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Aedes aegypti mosquitoes. This study aims to implement
the Naive Bayes algorithm to predict the distribution of
DHF cases in the working area of Wates Public Health
Center, Pringsewu Regency, Lampung. The research
employs a quantitative approach using data mining

Keywords: techniques, including data collection, preprocessing,
Naive Bayes, Dengue modeling, and evaluation stages. The dataset consists of
Hemorrhagic Fever, Data 260 DHF cases in 204-2025 categorized into acute,
Mining, Disease Prediction, subacute, and non-acute conditions. The results indicate
Classification that the Naive Bayes algorithm achieved an accuracy of

65.8%, with arecall value of 0.658 and an F1-score of 0.556.
The analysis also shows that most cases fall into the acute
category, and there is no significant relationship between
gender and disease severity. Although the AUC and MCC
values are relatively low, the model provides an initial
insight into the distribution pattern of DHF. Therefore, the
Naive Bayes algorithm can be ulilized as a decision
support system to determine priority areas for intervention
and as an early warning system fo improve fthe
effectiveness of DHF confrol.

1.0. INTRODUCTION

Dengue Hemorrhagic Fever (DHF) is an acute infectious disease caused by the dengue
virus and fransmitted to humans through the bite of the Aedes aegypti mosquito. According fo
data from the Ministry of Health of the Republic of Indonesia (Kemenkes RI, 2024), Dengue
Hemorrhagic Fever (DHF) in Indonesia in 2021-2025 has seen a significant increase and
decrease in cases[1]. In 2021 there were 73,518 cases. The number of these cases increased in
2022 to 143,266 cases. In 2023, it decreased compared to the previous year to 114,720 cases.
This happened because of the intensive confrol of the spread of Dengue Hemorrhagic Fever
(DHF) towards the end of the year. However, in 2024 Dengue Hemorrhagic Fever (DHF) cases
will increase sharply with a total of 119,709 cases, this number of cases is higher than the
previous year's period, namely 2023. The increase in cases began at the end of February 2024,
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driven by weather factors. It was recorded that 124 patients died until the 8th week of 2024. In
2025, Dengue Hemorrhagic Fever (DHF) cases will increase rapidly at the beginning of the year.
The Ministry of Health reported a total of 131,393 cases of Dengue Hemorrhagic Fever (DHF)
during January-October 2025 with 544 deaths. The factors causing the 2024-2025 surge are
caused by climate change affecting the life cycle of Aedes aegypti mosquitoes, with a
combination of weather such as erratic rainfall and drought that causes mosquito breeding,
as well as alack of environmental cleanliness that friggers the growth of mosquito larvae. Based
on data from the Ministry of Health of the Republic of Indonesia, West Java Province is the
province with the highest cases of Dengue Hemorrhagic Fever (DHF). Data from 2024-2025
shows an increase in cases of almost 3 times compared to the previous year. In this case, the
age vulnerability of being infected by Dengue Hemorrhagic Fever (DHF) is in the age group of
15-44 years, but the mortality rate caused by this disease ranges from children (5-14 years). The
cause of Dengue Hemorrhagic Fever (DHF) is climate change (global warming) the main
symptom that is often shown Dengue Hemorrhagic Fever (DHF) is a high fever close to 40 °C
for 2-7 days, then on the 4-5th day there is a decrease in body temperature then there is an
increase, body temperature accompanied by joint pain, headache, pain behind the eyes,
red spots, and nausea[1][2].

This also happens in the working area of the Wates Health Center of Pringsewu Regency,
where every year there are different cases of Dengue Hemorrhagic Fever (DHF). It was
recorded that in 2021-2025 there were 1,000 cases caused by Dengue Hemorrhagic Fever
(DHF). This disease tends to appear often every year with a diverse distribution pattern that is
almost difficult to predict, with the changing weather around the Wates Health Center's work
area making the surrounding community infected by Dengue Hemorrhagic Fever (DHF).
Dengue Hemorrhagic Fever (DHF) is still one of the problems being faced, where Pringsewu
Regency, is one of the areas of Lampung Province that has experienced a significant increase
in Dengue Hemorrhagic Fever (DHF) cases.

Based on data obtained from the Pringsewu Regency Health Office (Dinkes, 2023), cases
of Dengue Hemorrhagic Fever (DHF) have increased significantly in recent years. In 2021 the
number of cases was recorded as 192, then increased to 279 cases in 2022 with three deaths.
The sharpest increase will occur in 2024 with a fotal of 723 cases. The highest increase in cases
occurred in February and March 2024, while the lowest number of cases was recorded in
November. The surge in cases is influenced by several factors, including the increasing
population of Aedes aegypti mosquitoes during the rainy season and the low level of public
awareness in maintaining environmental cleanliness and carrying out mosquito nest
eradication activities (PSN). Dengue Hemorrhagic Fever (DHF) is an infectious disease that is still
a serious problem in Indonesia, with the rate of cases fluctuating every year due to
environmental factors and climate change. The significant increase in cases, including in
Pringsewu Regency, shows that the spread of this disease is difficult to predict conventionally.
This condition also occurs in the work area of the Wates Health Center, where dengue cases
continue to appear every year with an erratic pattern.

The countermeasures that have been carried out, such as fogging and health education,
have not been fully effective in reducing the number of cases. This is due to the limitations of
conventional methods that have not been able to analyze the distribution pattern thoroughly.
Therefore, an information technology-based approach, especially data mining, is needed to
help predict the spread of diseases more accurately and systematically. Data mining is a
technique that is able to extract hidden patterns from large amounts of data, making it very
relevant to be used in the health field. One of the widely used methods is the Naive Bayes
algorithm, which has advantages in probability-based classification and is able to produce fast
and accurate predictions. This method can be used to classify the risk level of dengue spread
based on time, location, and environmental conditions. Previous research has shown that data
mining techniques, both using clustering and decision tree methods, have proven to be
effective in predicting and classifying dengue cases with a high level of accuracy. However,
the application of the Naive Bayes algorithm for predicting the distriobution of dengue at the
health center level, especially in the Pringsewu area, is still imited. This is a research opportunity
to present a new approach that is more specific and contextual. Based on these problems, this
study aims to implement the Naive Bayes algorithm in predicting the spread of dengue disease
in the working area of the Wates Health Center. The resulting model is expected to be able to
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provide accurate prediction informatfion as a basis for decision-making, determination of
priority areas, and as an early warning system in efforts to prevent and control diseases more
effectively, efficiently, and data-based.

2.0. RESEARCH METHODS
2.1. Data Collection Techniques

The data collection technique in this study was carried out through the observation
method, namely by directly observing Dengue Hemorrhagic Fever (DHF) case data available
at the Wates Health Center. The observation was focused on data for 2024-2025 which
recorded as many as 260 cases of dengue with variations in patient conditions. The data was
analyzed based on disease status, namely acute, sub-acute, and non-acute dengue. Acute
status indicates the condition of the patient with severe symptoms and requires intensive
freatment, sub-acute describes a transitional condition with moderate severity, while non-
acute indicates a mild condition or early stage of the disease. This observation aims to
understand the pattern of case distribution as well as the characteristics of each disease
category. In addition to observation, interview techniques were carried out with health workers
at the Wates Health Center, such as doctors and surveillance officers, fo obtain more in-depth
information related to the causative factors and patterns of dengue spread. This interview
explores information about the relationship between environmental conditions, weather
changes, community behavior, and population density fo the increase in dengue cases. In
addition, interviews are also used to understand the classification of disease status (acute, sub-
acute, and non-acute) based on the patient's clinical condition, so that the data obtained is
not only numerical but also has a strong medical context. The next technique is
documentation, namely the collection of historical data from health reports, patient medical
records, and archives of the Pringsewu Regency Health Office. This documentation data is
used to complement the results of observations and interviews, as well as as a basis for the data
mining analysis process. By combining these three techniques, this study ensures that the data
used has a high level of validity, accuracy, and relevance. Case data for 2024-2025 with 260
dengue patients who have been classified based on severity is the main foundation in building
a prediction model using the Naive Bayes algorithm.

2.2. Algoritma Naive Baiyes

[3] [4]112]. [5]. [6] Naive Bayes is a technique for predicting future possibilities based on
previous experience by referring to probabilities and statistics. [7], [8] Naive Bayes Method is
one of the popular classification methods in the field of data mining and machine learning.
This method is based on Bayes' probability theorem with simple and naive assumptions that
make it easy to implement and efficient in data analysis. [?] [10] Naive Bayes Classifier (NBC) is
a supervised classification method that is based on Bayes' theorem derived from conditional
probability, the Naive Bayes Classifier is widely used and has evolved into five advanced
categories.

Based on the opinions of these experts, it can be concluded that Naive Bayes is a
supervised classification method used to predict or predict an event based on previous data
or experience by utilizing the concepts of probability and statistics. This method relies on Bayes'
theorem assuming independence between attributes, so that each variable is considered to
be incompatible with each other. This simple assumption makes the calculation process easier
and more efficient in data processing. Therefore, Naive Bayes is widely applied in the field of
data mining and machine learning and continues to be developed into various forms further
according to the needs of analysis. Naive Bayes is one of the classification algorithms in the
supervised learning approach that is widely used in data mining and machine learning
because it is based on Bayes' Theorem in probability theory to estimate the probability of an
event based on existing evidence. In the classification process, this algorithm determines the
chances of a data being included in a certain class by calculating the posterior probability
using the formula:

P(X|H)- P(H)
P(X)

P(HX) =
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Description:

1.

P(H | X) = posterior probability, i.e. the probability of a class H after considerin the data or
proof X,

2. P(X]|H) =likelihood, i.e. the probability of the occurrence of data X if class H is known,

3. P(H) = prior probability, i.e. the initial probability of a class before paying attention to the
data,

4. P(X) = evidence, which is the overall probability of the data X used to normalize the
calculation results[11], [12], [13].

3.0. DISCUSSION

3.1. Data Mining Testing

3.1.1. Workflow view

The workflow display in the image shows the data analysis process using the data mining
method with the Naive Bayes algorithm to predict the spread of Dengue Hemorrhagic Fever
(DHF). The process starts from data input through the File component, then the Preprocess
stage is carried out to clean and prepare the data so that it is ready for analysis. Furthermore,
in the Select Columns stage, important attributes were selected according to the study
variables, such as fime, location, and patient condition (acute, sub-acute, and non-acute).
The processed data is then entered infto the Naive Bayes model for a probability-based
classification process. After the modeling process, an evaluation is carried outf using the Test
and Score feature to measure the performance of the model, the results of which are
visualized through fthe Confusion Maftrix to determine the level of accuracy, precision, and
recall. In addition, the prediction results are also displayed in the form of Predictions, Pivot
Tables, and Box Plots to provide an overview of the data distribution and classification results.
This workflow shows that the research has used a systematic approach based on data mining
to produce an accurate model for predicting the distribution of dengue, so that it can support
decision-making at the Wates Health Center more effectively and data-based.

L e i i 1}

Figure 1. Workflow view

1. Pivot Table from the Naive Bayes model
The results of the Pivof Table analysis from the Naive Bayes model in predicting the spread
of Dengue Hemorrhagic Fever (DHF) disease based on gender variables (JK) and disease
status (acute, subacute, and non-acute). It can be seen that the number of cases in men
(L) is 118 cases with the dominance of the acute category (83 cases), while women (P)
have a higher number of cases of 142 cases with 97 cases included in the acute category.
Overall, the total data showed 260 cases with the largest distribution in the acute (180
cases) category, followed by non-acute (50 cases) and subacute (30 cases). The mean
probability value of Naive Bayes showed the highest prediction tendency in the subacute
category (0.648), which indicates that the model was able to identify classificatfion
pafterns based on the distribution of patient data. These results support the research
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objectives in implementing the Naive Bayes algorithm to predict the distribution of dengue
in the Wates Health Center more accurately, as well as provide important information in
determining treatment priorities based on patient characteristics.

Rows
@ K« (]
Aggregate  AKUT SUBAKUT TIDAKAKUT  Total
Columns L Count 83.0 14.0 2.0 mM8.0
@ status_dbd & Mean  0.661 0717 0697 0.674
Values 2 P Count 97.0 16.0 290 1420
x

[0 Naive Bayes (AKUT) @ Mean  0.510 0.588 0.556  0.528

. Total Count  180.0 30.0 50.0 260.0
Aggregations
# Count Mean 0.580 0.648 0.615 0.595
Count defined
Sum Mode
® Mean Min
Var Max
Median
Majority

Figure 2. Pivot Table from the Naive Bayes model

Visuadlization of the distribution of the results of the Naive Bayes Algorithm classification
Visualization of the distribution of the results of the Naive Bayes algorithm classification on
Dengue Hemorrhagic Fever (DHF) disease status by sex (L and P). The bar chart shows that
in both males and females, the acute dengue category predominates over subacute
and non-acute, which is evident from the largest blue bar length. Meanwhile, the
subacute (red) and non-acute (green) categories have a smaller proportion, but still show
variations in distribution in each group. The results of the Chi-Square statistical test (x2 = 0.29
with p-value = 0.865) showed that there was no significant relationship between sex and
dengue status, so it can be concluded that the prevalence of dengue severity is relatively
even between men and women. These findings strengthen the results of the study that the
Naive Bayes model is able to objectively identify the distribution patftern of dengue cases
and can be used as a basis for predicting disease spread prediction.

aaaaaaaa

AAAA

Figure 3. Visualization of the distribution of the results of the Naive Bayes algorithm
classification

Model Evaluation Using Test and Score Feature

The results of the model evaluation using the Test and Score feature in the Orange
application show the performance of the Naive Bayes algorithm in predicting the spread
of Dengue Hemorrhagic Fever (DHF). The test was carried out with a cross validation
method of 10 folds, so that the model was tested repeatedly to obtain more stable and
objective results. Based on the results of the evaluation, an Accuracy value (CA) of 0.658
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was obtained, which shows that the model is able to classify data with an accuracy level
of around 65.8%. This value indicates that the Naive Bayes model is quite good af
predicting the categories of dengue status (acute, subacute, and non-acute). A Precision
value of 0.491, a Recall of 0.658, and an F1-Score of 0.556 indicate the balance of model
performance in identifying positive data and minimizing misclassification. The high recall
value indicates that the model has a good ability fo detect actual dengue cases, so it can
support early warning systems. However, the precision value that is still below 0.5 indicates
that there are still some errors in classification, so the model needs further development,
for example through the addition of attributes or data optimization. The AUC value of 0.375
and the MCC of -0.057 indicate that the model's ability o distinguish classes is still relatively
low. This can be due fo a limited amount of data, class imbalances, or a lack of relevant
variablesin the dataset. Nevertheless, these results still show that the Naive Bayes algorithm
is able to provide an initial picture of the distribution pattern of dengue in the Wates Health
Center. Therefore, the model can sfill be used as a basis for decision-making, with further
development recommendations fo improve prediction accuracy and performance.

4 Test and Score - Orange =] X

Cross validation Evaluation results for target (None, show average over classes)

Number of folds: 10 Model AUC CA F1 Prec Recall -
@ Stratified Naive Bayes: 0.375 0.658 0.556 0491 0.658 -0.057

Cross validation by feature

Serologi

© Random sampling
Repeat train/test: 10
Training set size: 60 %
@ satified
Leave one out
Test on train data

Test on test data

? B | f6s5|-1m|- [ 260]1x260
Figure 4. Model evaluation using the Test and Score feature

3.2. Discussion

The results of the study showed that the Naive Bayes algorithm was able to classify the
distribution of Dengue Hemorrhagic Fever (DHF) in the working area of the Wates Health Center
with an accuracy rate of 65.8%. This value indicates that the model has a fairly good ability to
predict the categories of dengue status (acute, subacute, and non-acute) based on the
variables used. The distribution of data shows the dominance of cases in the acute category,
which is in line with the epidemiological conditions of dengue which tend to increase in certain
seasons. This reinforces that the data mining approach can provide a more systematic picture
of the pattern of disease spread than conventional methods. Based on the results of the model
evaluation, arecall value of 0.658 shows that the model is quite effective in detecting dengue
cases that actually occur, so it has the potential to be used as an early warning system.
However, a precision value of 0.491 indicates that there are sfill misclassifications that need to
be corrected. This condition is generally caused by the limitations of the attributes of the data
used, such as the lack of environmental variables and social factors. These findings are in line
with research by [14] which stated that the performance of the Naive Bayes model in disease
prediction is greatly influenced by the quality and completeness of the data used, especially
in the case of environment-based infectious diseases.

The results of the data distribution visualization showed that there was no significant
difference between sex and the severity of dengue, which was proven by the Chi-Square test
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with a significance value (p-value > 0.05). This shows that gender factors are not the main
determinants in the spread of dengue, but are more influenced by environmental factors such
as rainfall, temperature, and population density. These findings are consistent with the research
of [5] which states that the spread of dengue is more influenced by ecological and climatic
factors than individual characteristics. Although the AUC value of 0.375 and the MCC of -0.057
indicate that the model's discriminating ability is still low, the Naive Bayes model is still able to
provide a useful initial picture of classification patterns. This limitation can be caused by a
relatively limited amount of data as well as an imbalance in class distribution. Research by [15],
[16] also mentioned that Naive Bayes has optimal performance on balanced datasets and has
relevant attributes. Therefore, improving data quality and feature selection is an important
factor in improving model performance.

This study proves that the implementation of the Naive Bayes algorithm can be used as an
initial approach in predicting the distribution of dengue at the health center level. The resulting
model can be used as a basis for decision-making in determining priority areas for tfreatment
as well as as a support system in disease prevention. These findings are in line with the research
[17], [18], [19] which affirm that the use of data mining and machine learning technology is
very effective in supporting data-based dengue disease confrol. Thus, this research makes a
real confribution to the development of a more adaptive, efficient, and applicative disease
prediction system in the healthcare environment.

4.0. CONCLUSION

This study successfully implemented the Naive Bayes algorithm in predicting the spread
of Dengue Hemorrhagic Fever (DHF) in the working area of the Wates Health Center,
Pringsewu, Lampung. The test results showed that the model had an accuracy rate of 65.8%
with a fairly good recall value, so that it was able to identify dengue cases quite effectively.
The distribution of data showed that the category of acute dengue dominated compared to
subacute and non-acute, and there was no significant relationship between sex and disease
severity, so that environmental factors played a greaterrole in the spread of dengue. Although
the AUC and MCC values are still relatively low, the Naive Bayes model is still able to provide
an initial picture of the pattern of classification of disease distribution. This shows that this
method is feasible to use as an initial approach in data-driven prediction systems. However, to
improve model performance, further development is needed through the addition of more
relevant variables, improved data quality, and the use of optimization methods or algorithm
combinations. This research contributes to the use of data mining tfechnology in the health
sector, especially in supporting prediction systems and decision-making related to the handling
of dengue. The resulting model is expected to be used as an early warning system and assist
the Puskesmas in determining priority areas for handling more effectively, efficiently, and data-
based.
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