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Abstract

This study seeks to assess the impact of artificial intelligence in the financial sector with
emphasis on planning and services, benefits, and drawbacks of integrating Al into finance. It
starts with a historical background of Al in financial services based on the earliest computational
models that were introduced into algorithmic trading, fraud detection, and risk management. The
benefits offered by the application of Al are considered: improved decision-making processes
grounded on predictive accuracy and other relevant areas which could assist in decision-making.
This will also encompass ethical and integration challenges, implementing Al in finance with
respect to data privacy and rights, and facing algorithmic bias. Case studies aid in understanding
unintended consequences of Al use in financial decision-making requiring an upfront approach
towards the setting of strong codes of use as well as robust regulations. Having looked into the
merits and demerits of Al application in financial services, the article concludes by suggesting a
need for further research into fair and ethical use of Al.
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Introduction
Decision-making processes in the financial sector have been enhanced by
artificial intelligence (Al) which has transformed analysis of financial data and the
delivery of personalized guidance. Al is no longer a fiction, it has now firmly entrenched
itself in the deployment and provision of financial services.

Al is the name given to machines that simulate human intelligence. They are
capable of performing activities that would have otherwise called for thinking and
reasoning as humans do. The process of using experiential learning in conjunction with
the ability to learn from new information helps perform tasks that were traditionally only
able to be done by a human. Al includes many types of technologies that are developed
and used in financial planning. The methods used include machine learning, natural
language processing and data mining. Al is utilized by financial institutions to analyze
large amounts of data at speed to understand patterns, trends or correlations in data that
might not be obvious, or to apply known analysis techniques to data.

To illustrate, a McKinsey report stated that organizations that employ advanced
analytics in their decision-making are able to enhance their profits by 6-12% (McKinsey,
2022). Improved data analysis is one of the biggest opportunities that Al can bring to
financial planning, covers everything from client behavior and preferences, to market
trends. Al algorithms can analyze data faster, and more accurate, than human analysts
(Karanam et al., 2018).

Using client data, advisors can design specific plans with the help of Al to meet
specific individual needs, their investment appetite, degree of risk tolerance and
financial objectives. An Accenture survey shows that 75% of consumers are ready to
work with financial planners if they provide recommendations based on Al that are
relevant to their needs (Accenture, 2024). This shows the rising demand for such services
and how Al can go a long way in meeting this demand. There are Al-powered portfolio
management tools that can evaluate the previous performance of the market, the
present trends and signals of the economy and suggest the right asset allocation for the
client’s portfolio. Al systems can simulate various scenarios to help financial planners
more accurately assess risks and rewards. This need for proactive decision making
streamlines financial planning efficiency. It also instills more confidence in the clients.

A PwC study showed that 86% of consumers worry about data privacy
(PricewaterhouseCoopers, 2024). Clients feel uneasy about how their data are
collected, stored, and utilized, especially when it comes to Al systems that typically rely
on vast datasets for analysis. Although the integration of Al into financial planning
presents many opportunities, it also raises important ethical concerns and operational
challenges. Financial institutions must prioritize transparency and security in the
implementation of Al to address these challenges.

In another application of Al to credit scoring, an algorithm based on biased
historical data may inadvertently continue to discriminate certain groups of the
population. Because Al systems learn from past data, this can lead to the unjust



treatment or perpetuation of existing inquities. Thus, it is imperative for financial
institutions to address this risk as it has a significant impact on the results generated and
to audit for fairness and inclusivity (Earley, 2015).

In addition, organizations must establish strong governance structures to oversee
the use and implementation of Al in their operations (Cath, 2018). The incorporation of Al
into financial planning requires changes to its operational framework In order to use Al
tools effectively, financial service professionals need continuous learning and training.
In addition, to lower the risks associated with Al, this involves coming up with specific
policies on data use, ethics, and accountability. Therefore, financial advisors must also
adopt new technology to be able to understand, interpret and effectively use Al-
generated insights.

While Al has created many positive changes in financial services, stakeholders
must actively address ethical challenges to fully harness its potential. A thoroough
understanding of Al driven operational transformation is vital to to provide advanced
insights, support informed decision-making, and deliver personalized experiences for
clients through careful evaluation.

Historical Context and Development of Al in Financial Services

Al in financial services is based on the mid-century computing models which
created the automation of complex calculations and data processing jobs that are time
consuming and error prone. The integration of computers in the financial sector can be
regarded as the initial stage of the shift from decision-making based on data to decision
making per se. Torecommend appropriate investment portfolios and financial products,
Al systems can analyze customer’s data including past transactions and financial goals
(Fei, 2020). Over the last few years, the application of Al in the financial sector has grown
rapidly, and Al powered solutions are used in portfolio management, risk analysis, fraud
prevention, and financial recommendations.

The use of Al in financial services has increased rapidly and is changing the
financial industry. From the initial primitive computer models, complex Al systems have
taken over the running of current financial systems (Alhajeri & Alhashem, 2023). The
financial sector has been an innovating industry for most of its existence and has
incorporated the application of technology into its operations and decisions making
process. This study focuses on the history of the development of Al in the area of financial
services and how it has affected major areas like trading, risk, and customers. Through
the development of Al enabled technologies, financial services companies have been
able to analyze data in a better way and provide personalized services to their customers
with the help of decision making process based on data (Sen et al., 2021).

Historically, risk assessment has been dependent on past data and statistical
models that are good for the data set in question, but often have very limited predictive
capability. Al offers a dynamic, more holistic approach to risk assessment than
traditional methods (Bzdok and Meyer-Lindenberg, 2018) by typically employing big data
and machine learning to unearth new risks and estimate possible losses. With



converging trends in computational power and advanced algorithms, potential
applications of Al in financial services are more apparent. The area of study of machine
learning algorithms has developed to the point that computers are able to analyze large
amounts of data and identify patterns that might have been otherwise indistinguishable
to human analysts (Goldstein et al., 2016). This ability is particularly useful in the
financial industry which is all about effective predictions and trends.

This study provides a historical background of the development of Al in financial
services and how these game changing technologies have affected and transformed the
fintech industry. The concepts of core approaches discussed herein are the challenges
and the ethical issues that are connected with the use of Al in the financial sector. It is
crucial to ensure that the concept of using Al is actually realized in a responsible manner
so that the best outcome can be achieved with low likelihood of adverse effects (Carsten
et al., 2023). Al has greatly enhanced the processes and decisions in all the important
functions like algorithmic trading, risk management and customer interaction in the
financial services industry.

Over the past few years, market data, social media and economic indicators have
been fed into machine learning algorithms to produce a more fundamental view of risk
which in turn helps financial institutions build better risk management and enhance their
capacity to withstand financial shocks (Zhou et al., 2017). Al technologies are still in the
process of being developed and are probably going to play an even more substantial part
in financial planning and decision making. Integration with other emerging technologies
like blockchain and the Internet of Things (loT) will drastically transform the financial
industry and create new opportunities for innovation and growth (Wang et al., 2021).

Algorithmic trading is one of the biggest financial innovations and is either
enabled by, or often uses, Al technology (Chaboud et al., 2014). Al in the financial
services industry has acted as a foundation for future innovation within this sector this
has reshaped the role of financial markets. The impact of algorithmic trading frequently
manifests as higher liquidity and lower volatility in many financial markets (Xu et al.,
2018). The use of algorithmic trading has grown, driven by progress in Al technology. The
core technologies that have driven much of this growth are natural language processing
and machine learning. Enabling such technologies, algorithms are capable of
processing market data in real time, responding to changing conditions and generating
trade executions based on set parameters (Chan, 2021).

The rapid surge in the use of Al in the finance sector raises major ethical and
regulatory questions. Financial services are one of the main industries that use Al to
enhance the user experience and provide personalized services. Beyond trading and risk,
Al has revolutionized the management of customer relationships in financial services.
Simple customer questions are easily answered by the automated Al-enabled chatbots
and virtual assistants, thus human representatives are able to solve more complex
issues (Kasneci et al., 2023).



Opportunities Presented by Al in Financial Planning

The development and evolution of Artificial Intelligence technologies has created
a wealth of opportunities that had not been easily imaginable, and thus has greatly
revolutionized the world of financial planning. This section explores how artificial
intelligence enhances predictive analytics, provides personalized financial advice, and
automates various common tasks. These Al enabled capabilities demonstrate the great
possibilities of these technologies in enhancing innovation and increasing effectiveness
in the financial services sector (Sen et al., 2023). Such automation simplifies tasks that
used to take ages using manual methods. Financial planners can now prepare detailed
reports for their clients in much less time than it used to. This way there is no chance of
making a mistake due to fatigue. One study by Accenture has revealed thatimplementing
controls to automate these time-consuming processes can reduce operational costs by
as much as 30%, which would be a significant addition to the bottom line of financial
institutions. The productivity and the cost management that derive from this efficiency
allow financial planners to concentrate on what really matters, offering their clients
individual financial advice and financial planning (Fuller & Semko, 2017).

Furthermore, Al enhances the customization of the client interactions and the
most frequent of them are chatbots and virtual assistants. New age Al powered systems
can assist new clients in setting financial goals, provide updates on the performance of
their portfolios and respond to client inquiries in real time (Maedche et al., 2019). The
NLP capabilities of the chatbots enable the conversation engagement with the clients in
a more engaging and personal way while enhancing customer experience. This provides
time to financial advisors to tackle more complex tasks.

Al systems can learn from the data and client interactions and recommend
process improvements in the areas that they have identified. The integration of Al into
financial planning often encourages a culture of continuous improvement within
organizations. Robo-advisors are highly valued by clients for their convenience and
accessibility, especially when the clients get personalized advice at lower price points,
compared to traditional wealth management offerings. According to a Statistareport, the
worldwide robo-advisory market is projected to hit 4 trillion by 2025, indicating an
increased acceptance of customized financial services (Statista, 2024). Robo-advisors
(automated algorithms that provide financial planning services with minimal human
assistance) have become increasingly popularin the past few years. These platforms use
Al algorithms to analyze and recommend investment strategies that match a client’s risk
tolerance, investment objectives, and financial status to create a diversified investment
portfolio (Gummadi et al., 2021).

As automation of routine tasks continues, the client’s onboarding experience is
no exception. Engaging new clients implies a lot of documentation and proof which can
be quite lengthy. However, this process is often significantly accelerated and optimized
with the help of Al technology. The identity verification process is also automated and the
supporting documents analysis during onboarding, which makes the onboarding
process more efficient. This enhanced Al driven onboarding experience does not only
enhance the client’s experience but also helps to save time and money of the financial



institutions. Therefore, financial planners can see more clients without sacrificing the
quality of service they provide (Spiliotopoulos et al., 2023).

Advisers can use Al to analyze social media, news, and other forms of
unstructured data in an attempt to discover potential patterns that may influence stock
prices. They can then gain more insights unlike conventional financial analysis and and
imrpove investment decisions. Decision models based on Al can analyze a vast amount
of information — social media sentiment, economic indicators, global events, etc. — to
provide a more holistic and sophisticated view of the market environment. This ensures
that financial advisers are able to make decisions that are optimal and logical in light of
the information available to them and identify changes likely to occur in the market thus
improving timing and effectiveness of investment policies (Wang & Yu, 2021). This way,
financial organizations apply the data mining technique to recognize the existing client
niches and to develop unique investment plans, which meet the client’s needs. It can
lead to new products — thematic ETFs that offer investors a way to invest in industries,
trends, or social causes that matter to them. Some of the newly curated investment
products that Al can help build include deeper-layer products genetically tailored to
meet the needs of a specific client (Das & Rad, 2020).

Al-tools can help develop financial plans by analyzing a client’s financial history,
spending habits, and investment choices. These tools can also use machine learning
algorithms that help them continually learn from interactions with the clients they work
through and thus recommend actions that are better suited to their evolving needs
(Hansen, 2020). For example, an Al system that mines data from a number of sources
and includes previous investment history patterns can help a particular client avoid
investment risks in the technology sector, or suggest that a person who often invests in
them should invest in similar technology stocks. This encourages trust and helps build
long-term relationships between financial advisors and clients.

Al algorithms generally analyze large datasets at incredible speed enabling
financial planners to make informed decisions based on these datasets. For example,
McKinsey notes that organizations using Al for predictive analytics can experience up to
a 20 % increase in profitability (Singla et al., 2024). Additional income results from better
market movement predictions. Accurate predictions are important in an industry where
timing can indicate the difference between profit and loss.

The finance industry is notorious for its slow processes, merciless compliance
checks, tedious report generation, and repetitive data entry (Khan et al., 2014). Although
Al can be used for predictive analysis and personalized advice, it also has great potential
for automating day-to-day work in financial planning. Automation of such activities frees
time, allowing financial planners to focus on value-adding activities and optimize the
efficiency of their practice.

The possibilities for Al in financial planning are broad, and change how financial
planners work. They can improve predictive analytics and provide customized financial
recommendations (Ravi & Kamaruddin, 2017). Al applications have standardized routine
tasks and spurred innovation. Opportunities to redefine how financial planning is



performed and those who learn to leverage it will almost certainly contribute to the future
of financial services. With the financial services sector leading the use of Al
technologies, organizations must harness these opportunities in a responsible and
ethical manner. In doing so, they will enhance operating efficiency and client
satisfaction, while preparingfor potential long-term success in arapidly evolving sector.

Al technologies are transforming the financial planning stack by inspiring
innovation and streamlining capital market processes. These rapidly evolving Al systems
are driving the development of new business models and service offerings that are
reshaping the industry. As Al powered solutions build up, they enable financial
institutions to improve their operational efficiency, personalize their services and even
spot trends in the market. This technological transformation creates new opportunities
for financial advisors to deliver greater value to their clients, while driving the emergence
of innovative fintech startups that disrupt traditional financial services (Alexander &
Karametaxas, 2021).

Al can enhance collaboration between financial institutions and improve client
communications. Financial planners can use Al-enabled platforms that provide real time
insights and updates to build a more dynamic client customer relationship. This kind of
transparency enhances trust and frequency of meetings with clients, ultimately
improving client retention rates. Financial advisors can adopt Al-driven tools for effective
communications with clients, allowing high levels of personalization and frequency.
Clients can now benefit from real time portfolio updates, personalized financial advice,
and data-driven recommendations tailored to individual goals and risk appetites.
Stronger communication and collaboration aided by Al can further enhance the client-
advisor relationship leading to greater satisfaction and loyalty (Capponi et al., 2019).

Besides forecasting markets, predictive analytics can also help in risk
identification and provide valuable insights that are usefulin credit risk management and
identification. It reviews the credit history of the borrower, the borrower’s transactional
behavior, the borrower’s presence on social media, and other relevant information in
orderto develop a more holistic view of the borrower’s creditworthiness and banking risk.
Such findings enable financial institutions to improve their lending decisions and hence
avoid defaults, which in turn lead to a more stable and sustainable financial system. This
enhanced risk management capacity does not only increase the profitability but also the
robustness of the financial system.

Financial institutions have found the compliance and regulatory requirements
tedious and resource-intensive. However, it can be stated that machine-learning
algorithms and Al-powered solutions can greatly enhance these tasks. Using these
technologies, financial institutions can now detect possible fraud at the time of
transaction with a review of all the transactions done. Al can also be used to support
different compliance tasks and fight fraud more effectively. This is an all-encompassing
approach that not only minimizes risk but also eases the burden on the compliance
team, thus enabling the team to focus on critical strategies and performance targets. The
effective implementation of Al and machine learning in the compliance and risk



management areas is able to enhance productivity, decrease operational expenses and
strengthen the compliance position of financial institutions (Al-Shabandar et al., 2019).

Predictive analytics is the use of historical information, statistical algorithms and
techniques, and machine learning to predict the likelihood of certain future outcomes,
but it is always done with some level of uncertainty (Jansen, 2020). This, in financial
services, is the capacity to predict consumer and investor behaviors and trends in the
systems more accurately than ever before, although these predictions may still carry a
degree of potential inaccuracies.

Challenges and Ethical Considerations in Al Integration

This section discusses issues such as privacy of data, algorithmic bias,
disclosure, accountability, and the more complex issues associated with integration of
Al in financial services. Real world examples were studied to illustrate these challenges
and demonstrate the urgent need for strong ethical rules and regulatory frameworks. It
is necessary to know these in order to recognise and avoid risks and for the right use of
Al in the financial sector. The use of Al in financial planning is of great significance in
financial planning and, therefore, poses a great opportunity as well as a great risk and
ethical challenge. These challenges have to be solved as they directly affect the design,
implementation, and management of Al systems in financial contexts (Dwivedi et al.,
2020).

Al systems assist in the analysis of these data to achieve better financial
outcomes and personalized experiences for clients. The main challenge of using Al in
financial planning is the issue of data privacy. To shape their offerings, financial services
companies gather a good deal of personal and financial information. The 2022 report by
the International Association of Privacy Professionals (IAPP) shows the concern of 79%
of consumers on how financial institutions utilize their personal information (Fazlioglu,
2023). The Equifax data breach in 2017 affected approximately 147 million people
(Federal Trade Commission, 2024). Hackers exploited weaknesses in the system to
cause this damage, resulting in the company reporting millions of losses and a
significant loss of customer confidence. For example, if a financial institution suffers a
data breach, it is not uncommon for clients’ sensitive information to be compromised,
which can lead to identity theft, financial fraud, and, most of the time, lost trustin the
organization itself.

The General Data Protection Regulation (GDPR) in Europe and the California
Consumer Privacy Act (CCPA) in the United States have set stringent rules on how
businesses are required to gather, store, and manage personal data. Many financial
institutions find it difficult to navigate through these regulations as they try to comply with
customer demands for data insights while also maintaining compliance with them.

A severe problem is algorithmic bias when Al is applied to financial planning. Al
models are trained on historical data that can be biased. If these biases are not
recognized and addressed, financial service providers may be risking the reinforcement
and intensification of existing financial service inequalities of Al systems. A study by the
Federal Reserve Bank of Philadelphia has established that the credit scoring algorithms



are racially biased (Bhutta et al., 2024). For example, a loan approval Al system looks at
historical data and predicts that there are certain demographics that do not follow the
normal trends and are likely to default on loans. The Brookings Institution reported in
2020 that algorithmic bias in lending could cost underrepresented communities billions
of dollars in missed opportunities (Klein, 2020). This can lead to the worsening of the
socioeconomic divide. It can turn down loan applications from these people if they are
credit worthy. Of course, this also raises some ethical questions, but also poses a threat
to financial inclusivity.

Some of the Al models are referred to as black boxes because the decision making
process cannot be easily explained. The methods for arriving at a conclusion are often
complicated and this lack of transparency is a concern. Therefore, itis vital that financial
organisations employ fair and unbiased algorithms and ensure that they are monitored
for their use in accordance with ethical Al practices. In practice this is often easier said
than done because financial organisations may not have a clear insight into how their Al
systems work. This prevents stakeholders from identifying and fixing the causes of the
biased outcomes (Johnson et al., 2019).

As Al technologies are increasingly incorporated into financial planning,
stakeholders must know how these systems arrive at decisions. Transparency is a key
principle in building consumer confidence and trust, and it is important for consumers
to be able to see clearly what they are buying in the financial services market.

A number of highly popular and prevalent Al algorithms especially those that use
deep learning are known to be complex and difficult to interpret (Yang et al., 2015). This
poses a problem in identifying who is to be made liable for the consequences if
something bad occurs. For instance, if an Al system incorrectly categorizes a loan
applicant as high risk this results in the credit being denied. Or should that role go to
financial institutions, Al developers or data providers? Achieving transparency in Al
systems is challenging. It is also noted that complexity can sometimes resultin a lack of
accountability because it becomes difficult to tell who is to blame for the mishaps in Al-
led decisions.

Itisimportantthat financialinstitutions create accountability frameworks. These
frameworks are designed to establish who is responsible for the outcomes produced by
Al systems. This includes establishing governance frameworks and structures that will
oversee Al applications and create a culture that emphasises the ethical use of Al within
organisations. The financial services industry has to lead the way in promoting the
accountability and transparency of its Al initiatives (Kurshan et al., 2021).

Unintended consequences can happen in financial services firm with Al software.
On May 6, 2010, a large investment firm's Al trading algorithm glitched and within a few
minutes the Dow Jones Industrial Average dropped by nearly 1,000 points (CNBC, 2010).
This became popularly known as the “Flash Crash” and there were immediate calls for
stricter curbs on high-frequency trading.
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Using Al in insurance underwriting is another example of an Al application in the
financial services industry. Within the last few years, some insurers have used Al
algorithms to set or determine policy premiums and assess risk. However, it has
attracted the attention of regulators and raised ethical concerns regarding fairness and
equity in insurance operations regarding the use of Al. For instance, these algorithms
discriminate against certain demographic groups, unintentionally, and people have to
pay more for their premiums than they should for factors other than risk (Sauce et al.,
2023).

Having properly designed ethical guidelines and regulatory frameworks in place
can help to mitigate risks that come with the adoption of Al. These case studies help to
remind us that financial institutions must be vigilant how they leverage Al technologies.
As Al continues to play a vital role in fintech organizations, they must set ethical
principles as the north star in their Al strategies. In this manner, they can stay compliant
with regulations and also actively advocate for ethical practices in financial services
(Kurshan et al., 2021).

In order to do this, financial institutions must have explicit ethical principles and
goals on Aluse.These guidelines should include principles like fairness, accountability,
transparency, and data privacy among others. Policymakers and industry stakeholders
need to join hands to ensure that the rules and regulations they set are such that they
encourage innovation while also ensuring that the products that are created are safe for
consumers. This helps to enforce compliance, ethical behaviour and best practice in the
industry. These actions will be the future of the development and deployment of Al in the
financial sector. The EU revealed the Artificial Intelligence Act to set rules for the use of
Al in different areas, including financial services. The Act also focuses on risk-based
regulation, which is a role of classifying the Al systems by their potential impact on
people and society (Susheel Sethumadhavan et al., 2024).

Financial organizations should also focus on training staff to drive ethical Al
practices. Often responsible for instilling a culture of ethics in organizations, employees
are subsequently more likely to recognize and address the potential for bias and ethical
issues with the use of Al. However, it requires continued commitment and mindfulness.
A solid ethical framework improves judgement when making difficult choices. This
adaptive strategy is also important for minimizing risks and increasing the creditability
of Al in financial services (Maple et al., 2023).

Itis imperative that all financial institutions, technology providers, regulators and
consumer advocacy groups engage in active and constructive dialogue to share lessons
learnt and address common challenges with. These stakeholders can help build more
equitable and accountable Al systems for financial planning if they collaborate.

The integration of Al in financial planning is inevitable and raises several issues
and ethical concerns that need to be solved. The cases discussed above show the real-
life risks of algorithmic decision-making. In order to achieve successful implementation
of financial services Al initiatives, data privacy, algorithmic bias, transparency, and
accountability will have to be addressed.
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The financial services industry, an early adopter of transformative technology,
does not intend to relax as it needs to be vigilant and mitigate risk by adhering to best
practices and ethical values. In this regard, the ethical management of Al services will
assist financial institutions to guarantee that all consumers have access to fair,
equitable and responsible services. The ethical use of Al in financial planning is vital not
only for the future of businesses but also for the strength and sustainability of the entire
financial system.

Conclusion and Recommendations
This study discusses the development of artificial intelligence within the financial
services industry, the innovations accomplished so far, and the challenges that still need
to be addressed. The balance that must be achieved between the promise of Al and the
danger of the algorithm is important for appreciating Al's phenomenal impact in the
financial industry.

One of the most apparent issues of Al stems from its reliance on past data. Al
algorithms tend to reproduce biases as they are trained on biased data. This finding
highlights the importance of developing Al models by using diverse datasets. One
example is credit scoring. When Al systems are trained on past lending data, there is a
risk that long-standing biases will persist in the data. This may skew some groups
towards having lower credit scores, even when they are equally financially responsible
as those with a higher credit score. In practice, the system can entrench disparities
instead of creating equal opportunities.

Future research should aim to create ethical guidelines that address these
challenges. Stakeholders, such as financial institutions and regulators, along with
technology developers, ought to engage in critical thinking and proactive adjustments to
ensure that Al is utilized as a positive force in the financial sector. This means not just
adhering to ethical standards. Fostering a culture of ongoing improvement and
innovation is required. The study also showed the possible outcomes of Al processes
that were unchecked, leading to discriminatory financial decision marking. This
emphasizes the importance of comprehensive testing prior to deployment and constant
oversight.

Artificial intelligence in financial planning provides vast opportunities and
challenges (Zhang & Tao, 2020). Historically, Al has brought about improved analytics
and personalized services; however, it is crucial to address the operational and ethical
concerns associated with its implementation (Kaplan & Haenlein, 2019). In addition to
data privacy and algorithmic bias, the financial industry's stakeholders need to address
the transparency of Al systems to harness their full potential.

Al's evolution in financial services dates back to the development of the basic
computational models. These primitive systems have laid the foundation for the current
sophisticated Al systems. For instance, HFT Al enabled trading strategies are capable of
analyzing a large number of market data and executing thousands of trades in a matter
of seconds. Algorithmic trading in the US is estimated to account for 60% of the trading
volume, according to the Securities and Exchange Commission (SEC), and this figure is
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expected to rise in the coming years. Al has a significant impact on financial services,
and has revolutionised market dynamics such that financial professionals have had to
adapt to it (SEC, 2020).

In order to get the transformative advantages of Al in financial planning, we must
consider its ethical implications. This will create a sustainable and ethical evolution of
financial service technologies into a practice that resonates with the betterment of every
participant and promotes good outcomes in wealth management.

Al facilitates decision-making process in institutions by providing insights and
systemcatically aligned with risk profiles and investment objectives. The historical data
and patterns which the Al systems find can be used to develop better risk assessments
of investment portfolios. Those firms that are currently applying machine learning based
algorithms for credit scoring have reduced their default rates. The systems are capable
of pinpointing the risk factors that predictive models fail to capture, which is often
critical, given the rising market sensitivity to volatility, in many cases.

Data privacy is another important issue. Legislation such as the General Data
Protection Regulation (GDPR) in Europe has established important standards that
emphasize the need for transparency and consent regarding data. While complying with
these regulations, financial firms must deploy Al solutions to protect their client data.
Being in the financial sector, one gets to deal with a lot of clients’ information; hence the
collection, storage, and use of customer data in Al systems is an issue that needs to be
addressed.

Alis notjust some kind of tool which makes financial operations easier. It can also
act as the idea generator. For example, the capability to analyze the inherent
characteristics of huge sets of data — economic indicators, consumer behavior, and
market-based data — are the key drivers of stock performance and, therefore, are very
good predictors. This in turn affects investment strategies and financial advisers can
adjust their advice through a prediction model which incorporates more factors.

It is also important that Al systems are transparent and people can hold them
accountable for their actions (Arrieta et al., 2020). It is vital to establish strong ethical
rules in order to prevent the adverse consequences of using Al technology. The
stakeholdersinthe financialindustry should demand to know how the Al algorithms work
and what decisions they come up with. IEEE and the European Commission are both
developing frameworks to grow ethical Al and highlight principles such as accountability,
transparency and fairness. Financial institutions must adhere to these guidelines to gain
their clients’ trust in using Al in the financial sector.
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