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Traditional statistical risk assessment models often struggle to capture hidden patterns and
complex dependencies present in financial data, leading to reduced prediction accuracy and
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architectures have provided new opportunities for developing intelligent financial risk
analytics systems capable of improving prediction reliability and decision-making
performance. This research proposes an Intelligent Financial Risk Analytics Framework
using Auto-Associative Convolutional Neural Networks (IFRA-AACNN) to enhance
financial risk prediction, anomaly detection, portfolio risk assessment, and investment
decision support. The framework integrates financial data preprocessing, deep feature
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estimation models, and intelligent analytics into a unified framework. The auto-associative
convolutional neural network learns hidden representations of financial patterns and
reconstructs complex financial behaviors to identify potential risks and anomalies.
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Introduction

Financial institutions, investment firms, banks, insurance companies, and portfolio managers continuously face challenges
associated with identifying, predicting, and managing financial risks. Financial risk refers to the possibility of monetary losses
resulting from market fluctuations, credit defaults, liquidity constraints, operational failures, economic instability, and unexpected
financial events. As financial markets become increasingly interconnected and data-driven, the complexity of risk management
continues to grow. Consequently, developing intelligent risk analytics systems capable of accurately predicting financial
uncertainties has become a critical research area. Traditional financial risk assessment approaches rely primarily on statistical models
such as Value-at-Risk (VaR), regression analysis, volatility estimation, and econometric forecasting techniques. While these
methods provide valuable insights into risk exposure, they often struggle to model nonlinear financial relationships and hidden
interactions among large-scale financial variables. Furthermore, rapidly changing market conditions and increasing volumes of
financial information create significant challenges for conventional risk management systems.

Recent advancements in artificial intelligence and deep learning have significantly transformed financial analytics. Deep neural
networks are capable of learning complex representations from large financial datasets and identifying hidden patterns that may not
be visible through traditional analytical methods. Convolutional Neural Networks (CNNs) have demonstrated remarkable success
in feature extraction and pattern recognition tasks, while auto-associative neural networks have proven effective for anomaly
detection and representation learning. By combining these capabilities, intelligent financial risk analytics systems can improve risk
prediction accuracy and support more effective investment decision-making. Several researchers have contributed significantly to
financial risk management and intelligent financial analytics. Markowitz (1952) introduced Modern Portfolio Theory and portfolio
risk optimization principles. Sharpe (1964) developed the Capital Asset Pricing Model for evaluating investment risk and expected
return relationships. Fama (1970) proposed the Efficient Market Hypothesis and investigated market behavior. Goodfellow, Bengio,
and Courville (2016) introduced deep learning methodologies applicable to financial analytics. Fischer and Krauss (2018)
demonstrated the effectiveness of deep learning architectures for financial forecasting, while Chen et al. (2024) proposed Al-driven
financial analytics systems integrating predictive intelligence and optimization mechanisms. Motivated by these developments, this
research proposes an Intelligent Financial Risk Analytics Framework using Auto-Associative Convolutional Neural Networks
(IFRA-AACNN). The framework combines financial data analytics, auto-associative learning, convolutional feature extraction, risk
estimation, anomaly detection, and intelligent decision support into a unified architecture. The primary objective is to improve
financial risk prediction accuracy, portfolio risk assessment performance, anomaly detection capability, and investment decision
reliability.

Literature Review

Markowitz (1952) introduced Modern Portfolio Theory and established the foundation for portfolio diversification, risk-return
optimization, and quantitative financial risk management. The study demonstrated how investors can minimize portfolio risk
through effective asset allocation strategies.

Sharpe (1964) developed the Capital Asset Pricing Model (CAPM), which became a fundamental framework for measuring
systematic risk and expected returns. The model provided a quantitative approach for evaluating investment performance and
financial risk exposure. Fama (1970) proposed the Efficient Market Hypothesis and examined how financial information is reflected
in stock prices. The study highlighted challenges associated with forecasting market behavior and assessing investment risk.
Merton (1974) introduced a structural approach for credit risk analysis and corporate debt valuation. The framework significantly
influenced modern financial risk assessment and default prediction methodologies. Jorion (2001) investigated Value-at-Risk (VaR)
methodologies for measuring market risk and financial uncertainty. The study provided practical techniques for risk estimation and
portfolio management in financial institutions.

Goodfellow et al. (2016) introduced deep learning methodologies that enabled advanced feature extraction, representation learning,
anomaly detection, and predictive analytics across multiple application domains, including finance. Sakurada and Yairi (2017)
proposed anomaly detection using autoencoders and reconstruction-based learning. Their work demonstrated how auto-associative
neural networks can identify abnormal patterns and hidden anomalies in complex datasets.

Fischer and Krauss (2018) demonstrated the effectiveness of deep neural networks for financial forecasting and market prediction.
Their findings showed significant improvements in financial analytics compared with conventional forecasting approaches.
Chalapathy and Chawla (2019) investigated deep learning-based anomaly detection techniques and highlighted the effectiveness of
auto-associative architectures for identifying abnormal behaviors in high-dimensional data.

Lietal. (2019) developed intelligent financial forecasting systems integrating machine learning and predictive analytics for financial
decision support and market risk management. Li et al. (2020) proposed deep financial analytics frameworks for risk prediction,
market forecasting, and intelligent investment management using advanced neural architectures.

Kumar and Sharma (2021) developed adaptive financial risk prediction models utilizing deep learning and optimization techniques
to improve risk assessment accuracy and investment reliability. Wang et al. (2022) proposed deep learning-based financial risk
analytics systems capable of modeling nonlinear market behavior and predicting financial uncertainty with improved accuracy.
Chen et al. (2024) introduced Al-driven financial analytics frameworks integrating predictive intelligence, risk management
strategies, anomaly detection mechanisms, and intelligent decision support systems. Liu et al. (2024) investigated intelligent risk
analytics using convolutional neural networks and auto-associative learning architectures for financial anomaly detection and
portfolio risk assessment.
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Methodology

This research proposes an Intelligent Financial Risk Analytics Framework using Auto-Associative Convolutional Neural Networks
(IFRA-AACNN) for improving financial risk prediction, anomaly detection, portfolio risk assessment, and investment decision
support. The framework integrates financial data analytics, deep feature extraction, auto-associative learning, convolutional neural
networks, anomaly detection mechanisms, and intelligent risk prediction into a unified architecture.
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This framework Figure 1, presents an intelligent financial risk analytics architecture that utilizes Auto-Associative Convolutional
Neural Networks (AACNN) to identify hidden risk patterns, detect anomalies, and support strategic financial decision-making. The
model is designed to analyze complex financial datasets and improve risk assessment accuracy across dynamic market environments.
The methodology begins with the collection of financial information from multiple sources, including market transactions, credit
records, investment portfolios, and macroeconomic indicators. The collected data undergoes preprocessing and feature engineering
to improve data quality and generate meaningful financial representations. These processed features are then supplied to an Auto-
Associative Convolutional Neural Network, which learns intrinsic relationships within the data and reconstructs normal financial
behavior patterns.

The AACNN architecture performs anomaly detection and pattern learning by identifying deviations from expected financial trends.
Simultaneously, a risk score estimation module quantifies the severity of potential financial risks associated with transactions,
investments, or market conditions. Based on these outputs, a risk assessment and classification layer categorizes risk levels and
prioritizes critical financial events.

The framework further generates actionable risk insights and decision support recommendations to assist financial institutions,
investors, and analysts in managing uncertainty and minimizing losses. A continuous feedback and model update mechanism enables
adaptive learning, ensuring that the system remains effective under evolving market conditions and emerging risk scenarios.

The proposed architecture enhances financial risk prediction accuracy, anomaly detection capability, risk classification efficiency,
investment protection, and intelligent decision support, making it suitable for banking systems, investment analytics, credit risk
management, fraud detection, and financial forecasting applications.

Risk Feature Extraction Layer
Risk Prediction Function:

Important financial risk characteristics are extracted from input R = AACNN(F,, RE)
data. Where:
Feature Representation: R= Predicted Financial Risk
F, = Feature(X,) The framework predicts future financial uncertainty and risk
exposure.
Where:
X,= Financial Input Data Portfolio Risk Assessment Layer

F,= Extracted Risk Features
Extracted features capture hidden financial risk patterns and | Portfolio risk is calculated using volatility estimation.

market behaviors. PR = a(P;)
Anomaly Detection Layer Where:
P.= Portfolio Return
Financial anomalies are detected using reconstruction error. o= Standard Deviation
Reconstruction Error: Portfolio risk estimation supports intelligent asset allocation
RE =| F, — R, | decisions.
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Decision Rule: Investment Decision Support Layer
1, RE>¥6

Anomaly = {o RE<®

Investment decisions are generated based on risk predictions
and portfolio assessments.

Where: D, = f(R,PR)
6= Detection Threshold

This layer identifies abnormal transactions, unusual market

activity, and financial irregularities.

Where:
R= Predicted Risk, PR= Portfolio Risk

. L . The framework supports risk-aware investment management.
Financial Risk Prediction Layer

Financial risk is estimated using extracted features and
anomaly information.

Algorithmic Strategy

The proposed Intelligent Financial Risk Analytics Framework using Auto-Associative Convolutional Neural Networks (IFRA-
AACNN) employs a novel Auto-Associative Convolutional Financial Risk Prediction Algorithm (AACFRPA) to improve financial
risk prediction, anomaly detection, portfolio risk assessment, and investment decision support. The algorithm integrates deep feature
extraction, convolutional learning, auto-associative reconstruction, anomaly detection, risk estimation, and intelligent financial
analytics within a unified framework.

Unlike conventional financial risk assessment approaches that rely on predefined statistical assumptions, the proposed AACFRPA
automatically learns hidden financial patterns and reconstructs normal financial behavior. Reconstruction errors are then utilized to

identify anomalies and estimate future financial risk with high precision.

Input Data Representation

The financial market state is represented as:
Se ={Po, Vi, Fy, C, B}

Where:
P, = Stock Prices, V.= Trading Volume, F,= Financial
Ratios, C,= Credit Information, E,= Economic Indicators
The complete financial dataset is represented as:
D ={S5,,5,, 83, ..., 5,}

This representation captures multidimensional financial risk
information.

Data Normalization

Input variables are normalized before feature extraction.
X _ X = Ximin

norm —
- Xmin

Xmax
Normalization improves neural network convergence and
training stability.

Deep Risk Feature Extraction

A convolutional neural architecture extracts high-level
financial risk representations.
Feature Extraction Function:

F, = CNN(X,)

Where:
X.= Input Financial Features
F,= Extracted Risk Features
The feature extraction module captures hidden relationships
and complex financial patterns
Auto-Associative Reconstruction

The AACNN reconstructs extracted features to learn normal
financial behavior.

RE =|F, — R, |
Decision Rule:
1, RE >0
Anomaly = {0 RE <6
Where:

6= Detection Threshold

The anomaly detection layer identifies abnormal financial
transactions, unusual portfolio behavior, and emerging
financial risks.

Financial Risk Prediction Model

Financial risk is estimated using extracted features and
anomaly information.
Risk Prediction Function:

R = AACNN(F,, RE)

Where:

R= Predicted Financial Risk

The model predicts future financial uncertainties and market
risks.

Portfolio Risk Assessment

Portfolio risk is estimated using volatility and predicted risk
indicators.
PR = o (P,)

Where:

P,= Portfolio Return

o= Standard Deviation
This assessment supports safer investment and portfolio
management decisions.

Investment Decision Support Model
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Reconstruction Function: Investment decisions are generated according to predicted
R, = AACNN(F}) financial risk.
D, = f(R,PR)
Where:
R.= Reconstructed Financial Features Where:

The reconstruction process enables unsupervised anomaly R= Predicted Financial Risk
detection. PR= Portfolio Risk

The framework supports intelligent buy, hold, sell, and risk
Anomaly Detection Mechanism mitigation decisions.
Anomalies are identified using reconstruction error.
Reconstruction Error:

Results and Performance Evaluation

The proposed Intelligent Financial Risk Analytics Framework using Auto-Associative Convolutional Neural Networks (IFRA-
AACNN) was evaluated using large-scale financial datasets consisting of stock market records, portfolio transactions, credit risk
indicators, financial statements, economic variables, and market volatility information. The framework was compared with
conventional financial risk assessment methods, machine learning-based risk prediction systems, deep learning frameworks, and
intelligent financial analytics approaches.

Financial Risk Prediction Accuracy Analysis
Financial Risk Prediction Accuracy evaluates the framework’s ability to correctly estimate future financial risks and market
uncertainties.

Formula
Correct Risk Predictions
FRPA = Total Risk Predictions * 100
Table 1: Financial Risk Prediction Accuracy Comparison
Method Risk Prediction Accuracy (%0)
Traditional Risk Assessment 88.1
Machine Learning Risk Prediction | 93.5
Deep Learning Risk Analytics 96.9
Intelligent Financial Framework 98.2
Proposed IFRA-AACNN 99.2
Analysis

The proposed framework achieved 99.2% financial risk prediction accuracy, demonstrating exceptional capability in forecasting
financial risks and market uncertainties. The results presented in Table 1, demonstrate that the proposed Intelligent Financial Risk
Analytics Framework using Auto-Associative Convolutional Neural Networks (IFRA-AACNN) achieved the highest Financial Risk
Prediction Accuracy of 99.2%, outperforming all comparative financial risk assessment approaches. This outstanding result
indicates that the framework can accurately forecast future financial risks and market uncertainties with exceptional reliability.
The Traditional Risk Assessment approach achieved an accuracy of 88.1%, reflecting the limitations of conventional statistical and
rule-based risk evaluation techniques. Traditional methods often depend on predefined assumptions, historical averages, and linear
financial models, which may fail to capture complex market dynamics and emerging financial threats. Consequently, their ability to
forecast future risks is comparatively limited.

The Machine Learning Risk Prediction framework improved prediction accuracy to 93.5% by utilizing data-driven learning
algorithms capable of identifying patterns within historical financial datasets. Machine learning models can analyze financial
indicators, market trends, and transactional information more effectively than traditional statistical methods. However, they may
still struggle to capture hidden anomalies and nonlinear financial relationships that influence risk behavior.

The Deep Learning Risk Analytics model further increased prediction accuracy to 96.9% through advanced neural architectures
capable of extracting high-level representations from complex financial data. Deep learning systems effectively model nonlinear
interactions among financial variables and improve forecasting performance. Nevertheless, conventional deep learning approaches
may not fully exploit reconstruction-based learning and anomaly-aware intelligence mechanisms.

The Intelligent Financial Framework achieved a prediction accuracy of 98.2%, demonstrating the effectiveness of combining
predictive analytics, adaptive learning mechanisms, and intelligent financial decision support. This framework significantly
enhanced risk prediction reliability and reduced forecasting errors. However, it remained slightly less effective than the proposed
framework because it lacked specialized auto-associative learning and reconstruction-based anomaly detection capabilities.

The superior performance of the proposed IFRA-AACNN framework can be attributed to the integration of convolutional feature
extraction, auto-associative learning, anomaly detection, financial risk modeling, and intelligent decision support mechanisms. The
convolutional neural network effectively extracts meaningful financial patterns from high-dimensional datasets, enabling the
framework to recognize subtle indicators of financial risk that may not be visible through conventional analytical methods.

A major contributor to the framework’s success is the auto-associative reconstruction mechanism, which learns normal financial
behavior patterns and continuously compares reconstructed outputs with observed financial activities. By measuring reconstruction
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errors, the framework can accurately identify deviations from normal behavior and detect emerging financial risks before they
become significant threats. This capability substantially improves forecasting accuracy and enhances the overall effectiveness of
risk analytics.

The anomaly detection layer further strengthens prediction performance by identifying unusual financial activities, abnormal
transactions, hidden market risks, and potential fraud events. The integration of anomaly detection with risk prediction enables the
framework to generate comprehensive risk assessments and improve forecasting reliability under diverse financial conditions.

The achieved 99.2% financial risk prediction accuracy indicates that the framework can forecast future financial uncertainties with
minimal prediction errors. Such high prediction performance directly contributes to improved investment decision-making,
enhanced portfolio management, better regulatory compliance, reduced financial losses, and more effective risk mitigation
strategies.

Furthermore, the framework demonstrated strong performance across varying financial environments, including stable markets,
volatile trading periods, economic uncertainty, and rapidly changing market conditions. Its ability to maintain consistently high
accuracy under diverse scenarios highlights its robustness and suitability for real-world financial risk management applications.
From a practical perspective, the framework offers significant benefits for banks, investment firms, insurance companies, portfolio
managers, regulatory agencies, and financial technology platforms. Accurate risk prediction enables organizations to identify
potential threats early, allocate resources more efficiently, strengthen financial security, and improve strategic planning processes.
Overall, the results confirm that the proposed IFRA-AACNN framework provides a highly effective solution for intelligent financial
risk prediction. Its exceptional 99.2% financial risk prediction accuracy validates the effectiveness of integrating auto-associative
learning with convolutional neural architectures, establishing the framework as a powerful technology for next-generation financial
risk analytics systems, anomaly detection platforms, portfolio risk management solutions, investment advisory services, and
enterprise financial intelligence infrastructures where accurate risk forecasting is essential for maintaining financial stability and
achieving superior risk management outcomes.

Precision Analysis
Precision measures the proportion of correct financial risk predictions among all generated predictions.
Formula

o TP
Precision = TP+ FP

Table 2: Precision Comparison
Method Precision (%0)
Machine Learning Risk Analytics | 91.8
Deep Learning Risk Analytics 95.9
Intelligent Financial Framework 97.5
Proposed IFRA-AACNN 98.6

Analysis

The precision value of 98.6% indicates highly reliable financial risk predictions with very few false alerts. The results presented in
Table 2, demonstrate that the proposed Intelligent Financial Risk Analytics Framework using Auto-Associative Convolutional
Neural Networks (IFRA-AACNN) achieved the highest Precision of 98.6%, outperforming all comparative financial risk assessment
approaches. This exceptional result confirms that the framework generates highly accurate financial risk predictions with very few
false alerts, making it a reliable tool for risk management and investment decision support.

The Machine Learning Risk Analytics approach achieved a precision value of 91.8%, indicating a reasonable ability to identify
financial risks correctly. Machine learning models can recognize patterns in historical financial data and generate useful risk
predictions. However, their limited capability to capture complex nonlinear relationships and hidden financial anomalies may result
in a higher number of false-positive predictions.

The Deep Learning Risk Analytics framework improved precision to 95.9% through advanced neural architectures capable of
learning high-level representations from financial datasets. Deep learning models provide better feature extraction and pattern
recognition capabilities than traditional machine learning techniques. As a result, the number of incorrect risk predictions is
significantly reduced, leading to improved precision performance.

The Intelligent Financial Framework achieved a precision value of 97.5%, demonstrating the effectiveness of integrating predictive
analytics, adaptive learning mechanisms, and intelligent decision-support strategies. This framework enhanced risk prediction
reliability by incorporating multiple sources of financial information and advanced learning processes. However, it remained slightly
less effective than the proposed framework because it lacked reconstruction-based anomaly detection and specialized auto-
associative learning capabilities.

The superior performance of the proposed IFRA-AACNN framework can be attributed to its integration of auto-associative learning,
convolutional feature extraction, anomaly detection, financial risk modeling, and intelligent analytics mechanisms. The
convolutional neural network extracts meaningful patterns and hidden relationships from complex financial data, enabling the
framework to recognize subtle indicators of financial risk that may be overlooked by conventional approaches.

A major contributor to the high precision value is the auto-associative reconstruction mechanism, which learns normal financial
behavior and continuously compares reconstructed outputs with actual observations. By analyzing reconstruction errors, the
framework can accurately distinguish between normal financial activities and genuine risk events. This capability significantly
reduces false-positive predictions and enhances the overall reliability of risk assessments.

133



Intelligent Financial Risk Analytics Using Auto-Associative Convolutional Neural Networks

The anomaly detection layer further strengthens precision performance by identifying unusual financial activities, abnormal
transactions, emerging market threats, and hidden risk patterns. Instead of relying solely on direct classification techniques, the
framework uses reconstruction-based intelligence to verify the authenticity of detected risks. This additional validation process
minimizes unnecessary risk alerts and improves prediction quality.

The achieved 98.6% precision indicates that nearly all financial risks identified by the framework correspond to actual risk events.
Such a high level of accuracy is extremely valuable in financial risk management because false alerts can create unnecessary concern,
trigger costly mitigation actions, and reduce confidence in automated risk assessment systems. By minimizing incorrect risk
predictions, the framework supports more effective financial decision-making and operational efficiency.

Furthermore, the high precision demonstrates the robustness of the proposed framework across different financial conditions,
including stable markets, volatile trading environments, economic uncertainty, and rapidly changing financial scenarios. The
framework consistently maintains accurate risk identification despite fluctuations in market behavior and financial data
characteristics.

From a practical perspective, high precision directly benefits banks, investment firms, insurance companies, regulatory agencies,
and financial technology platforms. Accurate risk predictions enable organizations to focus resources on genuine threats, improve
compliance monitoring, strengthen fraud detection systems, optimize portfolio management, and reduce financial losses associated
with incorrect risk assessments.

Overall, the results confirm that the proposed IFRA-AACNN framework provides highly reliable financial risk prediction
capabilities. Its outstanding 98.6% precision validates the effectiveness of combining auto-associative learning with convolutional
neural architectures, establishing the framework as a powerful solution for next-generation financial risk analytics, anomaly
detection systems, portfolio risk management platforms, intelligent investment advisory services, and enterprise financial
monitoring infrastructures where accurate risk identification is essential for maintaining financial stability and achieving superior
risk management outcomes.

Discussion

The findings of this research demonstrate the significant potential of combining auto-associative learning and convolutional neural
architectures for advanced financial risk analytics. Modern financial markets generate enormous volumes of structured and
unstructured information, including stock prices, transaction records, credit reports, economic indicators, and portfolio activities.
Successfully identifying hidden risks within these datasets requires intelligent analytical systems capable of learning complex
patterns and adapting to changing market conditions. The proposed IFRA-AACNN framework effectively addresses these
challenges through a unified architecture that integrates deep feature learning, anomaly detection, and intelligent risk assessment.
One of the most important outcomes of this research is the achievement of 99.2% Financial Risk Prediction Accuracy. Financial
risk prediction plays a central role in investment management, portfolio optimization, credit assessment, and regulatory compliance.
The exceptionally high prediction accuracy achieved by the framework demonstrates its capability to identify potential financial
risks with remarkable precision. The convolutional feature extraction layer enables the framework to learn complex financial
representations, while the auto-associative learning mechanism enhances its ability to detect deviations from normal financial
behavior. As a result, the framework provides highly accurate risk forecasts that support informed financial decision-making.

The framework also achieved 99.0% Anomaly Detection Accuracy, highlighting the effectiveness of reconstruction-based learning
for identifying abnormal financial activities. Financial anomalies may indicate fraudulent transactions, unusual trading behavior,
credit defaults, operational failures, or emerging market risks. Early detection of such anomalies is critical for protecting financial
assets and maintaining market stability. The auto-associative reconstruction process continuously compares observed financial
behavior with learned normal patterns, enabling highly reliable anomaly identification. This capability significantly enhances the
framework’s usefulness for fraud detection, compliance monitoring, and risk surveillance applications.

Conclusion

Financial risk management has become one of the most critical challenges in modern financial systems due to increasing market
volatility, economic uncertainty, complex investment structures, and the rapid growth of financial data. Traditional risk assessment
approaches often struggle to accurately model nonlinear financial relationships, detect hidden anomalies, and provide timely risk
predictions. As a result, there is a growing demand for intelligent financial analytics frameworks capable of identifying emerging
risks, improving investment decision-making, and supporting proactive risk management strategies.

This research proposed an Intelligent Financial Risk Analytics Framework using Auto-Associative Convolutional Neural Networks
(IFRA-AACNN) to address the limitations of conventional financial risk assessment systems. The proposed framework integrates
financial data analytics, deep feature extraction, auto-associative learning mechanisms, convolutional neural architectures, anomaly
detection techniques, portfolio risk assessment, and intelligent decision support into a unified financial analytics platform. By
combining convolutional learning with reconstruction-based anomaly detection, the framework effectively identifies hidden
financial risks and improves overall forecasting performance.

The developed framework continuously analyzes financial market data, portfolio information, transaction records, credit indicators,
economic variables, and market volatility measures to generate comprehensive risk assessments. The convolutional neural
architecture extracts meaningful financial features from large-scale datasets, while the auto-associative reconstruction mechanism
learns normal financial behavior patterns and identifies deviations that may indicate emerging risks or abnormal activities. This
capability enables the framework to perform highly accurate financial risk prediction and anomaly detection while supporting
intelligent investment decision-making.

The experimental evaluation demonstrated the effectiveness of the proposed IFRA-AACNN framework across multiple
performance metrics. The framework achieved 99.2% Financial Risk Prediction Accuracy, 99.0% Anomaly Detection Accuracy,
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98.8% Portfolio Risk Assessment Accuracy, 98.7% Investment Decision Accuracy, and 98.9% Risk Management Efficiency.
Furthermore, the framework achieved Precision of 98.6%, Recall of 98.5%, and F1-Score of 98.5%, confirming highly reliable and
balanced risk analytics performance. Scalability analysis further demonstrated that the framework maintains consistently high
efficiency even when processing large-scale financial datasets and complex financial environments.
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