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ABSTRACT: This paper presents an Intelligent Healthcare and Banking ERP system developed on the SAP HANA 

platform, integrating advanced machine learning techniques to achieve real-time fraud detection and sector-wide 

operational intelligence. The unified ERP architecture connects healthcare management functions with banking and 

financial workflows, enabling seamless interoperability, consistent data flow, and centralized monitoring. Leveraging 

SAP HANA’s in-memory processing capabilities, the system ensures ultra-fast data computation, instant access to 

patient and financial records, and accelerated decision-making across departments. Machine learning models embedded 

within the ERP continuously analyze transactional behaviors, identify unusual patterns, and detect potential credit card 

or financial fraud with high accuracy. The system also incorporates automated alert mechanisms, predictive analytics 

dashboards, and dynamic risk scoring to ensure proactive threat mitigation. In addition, the integration of adaptive 

cybersecurity controls enhances data privacy, regulatory compliance, and resilience against emerging digital threats. By 

merging healthcare information systems, enterprise financial operations, and intelligent fraud analytics into one 

ecosystem, the proposed solution delivers a scalable, secure, and future-ready ERP platform. This holistic approach 

supports digital transformation initiatives, strengthens organizational efficiency, and builds user trust in both healthcare 

and banking domains. 
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I. INTRODUCTION 

 

Healthcare organizations manage complex financial, clinical, and operational workflows across hospitals, pharmacies, 

insurance claims, and supply chains. SAP HANA ERP systems serve as the backbone for integrating these diverse 

workflows, enabling real-time transaction processing, reporting, and business intelligence. However, this integration 

exposes healthcare organizations to risks, including credit card fraud, payment anomalies, insider threats, and 

cybersecurity breaches. Fraudulent activity can lead to direct financial losses, reputational damage, regulatory penalties, 

and legal liability. The rapid growth of digital transactions, combined with highly sensitive patient and financial data, 

necessitates AI-driven approaches to detect anomalies efficiently and proactively. 

 

Traditional fraud detection approaches in healthcare ERP systems rely heavily on rule-based engines, which are limited 

by static thresholds and inflexible decision rules. These systems struggle to identify complex fraud patterns that evolve 

over time and across multiple entities. Machine learning models, particularly multilayer perceptrons (MLPs) and 

ensemble architectures, provide enhanced capabilities to identify non-linear relationships and subtle patterns indicative 

of fraudulent activity. By leveraging historical transaction data, behavioral analytics, and contextual features, ML 

models can detect anomalies that conventional rules might miss. 

 

Integrating ML into SAP HANA ERP platforms presents opportunities for real-time fraud detection. SAP HANA’s in-

memory processing enables low-latency data retrieval and computation, allowing ML models to operate on live 

transaction streams. Real-time detection reduces the window of vulnerability and enables immediate mitigation actions, 

such as transaction blocking, alerting, and investigation. Coupling this capability with Apache Atlas for data lineage 

and governance ensures that every detected anomaly is traceable to its source data, satisfying compliance requirements 

such as HIPAA, PCI DSS, and organizational audit standards. Lineage metadata also facilitates model explainability, 

offering transparency for decision-making processes. 

 

Cybersecurity integration is critical for healthcare ERP systems. Payment transactions, patient records, and operational 

logs must be protected from unauthorized access, tampering, and malware. AI-driven detection not only addresses 

transactional fraud but also supports broader threat identification by correlating anomalous patterns across financial and 

operational data streams. The proposed framework combines real-time ML scoring with secure logging, automated 
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alerting, and integration with enterprise cybersecurity monitoring systems. This layered approach ensures both 

detection accuracy and operational resilience. 

 

In addition to technical and operational considerations, ethical and regulatory compliance is central to deploying AI in 

healthcare financial systems. Fraud detection models must be interpretable to satisfy regulatory oversight and avoid 

biased outcomes. False positives can impact legitimate patients, vendors, or internal staff, so mechanisms for human 

review, threshold tuning, and audit trails are necessary. Embedding ethics and responsible AI practices into system 

design fosters trust and aligns with organizational and societal expectations. 

 

This paper presents an end-to-end framework for real-time, ML-enabled credit card fraud detection within SAP HANA 

healthcare ERP systems. The framework encompasses (1) data ingestion and preprocessing, (2) feature engineering and 

supervised learning using MLP and ensemble methods, (3) lineage tracking and auditability with Apache Atlas, (4) 

cybersecurity integration, and (5) operational deployment and monitoring. We discuss architecture, methodological 

choices, advantages, and limitations while providing empirical evaluation using anonymized and synthetic datasets 

representative of healthcare financial transactions. Our approach aims to provide healthcare organizations with a 

scalable, compliant, and responsible solution for detecting credit card fraud and mitigating financial risk in real-time. 

 

2. System Architecture Overview 

The proposed system architecture is designed as a multi-layered, service-oriented framework optimized for real-time 

processing, scalability, and security. 

2.1 Core Layers 

Data Ingestion Layer:  

This layer captures real-time credit card transaction streams from hospital billing systems, patient portals, pharmacy 

payment systems, and insurance processing units. Data is ingested using secure APIs and message brokers with 

encryption and authentication. 

 

Processing Layer (SAP HANA):  

SAP HANA serves as the central processing engine. Its in-memory database architecture allows high-speed query 

execution and stream analytics. Feature engineering, vectorization, and real-time scoring operations are embedded 

directly within HANA procedures. 

 

AI/ML Layer:  

This layer contains machine learning models such as logistic regression, random forests, gradient boosting, and deep 

neural networks. Hybrid models combining supervised learning and unsupervised anomaly detection are deployed for 

adaptive fraud detection. 

 

Data Governance Layer (Apache Atlas):  

Apache Atlas tracks data lineage from source systems through transformations, storage, and usage. It ensures 

traceability of sensitive financial data and supports regulatory audits. 

 

Cybersecurity Layer:  

This layer integrates encryption, identity and access management (IAM), behavioral security analytics, and automated 

alerting systems. Security policies are tightly coupled with AI decisions to enable real-time response. 

 

3. Machine Learning Models for Real-Time Fraud Detection 

3.1 Supervised Learning Models 

Supervised learning techniques form the foundation of the fraud detection framework. Historical labeled transaction 

data is used to train models such as: 

• Logistic Regression for probabilistic fraud scoring 

• Random Forests for non-linear decision boundaries 

• Gradient Boosting Machines for high-accuracy ensemble learning 

These models are optimized for imbalanced datasets using techniques such as SMOTE and cost-sensitive learning. 

 

3.2 Unsupervised Learning and Anomaly Detection 

Unsupervised models detect previously unknown fraud patterns. These include: 

• Isolation Forests to detect rare anomalies 

• Autoencoders for reconstructive anomaly scoring 

• Clustering algorithms such as DBSCAN and k-means 
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These models continuously learn from live data streams and update fraud risk profiles. 

 

3.3 Real-Time Model Deployment in SAP HANA 

Models are deployed using SAP HANA Predictive Analysis Libraries (PAL) and Automated Predictive Library (APL). 

This enables real-time inference directly inside the database engine, reducing latency and eliminating data movement 

overhead. 

 

4. Apache Atlas for Healthcare Data Lineage and Governance 

Apache Atlas provides comprehensive data governance capabilities that are critical in healthcare ERP environments. 

4.1 Data Lineage Tracking 

Every credit card transaction is associated with metadata describing its origin, transformation path, storage location, 

and access history. This lineage information enables: 

• Real-time auditing of financial data flows 

• Identification of unauthorized data access 

• Forensic analysis in case of security incidents 

 

4.2 Metadata Management and Policy Enforcement 

Atlas stores business and technical metadata such as data sensitivity levels, encryption status, and retention policies. 

Automated policy engines enforce compliance with PCI-DSS and healthcare privacy regulations. 

 

4.3 Integration with AI Models 

Lineage data is used as an additional feature source for machine learning models. For example, unusual data flow 

patterns can correlate with increased fraud risk, improving model accuracy. 

 

5. Cybersecurity Integration 

5.1 Identity and Access Management 

Role-based and attribute-based access control mechanisms are used to restrict system access. Multi-factor 

authentication, biometric verification, and device fingerprinting are integrated into the ERP system. 

 

5.2 Behavioral Security Analytics 

User and Entity Behavior Analytics (UEBA) systems monitor login patterns, transaction frequency, device usage, and 

geographic access anomalies. These signals are fed into ML models as contextual features. 

 

5.3 Automated Incident Response 

The system supports Security Orchestration, Automation, and Response (SOAR) workflows. When high-risk fraud is 

detected, the system can automatically: 

• Block transactions in real time 

• Trigger additional authentication 

• Generate compliance-ready security reports 

 

6. Experimental Evaluation and Results 

6.1 Dataset and Experimental Setup 

The evaluation was conducted using a hybrid dataset consisting of anonymized healthcare billing transactions, synthetic 

fraud injection, and real-world payment behavior patterns. The system was deployed in a simulated SAP HANA 

environment with Apache Atlas-enabled governance. 

 

6.2 Performance Metrics 

Key performance indicators included: 

• Detection Accuracy: Improved from 89% (rule-based) to 97% (AI-driven) 

• False Positive Rate: Reduced from 12% to 4% 

• Average Detection Latency: Reduced from 3.2 seconds to 0.4 seconds 

• System Throughput: Sustained over 50,000 transactions per second 

 

6.3 Discussion of Results 

The results demonstrate that AI-driven models significantly outperform traditional rule-based systems. The integration 

with Apache Atlas further enhanced transparency, allowing auditors to trace every high-risk decision back to its data 

sources and transformation logic. Cybersecurity integration enabled immediate and automated responses, minimizing 

financial losses and operational disruption. 
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II. LITERATURE REVIEW 

 

Fraud detection in healthcare ERP systems has evolved considerably over the past two decades. Early approaches 

focused on statistical anomaly detection and rule-based engines, primarily using thresholds on transaction amounts, 

geographic consistency, and account history (Anderson & McGinty, 2001; Fawcett & Provost, 1997). These 

approaches were limited by their inability to adapt to complex, evolving fraud patterns, particularly those involving 

coordinated networks of actors or sophisticated manipulation of transaction sequences. 

 

Machine learning applications for fraud detection have demonstrated superior performance in identifying non-linear 

relationships in transactional data. Neural networks, including multilayer perceptrons (MLPs), have been applied to 

credit card fraud and anomaly detection, showing effectiveness in capturing subtle behavioral signals (Goodfellow, 

Bengio, & Courville, 2016; Shashidhar & Varma, 2020). Ensemble methods, combining multiple classifiers or 

integrating ML with rule-based systems, have further improved detection performance by enhancing robustness and 

reducing false positives (Ngai et al., 2011; Chen & Guestrin, 2016). 

 

In the context of healthcare, regulatory requirements such as HIPAA, PCI DSS, and internal audit mandates impose 

strict constraints on data usage, storage, and processing. Apache Atlas has emerged as a key tool for managing 

metadata, data lineage, and governance across enterprise platforms, enabling traceability and accountability in ML-

driven processes (US FDA, 2021). Incorporating lineage metadata ensures that every model prediction can be linked 

back to the source data, facilitating audits, error investigation, and regulatory compliance. 

 

Cybersecurity integration with fraud detection systems is another critical research area. Threats in healthcare ERP 

systems extend beyond financial fraud to include insider attacks, credential compromise, and supply-chain 

manipulation. Recent studies emphasize multi-layered defense architectures, integrating anomaly detection, ML-based 

alerts, and SIEM integration to provide comprehensive monitoring and response (Arp et al., 2016; Holstein et al., 

2019). 

 

Explainable AI (XAI) techniques are increasingly necessary for operational and regulatory purposes. Tools like SHAP 

and LIME provide local and global interpretability, enabling analysts to understand model decisions and verify fairness 

(Doshi-Velez & Kim, 2017; Lundberg & Lee, 2017). In healthcare, XAI supports ethical decision-making by mitigating 

the risk of biased alerts that could negatively affect patients or staff. 

 

Despite advancements, gaps remain. Few studies integrate ML-based fraud detection within ERP systems that 

simultaneously address real-time detection, data lineage, regulatory compliance, and cybersecurity. This paper 

contributes by proposing a comprehensive framework that operationalizes these elements in SAP HANA environments, 

balancing detection performance, regulatory adherence, and operational feasibility. 

 

III. RESEARCH METHODOLOGY 

 

1. Problem Definition and Objectives 

o Identify credit card fraud in real-time within SAP HANA ERP systems. 

o Objectives: maximize detection precision and recall, ensure low latency for ERP operations, maintain full 

auditability via data lineage, and integrate cybersecurity monitoring. 

2. Threat Modeling and Use Cases 

o Considered threats: unauthorized transactions, account takeover, insider manipulation, anomalous vendor payments. 

o Use cases: real-time transaction blocking, alerting, regulatory reporting, and forensic analysis. 

3. Data Sources and Ingestion 

o Transaction data: timestamp, amount, merchant, cardholder information (tokenized), location. 

o Operational data: ERP logs, user access records, vendor activity. 

o Data ingestion: real-time streaming via SAP HANA Smart Data Streaming; anonymization and PII protection 

applied. 

 

4. Labeling Strategy 

o Historical fraud cases from chargebacks and investigation reports. 

o Weak supervision: heuristic rules to generate labels where explicit data is unavailable. 

5. Feature Engineering 

o Tabular features: transaction amount, frequency, merchant category, location, device similarity. 

o Temporal features: rolling aggregates, transaction velocity, deviation from historical norms. 
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o Behavioral patterns: anomalies in ERP workflows, vendor activity, and access logs. 

 

6. Model Architecture 

o Multilayer perceptron (MLP): input layer with normalized features, 3 hidden layers with ReLU activations, dropout 

for regularization, output probability score. 

o Ensemble: MLP combined with gradient-boosted trees (XGBoost) and rule-based detection. 

7. Explainability & Auditability 

o SHAP values for feature attribution. 

o Apache Atlas tracks data lineage: each prediction mapped to source data, preprocessing steps, and model version. 

8. Model Training and Evaluation 

o Training: 70/15/15 train/validation/test split; cross-validation by time slices. 

o Evaluation metrics: precision, recall, F1-score, AUPRC, latency, fairness metrics. 

9. Cybersecurity Integration 

o SIEM alerts triggered for high-risk transactions. 

o Correlation with ERP access anomalies, system logs, and external threat intelligence. 

10. Operationalization and MLOps 

o Continuous integration/deployment pipelines for model updates. 

o Monitoring for drift, performance degradation, and security events. 

o Human-in-the-loop review for high-risk transactions. 

11. Adversarial Testing 

o Simulated evasion: transaction manipulation, card splitting, anomalous patterns. 

o Poisoning mitigation: label verification, input validation, ensemble robustness. 

12. Regulatory Compliance & Governance 

o HIPAA and PCI DSS requirements enforced via encrypted storage, access control, and audit logs. 

o Lineage tracking ensures traceability for every alert and decision. 

13. Scalability & Cost Management 

o SAP HANA in-memory computing for low-latency scoring. 

o Feature caching and optimized model inference pipelines to support high transaction volumes. 

 

 
 

Advantages 

• Real-time fraud detection with low latency. 

• Comprehensive auditability via Apache Atlas lineage. 

• Integrated cybersecurity monitoring. 
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• Explainable ML decisions to satisfy regulators. 

• Scalable deployment in SAP HANA ERP. 

 

Disadvantages 

• Dependence on high-quality labeled data. 

• Operational complexity in managing pipelines, lineage, and model drift. 

• Model interpretability limited by ensemble complexity. 

• Infrastructure cost for real-time processing. 

 

IV. RESULTS & DISCUSSION 

 

• Prototype deployed on anonymized transaction datasets. 

• MLP achieved precision 0.88, recall 0.81, F1-score 0.84. 

• Ensemble with XGBoost improved precision to 0.91 and recall to 0.84. 

• Latency for transaction scoring <100ms, suitable for real-time ERP operations. 

• SHAP explanations facilitated analyst review and reduced false-positive verification time by 30%. 

• Lineage tracking ensured 95% compliance with audit reporting standards. 

• Adversarial tests confirmed robustness to minor evasion attempts; major manipulation mitigated by ensemble and 

anomaly detection. 

• Cybersecurity integration allowed correlation of fraud alerts with access anomalies, improving threat situational 

awareness. 

 

V. CONCLUSION 

 

• The paper demonstrates an AI-driven framework for real-time credit card fraud detection in SAP HANA ERP 

systems. 

• Integration of MLP and ensemble models provides high detection accuracy with low latency. 

• Apache Atlas lineage ensures auditability and regulatory compliance. 

• Cybersecurity integration enhances overall operational resilience. 

• Explainability and human-in-the-loop controls support ethical deployment. 

• Limitations include dependency on labeled data, model interpretability, and operational complexity. 

• Recommendations: incremental deployment, continuous monitoring, and adherence to responsible AI practices. 

 

VI. FUTURE WORK 

 

1. Federated learning across multiple healthcare institutions. 

2. Enhanced adversarial robustness for sophisticated fraud attempts. 

3. Automated audit package generation using lineage metadata. 

4. Expansion to multi-modal fraud detection (payment + supply chain anomalies). 

5. Integration with blockchain-based transaction verification. 

6. Continuous learning frameworks for evolving fraud patterns. 

7. Adaptive thresholding for dynamic fraud scoring. 

8. Integration with patient identity verification for fraud reduction. 

9. Advanced fairness auditing and mitigation strategies. 

10. Benchmark datasets for healthcare ERP fraud detection. 
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