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Abstract

Al BI systems with integration to Big Data is going to help change the face of the detect fraud for banking sector
in United States. This paper examines how these technologies make it possible to detect fraudulent activities in
real-time: the novel being that mega yards of transactional data may have to be ingested and analyzed in near real-
time to make way for machine learning, predictive models, and/or Al. Banks are on the receiving end of those
more advanced techniques and with the use of Al and Big Data there is capacity to analyze of those fraud patterns,
improve accuracy and eventually diminish the made losses. However, the actual application of these systems has
its drawbacks: concerns for data protection, having algorithms with certain biases, a history of the corresponding
system being meddled with and needing to be updated. The present work aims to consider a few examples of
applying the Al solutions in practice to investigate actual and pilot cases of frauds in the big US banks, such as
JPMorgan Chase, Bank of America, and Wells Forgot. It also includes an emergence of fraud detection systems
which in form of block chain technology, enhanced biometric science, quantum technology and shared fraud
detection platform. However, all these technologies are seen to offer a great potential for enhancing the security
level of the banking sector, especially as regards the prevention of fraud activities in the field. These are the goal
posts which financial institutions have to clear while adopting change, controlling frauds to combat new techniques
in an environment that moves towards an online financial services consumer’s environment.

Keywords: Al benefits, risks and applications, such as using Al for fraud control, Business Intelligence, Big Data,
machine learning, predictive analytics, real-time fraud, the US banking industry, block chain technology,
biometrics, quantum computing, algorithmic prejudice, data protection.

INTRODUCTION

The United States has witnessed enormous growth of technology in the banking sector in the last few decades and
the use of Big Data and technology Al is one of the most pioneering changes. Consequently, with more and more
economical organizations being threatened and challenged by the emergent and iterative digital environment, there
has indeed never been a higher call for more novel strategies against such financial fraud risks tackled real-time.
This paper offers the chance to connect Big Data with artificial intelligence powered Business Intelligence (BI)
systems as a measure of safeguarding sensitive financial data and banking secure operations [1]. New types of
risks including identity theft, credit card fraud and account take over have emerged in the banking sector in form
of cybercrimes. This type of fraudulent behavior is on the rise because the mass of information gleaned from
financial operations is on the rise too. Traditional methods of fraud detection as well as knowledge based and
manually time-consuming and they do not detect and respond to fraud until it has already happened, and in addition
to this the accuracy score that they offer is not very high which hardly enable the banks to fight fraud in real-time.
As a result, the financial institutions have adopted the Al and the Big Data analytics in the identification of any
unlawful activities and preventions of risks [2].

As the engine of this technological transition, Bl systems are built using information technologies and, more
specifically, artificial intelligence. These systems could handle transactional data at high speed in real-time to give
far better results on trends, deviations and threats than traditional approaches. It also allows the banks to detect
fraud in its infancy and besides it also allows the banks to counteract any further loss by immediately responding
to new threats. Besides, they pointed out that Big Data can enhance the efficiency of Al systems because the data
on which Big Data operates is diverse in terms of data type and, therefore, enhance the efficiency of fraud detection
models [3]. The large volumes of transaction data means that Al can refresh its learning from the new patterns and
the systems also have the ability to enhance the detection methods as new strategy are developed by fraudsters.

This paper is centered upon Big Data, Al and Bl systems with a view to analyzing their real world applicability in
real time fraud detection system in the banking sector of United States. The paper describes advantages of applying
artificial intelligence to fraud detection, issues of financial organizations, and potential trends of such technologies
in financial securities. In this section, the background to the material that will be presented in this article is
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presented by considering the relevance of Big Data, Al and fraud detection in the modern business environment
of banking [4].

BIG DATA, AS WELL AS ARTIFICIAL INTELLIGENCE

When analyzing recent advancements in banking and their connection, two primary pillars may be distinguished:
Big data and Atrtificial Intelligence. I will therefore briefly describe each technology to appreciate how they play
a role in enhancing the fraud prevention in the United States banking industries before continuing with the paper.

Big Data in the Context of Banking: Big Data as defined a system that deals with the large amounts of structured,
semi structured and unstructured data that is being generated at an incredible rate. In the context of banking
business, this data can be obtained directly from customers within branch and ATM level, through mobile and
internet banking channels, from social media platforms, as well as, from external sources of market data and third-
party information [5]. The data is not only big data in terms of size and complexity but also poly-structured in
terms of the data types that include text, image, voice and transactions logs. Banks perform petabytes of data on a
daily basis and at the present, volume is only rising. The prerequisite to such amounts of information accumulation
gives banks a lever that in turn shall enable them to understand the behavioral patterns of the customers, the
efficiencies of the various branches and offices or even the existence of various new fraud schemes [6]. Old
fashioned like databases and analytical software programs can deal effectively with such big data and big data as
well but will need Big Data like Hadoop and Spark. Such degrees of freedom afford flexibility to banks to control,
manage and compute data over the network so that the system itself can grow and accomplish the work on the
mentioned scale. Big Data analytics will make the Big Data technology capable of doing identification of patterns,
analysis of customers and assessment of other behavioral patterns, and identification of suspicious activity or fraud.

Role of Al in Modern Business Intelligence (BI) Systems: Artificial Intelligence, on the contrary, is the division
of computer science, which is aimed on creation of systems capable to solve tasks which can be solved only
Oriental intelligence, including pattern recognition and learning. Cognitive computing includes Machine learning
(ML), Natural language processing (NLP) and Deep learning (DL) and all fall under Al but all have different uses
in banking industry. When incorporated in Business Intelligence Bl systems, Al makes it easier for banks to fully
exploit their Big Data through intelligent decisions in operation [7]. For example the application of machine
learning involves developing one that forecasts risk factors and identify suspicious activities in real time. They are
constantly updated over time as the ‘Al models learn” from new data to make it effective at putting through fraud
detection. With the help of Al-based BI systems, it is not only possible to analyze fraud attempts and prove them
but also define the organizations or departments which should be under more careful control in the future [8].

The Synergy between Big Data and Al: Combined with the help of Big Data, the Al enhances the BI systems’
potential in detecting fraud when it happens, in real time. Big data coupled with an intelligent algorithm and
intelligence enables the financial institutions to not only analyses past data strait but to also identify emerging
threats and transition of fraud techniques. For instance, based on deep learning approaches, one can implement
complex developments operating with enormous databases to explain in apparent patterns and outlying conditions
that a human analyst or conventional anti-fraud systems cannot detect. However, Al heeds the ability to forecast
future incidents due to the integration of real-time Big Data feeds to the learning job, while also providing a
powerful way of refining the detection job frequently [9]. As new transaction data is fed into them, these systems
learn and enhance over time, making the recognition of fraud patterns better even with increasingly complex heists.
When it comes to application Big Data and Al can help the banks improve their mechanisms of fraud detection
and prevention dramatically compared to regular means. This integration of the technologies not only assist the
banks protect customer’s assets but also gains confidence and the overall security of the banking environment is
also advanced [10].

REAL TIME FRAUD MONITORING IN BANKING

Anti-fraud measures have been crucial for banks in the past, and given the recent popularity of digital banking, the
banks require better technological solutions to overcome modern sophisticated frauds. Pre to date financial
institution used simple, rigid and once only based rule to detect suspicious activity. These systems compared the
transaction data against predetermined rules for example transaction size, regular changes of the account details or
geographical oddities which are suggestive of fraud. These methods were, nevertheless, usually slow, post hoc,
and fault tolerant for a high throughput environment more characteristic of present day transactions [11]. On the
other hand, real-time fraud detection is a relatively more modern and aggressive action that employs the most
advanced tools for accomplishing the fraud as it occurs. This approach is particularly crucial in the context of
frequent financial transactions where quadrillion of dollars are handled daily through digital instruments. In real-
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time system, every transaction can be validated within a snap of a finger thereby denying any dubious transaction
a chance to go unnoticed [12].

Global fraud detection and prevention market 2023-
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Figure 1: Global Fraud Detection and Prevention Market (2023-2030)

The Importance of Real-Time Monitoring: Real-time fraud detection has several uses as is explained below.
First of all, fraudsters never sleep and are introducing even more advanced scams that facilitate the penetration of
above mentioned security. Most fraud activities are completed in a second, that is why if banks cannot detect the
fraud in real-time, they may face severe financial losses. For instance, misuse of credit cards, identity theft and
other invasions into personal accounts only take a few minutes and responses that are delayed cannot suffice [13].
The customers’ attitudes and the expectations are different as we witness today being in the electronic business
age. Customers require more expeditious and ease of services and want security with no impairment of
convenience. Real-time fraud detection helps to build credibility by letting clients know that fee, account and
identity data is safe from fraudulent attempts and that any prohibited activity is promptly detected [14].

Traditional Fraud Detection vs. Al-Driven Approaches: Old security approaches to fraud detection were
preprogrammed, using historical data and static detection rules that could identify only established threats.
However, what Al based fraud detection systems do is quite a bit more than that as they employ machine learning
techniques in order to analyze large volumes of real time transactional data. These algorithm can also recognize
when there are new forms of fraud that have not been seen before and can point out other anomalies in traffic that
could also indicate fraud [15]. They can perform thousands of transactions in one second; analyzing it, checking
against similar types of fraud and, if necessary, learning new scenarios, automatically. For instance, an Al
application that is purposely designed for a particular user may immediately note if there is an above-average-sized
transaction, or if it is located in an unusual place or if it is made too frequently. It can also observe external cues,
the device of the transaction, or even typing style and mouse movements because each person is exclusive to their
pattern [16].

Benefits of Real-Time Fraud Detection: The subject of informative real- time fraud detection systems has
significant advantages. In the first place, they allow enterprises to avoid considerable losses due to fraud detection
beforehand. Also, real-time systems make customers more satisfied because customers can immediately know any
undermining activity in their accounts, and take appropriate actions. However, these systems lessen the amounts
of work attributed to banking employees to handle, especially when these involve isolating different cases of fraud
from other pure alert noise that an Al model can handle [17]. Therefore, the presented real-time fraud detection
using Al and machine learning can be considered as efficient and scalable solution to protect banking sector from
constantly increasing fraud risks. The implementation of these technologies will make the banking arena safer for
customers and their financial investment hence a more secure banking system [18].
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BUSINESS INTELLIGENCE SYSTEMS AS A TOOL

The BI systems have been in use for many years in decision-making processes throughout industries such as the
banking industries. These systems assist organizations to capture huge datasets to make information that can inform
organizational improvement processes. When it comes to anti-fraud measures, Bl systems are crucial since they
allow banks to track the transaction information at the same time as notice fraud."

How BI Systems Integrate with Big Data and Al: Bl systems are not a separate technology solution in the
banking field; they are most efficient when implemented in parallel with Big Data as well as Al. Big Data offers
the great volume of transactions and behavior data required to identify fraud, as well as the appropriate Al
algorithms used to recognize patterns and make estimations regarding fraudulent actions [19]. BI systems play the
role of an enabler where all these components come into existence to support the Bl systems to collect and process
data from a number of sources and further help in presenting it in the manner required. Bl tools assist banks in
analyzing and sorting large datasets and providing the necessary information in workable formats. For instance,
dashboards and reports, created by Bl systems, provides fraud analysts and decision-makers with the possibility to
manage patterns, trends, and anomalies in the real time mode. But with Big Data integration, it enables more
accurate detection of, say, fraud by using complicated machine learning models on Big Data, and then making the
results in a format that can be easily consumed by human analysts [20].

Benefits of Al-Powered Bl in Fraud Detection: In fraud detection, there are several benefits posit/s that can be
provided by an Al-powered BI systems. First, they also improve the efficiency of the fraud detection by providing
real-time analysis of transactional data. Bl using traditional techniques of data analysis that involves physical audits
and use of standard procedures cannot offer the same speed with accuracy as that of the automated BI system based
on artificial intelligence. Intelligent Bl systems use artificial intelligence to learn on their own as they carry out
analysis on different data sets [21]. For instance, while it is easy for machine learning algorithms to learn fraud
patterns and change the model specifications when new trends emerge, their predictive capabilities increase over
time. Therefore fraud detection is not only reactive involved in describing fraud based on scenarios that have
already happened but also proactive in that the techniques has to predict fraud scenarios before they happen. The
other advantage that is apparent is that fewer false positive results are reported. Conventional models of fraud
detection generally lead to high numbers of false positives where sound transactions are marked as complied with
fraudulent intentions resulting in inconvenience to the customer. However, by using Al in Bl systems more
complex variables can be employed to distinguish between fraudulent and accurate transactions causing less
numbers of false positives to be generated affecting the customer experience [22].

Benefits of Al in fraud detection
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Figure: 2 showing benefits of Al in fraud detection
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As a result, the role of applying Al in the construction of Bl systems is Scalability. These systems on average have
endless progress as far as the ability to handle larger volumes of transactions without any compromise. As for
operations, it is possible to expand models through which the basic level of fraud detection is offered, without a
proportionate relative increase in resource or infrastructural demand. Bl systems are rudimentary in Al enhanced
fraud detection in the banking sector [23]. When applying Bl systems with Big Data and Al, the banking industry
is capable of analyzing vast amounts of transactional data instantly, identifying such actions, and enhance the
initial array of preventive measures against fraud incidences with the use of Al. These systems offer great
optimality of speed, accuracy and scaling in combating more new threats that continue to emerge in financial fraud
[24].

TECHNOLOGIES FOR THE IDENTIFICATION OF FRAUD

This paper therefore assesses the extent to which advanced technologies that exist in today’s banking environment
can detect fraud. Of these, Machine Learning, Predictive Analytics and Artificial Intelligence are the critical in
formulating the advanced breed of fraud mitigation systems. These technologies help the banks to capture and
manage large data volumes, or to reveal patterns that may lead to emergence of the fraud [25].

Machine Learning Algorithms in Fraud Prevention: Within the kernel of figure of Al, motivated fraud
detection, there is machine learning. Whereas the first two methods involve pre-programmed rules indicating
fictitious users in a program, machine learning identifies and concludes which one is defined by previous
experience as fake accounts and other strange correlations thereto. In long-run such algorithms are better in
distinguishing between actual genuine transaction from fake activities and transactions [26]. For better
understanding, supervised learning as a machine learning technique is applied to model the training sets where the
data points belong to features like for example, fraudulent transactions. Such models then go on to build the
knowledge on new inputs of data and alert about fraud should there be in a real-time manner. When the data is
presented and not pre-tagged, the system is capable of identifying new and unknown form of the fraudulent scheme
since the data is format-free useful when new attacks and modifications occur to the existing one. Therefore, the
machine learning models are always evolving in a dynamic environment just as it decides in real time and is less
dependent on the current rigid rules [27].
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Figure: 3 showing role of machine learning in fraud detection

Predictive Analytics for Identifying Fraudulent Patterns: Predictive analytics may apply some statistics tools
and models, and it use the concept of machine learning for making future forecast. In fraud detection, predictive
analytics allow to define which transactions are potentially reckless even though they have not occurred yet. As
fraud appears in some specific patterns in the beginning, an evaluation of the likelihood that definite purchases or
actions are criminal enables banks to respond before they lose more money [28]. For example, analysis of spending
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could be made to be a predictor and when determining it, other factors such as geographical region or transaction
density could also be included, afterwards, any transaction which deviates from the behavior baseline by distance
could be checked. It is widely defined as online transaction monitoring which encompasses the efficient analysis
of customer data bases for immediate detection of fraud projects as an additional layer of security [29].

The Role of Al in Fraud Detection: The typical Al and its categories, Natural language processing, and Deep
learning enhance the techniques of the confrontation of fraud, and the fraud detection system is a set of
technologies. Real time analysis of the transaction data is possible with the help of Al in order to bring out the
suspicious activity as fraud. Due to the high speed of data processing, Al systems recognize such potentially unsafe
actions that may remain unnoticed during regular monitoring, detection means. Al can also try to improve the
fraudulent detection and this by trying to include behavioral biometrics for example, which aims at studying how
a given customer may be engaging with the mobile application or the website [30]. These are typing speed, the
movement of the mouse, force with which a touch pad or touch screen is clicked or tapped, and the speed at which
itis clicked or tapped-they are parameters that are unique to the user and cannot in any way be imitated.. Therefore,
by embedding behavioral biometrics in the security model, the banks overcome factors of fraud such as identity
theft and account cloning. Machine, learning, analytics, and other advanced intelligence which are regarded in
industries are also transforming the fraudulent detection in banking now. Using these tools, banks can analyze the
continuous flow of transaction data, quickly detect large patterns of fraud, and construct credible models of further
frauds. These technologies help the bank not to be on the receiving end by fraudsters as well as protect the
customers [31].

PARTICULAR ILLUSTRATIONS AND APPLICATION IN PRACTICE

The articles provide useful examples of applying Al based fraud solutions in the banking industry to give insights
on how various technologies such as Al are applied to tackle a emerging threats. Many commercial banks and
other monetary institutions in the United States of America have adopted complex technologies for fraud detection
by the proper application of Big Data, Al and Machine Learning. It is rather useful to mention some practical
examples that reflect the efficiency of the described technologies and the result in combating fraud [32].

JPMorgan Chase: Al and machine learning have been employed in the United States’ biggest bank, JPMorgan
Chase as a weapon to fight fraudsters. The actual use of detailed Al algorithms involves procedures that help the
bank detect suspicious transactions right on the instant and account behavior together with other elements.
However, when adopting a deep learning technique, JPMorgan Chase is able to build right fraud maps and future
plans. That means that the bank’s system updates itself continually through learning from previous deals to boost
its probabilities of detecting unlawful deals [33]. By far, JPMorgan Chase has achieved a milestone in fraud
detection system in a way that the system differentiates the suspicious transactions from the original ones before
the transactions are conducted. This is so because; artificial intelligence application in tracking fraudulent
transaction on Real time transaction, will make the endangered bank save much time it usually used in detection
of fraudulent transaction. This has not only dealt with cases of loss making, but has also made it possible for the
bank to go on maintaining the trust of customers [34].

Bank of America: The bank has also incorporated artificial intelligence based Fraud Fighting solutions for the
customer. This is has been applied at the bank by creating machine learning models to decide, develop and put into
use models for processing large volumes of transactions to search for patterns of fraud. For instance, through
machine learning, the bank had developed ways which assist the firm to identify ugly events like account takeover
or fraudulent transactions using the usual pattern of the customer [35]. In addition, processes of Biometric
authentication are integrated into the fraud detection services of the Bank of America. Through face recognition
and fingerprint scanning the bank has enhanced the general efficiency of ascertaining customers and prosecution
of cheating. In addition, it has helped the bank to reduce drastically the fraud rate and offered customers secure
banking facilities [36].

Wells Fargo: More significantly, Wells Fargo has integrated some of its operations with the help of Al-based
fraud detection especially working on credit card frauds. Machine learning is applied to process the transaction
data in real-time, and identify suspicious grants of spending which may be fraudulent. Wells Fargo’s system can
alert it to a specific transaction if it seems out of the ordinary in relation to the spending pattern of the specific
customer in question, including for instance, a large purchase, a purchase at a geographical location different from
the usual. What is unique for Wells Fargo here is the active application of behavioral biometrics that focus on
actions performed by customers with respect to their accounts [37]. This data is however incorporated with models
for detecting frauds to improve on fraud prevention. Wells Fargo has indicated that it has enhanced the accuracy
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of identifying the fraud incident to increase separations between the falsely detected fraud and the true fraud to
enable the actual transactions to happen as planned.

Success Stories and Lessons Learned: The use of cases and examples illustrated in these cases shows that the
application of Al in fraud detection greatly minimizes fraudulent operations in different banking products. Worthy
of note, nevertheless, are some practical effects which may be discussed as lessons learnt from the applications
shown above. It is noteworthy that model training and adjustments are a priority of ongoing work in such a system
[38]. The key issue here is that as fraud tactics change, Al models must be able to change too in order to address
the new strategies. In all these cases the institutions spend a lot of resources in recalibrating their models for the
new data that will help them resist new forms of fraud. The final important lesson that we can learn from this case
is that mess is good for customer experience. Although preserving the antifraud infrastructure is the key task, it is
highly important for the banks not to let their security measures interfere with the end-user experience. The key
and the primary concern whether it be security and convenience can be a problem; however, the banks that are
able to crack that nut well are in a better place to sustain the customer’s trust while at the same time minimizing
the fraud [39].

These case studies bring in the pragmatics of how Al, ML, and Big Data contribute towards the banking industry’s
anti-fraud activities. With the help of such technologies, a number of big level banks like JPMorgan Chase, Bank
of America and Wells Fargo, has enhanced their fraud detection systems, which minimized the loss of bank as
well as increase confidence level of customer. The above successful implementation of the model is proof that
other financial institutions could make use of the present model to improve their fraud detection techniques [40].

CHALLENGES AND LIMITATIONS

Today, Al application for reducing fraud is the spring of banking industry, however its application is not without
certain difficulties. Despite the prospects Big Data and Al technologies can show in terms of detecting fraudulent
activities in real-time, there several challenges that financial institutions need to overcome to maximize the use of
these technologies [41]. Some of these challenges include; Data protection Act, Algorithmic bias, Integration
problems, and Monitoring and updated frequently.

Data Privacy and Security Concerns: However, Al-based anti-fraud systems are not completely devoid of
drawbacks, and one of the largest drawbacks is the problems of data protection. Customers transmit their personal
information, some of which can be sensitive, regularly to financial institutions, which then preserve all of their
transaction records, details, and behaviors. However, such a data set is essential for detecting fraud, and Al systems
require this data in real time which increases the involvement of the data being hacked [42]. Even though, banks
commit lots of capital into protecting their data assets, the potential for cybercrimes, and data breaches does exist.
Also, Al systems are designed to operate in one system or multiple systems of different organizations, and they
use data sharing, which is also a problem of privacy [43]. For instance, information collected from third parties or
information that is sold, swapped between credits or financial institutions may pose a great threat to the customer’s
privacy if not well regulated. Financial institutions have to uphold regulatory requirements such as the GDPR or
CCPA to uphold the privacy of people’s data and extend consumer loyalty.
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Figure: 4 showing impact of Al in data privacy
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Algorithmic Bias and Accuracy: There is another difficulty for Al to combat fraud effectively — algorithmic bias.
The machine learning models are based on a set of historical data and so occasionally the prediction may be biased
if the input data set utilized to train the models was a partial or a less comprehensive data set. For example, if the
training data-F contains two to three specific frauds (biases) then the system is going to be less efficient while
recognizing the new fraud patterns [44]. This can sometimes lead to production of a false alarm, or in some
circumstance a lack of alarm at all. Bias can also surface where the various demographics of a society are involved,
and this is against the various demographics of a society. For instance, if the data that was used in training the
fraud detection model does not contain adequate information regarding specific customer, tendencies of such a
model are to label all transactions from certain region or customer group as fraudulent. The correct treatment of
customers means that Al models must be trained on relevant and random datasets, and this data should be tested
for bias regularly [45].

Integration with Legacy Systems: When implementing fraud detection systems based on artificial intelligence in
banking organizations, it is necessary to connect them to existing classic systems, which often becomes a
cumbersome process. This is a problem for many of today’s banks because their infrastructures are legacy, and
were not built for today’s massively scaled, data-intensive fraud detection. Since Al models need to access large
volumes of real-time data, it may be difficult for the supporting systems- legacy systems to support this
topographical change without requiring too many enhancements or scrapping [46]. Similarly, costs and time to
revamp or replace old-archetype systems may also pose significant challenges for small-scale channel-partner
banks or other financial organizations having restricted capital and budget. Banks are trying to strike the balance
between implementing the latest technological solutions to combat fraud and, at the same time, minimizing
disruption to business continuity while upgrading legacy systems [47].

Continuous Monitoring and Model Updates: Perhaps, the secret to good Al models is that they are not “set-and-
forget” kinds of things. These systems need to be, therefore monitored constantly and updated periodically to
ensure that they remain useful in detecting cases of fraud. That’s why fraud patterns change frequently, and Al
models must be updated as often as possible to include new data. It may cause the performance of these systems
to decreases if these systems are not fed with new patterns or optimized to improve for new fraud techniques.
Supervised learning in monitoring means that adjustments are made constantly, so that an Al system is not drifting
or getting false detections [48]. It is a requirement in the financial institutions to invest in resources that would
make the fraud detection systems relevant no matter what the threats are at any given time.

Banks have already adopted Al-based FRAUD detection methods as very effective, but for these technologies to
be utilized to their optimum several challenges need to be met. Chief among them is data privacy whose violations
have resulted in huge penalties, there is a still a lack of full assurance that the algorithms used do not have bias,
integration with the existing large systems employed in organizations, and the fact that they require frequent
updates. It is therefore important to meet these challenges in order to improve on the efficiency of the Al fraud
detection system, its fairness and security of the financial assets as well as the improvement of customer’s
experience [49].

FUTURE COMMON AND GLOBAL TRENDS AND INNOVATIONS IN
FIGHTING FRAUD

The detection technology to fraud is on the advancement and seems to offer greater future to Banks and other
financial institutions on how best to fight fraud. This may make it obvious why the banking sector will have
undergo drastic changes because as fraudsters devises their strategies the banking sector will in turn devise better
strategies. Some trends and innovations in the area of fraud detection are evident in the future they include the
following; Block chain, Advanced biometrics, Quantum computing, Collaborative fraud detection [50].

Block chain Technology in Fraud Detection: In this paper has also realized that block chain in a capacity as the
technology of the fast growing crypto currencies has much potential relative to enhancing fraud detection. It is in
fact a decentralized ledger which allows to record actions that pass through different number of individuals and
can be employed in order to avoid manipulations or cheating. It is possible to organize a block chain in the banking
context in a manner that would check the transactions that cannot be easily tampered with and generate the record
of transaction that cannot be changed [51]. Thanks to the block chain technology the banks can improve the
protection from the double spending frauds in the context of the transaction control while at the same time
increasing the data integrity for such purposes. In addition, security possibilities of block chain can significantly
improve protection of customer information against Internet threats and penetration [52].

Ashok Ghimire __https://journal.mediapublikasi.id/index.php/bullet | Page 738




BULLET: Jurnal Multidisiplin limu
Volume 03, No. 06, Desember 2024

ISSN 2829-2049 (media online)

Hal 731-743

HOW DOES BLOCK CHAIN ENABLE FRAUD DETECTION?
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Figure: 5 showing that how block chain enable fraud detection?

Advanced Biometrics for Identity Verification: Thus, there is another interesting update regarding anti-fraud:
Biometric authentication in the process. The other basic type of securities for an example use of passwords and
PINs are relatively easy to be stolen or hacked. However, biometric identification is mostly safe and increasingly
more banks utilize fingerprints, face and voice recognition, even iris scanning to identify the buyer [53]. Bio-
metrics can provide a more accurate and almost real time identification of the customers and the FID For instance,
behavioral biometrics; typing behavior, movements of the mouse and contacts with the gadget can help to create
a personnel profile. This layer the more an extra layer on the fraud since it is almost impossible for fraudsters to
emulate such subtle unique features [54].

Quantum Computing’s Role in Fraud Detection: In the next several years, quantum computing will be the future
of fraud detection and will already be in its initial stages. Quantum computers are those private-compared PCs that
can analyze large data in the shortest time possible and are more sophisticated than normal PCs. This means that
they can locate complex patterns of fraud in real-time even in the most unfavorable environment. All sign point to
the direction that quantum computing can enhance the applicability of cryptographic technologies, presenting
much better encryption strategies that can least be vulnerable to hacking [55]. Furthermore, using the further
performing of the quantum algorithms explainable, it is possible to calculate some kinds of fraud examples and
determine the probably attacks afterwards with high accurate. Due to all these scenario, as quantum computing
mature it is poised to be a key tool in identifying high risk frauds including those that are linked to deep fake or
large scale cyber encroachment [56].

Collaborative Fraud Detection Networks: The next trend today is the trend to build networks of financial
institutions for the purpose of fraudulent activities identification. Today bank and other financial organization are
even exchanging data and canalization about fraud pattern in real time which has a broader view and understanding
about the fraud within a bank. This is the case since on its own an organization can only achieve so much, but
when they partner or fund an association, funds are pooled together, and intelligence can be more efficiently
compiled towards the detection of cross-border or multi-channel fraud. It is also important as these collaborative
networks can identify fraud patterns that specific institutions cannot access because of a shortage of funds and
data. It will be easy to reduce the fraud risks and the protection measures as a whole if the banks voluntarily agree
to do so [57].
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Al and Machine Learning Advancements: As time goes on the advancement of Al, especially when combined
with machine learning will render the way to beat fraud all the more concrete and predictable. One will be
Explainable Al (XAI) which will involve the application of methods to Al for creating interpretable and transparent
machine learning models. With this change of perspective, others who are in charge of making financial decisions
will need to explain how the usage of Al tool got them to the final [58]. Which is true mainly because; XAl will
help in dealing with issues such as; Overcome prior prejudices about the bias of the algorithm in the training phase
and; improved understanding of how fraud detection models operate. Introducing deep learning into the systems
used to implement the medium will enhance their capability to detect long and complex patterns from large
datasets. This will help in identifying new types of fraud who hitherto would be difficult to classify as any of the
other traditional type of fraud through normal means [59].

As useful as the concept of fraud detection has been over the years it has been marked by constant evolution and
development in technology. From decentralized public transcription of databases where block chain security
contention or uses of verification modalities such as fingerprints to face recognition systems use of increased
computing power from quantum computers to solve the problems needing solution by the next generation of
detection systems [60]. There is need and it is still crucial for financial institutions to remain relevant in being
elastic as well as to remain vigilant in these tendencies where and when they exist in handling shifting fraud
patterns. By adopting these innovative technologies, such banks will enhance value addition to the consumer when
solving their credit problems, and prevent loss, thereby raising the consumers’ confidence in the new technologies
embracing the course’s digital financial front.

CONCLUSION

The application of Al BI systems together with Big Data for fraud detection is a level up for the banking industry.
Due to escalating risky incidents and as the risk bearer financial institutions experience more severe fraud plans,
these technologies offer a strong strategy to detect the fraudulent transaction in less time and with better accuracy.
By using machine learning and predictive analytical, and Al; banks as well as other financial institutions can
perform analysis on systematic high volumes of transactional data and make relevant decisions much quicker.
However, the problem exists in the implementation of these systems too. This has the problem that data privacy
has to be accomplished first and then comes problems, like bias, integration with existing programs, and continual
updating of the prescriptive models. Three challenges play an important role here: The efficacy of the methods as
applied fairly and accurately, protection from fraud in the systems, and the customer protection of their data.

It is still considered that the future for the process of fraud detection is rather promising, given the essence of new
technologies. Block chain solutions, biomimetic, and quantum computing fraud preventions applications are
already here and set-up to quickly transform the capabilities of these applications. This is an indication that more
connectivity of the financial institutions will strengthen the already emerging mechanism of shared cross-border
fraud intelligence which makes it hard for fraudsters to exploit their vulnerable areas. Al and Big Data technologies
embedded in fraud detection has potentially impacts the banking industry but as it turns to a new security concept.
Much more can still be achieved and yet the progress towards the success of fraud detection implies a promising
further development scenario. Banks and other financial institutions that implement such innovations and manage
the appearing risks and losses will be prepared to protect the customers, save the monetary loses and maintain the
customers’ confidence in the digital finance form. When a trend begins to form and advance in the future there
would be but the slight opportunity to significantly minimize fraud within the financial sector implying that any
significant improvements in the fight against fraud can only occur incrementally
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