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Abstract- Machine learning–driven risk management has gained significant attention as organizations increasingly rely on SAP-

based financial and enterprise information systems to support critical business operations. Traditional risk management 

approaches in SAP environments are predominantly rule-based and reactive, limiting their effectiveness in detecting complex, 

evolving, and previously unknown risks. With the growing volume, velocity, and complexity of enterprise data, machine learning 

techniques offer advanced capabilities for predictive risk assessment, anomaly detection, and continuous monitoring. This review 

paper presents a comprehensive analysis of machine learning–driven risk management models applied to SAP-based financial 

and enterprise information systems. It systematically examines SAP system architectures, risk management frameworks, and 

the integration of supervised, unsupervised, and hybrid machine learning techniques for managing financial, operational, 

compliance, and access control risks. The paper also reviews SAP-specific data sources, data preprocessing requirements, and 

evaluation metrics used to assess model performance, with particular attention to challenges such as data quality, model 

interpretability, regulatory compliance, and system integration. Furthermore, the review identifies key research gaps and 

emerging trends, including explainable artificial intelligence, federated learning, and real-time continuous auditing within SAP 

environments. By synthesizing existing literature and highlighting practical and research implications, this paper provides 

valuable insights for researchers, practitioners, and organizations seeking to design and implement intelligent, scalable, and 

compliant risk management solutions in SAP-based enterprise systems. 
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I. INTRODUCTION 

 
Risk management is a critical component of modern financial 

and enterprise information systems, particularly in large-scale 

ERP environments such as SAP. Organizations increasingly 

rely on SAP systems to manage financial reporting, 

procurement, supply chains, and compliance-sensitive 

processes. As transaction volumes grow and business processes 

become more complex, traditional risk management 

approaches largely based on static rules and manual audits have 

proven insufficient to detect emerging, hidden, or dynamic 

risks in real time. 

 

Machine learning (ML) has emerged as a promising solution to 

address these limitations by enabling automated pattern 

recognition, anomaly detection, and predictive risk assessment. 

ML-driven models can analyze large volumes of SAP 

transactional and log data to identify fraud, compliance 

violations, operational inefficiencies, and access risks with 

greater accuracy and adaptability. 

 

Despite growing interest, the existing literature on ML-based 

risk management in SAP environments remains fragmented 

across domains such as accounting, information systems, 

cybersecurity, and data science. There is a lack of 

comprehensive reviews that systematically analyze ML 

techniques, SAP data characteristics, integration challenges, 

and evaluation methodologies. 

 

This review paper aims to bridge this gap by providing a 

structured and critical overview of machine learning–driven 

risk management models in SAP-based financial and enterprise 

information systems. The paper synthesizes existing studies, 

categorizes ML approaches by risk type and SAP module, 

highlights implementation challenges, and identifies future 

research directions. By doing so, it contributes both to 

academic research and to practical decision-making for 
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enterprises seeking intelligent, scalable, and compliant risk 

management solutions. 

 

II. SAP-BASED FINANCIAL AND 

ENTERPRISE INFORMATION SYSTEMS 
 

SAP-based enterprise information systems form the backbone 

of financial and operational processes in many global 

organizations. SAP ERP and its successor, SAP S/4HANA, 

integrate core business functions such as finance (FI), 

controlling (CO), materials management (MM), sales and 

distribution (SD), human capital management (HCM), and 

governance, risk, and compliance (GRC). These systems 

process high volumes of structured transactional data that are 

tightly linked across modules, making them both powerful and 

complex. 

 

From a risk management perspective, SAP environments 

present a multifaceted risk landscape. Financial risks include 

fraudulent postings, revenue manipulation, duplicate payments, 

and misstatements in financial reports. Operational risks arise 

from process deviations, delayed approvals, or inefficient 

workflows in procure-to-pay or order-to-cash cycles. 

Compliance risks involve violations of regulatory requirements 

such as SOX, IFRS, or GDPR, while access control risks 

include segregation-of-duties (SoD) conflicts and unauthorized 

system usage. 

 

SAP provides native tools such as SAP GRC for managing 

access controls, risk identification, and compliance monitoring. 

However, these tools are largely rule-based and depend on 

predefined thresholds and expert-defined controls. While 

effective for known risks, they struggle with detecting novel, 

evolving, or context-dependent risks.  

 

Furthermore, the increasing shift toward real-time analytics 

with SAP HANA has intensified the need for intelligent risk 

models capable of operating at scale. Understanding the 

structure, data flows, and risk characteristics of SAP systems is 

therefore essential for designing and evaluating machine 

learning–driven risk management models. 

 

III. RISK MANAGEMENT FRAMEWORKS 

IN ENTERPRISE SYSTEMS 
 

Risk management in enterprise systems traditionally follows 

structured frameworks such as COSO Enterprise Risk 

Management and ISO 31000. These frameworks emphasize 

risk identification, assessment, mitigation, monitoring, and 

reporting. In SAP environments, risk management has 

historically been implemented through internal controls, audit 

procedures, and compliance checks embedded within business 

processes. 

 

Conventional SAP risk management relies heavily on rule-

based mechanisms, such as threshold checks, predefined 

exception reports, and manual audits. For example, controls 

may flag transactions above certain amounts or identify 

predefined SoD conflicts. While these methods provide 

transparency and regulatory acceptance, they are inherently 

static and reactive. They require continuous manual updates to 

reflect changes in business processes, regulations, or threat 

landscapes. 

 

As organizations scale, these traditional approaches face 

significant challenges. Static rules often generate high false-

positive rates, overwhelming auditors and compliance teams. 

Conversely, they may fail to detect sophisticated fraud patterns 

or subtle process anomalies that do not violate explicit rules. 

Additionally, traditional frameworks are not well suited to 

handle unstructured data, high-frequency transactions, or cross-

module dependencies common in SAP systems. 

 

The limitations of conventional frameworks have motivated the 

integration of advanced analytics and machine learning 

techniques into enterprise risk management. ML-based 

approaches complement existing frameworks by enabling 

continuous risk assessment, adaptive learning, and predictive 

insights. Rather than replacing traditional risk management, 

machine learning enhances it by providing data-driven 

intelligence that improves efficiency, accuracy, and 

responsiveness. 

 

IV. MACHINE LEARNING TECHNIQUES 

FOR RISK MANAGEMENT 

 
Machine learning techniques form the analytical core of 

intelligent risk management systems. In the context of SAP-

based environments, ML methods are used to identify patterns, 

predict risks, and detect anomalies in large-scale transactional 

data. These techniques can be broadly categorized into 

supervised, unsupervised, semi-supervised, and reinforcement 

learning approaches. 

 

Supervised learning models are commonly used when labeled 

risk data are available. Techniques such as logistic regression, 

decision trees, random forests, support vector machines, and 

neural networks have been applied to fraud detection and 

compliance risk classification. These models learn from 

historical examples of risky and non-risky transactions to 

predict future risk occurrences. 

 

Unsupervised learning approaches are particularly valuable in 

SAP systems where labeled data are scarce or incomplete. 

Clustering methods, such as k-means or DBSCAN, and 

anomaly detection techniques, including isolation forests and 

autoencoders, are used to identify unusual transaction patterns 

or process deviations without predefined labels. 
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Semi-supervised learning combines small labeled datasets with 

large amounts of unlabeled data, making it suitable for 

enterprise environments with limited confirmed risk cases. 

Reinforcement learning, though less common, has been 

explored for adaptive control optimization and continuous risk 

mitigation strategies. 

 

The choice of ML technique depends on data availability, risk 

type, regulatory constraints, and interpretability requirements. 

In highly regulated SAP environments, model transparency and 

explainability are often as important as predictive accuracy, 

influencing the adoption of specific ML methods. 

 

V. ML-DRIVEN RISK MANAGEMENT 

MODELS IN SAP SYSTEMS 
 

Machine learning–driven risk management models have been 

applied across various SAP modules and risk categories. In 

financial risk management, ML models are widely used for 

fraud detection, identifying suspicious journal entries, 

duplicate payments, and revenue manipulation in SAP FI/CO 

modules. These models analyze transactional attributes, 

posting patterns, and temporal behaviors to assign risk scores 

to financial records. 

 

Operational risk management focuses on detecting process 

inefficiencies and deviations in end-to-end business processes 

such as procure-to-pay (P2P) and order-to-cash (O2C). Process 

mining combined with machine learning enables organizations 

to identify bottlenecks, non-compliant process variants, and 

deviations from standard operating procedures. 

 

Compliance and access control risks represent another major 

application area. ML-based user behavior analytics (UBA) 

models analyze login patterns, transaction usage, and role 

assignments to detect abnormal behavior or potential insider 

threats. Role mining and clustering techniques help identify 

excessive privileges and predict segregation-of-duties 

violations more dynamically than static rule-based checks. 

 

These ML-driven models enhance SAP risk management by 

enabling continuous monitoring, early detection, and adaptive 

learning. However, their effectiveness depends on data quality, 

system integration, and alignment with organizational 

governance structures. 

 

VI. DATA SOURCES AND INTEGRATION IN 

SAP ENVIRONMENTS 
 

Data availability and integration play a critical role in the 

success of machine learning–based risk management. SAP 

systems store transactional, master, and log data across 

numerous tables, such as BKPF and BSEG for financial 

documents, CDHDR and CDPOS for change logs, and user 

activity logs for access monitoring. These datasets provide rich 

information for risk analysis but require significant 

preprocessing. 

 

Data extraction from SAP systems typically involves ETL 

(Extract, Transform, Load) pipelines using SAP tools, database 

connectors, or external analytics platforms. Feature 

engineering is particularly challenging due to the hierarchical 

and relational nature of SAP data, requiring domain expertise 

to derive meaningful risk indicators. 

 

Another key consideration is processing mode. Batch 

processing is suitable for periodic audits and historical analysis, 

while real-time or near-real-time processing is increasingly 

important for continuous risk monitoring. SAP HANA’s in-

memory architecture enables faster analytics, making real-time 

ML-driven risk assessment feasible. 

 

Integration challenges include data consistency, system 

performance, and security constraints. Effective ML-driven 

risk management requires seamless integration with SAP 

landscapes while ensuring data privacy and regulatory 

compliance. 

 

VII. EVALUATION METRICS AND MODEL 

PERFORMANCE 
 

Evaluating machine learning models for risk management 

requires metrics that go beyond traditional accuracy measures. 

In risk detection tasks, class imbalance is common, as risky 

events represent only a small fraction of total transactions. 

Metrics such as precision, recall, F1-score, and ROC-AUC are 

therefore more informative than accuracy alone. 

 

Cost-sensitive evaluation is particularly important in SAP risk 

management, as false negatives (missed risks) can have severe 

financial or regulatory consequences, while false positives 

increase audit workload. Many studies incorporate customized 

loss functions or risk-weighted scoring mechanisms to reflect 

business priorities. 

 

Model interpretability is another critical evaluation dimension. 

Regulatory environments often require explanations for 

automated decisions. Techniques such as SHAP and LIME are 

increasingly used to provide transparency into ML model 

predictions, enabling auditors and compliance officers to trust 

and validate results.  

 

Robust evaluation frameworks help ensure that ML-driven risk 

models are not only accurate but also reliable, explainable, and 

aligned with enterprise governance requirements. 
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VIII. CHALLENGES AND LIMITATIONS 

 

Despite their potential, ML-driven risk management models 

face several challenges in SAP environments. Data quality 

issues, such as missing values, inconsistent master data, and 

limited labeled risk cases, hinder model training and validation. 

Explainability remains a major concern, especially for complex 

models like deep neural networks. Regulatory requirements 

often mandate transparency, limiting the adoption of black-box 

models. Integration with legacy SAP systems and existing GRC 

processes also presents technical and organizational challenges. 

Privacy, security, and ethical considerations further complicate 

implementation. ML models must comply with data protection 

regulations and avoid biased or discriminatory outcomes. 

Addressing these limitations is essential for sustainable 

adoption. 

 

IX. FUTURE RESEARCH DIRECTIONS 
 

Future research in ML-driven SAP risk management is 

expected to focus on explainable AI, federated learning, and 

real-time continuous auditing. Explainable AI techniques will 

play a crucial role in increasing trust and regulatory acceptance. 

Federated learning offers potential for collaborative risk 

modeling across organizations without sharing sensitive data. 

Integration with SAP Business Technology Platform (BTP) and 

AI Core will further enable scalable and cloud-based risk 

analytics. 

 

Industry-specific risk models and hybrid approaches 

combining ML with traditional controls represent promising 

research directions. 

 

X. COMPARATIVE ANALYSIS OF EXISTING 

STUDIES 
 

A comparative analysis of existing studies on machine 

learning–driven risk management in SAP-based enterprise 

systems reveals substantial diversity in methodological 

approaches, data utilization, and risk focus. The majority of the 

reviewed literature concentrates on financial risk and fraud 

detection, particularly within SAP FI and CO modules. These 

studies commonly employ supervised learning techniques such 

as logistic regression, decision trees, random forests, and neural 

networks, leveraging historical transaction data to identify 

fraudulent postings, duplicate payments, and anomalous 

journal entries. The dominance of financial fraud detection 

reflects both the availability of labeled data and the high 

regulatory and financial impact of such risks. 

 

In contrast, operational risks such as process deviations, 

inefficiencies, and bottlenecks in procure-to-pay (P2P) and 

order-to-cash (O2C) processes receive comparatively less 

attention. Studies addressing these risks often combine process 

mining techniques with unsupervised or semi-supervised 

machine learning models to detect non-compliant process 

variants. However, empirical validation in real-world SAP 

environments remains limited, and datasets are frequently 

small or anonymized, restricting generalizability. 

 

Access control and compliance risks, including segregation-of-

duties (SoD) violations and insider threats, are another 

underrepresented area. While some studies apply clustering, 

role mining, and user behavior analytics, most rely on synthetic 

or partial datasets and lack standardized benchmarks. 

Furthermore, evaluation metrics and validation strategies vary 

widely across studies, making direct performance comparisons 

difficult. 

 

Comparative tables summarizing SAP modules, machine 

learning techniques, datasets, risk types, and key findings 

highlight these inconsistencies and reveal clear research gaps. 

In particular, the absence of standardized evaluation 

frameworks, limited cross-module analysis, and a lack of 

longitudinal studies underscore the need for broader empirical 

validation and reproducible research in this domain. 

 

XI. DISCUSSION 
 

The reviewed literature collectively demonstrates that machine 

learning has the potential to significantly enhance risk 

management capabilities in SAP-based financial and enterprise 

information systems. By enabling continuous monitoring, 

adaptive learning, and predictive risk assessment, ML-driven 

models address many limitations of traditional rule-based and 

audit-centric approaches. Notably, machine learning techniques 

reduce false positives, uncover previously unknown risk 

patterns, and improve the timeliness of risk detection, which is 

critical in high-volume SAP environments. 

 

However, the discussion also reveals that technical 

effectiveness alone is insufficient for successful 

implementation. Alignment with enterprise governance 

frameworks, regulatory requirements, and organizational 

culture is essential. In regulated domains such as finance and 

compliance, model explainability and transparency are as 

important as predictive accuracy. As a result, simpler or 

explainable models are often favored over complex black-box 

approaches, despite potential performance trade-offs. 

 

Another key insight is the importance of human–machine 

collaboration. Rather than fully automating risk management, 

most successful implementations position machine learning as 

a decision-support tool for auditors, risk managers, and 

compliance officers. Human expertise remains essential for 

interpreting model outputs, validating findings, and making 

final risk decisions. 
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From a practical perspective, organizations must invest in data 

quality management, SAP data integration, and cross-

functional collaboration between IT, risk, and business teams. 

For researchers, the findings emphasize the need for 

standardized datasets, transparent evaluation methodologies, 

and real-world case studies. Overall, the discussion underscores 

that machine learning–driven risk management is most 

effective when embedded within robust governance structures 

and supported by organizational readiness and trust. 

 

XII. CONCLUSION 
 

Machine learning–driven risk management represents a 

transformative advancement for SAP-based financial and 

enterprise information systems. This review has demonstrated 

that traditional rule-based and audit-centric risk management 

approaches are increasingly insufficient to address the 

complexity, scale, and dynamic nature of modern enterprise 

risks. Machine learning techniques provide powerful tools for 

enhancing risk detection, prediction, and monitoring by 

leveraging large volumes of SAP transactional and log data. 

 

The reviewed literature highlights the successful application of 

supervised, unsupervised, and hybrid machine learning models 

across key risk domains, including financial fraud detection, 

operational process deviations, and compliance and access 

control risks. These models enable continuous and adaptive risk 

assessment, reducing false positives and improving the 

timeliness of risk identification. However, the findings also 

reveal significant challenges related to data quality, limited 

labeled datasets, model explainability, regulatory acceptance, 

and integration with legacy SAP architectures and governance 

frameworks. 

 

Future research should focus on developing explainable and 

transparent machine learning models that align with regulatory 

requirements and auditor expectations. Emerging paradigms 

such as federated learning, real-time analytics on SAP HANA, 

and integration with SAP Business Technology Platform offer 

promising directions for scalable and secure risk management 

solutions. Additionally, greater attention is needed for industry-

specific risk modeling and standardized evaluation 

methodologies. 

 

In conclusion, machine learning–driven approaches are not 

merely complementary but increasingly essential for effective 

risk management in SAP-based enterprise systems. Their 

successful adoption requires a balanced integration of advanced 

analytics, domain expertise, and robust governance structures 

to ensure accuracy, trust, and long-term sustainability. 
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