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Abstract: This paper examines the applications of artificial intelligence (Al) in various areas of finance, including corporate
performance, real estate investment, banking, fraud detection, creditscoring, and investor sentiment analysis. Al techniques,
such as machine learning and neural networks, have been shown to outperform traditional models in predicting financial
outcomes and assessing risks. These advancements lead to more accurate decision-making, reducedbiases, and improved
efficiency. Al also enhances fraud detection systems, credit scoring accuracy, and derivative pricing. Despite these benefits,
challenges remain in terms of model interpretability, privacy concerns, and regulatory compliance. This research underscores
Al's transformative impact on financial sectors, offering precise insights and strategic advantages. The continued evolution ofAl
technologiesis expected to further reshape financial practices.
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I. INTRODUCTION

A. Needs

Al is revolutionizing finance by improving efficiency, accuracy, and decision-making. It playsa crucial role in risk management by
detecting fraud, analyzing vast datasets, and ensuring regulatory compliance. In trading, Al-driven algorithms analyze market
trends, execute tradesat optimal times, and enhance investment strategies. Additionally, Al enhances customerservice through
chatbots and virtual assistants, providing real-time financial advice andsupport. It also helps in credit scoring, loan approvals, and
personalized financial planning by assessing vast amounts of data. Overall, Al in finance streamlines operations,reduces costs,and
improves decision-making for both institutions and customers.

B. Definition

Al in finance refers to the application of artificial intelligence technologies, such as machine learning, natural language processing,
and predictive analytics, to improve and automate financial processes. It plays a key role in fraud detection, risk assessment,
algorithmic trading, customer service, and credit scoring. By analyzing large volumes of financial data in real time, Al enhances
decision-making, reduces human error, and increases efficiency in banking, investment, and financial management. It also enables
personalized financial planning and improves regulatory compliance, making financial services more secure, accessible, and cost-
effective.

C. Importance

Al plays a crucial role in modern finance by enhancing efficiency, accuracy, and decision- making. It helps in fraud detection by
analyzing transaction patterns in real-time to prevent cybercrime. In trading, Al-powered algorithms process vast amounts of market
data, identify trends, and execute trades faster than humans, improving profitability. It also enhances risk management by assessing
credit, market, and operational risks more accurately, reducing financial losses. Al improves customer experience through
personalized banking, chatbots, and virtual assistants that provide24/7 support and financial advice. Additionally, it plays a keyrole
in credit scoring, loan approvals, and regulatory compliance, making financial processes more efficient and secure.
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Il. LITERATURE REVIEW
West & Bhattacharyya (2016) explored Al-driven fraud detection using supervised learningand anomaly detection, improving
detection accuracy and efficiency. The study demonstrated Al's ability to mitigate fraud risks in real-time financial transactions.
However, limitations included challenges in model interpretability and the need to adapt to evolving fraud tactics.Kirilenko& Lo
(2013) and Chakravorty (2016) examine the application of Al, machine learning, and high-frequency trading (HFT) in financial
markets to optimize trade executionand reduce human biases. Algorithmic trading now accounts for 40-70% of trades in equities,
futures, and Treasuries (Brummer & Yadav, 2019; Aldridge &Krawciw, 2017). Feng et al. (2021) and Hasan et al. (2020) explore
how Al, machine learning, and sentiment analysis improve market efficiency by enhancing price discovery, reducing frictions, and
assessingrisks.
Their empirical analysis reveals that Al leads to faster price updates and better liquidity, though it also increases the risk of market
overreaction Li et al. (2019) and Vovk & Wang (2018) compare traditional rule-based systems and quantitative strategies with Al-
driven models, including machine learning, reinforcement learning, and genetic algorithms. Zhang et al. (2020), Jiang etal. (2017),
and Buehler et al. (2018) assessAl's role in improving stock price and market trend forecasting using machine learning and deep
learning techniques. Nguyen & Arora (2020) and Cappella et al. (2019) highlight ethical concerns in Al trading,such as
transparency and accountability.
Parisi & Manaog (2023) and others explore Al techniques like DRL and genetic algorithms in portfolio management, improving
risk-return dynamics and asset allocation. Houlihan & Creamer (2021) and others show that sentiment analysis using tools like
FinBERT predictsasset prices.Galeshchuk& Mukherjee (2017) and Amelot et al. (2021) use Al techniques like deep learning and
hybrid neural networks to predict forex rate changes.Le & Viviani (2018) and others show that integrating financial data improves
default prediction, while Al fraud detection needs optimization.Jones et al. (2017) and others develop multi-outcome Al models
using corporate ratings and social media sentiment to improve risk assessment.The London Stock Exchange Group (2023) uses NLP
techniques like BERT to improve documentprocessing and regulatory compliance. Thompson & Liu (2019) and Garcia et al.
(2021)explore Al-powered robo-advisors for automating wealth management and personalizing investment strategies.
Greenfield et al. (2020) and Wang & Lee (2022) use Al for ESG analysis and greeninvestment, improving decision-making and
transparency. Al helps  detect  “"greenwashing”  but  faceschallenges indata  standardizationandregulatory
alignment.Hendershottetal.(2011) and others find that algorithmic trading improves market liquidity and efficiency but can increase
volatility. Al models like LSTMs outperform traditional methods in stock prediction, though data qualityremains crucial.
Creamer&Freund (2010) and othersuseAl-driven models like neural networksandSVMs for asset selectionandrisk management.
Their models improve price prediction accuracy and outperform traditional methods with risk controls. Fernandes etal. (2014) and
others use Al models likeHAR, LSTM, and HONN toforecast marketvolatility. Soleymani &Vasighi (2020) and others use Al
techniques to improve portfolio
selection, stock forecasting, and risk management. Their models enhance asset allocation and bankruptcy detection. Al optimizes
portfolio management and risk-adjusted returns. Altman et al. (1994) and others use Al classifiers to predict corporate default and
business performance.
Feldman & Gross (2005) and others use Al to predict real estate investment outcomes. Their models outperform linear methods in
efficiency and accuracy. Al improves forecasting and strategic insights in real estate. Wei et al. (2019) and others use Al to analyze
banking performance and risks. Non-financial factors like regulation are key risks, with U.S. banksmore resilient than Malaysian
banks. Al reveals critical insights into banking performance. Petukhina et al. (2021) and others use Al to explore arbitrage, model
Bitcoin volatility, and improve risk management. Jang & Lee (2019) and others use Al to enhance derivative pricing
accuracy.Kumar et al. (2019) and others use Al to detect fraud through customer behavior analysis and systemic risk monitoring. Al
models offer timely alerts but need continuous refinement for broader applications. Jones et al. (2015) and Xu et al. (2019) use Al
techniques like Adaboost and Random Forest to enhance credit scoring and fraud detection. Al improves accuracy, reduces financial
losses, and minimizes biases in traditional credit models. Yin et al. (2020) and others use Al and sentiment analysis from social
media and news to improve stock predictions. Positive sentiment correlates with stock liquidity, and sentiment impacts short- and
long-term returns. Martinez & Roberts (2020) and Singh et al. (2021) use Al to enhance credit scoringby integrating
alternativedata,reducing biases,and improving loanapproval efficiency.
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11l. COMPARISIONBETWEENPAST RESEARCH PAPERS
In this section, we carefully examine and compare five selected review papers that discuss Al’s role in finance. These papers were
chosen based on their relevance to key areas such as explainability, investor concerns, predictive analytics, financial decision-
making, and Al’s overall potential. By comparing their objectives, findings, limitations, and future research directions, we aim to
uncover the most significant trends and challenges in the field. This analysis highlights how Al enhances accuracy and efficiency
while addressing limitationslike data privacy, integration challenges, and regulatory barriers. By examining objectives, findings, and
future research directions, we aim to provide insights into Al’s impact on finance and the steps needed for responsible and effective

Table2:ComparisonoftheTop5ResearchPapersinFinanceAl

S Titleofthe IAuthor(s) Year |Objective Result/Conclusion Limitation Future
No  |Paper scope

1. |Alin Fraud West&Bhattachar| 2016 |Improve fraud |Alenhancesfraud High costs, data |[Enhanced
Detectionin yya (2016). detection detection but requires |dependency, Accuracyand
Finance accuracyand ongoing improvement. jadversarial Reduced False

real-time risks,ethical Positives.
prevention concerns.

2. |Aland Market |Feng et al. 2021 (Improveprice /Al enhances Model Regulatory
Efficiency (2021);Hasan discovery, reduce [efficiencybutmay interpretability and (Compliance and

etal.(2020). frictions, causevolatilityand evolving fraud  |Al Governance.
assessrisks. systemic risks. tactics.

3. |Aland Zhang et al. 2020 [EvaluateAl’s IAlmodelsidentify Enhances Dealingwith
Predictive (2020);Jiang effectiveness complexpatterns, adapt @accuracyand Emerging
/Accuracyin etal.(2017); inimproving to market speedbut Threats(e.qg.,
Tradingin Buehleretal. stock price changes, and posesriskslike Synthetic
Finance (2018). andmarket trend [improvepredictive \volatility, system |Identity Fraud).

forecasting. accuracy. failures,and
regulatory
concerns.

4. |Ethical and Nguyen & 2019 [Examine ethical |Al's "black-box" Model Cross- Industry
Regulatory /Arora(2020); concerns, naturecomplicates complexity, Collaboration
Implications of (Cappellaetal. transparency, oversight,increases transparency and Data
Al in Finance |(2019). accountability, market issues,need Sharing.

and systemic manipulationrisks, and [forregulatory
risksinAl trading. |can amplify systemic  |oversight.

shocks.

5. |AlinPortfolio
Management
&Investmentin
Finance

Soleymani&Vasi
ghi (2020),
Loukeris&Elefth
eriadis
(2015),Kim&
Kim(2020),
Zhaoetal. (2018).

2020

Enhance portfolio
selectionand
optimization
using Al for
accuratestock
return forecasting
and risk

management.

IAl-powered methods
significantly
enhanceportfolio
management,
ensuringoptimized
assetallocationand risk-
adjusted returns.

Dataprivacy
andsecurity
challenge.

Cross- Industry
Collaboration
and Data
Sharing.
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IV. CONCLUSION

Al is revolutionizing finance, banking, and real estate by enhancing fraud detection, risk management, credit scoring, sentiment
analysis, and market forecasting. This topic is crucial as Al-driven models outperform traditional methods, addressing growing data
complexity, evolving fraud tactics, and the need for unbiased financial decision-making. The objective is to explore Al’s role in
optimizing trading, investment strategies, and risk assessment while improving market efficiency. The goal is to enhance accuracy,
reduce biases, and refine financialprocesseswhile addressingethical and regulatorychallenges.Lookingahead, advancements in deep
learning, reinforcement learning, and quantum computing will further refine Al-driven trading, robo- advisors, and sentiment
analysis, though challenges in data privacy, compliance, and model interpretability must be addressed for responsible Al adoption in
finance.
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