Reinventing Link Analysis: How Digital Fingerprinting and LLMs Are
Transforming Enterprise Fraud Detection

Abstract

Modern fraud rarely occurs as isolated events. Instead, it manifests as coordinated activity
spanning multiple identities, devices, sessions, and networks. Traditional rule-based fraud
detection systems—designed to evaluate individual transactions or accounts in isolation—
are increasingly ineffective against organized fraud rings and adaptive attackers.

This white paper presents a Link Analysis-driven fraud detection approach built on
digital fingerprinting and behavioral intelligence. By identifying the user at the
keyboard through behavioral and device-level fingerprints and linking their attributes—
such as device identifiers, login IDs, IP addresses, and environmental signals—to historical
data, enterprises can uncover hidden fraud relationships and proactively block downstream
abuse.

This paper also outlines the industry shift from traditional rule-based link analysis toward
LLM-driven rule discovery and reasoning, enabling adaptive detection of evolving fraud
patterns at network scale.

1. The Evolving Fraud Landscape

Enterprise digital platforms process millions of user interactions daily across geographies,
devices, and applications. Fraud actors exploit this scale by:

e Reusing infrastructure across multiple accounts
¢ Rotating identities while maintaining consistent behavioral patterns
e Leveraging automation to evade static rules

Traditional detection mechanisms typically evaluate a single user, account, or transaction at
a time. While effective against known patterns, these approaches struggle to detect
coordinated or repeat fraud that is intentionally distributed across multiple entities.

As highlighted in prior enterprise studies on behavioral fingerprinting and large-scale fraud
systems, fraud prevention must evolve from event-level detection to network-level
intelligence.

2. Digital Fingerprinting: Identifying the User at the Keyboard



Digital fingerprinting captures a unique and probabilistic representation of a user or device
by collecting signals during online interactions. These signals go beyond static identifiers
and include:

¢ Device and browser characteristics

e Network attributes (IP, ASN, geo signals)

e Environmental and configuration traits

e Behavioral patterns observed during interaction

In advanced implementations, behavioral fingerprinting further enhances accuracy by
analyzing how a user interacts with the system—effectively identifying the user at the
keyboard rather than just the account or device.

Enterprise platforms such as digital vetting systems rely on rule-based and ML-assisted
evaluation of these fingerprints to classify users as legitimate or high-risk in real time.

3. Rule-Based Fraud Identification at the Keyboard Level

Once digital fingerprints are captured, business-approved rule frameworks evaluate risk
signals to determine whether the user operating the keyboard is likely to be fraudulent.

Typical rule categories include:
e High-risk behavioral patterns
¢ Known bad infrastructure reuse
e Velocity and anomaly-based indicators
e Policy and compliance violations

If the system determines that the user at the keyboard represents a fraud risk, the entity is
flagged as a confirmed or suspected fraud actor. This decision becomes the entry point
for deeper investigation through Link Analysis.

4. Link Analysis: From Isolated Detection to Network Intelligence

4.1 What Is Link Analysis?



Link Analysis is the process of connecting entities through shared attributes to
uncover hidden relationships and coordinated activity. Rather than asking“Is this
user fraudulent?”, Link Analysis asks:

“What other entities are connected to this fraud signal, directly or indirectly?”
4.2 Linking Digital Attributes

Once a fraudster is identified at the keyboard level, the Link Analysis engine
evaluates connections across historical and real-time data using attributes such as:

e Device IDs and fingerprint hashes

e Login IDs and account identifiers

e [P addresses and network ranges

e Session metadata and timing correlations
e Behavioral similarity scores

By traversing these links, the system builds a fraud graph that exposes
relationships between past approvals, existing accounts, and previously unseen
entities.

Automated link analysis on a known bad user/credential/device can quickly
identify and block based on related attributes
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5. Blocking Downstream Fraud Through Historical Linkage

A key advantage of Link Analysis is its ability to retroactively and proactively protect the
ecosystem.

When a fraudster is identified:
1. Historical data is scanned for prior approvals connected through shared attributes

2. Previously approved accounts or transactions linked to the fraud graph are
re-evaluated

3. High-confidence linked entities can be:
o Blocked or suspended
o Flagged for review
o Subjected to step-up verification

This approach prevents fraud rings from exploiting time gaps between initial approval and
eventual detection—a common weakness in event-based systems.

Enterprise implementations of digital fingerprinting platforms explicitly highlight robust
link analysis as a core capability for detecting coordinated abuse at scale.

6. Benefits of Digital Fingerprinting-Driven Link Analysis
Compared to traditional detection models, this approach delivers:
e Higher fraud coverage by detecting coordinated networks
¢ Reduced false positives through probabilistic fingerprint correlation
e Faster response times via automated linkage and blocking
e Scalability across billions of historical records
o Explainability through graph-based fraud relationships

Most importantly, it shifts fraud prevention from reactive enforcement to preventive
network disruption.



7. Reference Architecture Overview
At a high level, the architecture consists of:

1. Signal Collection Layer
Captures device, behavioral, and environmental attributes during user interaction.

2. Fingerprint Evaluation Engine
Applies rules and ML models to identify fraudulent users at the keyboard.

3. Link Analysis Engine
Builds and traverses entity graphs using historical and real-time data.

4. Enforcement & Feedback Loop
Blocks linked entities and continuously improves detection accuracy.

This architecture pattern aligns with large-scale enterprise fraud platforms operating in
real-time environments.

8. Components hierarchy

Different Components coordinating at each step:

Identify and prevent piracy, account compromise, cybercrime, and fraud
events

Multiple data s?u'rces, mcl‘udmg tenant's, device, user, network and Data (Gathered/
other company’s information

Applied)

Appeal managers work directly with tenant’s frontline reps to

identify false positives and prevent social engineering Appeals Management

Analysts review data holistically to determine rule
adjustments or new rules Analytics

Investigators gather evidence associated
with major cases and suggests new rules Investigations

Team monitors rules effectiveness o
Monitoring

Fig 2. Link Analysis Process ladder.

9. Architecture Evolution: LLM-Based Link Analysis



The transition from rule-based to LLM-based link analysis introduces an additional
intelligence and reasoning layer on top of the traditional fraud detection architecture. At
the foundation, the system continues to ingest digital fingerprinting signals—including
device attributes, behavioral telemetry, network metadata, and session context—through a
scalable signal collection layer. These signals are normalized and evaluated by an initial
fingerprint evaluation engine, which applies baseline rules and machine-learning models to
identify high-risk users at the keyboard and generate seed fraud signals for further analysis.

Once a potential fraud actor is identified, the link analysis layer constructs an entity graph
that represents relationships across users, devices, accounts, and infrastructure. In classic
implementations, link traversal and enforcement decisions were governed by predefined
rules such as fixed attribute matching, depth-limited recursion, and static thresholds. In the
evolved architecture, LLMs augment this layer by reasoning over graph structures,
historical outcomes, and contextual signals to dynamically infer linkage patterns.
Rather than relying solely on explicit rules, the LLM interprets patterns of similarity, reuse,
and behavioral correlation across the fraud graph, enabling the discovery of previously
unseen or weakly connected relationships.

The outputs of the LLM-based reasoning layer are translated into explainable link
hypotheses and risk-weighted associations, which are then consumed by enforcement
and decisioning systems. This preserves operational safeguards by keeping final actions—
such as blocking, step-up verification, or investigation—within governed policy
frameworks. Feedback from confirmed fraud outcomes, appeals, and false-positive reviews
is continuously fed back into both the graph and model layers, enabling adaptive learning
and reducing long-term rule maintenance overhead.

By embedding LLMs as a reasoning component rather than a replacement for core controls,
this architecture transforms link analysis into an adaptive, context-aware fraud
intelligence system—capable of evolving alongside adversary behavior while maintaining
enterprise-grade scalability, auditability, and trust.

Conclusion

As fraud becomes increasingly coordinated and adaptive, enterprises can no longer rely on
isolated transaction-level detection. Digital fingerprinting combined with Link Analysis
provides a powerful mechanism to identify the user at the keyboard, uncover hidden fraud
networks, and block abuse before it scales.

By transforming individual fraud signals into connected intelligence, organizations gain the
ability to disrupt fraud ecosystems—not just individual fraud events.
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