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Abstract 
To address the significant nonlinear characteristics of energy economic demand time series, the complex 
coupling of multiple influencing factors, and the insufficient generalization ability of traditional 
prediction models, this paper proposes a time series prediction model for energy economic demand 
based on the integration of XGBoost and deep learning. First, the energy demand data, macroeconomic 
indicators, and meteorological variables are uniformly preprocessed and feature-enhanced to construct 
a multi-dimensional input system that includes lag features, sliding window features, and periodic 
features. Then, an improved XGBoost is used to mine nonlinear relationships within structured features, 
while a deep learning network extracts temporal dynamic features and long-term dependencies. A 
dynamic weight fusion mechanism is designed to achieve collaborative prediction of the two models. 
Finally, model performance is verified through comparative, ablation, robustness, and interpretability 
analyses. The experimental results show that the RMSE, MAE, and MAPE on the test set reach 28.74, 
21.52, and 2.83%, respectively, and the coefficient of determination (R²) reaches 0.983. Compared with 
the Transformer model, the MAPE is reduced by 32.8%, and compared with the traditional ARIMA 
model, it is reduced by 68.2%. Furthermore, under conditions of 20% outlier perturbation and 20% 
missing data, the model’s performance retention rates still reach 88.2% and 90.8%, respectively, 
demonstrating good stability and generalization ability. The research results show that the proposed 
integrated model can effectively improve the accuracy of energy economic demand prediction, 
providing reliable technical support for energy planning, load management, and smart energy decision-
making. 
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1. INTRODUCTION 
Energy economic demand forecasting plays a crucial role in modern energy management and 

economic planning [1]. With the rapid transformation of the global energy structure and the increasing 
consumption of electricity, natural gas, and renewable energy, accurate prediction of energy demand 
not only relates to energy supply security but also directly affects economic development decisions, 
energy pricing strategies, and environmental policies [2],[3]. In the energy system, uncertainties such 
as climate change, economic fluctuations, policy adjustments, and frequent emergencies make energy 
demand highly nonlinear and dynamically complex. Therefore, constructing a model that can accurately 
capture time series characteristics and has high prediction accuracy has become an important direction 
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in interdisciplinary research in energy science, economics, and data science. 

Traditional methods for energy demand forecasting include statistical models and single machine 
learning models. Statistical models such as ARIMA and SARIMA can fit the linear trends and 
seasonality of stationary time series well, but they have limited capability in modeling nonlinear 
fluctuations and complex multi-dimensional features [4],[5]. Single machine learning methods, such as 
XGBoost or deep learning networks, each have certain advantages, but when used alone, they still suffer 
from local overfitting or insufficient capture of long-term dependencies [6],[7],[8]. Moreover, the 
influence of multi-source heterogeneous data, external economic indicators, and meteorological 
variables on energy demand cannot be fully integrated by simple models, leading to unstable predictions 
under high volatility or abnormal events and failing to meet engineering application requirements. 

To address these challenges, this paper proposes an energy economic demand time series prediction 
model based on the fusion of XGBoost and deep learning. The innovation lies in combining the strong 
learning ability of XGBoost for structured features and nonlinear relationships with the capturing ability 
of deep learning for long-term dependencies and dynamic changes in time series, to achieve accurate 
prediction of complex energy demand sequences. At the same time, the model has been optimized in 
structure, including the introduction of multi-layer nested deep networks and attention mechanisms, to 
fully utilize the contextual information of the time series. At the algorithm level, through adaptive 
learning rates, dynamic weight adjustments, and feature enhancement strategies, the model's response 
ability to different time periods and different external variables is strengthened. Additionally, this paper 
performs specific processing on time series characteristics, including lag features, sliding window 
statistics, and periodic feature encoding, to further improve the model's prediction accuracy in non-
stationary and periodic fluctuation scenarios. These innovative methods not only break through the 
limitations of existing single models but also provide a scalable, interpretable, and highly accurate 
solution for energy economic demand forecasting. 

2. DATA AND FEATURE ENGINEERING 
In the process of constructing a time series prediction model for energy economic demands, data 

and feature engineering are the core fundamental steps. The data used in this paper mainly come from 
the National Energy Administration, power trading platforms, and macroeconomic statistical databases, 
and are supplemented by daily or monthly observational data on temperature and precipitation provided 
by the meteorological department. These data often contain noise and outliers, and there are also missing 
values. Therefore, preprocessing is an essential first step [9]. For time series smoothing, this paper 
adopts the Exponentially Weighted Moving Average (EWMA) method to reduce the impact of sudden 
abnormal fluctuations [10],[11]. The formula is as follows: 

𝑦𝑦�𝑡𝑡 = 𝛼𝛼𝑦𝑦𝑡𝑡 + (1 − 𝛼𝛼)𝑦𝑦�𝑡𝑡−1 (1) 

Among them, 𝑦𝑦�𝑡𝑡  represents the smoothed energy demand value after smoothing, 𝑦𝑦𝑡𝑡  is the 
original observation value, and 𝛼𝛼 is the smoothing coefficient, with the range of 0 < 𝛼𝛼 < 1, used to 
control the weight ratio of the new observation value to the historical value. Outliers are identified using 
the three-sigma rule (three times the standard deviation criterion). For points in the sequence that deviate 
from the mean by more than three standard deviations, the mean of neighboring time points or linear 
interpolation is used for correction to ensure continuity of the time series and stability of the model 
input. The missing value imputation strategy prioritizes the mean of historical period data, 
supplemented by temporal interpolation. For sequences with obvious seasonality, segmented smoothing 
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imputation can also be adopted to ensure that the imputed data are reasonable and do not disrupt the 
original trend. 

In the feature construction and selection stage, this paper not only uses the original energy demand 
sequence, but also introduces macroeconomic indicators (such as industrial production index, GDP 
growth rate) and external meteorological variables (average temperature, precipitation) as auxiliary 
features to enhance the model’s ability to explain changes in energy demand [12],[13],[14]. In terms of 
the characteristics of the time series, this paper further generates lag features and sliding window 
features. Let the energy demand time series be 𝐷𝐷𝑡𝑡 , and its lag features can be expressed as 
𝐷𝐷𝑡𝑡−1,𝐷𝐷𝑡𝑡−2, … ,𝐷𝐷𝑡𝑡−𝑘𝑘 , which are used to capture short-term dependencies; the sliding window mean 
feature is defined as: 

MA𝑡𝑡
𝑘𝑘 =

1
𝑘𝑘
�𝐷𝐷𝑡𝑡−𝑖𝑖

𝑘𝑘−1

𝑖𝑖=0

(2) 

Among them, MA𝑡𝑡
𝑘𝑘  represents the 𝑘𝑘 -period moving average at the current time 𝑡𝑡 , which can 

effectively reflect the local trend and seasonal fluctuations. Additionally, for time series with obvious 
daily or monthly cycles, periodic encoding can be introduced, such as the sine and cosine 
transformations of months/seasons: 

SinMonth𝑡𝑡 = sin �
2𝜋𝜋𝑚𝑚𝑡𝑡

12
� , CosMonth𝑡𝑡 = cos �

2𝜋𝜋𝑚𝑚𝑡𝑡

12
� (3) 

Here, 𝑚𝑚𝑡𝑡 represents the month to which time 𝑡𝑡 belongs. Such periodic characteristics help deep 
learning models capture the annual cycle variation patterns. 

To enhance the generalization ability of the model, this paper also performs data augmentation and 
normalization on the data [15],[16]. Data augmentation mainly includes injecting small Gaussian noise 
into the time series and randomly cropping sliding windows to generate more training samples to 
alleviate overfitting. Normalization processing adopts the min-max normalization method, mapping 
each feature to the interval [0, 1], as shown in the formula:  

𝑋𝑋𝑖𝑖′ =
𝑋𝑋𝑖𝑖 − 𝑋𝑋min
𝑋𝑋max − 𝑋𝑋min

(4) 

Here, 𝑋𝑋𝑖𝑖  represents the original feature value, 𝑋𝑋min  and 𝑋𝑋max  respectively denote the 
minimum and maximum values of this feature, and 𝑋𝑋𝑖𝑖′ is the normalized value. This processing not 
only standardizes the feature dimensions but also optimizes the gradient update process of the deep 
learning network, while ensuring the stability of the XGBoost splitting decision. Through the above 
systematic data cleaning, feature engineering and enhanced normalization processing, this paper 
provides a high-quality and quantifiable input foundation for the subsequent XGBoost and deep 
learning fusion model, providing a solid guarantee for prediction accuracy and model robustness. 

3. MODEL METHODOLOGY 
In the time series prediction of energy economic demand, the integration of XGBoost and deep 

learning provides a powerful tool for capturing complex nonlinear patterns [17]. First, for the 
improvement of XGBoost, we base it on the Gradient Boosting Tree (GBT) method and apply it to time 
series prediction [18]. The traditional GBT builds weak learners iteratively to minimize the objective 
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function, and the prediction output can be expressed as: 

𝑦𝑦�𝑡𝑡 = � 𝑓𝑓𝑚𝑚

𝑀𝑀

𝑚𝑚=1

(x𝑡𝑡),𝑓𝑓𝑚𝑚 ∈ ℱ (5) 

Where 𝑦𝑦�𝑡𝑡 represents the predicted value, x𝑡𝑡 is the feature vector at time 𝑡𝑡, and ℱ represents 
the regression tree function space. To enhance the modeling ability of XGBoost for time-dependent 
relationships, we introduce an adaptive learning rate 𝜂𝜂𝑚𝑚 to dynamically adjust the contribution weight 
of each tree: 

𝑦𝑦�𝑡𝑡 = � 𝜂𝜂𝑚𝑚

𝑀𝑀

𝑚𝑚=1

𝑓𝑓𝑚𝑚(x𝑡𝑡) (6) 

The adaptive learning rate is automatically adjusted based on the residual change in the previous 
iteration, enabling the model to fit quickly in high-volatility periods and suppress overfitting in stable 
periods [19]. Additionally, time-related features are enhanced through lag terms, sliding window means, 
and periodic encoding, allowing the tree structure to fully utilize the sequential time-dependent 
information at the splitting nodes and optimize the splitting criteria, including a combined strategy 
based on mean squared error (MSE) and weighted information gain, to improve prediction accuracy 
and stability [20],[21],[22]. 

In the design of the deep learning module, we comprehensively consider LSTM, GRU, and 
Transformer structures and select a multi-layer LSTM combined with an attention mechanism as the 
core time series module [23]. LSTM can capture long-term dependencies. Its basic update formulas are 
as follows: 

𝑓𝑓𝑡𝑡 = 𝜎𝜎(𝑊𝑊𝑓𝑓 ⋅ [ℎ𝑡𝑡−1, 𝑥𝑥𝑡𝑡] + 𝑏𝑏𝑓𝑓)
𝑖𝑖𝑡𝑡 = 𝜎𝜎(𝑊𝑊𝑖𝑖 ⋅ [ℎ𝑡𝑡−1, 𝑥𝑥𝑡𝑡] + 𝑏𝑏𝑖𝑖)
𝑜𝑜𝑡𝑡 = 𝜎𝜎(𝑊𝑊𝑜𝑜 ⋅ [ℎ𝑡𝑡−1, 𝑥𝑥𝑡𝑡] + 𝑏𝑏𝑜𝑜)
𝐶̃𝐶𝑡𝑡 = tanh(𝑊𝑊𝑐𝑐 ⋅ [ℎ𝑡𝑡−1, 𝑥𝑥𝑡𝑡] + 𝑏𝑏𝑐𝑐)
𝐶𝐶𝑡𝑡 = 𝑓𝑓𝑡𝑡 ⊙ 𝐶𝐶𝑡𝑡−1 + 𝑖𝑖𝑡𝑡 ⊙ 𝐶̃𝐶𝑡𝑡
ℎ𝑡𝑡 = 𝑜𝑜𝑡𝑡 ⊙ tanh(𝐶𝐶𝑡𝑡)

(7) 

Where 𝑓𝑓𝑡𝑡 , 𝑖𝑖𝑡𝑡 , 𝑜𝑜𝑡𝑡 are the forget gate, input gate, and output gate, respectively, 𝐶𝐶𝑡𝑡 is the cell state, 
𝐶̃𝐶𝑡𝑡 is the candidate state, ⊙ represents element-wise multiplication, and ℎ𝑡𝑡 is the hidden state output. 
The multi-layer nested structure combined with the attention mechanism can enhance the model's 
perception ability of local and global temporal context and capture long-term dependencies. 

To fully utilize the advantages of XGBoost and deep learning, we propose a cascaded fusion and 
hybrid prediction framework. In feature-level fusion, the residuals or predicted features output by 
XGBoost are used as additional inputs to the deep learning network, forming an enhanced feature vector 
z𝑡𝑡 = [x𝑡𝑡 ,𝑦𝑦�𝑡𝑡𝑋𝑋𝑋𝑋𝑋𝑋]. In prediction result-level fusion, the outputs of the two models are integrated through 
a weighted method: 

𝑦𝑦�𝑡𝑡
𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 = 𝛼𝛼𝑦𝑦�𝑡𝑡𝑋𝑋𝑋𝑋𝑋𝑋 + (1 − 𝛼𝛼)𝑦𝑦�𝑡𝑡𝐷𝐷𝐷𝐷 (8) 

where 𝛼𝛼  is the dynamic weight coefficient, which can be adjusted in real time based on the 
performance of the validation set. To further optimize the fusion performance, this paper designs a joint 
loss function: 
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ℒ = 𝜆𝜆1ℒ𝑋𝑋𝑋𝑋𝑋𝑋 + 𝜆𝜆2ℒ𝐷𝐷𝐷𝐷 + 𝜆𝜆3ℒ𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 (9) 

Here, ℒ𝑋𝑋𝑋𝑋𝑋𝑋 and ℒ𝐷𝐷𝐷𝐷 represent the individual loss functions of the XGBoost and deep learning 
models, respectively, while ℒ𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓  is the loss function for the fused prediction. The coefficients 
𝜆𝜆1, 𝜆𝜆2, 𝜆𝜆3 serve as weights, enabling dynamic optimization of the contributions of different models in 
the overall prediction, thereby improving the accuracy and robustness of energy demand prediction. 
Through the above methodology design, this paper demonstrates significant advantages in capturing 
the nonlinear characteristics, long-term dependencies, and complex interaction relationships of time 
series data, providing a systematic and quantifiable model framework for subsequent experimental 
verification [24],[25]. 

4. MODEL TRAINING AND OPTIMIZATION 
In the training and optimization stage of the energy economy demand time series prediction model, 

dataset division is a fundamental and crucial step. This paper adopts a time series segmentation strategy 
to split the original data into training, validation, and test sets in chronological order to prevent 
information leakage and future data interfering with model training [26],[27]. The specific splitting ratio 
is 70% for training, 15% for validation, and 15% for testing. This ensures that the training set covers 
the main historical fluctuations, while the validation set is used for hyperparameter tuning, and the test 
set is used for the final model performance evaluation. In the time series, to maintain sequence 
continuity, the temporal order is preserved within each split segment to avoid random shuffling, thereby 
preserving historical dependency features. 

The design of the loss function during model training directly affects prediction accuracy and 
convergence speed. For the regression-type energy demand prediction problem, we use mean squared 
error (MSE) as the core loss function: 

ℒ𝑀𝑀𝑀𝑀𝑀𝑀 =
1
𝑁𝑁
�(
𝑁𝑁

𝑡𝑡=1

𝑦𝑦�𝑡𝑡 − 𝑦𝑦𝑡𝑡)2 (10) 

Among them, 𝑦𝑦�𝑡𝑡 represents the model's predicted value, 𝑦𝑦𝑡𝑡 represents the actual energy demand 
value, and 𝑁𝑁  is the number of samples. Under the framework of the fusion model, the joint loss 
function is defined as: 

ℒ𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗 = 𝜆𝜆1ℒ𝑋𝑋𝑋𝑋𝑋𝑋 + 𝜆𝜆2ℒ𝐷𝐷𝐷𝐷 + 𝜆𝜆3ℒ𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 (11) 

The meanings of each part correspond to the loss of the XGBoost single model, the loss of the deep 
learning model, and the fusion output loss, and 𝜆𝜆𝑖𝑖  is the adjustable weight coefficient. For the 
optimization algorithm, the XGBoost part uses second-order gradient-weighted optimization, and the 
deep learning module adopts the Adam optimizer. Its parameter update formula is: 

𝜃𝜃𝑡𝑡+1 = 𝜃𝜃𝑡𝑡 − 𝜂𝜂
𝑚𝑚�𝑡𝑡

�𝑣𝑣�𝑡𝑡 + 𝜖𝜖
(12) 

Among them, 𝜃𝜃𝑡𝑡  represents the model parameters, 𝜂𝜂  is the learning rate, 𝑚𝑚�𝑡𝑡  and 𝑣𝑣�𝑡𝑡  are the 
first-order and second-order moment estimations respectively, and 𝜖𝜖  is a small constant to prevent 
division by zero. This algorithm ensures the stability of the training process while adaptively adjusting 
the gradient step size. 
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To prevent overfitting, we introduce regularization strategies, including L1 and L2 regularization 
and dropout [28]. For the deep learning part, a dropout rate $p$ is applied to randomly deactivate a 
portion of neurons in the hidden layers to reduce the model’s dependence on specific inputs. The 
XGBoost tree model controls the risk of overfitting through maximum depth limitation, minimum 
number of samples per split, and tree structure complexity regularization. For hyperparameter tuning, 
we adopt a multi-strategy combination method: grid search is used for preliminary screening of 
important parameters, Bayesian optimization intelligently explores the parameter space via a 
probabilistic model, and evolutionary algorithms are used for global optimization of combined 
parameters, with the goal of minimizing the joint loss function on the validation set. Through this multi-
strategy optimization, the optimal configuration of the model can be efficiently found [29]. 

In terms of computational efficiency, the training process fully utilizes parallelization technology. 
Feature splitting in XGBoost can be performed in parallel on multi-core CPUs, while the deep learning 
part accelerates matrix operations and batch gradient calculations using GPU acceleration to speed up 
training on large-scale time series data. In addition, batch normalization and gradient accumulation 
mechanisms further improve training stability and convergence speed. Through the above training and 
optimization methods, this paper ensures that the model has both high accuracy prediction capability 
and computational efficiency and generalization performance in complex energy economic time series, 
providing a robust foundation for subsequent experimental verification [30],[31]. 

5. EXPERIMENTAL DESIGN AND VALIDATION 
To comprehensively verify the effectiveness of the proposed XGBoost-Deep Learning Fusion 

(XDLF) model in energy economic demand prediction, this paper constructs a multi-level experimental 
system and conducts verification from four perspectives: prediction accuracy, generalization ability, 
robustness, and interpretability. The experimental environment uses an Intel Xeon Gold 6330 processor, 
an NVIDIA RTX 4090 GPU, and Python 3.11. The XGBoost version is 2.0.3, and the PyTorch version 
is 2.2.0. The dataset consists of energy economic demand-related data from 2015 to 2024. The training, 
validation, and test sets are split chronologically into 70%, 15%, and 15%, respectively, ensuring that 
the experiment conforms to real prediction scenarios. 

To quantify model performance, we use root mean square error (RMSE), mean absolute error 
(MAE), mean absolute percentage error (MAPE), and the coefficient of determination (𝑅𝑅2 ) as 
evaluation metrics [32],[33],[34],[35],[36],[37],[38],[39],[40]. 

RMSE is defined as: 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �
1
𝑁𝑁
�(
𝑁𝑁

𝑖𝑖=1

𝑦𝑦𝑖𝑖 − 𝑦𝑦�𝑖𝑖)2 (13) 

Among them, 𝑦𝑦𝑖𝑖 represents the true value, 𝑦𝑦�𝑖𝑖 represents the predicted value, and 𝑁𝑁 represents 
the number of samples. The smaller the RMSE, the lower the overall prediction error of the model. 

The MAE is defined as: 

𝑀𝑀𝑀𝑀𝑀𝑀 =
1
𝑁𝑁
� ∣
𝑁𝑁

𝑖𝑖=1

𝑦𝑦𝑖𝑖 − 𝑦𝑦�𝑖𝑖 ∣ (14) 
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It is used to measure the average deviation degree between the predicted value and the true value. 

The MAPE is defined as: 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 =
100%
𝑁𝑁

� ∣
𝑦𝑦𝑖𝑖 − 𝑦𝑦�𝑖𝑖
𝑦𝑦𝑖𝑖

∣

𝑁𝑁

𝑖𝑖=1

(15) 

Reflects the proportion of prediction error relative to the true value. 

The coefficient of determination is defined as: 

𝑅𝑅2 = 1 −
� (𝑁𝑁

𝑖𝑖=1 𝑦𝑦𝑖𝑖 − 𝑦𝑦�𝑖𝑖)2

� (𝑁𝑁
𝑖𝑖=1 𝑦𝑦𝑖𝑖 − 𝑦̄𝑦)2

(16) 

Here, 𝑦̄𝑦 represents the sample mean. The closer 𝑅𝑅2 is to 1, the stronger the model's fitting ability 
is. 

To visually demonstrate the differences in prediction capabilities among the models, a comparative 
experiment was conducted, as shown in Figure 1. 

 

Figure 1. Comparison of MAPE for Different Models 

The traditional statistical models ARIMA and SARIMA can capture the trend changes of time 
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series, but they have limited ability to represent complex nonlinear features, with their MAPE reaching 
8.91% and 7.84%, respectively. Using XGBoost alone, the error decreased to 5.12%, indicating that the 
tree model has a strong learning ability for multi-dimensional features. LSTM and Transformer further 
reduced the prediction error, with Transformer reaching 4.21%. In contrast, the MAPE of the proposed 
fusion model is only 2.83%, which is 32.8% lower than that of Transformer and 44.7% lower than that 
of XGBoost, verifying the significant advantages of the fusion architecture in complex energy demand 
prediction tasks. To further quantify the comprehensive performance of each model, Table 1 presents 
detailed experimental results. 

Table 1. Comparison of RMSE, MAE, and R² among different models 

Model RMSE MAE R² 

ARIMA 85.43 68.21 0.887 

SARIMA 77.62 61.53 0.901 

XGBoost 52.17 40.28 0.944 

LSTM 48.36 36.94 0.952 

Transformer 43.15 33.71 0.961 

XDLF（proposed） 28.74 21.52 0.983 

This model achieved the best results in all evaluation metrics. Among them, the RMSE was reduced 
to 28.74, which decreased by 33.4% compared to Transformer and 66.4% compared to ARIMA; the 
coefficient of determination reached 0.983, indicating that the model could explain 98.3% of the 
demand change information. The experimental results show that XGBoost's ability to mine structured 
features and the learning ability of deep learning for time series dynamic features form an effective 
complement, thereby significantly improving the prediction accuracy. 

To further verify the importance of each component module, we design ablation experiments. The 
time feature enhancement module, feature fusion module, and dynamic weight fusion module were each 
removed to observe the resulting changes in model performance. The final output of the fusion model 
is as follows: 

𝑦𝑦�𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 = 𝑤𝑤𝑡𝑡𝑦𝑦�𝐷𝐷𝐷𝐷 + (1 −𝑤𝑤𝑡𝑡)𝑦𝑦�𝑋𝑋𝑋𝑋𝑋𝑋 (17) 

Among them, 

0 ≤ 𝑤𝑤𝑡𝑡 ≤ 1 (18) 

Representing the dynamic weight factor, 𝑦𝑦�𝐷𝐷𝐷𝐷 represents the deep learning prediction result, and 
𝑦𝑦�𝑋𝑋𝑋𝑋𝑋𝑋 represents the XGBoost prediction result. To explore the contribution of each module to model 
performance, we designed ablation experiments by removing the time encoding enhancement, feature-
level fusion, and dynamic weight mechanism, respectively. The results are shown in Table 2. 
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Table 2. Results of the ablation experiment 

Model structure RMSE MAPE (%) R² 

Removed module time encoding enhancement 36.52 3.97 0.972 

Remove feature-level fusion 34.88 3.65 0.975 

Remove dynamic weight mechanism 32.64 3.31 0.978 

Complete model 28.74 2.83 0.983 

The time encoding enhancement module contributed the most, with the MAPE increasing by 40.3% 
after its removal. The dynamic weight fusion mechanism contributed secondarily, with the error 
increasing by 17.0%. This indicates that energy demand data not only exhibit obvious temporal 
dependence but also show a phenomenon of phased feature migration. The dynamic weight mechanism 
can automatically adjust the contribution degrees of the two models according to different time periods. 

In the robustness experiment, we artificially injected different levels of outliers, missing values, 
and unexpected disturbances into the test set to evaluate the model’s stability. The robustness retention 
rate is defined as:  

𝑅𝑅𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 =
𝑀𝑀𝑀𝑀𝑀𝑀𝐸𝐸𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛
𝑀𝑀𝑀𝑀𝑀𝑀𝐸𝐸𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑

× 100% (19) 

Here, 𝑀𝑀𝑀𝑀𝑀𝑀𝐸𝐸𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛  represents the error of the normal test set, while 𝑀𝑀𝑀𝑀𝑀𝑀𝐸𝐸𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 represents 
the error after disturbance. To comprehensively evaluate the performance of the model in a real and 
complex environment, we tested the model's robustness under different interference conditions, and the 
results are shown in Figure 2. 

 

Figure 2. Robustness of the model under different interference conditions 
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Even under 20% outlier perturbation, the model still maintains a performance retention rate of 
88.2%. When confronted with non-stationary events such as sudden fluctuations in energy prices, the 
retention rate still reaches 87.6%, indicating that the integrated model has strong noise resistance and 
generalization ability. This is mainly attributed to the tolerance of XGBoost for abnormal samples and 
the learning ability of the deep network for long-term trends. 

In addition to the verification of prediction performance, model interpretability is also an important 
requirement in the field of energy economics. To reveal the model’s decision-making mechanism, we 
use the SHAP (SHapley Additive exPlanations) method to analyze the contribution of each feature. For 
a single sample, the SHAP value is defined as: 

𝜙𝜙𝑖𝑖 = �
∣ 𝑆𝑆 ∣ ! (∣ 𝐹𝐹 ∣ −∣ 𝑆𝑆 ∣ −1)!

∣ 𝐹𝐹 ∣ !
𝑆𝑆⊆𝐹𝐹∖{𝑖𝑖}

[𝑓𝑓(𝑆𝑆 ∪ {𝑖𝑖}) − 𝑓𝑓(𝑆𝑆)] (20) 

Among them, 𝜙𝜙𝑖𝑖 represents the contribution value of feature i; 𝐹𝐹 represents the entire feature 
set; 𝑆𝑆 represents the feature subset; 𝑓𝑓(⋅) represents the model output. To explain the intrinsic driving 
factors of the model’s prediction results, we used the SHAP method to conduct an importance analysis 
of each feature. The results are shown in Table 3. 

Table 3. SHAP feature importance analysis 

Characteristic name SHAP mean 

Historical energy demand 0.286 

Industrial production index 0.221 

GDP growth rate 0.174 

Average temperature 0.146 

Electricity price index 0.103 

Precipitation 0.070 

Historical energy demand contribution was the highest, accounting for 28.6% of the overall impact. 
The industrial production index and GDP growth rate accounted for 22.1% and 17.4%, respectively, 
indicating that macroeconomic activities are important drivers of changes in energy demand. 
Temperature and electricity price indices demonstrated a significant auxiliary regulatory effect. 
Additionally, through attention weight visualization, it was found that the model assigned high attention 
weights to the corresponding moments of the previous three and twelve months when predicting the 
current month’s demand, verifying the time-dependent characteristic of the combined effect of short-
term and annual cycles. 

From the above experimental results, it can be concluded that the proposed XGBoost and deep 
learning fusion model not only significantly outperforms traditional statistical models and single 
machine learning models in prediction accuracy, but also maintains strong stability in complex 
disturbance environments. At the same time, the SHAP interpretation results are highly consistent with 
the laws of energy economics, proving that the model has good engineering application value and 



11 

decision support capabilities. 

6. DISCUSSION 
After experimental verification of the energy economic demand time series prediction model based 

on the integration of XGBoost and deep learning, the discussion focuses on an in-depth analysis of the 
model’s performance, application potential, and limitations. First, from the experimental results, the 
integrated model significantly outperforms traditional statistical models and single machine learning 
models in prediction accuracy, especially in handling complex nonlinear fluctuations and multi-
dimensional feature interactions. This indicates that XGBoost can fully exploit the nonlinear 
relationships of structured economic and environmental indicators, while the deep learning network 
further enhances the model’s generalization ability and robustness by capturing long-term dependencies 
and temporal dynamic frequencies and temporal dynamic features. The ablation experiments show that 
feature enhancement and dynamic weight mechanisms are the key to improving the model's 
performance, which validates the importance of fully leveraging historical dependencies and phased 
changes in time series prediction. 

Secondly, the performance of the model in terms of robustness is also worthy of attention. In the 
face of outliers, missing data, and sudden event disturbances, the integrated model can maintain high 
prediction accuracy and stability, mainly due to the complementary characteristics of the two models. 
XGBoost's tolerance to abnormal samples and the modeling ability of deep learning for trends and 
periodic features enable overall prediction to remain reliable in high-noise and non-stationary 
conditions. However, it is worth noting that the model still has certain errors in extreme events or 
extreme economic fluctuations, which suggests that future research can introduce reinforcement 
learning or Bayesian dynamic adjustment mechanisms to enhance the model's adaptability to unknown 
events. 

From the perspective of application value, this integrated model is not only suitable for short-term 
energy demand prediction but also has certain medium- and long-term prediction potential. Its multi-
source feature integration ability and learning ability of nonlinear relationships enable it to provide 
reliable references in energy scheduling, load management, economic policy formulation, and 
renewable energy access prediction. Moreover, SHAP and attention weight analysis indicate that the 
model's decision-making mechanism is highly consistent with energy economics theory, enhancing the 
interpretability of the results and providing visual decision-making basis for policy makers and energy 
management departments, which is an advantage that single black box models cannot achieve. 

However, the model still has certain limitations. Firstly, the integrated structure is complex, and 
the training computational resources require high demands, which may limit its application in real-time 
prediction or low-resource environments. Secondly, feature selection and data preprocessing still rely 
on experience and expert knowledge, and the periodicity and accuracy of the acquisition of some 
external variables may affect the stability of the prediction. Finally, although the model performs well 
on historical data and known disturbances, it may still make errors when facing unknown types of 
external shocks. Therefore, future research can explore lightweight integrated models, online update 
mechanisms, and multi-source uncertainty modeling to further improve the model's usability and 
adaptability in actual energy management systems. Overall, this study demonstrates the effectiveness 
and application prospects of the XGBoost and deep learning integration strategy in energy economic 
demand prediction, and also provides clear directions for future optimization and expansion. 
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7. CONCLUSION 
This paper focuses on the significant nonlinear characteristics, complex time-dependent 

relationships, coupled multi-source influencing factors, and insufficient generalization ability of 
traditional prediction models in the process of energy economic demand forecasting. It proposes an 
energy economic demand time series prediction model based on the integration of XGBoost and deep 
learning. By integrating the efficient learning ability of the gradient boosting tree model for structured 
features with the modeling advantages of deep learning models for time series dynamic features and 
long-term dependencies, a prediction framework suitable for complex energy economic scenarios is 
constructed. In the model design process, time series feature enhancement mechanisms, multi-layer 
time series feature extraction structures, and dynamic fusion strategies are introduced, enabling the 
model to simultaneously learn the local fluctuation patterns and long-term evolution trends in the energy 
demand change process, thereby effectively improving the prediction performance. 

Based on the constructed dataset and experimental system, this paper systematically validates the 
proposed model. Experimental results show that the integrated model outperforms traditional statistical 
models and single machine learning models in multiple evaluation indicators such as RMSE, MAE, 
MAPE, and R². Compared with classic time series prediction methods such as ARIMA and SARIMA, 
this model can better handle the non-stationarity and non-linearity characteristics of energy demand 
data; compared with using XGBoost or deep learning models alone, the integrated architecture can fully 
leverage the advantages of different models and achieve a collaborative improvement in feature learning 
ability and prediction ability. Abandonment experiments further prove that the time feature 
enhancement mechanism, dynamic weight fusion mechanism, and multi-source feature collaborative 
modeling are important factors for improving prediction performance, and each component module has 
a positive contribution to the final result. 

In terms of model stability verification, this paper conducts in-depth analysis of the model's 
robustness by constructing experimental scenarios such as abnormal data perturbation, missing data 
interference, and sudden event impacts. The results show that the proposed model can maintain high 
prediction accuracy and strong anti-interference ability in complex environments, demonstrating good 
generalization performance and engineering adaptability. At the same time, through SHAP feature 
contribution analysis and attention weight visualization research, it is found that the important features 
that the model focuses on have a high consistency with the energy economic operation laws, indicating 
that the model not only has strong predictive ability but also has a certain degree of interpretability, 
providing reliable data support for energy management decisions. 

Overall, the XGBoost and deep learning integration prediction method proposed in this paper 
effectively addresses the limitations of traditional models in energy economic demand forecasting, 
achieving a deep integration of multi-source feature information, time series dependency relationships, 
and nonlinear mapping capabilities, providing a new research idea and technical path for the energy 
demand forecasting field. The research results show that this model has high application value and 
promotion potential in energy load forecasting, power market analysis, energy planning, and smart 
energy management. 

Future research can further explore directions such as lightweight model design, online incremental 
learning, multi-scale spatiotemporal feature fusion, and uncertainty prediction. On one hand, it can 
combine edge computing and real-time prediction requirements to reduce model computational 
complexity and improve deployment efficiency; on the other hand, more high-frequency dynamic data, 
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policy factors, and market behavior data can be introduced to build a more comprehensive energy 
economic prediction system. At the same time, by combining probability prediction and confidence 
interval estimation methods, the model's risk assessment ability and decision support ability in complex 
environments can be further enhanced, promoting the development of energy economic demand 
forecasting towards higher accuracy, stronger adaptability, and higher intelligence. 
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