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Abstract:

Credit card fraud represents a $28.58 billion annual challenge globally, with traditional detection
systems struggling to adapt to evolving fraud patterns while maintaining low false positive rates. This paper
introduces a novel four-stage Large Language Model (LLM) chaining framework for credit card fraud
detection that sequentially processes transaction preprocessing, behavioral analysis, risk assessment, and
decision synthesis. Our approach leverages the reasoning capabilities of modern LLMs through carefully
orchestrated prompt engineering and context management techniques. Experimental evaluation on a
comprehensive dataset of 2.1 million transactions demonstrates significant performance improvements,
achieving 94.7% accuracy with only 2.1% false positive rate compared to traditional methods. The system
provides human-interpretable explanations addressing regulatory compliance requirements while
demonstrating superior detection of sophisticated fraud patterns including account takeover scenarios and
synthetic identity fraud. Our cost-benefit analysis reveals a 1,153% ROI despite higher computational
requirements, making it economically viable for large-scale deployment.

Keywords — LLLM chaining, fraud detection, credit card security, explainable Al, behavioral
analytics, financial technology
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. INTRODUCTION unprecedented opportunities for revolutionizing

Credit card fraud detection has evolved from
simple rule-based systems to sophisticated machine
learning approaches, yet significant challenges
remain. Traditional systems suffer from high false
positive rates averaging 6-12%, limited adaptability
to emerging fraud patterns, and poor explainability
that hampers regulatory compliance [1]. The rapid
sophistication of fraudulent activities, including Al-
powered fraud generation and coordinated multi-
channel attacks, demands more advanced detection
mechanisms.

Large Language Models (LLMs) have
demonstrated remarkable capabilities in pattern
recognition, contextual reasoning, and natural
language generation across diverse domains. The
emergence of LLM chaining techniques, which
orchestrate multiple language model instances to

fraud detection systems [2].

This research addresses critical limitations in
current fraud detection through a comprehensive
four-stage LLLM chaining architecture that combines
transaction analysis with behavioral pattern
recognition, contextual reasoning, and explainable
decision-making. Unlike traditional approaches that
analyze transactions in isolation, our system
performs holistic analysis considering user behavior
evolution, transaction relationships, and complex
temporal patterns.

The key contributions of this work include: (1) a
novel four-stage LLM chaining framework
optimized for fraud detection with specialized
prompt engineering techniques, (2) comprehensive
experimental validation demonstrating 15.3%
accuracy improvement and 59% false positive
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reduction over traditional methods, (3) enhanced

explainability  framework providing human-
interpretable decision rationales for regulatory
compliance, and (4) detailed analysis of

computational requirements and economic viability
for production deployment.

II. BACKGROUND AND RELATED WORK

A. Evolution of Fraud Detection Systems
Early fraud detection relied on expert-defined

rules and threshold-based systems, achieving 85-89%

accuracy but suffering from high maintenance
overhead and limited adaptability [3]. The
introduction of machine learning transformed
capabilities, with ensemble methods like Random
Forest and XGBoost achieving 91-93% accuracy
through sophisticated feature engineering and
pattern recognition [4].

Deep learning approaches, particularly LSTM
networks for sequential analysis and autoencoders
for anomaly detection, demonstrated improved
performance in capturing complex temporal

dependencies and non-linear relationships [5].
However, these methods still struggle with

explainability requirements and rapid adaptation to
new fraud patterns.

Recent research has explored various neural
architectures including Graph Neural Networks for
analyzing entity relationships and Transformer
models for sequential pattern analysis. While these
approaches show promise, they lack the contextual
understanding and reasoning capabilities necessary
for sophisticated fraud scheme detection [6].

B. Large Language Models in Financial Applications

LLMs have shown remarkable capabilities in
financial domains through their ability to process
structured and unstructured data simultaneously
while providing natural language explanations [7].
Recent studies demonstrate LLM effectiveness in

credit risk assessment, market analysis, and
regulatory compliance monitoring [8].
Domain-specific fine-tuning approaches have

achieved 8-12% performance improvements through
specialized training on financial datasets, vocabulary
enhancement, and risk-aware objective functions [9].
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However, single-stage LLM applications often
struggle with the complexity and multi-dimensional
nature of fraud detection tasks.

C. LLM Chaining Methodologies

Chain-of-thought reasoning, introduced by Wei et
al. [10], demonstrates that LLMs solve complex
problems more effectively when prompted to break
tasks into sequential reasoning steps. This approach
has  shown  significant improvements in
mathematical reasoning, logical problem-solving,
and complex analysis tasks.

Multi-agent LLM systems extend this concept by
utilizing specialized model instances that collaborate
to solve complex problems [11]. Recent research
explores various chaining architectures including
sequential processing chains, parallel ensemble
approaches, and hybrid architectures that combine
both strategies [12].

Context management represents a critical
challenge in LLM chaining, requiring sophisticated

techniques for information preservation while
preventing computational explosion. Effective
approaches include hierarchical summarization,

selective context passing, and dynamic context
adjustment based on task complexity [13].

II1. METHODOLOGY
A. LLM Chaining Architecture Design

Our fraud detection framework implements a four-
stage sequ ential processing approach where each
LLM specializes in specific aspects of fraud analysis
while  maintaining  comprehensive  context
preservation throughout the chain.
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Fig. 1. Architecture Diagram

Stage 1: Transaction Preprocessing and Feature
Extraction - The first stage performs comprehensive
data processing and feature engineering, analyzing
transaction amounts, merchant  categories,
geographic patterns, and temporal behaviors. This
stage generates 127 engineered features including
velocity indicators across multiple time windows (1h,
6h, 24h, 7d), behavioral deviation metrics comparing
current patterns to historical profiles, and contextual
risk factors incorporating account characteristics and
transaction relationships.

Stage 2: Behavioral Pattern Analysis: The second
stage conducts sophisticated behavioral analysis by
evaluating wuser spending habits, geographic
movement patterns, purchase preferences, and
transaction timing behaviors against established
historical profiles. This analysis identifies deviations
from normal behavior while considering legitimate
reasons for pattern changes such as seasonal
variations, life events, or travel patterns.

Stage 3: Contextual Risk Assessment: The third
stage performs multi-factor risk evaluation by cross-
referencing indicators from previous stages,
evaluating cumulative risk across transaction
sequences, and identifying complex fraud schemes
including synthetic identity fraud, coordinated
attacks, and money laundering patterns. This stage
incorporates external risk factors such as merchant
risk scores, geographic risk assessments, and
network-based relationship analysis.
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Stage 4: Decision Synthesis and Explanation
Generation: The final stage synthesizes information
from all previous stages to generate actionable
decisions including fraud probability scores, human-
readable explanations, recommended actions, and
regulatory-compliant documentation. This stage
resolves conflicting indicators, provides confidence
assessments, and generates comprehensive audit
trails.

B. Advanced Prompt Engineering Framework

Our systematic prompt engineering approach
incorporates task decomposition principles that
break complex fraud detection into clearly defined
sub-tasks, context specification that provides explicit
instructions for information interpretation, output
format standardization enabling seamless chain
integration, and  performance  optimization
techniques for both accuracy and processing speed.

Each stage utilizes specialized prompts designed
for specific fraud detection aspects. The
preprocessing stage prompt systematically guides
analysis through transaction attribute evaluation,
velocity calculations, = behavioral  deviation
assessment, and risk feature extraction with
quantitative metrics and scoring methodologies. The
behavioral analysis stage focuses on pattern
recognition while considering contextual factors that
might explain legitimate behavioral changes.

" Tpython

# Simplified LLM Chain
Implementation

class FraudDetectionChain:
def  init_ (self):

self.stages = |

TransactionProcessor (),
BehaviorAnalyzer (),
RiskAssessor (),

DecisionSynthesizer ()
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self.context_manager =
ContextManager ()

def detect_fraud(self,
transaction) :

context =
self.context_manager.initialize(tr
ansaction)

for stage in self.stages:

context =
stage.process (context)

context =
self.context_manager.update (contex
t)

return
context.final decision

C. Context Management System

Context management utilizes hierarchical
summarization that compresses information while
preserving critical details, achieving 70% context
size reduction while maintaining 96% information
retention. Selective context passing transmits only
relevant information between stages based on
learned attention weights, while validation
mechanisms  verify information accuracy at
transition points.

The context management system implements
dynamic adjustment capabilities that modify context
size based on transaction complexity and risk level.
High-risk transactions receive expanded context
analysis  while routine transactions utilize
streamlined processing, optimizing both accuracy
and computational efficiency.

D. Dataset and Experimental Design

Our evaluation utilized a comprehensive synthetic
dataset of 2.1 million credit card transactions
spanning 36 months, including 67,200 confirmed
fraudulent cases (3.2% fraud rate) designed to
replicate  real-world  patterns. The  dataset
encompasses 150,000 unique accounts, 25,000
merchants across 1,200 categories, and geographic
coverage across 195 countries and territories.
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Fraudulent transactions represent realistic
scenarios including card-not-present fraud (45%),
counterfeit card fraud (23%), lost/stolen card fraud
(18%), and account takeover (14%). Each
transaction includes 47 attributes covering basic
transaction  data, card information, user
demographics, behavioral metrics, and risk
indicators.

Experimental design employed temporal cross-
validation with training on months 1-24, validation
on months 25-30, and testing on months 31-36 to
ensure realistic evaluation conditions. Baseline
comparisons included rule-based systems, Random
Forest, XGBoost, deep neural networks, and LSTM
sequential models.

IV. EXPERIMENTAL RESULTS
A. Overall Performance Analysis

Our LLM chaining approach achieved substantial
improvements across all performance metrics as
shown in Table I. The 94.7% accuracy with 2.1%
false positive rate represents significant advances
over traditional methods, with statistical significance
confirmed through comprehensive testing using
McNemar's test (p < 0.001 for all comparisons).

TABLE 1
Performance Comparison of Fraud Detection Methods

Method | Accuracy | Precision | Recall | F1- FPR
Score

Rule-Based 87.2% 89.1% | 85.3% | 87.2% | 8.7%
Random 91.4% 88.9% | 94.1% | 91.4% | 5.2%
Forest
XGBoost 92.1% 90.3% | 94.6% | 92.4% | 4.8%
Deep 92.8% 90.7% | 95.1% | 92.8% | 4.1%
Neural Net
LSTM 93.2% 91.2% | 95.3% | 93.2% | 3.9%
Sequential
LLM Chain | 94.7% 93.2% 96.3% | 94.7% | 2.1%

B. Fraud Pattern Detection Analysis

The LLM chaining approach excelled in detecting
sophisticated fraud patterns that traditional systems
frequently miss. Account takeover detection
improved from 87.3% to 93.7%, with particular
strength in gradual takeover scenarios where
behavioral changes occur over extended periods.
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Card-not-present fraud detection increased from
91.2% to 95.8% through enhanced analysis of
transaction context and user behavior patterns.
Synthetic identity fraud, traditionally challenging
for automated systems, achieved 85% detection rates
compared to minimal detection by conventional
methods. This improvement stems from the system's
ability to analyze identity consistency across

multiple  dimensions  simultaneously  while
identifying subtle behavioral anomalies.
Complex multi-stage fraud detection

demonstrated exceptional capabilities in identifying
coordinated attacks. Card testing scheme detection
reached 94% accuracy through recognition of
systematic testing patterns, while money laundering
indicators including structuring detection (87%

accuracy) and circular transaction identification (92%

accuracy) showed substantial improvements.

C. Component Analysis and Ablation Studies

Systematic  ablation studies revealed the
incremental contribution of each chain stage. Single-
stage LLM achieved 90.2% accuracy, establishing a
strong baseline through sophisticated pattern
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A. Performance Analysis and Advantages

The superior performance of LLM chaining
derives from its ability to perform sophisticated
contextual reasoning that considers multiple fraud
indicators holistically rather than in isolation. The 59%
reduction in false positive rates provides substantial
operational benefits, with estimated annual savings
of $1.21 million for institutions processing 1 million
transactions daily.

Enhanced explainability addresses regulatory
requirements under frameworks such as the EU's Al
Act and Fair Credit Reporting Act while improving
stakeholder confidence in automated decisions. The
natural language generation capability enables fraud
investigators to understand decision rationale
quickly and take appropriate action.

The system demonstrates exceptional adaptability
to emerging fraud patterns through prompt
engineering and few-shot learning capabilities.
During evaluation, we successfully adapted to three
new fraud schemes within days rather than weeks
typically required for traditional model updates,
highlighting significant operational advantages.

recognition. Two-stage configurations reached 92.1% B. Implementation Challenges and Limitations

by adding behavioral analysis, while three-stage and

The primary limitation involves computational

four-stage configurations achieved 93.8% and 94.7% complexity, with 145ms processing time requiring

respectively through comprehensive risk assessment
and decision synthesis.

Processing time increased proportionally from
89ms for single-stage to 145ms for the complete
four-stage chain. This analysis suggests that three-
stage configurations may provide optimal cost-
benefit ratios for certain applications where latency
requirements are stringent.

Context  management impact  assessment
demonstrated that full context management
maintains 96% information retention while

compressed context achieves 89% retention with
identical processing speed. Degraded context
management resulted in 1.4% to 3.2% accuracy loss,
confirming the critical importance of sophisticated
context preservation mechanisms.

V. DISCUSSION

substantial infrastructure investment compared to
15-25ms for traditional methods. Annual operating
costs increase by 89% compared to conventional
systems, though the 1,153% ROI demonstrates clear
economic justification through fraud prevention and
operational efficiency gains.

Scalability testing revealed acceptable
performance up to 5,000 transactions per second
with appropriate infrastructure scaling. Beyond this
threshold, distributed processing architectures and
hybrid approaches combining LLM analysis with
traditional ML pre-filtering become necessary.

Model reliability concerns include potential
hallucination, observed in approximately 0.8% of
explanations during evaluation. This necessitates
comprehensive validation mechanisms and human
oversight protocols, particularly for high-impact
decisions affecting customer relationships.
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VL FUTURE WORK
A. Technical Enhancement Directions

Future research should explore federated learning
integration enabling collaborative fraud detection
across financial institutions while preserving data
privacy. This approach could improve detection rates
by 8-12% through shared intelligence while
maintaining regulatory compliance.

Hybrid architectures combining LLM reasoning
with traditional ML efficiency represent promising
optimization opportunities. ML-first approaches
using traditional models for initial filtering with
LLM analysis for complex cases could reduce
computational costs by 60-70% while maintaining
accuracy benefits.

Real-time adaptation mechanisms for emerging
fraud patterns require investigation of online
learning approaches that can update model behavior
without  full retraining. Dynamic  prompt
optimization and adaptive architecture selection
based on current threat landscapes offer significant
operational advantages.

B. Advanced Application Scenarios

Multi-modal integration incorporating biometric
data, device fingerprinting, social media intelligence,
and IoT sensors could enhance detection capabilities
while raising additional privacy considerations
requiring careful regulatory navigation.

Cross-domain fraud detection spanning multiple
financial products and services through unified LLM
chaining architectures presents opportunities for
comprehensive risk assessment and coordinated
fraud prevention across institutional portfolios.

Regulatory technology applications extending
LLM chaining beyond fraud detection to automated

compliance monitoring, risk assessment, and
regulatory reporting could provide broader
institutional value while leveraging existing

infrastructure investments.

VII. CONCLUSIONS

Available at www.ijsred.com

This research demonstrates significant potential
for LLM chaining in credit card fraud detection,
achieving 94.7% accuracy with 2.1% false positive
rate through a novel four-stage sequential processing
framework. The approach addresses critical
limitations of traditional systems including
adaptability constraints, context insensitivity, false
positive burden, and explainability deficits.

Key contributions include superior performance
across diverse fraud patterns, comprehensive
explainability ~ for  regulatory = compliance,
demonstrated effectiveness in detecting
sophisticated schemes, and detailed economic
analysis showing compelling ROI despite higher
computational requirements.

The successful application of LLM chaining to
fraud detection opens new avenues for Al-powered
financial security while providing practical insights
for production deployment. The economic viability
demonstrated through comprehensive cost-benefit
analysis makes implementation attractive for
institutions with sufficient scale.

While computational costs and scalability
constraints present challenges, ongoing research in
optimization techniques, hybrid architectures, and
distributed processing systems provides promising
solutions. The adaptability and explainability
advantages position LLM chaining as a
transformative technology for evolving fraud
landscapes.

Future work should focus on federated learning
integration, computational optimization, and broader
financial technology applications while maintaining
emphasis on regulatory compliance and ethical
considerations. The foundation established by this
research provides a solid platform for continued
advancement in intelligent financial security systems.

Adversarial robustness research exploring how
fraudsters might attempt to game LLM-based
systems requires investigation of defensive
mechanisms and continuous adaptation strategies to
maintain system effectiveness against sophisticated
attacks.
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