Available online

European Journal of Advances in Engineering and Technology, 2024, 11(12):60-62

C1 paosie
o o,

;‘ Research Article ISSN: 2394 - 658X
¥

Explainable AI in Financial Institutions for Fraud and Risk
Mitigation

Akilnath Bodipudi

Cybersecurity Engineer, Senior

ABSTRACT

The increasing complexity of Al models used in financial institutions has raised significant concerns regarding
transparency, compliance, and trust. Explainable Artificial Intelligence (XAI) addresses these challenges by
offering insights into how and why Al systems arrive at specific decisions—especially in high-stakes domains
like fraud detection, risk scoring, and regulatory compliance. This paper explores the role of XAl in detecting
financial fraud and insider trading, enhancing Anti-Money Laundering (AML) systems through interpretable risk
scoring mechanisms, and ensuring legal adherence to data protection laws such as the GDPR, particularly the
"Right to Explanation." Through real-world applications, architectural strategies, and regulatory case studies, the
paper underscores the necessity of embedding explainability into the Al life cycle for ethical and secure financial
operations.
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INTRODUCTION

The global financial industry is rapidly transforming with the adoption of Artificial Intelligence (Al) in critical
domains such as fraud detection, risk scoring, anti-money laundering (AML), and compliance monitoring. While Al
offers significant benefits in processing vast datasets and identifying subtle patterns, it often relies on complex
models like deep neural networks, random forests, or ensemble methods, which lack transparency. These "black-
box" models make it challenging for stakeholders—especially regulators, compliance officers, and affected
customers—to understand or challenge automated decisions. Explainable Artificial Intelligence (XAI) offers a
pathway to bridge this gap by making Al decisions interpretable and justifiable. This is particularly crucial in high-
stakes domains like financial services, where legal obligations such as the EU’s General Data Protection Regulation
(GDPR) demand a “right to explanation” for automated decisions.

XAI MODELS FOR DETECTING FINANCIAL FRAUD AND INSIDER TRADING
Challenges with Traditional AI Models in Fraud Detection
Fraud detection systems in banking traditionally rely on supervised learning models that are trained on labeled
datasets of legitimate and fraudulent transactions. While deep learning models can detect complex, non-linear
patterns, their opaque nature hinders transparency. For instance, if a credit card transaction is flagged as fraudulent,
both customers and financial analysts often lack insight into which features—such as time, location, or amount—
triggered the alert. According to a 2022 IBM study, over 64% of financial institutions noted a lack of explainability
in Al as a key barrier to broader adoption in compliance-driven functions.
Application of XAI Techniques
Explainable Al methods such as SHAP (SHapley Additive exPlanations) and LIME (Local Interpretable Model-
Agnostic Explanations) help provide feature attribution and localized decision insight. For example, if a customer’s
transaction is denied, SHAP values can rank the contribution of each feature (e.g., IP location, amount, merchant
risk score) that led to the classification. A 2021 study by Capital One demonstrated that integrating SHAP with their
fraud detection pipeline reduced false positives by 17% and allowed customer support teams to resolve flagged
transactions 25% faster.

Case Example: Insider Trading Detection
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Detecting insider trading involves analyzing trading patterns, historical stock prices, and access logs. In a notable
2020 study published in Expert Systems with Applications, researchers used an XAl-enhanced graph neural
network model to detect anomalous trading activities by corporate insiders. With the help of SHAP and
counterfactual analysis, the system could explain why a particular trade was considered suspicious—such as
unusually high volume before a non-public earnings announcement—enabling auditors to focus their investigations
more effectively. The model achieved a precision of 82% compared to 68% from traditional models, all while
offering transparent explanations that could be reviewed by legal teams.

RISK SCORING WITH EXPLAINABILITY IN AML SYSTEMS
Importance of Transparent Risk Assessment
AML systems are designed to identify potentially illicit transactions and behaviors related to money laundering.
These systems assign risk scores to customers based on their transaction history, geography, source of income, and
more. However, many such systems rely on rules-based engines or opaque machine learning models. This can lead
to disproportionate account freezes or unwarranted escalations. A McKinsey report (2023) indicated that 30—40% of
high-risk AML flags in global banks are false positives, costing millions in manual review and reputational damage.
Interpretable Machine Learning Models
To reduce operational inefficiency and regulatory risk, financial institutions are shifting toward interpretable
models. Explainable Boosting Machines (EBMs), a type of Generalized Additive Model (GAM), allow for high
accuracy with fully transparent risk score construction. Microsoft Research applied EBMs in a simulated AML
setup and showed that they achieved AUC (Area Under the Curve) scores of 0.91—matching black-box models—
while allowing regulators to see how each feature (e.g., transaction amount, country risk, account age) contributes
to risk. When deployed in a Tier 1 bank's AML pipeline, the model reduced false positives by 22% and improved
SAR (Suspicious Activity Report) generation compliance by 30%.
Human-in-the-Loop (HITL) Evaluation
XAI techniques empower compliance teams to act as a second layer of verification. For example, LIME
explanations can be presented alongside each flagged transaction to AML officers, who then confirm or override the
algorithm’s decision. This co-pilot approach is being trialed by banks like HSBC and Barclays, helping them meet
regulatory expectations while maintaining high detection performance.

GDPR AND THE "RIGHT TO EXPLANATION" IN BANKING AI SYSTEMS
Legal Overview: Article 22 of GDPR
Under the GDPR (EU Regulation 2016/679), Article 22 prohibits decisions that “significantly affect” individuals
from being made solely through automated processing without providing “meaningful information about the logic
involved.” In financial contexts, this applies to decisions such as credit approvals, loan interest rates, or transaction
denials. Failure to comply may result in fines of up to 4% of global annual revenue.
XAI as a Compliance Mechanism
XAI models help institutions generate human-readable explanations to justify automated decisions. For instance,
Monzo Bank uses SHAP to produce “scorecards” explaining credit decisions to users. A field trial showed that
when such scorecards were provided, customer complaints about loan denials decreased by 18%, and regulatory
approval timelines shortened significantly. Furthermore, explainability improves internal audit readiness, enabling
banks to document how Al decisions align with compliance policies.
Implementation Challenges
Despite the benefits, implementing GDPR-compliant XAl systems is challenging due to trade-offs between model
accuracy and interpretability. Black-box models often outperform simpler ones in predictive power. Therefore, a
hybrid approach—using interpretable models for critical decision points and black-box models for secondary
analysis—is increasingly favored. Financial institutions are also establishing “Al Governance Boards” to oversee
ethical Al use, with guidelines derived from the EU AI Act and NIST Al RMF.

ETHICAL AND OPERATIONAL IMPLICATIONS

Explainability not only enhances legal compliance but also fosters ethical Al deployment. For example, XAl can
detect proxy discrimination, where ZIP codes might indirectly reflect race. In one experiment, researchers at MIT
found that replacing a black-box model with an interpretable one uncovered a 12% bias in loan approvals based on
geographic proxies. Additionally, operational reliability is improved as explainable models are more amenable to
monitoring, debugging, and retraining over time.

Trust is another major benefit. Customers are more likely to accept and engage with Al decisions when
explanations are clear. A PwC survey in 2022 revealed that 74% of banking customers are more likely to trust
financial institutions that provide Al transparency.

CONCLUSION
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Explainable Al has become a cornerstone of responsible innovation in the financial sector. Its ability to enhance
transparency, reduce false positives, meet legal requirements like the GDPR, and boost stakeholder trust makes it
indispensable. From uncovering insider trading to clarifying AML risk scores and ensuring explainable credit
decisions, XAI ensures that Al systems are not only effective but also fair, ethical, and legally robust. As Al
regulation matures globally, financial institutions must embed explainability into their Al strategy to maintain
compliance and uphold public trust.
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