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ABSTRACT

Al detecting anomalies hasn’t just been used to transform fraud
detection for US banks, it’s being used to reduce false positives.
Current rule based systems create excessive alerts and it leads to
inefficient costs and time. Machine learning, deep learning, and
real-time analytics along with Al solve the problem with behavioral
profiling, network analysis, and adaptive risk scoring to
dramatically increase accuracy and efficiency. Explainable Al
(XAJ) still matters in order to maintain transparency and fairness, as
per FInCEN and OCC. To comply with regulations, banks are
coming up with regulatory sandboxes and Al governance
frameworks. Crypto money laundering is becoming a growing issue
as monitoring tools, such as block chain analytics and Al-driven
crypto currency monitoring appear as the most effective way of
tackling it. Real-time AI monitoring, predictive analytics, and
federated learning for real collaboration without compromise to data
privacy are also future trends of AML. With the integration of Al
within regulatory compliant frameworks, US banks are able to
improve the AML effectiveness, reduce costs and increase the
financial security. In the banking world, Al powered AML solutions
will transform the financial crime prevention, ensuring a more

secure, efficient, and compliant banking system.
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INTRODUCTION

The US banking system requires Anti-Money Laundering (AML) compliance as a major function that
helps thwarting licit financial activities like: money laundering, terrorist fining and fraud. In the
United States, the Bank Secrecy Act (BSA) of 1970 is considered as the starting point for the wide
range of AML regulations; it mandates that the financial institutions put adequate measures in place
to identify and report suspicious activities [1]. In the years since, more regulations like the USA
PATRIOT Act (2001) and FinCEN’s Customer Due Diligence (CDD) Rule (2018) have further
reinforced banks” AML conditions, requiring banks to ramp up their monitoring systems and
compliance programs. In reaction to these regulatory demands, banks have traditionally depended on
a rule-based transaction monitoring systems to identify probable money laundering related
transactions. Such systems work by applying predefined rules and thresholds and flag suspicious
transaction for review by compliance teams [2]. However, rule based systems are plagued by some
major draw backs such as very high false positive rates, man power inefficiencies and a lack of ability
to detect sophisticated methods of money laundering. As criminals continue to evolve their tactics,

these traditional methods are unable to keep up with the changing risks [3].

As a transformative technology, artificial intelligence (Al) has found its way in the AML domain,
helping banks improve AML compliance with more accuracy and efficiency. Anomaly detection
models driven by Al are based on ML and deep learning methodologies that allow aware amounts of
transactional data and reveal hidden patterns in order to detect suspicious activities quicker and more
effectively than rule-based platforms [4]. Overall, one of the main benefits of Al in AML Compliance
is that they lower false positives while catching actual suspicious transactions. The algorithms of
machine learning can work with historical data and keep updating their capabilities of detection to
money laundering when new tactics are invented. Additionally, Al models can include behavioral
analytics, network analysis and risk scoring to present a more comprehensive picture of customer

activity and relationship [5].

In addition, Al powered AML solutions improve operational efficiency by automating the transaction
monitoring process, offloading the work for human analysts and freeing up the compliance team to
focus on cases that present a high risk. In addition, Natural language processing (NLP) techniques
are used to further analyze unstructured data including regulatory filings, news reports and suspicious
activity reports (SARs) to pick out emerging financial crime trends [6]. With US bank adoption of Al

for AML compliance on the rise, there are regulatory, data privacy, and model interpretation
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challenges to deal with. More and more regulators like the Financial Crimes Enforcement Network
(FinCEN) and the Office of the Comptroller of the Currency (OCC) are beginning to understand the
possibility of Al and yet they always remind the importance of transparency, explain ability and

comply with the compliance requirements [7].
CHALLENGES IN TRADITIONAL AML ANOMALY DETECTION

The issue that most plagues traditional AML (Anti Money Laundering) anomaly detection systems
for US banking in particular is a high rate of false positives. However, the traditional AML systems
solely rely on rule based methods where predefined thresholds or conditions trigger alarms to
suspicious transactions. On the other hand, these rules have been used to a good extent to identify the
known patterns of financial crime but have limited flexibility to adapt itself against this evolving
technique of money laundering [8]. Therefore, because banks are deluged by a flood of false positive
alerts, cases deemed suspicious that turn out to be legitimate, this proves to be a serious problem.
According to industry reports, traditional AML systems can have false positive rates upwards of 95%
which places an undue burden on operations teams. The manual review of flagged transactions is
resource heavy for banks and ultimately increases the cost, inefficiencies and delays resulting in
actual threats to be identified. Not only does this drain compliance budgets, but the time spent on
non-money laundering risks reduces the ability to focus adequately on genuine money laundering

risks [9].

Conversely, rule based systems are susceptible to missing complex money laundering activities,
particularly those involving structured transaction, techniques of layering and movements across
borders. Criminals always find new ways to launder their money through a variety of techniques to
avoid detection, and they use any perceivable gaps in static rule based systems. This has traditionally
made it difficult for banks to detect emerging threats in real time due to traditional models being
unable to recognize complex transactional behaviors that differ from predefined patterns [10]. In the
US, AML compliance is subject to very stringent regulatory environments that are also changing
constantly. However, banks are required to conform to numerous regulatory requirements: the Bank
Secrecy Act (BSA), USA PATRIOT Act, as well as the Financial Crimes Enforcement Network
(FinCEN) guidelines. Also, institutions are required to implement international AML frameworks,

e.g., those prescribed by the Financial Action Task Force (FATF) [11].
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Challenges in Traditional AML Anomaly
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Figure: 1 showing challenges in traditional AML anomaly detection

In the context of the financial sector, regulators mandate that financial institutions have sound AML
programs in place, to conduct customer due diligence (CDD), to monitor transactions for suspicious
activities, and to timely file Suspicious Activity Reports (SARs) when appropriate. Noncompliance
can carries huge fines, reputational damage and legal consequences [12]. More than enough money
has been set aside over the past decade as fines paid by US banks for AML violations, proving how
important anomaly detection is. Yet, Compliance requirements typically add further burden on banks,

so they must juggle between achieving the risk management and customer experience [13].

Monitoring more strictly can cause transaction delays finding unnecessary customer friction. Further,
regulatory expectations with respect to explain ability and transparency in AML models make it
cumbersome to deploy advanced Al driven solutions without clear explanation of its decisions [14].
Due to these challenges, banks are starting to look into AI powered AML solutions that can increase
precision in detection, decrease false positives, and overall enhance AML compliance effectiveness.
This section will explore how Al and machine learning models solve these issues with superior and

adaptive anomaly detection in US banking [15].
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AI-POWERED ANOMALY DETECTION MODELS

However, artificial intelligence (AI) has improved AML elimination by making use of complex
anomaly detection designs that can look through huge datasets, spot dubious transfers, and cut back
on false positives. In this regard, Al-based models can be divided into two category: supervised
learning and unsupervised learning. The supervised learning models can be used on labeled datasets
where historical transactions have been marked as suspicious or not [16]. In this way, these models
learn patterns from past money laundering cases to predict future case's likelihood of being fraudulent.

The common supervised learning algorithms utilized in AML include:

A collection of decision trees that improve the detection accuracy and lower the over fitting. It is
Logistic Regression which gives the probability of a transaction being suspicious given few features
like transaction size, frequency and customer profile. However, they work well with enough labeled
data, but are ineffective when new money laundering techniques are found. Most of the models are
trained on historical data, however criminals constantly evolve their tactics and a model trained on
historical data may not be able to identify previously unseen fraud patterns [17]. On the other hand,
the unsupervised learning models do not require labeled data. Instead they detect anomalies from
unusual patterns that are present within the transactions and which differ from the norm [18]. They
are very helpful in recognizing the new money laundering schemes that are growing. Common

unsupervised techniques include:

Transactions are grouped according to their similar behaviors (ex. K means, DBSCAN) and flagged
transactions that differ significantly. Neural networks that learn normal transaction patterns and call
out deviations as possible problems are auto encoders. Anomaly: Detects anomalies by isolating
transactions that do not conform to typical transaction’s behavior [19]. Prior work illustrates that
when selecting a model, unsupervised models do a better job at finding unknown types of money
laundering than supervised models, while having more false positives. On the basis of the complexity,
the Al powered AML detection models can further categorized from traditional machine learning

models to the deep learning models [20].

Structured data (like transaction amounts, the locations, and time stamps) is scanned by machine
learning models to search for unusual activities. The decision trees, support vector machines (SVM),
and ensemble methods such as gradient boosting are included in these models. Because they are

interpretable and can be fine-tuned to meet regulatory transparent requirements, they are widely used
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[21]. Neural networks, and recurrent neural networks demonstrated on the datasets, have taken AML
detection a step further by processing both structured and unstructured data. For instance, RNNs are
good at finding suspicious sequence of transactions over time. In addition, Graph neural networks
(GNNs) are being applied to AML detection because they can study relations between entities of a

network and detect hidden financial crime networks [22].
CASE STUDIES OF Al IMPLEMENTATIONS IN US BANKS

It’s not long before, several leading US banks have already put Al powered anomaly detection models
into their AML compliance programs. Machine learning improves the detection accuracy of AML and
reduces the number of false positives in AML transaction monitoring systems for instance JPMorgan
Chase. To identify hidden relationships between high-risk entities, Wells Fargo has used Al based
network analysis [23]. Deep learning techniques used by Citibank analyze high volume transactions
in real time to give them a faster and more accurate risk assessment possible. US Banks can harness
the power of Al powered models to make the AML compliance strong, track down the financial
crimes more effectively and comply with the regulatory requirements while cutting down on the
operational costs. We will then compare the different Al models that can be implemented for AML
detection in the next section and will highlight their effectiveness alongside practices to ensure using

the most suitable model in US banking [24].

Anti-Money Laundering (AML) compliance in US banking is facilitated by the use of Al to detect
anomalies using anomaly detection models. The different AI models however, vary in accuracy,
efficiency and adaptively. The comparison of these models assists financial institutions in identifying
the most suitable approach for identifying suspicious activities which generates relatively less false
positives. Broadly speaking, the type of Al models used within AML compliance can be defined in
terms of machine learning (ML)-based models and deep learning-based models. Each one of them
has its own merits and demerits [25]. Traditional AML systems based on Rule Based Models
essentially base the detection of suspicious activity on predetermined rules like a transaction threshold
or a relocation flag. They are both simple and interpretable, but produce high false positives and do

not detect new ways of money laundering [26].
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Figure: 2 showing Al implements in US banks

Rule Based Methods: Following rule based methods, Al models have the ability to learn something
from historical data, adapt to new fraud patterns, and have more precise ways of detection to reduce
false positives. Supervised Learning Models: These models take a labeled datasets (i.e., a dataset
where you know that a certain transactions are fraudulent and other are legitimate), and use algorithms
like, Decision Trees, Random Forest and Logistic regression. However, their reliance on past data
does not offer them good utility to uncover new fraud techniques, but are instead useful for detecting

known Money Laundering patterns [27].

Unsupervised Learning Models: Clustering models (K-Means, DBSCAN) and anomaly detection
models (Isolation Forests, Autoencoders) are some examples of this type which do not require labeled
data and are the most fit for picking unknown threats. They, however, tend to give rise to a more

significant number of false positives that need further refinement [28].
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US banks have greatly improved their money laundering activities detection with the help of Artificial
Intelligence (AI). But to make full use of Al in Anti Money Laundering (AML) compliance, the
models need to be improved using accurate data, real time monitoring and fair decision making. This
section digs in on some key strategies to get the detection accuracy up in these Al enabled AML
systems. Overall, the quality and diversity of the data used for training determines largely the
accuracy of Al models [29]. Due to the evolving nature of money laundering tactics, the fact that
these methods are adapted to the particularities of each country, and other privacy concerns, it is
challenging for many financial institutions to obtain a high quality labeled dataset that was sourced
with access to global financial crime data. In order to improve the performance of their model, banks

should:

Use several sources of transaction data: Historical suspicious activity reports (SARs), deep learning
models can also learn complex money laundering patterns when trained with multiple sources of
transaction data. Clean and preprocess data for consistency and free from duplicates & errors: This

ensures data integrity so that Al model built will be reliable [30].

Synthetic data: As labeled AML data is scarce, synthetic datasets can be leveraged that reflect real
world transaction behaviors, and yet banks do not have to violate privacy law to create such data to

train models [31].

Federate your learning: Financial institutions can use privacy preserving Al techniques including

federated learning allowing banks to share insights without having to compromise sensitive data [32].

Real-Time Transaction Monitoring and Adaptive Learning: Batch processing for transactions
takes place once they occur and become available in AML systems. Through Al, banks are able to
monitor real time transactions which helps banks to detect suspicious activities in real time. Key
approaches include: Real time analytics analysis of incoming transactions by Al models, identifying
anomalies and taking immediate action including freezing funds for further review [33]. These are
adaptive learning models: the Al systems learn from new data without using static rules and adjust
fraud detection thresholds and hone their accuracy as emerging fraud patterns unfold. It aligns with
behavioral profiling in that it monitors customer transaction behaviors over time to detect deviations.
Alerts could include wire transfers to offshore accounts that suddenly spike in high value. Real time
monitoring helps banks respond quickly to financial criminals and stop illicit fund movements before

they gain traction [34].
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Removes Bias and Improves Explain ability of the model. Despite the improvement potential of
Al in AML compliance, there are potentially troubling aspects of bias and model interpretability.
Financial institutions thus need to explain how Al makes decisions, to regulate how fair and how

nondiscriminatory they are [35]. To address these challenges:

Bias detection and mitigation: Any impacts of bias on the transaction monitoring as an Al model
must be audited and corrected to prevent a certain customer segments from getting unduly flagged as
high-risk. Explainable Al (XAI) using interpretable machine learning techniques (e.g. SHAP
(SHapley Additive Explanations)) enables banks to explain how Al models classify transactions and

justify decisions [36].

Human-AlI collaboration: Rather than auto detecting AML, Al should assist human analysts with
both highlighting insights as well as presenting the ultimate decision on high risk cases for the
compliance teams. Removing bias from and increasing transparency of Al powered AML systems
will earn greater regulatory acceptance and increase trust in its users from other financial institutions
and both businesses and consumers [37]. Detection accuracy in Al-powered AML systems better
improves if you bring in high quality data, real time monitoring and fairness in the decision making.
To reap the benefits of Al for AML detection as well as comply, reduce financial crime risks and

retain regulatory trust, the best path for US banks is to implement these best practices [38].
REGULATORY CONSIDERATIONS FOR AI IN US BANKING

US banks operating in an anti-money laundering (AML) compliance space have to grapple with an
intricate regulatory environment when employing Al powered solutions for AML compliance so as
to maintain compliance with existing laws and be transparent about their Al processes. While Al
presents an opportunity to improve both AML detection accuracy and the operational efficiency,
fairness, explain ability, and strict adherence to rigorous compliance requirements are not negotiable
[39]. Requires financial institutions to develop AML programs, record keeping of all transactions and
filing of Suspicious Activity Reports (SARs) when required by the Bank Secrecy Act (BSA) of 1970.
These compliance efforts need to be supported by Al models that can correctly identify and report
illegal activities [40].

103
This is an Creative Commons License This work is licensed under a Creative
BY NC Commons Attribution-NonCommercial 4.0 International License.


https://doi.org/10.70445/gtst.1.1.2025.95-120

. . ISSN : 3079-5761
Global Trends in Science and Volume 1, Number 1, January, 2025

Technology https://doi.org/10.70445/gtst.1.1.2025.95-120

Regulatory Considerations for Al in US Banking
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Figure: 3 showing regulatory considerations for Al in US banking

USA PATRIOT Act (2001): Is a strengthening of the AML enforcement through the requirement of
the enhanced due diligence (EDD) of high-risk customers and transactions. And by automating risk
assessment and finding anomalies in customer behavior, Al can assist banks with addressing these
issues. The Financial Crimes Enforcement Network (FinCEN), a bureau of the US Department of the
Treasury, themselves are the ones that set AML standards and ensure adherence [41]. In 2021,
FinCEN published an Advanced Notice of Proposed Rulemaking (ANPR) stating that Al and machine
learning have the potential to advance financial crime detection but acknowledging the importance

of being able to explain and hold the systems accountable [42].

Office of the Comptroller of the Currency (OCC) and Federal Reserve Guidelines: These
equivalent regulatory organizations regulate monetary institutions and need banks to verify that Al
controlled AML programs meet the same compliance criteria and work fairly without unduly

introducing risk. But US regulators praise Al’s potential in AML compliance so long as decisions
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made based on them are interpretable, auditable and bias free. Regulators want model decision to be
documented and flagged in transactions to be clearly justified to banks [43]. AML systems that utilize
artificial intelligence must be run in an ethical and transparent manner so as not to lead to unintended
biases or unfair treatment of the firm’s customers. Key ethical concerns include: With Bias and
Fairness, Al models must be trained on large datasets of diverse data to avoid adverse outcomes. An
Al system that flags higher risk for some demographics or geographies may also lead to financial
exclusion and compliance violations. Fairness audits should be applied by banks to discover and

curtail bias [44].

Explain ability and Model Interpretability: The need for Al-driven AML systems to be explainable
has been demanded by the regulators, for example, this also translates into ‘model interpretability’,
i.e, it should be clearly comprehensible how each transaction monitoring decision was derived [45].
We also take a look at Explainable AI (XAI) techniques (SHapley Additive Explanations (SHAP) and
Local Interpretable Model-Agnostic Explanations (LIME)) that assist compliance teams and
regulators to understand the way the Al generated risk assessment. While Al contributes in detecting
AML, this element should not work independently. Hence, banks must retain HITL models, where

the compliance team is to check Al generated alerts and decide upon suspicious transactions [46].
CHALLENGES IN Al ADOPTION FOR AML COMPLIANCE
However, there are a few hurdles that remain before Al can achieve its potential in AML compliance.

Regulatory Uncertainty: There is a fair bit of ongoing uncertainty around Al in banking and hence
the regulatory frameworks lack standardized guidelines to regulate Al AML models. It's the nature of

banks, they must always keep up with regulatory expectations as new ones emerge [47].

Model Validation and Testing: Financial institutions are mandated by regulators to validate the Al
models, to run the tests with actual data and to ensure that it meets benchmarks to be in compliance.

Periodic audits of Al models need to confirm their reliability and accuracy [48].

Privacy and Data Security: Al models use massive amounts of transactional data and how to protect
users’ data. When it comes to using Al in AML monitoring for banks, they must comply with data
protection laws like Gramm-Leach-Bliley (GLBA) and ensure that they are secure when handling

customer information [49].
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The Path Forward: Aligning AI with Regulatory Expectations: Financial institutions should
leverage Al for AML provided they adhere to the US banking regulations.

Develop Transparent AI Frameworks: Create the governance framework, which shapes how the
Al models function, document their decision makings in the process, then make sure these
frameworks comply with existing standards and regulations relevant to it. Banks should engage with
regulators, such as FiInCEN and the OCC, to work with them on Al policies and show that they are
responsible adopters of Al. Instead of replacing traditional rule-based systems, banks should employ
hybrid AML models that incorporate Al and significantly improve the systems by optimizing over
thousands of potential user patterns and identifying network outliers [50]. US banks have an
opportunity to improve fraud detection and efficiency of compliance with Al powered AML solutions.
This is why regulatory adherence is necessary to maintain fairness, transparency and accountability
of the Al driven AML systems. Financial institutions can improve AML compliance by aligning Al
adoption with BSA and FinCEN requirements, and avoid regulatory risks and ethical issues related

to Al implementation [51].
REDUCE FALSE POSITIVES IN Al POWERED AML SYSTEMS

In the US banking industry, one of the biggest challenges in Al based Anti-Money Laundering (AML)
systems is their annoying tendency to generate high levels of false positives, or, in other words, it
flags legit transactions as suspicious. A heavy operational burden is created for banks due to false
positives in terms of both the cost to the bank and its compliance teams, which, in turn, slows
investigations and potentially decreases customer satisfaction. To further improve AML compliance

efficiency, it is critical to reduce false positive while maintaining high accuracy of detection [52].
Why Do False Positives Occur in AML Systems?

Currently, traditional AML detection systems are in fact based on rule-based approaches which will
cause alerts when predefined conditions are take place. However, these systems are not adaptable and
hence cause too many false positives. Just to be sure even Al AML models can give you false positives

on:

Rigid: Many AML models still contain rigid transaction monitoring rules such as all transactions over

$10,000 will be flagged regardless of normal behavior of the customer [53].
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Contextual Understanding Deficit: In many at risk industries (e.g., real estate, trade, etc.), Al
models often struggle to distinguish between highly suspicious transactions and, quite valid, high-
value transactions. Poorly labeled training data, biased datasets, missing information, all these data

quality issues can misclassify transactions by Al models [54].

Unsupervised Models Limitations: What unsupervised models know is that it it’s not normal would
typically be an anomaly, but not all anomalies are fraudulent. Perhaps a new business moving
excessive wire transfers will be flagged since they do not act as expected. Banks must bring to bear
advanced Al techniques and intelligent filtering techniques to minimize False Positives, to improve

AMLs efficiency [55].
STRATEGIES TO REDUCE FALSE POSITIVES IN AI-DRIVEN AML SYSTEMS

Behavioral Profiling: Customer transactional behaviors should be assessed across time by Al models
so that normal variations for customer behaviors can be separated from actual suspicious behaviors.
Al can reduce unnecessary alerts by linking accounts and entities within different transactions for

linking of true criminal networks [56].

Data Enrichment: Both external data iteration (adverse media reports, company ownership

registries, and relocation data) provides Al models with better information for decision making [57].

Hybrid AI-Rule-Based Approaches: Banks can instead implement hybrid models that blend the
addictiveness of Al with human defined risk rules to replace traditional rule based AML systems only
in part, rather than in full some cases. Besides, due to the capabilities of the Al models, they are able
to prioritize the most critical alerts while filtering or sending through further analysis the other, lower
risk alerts. This transparency provides regulators and compliance teams with needed transparency

into Al decision making [58].

SHAP (SHapley Additive Explanations) and LIME (Local Interpretable Model-Agnostic
Explanations) are two Explainable Al techniques to help banks understand why the transaction was
flagged and to avoid additional reviews. Avonex is an IFN beta-l1a, 30 microgram (mcg) dose,
administered weekly by subcutaneous injection (under the skin; see the Spinal Medication page for
more information) [59]. The recommended dosage of Rebif is 44 mcg, 22 mcg, or 8.8 mcg
Intramuscular injection (into the muscle) taken three times a week. It can also be administered

subcutaneously by injection under the skin.
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Machine learning for risk scoring and adaptive thresholds: Risk levels are adjusted by Al driven
risk based scoring systems based on customer profile, historical transaction and real time customer
behavior. Rather than specifying a fixed threshold on every transaction, AI models allow the system
to adapt thresholds based on changing risk factors. AI models capable of self-learning can fine tune
the threshold over time, tend to reduce the number of false alerts and can also improve with detection

accuracy [60].

Human-in-the-Loop (HITL) Model for Alert Validation: Yet, Al boosts AML detection greatly
and compliance teams should still be engaged in making sure whether flagged transactions are
genuine or not. The Al models benefit from human analysts providing feedback to eventually become

even more accurate and avoid unnecessary escalations [61].
BENEFITS OF REDUCING FALSE POSITIVES IN AML COMPLIANCE

False Positives: Bank compliance professionals are able to direct resources to real risk rather than to
reviewing excessive alerts by decreasing the amount of false positives. Lower false positive rates cut
down on manual reviews and help lower AML compliance costs, as well as improve an investigator’s

workflow [62].

Al Also Improves Better Customer Experience: Al Driven Improvements prevent good customers
from having to endure unwarranted delays or account freezes because of the wrong false AML alerts

[63].

ML Based AML: It helps banks comply with regulatory requirements more effectively and avoid
being overwhelmed by no actionable alerts. False positives are key in limiting the Al-powered AML
systems, thereby allowing for better compliance efficiency and productivity, less operational costs,
and restoring customer trust. US banks, by adopting context aware Al models, risk based scoring,
explainable Al, hybrid rule Al, and the combination of all of the three, can vastly improve AML
detection without flooding their staff with unnecessary alerts [64]. The implementation of these
strategies results in smarter and effective AML compliance framework which complies with

regulatory requirements and enhances financial crime prevention.
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FUTURE TRENDS IN AI FOR AML COMPLIANCE IN US BANKING

However, with financial crimes becoming more developed, using Al in Anti — Money Laundering
(AML) compliance in US banking will be driven by the emergence of new technologies, changes of
the regulatory requirements and rising cooperation between financial institutions and regulatory
authorities. We expect Al to play more important role in AML, making compliance systems more
efficient, adaptive and proactive to catching financial crime. This section discusses the major trends
that would transform the Al landscape for AML [65]. Traditional machine learning models have
improved, but advanced Al techniques like the following will be used in the future to detect AML

activity.

Deep Neural Networks (DL): Less financial institutions and banks will implement deep neural
networks to scan for intricate money laundering patterns, a possibility that Rule based or simple
machine learning models might not be effective to do. Graph Neural Networks (GNNs), therefore,
are a good fit for graph mapping and analysis (e.g. transaction networks), are able to discover hidden
links between seemingly independent accounts, and can identify complex money laundering schemes

[66].

Al will enable NLP (Natural Language Processing) to go through enormous volumes of unstructured
data (news articles, regulatory filings, legal documents) to uncover the financial crime risks, as well
as to improvise adverse media screening, regulatory report analysis and KYC verification. Deep
learning and hybrid AI models will advance AML detection accuracy and greatly reduce false

positives; a significant compliance issue for compliance teams [67].
REAL-TIME AML MONITORING WITH AI AND BIG DATA ANALYTICS

Real time transaction monitoring is the future of AML compliance where banks can detect such

activities on real time base instead of after the fact.

Al Driven AML Systems: With the help of Al such systems will be able to integrate data from
various sources, including various sources like transaction records, customer interactions, social
media, and blockchain networks, in order to get a more holistic view of such suspicious activities.
Banks will use cloud Al models to enable processing of large transaction volumes in an efficient and
scalable manner with a security guarantee [68]. Rather, than just flagging fraudulent transactions, Al

models will tell high risky behavior before it happens creating the opportunity for proactive AML
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actions. Banks can improve fraud prevention and agility of compliance by integrating Al with real

time data streams. >

Real tpg
alerts
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Figure: 4 showing Al driven AML systems

Explainable AI (XAI) for Regulatory Compliance: FinCEN (Financial Crimes Enforcement
Network) and the OCC (Office of the Comptroller of the Currency) need to have transparency in Al
decision making. The Explainable Al (XAI) will become the future AML compliance as it will make
regulatory acceptance possible and avoid black box Al issues. Financial institutions and regulators
partner to ‘sandbox’ Al models in protected environments to ensure these work within existing
compliance standards before full deployment [69]. Banks will implement an Al governance
framework to regularly audit their deployed Al models for fairness, accuracy and compliance with
legal requirements. The Al algorithms will be designed in such a way that there will be built in
interpretability, and compliance teams will know why those particular transactions are classified as
suspicious. Because Al AML systems would be approved on the basis of explain ability and regulatory
compliance, the adoption of explainable and regulatory compliant Al will be a key focus for the banks

[70].
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Al and Block chain for Anti-Money Laundering: As crypto currency and the notion of
decentralized finance (DeFi) grow, so do criminal plans for laundering money. Block chain analytics
is one way Al combined with block chain analytics will play a crucial role in monitoring illicit crypto
transactions. Al models will check anomalous block chain transaction patterns, illicit addresses, and
crypto currency mixing services utilized in money laundering. Future banking regulations might
mandate crypto financial institutions to build in Al driven smart contracts that will automatically flag
and freeze suspicious crypto transactions [71]. Al will improve global AML collaboration with banks
and regulators as the criminal movement of illicit funds can be tracked in real time across multiple
jurisdictions. A strong enforcement of AML in digital finance can be derived from Al driven block

chain analytics to address emerging threats from crypto-based money laundering schemes [72].

Al-Driven Collaboration between Banks and Regulators: The AML compliance is switching to a
smarter, collaborative approach where banks share, law enforcement and regulators share further AI
added insights to fight against financial crimes better. Banks will use Federated Learning as a

technique to train AI models over shared financial crime data without exposure of sensitive customer

data [73].

Regulatory AI Frameworks: Al will be used for compliance in conjunction with regulatory
databases (such as FinCEN’s BSA E-Filing System) to automate and improve the accuracy of SAR
(Suspicious Activity Report) filings as well as regulatory reporting. Al enabled cross border data
sharing will boost AML efforts in which banks can leverage Al to detect and block money launderers
operating in multiple jurisdictions efficiently [74]. This too will lead to enhanced AI driven
collaboration which collectively will make for a more unified, real time way to conduct AML
compliance with benefits for financial institutions and also the regulators. Deep learning techniques,
real time watch lists, explainable Al, analytics of block chain and cross company collaboration will

all play a role in the future of Al powered AML compliance in US banking.
CONCLUSION

Anti-Money laundering (AML) compliance is shifting gears in the realms of US banks as Al powered
anomaly detection models are integrated into the current detection strategy. With the ever evolving
threats on the financial sector posed by sophisticated money laundering schemes, Al presents a better,
faster, and scalable solution to detecting these illicit activities. Banks can enhance their AML

frameworks, raise detection accuracy and greatly cut down on false positives, which have been a long
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time challenge for compliance teams, by enabling machine learning, deep learning, and real time

analytics.

Al in AML has one of the most crucial benefits which is its capacity to examine extreme amounts of
transactions in real time and recognize suspicious transactions that are frequently missed by
traditional rule-based systems. With behavioral profiling, network analysis and risk based scoring, Al
system can differentiate between legitimate transactions and those relating to financial crimes. This
assists compliance teams to not be swamped by unneeded false alerts and focus on more dangerous
cases. Furthermore, graph neural networks (GNNs) and natural language processing (NLP) are
enabling hidden links between entities to be revealed and risks identified on unstructured data such

as news reports and regulatory filings.

While these advancements, regulatory compliance is still the critical factor for Al adoption in AML.
Fintrics is well aware that Al models need to be explainable, auditable, fair — as US regulators such
as FInCEN, the Office of the Comptroller of the Currency, and the Federal Reserve, for example,
advice, emphasizing that technology alone is not the solution. Banks, therefore, should incorporate
the Explainable Al (XAI) techniques to bring their explanations of flagged transactions in line with
these requirements. Regulatory sandboxes are also being formed where financial institution get to test
Al model sandboxes before full scale implementation. The integration of block chain analytics into
Al models will be one more important trend in the future of Al in AML compliance. Al powered
block chain monitoring tools are becoming necessary for tracking illicit transactions in terms of
crypto currency and decentralized finance (DeFi) platforms as they bring about new money
laundering risks. Through analyzing on-chain data, the wallets, and the transaction flows, the banks
and regulators can use the help from the Al in order to prevent crypto based financial crimes better

than anyone€ can manage.

From there on, the future of Al in AML compliance will depend on collaboration, regulatory
alignment and constant innovation. For sharing information in a secure and privacy preserving
manner, financial institutions, regulators, and law enforcement agencies need to construct secure and
private Al frameworks that would help in all possible operations such as training, testing, evaluation,
and storage. One promising approach is for banks to train AI models on shared financial crime data
through what’s known as federated learning, in which banks train their own models from their own
data in a way that does not expose sensitive information about their customers. US Banking has

another major force in the fight against financial crime in the form of Al powered AML solutions?
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Through harnessing of innovative Al technologies, improving model transparency and abiding by

regulatory protocols, banks can actively improve their AML compliance framework, lower

operational expenses and ultimately construct a more secure and robust financial system. Although

there are still issues in using Al, strategic utilization of Al will keep shaping the AML compliance

world, keeping financial institutions ahead in a dynamic financial playground.
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