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Abstract

Dengue fever is an endemic disease that poses a serious threat to public health in tropical regions such as Indonesia. Efforts to control this disease
require a data-based approach that is able to accurately predict the level of risk so that interventions can be targeted. This study aims to develop
a predictive model of DHF risk using ensemble stacking method optimized with Optuna algorithm and integrated into an interactive dashboard
based on Streamlit. The dataset used includes environmental, climate, and socio-demographic indicators from 2015 to 2024 with a total of 1,440
data entries. The preprocessing process includes normalization with Standard Scaler, feature selection using LASSO, and label data balancing
with the SMOTE method. Model validation was performed using 10-Fold Cross Validation to ensure model generalization to new data. The
stacking model is built with three basic algorithms, namely SVM, KNN, and Random Forest, which are combined using Logistic Regression as
a meta-learner. The evaluation results show that the model is able to achieve an average accuracy of 97.57%, with high precision, recall, and f1-
score values in all three prediction classes (low, medium, high). The ROC-AUC for each class also showed near-perfect performance. The
implementation of the model in the Streamlit dashboard allows non-technical users such as health center or health office staff to perform regional
risk prediction and obtain data-driven intervention recommendations automatically. This research not only contributes to the development of
predictive technology, but also strengthens evidence-based health promotion practices in urban areas. Further research is recommended to
integrate loT-based real-time data and expand the scope of application areas.
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1. Introduction

Dengue Fever (DHF) is one of the most serious public health challenges globally, especially in tropical and subtropical
regions such as Indonesia where the climate is ideal for the development of the Aedes aegypti mosquito vector [1], [2].
Data from the WHO shows that more than 390 million cases of dengue infection occur each year, and about 96 million
of them develop into clinical forms that require immediate medical intervention [3], [4]. This situation emphasizes the
urgency of a more innovative and data-driven approach in addressing the systemic spread of this disease.

As a DHF-endemic country, Indonesia continues to experience a spike in cases from year to year, including in Riau
Province which shows a significant upward trend. In early January 2025, 32 cases were recorded in just the first two
weeks, showing an increase compared to the same period the previous year. These dynamics indicate that controlling
DHF is not enough with a reactive response, but requires a more adaptive risk prediction system [5], [6]. Environmental
factors such as extreme rainfall, high humidity, and temperature changes, coupled with social conditions such as
population density and people's living behavior, are variables that interact with each other in increasing the risk of
dengue spread [7], [8].

Machine Learning-based predictive approaches are now being applied in an effort to improve the effectiveness of early
warning systems against infectious diseases. One prominent method is stacking ensemble, which is an approach of
combining several prediction algorithms that produces more accurate models and is resistant to data variations [9],
[10]. By integrating basic models such as Decision Tree, K-Nearest Neighbor, and Support Vector Machine into the
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Logistic Regression framework as a meta-model, stacking ensemble is proven to be able to capture the complexity of
the relationship between risk factors that affect the spread of DHF [11]. This is an important step in developing
evidence-based policies that are right on target, especially in an urban context such as Pekanbaru City.

Recent dengue research has mainly examined environmental, socio-demographic risk factors and community-based
interventions [12]. Epidemiological studies have shown that high rainfall, humidity, high temperature, and population
density are associated with a surge in dengue cases in tropical urban areas [13], [14]. Other research confirms that the
level of education and public awareness of Clean and Healthy Living Behavior plays an important role in the prevention
of DHF [15], [16]. Community-based intervention studies through routine health education and vector control have
been shown to significantly reduce the incidence of DHF [17], [18], [19], but still limited in terms of long-term
effectiveness and less adaptive to changes in epidemiological patterns in various regions [20], [21].

Recent research has begun to utilize Machine Learning methods to support early prediction of dengue cases [22], [23].
Decision Tree and Random Forest based approaches have been widely used [24], [25], [26], but tends to be unstable
and less able to cope with epidemiologic data with very complex patterns [26]. The Support Vector Machine (SVM)
model shows high prediction performance in certain cases, but is sensitive to the parameters used, making it less flexible
to be widely applied [27], [28]. The K-Nearest Neighbor (KNN) method is able to capture the similarity of case patterns
between regions [29], but is constrained by the longer computation time when the dataset gets bigger [30], [31].

Recent research indicates that the stacking ensemble method, which integrates several algorithms at once, is able to
produce more accurate disease risk predictions than a single model because it combines the advantages of each
algorithm [32], [33], [34]. However, the use of stacking ensemble in the context of prediction-based health promotion
is still very limited. Based on these weaknesses and limitations, the novelty of this research lies in developing an early
prediction model of dengue cases using stacking ensemble by combining machine learning algorithms Decision Tree,
KNN, SVM as the base model, and Logistic Regression as a meta-model to improve prediction accuracy so that it can
support adaptive, accurate, and data-based public health intervention strategies, especially in Pekanbaru City.

In the field of Public Health, the application of predictive models like this provides a great opportunity to support health
promotion and protection strategies that are based on community and real-time data. By integrating prediction results
into the dengue management system, health workers can more quickly direct interventions to high-risk areas, conduct
targeted education, and optimize resources for vector control in a measured and efficient manner. Therefore, this study
aims to develop and test the effectiveness of ensemble stacking models in predicting DHF risk as a basis for strategic
decision making in urban areas, especially in Pekanbaru City.

2. Research Methodology

This research focuses on developing a stacking model by integrating various machine learning techniques in order to
predict the risk level of DHF based on environmental and social data. The model development process is carried out
through a number of systematic stages to ensure high prediction accuracy and relevance to the public health context.
The stages of model development can be seen in figure 1.
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Figure 1 shows the complete flow of developing a predictive model of DHF risk using the stacked ensemble approach.
The process begins with data preprocessing, including standardization and feature selection using LASSO to identify
the most significant variables affecting dengue incidence. Next, the SMOTE technique was applied to handle class
imbalance, followed by 10-fold cross-validation to ensure model generalization. Three algorithms namely SVM, KNN,
and Random Forest used as base learners each generated initial predictions, which were then combined into new
training data for the Logistic Regression meta-model. Parameter optimization was performed with the help of Optuna
to automatically improve model performance. The results of the final model were evaluated through Confusion Matrix
and ROC to measure classification accuracy and performance.

2.1. Dataset

The dataset used in this study is a compilation of several data sources relevant to the context of dengue fever in urban
areas. The dataset includes data on dengue cases, weather and climate, environment, and socio-demographics from
2015 to 2024, resulting in a total of 1,440 data entries. The primary data sources include official reports from the
Pekanbaru City Health Office for monthly dengue case counts, Meteorology, Climatology, and Geophysical Agency
for weather-related indicators such as rainfall, temperature, and humidity, and Environmental Office for environmental
data like waste disposal sites and water stagnation reports. In addition, socio-demographic indicators such as
unemployment rate and education level were obtained from the Central Bureau of Statistics of Pekanbaru City.

2.2. Pre-processing

The preprocessing stage was conducted to ensure the quality and consistency of the data before it was used in training
the prediction model. This process includes checking and handling missing data, normalizing numerical data using
StandardScaler, and converting category labels into numerical representations through label encoding. In addition,
format and data type alignment were performed to maintain compatibility between variables after integrating datasets
from various sources. Next, the feature selection process is carried out using the Least Absolute Shrinkage and
Selection Operator (LASSO) method to select the variables that are most relevant to the prediction target. The use of
LASSO helps reduce the complexity of the model by eliminating features that contribute less, resulting in a simpler
but still accurate model. Optimal preprocessing and feature selection are key in producing a prediction model that is
not only accurate, but also able to handle data variations more generally and efficiently. StandardScaler and LASSO
feature selection were fitted only on the training set and subsequently applied to the test set. This ensures that no
information from the test set influences the model during training.

2.3. Labelling

To support the classification process in developing the prediction model, a DHF risk labeling stage was conducted
based on a quantitative approach to the distribution of case variable values. The result of this labeling process divided
the data into three risk level categories: low, medium, and high, which were then used as target labels in the training
of the Machine Learning model. The labeling results are low = 380, medium = 380, and high = 392. This process is an
important foundation in ensuring the model is able to classify accurately and is relevant to the real conditions in the
field. The risk labels (low, medium, high) were assigned using a quantile-based approach based on the distribution of
historical dengue case counts from 2015 to 2024. This stratification enables proportional comparison across regions
and facilitates prioritization in public health interventions, despite the absence of universally standardized thresholds
in the literature.

2.4. SMOTE

Synthetic Minority Oversampling Technique (SMOTE) was used in this study to overcome the problem of data
imbalance between classes in DHF risk labeling. Before SMOTE, the data distribution was very unbalanced, where the
High class had much more data than other classes such as Low or Medium. This imbalance could potentially cause
bias in the training of machine learning models, so that the models tend to ignore minority classes. By applying
SMOTE, synthetic samples of the minority class are generated based on the closest features, so that the amount of data
for each class is balanced. This process helps the model to learn fairly across classes, improving prediction accuracy
and generalization ability. The table 1 shows the comparison of the amount of data between classes before and after
SMOTE.
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Table 1. Comparative Analysis of the Dataset Before and After Applying SMOTE

Risk Level Before SMOTE After SMOTE
Low 380 392
Medium 380 392
High 392 392

Table 1 shows the comparison of data distribution based on DHF risk level before and after the SMOTE process. It can
be seen that before SMOTE, the High class has the most dominant amount of data with 392 samples, while the Low
and Medium classes have only 380 samples each. This imbalance in the amount of data can affect the performance of
the model in recognizing patterns from the minority class, so it tends to produce biased predictions towards the majority
class. After applying SMOTE, all classes are balanced to 392 samples, so the amount of data in each class becomes
proportional. With this balanced data distribution, the model training process can be fairer for all classes, improving
the ability of the model to detect DHF risk evenly and accurately. To prevent information leakage, SMOTE was applied
only within the training folds during each iteration of cross-validation. This ensures that synthetic data generated by
SMOTE did not influence the validation set, thereby preserving the integrity and generalizability of the model
evaluation.

2.5. K-VVold Cross Validation

K-Fold Cross Validation is a technique used to more accurately evaluate the performance of machine learning models
by dividing the dataset into subsets or folds of equal size [35], [36]. In this study, a 10-Fold Cross Validation scheme
(K=10) is used, where the dataset of 1,440 data is divided into 10 subsets. At each iteration, one subset is used as test
data and the remaining nine subsets are used as training data. This process is repeated 10 times so that each subset acts
as test data once. The selection of the K=10 value is based on the balance between bias and variance, computational
efficiency, and support from empirical evidence. The value of K=10 is considered optimal because it is able to reduce
high variance at small K values and minimize bias at large K values. This technique provides efficient model validation
without excessive computational burden, especially for medium-sized datasets such as in this study. By using 10-Fold
Cross Validation, the model is trained and tested on all parts of the data, making the performance evaluation more
stable and able to provide good generalization to new data that has never been seen before.

2.6. Stacking Ensemble Model

Stacking is one of the ensemble technigues in machine learning that combines predictions from multiple base models
using meta models to produce more accurate final predictions [37]. The stacking ensemble method used in this study
integrates multiple base learners to improve classification performance through a two-layer architecture. Let the
training dataset be defined as D = {(x;y:)} i:there x; ER? is a feature vector and y; is the
{hi(.),hy(), ..., hpr ()}, such as Random Forest, SVM, and KNN, each producing individual predictions h,, (x;).
These outputs are concatenated into a meta-feature vector z; = [hy(x;), hy (x;), ..., hys (x;)]7, which serves as the input
to the meta-learner h,,.:¢(.). The meta-learner, modeled using Logistic Regression, is further optimized using the
Optuna framework. Optuna automatically explores the hyperparameter space ® to maximize cross-validated accuracy
through a Bayesian optimization process, defined as 8" = argmaxgecg AcCUracy(hmerq(zi; 0)). Furthermore, a
passthrough mechanism is applied, allowing the original input features x; to be included alongside the base learner
predictions, forming an extended feature vector z; = [x;; z;]. The final prediction is thus computed as 9; = hyerq (Z1)-

This formulation allows the stacking ensemble to leverage the complementary strengths of heterogeneous models while
ensuring the meta-learner is optimally tuned for the specific classification task, in this case, predicting dengue risk
levels. The architecture has proven to enhance predictive performance over individual models, as demonstrated by the
evaluation results. Table 2 in the following literature review section summarizes a number of previous studies that have
used stacking techniques in the development of machine learning models.
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Table 2. The Previous Research Related to Stacking

Researcher Based Model Meta Model Accuracy

SVM, XGBoost, Artificial Neural Networks
(ANN)

SVM, KNN, Random Forest (RF), Gradient

Hasan [38] Logistic Regression 95.00%

Hou [39] Boosting Decision tree (GBDT) GBDT 93.10%
Liu [40] é?géslgﬁt%eggse;ﬂg?)((é?og; Extreme Logistic Regression 95.00%
Zheng [41] ;g,;g{)g{l’,’&((ﬁgb?sicision tree (DT), RF, RE 93.80%
Kshatri [42] SVM, J48, Naive Bayes, Bagging, Random SVM 94.50%

Forest

Based on table 2, it can be seen that stacking techniques have been widely applied in various studies to improve the
prediction accuracy of machine learning models. Various combinations of base models such as SVM, KNN, Random
Forest, Logistic Regression, XGBoost, and Naive Bayes are used with various meta models, such as Logistic
Regression, Gradient Boosting, Random Forest, and SVM. The accuracy results obtained are quite high, ranging from
93.10% to 95.00%. This shows that the utilization of ensemble stacking models is generally able to improve model
performance compared to the use of a single model. These findings support the use of stacking as an efficient approach
in managing data complexity and improving model generalization, as well as providing flexibility in the selection of
suitable algorithms for public health data-based prediction problems. However, all studies summarized in table 2 have
not implemented data balancing technigues such as SMOTE and have not integrated hyperparameter optimization using
Optuna. The model proposed in this study aims to overcome these limitations and significantly improve prediction
accuracy as shown in table 3.

Table 3. Proposed Stacking Model

Base Model Meta Model Optimization

SVM, KNN, Random Logistic
Forest Regression

Standard Scaler, LASSO, SMOTE, Hyperparameter Tuning (optuna)

Table 3 shows the design of the stacking model proposed in this study, which integrates a combination of SVM, KNN,
and Random Forest base models combined through a Logistic Regression meta model. Unlike previous studies that
only rely on the basic stacking structure, this model strengthens the prediction process through a series of systematic
optimization stages, namely normalization using Standard Scaler, LASSO-based feature selection, class balancing
using SMOTE, and automatic hyperparameter tuning with the help of Optuna. These four stages are designed to
overcome classic challenges in epidemiological data such as skewed class distribution, noise, and overfitting, thus
significantly improving the generalizability of the model. With this approach, the resulting model is expected to be
more stable, accurate, and relevant in supporting data-driven public health intervention strategies in urban areas.

2.7. Model Evaluation

The model evaluation in this study was conducted comprehensively using evaluation metrics including accuracy,
confusion matrix, precision, recall, F1-score, and ROC-AUC. These metrics were chosen because they are able to
provide a comprehensive overview of the model's performance in accurately classifying DHF risk levels. Confusion
matrix is used to see the distribution of correct and incorrect classifications in each class [29], whereas precision and
recall emphasize the model's ability to avoid misclassification, especially for high-risk categories that are of great
public health importance. F1-score is an indicator of the balance between precision and recall [32]. In addition, ROC
curves and AUC values are used to measure the model's ability to distinguish between risk classes as a whole [33].

3. Results and Discussion

The dataset used in this study consists of a combination of relevant data sources that reflect the environmental, social
and weather factors that influence the incidence of DHF. Overall, the dataset includes 1,440 entries collected from
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2015 to 2024 and includes data per sub-district in urban areas. Data components include dengue case records, rainfall
data, average temperature, humidity, as well as socio-demographic information such as population density and
education levels. This data is designed to represent the complex actual conditions in the field, while providing a solid
foundation for the development of an adaptive and accurate DHF risk prediction model. The integration of various
types of data over a long period of time is expected to increase the generalization capacity of the model and provide
predictive results that are contextual and relevant to local public health dynamics. After applying LASSO to the
normalized data, table 4 show the results were obtained.

Table 4. LASSO Coefficients of Features

No Features LASSO Coefficient
1 rainfall -13.81

2 dengue_cases -10.3

3 water_puddles -4.67

4 illegal_dump_sites -2.2

5 humidity -1.75

6 education_level -0.72

7 unemployment_rate -0.6

8 average_temperature -0.47

9 fogging_frequency 0.74

Table 4 presents the results of feature selection using the LASSO method after normalizing the data. It can be seen that
rainfall and dengue _case count have the largest negative coefficients, -13.81 and -10.3 respectively, indicating a
dominant contribution to dengue risk prediction. Meanwhile, fogging_activity is the only variable with a positive
coefficient (0.74), indicating a unidirectional correlation to risk. Other variables such as standing_water, waste_dump,
and population_density also showed relevant contributions although smaller. These results confirm the importance of
environmental and climatic factors in influencing the surge in dengue cases, in line with previous epidemiological
studies on the spread of vector-based diseases.

This feature selection not only considers statistical significance, but is also based on the principles of disease ecology
and the social determinants of health approach. The retained features, such as education_level and unemployment_rate,
reflect the community's capacity to take promotive and preventive actions. Thus, the resulting predictive model has
methodological advantages as well as practical benefits in planning data-driven health interventions. This strengthens
the role of machine learning in supporting evidence-based public health strategies, especially for dengue control in
urban areas. Furthermore, socio-demographic variables such as education level and unemployment rate were found to
influence the predictive model. In public health contexts, lower education is often associated with limited awareness
of dengue prevention practices, while higher unemployment may indicate weaker household sanitation and access to
resources, both of which contribute to increased vulnerability to DHF outbreaks. These variables serve as indirect
indicators of community resilience and behavioral risk. Based on the results of the labeling process on the dataset, the
distribution of DHF risk classes is obtained as presented in the figure 2.
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Label Distribution Before SMOTE Label Distribution After SMOTE
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Figure 2. Label Distribution Chart Before and After SMOTE

The graph shows a comparison of the distribution of DHF risk level labels before and after the application of the
SMOTE method. Before balancing, it can be seen that the High label has a slightly larger amount of data 392 compared
to the Low and Medium labels which only amounted to 380 each, indicating a minor imbalance between classes. After
the SMOTE process was applied, all label categories were equalized to 392, resulting in a balanced data distribution.
These results show that the SMOTE technique is effective in overcoming the data imbalance problem, which is
important for improving the performance of the classification model in detecting all risk categories fairly and
accurately.

After the data balancing process using SMOTE, the classification stage is performed by applying the stacking ensemble
technique. This model integrates several basic algorithms such as SVM, KNN, and Random Forest, with Logistic
Regression as a meta-model that is optimized through Optuna to improve prediction performance. The logistic
regression model was optimized with two key hyperparameters: the regularization strength (C), searched within a log-
uniform distribution ranging from le-3 to 10, and the solver type, selected from liblinear and Ibfgs. A total of 30 trials
were performed, each evaluated using 3-fold cross-validation. The best-performing combination was selected to build
the final stacking ensemble model. Table 5 show the classification report results of the stacking model with the Logistic
Regression meta-model that has been optimized using Optuna on data that has been balanced with SMOTE.

Table 5. Classification Report

Class Precision Recall F1-Score Support
Low 1.00 0.98 0.99 95
Medium 0.96 0.99 0.97 95
High 0.99 0.98 0.98 98
Accuracy 0.98 288
Macro Avg 0.98 0.98 0.98 288
Weighted Avg 0.98 0.98 0.98 288

The classification table above shows that the developed stacking model, with the Logistic Regression meta model
optimized using Optuna, achieved very high performance overall. The Low class obtained the perfect precision (1.00)
and the highest F1-score (0.99), indicating the model was able to identify this class without significant error. Although
the Medium class had a slightly lower precision (0.96), its recall reached 0.99, indicating the model did not miss many
predictions for this class. Consistent macro average and weighted average values of 0.98 indicate a balanced
performance of the model across all classes, making it valid for application in the context of DHF risk prediction. This
confirms that the use of Optuna for hyperparameter tuning significantly contributes to improving the accuracy and
stability of model predictions. Figure 3 displays the confusion matrix results illustrating the classification capability of
the stacking model with a very minimal misclassification rate.
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Figure 3. Confusion Matrix

Based on the confusion matrix of the stacking model test results, it is known that the model has very good classification
performance for all three classes, namely Low, Medium, and High. The model is able to classify 93 out of 95 Low
class data correctly, only wrong in 2 instances. For the Medium class, the accuracy is higher with 94 out of 95 data
successfully predicted correctly, and only 1 data misclassified. Meanwhile, the High class shows the highest accuracy,
with 96 out of 98 data successfully classified correctly. This very low prediction error rate indicates that the stacking
model equipped with hyperparameter optimization is able to distinguish dengue risk categories very effectively, and
demonstrates stability and accuracy in multiclass classification. The confusion matrix confirms the model’s high
performance, as it produces minimal misclassifications across classes. This ensures that the model can serve as a
dependable decision-support tool in the field.

These results indicate that the proposed model not only achieves high accuracy but also maintains strong precision and
recall across all risk categories, making it reliable for supporting public health surveillance and early dengue prevention
strategies in urban communities. The evaluation metrics reported are based on cross-validation that integrates SMOTE
within each fold, ensuring realistic estimation of model performance. In addition to accuracy, the evaluation also
includes Cohen’s Kappa and Matthews Correlation Coefficient (MCC) to assess the model’s performance under class
imbalance. The obtained Kappa score of 0.93 and MCC score of 0.91 suggest strong agreement and robust classification
performance across the three risk categories. Next, figure 4 is the result of the ROC:

ROC Curve Multi-Class - Stacking Classifier

084 -

True Positive Rate
\
\

044 »Z

024 7

- — ROC LOW (AUC = 1.00)
- ROC A 1 (AUC = 1.00)
004 4 — ROC (AUC = 1.00)

T + + + v T
0.0 02 04 06 08 1.0
False Positive Rate

Figure 4. ROC Graph

The Multi-Class ROC Curve image on the stacking classifier model shows very optimal performance in distinguishing
the three classes of DHF risk levels, namely Low, Medium, and High. This can be seen from the Area Under Curve
(AUC) value which reaches 1.00 for the three classes, which indicates that the model's discriminatory ability is at a
perfect level. The ROC curve of each class is very close to the upper left corner of the graph, indicating a high True
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Positive Rate and a very low False Positive Rate. With these results, it can be concluded that the developed stacking
model has very good classification performance in identifying each category of DHF risk, and is able to provide
accurate and reliable predictions for data-based public health interventions. The ROC curve shows an AUC close to
1.00 for each class, demonstrating that the model is capable of distinguishing between low, medium, and high dengue
risk levels with excellent discrimination ability. Although the ROC AUC scores for all classes are reported as 1.00,
these results are not due to overfitting. The model performance was evaluated through 10-fold cross-validation, and
the use of LASSO feature selection, standard scaling, and SMOTE ensured that overfitting and data leakage risks were
minimized. K-Fold Cross Validation is an evaluation method that aims to measure the consistency and generalization
ability of the model to different data. Table 6 show results of the K-Fold Cross Validation for the stacking model can
be seen in table 6 below:

Table 6. 10-Fold Cross Validation Results

Fold Foldl Fold2 Fold3 Fold4 Fold5 Foldé Fold7 Fold8 Fold9 Fold10 Average
Accuracy 0.9792 1.00 0.9861 0.9653 0.9861 0.9653 0.9861 0.9583 0.9514 0.9792 0.9757

Based on the results of the 10-Fold Cross Validation evaluation shown in table 6, the stacking model shows consistent
performance with high accuracy values in each fold, which are in the range of 0.9514 to 1.0000. The average accuracy
of 0.9757 indicates that the model has excellent generalization capabilities for data that has never been seen before.
Despite achieving a high accuracy of 97.57%, several precautions were taken to prevent overfitting, including 10-fold
cross-validation, SMOTE for handling class imbalance, and hyperparameter tuning using Optuna. These techniques
ensure that the performance reflects the model's generalizability rather than memorization of training data. Figure 5
shows a comparison of the average accuracy (CV Mean) of various classification models, including individual models
(Random Forest, SVM, KNN), stacking ensemble, and stacking optimized using Optuna.

10 Comparison of Individual Models, Stacking, and Stacking + Optuna

0.9500

nnnnn

0.5

RF SVM KNN Stacking Stacking -+ Optuna
Model

Figure 5. The Result of Stacking Comparison

The results show that the stacking model has a higher performance (0.9500) than the individual model, with KNN
recording the lowest accuracy (0.7819). After hyperparameter tuning using Optuna, the model accuracy increased to
0.9757, making it the model with the best performance overall. While the proposed stacking ensemble model
demonstrates notable gains in prediction accuracy, it inherently carries higher model complexity due to the integration
of multiple base learners and a meta-model. Inference time is also relatively longer compared to single classifiers like
Decision Tree or Naive Bayes. However, this trade-off is considered acceptable in public health applications where
predictive robustness and multiclass handling are prioritized over millisecond-level prediction latency. This study was
then compared with previous studies and showed superior results. Table 7 presents a comparison with previous studies.

Table 7. The Comparison with Previous Research

Researcher Based Model Meta Model Accuracy
Hasan [38] SVM, XGBoost, ANN Logistic Regression 95.00%
Hou [39] SVM, KNN, RF, GBDT GBDT 93.10%
Liu [40] LR, RF, XGBoost Logistic Regression 95.00%
Zheng [41] LR, SVM, KNN, DT, RF, XGBoost, AdaBoost RF 93.80%
Kshatri [42] SVM, J48, Naive Bayes, Bagging, Random Forest SVM 94.50%

This Research 97.57%
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As shown in table 7, the proposed model achieved the highest accuracy of 97.57%, outperforming previous studies
using stacking ensemble methods, which reported accuracies between 93.10% and 95.00%. This improvement was
driven by the integration of stacking ensemble, LASSO-based feature selection, SMOTE, and hyperparameter tuning
with Optuna. Compared to prior studies that predominantly relied on standalone models without advanced
optimization, our research demonstrates the advantage of combining these techniques to significantly enhance
predictive performance and support the development of an adaptive, data-driven infectious disease risk prediction
system.

The DHF risk prediction model integrated into the Streamlit application was developed to classify the risk level per
sub-district into three categories: Low, Medium, and High while providing contextual public health intervention
recommendations. This dashboard (see figure 6) utilizes environmental, social, and weather data uploaded in .csv
format, and is designed with a simple and intuitive interface, making it easy to operate by non-technical users such as
Puskesmas or Health Office officers. The app’s automated recommendation feature guides public health principle-
based strategies such as early detection, data-driven education, community empowerment, and strengthening local
surveillance.

il Dengue Risk Prediction Dashboard

This taol is designed to assess the risk of Dengue outbreaks based on enviranmental, weather, and social data per district. Please upload a .csv file.

Drag and drop file hen
= Browse files

Data Testing Streamlit.csv X

Uploaded Data Preview

Figure 6. Initial Interface Display of Dengue Fever Risk Prediction Application

The image shows the initial display of the interface of the Machine Learning-based DHF risk prediction application
built using Streamlit. Users can upload CSV files containing environmental, weather, and social indicator data, which
are then automatically displayed in an interactive table for further analysis. From the uploaded file, predictions are
made using a machine learning model and the results are in the form of predictions and recommendations in figure 7
below:

¥ Sukajadi — Risk Level

Data Details:
* Dengue Cases: 30
« Rainfall: 4.79 mm
*  Avg Temperature: 30.38 °C
* Water Puddles: 25
* Unemployment: 4.25 %

« Education Level: 13.1 years

# Recommended Actions:
1. Selective Fogging: Focus on areas with recent cases or stagnant water

2. RT/RW Health Education: Distribute lea

ection training
3. lllegal Waste Monitoring; Inspect
4. Drainage System Inspection: Cle
5. Active Surveillance: Strengthen Pusks d hospital-based case reporting,

6. School Collaboration: Promote cleanliness competitions and mosquito control in classrooms.
» Senapelan — Risk Level:

» Pekanbaru Kata — Risk Level:

» Rumbai Pesisir — Risk Level:

» Rumbai — Risk Level: High

Figure 7. Display of Recommended Actions Based on Predicted Dengue Fever Risk Levels per Sub-district

Figure 7 shows the display of the recommended action feature based on the results of the DHF risk level prediction per
sub-district in the application. Each sub-district is grouped into three risk categories (low, medium, high) which are
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marked with different colors. For example, for areas with medium risk such as Sukajadi, the system provides
recommendations such as selective fogging, RT/RW education, and monitoring of illegal TPS and water channels,
which are arranged to facilitate follow-up by health workers or local policy makers.To support public health
implementation, the application was developed with basic privacy and security safeguards, including HTTPS support,
non-identifiable data processing, and adherence to standard public health data protection principles.

Although the dataset used in this study spans a 10-year period, the data was pooled and treated as a single cross-
sectional set. As a result, the model does not capture temporal fluctuations in dengue incidence. Future studies are
encouraged to implement temporal validation strategies such as time-series cross-validation or rolling forecasting
origin to account for seasonal patterns and year-to-year variability in epidemiological trends. One important limitation
of this study is the relatively small size of the dataset 1,440 records, which may limit the model’s capacity to perform
full generalization in a multiclass setting. However, this limitation is addressed through robust preprocessing, feature
selection via LASSO, data balancing using SMOTE, and the application of ensemble methods to optimize performance
within the constraints of the available public health data. Future extensions may include SHAP or decision boundary
plots to enhance explainability, especially in public health decision-making contexts.

4. Conclusion

This study successfully developed a predictive model of DHF risk based on the stacking ensemble method integrated
in an interactive dashboard based on Streamlit. The model development process begins with data preprocessing using
Standard Scaler for normalization, and feature selection using the LASSO method to filter the most relevant variables.
To overcome class imbalance in the data, the SMOTE technique is used so that the label distribution is balanced and
the model is not biased towards the majority class. Model validation was carried out using 10-Fold Cross Validation
to ensure that the evaluation results have good generalization. The final model combines three base models (SVM,
KNN, and Random Forest) and one Logistic Regression meta model optimized using Optuna, resulting in an average
accuracy of 97.57%. This model is not only superior in predictive performance, but is also able to provide contextual
risk-based intervention recommendations, thus supporting more targeted public health decision-making. The prediction
results can be used by the Health Office and Health Centers to plan effective health promotion and vector control
strategies. This predictive framework can assist public health decision-makers in prioritizing interventions, allocating
resources, and designing adaptive vector control programs based on real-time data and spatial risk mapping. Further
research can be directed towards developing real-time prediction systems with integration of 10T data and sensors for
the collection of meteorological data such as rainfall, and air humidity, as well as the application of the model in
different geographical areas to test the robustness and adaptability of the proposed approach. This study is limited by
the absence of external validation using datasets from other urban areas outside Pekanbaru. Although the model shows
strong internal performance, further validation is required to assess its generalizability in different epidemiological and
environmental contexts across Indonesia.
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