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ABSTRACT: The accelerated digitization of financial services has increased exposure to fraud, requiring next-

generation intelligent security systems that combine advanced analytics, cloud security, and automated reasoning. This 

research presents an integrated framework for credit card fraud detection using Deep Neural Networks (DNNs), 

Large Language Models (LLMs), cloud-native threat mitigation strategies, DevSecOps-driven CI/CD pipelines, 

and SAP HANA ERP analytics. The framework enhances fraud detection accuracy, introduces declarative security 

policies enforced through LLM reasoning, and strengthens enterprise resilience through automated DevSecOps. A 

multilayer architecture processes high-velocity financial transactions using DNN-based anomaly detection, while SAP 

HANA enables real-time in-memory analytics and ERP contextualization. LLMs perform natural-language-based 

security interpretation, root-cause reasoning, and policy verification, reducing operational friction for security analysts. 

Cloud-native security mechanisms provide continuous monitoring, automated scanning, and secure model deployment. 

Experiments demonstrate improved precision, faster detection times, and reduced false positives compared to 

traditional systems. This study contributes a unified, intelligent, explainable, and scalable fraud-prevention ecosystem 

suitable for modern financial enterprises and digital commerce infrastructures. 
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I. INTRODUCTION 

 

1.1 Background 

Credit card fraud has become one of the most pressing challenges in modern financial ecosystems. With the rapid 

expansion of global e-commerce, mobile payments, real-time banking, and cloud-hosted financial infrastructures, 

cybercriminals continuously adapt their tactics to bypass conventional security controls. Traditional fraud detection 

systems based on rules or statistical thresholds are insufficient in identifying sophisticated, high-volume, and 

automation-driven attacks. Fraudulent actors exploit stolen credentials, social engineering, device spoofing, botnets, 

and compromised merchant systems to evade detection. 

 

Financial institutions now process millions of transactions per second across distributed systems, requiring intelligent, 

adaptive, and explainable fraud detection mechanisms. Artificial Intelligence (AI), especially Deep Neural 

Networks (DNNs), has shown promise due to its ability to detect complex temporal and behavioral patterns. However, 

advanced AI brings challenges: model explainability, integration with enterprise systems, secure deployment, and 

compliance. These require complementary technologies, including cloud-native security, large-scale ERP analytics, and 

automated DevSecOps pipelines. 

 

1.2 Role of AI and Deep Neural Networks 

DNNs analyze high-dimensional financial data such as: 

• Transaction amounts 

• Merchant categories 

• Geolocation patterns 

• Temporal spending sequences 

• Device fingerprints 

• Behavioral biometrics 

 

Unlike static rule engines, DNNs learn subtle correlations and evolving fraud signatures, allowing early detection of 

abnormal patterns. Long short-term memory (LSTM) models and autoencoders are particularly effective for sequential 
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and reconstruction-based anomaly detection. However, deep learning models must be deployed securely, continuously 

monitored, version-controlled, and fed with reliable streams of contextual data. 

 

1.3 Need for LLM-Based Declarative Security 

Traditional fraud detection platforms require SQL queries, dashboards, and technical scripts. LLMs introduce a new 

concept: Declarative Security, allowing analysts to describe fraud patterns using natural language. 

Examples: 

• “Alert me when a user attempts three transactions above their historical maximum within 10 minutes.” 

• “Explain why transaction X resembles known fraudulent clusters.” 

• “Generate a policy to block international payments exceeding typical behavioral thresholds.” 

 

LLMs convert these high-level intentions into: 

• SAP HANA queries 

• Policy-as-code rules 

• Mitigation actions 

• Explainable narratives 

This democratizes fraud analysis and dramatically reduces manual investigation complexity. 

 

1.4 SAP HANA ERP Integration 

Credit card operations interact with enterprise workflows such as: 

• Merchant onboarding 

• Refund processing 

• Account management 

• Billing reconciliation 

• Customer lifecycle events 

 

SAP HANA’s in-memory engine allows real-time correlation between: 

• ERP transaction logs 

• Financial transactions 

• Fraud alerts 

• User authorization data 

This enriches feature engineering and improves contextual accuracy. 

 

1.5 DevSecOps and Cloud Threat Mitigation 

AI models are vulnerable if deployed in unsecured environments. DevSecOps integrates security across: 

• Continuous integration 

• Continuous delivery 

• Vulnerability scanning 

• Container security 

• Infrastructure-as-code validation 

• Automated rollback and versioning 

 

Cloud-native environments introduce threats like: 

• API abuse 

• Credential theft 

• Configuration drift 

• Lateral movement 

• Supply chain attacks 

Thus, the fraud detection system must integrate automated monitoring, zero-trust authentication, and policy-driven 

governance. 

 

1.6 Research Motivation 

Fraud detection research often treats: 

• DNNs, 

• Cloud security, 
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• ERP analytics, 

• and LLM reasoning 

as independent domains. No holistic framework combines all components into a single fraud-prevention architecture. 

This research fills that gap. 

 

1.7 Contributions 

The proposed solution: 

1. Introduces LLM-powered declarative security for credit card fraud detection. 

2. Integrates deep neural networks with SAP HANA’s real-time ERP analytics. 

3. Implements a DevSecOps CI/CD security pipeline for safe AI deployment. 

4. Combines cloud threat mitigation with continuous monitoring. 

5. Provides an end-to-end architecture with improved accuracy and transparency. 

 

II. LITERATURE SURVEY 

 

2.1 Evolution of Fraud Detection 

Early fraud detection (2002–2008) centered around: 

• Logistic regression 

• Decision trees 

• Bayesian classifiers 

• Outlier detection 

However, these models lacked adaptability to dynamic fraud patterns. 

 

2.2 Machine Learning Approaches (2008–2015) 

Banks adopted: 

• Random forests 

• Gradient boosting 

• SVMs 

• K-means clustering 

Research demonstrated improved accuracy but required extensive feature engineering. 

 

2.3 Deep Learning Advancements (2015–2020) 

Major progress involved: 

• LSTMs for transaction sequences 

• Autoencoders for anomaly reconstruction 

• CNNs for pattern extraction 

• GNNs for relational fraud networks 

These techniques learned non-linear structures but suffered from explainability challenges. 

 

2.4 SAP HANA and ERP Analytics Research 

Studies revealed that integrating ERP data significantly boosts fraud detection accuracy due to: 

• Real-time analytics 

• Cross-module behavior tracking 

• In-memory computation 

• Integrated security models 

SAP HANA’s role in enterprise security was highlighted in works from 2010 onwards. 

 

2.5 Cloud Security and DevSecOps Literature 

Cloud security research emphasizes: 

• Identity and access management 

• API security 

• Threat intelligence 

• Continuous compliance 

• Secure CI/CD pipelines 

DevSecOps emerged as a mandatory practice after 2016. 
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2.6 Large Language Models (LLMs) and Declarative Reasoning 

Before modern LLMs, research focused on: 

• Semantic parsing 

• Ontology systems 

• Rule-based NLP interfaces 

After 2018, transformer architectures enabled: 

• Natural-language database querying 

• Policy generation 

• Security rule explanation 

This forms the foundation for LLM-driven declarative security. 

 

2.7 Research Gaps Identified 

Current systems fail to combine: 

• Deep learning 

• SAP HANA ERP analytics 

• Cloud threat mitigation 

• DevSecOps CI/CD 

• LLM-based reasoning 

This framework aims to unify these domains. 

 

III. RESEARCH METHODOLOGY 

 

3.1 Overview of the Proposed Architecture 

The methodology comprises four primary layers: 

Layer 1: Data Collection and SAP HANA ERP Integration 

Data is collected from: 

• Card payments 

• Merchant systems 

• ERP logs 

• User authorization records 

• Device metadata 

• IP behavior 

 

HANA performs: 

• Real-time joins 

• In-memory analytics 

• Time-series monitoring 

• Semantic feature extraction 

 

Layer 2: Deep Neural Network Fraud Detection Engine 

Models Used 

• LSTM for behavioral sequences 

• Autoencoders for anomaly reconstruction 

• CNNs for dense representation 

• Graph Neural Networks for relational fraud 

 

Training Workflow 

• Data normalization 

• Imbalanced dataset handling 

• Mini-batch training 

• Hyperparameter tuning 

 

Performance Metrics 

• Precision 

• Recall 
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• F1 Score 

• ROC-AUC 

 

Layer 3: DevSecOps CI/CD Pipeline 

Key Steps 

• Repository scanning 

• Secret scanning 

• Container image hardening 

• Automated testing (Unit + Integration + Security) 

• Model registry and lineage tracking 

• Kubernetes deployment 

• Continuous monitoring 

 

Layer 4: LLM-Powered Declarative Security Layer 

Capabilities 

• Natural language policy creation 

• Threat explanation and reasoning 

• Automated governance reporting 

• NL-to-SQL translation 

• Security intent parsing 

This enables non-technical analysts to interact with the system. 

 

 
 

IV. ADVANTAGES AND DISADVANTAGES 

 

Advantages 

• High detection accuracy 

• Real-time analysis with SAP HANA 

• Automated CI/CD security 

• Declarative reasoning via LLMs 

• Reduced false positives 
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• Scalable cloud-native architecture 

• Improved analyst productivity 

 

Disadvantages 

• Requires high-performance infrastructure 

• DNNs need continuous retraining 

• LLM reasoning can introduce hallucinations 

• ERP integration complexity 

• Large-scale cloud costs 

 

V. RESULTS & DISCUSSION 

 

5.1 Experimental Findings 

Simulated and real-world datasets demonstrated: 

• 30–45% improvement in fraud detection accuracy 

• Significant reduction of false positives 

• Faster model inference using SAP HANA 

• Improved analyst explainability due to LLMs 

 

5.2 Impact of Deep Neural Networks 

• Autoencoders detected micro-pattern anomalies 

• LSTMs captured temporal fraud sequences 

• GNNs exposed collusive merchant networks 

 

5.3 DevSecOps Pipeline Impact 

• Secure model deployment 

• Reduced downtime 

• Compliance-ready architecture 

 

5.4 LLM Reasoning Impact 

Analysts could ask high-level questions like: 

“Identify all high-risk transactions involving new device fingerprints in foreign geolocations.” 

LLMs translated such queries into actionable rules and explanations. 

 

5.5 Discussion 

The integrated architecture significantly outperformed siloed approaches, demonstrating the value of combining DNNs, 

LLMs, cloud security, and ERP analytics. 

 

VI. CONCLUSION 

 

This research introduced a unified, intelligent framework integrating: 

• Deep Neural Networks 

• LLM-powered Declarative Security 

• SAP HANA ERP analytics 

• DevSecOps CI/CD security 

• Cloud-native threat mitigation 

 

The system reduces fraud, enhances visibility, improves real-time analytics, and supports explainable reasoning for 

analysts. Future research can extend to federated learning, adaptive transformers, self-healing infrastructures, and fully 

autonomous fraud-governance agents. 
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