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1. Introduction

ABSTRACT

During the pandemic crisis that hit after 2020, Indonesia, like many other
countries, faced tremendous challenges across health, the economy, and
mobility. An in-depth understanding of the dynamics and changes in these
areas is essential to address the impacts of the pandemic. This research is
an attempt to deeply analyze the impact of the pandemic and the most
effective forecasting methods based on data and phenomena. Indonesia,
with its growing economy and constantly adapting health system, faces
conventional economic impacts, while its health system response tries to
keep up with urgent needs driven by the spread of the virus. In the context
of mobility, changes in how people move and interact significantly affect
virus transmission. Modeling a pandemic event with all its complexities is
not easy. Even more so, in finding the right prediction method, ensemble
techniques such as stacking and regression voting are emerging as
promising approaches. However, deep learning and particle swarm
optimization (PSO) techniques offer new innovations. The results of this
study show that the ensemble vote provides the best performance in
predicting confirmed positive cases and mortality based on factors of health,
economic, and population mobility in Indonesia. Through feature
importance analysis using MDI and Tree SHAP, we conclude that factors
such as active cases, the number of vaccinations, and economic indicators,
such as close IDR and close THSG, have a significant influence on the
growth of confirmed positive cases. Meanwhile, recovery factors and
vaccination numbers play an important role in the growth of the number
of death cases. This study confirms that a multivariate approach that
considers health, economy, and mobility is the key to understanding and
responding more effectively to the pandemic in Indonesia.

© 2025 The Author(s).
This is an open access article under the CC-BY-SA license.

Since the start of the pandemic in 2020, its impact has led to significant changes in health, the
economy, and population mobility [1]. According to Gioachin et al., the health infrastructure has
become vulnerable, the global economy has regressed, and social mobility has changed drastically [2].
Liu et al. noted that while various approaches have been used to predict pandemic impacts, many have
proven ineffective in handling complex data and variable interrelationships [3].Thus, a new, reliable
approach is essential to overcome data complexity.

The global pandemic poses unprecedented challenges that require innovative solutions, particularly
in understanding its impacts and predicting the evolution of key characteristics. Literature highlights
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various perspectives: Aktar et al. stressed the economic consequences with shifts in global consumption
and production [4], while Lee et al. demonstrated the strong effect of mobility on virus transmission
[5]. Ensemble methods have gained attention as promising predictive techniques [6], with Ajagbe et al.
showing the strength of deep learning for large datasets [7] Optimization approaches such as PSO and
interpretability frameworks like Shapley values have also been advocated, reinforcing the need for
integrating diverse methodologies [8].

Given the challenge of predicting the outcome of a pandemic, the reliability of methods is critical.
Ensemble techniques, such as stacking and regression voting, offer innovative solutions to overcome the
complexity of the data [9]. Unlike traditional approaches, stacking combines data from multiple sources,
while regression voting provides a comprehensive picture by averaging predictions. Previous studies
confirm their efficacy: GBR has been applied in Germany, Japan, South Korea, and Ukraine [6], XGBR
has shown strong performance in Toronto [10], RFR combined with ARIMA improved predictive
accuracy [11], DTR and LR were eftective in India [12], KNN and AdaBoost supported patient survival
prediction [13], and SVR succeeded in forecasting cases in SAARC countries [14]. In the Indonesian
context, Pane et al. analyzed the effectiveness of PPKM using multiple linear regression and dynamic
factor analysis, identifying five key temporal factors (IDR exchange rate, positive cases, retail activity,
transit station mobility, and recovery) with 84% accuracy and no heteroscedasticity issues, proving the
effectiveness of data-driven policy [15]. When applied, ensemble techniques improve accuracy and
prediction, which can help governments make effective pandemic policies [16]. Evaluating performance
across R-Square, RMSE, MSE, MAE, and MAPE allows us to determine the top-performing model for
forecasting confirmed positives and mortality given specific predictors.

Pandemic forecasting requires an innovative approach. According to Andrew et al., hyperparameter
tuning can further optimize ensemble techniques. An effective tool for this is Particle Swarm
Optimization (PSO) [17]. Combining PSO and ensemble methods gives us an accurate and highly
optimized approach [18]. However, innovation continues beyond that. The global pandemic forces us to
understand the impact of change, especially in the economy and mobility. Jaung et al. found that
although the pandemic brought many changes, not all were caused by the virus. Therefore, we need to
analyze using a technique called feature importance to help understand the model better, such as what
features or variables most influence the model's predictions. The technique can be performed using MDI
and Tree SHAP [19].

Understanding the feature is essential for developing reliable predictive models, not just for
identifying correlational relationships [20]. In previous research, combined with PSO optimization, the
ensemble method approach can improve model accuracy by identifying features [21]. For example, if
population mobility is shown to have a strong causal relationship with virus spread, then this feature
should be prioritized in model training. In addition, Papana et al. emphasize the importance of
distinguishing between correlational relationships and relationships with true causality to improve the
accuracy of predictions [22]. By focusing on feature importance and optimizing it with PSO, this research
has created a model that can analyze pandemic data more accurately. This modelling allows us to
implement more appropriate policies and interventions with our resources.

To our knowledge, ensemble stacking and voting methods are globally recognized advanced
forecasting models. However, their application in discerning causal relationships remains underexplored,
particularly in DKI Jakarta, Indonesia. This study addresses this research gap by applying optimized
ensemble models to Jakarta data, combined with interpretable feature analysis, which has not been
sufficiently explored in prior works. Addressing this research gap, our study seeks to predict and elucidate
the underlying mechanisms driving feature importance. The key contributions of this research are as
follows:

e This study explicitly aims to develop PSO-optimized ensemble models to improve pandemic
prediction accuracy and to analyze feature importance for policy guidance. Development of an
ensemble technique integrating stacking, voting methods, and PSO optimization is conducted to

enhance the prediction accuracy of positive cases and mortality rates during the pandemic.
L ee—
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e In-depth exploration of feature importance through MDI and Tree SHAP techniques, uncovering
subtle insights into factors influencing pandemic outcomes.

e Comparative evaluation of ensemble stacking and voting methods using statistical performance
metrics such as R-Square, RMSE, MSE, MAE, and MAPE.

The paper proceeds as follows. In Section 2, we outline the research design and methods; in Section
3, we present the findings; and in Section 4, we offer concluding remarks and highlight the key
contributions.

2. Method

Fig. 1 shows the steps of this research. First, we collected a dataset of COVID-19 cases, which
includes health, population mobility, and economic factors. The second step is preprocessing, which
involves identifying and handling missing data. Specifically, linear interpolation is applied for missing
health-related data, while forward filling is used for economic data. After preprocessing, the dataset is
divided using K-fold validation for training and testing purposes. A time pattern is then determined
using a rolling time window technique with parameters n, d, [, s, and w. The rolling window parameters
are explicitly defined as follows [23]: n represents the length of the input window in days, d is the
forward prediction horizon, [ denotes the number of lag variables used, s is the step size for shifting the
window, and w refers to the window weight applied in historical data weighting. This explicit definition
is intended to enhance transparency and facilitate model replication.

Pasitive Canfirmed (Y1)
= Martlity (Y2)
Data Collection S—
41 Sk Recovery (X1), Positive Active (X2}, Number of Camplete l
Vaccinations (X3}
IDR([X13)
:

Preprocessing
Forward Fill

Stacking Er

Enhanced Proses

Fig. 1. The proposed research methodology.

The third step involves model development using Particle Swarm Optimization (PSO) to optimize
ensemble methods, specifically ensemble stacking and voting techniques. Each model is trained to
predict positive confirmed cases and mortality rates using the available health, mobility, and economic
data. Finally, model performance is evaluated using multiple statistical metrics: R-Square, RMSE, MSE,
MAE, and MAPE.
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2.1. Data Collection

The dataset used in this study has a daily resolution, where each record corresponds to a single
calendar day. In total, it comprises 960 daily observations, covering the period from March 1, 2020, to
October 15, 2022, representing the most critical phases of the COVID-19 pandemic in Jakarta. The
variables integrated into the dataset are grouped into three main categories: (i) health indicators
(mortality, positivity rate, recovery, active cases, and vaccination numbers), (ii) population mobility
indicators obtained from Google Mobility Reports (retail and recreation, grocery and pharmacy, parks,
transit stations, workplaces, and residential areas), and (iii) economic indicators retrieved from Yahoo
Finance (daily open and close values of the Jakarta Composite Index [THSG] and the Indonesian Rupiah
[IDR] exchange rate). Health-related data were sourced from the COVID-19 Task Force of DKI Jakarta,
mobility indicators from Google Mobility Reports, and economic indicators from Yahoo Finance.

The final count of 960 records results from integrating these three heterogeneous data sources, with
only dates with complete and valid entries across all variables retained after the merge. During
integration, some dates were automatically excluded due to missing or inconsistent data in one or more
sources (e.g., non-trading days in financial data or missing reports in mobility data). To handle minor
missing values and preserve temporal continuity, two complementary imputation techniques were
applied. Linear interpolation was used for continuous variables, such as health and mobility indicators,
since these variables typically exhibit gradual day-to-day changes, and interpolating between adjacent
points yields smooth and realistic estimates [24]. Meanwhile, forward fill (Last Observation Carried
Forward, LOCF) was applied to economic indicators, reflecting the persistence of financial values during
non-trading days where market activity pauses but the last known observation remains valid [25]. The
focus on DKI Jakarta was made strategically, as the province serves as Indonesia's capital and the central
hub of national data collection, functioning as a reference point for nationwide decision-making during
the pandemic. Consequently, insights derived from Jakarta’s dataset are not only statistically robust but
also policy-relevant, offering valuable guidance for public health and economic interventions at the
national level.

2.2. Preprocessing

During this stage, a procedure is executed to identify any missing data values. If missing values are
detected, a technique known as linear interpolation is used to estimate and fill in the missing data. In
the study conducted by Siregar et al.[26], interpolation is described as a method used to determine the
value of a linear equation function using the principle of proportionality. The following formula may
represent the mathematical expression for the interpolation.

l= %X(d.f — lowest. d. f). o

Equation (1), it can be elucidated that the variable [ represents the interpolation value, while denotes
the range of t,,, including the two nearest values d. In addition, f is involved in this context.

2.3. Modeling

Ensemble Stacking Regression is a technique that combines predictions from multiple regression
models to get more accurate results [27]. Suppose we have several friends who give us their house price
predictions, and then we calculate the average of their estimates to get the final prediction. In this case,
each friend represents a regression model, and averaging their predictions is similar to what we do in
Ensemble Stacking Regression. Thus, instead of relying on a single model, we leverage multiple models
to achieve better predictions.

Suppose that we have m basic regression models. For an input ), each model i gives a prediction
¥,(X). Stacking tries to find the optimal weights for each prediction of the base model so that a linear
combination gives the optimal final prediction.

So, for input ¥, the final prediction Y (x) by the stacking method is:
Cee———
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where (g, o, ..., 0, ) are the weights assigned to each model. In the simplest stacking approach,
the weights may be an average of the base model predictions, in which case:

3

1
O =0y = =0y =
Equation (2) and (3) explain that (n) represents the total number of basic regression models used in
the stacking technique. (¥). represents the input data that will be predicted. ¥,(x) represents the
prediction of the i model based on the input (). (a;) represents the weight for the prediction of the i
model. ¥(x) represents the final prediction of the stacking method for the input (x). In a simple

approach, all models have the same weight, which is equal to ( %)

Ensemble Voting Regression is a technique that combines predictions from multiple regression
models by taking the mean or median of the model predictions [28]. Unlike classification ensembles,
where models vote on a particular class, Ensemble Voting Regression relies on each model to provide a
numerical prediction. This approach reduces individual model variability and errors, resulting in more
stable and accurate predictions. The mean or median of all predictions is used for ensemble voting. This
technique can improve the performance of regression models and obtain more reliable predictions. Here
is the formula to perform the ensemble voting:

The most common approach to Voting Regression is to take the average of predictions across all
models. Given (n) regression models with each model giving a prediction (p;) for an input (X), the final
prediction (P (X)) of the voting regression method is given by:

P(X) = = Yim1 Picoy (4)

Equation (4) explains that (P (X)) is the final prediction of the voting regression method for input
(X). (n) is the total number of regression models in the voting technique. (p;(x)) is the prediction of
the i regression model for input (X).

2.4. Hyperparameter Tuning with PSO (Particle Swarm Optimization)

PSO is an optimization algorithm inspired by the behavior of flocks of birds or fish. It uses particles
representing potential solutions to search for the optimal solution in the solution space [29], [30]. In a
stacking ensemble, PSO is used to find the best weights in each regression model so that the combined
predictions can be as accurate as possible before being sent to the next model. In the ensemble, PSO
optimizes the weights for each regression model when combining the predictions, resulting in a weighted
average that gives the best results. Using PSO, this research can optimize how ensemble stacking and
voting work to produce more accurate predictions.

2.5. Feature Importance

MDI (Mean Decrease in Impurity) and Tree SHAP (Shapley Additive Explanations) are methods
used to interpret machine learning models and analyze feature importance [31]. Although MDI is
commonly used to calculate variable importance in decision tree models and other tree-based models
[32], Tree SHAP is a more sophisticated and accurate method [23]. MDI determines importance based
on the average decrease in impurity produced by the variables when dividing the tree, giving excessive
preference to variables with more categories. In contrast, Tree SHAP calculates the Shapley value using
game theory, which fairly distributes the contribution of each variable to the prediction for a given
observation. Consider all possible combinations of variables, providing a more comprehensive
interpretation, particularly when variables are correlated or have high interaction effects. Ultimately,
Tree SHAP offers a more in-depth and fair analysis of feature importance in tree-based models.

Pane et al. (PSO-enhanced ensemble techniques for pandemic prediction and feature importance analysis)
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2.6. Matrix Evaluation

The approach utilized in the final step of this study is based on typical statistical assessments [33],
i.e.,, R-Square, RMSE, MAE, and MAPE [23]. According to Pane et al., the RMSE and MAPE
assessments were used to measure the effectiveness of the model in predicting COVID-19 instances [34].
RMSE is used to assess model performance, whereas MAE is used to assess model prediction abilities.

3. Results and Discussion

3.1. Results

First, we do pre-processing, which uses linear interpolation techniques to fill incomplete raw data
for health factors, then use forward fill for economic factors. In previous studies, interpolation was often
applied to handle missing values in time series data [35]. In this work, we addressed missing values using
two approaches tailored to the characteristics of the data. Linear interpolation was applied to health-
related time series, as it assumes smooth variation between adjacent points and is effective for short gaps
in epidemiological data [36]. For economic indicators, we used the forward fill (LOCF) method, which
replaces missing entries with the most recent valid observation, reflecting the persistence of financial
values until new updates are available [37]. Then, dropping na removes incomplete data in the population
mobility factor. Next, the collected data are time series, so a rolling time window is used to assess the
quality of the dataset by specifying the parameters. The third stage is modeling using ensemble stacking
and voting techniques using regression-based machine learning models, including GBR, XGBR, RFR,
DTR, KNN, SVR, AdaBoost, and LR. Then, based on matrix evaluation model regression, to improve
the precision of pandemic prediction, a new ensemble technique has been developed using particle swarm
optimization (PSO) as a hyperparameter tuning method with triple cross-validation.

The K-Fold results for the ensemble stacking model are shown in Fig. 2, and the results for the
voting model are shown in Fig. 3. Fig. 2 shows the cross-validation results and displays the R-Square
score for predicting confirmed positive cases and mortality using K=9, based on the time window
parameter. The model shows stable R-Square scores above 0.85 for positive confirmed cases, except for
a drop at fold 8. Mortality prediction remains consistently high (=1.0) across all folds. In comparison,
Fig. 3 for the ensemble voting model shows different results with K=6. In this study, the choice of folds
in cross-validation was deliberately differentiated between stacking and voting. For stacking, we used
K=9 to ensure higher variability in the training—validation splits, providing the meta-learner with
stronger out-of-fold prediction signals. In contrast, for voting, we applied K=6 since this method only
aggregates predictions without a meta-learner, thus not requiring highly granular partitioning and
offering greater computational efficiency.

R-Square Performance Across K-Folds for Stacking Ensemble Regres: R-Square Performance Across K-Folds for Voting Ensemble Regres:
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Fig. 2.R-Square on Each K-Fold for Stacking Fig. 3.R-Square on Each K-Fold for Voting
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Ensemble techniques are used to predict positive confirmed cases and mortality, respectively. Fig.
4-7 present Actual vs. Predicted comparisons for two targets (Y1 and Y2) using two ensemble
approaches. In Fig. 4 (Y1-Stacking) and Fig. 5 (Y2-Stacking), test-set predictions (red hollow circles)
cluster closely around the ideal line y = x, yielding R* = 0.9507and R? = 0.9952, respectively. In
contrast, Fig. 6 (Y1-Voting) and Fig. 7 (Y2-Voting) show even tighter alignment with the ideal line,
with R? = 0.9755for Y1 and R? = 0.9996for Y2. These results indicate that while both methods are
accurate, Ensemble Voting is more precise and stable, particularly for Y2, which is nearly perfect, whereas
Y1 still exhibits minor deviations at extreme values. Consequently, Voting is recommended for
operational deployment, with continued monitoring of high-range Y1 cases. The voting ensemble
achieves stable R-Square scores (0.88-0.91) for positive confirmed cases and higher, consistent values
(0.96-0.99) for mortality, outperforming stacking in stability. The practice of varying K in ensemble
techniques has been widely adopted in recent studies, [38]—[41] underscoring the importance of
balancing methodological robustness and efficiency when selecting cross-validation schemes.

Ensemble Stacking Regressor Performance Ensemble Stacking Regressor Perfarmance
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Fig. 6. Actual vs. Predicted for Y1 using the
Ensemble Voting Regressor

Based on Algorithm 1, our proposed technique involves running each model in the ensemble for 10
PSO iterations, thereby enabling the identification of the optimal hyperparameter combination. PSO
was employed to optimize five key parameters: the number of trees in the forest (n), the maximum depth
of the tree (d), the minimum data required to split internal nodes (s), the minimum data to form leaf
nodes (1), and the size of the rolling time window (w) [23]. The search ranges were defined as n:[5,50],
d:[5,50], s:[2,50], 1:[1,20], and w:{3,5,7}. The optimization process used a global-best (star) topology,
in which particles iteratively update their positions to maximize the model's predictive performance.
S
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Algorithm 1: PSO-Enhanced Ensemble Prediction and Feature Importance Analysis
Data: covid_dataset (health, economic, and mobility factors)

Result: predictions, feature_importance
1.  covid_data < collect_data();
2. Extract factors from covid_data:;
3 health_data < extract_health_data(covid_data);
4 mobility_data «— extract_mobility_data(covid_data);
5. economic_data «— extract_economic_data(covid_data);
6.  missing data < identify_missing_values(covid_data);
7 if missing_data in health_data then
8 health_data « linear_interpolation(health_data);
9 end
10. if missing_data in economic_data then
11. economic_data < forward_fill(economic_data);
12. end
13.  train_data, test_data « split_data(covid_data);
14. time_windows < setup_rolling_window(train_data, parameters={n, d, 1, s, w});
15. k_fold_data < k_fold_validation(time_windows);
16. models < [GBR, XGBR, RFR, DTR, KNN, SVR, AdaBoost, LR];
17. stacking_model « initialize_stacking(models);
18. voting_model « initialize_voting(models);
19.  pso « inidalize_pso();
20. for each model m in models do

21. optimal_params «— pso.optimize(m.parameters);
22. m « update_model_with_params(m, optimal_params);
23. end

24. stacking_model.fit(train_data);

25.  voting_model.fit(train_data);

26. for each ensemble model ¢ in [stacking_model, voting_model] do

27. evaluation_results «<— evaluate(e, test_data, metrics=[R-Square, RMSE, MAE, MSE, MAPE]);
28. end

29. mdi_importance « calculate_mdi(stacking_model);

30. tree_shap_importance < calculate_tree_shap(stacking_model);

31. feature_importance “— aggregate_importance(mdi_importance, tree_shap_importance);

32.  predictions « predict(voting_model, test_data);

33. return predictions, feature_importance;

The fitness function was based on predictive accuracy, with scores constrained to remain within a
valid range. The algorithm proceeded for a fixed number of iterations, and the best-performing
parameter combinations were selected. The optimal parameters identified through this procedure are
reported in Table 1, while the corresponding model performance is presented in Table 2.

Table 1. Model Regression with optimal parameter

Hyperparameter Tuning: PSO

Model Prediction Iteration=10
n d s l w
Ensemble Stacking Confirmed Positive (Y1) 14 31 25 4 7
Mortality (Y2) 16 32 26 4 6
Ensemble Voting Confirmed Positive (Y1) 44 19 15 5 4
Mortality (Y2) 43 19 15 5 5

However, in this research, achieving superior excellence is not enough; an analysis of characteristic
interests is needed to determine the causes of the increase in confirmed positive cases and mortality. We

Pane et al. (PSO-enhanced ensemble techniques for pandemic prediction and feature importance analysis)
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use the results of a good ensemble technique, namely voting. Voting is used to obtain correlation results
for each factor that influences positive confirmed cases and mortality. Then, based on the analysis of
feature importance using MDI and Tree SHAP techniques, we conclude that the growth in positive
confirmed cases (Y1) and mortality (Y2) is significant.

Table 2. Performance matrix evaluation model regression

Country Model Prediction R-Square RMSE  MSE MAE MAPE
Indonesia, DKI ~ Ensemble  Confirmed Positive (Y1) 0.9507 0.2388 0.0570 0.1062 0.5278
Jakarta Stacking Mortality (Y2) 0.9952 0.0701 0.0049 0.0631 0.0893
Indonesia, DKI ~ Ensemble = Confirmed Positive (Y1) 0.9755 0.1546 0.0239 0.0741 0.3025
Jakarta Voting Mortality (Y2) 0.9996 0.0212 0.0005 0.0158 0.0334

In Fig. 8 and Table 3, the results of MDI and Tree SHAP based on positive confirmed cases (Y1)
there are influencing factors such as positive cases, number of vaccinations, recovery, close IDR and close
IHSG, while based on Fig. 9 and Table 4 What influences the growth in the number of mortality (Y2)
are recovered cases and the number of vaccinations.

Table 3. GBR: Significant feature importance comparison using MDI and Tree SHAP for Y1

Feature MDI Feature Tree SHAP
X2 Positive Active X2 Positive Active
X3 Number of Vaccinations X9 Close THSG
X1 Recovery X5 Grocery Pharmacy
X10 Close IDR X7 Transit Stations
X9 ] Close IHSG ] X4 ] Retail Recreation

Table 4. GBR: Significant feature importance comparison using MDI and Tree SHAP for Y2

Feature MDI Feature Tree SHAP
X1 Recovery X1 Recovery
X3 Number of Vaccinations X3 Number of Vaccinations

Furthermore, the Tree SHAP analysis results identify the most important features, as shown in red
and blue. Red indicates a high feature value, and blue indicates a low value. If the red dot is located on
the positive side of the plot, it indicates that a high value of the feature tends to increase the prediction,
and if the blue dot is located on the negative side, then vice versa. So, Fig. 10 and Table 3 show the
results of the features that strongly influence the prediction of confirmed positive cases, close IDR, close
IHSG, grocery pharmacy, transit station, and retail recreation. In contrast, Fig. 11 and Table 4 show
that two features strongly influence the prediction of mortality cases: the recovery variable and the
number of vaccinations. The last stage of the model we built is evaluated for best performance using R-
Square, RMSE, MSE, MAE, and MAPE. The results of the regression model evaluation based on the
matrix are shown in Table 1, and the optimal parameters are shown in Table 2.

Feature Importance (MDI) Permutation Importance (test set) Feature Importance (MDI) Permutation Importance (test set)
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Fig. 8. MDI Permutation with GBR Model for Y1 Fig. 9.MDI Permutation with GBR Model for Y2
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Fig. 10. Tree SHAP with GBR model for Y1 Fig. 11. Tree SHAP with GBR model for Y2

As shown in Table 2, the ensemble voting model consistently outperformed stacking, with higher
R-Square values (0.9755 and 0.9996 compared to 0.9507 and 0.9952) and lower error metrics across
RMSE, MSE, MAE, and MAPE. To ensure that these differences are not merely due to random
variation, we applied statistical significance tests on the K-fold cross-validation results. Both the paired
t-test and the Wilcoxon signed-rank test confirmed that the improvements of voting over stacking are
statistically significant (p < 0.05) for all key evaluation metrics. This finding strengthens the conclusion
that ensemble voting provides not only better average performance but also robust and reliable
improvements over stacking, in line with recent ensemble learning studies [41], [42].

3.2. Discussion

The model developed in this study is based on multivariate data from Jakarta, Indonesia, representing
health, economic, and mobility indicators. Consequently, the predictive results are highly influenced by
the specific conditions of Jakarta. Nevertheless, the methodological framework employed, namely the
integration of PSO-optimized ensemble techniques with feature importance analysis, is generic and can
potentially be applied to other regions with similar data characteristics. This opens the door to future
studies evaluating the model's transferability across different regional contexts. Although this study is
limited to Jakarta data, this limitation is mitigated by the robust methodologies employed. We applied
K-Fold cross-validation to evaluate model performance by partitioning the dataset into multiple subsets,
allowing repeated training and validation cycles that minimize overfitting and provide a more generalized
performance assessment [23], [43]. In addition, we implemented a rolling time-window evaluation,
which trains models on a fixed-size window of historical data and tests them on subsequent observations.
This method is particularly effective for time-series forecasting, as it simulates real-world scenarios in
which models must continuously adapt to new data [23].

As shown in Table 5, while traditional models such as ARIMA are easy to interpret, LSTM excels
at capturing long-term dependencies, yet both remain limited in handling nonlinear and multivariate
dynamics. Similarly, XGBoost and hybrid approaches demonstrate strong performance but require
complex tuning and provide limited interpretability. In contrast, our proposed PSO-Enhanced Ensemble
integrates multiple regressors, optimizes hyperparameters using PSO, and incorporates feature
importance analysis (Tree SHAP and MDI). This results in superior accuracy (R2 up to 0.9996) and
greater policy relevance, oftering both predictive performance and interpretability for decision-making.
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O ss—
Based on the results of our research, we can predict modeling using ensemble techniques, namely
stacking and voting, optimized with PSO based on the evaluation matrix. The ensemble voting technique
outperforms the stacking technique across R-Square, RMSE, MSE, MAE, and MAPE. Then, the results
of the GBR model-based feature importance analysis indicate that variables associated with positive
confirmed cases and mortality are significant, as seen in Table 3 and Table 4.

Table 5. Comparative summary of Pandemic models

Time
Ref Dataset Rolling  PSO Hybrid Modelling Accuracy
Window
[12] India X X ARIMA 80 % to 85 %
[14] SAARC countries X X X LSTM MAE 0.12 %
Indonesia, Jakarta dan LSTM dan o 0

[34] Jawa Barat X * x ARIMA 91% to 94%

[10] Toronto X XGboost 94%

[11] Indian < RFR + ARIMA 0.95 %
Propose . ; 0 0,
Method Indonesia, Jakarta S \ \ Ensemble Voting 97 % to 99 %

The text discusses the need for feature-interest analysis to understand the factors contributing to the
increase in confirmed positive cases and mortality. The researchers used the GBR regression model to
determine the correlation between factors, positive cases, and mortality. MDI and Tree SHAP
techniques identified the influencing factors for positive cases and mortality growth. The results showed
that positive cases, the number of vaccinations, recovery, closed IDR, and closed THSG influenced the
increase in positive cases. The recovered cases and the number of vaccinations were significant factors in
the increase in mortality. The Tree SHAP analysis highlighted the most important features using red
and blue, with red indicating a high value and blue a low one. The features with the highest predictive
power are presented in Fig.10 and Table 3.

The results of the feature importance analysis using MDI and Tree SHAP techniques indicate
differences in their assessments of the importance of features related to positive confirmed cases. At the
same time, they give consistent assessments for features related to mortality cases. This disparity arises
because Tree SHAP accounts for feature interactions, whereas MDI does not. Strong feature interactions
can explain this discrepancy in feature importance. Additionally, MDI can be biased towards features
with more categories, meaning that it may consider both features important in cases of high correlation,
whereas Tree SHAP may prioritize only one. If there is a significant difference in the number of
categories between features, this could also lead to discrepancies in the feature importance results. In
conclusion, if speed and lower accuracy are acceptable, MDI may suffice. However, for a more accurate
and comprehensive analysis, where computation time and memory are not a concern, Tree SHAP is the
preferred choice.

The contribution of this research is demonstrated not only by achieving high R? values but also by
the insights gained from interpreting key variables that influence pandemic dynamics. The feature
importance analysis enables the identification of dominant factors, such as workplace mobility,
vaccination rates, and financial market volatility, which can serve as a basis for public policy formulation.
Thus, this study emphasizes not only predictive accuracy but also the practical utility of the model’s
outcomes in supporting decision-making.

4. Conclusion

The study argues that a deep understanding of changes in health, economy, and mobility during a
pandemic is essential. The study also reviewed the forecasting methods used, the impact of the pandemic
on the economy and the health system, and the spread of the virus. The results show that ensemble
methods such as stacking and regression voting are promising techniques, with deep learning and particle
S
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swarm optimization (PSO) providing additional innovation. Ensemble voting can accurately predict
confirmed cases and COVID-19 mortality based on health, economic, and population mobility factors.
The regression models were optimized using PSO, yielding different optimal parameter sets for Ensemble
Stacking and Ensemble Voting. Both models performed well in predicting confirmed cases (Y1) and
mortality (Y2) in DKI Jakarta. Ensemble Stacking achieved high accuracy with R-square values of 0.9507
for confirmed cases and 0.9952 for mortality. Ensemble Voting performed even better, reaching 0.9755
and 0.9996 for the exact predictions. Error values such as RMSE, MSE, and MAE were lower in
Ensemble Voting, indicating stronger overall performance. Overall, Ensemble Voting is the most
accurate model, particularly for mortality prediction. Furthermore, analysis using MDI and Tree SHAP
techniques shows that positive cases affect the growth of positive confirmed cases, the number of
vaccinations, recovered cases, closed IDR, closed IHSG, grocery pharmacy, transit station, and retail
recreation. Meanwhile, factors such as recovery and vaccination rates affect the growth in mortality cases.
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