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Dengue fever is a tropical disease whose diagnosis is often delayed due 
to limitations of conventional diagnostic methodologies, which have an 
impact on the effectiveness of medical interventions. This research is 
designed to develop an Artificial Neural Network (ANN) model aimed at 
improving accuracy and speed in dengue diagnosis. Through 
quantitative methods, clinical data from 50 patients during the period 
2020-2021 were analyzed using machine learning techniques to train 
the ANN model, including the process of data normalization and 
selection of relevant features. The test results of the model showed 
excellent diagnostic performance with accuracy reaching 87%, precision 
92%, and F1-Score 92%, indicating its effective ability to identify 
positive and negative cases. The conclusion of this study is that the 
developed ANN model is able to overcome the limitations of 
conventional diagnostics and shows significant potential in improving 
medical responses to dengue outbreaks. Further research is 
recommended to expand the datasets used in order to improve the 
validation and generalization of the model in the context of broader 
clinical applications. 
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Introduction  
 
Dengue fever is an infectious disease caused by the dengue virus, and is found in tropical and 
subtropical regions (Wu et al., 2022)(Li et al., 2020). Dengue fever is often difficult to detect in the early 
stages because the symptoms are similar to other febrile diseases (Buonora et al., 2020)(Rathore et al., 
2020). Due to delays in diagnosis and treatment, the risk of serious complications to death increases 

(Hanna et al., 2020)(Al‐Ani et al., 2020). Therefore, Early detection of dengue fever is essential for 

outbreak control, improving treatment outcomes, and reducing the burden on health systems (Wong et 
al., 2022). Delayed diagnosis can increase the risk of morbidity and mortality because patients may 
experience serious complications that require intensive care (Corte s-Beringola et al., 2021).  

The gap in existing research lies in the limitations of conventional diagnostic methods that 
often take a long time to produce results and are sometimes less sensitive. Lack of access to health 
facilities in some areas increases this challenge (Yang et al., 2020). The application of Artificial Neural 
Network (ANN) methods in this study is explored for faster, accurate, and accessible early detection, 
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overcoming the shortcomings of traditional methods using advanced information technology(Kurucan 
et al., 2024)(Ansari et al., 2020). The ANN model is trained to recognize clinical patterns at an early 
stage, allowing for rapid medical response and wide deployment of the technology, even in areas with 
limited facilities. ANNs can improve the diagnosis process through data normalization and selection of 
relevant features, continuous training, and identification of complex patterns.  This research helps 
reduce misdiagnosis and allows for more effective early detection. 

This study aims to develop an optimized ANN model, which is able to classify the presence of 
dengue fever quickly and accurately based on early symptoms and other clinical parameters. The 
model is designed to facilitate healthcare workers in a more accurate and responsive diagnosis 
process, enabling timely medical intervention(Zhong et al., 2023)(Trenfield et al., 2022). Through 
interdisciplinary cooperation that integrates computer science and health, the use of these advanced 
technologies not only accelerates early detection, but also improves the effectiveness of disease control 
and management (Goes et al., 2021). This paves the way for further development in disease detection 
technologies, particularly in the face of global challenges such as dengue, providing new insights and 
concrete evidence regarding the effectiveness of ANN in the treatment of public health problems. 

Previous research offers deep insights in various scientific fields. The object of this research is 
material constitutive modeling using Thermodynamics-based Artificial Neural Networks (TANNs) 
which integrate thermodynamic principles in neural network architecture resulting in more accurate 
and consistent predictions (Masi et al., 2021). Subsequent research focused on temporal trends and 
spatial clustering of dengue prevalence in West Java, Indonesia using the Richards model to identify the 
peak and distribution of dengue infections, supporting optimization of local intervention programs 
(Fauzi et al., 2022). Research conducted on the use of Neural Population Geometry to understand 
neural networks with population geometry analysis methods that provide new insights into the coding 
and processing of neural information (Chung & Abbott, 2021). Recent research on dengue outbreaks on 
Cook Island using disease surveillance methods and vector control resulted in an effective response in 
the face of a deathless outbreak (Uwishema et al., 2021).  

Some researchers are focusing on integrating thermodynamic principles in ANN architecture, 
as observed in the use of Thermodynamics-based Artificial Neural Networks (TANNs) that produce 
more accurate and consistent predictions of disease dynamics. In addition, there are studies that focus 
on analyzing temporal trends and spatial clustering of dengue prevalence using the Richards model, 
which helps in the identification and distribution of infection on a local scale. However, there is limited 
research relating to the application of Neural Population Geometry methods in the context of public 
health to improve the process of coding and processing neural information in the diagnosis of 
infectious diseases such as dengue. Therefore, this study intends to develop and optimize an ANN 
model that can effectively classify the presence of dengue fever based on early symptoms and other 
clinical parameters quickly and accurately. 

 
Method  
 
Research Design 

This research design uses a quantitative approach by combining experimental methods for 
data collection, quantitative analysis for data processing and analysis, and model validation to evaluate 
the performance of the developed model. 
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Figure 1. shows the flow of research carried out, starting The collection of medical data in this 
study was obtained from the internet totaling 50 data from 2020-2021. next is Preprossing data by 
dividing datasets to be used as training and testing data and normalizing data. Furthermore, the 
implementation of the ANN method  is by compiling the basic network structure on data. Finally, 
evaluation and results, analyzing the ability of the method has given the best percentage results. 
 

Data Collection 
Dengue fever medical record data230909- for 2020-2021 taken from the internet with a total 

of 50 patient data. The data included several variables such as date, name, gender, body temperature 
and other details of the patient's symptoms. 
 
Data Pre-processing 

The data will undergo a pre-processing process including dividing the dataset into two parts, 
namely 35 test data and 15 as test data and handling missing values. Normalization of data and 
encoding of categorical variables such as gender and the presence of red spots (El Khattabi et al., 
2024). The data normalization formula can be written in equation (1). 
 

   
         

               
 

(1) 
 

Where is the original value  , min   and max   is the maximum threshold of the feature, and  
   is a normalized value. 
 
Variable Selection and Model Optimization 

Variable selection is carried out using statistical analysis techniques to identify the variables 
that are most significant to the diagnosis of DHF. Once variables are selected, model optimization steps 
are performed by adjusting network parameters, such as the number of hidden layers, the number of 
neurons per layer, and the learning rate, to achieve the best performance. 
 
Algorithm Implementation 

The ANN model will be implemented using Python. The network architecture will include an 
input layer corresponding to a variable number, a hidden layer, and an output layer that indicates the 
probability of dengue diagnosis. 
 
 
 
 
 
 
  
 
 
 
 
 
 
 

Figure 2. Shows an Artificial Neural Network (ANN) implementation flowchart starting with 
dividing the dataset into training and testing sets, followed by data normalization to ensure 
consistency at feature scale. The next stage, the ANN model is initialized by specifying the architecture 
and paremeter. Once initialized, add an Input & Output layer to the specified network. The input layer 
that will receive the feature as well as the output layer generates a model prediction that has 
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diagnosed the patient with dengue fever or not (Shaikh et al., 2023). The formula adds an input output 
layer can be written in equation (2). 

 

 
Where x is the input vector fed to the first layer of the network. The output of this layer, after 

the implementation of the f1 function, becomes the input for the second layer. This process continues 
through various hidden layers, where each layer processes the input by combining weights and biases 
before applying the relevant activation functions. In the output layer marked with L,  the final step of 
the transformation is performed by combining the activation of the previous layer (L−1) with the final 
weight, adding bias and using the last activation function    to produce the output. This output can be 
either a class prediction in the case of classification or an estimation of values for regression      . 

After that the training of the Artificial Neural Network (ANN) model is trained with training 
data, During this process the model learns to identify patterns and relationships in the data related to 
the presence or absence of dengue fever.  
 
Model Evaluation 

After the model is trained, then evaluate the model using the test dataset, then the model will 
display the results tested for validity using the confution matrix Accuracy, Precicion, Recall, F1-Score 
(Alem & Kumar, 2022). Each of these metrics provides a different perspective on the accuracy and 
effectiveness of the predictions generated by the model. The Accuracy  Formula is written on the pad 
(3).  

Accuracy is defined as the ratio of correct predictions, both positive and negative to the total 
number of cases in the dataset (Zhou et al., 2020). 

 

         
       

             
 

 
(3)       

 
Where if TP is True Positive, i.e. the number of positive samples predicted correctly, TN is 

True Negative, i.e. the number of negative samples predicted correctly, FP is False Positive, i.e. the 
number of negative samples incorrectly predicted as positive, and FN is False Negative, i.e. the number 
of false positive samples predicted as negative. The formula for the precision equation is written in 
equation (4).  

Precision is  defined as the proportion of truly positive predictions. This metric is especially 
useful when FP costs are greater than FN (Obloj & Sengul, 2020). 
 

          
  

       
 

 
(4) 

 
Where TP is True Positive, i.e. the number of positive samples correctly predicted by the 

model. FP is a False Positive, i.e. the number of negative samples that are incorrectly predicted as 
positive by the model. The Recall formula is written in equation (5). Recall is the ratio of all positive 
cases identified by the model (Chow et al., 2020).  
 

       
  

       
 

 
 (5) 

 
Where TP is True Positive, i.e. the number of positive samples correctly predicted by the 

model. FN is a False Negative, i.e. the number of positive samples incorrectly predicted as negative by 
the model. The F1 Score formula is written in equation (6). 

The F1-Score is the harmonic average of precision and recall. F1-Score is used if there is an 
unbalanced distribution of classes (Hasib et al., 2023).  
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 (6) 

 
Precision is a measure of the accuracy of positive predictions made by the model, calculated by 

formulas 
  

       
 , where TP is True Positive and FP is False Positive. Recall is used to measure the 

model's ability to identify all actual positive cases, calculated by formula 
  

       
 , where FN is False 

Negative. Both of these metrics are important in evaluating the performance of classification models, 
especially in situations where the classes are out of balance. 
 
Results and Discussions  
 
The results obtained from the application of the ANN model are designed for early detection of Dengue 
Fever. Through detailed analysis of clinical data and the use of advanced machine learning techniques, 
the model has been tested for its ability to classify cases based on the presence of symptoms attributed 
to the disease. Model performance is represented through evaluative metrics such as accuracy, 
precision, recall, and F1 Score, demonstrating its effectiveness in identifying positive and negative 
cases. This discussion not only focuses on the interpretation of quantitative results achieved through 
model testing, but also explores the implications of such findings on clinical practice and the potential 
for further development in medical diagnostic technologies. In Table 1 the first step of data collection, 
in Table 2 the step of data normalization. 
 

Table 1. Data on Dengue Fever Symptoms 

No Date Name Gender 

Body 
Tempera

ture 
(°Celsius) 

Nausea 
Vomiting 
(times) 

Joint 
Pain 
(day) 

Lack of 
Appetite 

(days) 

Dizzin
ess 

(day) 

Red 
Spot 

(Rash) 

Diagnosis 
DBD 

1 11/10/2020 Patient 1 L 38.2 2 2 1 5 Many 1 
2 10/13/2020 Patient 2 P 39.1 3 2 4 1 Little 0 
3 10/17/2020 Patient 3 P 42 1 1 3 2 Many 1 
4 10/20/2020 Patient 4 L 40 4 2 6 2 Keep 0 
5 10/21/2020 Patient 5 P 39.2 2 3 5 3 Many 1 
⁝ ⁝ ⁝ ⁝ ⁝ ⁝ ⁝ ⁝ ⁝ ⁝ ⁝ 
⁝ ⁝ ⁝ ⁝ ⁝ ⁝ ⁝ ⁝ ⁝ ⁝ ⁝ 

46 11/2/2021 Patient 46 L 41.1 1 1 5 3 Many 1 
47 2/13/2021 Patient 47 P 37.2 2 2 6 1 Many 1 
48 2/16/2021 Patient 48 L 40.6 3 2 8 3 Keep 1 
49 2/18/2021 Patient 49 L 39.4 0 4 1 2 Many 0 
50 2/19/2021 Patient 50 L 38.6 3 5 5 3 Keep 1 

 
Table 1. Presenting a complete dataset on Dengue Fever symptoms, which became the 

analytical basis in this study. This dataset includes clinical variables such as body temperature, nausea, 
joint pain, decreased appetite, headache, presence of skin rashes, and verified diagnostic results, 
covering a spectrum of Dengue cases from positive marked with the number 1 to negative marked with 
the number 0. This data collection is important because it provides basic input for training ANNs who 
have demonstrated outstanding performance in early detection of this disease. This ANN model was 
trained for 50 epochs to consistently improve on accuracy as well as decrease in loss value for both 
training and validation sets.  

This performance is supported by comprehensive analysis performed by normalizing data, 
which is summarized in table 2. Normalization ensures that each contributing feature is evaluated 
fairly and consistently, allowing the model to focus on significant patterns rather than scale 
differences. This process is an important step that effectively prepares the data for analysis by the ANN 
model, then results in an accurate and reliable classification. 
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Table 2. Normalization Data 
Feature Min Value Max Value 
Body Temperature (Celsius) -0.49 1.56 
Nausea Vomiting (times) -1.03 1.37 
Joint Pain (day) -1.16 -0.24 
Lack of Appetite (days) -1.08 2.52 
Dizziness (day) -0.95 1.27 
Gender L -0.92 1.09 
Gender P 0.92 -1.09 
Red spots (rashes) are numerous 1.22 1.22 
Medium red spot (rash) 0.68 -0.68 
Red spot (rash) slightly -0.63 -0.63 

 
Table 2. Shows a summary of normalized data used in model training and testing. Clinical 

features such as Body Temperature, Nausea, Vomiting, Joint Pain, Lack of Appetite, and Dizziness have 
been normalized to ensure consistency of scale in data analysis. Gender as well as Red Spot intensity 
are also included in normalization, with minimum and maximum values indicating the variation 
treated in the model. This data is crucial in optimizing the performance of the ANN model in detecting 
dengue cases more effectively. 

The initialization stage of the model, the Artificial Neural Network (ANN) we developed using 
Hardware TensorFlow is governed by a multi-layer architecture. As depicted in the visualization in 
figure 3. 

 
Figure 3. Inisialisasi Model 

Figure 3. Explaining model initialization, it starts with an Input Layer that has no parameters 
and serves as an entry point for features that have been normalized. Furthermore, the first Dense 
Layer which has 64 neuron units uses the ReLU activation function and has 448 parameters. Then 
followed by a Dropout layer with a dropout rate of 0.5 to reduce the risk of overfitting. This layer does 
not add parameters to the model. The second Dense layer, which also uses ReLU activation, contains 32 
units and contains 2,080 parameters. Finally, the Output Layer is defined with one unit using the 
Sigmoid activation function for binary classification, with 33 parameters. This structure allows the 
model to study complex data representations and classify dengue diseases more effectively. This 
process underscores the importance of proper architecture in predictive model development. Each 
layer is designed for progressive transformation from input to interpretable output, with a dropout 
layer providing a regularization mechanism to increase the generalizability of the model beyond the 
training sample. This architecture has proven effective, as illustrated in Figure 4. 
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Figure 4. Result 

 
Figure 4.Shows the display of the results of successful ANN implementation to classify Dengue 

Fever cases. By dividing two categories positive and negative based on red spot symptoms (rash). As 
seen in the graph above of the 15 cases tested, the ANN model successfully identified 12 cases as 
positive for regional fever and 3 cases as negative. The importance of these results lies in the model's 
ability to provide fast and accurate classification results, which can be very significant in improving 
treatment outcomes for patients. With reduced diagnosis time, medical interventions can be carried 
out faster, potentially saving lives and reducing the burden on health systems. This performance is 
reinforced by the evaluation results summarized in Table 3 which measures the effectiveness of the 
model in terms of accuracy, precision, recall, and F1-Score. 
 

Table 3. Evaluation Model 
Accuracy Precision Recall F1-Score 

0.87 0.92 0.92 0.92 

 
Table 3. Shows the results of substantive evaluative metrics and reflects the comprehensive 

performance of the ANN model that has been implemented. The model recorded an accuracy of 0.87, 
indicating the overall effectiveness of the model in accurate classification.  A uniform precision, recall 
and F1-Score of 0.92 indicates that the model is not only efficient in reducing false positive fallacies but 
also meticulous in identifying almost all actual positive cases in the test sample. The stability of this 
score confirms the reliability of the model in producing reliable classifications, crucial for clinical 
diagnostics where diagnostic precision has direct implications for treatment strategies and medical 
interventions. 

This study developed an Artificial Neural Network (ANN) model for the early detection of 
Dengue Hemorrhagic Fever (DHF), showing significant performance in case classification based on 
symptoms. Unlike previous studies that used slow and less accurate conventional methods, this model 
provides faster and more precise diagnostics. Previous research in other fields has shown that similar 
approaches can improve prediction accuracy. In the medical context, this study has succeeded in 
improving the sensitivity and specificity of dengue diagnosis. In addition, this ANN model is more 
responsive to non-specific symptoms, filling gaps in previous research and offering innovative 
solutions for early detection of dengue, thereby improving patient care and outbreak control. 
 
Conclusions 
 
This study highlights the effectiveness of the Artificial Neural Network (ANN) method in the early 
detection of dengue fever, achieving high accuracy and precision. The developed ANN model is 
adaptable to local clinical data, enhancing its relevance for tropical and subtropical regions that face 
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similar challenges in detecting these diseases. Implementing ANNs in resource-constrained areas can 
accelerate diagnostic accuracy, crucial for managing outbreaks. The research integrates machine 
learning with clinical data to improve early detection and provides a methodological framework 
applicable to other infectious diseases. Future research should expand the dataset, involve wider 
geographic variation, and use cross-validation to enhance the model's reliability in clinical practice, 
offering more comprehensive answers to posed research questions. 
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