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ABSTRACT

Dengue is a significant global health issue, and in its severe form, it can be fatal. Accurate early-stage
prediction tools are crucial in resource-limited areas to prevent dengue's progression to a severe state. This
study aims to develop machine learning classifiers for dengue to assist medical personnel in differentiating
the latter from other diseases, thereby helping with its earlier prognosis. Early-stage dengue classifiers
were developed using medical records collected from two hospitals in East Nusa Tenggara Province,
Indonesia. Eight machine learning techniques were leveraged to develop the classifiers, including Logistic
Regression (LR), Linear Discriminant Analysis (LDA), Support Vector Machine (SVM), K-nearest
Neighbors (KNN), Naive Bayes (NB), Classification and Regression Tree (CART), Random Forest (RF),
and extreme Gradient Boosting (XGBoost). To address the imbalance in the dataset, we utilized the SVM
Synthetic Minority Oversampling Technique (SVMSMOTE) was utilized. The dataset was finalized
through the expertise of 15 medical doctors and insights gathered from four Indonesian digital health
platforms. The key findings of this study are: i) important features for early-stage dengue prediction
include fever, duration of fever, headache, arthralgia, myalgia, nausea, shivering, loss of appetite, bitter
mouth, temperature, and age, ii) machine learning techniques, including RF, NB, KNN, and XGBoost,
were found to be suitable for dengue prediction, and iii) RF combined with SVMSMOTE, outperformed
other techniques, achieving an accuracy of 94.99% and an Fl-score of 85.65% for early-stage dengue
prediction.
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I.  INTRODUCTION

Dengue is a life-threatening disease transmitted by female
mosquitoes, particularly Aedes aegypti. It has become a
significant global health burden, claiming many lives each
year. The World Health Organization (WHO) estimates that
between 100 and 400 million people are infected annually, with
nearly half of the global population being at risk, especially in
tropical and subtropical regions [1]. Dengue is also a major
health concern in Indonesia. As of July 1, 2024, Indonesia has
reported 149,866 confirmed dengue cases, roughly three times
the number of the cases reported during the same period in
2023. These cases have been recorded across 465 districts in all
38 provinces, leading to 884 deaths [2].

Early-stage diagnosis of dengue is challenging due to its
symptoms being similar to those of other diseases, such as
malaria, typhoid fever, and COVID-19. It is important to note
that delays in treating dengue patients can lead to severe
conditions like Dengue Hemorrhagic Fever (DHF) and Dengue
Shock Syndrome (DSS), which can be fatal [1, 3]. In the
context of rural Indonesia, where resources are often limited,
reliable tools for early-stage dengue diagnosis are crucial to
prevent the progression to these severe states. Although the
WHO [1] states that there is no specific cure for dengue or
severe dengue, early diagnosis can significantly reduce the
fatality rates associated with severe cases.

In recent years, machine learning models for dengue
prediction have gained attention. Most studies have focused on
predicting dengue outbreaks [4-12], clustering dengue
incidence areas [13-14], and identifying characteristics linked
to the spread of the disease [15]. However, few studies have
explored using symptoms and risk factors for early-stage
dengue prediction. For instance, authors in [16] conducted a
dengue prediction study based on selected features but used
environmental factors, like humidity and temperature, rather
than medical records. Another study [17] focused on early-
stage dengue prediction using clinical data but did not exclude
severe symptoms of dengue fever.

The current study aims to fill this gap by providing insights
into the symptoms and risk factors that are significant for early-
stage dengue prediction, based on medical records. This
approach will help raise awareness among the Indonesian
population to seek medical advice early. Additionally, this
study aims to identify suitable classifiers for early-stage dengue
prediction, develop an intelligent recommendation system, and
find the best classifier for this purpose.

II. METHOD

The dataset for this study was acquired from medical
records collected from two hospitals in East Nusa Tenggara
Province, Indonesia: Kewapante Hospital in Sikka and Soe
Hospital in South Central Timor. A total of 561 medical
records were collected, comprising patients diagnosed with
either dengue or non-dengue diseases, such as malaria,
COVID-19, and typhoid fever. Of these, 88 records
corresponded to dengue patients and 473 to non-dengue
patients. Feature selection was performed based on a previous
study, [18], which identified 15 significant symptoms and one

significant risk factor for dengue prediction. Additionally,
important symptoms and risk factors for the clinical diagnosis
of dengue were gathered through interviews with fifteen
medical doctors and from four Indonesian digital health
platforms [19-22].

The features collected from medical experts and digital
platforms were utilized to eliminate noisy data, resulting in a
final dataset containing 439 medical records. The dataset was
then split into training and test sets using stratified 10-fold
cross-validation, ensuring the preservation of the class
distribution [16—17]. Due to the imbalance between dengue and
non-dengue records, SVMSMOTE was applied to handle data
imbalance.

Subsequently, eight machine learning classifiers were
developed, including LR, LDA, SVM, KNN, NB, CART, RF,
and XGBoost. The classifiers were evaluated using two
performance metrics: accuracy and Fl-score. Hyperparameter
tuning was performed for all classifiers to optimize their
performance. Finally, the evaluation results were used to
identify the machine learning techniques most suitable for
early-stage dengue prediction and to determine the best-
performing classifier.

A. Data Collection — Characteristics of Medical Records

Medical records were collected from patients diagnosed
with either dengue fever or other diseases with similar
symptoms (including typhoid fever, malaria, COVID-19,
dyspepsia, and pneumonia) during the years 2017-2023. The
data were manually recorded using an Excel spreadsheet.
Exclusion criteria were applied to refine the dataset. First, to
reduce the noise caused by the symptom overlap between
dengue and other diseases, medical records with fewer than
three reported symptoms were excluded. Second, patients
diagnosed with asymptomatic dengue were excluded, as this
study focuses on symptom- and risk-factor-based dengue
classification.

This refined dataset represents a reduction from the 561
medical records used in [18], resulting in a total of 439 medical
records: 79 records of dengue cases and 360 records of non-
dengue cases. The findings from [18] identified 15 significant
symptoms—including fever, fever duration, headache, muscle
and joint pain (arthralgia/myalgia), nausea, abdominal pain,
shivering, malaise, loss of appetite, shortness of breath, rash,
bleeding nose, bitter mouth, and body temperature—along with
one significant risk factor, age, for dengue prediction.
However, as this study specifically targets early-stage dengue
prediction, symptoms that typically manifest in the later stages
of dengue (abdominal pain, malaise, persistent vomiting,
shortness of breath or rapid breathing, rash, and bleeding nose)
were excluded [1].

Therefore, this study utilized 10 input features, labeled S;—
Sy and F, and one target feature, Diagnosis, which is
represented as a binary variable (1 for dengue and O for non-
dengue diseases). Seven of the input features (S;, S;—Sg) are
binary variables, while the remaining three features (S,, So, and
F) are numeric. Table I presents the normalized feature values
of the dengue dataset used in this study.
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TABLE II. COLLECTED SYMPTOMS AND RISK FACTORS
FROM THE INDONESIAN DIGITAL HEALTH PLATFORMS

TABLE L. THE NORMALIZED VALUES FOR THE
FEATURES OF THE DENGUE DATASET
Notation | Feature | Values

Symptoms

S Fever 1-yes, 0-no

S, Duration of fever (days) Mean: 2.17, SD: 3.90

Ss3 Headache 1-yes, 0-no

S4 Arthralgia/myalgia 1-yes, 0-no

Ss Nausea 1-yes, 0-no

Se Shivering 1-yes, 0-no

Ss Loss of appetite 1-yes, 0-no

Ss Bitter mouth 1-yes, 0-no

So Temperature (°C) Mean: 37.00, SD: 0.99
Risk factor

F | Age (years) | Mean: 33.80, SD: 24.11

B. Data Collection — Interviews with 15 Doctors

Structured interviews were conducted with fifteen
Indonesian medical doctors to gather knowledge related to
important symptoms and risk factors contributing to the clinical
diagnosis of dengue. This information was critical for
finalizing the dengue dataset, particularly during the outlier
removal process. All interview questions were delivered in
Bahasa Indonesia and subsequently translated into English for
analysis.

All fifteen medical doctors identified fever as the most
critical symptom for diagnosing clinical dengue, followed by
rash and bleeding nose (each cited by 14 doctors), and fever
duration along with abdominal pain (each cited by 13 doctors).
The collected responses regarding symptoms were then
categorized based on their severity using the WHO standards
[1]. A summary of the interviews is provided in the Appendix.

C. Data Collection - Gathering Data from Digital Health
Platforms in Indonesia

This study utilized four Indonesian digital health
platforms—Alodokter.com, Klikdokter.com, Halodoc.com, and
Ayosehat.kemkes.go.id—to gather additional information on
symptoms and risk factors associated with dengue fever.
Combined with the results from the structured interviews with
fifteen medical doctors, this acquired knowledge was used to
finalize the dengue dataset during the data preprocessing phase,
particularly for outlier elimination. Table II presents the
symptoms and risk factors collected from the four Indonesian
digital health platforms.

D. Machine Learning Techniques

Dengue classifiers were developed using eight popular
machine learning techniques in dengue prediction including
SVM, LR, KNN, NB, RF, XGBoost, LDA, and CART [4, 16-
18, 23].

E. Performance Metrics

To evaluate the early-stage dengue classifiers, two
performance metrics were utilized: accuracy and F1-score. The
F1-score calculation also required the computation of precision
and recall.

Symptoms and
risk factors [19] 201 (211 (221
Fever and v v v \%
temperature (39-40 °C) (39 °0O) (39-40 °C) (39-40 °C)
Fever duration 3 days 2-7 days 2-7 days 2-7 days
Headache \ \ \ \
Loss of appetite \ \4 \ \4
Nausea \ \ \ \
Shivering - \4 - \%
Arthralgia \ \ \ \
Myalgia \ \ \ \
Orbital pain \ \ \ \
Age - V (<15 yo) - V (<15 yo)
Visiting/living
in endemic - v v v
areas
Dengue
infection - v v v
history
Sore throat - v - -

yo: years old

F. Data Preprocessing

Data preprocessing was carried out by removing outliers
and duplicate records to improve the performance of the
machine learning classifiers. The final dataset used in this study
consisted of 439 records, comprising 79 dengue cases and 360
non-dengue cases. For feature normalization, a min-max scaler
was applied, rescaling the feature values to a range between 0
and 1 to optimize the performance of the machine learning
classifiers. Additionally, repeated stratified k-fold was applied
with ten folds [16-17], and a pipeline was employed to prevent
data leakage from the training set into the testing set.

G. Imbalance Data Handling

The difference between the 79 dengue cases and the 360
non-dengue cases in this dataset created a class imbalance. To
improve the performance of the machine learning classifiers
[24], several commonly employed techniques for handling
imbalanced datasets were compared, including Random
Oversampling (ROS), Synthetic Minority Oversampling
Technique (SMOTE), Borderline-SMOTE (BLSMOTE),
SVMSMOTE, and Adaptive Synthetic Sampling (ADASYN)
[25-26], to determine the most appropriate method for this
study.

II. RESULTS AND DISCUSSION

A. Applying Imbalance Methods

Figure 1 shows the comparison of the performance of
different imbalance handling methods. The experimental
results revealed that SVMSMOTE yielded the highest
performance with a geometric mean score of 0.915 and a
Standard Deviation (SD) of 0.056. It was followed by
ADASYN (0.908 + 0.073), SMOTE (0.902 + 0.081), ROS
(0.901 +0.070), and BLSMOTE (0.886 + 0.090). Based on the
best-performing method, SVMSMOTE was chosen for
handling the imbalanced dengue dataset in this study.
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Fig. 1. Comparison of imbalance methods.

B. Developing and Improving the Classifiers' Performance

The present work successfully developed eight classifiers
by combining SVMSMOTE with LR, LDA, KNN, CART,
XGBoost, RF, NB, and SVM. To further enhance the
performance of the classifiers, the hyperparameters of each
dengue classifier were tuned with the values detailed in Table
III. A performance comparison of the eight machine learning
classifiers—before data preprocessing, after applying
SVMSMOTE, and after hyperparameter tuning—is provided in
Table IV.

TABLE III. HYPERPARAMETERS USED FOR THE EIGHT
CLASSIFIERS
Classifier Hyperparameter Value
LR solver Ibfgs
LDA solver Isqr
KNN n_neighbors 5
max_depth 10
CART min_samples_split 2
min_samples_leaf 2
XGBoost scale_pos_weight 99
RF n_estimator 100
NB var_smoothing 0.000001
SVM gamma C auto 5
TABLE IV. PERFORMANCE COMPARISON OF EIGHT
DENGUE CLASSIFIERS
. Accuracy (%) F1-score (%)
Classifier ™"5p S Tn BP S Tn
LR 85.218 92.484 | 92.484 19.222 | 74.609 | 74.609
LDA 84.449 93.177 | 92.484 19.444 80.175 74.609
KNN 89.301 89.524 | 93.177 66.606 | 70.422 80.175
CART 84.449 92.257 89.524 | 46.621 79.066 | 70.422
XGBoost 84.962 92.722 | 93.166 | 45.794 | 78.910 | 78.937
RF 88.006 93.631 94.989 52.530 | 83.122 | 85.654
NB 74.468 89.308 | 94.975 47.025 75.770 85.648
SVM 87.519 82.008 89.535 51.466 68.119 | 75.986

BP: Before data preprocessing, S: After SVMSMOTE, Tn: Tuning

Figure 2 displays the comparison of the Fl-score of the
eight machine learning classifiers pre- and post-hyperparameter
tuning.

F1-score of machine learning techniques pre
and after hyperparameters tuning

SR

¥ F & O
s N S

A% & <
«=@== Pre tuning ==@== Post tuning

Fig. 2. The performance comparison of Fl-score.

C. Discussion

Based on the results in Table IV, before data preprocessing,
the KNN classifier displayed the best performance, achieving
an accuracy score of 89.301% and an Fl1-score of 66.606%.
After implementing SVMSMOTE, both before and after
hyperparameter tuning, the RF classifier yielded the highest
performance, with an accuracy score of 93.631% and an F1-
score of 83.122%, which further improved to an accuracy score
of 94.989% and an Fl-score of 85.654%, respectively. Post-
tuning, the NB classifier performed very similarly to RF,
achieving an accuracy of 94.975% and an Fl-score of
85.648%. Furthermore, the third and fourth best performing
classifiers were KNN and XGBoost. Based on Figure 2, RF
demonstrated the most stable performance, with almost
identical accuracy and F1-score values before and after tuning.
Interestingly, the NB classifier experienced significant
improvement after hyperparameter tuning, with accuracy rising
from 89.308% to 94.975% and Fl-score increasing from
75.770% to 85.648%.

Further experiments were conducted to evaluate how well
the RF classifier can predict 28 randomly selected dengue cases
from the dataset. The results indicated that RF achieved perfect
accuracy in this task. These experimental results can be found
in Appendix. The RF classifier has proven to be highly
effective in dengue prediction [27-28] and in predicting other
diseases, such as diabetes, when integrated with IoT [29],
malaria [30], and COVID-19 [31].

The experimental results in Table IV also suggest that the
combination of nine symptoms and one risk factor is sufficient
for early-stage dengue prediction. These features include fever,
fever duration, headache, arthralgia/myalgia, nausea, shivering,
loss of appetite, bitter mouth, temperature, and age. This study
successfully predicted early-stage dengue by incorporating
significant symptoms and a risk factor while excluding severe
symptoms, which are often included in other studies [17]. This
study extends the work in [18], where feature selection
methods were used to identify important features, including
those related to severe symptoms.

The insights gained from this study regarding significant
features for dengue prediction can raise public awareness about
the importance of early detection. It highlights the symptoms
and risk factors that should not be overlooked, encouraging
individuals to seek medical advice promptly to prevent the
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progression to severe dengue, such as DHF or DSS, which can
be life-threatening [3, 32-33].

Further improvements to the study could include adding
features identified by medical doctors and Indonesian digital
health platforms, such as orbital pain and regional endemic
factors, which were not available in the medical records. The
findings from this research could contribute to the development
of an intelligent expert system for dengue diagnosis, helping
users decide whether to seek medical advice based on the input
symptoms.

D. Ethical Statement

This study obtained ethical clearance from the Human
Ethics Committee of Widya Mandira Catholic University
(reference  number:  001/WM.H9/LPPM/SKKEP/X/2023).
Written consent was obtained from the 15 medical doctors who
were interviewed. Permission to collect the medical records
was granted by the Departments of Permission Affairs in East
Nusa Tenggara Province, as well as in the Sikka and South-
Central Timor Districts. Additionally, the directors of
Kewapante Hospital and Soe Hospital provided their approval
for the medical record collection.

IV. CONCLUSION

In this study, 8 different classifiers were implemented:
Logistic Regression (LR), Linear Discriminant Analysis
(LDA), Support Vector Machine (SVM), K-nearest Neighbors
(KNN), Naive Bayes (NB), Classification and Regression Tree
(CART), Random Forest (RF), and extreme Gradient Boosting
(XGBoost), using a dataset of 439 medical records (79 dengue
cases and 360 non-dengue cases). The dataset's imbalance was
addressed using the SVM Synthetic Minority Oversampling

Technique (SVMSMOTE). This work aimed to identify
suitable classifiers for early-stage dengue prediction using nine
significant and early symptoms (fever, fever duration,
headache, arthralgia, myalgia, nausea, shivering, loss of
appetite, bitter mouth, temperature) and only one risk factor

(age).

The four best-performing classifiers in terms of accuracy
and Fl-score for dengue prediction were, in order of
performance, RF, NB, KNN, and XGBoost. This study
determined that the combination of the nine symptoms and the
one risk factor was sufficient for early-stage dengue prediction.
Unlike other studies that incorporated severe symptoms based
on clinical data, this study focused exclusively on early-stage
symptoms. This approach is crucial for raising awareness and
encouraging individuals to seek medical advice upon
experiencing these symptoms, thereby preventing progression
to severe dengue, which can be life-threatening.

Overall, the RF, NB, KNN and XGBoost classifiers in
conjunction with SVMSMOTE, can be used to develop
intelligent expert systems for dengue diagnosis, even when
working with imbalanced datasets.
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APPENDIX
THE FIFTEEN MEDICAL DOCTORS’ RESPONSES ABOUT SYMPTOMS AND RISK FACTORS FOR CLINICAL DENGUE DIAGNOSIS
Symptoms and risk factor Code[l1] | Dy | D, | D3 | Dy | Ds | Dg | D; | Dg | Dy | Dyg | Diy | Diz | Dizs | Dig | Dys Total Y

Fever (S)) NS Y| Y| Y|Y|Y|Y|Y|]Y]|Y Y Y Y Y Y Y 15

Fever duration (S,) NS Y| Y| Y|Y|Y|Y|Y|]Y]|Y Y Y - - Y Y 13
Headache (S;) NS Y| Y - - Y| Y| Y|Y]|Y Y - - - - Y 9
Arthra}gla/]omt pain and NS vy ) ) vliylvylvly v ) ) v ) ) 9

Myalgia/muscle pain (S4)

Nausea (Ss) NS Y - - - - - - - - - Y - - - - 2
Shivering (Se) NS Y| Y - Y| Y|Y|]Y]|Y Y - - - - - 8
Loss of appetite (S;) NS Y | Y - - Y | Y |Y|Y|Y Y - - - - - 8
Bitter mouth (Sg) NS Y| Y - - Y| Y| Y|Y]|Y Y - - - - - 8
High Temperature (So) NS Y| Y|Y - Y| Y| Y|Y]|Y Y - - Y - Y 11
Vomiting S Y - - Y - - - - - - Y - - - 3
Abdominal pain S Y| Y| Y|Y|Y|Y|Y|Y]|Y Y Y Y Y - - 13
Body pain NS Y| Y - - Y | Y| Y |Y|Y Y - - - - 8
Heartburn NS - - - - - - - - - - - - - 1
Dizziness NS Y Y - - Y Y Y Y Y Y - - - - 8
Malaise S Y| Y - - Y| Y| Y|Y]|Y Y Y Y 10
Shortness of breath S - - - Y - - - - - - - - - - - 1
Rash S Y| Y| Y|Y|Y|Y|Y|Y]|Y Y Y - Y Y Y 14
Bleeding nose S Y| Y| Y| Y| Y|Y|Y|Y|Y Y - Y Y Y Y 14
Seizure S Y - - - - - - - - - - - - - - 1

Orbital pain NS - Y - Y| Y| Y|Y|Y]|Y Y - - - - - 8

Loss of consciousness S Y| Y - Y| Y| Y|Y|Y]|Y Y - Y Y - - 11
Age (F) R - Y - - Y| Y| Y|Y]|Y Y Y - - Y - 9

Gender R - Y - - Y| Y| Y|Y]|Y Y - - - Y - 8
Endemic area R - Y - Y Y Y Y Y Y Y Y - Y - Y 11

D: medical doctor; Y: Yes; NS: Non-severe; S: Severe; R: Risk factor
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(1]

(2]

(3]

(4]

(5]

(6]

(71

(8]

(9]

[10]

(11]

THE PREDICTION RESULTS OF THE RF CLASSIFIER WITH SVMSMOTE ON DENGUE CASES IN THE DATASET

Input Prediction

Input Prediction

[3,38.9,1,5,0,0,0,0,1,0] >Predicted=1 (expected 1)

[16,36.8,1,4,0,1,0,0,1,0]

>Predicted=1 (expected 1)

[3.6,37,1,3,0,1,0,0,0,0] >Predicted=1 (expected 1)

[16,37.4,1,4,0,1,1,0,1,0]

>Predicted=1 (expected 1)

[4,40.6,1,3,0,0,0,0,1,0] >Predicted=1 (expected 1)

[16,38,1,4,0,1,0,0,1,0]

>Predicted=1 (expected 1)

[5,39.2,1,7,0,1,0,0,1,0] >Predicted=1 (expected 1)

[16,37.5,1,1,0,1,0,0,1,0]

>Predicted=1 (expected 1)

[5,38.9,1,2,0,0,1,0,1,0] >Predicted=1 (expected 1)

[16,38,1,4,0,1,1,0,0,0]

>Predicted=1 (expected 1)

[6,36.2,1,3,0,1,0,0,1,0] >Predicted=1 (expected 1)

[17,38,1,3,0,1,1,0,1,0]

>Predicted=1 (expected 1)

[6,37.1,1,4,0,0,0,0,1,0] >Predicted=1 (expected 1)

[17,37.6,1,8,0,0,0,0,1,0]

>Predicted=1 (expected 1)

[6,36.7,1,3,0,1,1,0,1,0] >Predicted=1 (expected 1)

[17,39.5,1,3,0,1,1,0,1,0]

>Predicted=1 (expected 1)

[6,38.4,1,4,0,1,0,0,1,0] >Predicted=1 (expected 1)

[18,37.6,1,3,0,1,0,0,1,0]

>Predicted=1 (expected 1)

[7,38.9,1,5,1,0,0,0,0,0] >Predicted=1 (expected 1)

[19,37,1,3,0,1,0,0,0,0]

>Predicted=1 (expected 1)

[8,37.5,1,4,1,0,0,0,0,0] >Predicted=1 (expected 1)

[19,37.9,1,4,0,1,1,0,0,0]

>Predicted=1 (expected 1)

[8,36.7,1,1,0,0,0,0,1,0] >Predicted=1 (expected 1)

[19,37.5,1,2,0,1,1,0,1,0]

>Predicted=1 (expected 1)

[8,36.5,1,5,0,0,0,0,1,0] >Predicted=1 (expected 1)

[22,39.2,1,3,0,1,1,0,1,0]

>Predicted=1 (expected 1)

[8,37.1,1,6,0,1,0,0,1,0] >Predicted=1 (expected 1)

[22,36.5,1,3,0,1,1,0,0,0]

>Predicted=1 (expected 1)
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