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Indonesia’s electricity demand continues to increase due to population
growth, urbanization, and industrial expansion, therefore making accurate
load forecasting is essential to maintain supply-demand balance. However,
electrical load demand in West Java has a complex pattern (seasonality,
nonlinear behavior, weather variability, and holiday effects), which
motivates the use of a meta-stacking approach to effectively capture such
complexity. Previous research shows that meta-stacking outperforms
individual models, but it fails to capture sudden changes and its performance
consistency remains unclear. Therefore, this study proposes a meta-stacking
framework for daily electricity load forecasting in West Java (2006-2023)
that includes weather and holiday variables by combining CNN-BILSTM,
CNN-BIiGRU, and Windowed-XGBoost forecasts through linear regression
and evaluates its performance across five data-splitting scenarios and nine
forecast horizons, which represents the main novelty in this research. Meta-
stacking shows strong generalization across scenarios and strong long-term
forecasting performance across horizons, while consistently providing a
balanced trade-off between MAPE and trend accuracy, where the model
trained on the longest historical dataset achieves the best performance with
1.89% MAPE and 86% trend accuracy. The proposed approach successfully
captures seasonal and holiday-related load patterns, indicating its potential to
support PLN in improving demand planning and operational decision-
making.
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1. INTRODUCTION

Electric load represents the amount of electrical energy consumed by users over time and is
categorized as time series data, which contain temporal dependencies and complex patterns such as trend,
seasonality, and random fluctuations [1]. In Indonesia, electricity demand has been increasing rapidly due to
population growth, urbanization, and industrial expansion, thus posing significant challenges for reliable
supply planning and infrastructure development [2]. Forecasting plays an essential role in identifying these
patterns to support decision-making in the energy sector [3]. Accurate electricity demand forecasting helps
maintain the balance between supply and demand, prevent power disruptions, and improve distribution
efficiency [4]. In regions like Bogor City, West Java that are characterized by high rainfall, dense population,
and multiple external factors such as temperature, rainfall, and electricity tariffs, reliable forecasting is
needed for effective energy planning [5], [6].
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Traditional statistical models such as ARIMA offer interpretability but have limitations when
handling multivariate and nonlinear relationships in forecasting [7]. Artificial intelligence models, including
XGBoost, CNN, LSTM, and GRU, overcome these challenges by capturing complex and nonlinear temporal
patterns [8], [9]. LSTM effectively learns long-term dependencies, while GRU achieves higher
computational efficiency for short-term dependencies [10]. To further improve forecasting performance,
hybrid approaches have been proposed. One of the most promising approaches is meta-stacking, which
integrates multiple base-models and uses a meta-learner to combine their outputs, often result in superior
forecast accuracy [11], [12].

Previous study [10] used meta-stacking to forecast electricity load in Australia and Spain. The
model consists of LSTM, Bi-LSTM, XGBoost, and stacked LSTM as base-learners and lasso regression as
meta-learner. The proposed model was shown to outperform individual models in terms of MAPE, but the
proposed models fail to forecast the minimum load values and fail to anticipate sudden changes which
influenced by calendar factor. Multiple LSTM variants in the base-models result in similar forecasting results
between each variant, thus advantages captured by the meta-learner is suboptimal. Therefore, using more
varied base-models can improve the meta-learner performance in exploiting the advantages of
complementary models. Linear regression is the most effective approach to exploit the advantages of
complementary information [13]. Also, the trend accuracy is not considered in the research, so it cannot be
evaluated how the proposed model accurately forecast the trend, especially in short-terms. The proposed
model only tested using two different location each with only one scenario of training and testing data, so its
evaluation is limited in terms of model consistency and does not consider the effect of very long-time
information.

This study proposes a meta-stacking model that integrates Windowed-XGBoost, CNN-BiGRU, and
CNN-BILSTM as base-models, with linear regression as the meta-learner. Windowed-XGBoost is selected
for its simplicity and efficiency [14], while CNN-BiGRU and CNN-BIiLSTM effectively capture spatial and
temporal dependencies bidirectionally [15], [16]. This study also explicitly considered calendar factors. The
proposed model aims to achieve accurate and consistent forecasts across different data-splitting scenarios in
terms of MAPE and trend accuracy. The results are expected to provide insights for PLN in optimizing
electricity supply planning in West Java and contribute to the application of hybrid methods in energy
demand forecasting.

The objectives of this research are to model and evaluate the proposed model for forecasting
electricity load in West Java, to test its performance and compare it with individual models across different
scenarios and forecast horizons, and to identify the best-performing model while evaluating its ability to
accurately forecast the electricity load data in West Java. This study seeks to address the following research
questions: i) Can the meta-stacking model outperform individual models across different data-splitting
scenarios and forecast horizons? (ii) To what extent can the proposed model accurately forecast electricity
load in West Java, particularly those driven by calendar effects and sudden demand changes?

2. METHOD
2.1. Data

This study used electricity, weather, and calendar data in West Java, consisting of daily observations
from January 1, 2006, to December 31, 2023, with a total of 6541 data points. The electricity data consist of
30-minute load measurements in megawatts (MW), which are later aggregated into daily values through
summation and used as the forecasting target. The dataset was obtained from PLN UIP2B JAMALLI. In
addition to the electricity data, weather data were used as external features to support the forecasting analysis.
The weather data were obtained from the Indonesian Meteorology, Climatology, and Geophysics Agency
(BMKG) website from stations: Bandung Geophysics Station, West Java Climatology Station (Bogor City),
Citeko Meteorology Station (Bogor Regency), Kertajati Meteorology Station, and Penggung Meteorology
Post (Majalengka), and the measurements from these stations were averaged for each variable to represent
the overall climatic conditions of West Java. The weather variables include average temperature, rainfall
intensity, duration of sunshine, humidity, and wind speed. Another external feature used in this research is
calendar data, which identifies national and religious holidays such as Independence Day, Eid al-Adha, Eid
al-Fitr, and New Year, since electricity load is strongly affected by holidays [17], [18]. For example, in the
days leading up to Eid al-Fitr, electricity usage consistently drops because many factories are shut down [19].

2.2. Framework of the proposed model

The research workflow illustrated in Figure 1 starts with data exploration, followed by scenario-
based data splitting into training and testing sets. The data is then split into five scenarios based on Table 1.
For each scenario, the training data are divided into two phases, where the first training dataset is pre-
processed and used to build individual base-models, while the second training dataset, which is obtained by
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splitting the initial training data before pre-processing, is used for meta-stacking modelling. The data
validation is used to generate out-of-fold (OOF) predictions as part of the meta-stacking mechanism. This
whole process is repeated until all five scenarios have been completed. Finally, the overall model
performance is evaluated to obtain the final results of the forecasting framework, as shown in Figure 1. This
entire modelling flow is repeated for all five scenarios. Individual models and meta-stacking model are then
evaluated using MAPE and trend accuracy using test data and are evaluated on different horizon which can
be seen on

Table 2.

The use of multiple data splitting scenarios aims to examine the consistency and robustness of the
proposed models under different training lengths based on Table 1. By extending the starting year of the
training data from 2018 back to 2006, this scheme allows the analysis of whether a longer historical dataset
leads to better forecasting performance. Scenario 5 is specifically designed to evaluate how the models
perform when trained on a shorter and more limited dataset.

The testing horizon scenarios in

Table 2 are designed to evaluate model performance across different forecasting lengths, ranging
from short-term to long-term predictions. This scheme allows the analysis of how model performed when
forecasting for 1 week, several weeks, monthly, and quarterly horizons.
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Figure 1. Framework of the proposed model
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Table 1. Splitting data scenarios on West Java electricity load

Scenario Training data Testing data
1 01/01/2006 — 31/12/2022 01/01/2023 — 31/12/2023
2 01/01/2009 — 31/12/2022 01/01/2023 — 31/12/2023
3 01/01/2012 — 31/12/2022 01/01/2023 - 31/12/2023
4 01/01/2015 — 31/12/2022 01/01/2023 - 31/12/2023
5 01/01/2018 — 31/12/2022 01/01/2023 — 31/12/2023

Table 2. Testing data horizon scenarios

Scenario Horizon Testing data
1 1 Week 01/01/2023 — 08/01/2023
2 2 Week 01/01/2023 — 15/01/2023
3 3 Week 01/01/2023 — 22/01/2023
4 4 Week 01/01/2023 — 29/01/2023
5 1 Month 01/01/2023 — 31/01/2023
6 2 Month 01/01/2023 — 28/02/2023
7 1 Quarter 01/01/2023 — 31/03/2023
8 2 Quarter 01/01/2023 — 30/06/2023
9 3 Quarter 01/01/2023 — 30/09/2023

2.3. Data preprocessing

Both training datasets undergo a preprocessing process, as illustrated in Figure 2, which is
differentiated based on the model type: deep learning (CNN-BIiLSTM and CNN-BiGRU) and Windowed-
XGBoost. For the deep learning models, one-hot encoding is applied before data splitting, followed by Min-
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Max normalization and window building after splitting. Window building transforms the time series into
sequential input-output pairs. This research using a window size of 31 days to capture full monthly seasonal
patterns. For Windowed-XGBoost, preprocessing consists of data splitting and significant lag extraction for
the load variable using the partial autocorrelation function (PACF) plot. The use of the PACF plot provides
statistical justification for selecting relevant lag terms by identifying significant partial autocorrelations,
ensuring that only informative temporal dependencies are included in the model [20].
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Figure 2. Preprocessing scheme for deep learning and Windowed-XGBoost

2.4. Modeling scheme

The whole modeling mechanism is illustrated in Figure 3. Each scenario has a different starting
point for the training data, where the dataset is divided into two different training sets. The first training set is
used for individual models modeling, including preprocessing, hyperparameter tuning, and generating
forecasts. In this study, the individual models, which later act as base-models in the meta-stacking
framework, consist of CNN-BiLSTM, CNN-BiGRU, and Windowed-XGBoost. The optimal hyperparameter
configuration obtained from this stage is then reused in the second stage, where the second training set is
used for meta-stacking modeling by re-training these base-models without further tuning, and their
predictions are combined using a linear regression model as the meta-learner.
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Figure 3. Modeling scheme

Hyperparameter optimization is conducted using Bayesian optimization to efficiently explore the
defined search space. The CNN component applies one or two convolutional layers with filters ranging from
16 to 128 and kernel sizes of 2, 3, or 5, and activation functions including ReLU, tanh, or linear. The
recurrent component consists of one or two bidirectional layers (BiGRU or BiLSTM) with 16 to 128 neurons
per layer and activation functions of tanh, ReLU, or linear. Model optimization is performed using Adam or
RMSprop with a learning rate sampled within 10™* to 1072, and training is conducted using batch sizes of
16, 32, or 64. For the Windowed-XGBoost model, the architecture is based on gradient boosting decision
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trees with lag-based input features. The number of trees (n_estimators) ranges from 50 to 1000, with
maximum tree depth between 3 and 15. The boosting learning rate is searched within 0.001 to 0.3, while
sampling parameters include subsample within 0.6 to 1.0 and colsample_bytree within 0.5 to 1.0.
Regularization parameters include gamma within 0 to 5, min_child_weight within 1 to 15, L2 regularization
(A) within 1e-3 to 100, and L1 regularization (a) within 1e-3 to 100 to control model complexity and prevent
overfitting.

Wolpert [21] introduced meta-stacking, a hybrid model approach that combines multiple models,
known as base-learners, through another model called as meta-learner. Meta-stacking consists of two levels
level 0, where base-models are trained in parallel using the second training data, and level 1, where level 0
forecasts are used as input for the meta-learner. To ensure unbiased meta-learner input, OOF predictions are
generated through an iterative mechanism, as illustrated in Figure 4. The second training data are divided into
several iterations, where each iteration uses one subset as training data while the remaining data are used for
validation data. The validation results from Iteration 1 to Iteration 5 are combined to form OOF predictions
across the entire second training data. These OOF predictions are then used as inputs to train the meta-
learner, ensuring that each prediction is generated from a model that does not directly train on the same
validation observations [20]. Meta-stacking approach allows the base-models to compensate for each other’s
limitations while leveraging their individual strengths [22], [23].
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Figure 4. Out-of-fold predictions scheme

2.5. Model evaluation scheme

Model evaluation is conducted to assess the performance of meta-stacking compared to individual
models, as illustrated in Figure 5. Forecasts are generated for all scenarios using data up to 2022 for
modeling, while the year 2023 is used as the test dataset to evaluate performance on unseen data. The test
data are further divided into multiple forecast horizons based on

Table 2. The evaluation includes generalization analysis by comparing train and test accuracy, as
well as performance assessment on the test data using MAPE and trend accuracy across different horizons.
Finally, the best model is determined based on its overall forecasting performance under these evaluation
criteria.
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Figure 5. Model evaluation scheme

3. RESULTS AND DISCUSSION

In this section, we present an evaluation of the proposed meta-stacking model for electricity load
forecasting in West Java Province. The model's performance is compared against three individual base-
learners, which are Windowed-XGBoost, CNN-BiGRU, and CNN-BiLSTM. The model’s also evaluated on
five different scenarios.

3.1. Performance evaluation metrics

The metrics used in this study are Mean Absolute Percentage Error (MAPE) and trend accuracy.
These metrics clearly show the differences between the predicted values and the actual values. MAPE is
formulated as follows [24]:

(Xact(i)_xpred (1))
Xact (D)

MAPE = 31,
n

@

where X, (i) is the electricity load in period i, X,,.,(i) is the forecasted electricity in period i. The
confusion matrix is used to measure classification accuracy, calculated as [25]:

TP+TN % 100

Accuracy = —————— 2)
TP+TN+FP+FN

where trends are considered upward (Positive) if y,,, > y,and downward (Negative) if y,,,; <y,. The
counts of true positive (TP), true negative (TN), false positive (FP), and false negative (FN) are obtained by
comparing the direction of the actual and predicted trends.

3.2. Result

Before modelling the West Java electrical load data, an exploratory analysis is conducted to get a
clear understanding of the characteristics and patterns within the data. Based on

Figure 6, in the longer-term, the west java electrical load data from 2006 until 2023 has positive
trends, which is caused by the more advanced technology requires more electric and human population
increase [26]. There’s also a repeated significant drop in the data, where the most significant drop is caused
by Eid al-Fitr and Eid al-Adha. Also, others holiday such as New Year led to a significant drop. This is
caused by many factories closed due to major holidays [19]. Covid-19 incident also led to a significant drop
in the data which can be seen on the period of 2021. Based on these findings indicate that the electrical load
data is driven by global and local event.
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Figure 6. West Java electrical load data pattern from January 1, 2006 until December 31, 2023

Prior to analysis of the forecasting models, an initial analysis was performed to identify seasonal
pattern in the electrical data load. The results indicate the data has 7-days seasonality autocorrelation pattern,
as shown in

Figure 7. We analyzed the forecasted electricity load in West Java Province across different
scenarios to evaluate whether the proposed meta-stacking model outperforms the individual models.

Figure 8 presents the distribution of model performance across five scenarios using training and
testing data, allowing evaluation on generalization capability.

Figure 8(a) illustrates the distribution of MAPE for each model. The meta-stacking model shows a
more stable distribution and a smaller gap between training and testing errors, indicating better generalization.

Figure 8(b) presents the distribution of trend accuracy. The meta-stacking model maintains
consistent trend performance across scenarios, demonstrating its robustness compared to the individual
models. The gap between training and testing performance is relatively small, indicating good generalization
ability compared to individual models, which tend to exhibit larger discrepancies between train and test
results.

Error! Reference source not found. presents the comparison of testing performance across
scenarios, highlighting both error magnitude and trend accuracy for each model. This figure aims to show
how the models perform and their consistency across scenarios. Error! Reference source not found.(a)
displays the testing MAPE, while Error! Reference source not found.(b) displays the testing trend
accuracy. Based on Error! Reference source not found.(a), meta-stacking model achieves the lowest MAPE
in scenarios 2006, 2015, and 2018. CNN-BIiLSTM performs slightly better in 2009 and 2012, but shows
relatively low trend accuracy. Based on Error! Reference source not found.(b) meta-stacking has the
highest trend accuracy in most scenarios (2006, 2009, 2012, and 2015), whereas Windowed-XGBoost shows
the highest trend accuracy in 2018 but with relatively high MAPE. Overall, meta-stacking provides a better
balance between low forecasting error and consistent trend accuracy across scenarios.
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Figure 7. West Java electricity load autocorrelation pattern
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Figure 9. Comparison of (a) MAPE and (b) trend accuracy of testing data for each scenario and model

Figure 10 presents the comparison of average testing performance across different forecast horizons,
ranging from short-term (1-4 weeks) to longer-term horizons (up to 3 quarters). This figure aims to evaluate
how each model performed as the forecasting length increases and to assess performance stability. Figure
10(a) shows the average MAPE across horizons, indicating that meta-stacking consistently achieves the
lowest error for longer horizons (1 to 3 quarters), although it does not always dominate at very short horizons
(1-2 weeks). Figure 10(b) illustrates the average trend accuracy, where meta-stacking generally performs
better at longer horizons, while Windowed-XGBoost and CNN-BiGRU occasionally obtain the highest
scores at certain shorter horizons. Overall, these results suggest that meta-stacking is more reliable for long-
term forecasting, while Windowed-XGBoost may be a better choice for short-term prediction, further
analysis is needed to check whether the model generalize well on the new data or not.

Figure 11 provides baseline comparison by averaging testing performance of all models across the
five scenarios. Based on Figure 11(a), meta-stacking achieves the lowest average test MAPE (2.27%), while
Figure 11(b) indicates that meta-stacking achieves the highest average test trend accuracy (85.27%),
outperforming the individual models in both metrics. While Windowed-XGBoost shows relatively high
average test trend accuracy, it also achieves higher average test MAPE. On the contrary, CNN-BiGRU and
CNN-BIiLSTM achieves low average test MAPE, but achieves low average test trend accuracy. Overall, this
result confirms that meta-stacking provides the balanced tradeoff between MAPE and trend accuracy, and
superior performance among the individual models. Summary of the research results is presented on the

Table 3.

Model ®CNN-BIiLSTM @ CNN-BiGRU @ Windowed-XGBoost @ Meta-Stacking Model ® CNN-BILSTM @ CNN-BiGRU @ Windowed-XGBoost @ Meta-Stacking

Test MAPE (%)
Test Trend Accuracy (%)

1 Mgnth

1 Week 2 Week 3 Week 4 Week 1Month 2 Month 1 Quarter 2 Quarter 3 Quarter
Horizon Horizon
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Figure 10. Average (a) MAPE and (b) trend accuracy of 5 scenarios for each forecast horizon and model
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Figure 11. Average of (a) test MAPE and (b) test trend accuracy by model

Table 3. Summary of the research results

Model Average test Average test Strengths Weaknesses
MAPE trend accuracy
CNN-BIiLSTM 2.43% 80.60% Low MAPE, slightly competitive with meta- Lowest trend accuracy
stacking in MAPE
CNN-BiGRU 2.64% 81.13% Low MAPE Less competitive in
MAPE
Windowed- 3.59% 84.53% High trend accuracy, slightly competitive High MAPE, weaker
XGBoost with meta-stacking in trend accuracy generalization
Meta-stacking 2.27% 85.27% Lowest MAPE and Trend Accuracy, robust High computational

generalization

Based on the research results, meta-stacking can leverage Windowed-XGBoost strength on high
trend accuracy and deep learning models strength on low MAPE, thus indicating meta-stacking successfully
leverage base-models strength, while overcoming both weaknesses. Meta-stacking is a better model because
of its ability in effectively generalize on the new data, its superiority against individual models in most
scenarios while maintaining balance tradeoff between MAPE and trend accuracy, and its superiority in long-
term forecasting. Based on Table 4, meta-stacking in scenario of 2006 has the lowest MAPE and the 3™
highest trend accuracy, which is the best model in this study. Figure 12 illustrates the train-test performance
of the meta-stacking model across scenarios, while Figure 12(a) based on MAPE and Figure 12(b) based on
trend accuracy). Figure 12(a) shows that the longer the dataset, the better meta-stacking performs in terms of
MAPE. On the contrary, Figure 12(b) shows a different behavior for trend accuracy, which fluctuates across
scenarios and does not consistently increase with more data. The consistent improvement of MAPE becomes
the basis for determining the best-performing model in this study. The accuracy of all models across 5
scenarios is explained in Table 4.

Figure 133 presents the forecasting performance of the meta-stacking model on the 2023 testing
data, including the actual versus predicted values in Figure 133(a) and the residual analysis in Figure 133(b).
As shown in Figure 133(a), the predicted series closely follows the actual load across most periods, capturing
both upward and downward movements with good consistency. The model remains stable during periods of
sudden spikes or drops, indicating strong generalization on unseen data and reliable performance for
operational forecasting.

Despite the strong overall predictive performance observed in Figure 133(a), residual gaps are still
observed, as illustrated in Figure 133(b). The largest errors tend to occur during national holidays and joint
leave periods. Although holiday indicators were included as model features, uncommon holidays or major
holidays still generate higher residuals due to sudden shifts in electricity demand. Overall, the results indicate
that the proposed meta-stacking model achieves a more balanced performance between MAPE and trend
accuracy across multiple data-splitting scenarios compared to the individual models. The model trained under
the 2006 scenario demonstrates the strongest overall performance in terms of forecasting accuracy and
generalization on unseen data. Making it reliable to support PLN operational needs.

The proposed framework presents potential scalability for real-time forecasting in PLN operational.
The base-models are trained using historical data, and the meta-learner combines their forecasts through a
simple regression approach. As a result, the prediction process remains computationally efficient and can
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generate daily load forecasts with minimal processing time. This makes the proposed framework suitable for
integration into PLN’s operational planning.

Table 4. MAPE and trend accuracy of all models across five scenarios (train and test performance)

Scenario Type CNN-BIiLSTM CNN-BiGRU Windowed-XGBoost Meta-stacking
MAPE Trend MAPE Trend MAPE  Trend MAPE  Trend
accuracy accuracy accuracy accuracy
2006 Train 1.63% 84.16% 1.81% 83.18% 1.26% 86.74% 2.01% 84.55%
Test 2.10% 84.33% 2.23% 82.33% 3.45% 85.33% 1.89% 86.00%
2009 Train 1.66% 83.18% 1.77% 85.32% 1.28% 86.41% 2.14% 84.60%
Test 2.07% 81.67% 2.31% 83.33% 3.67% 85.33% 2.09% 86.33%
2012 Train 1.52% 85.10% 1.67% 83.89% 1.17% 87.73% 2.28% 84.00%
Test 2.15% 82.00% 2.42% 81.00% 3.91% 85.00% 2.31% 87.00%
2015 Train 1.46% 85.70% 2.00% 83.07% 1.07% 88.38% 2.33% 84.44%
Test 2.63% 75.33% 2.91% 79.00% 3.41% 81.33% 2.33% 82.67%
2018 Train 2.80% 83.36% 2.09% 84.11% 0.86% 89.18% 2.64% 84.52%
Test 3.21% 79.67% 3.33% 80.00% 3.51% 85.67% 2.72% 84.33%
—Train MAPE Test MAPE ——Test Trend Accuracy Train Trend Accuracy
~ 4% 28%
E B ] g 86%
S e — EJ
7 T 84%
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Figure 12. Train-test (a) MAPE and (b) trend accuracy based on train-test dataset of the meta-stacking model
across all scenarios

However residual errors still occur during uncommon and major holiday periods, such as Chinese
New Year and Eid al-Fitr. Nevertheless, the model effectively captures both short-term and long-term
variations in electricity load. It is important to note that the current meta-learner is trained only on the
forecasts generated by the base-models, without explicitly incorporating calendar-related features. Future
improvements may consider integrating calendar factors into the meta-learner to better capture demand shifts
driven by holiday effects.

Actual vs Forecast on Testing Data (2023)

++suss-Forecast Data s Actual Data

@)

Residuals per Time on Testing Data (2023)
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Figure 13. Comparison of (a) actual vs. forecasted load and (b) residuals with holiday markers on the 2023
testing data
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The meta-stacking model outperforms the individual models in most scenarios based on both MAPE
and trend accuracy and shows superior performance for long-term forecasts (1 quarter and beyond). The best-
performing model, trained on the longest dataset (starting from 2006), achieves a MAPE of 1.89% and a
trend accuracy of 86%, successfully forecasting the following year and capturing seasonal electricity load
patterns. These results highlight the scientific contribution of this study in establishing a multi-scenario data-
splitting evaluation that validates the stability of meta-stacking across different data conditions and forecast
horizons.

However, limitations still occur during major holidays such as Chinese New Year and Eid al-Fitr,
suggesting that explicitly including calendar features into the meta-learner could improve its ability to
capture holiday-related demand shifts. Future work may consider validating the model on larger datasets
across multiple provinces to assess meta-stacking scalability, as well as benchmarking the proposed approach
against similar models in other countries. Including additional exogenous variables such as electricity tariffs,
the number of registered PLN customers, industrial activity indicators, or economic growth may further
enhance the model's ability to capture structural demand changes. Model training can also be refined by
integrating trend accuracy into the optimization process, allowing the model to simultaneously optimize
forecasting error and trend accuracy. Additionally, improving model interpretability through SHAP analysis
would provide deeper insights into feature contributions at both base-model and meta-learner levels, while
careful consideration of the trade-off between forecasting accuracy and computational resources remains
important for practical deployment.
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