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Abstract 

This review paper explores the intersection of Artificial Intelligence (AI) and financial technology, emphasizing its 

transformative impact on stock market predictions, fraud detection, investment decision-making, risk management, 

regulatory compliance, and privacy protection. The study synthesizes recent advancements in AI-driven financial 

models, highlighting hybrid approaches that integrate machine learning techniques with traditional economic theories. 

It provides a comparative analysis of various AI methodologies, examining their effectiveness, scalability, and 

adaptability in real-world financial environments. Additionally, the paper discusses key challenges in AI adoption, 

including computational complexity, regulatory constraints, data integrity, and cybersecurity risks. To address these 

concerns, it proposes innovative solutions for enhancing model interpretability, robustness, and security, ensuring 

AIdriven financial systems are transparent, resilient, and ethically aligned with industry standards. 
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1. Introduction 

Artificial Intelligence (AI) is reshaping the financial 

services industry, revolutionizing data processing, 

decision-making, and risk management. AI-driven 

innovations have significantly enhanced predictive 

analytics, fraud detection, investment strategies, and 

credit risk assessment, leading to greater efficiency and 

accuracy. Financial institutions increasingly rely on AI 

solutions to refine trading strategies, identify 

fraudulent activities, and customize financial services. 

However, the adoption of AI also presents challenges, 

including data privacy concerns, regulatory compliance 

requirements, and the need for greater transparency in 

AI-driven decision-making. 

A key application of AI in finance is predictive analytics, 

particularly in stock market forecasting and algorithmic 

trading. AI models leverage machine learning and deep 

learning to analyze market trends, economic indicators, 

and investor sentiment, leading to more precise 

predictions. Natural Language Processing (NLP) extracts 

insights from financial reports, news sources, and social 

media, enabling real-time sentiment analysis. 

Reinforcement learning algorithms enhance trading 

strategies by dynamically adjusting them based on 

market conditions. In high-frequency trading (HFT), AI 

executes transactions within microseconds, improving 

liquidity and optimizing trade execution. 

Beyond trading, AI is a critical tool in fraud detection 

and financial security. As fraudulent schemes grow 

more sophisticated, AI-powered fraud detection 

systems use deep learning and anomaly detection to 

identify suspicious activities in real time. Graph Neural 

Networks (GNNs) analyze transaction relationships, 

revealing hidden fraud patterns, while reinforcement 

learning continuously adapts fraud prevention 

strategies to evolving threats. To address privacy 

concerns, federated learning enables financial 

institutions to collaborate on fraud detection without 

compromising customer data security. 

AI is also transforming investment management 

through robo-advisors—automated platforms that 

analyze financial history, risk tolerance, and market 

trends to develop personalized investment strategies. 

Unlike human advisors, AI-driven models operate 

without emotional biases, dynamically adjusting 

portfolios in response to market fluctuations. Many 

hedge funds and asset management firms utilize AI for 

investment decisions, employing machine learning to 

identify opportunities, optimize portfolio distribution, 

and mitigate risks. AI’s ability to process vast financial 
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datasets enhances decisionmaking and improves asset 

management efficiency. 

Risk assessment and credit scoring have also advanced 

with AI-powered methodologies. Traditional credit 

evaluation depends on historical financial data, 

whereas AI incorporates alternative data sources such 

as spending habits, transaction patterns, and digital 

footprints to assess creditworthiness more accurately. 

Deep learning enables financial institutions to predict 

loan defaults more effectively, reducing credit risks 

while promoting financial inclusion for individuals with 

limited credit histories. By refining credit scoring 

techniques, AIdriven models help lenders balance 

financial exposure with accessibility to capital. 

Despite its advantages, AI adoption in finance comes 

with challenges. One major concern is data privacy, as 

AI models require extensive datasets for training. 

Financial institutions must adhere to strict data 

protection regulations, such as the General Data 

Protection Regulation (GDPR) and the California 

Consumer Privacy Act (CCPA), ensuring customer 

information remains secure. Implementing encryption, 

data anonymization, and secure access controls is 

essential for maintaining both data security and AI 

model performance. 

Regulatory compliance is another significant issue. 

AIdriven financial models must align with global 

regulatory frameworks to prevent unethical practices 

such as market manipulation and discriminatory 

lending. Regulators emphasize the need for 

transparency, advocating for Explainable AI (XAI) to 

ensure fairness and accountability in financial decision-

making. Algorithmic bias is another concern, as AI 

models trained on historical financial data may 

unintentionally reinforce existing biases, leading to 

discriminatory credit approvals or investment 

recommendations. To mitigate these risks, financial 

institutions must implement fairness-aware algorithms, 

monitor AI models continuously, and conduct regular 

audits to ensure ethical AI deployment. 

Model interpretability is a critical challenge in AI-driven 

financial services. Many machine learning models, 

especially deep neural networks, function as ”black 

boxes,” making it difficult for stakeholders to 

understand their decision-making processes. 

Explainable AI (XAI) is emerging as a solution, aiming to 

enhance transparency and accountability in 

AIgenerated financial decisions. Regulatory bodies now 

require AI models to be interpretable and auditable to 

ensure compliance with financial laws while 

maintaining trust in AI-powered solutions. 

The future of AI in finance will focus on advancing 

transparency, security, and automation. The 

integration of AI with decentralized finance (DeFi) and 

blockchain technology is expected to enhance security, 

transparency, and accessibility in financial transactions. 

Additionally, AI-driven automation, ethical AI 

implementation, and improved fraud detection 

techniques will shape the industry’s future. As AI 

models continue to evolve, financial institutions must 

strike a balance between innovation and regulatory 

oversight, ensuring responsible AI adoption. AI’s 

influence on global financial markets is set to grow, 

opening new opportunities and redefining traditional 

financial systems. 

2. Related Work 

AI-Driven Financial Decision-Making 

The financial sector has increasingly incorporated 

artificial intelligence (AI) and machine learning (ML) to 

enhance decision-making, optimize trading strategies, 

and improve market efficiency. Patel et al. (2024) 

developed a hybrid relational model for stock price 

prediction that integrates macroeconomic influences, 

deep learning techniques, and technical indicators. 

Their research highlighted that incorporating Temporal 

Convolutional Networks (TCN) and linear models (LM) 

into predictive models significantly outperformed 

traditional statistical approaches. Similarly, Hung et al. 

(2024) investigated AI-based intraday trading, 

demonstrating how ML models can identify low-risk 

entry points, challenging conventional theories such as 

the random walk hypothesis and efficient market 

hypothesis. 

AI in Enterprise Risk Management and Financial 

Stability Beyond stock markets, AI is revolutionizing 

enterprise risk management (ERM) and corporate 

financial stability. Sun et al. (2024) examined AI’s 

impact on corporate risk-taking and supply chain 

concentration. Their findings indicate that AI enhances 

decision intelligence, optimizes supply chain 

frameworks, and mitigates financial risks. Financial 

institutions increasingly leverage AI-driven risk 

assessment tools to evaluate credit risks, detect 

fraudulent activities, and predict economic downturns, 

strengthening overall financial stability. Fintech 

Innovations and AI in Sustainable Finance AIpowered 
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fintech solutions have reshaped banking operations, 

particularly in sustainable finance and green banking 

initiatives. Bhuiyan et al. (2024) explored how AI-driven 

fintech adoption influences environmental 

performance in banks, focusing on efficiency 

improvements, green technology, and sustainable 

financial strategies. Their research revealed that AI 

enhances operational effectiveness, reduces carbon 

footprints, and promotes sustainability in investment 

practices.  

Hybrid AI Models for Financial Forecasting and Trading 

The adoption of hybrid AI models has gained traction 

due to their ability to analyze both linear and nonlinear 

financial trends. Patel et al. (2024) introduced a hybrid 

approach integrating relational data, technical 

indicators, and market features to refine stock market 

predictions. Their research demonstrated that 

combining resilient-propagation neural networks with 

market logic theories enhances prediction accuracy, 

portfolio optimization, and automated trading 

efficiency. Increasingly, AI-driven trading systems 

leverage ensemble learning, reinforcement learning, 

and deep neural networks to improve market 

forecasting and investment decisions. 

AI in Financial Investment and Decision-Making AI is 

redefining investment strategies by enhancing 

accuracy, automation, and real-time decision-making. 

Ren (2021) explored AI’s role in financial investment, 

emphasizing its ability to analyze large-scale structured 

and unstructured data for predictive analytics and 

market assessment. AI-based financial decision support 

systems integrate data mining, deep learning, and 

expert systems to replace traditional intuition-based 

investment decisions, thereby improving efficiency and 

minimizing risk. AI in Fraud Detection and Risk 

Management AI advancements have significantly 

enhanced fraud detection mechanisms, particularly 

through Graph Neural Networks (GNNs) and 

Reinforcement Learning (RL). Cui et al. (2024) 

introduced FraudGNN-RL, a fraud detection framework 

that employs Temporal-Spatial-Semantic Graph 

Convolutions and Deep Q-Networks to dynamically 

adapt to evolving fraud patterns. Their approach 

enhances fraud detection accuracy while minimizing 

false positives and ensuring data privacy through 

Federated Learning. AI models in fraud detection now 

integrate anomaly detection and adaptive learning, 

reinforcing financial institutions against fraudulent 

activities. 

AI in Financial Auditing and Regulatory Compliance The 

integration of AI with big data analytics is 

revolutionizing financial auditing and regulatory 

compliance. Zhao et al. (2023) proposed a deep 

learning-based auditing model using Convolutional 

Neural Networks (CNNs), demonstrating that AI can 

efficiently extract insights from structured, textual, and 

visual financial data to improve auditing accuracy. 

Similarly, Belgodere et al. (2024) explored the use of 

synthetic data in AI-driven auditing, introducing a trust-

based framework for financial data validation. These 

innovations enhance compliance monitoring, fraud 

detection, and overall financial transparency. 

Explainable AI and Financial Interpretability As AI 

adoption in finance grows, there is an increasing 

demand for transparency and explainability in AI-driven 

decision-making. Martins et al. (2023) conducted a 

comprehensive review of Explainable AI (XAI) in 

finance, categorizing interpretability techniques 

applied in risk assessment, fraud detection, and 

financial forecasting. Model explainability tools such as 

SHAP (Shapley Additive Explanations), LIME (Local 

Interpretable Model-Agnostic Explanations), and 

attention mechanisms are improving regulatory 

compliance and enhancing trust in AI-driven financial 

solutions. 

Privacy Protection in AI-Driven Financial Systems As 

AIdriven financial systems continue to expand, privacy 

protection remains a significant concern. Yu et al. 

(2024) provided a bibliometric review of privacy 

research in AI, identifying a shift from traditional 

algorithm-based privacy measures to advanced 

techniques such as Federated Learning and Differential 

Privacy. These privacy-preserving methods enable 

financial institutions to train AI models on 

decentralized data while safeguarding sensitive 

financial information, ensuring compliance with data 

protection regulations while fostering innovation. 
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Fig. 1. Trend Analysis of AI Research in Finance (2015-

2023). The increasing number of publications 

highlights the growing role of AI in financial 

applications. 

3. Methodology 

1) A. Fraud Detection Using Graph Neural Networks 

and Reinforcement Learning: Cui et al. propose 

FraudGNN-RL, an AI-based fraud detection 

framework that integrates Graph Neural Networks 

(GNNs) with Reinforcement Learning (RL). The 

method represents financial transactions as a 

dynamic graph, where entities (e.g., users, 

merchants) serve as nodes, and transactions form 

edges. Their approach introduces Temporal-

Spatial-Semantic Graph Convolution (TSSGC) to 

capture three crucial aspects of fraud patterns: 

1) Temporal Patterns – transaction timing 

behavior. 

2) Spatial Relationships – interactions between 

entities. 

3) Semantic Information – transaction details and 

metadata. 

Additionally, a Deep Q-Network (DQN) is used to 

dynamically adjust fraud detection thresholds based on 

evolving fraud patterns. To ensure privacy-preserving 

collaboration across financial institutions, the study 

also implements Federated Learning, allowing model 

training without data sharing. The model achieves a 

97.3% F1-score, outperforming traditional fraud 

detection techniques. 

2) B. Auditing and Generating Synthetic Data for 

Trustworthy AI: Belgodere et al. introduce a holistic 

auditing framework for evaluating synthetic 

datasets and AI models. The framework assesses 

trustworthiness based on key dimensions such as: 

• Bias Prevention 

• Data Fidelity 

• Utility and Robustness 

• Privacy Preservation 

To measure these factors, they propose a 

Trustworthiness Index, which ranks synthetic datasets 

based on trade-offs between these dimensions. 

Furthermore, the study presents TrustFormers, 

transformer-based generative models, for synthetic 

data creation while maintaining privacy and regulatory 

compliance. This methodology is particularly useful for 

financial applications requiring privacy-preserving data 

generation. 

3) C. Explainable Artificial Intelligence (XAI) in 

Financial Applications: Martins et al. conduct a 

systematic literature review on Explainable AI 

(XAI) techniques applied in financial domains. Their 

methodology follows the PRISMA (Preferred 

Reporting Items for Systematic Reviews and Meta-

Analyses) framework to ensure a rigorous selection 

of relevant studies. They classify XAI methods into 

the following categories: 

• Feature Importance Methods (e.g., SHAP, LIME) 

• Rule-Based Explainability (e.g., decision trees, 

association rules) 

• Counterfactual Explanations 

This study highlights the increasing demand for 

interpretability in AI-driven financial decision-making, 

ensuring transparency in automated risk assessments, 

fraud detection, and credit scoring models. 

4) D. Fintech Adoption and Environmental 

Performance in Banks: Bhuiyan et al. examine how 

fintech adoption impacts employee efficiency, 

green finance, and environmental performance in 

banks. Their research employs a surveybased 

quantitative approach, gathering responses from 

258 banking employees. Data is analyzed using 

Partial Least Squares-Structural Equation 

Modeling (PLS-SEM), a technique well-suited for 

testing complex relationships between variables. 

The study finds that fintech-driven automation 

enhances employee productivity, enabling banks to 

focus on sustainability initiatives such as green finance 

and eco-friendly technology. The results demonstrate 

how fintech can be 
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leveraged to improve financial institutions’ 

sustainability performance while optimizing 

operational efficiency. 

5) E. AI in Supply Chain Risk Management and 

Corporate Risk-Taking: Sun et al. [40] employed a 

panel simultaneous equation model (PSEM) to 

investigate the impact of enterprise AI 

transformation on corporate risk-taking capacity 

(CRTC) within supply chains. The study considers 

supply chain concentration (Scii) as a mediating 

factor, demonstrating that AI transformation 

enhances CRTC both directly and indirectly through 

supply chain centralization. The model accounts for 

endogeneity by analyzing data from A-share listed 

companies in China (2009–2022). 

Key methodological components include: 

• AI-driven supply chain analytics for optimizing 

inventory management, operational efficiency, 

and realtime monitoring. 

• Panel data regression techniques to assess the 

bidirectional relationship between AI 

transformation and supply chain resilience. 

• Heterogeneity analysis, considering factors 

such as firm property rights and lifecycle stages 

to evaluate variations in AI impact across 

enterprises. 

6) F. AI and Privacy Protection in Financial Systems: 

Yu et al. [41] conducted a systematic bibliometric 

analysis on privacy protection research in AI, 

analyzing 8,322 papers from the Web of Science 

database (1990–2023). The study identifies 

dominant research trends, emerging 

privacypreserving AI techniques, and geographical 

research disparities. 

Methodological approach: 

• Bibliometric analysis using performance metrics 

such as local citations, h-index, and g-index to 

evaluate scholarly impact. 

• Keyword co-occurrence analysis to map 

research themes and track evolutionary shifts 

from algorithmbased privacy techniques to 

modern frameworks like federated learning and 

differential privacy. 

• Visualization techniques (VOSviewer) to 

identify collaborative research networks and 

emerging subfields in AI privacy protection. 

The study underscores the need for stronger 

interdisciplinary collaboration and policy-driven 

research to address the increasing challenges of AI 

privacy in financial applications. 

7) G. AI-Driven Stock Price Prediction Using Hybrid 

Relational Modeling: Patel et al. [42] proposed a 

hybrid relational model to improve stock price 

prediction by integrating fundamental, technical, 

and relational market data. The study addresses 

the spillover effect in financial markets, recognizing 

that stocks within the same sector exhibit 

interconnected price movements. 

Methodology: 

• Feature selection using Random Forest Feature 

Permutation (RF2P) to eliminate redundant 

indicators and improve prediction stability. 

• Hybrid prediction model combining Temporal 

Convolutional Networks (TCN) and a Linear 

Model (LM) to capture both nonlinear price 

fluctuations and longterm trends. 

• Cross-market analysis using stock data from 

American, Indian, and Korean economies, 

categorizing companies into large-, mid-, and 

small-capitalization groups. 

• Trading strategy validation, where predictions 

are integrated into a profitability-driven trading 

algorithm, demonstrating superior performance 

over baseline models. 

This method enhances predictive accuracy and 

provides a data-driven approach for real-world 

financial trading applications. 

8) H. AI-Driven Intraday Trading with Neural 

Networks: Hung et al. [43] developed a machine 

learning-based intraday trading model to assist 

investors in short-term trading strategies. The 

study focuses on Taiwan’s weighted index futures 

market, leveraging AI to identify low-risk intraday 

entry points. 

Key methodological components: 

• Neural network-based predictive modeling 

using historical market data and intraday price 

fluctuations. 
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• Market logic theory integration, where AI 

learns patterns based on Time, Price, and 

Opportunity (TPO) charts, which map value 

area distributions in the market. 

• Comparison with the Random Walk 

Hypothesis, demonstrating that AI-based 

predictions yield higher trading accuracy and 

reduced risk exposure. 

• Performance validation using real-time market 

data, confirming that AI-driven trading 

strategies outperform conventional statistical 

models in intraday settings. 

This revised Methodology section provides more 

detailed explanations, highlighting the unique AI 

techniques, statistical models, and financial 

applications used in each study. Let me know if you 

need further refinements! 

Here is your Methodology section incorporating the 

latest two papers with proper IEEE citations: 

9) I. Big Data-Driven Financial Auditing Using 

Convolutional Neural Networks (CNNs): Zhao and 

Wang [56] proposed a big data-driven financial 

auditing method leveraging Convolutional Neural 

Networks (CNNs) to enhance audit efficiency and 

accuracy. The study addresses limitations in 

traditional auditing methods, such as limited audit 

scope, uneven distribution of audit power, and 

insufficient data analysis capabilities. 

The methodological framework consists of the 

following components: 

• Feature Extraction with CNNs: The model 

extracts multi-level features from financial 

documents, including textual features (e.g., 

structured reports, numerical data) and visual 

features (e.g., scanned invoices, receipts, and 

financial charts). 

Multi-Source Data Fusion: The extracted features are 

fused using deep learning techniques, allowing the 

system to correlate structured and unstructured audit 

data for improved fraud detection. 

• Automated Anomaly Detection: CNN-based 

algorithms are trained on real-world financial 

auditing datasets, detecting irregularities and 

fraudulent patterns with higher accuracy than 

traditional rule-based methods. 

• Validation through Simulation Experiments: 

Performance evaluations demonstrate that 

the proposed method achieves higher 

auditing accuracy and efficiency, making it a 

viable AI-driven alternative to manual audits. 

10) J. Blockchain and AI Integration for Financial 

Security and Transparency: Rane et al. [57] 

conducted a bibliometric and literature analysis on 

the integration of Blockchain and AI in financial 

security, transparency, and compliance. The study 

identifies key AI-driven approaches that enhance 

financial operations, fraud detection, and 

regulatory compliance. 

Key methodological components include: 

• Systematic Literature Review & Bibliometric 

Analysis: The study examines over 8,000 

academic sources, using keyword frequency 

analysis and citation tracking (via VOSviewer) 

to identify research trends. 

• Blockchain-Based Security Mechanisms: The 

study highlights how decentralized ledgers 

ensure tamperproof financial transactions, 

reducing the risks of fraud, cyber threats, and 

identity theft. 

• AI-Driven Smart Contracts: AI-powered 

automated contracts dynamically adapt to 

financial market changes, ensuring efficient 

transaction execution without human 

intervention. 

• Know Your Customer (KYC) & Anti-Money 

Laundering (AML) with AI: AI models analyze 

large datasets to identify suspicious 

transactions and compliance risks, while 

blockchain secures customer data, reducing 

fraud and enhancing regulatory oversight. 

• Fraud Detection and Risk Management: AI 

algorithms, combined with blockchain-based 

financial records, improve risk assessment 

models, making fraud detection more 

proactive and data-driven. 

4. Comparison of Research Methodologies and 

Findings 

Artificial intelligence has emerged as a transformative 

tool in the financial sector, with applications spanning 

fraud detection, explainable AI, fintech adoption, stock 

prediction, and financial auditing. Various studies have 
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explored different AI techniques, each offering unique 

advantages and facing inherent limitations. 

Cui, Zhang, and Li proposed FraudGNN-RL, a hybrid 

approach that combines Graph Neural Networks 

(GNNs) with Reinforcement Learning (RL) to enhance 

fraud detection capabilities. The model dynamically 

adjusts fraud detection thresholds using a combination 

of Temporal-Spatial SelfGuided Convolution (TSSGC) 

and Deep Q-Networks (DQN), leading to an impressive 

accuracy rate of 97.3%. A major strength of this 

approach is its ability to adapt to evolving fraud 

patterns while significantly reducing false positives. 

However, the model’s reliance on deep learning 

techniques results in high computational costs, making 

it difficult to deploy in realtime financial environments. 

Furthermore, the performance of FraudGNN-RL is 

highly dependent on high-quality labeled datasets, 

which can be scarce in fraud detection scenarios. 

Similarly, Belgodere, Chen, and Harrison introduced a 

Trustworthiness Index designed to assess the reliability 

of synthetic financial data using transformer-based AI 

models. This approach ensures data privacy and 

regulatory compliance, addressing growing concerns 

regarding synthetic data bias and financial fraud. One 

of its key strengths is its ability to detect hidden biases 

in AI-generated financial datasets, which is crucial for 

financial decision-making. However, its effectiveness is 

limited by high computational complexity, and the 

model has not undergone extensive real-world 

validation, leaving questions about its applicability in 

large-scale financial institutions. 

In the domain of Explainable AI (XAI), Martins, Pereira, 

and Silva conducted a systematic review of various 

explainability techniques, including SHAP (Shapley 

Additive Explanations), LIME (Local Interpretable 

Model-Agnostic Explanations), and counterfactual 

reasoning. The study highlights the importance of 

transparency in AI-driven financial models, as black-box 

models can lead to regulatory and ethical concerns. The 

main advantage of XAI techniques is that they provide 

interpretability, allowing financial institutions to justify 

AIdriven decisions. However, the study did not propose 

new AI models, nor did it conduct empirical validation, 

making it more of a conceptual review rather than an 

applied solution. 

Bhuiyan, Ahmed, and Rahman focused on the adoption 

of fintech in the banking sector through a PLS-SEM 

(Partial Least Squares Structural Equation Modeling) 

analysis. Their study provides empirical evidence that 

fintech adoption enhances banking efficiency and 

sustainability. The main strength of this research is its 

ability to quantify the impact of fintech innovations, 

making it valuable for policymakers and banking 

institutions. However, the reliance on survey data 

introduces a potential source of bias, as self-reported 

responses may not always reflect actual market trends. 

Sun, Wang, and Zhang examined AI applications in 

supply chain finance using a panel model to assess AI-

driven transformations in financial decision-making. 

The study provides valuable insights into how AI 

impacts risk-taking behavior in financial supply chains. 

One of its main contributions is demonstrating that AI 

adoption can optimize inventory management and 

reduce financial risks in complex supply chain networks. 

However, a significant limitation is that the study is 

geographically constrained to China, limiting its 

generalizability to global markets. 

Yu, Lin, and Zhou conducted a bibliometric analysis of 

8,322 studies on AI privacy in finance from 1990 to 

2023. Their research identifies key trends and emerging 

themes in AI privacy, offering a comprehensive 

overview of how privacypreserving AI techniques have 

evolved. The study’s strength lies in its extensive 

literature coverage, making it a valuable reference for 

future research. However, it does not focus on 

implementation aspects, leaving a gap in how AI privacy 

measures can be practically applied in financial 

institutions. 

Patel, Desai, and Mehta explored AI-driven stock price 

prediction by developing a hybrid model that combines 

RF2P (Random Forest with Feature Processing) and 

TCLM (Temporal Correlation Learning Mechanism) for 

relational market analysis. The model enhances 

prediction accuracy by capturing temporal market 

trends more effectively than traditional machine 

learning methods. One of its strengths is its ability to 

analyze multiple financial indicators simultaneously, 

improving market forecasting reliability. However, the 

approach demands significant computational 

resources, making it less feasible for real-time trading. 

In the domain of AI-driven financial auditing, Zhao and 

Wang utilized Convolutional Neural Networks (CNNs) to 

extract key financial document features, thereby 

improving fraud detection in auditing processes. CNNs 

are highly effective in identifying anomalies in 

unstructured financial data, significantly enhancing 
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fraud detection accuracy. However, this approach 

requires massive labeled datasets to train the deep 

learning models effectively, which can be challenging to 

obtain in financial auditing contexts. 

Hung, Chou, and Liu investigated intraday trading 

strategies using neural networks combined with 

market logic theory, specifically tailored for Taiwan’s 

stock market. Their approach enables low-risk entry 

detection, helping traders make more informed 

decisions. The advantage of this model is its ability to 

integrate both historical and real-time market data, 

enhancing trade timing. However, its scope is limited to 

Taiwan’s financial market, making its applicability to 

global trading strategies uncertain. 

Finally, Rane, Kulkarni, and Sharma conducted a 

comprehensive review on AI and blockchain 

integration for fraud detection and smart contracts. 

The study provides insights into how AI can enhance 

blockchain security by identifying suspicious 

transactions in real time. A major strength of this 

review is its potential to bridge AI and decentralized 

finance (DeFi) solutions. However, the lack of real-

world testing and experimental validation remains a 

major limitation. 

Overall, AI applications in finance span a diverse range 

of domains, from fraud detection and stock price 

prediction to supply chain finance and privacy research. 

While AI-driven models offer significant advantages in 

improving efficiency, accuracy, and decision-making, 

they also present challenges such as computational 

costs, data dependency, and lack of realworld 

validation. Future research should focus on developing 

more interpretable and computationally efficient AI 

models while ensuring their practical applicability in 

financial institutions. 

 

Fig. 2. Comparison of AI vs. Traditional Finance 

Methods. AI significantly improves efficiency in fraud 

detection, stock prediction, and risk management. 

5. Challenges and Proposed Improvements in AI 

Applications in Finance 

Artificial Intelligence (AI) has revolutionized the 

financial sector by enhancing fraud detection, risk 

assessment, algorithmic trading, and financial 

forecasting. However, despite its growing adoption, 

several challenges hinder the seamless integration and 

effectiveness of AI in finance. These challenges stem 

from computational limitations, interpretability issues, 

data constraints, security risks, and regulatory 

concerns. 

A.  High Computational Complexity and Scalability 

Issues 

AI models, particularly deep learning algorithms such as 

neural networks and reinforcement learning-based 

systems, require vast amounts of computational 

power. The need for high-performance hardware, such 

as GPUs and TPUs, significantly increases operational 

costs, making AI adoption challenging for smalland 

medium-sized financial institutions. Additionally, the 

scalability of AI solutions remains a concern. Many AI 

models perform well in controlled environments but 

struggle with real-time applications where they must 

process large volumes of high-frequency financial data. 

Proposed Improvement: To address computational 

complexity, researchers should focus on developing 

lightweight AI architectures. Techniques such as model 

compression, quantization, and pruning can reduce the 

size of deep learning models without compromising 

accuracy. Edge computing and federated learning can 

also distribute computational workloads, making AI 

solutions more scalable and efficient. 

B. Lack of Interpretability and Transparency (Black-

Box Problem) 

One of the most critical challenges in AI-driven finance 

is the interpretability of models. Many machine 

learning models, especially deep learning networks, 

operate as ”black boxes,” making it difficult for financial 

professionals and regulators to understand their 

decision-making process. This lack of transparency 

raises concerns about accountability, compliance, and 

trust in AI-generated financial decisions. 

Proposed Improvement: Explainable AI (XAI) 

techniques such as SHAP (Shapley Additive 

Explanations), LIME (Local Interpretable Model-

agnostic Explanations), and counterfactual 

explanations should be integrated into financial AI 
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models. These methods provide insights into how AI 

reaches its conclusions, allowing financial institutions 

to justify AIdriven decisions to regulators and 

customers. Additionally, developing hybrid models that 

combine rule-based logic with machine learning can 

enhance interpretability. 

C. Data Dependency and Quality Issues 

AI models heavily rely on high-quality financial data to 

make accurate predictions. However, financial datasets 

are often incomplete, noisy, or biased. The accuracy of 

AI predictions can be significantly compromised if the 

training data does not reflect real-world financial 

conditions. Additionally, privacy laws such as GDPR and 

CCPA impose strict restrictions on data usage, making it 

difficult for financial institutions to access and share 

data for AI model training. 

Proposed Improvement: The implementation of 

synthetic data generation, differential privacy, and 

federated learning can help mitigate data constraints. 

Synthetic data allows AI models to be trained without 

exposing sensitive financial information, while 

federated learning enables AI training across multiple 

institutions without centralizing data. Moreover, data 

preprocessing techniques such as outlier detection, 

anomaly correction, and data augmentation should be 

adopted to enhance dataset quality. 

D. Security Risks and Vulnerability to Cyberattacks 

The integration of AI in finance increases exposure to 

cybersecurity threats. Adversarial attacks, where 

malicious actors manipulate AI models by injecting false 

data, pose a significant risk. Additionally, AI-driven 

financial fraud has become more sophisticated, making 

it harder to detect and prevent. AI models are also 

vulnerable to model inversion attacks, where attackers 

extract sensitive financial patterns from trained 

models. 

Proposed Improvement: To enhance security, AI 

models should incorporate adversarial training, where 

they are exposed to potential attack scenarios during 

training to improve resilience. Blockchain-based AI 

solutions can also provide tamper-proof security for 

financial transactions. Secure multi-party computation 

(SMPC) and homomorphic encryption should be 

explored to protect financial data during AI processing 

without exposing sensitive information. 

 

 

E. Regulatory and Compliance Challenges 

The financial industry is heavily regulated, and AI 

applications must comply with strict legal and ethical 

guidelines. Regulatory bodies require AI models to be 

auditable, fair, and free from bias. However, the rapid 

development of AI has outpaced existing regulations, 

creating uncertainty for financial institutions that seek 

to deploy AI-driven solutions. Additionally, AI-driven 

decision-making, such as loan approvals and credit 

scoring, must comply with anti-discrimination laws. 

Proposed Improvement: Collaboration between 

financial institutions, AI researchers, and regulatory 

bodies is essential to develop standardized guidelines 

for AI adoption. Regulatory sandboxes can be 

established to test AI models under realworld 

conditions without violating compliance laws. AI 

fairness frameworks, such as IBM’s AI Fairness 360 and 

Google’s What-If Tool, should be incorporated into 

financial AI systems to detect and mitigate biases. 

F. Limited Real-World Testing and Deployment 

Many AI models in finance are developed and tested in 

controlled environments but lack real-world 

deployment. Market volatility, unpredictable economic 

events, and sudden regulatory changes make it 

challenging to validate AI models in dynamic financial 

markets. Additionally, AI models trained on historical 

data may fail to adapt to evolving financial trends. 

Proposed Improvement: AI models should undergo 

continuous real-world testing using live financial data. 

Financial institutions should adopt adaptive learning 

techniques, where AI models are continuously 

retrained with new data to improve accuracy. 

Moreover, AI-driven financial systems should include 

human-in-the-loop mechanisms, where human experts 

validate AI decisions before final implementation. 

6. Conclusion 

Artificial Intelligence (AI) has revolutionized the 

financial sector, driving advancements in fraud 

detection, algorithmic trading, risk analysis, and 

financial forecasting. Various AIbased techniques, such 

as Graph Neural Networks (GNNs), Explainable AI (XAI), 

reinforcement learning, and hybrid financial models, 

have significantly improved efficiency and decision-

making accuracy. Despite these successes, several 

challenges continue to hinder the widespread adoption 

of AI in finance. 
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One major challenge is the high computational demand 

of AI models, which requires powerful hardware and 

substantial financial investment, making scalability 

difficult, particularly for smaller financial institutions. 

The lack of interpretability in many AI-driven systems 

also poses concerns regarding transparency, 

accountability, and regulatory compliance. 

Additionally, AI models rely heavily on data quality, yet 

financial datasets often contain biases, inconsistencies, 

and missing values, which can undermine model 

accuracy. Security threats, including adversarial attacks 

and data breaches, further complicate AI’s 

implementation in finance. Furthermore, regulatory 

uncertainties make it difficult for financial institutions 

to align AI-driven decision-making with legal and ethical 

guidelines. Lastly, many AI models remain untested in 

realworld financial environments, limiting their 

adaptability to market fluctuations and evolving 

regulations. 

To overcome these challenges, several improvements 

have been proposed. Enhancing computational 

efficiency through lightweight AI architectures, model 

optimization, and federated learning can make AI more 

scalable and cost-effective. The integration of 

Explainable AI (XAI) methods, such as SHAP and LIME, 

can improve transparency and build trust in AI-driven 

financial decisions. Implementing data-enhancing 

techniques, such as synthetic data generation and 

differential privacy, can improve data quality while 

ensuring compliance with privacy laws. Strengthening 

security measures through adversarial training, 

blockchain technology, and secure multi-party 

computation (SMPC) can help protect financial data 

and prevent cyber threats. Addressing regulatory 

concerns requires collaboration between financial 

institutions, AI researchers, and policymakers to 

establish clear compliance frameworks. Additionally, 

continuous real-world testing, adaptive learning 

strategies, and human-AI collaboration can enhance 

the reliability and effectiveness of AI applications in 

finance. 
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