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ABSTRACT: Accurate short-term load forecasting is essential for reliable power system operation, particularly under
the increasing uncertainty caused by abnormal weather and socio-economic fluctuations. This study presents a month-
conditioned boosting framework that integrates SHapley Additive Explanations (SHAPs) into model refinement.
A baseline XGBoost model was first compared with linear and tree-based regressors, followed by enhancements
through lagged and rolling-window features as well as loss weighting for vulnerable months. To further improve
the performance, SHAP analysis was employed to identify the dominant error-contributing features, which guided
the construction of targeted month-specific interaction terms for retraining. Experimental results based on rolling-
origin cross-validation showed that this approach significantly reduced the RMSE and MAPE, particularly during
high-variance summer months. Moreover, the SHAP interpretation revealed the varying roles of seasonal demand
structures and socio-economic mobility, thereby enhancing transparency and operational insight. The proposed
framework demonstrated that embedding explainability into the learning loop improved predictive accuracy and
ensured interpretability, offering a data-driven solution for electricity demand forecasting in practical settings.
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1 Introduction
Monthly electricity load forecasting plays a critical role in energy system planning and operation,

supporting decisions related to generation scheduling, fuel procurement, demand management, and infras-
tructure maintenance [1,2]. In recent years, the increasing frequency of abnormal weather events such
as record-breaking heatwaves and unusually warm winters in Korea and other regions has increased the
uncertainty of temperature-based forecasts [3,4]. These climatic anomalies, combined with meteorological,
economic, and demographic dynamics, exacerbate the non-stationarity of monthly demand patterns. For
instance, even under the same average temperature, electricity demand responses in August may differ
substantially from those in January, and the relative importance of explanatory variables can shift season-
ally [5,6]. This underscores the need for forecasting approaches that achieve high accuracy while providing
transparent explanations of changes in predictive performance across different months.

Tree-based boosting models such as XGBoost remain highly competitive with deep learning for tabular
datasets because of their robustness in capturing nonlinear relationships among heterogeneous covariates,

Copyright © 2026 The Authors. Published by Tech Science Press. This work is licensed under a Creative Commons Attribution 4.0 International
License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

https://www.techscience.com/journal/CMC
https://www.techscience.com/
https://doi.org/10.32604/cmc.2026.079734
https://www.techscience.com/doi/10.32604/cmc.2026.079734
mailto:eckim@hanyang.ac.kr


2 Comput Mater Contin. 2026;88(1):50

including meteorological, economic, and demographic factors [7–9]. When augmented with lag features
and smoothing techniques, these models can deliver high predictive accuracy [10,11]. Moreover, tree-based
models enable decision paths to be traced through split rules and feature contributions, and when integrated
with SHapley Additive exPlanations (SHAP), they can quantitatively reveal the reasoning behind predictions,
which enhances accountability in operational contexts. However, most existing literature has focused on
large-scale deep learning models, applying SHAP mainly for post-hoc interpretation, which limits the use of
explainability as an active driver of model improvement [12].

In contrast, herein, we propose a framework employing a closed-loop framework that uses model
explanations directly to guide targeted retraining. First, a leakage-free baseline model is used to identify
prediction-vulnerable months, and additional weights are applied to the training loss for these months to
evaluate the performance improvements. For any month that still exhibits the highest error after this step,
a SHAP importance analysis is performed to identify the most influential feature. Based on this feature, an
interaction feature is generated and incorporated into the model, which is then retrained.

Using data from 2022 to 2023 for training and 2024 for evaluation, we optimized the model to capture
contemporary demand patterns shaped by abnormal weather and seasonal variation. This strategy improved
accuracy when most needed while controlling feature proliferation and maintaining interpretability. Detailed
descriptions of the feature engineering process and the hyperparameter settings are provided in the
Methods section.

The main contributions of this study are as follows:
First, unlike most previous studies where SHAP is used only for post-hoc interpretation, we propose a

SHAP-in-the-loop framework in which model explanations are actively used to guide feature construction
and retraining.

Second, the proposed method introduces a targeted month-conditioned interaction feature generation
strategy, where the feature with the largest SHAP contribution in the highest-error month is used to construct
an interpretable interaction variable.

Third, we design an error-driven retraining pipeline that combines error diagnosis, explainability
analysis, and targeted feature engineering within a unified forecasting workflow.

2 Related Works

2.1 Statistical and Econometric Approaches
Electricity load forecasting has been extensively studied across multiple temporal horizons, ranging

from minute-ahead very short-term forecasting to monthly and multi-year long-term planning. Early
studies primarily relied on statistical and econometric models such as autoregressive integrated moving
average (ARIMA) [13], exponential smoothing, and least absolute shrinkage and selection operator (LASSO)
regression [14]. These methods have been widely adopted because of their transparency, well-established
theoretical foundations, and ease of implementation.

However, traditional statistical approaches often struggle to capture nonlinear relationships among
load drivers and the evolving interactions between meteorological, economic, and demographic vari-
ables [15]. To address such nonlinearities, machine learning-based methods such as feature selection
with least squares support vector machines have also been explored for short-tern load forecasting [16].
These limitations become particularly pronounced in modern power systems, where demand patterns are
increasingly affected by abnormal weather conditions, economic fluctuations, and structural changes in
energy consumption behavior.
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2.2 Deep Learning Approaches for Load Forecasting
To address the limitations of classical statistical models, a wide range of machine learning and deep

learning approaches have been proposed. Neural network architectures such as deep neural networks
(DNNs) [17], convolutional neural networks (CNNs), and recurrent neural networks (RNNs) [18] have
demonstrated strong performance in short-term load forecasting tasks.

In particular, RNN-based architectures, including long short-term memory (LSTM) networks [19],
gated recurrent unit (GRU) models [20], and temporal convolutional networks (TCNs) [21], are widely used
to capture temporal dependencies in sequential load data. Hybrid architectures have also been proposed,
such as CNN–GRU models with attention mechanisms [22] or decomposition-based frameworks combined
with RNN or TCN modules [23], which further improve forecasting performance.

Despite these advances, most deep learning models are designed for high-frequency forecasting tasks,
such as hourly or daily load prediction, where large volumes of sequential data are available. In contrast,
monthly load forecasting typically involves relatively small datasets and heterogeneous tabular predictors,
including meteorological, demographic, and economic variables. Under such conditions, deep learning
models may be prone to overfitting and often require extensive hyperparameter tuning.

2.3 Tree-Based Ensemble Models for Tabular Load Forecasting
In recent years, tree-based ensemble learning models have demonstrated strong and consistent per-

formance in electricity load forecasting tasks [24]. Compared with linear models, tree-based methods can
flexibly capture nonlinear relationships and higher-order interactions without requiring explicit variable
transformation or prior specification.

Gradient boosting algorithms such as XGBoost have gained particular attention because of their ability
to efficiently model complex tabular datasets containing heterogeneous features. These models are robust
to multicollinearity and can effectively handle missing values, making them well suited for operational
forecasting environments where data quality and consistency may vary.

Furthermore, tree-based models are particularly advantageous for medium-scale datasets, where the
number of observations is limited but the feature space includes diverse explanatory variables. In such
scenarios, boosting algorithms often outperform deep learning models by achieving a better balance between
predictive accuracy and model stability. Recent studies have also reported that tree-based ensemble models
often outperform deep learning architectures on tabular datasets because of their ability to effectively handle
heterogeneous features and limited sample sizes [25].

In addition, tree-based models are naturally compatible with explainability tools such as SHAP (SHapley
Additive exPlanations), which enable the decomposition of predictions into feature-level contributions.
This property makes them especially attractive for applications requiring both predictive performance
and interpretability.

2.4 Explainability and Feature Engineering in Load Forecasting
Feature engineering plays a crucial role in improving load forecasting performance. Many studies

incorporate lag features, rolling statistics, and weather-related indicators to capture temporal dependencies
and seasonal effects in electricity demand [26]. However, in many existing approaches, feature engineering
is treated as a one-time preprocessing step rather than an iterative model improvement process.

Recently, explainable machine learning techniques have been increasingly adopted to interpret load
forecasting models. SHAP has been widely used to quantify the contribution of input variables to pre-
diction outcomes at both global and local levels [27]. Several studies have applied SHAP to analyze the
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influence of meteorological variables, mobility indicators, and economic activity on electricity consumption
patterns [28,29]. These studies provide valuable insights into the relative importance of different demand
drivers and improve the transparency of machine learning models used in energy forecasting.

However, in most existing work SHAP is primarily used for post-hoc interpretation, meaning that the
explainability results are analyzed after model training without directly influencing the model development
process. Consequently, although SHAP helps reveal the factors driving model predictions, the insights
obtained from these analyses are rarely used to guide systematic feature refinement or targeted model
retraining. As a result, explainability and model optimization often remain disconnected steps within the
forecasting workflow.

2.5 Research Gap
Despite the growing adoption of machine learning and explainable AI techniques in electricity load

forecasting, several limitations remain.
First, many existing studies rely on either deep learning architectures designed for high-frequency

forecasting or conventional machine learning models that do not explicitly consider month-specific demand
heterogeneity, which can be substantial in seasonal electricity consumption patterns.

Second, feature engineering is often performed as a static preprocessing step, relying on predefined
lag variables, statistical transformations, or domain-driven variable selection, without integrating model
interpretation into an iterative improvement process.

Third, although SHAP has been widely used for interpreting load forecasting models, its potential role as
a diagnostic tool for guiding targeted feature engineering and retraining has been relatively underexplored.
In most existing studies, explainability techniques are applied only after the final model is trained, and the
insights obtained from the analysis are not systematically fed back into the modeling pipeline to improve
predictive performance.

These limitations indicate a lack of a closed feedback loop between model interpretation and model
refinement in existing load forecasting research.

To address these limitations, this study proposes a month-conditioned boosting framework integrated
with a SHAP-in-the-loop retraining strategy. The proposed approach uses SHAP-based error attribution to
identify the most influential features in prediction-vulnerable months and introduces targeted interaction
features to refine the model. By embedding explainability directly into the model improvement loop, the
framework establishes an iterative process consisting of error diagnosis, explainability analysis, targeted
feature construction, and model retraining. This design enhances both predictive performance and inter-
pretability while controlling feature proliferation, providing a data-driven practical framework for monthly
electricity load forecasting.

3 Data Description
To evaluate the performance of the proposed framework, we used multidimensional public datasets

covering electricity, meteorology, demographics, and economics. All datasets spanned the period from
January 2022 to December 2024 and were obtained from officially published public sources to ensure
reliability and reproducibility. No missing values were observed in any of the datasets. Detailed data sources
and access links are described in the Availability of Data and Materials section.
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3.1 Electricity Load Data
Monthly electricity load data (MWh) were obtained from the Korean Public Data Portal, which provides

the official national electricity consumption statistics. The dataset contains the aggregated load values for
the entire South Korean power system. The original records were available at monthly, daily, and hourly
resolutions, and for this study they were aggregated by computing the monthly averages to ensure consistency
with the temporal resolution of the other explanatory variables.

3.2 Population Data
Population statistics were obtained from the Ministry of the Interior and the Safety Resident Registration

System. The dataset includes residents, individuals with unregistered addresses, and overseas Koreans, but
excludes foreign nationals. The original records were reported on a daily basis and were aggregated into
monthly averages to align with the temporal resolution of the other explanatory variables.

3.3 Foreign Resident and Visitor Data
Two foreign-related datasets were incorporated. (1) Monthly arrivals and departures of foreign nationals

from the Korean Statistical Information Service (KOSIS) and (2) the number of short- and long-term foreign
residents from the Korean Public Data Portal.

These indicators reflect the population mobility and international activity levels, which can influence
electricity demand. The original records were reported on a daily basis and were aggregated into monthly
totals to ensure consistency with the temporal resolution of the other variables.

3.4 Meteorological Data
The meteorological data were obtained from the Open Data Portal of the Korea Meteorological

Administration. The dataset originally contained daily records of temperature (○C) and precipitation (mm).
For this study, the daily values were aggregated into monthly averages for temperature and monthly totals for
precipitation. Station-level measurements were then aggregated at the national level to ensure consistency
with the electricity demand data.

3.5 Economic Indicators
Three economic indicators were included in this study: (1) Monthly average exchange rate from the

Woori Bank’s Foreign Exchange Center; (2) Korea Composite Stock Price Index from Investing.com; and (3)
exports and imports from the K-Stat Global Trade Statistics Service.

The exchange rate and KOSPI were originally reported on a daily basis and were aggregated into
monthly averages, while the trade statistics were provided on a monthly basis and thus used without
further aggregation. These variables were used to capture macroeconomic fluctuations potentially affecting
electricity demand.

4 Proposed Framework
As shown in Fig. 1, the workflow of the proposed framework begins with data integration and pre-

processing, followed by lag and rolling window feature engineering. A baseline model is then trained and
optimized. Error analysis is conducted to identify the months with the highest prediction errors, for which
SHAP-guided feature construction is applied by creating interaction variables from the most influential
features identified via SHAP value analysis. The model is retrained with the augmented features, and the final

http://Investing.com
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evaluation and interpretation are performed using SHAP value calculations to ensure improved accuracy
and interpretability.

Figure 1: Overall workflow of the proposed month-conditioned boosting framework with SHAP-in-the-loop
retraining.

4.1 Data Preprocessing
None of the datasets used in this study contained missing values. Therefore, the imputation procedures

were unnecessary. As all variables were already in numeric format, no categorical-to-numeric conversion was
required. However, because the datasets were obtained from multiple public platforms, temporal alignment
was essential. Each dataset was aggregated or resampled to a monthly resolution to ensure consistency across
the variables. Subsequently, the datasets were concatenated into a single integrated data frame and all values
were converted to a floating-point format for numerical stability during model training.

All preprocessing operations were implemented in Python using the Pandas library, which was
employed for the data manipulation, merging, and type conversion tasks.

4.2 Lag and Rolling Window Feature Construction
To capture the temporal dependencies of electricity demand, we constructed lag and rolling window

features from the explanatory variables. Lag features were generated by shifting each variable by a predefined
time step, enabling the model to learn from historical patterns. Rolling window statistics, including mean,
standard deviation, median, maximum, and minimum, were computed over a fixed period using only
past observations to avoid information leakage. To prevent the indiscriminate addition of excessive lag
and rolling window features, Optuna was employed to select only those configurations that contributed to
improved predictive performance. The optimization process was configured with a lag search range of 1–12
months and a rolling window range of 2–6 months. In each trial, candidate lag values and rolling window
lengths were sampled, and leakage-free lag and rolling statistical features were generated accordingly. The
model was then trained and evaluated using a rolling-origin time-series cross-validation scheme to ensure
temporal consistency.

The optimization objective was defined as minimizing the mean absolute error (MAE) of the out-of-
sample predictions. A Tree-structured Parzen Estimator (TPE) sampler with a fixed random seed (42) was
used for the search process, and the optimization was conducted for 50 trials, after which the configuration
yielding the lowest MAE was selected as the final temporal feature setting. In this study, lag and rolling
statistical features were generated for both the explanatory variables and the target variable (monthly
electricity load).

4.3 Error Analysis
The primary objective of the error analysis step was to enable loss-weight adjustment for a targeted

performance improvement. After initial training, the absolute errors between the predicted and actual values
for each month of the evaluation year (2024) were calculated. Months whose errors exceed the overall average
error were identified as “vulnerable months” and collected into the set V .
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Set V was determined once, based on the baseline evaluation, and remained fixed throughout the
retraining process, ensuring that the identification of vulnerable months was not influenced by later model
adjustments. The tuning of loss weights for these months was performed using only the training dataset
(2022–2023) without referencing the evaluation year (2024), thereby preserving temporal consistency and
avoiding data leakage.

For each month in V , an equal additional weight was applied to the loss function during retraining,
increasing the emphasis of the model on reducing the prediction errors for these months. The magnitude
of the weight adjustment was determined using a grid search. The magnitude of the weight adjustment was
determined via a grid search over the candidate set [None, 1.5, 2.0, 3.0, 4.0, 5.0]; the results are presented in
the Experiment section.

After retraining, the model was reevaluated on the 2024 dataset, measuring both the overall per-
formance metrics and month-level improvements within V . We used this approach to ensure that the
effectiveness of the weighting strategy was validated not only in terms of overall accuracy, but also for specific
months in which the model initially exhibited poor performance.

4.4 SHAP-Guided Feature Construction
Following the loss-weight adjustment and model evaluation, SHAP analysis was conducted to identify

the dominant factors contributing to the remaining prediction errors. In this study, SHAP-in-the-loop refers
to a refinement procedure in which SHAP-based explanation is explicitly incorporated into the model
improvement pipeline rather than used solely for post-hoc interpretation. Specifically, SHAP analysis is
triggered after the weighted lag/rolling model is evaluated and residual prediction errors are analyzed.

Unlike the previous error analysis stage, which considered all months whose absolute errors exceeded
the overall average, the SHAP-guided procedure focuses on the single month exhibiting the largest prediction
error in the evaluation period (2024). For this selected month, SHAP values are computed for the correspond-
ing prediction, and the feature with the largest absolute SHAP contribution is identified as the dominant
error-related variable. Importantly, SHAP values are computed for predictions generated in the evaluation
stage of the rolling-origin validation rather than on the training data, thereby reducing the risk of information
leakage in the SHAP-guided feature construction process. In the present implementation, SHAP analysis is
performed once per refinement cycle, targeting only the highest-error month to maintain methodological
simplicity and interpretability.

An interaction feature is then created between this top-contributing feature and the selected month. This
is implemented by multiplying the feature values by a binary indicator representing whether the observation
belongs to the target month, thereby capturing the month-specific influence of that feature. Although the
implementation can support multiple feature–month interaction pairs, this study adopts a conservative
single-pair design, consisting of the highest-error month and its most influential SHAP-identified feature.
This choice was made to preserve interpretability and to avoid excessive feature proliferation, which may
increase model complexity and overfitting risk in a relatively small monthly dataset. In this study, the
feature identified by SHAP for the highest-error month was Total Electricity Monthly Average (lag12),
which exhibited the largest absolute SHAP contribution to the prediction error. The interaction feature
was therefore constructed using this variable and the corresponding month indicator. This targeted feature
construction strategy prioritizes the most influential error-related factor while maintaining a parsimonious
and interpretable model structure.

The newly created interaction feature is appended to the training set, and the model is retrained using
the same loss-weight adjustment scheme used in the initial training phase. This procedure enables the
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model to explicitly capture the interaction between a critical feature and the month most prone to large
prediction errors, thereby reducing targeted prediction bias while maintaining temporal consistency in
the training process. The overall SHAP-in-the-loop refinement procedure, including the trigger condition,
feature selection mechanism, and retraining step, is summarized in Algorithm 1.

Algorithm 1: SHAP-in-the-loop month-conditioned refinement
Require: Monthly dataset D = {(xt, yt, mt)} T=1

t=1
Ensure: Final forecasting model f *
1: Generate lag and rolling features using past observations only
2: Train baseline XGBoost model and compute month-wise absolute errors
3: Identify vulnerable months with above-average errors
4: Apply higher loss weights to vulnerable months and retrain the model
5: Select the month m* with the largest residual error
6: Compute SHAP values for the prediction corresponding to m*
7: Select the feature j* with the largest absolute SHAP contribution
8: Create interaction feature zt = xt,,j* ⋅ 1 (mt = m*)
9: Retrain the model using the augmented feature set
10: Evaluate the final model
11: return f *

4.5 Regression Model
In this study, a prediction model is implemented using Extreme Gradient Boosting (XGBoost) regres-

sion, which is a tree-based ensemble method based on gradient boosting. Given a dataset {(xi , yi)}N
i=1, the

model aims to find an additive function FM (x) comprising M regression trees fm ∈ F , whereF denotes the
space of regression trees as shown in Eq. (1):

FM (x) = ∑
M
m=1 fm (x) , fm ∈ F , (1)

The optimization objective combines the training loss l(yi , ŷi) and a regularization term Ω ( fm) to
control model complexity as shown in Eq. (2):

L = ∑
N
i=1 l (yi , ŷi) +∑

M
m=1 Ω ( fm) , Ω ( f ) = γT + 1

2
λ∣w∣2, (2)

where T is the number of leaves, w is the leaf weight vector, and γ and λ are regularization parameters.
Both the initial model training after error analysis and the retraining after SHAP-guided feature

construction employed Optuna for hyperparameter optimization. The search space included 300–900
estimators, learning rates from 0.01 to 0.3, maximum tree depths of 3–8, minimum child weights of 1.0–10.0,
subsample and column-sampling ratios between 0.6 and 1.0, L1 and L2 regularization terms α and λ from 0.0
to 1.0 and 0.5 to 3.0, respectively, and γ values between 0.0 and 5.0. The optimization results are presented in
detail in the Experiment section.

4.6 Model Training and Evaluation Methodology
We evaluate all the stages using a one-step-ahead rolling-origin procedure with an expanding training

window. Let t indicate the index months. Starting with a warm-up period of 12 months, at each step t the
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model is trained on {1, . . . , t − 1} and predicts yt . This generates an out-of-sample sequence of month-ahead
predictions without look-ahead. Therefore, the protocol is leakage-free and aligned with how the rolling lag
and rolling-window features are constructed from past observations only.

To focus learning on prediction-vulnerable months when needed, we allow timestamp-dependent
sample weights during fitting. If a weighting function is supplied, the per-sample weights are computed from
the training indices and passed to the learner; otherwise, uniform weights are used.

The performance is reported for the concatenated out-of-sample predictions using the root mean
squared error (RMSE), mean absolute error (MAE), coefficient of determination (), and mean absolute
percentage error (MAPE). RMSE and MAE are expressed in the original units of electricity demand (MWh),
whereas MAPE is reported as a percentage.

We also compute monthly summaries to analyze where improvements occur across the three stages
(baseline, lag and rolling feature construction, and SHAP-guided interaction construction).

5 Experiment and Discussion
This section presents the experimental setup, including the optimized feature augmentation and loss

weight adjustment, as well as the optimized hyperparameters for both model training and retraining. We
then provide a performance evaluation and detailed analysis of the proposed model.

5.1 Experimental Setup
Table 1 lists the optimization results of the feature augmentation criteria, month-specific loss weights,

and hyperparameters used in this study.

Table 1: Optimization results for feature augmentation criteria and model hyperparameters.

Category Parameter Optimal Value

Feature engineering

Lag length: 12
Rolling window size: 3

SHAP-guided Interaction feature:
Total Electricity monthly average (lag12) ×Months 8

Error analysis & weight adjustment Target Months: 5, 8, 9, 11
Loss weight applied to target months: 4 (others = 1)

XGBoost hyperparameters

Initial Training Retraining

n_estimators: 400 n_estimators: 300
learning_rate: 0.2 learning_rate: 0.3

max_depth: 6 max_depth: 6
subsample: 0.7 subsample: 0.7

colsample_bytree: 1 min_child_weight: 10
min_child_weight: 10 colsample_bytree: 0.7

reg_alpha: 0.1 reg_alpha: 0.3
reg_lambda: 1 reg_lambda: 1

gamma: 3 gamma: 1
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The three key components of feature augmentation are as follows:

1. Lag length: The number of months of historical targets and explanatory variables were used as lag
features. A 12-month lag was selected to capture the long-term seasonal dependencies in electric-
ity demand.

2. Rolling window size: The size of the temporal averaging window was applied to lagged variables
to smooth short-term fluctuations while retaining trend information. The optimal tumor size was
determined to be three months.

3. SHAP-guided interaction feature: A month-conditioned interaction term was constructed by multiply-
ing the most influential feature (identified via SHAP analysis) by a binary indicator for the month with
the highest prediction error. Targeted feature engineering was designed to enhance the sensitivity of the
model to specific seasonal effects.

For loss weight adjustment, target months for which absolute prediction errors exceeded the overall
average error in the baseline evaluation were assigned higher weights during training to prioritize error
reduction. Specifically, May, August, September, and November were weighed at 4, whereas all other months
were weighed at 1. The optimal hyperparameters for both the initial training and retraining were obtained
using Optuna.

5.2 Baseline Model Performance
To validate the suitability of XGBoost for the integrated dataset used in this study, we conducted a

baseline performance comparison between XGBoost and a set of representative models, including both linear
regressors and other tree-based methods. The compared models included Linear Regression, Ridge, Lasso,
Random Forest, Support Vector Regression (SVR), LightGBM, and CatBoost. All models were trained using
the rolling-origin cross-validation scheme, and default hyperparameters were applied for a fair comparison.

The results listed in Table 2 demonstrate that XGBoost achieves competitive accuracy among tree-
based models. Among all the evaluated models, linear approaches (Linear Regression, Ridge, Lasso) perform
poorly, exhibiting high error values and negative R2 scores. The tree-based models generally deliver superior
results, with XGBoost achieving the best balance of RMSE, MAE, and R2, thereby justifying its selection as
the primary model for subsequent optimization and enhancement steps.

Table 2: Baseline regression performance on the integrated dataset (pre-optimization).

Model RMSE (×109) MAE R2 MAPE (%)
Linear regression 178.26 216,566.71 −10.138 13.431

Ridge 177.16 215,475.32 −10.069 13.362
Lasso 39.75 147,734.49 −1.483 9.354

Random forest 8.07 70,770.02 0.496 4.623
XGBoost 7.13 70,133.78 0.555 4.579

SVR 17.46 114,693.04 −0.091 7.386
LightGBM 16.92 113,658.38 −0.057 7.438
CatBoost 10.06 80,938.10 0.372 5.252

It should be noted that the baseline models were evaluated using standard default configurations to
provide a transparent comparison across different model families. Tree-based models such as Random Forest,
XGBoost, LightGBM, and CatBoost are inherently robust to feature scaling and nonlinear relationships,
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whereas purely linear models may be less suitable for capturing the complex interactions and seasonal
effects present in electricity demand data. Consequently, the negative R2 values observed for several linear
models mainly reflect the strong nonlinear characteristics of the forecasting problem rather than deficiencies
in preprocessing. Since the primary objective of this study is to evaluate the proposed SHAP-in-the-loop
refinement framework within a representative forecasting model, XGBoost was selected based on its stable
performance across the baseline comparisons.

5.3 Effect of Lag and Rolling Window Features
In this experiment, the XGBoost model is trained using the optimized hyperparameters listed

in Table 1. Table 3 compares the baseline model (with optimized hyperparameters only) with the models
incorporating lag and rolling window features, along with the loss weight adjustment derived from the
error analysis.

Table 3: Performance comparison of XGBoost baseline and enhanced models.

Model RMSE (×109) MAE R2 MAPE (%)
XGBoost (Baseline, tuned) 6.45 62,973.95 0.64 3.97
With Lag & rolling Features 2.50 44,479.18 0.86 2.86

As listed in Table 3, the optimized XGBoost baseline model achieves a better performance compared
with the default baseline listed in Table 2. However, after incorporating lag features, rolling window features,
and loss weight adjustment, the model performance improves substantially across all evaluation metrics. The
results demonstrate that adding lag and rolling window features, together with error-analysis-based weight
adjustment, significantly enhances the predictive performance of the model.

5.4 Effect of the SHAP-Guided Interaction Feature
To realize the final goal of the SHAP-in-the-loop framework, we incorporated a SHAP-guided interac-

tion feature into the model. Among the vulnerable months identified in the previous stage, August exhibited
the highest residual prediction error after applying lag and rolling features together with the loss-weight
adjustment scheme. Therefore, August was selected as the target month for SHAP-guided refinement.

As illustrated in Fig. 2, SHAP analysis revealed that Total Electricity Monthly Average (lag12) had
the largest contribution to the prediction error for this month. Based on this result, a month-conditioned
interaction feature defined as Total Electricity Monthly Average (lag12) × August was generated and
incorporated into the model. The model was then retrained using the optimized hyperparameters.

As listed in Table 4, the performance improves further compared with that of the previous step.
Although the gain is moderate, the results confirm that the SHAP-guided feature construction contributes
to additional error reduction and supports the intended in-the-loop process of the proposed method.
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Figure 2: Local SHAP explanation for the electricity load prediction in August 2024. The plot illustrates the contribu-
tion of the most influential features to the prediction for the selected observation. Positive SHAP values indicate factors
increasing the predicted load, while negative values indicate factors decreasing it. SHAP values are expressed in the
same unit as the prediction target (electricity load, MWh).

Table 4: Model performance with SHAP-guided interaction feature.

Model RMSE (×109) MAE R2 MAPE (%)
With SHAP-guided interaction feature 2.38 43,748 0.87 2.85

5.5 Comparative Analysis across Model Enhancement Steps
Fig. 3 shows the monthly absolute error profiles across the three model enhancement steps: the baseline

XGBoost model, the model with lag and rolling features, and the retrained model with SHAP-guided
interaction features. As shown in Fig. 3, the baseline model shows high variability with pronounced error
peaks, particularly in May, August, September, and November. By incorporating the lag and rolling features,
the error distribution becomes more stable, with overall reductions in both the mean and variance. Finally,
retraining with SHAP-guided interaction features leads to further error reduction, as reflected by the lower
average absolute error (green line), particularly in the months in which the baseline model previously exhibits
the highest errors.

To assess the reliability of the forecasting improvements, we analyzed the distribution of errors
obtained from the rolling-origin evaluation. Because this evaluation scheme generates multiple out-of-
sample forecasts across different time points, it enables the estimation of confidence intervals for the
forecasting metrics.
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Figure 3: Monthly absolute error comparison of baseline, lag/rolling, and retrained models.

Table 5 presents the forecasting performance of the baseline model and the proposed lag/SHAP-guided
model together with 95% confidence intervals estimated from the rolling-origin evaluation errors. The results
indicate that the proposed model consistently outperforms the baseline across all evaluation metrics. In
particular, the RMSE decreased from 88,320 (95% CI: 50,167–118,433) to 50,036 (95% CI: 38,809–59,743),
while the MAE decreased from 71,268 (36,650–105,887) to 44,479 (29,271–59,687). Similarly, the MAPE
improved from 4.69% (2.28–7.09) to 2.86% (1.89–3.84).

Table 5: Forecasting performance comparison with confidence intervals and relative improvement.

Model RMSE (95% CI) MAE (95% CI) MAPE (%) (95% CI)
Baseline 88,320 (50,167–118,433) 71,268 (36,650–105,887) 4.69 (2.28–7.09)

Lag/SHAP-guided model 50,036 (38,809–59,743) 44,479 (29,271–59,687) 2.86 (1.89–3.84)
Improvement (%) 67.9 37.6 38.9

To facilitate practical interpretation, the relative improvements are also reported in Table 5. Compared
with the baseline configuration, the proposed model achieved a 67.9% reduction in RMSE, a 37.6% reduction
in MAE, and a 38.9% reduction in MAPE, indicating substantial forecasting performance gains.

To further assess the reliability of these improvements, paired statistical tests were conducted on the
rolling-origin forecast errors across the common evaluation months. Although the proposed model consis-
tently produced lower errors in most forecasting windows, the statistical tests did not reach conventional
significance levels (p > 0.05), likely due to the relatively small number of rolling-origin evaluation points
(n = 12). Nevertheless, the consistent reduction in forecast errors together with narrower confidence intervals
suggests that the proposed SHAP-guided feature refinement contributes to improved forecasting stability.

It should also be noted that electricity demand in this study is measured in system-scale units (MWh)
for the entire national grid. Consequently, the numerical magnitude of the RMSE values appears large but
corresponds to realistic deviations in nationwide electricity demand forecasting.
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5.6 Model Interpretability
Fig. 4 shows the monthly variation in SHAP importance for the top 10 features extracted from the

retrained model. The results shown in Fig. 4 reveal distinct seasonal patterns: mobility-related indicators,
such as Total Domestic and Foreign Arrivals (rolling 3-month mean and max), exhibit high importance,
particularly during the summer and winter months, which are periods of peak energy demand. This suggests
that large-scale domestic and international travel, which is closely associated with tourism and holiday
seasons, substantially influence electricity consumption patterns.

Figure 4: Global SHAP importance of the top 10 features in the retrained model. Feature importance is measured as the
mean absolute SHAP value (mean(∣SHAP∣)) aggregated across the evaluation samples. Larger values indicate a stronger
overall contribution of the feature to the model predictions. SHAP values are expressed in the same unit as the target
variable (electricity load, MWh).

In contrast, Total Electricity Monthly Average (lag12) consistently contributes across months, reflecting
the strong role of historical seasonal demand in shaping future consumption trends. The lag-12 feature
effectively captures annual cyclicality, indicating that the consumption of past year remains a robust predictor
of current demand.

These findings show that the model learns not only from past electricity use but also from
mobility-driven changes, effectively capturing the interactions of seasonal demand cycles with broader socio-
economic activity. This improves the interpretability and highlights the practical importance of considering
both mobility and seasonality in electricity demand forecasting.

5.7 Limitations
Despite the promising results, this study has several limitations. First, the dataset covers only 36 months,

which represents a relatively short observation period for monthly electricity load forecasting. A longer
historical record could potentially capture additional structural demand changes and seasonal variability.

Second, although the proposed framework mitigates overfitting risks by introducing only a single SHAP-
guided interaction feature, the results may still be influenced by the limited data size. To assess model stability,
we employed a rolling-origin time-series validation scheme that repeatedly trains and evaluates the model
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using temporally ordered splits. This approach allows the model performance to be examined across multiple
forecasting windows while preserving temporal causality.

Third, the current implementation adopts a conservative single-pair SHAP-guided interaction strategy.
While the framework can be extended to construct multiple feature–month interaction terms, the present
study intentionally restricts the interaction construction to the most influential SHAP-identified feature in
the highest-error month. This design choice was made to maintain interpretability and to avoid excessive
feature proliferation in a relatively small dataset.

Finally, because SHAP explanations are inherently model-dependent, the interaction feature identified
in this study should be interpreted as a model-guided refinement rather than a definitive causal relationship
between variables.

Future studies may address these limitations by exploring richer interaction structures, such as multiple
SHAP-guided feature–month interactions, higher-order interaction terms, or model-driven interaction
discovery methods. In addition, systematic sensitivity or ablation analyses could be conducted to evaluate the
robustness of different feature-selection strategies. Furthermore, validating the proposed SHAP-in-the-loop
framework using longer historical time series or multi-regional datasets would help assess its generalizability
and robustness under varying data conditions.

6 Conclusion
This study proposes an explainability-in-the-loop framework for short-term electricity demand fore-

casting by integrating error analysis, feature engineering, and SHAP-based interpretation into the model
development pipeline. Starting from a baseline XGBoost model, we demonstrated that the inclusion of
lag and rolling window features, coupled with targeted loss weight adjustments for vulnerable months,
substantially improved predictive performance. Further enhancement was achieved by constructing SHAP-
guided interaction features, which helped the model capture the critical relationships between historical
consumption and external drivers of demand.

The experimental results confirmed that each stage of model refinement contributed to reduced error
and increased robustness, with the most significant improvements observed after combining temporal
features and error-driven weighting. Beyond predictive accuracy, the SHAP analysis provided valuable
interpretability by revealing the month-specific importance of mobility-related and seasonal features, thereby
offering insights into how electricity demand is shaped by both structural and socio-economic dynamics.

Overall, the findings highlight that explainable-feature-driven optimization can enhance both the accu-
racy and transparency of electricity demand forecasting models. This approach strengthens the reliability of
forecasts in practice and facilitates a deeper understanding of the underlying factors driving demand variabil-
ity. In conclusion, the proposed framework offers a data-driven solution for electricity demand forecasting in
practical settings. Future work may extend this framework to multi-regional datasets, incorporate real-time
mobility and climate indicators, and explore adaptive weighting strategies for further robustness.
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