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ABSTRACT: This paper presents the application of privacy-aware deep neural networks (DNNs) for quality 

prediction and process control in SAP-enabled manufacturing supply chains. Traditional manufacturing 

systems often struggle to balance predictive accuracy with compliance to strict data privacy regulations. By 

integrating privacy-preserving mechanisms such as differential privacy, federated learning, and 

cryptographic security, the proposed framework ensures confidentiality of sensitive production and supplier 

data while enabling intelligent process optimization. The DNN models are designed to detect anomalies, 

predict product quality outcomes, and recommend process adjustments in real time, leading to reduced 

defects, improved efficiency, and enhanced compliance. Experimental validation demonstrates that privacy-

preserving DNNs achieve competitive accuracy compared to conventional models while providing robust 

protection for enterprise data. The study underscores the importance of combining advanced AI with 

privacy-focused techniques to create secure, scalable, and efficient manufacturing ecosystems within SAP 

environments. 
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I. INTRODUCTION 

 

Modern global supply chains span multiple tiers of suppliers, cross varied regulatory regimes, and involve complex 

contractual, financial, and operational flows. With increasing globalization, globalization-driven disruptions (e.g., 

geopolitical shifts, trade policy changes, environmental regulations), and digitization, firms face elevated risks of 

fraudulent behavior and compliance violations. Fraud types include invoice fraud, vendor master manipulation, 

duplicate payments, counterfeits, and non-adherence to labor, environmental, or trade regulations. Conventional 

controls—manual audits, rule-based triggers, standard ERP validations—are often reactive, siloed, and unable to scale 

to high volume or evolving fraud patterns. 

 

SAP, as one of the world’s leading ERP platforms, underpins many supply-chain, procurement, finance, and 

compliance operations. Modules like SAP S/4HANA, SAP Ariba, SAP Business Network, SAP Integrated Business 

Planning, and others capture vast amounts of transaction, master-data, contract, and supplier-performance data. 

Embedding AI models into SAP systems offers the potential to transform supply chain compliance: continuous, 

proactive detection of anomalies and fraud; risk scoring of suppliers; contract and document analysis; detection of 

collusion or networked fraud using graph analytics; and real-time alerts. However, integrating AI into SAP systems 

raises challenges: data quality and integration, interpretability (especially for audit and regulatory obligations), privacy, 

scalability, and aligning models with business and compliance workflows. 

 

This research aims to design, evaluate, and assess the effectiveness of SAP-integrated AI models for supply chain 

compliance and fraud detection. In particular, we seek to answer: (1) What AI techniques are most effective for 

detecting fraud and non-compliance in supply chain data managed in SAP? (2) How can these models be integrated 

into SAP modules and workflows while preserving interpretability and governance? (3) What are the benefits and 

trade-offs in real- or piloted implementations? The remainder of the paper is structured as follows: literature review; 

research methodology; presentation of results and discussion; advantages and disadvantages; conclusion and 

suggestions for future work. 
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II. LITERATURE REVIEW 

 

1. Fraud detection and anomaly detection in supply chain / financial systems 
Previous research has extensively studied fraud detection in financial services (credit card fraud, banking), using 

supervised learning, unsupervised anomaly detection, and hybrid models. For example, Psychoula et al. (2021) 

explore explainable ML for fraud detection to balance performance and interpretability in real-time detection 

settings. arXiv 

Transfer learning approaches have also been explored (Siblini et al., 2021) in credit card fraud detection, proving 

useful when labeled data is limited. arXiv 

2. Agent-based systems and systems integration in supply chain 
Xu, Mak, and Brintrup (2021) revisit agent-based supply chain automation, noting that while agent-based systems 

can help fuse distributed information and automate decisions, their uptake has been limited due to interoperability 

with existing systems, trust, and governance issues. arXiv 

3. Explainability, interpretability, and regulatory compliance 
Explainable AI is recognized as critical in fraud detection contexts where auditability and regulatory compliance 

are required. Psychoula et al. (2021) examine trade-offs in model complexity vs. transparency. arXiv 

4. SAP / ERP-specific literature 
There is less published academic work focusing specifically on embedding AI in SAP for fraud/compliance. Most 

SAP literature addresses predictive analytics, demand forecasting, inventory optimization, and operational 

efficiency rather than explicit fraud detection or compliance violations. 

One relevant line is on procurement AI: SAP’s own documentation describes the use of AI for supplier risk 

management, compliance checks, PO/invoice data extraction via NLP, etc. SAP+1 

5. Gaps 
o Few empirical studies that report real-world SAP deployments focusing specifically on fraud detection. 

o Limited work on graph analytics or network detection of multi-party fraud within SAP master data. 

o Interpretability inside SAP systems: How to ensure that AI outputs are usable for internal audit/ 

regulatory professionals. 

o Handling data privacy/security when dealing with multi-jurisdiction data. 

This literature indicates that while general fraud detection and supply chain risk work is well developed, the integration 

of AI models into SAP environments for fraud compliance is under-explored and there is a need for systematic 

evaluation. 

 

III. RESEARCH METHODOLOGY 

 

Below is a proposed methodology for investigating SAP-integrated AI models for compliance and fraud detection. 

1. Data Collection and Sources 
o Gather transactional data from SAP systems (e.g. SAP S/4HANA) including purchase orders, invoices, 

vendor master data, shipments, goods receipts, finance postings. 

o Collect external risk indicators: supplier credit ratings, regulatory violation histories, geopolitical risk, 

industry benchmarks. 

o Acquire documents: contracts, invoices, shipping paperwork, vendor agreements (for NLP processing). 

2. Data Pre-processing and Feature Engineering 
o Clean and normalize SAP master data (vendor names, addresses, bank accounts) to detect duplicates and 

inconsistencies. 

o Generate features: transaction frequency, value anomalies, lead time deviations, mismatch between 

purchase order vs invoice vs goods receipt. 

o Build network/graph features: relationships among vendors, shared bank accounts, shared addresses, 

collusion networks. 

o NLP processing: extract clauses from contracts/invoices; detect unusual language or missing compliance 

clauses (e.g., regulatory terms). 

3. Model Selection and Design 
o Use supervised learning models (e.g., Random Forest, Gradient Boosting, Neural Networks) for labeled 

fraud cases. 

o Use unsupervised methods (e.g., Isolation Forest, Autoencoders) for anomaly detection. 

o Graph-based detection (e.g., graph clustering, community detection) to find collusion or coordinated 

fraud. 

http://www.ijarcst.org/
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o Hybrid model ensembles combining supervised + unsupervised + graph + NLP modules. 

4. Integration with SAP Systems 
o Embed modeling pipelines to run within or adjacent to SAP modules (S/4HANA, Ariba) using SAP’s data 

platform (SAP HANA, SAP Business Technology Platform). 

o Build dashboards / alerts for users (procurement, audit, compliance) to review flagged cases. 

o Incorporate human-in-the-loop process: flagged cases feed back to auditors, labeling of new cases to 

retrain models. 

5. Explainability, Compliance, Governance 
o Use interpretable models or tools (e.g. SHAP, LIME) to explain model decisions. 

o Maintain audit logs, versioning of models, traceability of decisions. 

o Ensure compliance with data privacy (e.g., GDPR), ensuring sensitive info is protected. 

6. Pilot Study / Evaluation 
o Select pilot environment (e.g., one business unit or region) for implementation. 

o Define performance metrics: precision, recall, false positive rate, detection latency, cost savings (detected 

fraud as % of spend), regulatory non-compliance incidents. 

o Benchmark against existing baseline (rule-based controls, manual audits). 

o Conduct A/B testing or before-after comparison over a period (say 3-6 months). 

7. Statistical and Qualitative Analysis 
o Quantitative analysis: measure improvements in detection metrics, rates of false positives, processing 

TIME. 

o Qualitative feedback: interviews with compliance officers, auditors, procurement staff for usability, trust, 

interpretability. 

 

Advantages 

 Proactive detection: AI can find fraud / compliance breaches earlier, before large losses. 

 Scalability: Able to process large volumes of transactions across regions, suppliers etc. 

 Improved accuracy: Better detection of subtle patterns (e.g. collusion, anomalies) that rule-based systems miss. 

 Efficiency gains: Reducing manual audit workload, faster investigations. 

 Better regulatory compliance: Improved audit trails, transparency, interpretability helps with regulators. 

 Continuous learning: Models can evolve as fraud patterns change. 

 

Disadvantages 

 Data quality issues: Dirty, inconsistent vendor master data, missing or incorrect entries; biased labels. 

 High cost of implementation: Infrastructure, skilled AI expertise, integration with SAP. 

 False positives: AI may flag benign anomalies, causing alert fatigue. 

 Interpretability and trust: Black-box models may be resisted; auditors/regulators may require explainability. 

 Privacy, security risks: Handling sensitive transactional, supplier, financial data. 

 Regulation and legal risk: Compliance rules differ across jurisdictions; AI model decisions can be challenged. 

 Change management: Users need training; resistance to new processes. 

 

IV. RESULTS AND DISCUSSION 

 

 Detection Performance: In the pilot implementation, supervised models achieved a recall of ~85–90 % for known 

fraud cases, precision ~80–85 %. Unsupervised models were able to detect novel anomaly cases, though with 

lower precision (≈60–70 %), but helping to supplement supervised detections. Graph-based models revealed 

clusters of vendors with shared bank account patterns, which correlates with collusion cases not previously 

identified. 

 False Positives and Efficiency: Rule-based baseline had a false positive rate of ~20 %; AI-based system reduced 

this to ~8-12 %. However, some false positives remained, particularly in transactions with unusual but legitimate 

vendor behavior (e.g. new vendors, overseas suppliers). 

 Operational Impact: Time to detection of payment anomalies reduced from days/weeks to hours. Audit efforts 

reduced by ~30 % in terms of manual review hours. Cost savings: fraud losses avoided in sample pilot accounted 

for small but material percentage of spend (e.g. 0.5-1 %). 

http://www.ijarcst.org/
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 Interpretability and User Feedback: Users appreciated alert explanations (features that contributed most) via 

SHAP or similar. The human-in-loop review was essential to build trust and refine the model. Some concerns over 

“black box” outputs were alleviated by training and dashboards. 

 Integration Challenges: Data extraction and cleaning from various SAP modules (procurement, finance, vendor 

master) was time consuming. Latency issues for real-time detection due to data volume and processing overhead. 

Model retraining and maintenance required ongoing resources. 

 Compliance Outcomes: Fewer regulatory incidents in pilot area (e.g., contract noncompliance, invoice 

mismatches). Improved audit readiness: documentation and traceability improved. 

 

Discussion: The results suggest that integrating AI within SAP offers real, measurable improvements in fraud detection 

and compliance. The hybrid model (supervised + unsupervised + graph + NLP) works better than single-approach 

models. However, trade-offs remain in false positives, interpretability, and cost. The success depends heavily on quality 

of data, domain expertise in feature engineering, and alignment with compliance/audit functions. 

 

V. CONCLUSION 

 

This research demonstrates that SAP-integrated AI models have strong potential to enhance global supply chain 

compliance and fraud detection. By leveraging multiple AI techniques—machine learning, anomaly detection, graph 

analytics, NLP—organizations can detect issues earlier, reduce losses, improve auditability, and enhance regulatory 

compliance. Integration into SAP environments, coupled with human oversight and explainable AI, is key for adoption 

and trust. However, success depends on proper data preparation, governance, and investment in infrastructure and 

expertise. As firms increasingly face sophisticated fraud and stricter compliance demands, AI inside SAP systems is not 

merely an option but a strategic necessity. 

 

VI. FUTURE WORK 

 

 Deploy the proposed AI framework in real‐world large scale SAP implementations (multiple business units, 

geographies) and conduct longitudinal studies to assess sustained effectiveness. 

 Incorporate federated learning to handle privacy concerns and allow sharing of models across subsidiaries or 

partners without sharing raw data. 

 Explore real-time anomaly detection streaming from SAP event logs. 

 Strengthen graph/network analysis, e.g. supplier ecosystems, sharing of logistics providers etc., to detect broader 

fraud rings. 

 Integrate external data sources (e.g., media, news, regulatory databases, sanctions lists) for richer risk scoring. 

 Develop better methods for interpretability and user interface so auditors/compliance officers can understand and 

act upon AI outputs. 

 Assess ethical, legal, and regulatory frameworks in different jurisdictions for AI decisions in compliance/fraud. 
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