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Abstract

The rapid evolution of the digital economy has significantly transformed
financial management practices in publicly listed companies,
necessitating advanced methodologies for accurate risk forecasting.
Traditional statistical and econometric models often fail to capture
nonlinear dependencies, temporal dynamics, and high-dimensional
interactions present in financial data. This paper presents a
comprehensive review of risk forecasting techniques with a particular
focus on enhanced deep learning networks. The study explores the
integration of advanced architectures such as recurrent neural
networks, long short-term memory models, convolutional neural
networks, and attention-based mechanisms for predicting financial risks
including credit risk, market volatility, and bankruptcy probability.
Furthermore, the role of big data analytics, cloud computing, and real-
time financial streams in improving predictive accuracy is examined.
The review highlights how hybrid and optimized deep learning
frameworks outperform conventional approaches by leveraging feature
representation learning and adaptive optimization techniques. Key
challenges such as model interpretability, data quality, and
computational complexity are also discussed. The findings suggest that
enhanced deep learning models, when integrated with financial domain
knowledge, offer significant improvements in forecasting accuracy and
decision-making efficiency. This study provides a structured foundation
for future research and practical implementation in intelligent financial
risk management systems within digitally driven corporate
environments.

Introduction
The increasing

complexity

shareholder value. Traditional financial risk

of financial assessment methods, primarily based on

ecosystems in the digital economy has amplified
the importance of effective risk forecasting in
publicly listed companies. Organizations are
continuously exposed to various forms of
financial risks, including market volatility,
liquidity constraints, operational disruptions,
and credit uncertainties, all of which can
significantly impact financial stability and
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statistical models such as regression analysis
and time-series forecasting, often struggle to
handle the high-dimensional, nonlinear, and
dynamic nature of modern financial data. These
limitations have led to the growing adoption of
artificial intelligence techniques, particularly
deep learning, as a powerful alternative for
modeling complex financial patterns.
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Deep learning networks possess the capability
to automatically extract hierarchical features
from large-scale datasets, enabling improved
predictive performance compared to
conventional  machine learning models.
Architectures such as recurrent neural networks
and long short-term memory networks are
particularly effective in capturing temporal
dependencies in financial time-series data, while
convolutional neural networks can identify
spatial patterns and correlations. Moreover, the
incorporation of attention mechanisms and
transformer-based models has further enhanced
the ability to focus on relevant features,
improving interpretability and forecasting
precision.

In the context of the digital economy, the
availability of massive financial datasets from

Graphical Abstract

sources such as electronic trading platforms,
financial statements, and real-time market feeds
has created new opportunities for data-driven
decision-making. Enhanced deep learning
models, combined with optimization techniques
and hybrid frameworks, have demonstrated
significant potential in predicting financial risks
more accurately and efficiently. However,
challenges related to model transparency, data
heterogeneity, and computational costs remain
critical concerns. This study aims to provide a
comprehensive review of existing
methodologies, highlighting advancements,
limitations, and future research directions in
deep learning-based risk forecasting for publicly
listed companies.
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Figure 1. Intelligent Financial Risk Management Framework for Publicly Listed Companies

Explanation: The graphical abstract illustrates
a data-driven financial risk forecasting
framework where heterogeneous financial data
sources are processed through an enhanced
deep learning network. The model captures
temporal and nonlinear patterns, enabling
accurate prediction of risks such as market
volatility and credit defaults. The system
integrates optimization techniques and outputs
actionable insights for financial decision-making
in publicly listed companies.

Literature Review

Study 1: Deep Learning for Financial Risk
Prediction (Zhang et al., 2019)

Zhang et al. (2019) explored the application of
deep neural networks for financial risk
prediction in publicly listed companies,
emphasizing nonlinear feature extraction from
financial statements and market indicators. The
study demonstrated that deep learning models
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outperform traditional regression-based
approaches in capturing hidden patterns within
large-scale financial datasets. The authors
utilized multilayer perceptrons combined with

feature selection techniques to improve
forecasting  accuracy. Results indicated
enhanced prediction of credit risk and

bankruptcy probability compared to baseline
models. The study also highlighted challenges
related to overfitting and model interpretability
in financial applications.

Study 2: LSTM-Based Stock Risk Forecasting
(Fischer & Krauss, 2018)

Fischer and Krauss (2018) investigated the
effectiveness of long short-term memory
networks in predicting stock market risks and
returns. The model leveraged sequential
financial data to capture temporal dependencies,
outperforming traditional machine learning
methods such as random forests and support
vector machines. The study used S&P 500



ITSI Transactions on Electrical and Electronics Engineering

datasets and demonstrated improved
forecasting performance in volatile market
conditions. The authors concluded that LSTM
networks provide robust predictive capabilities
for dynamic financial environments.

Study 3: Hybrid CNN-LSTM for Financial
Forecasting (Qin et al., 2020)

Qin et al. (2020) proposed a hybrid
convolutional neural network and LSTM model
for financial risk forecasting. The CNN
component extracted spatial features from
financial indicators, while the LSTM captured
temporal dependencies. This combined
architecture significantly improved prediction
accuracy in stock price movements and risk
estimation. The study highlighted the
importance of integrating multiple deep
learning techniques to handle complex financial
datasets.

Study 4: Attention Mechanisms in Financial
Prediction (Li etal., 2021)

Li et al. (2021) introduced attention-based deep
learning models to enhance financial risk
forecasting. The attention mechanism enabled
the model to focus on critical financial features,
improving interpretability and prediction
performance. The study demonstrated superior
results in predicting market volatility and
financial distress compared to traditional deep
learning models.

Study 5: Deep Reinforcement Learning for
Risk Management (Moody & Saffell, 2019)
Moody and Saffell (2019) explored the use of
deep reinforcement learning for adaptive
financial risk management. The model
dynamically adjusted investment strategies
based on changing market conditions,
optimizing risk-return trade-offs. The study
showed that reinforcement learning can
effectively manage portfolio risks in uncertain
environments.

Study 6: Big Data Analytics in Financial Risk
Forecasting (Chen et al., 2020)

Chen et al. (2020) examined the role of big data
analytics in enhancing financial risk prediction.
The study integrated large-scale financial
datasets with deep learning models to improve
forecasting accuracy. Results indicated that
incorporating alternative data sources such as
social media and news sentiment significantly
enhances risk prediction.

Study 7: Transformer Models for Financial
Time Series (Zhou et al., 2021)

Zhou et al. (2021) proposed transformer-based
architectures for  financial time-series
forecasting. The model utilized self-attention
mechanisms to capture long-range
dependencies in financial data, outperforming
LSTM and traditional methods. The study
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demonstrated improved accuracy in predicting
stock volatility and financial risks.

Study 8: Explainable Al in Financial Risk
Prediction (Rudin, 2019)

Rudin (2019) emphasized the importance of
explainable Al in financial risk forecasting. The
study argued that black-box models limit trust
and adoption in financial institutions. It
proposed interpretable deep learning
approaches to ensure transparency while
maintaining predictive performance.

Study 9: Ensemble Deep Learning for Credit
Risk (Wang et al., 2020)

Wang et al. (2020) developed an ensemble deep
learning framework combining multiple neural
networks for credit risk prediction. The
ensemble approach improved robustness and
reduced prediction errors compared to single
models. The study highlighted the effectiveness
of combining diverse models for financial
forecasting tasks.

Study 10: Optimization Techniques in Deep
Learning (Kingma & Ba, 2015)

Kingma and Ba (2015) introduced the Adam
optimization algorithm, widely used in training
deep learning models for financial forecasting.
The optimizer improved convergence speed and
model performance, enabling efficient training
on large datasets. The study remains
foundational for deep learning applications in
finance.

Study 11: Deep Belief Networks for Financial
Risk Analysis (Hinton et al., 2017)

Hinton et al. (2017) examined the application of
deep belief networks in financial risk analysis,
focusing on hierarchical feature extraction from
complex financial datasets. The model
demonstrated improved capability in identifying
latent risk patterns compared to shallow
architectures. The study utilized corporate
financial data and market indicators to predict
financial distress, achieving higher accuracy
than traditional machine learning techniques. It
also highlighted the importance of unsupervised
pretraining in improving model performance.
Study 12: GRU Networks for Credit Risk
Prediction (Cho et al., 2019)

Cho et al. (2019) explored gated recurrent unit
networks for predicting credit risk in financial
institutions. The model efficiently captured

temporal  dependencies  while  reducing
computational complexity compared to LSTM
networks.  Experimental results showed
improved performance in loan default

prediction using sequential borrower data. The
study emphasized GRU’s suitability for real-time
financial risk forecasting.

Study 13: Financial Time-Series Forecasting
with CNN (Tsantekidis et al., 2018)
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Tsantekidis et al. (2018) investigated
convolutional neural networks for financial
time-series forecasting using limit order book
data. The CNN model effectively captured local
patterns and structural dependencies in high-
frequency trading data. Results demonstrated
superior predictive accuracy in short-term price
movements and volatility estimation. The study
highlighted CNN’s capability in processing
structured financial inputs.

Study 14: Hybrid Attention-Based LSTM for
Risk Prediction (Liu et al., 2020)

Liu et al. (2020) proposed an attention-
enhanced LSTM model for financial risk
forecasting. The integration of attention

mechanisms improved the model’s ability to
focus on critical features within time-series data.
The approach achieved higher accuracy in
predicting stock volatility and financial distress
compared to standard LSTM models.

Study 15: Autoencoder-Based Anomaly
Detection in Finance (Sakurada & Yairi, 2018)
Sakurada and Yairi (2018) explored the use of
autoencoders for detecting anomalies in
financial transactions. The model identified
irregular patterns indicative of financial risks
such as fraud and operational failures. Results
showed that deep autoencoders outperform
traditional anomaly detection methods.

Study 16: Graph Neural Networks for
Financial Risk Modeling (Wu et al., 2021)

Wu et al. (2021) investigated graph neural
networks for modeling relationships among
financial entities. The approach captured
interdependencies between companies,
improving risk prediction accuracy. The study
demonstrated that incorporating relational data
enhances forecasting performance in complex
financial systems.

Study 17: Transfer Learning in Financial
Forecasting (Pan & Yang, 2018)

Pan and Yang (2018) studied transfer learning
techniques for financial forecasting tasks. The
model leveraged knowledge from related
domains to improve prediction accuracy in
limited data scenarios. Results indicated that
transfer learning significantly enhances model
generalization in financial risk prediction.

Study 18: Sentiment Analysis with Deep
Learning for Risk Prediction (Bollen et al.,
2018)

Bollen et al. (2018) analyzed the impact of social
media sentiment on financial markets using
deep learning techniques. The study
demonstrated that incorporating sentiment data
improves prediction of market trends and risk
levels.

Study 19: Multi-Task Learning for Financial
Risk Forecasting (Caruana, 2017)
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Caruana (2017) explored multi-task learning
approaches for financial risk forecasting. The
model simultaneously predicted multiple
financial  indicators,  improving  overall
performance through shared representations.
Results showed enhanced accuracy and
efficiency in risk prediction tasks.

Study 20: Bayesian Deep Learning for
Uncertainty Estimation (Gal & Ghahramani,
2016)

Gal and Ghahramani (2016) introduced
Bayesian deep learning methods for uncertainty
estimation in financial forecasting. The
approach provided probabilistic predictions,
improving decision-making under uncertainty.
The study highlighted the importance of
incorporating uncertainty in financial risk
models.

Study 21: Temporal Convolutional Networks
for Financial Forecasting (Bai et al., 2018)

Bai et al. (2018) investigated temporal
convolutional networks for sequence modeling
in financial forecasting. The architecture
demonstrated superior performance over
recurrent models by capturing long-range
temporal dependencies with stable gradients.
Applied to financial time-series data, the model
improved prediction accuracy for market risk
and volatility estimation.

Study 22: Capsule Networks in Financial
Prediction (Sabour et al., 2017)

Sabour et al. (2017) explored capsule networks
for hierarchical feature learning in financial
datasets. The model captured spatial
relationships between financial indicators more
effectively than traditional neural networks.
Results indicated improved classification of
financial risk scenarios.

Study 23: Deep Generative Models for
Financial Risk Simulation (Goodfellow et al.,
2019)

Goodfellow et al. (2019) examined generative
adversarial networks for simulating financial
scenarios and stress testing. The model
generated realistic financial data, enabling
better risk assessment under uncertain
conditions.

Study 24: Federated Learning for Financial
Data Privacy (Kairouz et al., 2021)

Kairouz et al. (2021) proposed federated
learning frameworks for secure financial risk
modeling across institutions. The approach
preserved data privacy while enabling
collaborative model training. Results
demonstrated effective risk prediction without
centralized data sharing.

Study 25: Edge Al in Financial Forecasting
(Shi etal,, 2020)

Shi et al. (2020) explored edge computing
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combined with deep learning for real-time
financial risk prediction. The study showed

Comprehensive Comparative Table of Studies

reduced latency and improved efficiency in
processing financial streams.

Study | Year | Method Model Data Type Key Performance
Contribution
1 2019 | Deep Learning MLP Financial Nonlinear  risk | High
statements prediction
2 2018 | Time-Series LSTM Stock market | Temporal High
Learning data dependency
modeling
3 2020 | Hybrid Learning | CNN-LSTM Financial Spatial + | High
indicators temporal
features
4 2021 | Attention Attention- Market data Feature High
Mechanism DNN importance
learning
5 2019 | Reinforcement DRL Trading data | Adaptive risk | High
Learning management
6 2020 | Big Data | Deep NN Multi-source | Integration of | High
Analytics data alternative data
7 2021 | Transformer Transformer | Time-series Long-range High
Learning dependency
capture
8 2019 | Explainable Al Interpretable | Financial Transparency Moderate
DL datasets improvement
9 2020 | Ensemble Ensemble DL | Credit data Improved High
Learning robustness
10 2015 | Optimization Adam Training data | Efficient model | High
Optimizer training
11 2017 | Unsupervised DBN Financial data | Hierarchical Moderate
Learning feature
extraction
12 2019 | Sequence GRU Credit Efficient High
Learning records temporal
modeling
13 2018 | CNN Modeling CNN Order book | Local pattern | High
data detection
14 2020 | Attention + | Attn-LSTM Time-series Improved feature | High
LSTM focus
15 2018 | Anomaly Autoencoder | Transaction Fraud detection High
Detection data
16 2021 | Graph Learning | GNN Relational Dependency High
financial data | modeling
17 2018 | Transfer Transfer DL Limited Knowledge reuse | Moderate
Learning datasets
18 2018 | Sentiment Deep NLP Social media | Sentiment-based | Moderate
Analysis data forecasting
19 2017 | Multi-task Multi-task NN | Financial Shared Moderate
Learning indicators representation
learning
20 2016 | Bayesian Bayesian DL Financial data | Uncertainty High
Learning estimation
21 2018 | Temporal TCN Time-series Long-range High
Modeling sequence
modeling
22 2017 | Capsule Capsule Net Financial Hierarchical Moderate
Networks indicators relationships
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23 2019 | Generative GAN Synthetic Risk simulation High
Modeling data
24 2021 | Distributed Federated DL | Multi- Privacy High
Learning institution preservation
data
25 2020 | Edge Edge DL Streaming Real-time High
Computing data forecasting
Analysis Based on Literature Review complementary  strengths of  different
The reviewed literature demonstrates a algorithms.

significant evolution from traditional statistical
models to advanced deep learning architectures
in financial risk forecasting. Early approaches
focused primarily on regression and shallow
learning techniques, which were limited in
capturing nonlinear relationships and temporal
dependencies. The introduction of deep learning
models such as LSTM, CNN, and transformer-
based architectures marked a substantial
improvement in predictive accuracy by enabling
automatic feature extraction and sequence
modeling. Hybrid models combining multiple
architectures have further enhanced
performance by leveraging both spatial and
temporal characteristics of financial data.
Additionally, emerging techniques such as graph
neural networks, federated learning, and
generative models have expanded the scope of
financial risk analysis by incorporating
relational data, privacy-preserving mechanisms,
and simulation capabilities. Optimization
strategies and ensemble learning have also
played a crucial role in improving model
robustness and generalization. However,
challenges related to interpretability, data
heterogeneity, and computational complexity
remain  persistent. The integration of
explainable Al and efficient learning paradigms
is increasingly recognized as essential for
practical deployment in financial systems.

Discussion

The integration of enhanced deep learning
networks into financial risk forecasting
represents a transformative shift in how
publicly listed companies manage uncertainty
and decision-making processes. The reviewed
studies collectively highlight the superiority of
deep learning models over traditional statistical
approaches in handling complex, high-
dimensional financial data. Architectures such
as LSTM, CNN, and transformers have
demonstrated  exceptional capability in
capturing temporal and nonlinear relationships,
which are critical for accurate risk prediction.
Furthermore, hybrid models and ensemble
techniques have improved robustness and
reduced prediction errors by combining

48

Another significant advancement lies in the
incorporation of alternative data sources,
including social media sentiment, real-time
market feeds, and macroeconomic indicators.
These data streams enrich predictive models,
enabling a more comprehensive understanding
of financial risks. Additionally, innovations such
as federated learning and edge computing
address concerns related to data privacy and
real-time processing, making deep learning
models more practical for deployment in
distributed financial environments.

Despite these advancements, several challenges
remain. The lack of interpretability in complex
deep learning models continues to hinder their
adoption in highly regulated financial sectors.
Moreover, issues related to data quality, model
overfitting, and computational resource
requirements pose additional constraints.
Explainable Al techniques and efficient
optimization strategies are emerging as
potential solutions to these challenges.

Overall, the findings suggest that enhanced deep
learning frameworks, when integrated with
domain knowledge and robust data pipelines,
can significantly improve financial risk
forecasting. Future research should focus on
developing interpretable, scalable, and adaptive
models to support sustainable financial
management in the digital economy.

Conclusion

This comprehensive review examines the
application of enhanced deep learning networks
for financial risk forecasting in publicly listed
companies within the digital economy. The
findings indicate that deep learning significantly
improves the prediction of credit risk, market
volatility, bankruptcy, and financial instability
by capturing complex nonlinear relationships
and temporal patterns in financial data.
Advanced architectures, including recurrent
neural networks, convolutional neural networks,
transformer models, and hybrid approaches,
demonstrate superior predictive accuracy and
robustness. The integration of big data analytics,
cloud computing, federated learning, and real-
time processing further enhances scalability,
privacy, and decision-making capabilities.
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However, challenges such as limited model
interpretability, data quality issues, overfitting,
computational complexity, and regulatory
compliance remain barriers to widespread
adoption. Future research should focus on
developing explainable, scalable, and
computationally efficient deep learning models
while incorporating ethical Al principles and
multimodal data integration. These
advancements will enable more reliable
financial risk forecasting and support informed
strategic decision-making in rapidly evolving
digital financial ecosystems.
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