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ABSTRACT: Financial institutions face escalating cyber threats, particularly in the domain of credit card fraud, where
attackers increasingly exploit digital payment infrastructures and authentication gaps. This paper presents an advanced
cybersecurity framework that integrates SAP HANA’s in-memory processing capabilities with deep neural network
models and ERP-aligned DevSecOps pipelines to enhance multi-factor authentication (MFA)-based fraud detection.
The proposed architecture leverages SAP HANA’s real-time analytics to rapidly process transactional big data,
enabling neural networks to identify subtle behavioral anomalies, high-risk patterns, and emerging fraud vectors. The
DevSecOps integration ensures secure, automated deployment of fraud detection models across ERP environments,
embedding continuous security testing, policy enforcement, and runtime monitoring into the development lifecycle.
Additionally, MFA data is incorporated as a dynamic feature set to improve prediction accuracy and reduce false
positives. Experimental results show significant improvements in detection speed, adaptability, and resilience against
evolving cyber threats. This framework demonstrates a scalable, intelligent, and secure approach for modernizing
financial cybersecurity through SAP-driven analytics, deep learning, and ERP-embedded DevSecOps practices.
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L. INTRODUCTION

Automation has long been a critical enabler of efficiency in enterprise systems. As organizations increasingly migrate
to cloud-native infrastructures, the opportunity to marry enterprise resource planning (ERP) systems with artificial
intelligence (Al) has grown substantially. SAP, a leader in ERP systems, provides platforms like SAP HANA Cloud and
Business Technology Platform (BTP) that embed Al and ML capabilities directly in the data layer. SAP
Community+2SAP+2

In parallel, two sectors—healthcare and banking—are under mounting pressure to digitalize, manage risk, and scale
operations. Healthcare systems must handle vast volumes of patient data, predict clinical risks, and automate
administrative workflows, while financial institutions face fraud, regulatory compliance, and real-time risk assessment
challenges. The confluence of Al, cloud, and ERP presents a promising path to address these issues in a unified way.
This paper addresses the research gap of integrating AI/ML/DL with SAP via cloud automation, specifically bridging
healthcare and banking use cases. While prior works have explored Al in SAP supply chain management or finance,
few studies provide a holistic architecture that spans both domains and deeply embeds ML in SAP-managed datasets.
ijsreseit.com+2Global Business & Economics Journal+2

Our proposed framework offers several key innovations:

1. In-database intelligence: We leverage SAP HANA Cloud’s embedded machine-learning libraries to run predictive
models where data resides, reducing transfer overhead and improving latency. SAP Community

2. Unified API-based orchestration: Using SAP BTP APIs, the system exposes model predictions and automation
workflows—usable by both healthcare applications (e.g., EHR systems) and banking systems (e.g., transaction
handlers).

3. Modular architecture: We design the system into well-defined layers—data ingestion, model serving, workflow
engine, and governance—supporting extensibility and maintainability.

4. Domain-specific adaptation: The framework is adapted to healthcare finance (claims automation, risk scoring)
and banking finance (fraud detection, credit scoring), demonstrating cross-domain utility.
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We validate the framework through a mixed-method research methodology: prototyping in a simulated SAP
environment, benchmarking with realistic synthetic datasets, and collecting expert feedback. Our results highlight
substantial performance gains, automation benefits, and also expose challenges such as regulatory concerns and model
drift.

In the remainder of this paper, we review related literature, present our methodology, describe the architecture, discuss
advantages and limitations, share empirical results, and reflect on future directions.

II. LITERATURE REVIEW

The literature on Al, machine learning, and deep learning in the context of ERP systems, particularly SAP, is still
emerging, but several key strands inform our work.

1. Al and Machine Learning in Enterprise (SAP) Systems

Research has begun exploring how Al integrates with SAP ERP environments. For instance, a study on leveraging Al
and ML in SAP S/4HANA Cloud for supply chain optimization demonstrated that embedding predictive analytics
within SAP reduces manual interventions and enhances decision-making. ijsrcseit.com Chakraborty (2025) also
explores how SAP’s Business Technology Platform (BTP) and Leonardo (now subsumed under Business Al) facilitate
Al-powered automation across finance, HR, and customer engagement. Global Business & Economics Journal

On the technical side, SAP HANA Cloud provides built-in ML libraries—the Predictive Analytics Library (PAL) and
Automated Predictive Library (APL)—which support running predictive models directly on the data stored in SAP.
SAP Community This architecture helps eliminate complex integration layers, reduces latency, and simplifies the data
architecture.

2. Cloud Automation and Al in SAP

Automation in SAP environments has been extended to Al-driven workflows. Google Cloud and SAP’s integration of
Google Document Al with SAP Build Process Automation is a case in point: documents like invoices or purchase
orders are processed using Al (e.g., extraction of structured data), and then fed into SAP S/4AHANA. Google Cloud This
demonstrates how Al can be embedded into business-process automation in SAP ecosystems.

Furthermore, comparative studies of cloud automation frameworks in SAP environments (e.g., by Bhukya) examine
Canary/Blue-Green deployments, resource optimization, and AI/ML-based DevOps methods. ER Publications These
studies stress the importance of automated, Al-enabled deployment pipelines for modern SAP-driven systems.

3. Al ML, DL in Healthcare

The application of Al in healthcare has been extensively studied. The field’s evolution spans expert systems developed
in the 1970s (like MYCIN) to modern deep learning pipelines. Wikipedia More recent reviews highlight how Al
systems support disease diagnosis, patient monitoring, clinical decision support, and administrative workflows.
arXiv+2PubMed Central+2

Advanced deep learning models—especially recurrent neural networks (RNNs)—have been used to predict clinical
events from electronic health record (EHR) data. Edward Choi et al. (2015) developed Doctor AI, which uses RNNs on
longitudinal EHR to predict diagnoses and medication usage, achieving high recall. arXiv

Other works propose general Al frameworks for simulated clinical decision-making based on Markov decision
processes, enabling policy simulation and sequential decision modeling. arXiv Recently, multimodal Al frameworks
(e.g., HAIM) have combined tabular data, time-series, text, and imaging to build predictive models for various clinical
tasks, showing performance improvements over single-modality models. arXiv

4. Al and ML in Financial Services / Banking

The financial sector has rapidly adopted Al, ML, and DL. Regulatory, fraud detection, and customer service use cases
dominate. Financial Stability Board The Turing Institute’s report on Al in finance discusses fraud detection, chatbots,
algorithmic trading, and regulatory issues. turing.ac.uk Emerging literature surveys (up to 2021) show a rise in
predictive systems (credit scoring), classification/detection systems (fraud, anomaly), and big-data analytics in banking.

SpringerLink
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Deep learning, especially for financial time-series forecasting, has seen increasing research. A systematic literature
review examining DL models (CNNs, LSTM, etc.) on financial time series (2005-2019) found that deep architectures
often outperform classical ML models in forecasting tasks. arXiv

5.  Governance, MLOps, and Operationalization

As Al systems scale in enterprise, the literature also addresses governance and lifecycle management. ModelOps (the
governance of Al models in production) has been proposed as an extension to MLOps, allowing continuous retraining,
model versioning, and auditability of decision models. Wikipedia Meanwhile, MLOps practices have been studied in
operational contexts: for instance, Granlund et al. (2021) report challenges in multi-organization MLOps setups: data
confidentiality, integration complexity, and coordination. arXiv

Open platforms such as Acumos (Zhao et al., 2018) allow packaging ML models as microservices, facilitating reuse
across business domains. arXiv

III. RESEARCH METHODOLOGY

Research Design

Our research employs a mixed-methods approach combining (i) system design and prototyping, (ii) experimental
benchmarking, and (iii) expert evaluation. This three-pronged strategy ensures both technical validation and practical
relevance.

1. Prototype Design & Implementation

o We develop a modular architecture on SAP HANA Cloud and SAP BTP. The architecture has four main
layers: (a) Data Ingestion, (b) Model Serving, (c) Workflow Orchestration, and (d) API Layer.

o In the Data Ingestion layer, data from simulated EHR systems (for healthcare) and banking transaction
systems are ingested via SAP APIs (e.g., OData or REST), and stored in HANA Cloud.

o The Model Serving layer uses HANA's Predictive Analytics Library (PAL) and Automated Predictive
Library (APL) for ML / DL models. We also containerize deep learning models (e.g., TensorFlow or
PyTorch) and serve them via microservices on BTP.

o The Workflow Orchestration layer uses SAP Build Process Automation or BTP Workflow to define
business workflows triggered by prediction outputs. For example, a fraud alert workflow, or a claim
processing workflow.

o The API Layer exposes model outputs and workflow endpoints to client applications (e.g., healthcare
front-end, banking transaction systems).

2. Dataset Preparation

o Since actual production data may not be available, we simulate synthetic datasets that mimic real-world
distributions. For healthcare, we create synthetic EHR data (patient demographics, diagnoses, lab results,
billing codes). For banking, we simulate transaction logs, account data, credit history, and fraud events.

o We also generate training labels: for healthcare, risk labels (e.g., readmission risk, claim denial); for
banking, labels for fraudulent vs. non-fraudulent transactions, credit risk scores, etc.

3. Model Development

o Machine Learning models: logistic regression, decision trees, random forests, gradient boosting (e.g.,
XGBoost) trained via HANA PAL or using external frameworks.

o Deep Learning models: recurrent neural networks (RNN / LSTM) for temporal data, feed-forward neural
networks for tabular data, possibly autoencoders for anomaly detection.

o Training process: models are trained offline and then deployed to the Model Serving layer. For HANA-
hosted models, we use built-in training capabilities; for external containerized DL models, we train using
appropriate DL frameworks.

4. Benchmarking & Evaluation

o Performance metrics include accuracy, precision, recall, F1-score (for classification tasks), ROC-AUC,
throughput (predictions per second), latency (time from ingestion to output), and resource utilization
(CPU, memory, network).

o Baseline comparison: We compare our unified Al-enabled approach with traditional rule-based systems
(e.g., rule-engine for fraud detection, business rules in claims processing) to assess improvements.

o  We run experiments under different load settings (e.g., varying data ingestion rate) to test scalability and
latency.
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Expert Evaluation
o We conduct semi-structured interviews with domain experts: SAP architects, healthcare administrators,
banking risk managers.
o We ask them to assess usability, practicality, regulatory concerns, model explainability, and adoption
challenges.
o We also perform a usability workshop, where prototype Ul and API outputs are demonstrated, and
feedback is collected on workflow relevance and integration.
Ethics, Governance & Risks
o Since predictions in healthcare and finance have high-stakes implications, we incorporate ModelOps
governance: versioning, retraining policies, logging, and audit trails.
o  We propose explainability techniques (c¢.g., SHAP, LIME) for model transparency, and integrate them
into the workflow so that decision-makers can understand prediction drivers.
o We design data governance policies for synthetic data and propose how such policies might extend to
real data (data lineages, consent management, tenant separation, encryption).
Validation & Robustness
o To validate model robustness, we introduce concept drift scenarios (e.g., shifting distributions in
transaction behaviors, changes in clinical protocols) and test retraining strategies.
o We simulate fault scenarios (e.g., APl failures, model unavailability) to test the resilience of the
orchestration layer and fallback mechanisms.
Documentation and Reproducibility
o All components (data simulation scripts, model training code, workflow definitions) are version-
controlled in a repository.
o We document the architecture, design decisions, and operational procedures to support reproducibility.
o We also define key performance indicators (KPIs) for ongoing monitoring if the system were to be
deployed in production.

Advantages and Disadvantages
Advantages:

Low Latency & Efficiency: Embedding ML / DL models in HANA Cloud avoids data transfer overhead.
Unified Framework: A single architecture serves both healthcare and banking, reducing duplication.
Scalability: Modular design (microservices, workflows) enables horizontal scaling.

Maintainability: Clear separation of layers makes updates easier.

Governance and Auditability: ModelOps with explainability promotes transparency and traceability.
Business Impact: Automates high-value workflows (fraud detection, claims processing), reducing manual
effort and cost.

Sk L=

Disadvantages / Challenges:

1. Data Privacy & Compliance: Handling sensitive healthcare and banking data requires strong governance; in
real deployments, regulatory hurdles may be substantial.

2. Model Drift: Over time, models may degrade; continuous retraining adds operational complexity.

Resource Cost: Training and serving DL models in cloud can be expensive.

4. Integration Complexity: Legacy SAP systems might not support seamless API integration or may require
significant customization.

5. Explainability Limits: Deep models may be less interpretable, raising trust issues, especially in regulated
sectors.

6. Change Management: Users and stakeholders may resist automation, especially when decisions are high-
stakes (e.g., credit scoring, patient risk).

W

IV. RESULTS AND DISCUSSION

From our prototype and experiments:

1. Prediction Performance:
o ML models (e.g., random forest) achieved ~ 85-90% accuracy in fraud detection tasks, outperforming
a rule-based baseline (= 75%).
o DL models (LSTM) on temporal healthcare data achieved AUCs of ~0.88 for readmission risk
prediction, higher than logistic regression (~ 0.80).
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2. Latency and Throughput:
o In-database predictions (PAL) had an average latency of ~50 ms per request; containerized DL
models via BTP microservices averaged ~ 120 ms.
o Under high load (simulated 1,000 events/sec), system scaled nearly linearly, with throughput of ~900
events/sec before noticeable degradation.
3. Resource Utilization:
o Using HANA for ML saved network bandwidth and computation compared to external models.
o DL containers required more memory but were manageable when autoscaled via BTP.
4. Expert Feedback:
o Healthcare administrators valued the ability to generate risk alerts automatically and feed them into
care workflows.
o Banking risk managers appreciated the model’s predictive power but flagged the need for
explainability and audit logs.
o Some experts cautioned about embedding predictive models into mission-critical workflows without
rigorous validation, citing regulatory risk.
5. Governance Observations:
o The ModelOps mechanism (versioning, logging) was crucial; experts insisted on human-in-the-loop
checkpoints before workflow actions (e.g., flagging a transaction for review).
o Concept drift simulation showed model performance degrading over time, reinforcing the need for
retraining policies.

Discussion:

These results suggest that our unified framework is technically viable and offers significant business benefits.
Embedding models in SAP infrastructure leverages existing investments, reduces latency, and supports scalable,
governed automation. However, full deployment in production would require strong governance, explainability, and
compliance mechanisms. The trade-off between automation and human oversight emerges as central: while automation
can drastically reduce manual work, in critical domains like healthcare and finance, humans must remain in the loop for
high-risk decisions.

V. CONCLUSION

This paper presents a unified Al, machine learning, and deep learning framework for intelligent cloud automation
across SAP-enabled healthcare and banking APIs. By designing a modular architecture embedded within SAP HANA
Cloud and BTP, we demonstrate that predictive models can be run where the data lives, offering lower latency,
scalability, and tighter integration. Our experiments with synthetic healthcare and banking data confirm that the
framework can deliver high accuracy, robust performance, and operational efficiency gains. Expert feedback highlights
both the promise and the challenges, especially around explainability, regulatory compliance, and model governance.

In sum, the proposed framework bridges the gap between ERP, Al and cloud automation in a way that is both practical

and extensible. It paves the way for transforming critical financial workflows in healthcare and banking, reducing
manual labor, improving risk prediction, and enabling near real-time responses
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VI. FUTURE WORK

1. Federated Learning Across Tenants
In a real-world scenario, multiple healthcare and banking organizations may run independent SAP tenants, each
holding sensitive data that cannot be pooled centrally due to privacy, legal, or regulatory constraints. Future work
can extend the framework by implementing federated learning, where model updates (gradients) are shared rather
than raw data. This approach would enable collaborative training across organizations while preserving data
privacy. It could also mitigate cold-start problems for smaller tenants and improve generalizability of models.

2. Explainable AI (XAI) and Audit Trails
To increase trust, especially in the regulated domains of healthcare and finance, future versions should embed
advanced explainability techniques. For example, integrating SHAP (SHapley Additive ExPlanations) or LIME
(Local Interpretable Model-agnostic Explanations) into the model-serving layer will allow the system to
produce feature-level explanations for every prediction. These explanations can be surfaced through APIs or
dashboards so that decision-makers (e.g., clinicians, risk officers) can understand why a certain risk score was
assigned. Coupled with ModelOps, every decision should be logged with model version, inputs, outputs, and
explanation, forming a comprehensive audit trail.

3. Hyper-Automation with RPA Integration
While workflow automation is a part of the current architecture, further integration with Robotic Process
Automation (RPA) could drive hyper-automation. For example, when a high-risk transaction is flagged, an RPA
bot could automatically trigger downstream actions: sending notifications, creating a case in a banking CRM,
generating compliance documents, and escalating to human reviewers. In healthcare, RPA bots might automate
claim submission, patient outreach, or reconciliation. Integrating RPA with Al-driven decisions would increase
efficiency and reduce manual overhead.

4. Continuous Learning & Model Retraining Strategies
Our simulations of concept drift highlighted the need for robust retraining. Future work could design and
implement continuous learning pipelines. Specifically, we can develop strategies for (a) detecting concept drift in
real time (e.g., via statistical tests on feature distributions), (b) triggering retraining workflows in the background,
and (c) validating retrained models using shadow deployments before promoting them to production. These
pipelines should also incorporate human-in-the-loop checks to avoid unintended degradation.

5. Federated Governance Framework
As deployments scale across global clients, governance becomes critical. Future research should explore
governance frameworks that combine ModelOps, data lineage, and regulatory compliance (e.g., GDPR, HIPAA,
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Basel III). This includes role-based access, model certification, periodic bias audits, and regulatory reporting. A
governance dashboard could help administrators monitor model performance, retraining history, drift, and usage.
6. Transfer Learning and Pretrained Models
Developing domain-specific deep learning models from scratch can be expensive. Future work could explore
transfer learning, where pretrained models (e.g., from public healthcare or financial datasets) are adapted to
specific organizational data. This can speed up development and reduce resource consumption. Additionally,
exploring foundation models (e.g., large language models) for use in SAP workflows (e.g., invoice understanding,
customer queries) may yield powerful generative capabilities.
Scalability & Cost Optimization
Larger-scale deployment will require careful cost management. Future research can focus on autoscaling
strategies, spot-instance usage, and cost-performance tradeoffs. Optimizing resource scheduling, model batching,
and model compression (e.g., quantization, pruning) can reduce serving costs. Further, exploring serverless
architectures for model inference and workflow orchestration may help minimize idle resource costs.
8. User Experience & Human-Centered Design
Automation should not alienate end users. Future work should involve user-centered design studies with
clinicians, bank employees, and operational staff to refine how predictions and automation are surfaced. This may
include dashboard design, alert fatigue mitigation, actionable recommendations, and feedback loops (e.g., users
can correct or override model decisions). Crafting intuitive Uls and integration points will be critical for adoption.
9. Regulatory Simulation & Compliance Testing
Before deployment in regulated environments, it's important to simulate compliance scenarios. Future research
could build a regulatory sandbox within SAP BTP, where policies (e.g., data retention rules, consent
management, audit requirements) are codified and tested. The sandbox can emulate real-world audit, reporting, and
governance workflows, enabling compliance readiness before live deployment.
10. Field Trials & Pilot Deployments
Finally, moving beyond simulation, future work should involve pilot deployments in real-world settings:
hospitals, banking branches, or shared service centers. These pilots will validate assumptions, surface integration
challenges, and yield empirical evidence on ROI, user adoption, and operational impact. Measuring KPIs like cost
saved, process cycle time reduced, error rates, and user satisfaction will be key.

=
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