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This research proposes a method to optimize the accuracy of the Naïve Bayes
(NB) model by optimizing weight using a genetic algorithm (GA). The process of
giving optimal weight is carried out when the data will be input into the analysis
process using NB. The research stages were conducted by preprocessing the data,
searching for the classic naïve Bayes model, optimizing the weight, applying the
hybrid model, and as the final stage, evaluating the model. The results showed an
increase in the accuracy of the proposed model, where the naïve Bayes classical
model produced accuracy rate of 87.69% and increased to 88.65% after
optimization using GA. The results of the study conclude that the proposed
optimization model can increase the accuracy of the classification of early
detection of diabetes.
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INTRODUCTION
Diabetes is a disease that can increase the risk of blood vessel damage, kidney disease, heart disease,
blindness, stroke, nerve damage and birth defects. One of the causes of this diabetes is when the pancreas
does not release enough fluid. Diabetes is a health problem that is currently experienced by most people;
this is caused by various things, one of which is the person's diet and lifestyle. (Mok et al., 2021).
One of the efforts to prevent this disease is by early detection of diabetes. This early detection is a
solution that can be used as a reference for anyone who is indicated to have these symptoms; therefore it
can be treated early. The level of knowledge and education in the assessment and prevention of diabetes is
an important point; this will have an impact on the ways that each person experiencing these symptoms
takes preventive measures. Currently, along with the development of information technology, various
technologies are being developed in the application of diabetes detection, one of which is data mining
(Shivakumar & Alby, 2014) .
Data mining provides a workable solution currently, in which the implementation of a model is gained
by using certain machine learning algorithms; therefore the model obtained can be a decision support.
Currently there are various machine learning applications used in predicting or detecting diabetes according
to existing data, such as decision tree (DT), neural network (NN), support vector machine (SVM), k-nearest
neighbor (KNN), random forest (RF), naïve bayes (NB), deep learning and other methods (Anwar et al.,
2020; Mujumdar & Vaidehi, 2019; G. Tripathi & Kumar, 2020).
Naïve bayes is one of the best machine learning tools that currently are widely used for classifying
data. One of the advantages of this NB is that the data does not require a long analysis process so it is
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efficient. Moreover, NB is quite good to be used for classification data analysis with insufficient amount of
data. Through its advantages, NB is currently widely used for sediment analysis (Somantri & Apriliani,
2019), education (A. Tripathi et al., 2019), data security (Shrivastava et al., 2019), in addition to prediction
and detection of diabetes.
There are several previous studies that apply Naïve Bayes for the prediction and detection of diabetes.
The research was conducted by (Permana & Patwari, 2021). Their research applying NB and Decision Tree
resulted in the best level of accuracy was using NB with the best level of accuracy. Subsequent research
was carried out by (Ridwan, 2020), by applying NB for the classification of Diabetes Mellitus (DM).
Another study tried to compare a model using the ID3 algorithm with Naïve Bayes for the
classification of diabetes mellitus. In this research, the best model was produced by using NB with an
accuracy rate of 76% (Nurdiana & Algifari, 2020). Slightly different from the research conducted in
machine learning tree classifiers (Vigneswari et al., 2019).
Based on the advantages it has, NB still has shortcomings, namely it still has a level of accuracy that
is not quite significant from the model applied. Even so, the level of accuracy is still adequate but still
requires an increase in accuracy and optimization of the model. Model optimization that can be done is by
optimizing the weight value, thus resulted in a different accuracy. As one of the algorithms in the
optimization method, the Genetic algorithm (GA) can provide a reliable solution so that the proposed Naïve
Bayes model is better and optimal. The current genetic algorithm can be relied on to perform the best weight
search in NB models. However, GA is a model that has been widely used by previous researchers as a
model that can provide increased accuracy in the fields of health, electricity, technology, and others. (Wang
& Sobey, 2020).
The research contribution in this article is an effort to improve the performance of a different model
from previous studies. The difference in the research conducted in this article is to improve the performance
of the model's accuracy level by applying an optimization algorithm to get the classification accuracy level
for early detection of diabetes, namely using GA. Unlike previous studies, the focus of GA in this study is
proposed to do the best weighting for each attribute to support the increase in the accuracy of the naïve
Bayes model by using a dataset which consist of different attributes. The research objective is to apply a
genetic algorithm to optimize the Naïve Bayes model therefore lead to an increase in accuracy in the
classification of early detection of diabetes, in the hope that this model can be used as a decision support
for those with an interest in detecting and assessing diabetes symptoms.

RESEARCH METHODS
1.

Dataset and Tools
The experiment for this study use a windows 8 operating system device, an Intel core i7 processor,

and 8 GB of memory. The analysis of the research data in the search for the proposed model use Rapidminer
Studio version 9 software. This research dataset was taken from the UCI machine learning repository,
which is in the form of early-stage diabetes risk prediction dataset (M M Faniqul Islam; Rahatara Ferdousi,
2020). Furthermore, this data was first published in 2020. Research data is data taken from Sylhet Diabetes
Hospital Bangladesh (Islam et al., 2020). The dataset is a multivariate data type consisting of 17 attributes
with 520 instances of data.
The attributes used in this study were age, sex, polyuria, polydipsia, sudden weight loss, weakness,
polyphagia, genital thrush, visual blurring, itching, irritability, delayed healing, partial paresis, muscle
http://dx.doi.org/10.35671/telematika.v15i1.1307
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stiffness, alopecia, and obesity. There is one attribute in a label form used as an answer to early detection
of diabetes, namely a class filled with “positive” and “negative” answers.

2.

Proposed Method
In this study, we propose a model for the classification of the early assessment of diabetes. A model

based on the optimized Naïve Bayes algorithm is used. Optimization is carried out as an effort to improve
classification accuracy; this gives a significant contribution to the resulting model.
The first stage of this experiment is to carry out the data preprocessing namely the process of labeling
attribute where the target set role of the attributes is determined. At this stage, the "class" attribute is used
as a label. The next process is to perform data analysis by applying the Naïve Bayes algorithm as the
proposed model. The process of model optimization is carried out by applying a genetic algorithm to
optimize the weight of each weight attribute used.
The data validation stage was carried out to see how far the level of accuracy can be obtained by the
proposed model. This study used the cross-validation method for data validation, by first dividing the
dataset used into training and testing data. Furthermore, data sharing was carried out with a percentage of
90% training data and 10% testing data.
In the last stage of this research, a comparison of the accuracy level resulted from the proposed model
was carried out after optimization using a model that had not been optimize to be able to get an overview
of the success rate. The framework for the research stages of the proposed model is shown in Figure 1.

Figure 1. Proposed model Framework
In the process of finding a model with the best performance accuracy level using confusion
matrix (Kotu & Deshpande, 2019), equations (1), (2), and (3) are used. In the equation for TP is True
Positive, FP is False Positive, FN is False Negative, and TN is True Negative.
Precision =
Recall =

𝑇𝑃
𝑇𝑃+𝐹𝑃

𝑇𝑃

(2)

𝑇𝑃+𝐹𝑁

Accuracy =

(1)

𝑇𝑃+𝑇𝑁
𝑇𝑃+𝑇𝑁+ 𝐹𝑃+𝐹𝑁
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Naïve Bayes & Genetic Algorithm
Naïve Bayes (NB) is a machine learning algorithm developed from the development of the Bayes

theorem by utilizing a statistical and probabilistic calculation. The concept of NB itself is predicting a
probability in the future based on previous experiences. For the NB equation, it can be seen in the equation
(4) (Friedman et al., 1997). For P(H) is the prior probability of class H, P(x) is the prior probability of
predictor x, P(H | x) is the posterior probability of class H given predictor x, and P(x|H) is the likelihood
probability of predictor x given class H.
𝑃 (𝐻|𝑥) =

𝑃(𝑥|𝐻) 𝑃(𝐻)

(4)

𝑃(𝑋)

Genetic Algorithm (GA) is an optimization algorithm developed to enable the search for the optimal
value of the optimization process against existing models. (Melanie, 1996).

RESULTS AND DISCUSSION
This research has resulted in a model that has a level of accuracy in accordance with the parameter
values that have been determined previously. It should be noted that the parameter values of the naïve Bayes
model and the genetic algorithm are set manually; this gives an advantage during the experiment to be able
to know more about every change in the level of accuracy of the model being sought.
1.

Results of the Naïve Bayes Model Experiment
Experiments on each model were carried out by providing comparisons of each validation stage.

The experimental stages were conducted using Naïve Bayes and each stage was done using cross validation
with different parameters of the number of folds for each experiment, namely using 5 and 10.
In the experimental classification of diabetes, early detection done by using Naïve Bayes with Fold
= 5 produces results as in Table 1. Experimental results using Fold = 10 can be seen in Table 2, and the
graphical representation between the two folds is depicted in Figure 2. The highest level of accuracy
obtained amounted to 87.69%.
Table 1. Naïve Bayes with k-Fold=5
Sample Type
linear

Accuracy
83.85%

Precision
60.75%

Recall
82.50%

shuffled

87.12%

79.92%

88.71%

stratifiied

87.69%

80.91%

89.50%

Table 2. Naïve Bayes with k-Fold=5
Sample Type
linear

Accuracy
86.92%

Precision
58.41%

Recall
89.00%

shuffled

87.69%

80.13%

90.24%

stratifiied

87.69%

81.27%

90.00%
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Figure 2. An accuracy result of Naïve Bayes model
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shuffled
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Figure 3. Result of NB+ GA models with k-Fold=5

2.

Naïve Bayes with Optimization
Another experimental stage is carried out is to optimize the model. The optimization stage is

conducted by optimizing the attribute weights of the existing model, namely Naïve Bayes. The method used
in this optimization is a genetic algorithm.
The results of the experiment using GA optimization previously determined the k-Fold parameter =
5, then the number of populations was determined at GA = 5. The parameter selection scheme settings are
then set into two schemes, namely roulette wheel and tournament, resulting in an accuracy level as shown
in Table 3, Table 4, and Figure 3. Experiments in this model show the highest level of accuracy as high as
88.65%.
Table 3. NB + GA using roulette wheel with k-Fold=5
Sampling
stratifiied

Accuracy
88.65%

Precision
82.06%

Recall
90.50%

shuffled

88.65%

82.25%

89.77%

linear

85.19%

61.12%

85.00%
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Table 5. NB + GA using tournament with k-Fold=5
Sampling
stratifiied

Accuracy
88.46%

Precision
81.55%

Recall
90.50%

shuffled

88.65%

81.97%

90.24%

linear

85.19%

61.12%

85.00%

In the next experimental stage with k-Fold = 5, optimization is carried out with GA settings for the
population = 10 parameter, the results are shown in Table 6, Table 7, and Figure 4. The highest level of
accuracy in this model is 88.65%.
Table 6. NB+GA using roulette wheel with population=10
Sampling
stratifiied

Accuracy
88.65%

Precision
82.21%

Recall
90.50%

shuffled

88.46%

81.56%

89.69%

linear

85.19%

61.12%

85.00%

Table 7. NB+GA using tournament with population=10
Sampling
stratifiied

Accuracy
88.65%

Precision
81.92%

Recall
90.50%

shuffled

88.65%

82.19%

90.01%

linear

85.19%

61.12%

85.00%

89,00%
88,00%
87,00%
86,00%
85,00%
84,00%
83,00%
stratifiied

shuffled

linear

stratifiied

roulete whell

shuffled

linear

tournament

Figure 4. Result of NB+ GA models with k-Fold=5, and population=10
To get a model with a better level of accuracy, it is redone by setting other parameters, namely the kFold parameter = 10. In addition, the population parameter in GA is still set with values of 5 and 10. The
results of model optimization using the roulette wheel and tournament selection scheme show the highest
level of education at 88.27% and it can be seen in Table 8 and Table 9. For the experimental results using
population = 10 in GA, the highest accuracy value is 88.46% as shown in Table 10 and Table 11.
Table 8. NB + GA using roulette wheel with population=5, k-fold=10
Sampling
stratifiied
shuffled
linear

Accuracy
88.08%
88.27%
87.31%

http://dx.doi.org/10.35671/telematika.v15i1.1307
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81.81%
81.73%
58.41%

Recall
90.00%
90.33%
89.50%
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Table 9. NB + GA using tournament with population=5, k-fold=10
Sampling
stratifiied
shuffled
linear

Accuracy
88.27%
88.08%
87.31%

Precision
82.04%
81.28%
58.41%

Recall
90.00%
89.91%
89.50%

Table 10. NB + GA using roulette wheel with population=10, k-fold=10
Sampling
stratifiied
shuffled
linear

Accuracy
88.27%
88.27%
87.31%

Precision
81.80%
81.41%
58.41%

Recall
89.50%
89.93%
89.50%

Table 11. NB + GA using tournament with population=10, k-fold=10
Sampling
stratifiied
shuffled
linear

Accuracy
88.46%
88.46%
87.31%

Precision
82.82%
81.25%
58.41%

Recall
90.00%
89.70%
89.50%

The result of the research can be presented in the form of tables, graphs or figures. They can be
compiled with written text to build a discussion of the findings, that is about the new, the modification or
the established theory.

3.

Evaluation Models
The experimental results show a value with a different level of accuracy, this happens because of

the changes made in parameter values. Model optimization is an effort to increase the level of accuracy in
the classification of early detection of diabetes. Based on the experimental results, a hybrid model with
different accuracy values has been obtained, as shown in Table 12 and Figure 5.
Table 12. NB and NB+GA Model Comparison
Model
Naïve Bayes

Accuracy
87.69%

Precision
80.91%

Recall
89.50%

NB+GA (proposed)

88.65%

81.92%

90.50%

92

88

90,5

89,5

90

88,65

87,69

86
84
82

81,92

80,91

80
78
76
Naïve Bayes (NB)

Accuracy (%)

NB-GA

Precision (%)

Recall (%)

Figure. 5 Evaluation of a proposed models
http://dx.doi.org/10.35671/telematika.v15i1.1307
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The optimization of the model carried out in this study provides a change in the level of accuracy.
The highest level of accuracy produced using Naïve Bayes is 87.69%, while the NB + GA hybrid model
produces the highest accuracy rate of 88.65%, experiencing an increase in accuracy of 0.96%.
Based on the research, there are deficiencies in the proposed model which is the level of accuracy
that requires more significant improvement. This increase can be done if the experiment is carried out using
other methods with appropriate and precise parameter values.

CONCLUSIONS AND RECOMMENDATIONS
Optimized weights applied to Naïve Bayes using genetic algorithms have succeeded in increasing
the accuracy of the proposed model. The best accuracy rate for the NB-GA hybrid model as the
classification of early detection of diabetes that was proposed was 88.65%. For future research, it is
recommended to apply the model using other algorithms, thus different levels of accuracy will be obtained.
The search for parameter values in this study plays an important role, therefore in addition to the estimated
weight; an optimization that focuses on optimizing the parameter values of the Naïve Bayes model and
other models is needed.
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