International Journal of Science and Research Archive

eISSN: 2582-8185
Cross Ref DOI: 10.30574/ijsra

IJ S RA Journal homepage: https://ijsra.net/

(RESEARCH ARTICLE) W) Check for updates

A Critical Intersection of cybersecurity, Al and fraud detection in the United States
financial market

Bridget Nnenna Chukwu *

Department of Agri Business and Applied Economics / North Dakota State University.

International Journal of Science and Research Archive, 2025, 17(01), 289-297

Publication history: Received on 27 August 2025; revised on 01 October 2025; accepted on 04 October 2025

Article DOI: https://doi.org/10.30574 /ijsra.2025.17.1.2758

Abstract

The financial market in the U.S. is digitized, and it has transformed the operations and offered more opportunities to
innovate, yet it has also exposed institutions to more cyber threats and fraud risks. Traditional fraud detection methods
are now not sufficient to handle sophisticated fraud cases such as identity theft, account takeovers, and ransomware.
The intersection of cybersecurity, artificial intelligence (Al), and fraud detection is critically reviewed in this research
paper, which demonstrates how the Al-based solutions and machine learning and deep learning in particular can
enhance the real-time identification and prevention of fraudulent activity. The research is based on a qualitative
research design and secondary sources of information about the regulatory reports, academic literature, and industry
analyses to evaluate the benefits and limitations of the introduction of Al into the financial systems of security. Al has
been found to be extremely useful in terms of accuracy and resilience regarding detection, but poses ethical and legal
challenges in terms of transparency, bias, and data privacy. The paper concludes that Al in fraud detection
implementation must be sustainable in the sense of the need to balance technological innovation, regulatory
compliance, and ethical protection.
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1. Introduction

Digitization of the United States financial market has totally transformed the form and functioning of the institutions in
the country, providing it with the possibilities to innovate and security challenges. Over the past two decades, the
financial sector has become more reliant on digital infrastructures due to the explosive growth of online banking,
electronic trading, mobile payment, and blockchain infrastructure-based assets (Arner et al., 2016). This digitization
has improved the rate of transaction process, the availability of financial services, and the creation of new types of
investment. Nonetheless, it has also created more space in the area of cyberattacks and financial fraud, which is why
cybersecurity is one of the most urgent issues of financial institutions and regulatory bodies (Gai et al., 2018). Financial
fraud has also become more complex with technological advancement, with attackers utilizing advanced technologies
to exploit weaknesses, compromise systems, and steal sensitive information. As an example, account takeover fraud,
synthetic identity fraud, and ransomware attacks on banks and payment systems have cost the industry billions of
dollars a year (Federal Reserve, 2022). Digitization, therefore, has not only led to efficiency and inclusivity but has also
produced increased risks that require strong and dynamic strategies to ensure the integrity of markets.

Detection of fraud and cybersecurity has thus become a key pillar of financial market resilience. Institutions not only
have to protect sensitive consumer information, but also to keep the confidence of investors and the stability of the
financial ecosystem. Manual system and rule-based monitoring were effective in the past but are inadequate to address
large-scale threats on a real-time basis in a hyper-digitized environment (Abdallah et al., 2016). The fast rate of online
payments and anonymization of the channels further complicates the fraud activity and demands dynamic and
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intelligent detection strategies. Artificial Intelligence (Al), machine learning (ML), and deep learning (DL) applications
have become a revolution. The Al-based systems can process vast volumes of data in real time, detect small patterns of
unnatural behavior, and adapt to evolving fraud patterns without a set of rules being coded (Kou et al,, 2021). The ML
algorithms are now capable of identifying normal consumer behavior and suspicious activities on the payment networks
with high accuracy and precision. Similarly, natural language processing (NLP), is also integrated with cybersecurity
systems, where it is used to identify phishing or other fraudulent messages. Despite these developments, the use of Al
in financial security systems provokes additional problems, including the openness of algorithms, a biased ethical
approach to decision-making, and client confidentiality (Mhlanga, 2021). These problems indicate a need to find a
balance between technological innovation and regulatory and ethical protection.

It is on this backdrop that the objective of the study will be to critically examine the intersection of cybersecurity,
artificial intelligence, and fraud detection within the U.S. financial market and with respect to opportunities and risks.
This paper will be aimed at analyzing the impact of Al-based technologies on fraud detection systems, investigating the
ethical and legal challenges of emerging technologies, and assessing their overall impact on the integrity of the
marketplace and investor confidence. This paper will attempt to create a comprehensive notion of how Al can be used
in fraud detection models and whether it can be implemented sustainably. The significance of the study is that it will
inform policymakers, financial regulators, and institutions on the best methods of utilizing Al without compromising
ethical practice or adherence to standards. In addition to that, the results contribute to the more general debates on the
role of innovative technologies in shaping the future of financial markets and the trade-off between innovation and
security. As the U.S. further extends its financial hub role, making cybersecurity more resilient and deploying Al-driven
fraud detection is not just a key consumer protection measure, but a continuation of ensuring investor confidence and
systemic stability in the more digitalized economy.

2. Literature Review

Statistical, anomaly-detection, and risk-management models have long been investigated on the basis of the adversarial,
imbalanced, and dynamic nature of fraudulent activity as applied to cybersecurity and fraud detection. Older literature
by Bolton and Hand (2002) has placed the area of fraud detection into perspective as a statistical problem in which rare
and varying events must be identified among a myriad of normal activities through the use of scoring, anomaly
detection, and pattern-matching methods. They pointed out three long-run aspects of the problem: the fact that the
imbalance between classes is so extreme, that fraudsters develop strategies, and that the practical side of the issue needs
to be interpreted and actionable scores, rather than a black-box classification. Other surveys, like Phua, Lee, Smith, and
Gayler (2010) and Ngai, Hu, Wong, Chen, and Sun (2011), have later added to these concepts and listed supervised and
unsupervised methods, online updating algorithms, and graph/network-based methods that extract links between
accounts and transactions. These methods are specifically required to identify collusive or correlated fraud activities
that are not identified by simple feature-based models. Meanwhile, the larger cybersecurity literature focuses on
system-level controls and layered defenses, which integrate anomaly detection, intrusion detection, identity-access
management, and governance, to control risk at the people, process, and technology levels, with automated detection
being considered as a component of a socio-technical security architecture (Bolton and Hand, 2002). Banking fraud
detection in the U.S. is improved through artificial intelligence (Chukwu and Ebenmelu, 2025a), and while cybersecurity
breaches undermine investor confidence and market stability (Ebenmelu & Chukwu, 2025b). Literature emphasizes
systemic risks, regulatory inadequacies, and governance challenges.

The history of artificial intelligence (AI) in financial services has been fast and diverse, ranging from rule-based expert
systems and logistic regression models to ensemble tree approaches and, more recently, deep learning and generative
models capable of consuming text, voice, and graph structures on a large scale. The use of Al in customer service, credit
scoring, anti-money-laundering (AML) screening, and fraud detection is steadily increasing, as seen in McKinsey and
Company (2020) and McKinsey and Company (2024) reports. These reports also observe that scaled and enterprise-
wide deployment is an elusive phenomenon to many incumbents because of legacy systems and governance obstacles.
In academic literature, it is emphasized that feature-engineering pipelines are being replaced by representation learning
(such as embeddings and graph neural networks) and real-time scoring, making it possible to design detection models
that consider transaction history, behavioral biometrics, and network links instead of individual features (Pang, Shen,
Cao, and Hengel, 2021). The emergence of generative Al and large foundation models has created additional
opportunities to generate synthetic data and do adversarial testing, which is helpful in augmenting small sets of fraud
labels, but also creates concerns related to model hallucination and misuse. Empirical and field reports thus describe Al
in the financial industry as potentially promising but lumpy: whereas pockets of high impact do exist, systematic,
regulated, and auditable Al at scale is yet to be achieved across banking and fintech industries (McKinsey and Company,
2020; McKinsey and Company, 2024).
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The empirical research on Al-based detection of fraud is offering a stratified view where traditional algorithms (e.g.,
logistic regression and decision trees) still perform well when used in combination with feature selection and cost-
sensitive analysis, whereas newer machine-learning algorithms tend to outperform them on convoluted, high-
dimensional data, should label quality and concept drift. Ngai et al. (2011) and Phua et al. (2010) have demonstrated
that supervised learning is the most dominant in the literature on credit-card and insurance fraud detection. As shown
by Bahnsen, Aouada, Stojanovic, and Ottersten (2014), cost-sensitive learning methods show their benefits as they
explicitly aim at minimizing the amount of money lost instead of maximizing conventional measures. The more recent
technical literature points to the potential of deep-learning and anomaly-detection models, including autoencoders and
graph neural networks, that will be able to learn subtle non-linear dependencies (Pang et al., 2021). These approaches
demonstrate potential in controlled experiments and industry data, but their usefulness is largely limited by the
availability of long time-series data, annotated anomalies, and online updating pipelines capable of responding to
changing attacker strategies. Field experiments also highlight operational trade-offs: accuracy-maximizing or AUC-
maximizing models do not always minimize financial losses or false positives in real-time operations, and therefore
cost-sensitive measures and decision-threshold maximization in field deployment (Bahnsen et al., 2014). Taken as a
whole, the empirical evidence suggests that the contemporary Al methods are offering quantifiable performance
improvements in most situations, but these improvements are delicate unless they are supported by intensive
assessment procedures, sound labeling approaches, and consistent drift monitoring.

Despite the technical developments, the structural problems of data privacy, regulatory compliance, algorithmic bias,
explainability, and organizational governance remain at the center of ensuring the implementation of Al in the detection
of fraud to be trustworthy. Even such legal frameworks as the General Data Protection Regulation (GDPR, 2016/679)
limit the scope of automated decision-making and profiling and require human-in-the-loop protection in case of the
highest severity of such decisions. Fairness in algorithms and model governance are now the issues of the regulatory
and supervisory authorities. To provide an example, the UK Financial Conduct Authority (2024) referred to the possible
dissimilar impacts of biased training information on demographics that rely on biased training information and proxy
variables by stating that bias-testing must be standardized, and it must be more transparent. These concerns are echoed
in industry reports, although operational frictions are mentioned, such as legacy architectures, lack of Al talent, and
inability to integrate Al into compliance workflows are seen as key barriers (McKinsey and Company, 2024). The
Financial Times (2024) news analysis also emphasizes that regulatory anxieties and reputational risks discourage the
use of Al by some companies in general. Privacy-preserving machine learning solutions, such as federated learning and
differential privacy, and systematic bias audits and synthetic data generation to make experimentation safer, are
discussed in the literature. Nevertheless, researchers emphasize that regulation and governance alignment are
conditions that have to be met to scale Al in fraud detection without increasing systemic risks (Financial Conduct
Authority, 2024). On the whole, although improved methodology has enhanced the process of detection, the academic
and policy view is that technical performance is not enough: there must be credible, audited, and privacy-compliant
systems to fully achieve the benefits of Al in financial fraud prevention.

3. Methodology

The research design used in the study is a qualitative research design, which is based on secondary data to examine the
intersection of cybersecurity, artificial intelligence, and detecting fraud in the U.S. financial market. The data is acquired
through regulatory reports of different agencies, such as the U.S. Verimatrix Cybercrime Report and the Federal Trade
Commission Report, peer-reviewed academic sources, and market analyses. The stories, policy frameworks, and
scholarly discourses that can be found in these sources are read with the help of a qualitative synthesis method that
enables identifying the motifs and conceptual discernments. In addition to that, the trends on extracted data of
regulatory and industry reports are analyzed to track the trends over the years and the introduction of Al tools, the
creation of fraud schemes, and regulatory responses. This combination allows the study to integrate intuitive
understanding and a mapping of variations based on evidence that informs the financial cybersecurity and artificial
intelligence-facilitated fraud detection.

3.1. Findings and Analysis

Cybercrime is not a threat that is just emerging; it is an international menace with an astronomical economic
repercussion. An awareness of the existing cybercrime statistics will assist organizations and individuals in being aware
of the scope of online threats and implementing the relevant security measures.

Statistics not only demonstrate the economic impact of cyber-attacks but also reveal the spheres of weakness and
emerging trends of hazards that shape our general digital safety landscape.
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Table 1 Average Data Breach Cost by Region and Top U.S. Cost

Region / Country | Average Data Breach Cost (USD, millions)
United States $9.36 million
Middle East $8.75 million
Benelux $5.90 million
Germany $5.31 million
Italy $4.73 million

(From Verimatrix, “the United States led the world ... $9.36 million” and regional comparisons)

Table 2 Top 5 Industries by Average Data Breach Cost (2024)

Industry Average Breach Cost (USD, millions)

Healthcare $9.77 million

Financial Services | $6.08 million

Industrial $5.56 million
Technology $5.45 million
Energy $5.26 million

(Source: Verimatrix, “Cybercrime Statistics: Key Stats and Insights,” 2024)

According to the Verimatrix report, the world is experiencing a growing financial cost of cybercrime, with its gradual
increase and disproportionate growth in the regions and sectors. It is estimated that the global cost of cybercrime is
projected to be 9.22 trillion in 2024 and will continue to increase to 13.82 trillion by 2028, which is nearly a 50 percent
increase in four years (Verimatrix, 2024). Such a steep increase highlights the fact that cyber threats are not only
increasing in number but also in sophistication due to the digital transformation, the growth in cloud adoption, and the
sophistication of attack vectors. More to the point, the burden is not being equally distributed; some geographies and
industries are bearing more of the burden. These distinctions demonstrate the interaction between structural
vulnerabilities, the regulatory environment, and the intrinsic value of the information that the bad people are targeting.

One of the brightest examples of a country with the highest average cost of breaches is the U.S., which has been leading
the world by fourteen years. The figure for breach costs in the U.S. was estimated at 9.36 million, compared to 8.75
million in the Middle East and 5.90 million in Benelux (see Figure 1). This ongoing misalignment is an indication that
litigation risk, regulatory fines, cost of notification, and remediation costs increase the U.S. breach profile. In addition,
customer information as well as intellectual property are highly prized in the U.S. market, which compounds the
financial impact of cyber-attacks. These dynamics reveal that cybersecurity is not only a technical problem, but also a
legal, regulatory and market system problem. It is not surprising that the high breach costs in the country with the high
disclosure standards and litigious environment are bound to occur, which justifies the concept of the governance and
institutional framework affecting the financial performance.

The sectoral perspective is also more illuminating on the concentration of cyber risk. At the top of the list is the
healthcare sector with an average cost of breach of 9.77 million in 2024, which reflects the extreme sensitivity of medical
data, the history of IT systems, and the prohibitive nature of compliance with the regulations (see Figure 2). Next is the
financial services with a value of 6.08 million dollars, suggesting that monetary resources and payment methods are
very attractive to criminals. The five leading sectors are industrial (5.56 million), technology (5.26 million), and energy
(5.26 million), which are all a part of the economic infrastructure and, therefore, are particularly vulnerable.
Interestingly, the cost is even more than average in the areas that could be assumed to have more advanced security
systems, such as financials and technology, which means that the systemic vulnerabilities and the incessant evolution
of threat agents remain. The first sector in the chain of costs, and the healthcare industry is the first, is the twofold
problem: not only how to protect very personal data, but also how to modernize the outdated systems.
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The other interesting fact of the report is the absolute domination of ransomware. Cyberattack involving ransomware
was about 70.13 percent of all reported cyberattacks worldwide, with over 317 million attempts being reported over
the period (Verimatrix, 2024). This rationale is that ransomware has become the template for monetization of
cybercriminals, particularly in its scalability and the increased popularity of affiliate distribution schemes. Besides
direct extortion, ransomware is typically surrounded by second or third extortion tactics, in cases where, in addition to
encrypting data, exfiltration and threat of exposure are also employed. These trends prove that cybercrime is shifting
in a direction where it can maximize the harm to victims, creating cumulative damages. To this systemic issue, there is
the workforce gap: the global cybersecurity workforce is already about 5.5 million professionals, yet globally, there exist
gaps of 4 million skilled workers, and hence, organizations are never ready to act upon the growing threat (Verimatrix,
2024). This problem highlights the fact that resiliency is hard to sustain when the threat environment and the price of
breaches are on the rise.

FTC CONSUMER SENTINEL NETWORK s o b 50, 0281

View Year Quarter
All Fraud and Other Reports Map 2025 2

Year: 2025, Quarter: 2

Reports pec 100K Population

Low & N
125 Mapbox © OpenStrootha f
Top 5 Fraud Categories Top 5 Other Categories
Imposter Scams _ 275,738 Debt Collection 141,839
Online Shopping and Negative
Revisiws - 88,141 Banks and Lenders 54,955
Business and Job Opportunities . 40,117 Auto Related 41,7112
Internet Services . 32,543 Credit Cards 32,613
Investment Related I 29,796 E&fg;;hﬂeur;eaus and Information 25,124

FTC Consumer Sentinel Network Data Book and Explore Data, 2025
Figure 1 Federal Trade Commission Report on Fraud and Other Reports

The significance of these results is even greater when one considers them in the light of how systems of artificial
intelligence-based fraud detection are reshaping the sphere. The rule-based and largely reactive methods of detecting
fraud are too old to keep abreast with the complexity and speed of online fraudulent activities. The abundance of
fraudulent schemes that can be founded on the falsification and manipulation of digital identities demonstrates the need
to implement adaptive technologies capable of detecting the patterns that are not visible to humans. In this instance,
machine learning algorithms, known as the Als, may be applied to identify fraud in real-time, identifying irregularities
in the data of transactions, streams of communication, or online activity. To illustrate this point, Al systems can be used
to compare behavioral data to point to discrepancies that could signify a fraudulent motive, and therefore offer
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preventative measures rather than remedial ones. The FTC statistics, however, not only emphasize the sheer scale of
the fraud but also the pressing necessity to deploy Al-based systems capable of processing large amounts of reports and
converting them into practical intelligence within a short amount of time. Even as this change is encouraging, it also
raises serious questions of transparency, accountability, and equity of algorithms that will be given the responsibility
to process such sensitive consumer information.

The use of Al in the field of fraud detection has ethical and legal issues that cannot be ignored. According to the FTC
statistics, fraud in different industries, including banking, credit, auto-related industries and investment opportunity,
are highly established with consumer financial rights and regulatory conditions. The implementation of Al in these fields
brings up the concerns of data privacy, bias in detection systems, and liability of the financial institution and technology
providers. Al systems are usually trained on past data, and when the past data is skewed, the fraud detection models
will discriminate or fail to identify a particular demographic. This raises equity and equality issues with regard to access
to financial services. Besides this, the acceptability of automated decision-making in consumer finance is an emerging
issue, and the regulations have been hitherto geared towards human accountability.

This paper maintains that the risk of black box decision-making in Al systems, i.e., the scenario where consumers and
regulators lack full knowledge of how fraud decisions are made, is a conflict of efficiency and transparency. These legal
and ethical issues are especially topical in the backdrop of the results of the FTC, which demonstrates the powerlessness
of consumers who might already have mistrust of financial institutions due to the constant fraud.

The broader effect of the Al-based fraud detection systems on the integrity of the market and investor confidence can
be described in the context of the colossal number of reported fraud cases. By making consumers think that fraud is
high and is not being addressed in an appropriate manner, consumers will lose confidence in electronic commerce and
financial systems, which can affect investor confidence and undermine marketplace integrity. By implementing it in a
productive manner, Al-based solutions have the potential to restore trust since the financial and regulatory institutions
will show their willingness to combat fraud using advanced technology.

The re-establishment of trust, however, is pegged on the responsible usage of Al technologies in such a way that it is
precise, fair and legally sound that detecting systems are precise, equitable, and legally sound. The FTC report is not a
mere piece of reflection of the severe fraud in the modern market but also an opportunity that Al could be utilized as a
necessary defensive tool. By reducing fraud and enhancing the perception of equity and accountability in the field of
financial transactions, Al can help to radically change the situation and increase the confidence of investors and
reinforce the integrity of the marketplace. Nevertheless, the findings of the report reveal the fact that technology is not
the answer to such problems, as it must be embedded in ethical and legal frameworks that would concentrate on
consumer protection and innovation (Federal Trade Commission, 2025).

3.2. Synthesizing the Discussion of Findings with Extant Literature

This extensive body of literature about fraud detection points to the possible game changer of artificial intelligence,
potentially changing how institutions respond to more and more sophisticated financial crimes. The scholars have
remarked all along that the digitalization of the financial markets has provided greater opportunities to fraud and
simultaneously shown the insecurity of consumer protection mechanisms (Boehme and Moore, 2012; Levi, 2017). The
2025 data of the FTC Consumer Sentinel Network, which indicates the imposter scam as the most reported type of fraud,
with more than 275,000 cases, proves these long-standing fears of the vulnerability of consumers to fraud in the realm
of the Internet (Federal Trade Commission, 2025). Recent studies highlight the fact that conventional fraud detection
models, which are usually rule-based and reactive, are poorly suited to fight these massive fraud cases since they lack
the flexibility to match the changing attack vectors (Abbasi et al., 2012). Artificial intelligence (Al) solutions, especially
machine learning and deep learning models, have been demonstrated to outperform human and traditional systems by
detecting abnormalities in high volume and high-dimensional data in real time (Ngai et al., 2011; Phua et al., 2010). By
enabling the financial institutions to do not simply decrease the number of fraudulent transactions, but also predict the
new trends of misconduct, these capabilities enable the financial institutions to mitigate the risks of fraudulent
transactions. However, it is also reported that effectiveness of Al also depends on quality of input data, design of
algorithms, and transparency of interpretation of outputs. This is in line with the ethical issues that researchers like
Mittelstadt et al. (2016) have raised by stating that black-box decision-making in Al poses a risk to accountability and
may undermine consumer confidence when the reasoning behind fraud determinations is hidden.

In the literature, in addition to technical efficacy, the adoption of Al in fraud detection systems has been mentioned as

a key component to ensure the integrity of the marketplace and investor confidence. Financial systems rely heavily on
trust and it has been argued that consumers would be less willing to conduct transactions online when they believe that
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fraud risks are being poorly mitigated (Arner, Barberis, and Buckley, 2016). The FTC statistics, which indicates the
prevalence of fraud in the U.S. metropolitan regions, echoes the research findings that institutional fraud erodes investor
confidence by increasing the perceptions of instability in the markets (Levi, 2017). Used responsibly, Al technologies
can reverse this trend and demonstrate that institutions can also actively defend the interest of consumers. However,
as scholars like Zarsky (2016) and Kroll et al. (2017) state, this possibility is accompanied by the legal and ethical
challenges of privacy, algorithmic decision-making fairness and discrimination that remain unresolved. The literature
suggests that the implication of Al in investor confidence will be established through the integration of such systems in
regulatory measures that are more worried about transparency, explainability and accountability without undermining
consumer protection at the expense of efficiency. Thus, the findings of the FTC, in addition to underlining the extent of
fraud in the current financial market, can assist the academic community in believing that Al is a powerful instrument
and a controversial boundary in the general struggle to maintain trust, fairness and integrity in international finance.

4., Conclusion

This paper has revealed that cybersecurity, artificial intelligence and fraud detection have turned out to be one of the
biggest opportunities and threats of the U.S. financial market. Regulatory data and literature provided proves that
despite the efficiencies in digitalization of the finance sector, the latter has also raised the scale and magnitude of fraud
and cybercrime. Machine learning and deep learning are forms of artificial intelligence (Al) that can be a powerful means
of identifying and preventing fraud in real time, leading to improved consumer protection and market integrity.
However, the introduction of such technologies also brings relevant urgent ethical and legal challenges linked to
transparency, privacy, bias, and accountability that must be addressed to ensure justice and trust among the citizens.
The expensive nature of cyber breaches and fraud cases that continuously feature in cyber reports and the industry and
government, has led to the need to deploy Al-powered solutions that are not only technically efficient but also socially
responsible and legal. To conclude, Al in fraud detection will be the key factor of evaluating the robustness of the
financial system, restoring the confidence of investors, and preserving the image of digital markets during the era of
growing cyber threats.

Recommendations

Several recommendations regarding how the successful deployment of artificial intelligence in fraud detection might
be applied to the U.S. financial market. First of all, financial services providers and regulators should pay more attention
to the design of transparent and explainable Al system in order to ensure that fraud detection mechanisms remain
responsible and understandable by the authority and consumer. This will help in reducing the risk of black- box
decision-making and will not interfere with the consumer trust. Second, stronger regulatory frameworks should be
created that would introduce innovation and align compliance, and address the issues of data privacy, algorithmic bias,
and a fair automated decision-making process.

Standards that will be used to support an ethical application of Al will be developed by regulators, technology providers,
and financial institutions. Third, the Al talent, research, and infrastructure should be better-funded, and institutions
should be capable of adapting to the evolving fraud schemes and keep up with technological advancements. In addition,
programs such as federated learning and privacy-preserving models should be encouraged to reach a compromise
between innovation and consumer protection. Finally, consumer education should be emphasized more because it will
create awareness of Al-based security tools, thereby creating trust in the financial systems. All this will enable a
sustainable introduction of Al, safety of integrity, and investor trust.
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