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Abstract

Artificial Intelligence (Al) has truly redefined various standard procedures in financial
sector, especially identify the fraud and manage the risk. This study discovers recent
developments in technology and its impact on financial organizations. In this day and
age, financial institutions are now able to efficiently and precisely manage and identify
risks and detect fraud activities with modern Al techniques like neural networks,
machine learning, and predictive analytics. This study also compares the improvement
in fraud detection across medium, large, and small organizations to find out what
they can do to ensure customer satisfaction. The study looks at the role of Al in fraud
detection when it can evaluate big data, stop fraud, and spot shady trends. This study
highlights major benefits of using Al, such as using cost savings, decision-making,
and improved regulatory compliance. Employees and managers of financial services
sector in India are the respondents for this study. Self-structured questionnaire having
questions related to demographics and impact of Al in financial services (with 5-Point
Likert scale) used for this study to collecting data through online. To make the most of
Al’s potential to improve financial security and operational efficiency, further R&D
are needed.
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Introduction

A new age has been ushered in over a lot of industries for technological
innovation with the arrival of Artificial Intelligence (Al) and financial
services sector has been among the key beneficiaries. To improve operational
accuracy, efficiency, and security, Al techniques like neural networks,
machine learning, and predictive analytics have been included
eventually into financial sector (Davenport &Ronanki, 2018). Fraud
detection and risk management are some of the important areas where
Al has been advanced drastically. In these areas, the impact of Al is
significant as these functions are needed to preserve the integrity and
stability of financial organizations.
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To monitor, reduce and control the odds or effect of unwanted events, risk management consists
of evaluation, detection, and prioritization of risks in financial services sector (Hull, 2018). Expert
examination and judgment of past data have been important aspects of traditional procedures for
risk management. But these methods constantly cannot stay ahead with the complexity and volume
of modern financial data. Al techniques provide a great strategy with modern models and extensive
datasets to improve risk management and prediction. For instance, ML models may determine
credit risks by considering different characteristics than traditional methods, evaluate future trends
with analysis of previous market data, and improve investment portfolios by acting upon market
trends dynamically (Baker and Filbeck, 2019).

Another important area where Al has succeeded is fraud detection. Fraud is a critical risk for
financial institutions, which can take a lot of forms like credit card fraud and money laundering.
The ever-rising strategies adopted by fraudsters make it harder for traditional techniques for fraud
detection, which rely on manual checks and specified criteria to stay up. Al comes as a potent
solution, especially with methods like anomaly detection and deep learning. They can determine
big data of transactions in real-time, flag potential fraud, and spot odd trends accurately (Ngai
et al, 2011). It raises overall effectiveness of operations of fraud protection by improving rate of
detection and reducing false positives.

Regulatory frameworks have a huge effect on adoption and use of Al in financial services.
Regulations support justice, openness, and accountability by ensuring proper utilization of systems.
Various organizations and institutions like (GDPR) establish strict limitations on processing data,
limiting the use of financial institutions for fraud detection and risk management (Voigt & von dem
Bussche, 2017). It is important to ensure compliance with these standards to promote confidence
among stakeholders and reduce legal risks.

Literature Review

Khan et al (2024) conducted a study and argued that it can detect amounts which are fraudulently
transacted with little or no human intervention with neural network and decision trees. These Al
solutions can reduce false positives significantly to improve efficiency and accuracy of fraud
detection systems developed.

Some researchers have conducted real-time data analysis on fraud detection using Ai.
Businesses have operational data used to detect fraud cases with big data. Real-time functionality
of Al programs enables organizations to respond to threats instantly to reduce losses (Bhatia and
Kaur, 2021). According to Chowdhury et al (2024), LSTM and CNN networks have improved the
fraud detection techniques as these smart systems can analyze transaction data processed with a lot
of avenues in current scenario. When it comes to managing risk in financial sector, It is considered
as an significant remedy for managing liquidity, industry, and uncertainty associated with credit..

Al models can be used to integrate previous data with economic indicators which are currently
available to make better decisions on possible risks in comparison to the use of only past data in
a traditional model (Arslan, 2020). When it comes to credit risk management, Al uses machine
learning for prediction of whether borrowers are creditworthy by undertaking various behavioral
and financial factors. These models get a lot of feeds from dataset and can predict the odds of
default more precisely to enable financial institutions to make better decisions related to lending
(Islam et al, 2024).

In addition, Al is capable to analyze variable formats of data like social media trends and
information to create and use good mechanism for managing risk. This unstructured and structured
integration of data enables new Al systems to get more comprehensive results for risk evaluation
(Khan et al, 2024). Organizations can detect novel risks which may be unnoticed with only financial
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ratios through those additional factors (Khan et al, 2024). Zhao et al (2019) have identified that
pattern of risk have higher hit rates with unstructured data than regular systems for risk management
to detect large asset mispricing..

Overall, different kind benefits available to detect and prevent deceit. Frauds can easily
be detected by Al but there are also some challenges. Possible use of Al is data protection
and algorithmic bias are some of the serious issues. There are different uses of Al in financial
organizations and challenges depicted by Mittelstadt et al (2016) and Binns (2018). According to
them, ML models depend on transactional and personal data to create misuse of data and privacy
issues. Additionally, data that is used to train Al models may have inherit bias which may cause
discriminatory lending and assessment of credit risks (Mittelstadt, et al., 2016).

It is important for companies to focus on certain ethical concerns as it goes ahead. There is a
need of fairness and transparency from current Al technologies. In relation to volatility, it has been
discussed how Al can be used to prevent financial risks. With on-time examination, It can examine
volumes of large amount of data to identify possible uncertainties in the market. Studies have
identified that Al models can detect financial market patterns and give signs of problems (Haque et
al, 2024). Those functions are especially vital for analyzing issues related to liquid asset where this
programs can work with movement of cash and predict consequences of those risks. Al can secure
organizations irrespective of market fluctuations (Haque et al, 2024).

Research Gap

Al is going to have significant applications in financial services. Al is capable for fraud
detection and risk management which is expected to be improved by latest technologies like smart
natural language processing and quantum computing. Sustained advancements and investigations
are important to deal with current challenges and open up novel prospects. Financial institutions
have to engage in constant adaptation and learning to ensure proper success of Al systems to align
with regulations. All in all, Al can transform risk management and fraud detection in financial
services. Operational efficiency can be improved by financial institutions to promote prediction
capacities and fraud defenses. For efficient application of Ai in such roles, it is vital to assess
artificial intelligence role in improving ability to identify deceit and managing the uncertainty.

Objectives of the study
* To evaluate the impact ofAl in risk management and fraud detection by financial services
organizations
* To compareimprovements in fraud detection across small, large and medium scale
organizations
* To determine the relationship between adoption of Al and customer satisfaction in fraud
detection and risk management

Hypotheses
* H1-Thereisasignificantimprovementin risk management in financial services organizations
after Al adoption
* H2 — There is a significantly reduction in fraud instances across organizations after Al
implementation
*  H3 - There is aimportantdirectassociation between adoption of Al and customer satisfaction
in fraud detection and risk management

http://www.shanlaxjournals.com 185



Al For Business Transformation: Exploring Innovations in Banking, Insurance, Marketing and Management

Research Methodology
Design of theResearch

Quantitative research used in this research to determine the relationship between adoption of Al
and its impact on fraud detection and risk management in financial services organizations. It will
include empirical analyses which include online survey, along with collection of secondary data
from relevant studies for hypotheses formation.

Data Collection

Data collected from IT experts, data analysts and managers in financial services organizations
by using questionnaire which include close-ended questions related to demographics and dependent
(risk management, fraud detection, and customer satisfaction) and independent variables (Al
implementation) based on 5-point Likert scale. Previous studies deals with fraud detection, risk
management, and Al implementation in different organizations, are the sources of secondary data.

Sampling

Stratified random sampling technique will be used for data collection. This technique is suitable
to ensure diverse representation of samples based on Al adoption and organization size. For robust
statistical analysis, 250 participants have been targeted.

Variables
Here are the dependent and independent variables considered for hypotheses testing

Dependent Variables
» Risk management — speed of decision-making, accuracy, and level of risk management (%)
*  Fraud detection — efficiency in risk detection, reduced fraud cases, false positives
*  Customer satisfaction — as per survey data

Independent variables
Adoption of Al
Data Analysis
Here are the tests used for hypotheses testing
* For HI, independent samples t-test will be used to compare the impact before and after
implementation of Al
» For H2, one way ANOVA test will be used to test fraud reduction level
* For H3, Correlation test would be performed to test customer satisfaction with Al
implementation

Data Analysis
Demographics

Out of 250 respondents, 95 (38%) respondentsare in the age group of 26 to 35, 37 (15%)
respondents are in the age group of 18 to 25, 66 (26%) respondents are in the age group of 36 to
45 , and 52 (21%) respondents are in the age group of above 45 years in this study (Figure 1).
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Figure 1 Age Group of participants

Out of 250 respondents, 127 (51%) respondents are data analysts, 112 (45%) respondents are Al
experts, and 11 (4%) respondents are risk managers in their organizations (Figure 2).

11, 4%

‘ 112, 45% = Alepe
4 = Data Analyst

127, 51% Risk Manager

Figure 2 Role in the Organization

In size of the organization, 125 (50%) participants work in small-scale organizations with
less than 100 employees, 75 (30%) participants work in medium-scale organizations with 100 to
500 employees, and 51 (20%) participants work in large-scale organizations with more than 500

employees (Figure 3).

oy |
51, 20% =100 o 500 employees

(Medium)

m | ess than 100 employees
(Smnall)

« More than 500 employees
(Large)

124, 50%

Figure 3 Organization size

When it comes to providing financial services, 124 (50%) participants claimed that their
organization has been operating in financial services for less than 5 years, 88 (35%) participants
said that their organization has been operating for 5 to 10 years, and 38 (15%) participants said that
their organization has been operating for more than 10 years in financial services (Figure 4).
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Figure 4 Organizations operating in financial services sector

Hypotheses Testing
When it comes to Al adoption in organizations, 239 (96%) employees have observed that

their organizations have adopted Al and only 11 (4%) employees’ organizations haven’t adopted
Al yet (T-1).

T-1 Adoption of Al in organizations

Frequency Percent Valid Percent Cumulative Percent
Yes 239 95.6 95.6 95.6
Valid No 11 4.4 4.4 100.0
Total 250 100.0 100.0

There are 44% of participants (n = 109) who observed more than 50% improvements in fraud
detection after adopting Al in their organizations, 76 (30%) participants have observed 26% to 50%
improvements in fraud detection, 34 (14%) participants have observed 11 to 25% improvements,
and only 31 (12%) participants have observed less than 10% improvements (T- 2).

T- 2 Improvements in fraud detection after adopting Al

Frequency Percent Valid Percent Cumulative Percent
Less than 10% 31 12.4 12.4 12.4
11% to 25% 34 13.6 13.6 26.0
Valid | 26 to 50% 76 304 304 56.4
More than 50% 109 43.6 43.6 100.0
Total 250 100.0 100.0

When looking at independent samples t-test results, the value of significance (p-value) is 0.000
(p<0.005), which indicates significant difference in fraud detection among organizations which
adopted Al than those who didn’t. Hence, there is highly significant difference among the groups
in improvement in fraud detection. Mean value of 3.01 among organizations which adopted Al
indicates that those organizations had observed significantly lower fraud incidents. However,
organizations with adoption of Al might face a transitional phase or learning curve before achieving
best performance in fraud detection. Overall, H1 is accepted, i.e., there is a significant improvement
in risk management in financial services organizations after Al adoption (T- 3).

T- 3 Improvement in Fraud Detection

Al Adopt | N | Mean | Std. Deviation | Std. Error Mean | F value | Sig. (p-value)
Fraud Yes 239 3.01 1.037 .067 17.613 0.000

Improve No 11 4.00 .000 .000
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When determining the reduction of fraud incidences across organizations, improvement in fraud
detection treated as a dependent variable and organization size treated as independent variable.
Significance value of 0.000 (p<<0.005) express statistically major difference in fraud improvement
scores across organizations (Table 4). It means at least one group has major fraud detection
improvement over others.

T- 4 One Way ANOVA Test between Improvement in
Fraud Detection and Organization Size Fraudimprove

Sum of Squares df Mean Square F Sig.
Between Groups 32.441 2 16.221 17.130 .000
Within Groups 233.883 247 947
Total 266.324 249

To find out which kind of organization had significant improvement in fraud detection, we
conducted Post-Hoc Test (Tukey’s HSD). It gives pairwise comparison among groups and shows the
one with significant difference. Here is the breakdown for small, medium, and large organizations —

*  Small vs Medium — The significance value was 0.000. It means fraud improvement scores
were higher in medium-scale organizations than small ones.

* Small vs Large — Again, the significance value was p<0.005. It means large organizations
have higher improvement in fraud detection than small ones.

*  Medium vs Large— There is no significant difference between medium and large organizations
when it comes to fraud detection (p = 0.276).

T - 5 Tukey HSD Test to find mean difference

(D Org | (J) Org | Mean Difference | Std. Sig. 95% Confidence Interval

Size Size I-J) Error Lower Bound | Upper Bound

Small Medium -.805%* 142 .000 -1.14 -47

Large -.534* 162 .003 -.92 -.15

Medium Small .805* .142 .000 47 1.14

Large 271 177 276 -.15 .69

Large Small .534% 162 .003 15 92

Medium =271 177 276 -.69 15

*. The mean difference is significant at the 0.05 level.

In T - 6, small organizations are in Subset 1 and Mean score of 2.7 indicates lowest fraud
detection improvement. On the other side, large and medium organizations are in Subset 2 with
Mean score of 3.24 and 3.51, respectively, indicating higher fraud detection rate.

Table 6 Homogenous Subsets in Tukey HSD

Subset for alpha = 0.05
OrgSize N 1 2
Small 124 2.70
Large 51 3.24
Medium 75 3.51
Sig. 1.000 212
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The ANOVA test shows significant differences in fraud improvement across organizations.
As small organizations have lower rate of Al adoption, fraud detection is definitely lower than in
medium and large organizations (which are more likely to adopt Al). The impact of Al increases
once an organization passes a certain threshold of adoption of Al. It means H2 is partially
accepted, which means there is a significant reduction in fraud instances among medium and large
organizations after Al adoption, while there is no improvement in small organizations.

The significance value (p = 0.000) suggests significant correlation between implementation
of Al and level of satisfaction. The r value of 0.454 shows moderate positive relationship, which
means rise in Al adoption tends to increase customer satisfaction. It may be because of improved
decision-making accuracy, improved speed and efficiency in services, and reduced fraud and
customization to provide better experience. Hence, results in Table 7 support the H3, i.e., there
is aimportant directconnection between between implementation of Al and level of satisfactionin
fraud detection and risk management.”

T 7 Correlation- Implementation of AI and Level of Satisfaction

AlAdopt | Customer Satisfaction
Pearson Correlation 1 A454%*
Al Adopt Sig. (2-tailed) .000
N 250 250
Pearson Correlation 454%* 1
Customer Satisfaction Sig. (2-tailed) .000
N 250 250

**_ Correlation is significant at the 0.01 level (2-tailed).

Discussion and Conclusion

In this study, small organizations have reported significantly lower improvements in fraud
detection than medium and large organizations. In fraud detection, there is no major difference
between medium and large organizations. It means fraud detection rate may be impacted by
organization size. There are chances that smaller organizations are facing challenges in detecting
frauds. Small organizations lag behind their larger counterparts. Medium and large organizations
have no difference in fraud detection. The impact of Al levels out once an organization cross a
specific limit of resources and adoption. Medium and large organizations may have better access to
risk management resources and Al, but small organizations need targeted approach to adopt Al for
fraud detection. In addition, there is a significant association between adoption of Al and customer
satisfaction related to improving risk management (p<0.005). This way, organizations can align Al
with their customer service goals and leverage this relationship to implement Al smoothly.

Adoption of Al also shows clear benefits like improving fraud detection and risk management.
Hence, Al is a valuable tool to improve operational efficiency. In medium and large organizations,
fraud detection is better. Even though customer satisfaction improves with adoption of Al,
companies should still retain their customer-centric approach to make the most of it.

When it comes to implications, this study recommends organizations to focus on Al investments
to improve fraud detection and risk management. On the other hand, small organizations need
tailored Al solutions or further support to make the most of it. All organizations should integrate
Al tools with customer service processes to improve and maintain customer satisfaction levels.
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