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Executive Summary

Financial fraud is no longer a back-office nuisance. It is a board-level crisis. U.S. consumer fraud losses
surged to $12.5 billion in 2024, a 25% year-over-year increase, and global fraud losses reached an
estimated $579 billion in 2025. The attackers have industrialized. Generative Al now powers more than half
of all fraud attempts, producing deepfakes, synthetic identities, and phishing campaigns at a scale and
sophistication that rule-based detection systems were never designed to handle.

Finance leaders are on the front line of this fight, but most lack the technical fluency to evaluate the
Al-powered tools being sold to them. Vendor claims of "98% accuracy" and "real-time detection" are difficult
to verify without understanding how the underlying models work, where they excel, and where they break
down.

This whitepaper bridges that gap. Drawing on the technical frameworks from Glenn Hopper's Al Mastery for
Finance Professionals and current industry data, it provides finance leaders with the conceptual toolkit to
make informed decisions about fraud detection and risk management technology, without requiring a data
science degree.

$12.5B 90% 50%-+

U.S. consumer fraud of banks now use Al of fraud now involves
losses in 2024 for fraud detection artificial intelligence

Sources: FTC Annual Report 2024; Feedzai 2025 Al Trends Report (n=562); Nasdaq Verafin 2026 Global Financial Crime Report

Key Findings
* Rule-based systems are failing. Static thresholds and known-pattern matching cannot adapt to Al-generated fraud.
Organizations still relying primarily on rules-based detection face exponentially increasing losses.

« The Al techniques that matter most are learnable. Finance leaders do not need to build models, but they must
understand supervised learning, anomaly detection, and graph neural networks well enough to evaluate vendor claims
and govern deployed systems.

¢ The arms race is asymmetric. Al has lowered the cost and skill barrier for fraud. Ninety percent of financial crime
professionals report an increase in Al-driven attacks. The same technology is the most effective defense.

« Governance is the differentiator. Detection accuracy means nothing without explainability, auditability, and human
oversight. The finance leader's role is to ensure that Al fraud tools operate within the organization's control framework.
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The Evolving Threat Landscape

The fraud landscape has undergone a structural transformation. For decades, financial fraud was largely a
manual enterprise: forged checks, stolen identities applied one at a time, insider schemes that required
physical access to systems. Detection methods evolved in lockstep. Rule-based systems could identify
known patterns ("flag any wire transfer over $10,000 to a new beneficiary”) and catch a meaningful share of
fraudulent activity.

That equilibrium is over. Generative Al has fundamentally altered the economics of fraud. Criminals no
longer need deep technical expertise to execute sophisticated attacks. Al tools can generate hyper-realistic
deepfakes, clone voices with seconds of sample audio, produce synthetic identities that pass traditional KYC
checks, and craft phishing messages that are nearly indistinguishable from legitimate communications. The
cost of launching an attack has collapsed while the cost of detecting it has risen.
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Exhibit 1: U.S. consumer fraud losses, 2022-2025. 2025 estimate based on CAGR trajectory. Source: Federal Trade Commission; Nasdaq Verafin
2026 Global Financial Crime Report.

Nasdaq Verafin's 2026 Global Financial Crime Report estimates that global illicit financial activity reached
$4.4 trillion in 2025, with fraud scam losses alone hitting $579 billion. That represents a compound annual
growth rate of 19.2% over two years. The scale is no longer a concern for banks alone. Any organization that
processes payments, manages receivables, or handles sensitive financial data is a target.

For CFOs, the implications are direct. Fraud losses flow through the P&L.; Failed controls create regulatory
exposure. And the reputational damage from a material fraud event can dwarf the financial loss itself. The
U.S. Treasury reported that Al-enhanced fraud detection recovered $375 million in a single fiscal year, a
figure that illustrates both the scale of the problem and the return on investment from effective detection.
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Why Rule-Based Systems Are Failing

Traditional fraud detection operates on a simple logic: define a set of rules based on known fraud patterns,
and flag any transaction that matches. "If transaction amount exceeds threshold X and destination is in
country Y, flag for review." These systems were effective when fraud was manual, predictable, and limited in
volume.

They are failing now for three reasons:

e Static rules cannot adapt. Rule-based systems detect what they have been programmed to detect. When
fraudsters change tactics, the rules must be manually updated. Al-powered fraud evolves continuously;
rules-based updates are inherently reactive and slow.

¢ Volume overwhelms manual review. With millions of transactions occurring daily, rule-based systems
generate enormous numbers of false positives. Analysts spend the majority of their time investigating
legitimate transactions, while sophisticated fraud slips through the noise.

* New fraud types are invisible to rules. Synthetic identities, deepfake-assisted social engineering, and
coordinated multi-account schemes have no historical pattern to match against. They bypass rule-based
systems entirely because the rules were never written.
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Exhibit 2: Fraud detection capability comparison across system types. Scores represent relative capability on a normalized 0-100 scale. Source: G3
Consulting analysis based on industry benchmarks and Feedzai/AllAboutAl research data.

The gap is most pronounced in adaptability and false-positive reduction, the two dimensions that most
directly affect operational cost and detection coverage. Al-powered systems achieve 90-98% detection
accuracy compared to roughly 50-60% for rule-based approaches, and they do so while reducing false
positives by 50-70%, freeing analysts to focus on genuine threats.
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The Al Fraud Detection Toolkit

Al-POWERED FRAUD DETECTION & RISK MANAGEMENT

Finance leaders do not need to build these models. But they need to understand the techniques well enough
to evaluate vendor claims, ask informed questions during procurement, and govern deployed systems
effectively. The following overview covers the four primary layers of Al-powered fraud detection, from
foundational to advanced.

GRAPH NEURAL NETWORKS

Map entity relationships across transaction
networks to detect coordinated fraud rings

DEEP LEARNING / AUTOENCODERS

Learn normal transaction patterns and flag
anomalies that deviate from baseline behavior

SUPERVISED MACHINE LEARNING

Classify transactions as fraudulent or legitimate
using labeled historical data

RULE-BASED SYSTEMS

Static thresholds and known patterns
(legacy foundation layer)

Exhibit 3: The Al fraud detection technology stack. Each layer builds on the one below, with increasing sophistication and adaptability.

Supervised Machine Learning

Supervised learning is the workhorse of modern fraud detection. The model is trained on labeled historical
data: transactions already classified as fraudulent or legitimate. It learns the patterns that distinguish the two
and applies them to new transactions in real time. The key advantage is speed and consistency. A
well-trained model can evaluate millions of transactions per second with accuracy that improves as more
labeled data becomes available. The limitation is that it can only detect patterns similar to what it has seen
before.

Anomaly Detection with Autoencoders

Where supervised learning looks for known fraud patterns, anomaly detection looks for anything unusual.
Autoencoders, a type of deep learning architecture, learn to reconstruct "normal” transaction patterns. When
a new transaction deviates significantly from the learned baseline, it is flagged as anomalous. This approach
is particularly valuable for detecting novel fraud types that have no historical precedent. It can surface
emerging threats before they appear in the labeled training data.

Graph Neural Networks
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Perhaps the most significant advancement in fraud detection technology, graph neural networks (GNNSs)
analyze relationships between entities rather than individual transactions. Financial transactions form natural
networks: accounts send money to other accounts, which are linked to addresses, devices, and identities.
GNNs can detect fraud rings, money laundering chains, and coordinated attacks that are invisible when each
transaction is evaluated in isolation. This capability is critical for combating the fastest-growing categories of
financial crime.
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The Dual-Edge Reality

Al is simultaneously the greatest threat to financial security and its most effective defense. This paradox
defines the current moment. The same large language models that power enterprise productivity also
generate convincing phishing emails. The same generative techniques that create synthetic training data
also create synthetic identities. Finance leaders must hold both realities in view.

Al AND FRAUD: THE DUAL-EDGE REALITY AT FINANCIAL INSTITUTIONS
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Exhibit 4: Al adoption and Al-driven threat increase across financial institutions. Sources: Feedzai 2025 Al Trends Report; Trustpair 2026 Payment
Fraud Report.

Ninety percent of financial institutions now use Al for fraud detection, and two-thirds adopted it within the last
two years. Simultaneously, 71% of U.S. companies report an increase in Al-powered fraud attempts, and
nearly half of finance leaders identify Al-generated fraud as one of their top challenges. The arms race is
real, and the defenders are catching up.

What Attackers Are Using
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Exhibit 5: Al-powered fraud threats and their prevalence. Sources: Feedzai; Sumsub; Experian.
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Evaluating Al Fraud Detection Vendors

The market for Al-powered fraud detection is crowded and growing fast, projected to reach $80 billion by
2035. Every vendor claims high accuracy and real-time detection. The challenge for finance leaders is
separating substance from marketing. G3 Consulting recommends evaluating vendors across six

dimensions:

DIMENSION WHAT TO ASK WHY IT MATTERS

Detection accuracy

False positive rate

Explainability

Integration

Adaptability

Governance

What are the model's precision
and recall rates on your data?

What percentage of flagged
transactions are legitimate?

Can the system explain why
a transaction was flagged?

How does it connect to your
ERP, banking, and payment
systems?

How quickly does the model
learn new fraud patterns?

What monitoring, drift
detection, and audit trails
are built in?

High accuracy on benchmark
data may not transfer to
your transaction patterns.

High false positive rates
consume analyst capacity and
erode trust in the system.

Audit and compliance require
that decisions are traceable
and defensible.

Isolated tools create data
silos. Integrated systems
detect patterns across flows.

Static models degrade as
fraud tactics evolve.
Continuous learning is essential.

The CFO must be able to
demonstrate control over
Al-driven decisions.

The most common procurement mistake is over-indexing on detection accuracy in isolation. A model that
catches 98% of fraud but generates thousands of false positives per day will overwhelm your team and
produce worse outcomes than a model with 90% accuracy and a significantly lower false positive rate. G3
Consulting recommends running a proof-of-concept on your own transaction data before committing to any
vendor. Benchmark results rarely survive contact with real-world data.
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Governance and Human Oversight

Detection technology is necessary but insufficient. Without proper governance, even the most sophisticated
Al system creates risk rather than reducing it. Unexplainable decisions, unmonitored model drift, and
unchecked false positive rates can expose the organization to regulatory penalties and operational failures.

"Corruption, embezzlement, fraud, these are all characteristics which exist everywhere.
What successful economies do is keep it to a minimum." Alan Greenspan's observation
captures the realistic goal: not eliminating fraud, but managing it with disciplined, auditable
systems that improve continuously.

Five Governance Requirements

« Explainability. Every flagged transaction must come with an explanation that a human reviewer can evaluate.
Black-box models that say "this is fraud" without reasoning are insufficient for regulated environments. Methods like LIME
and SHAP provide post-hoc explanations that make model decisions auditable.

¢« Human-in-the-loop review. Al identifies; humans decide. The model surfaces high-risk transactions, but trained
analysts make the final determination on escalation, account suspension, or filing. This is both a regulatory requirement
and an operational best practice.

* Continuous monitoring. Model performance degrades over time as fraud tactics change and data distributions shift.
Finance leaders must establish drift detection metrics, scheduled retraining cadences, and alert thresholds that trigger
human review when accuracy drops.

« Evidence retention. Maintain complete audit trails: inputs, model outputs, reviewer decisions, and outcomes. This
documentation is essential for regulatory examination, internal audit, and continuous improvement.

« Bias testing. Ensure that detection models do not disproportionately flag transactions from specific demographics or
geographies. Regular bias audits should be part of the governance cadence.

These governance requirements align directly with broader enterprise Al governance frameworks. The
finance leader's existing control infrastructure, SOX documentation, COSO risk registers, and internal audit
processes, provides the foundation for governing Al fraud detection tools. The key is extending those
frameworks to cover the unique risks of machine learning: model drift, data quality degradation, and
algorithmic bias.
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The Path Forward

The fraud landscape will continue to escalate. Agentic Al, autonomous systems that can execute multi-step
attacks without human intervention, represents the next frontier. Experian's 2026 forecast warns of
"machine-to-machine mayhem" as criminal Al agents blend with legitimate automated systems. Finance
leaders who build detection and governance capabilities now will be positioned to adapt. Those who wait will
face a compounding deficit.

Five Actions for the Next 90 Days

1. Assess your current detection stack. Inventory every fraud detection tool in use. Determine what
percentage of detection relies on static rules versus adaptive Al. Identify coverage gaps, particularly in
emerging threat categories like deepfakes and synthetic identities.

2. Benchmark your false positive rate. Measure how much analyst time is consumed by investigating
legitimate transactions. A high false positive rate is often the strongest business case for upgrading to
Al-powered detection.

3. Run a proof-of-concept on your data. Before committing to any vendor, test their system against your
actual transaction data. Evaluate detection accuracy, false positive rates, and integration requirements in
your real environment.

4. Establish governance before deployment. Define explainability requirements, human review workflows,
monitoring cadences, and evidence retention standards before any Al system enters production.
Governance designed after deployment is governance that fails under pressure.

5. Invest in team literacy. Train your finance and compliance teams to understand the basics of how Al
fraud detection works. They do not need to build models, but they must be able to evaluate outputs, identify
when the system is degrading, and escalate appropriately.

The arms race between fraud and detection is accelerating.

Every quarter of delay increases exposure to Al-powered threats that grow more
sophisticated and more costly. The technology to fight back exists today. The question
for finance leaders is whether they will deploy it with the governance and discipline that
the moment demands.
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This whitepaper draws on frameworks from Al Mastery for Finance Professionals by Glenn Hopper (Leaders Press, 2024) and current research
from Feedzai, Nasdaq Verafin, Experian, the FTC, and Trustpair. Glenn's forthcoming book, The Al-Ready CFO (Wiley Finance, September 2026),

expands these frameworks into a comprehensive governance and implementation playbook for finance leaders.

Pre-order at amazon.com or barnesandnoble.com.



