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ABSTRACT 
Artificial intelligence has become an important technological innovation in the financial sector, enabling institutions to process 
large volumes of data, improve decision-making, and automate complex financial operations. The growing digital transformation 
of financial services has accelerated the adoption of intelligent technologies across banking, investment, and financial 
management systems. This narrative review aims to examine the role of artificial intelligence in finance by analysing its major 
applications, key challenges, and potential future research directions. A narrative review approach was used to examine existing 
academic studies on artificial intelligence in finance. Relevant literature was analysed to identify major technological 
developments, applications in financial services, and research gaps related to transparency, fairness, and regulatory governance. 
The review identifies several important applications of artificial intelligence in financial systems, including fraud detection, credit 
risk assessment, algorithmic trading, and customer service automation. Artificial intelligence improves predictive accuracy, 
operational efficiency, and risk management by analysing complex financial datasets. However, challenges remain regarding the 
transparency of automated decisions, potential bias in algorithmic models, and concerns about data privacy and security.  Artificial 
intelligence has the potential to significantly transform financial services, but responsible implementation requires improved 
transparency, ethical governance, and stronger regulatory frameworks to ensure trustworthy and accountable financial decision-
making... 
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INTRODUCTION 
Artificial intelligence (AI) is a new disruptive 
technology in today's financial systems, which is 
changing the way financial institutions handle data, risk 
management, and decisions. The explosion of financial 
technology (fintech) has increased the pace of AI 
application to financial services, allowing financial 
organisations to process high quantities of data and 
respond to complex financial processes automatically. 
Fintech development after the global financial crisis has 
stimulated the uptake of modern digital technologies by 
financial organisations to enhance their efficiency, 
transparency, and competitiveness in international 
financial markets (Buckley et al., 2016). With the 
growing digitalisation of financial services, AI-powered 
technologies have become critical assets in enhancing 
the work of operations and assisting in making financial 
decisions based on data. 
Among the most important AI applications in finance, it 
can be noted to automate complicated analytical 
procedures and improve the accuracy of financial 
decision-making. Machine learning (ML) algorithms are 
able to work with vast financial data sets, discover 
concealed trends and come up with predictive 
information that guides financial institutions to predict 
market trends and deal with financial risks. These 
opportunities allow the organisations to lower 

operational expenses and enhance the pace and 
dependability of financial analysis (Jordan and Mitchell, 
2015). In addition, the digital transformation of the 
industry, on the whole, has highlighted the significance 
of intelligent technologies in enhancing productivity and 
facilitating the work of organisations in competitive 
conditions (McAfee & Brynjolfsson, 2017; Gazi et al., 
2025). 
AI technologies have been used extensively in various 
areas of finance. The AI models in fraud detection 
systems analyse data on transactions and identify any 
suspicious patterns that can be indicators of fraud. The 
AI credit risk management systems help the financial 
institutions to rate the creditworthiness of the borrowers 
and model future loan defaults with greater precision. 
The use of predictive analytics and automation creates 
algorithms that are utilised in algorithmic trading 
systems by financial market participants as predictive 
tools to understand market behaviour and implement 
them in trading strategies. Customer service is another 
area that increasingly employs AI in chatbots and other 
types of virtual assistants that offer automated service 
and individualised financial help. 
This has been enhanced by the development of ML and 
deep learning (DL) methods that have improved the 
effectiveness of these applications. Convolutional neural 
networks (CNN), recurrent neural networks (RNN) and 
other models allow financial systems to analyse complex 
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financial data and find out the trends in transaction 
patterns and market dynamics (Goodfellow et al., 2016). 
Nevertheless, the increased application of AI in the 
process of making financial decisions is also associated 
with the concern of transparency, fairness, and ethical 
governance. Most AI systems work as black box models, 
and it is hard to interpret automated decisions and 
establish accountability by regulators and financial 
institutions (Russell and Norvig, 2020). It has resulted in 
the necessity to create open and responsible AI solutions 
that have become a priority of the financial industry 
(Russell, 2010). 
The objective of this review is to take into account the 
importance of AI in the financial sector and dwell upon 
the key uses of it, its challenges, and future research 
opportunities. The topics of interest covered in the 
review are fraud detection, credit risk management, 
algorithmic trading, and credit service, and it performs 
the awareness of the existing literature to define the 
existing constraints in the field and demonstrate the 
importance of an open, ethical, and responsible approach 
towards AI application in financial systems. 
 
2. Overview of AI in Finance  
AI has had a tremendous influence on the financial 
services sector, as it has enhanced the efficiency, speed, 
and accuracy of making financial decisions. Financial 
institutions are becoming more and more dependent on 
AI to process big data, identify trends, and automate 
such processes as fraud detection, credit risk analysis, 
algorithm trading, and personalised services. With the 

help of AI integration, the institutions will be able to 
process data more efficiently and facilitate predictive 
financial analytics (Agrawal et al., 2022; Davenport and 
Ronanki, 2018). The development of computational 
capabilities and access to data has boosted complex AI 
models that can detect any hidden financial trends 
(Bughin et al., 2018). ML and DL models of the modern 
era are more effective in terms of forecasting and risk 
evaluation, which provides adaptive financial systems 
(LeCun et al., 2015; Heaton et al., 2016). Predictive 
analytics also promotes strategic financial decisions 
(Varian, 2018). Big transaction, customer, and market 
data enable AI to identify behavioural patterns and 
abnormalities that are necessary to detect fraud and 
control risks, enhancing financial innovation and digital 
transformation (Sirignano et al., 2016; Bughin et al., 
2018). 
 
2.1 Evolution of AI in Finance 
The evolution of AI in finance has existed in a number 
of technological stages. Early financial systems were 
rule-based models employing predetermined rules to 
handle transactions and make decisions, and these 
systems did not have flexibility and learning abilities. 
With the advent of ML, the algorithms that are able to 
discern patterns and enhance forecasting and risk 
evaluation were introduced (Agrawal et al., 2022). 
Subsequently, with DL, AI technology was improved to 
analyse more complicated financial data and was useful 
in algorithmic trading and credit risk modelling (LeCun 
et al., 2015; Heaton et al., 2016). 

 

 
Figure 1.  Evolution of AI in Financial Services 
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Figure 1 shows the development of AI in finance from rule-based systems to advanced DL models that can be able to do 
predictive analytics. The development has made decisions more accurate and has automated complex financial operations. 
 
2.2 Key Technologies Used 
The history of AI development in the financial sector has 
followed a number of steps. Old financial systems were 
based on rule-based systems that automated financial 
transactions with pre-existing rules but were not flexible 
and did not learn. ML came in, allowing systems to 
detect trends in financial data and enhance forecasting 
and risk analysis (Agrawal et al., 2022). Subsequently, 
DL improved AI even further, enabling neural networks 
to be applied to complex data, enabling more 
sophisticated financial models, including algorithmic 
trading and credit risk modelling (LeCun et al., 2015; 
Heaton et al., 2016). 
 

2.3 Role of Big Data 
The usefulness of AI in finance will be determined by 
the presence of huge data sets created by digital 
transactions and web banking systems. These data sets 
cover transaction data, customer behaviour data, trading 
data in the market, and financial risk data. These datasets 
are analysed using AI models to reveal the patterns that 
can be used to make key decisions, including fraud 
detection and investment forecasting (Bughin et al., 
2018). The models of DL trained on large volumes of 
past financial information are more accurate in 
predictions and enhance financial risk management and 
customer services (Sirignano et al., 2016). 

Table 1. Key AI Technologies Used in Finance 

Technology Description Financial 
Applications 

ML Algorithms that pick up trends from financial data 
(Agrawal et al., 2022) Credit scoring 

DL 
Neural networks used for complex pattern detection 
in financial datasets (LeCun et al., 2015; Heaton et 
al., 2016) 

Fraud detection 

Natural Language 
Processing 

AI technique for understanding human language and 
text data (Davenport & Ronanki, 2018) Chatbots 

Predictive 
Analytics 

Data-driven forecasting of financial trends and risks 
(Varian, 2018; Bughin et al., 2018) 

Market 
prediction 

 
The principal technologies of AI applied in financial 
systems are summarised in Table 1, the most important 
of them, and their main applications. These technologies 
are applicable to the digital banking environment 
because they enable decisions to be made automatically, 
predictions to be made, and more customer interaction. 
 
3. Applications of AI in Finance  
The application of AI has become one of the biggest 
technological drivers in modern financial structure, 
enabling financial institutions to become more efficient 
in their operations, risk management, and customer 
services. The use of AI technologies is ubiquitous across 
numerous fields of finance, such as fraud detection, 
credit risk assessment, algorithmic trading, and customer 
support services. AI systems are able to identify trends, 
forecast risks, and automate decision-making procedures 
which had previously needed large amounts of human 
input by processing large amounts of financial 
information (Begenau et al., 2018; Paul et al., 2021). The 
capabilities enable the financial institutions to improve 
accuracy in financial projections and financial security. 
 
3.1 AI in Fraud Detection 
One of the most important applications of AI in financial 
services is fraud detection. Banking systems handle 
millions of digital transactions every day, and it is hard 

to monitor such transactions manually. AI-based systems 
are monitoring the transactions to identify suspicious 
transactions and detect fraudulent actions in real time. 
ML algorithms compare past transactional trends and 
identify suspicious activity that could be a sign of fraud 
(Olowu et al., 2024). 
The most sophisticated networks that are deployed in the 
fraud detection systems are the Convolutional Neural 
Networks (CNN), Long Short-Term Memory (LSTM) 
networks, among other ML classifiers. Such models are 
able to identify anomalies in transaction patterns, which 
can be used in response to possible threats and minimise 
the financial losses of the financial institutions. AI-based 
instances of fraud detection thus improve cybersecurity 
and financial risk management. 
 
3.2 AI in Credit Risk Assessment 
The credit risk assessment is also a highly utilised AI 
technology through which financial institutions analyse 
the creditworthiness of borrowers. AI credit scoring 
systems use large amounts of data about customers, 
covering financial history, transaction history, 
behavioural data, etc., to calculate the likelihood of a 
loan default. The ML models can determine intricate 
patterns in financial information that the conventional 
statistical models might neglect (Khandani et al., 2010; 
Fuster et al., 2022). 
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AI-based risk modelling assists banks and other lending 
institutions in making better lending decisions and 
enhancing financial inclusion. Moreover, the 
explainable AI approach helps regulators and financial 
institutions get a clearer insight into the automated credit 
decision-making, enhancing the transparency and 
responsibility in the process of making financial 
decisions (Bussmann et al., 2020). 
 
3.3 AI in Algorithmic Trading and Financial 
Forecasting 
AI has enhanced algorithmic trading and financial 
prognostication to a great extent. Predictive analytics are 
AI models that use past market trends and trades, 
economic signals to predict the future of the market. 
These predictive services will allow investors and other 
financial institutions to make evidence-based investment 
choices and optimise the results in portfolios (Chen et 
al., 2024). 
It is especially interesting to note that DL algorithms can 
be applied in asset pricing and financial forecasting since 
large amounts of financial market data can be analysed 

and new relationships found in the complex data. This 
will enable the trading systems to respond promptly to 
market changes and enhance the trading strategies. 
 
3.4 AI in Customer Service 
Customer service in financial institutions is being 
increasingly enhanced using AI technologies. The 
chatbot and virtual assistant based on AI can offer 
automatic replies to the queries of customers, enhancing 
the workflow and minimising expenses. Such systems 
are able to support activities like account queries, 
transaction support, and financial guidance (Paul et al., 
2021). 
AI systems help to provide personalised banking 
services, analysing customer behaviour and preferences 
and suggesting financial products based on them. 
Nonetheless, another ethical issue associated with using 
AI in financial decision-making is transparency, 
equitable treatment, and accountability, especially when 
AI-based systems affect financial results (Adeyelu et al., 
2024). 

 

 
Figure 2. Applications of AI in Finance 

 
Figure 2 is a summary of the key uses of AI in the financial sector, such as fraud prevention, credit risk, algorithmic 
trading, and customer service. They point out how AI can be useful in enhancing efficiency, security and financial decision-
making. 
 
4. Literature Review of Key Studies  
In the world of finance, recent studies of AI aim at 
enhancing the financial decision-making process, 
transparency, and security by using sophisticated ML 
methods. AI applications can be used to analyse large 
financial data and improve predictive quality and 
operational efficiency to support a variety of tasks such 
as fraud detection, credit scorecard, and financial 
forecasting (Bzdok et al., 2018; Shmueli and Koppius, 
2011). The trend of making the models more complex, 
however, creates questions regarding interpretability and 
transparency in regulated financial settings (Lipton, 

2018; Adadi and Berrada, 2018). As a result, explainable 
artificial intelligence (XAI) techniques have been 
created in a context to make AI-based decisions 
understandable to institutions and regulators (Arrieta et 
al., 2020; Doshi-Velez and Kim, 2017). Interpretable 
models enhance financial systems transparency and 
accountability as well (Samek et al., 2017; Caruana et 
al., 2015). 
 
4.1 AI-Driven Fraud Detection  
An example of a systematic review of AI applications in 
the banking industry that detect fraud is found by Olowu 
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et al. (2024). The paper looks into the ways in which ML 
and data science applications can be used to improve 
cybersecurity and fraud-detection mechanisms. The 
authors point out that AI-driven models are able to 
process the data on transactions in real time and detect 
suspicious patterns that can indicate fraud. Financial 
transactions datasets are the conditions where ML 
algorithms have been particularly useful to determine 
any irregularities in financial transactions and allow 
banks to respond fast to any possible threat. 
The paper emphasises the fact that AI-based fraud 
detection systems are more accurate and less prone to 
false positive alarms as opposed to the conventional 
rule-based systems. Using ML models to enhance 
financial security systems will enable banks to enhance 
cybersecurity and reduce the cases of financial losses 
due to fraudulent transactions. 
 
4.2 Explainable AI in Credit Risk  
Misheva et al. (2021) are concentrated on the position of 
XAI in credit risk management. Their study addresses 
the issue of enhancing transparency of AI-based credit 
scoring models with tools like SHAP (SHapley Additive 
Explanations) or LIME (Local Interpretable Model-
Agnostic Explanations). Such methods enable financial 
institutions to learn more about how ML models make 
forecasts about loan issuance and credit risk. 

The XAI is especially significant in regulated financial 
areas, where banks and other financial institutions need 
to explain their automated decisions to the regulator and 
consumers. XAI methods promote the belief in AI-based 
financial infrastructure and guarantee the adherence to 
regulatory measures by becoming more transparent 
(Adabi and Berrada, 2018; Arrieta et al., 2020). 
 
4.3 Evolution and Prospects of AI in Finance  
Quinn (2023) is an in-depth summary of the past of AI 
and its future in finance. The research follows the 
development of AI technologies from the rudimentary 
rule-based systems up to the current ML and DL 
systems. Quinn points out that AI software is currently 
being utilised to assist in a number of financial tasks, 
such as detecting fraud, managing portfolios, and 
providing automated financial advice. 
Another problem highlighted in the study is the ethical 
issues related to AI in finance, such as transparency, 
fairness, and accountability. With the growing use of AI 
technologies by financial companies, scholars believe 
that AI needs to be governed ethically and with greater 
interpretability of the models to provide ethical and 
reliable financial judgments (Lipton, 2018; Sculley et 
al., 2015). 

 
Table 2. Summary of Key Studies on AI in Finance 

Study Research 
Focus Methods Used Key Findings 

Olowu et al. 
(2024) 

Fraud 
detection ML models Improved fraud detection 

accuracy 

Misheva et al. 
(2021) Credit risk Explainable AI (SHAP, 

LIME) Transparency improves trust 

Quinn (2023) AI evolution Literature analysis Identifies ethical challenges 

 
Table 2 contains a brief comparison of the main studies 
reviewed in this section with their research focus, 
methods, and the main conclusions regarding the 
application of AI in finance. 
 
5. Critical Analysis of Existing Research 
The current literature on AI in finance indicates the 
possibility of AI technologies to enhance the financial 
decision-making process, risk management, and 
operational performance. ML and DL models have the 
potential to analyse complex financial data and increase 
predictive accuracy on matters like fraud detection, 
credit scoring and financial forecasting. These solutions 
can be seen as an example of AI strength in detecting the 
latent patterns in the financial data and aiding automated 
decision-making, and the rising popularity of AI in 
financial institutions is a response to the rising 
significance of data-driven financial analytics. 
The primary strength of the studies reviewed is that the 
systematic and analytical approach is employed to 

address the applications of AI to the sphere of finance. 
Systematic reviews will provide the detailed perspective 
of the existing AI models and financial uses that will 
enable the researchers to make a trend and technological 
conclusion. The work is a part of a larger research on the 
application of AI technologies to the enhancement of 
financial services and efficiency. 
However, it has its share of limitations. Systematic 
reviews are more likely to present theoretical data, rather 
than empirical explanations with references to real-life 
financial information. To the same end, theoretical 
research tends to propose practical constructs, and little 
practical implementation or experimentation in real 
financial settings. This has led to the fact that most AI 
models have not gotten their actual performance 
determined. 
The other weakness is related to the lack of focus on 
ethical, legal, and regulatory issues related to AI in the 
field of finance. The problem of fairness and 
transparency may be raised by the automated decision-
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making systems, particularly when biased training data 
influences the work of an algorithm (Barocas and Selbst, 
2016). They would, in such a way, emphasise the 
relevance of the ethical models that would assist in the 
deployment of AI responsibly (Floridi et al., 2018). The 

ethical issues of algorithmic systems were frequently 
cited in general (Mittelstadt et al., 2016; Rahwan et al., 
2019). Overall, despite the enormous benefits of AI, the 
issue of explainability, ethical policies, and validation in 
practice needs to be discussed. 

 

 
Figure 3. Research Gaps in AI in Finance 

 
 
Figure 3 indicates the major gaps in research in AI 
applications in finance. Despite the current literature 
demonstrating that AI technologies are highly predictive 
and utilised more and more, the problem of 
explainability, practical validation, and AI systems 
governance remains burning. 
 
6. Challenges of AI Implementation in Finance  
Although AI has massive advantages for financial 
services, there are a number of issues that have restricted 
its successful adoption. The main challenges associated 
with these are transparency, bias in the algorithmic 
decision-making process, and data privacy and security 
issues. With more and more financial institutions turning 
to automated systems in decision-making, it is necessary 
to tackle these challenges in order to promote 
responsible and trustworthy use of AI. 
 
6.1 Lack of Transparency (Black Box Problem) 
The lack of transparency of complex ML and DL models 
is one of the biggest problems of AI in finance. A 
substantial number of AI systems are black boxes, i.e., 
the decision-making processes that these models use to 
make decisions are hard to understand. This 
uninterpretability causes issues for the financial 
institutions that will be required to be able to justify 
automated decisions to the regulators, as well as to the 
customers. The regulation systems, like the European 
Union, advocate transparency and responsibility in 
algorithmic decision-making systems (Goodman and 
Flaxman, 2017). Without the clear descriptions of the 
methods of using the AI models to produce the 

predictions, financial institutions will struggle to make 
sure that they adhere to the regulatory requirements. 
 
6.2 Bias and Fairness 
The second significant issue is the danger of bias when 
making financial decisions with the assistance of AI. The 
AI models are designed to operate based on past 
financial records, and when such records are biased or 
incomplete, then the algorithms developed on them will 
propagate the already existing inequalities. The 
discrimination models may discriminate against certain 
groups of borrowers by default, and this may be 
unsavoury as well as illegal. As scientists note, in the 
implementation of AI, the development of fair and 
transparent systems should be created in such a way that 
the algorithms become less subjective and responsible 
(Cath et al., 2018). 
 
6.3 Data Privacy and Security 
The privacy and security of the information is another 
urgent question related to the usage of AI in the financial 
sector. Banking institutions are using vast amounts of 
sensitive consumer data, such as transaction accounts 
and individual financial data. This information should be 
safeguarded to ensure that the confidence of the 
customers is not lost and the standards set by the 
regulatory bodies are met. Regulation systems in Europe 
state that strong data protection and responsible data 
management practices should be the core of the 
European regulatory systems, such as those addressed in 
the AI governance initiatives at the European 
Commission (Nikolinakos, 2023). 
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Table 3. Key Challenges of AI in Financial Systems 

Challenge Description Impact on Financial 
Institutions 

Transparency AI models difficult to interpret (Goodman & Flaxman, 
2017) 

Reduced trust 

Bias Training data may contain discrimination (Cath et al., 
2018) 

Ethical and legal risks 

Data privacy Use of sensitive personal data (Nikolinakos, 2023) Regulatory compliance 
challenges 

 
Table 3 outlines the key issues related to the implementation 
of AI in the world of finance. Such issues illustrate that to 
allow a responsible use of AI in the financial industry, it is 
necessary to make these models more transparent, less 
biased by AI algorithms, and offer backup safety measures 
to protect data privacy. 
 
7. Future Research Directions  
It is essential that future research on AI in finance should be 
guided by the attempts to address the current limitations 
related to model transparency, successful implementation, 
and regulation. Although AI models have been proven to be 
predictive, there is little literature that validates the systems 
in real financial environments. It is necessary to add, 
however, that future research should concentrate on the 
application of AI models to real financial institutions based 
on large and dynamic data to identify their effectiveness and 
reliability in the decision-making process. 
The second trend that can be followed is the development 
of XAI models that make the complex ML models more 
understandable. As AI decision-making continues to be 
applied in the development of financial decisions, including 
credit scores and fraud detection, researchers should 
develop models that offer an explanatory system of 
automated decisions. Explainability will assist the financial 
institutions to evade regulatory risks and win over the 
customers and stakeholders. 
The evolution of more powerful regulatory mechanisms 
should also be taken into account in the future research to 
make sure that AI will be deployed in the financial systems 
responsibly. The researchers should liaise with the 
policymakers and the financial regulators with the view of 
coming up with guidelines that would assist in curbing the 
issues of transparency, fairness and data privacy. Also, it 
will need the collaborative effort of computational 
scientists, financial experts, and policy makers that will aim 
to create technologically better and morally sound AI 
systems. Increased cooperation in such research will 
contribute to ensuring that AI technology is employed to 
achieve the innovation and not to lose trust and 
responsibility in funding services. 
 
8. Conclusion  
The AI has emerged as a paradigm shift technology in 
financial sector that has changed the way financial 
institutions process information, risk management, and 
decision-making. With the help of AI technologies, 
organisations can evaluate a high amount of financial 
information and automatise individual processes and 

enhance the efficiency and quality of financial decision-
making. Examples On the one hand, they can include those 
applications, which presuppose the utilization of smart 
systems to improve operational efficiency and financial 
performance, such as fraud detection, credit risks 
evaluation, algorithmic trading, and artificial intelligence-
based customer care. It requires the technologies of ML and 
DL to ensure predictive analytics and automated financial 
processes, which would allow the institutions, in turn, to 
isolate fraud on their premises, estimate the credit risk more 
objectively and analyse the financial markets in real-time 
directions. This has made AI a mandatory solution to 
become more cost-effective in risk management, 
operational efficiency and customer service in the current 
financial systems. Nevertheless, in spite of these 
advantages, there are a number of issues especially when 
there is lack of transparency, discrimination of algorithms 
and data privacy. The misinterpretation of the automated 
decisions by financial institutions and regulators is bound 
to happen since most AI models are complex therefore 
accountability and adherence to regulatory measures are an 
issue. Consequently, the regulatory systems and policies 
will be more robust to realize systems of transparency, 
equity, and data security to successfully introduce AI to the 
sphere of finances. Finally, the future of AI in the finance 
sphere will be outlined by the opportunity to develop an 
ethical, open, and transparent scheme of AI that will be 
innovative and would be answerable and trusted by the 
people 
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