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Abstract 

Generative Artificial Intelligence drives substantial financial industry transformations because it helps develop and 
automate high-quality risk analysis models from both data-based selection and detailed automated operations. Through 
generative AI platforms financial institutions receive protection against fraud and achieve both automated trading 
solutions and custom financial systems using synthetic data platforms. Generative AI creates three core problems for 
financial services when used in their operations including model biases alongside privacy risks for safeguarding data 
along with conflicts in compliance regulations. The research investigates both practical usage of generative AI within 
financial institutions and the essential ethical issues they must solve. Research on contemporary financial practice 
changes concentrates on reviewing recent industrial studies about technological innovations and market adjustments. 

Keywords:  Generative AI; Financial Technology; Algorithm Transaction; Fraud Control; Artificial Data; Enterprise 
Risks 

1. Introduction

The technology of Artificial Intelligence has become a pervasive term across finance sectors alongside other industries 
because of Generative AI. Generative models enable synthetic data generation and decision systems to perform tasks 
much faster than before because of their high level of robustness [1]. Traditional AI made use of deterministic 
algorithms whereas generative AI generates authentic financial patterns through deep learning supported by advanced 
techniques GANs VAEs and Transformers [2] [3].  Such improvements are likely to be optimistic towards the FinTech 
domains of fraud detection, algorithmic trading, risk evaluation, compliance, and even financial product tailoring [4], 
[5]. 

1.1. How Generative AI Has Changed Over Time in Finance 

Deep learning with generative AI applications in finance now link to major data changes in the economy together with 
improved computing resources and advanced computer systems [6]. The traditional financial models operated solely 
through antique information while using established statistical structures thus limiting their flexibility to adapt to new 
changes [7] inside economic boundaries. Financial companies model marketplace elements through generative AI 
technology while forecasting price changes in different assets and producing simulated customer data sets to manage 
risks effectively [8].   OpenAI GPT along with Google BERT has transformed customer experience by delivering superior 
customer experience capabilities. The technology enables real-time financing advice as well as portfolio management 
services coupled with risk assessment capabilities [9]. Financial institutions in high-frequency trading utilize generative 
AI to perform market condition scenarios for enhanced trading optimization while lowering potential risks [10].  
Generative AI in finance faces particular issues, such as privacy-related challenges. AI-assisted financial document 
processing functions create issues because it causes unintentional exposure of sensitive financial data along with PII 
[11].  Random manipulation of financial records during adversarial attacks and cyber threats would result in incorrect 
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forecasting and fraudulent activity [12]. Generative AI creates dangers to financial compliance and auditing rules so 
authorities require immediate action because this artificial intelligence system produces fake financial forms which 
modify official business records [g13]. 

AI model performance depends heavily on the biases existing in the training datasets. Improper control of biases can 
cause unfair credit scoring practices followed by discriminatory loan granting procedures and manipulated market 
conditions according to A markets [14]. The lack of transparency from the drawn models makes the situation worse 
requiring explainable and interpretable AI and thus restricts the use of such technologies in the finances and investment 
world [15]. Effective and impactful policies, demystifying the technology, and provisional regulations corresponding to 
innovation produced by generative AI will offer the required level of security for integration into generative AI and 
finance [16]. 

A research inquiry explores financial usage of generative AI technology while handling technical problems and ethical 
concerns. AI technology enables financial institutions to detect financial frauds and analyze risks through decisions 
technologies apart from algorithmic trading systems as this paper explains the safety concerns of AI models in finance. 
Actual financial scenarios and current financial frameworks together with changing industry standards serve as the 
basis for forecasting AI advancement in financial operations.  

 

Figure 1 Framework for Research on Generative AI: Identifying Concerns and Objectives  

2. Generative Ai Technologies for Advanced Fraud Detection and Anomaly Identification in 
Financial Systems 

The security complications due to financial fraud increase when skilled cyber attackers develop new methods which 
evade standard security solutions. The detection of new fraud patterns becomes challenging for standard rule-based 
systems because they use static defined rules which follow algorithm-based procedures. Financial systems protection 
implements adjustable deep learning frameworks which learn and identify emerging trends of financial criminal 
activities through irregular transactions.  The expanded collection of data performed by generative AI models 
strengthens security protection because the models discover fraudulent patterns that conventional heuristic detection 
methods fail to identify. 

2.1. Generative Models for Fraud Detection 

The detection process of fraud by generative AI relies primarily on two distinct machine learning frameworks. 

2.2. Generative Adversarial Networks (GANs) 

Two main networks drive GAN performance through their dual operating system. 

• A generator functions as a synthesis tool that creates synthetic fraudulent transactions which imitate actual 
fraud cases. 

• The discrimination process distinguishes between valid transaction activities from fraudulent ones through an 
evaluation procedure. 
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By engaging in an adversarial learning process the networks automatically advance their accuracy until they create an 
advanced system which detects small behavioural irregularities in transactions. GANs boost security through model-
trained Fraud prevention through the creation of virtual fraudulent actions which help security systems pre-emptively 
identify new kinds of financial scams. 

2.3. Variational Autoencoders  

During operation VAEs create compact versions of normal financial transactions through their learning process. The 
system creates statistical models of typical financial activity behaviour before detecting abnormal transactions which 
greatly differ from this established foundation. VAEs operate independently from defined fraud patterns which enables 
them to find unknown zero-day fraud attempts that other security systems cannot locate. 

2.4. Practical Applications for Fraud Prevention 

• Current financial institutions operate fraud prevention platforms with generative AI technology that uses 
augmented security programs combined with risk management capabilities. 

• Studying large transaction data sets with deep learning GAN models helps the company identify payment 
anomalies when breaking behaviour patterns [5]. 

• AI technologies at JPMorgan Chase operate in real-time to monitor unusual transaction behaviour patterns that 
staff members investigate [6]. 

• The anomaly detection system operated by Mastercard's regulatory branch through AI detects fraudulent use 
of stolen identities and credit cards to safeguard financial operations [7]. 

• The neural network systems at American Express use learning capabilities to spot suspicious activity because 
they intervene before risky transactions begin. [8] 

• Financial protection systems become more resistant to frauds because of AI detection systems while these 
deployments simultaneously minimize monetary losses. 

2.5. Main Difficulties that Arise from Using AI to Detect Fraud 

The actual deployment of generative AI into fraud detection systems produces several intricate issues because of its 
acquired functionality. 

• AI operational errors classify genuine transactions as fraud which locks customers' accounts and causes 
transaction failures that damage their financial position [9]. Model development through a constant practice 
alongside AI-human combined monitoring systems creates an efficient solution to address this issue. 

• Cyber criminals use defective AI models to break security systems which enables them to authorize unlawful 
transactions through forged transaction data [10]. Financial institutions must employ adversarial training 
together with testing AI model resilience as dual defense mechanisms to fight off adversary attacks. 

• The AI-based fraud detection applications operating in financial institutions must obey GDPR international 
standards in conjunction with all AML Act requirements along with KYC protocols. The expected failure to 
follow legal regulatory standards leads to both regulatory penalties and a negative impact on business image 
[11]. 

The adaptive fraud prediction models from Generator AI supply financial security protocols with improved capabilities 
than traditional detection systems and help transform current protocols. Each financial system across the globe depends 
on AI-enhanced security solution for its protection against corruption because it helps acquire continuous 
improvements in this solution. 

3. Generative Ai Serves as A Tool to Boost Performance in Algorithmic Trading as Well as Market 
Prediction 

Financial trading centers operate in a highly vibrant and unpredictability ecosystem where data-driven ruling is a key 
factor for trading success. The implementation of Generative Machine Intelligence systems (Machine Intelligence) has 
brought a substantial change to computational trading based on pre-programmed protocols and real-time retail facts. 
Generating artificial intelligence revolutionizes programmatic trading by improving retail forecast accuracy, 
maximizing trading methods, alleviating danger, and imitating the fiscal state using fake facts.   AI models diverge from 
traditional statistics since they evolve based on current market activity and learn monetary patterns through discovery 
of concealed opportunities. This improved analytical capability offers traders and financial institutions, as well as a rival 
margin, by facilitating rapid decision making and precise execution of trade in unstable retail sales. 
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3.1. Generative AI helps traders achieve smarter algorithmic trading through its implementation 

A machine learning model based on artificial intelligence, Acquiring Knowledge, automates the trade method by 
evaluating large economic datasets and performing trade determined from real-time perspectives. Generative Machine 
Intelligence enhances the current procedure with a number of major functions. 

3.2. AI technologies produce authentic financial data for various purposes 

GANs and VAEs together produce synthetic financial data which meets current realistic standards for traders who need 
to conduct back testing and develop their trading techniques.  Unlike traditional back testing based on old retail data, 
fake facts allow traders to imitate extreme retail situations, stress test trading strategies, and fix for an unprecedented 
monetary scenario [ 2].  The new technique reduces reliance on insufficient historical datasets thus enhancing NLU 
trading model prognostic accuracy. 

3.3. Predictive analytics needs optimization for market forecasting activities 

In order to provide real-time trading signals and forecasts, high-tech transformer-based models take into account GPT, 
BERT, and XLNet financial news, sentiment in online communities, and stock trading patterns. The automated reasoning 
model analysed macroeconomic index, corporate net income report, and investor sentiment from an unstructured 
beginning (e.g. In order to recognize market events in advance of their arrival, they read news articles, tweets, and 
analyst reports. Generating automated reasoning reduces the reliance of the lag index and allows pre-emptive trading 
strategies by extracting concealed forms from the various financial statistics beginnings. 

3.4. Minimizing Market Volatility 

Virtual intelligence generation systems support traders to build simulated markets and perform risk assessments so 
they can forecast asset price movements with higher security. A machine learning-based model examines the related 
correlation in the midst of unique asset seminars, global challenges, and liquid fluctuations, allowing traders to adjust 
their position dynamically to hedge the anti-store downturns [ 4] The proactive approach to risk management through 
this method helps reduce potential loss amounts while stabilizing trading portfolio values in times of high volatility.  

3.5. Generative AI Deployments in Trading – Real-World Applications 

Suitable financial institutions along with hedge funds use generative AI to enhance trading strategies which results in 
maximizing profits through novel trading agreements. Automated trading systems lead to increased operational 
efficiency and trading performance while providing acquisition possibilities to businesses. 

Table 1 Real-World Application of Generative Al in the Finance Sector 

Institution Application of generative ai in trading 

Goldman 
Sachs 

The organization utilizes artificial intelligence market forecasting software to discover market 
arbitrage possibilities and optimize its portfolio management activities [5]. 

Morgan 
Stanley 

Generative AI allows the company to predict stock performance by analyzing alternative data sources 
including consumer behavior data alongside satellite imagery [6]. 

Citadel 
Securities 

The company runs AI-powered high-frequency trading (HFT) systems that embark trades in sub-
second durations [7]. 

BlackRock BlackRock implements AI technology to manage their portfolios automatically in addition to doing 
asset reallocation and reducing portfolio risks [8]. 

 

Two Sigma 

An AI model implements reinforcement learning technology to modify its trading approach through 
analysis of present market movements [9]. 

3.6. Understanding the Limitations of AI in Algorithmic Trading 

• Generative AI systems implemented for trading operations create several difficulties that parallel their positive 
effects. 

• Traditional retail patterns dominate the AI model's operational system which restricts its performance in 
uncharacteristic retail operations [ 10].  
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• Aguste-Antoniou et al. The system trains exclusively from black swan events and choppy trading center 
difficulties in addition to wrong trade decisions [ 11]. 

3.7. Regulatory Constraints and Market Manipulation Risks 

Automated reasoning systems in trade operations create worldwide fears related to trade manipulation and legal 
monetary compliance together with ethical trading norms. The supervisory body admires the U.S. Under the Market 
Abuse Regulation (MAR) the SEC along with EU Securities and Markets Authority (ESMA) implement precise guidelines 
to stop machine learning from corrupting financial market activities.  Positively-affirming legal directives regarding fair 
retail practices may suffer unintended violation when smart technology-based trading methods show success because 
they identify and exploit microstructure weaknesses. 

3.8. Black Box Decisions and Lack of Explainability 

Several AI-directed trading models function as closed-loop operational systems because they do not provide 
transparent or understandable information about their internal processes. The absence of explanatory measures 
regarding decision-making methods by machines hinders understanding among traders and investors and regulators 
about how machines reach their choices which leads to problems during malfunctioning automated trades or exchange 
issues [ 13].The financial market pursues explainable machine intelligence (XAI ) development to achieve better 
transparency and improve adherence while establishing confidence in AI-based trading frameworks. 

4. Generation of Synthetic Data for Financial Risk Modelling 

Where the estimated loss of the events to occur in the ensuing year is estimated, the risks on loans and the fulfillment 
of the set down regulatory measures, the vulnerability model plays a major role in the fiscal judgment. Despite this, 
having some limitations like the restrictions in statistics, shortage, confidentiality horrors, and no ancient facts for some 
unique monetary functions is a daunting task in situations where the classic risk modeling approaches is used. The 
conventional model also fails in a way that it cannot follow the fast variations that occur from time to time in the retail 
factor and new trends that occur in the financial world. 

The following produces the aforementioned limitation by generating artificial monetary facts that alongside with 
increasing the risk appraisal does not disclose sensitive facts. Monetary organizations can emulate a broad 
circumstances of stock situation, estimate the measures of danger with higher accuracy levels, and build a starker 
economic danger model with the help of a deep learning model. The present part describes the tendencies of further 
developing generative artificial intelligence regard to fiscal risk mold, practical application of imitation data, as well as 
the issues associated with its own functioning. 

4.1. How Generative AI Improves Risk Modeling 

The economic risk mold (FRM) is thus altered by the generation of machine intelligence in that it empowers institutions 
to establish active as well as efficient liability appraisal systems. These improvements concern. 

4.2. Creating Synthetic Credit Data 

Economic institutions use nervous networks derived from old lending information to build up a manmade borrower 
profile. The synthetic statistics are helpful in the stress testing of the loan danger model that enables the lender to 
increase the loan volume and the accuracy of loan default prediction. Unlike the archetypal danger molds that are based 
solely on limited old age data, generative MI can produce many borrower profiles for improving the liability estimate. 

4.3. Market Scenario Simulations 

Using generative factors of AI, one can mimic various factors of the macroeconomic indicators: 

• Price escalation and fascination appraisal fluctuation: by using artificial data, a fiscal analyst has an opportunity 
to see how modify financial rules might influence financial markets. 

• Stock market trend analysis and fluctuations: similar to aforementioned filter, an AI model by using analyzed 
ancient trends to predict the possibility of store crashes and the subsequent recoils to let different risk analyst 
examine various investment schemes in different kinds of states. 

• Liquidity Stress Test: All these carry out simulations with hypothetical data for their lending institutions to 
measure its impact on the ability to repay as well as their assets. 
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4.4. Addressing Data Scarcity for Extreme Events 

• Economic stores’ knowledge is scarce, nonetheless, these events include global recession, pandemic or stock 
market crash etc., has high destructive influence. Since the statistics of such events have not been available way 
back, generative ai is of great assistance. 

• To develop synthetic datasets that will mimic some form of ‘black swan’ events in order to forecast risks well. 
• Improving the efficiency of the stress-testing models to make the financial institutions more ready for 

absorbing the extraordinary levels of risks in the economy. 

4.5. Regulatory Compliance and Fraud Detection 

• Indivision of Data: GAR facilitates data individuality of Economic Corporations to suits facts and legal acts of 
privacy (GDPR, CCPA) by offered generative fiscal information which is not seems like an academic store. 

• Fraud identification: AI tools can be used to establish a number of simulated transaction forms and work on 
enhancing the models of fraud detection besides minimizing the economic crime risks. 

 

Figure 2 Applications of Synthetic Data in Real-World Financial Risk Modeling 

Table 2 Institution case studies on Generative AI for Risk Assessment 

Institution Application of generative ai in risk modelling 

Bank of America Uses artificial test data for strength testing and solvency modeling under changed market 
conditions. 

FICO (Fair Isaac 
Corporation) 

Evolve the organization’s AI-embedded credit risk models to the privacy regulation standard to 
raise the accuracy. 

European Central 
Bank (ECB) 

Leverages generative AI for financial stability modeling and systemic banking risk simulations. 

JP Morgan Chase Implements synthetic data for fraud detection and regulatory compliance assessments. 

Goldman Sachs Leads to risk analysis for portfolios and identification of investment capital allocation by the use 
of scenario generated by artificial intelligence. 



International Journal of Science and Research Archive, 2024, 12(01), 3206-3215 

3212 

Thus, in the process of vulnerability assessment of several economic institutions and administration bodies, generative 
automated reasoning is used. The Examples are as follows which are creating a strong will. These institutions make 
better risk assessment and are able to work within the confines of the law at the same time by using synthetic data. 

4.6. Challenges and Limitations of Synthetic Data in Financial Risk Modeling 

However, there are significant issues involved in the use of synthetic data in risk modelling: 

4.7. Data Integrity and Bias Risks 

• Some data originated by AI may not reflect actual people’s financial actions, thus contributing to bias within the 
risk identified. 

• Any biases that are present in the training data that was used to create synthetic datasets will be reflected or 
even extended in the AI model. 

4.8. Regulatory and Compliance Challenges 

• There are a number of regulations in terms of risk management in synthetic datasets including: Basel III, GDPR, 
and the Dodd-Frank Act. 

• The regulators may have doubts as to the accuracy and authenticity of synthetic data and it may thus require 
validation methodologies. 

4.9. Model Interpretability and Transparency 

• Variant of Generative AI models, especially those most widely used nowadays, based on deep learning, do not 
easily disclose their logic of risk assessment to financial analysts and regulators. 

• Among the risks of using AI in the forecasting of financial statement data, the main and most crucial one is the 
lack of explainability of the results produced by artificial intelligence systems. 

4.10. Security Risks and Adversarial Attacks 

• As a weakness, confined synthetic data can be exploited by cybercriminals with an aim of compromising risk 
models. 

• To protect against such adversarial attacks, it is necessary to maintain strong security precautions so as not to 
have fake financial patterns injected into the AI systems. 

5. Generative AI In the Realization of Customer-Oriented Financial Products 

Customers seek to be provided with specific banking, investment, and insurance services hence resulting to a higher 
demand of such services. Typically, the next step in personalization is covered by generative AI that not only looks at 
consumer behavior and wants but financial situation as well, to develop relevant recommendations. Unlike traditional 
financial advising systems that are governed by IV rules set, Generative AI has a network-based architecture that is user 
and transactions sensitive in the sense that elements of this system are adjusted to user’s choice and purchase decisions 
[1]. 

5.1. Generative AI in Personalized Finance Role 

Generative AI helps with the customer experience & efficiency of financial service delivery 

• Financial planning Auto Finance: With the help of AI, the user gets the investment options that can suit the 
needs of the client to invest on the basis of regular spending habits, risk taking ability and other financial 
aspirations of the life [2]. 

• AI Chatbots: Such current advanced chatbots as GPT-based ones (3) answer to applicants’ questions in the field 
of Personal Finance, guess the further tendencies of investing and suggest saving budget. 

• Evolving mode of credit scoring: It means that traditional credit scoring is historical based while an AI model 
can provide real time assessment of credit worthiness based on what can be referred to as (credit behavior and 
expenditure etc.). across. 

5.2. Real-world Examples of AI-Powered Personalization 

Most of the financial products apply generative AI to enhance the customers’ engagement and the financial tools: 
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• Wealth front (AI-Driven Robo-Advisors): They leverage on the algorithm which establishes an investment plan 
depended on the investor’s profile. 

• JPMorgan chase: AI models to provide the spending pattern and a tailored product as a means of empowerment 
to its users. 

• American Express: it employs recommendation engines to go through the spend data of customers and make 
financial products for any of the particular customer. 

• Protection of Consumer: The AI employed by the financial institution regarding consumer understanding 
should protect the consumers against unfair and unauthorized financial practices as enshrined by the GDPR 
and Fair Lending Regulations. 

6. Generative Ai in Finance –The Ethical and Regulatory Landscape 

AI in the financial services presents challenges on the ethical and regulatory issues- And this is where Generative AI has 
a story to tell. Thus, the fact is that due to the possible misuse of the rationale of AI in the finance sector, its potential 
biases, and discreet nature, the rationale of applying AI in the finance sector has been questioned. It is also important 
that AI applications are fair, accountable and secure and thus the governments and the financial regulators are seized 
with the duty of coming up with the guidelines.  

6.1. Ethical Concerns of AI Reporting in Finance 

• Bias and Fairness: Research indicates that generative AI models developed from biased financial data would 
lead to discriminating credit lending, credit scoring, and thus the exclusion of varied Minorities [2]. 

• Lending decisions: The bias that has been borrowed in the provision of loan approvals has been deemed to 
contain racism and gender discrimination from artificial intelligence. 

6.2. Transparency & Explainability 

• Some of the AI models in use for financial decisions especially those based on the deep learning generative 
systems provide little allowance for the regulators and the consumers to understand the whole underlying logic 
of the decision. 

• There is a growing demand for explainable AI (XAI) to restore public confidence and promote responsibility in 
the financial services sector facilitated by Artificial Intelligence. 

6.3. Privacy and Security of Data 

Finally, there is an issue concerning the use of the generative AI technique, which requires large datasets, and the issues 
of consumers’ personal data protection, cyber security threats, and fraud related to AI.  

In the following recommendations we were able to see that financial institutions have a set of rules and regulation they 
must follow which include GDPR, CCPA and Basel III. 

6.4. Global Regulatory Frameworks for AI in Finance 

Governments and financial regulators worldwide are developing AI governance policies to mitigate risks: 

Table 3 Global compliance landscape for AI in Financial services 

REGULATION REGION KEY FOCUS AREAS 

GDPR (General Data Protection Regulation) European Union Data privacy, user consent, AI transparency 

AI Act European Union Risk classification of AI systems in finance 

SEC (Securities and Exchange Commission) 
Regulations (ECB) 

United States AI-driven trading fairness, fraud prevention 

Basel III Global Financial risk management and AI-driven 
compliance 

FCA (Financial Conduct Authority) Guidelines United Kingdom AI governance in banking and lending 
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6.5. Difficulties with AI Regulation and Compliance Lack of Standardization 

I agree with the statement that regulation is needed to avoid the abuse of integrated innovation by impacting multiple 
aspects of a person’s financial life with certain technologies [8] to note that a number of regulations exist in the global 
financial market, rendering compliance challenging when companies operate in different countries. 

• Emerging AI Risks: Since the application of AI is rapidly developing, new risks like adversarial attacks and 
identification of AI-generated fake data are appearing and regulators cannot cope with them [9].  

• Future Visions and Risks: is the issue of reconciling AI advancement and the existing forceful regulations since 
the latter may hinder the use of AI in finance. 

7. Conclusion 

The recent development of Generative AI is significantly embracing the financial industry by means of streamlining the 
process and effectiveness of decision-making, modeling the risk, fraud detection, and creating new services. Its 
capability to produce artificial financial data, to improve decision-making on investment portfolios, and to enhance the 
efficiency of various methods of algorithmic trading has ensured that it plays a significant role in financial decision-
making and development. The real-time financial business solutions of generative AI mean that new tasks are more 
efficiently processed, there is less human error, and market information is better. However, there is no doubt that 
generative AI provides many benefits, it is associated with ethical, security, and regulatory concerns. Some of the 
challenges include, model bias, data privacy, cyber security, and lack of sufficient visibility that is a challenge to 
regulators and financial institutions. Furthermore, as AI-developed decisions of financial nature get less supervised, it 
also becomes more difficult to make those decision accountable, equitable and compliant with the requirements of the 
financial laws. Several regulatory authorities across the world such as SEC, FCA, European commission are working on 
governance framework, however, due to fast advancement of AI technology it often happens that it surpasses the 
existing regulations. 

If financial institutions want to benefit from generative AI in the best way possible and manage the possible risks, they 
must adopt the idea of responsible AI. This includes the use of explainable artificial intelligence (XAI), effective security 
measures, following the emerging new trends in financial policies, and addressing issues of bias in finances through 
artificial intelligence. The developments of AI regulation entailing regulatory bodies, AI innovation stakeholders, and 
banks will define the best practices for artificial intelligence for a secure and fair financing environment. Therefore, it 
will be generative AI that becomes a defining force in the world of finance. As the adoption of AI advances and the legal 
requirements emerge, the financial institutions that harness the technology while doing so with the appropriate levels 
of ethic and legal consciousness will be in the better position to do so and help advance the AI enhanced fiscal system 
as well as increase levels of financial inclusion and public trust. 
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