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Summary

In the current context, where digital technologies are ubiquitous in most human 
activities, digital transformation remains a key area of research with global ef-
fects. Among these technologies, generative AI (GenAI) is emerging as a  par-
ticularly disruptive force. It is transforming industries by automating processes, 
improving decision-making and driving business innovation.
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The main objective of this paper is to review and synthesize the literature 
to define artificial generative intelligence and how it influences the financial 
services industry, presenting the positive and negative aspects of the use of this 
technology.

The paper comprises two major parts. The first part aims to define the GenAI 
technology, analyzing its essence and how it works, and the second part comprises 
a  literature review on how artificial generative intelligence influences financial 
services, thus highlighting both the advantages, as well as the negative aspects of 
using the technology.

The research findings could be valuable to individuals who are unfamiliar 
with GenAI technology, or are interested in its impact on the business environ-
ment, in particular financial services.

Keywords: GenAI, financial services, automation, operational efficiency, AI eth-
ics, data privacy

JEL Classification: G2, O1, O3, Q55

Transformacyjna siła generatywnej sztucznej inteligencji 
w usługach finansowych: kompleksowy przegląd

Streszczenie

W obecnych czasach, w których technologie cyfrowe są wszechobecne w więk-
szości ludzkich działań, transformacja cyfrowa pozostaje kluczowym obszarem 
badań o globalnym zasięgu. Wśród tych technologii, generatywna sztuczna inteli-
gencja (GenAI) staje się szczególnie przełomową potęgą. Przekształca ona branże 
poprzez automatyzację procesów, usprawnianie procesu decyzyjnego i napędza-
nie innowacji biznesowych.

Głównym celem niniejszego artykułu jest przegląd i synteza literatury w celu 
zdefiniowania sztucznej inteligencji generatywnej i jej wpływu na branżę usług 
finansowych, przy jednoczesnym przedstawieniu pozytywnych i  negatywnych 
aspektów wykorzystania tej technologii.

Artykuł składa się z dwóch głównych części. Pierwsza część ma na celu zde-
finiowanie technologii GenAI, analizę jej istoty i sposobu działania, a druga część 
obejmuje przegląd literatury na temat wpływu sztucznej inteligencji generatywnej 
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na usługi finansowe, wskazując w  ten sposób zarówno zalety, jak i negatywne 
aspekty korzystania z tej technologii.

Wyniki badań mogą być cenne dla osób, które nie są zaznajomione z tech-
nologią GenAI lub są zainteresowane jej wpływem na środowisko biznesowe, 
w szczególności usługi finansowe.

Słowa kluczowe: GenAI, usługi finansowe, automatyzacja, efektywność opera-
cyjna, etyka AI, prywatność danych

Introduction

In today’s context, where digital technologies are ubiquitous in most human ac-
tivities, digital transformation remains a  prominent concept, while its essence, 
impact and implementation represent current research topics in academia. In es-
sence, digital transformation is not only about integrating and using digital tech-
nologies, but also about reshaping and adapting business processes in order to 
fully exploit the potential of these technologies (Bodendorf and Franke, 2024; 
Khuntia et al., 2024; Leso et al., 2024).

One of the technologies that has strongly impacted society is artificial intel-
ligence. It has advanced rapidly in recent years, reshaping industries and funda-
mentally changing business processes (Mungoli, 2023; Raju and Sumallika, 2023; 
Rakha, 2023). Among the different branches of AI, generative AI has emerged as 
a particularly disruptive force, driving significant changes in the way businesses 
operate, innovate and compete (Bilgram and Laarmann, 2023; Chen et al., 2023). 
The integration of advanced artificial intelligence technologies is not just a trend, 
but a transformative change virtually affecting all aspects of business, from inter-
nal operations to external market strategies.

The main objective of this paper is to review and synthesize the specialized 
literature in order to define artificial generative intelligence and how it impacts 
the financial services industry, presenting the positive and negative aspects of 
this technology usage in areas such as customer support service, personalized  
financial planning, fraud detection, risk management and credit scoring. Through 
compilation and consolidation, the various findings of the studies will define the 
transformative potential that generative artificial intelligence possesses, implying 
changes in business practices.

To conduct this analysis, the following secondary objectives were set:
1.	 defining the GenAI technology as well as its purpose;
2.	 exploring the usefulness of GenAI in specific financial services;
3.	 identifying the advantages and disadvantages of integrating GenAI in  

financial services. 
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The following hypotheses were also defined:
H.1.	 Generative AI contributes to improving operational efficiency, accu-

racy, and productivity in financial services, by automating processes, 
reducing manual tasks, and enhancing decision-making.

H.2.	 Generative AI could reduce the cost of financial service delivery by au-
tomating routine processes, improving customer service through chat-
bots, and optimizing resource allocation.

H.3.	 Generative AI could enhance personalized customer experience by pro-
viding tailored financial advice, automated portfolio management, and 
real-time insights, yet may pose risks related to data privacy, biases, 
and ethical concerns.

Methodology 

The proposed analysis has used a systematic approach as methodology, by ana-
lyzing specialized articles, reports from the industry, and case studies published 
within the last decade. When selecting sources, relevance and timeliness were 
considered key aspects, being prioritized to serve the research objectives and 
hypotheses. 

Moreover, the research uses an integrative analytical framework that syn-
thesizes findings from multiple sources to identify dominant trends, conceptual 
convergences across authors or institutions, and gaps in the current understanding 
of how generative AI is transforming the business environment. This approach 
supports the formulation of well-founded conclusions and provides a solid start-
ing point for future research.

The process of ensuring the coherence and relevance of the information 
collected implied a preliminary evaluation of the materials included in the study, 
considering the quality of the content, the credibility of the authors or institu-
tions and the degree to which they address concrete aspects related to the imple-
mentation and impact of generative AI in different business contexts. Regarding 
the quality of the content, the perspective of methodological rigor and the depth 
of the analysis provided by each source were taken into account. Thus, the pa-
pers that present thorough research, based on solid empirical and theoretical 
data, addressing in detail concepts, applications and concrete examples of the 
implementation of generative AI in different business areas were prioritized. 
Concerning the credibility of the authors and institutions, sources from recog-
nized authors in the field and from prestigious organizations or institutions with 
expertise in AI technology were selected. The focus was on articles published in 
top academic journals and reports issued by institutions that are well-known for 
their high-quality standards of analysis. In addition, the relevance of the sources 
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was assessed based on their topicality and applicability in the context of the rap-
id evolution of generative AI technologies and the way they influence economic 
activity. Thus, the selected sources reflected not only theoretical research, but 
also analyses from the professional environment, providing a complete and up-
dated picture of the subject. Although this process did not follow a formalized 
protocol, it allowed the selection of sources that could significantly contribute 
to the understanding of the phenomenon from multiple perspectives, namely 
technological, strategic and ethical.

However, there are several important limitations related to the methodolo-
gy used that need to be mentioned. First, the analysis was exclusively based on 
secondary sources, which means that the interpretations and conclusions drawn 
mostly depend on the quality and objectivity of existing analyzed materials. The 
lack of primary data (such as interviews, surveys, or direct observations) limits the 
ability to empirically validate certain claims or to capture the contextual nuances 
of the approached phenomenon.

On the other hand, the selection of sources, although guided by clear cri-
teria of relevance and timeliness, can introduce a publication bias, i.e., articles 
and studies that highlight positive effects or successful applications tend to be 
published more frequently than those that reflect failures, difficulties, or negative 
effects. Thus, the results may reflect an optimistic, but possibly incomplete, pic-
ture of reality.

Also, given the rapid pace of technological evolution and innovation in the 
field of artificial intelligence, some conclusions drawn from recent literature may 
quickly become outdated. 

Despite the identified limitations, the methodology employed provides 
a coherent framework for exploring the considered phenomenon and provides 
a valuable theoretical foundation for further studies, especially of an empirical 
nature.

Overview of Generative Artificial Intelligence

As the name implies, generative AI is a component of AI technology, capable of 
generating new content, ideas or models using knowledge learned from training 
data (Cao et al., 2023; Zohuri, 2023). This differs from typical artificial intelli-
gence, which analyzes and predicts outcomes. Generative AI offers completely 
new creations, which can be simple text, images, music and even complex data 
models (Epstein et al., 2023). The purpose of this chapter is to define generative 
AI technology and how it works.
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What is Generative Artificial Intelligence?

Generative AI systems are those that can generate new content, such as text, im- 
ages, music or other forms of media, using knowledge from existing data (Cao et al., 
2023; Zohuri, 2023). These systems are distinguished by their incredible ability to 
create results that are often indistinguishable from those created by a human. The 
nature of the design of such systems is that computers create things on their own 
by identifying structures and patterns in the data set with which they are trained 
(Gm et al., 2020). Therefore, this means that the basic idea behind generative AI 
is to create evolutions that would be different from those obtained in the input 
dataset, but rather new, unique and meaningful.

Compared to the dawn of AI research, the concept of generative AI has shif- 
ted significantly over time. Initial explorations were rule-based conversational 
chatbots, several of which were developed during the 1970s: ELIZA, SCHOLAR, 
and MYCIN, among many others (Gupta et al., 2024). These employed patterns 
matching with outcomes from pre-scripted responses and lacked the capability 
to generate new content or deeply understand conversational contexts, which are 
prevalent in modern GenAI systems.

Nowadays, generative artificial intelligence encompasses a  range of meth-
odologies and technologies designed to enable the creation of different content 
(Gm et  al., 2020; Zohuri, 2023). Each type of generative artificial intelligence 
has a particular form of output that it creates, and such technologies have found 
application in many domains, affecting the way businesses and people create and 
interact with content (Bandi et al., 2023; Hofmann et al., 2021).

Perhaps the best-known form of GenAI is text generation. This involves fit-
ting large language models to vast datasets of books, websites, social media posts 
and all other forms of written content (Epstein et al., 2023; Koga, 2023). These 
models, such as OpenAI’s GPT series, can generate text that is considered to be 
very similar to human-written text. They can write essays, articles, poems, and 
even engage in conversations. As a result, they are applied in content creation, 
customer service, and automated writing assistance.

Apart from texts, GenAI is able to generate images. This form of AI depends 
on models that have been trained on huge collections of visual material, which en-
ables it to build ultra-realistic pictures or even artistic images (Bermano et al., 2022; 
Jain and Thareja, 2019). Using different tools like DALL-E and StyleGAN, one can 
generate images either from text descriptions or completely new visuals synthesized 
from fragments of existing images. These capabilities have immense consequences 
for industries reliant on visual content: advertising, fashion, and design.

Another important type of generative AI is used to create music and audio. 
These systems create completely new music using models previously trained on 
very large databases of music (Kamath et  al., 2024; Onuh Matthew Ijiga et  al., 
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2024). Thus, by observing the patterns in the data, such as rhythm, melody, and 
harmony, one can use that to create new compositions applicable in a wide range of 
different uses, such as entertainment, media production, and personal soundtracks.

Video creation is one of the most emerging sectors in the field of generative 
AI, which generally involves creation or enhancement of content in video formats 
(Divya and Mirza, 2024; Zhou et al., 2024). This could be really useful in cinema-
tography industries, virtual reality, and video game development (Aldausari et al., 
2020; Zhang et al., 2024). Such AI systems, which are trained on large datasets 
comprising video clips, can form new sequences, animate characters, or even en-
tire scenes, saving time and money in video production.

Generative AI has also applicability in data and code generation. For exam-
ple, in most scenarios where either the real world has little data or the data is sen-
sitive, synthetic datasets are always generated for training other AI models (Ebert 
and Louridas, 2023; Sun et al., 2022). Similarly, AI-powered developer tools like 
GitHub’s Copilot generate code snippets, or give suggestions to improve existing 
code and, therefore, making software development seamless.

Each of these generative AIs specializes in the generation of different types 
of content, but they have one thing in common: the ability to produce indistin-
guishable outputs from humans (Cao et al., 2023; Gm et al., 2020; Zohuri, 2023). 
These new developments have allowed the industry to provide faster content pro-
duction, better creativity, and changed the way business is conducted.

Understanding How Generative AI Operates

Generative AI works by means of complex computational models, which are sup-
posed to learn patterns from huge datasets and later generate new content based on 
the learned knowledge (Cao et al., 2023; Feuerriegel et al., 2024; Zohuri, 2023). 
The process of how GenAI produces new content could best be understood with 
an examination of the underlying mechanics that comprise machine learning, neu-
ral networks, and specific algorithms tailored for content creation. This chapter 
will cover the main components and processes involved in making GenAI work.

Machine Learning Foundations

At the heart of GenAI is machine learning (ML), a sub-domain of artificial intel-
ligence in which computers are given the capabilities to learn from data without 
explicit programming (Feuerriegel et al., 2024; Lopez-Jimenez et al., 2020; Stro-
belt et al., 2021). In general, ML algorithms are trained on huge datasets so that 
these models learn patterns, make predictions, and generate new results (Ogunpo-
la et al., 2024; Wang et al., 2020). In the context of generative AI, such learning 
basically involves supervised, semi-supervised or unsupervised learning, depend-
ing on the availability or unavailability of labelled data.
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Supervised learning involves training a model on a labelled dataset, where 
each input is tagged with its correct output (Kalota, 2024). Thus, this model will 
learn how to map inputs to outputs and, therefore, will be able to produce similar 
outputs when new inputs are fed into the model. Using the same example for text 
generation, it may be trained on sentence-level labelled data, whereby a model can 
predict a word, group of words, or subsequent sentence of the given input.

In unsupervised learning, the model learns directly from the input data with-
out any explicit labeling (Kalota, 2024). In contrast to the well-defined relation-
ship between inputs and outputs, unsupervised learning models generally discover 
some hidden patterns or structures in the data. This could be for common appli-
cations such as clustering, where the model systematically groups similar data 
points into groups, or dimensionality reduction, where the model simplifies com-
plicated data into understandable representations.

Neural Networks and Deep Learning

The whole concept of generative AI focuses on neural networks, especially those 
from deep learning models with several layers in an interconnected node or neu-
ron (Alwahedi et al., 2024; Cronin, 2024; Shelf, 2024). Each would take the input 
data and attempt to show increasingly abstract features, passing on this informa-
tion to the next layer. In this hierarchical manner, the model learns complicated 
patterns and their relations in data.

The deep learning models in GenAI are constructed by employing various 
architectures like convolutional neural network (CNN), recurrent neural network 
(RNN), and transformers. CNNs can be used due to their strengths in spatial  
hierarchies related to visual data for purposes like image generation (Gupta et al., 
2024; Hofmann et al., 2021; Kalota, 2024). RNNs are able to handle tasks where 
the data is sequential, like text and time series, simply because they store a mem-
ory of past inputs, which helps in generating coherent sequences.

Transformers represent one of the most radical developments in neural net-
work architecture within NLP (Natural Language Processing) (Chitty-Venkata 
et al., 2022; Kalota, 2024). While RNNs process data sequentially, transformers 
can process an entire sequence of data context all at once, therefore much more 
effectively capturing long-range dependencies (Tiezzi et al., 2024). It is this trait 
that has made them so powerful in such applications as text generation, whose 
context extends over much of the text.

Training and Fine-Tuning

Training a generative model involves it iteratively learning the underlying and 
hidden pattern of a large data set (Feuerriegel et al., 2024; Kalota, 2024). During 
training, the model parameters are optimized so that the generated output is very 
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close to the real data (Gupta et al., 2024). Normally, these operations are compu-
tationally intensive and time-consuming.

Once trained, models can be adjusted to fit certain tasks or domains. This in-
volves further training the model on a smaller, more specialized dataset, allowing 
it to hone its knowledge of the finer nuances in the new data (Cui et al., 2018). 
For example, general language could be fine-tuned on a corpus of legal texts to 
improve the output of documents on such topics.

Generative Algorithms

Generative AI models use a variety of algorithms, each depending on the type 
of content they need to create (Cao et al., 2023; Gupta et al., 2024). Some of the 
common algorithms used for this purpose include:

•	 Generative Adversarial Networks (GAN): It falls into a class of algorithms 
that consists of two neural networks: one for generation and one for dis-
crimination (Chakraborty et al., 2024; Gupta et al., 2024; Kalota, 2024). 
The work of creation is handled by a generator, which continuously pro-
duces new content and pits it against real data through a discriminator to 
continue the adversarial process, which steadily improves its capability 
of producing realistic content with time. GANs find a great amount of  
their application in image generation and have really been at the heart  
of high-quality synthetic images.

•	 Variational Autoencoders (VAE): VAEs also falls into the category of gen-
erative models. The goal of this model is to learn underlying distributions 
of the data, to then sample from this distribution and generate new content 
(Gupta et al., 2024; Kiran Mayee Adavala, 2024). They find their most use-
ful applications in tasks related to creating variations of existing data, such 
as generating new models based on existing ones.

•	 Transformers: As mentioned before, transformers really proved to be very 
powerful for text and sequence-related tasks (Chitty-Venkata et  al., 2022; 
Kalota, 2024). Indeed, they make use of a mechanism called self-attention, 
whereby the model gives more or less weight to different parts of the input 
data. This proves important for coherent generation to come out with contextu-
ally relevant text, hence the reason why transformers form the basis for a large 
number of modern language models (Gupta et al., 2024; Kalota, 2024).

Output Generation

Training enables the generative AI model to create new content by sampling from 
that learned data distribution (Cao et al., 2023; Zohuri, 2023). Indeed, the process 
of generation may vary with different model types and tasks involved. In text 
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generation, for example, it may receive a prompt or be asked to complete based 
on the trend it has learned (Gm et al., 2020). In image generation, this may also 
involve creating new images by mixing features of the different categories present 
in its training data.

The quality of generated output depends on several factors: the size and di-
versity of the training data, the model complexity, and, more importantly, con-
crete algorithms applied (Chakraborty et  al., 2024; Feuerriegel et  al., 2024;  
Gm et al., 2020). The most advanced generative models already generate content 
that is indistinguishable from those created by humans, hence making them ex-
tremely powerful in various applications.

Summarizing Remarks on the Generative AI Mechanisms

The main purpose of this chapter was to define generative artificial intelligence, 
exploring its key concepts, methodologies and applications. GenAI is a powerful 
branch of artificial intelligence distinguished by its ability to create novel content, 
such as text, images, music, video, and data models, based on patterns learned 
from large datasets. Unlike traditional artificial intelligence systems that primarily 
analyze and predict, GenAI goes beyond these functions by generating completely 
new results, mimicking human creativity and innovation.

Chapter 2 also gave insight into the basic principles of GenAI: machine 
learning algorithms and neural networks lie at the heart of its operation. A lesson 
from vast datasets allows models to generate content in most cases, barely distin-
guishable from human-created outputs. That had enabled GenAI to span across 
a wide array of fields, starting with content creation and ending with customer 
service, financial services, and data generation.

For instance, models developed by OpenAI, such as those in the GPT se-
ries, have already demonstrated how this class of AI can almost achieve parity 
with human-generated text in applications that range from automated writing 
assistants and customer support to content creation. Beyond text, image creation 
utilities like DALL-E and StyleGAN show the power of GenAI in ultra-realistic 
or imaginative visuals that will change industries such as fashion, design, and 
advertising forever.

Further, the practical applications in domains such as music, video, and 
data generation were discussed. AI music and audio generation have opened 
up new vistas concerning entertainment and media production. Conversely, 
AI-driven video creation is rewriting the rules in the making of video content 
for cinematography and gaming. Subsequently, it went on to show how GenAI 
could provide synthesized data whenever such real data is unavailable or sensi-
tive, hence earning its place as a key tool in the training of other models in the 
most varied situations.
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It brings with it a host of challenges and limitations, foremost among them 
ethical concerns in the use of AI in content creation, especially regarding intel-
lectual property, misinformation, and bias. As the models of GenAI continue to 
evolve, there is a growing prospect that such applications will end up produc-
ing devious content or amplifying seriously harmful biases embedded within the 
training data. The functionality of some GenAI models lacks transparency, which 
in turn again affects the comprehension or control of model output.

The Usefulness of Generative AI in Streamlining  
Financial Services
Generative artificial intelligence is increasingly recognized as a powerful tool for 
transformation in various industries, including financial services (Cronin, 2024; 
Singh and Ahuja, 2024). By automating processes, improving decision-making 
and providing personalized services, GenAI can streamline many aspects of fi-
nancial service delivery. This technology can be applied in areas such as customer 
service, fraud detection, credit scoring and portfolio management, delivering in-
creased efficiency and accuracy.

Financial institutions are under constant pressure to reduce operational costs, 
improve customer experience and maintain regulatory compliance (Marco Iginio 
Bonelli and Esra Döngül, 2023). GenAI helps address these challenges by gener-
ating customized solutions, either by automating investment strategies or enhanc-
ing risk management systems (Cronin, 2024). GenAI's potential to reshape the 
industry lies in its ability to manage vast amounts of data, learn from models, and 
provide real-time insights, making financial operations faster, more efficient, and 
more customer centric.

However, besides benefits, many challenges and downsides are also asso-
ciated with integrating GenAI into financial services, like lost human touch in 
customer service, defective decision-making, privacy risks, and reliance on auto-
mation (Chi and Hoang Vu, 2023; Montemayor et al., 2022; Zhang et al., 2022).

This chapter reviews literature to find out not only the applications and bene-
fits of GenAI in streamlining financial services but also its drawbacks, to provide 
a balanced analysis of its overall effect on the industry.

Customer Support Service Automation

Generative AI became an important tool for automating customer support services 
in many industries, and it did so in the financial services field. It makes oper-
ations smoother, responds quicker, and experiences personalized, and therefore 
improves the customer experience (Brynjolfsson et al., 2023; Xu et al., 2020). 



55

Traditional methods of customer support can be slow and repetitive, lead-
ing to frustration for customers, and chatbots with GenAI can streamline sup-
port, making it faster, more accurate and much more personalized (Dihingia et al., 
2021; N S, 2023). Anything from simple inquiries into account information to ad-
visory roles on financial matters can fall under the job description these chatbots 
do. They operate around the clock, and there is no queue for support agents. Other 
than that, GenAI chatbots can understand natural language-meaningful expres-
sions, which will make the interaction friendlier and even more conversational 
for the users.

More than just questions, generative AI may also offer customized advice in 
finance once it considers customer data such as spending patterns, income, and  
financial objectives. The more personalized, the more customers are satisfied  
and confident (Amutha, 2023; Hentzen et al., 2022). As if speaking to the most 
prominent benefits of GenAI in automating customer service, it can engage thou-
sands of queries at a time while human agents can only handle one conversation at 
any given time (Xu et al., 2020). This further cut waiting periods and operational 
costs because human agents are freed from doing routine tasks.

Moreover, multilingual support shall enable customers from various parts of 
the world to communicate with financial institutions in native dialects (Feuerrie-
gel et al., 2024). Other tasks, such as password reset, update on transaction status, 
and account information, can also be automated, thus freeing the human agents to 
deal with more complex issues. In case the AI is unable to solve a customer's prob-
lem, it routes the inquiry to a human agent, hence making the transition smoother 
by collecting relevant information before routing.

Downsides of GenAI in Customer Support Service Automation

On the other hand, the use of GenAI in customer service has disadvantages. The 
main inconvenience refers to a serious lack of human empathy, necessary when 
situations such as disputes or emotional inquiries about finances arise (Chi and 
Hoang Vu, 2023; Montemayor et al., 2022). Though responses through generative 
AI are quick and relevant, it cannot match the personal touch of such situations, 
which creates dissatisfaction among customers. Besides, complex and ambiguous 
queries by GenAI can result in wrong responses that irritate customers.

There is also the risk of financial institutions over-reducing their custom-
er service teams on the grounds that AI will handle most of the queries. This 
may lead to delays in resolving complicated or sensitive issues that demand 
human judgment. 

A larger concern is data privacy and security. Given that much of the customer 
data is required to be accessed by the generative artificial intelligence models for 
personalized assistance, there is a high potential for data breaches or unauthorized 
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disclosure (Ibrahim Arpaci, 2023). It is important to make the system transparent 
to customers by taking rigorous security measures to build trust in AI-powered 
customer service systems so that customers do not have to worry about the secu-
rity of their sensitive financial information.

Personalized Financial Planning and Portfolio Optimization

Considering the main purpose of generative AI – i.e., creating content based on 
large volumes of data – could be considered an ideal technology that provides per-
sonalized experiences. From this perspective, the solution irreversibly changes the 
face of financial services in terms of personalized financial planning to portfolio 
optimization. 

By analyzing huge volumes of data, GenAI provides personalized advice 
and strategies relevant to each person's financial needs, making financial planning 
more available and efficient (Singh and Ahuja, 2024).

In personalized financial planning, generative artificial intelligence auto-
mates the traditional manual process of a financial advisor who typically assess-
es a  client's situation, goals and risk tolerance (Marco Iginio Bonelli and Esra 
Döngül, 2023; Sahare, 2023). Generative AI automates these assessments in real 
time to provide personalized financial advice and allows chatbots and AI-powered 
voice assistants to tell, based on a person's spending habits, income, and financial 
goals, how much they should save or invest or what kind of debt they should cut 
down on. This dynamic adaptation within changed market conditions or circum-
stances of a person makes sure that the advice which a person gets is up to date, 
thus enabling them to make better decisions.

In portfolio optimization, GenAI reaches an advanced decision-making level 
based on huge historical market data, financial reports, and economic indicators 
that point out a trend or pattern influencing the investment performance (Hentzen 
et  al., 2022; Marco Iginio Bonelli and Esra Döngül, 2023). While continually 
learning from this data, generative AI predicts future market changes and rec-
ommends adjustments to maximize returns while controlling risk. This considers 
each investor's special financial goals, risk tolerance, and time horizon in generat-
ing customized investment strategies. 

Also, generative artificial intelligence allows dynamic portfolio management 
by real-time updates in the strategies according to prevailing market conditions 
(Hentzen et al., 2022; Marco Iginio Bonelli and Esra Döngül, 2023; Sahare, 2023). 
For example, in instances of severe changes to the markets, such as abrupt stock 
price drops or interest rate changes, artificial intelligence may suggest changes 
to the portfolio or make them autonomously to protect from losses or seize new 
opportunities.
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Furthermore, GenAI can simulate various economic scenarios, exposing 
portfolios to a range of risks, such as recession or market crash, to help inves-
tors make strategic decisions about asset allocation and risk management (Addy 
et al., 2024; Marco Iginio Bonelli and Esra Döngül, 2023). Automation by GenAI 
involves rebalancing the portfolio to ensure the portfolio stays on target without 
active investor intervention.

Downsides of GenAI in Personalized Financial Planning  
and Portfolio Optimization

Also, as with the use of generative AI in the delivery of customer support services, 
the use of technology in personalized financial planning and portfolio optimiza-
tion has several recognized downsides. A major concern is that there is a great risk 
of receiving incorrect or inappropriate financial advice. Indeed, GenAI's potential 
to perform well is closely linked to the quality of the data with which the model 
has been trained (Cronin, 2024; Feuerriegel et al., 2024). This data might be out-
dated, biased or incomplete, and it is therefore possible that the AI could make 
recommendations that are not in the user's best interest, thus leading to sub-opti-
mal investment choices or financial strategies that are not in fact in line with real 
needs and goals (Hentzen et al., 2022).

Another concern about artificial intelligence is the absence of human intu-
ition and an understanding of feelings in terms of the advice that can be offered 
(Chi and Hoang Vu, 2023; Montemayor et al., 2022). The personal nature of plan-
ning can really relate to life goals, family issues and even emotional comfort with 
risk. Although GenAI can provide logically correct suggestions, it is devoid of 
feelings or human understanding and empathy, which may make users distrust AI 
recommendations.

There is also the possibility of over dependence on AI to the detriment of 
individual financial literacy (Qirui Ju, 2023; Zhai et al., 2024). A user will tend to 
have an over reliance on recommendations made through AI without appreciating 
the financial principles governing such recommendations. This hampers the de-
velopment of necessary skills for self-sufficient decision-making by the individ-
ual on financial matters. For example, where AI cannot help or fails to adapt to 
changes in personal circumstances, individuals may not be able to manage their 
finances effectively.

Also, for most people GenAI models are "black boxes", users not being able 
to understand how it works, the fact that highlights a limited transparency in the 
decision-making process through which AI provides recommendations (Grange 
et al., 2024; Huang et al., 2024). This opacity could prevent investors from per-
ceiving some of the risks that their investment strategy presents and mislead them 
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into taking risks that are not aligned with their risk tolerance or long-term finan-
cial goals.

Then there are further issues of data quality and bias (Jain and Menon, 2023). 
If the data upon which the generative artificial intelligence models are trained 
is biased, partial, or stale, the recommendations made by the AI are potential-
ly flawed or biased, which negatively impacts the financial outcome. Ensuring 
high-quality unbiased data is important but sometimes quite difficult to realize.

Ultimately, there are security and privacy concerns because of the sensitive 
financial information that these GenAI systems require (Singh and Ahlawat, 
2023; Zhang et  al., 2022). If these systems are not well secured, there is the 
potential for data breaches or unauthorized access that could affect personal 
and financial information. Such security vulnerabilities are likely to erode con-
fidence in AI-enabled financial solutions and discourage users from adopting 
such technologies.

Algorithmic Trading

Generative AI takes it to the next level by making trading strategies more effective 
and complex (Koshiyama et  al., 2020; Singh and Ahuja, 2024). In algorithmic 
trading, computer programs automatically execute a trade following specific rules 
and predefined market data (Boming Huang et al., 2018). On this, GenAI does the 
work of creating completely new, self-learning trading algorithms out of big sets 
of historical data (Koshiyama et al., 2020). It will be able to help financial institu-
tions and investors make better, thus more profitable, trading decisions.

Another way generative artificial intelligence enhances algorithmic trading 
is by analyzing huge volumes of data at unparalleled speeds (Feuerriegel et al., 
2024; Koshiyama et al., 2020). Taking in substantial volumes of historical market 
data, a  GenAI model can identify very complex patterns and develop insights 
driving trading decisions using that information (Kalota, 2024). That will contin-
ue to empower traders to develop algorithms that consider even more sophisticat-
ed conditions in the financial markets, such as price, trading volume, and market 
sentiment. These AI-powered strategies are much more precise and reliable than 
their predecessors, which rely on simpler rules or human intuition. 

Generative artificial intelligence is also able to streamline high-frequency 
trading, another form of algorithmic trading that executes enormous numbers of 
orders at super-high speeds (Koshiyama et al., 2020; Viktor Manahov and Hanx-
iong Zhang, 2019). With the use of artificial intelligence, huge amounts of re-
al-time data are analyzed and predictions about short-run market developments 
are made while proposing trades in milliseconds. Such a  real-time response to 
fluctuation within the market does provide enormous competitive advantages, 
most especially in the fast financial markets.
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Besides the predefined rules of trading, GenAI can constantly learn from 
incoming market data and change its strategies with it (Feuerriegel et al., 2024; 
Koshiyama et  al., 2020; Singh and Ahuja, 2024). Such adaptiveness keeps the 
trading algorithms effective even during changes in market conditions. 

The other important use of generative AI in algorithmic trading is strategy 
generation and optimization (Koshiyama et al., 2020; Marco Iginio Bonelli and 
Esra Döngül, 2023). GenAI will be able to simulate different trading scenarios to 
assist traders in testing the effectiveness of strategies under disparate market con-
ditions before using them in live trading (Singh and Ahuja, 2024).

By design, the GenAI models can embed even risk management into trading 
algorithms. Generating risk-adjusted strategies, artificial intelligence has the po-
tential to support traders in times of highly volatile market periods and help them 
reduce losses to a minimum (Kavin Karthik V, 2023; Koshiyama et al., 2020). 
That will be worth more, especially for those institutions and investors who have 
to balance their pursuit of profits with risk management. An AI-driven trading 
system can change the size of positions, place stop-loss orders, or hedge against 
unfavorable price movements by doing real-time market analysis.

Downsides of GenAI in Algorithmic Trading Automation 

Although it might seem at first glance that in algorithmic trading, GenAI would 
have no disadvantages since it relies strictly on learned patterns and rules and will 
execute trades based on them (Feuerriegel et al., 2024), the use of artificial intel-
ligence to automate algorithmic trading presents a significant problem that needs 
to be taken into account, namely the risk of increasing market volatility. Because 
large datasets are full of patterns, GenAI models can execute trading decisions at 
high speed (Koshiyama et al., 2020; Viktor Manahov and Hanxiong Zhang, 2019). 
The result could very well be synchronized action from multiple AI systems act-
ing on similar signals, either buying or selling at the same time. This could am-
plify market movements and lead to sudden price swings or crashes, destabilizing 
financial markets and causing widespread financial repercussions.

Fraud Detection and Risk Management

GenAI is already greatly improving fraud detection and risk management in fi-
nancial services by introducing the newest techniques in the identification and 
hampering of fraudulent activities (Mishra, 2023; Singh and Ahuja, 2024). Tradi-
tional models of fraud detection, in many cases, rely on static rules that might not 
capture new or sophisticated methods of fraud. However, generative AI adapts to 
the constantly changing nature of the threats by learning from newer patterns of 
data in real time (Feuerriegel et al., 2024; Kalota, 2024).
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The use of generative artificial intelligence in fraud detection enhances the 
process through real-time monitoring of transactions (Yuanming Ding et  al., 
2023). By perusing denotes transaction in real time, it can notice many instances 
of anomalies that would essentially denote fraud (Singh and Ahuja, 2024). This 
is a different kind of customer service automation from the above–discussed, in 
that it focuses more on improving interactions with customers. Although both ap-
plications make use of AI for data processing, fraud detection requires immediate 
action to prevent the losses that might potentially occur.

It also helps in higher-order risk profiling by predicting fraud trends in the 
future. It can model different scenarios of fraud and judge the likelihood of dif-
ferent types of fraudulent activities happening (Gupta et al., 2023). This proactive 
approach helps the financial institutions take mitigation measures to prevent those 
frauds from happening. This is different from what has been explained above as 
portfolio optimization, where artificial intelligence aids in balancing the invest-
ment risk against return. In fraud detection, however, it performs identification 
and mitigation of risk associated with fraudulent behavior.

Other applications include cybersecurity, where GenAI prevents cyber-at-
tacks that lead to fraud (Mishra, 2023; Neupane et al., 2023). By monitoring net-
work activities and detecting patterns out of the ordinary, AI systems can assist in 
efforts that block unauthorized access to sensitive financial data. 

Generative AI also contributes to regulatory compliance in respect to fraud: 
it can automate the production of suspicious activity reports and assist financial 
institutions in meeting all legal requirements with respect to fraud monitoring and 
reporting (Gupta et al., 2023).

Downsides of GenAI in Fraud Detection and Risk Management

One of the main limitations of using GenAI in fraud detection and risk manage-
ment stems from the fact that for most users, AI systems are like ”black boxes”, in 
some cases it is not clear to us how the system ended up making certain decisions 
(Grange et al., 2024; Huang et al., 2024). This can cause some problems in fraud 
detection and risk management since the AI system marks some transactions as 
fraudulent without giving much explanation for it, and therefore it may turn out 
difficult to act in full accord with regulation.

Another limitation can be the presence of false positives and false nega-
tives (Luo et al., 2022). In fraud detection, a false positive refers to a situation 
where a normal transaction has been flagged as fraudulent, thus causing incon-
venience for the customer (Koleva and Krcmar, 2018). A false negative occurs 
when a fraudulent transaction is not recognized and thus results in some kind of 
financial loss. Complete dependence on GenAI with no human oversight can also 
greatly increase these mistakes.
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There are also concerns about data privacy and security (Zhang et al., 2022). 
The GenAI system needs substantial amounts of sensitive personal and financial 
data to function well (Cronin, 2024; Sadok et al., 2022). This makes them more 
vulnerable to data breaches or unauthorized access. The security line needs to 
be strong enough to ensure the protection of customer information by financial 
institutions.

Regulatory challenges also need to be considered, given that most countries 
are still changing laws and regulations governing the use of AI in financial ser-
vices (Aniket Deshpande, 2024; Rakha, 2023). Financial institutions must work 
out the uncertain legal landscape and ensure that their AI systems conform to all 
guidelines. Failure to do so will bring in penalties and harm to reputation.

Credit Scoring and Loan Underwriting

Credit scoring and loan underwriting are further revolutionized with increased 
access, fairness, and transparency in lending (Sadok et al., 2022; Takyar, 2023). 
While the previous discussions have underlined automation and personalization 
of financial services, the use of GenAI in credit evaluation brings in new dimen-
sions: that of inclusivity and ethical consideration.

Another relevant contribution of generative AI involves the extension of  
financial inclusions (How et al., 2020; Sadok et al., 2022). Traditional credit scor-
ing mechanisms normally shut out people with non-existent or thin credit histo-
ries, and those without conventional financial records. In this respect, generative 
artificial intelligence fills the gap by processing alternative information such as 
utility bill payments, rental histories, and most interestingly, even patterns of mo-
bile phone use (Takyar, 2023). These unconventional indicators form the basis 
upon which AI models rate the creditworthiness of the underserved population, 
opening opportunities for them to get loans and create credit profiles.

Moreover, generative artificial intelligence makes lending decisions even 
fairer. Credit scoring can become discriminatory, allotting different scores to 
applicants of different genders, ethnic backgrounds, or socio-economic statuses. 
The GenAI models can be trained to reduce such bias by giving more attention 
to the relevant financial behaviors rather than demographic characteristics (Jain 
and Menon, 2023; Swati Sachan et al., 2019; Takyar, 2023). This will be in line 
with ethical considerations in lending and provide equal opportunities for all 
applicants.

Unlike customer service automation, which was targeted to improve the 
interaction rate between customers and financial institutions, the use of GenAI 
in credit scoring influences the very process of decision-making (Hentzen et al., 
2022). It doesn't just speed up operations but also makes lending nondiscrimina-
tory and fair.
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Another key area is that of explanation and transparency of AI decisions 
(Grange et al., 2024; Huang et al., 2024). For instance, financial institutions should 
be able to disclose the reasoning for any credit approval or denial in a manner that 
applicants would understand. Designs for GenAI models can include providing 
understandable explanations for assessments so applicants understand their cur-
rent financial standing and areas for improvement (Kim and Woo, 2022). This 
transparency leads to better relations between lenders and borrowers, even as it 
helps to meet the demands of regulators for fair lending practices.

While similar in scope to the risk management strategies – wherein GenAI 
predicts potential financial risk – the focus for credit scoring is on the individual 
borrower risk (Hentzen et al., 2022). Both applications analyze data with the aim 
of making predictions. However, credit scoring focuses on personal creditworthi-
ness rather than more general financial anomalies.

Generative AI also supports real-time decisioning in loan underwriting (Swa-
ti Sachan et al., 2019; Takyar, 2023). The models can make immediate approv-
als or rejections by swiftly processing application data. This high speed makes 
the customer experience very different and much better, as the applicant will no 
longer have to wait days or weeks for a decision. This allows lenders to process 
a much higher volume of applications efficiently.

Downsides of GenAI in Credit Scoring and Loan Underwriting

One of the key limitations is the possibility of biases in AI algorithms (Jain and 
Menon, 2023). If there are historical biases in the data used to train generative 
AI, this AI has the potential to discriminate against categories of people, even 
unconsciously. The effects can be unreasonable differences in loan applications 
or attrition rates, which can raise ethical and even legal issues of discrimination.

Another important concern pertaining to the application of GenAI in the  
financial services sector is that of data security (Singh and Ahlawat, 2023). Oper-
ationalizing AI systems requires exposing them to a colossal amount of personal 
and sensitive information regarding finances. If proper security is not maintained, 
this information might be used for purposes other than intended. Data breaches 
lead to identity theft, losses for customers, and damage to brand reputation on the 
part of the financial services provider (Zhang et al., 2022).

One more thing to consider is regulatory challenges (Aniket Deshpande, 
2024). Laws and regulations in the financial industry are strict: they are put in 
place to protect consumers and maintain practices that are considered fair. The 
use of GenAI introduces new complications, as regulations may not have kept 
pace with the rapid development of AI technologies. The legal risks that might be 
faced by the financial institutions are that AI systems can make certain decisions 
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not in full compliance with existing laws, particularly those which cannot easily 
be explained due to the "black box" nature of some AI models.

Besides, there is also an issue with the aspect of transparency. Most of the time, 
the GenAI models are complicated and, hence, very difficult to understand or, better 
still, be explained how they came about in a certain decision. The lack of transparen-
cy when using this generation of AI could potentially build mistrust among clients, 
as well as present difficulties for institutions to adequately explain their decisions to  
regulators (Banovic et  al., 2023). AI systems should, in essence, be transparent  
so that their decision-making process is auditable and understandable.

Synthesis on the Impact of GenAI on Financial Services

The main objective of this chapter was to perform the literature review with the 
search for answering how GenAI impacts financial services in the attempt to 
define the usefulness of generative artificial intelligence in the streamlining of 
various aspects of financial services. Of course, it would appear to be a technol-
ogy with potential to revolutionize the financial sector in customer service, fraud 
detection, personalized financial planning, portfolio management, credit scoring 
and other financial services. It not only improves operation efficiency because of 
the technology, but also personalized services can be offered that might lead to an 
improved customer experience and better financial decision-making.

Probably the most striking advantage of GenAI in financial services is its 
use for the automation of routine tasks, especially in customer service. AI-driven  
chatbots and virtual assistants enable each financial organization to offer  
24/7 customer support by answering frequently asked questions and even pro-
viding personalized financial advice. This reduces the demand for human agents, 
thus lowering operation costs while response times and customer satisfaction 
grow. The multitasking capability of GenAI, with the ability to handle multiple 
queries at once, will enable an institution to scale up its services and be efficient 
for more customers.

Fraud detection and risk management also have found one valuable tool in 
GenAI. It can focus on huge data analysis in real time, picking out suspicious pat-
terns for fraud detection at a much faster rate than normally allowed. Further, such 
real-time monitoring allows financial institutions to mitigate potential risks and 
reduce financial losses. Finally, the predictive capability of the technology allows 
for better risk profiling, enabling these institutions to take proactive steps toward 
the protection of their clients and assets.

Another important use of GenAI is in financial planning and portfolio 
optimization at the level of an individual. Based on analyses of the financial 
data of a particular person, GenAI makes recommendations about how a person 
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earns and spends money and can set specific goals regarding finances. On the 
other hand, such personalization of financial planning and the resulting portfo-
lio optimization could make the advice more relevant to customers and thereby 
help them make better financial decisions. Similarly, with portfolio optimiza-
tion, the capabilities of GenAI will enable it to seek out the best investment op-
portunities through real-time market data to help investors reap higher returns 
with reduced risk.

These are obvious gains, however, the chapter also identified a few challeng-
es: integrating GenAI in financial services results in the loss of the human touch 
in customer service, ethical issues on leaked data privacy, and biased AI-driven 
decision-making processes. Besides, overdependence on the automation of sys-
tems may reduce the financial literacy of customers who may depend more on AI 
in managing their finances.

Research Results
The main purpose of the paper was to analyze and synthesize the literature to 
define generative artificial intelligence and its impact on the financial services 
industry, highlighting the usefulness of implementing the technology as well as 
some drawbacks of its use in some financial services. The work also had several 
secondary objectives.

One of the secondary objectives aimed to define the essence of generative 
artificial intelligence and its purpose. This goal has been achieved in chapter two, 
which, reviewing the literature, defines GenAI as a technology that generates new 
content, like text, images, audio or data models based on the patterns the system 
learns from large amounts of data. GenAI differs from more common AI in that it 
automates content creation and decision-making-things that have changed many 
business practices across industries. It automates tasks, streamlines processes, and 
offers personalized experiences through GenAI in financial services, thereby dra-
matically changing how such institutions operate. The literature review has pro-
vided a detailed insight into the major characteristics of GenAI, showing that it is 
not just a technology that enables operational improvements, but a transformative 
technology that reshapes industries.

The second objective was to understand the usefulness of GenAI in improv-
ing the operational efficiency of financial services. This objective has also been 
fully attained by the analysis of various applications of GenAI in financial oper-
ations. It has also been observed that GenAI automates several critical tasks in 
financial institutions, such as automation of customer service, portfolio manage-
ment, and fraud detection. For instance, AI-powered chatbots were deployed to 
handle customer inquiries and provided customized advice in real time. These can 
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be done by the AI-powered systems continuously without any interference from 
humans, thus enabling quicker and better service for customers. Also, by doing 
deep data analysis and finding patterns, GenAI is helping financial institutions 
optimize resource allocation, enhance the accuracy of decision-making, and de-
crease operational costs. These findings further establish the fact that GenAI is 
highly important not only in enhancing operational efficiency but also ensuring 
a speedy process, while reducing the overall work pressure of human employees.

The third objective was to highlight the pros and cons of integrating  
GenAI into financial services. Through careful analysis, this objective was also 
achieved. It seemed that the benefits of using GenAI are great because it en-
hances the productivity of personnel by automating repetitive tasks and provid-
ing real-time insight, therefore allowing a  financial institution to offer highly 
personalized services to its clients. It has also been determined to enhance cus-
tomer satisfaction by way of personalized counsel and quick responses to inqui-
ries. On the other hand, with these benefits, several dilemmas were observed. 
The first major drawback of GenAI is the lack of human empathy when serving 
customers. As efficient as AI-driven chatbots and other systems are, they cannot 
portray the emotional intelligence that human advisors can portray. Further, use 
of GenAI also opens many issues relating to data privacy, as these are systems 
which must have unlimited access to sensitive information to function effective-
ly. Therein also lies the danger of various biases from algorithms that can make 
biased or incorrect decisions when dependency for something like credit scoring 
or loan underwriting decisions arises.

Regarding hypotheses, the first one was that generative AI could enhance 
operational efficiency, accuracy, and productivity in finance through automation 
of processes and decisions. The research results confirm that GenAI improves 
the efficiency of operations by automating tasks, thus enabling financial institu-
tions to focus on more complex and value-based tasks. GenAI's ability to pro-
cess large data sets and make decisions in real time also increases the accuracy 
of decisions. Indeed, several studies showed that the financial institutions where 
the technology has been used have witnessed reduced operational costs and im-
proved customer satisfaction, proving that GenAI is beneficial also in terms of 
efficiency and productivity.

The second hypothesis was that through process automation, improving cus-
tomer service, and optimizing resources, generative AI could decrease the cost 
of delivering financial services. This hypothesis proved true. Essentially, in au-
tomating queries from customers, for instance, GenAI decreases the number of 
human agents required in every single interaction, hence cutting costs of labor and 
improving productivity. Indeed, the use of chatbot AI systems improves customer 
service by offering speed and personalization of response, thus further lowering 
costs related to human-driven customer service. It was noted that GenAI helps 
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financial institutions optimize resource allocation to focus resources on high-pri-
ority tasks while keeping operations costs to a minimum. This verifies that the 
overall cost of service delivery with GenAI will be reduced.

Third, it was hypothesized that generative AI could enrich personalized cus-
tomer experiences through offers of tailored financial advice and real-time in-
sights, but associated data privacy, bias, and ethical issues may be a  risk. This 
hypothesis was therefore only partially validated. The research found that GenAI 
enhances personalized customer experiences by providing personalized financial 
advice tailored to an individual's financial goals, spending habits, and risk appe-
tite by analyzing big data. This is one of the strongest features of GenAI, where-
by, through this, the financial institutes can meet the needs of their clients more 
precisely than before. On the other hand, the research confirmed the risks of AI: 
mainly those concerning data privacy and algorithmic biases. The use of personal 
and sensitive financial data to create insights raises questions about how such data 
is processed and covered. Data biases in the dataset from which AI models are 
trained result in several decisions that are often biased or unfair, such as loan ap-
provals and credit scorings. Concerns over ethics also highlighted issues of trans-
parency and accountability of the AI systems since most of the models were also 
"black box" in nature, where decisions arrived at were rather not evident.

Research results highlight that GenAI has proven useful in the world of fi-
nancial services by increasing efficiency, reducing costs and making better deci-
sions. However, for responsible use, issues of data privacy, ethical decision mak-
ing, and customer interface without sentiment or empathy need to be addressed. 
While there are significant benefits from GenAI, a  judicious balance between 
automation and human oversight – empathy – must be maintained for successful 
integration within the industry.

Discussions
Generative artificial intelligence has the potential to transform financial services 
fundamentally, but its integration raises several issues that go beyond the techno-
logical sphere and require reflection on the ethical, legal and social implications. 
Although the literature provides a detailed picture of the technological benefits of 
GenAI, some gaps remain evident, particularly with regard to the actual effects of 
the implementation of these technologies in the financial environment, the level of 
user training, and the risks associated with automated decision making.

First of all, there is a lack of empirical research directly analyzing the im-
pact of GenAI on the relationship between financial institutions and customers. 
Most existing studies are based on theoretical analysis or extrapolation of general 
trends, without providing sufficient concrete examples from practice. At the same 
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time, there is a lack of in-depth examination of cultural, institutional or legislative 
differences that may influence how the GenAI is perceived and applied in differ-
ent jurisdictions.

Both legally and ethically, the implementation of generative artificial intel-
ligence raises several important challenges. Among the fundamental concerns is 
the lack of transparency in decision making because many of the models used are 
not transparent and users don’t know where some recommendations of decisions 
come from. This is an obstacle that threatens the users’ credibility. GenAI mod-
els can also repeat or even amplify existing biases in historical data, which can 
lead to unintentional discrimination, particularly in credit scoring or lending. The 
use of personal data to deliver results – frequently described as highly sensitive 
– imposes additional burdens on financial institutions in terms of data protection 
and cybersecurity procedures. Meanwhile, the regulatory landscape is still devel-
oping, and the lack of clear guidance on the application of artificial intelligence in 
the financial sectors leads to uncertainty and legal gaps for institutions.

A significant element highlighted in the literature reviewed is the need to de-
velop digital literacy among users, both customers and employees in the financial 
sector. Technologies based on generative artificial intelligence can be perceived 
either as perfect solutions or as systems that are difficult to understand, which can 
lead to overconfidence in the results offered or, on the contrary, to rejection of 
their use. In this context, it is important that financial education programs include 
accessible information about how these systems work, about possible technologi-
cal risks, and about users’ rights and responsibilities in relation to emerging digital 
technologies.

In order to summarize the practical implications of using GenAI in the finan-
cial sector, it may be useful to present a comparative overview of the advantages 
and disadvantages identified in the literature:

Table 1. Advantages and disadvantages of implementing GenAI in financial services

Advantages Disadvantages
Automation of repetitive processes and reduction 
of operational costs

Lack of empathy and understanding of human 
context

Real-time personalized recommendations Risk of inaccurate or biased decisions
Efficiency in risk analysis and fraud detection Risks related to the confidentiality of personal 

data
Continuous customer support through automated 
system

Lack of transparency in decision making 
processes

Expanded access to financial services  
for individuals without banking history

Legal challenges regarding regulatory  
compliance
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In this context, the implementation of GenAI into the digital infrastructure of 
financial institutions should not be understood only as a technological evolution, 
but as a complex process that involved balancing innovation with principles of 
responsibility. It is important that IT developers, financial institutions, regulators 
and users work together to ensure a secure, ethical and fair implementation. Only 
through collaboration between all stakeholders it is possible to build a sustainable 
framework in which GenAI can effectively enable progress without undermining 
fundamental values such as fairness, transparency and user protection.

Conclusions and Future Research Directions

Generative artificial intelligence is a technology that is strongly impacting today’s 
society, especially the business environment. It has great potential, offering the 
possibility for organizations to streamline various processes by automating them, 
while also increasing their accuracy and speed. In the field of financial services, 
the literature is vast, encompassing various case studies, both on the usefulness 
of generative artificial intelligence and on the challenges and downsides of digi-
tizing processes with the help of this technology. The current paper is a synthesis 
of the literature, its aim being to define the technology and its impact on financial 
services. 

Thus, it was highlighted that GenAI is capable of streamlining processes 
such as offering customer service and personalized financial planning, portfolio 
optimization, risk management and fraud detection, algorithmic tracking, credit 
scoring and loan underwriting. The paper also highlighted challenges such as en-
suring data security, and the correctness of decisions made by the GenAI system. 

Given that the results of the paper were formulated based on the literature re-
view, a future direction would be to conduct research based on primary data, thus 
collecting data using tools such as questionnaire or interview from companies in 
a particular industry that have streamlined their business processes by integrating 
GenAI. The aim of this approach would be to identify the impact of GenAI in 
a particular sector directly from the experiences of organizations, thus contribut-
ing to the literature with new data on the usefulness of generative AI.
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