PO

E-ISSN: 3048-1961
P-ISSN: 3048-1899

International Journal of Computer
Technology and Science

Research Article

Advanced Machine Learning for Comprehensive Mapping and
Risk Analysis of Dengue Fever in Purwokerto to Support
Public Health Preparedness

Rosa Ratri Kusuma Hariningsih™, Diwahana Mutiara Candrasari?, Endang Setyawati3, Syamsu Wahidin*, Jevon

Nataniel Putra’

Received: June 07, 2025
Revised: June 21, 2025

Accepted: July 05, 2025
Published: July 07, 2025
Curr. Ver.: July 07, 2025

oo

Copyright: © 2025 by the authors.

Submitted for possible open
access publication under the
terms and conditions of the
Creative Commons Attribution
(CC BY SA) license
(https://creativecommons.org/li

censes/by-sa/4.0/)

Sekolah Tinggi Ilmu Komputer Yos Sudarso, Indonesia 1; e-mail : rosaratri23@gmail.com

Sekolah Tinggi Ilmu Komputet Yos Sudarso, Indonesia 2; e-mail : candrasari5860@stikomvos.ac.id
Sekolah Tinggi Ilmu Komputer Yos Sudarso, Indonesia 3; e-mail : endang.setiawati@stikomyos.ac.id
Sekolah Tinggi Ilmu Komputer Yos Sudarso, Indonesia 4; e-mail : syamsuwahidin@gmail.com
Sekolah Tinggi Ilmu Komputer Yos Sudarso, Indonesia 5; e-mail : yevonthemythhuntl @gmail.com

Cortesponding Author: Rosa Ratri Kusuma Hariningsih

¥ 9B L oD =

Abstract: Dengue Fever (DF) continues to be a major public health threat in Indonesia, especially in
urban areas with high population density, such as Purwokerto City. This study aims to develop a
predictive model to identify high-risk areas for DF outbreaks by integrating Machine Learning (ML)
algorithms and Geographic Information Systems (GIS). The research utilizes historical dengue case
data, meteorological parameters (rainfall, temperature, humidity), and population density as predictive
variables. Three ML classification algorithms—Naive Bayes, Logistic Regression, and Support Vector
Machine (SVM)—were implemented to develop risk prediction models. Extensive data preprocessing,
feature selection, and spatial integration were applied to ensure model robustness. The results show
that the SVM model outperformed other methods, achieving the highest accuracy, precision, recall,
and Fl-score in classifying dengue risk zones. Risk maps generated through GIS visualization
successfully identify priority areas for targeted interventions. The novelty of this research lies in the
combination of local epidemiological data, multi-algorithm comparison, and geospatial mapping to
improve eatly warning systems for DF in Purwokerto. This integrated approach is expected to support

more effective prevention strategies and enhance public health preparedness.
Keywords: Dengue Fever; GIS; Machine Learning; Public Health Preparedness; Risk Mapping.

1. Introduction

Dengue Fever (DF) remains a significant global public health concern, particularly in
tropical countries such as Indonesia [1]. The disease is caused by dengue virus infection,
transmitted primarily through the bites of Aedes aegypti and Aedes albopictus mosquitoes
[2]. Environmental factors, including high rainfall, warm temperatures, elevated humidity, and
high population density, significantly influence the dynamics of DF transmission in affected
regions [3].

In recent years, DF outbreaks have become increasingly difficult to control due to the
complexity of contributing factors, including climate change, rapid urbanization, and high
levels of human mobility [4]. This situation is also evident in Banyumas Regency, Central Java
Province. Data from the Banyumas Health Office reported a significant surge in DF cases in
early 2024, with a total of 135 cases recorded within the period of January to February alone
[5]. This increase is partly attributed to extreme fluctuations in rainfall, which create ideal
conditions for the proliferation of Aedes mosquito populations—the primary vectors of the
disease [6].

Purwokerto City, as the administrative and economic center of Banyumas Regency,
exhibits a relatively high risk of DF transmission. The city consists of four main sub-districts:
Purwokerto Timur (East), Purwokerto Barat (West), Purwokerto Selatan (South), and
Purwokerto Utara (North), which consistently report higher DF case numbers compared to
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surrounding areas. Therefore, innovative efforts are required to enhance preparedness and
improve the effectiveness of DF prevention strategies.

One promising approach involves the application of predictive modeling based on
Machine Learning (ML) techniques [7]. Various methods such as Naive Bayes Classifier,
Binary Logistic Regression, and Support Vector Machine (SVM) have been widely adopted
to predict and classify the occurrence of specific phenomena by analyzing historical data
patterns [8]. These models offer advantages in terms of predictive accuracy, computational
efficiency, and the ability to handle datasets with multiple interrelated variables, including
climatic factors such as temperature, humidity, rainfall, and DF case distribution [9].

In addition, the integration of Geographic Information Systems (GIS) technology
enables the spatial visualization of prediction results in the form of risk zone maps [10]. The
availability of data-driven predictive systems combined with spatial risk maps is expected to
optimize community preparedness and facilitate more targeted intervention efforts in high-
risk areas [11].

This study aims to develop a predictive model for DT high-risk areas in Purwokerto City
by integrating Naive Bayes, Logistic Regression, and Support Vector Machine (SVM)
algorithms with spatial analysis using GIS technology [12]. Model performance evaluation is
conducted to determine the most optimal method for DF risk classification [13].
Furthermore, the prediction results are visualized through spatial risk zone maps for DF
distribution [14]. Through this integrated approach, the study is expected to contribute to
improving the effectiveness of mitigation strategies, early detection, and evidence-based
decision-making for controlling DF transmission, particularly in urban areas with high
population density, such as Purwokerto City.

2. Literature Review

This section presents the theoretical foundation, state-of-the-art research, and existing gaps
in the field of dengue fever (DF) prediction and spatial mapping. Several relevant studies are
discussed, focusing on the use of Machine Learning (ML), Geographic Information Systems
(GIS), and their integration for disease risk prediction and early warning systems.

2.1 Dengue Fever, Environmental Factors, and Risk Mapping

Dengue Fever (DF) remains a significant public health issue in tropical regions,
with Indonesia experiencing fluctuating outbreaks driven by environmental and
demographic factors. Previous studies have highlighted the role of rainfall, temperature,
humidity, and population density as key contributors to DF transmission patterns. For
instance, increased rainfall creates ideal breeding grounds for Aedes mosquitoes, while
optimal temperatutes between 26°C and 29°C accelerate their life cycle.

Spatial risk mapping has been recognized as an effective approach to visualize
high-risk areas and guide targeted interventions. GIS tools, such as heatmaps and
clustering techniques, are widely used to analyze disease distribution patterns and
environmental determinants.

However, conventional statistical models often struggle to capture complex, non-linear
interactions among risk factors, limiting their predictive accuracy. This limitation has
driven the adoption of Machine Learning algorithms for DF risk prediction.

2.2 Machine Learning Applications for Dengue Risk Prediction
Machine Learning offers powerful tools to handle complex epidemiological data,
providing higher predictive performance compared to traditional models. Several notable
studies have demonstrated the application of ML in DF risk assessment:

a. Rattanavipanon et al. (2020) utilized Machine Learning and GIS to map Aedes
aegyptl distribution in Thailand. While effective in predicting mosquito abundance,
the study did not provide direct spatial risk maps for DF cases.

b. Rahman et al. (2020) applied the Naive Bayes algorithm to predict DF outbreak risk
in tropical regions, showing promising results. However, the research only used a
single algorithm without comparing alternative models or including spatial
visualization.

c. Santos etal. (2021) demonstrated the use of ML for dengue risk assessment in Brazil,
integrating environmental and epidemiological data. Nevertheless, the study focused
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on regional scales and lacked emphasis on localized, micro-environmental variations
within cities.

Hasan et al. (2021) implemented K-Means clustering to analyze DF risk areas in
Indonesia, providing national-level insights but neglecting urban-level variations,
such as district-specific population density and sanitation differences.

Wang et al. (2022) applied ML algorithms to predict the spread of DF and other
infectious diseases, emphasizing the potential of these methods for outbreak
prevention.

These studies collectively confirm the advantages of ML for disease risk prediction.
However, they also reveal research gaps, particularly regarding:

a.

b.

Limited integration of local epidemiological data with spatial risk mapping at the
district or sub-district level.

Insufficient model comparisons to identify the most effective ML algorithm for DF
early warning systems.

Lack of localized studies that account for micro-environmental differences,
especially in densely populated urban areas like Purwokerto, Indonesia.

3. Proposed Method

This study employs a quantitative approach with a predictive research design. The

primary objective is to develop a risk prediction model for Dengue Fever (DF) outbreaks
in Purwokerto by utilizing historical case data and relevant environmental variables. The
research process consists of four main stages: data collection, predictive model
development, model performance evaluation, and spatial visualization of prediction
results.

3.1 Data Collection and Preprocessing

The data used in this study were obtained from two main sources:

a.  Dengue Fever case data for the period 2022-2024, provided by the Banyumas
Regency Health Office.

b. Meteorological parameters, including air temperature, humidity, and rainfall,
provided by the Meteorology, Climatology, and Geophysics Agency (BMKG)
of Indonesia.

The initial preprocessing stage involved the following steps:

a. Data cleaning to remove missing values, duplicates, and outliers.

b. Spatial mapping of the data based on geographic coordinates, aligning the data

with the administrative boundaries of Purwokerto.

Transformation of the target variable into binary categories, where 1 represents

high risk (more than 5 DF cases) and 0 represents low risk (5 or fewer DF

cases).

d. Selection of key independent variables for modeling, including air temperature
(°C), humidity (%), rainfall (mm), and the month of occurrence.

e. Feature standardization using the StandardScaler method, except for the Naive
Bayes model, which does not require normalization due to its probabilistic
nature.

o

3.2 Predictive Model Development

The preprocessed dataset was divided into training (70%) and testing (30%)
subsets using stratified sampling to maintain the proportional distribution of target
classes. Three machine learning algorithms were applied in this study:

a.  Support Vector Machine (SVM)

SVM constructs an optimal hyperplane to separate the two classes. The
parameter class_weight='balanced' was applied to address class imbalance
issues [15]. Hyperparameter optimization for SVM was performed using Grid
Search Cross-Validation (CV) by tuning the C, kernel, and gamma parameters
[16].

Support Vector Machine (SVM) is an algorithm designed for more
complex classification tasks and is highly effective in handling high-
dimensional data [9]. SVM operates by finding the optimal hyperplane that
separates two distinct classes of data [25]. The decision boundary can be
mathematically defined as:
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fX)=wlix+b=0

f (%) is the decision function,
w is the weight vector,
x represents the feature vector,
b is the bias or intercept term.

The primary objective of SVM is to maximize the margin between the two
classes, ensuring better generalization and robustness of the model. The
optimization is performed under the following constraints:

yie{-11}
¥; denotes the class label of each training data point,
X; represents the training data samples.

By maximizing the margin while satisfying these constraints, SVM aims to
create a decision boundary that best separates the classes with minimal
classification error.

b. Logistic Regression

This algorithm served as the baseline binary classification model, providing
probabilistic output [17]. Hyperparameters such as C, solver, and max_iter
were optimized using Grid Search CV, with class balancing applied to handle
data imbalance [18].

Binary Logistic Regression is an algorithm used to predict the probability
of an outcome with two possible categories (for example, whether a person is
infected or not) [24]. This model is widely applied in binary classification
problems, such as email spam detection (spam/not spam) or medical diagnosis
(positive/negative) [18].

The mathematical formulation of Binary Logistic Regression is expressed as:
1
1 + e~ (BotZi1 BiXi)
P(Y = 1|X) represents the probability that the outcome Y = 1 given the
predictor variables X.
Bo is the intercept (constant term)
B; are the regression coefficients corresponding to the independent vatiables
Xi
X; denotes the independent variables
e is Euler's number (approximately 2.718)\
The parameters 8 in logistic regression are estimated using the Maximum

Likelihood Estimation (MLE) method, which seeks to find the parameter
values that maximize the likelihood function:

P(Y=1|X) =

L) = [P
i=1

Where 7 is the total number of samples in the dataset. MLE ensures that
the estimated model parameters provide the highest probability of observing
the given data.

c.  Multinomial Naive Bayes

A probabilistic model based on Bayes' Theorem, which assumes
independence among features. Due to this assumption, standardization was not
required for this model [19].

Naive Bayes Classifier is an algorithm used to predict the probability of a
classification based on known conditions [22]. Naive Bayes is a classification
algorithm that applies Bayes' Theorem with the fundamental assumption that
all features within the dataset are conditionally independent from one another
[23]. The Bayes' Theorem can be formulated as follows:

P(X|C,)P(Cy)

P(X)
P(Ci|X) represents the posterior probability of class Cy iven the features X
(postetior probability)

P(ClX) =
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P(X|Cy,) is the likelihood, i.e., the probability of observing the features X given
class Cy (likelihood)

P(Cy) denotes the prior probability of class Cy (prior probability)

P(X) is the marginal probability of the features X(also known as the evidence).
Due to the assumption of conditional independence between features, the
likelihood term can be decomposed as follows:

P(X[Cy) = P(x1|C) P (x2|Cie) ... P (x| Cic)

Thus, the Naive Bayes formula simplifies to:

P(Cl)  P(Co) | [ PCxilc
i=1

3.3 Model Performance Evaluation

Model performance was assessed using five key evaluation metrics:

a.  Accuracy: The proportion of correct predictions over the total test data.

b. Precision: The model's ability to correctly predict positive (high-risk) cases.

c.  Recall (Sensitivity): The model's ability to identify all actual positive (high-risk)
cases.

d. F1-Score: The harmonic mean of precision and recall.

e. Confusion Matrix: A table summarizing correct and incorrect predictions for
each class.

The evaluation results were presented in summary tables, heatmaps of the
confusion matrices, and bar charts comparing the performance of each model.
Based on these evaluations, the Support Vector Machine (SVM) demonstrated the
best overall performance and was selected as the primary model for risk mapping.

3.4 Risk Mapping Using GIS

The best-performing SVM model was utilized to predict the DF risk level for
each data entry based on environmental and temporal variables [20]. The prediction
results were integrated with the administrative spatial data of Purwokerto.

The predicted data, labeled with risk classes (0 = low risk, 1 = high risk), were
exported in GeoJSON format, containing both the predictive attributes and spatial
geometry of the regions. These files were imported into QGIS software and
visualized thematically using graduated color schemes based on the predicted risk
levels.

This visualization process produced spatial risk distribution maps for DF,
with distinct color representations differentiating areas based on risk severity. These
maps serve as visual decision-support tools to facilitate prioritization of preventive
interventions in areas classified as high risk for DF outbreaks.

3.5 Model Preservation
To ensure reusability and efficiency for long-term application, the optimized
SVM model and the corresponding feature standardization process were saved in
.pkl format using the Joblib library [21]. This allows for future deployment of the
model on new data without the need for retraining and facilitates integration with
digital monitoring platforms for real-time DF risk surveillance.

4. Results and Discussion
This study aims to develop a predictive model for the spatial distribution of Dengue
Fever (DF) cases in Purwokerto City using machine learning techniques and geospatial
mapping. The research results are explained in detail, including data description,
exploratory analysis, model evaluation, and spatial risk mapping based on the prediction
outcomes.

4.1 Data Description and Exploratory Analysis
The dataset used in this study consists of several variables that influence the
spread of DF, including the number of DF cases, rainfall, air temperature, and
humidity. The data were collected for the period 2022 to 2024 from two main
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sources: the Banyumas Regency Health Office and the Meteorology, Climatology,
and Geophysics Agency (BMKG) of Indonesia. The research focuses on four sub-
districts in Purwokerto City, identified as having high population density: Purwokerto
Timur (East), Purwokerto Barat (West), Purwokerto Selatan (South), and
Purwokerto Utara (North).

The initial exploratory analysis revealed an increasing trend in DF cases, which
was positively correlated with both rainfall and humidity levels. Data visualization
showed that the peak of DF cases occurred during the early months of the year
(January to March), coinciding with the period of highest rainfall intensity. Air
temperature in the region generally ranged between 26°C and 29°C, which is
considered the optimal range for the breeding and development of Aedes aegypti
mosquitoes. Among the four sub-districts, Purwokerto Timur and Purwokerto Utara
reported the highest incidence rates of DI compared to other areas.

4.2 Machine Learning Modeling

This study applied three Machine Learning (ML) algorithms, namely Binary
Logistic Regression, Naive Bayes Classifier, and Support Vector Machine (SVM).
These models were developed to classify areas into high-risk and low-risk zones for
Dengue Fever (DF) transmission, based on environmental and population-related
features.

a.  Model Implementation

The processed dataset was analyzed using k-fold cross-validation (k = 5). Each
model was trained to classify sub-districts into high-risk or low-risk categories for
DF. The dataset was divided into 70% training data and 30% testing data.

Model Accuracy Precision (0) Recall (0) F1-Score (0) Precision (1) Recall (1) F1-Score (1) Macro Avg Precision Macro Avg Recall Macro Avg F1-Score

SVM Tuning 0.82 0.97 0.81 0.88 0.46 0.86 0.60 0.71 0.83 0.74
Leogistic Regression 048 0.85 0.46 0.60 0.17 0.57 0.26 0.51 0.52 0.43

Multinomial Naive Bayes 0.55 0.90 0.51 0.66 0.22 0.71 0.33 0.56 0.61 0.49

b. Model Evaluation Figure 1 Three Model Prediction Results .
The models were evaluated  using

accuracy, precision, recall, and F1-Score metrics for both classes (class 0 = low risk,
class 1 = high risk). The evaluation was conducted using k-fold cross-validation and
a 70:30 train-test data split. The summary of model performance is as follows:

Akurasi Tiap Model (Setelah Tuning)

82.00%

Akurasi

SVM Tuning Logistic Regression Tuning Multinomial Naive Bayes
Model

Figure 2 Evaluation of Three Machine Learning Models

Based on the evaluation results, the tuned SVM model demonstrated the best
performance among the three algorithms. The SVM achieved an accuracy of 82%
and a recall of 0.86 for the high-risk class (class 1), indicating the model's strong
ability to detect high-risk areas effectively. The macro-average precision (0.71), recall
(0.83), and F1-Score (0.74) further confirmed the superior performance of the SVM
model compared to Logistic Regression and Naive Bayes, which tended to
underperform, particularly in positive class classification.
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4.3

4.4

These results indicate that the tuned SVM model excels not only in terms of
overall accuracy but also in maintaining a good balance between precision and recall
for both classes, especially in identifying high-risk areas with a recall of 0.86. The
higher macro-average across all key evaluation metrics further solidifies the SVM
model as the best-performing approach for DF risk mapping in this study.

Dengue Fever Risk Prediction Mapping Using SVM

The trained and evaluated SVM was then deployed to classify each area (based
on environmental and population data) into high-risk or low-risk zones. The
classification results were integrated with spatial data in a Geographic Information
System (GIS) using QGIS software.

The classification outcomes were visualized as thematic maps (heatmaps),
illustrating the spatial distribution of DF risk across the four sub-districts in
Purwokerto City. Red zones indicate high-risk areas, while green zones represent
low-risk areas. The results are summarized as follows:

ol /1 Penyebaran Kasus DED Di Kota Puwmcerwl \

ADM_JAWA_TENGAH_KEC (virtual) P y
[0 Purwokerta Barat ~—— VAN [
I Punwoker Selatan 7 \ ™ s
] Purwokers Trur \ Kebmen ) A —— -

B Purvokero Utars f P e s et s s o |

Figure 3 Dengue Fever Case Risk Zoning Map in Purwokerto

Purwokerto Selatan (South) and Purwokerto Barat (West) were identified as high-
risk areas consistently throughout the observation period (2022-2024), particulatly
in densely populated neighborhoods with extreme rainfall patterns.

Purwokerto Timur (East) was classified as a moderate-risk area, with an increasing
risk trend observed in 2024.

Purwokerto Utara (North) was generally categorized as a low-risk area; however, it
requires continuous monitoring, especially in the event of rising temperatures and
humidity levels.

The SVM-based risk maps provide concrete insights for the local health
authorities and government to determine priority areas for interventions such as
fogging operations, community education campaigns, and enhanced public health
preparedness.

Implications

Based on the analysis results, the following findings were obtained:

The Support Vector Machine (SVM) consistently outperformed Logistic Regression
and Naive Bayes models in terms of accuracy and spatial classification capability.

. Environmental factors such as temperature, rainfall, humidity, and population

density exhibited strong correlations with DF transmission risk, with optimal
temperature ranges and high rainfall identified as major drivers of mosquito
population growth.

The integration of SVM predictions with GIS mapping effectively identified high-
risk areas, which are often difficult to detect using conventional statistical
approaches.

The application of Machine Learning and GIS in this study resulted in a data-driven,
localized eatly warning system that can be integrated into public health mitigation
policies by relevant stakeholders.
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5.

Comparison

The results of this study demonstrate that the integration of Machine Learning and
spatial data provides accurate and practical predictions for area-based disease control.
The application of three classification models, namely Logistic Regression, Naive Bayes,
and Support Vector Machine (SVM), revealed significant differences in performance,
with SVM consistently delivering the best results in classifying Dengue Fever (DF) risk
zones in Purwokerto City.

The SVM model proved superior in terms of both overall accuracy and its ability to
detect high-risk areas, as indicated by a high recall score for the positive class (class 1).
This finding suggests that the SVM model is highly sensitive to environmental patterns
that trigger DF outbreaks. These results are consistent with previous studies indicating
that SVM is effective in handling high-dimensional datasets and capturing non-linear
patterns in public health phenomena.

Furthermore, the success of spatial DI risk mapping highlights that integrating
classification results with Geographic Information Systems (GIS) can serve as a highly
effective decision-support tool. The risk visualization in the form of heatmaps enables
relevant authorities to quickly identify priority intervention areas based on reliable,
evidence-driven insights. Such a strategy is crucial for managing infectious diseases like
DF, which require rapid, localized responses.

Importantly, this study also confirms that environmental factors—including rainfall,
humidity, air temperature, and population density—play a significant role in DF
transmission. These findings strengthen the existing literature, which emphasizes
ecological and climatic factors as key determinants in the life cycle of Aedes aegypti
mosquitoes and the spread of the dengue virus.

Nevertheless, several limitations were identified in this research, including the
limited spatial coverage, which only encompassed four sub-districts, and the absence of
real-time data or direct mosquito vector data. Future work should expand the model's
geographical coverage and integrate it with a web-based monitoring dashboard and early
warning system for the community.

Overall, considering the results and analyses, the Machine Learning approach based
on SVM combined with GIS mapping has been proven to make a significant contribution
to early detection efforts and evidence-based policy-making for DF outbreak mitigation
in Purwokerto City.

Conclusions

This study successfully demonstrated that the integration of Machine Learning (ML)
algorithms and Geographic Information Systems (GIS) is an effective approach for
predicting and mapping Dengue Fever (DF) risk areas in Purwokerto City. The predictive
models developed using Support Vector Machine (SVM), Logistic Regression, and Naive
Bayes algorithms showed that SVM delivered the best performance, achieving an overall
accuracy of 82% and a recall score of 0.86 for detecting high-risk areas.

The risk zone maps generated through GIS visualization effectively identified
ptiority intervention areas based on environmental factors and population density. The
novelty of this research lies in the integration of local epidemiological data, environmental
variables, ML methods, and spatial analysis to develop a data-driven early warning system
for DF outbreaks.

The results also confirmed that rainfall, humidity, air temperature, and population
density significantly influence DF transmission patterns, with peak outbreaks occurring
during periods of high rainfall and optimal temperatures for Aedes aegypti mosquito
development.

This data-driven approach offers a practical and applicable solution to enhance
community preparedness and support more targeted DF prevention strategies. For future
development, it is recommended to expand the geographical coverage of the model,
incorporate real-time data, and develop a web-based monitoring system to support
sustainable DF prevention efforts.
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