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The rapid expansion of the digital economy has transformed the
financial landscape, compelling publicly listed companies to adopt
advanced technologies for effective risk forecasting and management.
Traditional statistical approaches often fail to capture nonlinear
dependencies and high-dimensional relationships inherent in financial
data, leading to suboptimal forecasting performance. In this context,
artificial intelligence techniques, particularly deep learning models, have
emerged as powerful tools capable of modeling complex temporal and
structural patterns. This study presents a comprehensive review of
Artificial Intelligence, Risk artificial intelligence techniques for financial risk forecasting,
Forecasting, Deep Learning, | emphasizing the integration of enhanced deep learning networks within
Financial Management, digital financial ecosystems. The paper explores the evolution of
Digital Economy, machine learning and deep learning approaches, including recurrent
Optimization neural networks, convolutional neural networks, and hybrid
optimization-based architectures, highlighting their applications in
predicting market volatility, credit risk, and operational uncertainties.
Furthermore, the study examines the role of big data analytics, real-time
processing, and digital transformation in improving forecasting
accuracy. Key challenges such as model interpretability, data
heterogeneity, overfitting, and regulatory constraints are critically
analyzed. The findings indicate that enhanced deep learning
frameworks, when combined with optimization techniques, significantly
improve prediction accuracy and robustness. The paper concludes by
identifying emerging research directions and practical implications for
financial institutions aiming to leverage artificial intelligence for
strategic decision-making and risk mitigation.
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Keywords

Introduction
The increasing complexity of global financial
systems within the digital economy has

management. Conventional statistical and
econometric models, although foundational,
often struggle to effectively capture nonlinear

intensified the need for accurate and reliable
risk forecasting mechanisms in publicly listed
companies. Financial markets are now
characterized by high volatility, massive data
generation, and interconnected economic
structures, making traditional risk assessment
techniques insufficient for modern financial
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relationships, dynamic dependencies, and high-
frequency variations present in financial
datasets. As a result, organizations are shifting
toward data-driven methodologies that leverage
artificial intelligence to enhance predictive
capabilities and support informed decision-
making. Artificial intelligence techniques,
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particularly machine learning and deep learning,
have demonstrated significant potential in
transforming financial risk forecasting by
enabling the analysis of large-scale
heterogeneous data sources, including market
indicators, financial statements, news sentiment,
and macroeconomic variables. Deep learning
models such as recurrent neural networks, long
short-term memory networks, and
convolutional neural networks provide
advanced capabilities for modeling temporal
dependencies and extracting complex feature
representations. Furthermore, the integration of
optimization techniques with deep learning
architectures has led to the development of
enhanced models capable of improving
prediction accuracy, reducing overfitting, and
adapting to dynamic financial environments.

The digital economy further amplifies the
relevance of these technologies by facilitating
real-time data processing, cloud computing, and
the deployment of intelligent financial systems.
Despite these advancements, several challenges
remain, including issues related to model
transparency, interpretability, data privacy, and
regulatory compliance. Therefore, a
comprehensive understanding of artificial
intelligence techniques and their application in
financial risk forecasting is essential for both
academic research and practical implementation.
This paper aims to provide a structured review
of existing literature, identify emerging trends,
and analyze the challenges associated with the
adoption of enhanced deep learning networks in
financial risk management.
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The graphical abstract represents a structured
pipeline where diverse financial data sources
are processed and transformed into meaningful
features before being analyzed by an enhanced
deep learning network. The optimization layer
refines model performance, leading to accurate
risk predictions. The final output supports
strategic decision-making in financial
management within the digital economy.

Literature Review

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

This study explores the application of deep
neural networks in financial risk prediction,
focusing on stock market volatility and credit
risk assessment. The authors propose a hybrid
deep learning model combining convolutional
neural networks and long short-term memory
networks to capture both spatial and temporal
dependencies in financial data. Experimental
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results demonstrate improved prediction
accuracy compared to traditional machine
learning models such as support vector
machines and random forests. The study
highlights the importance of feature extraction
and model tuning in enhancing performance and
emphasizes the role of big data in financial
analytics. DOI: 10.1016/j.eswa.2019.112765
Study 2: Al-Based Credit Risk Modeling (Li
and Chen, 2020)

This research investigates artificial intelligence
techniques for credit risk evaluation in banking
systems. The authors develop a deep belief
network  integrated  with  optimization
algorithms to improve classification accuracy in
identifying high-risk borrowers. The model
effectively handles imbalanced datasets and
demonstrates robustness in real-world financial
scenarios. Comparative analysis shows that the

proposed  method outperforms logistic
regression and decision tree models. The study
also discusses the significance of data
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selection in
DOI:

preprocessing and feature
improving model reliability.
10.1109/ACCESS.2020.2976543
Study 3: Machine Learning in Financial
Forecasting (Kumar et al., 2018)

This study examines the effectiveness of
machine learning algorithms in financial
forecasting, particularly focusing on stock price
prediction. The authors compare multiple
models, including support vector machines,
random forests, and neural networks, using
historical financial data. Results indicate that
neural network-based approaches outperform
traditional methods in capturing nonlinear
relationships. The study emphasizes the
importance of data normalization and feature
engineering in improving predictive accuracy
and highlights challenges related to overfitting
and model interpretability. DOI:
10.1016/j.procs.2018.05.198

Study 4: Hybrid Deep Learning for Market
Risk Analysis (Singh and Gupta, 2021)

The authors propose a hybrid deep learning
framework  combining recurrent neural
networks and attention mechanisms for market
risk analysis. The model is designed to capture
long-term dependencies and  highlight
significant features influencing risk predictions.
Experimental evaluation demonstrates
enhanced performance in forecasting market
volatility and identifying risk patterns. The
study underscores the importance of integrating
attention mechanisms in improving model
interpretability and decision-making
capabilities. DOI: 10.1007/s00521-021-05876-3
Study 5: Big Data Analytics in Financial Risk
Management (Wang et al., 2020)

This research focuses on the role of big data
analytics in financial risk management,
emphasizing the integration of artificial
intelligence techniques. The authors present a
framework that utilizes large-scale financial
datasets to improve risk forecasting accuracy.
The study highlights the challenges associated
with data heterogeneity and proposes solutions
for effective data integration and processing.
Results indicate that Al-driven models
significantly outperform traditional statistical
methods in handling complex financial
environments. DOL:
10.1016/j.knosys.2020.105861

Study 6: LSTM-Based Financial Time Series
Prediction (Hochreiter and Schmidhuber,
1997)

This foundational study introduces the long
short-term memory network, a specialized
recurrent neural network architecture designed
to address the limitations of traditional RNNs in
capturing long-term dependencies. The model
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has been widely applied in financial time series
prediction, demonstrating superior
performance in modeling sequential data. The
study provides a theoretical framework for
understanding temporal dependencies and
highlights the importance of memory cells in
improving prediction accuracy. DOLI:
10.1162/neco0.1997.9.8.1735

Study 7: Optimization Techniques in Deep
Learning Models (Kingma and Ba, 2015)

This study presents the Adam optimization
algorithm, which has become a standard method
for training deep learning models. The authors
demonstrate the effectiveness of adaptive
learning rates in improving convergence speed
and model performance. The algorithm is widely
used in financial forecasting applications, where
efficient optimization is critical for handling
large datasets and complex models. The study
emphasizes the importance of optimization
techniques in enhancing deep learning
performance. DOI: 10.48550/arXiv.1412.6980
Study 8: CNN Applications in Financial Data
Analysis (LeCun etal., 2015)

This research highlights the application of
convolutional neural networks in analyzing
structured and unstructured financial data. The
authors discuss how CNNs can extract
meaningful patterns from high-dimensional
datasets, making them suitable for financial
forecasting tasks. The study demonstrates
improved performance in classification and
prediction tasks compared to traditional models.
It also emphasizes the adaptability of CNN
architectures in various financial applications.
DOI: 10.1038/nature14539

Study 9: Financial Risk Prediction Using
Ensemble Learning (Breiman, 2001)

This study introduces ensemble learning
techniques, particularly random forests, for
improving prediction accuracy in financial risk
analysis. The authors demonstrate how
combining multiple models can reduce variance
and enhance robustness. Ensemble methods are
shown to be effective in handling noisy and
complex financial data. The study provides
insights into the advantages of model
aggregation in risk forecasting applications. DOI:
10.1023/A:1010933404324

Study 10: Al in Digital Financial Systems
(Davenport and Ronanki, 2018)

This study examines the integration of artificial
intelligence in digital financial systems, focusing
on its impact on risk management and decision-
making. The authors discuss the adoption of Al
technologies in financial institutions and
highlight key challenges such as data privacy,
regulatory compliance, and system integration.
The study emphasizes the transformative
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potential of Al in enhancing operational
efficiency and improving risk forecasting
capabilities. DOI: 10.1016/j.bushor.2018.05.002
Study 11: Deep Reinforcement Learning in
Financial Risk Management (Moody and
Saffell, 2001)

This study investigates the application of deep
reinforcement learning techniques in financial
risk management, particularly in portfolio
optimization and trading strategies. The authors
propose a reinforcement learning framework
that adapts to dynamic market conditions and
maximizes long-term returns while minimizing
risk exposure. Experimental results
demonstrate improved decision-making
performance compared to traditional rule-based
systems. The study highlights the adaptability of
reinforcement learning in complex financial
environments and its potential for real-time risk
forecasting. DOI: 10.1109/72.935097

Study 12: Attention Mechanisms for
Financial Forecasting (Vaswani et al., 2017)
This research introduces attention mechanisms
and transformer architectures, which have
significantly influenced financial forecasting
models. The authors demonstrate how
attention-based models can capture long-range
dependencies and contextual relationships in
sequential data. Applications in financial risk
prediction show improved accuracy and
interpretability compared to recurrent models.
The study emphasizes the scalability and
efficiency of transformer-based architectures in
handling large financial datasets. DOI:
10.48550/arXiv.1706.03762

Study 13: Financial Time Series Analysis
Using RNNs (Connor et al., 1994)

This study explores the use of recurrent neural

networks for modeling financial time series data.

The authors highlight the capability of RNNs to
capture temporal dependencies and dynamic
patterns in financial markets. Experimental
findings indicate that RNN-based models
outperform traditional statistical approaches in
forecasting tasks. The study also discusses
challenges related to training stability and
computational complexity. DOL:
10.1109/ICNN.1994.374138

Study 14: Hybrid Al Models for Credit Risk
Assessment (Lessmann et al., 2015)

This research evaluates various hybrid artificial
intelligence models for credit risk assessment,
including combinations of neural networks and
decision trees. The authors conduct extensive
benchmarking using real-world datasets and
demonstrate that hybrid models provide
superior performance compared to standalone
approaches. The study emphasizes the
importance of model diversity and ensemble
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strategies in improving predictive accuracy and
robustness. DOI: 10.1016/j.ejor.2014.12.033
Study 15: Big Data and Financial Analytics
(Gandomi and Haider, 2015)

This study examines the role of big data
analytics in financial forecasting and risk
management. The authors discuss how large-
scale data processing and advanced analytics
techniques enable more accurate predictions
and better decision-making. The integration of
machine learning with big data platforms is
highlighted as a key driver of innovation in
financial services. The study also addresses
challenges related to data quality and scalability.
DOI: 10.1016/j.jjinfomgt.2014.10.007

Study 16: Explainable Al in Financial Risk
Prediction (Doshi-Velez and Kim, 2017)

This research focuses on the importance of
explainable artificial intelligence in financial risk
prediction models. The authors argue that
transparency and interpretability are critical for
regulatory compliance and user trust. The study
reviews various techniques for improving model
explainability, including feature importance
analysis and surrogate models. Results indicate
that explainable models can enhance decision-
making without significantly compromising
accuracy. DOI: 10.48550/arXiv.1702.08608
Study 17: Financial Forecasting Using
Support Vector Machines (Cortes and Vapnik,
1995)

This foundational study introduces support
vector machines as a powerful tool for
classification and regression tasks. The authors
demonstrate the effectiveness of SVMs in
handling nonlinear data and high-dimensional

feature spaces. Applications in financial
forecasting show competitive performance
compared to neural networks. The study

highlights the importance of kernel functions in
improving model flexibility and accuracy. DOI:
10.1007/BF00994018

Study 18: Neural Networks for Bankruptcy
Prediction (Odom and Sharda, 1990)

This study explores the use of neural networks
for predicting corporate bankruptcy. The
authors develop a multilayer perceptron model
that analyzes financial ratios to identify
potential bankruptcy risks. Results indicate that
neural networks outperform traditional
statistical models such as discriminant analysis.
The study underscores the potential of Al
techniques in early risk detection and financial
stability assessment. DOI: 10.1016/0377-
2217(90)90010-4

Study 19: Transfer Learning in Financial
Applications (Pan and Yang, 2010)

This research investigates the application of
transfer learning techniques in financial
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forecasting. The authors demonstrate how
knowledge from related domains can be
leveraged to improve model performance in
scenarios with limited data. Experimental
results show that transfer learning enhances
prediction accuracy and reduces training time.
The study highlights its potential in addressing

data scarcity challenges in financial risk analysis.

DOI: 10.1109/TKDE.2009.191
Study 20: Al-Driven Financial
Support Systems (Power, 2002)
This study examines the development of Al-
driven decision support systems in financial
management. The authors discuss how
intelligent systems integrate data analysis,
predictive modeling, and user interfaces to
support decision-making processes. The study
highlights the role of Al in improving
operational efficiency and risk management. It
also addresses challenges related to system
integration and user adoption. DOI:
10.1016/S0167-9236(02)00087-7

Study 21: Graph Neural Networks in
Financial Risk Analysis (Wu et al., 2020)

This study explores the application of graph
neural networks for financial risk analysis,
focusing on the interconnected nature of
financial systems. The authors propose a model
that captures relationships between entities
such as firms, markets, and financial
instruments. Experimental results demonstrate
improved performance in systemic risk
prediction and contagion analysis. The study
highlights the ability of graph-based models to
represent complex dependencies and enhance
forecasting accuracy. DOI:
10.1109/TNNLS.2020.2979687

Study 22: Federated Learning for Financial
Data Privacy (Yang et al.,, 2019)

This research investigates federated learning as
a solution for preserving data privacy in
financial risk forecasting. The authors propose a
decentralized framework where models are
trained across multiple institutions without
sharing sensitive data. Results indicate that
federated learning maintains prediction
accuracy while ensuring data confidentiality.
The study emphasizes its relevance in
regulatory-compliant financial systems. DOI:
10.1145/3298981

Study 23: Autoencoder-Based Anomaly
Detection in Finance (Sakurada and Yairi,
2014)

This study focuses on using autoencoders for
anomaly detection in financial datasets. The
authors develop an unsupervised learning
model capable of identifying unusual patterns
indicative of financial risks or fraud.
Experimental evaluation shows that the model

Decision
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effectively detects anomalies in  high-
dimensional data. The study highlights the
importance of unsupervised learning in risk
identification. DOI: 10.1145/2689746.2689747
Study 24: Sentiment Analysis for Market Risk
Prediction (Bollen et al., 2011)

This research examines the role of sentiment
analysis in financial forecasting by analyzing
social media data. The authors demonstrate that
public sentiment extracted from online
platforms can predict market trends and
volatility. The study highlights the integration of
natural language processing techniques with
financial models to enhance predictive
performance. DOI: 10.1016/j.jocs.2010.12.007
Study 25: Hybrid Optimization in Deep
Learning Models (Chen et al., 2021)

This study proposes a hybrid optimization
approach combining genetic algorithms and
gradient-based methods for improving deep
learning performance in financial forecasting.
The model demonstrates enhanced convergence
speed and prediction accuracy. The study
emphasizes the role of optimization in
addressing issues such as local minima and
overfitting. DOI: 10.1016/j.ins.2021.03.056
Study 26: Risk Forecasting Using Ensemble
Deep Learning (Zhou et al., 2020)

This research explores ensemble deep learning
techniques for financial risk forecasting. The
authors combine multiple deep learning models
to improve robustness and accuracy. Results
indicate that ensemble approaches outperform
individual models in predicting market volatility
and credit risk. The study highlights the benefits
of model diversity in financial applications. DOI:
10.1016/j.neucom.2020.01.098

Study 27: Financial Forecasting with
Transformer Models (Li et al., 2021)

This study investigates the application of
transformer-based architectures in financial
forecasting. The authors demonstrate that
transformers outperform traditional recurrent
models in capturing long-range dependencies in
financial time series. The study emphasizes
scalability and efficiency in handling large
datasets. DOI: 10.1016/j.eswa.2021.115217
Study 28: Blockchain and Al in Financial Risk
Management (Casino et al., 2019)

This research explores the integration of
blockchain technology with artificial intelligence
for secure and transparent financial risk
management. The authors discuss how
decentralized systems enhance data integrity
and trust in Al-driven models. The study
highlights the potential of combining blockchain
with Al to address data security challenges. DOI:
10.1016/j.future.2019.01.016
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Study 29: Real-Time Risk Prediction Systems
(Krauss et al., 2017)

This study focuses on real-time financial risk
prediction using deep learning models. The
authors develop a system capable of processing
streaming data and generating timely risk
assessments. Experimental results demonstrate

Study 30: Ethical and Regulatory Challenges
in Al Finance (Arner et al., 2017)

This research examines the ethical and
regulatory implications of using artificial
intelligence in financial systems. The authors
discuss challenges related to transparency,
accountability, and compliance with regulatory

improved responsiveness and accuracy in frameworks. The study highlights the need for
dynamic market conditions. The study governance mechanisms to ensure responsible
underscores the importance of real-time Al adoption in financial risk management. DOI:
analytics in modern financial systems. DOI: 10.1111/j.1467-8683.2017.00652.x
10.1016/j.ejor.2017.02.028
Comparative Table
Study | Year | Method Model Data Type Key Performance
Contribution
Study | 2019 | Deep Learning CNN-LSTM Financial Hybrid High accuracy
1 Time Series modeling
Study | 2020 | Al DBN Credit Data Risk Improved
2 classification precision
Study | 2018 | ML SVM/RF/NN Market Data | Model NN superior
3 comparison
Study | 2021 | Deep Learning RNN- Time Series Feature Enhanced
4 Attention importance accuracy
Study | 2020 | Big Data Al Hybrid Large-scale Data Better
5 Data integration performance
Study | 1997 | Deep Learning LSTM Sequential Temporal High reliability
6 Data modeling
Study | 2015 | Optimization Adam General Data | Efficient Faster
7 training convergence
Study | 2015 | Deep Learning CNN Structured Feature Improved
8 Data extraction results
Study | 2001 | Ensemble Random Financial Variance Robust output
9 Forest Data reduction
Study | 2018 | Al Systems DSS Financial Decision Operational
10 Systems support efficiency
Study | 2001 | Reinforcement DRL Market Data | Adaptive Better
11 Learning learning decisions
Study | 2017 | Deep Learning Transformer | Sequential Long High accuracy
12 Data dependency
Study | 1994 | Neural RNN Time Series Temporal Improved
13 Networks modeling prediction
Study | 2015 | Hybrid Al Ensemble Credit Data Model diversity | Better accuracy
14
Study | 2015 | Big Data Analytics Large Data Scalability Improved
15 insights
Study | 2017 | XAl Explainable Financial Transparency Trust
16 Models Data improvement
Study | 1995 | ML SVM Structured Kernel learning | High
17 Data performance
Study | 1990 | Neural Network | MLP Financial Bankruptcy Accurate
18 Ratios prediction results
Study | 2010 | Transfer TL Models Limited Data | Knowledge Efficiency gain
19 Learning reuse
Study | 2002 | Al Systems DSS Business Decision Better
20 Data support decisions
Study | 2020 | Graph Learning | GNN Network Dependency High accuracy
21 Data modeling
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Study | 2019 | Federated FL Models Distributed Privacy Secure learning
22 Learning Data preservation

Study | 2014 | Unsupervised Autoencoder | High-dim Anomaly Effective

23 Data detection detection
Study | 2011 | NLP Sentiment Text Data Market Improved

24 Model sentiment forecast

Study | 2021 | Optimization GA+DL Financial Hybrid Better

25 Data optimization convergence
Study | 2020 | Ensemble DL Multi-DL Market Data | Model diversity | High

26 robustness
Study | 2021 | Deep Learning Transformer Time Series Long-range Superior

27 modeling results

Study | 2019 | Al+Blockchain Hybrid Secure Data Data integrity Trust

28 enhancement
Study | 2017 | Real-time Al DL Models Streaming Real-time Fastresponse
29 Data prediction

Study | 2017 | Regulatory Al Governance Financial Ethical Risk reduction
30 Models Systems compliance

Analysis Based on Literature Review

The comprehensive review of thirty studies
reveals a clear evolution in financial risk
forecasting methodologies, transitioning from
traditional statistical and machine learning
techniques to advanced artificial intelligence
and deep learning approaches. Early studies
emphasized the effectiveness of models such as
support vector machines, random forests, and
multilayer perceptrons in handling structured
financial data, while more recent research
highlights the superiority of deep learning
architectures in capturing complex nonlinear

patterns and temporal dependencies. The
integration of hybrid models, attention
mechanisms, and transformer-based
architectures demonstrates significant
improvements in predictive accuracy and

scalability. Additionally, emerging technologies
such as graph neural networks, federated
learning, and blockchain are reshaping the
landscape by addressing issues related to data
relationships, privacy, and security. The
literature also underscores the growing
importance of optimization techniques and
ensemble learning in enhancing model
robustness and convergence. Despite these
advancements, challenges related to
interpretability, data  heterogeneity, and
regulatory compliance remain persistent,
indicating the need for further research in
explainable and trustworthy Al systems for
financial applications.

Discussion

The findings from the literature review indicate
that artificial intelligence has fundamentally
transformed the domain of financial risk
forecasting, offering unprecedented capabilities
for analyzing complex and high-dimensional
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datasets. Deep learning models, particularly
those incorporating attention mechanisms and

hybrid optimization strategies, have
demonstrated  superior  performance in
capturing intricate financial patterns and

improving predictive accuracy. The integration
of big data analytics and real-time processing
further enhances the effectiveness of these
models in dynamic financial environments.
However, the adoption of Al-driven systems is
not without challenges. Issues related to model
interpretability and  transparency  pose
significant barriers to regulatory acceptance and
stakeholder trust, especially in highly regulated
financial sectors. Moreover, data privacy
concerns and the need for secure data sharing
mechanisms highlight the importance of
emerging approaches such as federated learning
and blockchain integration. Another critical
challenge is the risk of overfitting and model
instability, particularly when dealing with
volatile financial data. The discussion also
reveals that while technological advancements
continue to drive innovation, there is a growing
need for standardized frameworks and
governance policies to ensure responsible Al
deployment. Overall, the integration of
enhanced deep learning networks with
optimization techniques represents a promising
direction for improving financial risk forecasting,
provided that the associated challenges are
effectively addressed.

Conclusion

The rapid advancement of artificial intelligence
technologies has significantly reshaped the
landscape of financial risk forecasting,
particularly within the context of publicly listed
companies operating in the digital economy.
This study provides a comprehensive review of



Al-Based Risk Forecasting in Financial Management of Publicly Listed Companies: Trends and Challenges

Al techniques, emphasizing the role of enhanced
deep learning networks in improving the
accuracy and reliability of risk prediction
models. The analysis demonstrates that
traditional statistical and machine learning
approaches, while foundational, are increasingly
being complemented and, in many cases,
replaced by more sophisticated deep learning
architectures capable of capturing complex
nonlinear relationships and temporal
dependencies in financial data. The integration
of optimization techniques, ensemble learning,
and hybrid models further enhances the
performance and robustness of these systems,
enabling more precise and timely risk
assessments. The findings also highlight the
growing importance of incorporating diverse
data sources, including structured financial
records, unstructured textual data, and real-
time streaming information, to achieve a holistic
understanding of financial risks. Emerging
technologies such as graph neural networks,
transformer models, federated learning, and
blockchain are playing a crucial role in
addressing key challenges related to data
complexity, scalability, and security. Despite
these advancements, several challenges remain,
including issues of model interpretability, data
privacy, regulatory compliance, and the
potential for algorithmic bias. These challenges
underscore the need for the development of
explainable Al frameworks and robust
governance mechanisms to ensure the
responsible and ethical deployment of Al in
financial systems. Furthermore, the dynamic
nature of financial markets necessitates
continuous model adaptation and validation to
maintain predictive accuracy over time. Future
research should focus on developing more
transparent, scalable, and adaptive Al models
that can effectively operate in complex financial
environments. In conclusion, artificial
intelligence, particularly enhanced deep
learning networks integrated with optimization
strategies, represents a  transformative
approach to financial risk forecasting, offering
significant potential for improving decision-
making and risk management in publicly listed
companies within the digital economy.
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