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The Limits of Static Rule-Based Engines
Rule thresholds are fixed and manually tuned, so they lag behind fast-evolving fraud tactics

Rules generalize poorly across customer segments, geographies, and product lines

Fraudsters can reverse-engineer known thresholds and structure transactions to stay under them

Rule sprawl over time increases maintenance burden and creates conflicting or redundant logic

Static engines struggle to capture interactions between variables that only matter in combination
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Real-Time Transaction Scoring with Machine
Learning

Models score transactions in milliseconds using dozens to hundreds of behavioral and contextual signals

Scoring adapts continuously as spending patterns and fraud typologies shift, unlike fixed rules

Risk scores can be layered with rules to support a hybrid decisioning approach during transition periods

Illustrative scenario: a card issuer routes only the highest-risk transactions to step-up authentication, not a verified
case study

Model outputs should feed a broader decision framework, not act as sole authority on approve or decline
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Network and Graph Analysis for Organized
Fraud Rings

Graph techniques map relationships across accounts, devices, IP addresses, and payment instruments

Ring detection surfaces clusters of seemingly unrelated accounts that share hidden connections

Individually low-risk transactions can appear high-risk once viewed as part of a coordinated network

Representative example, not a verified case study: shared device fingerprints link a cluster of new accounts
opened within days of each other

Graph-based detection complements, rather than replaces, transaction-level scoring
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Anomaly Detection for Account Takeover
Behavioral baselines are built per customer, covering login patterns, device use, and typical transaction behavior

Deviations from an individual's own baseline are often more informative than population-wide averages

Unsupervised methods help detect novel takeover patterns that have no prior labeled examples

Signals such as password resets, new payees, and session velocity are commonly combined for stronger
detection

False positives remain a real risk when customers travel or change devices legitimately
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Synthetic Identity Fraud and AI-Based
Detection

Synthetic identities blend real and fabricated data, making them difficult to catch with identity verification alone

AI approaches look for identity attributes that lack the natural history and linkage of genuine consumers

Cross-institution data consortiums and shared signals, where legally permissible, can improve detection quality

Illustrative scenario: an account built entirely from a synthetic identity shows no linkage to prior addresses or
credit history

Detection accuracy depends heavily on data quality and access to sufficiently diverse training examples
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AI in Anti-Money-Laundering Transaction
Monitoring

Machine learning models can supplement traditional scenario-based AML monitoring with pattern-based
detection

AI helps identify structuring, layering, and unusual fund-flow patterns that fixed scenarios may miss

Alert scoring can help investigators prioritize the cases most likely to represent genuine risk

Any AI-driven AML approach should be validated against applicable regulatory expectations in each jurisdiction, in
consultation with compliance and legal counsel

Model changes to AML monitoring typically require documented justification and audit trail for examiners
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False Positive Reduction and Analyst
Workload

Industry-reported range: false positive rates for legacy rule engines are often cited as high relative to true fraud
volume

High false positive volumes contribute to analyst fatigue and slower response to genuine threats

Better-calibrated models can reduce unnecessary alerts while maintaining or improving detection coverage

Alert triage and case prioritization tools help direct analyst attention to higher-confidence cases first

Workload reduction should be measured together with detection quality, not treated as a standalone goal
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Explainability Requirements for Regulated
Decisions

Decisions affecting customers, such as declines or account restrictions, generally warrant a documented rationale

Interpretable model techniques and post-hoc explanation methods can support this need, each with trade-offs

Explainability requirements vary by jurisdiction and use case; consult compliance and legal counsel for specific
obligations

Clear explanation capability supports internal audit, customer disputes, and examiner review

Model documentation should capture which features drove a given decision, not just the final score
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Model Risk Management and Validation
Fraud and AML models generally fall under an institution's broader model risk management framework

Independent validation should assess performance, stability, and fairness across customer segments

Ongoing monitoring is needed to detect model drift as fraud patterns and customer behavior evolve

Champion-challenger testing supports safe comparison of new models against production models

Governance should define clear ownership for model approval, retraining, and retirement decisions
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Adversarial Adaptation: Fraudsters Using AI
Too

Fraud actors increasingly use generative AI for phishing content, synthetic voices, and deepfake identity
documents

Automated testing of detection thresholds by adversaries can accelerate the pace of tactic evolution

Institutions should assume detection models will face deliberate probing and adjust monitoring cadence
accordingly

Defense strategies benefit from diversity of signals, since single-signal systems are easier to circumvent

Threat intelligence sharing across institutions can help identify emerging adversarial AI techniques earlier
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Data Foundations and Integration
Requirements

Effective AI models depend on consistent, high-quality data across transaction, identity, and behavioral sources

Data silos across business lines limit the effectiveness of network and identity-based detection methods

Real-time data pipelines are typically needed to support in-session transaction scoring

Data retention and access practices should align with applicable privacy regulations across operating jurisdictions

Data quality investment is frequently the largest driver of model performance, ahead of algorithm selection
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Organizational Readiness: People and
Process

Analyst teams need training to work effectively alongside model-driven alerts and explanations

Clear escalation paths should define when human judgment overrides a model recommendation

Cross-functional alignment between fraud, AML, technology, and compliance teams supports smoother adoption

Change management planning helps analysts trust and adopt new scoring and alerting tools

Success metrics should be defined jointly with compliance and audit before deployment begins
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Phased Implementation Roadmap
Phase 1: assess current rule performance, data readiness, and identify highest-impact use case for a pilot

Phase 2: run a contained pilot in parallel with existing rules, using shadow scoring before any live decisioning

Phase 3: expand to production for the validated use case with full model risk management sign-off

Phase 4: extend to additional fraud typologies, such as account takeover or synthetic identity, sequentially

Phase 5: establish ongoing monitoring, retraining cadence, and governance review as a standing operating
process
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Next Steps and the Ask
Approve a scoped discovery phase to assess data readiness and select an initial pilot use case

Assign a cross-functional working group spanning fraud, AML, technology, compliance, and audit

Engage legal and compliance early to define jurisdiction-specific regulatory and explainability requirements

Set a target timeline for pilot results review, with clear go or no-go criteria defined in advance

Allocate budget for data infrastructure alongside model development, given its outsized impact on outcomes
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