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ABSTRACT

As the digital economy rapidly evolves, predicting its future trajectory faces challenges due to
data complexity and uncertainty. Existing prediction methods exhibit limitations in accuracy and
generalization when handling high-dimensional, multi-source heterogeneous data. To address these
shortcomings, this paper proposes a Bayesian network-based model for forecasting digital economy
development (BTDE-Net). The model leverages the causal inference and uncertainty quantification
capabilities of Bayesian Neural Networks (BNN) and employs the Transformer architecture to capture
complex dynamic features in time series data. Additionally, the Differential Evolution (DE) algorithm
is used for hyperparameter optimization, enhancing the model's stability and predictive performance.
Experimental results demonstrate that BTDE-Net outperforms mainstream models on the IMF WEO
and World Bank Open Data datasets, achieving MAE values of 1.4 and 1.45, RMSE values of 2.05
and 2.1, and R? values of 0.94 and 0.93, respectively. This research significantly improves the
accuracy and robustness of digital economy forecasting, providing a more reliable decision-making

tool for policymakers.

Keywords: Bayesian neural network; Digital economy forecasting; Transformer architecture; Time

series analysis; Differential evolution algorithm

1. Introduction

The speed and volume of the digital economy have grown considerably with the ongoing
technological advancement in information technology and the consistent improvement of digital
infrastructure that creates far-reaching and long-term effects on many sectors of the society, such as
finance, manufacturing, healthcare, and education[1, 2]. Besides the progress in information and
communication technologies, the emergence of the digital economy is also conditioned by a great
number of factors, including regulatory policies, market demand, investment trends, technological
innovations, and the intensity of global supply chains[3, 4]. These forces are intertwined and they
develop complex nonlinear dynamic correlations which make it significantly harder to predict with

great accuracy the direction the digital economy will take. Besides, the digital economy is exposed to
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many threats such as data privacy, cybersecurity, and platform monopoly, which bring an element of
unpredictability and danger to the development trajectory[5]. Thus, the question of how to predict the
future trends of the digital economy scientifically, properly evaluate its possible growth, risks,
opportunities, etc. appears to be an urgent problem that requires immediate consideration by
economists, policymakers, and the representatives of this industry[6-8]. The given issue is especially
acute and urgent in the context of the accelerating process of globalization and integration of the
regions not only to improve the national competitiveness but also to influence the global economic
restructuring and the social welfare in the most significant ways[9, 10]. The thorough and precise
predictions will help governments and businesses develop more precise strategic decisions, enhance
the efficiency of resource distribution, and enhance the sustainable growth of the digital economy][11,
12]. Academia and industry have suggested different methods and models in the prediction of the
tendency of the digital economy development in order to discover the driving factors behind it and
the intricate dynamic changes. Conventional statistical techniques and classical models of machine
learning such as time series analysis, regression models and support vector machines (SVMs) have
been widely used in earlier studies and they have demonstrated plausible predictive accuracy where
the volumes of data are small and the structure of data are well defined[13-15]. Predicting future
economic variations have been done using time series analysis techniques which predominantly made
use of ARIMA and GARCH models to analyze the trends in historical data especially in single
variable, and in stationary time series data[16, 17]. Regression analysis helps to define relationships
between independent and dependent variables based on linear or nonlinear equations, which expose
the existence of correlations between the main economic indicators[18, 19]. Concurrently, SVMs as
supervised learning models, which are founded on statistical learning theory, have been demonstrated
to be effective in the small sample size as well as have steadily increased their use in economic
forecasting[20]. Nevertheless, these century-old techniques demonstrate high ineffectiveness when
used to the environment of the ever more intricate digital economy. They normally presuppose linear
or weakly nonlinear associations among variables, which is insufficient to deal with high-dimensional
data and examine intricate interactions among two or more variables[21]. Also, these approaches tend
to lack predictive accuracy and strength in conditions of multi-source heterogeneous information and
dynamic contexts, which indicates their underlying flaws in addressing the ambiguity and dynamism
of the digital economy.To address the limitations of traditional prediction methods in complex digital
economic systems, researchers have increasingly turned to more advanced artificial intelligence and
deep learning methods in recent years, such as neural networks, ensemble learning, and reinforcement
learning, aiming to improve prediction accuracy and adaptability through data-driven approaches.
Neural networks, particularly Long Short-Term Memory (LSTM) networks and Recurrent Neural
Networks (RNNs), have demonstrated significant potential in forecasting complex economic data due
to their ability to effectively capture long-term dependencies and nonlinear patterns in time series
data[22, 23]. For example, LSTM networks, which excel at handling long-term dependency data,
have been utilized for analyzing and predicting dynamic changes in financial markets[24]. In addition,

ensemble learning methods (such as Random Forests and Gradient Boosting Machines) can improve
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model generalization and predictive accuracy by combining the results of multiple base learners, and
they have been proven to perform well in various economic forecasting tasks[25].However, despite
the significant advantages of deep learning methods in processing large-scale, high-dimensional data,
they also face certain challenges, such as poor model interpretability, strong dependence on data, and
high computational resource requirements[26]. These models also exhibit limitations in robustness
and generalization when dealing with incomplete or noisy data, restricting their application in
complex and volatile environments[27]. To further improve prediction accuracy and robustness,
recent studies have begun exploring the combination of Bayesian statistical methods with modern
machine learning techniques to develop more flexible and interpretable predictive models[28]. The
Bayesian approach, by providing a probabilistic framework, can better handle uncertainty and data
noise, showing potential in digital economy forecasting. For instance, Bayesian Neural Networks
(BNNs) combine the powerful modeling capabilities of neural networks with Bayesian inference,
enabling uncertainty quantification of model parameters and thereby enhancing the stability and
reliability of predictions[29].

Against this background, Bayesian networks and their variants have gradually become important
tools in the study of digital economy forecasting. This paper proposes a predictive model that
combines a Bayesian Neural Network (BNN) with a Transformer, incorporating Differential
Evolution (DE) for hyperparameter optimization. This approach leverages the causal inference and
uncertainty quantification capabilities of BNNs while utilizing the strengths of the Transformer in
handling sequential data and capturing complex dynamic features, enabling a more comprehensive
response to the uncertainties and variability in digital economy development. As a model based on
the self-attention mechanism, the Transformer has demonstrated outstanding performance in natural
language processing and time series forecasting due to its powerful feature extraction capabilities,
which effectively capture complex patterns in digital economy growth. By applying the DE algorithm
for hyperparameter optimization, the model's predictive accuracy and stability are further improved,
overcoming the drawbacks of traditional optimization methods that are prone to local optima.

The main contributions of this paper are as follows:

e This paper proposes an innovative approach that combines a Bayesian Neural Network (BNN)
with a Transformer to address the complexity and uncertainty involved in forecasting digital
economy development. The model leverages the causal inference and wuncertainty
quantification capabilities of BNNs, alongside the strengths of the Transformer in modeling
time-series data and capturing complex patterns, thereby enabling more accurate detection of
the dynamic changes in digital economy growth.

e The paper introduces a Differential Evolution (DE) algorithm to optimize the model's
hyperparameters. By utilizing the global search and fast convergence characteristics of the DE
algorithm, the predictive performance and computational efficiency of the model are
effectively enhanced, avoiding the pitfalls of local optima that traditional optimization
methods often face. This optimization strategy further strengthens the model's robustness and

generalization capabilities across different data environments and conditions.

25



Journal of Intelligence Technology and Innovation (JITI), 2026, 4(2), 23-46.

e The superiority of the proposed method is validated through extensive empirical research.
Experimental results on various real-world datasets demonstrate that the proposed combined
model outperforms existing methods in terms of predictive accuracy, stability, and
interpretability, proving its effectiveness and broad applicability in forecasting digital
economy development. This model provides a more scientific basis and support for policy-

making and strategic planning.

2. Literature Review

2.1 Digital Transformation, Big Data, and Al in Economic Forecasting

The rapid digital transformation across industries has created a highly interconnected and
complex digital economy, necessitating advanced methods for accurate forecasting. Several studies
have explored the impact of digital transformation on reshaping traditional economic models and
forecasting methods. For example, some research examines the digital economy from a systems
perspective, emphasizing the importance of understanding its components and their dynamic
interactions[30]. These studies highlight how digital platforms, data flows, and new business models
create interdependencies that must be considered in any predictive framework. Other research
provides a comprehensive overview of the relationship between digitalization and economic growth,
synthesizing existing models and theories on how digital technologies influence economic
development[31, 32]. These studies argue that the transformative power of digitalization significantly
alters traditional economic indicators, thereby requiring innovative approaches to economic
forecasting that can accommodate the unique characteristics of the digital economy.

In addition, numerous studies focus on the application of artificial intelligence (Al), particularly
machine learning, in business intelligence and forecasting within the digital economy[33]. Machine
learning techniques are increasingly being adopted to analyze vast amounts of data, identify patterns,
and generate more accurate economic forecasts. Leveraging Al enables businesses to enhance
decision-making processes and gain a competitive edge in the digital marketplace. Likewise, the
impact of big data analytics on digital economy forecasting is emphasized, highlighting the
importance of data-driven strategies to improve predictive accuracy and facilitate informed decision-
making[34, 35]. Furthermore, research has addressed the new challenges arising in economic
forecasting in the digital age, exploring how traditional models struggle with increased uncertainty
and data complexity[36]. It underscores the necessity of modern computational methods and data
science approaches to overcome these challenges and provide reliable forecasts in an increasingly
digitalized economy. Additionally, the dynamic nature of digital platforms presents another critical
area of research. Several studies investigate network effects within digital platforms and their
implications for economic forecasting, suggesting predictive models specifically designed to capture
the dynamic behaviors observed in platform-based markets[37]. These models integrate network
effects, which are crucial in digital economies where user interactions significantly influence market
outcomes. This demonstrates that understanding these unique dynamics is essential for developing

accurate forecasting methods. Lastly, research has evaluated how digital transformation affects
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traditional economic forecasting models, highlighting the shortcomings of conventional approaches
in capturing digital trends[38]. This body of work proposes new methodologies that better reflect the
realities of a digital economy, providing a roadmap for integrating digital factors into economic

forecasting models and allowing for a more accurate assessment of future economic trends.

2.2 Hybrid Approaches and Data Science Techniques for Digital Economy Prediction

As the digital economy continues to evolve, there is an increasing need for more sophisticated
forecasting tools that can adapt to its complexities. Recent advancements in machine learning, hybrid
models, and data science techniques offer promising avenues for enhancing the accuracy and
reliability of economic forecasts. Current research explores various applications of machine learning
in the digital economy, highlighting trends and identifying future directions for both research and
practice[39]. Algorithms such as deep learning, neural networks, and reinforcement learning are
particularly noted for their ability to forecast economic trends, consumer behavior, and market
dynamics with unprecedented precision[40].

In addition to machine learning applications, studies have introduced adaptive hybrid models
that combine multiple forecasting methodologies to predict trends in digital markets[41]. These
models emphasize flexibility and robustness, especially in volatile environments where traditional
models may fail. By integrating different approaches such as statistical methods, machine learning
algorithms, and domain-specific knowledge hybrid models provide a more comprehensive
understanding of the factors driving digital economy trends. This integrated approach addresses the
limitations of single-method forecasting and results in more accurate predictions[42, 43].Moreover,
additional research investigates the unique economic characteristics of digital platforms and the
challenges they pose for traditional forecasting methods[44]. New frameworks are being developed
to predict market outcomes in platform-dominated markets, accounting for specific dynamics of
digital ecosystems, including network effects, platform competition, and user-generated content[45].
These studies offer valuable insights into the economics of digital platforms and underscore the
necessity for tailored forecasting methods that can accommodate their unique characteristics.
Furthermore, innovations in forecasting digital economy indicators using advanced data science
techniques have gained significant attention. Studies have demonstrated how methods such as natural
language processing, sentiment analysis, and predictive modeling can be applied to forecast various
digital economy metrics, including e-commerce growth, digital payments, and infrastructure
development[46]. These techniques leverage vast amounts of unstructured data from digital sources,
providing more granular insights and enhancing the predictive power of economic models[47].The
role of predictive analytics in supporting digital transformation initiatives also continues to be a major
area of interest. Research examines how these tools can forecast market behavior, optimize resource
allocation, and enhance strategic decision-making[48]. As digital transformation becomes
increasingly critical for businesses and governments, the ability to accurately forecast economic
trends is increasingly seen as a key determinant of success.

Overall, these studies highlight the growing importance of advanced methods—ranging from

machine learning and data science techniques to hybrid models and new frameworks—in overcoming
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the challenges of forecasting in the digital economy. They provide a broad overview of the tools and
strategies that researchers and practitioners are developing to improve the accuracy, adaptability, and

applicability of economic forecasts in a rapidly digitalizing world.
3. Method

Building on the challenges identified in digital economy forecasting and the need for more
flexible and interpretable models, this paper presents a new model, named BTDE-Net (Bayesian
Transformer Differential Evolution Network). BTDE-Net integrates a Bayesian Neural Network
(BNN) with a Transformer architecture to address the complexity and uncertainty inherent in
forecasting digital economy development. The BNN component provides causal inference and
uncertainty quantification, allowing the model to effectively manage the probabilistic nature of digital
economic indicators and their interrelationships. Meanwhile, the Transformer component excels in
handling sequential data and capturing complex dynamic patterns, particularly in time-series data. To
further enhance predictive accuracy and model adaptability, BTDE-Net incorporates a Differential
Evolution (DE) algorithm for hyperparameter optimization. This optimization technique offers global
search capabilities and rapid convergence, ensuring that the model achieves optimal configuration
and avoids the local optima pitfalls often associated with traditional optimization methods. The
overall architecture of the proposed BTDE-Net model, as illustrated in Figure 1, demonstrates how

these components are integrated to create a cohesive forecasting framework.
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Figure 1. Overall architecture of the btde-net model. The diagram is divided into three main parts:

Data preprocessing, feature extraction and model processing, and prediction and output.

3.1 Bayesian Neural Network for Causal Inference and Uncertainty Quantification

By combining these advanced components, BTDE-Net offers a comprehensive and adaptive
framework designed to process multi-source, heterogeneous data typical of digital economic
environments, such as transaction records, market trends, social media analytics, and other real-time
indicators. This integrated approach enables the model to dynamically adjust to new information and
evolving patterns, delivering accurate and timely forecasts to support decision-making in a rapidly
changing digital landscape. In the proposed BTDE-Net model, the Bayesian Neural Network (BNN)
plays a crucial role in addressing the inherent uncertainty and complex causal relationships within the
digital economy. Traditional neural networks, while effective in capturing non-linear patterns and
dependencies, often lack the capability to provide uncertainty estimates, which are essential when
dealing with the unpredictability of economic data. By incorporating a Bayesian framework, BNNs
introduce a probabilistic approach to neural network learning, allowing for a more robust and
interpretable model.

The BNN component in BTDE-Net is designed to quantify uncertainty in two primary forms:
epistemic uncertainty and aleatoric uncertainty. Epistemic uncertainty, or model uncertainty, arises
due to limited data or knowledge about the underlying data-generating process, which is particularly
relevant in the context of the digital economy, where data can often be sparse or unevenly distributed.
Aleatoric uncertainty, on the other hand, stems from the inherent noise or randomness within the data
itself. The BNN handles both types of uncertainties by placing probability distributions over the
model's weights, rather than relying on fixed point estimates. This probabilistic approach enables the
model to better capture the range of possible outcomes, providing more reliable predictions under
varying conditions. To implement the BNN, we use a variational inference technique, which
approximates the posterior distribution of the network’ s weights by optimizing a variational lower
bound.

First, we define the posterior distribution of the network” s weights given the observed data,
which forms the core of the Bayesian inference:

Posterior Distribution:

The posterior distribution combines the prior beliefs and the likelihood of the observed data:

= PO e
p(w|D) = (D) [Formular 1]

where w represents the weights of the neural network, D denotes the observed data, p(D|w)
is the likelihood of the data given the weights, p(w) is the prior distribution over the weights, and
p(D) is the marginal likelihood or evidence.

To approximate this intractable posterior distribution, we employ variational inference, which
seeks to minimize the Kullback-Leibler (KL) divergence between the true posterior and a simpler
approximating distribution: KL Divergence Minimization: This measures the divergence between the
approximate posterior and the true posterior:
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qwl 6)
p(wiD)

KL(q(w | 8) I p(w D)) = Eqwi0) [log ] [Formular 2]

where q(w | 6) is the variational distribution over the weights, parameterized by 6 . The
objective function in variational inference is to maximize the Evidence Lower Bound (ELBO), which
balances the fit to the data with the complexity of the model: Evidence Lower Bound (ELBO): The
ELBO serves as a proxy to the true posterior, aiming to maximize the likelihood while regularizing
model complexity:

£(6) = Eqew 9)llogp(D | w)] — KL(q(w | ) Il p(w))[Formular 3]
where £( 0 ) is the variational lower bound, logp(D | w) is the expected log likelihood under
the approximate posterior, and KL(q(w | @) Il p(w)) is the KL divergence between the variational
posterior and the prior. Finally, the prediction for a new input is obtained by marginalizing over the
posterior distribution of the weights: Prediction Marginalization: This represents the predictive
distribution that accounts for all possible configurations of model parameters:
p(y* I x5,D) = [ p(y" | x*,w)q(w | 6)dw ------- [Formular 4]

where y* represents the predicted output, x* is the new input data, and p(y* | x*,w) is the
likelihood of the output given the input and the weights.

This set of equations enables the BTDE-Net to incorporate both parameter and predictive
uncertainties, which is critical for providing robust and reliable forecasts in the context of digital
economy development.

The BNN in BTDE-Net also supports causal inference by leveraging its probabilistic structure
to identify and quantify the relationships between different economic variables. Unlike traditional
neural networks, which may overfit to noise or spurious correlations, the BNN's Bayesian approach
helps to mitigate overfitting and provides a clearer understanding of which variables are most
influential in driving economic trends. This capability is crucial for policymakers and strategists who
need to understand the underlying drivers of the digital economy to make informed decisions. The

structure of the BNN component is illustrated in Figure 2.
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Figure 2. Structure of bayesian neural network (BNN)

The BNN component of BTDE-Net enhances the model's ability to handle the uncertainty and
causal complexity inherent in digital economy data. By providing both uncertainty quantification and
causal inference, the BNN ensures that the model produces not only accurate forecasts but also
interpretable insights, making it a valuable tool for forecasting in uncertain and rapidly evolving

economic environments.

3.2 Transformer for Time Series Data Modeling

In the BTDE-Net model, the Transformer component is key to capturing temporal dependencies
and complex patterns in time series data for accurate digital economy forecasting. Unlike traditional
RNNs and LSTMs that process sequences step-by-step and face challenges with long-range
dependencies, the Transformer uses a self-attention mechanism. This allows the model to
simultaneously consider all time steps in a sequence, offering a more efficient and scalable way to
model time series data.

To achieve this, the Transformer computes relationships between all elements in a sequence
using a self-attention mechanism, which assigns a weight to each time step in relation to all others.
This process begins by constructing query (Q), key (K), and value (V) matrices from the input data
through learned linear transformations. The multi-head self-attention mechanism, crucial for

capturing multiple types of dependencies, is defined as:

MultiHead(Q, K, V) = Concat(head,;, head,, ...,headh)WO ----- [Formular 5]
where each attention head is computed as:
head; = Attentlon(QWQ KWK VWV) ------------- [Formular 6]

and W?,WF, WY are learnable projection matrices for queries, keys, and values in the i-th

head, respectively, while W© is the learned projection matrix for the output. This multi-head

31



Journal of Intelligence Technology and Innovation (JITI), 2026, 4(2), 23-46.

attention mechanism allows the model to attend to different representation subspaces, effectively
capturing diverse patterns and correlations within the time series data. Since the Transformer model
does not inherently consider the sequential order of the data, positional encoding is added to input

embeddings to retain information about the position of each element within the sequence. This is

defined as:
PE(pos, 2i) = sin( e Zi> ---------------------------- [Formular 7]
10000d
PE(pos,2i + 1) = cos( e Zi> ---------------------- [Formular 8]
10000d

where pos denotes the position within the sequence, i is the dimension, and d is the total
dimensionality of the embeddings. This encoding allows the Transformer to differentiate between
elements at different positions, maintaining the temporal structure necessary for time series modeling.

By capturing both short-term variations and long-term dependencies, the Transformer provides
a robust understanding of temporal dynamics. The integration of the Transformer enhances BTDE-
Net’s adaptability to new patterns in data, a crucial requirement in the dynamic digital economy. Its
use of self-attention allows for parallel computation, reducing training times while maintaining high
levels of accuracy. The structure of the Transformer component within BTDE-Net is depicted in
Figure 3. Overall, the Transformer enables BTDE-Net to effectively model complex temporal
relationships, resulting in improved forecasting performance and robustness across diverse data

environments.
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Figure 3. The structure of the transformer component

3.3 Differential Evolution Algorithm for Hyperparameter Optimization

The Differential Evolution (DE) algorithm is a population-based optimization technique widely
used for optimizing complex models. It iteratively improves candidate solutions based on a measure
of quality or fitness. The process begins with a random population of candidate solutions, represented
as vectors in the parameter space. New candidates are generated by combining existing ones through
mutation and crossover operations, and the best candidates are selected based on their fitness. This
approach allows DE to maintain a diverse set of potential solutions and effectively explore the
hyperparameter space. DE is particularly effective due to its global search capability, ease of
implementation, and suitability for handling non-differentiable, multimodal, and non-linear objective
functions.

The mutation operation in DE is defined as:

Vi(g) = Xflg) +F- (szg) — XE:%)) ........................ [Formular 9]
where Vi(g) is the mutant vector for the i-th candidate in generation g, xr(f),xg),xg) are

randomly selected distinct individuals from the current population, and F is a scaling factor that

controls the amplification of the differential variation. Next, the crossover operation is applied to
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(2

produce a trial vector by mixing the parameters of the mutant vector v;*° with those of the current

target vector xi(g):
(8 (e (& (®
uig = (uiig ,ui§ , ...,uﬂ% ) ---------------------------- [Formular 10]
where
(® .
© _ Vijg ifrand(0,1) < CRorj =j_
! xi(jg) otherwise
Here, ui(g) represents the trial vector, CR is the crossover rate determining the probability of

inheriting the mutant’” s component, rand(0,1) is a uniformly distributed random number between
0 and 1, and j

vector is inherited. Finally, the selection process chooses the better solution between the trial vector

rand 18 @ randomly chosen index to ensure at least one component from the mutant

and the target vector based on their fitness values:
@ (@ (@
(e+D) _ )Y 1ff(ui ) < f(xi )

! (@
X

xer =)t N SNt s [Formular 1 1]

otherwise

where f(-) represents the fitness function to be minimized or maximized.

BTDE-Net uses the differential evolution algorithm to efficiently optimize hyperparameters,
improve the model's prediction accuracy and generalization capabilities across data sets, enhance its
robustness and adaptability in dynamic scenarios in the digital economy, and become a powerful tool

for prediction in this field.

4. Expriments

4.1 Experimental Environment
To ensure efficient model training and validation, the experiments were conducted in a high-

performance computing environment, as detailed in Table 1.

Table 1. Experimental environment

Category Configuration
Hardware NVIDIA Tesla V100 GPU (32GB VRAM) \newline Intel Xeon Gold
6248 Processor (48 cores, 2.5 GHz) \newline 512GB RAM
Software Ubuntu 20.04 Operating System \newline Python 3.8
Deep Learning
Framework PyTorch 1.9
Data Processing Tools Scikit-Learn, Pandas, NumPy
GPU Support CUDA 11.2, cuDNN 8.1
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4.2 Dataset

The IMF World Economic Outlook (WEQ) Dataset is an authoritative macroeconomic dataset
published by the International Monetary Fund (IMF). It covers key economic indicators for over 200
countries and regions, such as gross domestic product (GDP) growth rate, inflation rate,
unemployment rate, government debt and fiscal deficit, trade balance, and foreign exchange reserves.
This data is collected through national governments, international institutions, and independent
surveys, and is rigorously reviewed to ensure high quality and strong representativeness. We selected
quarterly and annual data from 2000 to 2023, focusing particularly on the dynamic changes of these
economic indicators to capture global and regional economic development trends and cyclical
characteristics, providing comprehensive macroeconomic background information for the model.

World Bank Open Data provides a wide range of data on global economic, social, and
environmental indicators. For this study, we utilized specific datasets related to socio-economic
factors, such as population statistics, healthcare indicators, education levels, labor market conditions
(employment rates, wage levels), energy consumption, and environmental metrics like carbon
emissions and renewable energy usage. This data is obtained from a variety of sources, including
national statistical agencies, international organizations, and independent research institutions, and is
regularly updated to maintain its relevance and accuracy. To match the timeframe of the WEO data,
we selected data from 2000 to 2023 and conducted standardization and normalization processes to
ensure consistency across different types of data. By integrating these diverse data points, we enhance
the model’s ability to predict economic development by capturing broader socio-economic and
environmental dynamics, allowing for a more holistic understanding of the digital economy's

trajectory.

4.3 Data Preprocessing

In this study, we applied a unified preprocessing approach to both the IMF WEO Dataset and
World Bank Open Data to ensure data quality and consistency.

We began by standardizing the various indicators in both datasets to handle differences in units
and scales. For this, we applied Z-score normalization to transform all data into a form with zero
mean and unit variance. The formula for Z-score normalization is:

X=-u
g

Z = seeressseesssscesseissis e [Formular 12]

where X represents the original value, 1 is the mean of the data, and ¢ is the standard
deviation. This normalization step ensures that all indicators, regardless of their original scales, are
comparable and contribute equally to the model training. To maintain consistency across different
time scales, we interpolated any annual data to convert it into quarterly data. For interpolation, we
used a linear interpolation method, which estimates missing values by assuming a linear trend
between known data points:

X = th + % X (t— tl) ...................... [Formular 13]
where X, is the interpolated value at time t, X, and X, are the known values at times t,
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and t,, respectively. To handle missing values, linear interpolation was applied to fill any gaps in the
data, ensuring continuity. Outliers were detected and treated using the Interquartile Range (IQR)
method, which is defined as:
IQR = Q3 — QI ==rrrmmsrrermmusrrrnnanernaaneenaas [Formular 14]
Values falling below Q1 — 1.5 X IQR or above Q3 + 1.5 X IQR were considered outliers and
were handled appropriately to reduce their impact on model training.

4.4 Experimental Setup

To ensure optimal performance of the BTDE-Net model, the study carefully selected and fine-
tuned various network parameters: an initial learning rate of 0.001 was used, optimized using a
differential evolution (DE) algorithm to achieve efficient convergence; a batch size of 64 was chosen
to strike a balance between computational efficiency and gradient update stability; a maximum
number of epochs was set to 200, and an early stopping strategy was employed, terminating training
if validation loss did not improve after 20 consecutive epochs. To prevent overfitting, a dropout rate
of 0.3 was set, and the Adam optimizer with adaptive learning rates was used. Furthermore, an L2
regularization coefficient of 0.001 was used to penalize excessive weights, further mitigating
overfitting. The training process included dynamic learning rate adjustments and regular evaluation
of the validation set, with the optimal model parameters saved for final testing. At the same time, data
augmentation techniques such as adding noise and time series shifting improve the model's robustness
and generalization capabilities. The above streamlined settings focus on the core aspects of network

parameters and training processes, highlighting the key factors that affect model performance.

4.5 Evaluation Metrics

To evaluate the performance of the BTDE-Net model, we used several metrics, including Mean
Absolute Error (MAE) and Root Mean Square Error (RMSE) to measure prediction accuracy, Mean
Absolute Percentage Error (MAPE) to assess relative accuracy, Negative Log-Likelihood (NLL) to
evaluate the model's probabilistic outputs, and the Coefficient of Determination (R?) to determine
how well the model explains variance in the data, ensuring a comprehensive assessment of accuracy,

robustness, and uncertainty quantification.
5. Results and Discussion
5.1 Experimental results on the dataset

Table 2. Performance comparison of models on imf weo and world bank open data

Model
IMF WEO Dataset World Bank Open Data

MAE RMSE | MAPE | R? MAE RMSE | MAPE | R?
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Hybrid ARIMA-

1.95 2.8 14.10 0.86 2.05 2.95 | 4.50 0.85
ANNT[49]
DeepAR[50] 1.7 245 | 3.50 0.89 1.75 2.5513.70 0.88
N-BEATS[51] 1.55 2.3 13.30 0.91 1.6 2.3513.40 0.9
TFT (Temporal
Fusion 1.5 2.2 13.10 0.92 1.55 2.2513.20 0.91
Transformer)[52]
ES-RNN[53] 1.6 2.3513.40 0.9 1.65 24 |3.60 0.89
LSTNet[54] 1.75 2.6 |3.70 0.88 1.8 2.65 | 3.80 0.87
BTDE-Net 1.4 2.05 | 3.00 0.94 1.45 2.113.10 0.93

Table 2 demonstrate that the BTDE-Net model outperforms other state-of-the-art models on both
the IMF WEO and World Bank Open Data datasets, highlighting its superior performance in
economic forecasting tasks. On the IMF WEO dataset, the BTDE-Net model achieved a Mean
Absolute Error (MAE) of 1.4, significantly lower than that of the Hybrid ARIMA-ANN (1.95) and
DeepAR (1.7) models, indicating its advantage in reducing prediction errors. Additionally, BTDE-
Net also outperformed other models in terms of Root Mean Square Error (RMSE) at 2.05 and Mean
Absolute Percentage Error (MAPE) at 3.00%, compared to the TFT model's RMSE of 2.2 and MAPE
of 3.10%, demonstrating its higher prediction accuracy and stability. When compared to LSTNet,
BTDE-Net achieved an R? of 0.94, clearly exceeding LSTNet's 0.88, showing that BTDE-Net
provides a better fit to the data and effectively captures complex dynamic changes in economic trends.
On the World Bank Open Data dataset, BTDE-Net also showed outstanding performance, with an
MAE of 1.45 and an RMSE of 2.1, outperforming N-BEATS (MAE of 1.6, RMSE of 2.35) and ES-
RNN (MAE of 1.65, RMSE of 2.4) in these metrics. Particularly, compared to the traditional hybrid
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model Hybrid ARIMA-ANN, BTDE-Net's MAPE was only 3.10%, significantly lower than the 4.50%
of Hybrid ARIMA-ANN, indicating that BTDE-Net has a superior ability to capture complex
interactions and uncertainties between different economic entities. Furthermore, BTDE-Net achieved
an R? of 0.93, higher than all other comparative models, further confirming its higher explanatory
power and generalization capability in predicting multi-dimensional economic data. Overall, BTDE-
Net demonstrates the best predictive performance across both datasets, surpassing all other competing
models in all evaluation metrics. These findings indicate that the BTDE-Net model, which combines
Bayesian Neural Networks with a Transformer architecture and utilizes the Differential Evolution
algorithm for hyperparameter optimization, can effectively handle complex temporal dependencies
and uncertainties in economic development forecasting, significantly enhancing prediction accuracy
and reliability.

Table 3. Model performance comparison on imf weo and world bank open data

Model
IMF WEO Dataset World Bank Open Data
Inference | Training Inference o
Parameters | FLOPs ) ) Parameters | FLOPs ) Training
Time Time Time )
M) (G) M) (G) Time(s)
(ms) (s) (ms)
Hybrid
ARIMA- 1.21 1.53 212.89 120.3 1.21 1.79 213.12 130.9
ANN
DeepAR 8.45 5.12 222.65 256.7 8.45 548 223.08 260.2
N-BEATS 10.67 6.78 224.32 178.3 10.67 7.01 225.22 182.5
TFT 22.45 1592 | 265.15 288.2 22.45 16.58 | 249.65 294.3
ES-RNN 5.32 3.45 217.53 132.1 5.32 3.67 218.03 145.4
LSTNet 9.75 7.38 228.67 284.2 9.75 7.89 229.78 290.1
BTDE-
Net 4.89 2.95 188.65 110.9 4.89 3.02 189.02 125.9
e

Based on the results shown in the table 3, the BTDE-Net model demonstrates superior
performance across both the IMF WEO and World Bank Open Data datasets, particularly in terms of
computational efficiency and prediction accuracy. On the IMF WEO dataset, BTDE-Net achieves a
floating-point operations count (FLOPs) of 2.95G, an inference time of 188.65ms, and a training time
of 110.9s, significantly lower than those of other models, such as TFT, which records FLOPs of
15.92G, an inference time of 265.15ms, and a training time of 288.2s. These results indicate that
BTDE-Net offers greater efficiency in resource utilization and computation time, making it more
suitable for handling macroeconomic data. On the World Bank Open Data dataset, BTDE-Net

continues to exhibit excellent performance, with FLOPs of 3.02G, an inference time of 189.02ms,
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and a training time of 125.9s, all of which are lower than those of other models, such as N-BEATS,
which shows FLOPs of 7.01G and an inference time of 225.22ms. These findings further confirm
BTDE-Net's superiority in managing complex economic data, effectively reducing computational
costs while ensuring predictive accuracy. The table clearly illustrates that BTDE-Net, with its
innovative model architecture and optimization strategies, outperforms existing models on both

datasets, proving its efficiency and reliability in forecasting economic development.
5.2 Ablation Study

Table 4. Ablation study results on imf weo and world bank open data datasets

Ablation
Setting IMF WEO Dataset World Bank Open Data
MAE RMSE | MAPE R? MAE RMSE | MAPE R?

Full BTDE-

1.4 2.05 3.00 0.94 1.45 2.1 3.10 0.93
Net
Without
Bayesian

1.75 2.4 3.70 0.88 1.8 2.45 3.80 0.87
Neural
Network
Without

1.65 2.3 3.50\% 0.9 1.7 2.35 3.60 0.89
Transformer
Without
Differential 1.6 2.25 3.40 091 1.65 2.3 3.50 0.9
Evolution

The results of the ablation study, as shown in Table 4 reveal the significant impact of each
component on the overall performance of the BTDE-Net model. In the IMF WEO dataset, the
complete BTDE-Net model shows the best predictive performance, with the lowest MAE (1.4) and
RMSE (2.05), and achieves MAPE and R* values of 3.00 and 0.94, respectively, indicating high
accuracy and explanatory power across economic indicators. However, when the Bayesian Neural
Network component is removed, the performance declines significantly, with MAE increasing to 1.75
and R? dropping to 0.88, highlighting the crucial role of the Bayesian Neural Network in capturing
uncertainties and complex patterns in the data. In the same dataset, removing the Transformer module
leads to an increase in MAE and RMSE to 1.65 and 2.3, respectively, demonstrating that the
Transformer is essential for handling time series data and extracting long-term dependencies.
Additionally, when the Differential Evolution (DE) algorithm is replaced by standard optimization
methods, there is a slight performance drop (MAE increases to 1.6, RMSE to 2.25), suggesting that

while the DE algorithm contributes to improving predictive accuracy, its importance is lower than
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that of the primary network structures. In the World Bank Open Data dataset, the ablation study results
show a similar trend to those observed in the IMF WEO dataset. The complete BTDE-Net model
maintains the best performance, with MAE and RMSE at 1.45 and 2.1, respectively, while the model's
performance declines when any component is removed. Notably, removing the Bayesian Neural
Network results in the most substantial performance degradation (MAE increases to 1.8, R? drops to
0.87), confirming the importance of this component in capturing data complexity. Overall, these
ablation study results indicate that each component of the BTDE-Net model contributes significantly
to enhancing its predictive accuracy and adaptability. The Bayesian Neural Network and Transformer
modules play critical roles in capturing complex patterns and uncertainties in time series data, while
the Differential Evolution algorithm provides additional optimization benefits, albeit with a relatively

smaller impact.

5.3 Performance Evaluation of BTDE-Net on Macroeconomic Indicators
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Figure 4. Performance of the BTDE-Net model across various economic indicators from (a) the
IMF World Economic Outlook (WEO) dataset and (b) the World Bank Open Data dataset.

Figure 4 presents the performance metrics of the BTDE-Net model on various economic
indicators from the IMF WEO and World Bank Open Data datasets. In the IMF WEO dataset, the
BTDE-Net model demonstrates high predictive accuracy for GDP per capita growth, inflation rate,
and unemployment rate, with a Mean Absolute Error (MAE) and Root Mean Square Error (RMSE)
of 0.35 and 0.45, respectively, for GDP per capita growth. These values are significantly lower than
those for other economic indicators, indicating the model's effectiveness in capturing key
macroeconomic trends. Additionally, the model achieves R*> values of 0.93 for inflation rate and 0.91
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for unemployment rate, suggesting a strong capability to accurately reflect these economic trends.
However, the MAE for government debt and current account balance is relatively higher, at 0.5 and
0.4, respectively, reflecting the greater volatility of these variables and the challenges associated with
predicting them. Overall, the BTDE-Net model exhibits robust predictive capabilities in the IMF
WEO dataset, particularly for more stable macroeconomic indicators.In the World Bank Open Data
dataset, the BTDE-Net model also shows excellent predictive performance, especially for public
policy-related variables such as GNI per capita growth and GDP per capita growth, with MAE values
of 0.40 and 0.29, respectively, demonstrating high accuracy. The RMSE values for inflation
(consumer prices) and trade are slightly higher, at 0.50 and 0.60, but remain relatively low, indicating
stable performance for these variables. Additionally, the R* values for all indicators are close to 1,
with the R*> for GNI per capita reaching 0.91, confirming the model's ability to capture variations in
these economic indicators.The BTDE-Net model exhibits superior predictive performance across
multiple complex economic indicators, particularly demonstrating strong capabilities when handling
more stable and well-defined variables. The model also shows good adaptability and robustness in
dealing with more volatile variables, affirming its effectiveness and reliability in forecasting digital

economic development and providing valuable support for policymakers.
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Figure 5. Time series predictions of the BTDE-Net model for various economic indicators from
2000 to 2023, including (a) GDP (current US\$), (b) Trade (merchandise exports, current US\$), (c)
GDP growth rate (annual\%), and (d) Inflation rate (annual\%).
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Figure 5 illustrates the time series predictions of the BTDE-Net model for several economic
indicators, including GDP, trade, GDP growth rate, and inflation rate, across the period from 2000 to
2023.The model's predictions for GDP in subfigure (a) align closely with the actual values,
demonstrating high accuracy in tracking the overall trend of economic growth, despite minor noise-
induced deviations. In subfigure (b), the predicted trade values similarly capture the general upward
trend and periodic fluctuations, indicating the model's ability to handle dynamic and volatile
indicators. Subfigure (c¢) shows that the model accurately reflects both sharp declines and rebounds
in GDP growth rates, such as those seen during the 2020 economic contraction and subsequent
recovery in 2021, highlighting its robustness in adapting to rapid economic changes. Finally,
subfigure (d) demonstrates the model's effectiveness in predicting inflation rates, with predicted
values closely following both long-term trends and short-term fluctuations, showing its capability to
account for varying economic conditions.Figure 5 confirms that the BTDE-Net model is well-suited
for forecasting a range of economic indicators, from stable measures like GDP to more volatile ones
such as GDP growth rate and inflation, offering reliable support for economic analysis and
policymaking.

6. Conclusions

This paper presented the BTDE-Net model, a novel integration of Bayesian Neural Networks
(BNN) and Transformer architecture, optimized using Differential Evolution (DE). The primary goal
was to improve the predictive accuracy and reliability of forecasting key economic indicators in
complex and dynamic environments, such as the digital economy. Through experiments conducted
on the IMF WEO and World Bank Open Data datasets, the BTDE-Net demonstrated superior
performance compared to other state-of-the-art models, achieving lower MAE and RMSE values and
higher R?, especially in the prediction of GDP growth, inflation rate, and unemployment rate. The
results highlight the model's ability to effectively capture both long-term dependencies and
uncertainty in the data, providing robust and accurate predictions.

The contributions of this research lie in the innovative integration of BNN and Transformer,
which allowed for uncertainty quantification and improved temporal data modeling, alongside the
DE algorithm that optimized hyperparameters efficiently. These advancements contribute
significantly to the field of economic forecasting by offering a more reliable model for predicting
complex economic trends. However, the model's reliance on high-quality data makes it sensitive to
data noise or missing values, which could affect its accuracy in real-world applications. Additionally,
the high computational cost, particularly for large datasets, may limit the model's scalability in real-
time applications, requiring further optimization for practical deployment.

Future work will focus on addressing these limitations by exploring data imputation techniques
and noise reduction methods to make the model more robust in handling incomplete or noisy datasets.
Additionally, optimizing the computational efficiency of BTDE-Net, potentially through model
compression or more efficient training algorithms, will help reduce the processing burden, making it

suitable for real-time forecasting. Enhancing the model's adaptability to evolving economic
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conditions through online learning approaches could further improve its responsiveness. Applying

the model to other domains that require complex temporal forecasting, such as environmental and

social policy, will also be considered as a natural extension of this research, offering broader

applications beyond the economic field.
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