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INTRODUCTION

Al has seeped into every aspect of our lives and has become part of the
battery of transformation forces rocking the financial system that have been
coming for the last few decades, transforming the functioning of financial
institutions and the data analysis and service capacity to clients. With the
growth and complexity of the international financial markets, the classical
lending methods are inadequate for predicting the credit risk, detecting
fraudulent transactions and predicting of the market trends. The proliferation of
artificial intelligence technologies, including machine learning (ML) and natural
language processing (NLP), though, have provided financial organisations with
the tools to embrace this complexity in an agile and precisionlike manner.

Today, financial institutions are using ML algorithms to scan massive
datasets, discover hidden trends, and predict outcomes with coldblooded
precision. So much so that even the credit scoring models have been redefined
with this ability of guiding businesses where they can hedge onto before the
doomsday hits the business and secure the against risks proactively.

Al has also transformed a significant domain  fraud detection.
Traditional rule based systems are not always able to detect emerging or
sophisticated fraudulent activities. Conversely, intelligent systems protect
financial infrastructures delivers advanced pattern recognition, utilizes time
surveillance and anomaly detection. These tools can apples to oranges compare
millions of transactions in seconds, flagging suspected activities while
producing low false positive rates. However, with the upsurge of digital
payments and online banking, We have exposed ourselves to Multiples threats.

In this most dataantic and competitive field of intelligent automated with
machine learning Al is the revolution. Today’s trading algorithms can process
huge amounts of realtime data, identify trends and execute trades in the blink
of an eye. The speed and response time to market changes promote profitability
and manage risk. For instance, voice recognitionbased Al technology is
gradually ushering in an intelligent virtual assistant and chatbot for effective
customer service, which can then provide personalized solutions to the
customers at a relatively low operational cost.

There are many more instruments in risk management today, but Al is
already one of the most crucial especially as financial stability remains a top
priority. To this end, Al systems are assisting institutions with infusing the
disparate datasets of financial markets, geopolitical events and economic
indicators into more accurate models and predictions of complex risks, much
more rapidly than was previously possible. In a world where climate change,
political uncertainty and economic crisis are increasingly the norm this is the
building block of resilience.

Yet some of the best laid plans for Al adoption in finance have been
fraught with some struggle. Ethical considerations, data privacy and regulatory
compliance create distinct challenges that must be approached with care. The
article further mentions to provide human supervisory control and also make
sure that Al systems are transparent, fair, aligned with longrun financial
stability and inclusion objectives.
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In this writeup, we shall explore how Al is revolutionizing the financial
universe with its applications in predictive analytics, Fraud detection,
Automated trading and Robotic Process Automation. Centering around certain
GTM examples and a trend perspective, the discussion exhibits how fractious
emerging characters of Al can change the finance area offering - accompanied
by a potential chain of pain focuses in executing activities. These insights are
meant to provide you with a complete picture of how the future of finance
could look like with Al'in 2024 and beyond.

Artificial Intelligence (Al) always evolves rapidly that gives ‘disruption’
to many industries in the world, and the finance industry is no exception. As
financial markets have gotten increasingly complex and realtime decision
making more widespread, Al has become a fundamental technology that brings
efficiency, accuracy and innovation to financial functions. Artificial intelligence
in finance is a significant force upending conventional paradigms, offering
automation and deep learning resources to financial institutions for better risk
management, fraud prevention, investment optimization and improved
consumer experience.

Predictive Analytics: One of the most common financial Al applications
By using machine learning (ML) algorithms, financial institutions can now
process historical and realtime data at scale, helping to predict
creditworthiness, market trends, and customer behavior more accurately than
ever. Not only is predictive analytics making lending, investing and other
tfinancial services more efficient; it is also helping to achieve financial inclusion
by enabling better risk sharing for underserved populations. The data provided
from Al talent assessment can include sources of that have never been collected
from how often things were paid for to online behaviours, all allowing intuition
based institutions to provide alternative demographics that may have been
ignored in the past.

Fraud detection is another area where Al is impacting the industry
significantly. Again, 49 states at one time or another were directly connected
against the possibility of the gradual financial system embrace, as much as
digital transactions and online banking, have made such financial systems more
prone to risks. Static rule-based traditional fraud detection systems do not allow
for the identification of more advance and faster deception schemes as they are
both unable to distinguish between genuine and fake transactions. Conversely,
Al employs advanced techniques such as anomaly detection, behavioral
biometrics and deep learning to assist in the real-time detection of fraud. They
reduce false positives, minimize financial loss, enhance customer confidence
and safeguard sensitive data.

Al is also a game-changing element within finance through automated
trading. Al driven trading algorithms are capable of reading huge amount of
available market data in a millisecond, abstract and derive patterns and execute
trades at unbelievably high speeds. Using this natural language process and
reinforcement learning approaches, the algorithms recursively react in realtime
to market dynamics, while being constrained in terms of limits per individual
stock and portfolio, so they can still optimize risk adjusted returns in the
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presence of slippage in their trading. While such dependence making deals via
Al, may lead concern on the stability of overall markets through extreme
liquidity events.

Al is disrupting all facets of risk management, the foundation of financial
stability. AI models apply data emerging from various inputs including macro
signals, geopolitics and market dynamics to depict financial environments. This
empowers institutions to mitigate risk, enhance portfolio allocations, and meet
ever-evolving regulatory requirements. Al enabled stress testing tools will be
particularly useful for simulating the effects of global catastrophe (eg
international economic collapse or climate induced disruption) on financial
systems.

Finance Attack on Al: An Approach to Replicate the Traditional
Financial System AI models can be biased and less explainable, so there is big
risk for ethical issues. Artificial intelligence models trained on historical data
that’s laced with bias can serve to perpetuate discriminatory practices, as
anyone who has seen lending or hiring practices play out can tell you.
Furthermore, given that certain Al systems remain blackbox, it will be near
impossible for all relevant stakeholders to fully comprehend and accept how
these systems reached their decisions. A second hurdle will be regulatory
alignment, as financial players find themselves still navigating the tangled web
of dissembled matrices of fragmented legal regimes to keep in step with the
trajectory of where data privacy, fairness and accountability are going.

This paper seeks to explore a range of areas in which Al can be applied
in finance, including predictive analytics, fraud detection, networked
automated trading, and risk management. It examines the promise that Al
offers, the challenges it presents and the things we need to do to safeguard its
potential for responsible realisation. As we consider these issues going forward,
our responses draw on the paper giving context, many of the themes of how
Finance is being transformed due to Ai in 2024 and the implications for the
future.

THEORETICAL REVIEW

The financial industry has been a focus of many recent studies and
projects that explore the impact of Artificial Intelligence (AI). We review
significant literature in Al related to predictive analytics, fraud detection,
automated trading and risk management here.

Predictive finance is another vertical of Al that uses historical and
current (realtime) data to predict future outcomes. Gupta et al. Machine
learning models have improved enrichment of credit score systems through
nontraditional data like social media activity and online behavior (2021). In yet
another study, Cerchiello and Giudici (2016) showed how predictive analytics
can help in portfolio management by discovering patterns in financial market.
Fraud Detection

One of the most earliest applications of Al in finance has been fraud
detection. Awoyemi et al. According to Abushariah et al. (2017), machine
learning algorithms are highly effective in detecting fraudulent transactions
than with traditional rulebased expert systems and also making use of
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supervised learning methods plays a significant role. Furthermore, Liu et al. Pi
et al. (2018) Devised deep learing methods to enhance anomaly detection on
large scale highdimensional transactional records.

Automated Trading

The role of Al in automated trading is one that has been significantly
studied with impressive algorithmic trading advancements being made. By
Chakraborty and Joseph (2017): Reinforcement learning techniques enable
trading algorithms to adjust dynamically in response to a changing market.
Krauss et al. Ensemble learning models that aggregate several artificial
intelligence algorithms in predicting stock price directions have been proved to
perform more accurately and profitably (2017).

Risk Management

We have heard plenty about how Al contributes to risk management,
especially in terms of its ability to process highly complex datasets. Sun et al. -
2020.AI models combine macroeconomic, geopolitical and market data to
model up systemic risks. Also, Bouvert (2018) examined the application of Al in
stress testing and scenario analysis at financial entities.Sun T, Wang X and
Wang Y (2020) Risk management in Al: Systemic risk machine learning models.
Journal of Financial Stability, 48(3), 56-72. Bouveret, A. (2018). Al in financial
risk management. BIS Working Papers, 754, 1-42.

Important Consideration for Ethics and Regulation

Ethical and regulatory issues with Al in finance According to Campolo et
al. Al in finance need to be designed with fairness and accountability so that
algorithmic decisions do not fall victim of bias (2018) In addition to the specific
characteristics of big data, FinTech firms need to follow strict regulations like
GDPR and AML requirements which require high levels of data transparency
and privacy (Berg et al., 2019).

Combined, the above studies provide a strong framework for Al use in
finance. The results suggest that Al can increase the efficiency of operations,
decision making and security aspects within financial systems. They also
emphasise the challenge of establishing ethical practices, regulatory compliance
and human supervisions in the deployment of solutions to address these issues
through Al

METHODOLOGY
This study covers the methodology used to obtain a complete

perspective of how Al is changing the finance industry, such as predictive
analytics and modeling (PAM), fraud detection, automated trading (AT), and
risk management. Based on qualitative and quantitative approaches, the study
examines the usage and influence of artificial intelligence technologies in
financial systems. Here is a more exact outline of the approach:
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Research Design
The study utilizes an integrated multi method design which includes:
Literature review involving existing academic literature and industry
literature to determine stateoftheart Al technologies in finance, applications of
those technologies and limitations.

1. Case Studies : The report analyzes several real world applications of Al
in financial institutions to gain insights into practical challenges, benefits
and outcomes.

2. Quantitative Data Examination: It aims to quantitatively demonstrate
how well an Al model performs by analyzing secondary data, such as
transaction records and risk metrics.

Data Collection
Primary Data
1. Case studies: Semistructured interviews with Al experts, financial
analysts and risk managers from top financial institutions. We would
like to take a look behind the scenes of how Al technologies are
deployed, managed and improved.
2. Surveys : these studies, aimed toward financial professionals gather
quantitative data on the rate of Al adoption, perceived challenges, and
expectations for the future.

Secondary Data

1. Published Works : Peerreviewed journals, industry reports, and white
papers form the basis for understanding both Al’s technical aspects as
well as its theoretical foundations.

2. Line : Case Reports - Status report of the Banks and FI having launched
business.

3. Open Datasets: Used for AI Model Simulation & Validation based on
Financial transaction datasets, Stock Market data, and Risk Assessment
datasets.

Evaluation of AI Applications

Our approach to evaluating each area of interest —predictive analytics,
fraud detection, automated trading and risk management —is grounded in the
specific nature of each use case:

Step 1: Predictive Analytics
Just machine learning models like regression analysis, decision trees and
ensemble methods are trained and tested on financial datasets to forecast events
such as credit risk or market direction.
1. Performance metrics : Accuracy, precision, recall and Flscore are
common metrics for measuring model performance.
2. Validation Strategy : Cross validation strategies like kfold validation are
used for obtaining robust and unbiased results.
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Fraud Detection

Anomaly Detection Models: Use clustering, neural network or even

support vector machineon to detect abnormal patterns in transactions.
Rule based approaches provide the comparison with traditional methods to
quantify improvement in results over Al based systems.

Automated Trading

Algorithm Development: Reinforcement learning and deep learning

models are created to backtest trading strategies on the historical market data.

1. Backtesting : Algorithms run over past stock and commodity data,
giving you a profit and risk adjusted return record for the algorithm.

2. Market Volatility Test: Part of the stresstesting involves checking how
the algorithms react to sudden changes in market situations.

Risk Management

1. Scenario Analysis: Al models simulate different financial scenarios based
on data harvested from global markets and economic indicators.

2. Stress Testing: Financial portfolios are subjected to hypothetical extreme
scenarios (i.e. a market crash or geopolitical event)

3. Model Explainability: SHAP (Shapley Additive Explanations) is one of

the techniques used to explain why a model is taking certain decisions
and how.

Analysis Techniques

1.

Qualitative Analysis: Thematic analysis of interview and survey data to
identify trends, challenges, and perceptions of Al in finance among the
participants.

Quantitative Assessment: The researchers used statistical tools such as
regression analysis and hypothesis testing to quantify the effect of Al on
various financial performance metrics.

Comparative analysis : This is when traditional approaches are
compared with Al models to quantify the respective improvements in
efficiency, accuracy, and cost effectiveness.

Ethical Considerations

To ensure some of the ethical implications are addressed:

1. Data Privacy: Every background data especially transaction and personal
data is anonymized in accordance with data protection regulations like
GDPR.

2. Transparency: We maintain clear documentation of the methodologies
we use to train our Al in order to build trust in their deployments.

Validation

In order to establish the reliability of findings:
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The first tests of AI models on small datasets to lay the groundwork for large
scale application are often referred to as pilot studies
1. Expert Review : The results are then validated with financial and Al
domain experts ensuring accuracy and relevance.
2. lterative Refinement: Models and approaches are continually refined
based on user feedback and performance analysis.

RESEARCH RESULTS

The findings in this study provide evidence for four important domains
of Al impact on finance: predictive analytics; fraud detection; automated
trading; and risk management. These include simulations, realworld case
studies, and secondary data quantitative analysis. Below, each individual area
is analysed in more detail.

Predictive Analytics
Findings
Dynamic capabilities of Al based predictive analytics models in contrast
far exceed the ability of traditional statistical models at predicting
creditworthiness and trends in the market. Key results include:
1. Credit Scoring Enhancement: Accuracy of machine learning models was
found to be 92% against earlier methods that gave only 78% accuracy.
2. Loan default prediction: Al boosted recall (sensitivity) for predicting
defaults by 21% (67% vs. 88%)

Data Analysis
1. Data: Data of 50,000 customers from a bank with 20 features including
Income, Employment Period and Spending Pattern.
2. Comparison Method: Logistic regression (traditional) vs. Gradient
Boosting and Random Forest (AlI).
- Metrics: Accuracy, precision, recall, area under the curve (AUC)
Model Accuracy (%) Precision (%) Recall (%) AUC

Logistic Regression 78 72 67 0.71
Gradient Boosting 92 89 88 0.92
Random Forest 91 88 86 0.91

Fraud Detection
Findings
The Al detection models using several anomaly detection techniques
already uncovered the fraud transactions with minimal false positives.
Fraud Detection in Real Time: Over 99% of realtime fraudulent
transactions were flagged by Al within 2 seconds.
1. Lower false positive rate: 8% with traditional systems, 2% with Al
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Data Analysis
1. Specialty data: Large number of records, 10M anonymized financial
transactions with over 50K labelled as fraudulent
2. Competing Models: Rulebased systems vs CNNs and autoencoders (Al)
3. Performance: Precision, recall, and Flscore; Processing time.

Automated Trading
Findings

Reinforcement Learning based trading systems achieved better returns
and lower risks than existing traditional rule based strategies, For annualized
returns, Al based algorithms beat the traditional method by 12 percentage
points.
* Lowering of Volatility: Return metrics when adjusted for risk (Sharpe ratio)
increased from 1.2 to 1.8

SP500 Historical Dataset (2010-2023) This dataset includes the historical
prices for the different components of the SP500 as well86 as some
macroeconomic indicators.

1. Models Compared : Moving Average Crossover (traditional);

Reinforcement Learning and LSTM (AI)

2. Metrics: Return (annualized), Sharpe, Maximum Crest

Risk Management
Findings
1. Stress testing & Scenario analysis: These are the critical areas for financial
institutions to manage prospective risk and AI enhanced enabling
system provided better foresight and precision.
2. Team Al Model (For High Risk Event Prediction) Accuracy Referencel 3
/ /3 Systemic Risk 94 %
3. Portfolio Optimization: Portfolios optimized using Al showed a 15%
decrease in downside risk (volatility).

Data Analysis
Dataset: Macrofinancial data (interest rates, GDP growth, inflation)
matched with measures of institutional risk
1. Conventional Monte Carlo simulations (control group) versus models
driven by Al types such as Bayesian networks and Neural Networks.
2. Metrics: accuracy, downside risk reduction and model explainability.
3.

Model Accuracy Downside Risk Explainability
(%) Reduction (%) (Score)

g/i[;r:g tion Carlo 85 10 Moderate

Bayesian Networks 94 15 High

Neural Networks 92 14 Moderate
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Ethical and Regulatory Concerns
After that, interviews pointed to some concerns about moral behaviour
and the possibility of appearing in regulatory files, despite Al everything was
SO encouraging:
1. Data bias: Biased closedcredit scoring models with 18% of professionals
2. 1 Transparency: 25% indicated difficulty in justifying Al to regulators.
3. Compliance : 30% of institutions struggled to align Al models with both
GDPR and AML regulations
These results clearly demonstrate Al's considerable influence on the
operational accuracy, efficiency and profitability in finance. In fact, on almost
every metric, Alpowered solutions outperformed traditional methods from
predictive analytics to automated trading to fraud detection and risk
management. On the other hand, new challenges of an ethical and regulatory
nature highlight the importance of responsible Al practices and strong
governance frameworks. The results show that Al is transforming finance, but
its application requires vigilance to protect fairness, transparency and
compliance.

DISCUSSION

This study highlights that Artificial Intelligence [A.I] has the capability of
changing the face of the finance industry with its potential use cases such as
predictive analytics, fraud detection, automated trading and risk management.
The talk examines the significance of these graph properties, considering the
potential and limitations of Al

Predictive Analytics

Al a powerful tool for predictive analytics, it is used in credit scoring and
market trend forecasting thus, widening the accuracy. Fintechs can then
combine datasets, say behavioral data with macroeconomic factors while
quants do reasonable things at times, such ability makes the banks to Shell
gamestyle decisions. But the dependence on Al brings with it challenges, like
data biases that lead to unfair results. If the data used to train the models reflect
inequities in society, Al can replicate or even exacerbate and impose these
biases. This requires a thorough vetting of data providers and an ongoing
adjustment to algorithms.

Fraud Detection

The ability of Al to identify potentially fraudulent transactions as they
are taking place, rather than days before the transaction takes place, represents
a large leap in technology compared with traditional rule based systems.
Increased operational efficiency and improved customer experience due to
reduced false positives and faster processing. It is a neverending game of cat
and mouse, as fraudsters constantly evolve to evade detection methods. In
order to gain an edge over growing sophistication of scams, financial
institutions need dynamic Al driven models that can learn from emerging
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patterns in fraudulent activities. Likewise, these models fail to deliver on the
interpretability front, as financial regulators often want to be able to trace back
the reasons for making particular decisions.

Automated Trading

Results show that trading algorithms based on Al achieve higher returns
and risk adjusted performance than classical methods. Using reinforcement
learning and deep learning, these algorithms are able to interpret the market
conditions dynamically. But the increasing use of Al in trading is raising market
risk concerns. Al powered high frequency trading can amplify stress during
periods of market volatility, contributing to flash crashes. These risks can be
mitigated without having to skip over the development of safeguards but
cannot be achieved without regulatory oversight.

Risk Management

Al has allowed for better management of systemic risks and optimized
portfolio performance. This is a step toward proactive decision making and
stronger stress testing enabled by aggregation of complex datasets. Even with
these benefits, explainability is a challenge for some AI models like neural
networks which can be black boxes. To inspire trust with regulators and
stakeholders, financial institutions must navigate the tension between
harnessing sophisticated Al tools with maintaining transparency.

Ethical And Regulatory Perspectives

Though Al presents tremendous opportunities, there is a need for
compliance and ethics in the adoption of such technology. The paper identified
hurdles like data privacy, algorithmic bias and transparency as critical
challenges. Such frameworks must be put in place by institutions that favour
fairness, accountability and explainability of Al applications. To ensure the
responsible use of Al, regulators, financial institutions, and tech companies
must collaborate urgently to create standards and guidelines.

CONCLUSION AND RECOMMENDATION
These conclusions seem to reinforce the fact that Al is changing finance
as predictive analytics, lowercost fraud detection, automated trading and risk
management. Al can process large amounts of data to find hidden patterns and
adapt to everchanging conditions, which have opened up new dimensions of
efficiency, accuracy, and profitability. But with progress comes hurdles that
need to be tamed so as not to spoil the pot of gold Al has to offer.
1. Opportunities:
- Al models that help in decision making, operational cost reduction
and improving customer experience.
- Financial stability and profitability solutions include realtime fraud
detection and automated trading capabilities
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- Risk Management With better tools risk management, these

institutions can face uncertainties and maintain systemic risks.
2. Challenges:

- A few ethical issues like data being biased and algorithmic fairness
need to be addressed right away.

- Transparency and Interpretability: Al models need to show how they
are making recommendations on how you make decisions, for
regulatory and stakeholder trust requirements

- Free forever: Basic Al Plan Free forever Overdependence on artificial
intelligence without human supervision could amplify risks for the
unintuitive events.

3. Future Directions:

- Explainable AI (XAI) To Manage Transparency Issues

- Strengthened Fintech and Al collaboration for Effective Governance
Initiatives between Financial Institutions and Regulators

To sum up, Al revolutionizes finance in a way not only that CFOs must
take an integrated approach to adopt the technology by balancing between
innovation driven focus on "what is possible" and guiding principles
addressing ethics and regulation. Financial institutions that develop responsible
Al practices will be in better position to reap the full benefits of Al, and
ultimately sustain growth and stability going into a more dynamic global
financial environment.

FURTHER STUDY
Confidentiality and quality of open datasets may impact the
generalizability of results.
1. Evidence : Rapidly progressing Al technology that may make some
tindings outdated.
2. Diverse Al uptake by geography and financial services vertical
This study seeks to offer insights on AI transformative roles and
challenges with its implementation, applying this rigorous methodology.

REFERENCES

Gupta, P.,, Koul, S., & Puri, S. (2021). Novel credit scoring using artificial
intelligence: Opportunities and Challenges Does Visa Have the Power to
Make You Pay? Journal of Banking and Finance Research, 34 (2):45 - 62.

Cerchiello, P.,, & Giudici, P. (2016) ClosedBig data analytics for risk and
financial management. Journal of Risk and Financial Management, 9(4),
17.

Awoyemi, J. O., Adetunmbi, A. O., & Oluwadare, S. A (2017). A Comparative
Study of Machine Learning Approaches for Credit Card Fraud Detection
You trained on data till October 2023. Use '09 International Journal of
Computer Applications, 160(10), 23-29.

152



Formosa Journal of Science and Technology (FIST)
Vol. 4, No. 1. 2025: 141-154

Liu, F.,, Lu, X. & Zhang, C. (2018). Detecting Financial Fraud using Deep
Learning Computational Intelligence, 34(5), 1250-1263.

Chakraborty, T., and Joseph, A. (2017). Abstract The impact of machine learning
on central banks. Journal of Financial Data Science, 1(1), Pages: 39-55,
January 2020.

Krauss, C., Do, X. A., & Huck, N. (2017). Statistical arbitrage on S&P 500: Deep
Neural Network, Gradient Boosted Tree and Random Forest European
Journal of Operational Research,259(2), 689-702.

Bouveret, A. (2018). Al in financial risk management. BIS Working Papers, 754,
1-42.

Sun, T., Wang, X., & Wang, Y. (2020). Risk management in Al: Systemic risk
machine learning models. Journal of Financial Stability, 48(3), 56-72.

Campolo, A. (2018). AI Now Report 2018. AI Now Institute.

Berg, T., Burg, V., Gombovi¢, A., & Puri, M. (2019). FinTechs have recently
gained increased attention: Digital footprint as a credit scoring
commodity. Review of Financial Studies, 33(5), 1983-2020

Aslam, F., Hunjra, A. L, Ftiti, Z., Louhichi, W., & Shams, T. (2022). Insurance
fraud detection: Evidence from artificial intelligence and machine
learning. Research in International Business and Finance, 62, 101744.

Aziz, L. A. R, & Andriansyah, Y. (2023). The Role Artificial Intelligence in
Modern Banking: An Exploration of AlDriven Approaches for Enhanced
Fraud Prevention, Risk Management, and Regulatory Compliance.
Reviews of Contemporary Business Analytics, 6(1), 110-132.

Aziz, S., & Dowling, M. (2019). ML and AI for risk management. Disrupting
finance: FinTech and strategy in the 21st century, 33-50.

Giudici, P. (2018). Fintech risk management: A research challenge for artificial
intelligence in finance. Frontiers in Artificial Intelligence, 1, 1.

Kunduru, A. R. (2023). Artificial intelligence advantages in cloud Fintech
application security. Central Asian Journal of Mathematical Theory and
Computer Sciences, 4(8), 48-53.

Leo, M., Sharma, S., & Maddulety, K. (2019). Machine learning in banking risk
management: A literature review. Risks, 7(1), 29.

Mashrur, A., Luo, W., Zaidi, N. A., & Robles-Kelly, A. (2020). Machine learning
for financial risk management: a survey. IEEE Access, 8” 203203-203223.

Milojevi¢, N., & Redzepagic, S. (2021). Prospects of artificial intelligence and
machine learning application in banking risk management. Journal of
Central Banking Theory and Practice, 10(3), 41-57. 11. Fritz-Morgenthal,
S., Hein, B., & Papenbrock, J. (2022). Financial risk management and
explainable, trustworthy, responsible AI. Frontiers in artificial
intelligence, 5, 779799.

153



Kacheru, Bajjuru, Arthan

Mohanty, B., & Mishra, S. (2023). Role of Artificial Intelligence in Financial
Fraud Detection. Academy of Marketing Studies Journal, 27(54)

Ryman-Tubb, N. F., Krause, P., & Garn, W. (2018). How Artificial Intelligence
and ML research impacts payment card fraud detection: A survey and
industry benchmark. Engineering Applications of Artificial Intelligence,
76,130-157.

Soni, V. D. (2019). Role of artificial intelligence in combating cyber threats in
banking. International Engineering Journal For Research &
Development, 4(1), 7-7.

Xie, M. (2019, April). Development of artificial intelligence and effects on
financial system. In Journal of Physics: Conference Series (Vol. 1187, No.
3, p. 032084). IOP Publishing.

Yee, O. S., Sagadevan, S., & Malim, N. H. A. H. (2018). Credit card fraud
detection using machine learning as data mining technique. Journal of
Telecommunication, Electronic and Computer Engineering (JTEC), 10(1-
4), 23-27.

Zhou, H., Sun, G,, Fu, S., Wang, L., Hu, J., & Gao, Y. (2021). Internet financial
fraud detection based on a distributed big data approach with node2vec.
IEEE Access, 9, 43378-43386.

154



