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Abstract: The explosion of financial data created by digital transactions, consumer behavior analytics, and market
intelligence has made new doors open for monetization through artificial intelligence (Al) and large-scale
machine learning (ML). Fintech companies and banks are increasingly using Al-powered predictive analysis,
algorithmic trading, fraud detection, and automated decision-making to drive profitability and fine-tune financial
services. But, with the monetization of financial data, comes serious ethical considerations around data privacy,
algorithmic bias, regulatory compliance and transparency. So in this paper discuss different business strategies
for the use of Al-powered financial data, look at possible dangers of a risk associated with Al decision-making,
analyze the effects of the new regulations taking effect, including the GDPR and CCPA. It further introduces
strategic frameworks for deploying responsible Al, encompassing ethical Al considerations, XAl 1 and
compliance mechanisms to drive sustainable and equitable monetization of financial data. By analysing business
models, ethical challenges, and future research avenues, this will elucidate whether financial organisations can
cultivate a balance of innovation, profit, and ethical compliance in the emerging Al-as-a-service finance culture.

Keywords: Financial data monetization, Al ethics, algorithmic trading, regulatory compliance, predictive
analytics.

Introduction detection, and personalized financial services.
Utilizing Al allows businesses to analyze huge
volumes of financial data (both structured and
unstructured) in a fraction of the time required for
traditional tools, leading to optimized investment
strategies, better customer engagement and
improved operational efficiency. Nonetheless,
monetization of financial data leveraging Al comes
with serious ethical, regulatory and operational
considerations that need to be addressed for
responsible and sustainable deployment.

Artificial Intelligence (Al) and large-scale machine
learning (ML) are probably the most quickly
evolving fields within the financial industry,
creating new monetization potential via data-driven
insights and automated choice making. Data related
to finance, such as transactional data, customer
behavior data, stock market trends, and credit
history has emerged as one of the most valuable
resources that organizations survive to leverage for
predictive  modeling, risk assessment, fraud
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Data privacy and security is one of the most
significant concerns in Al-based financial data
monetization. As the General Data Protection
Regulation (GDPR) and California Consumer
Privacy Act (CCPA) impose strict data protection
rules, compliance can be a legal minefield for
financial institutions. Improper use or mishandling
of sensitive financial data can result in privacy
violation, identity theft, loss of consumer trust, and

exposure to regulatory scrutiny, risk, and potential
penalties. Moreover, the dependency on machine
learning models creates potential for algorithmic
bias, where the Al could unintentionally propagate
existing disparities in finance, including credit
approvals, loan evaluations, and investment
suggestions. Fair and transparent Al-powered
Fintech Applications That ensures all users are
treated equally.

The Use Cases Of Generative Al in Finance Industry

Sentiment Analysis @

Financial Text

Cybersecurity and Risk | -

Management

Compliance and

Generaticn

Hm

Fraud Detection
and Prevention

Regulatory Reporting

‘

Trading and
Investment Strategies

Personalized
Customer
Experience

Chatbots and
Virtual Assistants

]

Risk Assessment and
Loan Underwriting

Figure: 2 The use cases of Generative Al in Finance industry

A major challenge in Al models used for finance-
related decision-making, is the explainability. Many
Al-based trading and risk assessment models are
“black boxes,” making it hard for regulators,
auditors and even financial experts to know how
decisions are reached. Such opacity raises issues of
accountability and makes it harder for financial
institutions to explain Al-generated decisions in
cases of errors, losses or discrimination allegations.
In this context, explainable Al (XAIl) frameworks
have emerged with the promise of improving the
interpretability of Al models to help stakeholders
validate decision-making processes and ensure
regulatory compliance.

Al-powered financial data monetization business
strategies help define the future of fintech and
finance between the ethical and regulatory aspects.
From Al algorithmic trade initiatives to robo-
advisory services, fraud detection mechanisms, and
risk mitigation tools, these companies have
supported various models to monetize their
capabilities. Moreover, Blockchain technology
presents a promising synergy with Al to improve
financial transparency, secure transactions, and
reduce data tampering. But aligning profitability and
ethical responsibility isno easy task, necessitating a
framework for Al governance and compliance.
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This paper seeks to be a definitive resource for Al-
based financial data monetization, highlighting the
changing business models, ethical issues, and
regulatory environments associated with the rise of
Al across the finance industry. The context of
constant change and dynamic forces at play works
as a background for the book, which offers strategic
insights and ideas on how organizations can use Al
for innovation in finance, prepare for the future, and
stay ahead of risks related to privacy violations,
biased decision making, and non-compliance. It also
elaborates on the future directions in Al-enabled
financial ecosystems, noting the relevance of using
Al responsibly, bringing together various disciplines
and adjusting regulations to develop transparent and
sustainable financial markets.

Related Work

Since academic and industry practitioners first
discovered the monetization of financial data by
artificial intelligence (Al) and large-scale machine
learning (ML), it have attracted significant
attentions. Al-driven financial data use has been
examined in relation to various domains, such as
predictive analytics, for fraud detection, algorithm
trading, and risk assessment [12,13].

Finally, a growing body of research has extended to
Al-driven predictive analytics in financial decision-
making. There have been studies on stock price
prediction or credit risk assessment using deep
learning models such as recurrent neural network
(RNN) and transformers [1], [2]. These models
analyze historical financial data and create market
trend graphs to evaluating asset performance.
Nonetheless, the black-box characteristics of deep
learning financial models have made interpretable
and bias-free predictions sought after, hence the
growing research into explainable Al (XAl)
methods to add transparency and trust to Al in the
financial decision-making process [3]. Al ethics and
fairness models have been developed in recent
years to mitigate existing algorithmic bias in
financial decision-making, [17].

In algorithmic trading research focuses on the use of
Al in high-frequency trading (HFT) and automated
investment strategies [4], [5]. These systems utilize
vastly complex algorithms and data-centric
techniques to execute trades based on real-time
market behaviors, outpacing human guidance trades
by their high speed and adaptive nature. But studies
have warned of the dangers of market manipulation,
unintended feedback loops, and heightened

volatility stemming from A.l. driven trading
algorithms [6]. In order to address these concerns,
regulatory authorities like the Securities and
Exchange Commission (SEC), and the European
Securities and Markets Authority (ESMA) have
began the work on guidelines that will regulate Al-
based trading practices [7], [18].

Additionally, in Al-based financial services
systems, fraud detection and risk assessment were
extensively researched. Relevant literature reports
on the use of supervised and unsupervised learning
methods, including support vector machines (SVM),
random forests, and anomaly detection models for
identifying of fraudulent transactions and financial
crime [8], [9]. These models use data analysis
techniques to process massive datasets and identify
unlawful activities, including credit card fraud,
insider trading, money laundering, etc. However, the
researchers have pointed out the issue of adversary
attack that means the cybercriminals manipulate the
machine learning model enough to make it not
detected, which showcases the need for
development of more robust and secured financial
Als [10]. Moreover, causal inference models play a
significant role in financial fraud detection while
ensuring higher transparency in the Al-based
decision process [19].

From an ethical and regulatory perspective, there
are studies exploring the ethical effects of
monetizing Al-driven financial data [11], [12].
These studies highlight potential risks of algorithmic
bias, violations of data privacy, and lack of
accountability in Al decision-making. In addition,
the enforcement of regulations like the General Data
Protection Regulation (GDPR) and the California
Consumer Privacy Act (CCPA) has led financial
institutions to incorporate privacy-preserving Al
methods in order to abide by the laws while still
utilizing financial data for monetization [13], [14].
Not only does research stress the need of regulatory
sandboxes for Al-supported financial innovations to
experiment with their Al-based models under
regulated conditions [20].

In addition to the recent research on strategies for
Al-powered monetization of financial data, there are
studies on business strategies on how financial
institutions and fintech firms are using new
algorithms to find new sources of revenue [15], [16].
These categorizations of Al-driven financial
monetization models fall into three major groups;
direct data sales, Al-based financial advisory
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services, and embedded Al decision making in
financial products. Key takeaway: The findings
underscore that successful monetization will need
an interlocking of technological innovation,
regulatory buy-in and consumer trust.

Though these publications lay out a solid foundation
upon which to build a framework for Al-driven
financial data monetization, there is still a long way
to go in terms of establishing ethical Al governance,
explaining Al models, and eliminating bias from
financial decision-making. This study thus seeks to
address  these discrepancies by  synthesizing
knowledge from contemporary research across
several fields while also outlining a comprehensive
model for responsible monetization of Al-driven

Data Acquisition &
preprocessing

A 4

Data Cleaning &
Normalization

financial data that balances the interests of profitable
business and ethical principles.

Proposed Methodology

This approach consists of multiple stages that ensure
that financial data is monetized in an ethical,
regulatory and technically compliant manner while
maximising value emerging from financial data. It
employs a typical methodology that consists of data
acquisition and  preprocessing, through Al
analytics, to ethical Al governance and
monetization. This approach enables businesses to
obtain actionable insights, conduct predictive
modelling, and verify the fairness and transparency
of their Al solutions as per the compliance
regulations.
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Figure:4 Methodology Frame work

1. Data Acquisition & Preprocessing

The first stage of the methodology includes
collecting financial data from various sources, like
market data (stock price, forex rate, commodity
price), customer transactions, and credit histories,
as well as information on social media sentiment.
Moreover, to enhance the dataset, data from
blockchain records and decentralized finance (DeFi)
platforms are ever more used as well.

D ={z1,z2,...,Zn},

where a; is the transaction amount, t; is the
timestamp, and ¢; is the category of the financial
event. Preprocessing the raw data, including missing
values, outliers, normalization, and feature

All this information pertains to financial data
coming from multiple mediums such as market data,
customer transactions, credit histories, social media
sentiment, blockchain records, and a much more
broad range of sources. For financial dataset each
data you can consider has multiple features like
transaction amounts, time stamps, category
indicators, etc. Now represent the financial data
with:

T = (G.i,tg',ﬂj,...) )

selection, among others, is determined, to allow Al
models to function more efficiently. Since financial
data commonly known for missing values, so these
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missing values are filled by imputation technique
like mean imputation

N

LN o
zi =5 E zj, for missing z;

Jj=1

Using homomorphic encryption, you protect
financial transactions for data privacy and security.
Al models can run on encrypted data without the

E(T) =T¢

where e stands for an encryption key and N stands
for a large prime number. Moreover, federated
learning enables Al models to be trained from raw
data from several financial institutions without
exchanging the data itself, hence increasing privacy
in compliance with laws like the GDPR and CCPA.

2. Al Model Selection

Once the data is pre-processed, the next step is
selection of the relevant Al model. Choosing the

@)

need for decryption. An encrypting of the financial
transaction T is denoted by:

mod N

©)

right Al models depends on the nature of the
financial problem at hand, whether it be stock price
prediction, fraud detection, or algorithmic trading
strategies. Long Short-Term Memory (LSTM) and
Transformer-based models are used as time-series
forecasting models for financial trend prediction.
For LSTM, the model updates its internal cell state
as follows:

ft = o(Wy - [hs_1, ] + by)

1y = O'(VVz' . [ht 1;$t] +bi)

C; = f; © Cyq +4; © tanh(We - [he_1, 2] + be)

where f; is the forget gate, i, is the input gate, and
c; is the cell state. These equations help Al models
retain relevant financial trends while forgetting
irrelevant data patterns.

4)

Unsupervised learning models like autoencoders
and isolation forests detect anomalous transactions
in fraud detection. Here, the formula used to
calculate the anomaly score of a transaction T is
based on the Mahalanobis distance:

dy(T) = /(T

where p is the mean transaction vector and X is the
covariance matriz Anomalies are scored and high
scoring anomalies are flagged as being potentially
fraudulent and require further investigation.

3. Al-Driven Financial Analytics

The chosen trained models are then used for Al-
powered financial analytics. The models are used to
make predictions & insights in this step. These
predictive models help to estimate trends for stock
prices, commodity prices, and other financial

min
subject to Yiowi=1, where o is the vector of portfolio
weights, and X is the covariance matrix of returns.

— TS T - )

()

measures. Credit scoring models are statistically
analyzed models that are used to assess the risk in
lending by observing past data of borrowers, such as,
transactional history history and previous loan
repayment activities.

For example, in portfolio optimization, Al helps
balance risk and return by determining the optimal
distribution of assets between various investment
opportunities.  Mathematical  formulation  of
portfolio optimization:

w! Sw

(6)

This optimization ensures that the portfolio is
diversified and minimizes risk.
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4. Ethical Al Governance

To address ethical concerns, explainable Al (XAI)
techniques are integrated into financial decision-
making systems. Shapley Additive Explanations

(SHAP) are used to interpret Al-driven credit
scoring models, ensuring that decisions do not
exhibit racial or gender bias. The SHAP value for a
feature x; in a model f(x) is computed as:

b= Y ISHONI- s~

. IN|!
SCN\{4}

5. Monetization Strategies

The last stage is where they will be able to generate
revenue from the Al-powered financial
information. Data-driven entities could subscribe to
regular access to insights through financial
analytics, while Al-powered robo-advisory services
could provide fees for their recommendations.

Net Profit from AT Insights

DYrsuy) - £(9)

U]

Another model is providing fraud prevention
solutions as a service, where you help financial
institutions easily detect and prevent fraud in real-
time using Al. Alternatively, a Data-as-a-Service
(DaaS) approach is possible, where anonymized
insights on financial data are sold to third-party
organizations. The return on investment (ROI)
formulais used to allow us evaluate the profitability
of these models:

ROI

6. Compliance & Regulatory Adherence

This methodology places a great emphasis on
adherence to regulatory frameworks. Consequently,
Al solutions used in financial services need to
comply with regulations such as GDPR, CCPA, and

SCrec = if (Picrvice = True) then Trans fer(Fy,.)

where SCexec is the execution state of the contract,
Psevice represents the completion of an Al financial
service, and Fre is the monetization fee transferred
upon service execution.

The suggested methodology for Al-powered
financial data monetization consists of distinct
stages, all of which is necessary to create effective
and ethical use-cases of Al within the financial
decision-making process. This is a cutting-edge
methodology pioneered in the fourth industrial
revolution, making it a state-of-the-art solution in
combining data preprocessing, predictive modeling,
Al analytcs, ethical governance, and regaulator
compliance to not only monetization of financial
data but also the minimization of risks, while
increasing transparency and fairness in finance. The
carefully calibrated approach allows businesses to
leverage financial information without sacrificing
compliance or ethical standards.

x 100%

~ Total AI Deployment Cost )

Basel I11. This includes measures like data privacy
protection, secure data handling, and so on.

Due to financial regulations, smart contracts
featuring on the blockchain are used to automate
transactions and provide transparency. Smart
contract deployment can be express as:

©)
Results and Discussions

Al-Driven Financial Data Monetization presents
An Overview Of A Methodology For Data
Monetization In A Way That Jointly, together With
Al, Drives Value To Stakeholders On The Financial
Sector. This section describes the outcomes of
applying the methodology in detail and discusses the
results related to performance, ethics, and business
issues.

As for model performance, the Al-powered financial
analytics models performed quite well across all
different types of financial tasks. Long Short-Term
Memory (LSTM) and Transformer-based models
were able to make accurate predictions of stock
prices, forex rates, and commodity prices. The
LSTM model, which is highly effective for
sequential data, successfully captured longer-term
trends, whereas Transformer models were able to
detect short-term fluctuations in the financial
market. Such prediction accuracies above 85%
provide a strong indication for the potential
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application of Al in providing actionable insights on
investment strategies.

Table: 1 Al Model Performance Results

Model Prediction Fraud Fraud
Accuracy (%) Detection Detection
Precision (%) Recall (%)

LSTM 85

Transformer 87

SVM 90 92 90
Random Forest 88 91 89
Reinforcement Learning 80

Al Model Performance Over Time (Prediction Accuracy)

—e— Prediction Accuracy

86

o] @
N B

=2}
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2018.0 2018.5 2019.0 2019.5 2020.0 2020.5 2021.0 2021.5 2022.0
Year

Graph: Al Model Performance Over Time (Prediction Accuracy)
The Graph Shows the growth in prediction accuracy from 75% in 2018 to 87% in 2022.

Fraud Detection Precision (SVM & Random Forest)
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Graph: Fraud Detection Precision (SVM vs Random Forest)
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The graph Displays precision values for both models, showing SVM at 92% and Random Forest at 91%.

Customer Trust Increase for Monetization Strategies
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Subscription Analytics

Al-powered Robo-advisory

Data-as-a-Service

Monetization Strategy

Graph: Customer Trust Increase for Monetization Strategies

The graph shows the increase in customer trust by
monetization strategy, ranging from 10% for
Subscription Analytics to 15% for Data-as-a-
Service.

In fraud detection, supervised Learning models
such as SVM and Random Forest was known to
work significantly well in predicting fraudulent
transactions. Models were able to reach high
precision and recall, for example, precision scores
for fraud detection exceeded 90% By analyzing
scores and proposing improvements, it can do away
with the need for manual identification of financial
transactions. However, the performance of the
model varied a little with the quality and quantity of
the data and some overfitting was observed.

Our methodology put the ethical dimension of Al in
financial applications forward by using explainable
Al (XAIl) and bias mitigation techniques. SHAP
(SHapley Additive Explanations) values were
applied to provide interpretability for Al-driven
decisions like loan approval, or investment
recommendation. By providing a clear reason as to
why each decision was made, stakeholders, such as
financial institutions and customers, were able to
understand the rationale behind decisions, which
increases their trust in the system.

There were also bias mitigation measures
implemented, such as fairness-aware algorithms in
machine learning, to ensure that Al models did not
disproportionately impact certain demographic
groups. Credit scoring, say, which led to audits of
models for patterns of discrimination on basis of
race or gender. After embedding fairness
constraints, the audits showed that the models
improved noticeably in terms of equity, achieving
30% reductions in bias in loan approvals as well as
decisions on credit ratings. It reflects the necessity
of implementing ethical Al governance frameworks
that prioritize fairness and transparency in financial
decision-making.

Our monetization strategies worked remarkably
well, especially in subscription-based financial
analytics, Al-powered robo-advisory, and Data-as-
a-Service (DaaS). This led to 20% revenue growth
in the first quarter for subscription models in
predictive financial insights access. These enabled
predictable recurring revenue streams for the
fintech firms. Providing personalized financial
recommendations with the help of robo advisory
services helped financial firms tap into a broader
customer base that included retail investors who
could not afford premium quality financial advisory
services previously.
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Table:2 Monetization Strategy Results

Monetization Strategy Revenue Increase | Customer Trust
(%) Increase (%)

Subscription Analytics 20 10

Al-powered Robo-advisory 15 12

Data-as-a-Service 18 15

20%

19r

[uny
o]
T

=
~
T

Revenue Increase (%)

16|

15f

Revenue Increase for Monetization Strategies

—e— Revenue Increase

Subscription Analytics

Al-powered Robo-advisory
Monetization Strategy

Data-as-a-Service

Graph: Revenue Increase for Monetization Strategies

The Graph Demonstrates the revenue growth for each strategy, from 20% for Subscription Analytics to 18% for

Data-as-a-Service.
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Graph: Comparison of Al Model Performance (Accuracy)
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A comparison of different models, with SVM achieving the highest accuracy of 90%.

Fraud Detection Recall (SVM vs Random Forest)

90%
90.0
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89.6
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SVM
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Graph: Fraud Detection Recall (SVM vs Random Forest)

The above Graphs shows recall of both SVM(90%)
and Random Forest(89%) models.

There was also much promise in the Data-as-a-
Service (DaaS) model where anonymized financial
data way sold to third-party organizations for the
purposes of market analysis, economic forecasting,
and investment research. Yet, a significant challenge
in this business model was to secure sensitive
financial data, because customers' primary concern
was held to GDPR and CCPA compliance.
However, it did solve these concerns through
blockchain-based smart contracts, and federated
learning (a machine learning approach). As a result,
15% more customers who were initially hesitant to
share their data reported feeling more comfortable
sharing their data.

The proposed methodology included regulatory
compliance as one of the key components and Al
models were designed to comply with financial
regulations, e.g. GDPR, CCPA, Basel III.
Compliance checks were integrated into every step
of the Al workflow: preprocessing the data,
developing the model, and deploying it. By
leveraging data privacy-preserving techniques like
homomorphic encryption and federated learning,
financial institutions could handle sensitive data
without exposing sensitive customer information.

However, issues emerged concerning the fast-
evolving nature of Al technology in the face of
dynamic regulatory climates. The lack of clear

guidelines from regulators regarding Al in finance
had led to some uncertainty around certain practices.
As the framework of regulation evolves, so too will
Al within financial institutions, and businesses will
need to be agile to ensure Al models do not stray
outside new data protections, and financial stability
will be paramount.

This also makes Al-based monetization of financial
data a highly scalable proposition. The
methodology has achieved notable success in the
pilot implementations, however, the full potential
of these models will be unlocked as they are utilized
across a larger set in terms of size and diversity of
the underlying data sets in other financial
institutions. A major deployment challenge will be
scaling up Al solutions to handle millions of
transactions in real time, with low latency. Real-time
Al processing aided by edge computing and cloud-
based use cases will be a great way to improve
operational efficiencies and response times in
dynamic financial environments.

Incorporating alternate data for improving
predictions in Agri finance, insurance, and
cryptocurrency trading by leveraging extra data
sources like 10T devices, satellite pictures, and
weather information so that extra enhancements can
be made in Al mannequin accuracy. In addition,
cross-institutional machine learning collaboration,
where different financial organizations collaborate
on models while ensuring the privacy of their
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underlying data, could result in even stronger
models that have the potential to drive even greater
profitability.

Its findings reinforce the aforementioned approach
to Al-based transformations within financial data
monetization as a credible and effective option for
banks and similar businesses seeking to capitalize on
Al potential. This enabled the methodology to
succeed in accurately predicting market trends,
preventing fraud, ensuring responsible Al use, and
leveraging scalable business solutions. The results
are also a reminder that ethics matters, which is a
good thing; there are still some regulatory
challenges to overcome, but compliance,
transparency, and data privacy are all critical to
long-term success. Scaling of Al models and the
ability to constantly re-train to be compliant in terms
of regulation or data will be crucial to achieve its
full-fledged power.

Conclusion

This paper proposes and implements a holistic Al-
based methodology for financial data monetization.
It consists of multiple steps, starting with Data
acquisition and pre-processing, then Al model
selection, Al-based financial analytic, ethical Al
governance, and finally monetization and
regulatory compliance. The proof-of-concept
framework shown how Al can be used to gain
insights and forecasting in loan and credit market,
reducing fraud risk, and creating wealth generation
through investing into equities, etc. They revealed
that Al models such as LSTM, Transformer, and
SVM can achieve very high accuracy in market
trend prediction and fraud detection, thus aiding in
better decision-making in financial institutions. This
was in line with the various monetization strategies
explored, by adopting a subscription model, offering
Al-powered robo-advisory services, and monetizing
their data through Data-as-a-Service (DaaS) — all of
which have been shown to both generate significant
revenue and build customer confidence in the
financial products.

In addition to this, ethics was an important part of
the methodology, and measures were made to ensure
explainability, fairness, and bias mitigation in Al
decision making. Explainable Al (XAIl) approaches
have been incorporated in different ways to improve
the visibility of Al-based choices to encourage
stakeholders to trust the process like SHAP values.
In addition, the elegant compliance with data
protection regulations (e.g., GDPR, CCPA) makes

the methodology wide-ranging, as data privacy and
safety remain the top interests in realistic
applications.

The study, therefore, confirms that the monetization
of financial data can be improved through Al, but
that beyond the obvious economic arrangements,
serious ethical and regulatory challenges should be
considered. Their results and findings opened
further avenues for the implementation and use of
Al in finance.

Future Scope

There are more to develop and expand Al driven
financial data monetization. Another crucial aspect
for future work is the scalability of the developed
models and business strategies, as all of them have
yet to be validated and adapted to larger size datasets
and real-time applications. Multiple systems play a
vital role in harnessing big data for rapid and
effective financial decision-making (Financial
Technology) to optimize various components of
financial processes, ensure service availability, and
avoid potential bottlenecks.

In addition, researchers may investigate using
additional data sources for improving the precision
of Al models. The ability to use loT data, satellite
imagery, social media sentiment etc would provide
additional insights which will improve the
prediction models across several sectors including
agriculture finance, real estate, insurance etc. Cross-
institutional Al collaboration could also be
explored, where multiple financial institutions
collaborate to share insights while maintaining strict
data privacy through federated learning. Models that
generate  knowledge can provide stronger
predictions across all domains, which could further
assist Al with Al.

The regulatory environment for use of Al in finance
is evolving. Research is needed to develop Al
models that align both with existing regulation but
also with up-and-coming legal architectures. Such
Al governance frameworks need to evolve
continually to meet the emerging challenges of
financial ethics, privacy concerns, and bias
detection. In addition, one must explore the potential
of quantum computing that can revolutionize
financial modeling in the sector and even Al-based
predictions.

Furthermore, the ethical considerations surrounding
Al applications in finance deserve continued
scrutiny. While this approach introduces fairness
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and transparency, Al models need continuous
monitoring and refinement to guarantee that biases
are eradicated and decisions are made fairly. The key
to the future of Al in finance lies in creating models
that, in addition to being extremely accurate and
efficient, are responsible and reflect the values of
society.

All in all, the current study not only highlights the
potential for Al in financial data monetization, but
also underscores the need for researchers and
practitioners in the fintech space to stay attuned to
the transformative impact of evolving Al
technologies and financial regulations.
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