of Diabetes C2 = Indication of Diabetes C3 = No C4 = No 

C5 = Overweight C6 = Pre-Elderly 

TD 
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15 C1 = Indication of Diabetes C2 = Indication of Diabetes C3 = No C4 = No 

C5 = Overweight C6 = Elderly 

D 

16 C1 = Indication of Diabetes C2 = Indication of Diabetes C3 = No C4 = No 

C5 = Overweight C6 = Adult 

TD 

17 C1 = Indication of Diabetes C2 = Indication of Diabetes C3 = No C4 = No 

C5 = Overweight C6 = Children 

TD 

18 C1 = Indication of Diabetes C2 = Indication of Diabetes C3 = No C4 = No 

C5 = Overweight C6 = Preschool Children 

TD 

Information: 

C1  : HBA1C Levels  

C2  : Blood Glucose Levels 

C3  : Heart disease 

C4  : Hypertension 

C5  : BMI 

C6  : Age 

TD  : No Diabetes 

D     : Diabetes 

The accuracy of prior research on diabetes categorization using the C4.5 Decision Tree Algorithm 

and Nave Bayes is displayed in Table 10 as results, which shows that the performance of this 

algorithm is better in this study when compared to previous studies. 

Table 10. Previous Research Results 

No Author Algorithm Accuracy 

1 (J. J. Khanam and S. Y. Foo, 2021) 
Naïve Bayes 

Decision Tree C45 

75,53% 

74,24% 

2 (Kumari et al., 2021) 
Naïve Bayes 

Decision Tree C45 

74,12% 

71,42% 

3 (N. P. Tigga and S. Garg, 2020) 
Naïve Bayes 

Decision Tree C45 

80,6% 

84% 

 

Table 11. Previous Research Results (Continue) 

No Author Algorithm Accuracy 

4 (Hasan et al., 2020) 
Naïve Bayes 

Decision Tree C45 

87,9% 

91,2% 

5 (Choubey et al., 2020) 
Naïve Bayes 

Decision Tree C45 

77,32% 

79,92% 

6 
(N. Nnamoko and I. Korkontzelos, 

2020) 

Naïve Bayes 

Decision Tree C45 

76% 

74,7% 

7 (Nagaraj et al., 2021) Naïve Bayes 74,9% 

8 (Gadekallu et al., 2020) 
Naïve Bayes 

Decision Tree C45 

57% 

88,2% 

The accuracy performance of the Nave Bayes Algorithm in the previous experiment was less than 

90%. However, Hasan et al. (2020) found that the C4.5 Decision Tree Algorithm performed better than 

our accuracy results in their investigation. The Pima India Diabetes Dataset, which has 8 variables 

including gestational age, blood sugar level, blood pressure, triceps, insulin, body mass index, family 

history of diabetes, and age, was used in the study by Hasan et al. There are variations in the number of 

attributes used. In addition, the attributes used also have differences, as in our study we did not use the 

gestational age attribute because this study was used for the detection of diabetes in general. Then the 

attributes of triceps, insulin, and hereditary history of diabetes are not present in the dataset that we use. 

The higher accuracy results are due to the different attributes used. The determination of attributes 

greatly influences accuracy performance (Hasan et al., 2020). Apart from attributes, the number of 

attributes and sample dimensions also greatly influence the performance of the model built (Choubey et 

al., 2020). 
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CONCLUSION 

Alternative methods for early diagnosis of diabetes are the Decision Tree C4.5 and Naive Bayes 

methods. By using the Decision Tree Algorithm C4.5, the highest average accuracy is obtained with a 

value of 90.835%. Pruning can help increase the accuracy of the Decision Tree C4.5 algorithm from its 

greatest accuracy performance of 90.97% to 91.30%. 18 patterns or guidelines for early identification 

of diabetics were derived from this model. The performance of the developed model is significantly 

influenced by the training attributes, the number of attribute dimensions, and the number of samples. 
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