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ABSTRACT: The increasing adoption of cloud-based SAP systems across broadband networks has amplified the
complexity and scale of cyber threats targeting enterprise business processes. Traditional security mechanisms often
lack the intelligence and adaptability required to detect sophisticated, multiparty, and process-level attacks in real time.
This paper proposes an Al-driven predictive threat detection framework designed to secure multiparty SAP business
processes deployed in broadband cloud environments. The proposed architecture integrates advanced machine learning
models with large-scale data analytics platforms to analyze transactional logs, network traffic, and process execution
traces for early threat identification. By leveraging predictive analytics, the framework anticipates anomalous behavior
before it propagates across interconnected enterprise systems. The solution supports secure data sharing among
multiple stakeholders while preserving process integrity and regulatory compliance. Experimental analysis
demonstrates improved detection accuracy, reduced false positives, and enhanced resilience compared to rule-based
and reactive security approaches. The results highlight the effectiveness of Al-powered security intelligence in
safeguarding mission-critical SAP workflows in high-bandwidth, cloud-native enterprise ecosystems.

KEYWORDS: Al-driven security, Predictive threat detection, SAP business processes, Multiparty cloud
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L. INTRODUCTION

Background and Context

Digital transformation continues to reshape enterprise architectures, driving demand for intelligent systems capable of
handling vast data volumes, complex workflows, and adaptive security challenges. Traditional enterprise resource
planning (ERP) systems like SAP have evolved from back-office platforms into central hubs of enterprise information,
supporting finance, supply chain, human resources, and customer operations. However, the expansion of digital
footprints has also magnified exposure to cyber threats, data integrity risks, and operational disruptions. Organizations
increasingly seek Al-powered threat detection capabilities to proactively identify malicious activities, contextualize
anomalies, and respond efficiently.

Simultaneously, the adoption of machine learning in enterprise applications has outpaced the development of
standardized processes to manage the ML lifecycle — from data preparation and model training to deployment and
monitoring. This gap has given rise to Enterprise MLOps, an operational discipline that integrates ML systems into
production environments with reliability, traceability, and governance. Core to this discipline are tools that support
tracking experiments, deploying models, and monitoring performance — with MLflow emerging as a leading open-
source platform for these purposes.

Challenges in Enterprise AI and Security

Despite these advances, enterprises face multifaceted challenges:

1. Data Silos: ERP systems often operate independently from analytics and security platforms, hindering unified
threat analysis.

2. Model Fragmentation: Without centralized ML lifecycle tools, model artifacts proliferate across teams, hampering
reproducibility and compliance.

3. Security Gaps: Al systems handling sensitive operational data must comply with stringent security and privacy
requirements, including secure cloud storage and access governance.

4. Scalability Demands: Enterprise Al solutions must scale to thousands of simultaneous users and real-time data
streams.
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These challenges underscore the need for an integrated approach that bridges enterprise data, Al analytics, and security.

SAP, Databricks, and MLflow: A Convergent Stack

To address these needs, this paper proposes an architecture that unifies:

e SAP as the enterprise’s core business system and data source.

e Databricks as the cloud-native analytics and ML execution environment, leveraging Apache Spark for scalable
data processing.

e MlLflow to provide enterprise MLOps — tracking experiments, packaging models, and facilitating reproducible
deployments.

When deployed within secure cloud environments (e.g., AWS, Azure, or Google Cloud), this stack can harmonize
enterprise data governance, real-time threat detection, and ML lifecycle operations.

Threat Detection Needs in Modern Enterprises

Cyber threats today are increasingly sophisticated. Traditional signature-based systems are inadequate against advanced
persistent threats (APTs), insider threats, and zero-day exploits. Al offers an alternative by identifying anomalies,
behavioral deviations, and patterns that escape static rule engines. Integrating Al with real-time enterprise data streams
from SAP enhances visibility across transactional and operational layers.

Enterprise MLOps: Importance and Complexity

Enterprise MLOps ensures that ML models do not remain experimental artifacts, but become reliable components of
business processes. Key elements include:

o Experiment tracking: Recording parameters, versions, and results.

e Model packaging: Standardized formats that support reproducible deployments.

¢ Deployment automation: Seamless promotion from staging to production.

¢ Performance monitoring: Real-time tracking of model accuracy and drift.

MLflow addresses these needs through modular components: Tracking, Projects, Models, and Registry, each
supporting a stage of the ML lifecycle.

Research Objectives

This work seeks to:

1. Define an integrated architecture combining SAP, Databricks, and MLflow for Al-powered threat detection and
enterprise MLOps.

2. Validate the framework through prototype implementation and empirical evaluation.

3. Compare results with traditional threat detection and ML deployment approaches.

4. Discuss operational, governance, and security implications.

Scope and Contributions

The proposed framework spans architectural design, prototype implementation, and performance evaluation.
Contributions include:

e A unified MLOps pipeline integrating SAP data, MLflow tracking, and Databricks execution.

e An Al-driven threat detection model tailored for enterprise data patterns.

o Insights into secure cloud deployment practices that reconcile governance, privacy, and scalability.

II. LITERATURE REVIEW

Al in Threat Detection

Artificial intelligence has been increasingly applied to cybersecurity, with early efforts focused on neural networks and
clustering algorithms to detect anomalies (Chandola, Banerjee, & Kumar, 2009). Research shows that anomaly
detection methods, such as Isolation Forests and recurrent neural networks, can identify patterns indicative of attacks
that traditional signature-based systems miss (Sommer & Paxson, 2010). In enterprise environments, where operational
data is abundant, Al holds promise for contextual threat identification — correlating transactional anomalies with
behavioral deviations (Kahvecioglu & Sinopoli, 2014).

Enterprise MLOps and Model Lifecycle Management

Machine learning’s growing role in enterprise processes has led to the rise of MLOps — an engineering discipline that
applies DevOps principles to ML systems. Early research emphasized the need for reproducibility, continuous
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integration, and centralized model governance (Sculley et al., 2015). Tools like MLflow have been developed to
support modular tracking of experiments, reproducible projects, model packaging, and registry services (Zaharia et al.,
2018). Standards for enterprise MLOps emphasize traceability, auditability, and rollback mechanisms to manage model
risk in production (Kelleher & Tierney, 2018).

SAP and Enterprise Data Integration

SAP systems are central repositories of business data but historically have been isolated from advanced analytic stacks.
Integrating SAP with cloud platforms and big data engines has been studied to enable real-time analytics and predictive
modeling (Laudon & Laudon, 2015). Modern SAP architectures, such as SAP HANA and SAP Data Intelligence, are
designed to interoperate with external data lakes and analytics engines, enabling enterprises to leverage transactional
and analytical workloads within unified frameworks.

Databricks and Scalable Cloud Analytics

Databricks, built on Apache Spark, provides scalable data processing and unified analytics that support batch and
streaming workloads. Studies highlight its utility in handling large datasets for ML training and real-time analytics
(Armbrust et al., 2015). Its integration with cloud storage and compute elasticity makes it a strong candidate for
enterprise ML workloads.

Secure Cloud Environments for Enterprise Systems

Cloud adoption poses both opportunities and security challenges. Encryption, identity access management, and
continuous monitoring are key components of secure cloud governance (Zissis & Lekkas, 2012). Research emphasizes
the importance of end-to-end security in Al systems, as models frequently access sensitive data and provide business-
critical outputs.

Gap Analysis

While Al-driven threat detection, MLOps, and cloud security have been studied independently, there is limited research
on frameworks unifying these domains within enterprise systems like SAP. This paper addresses this gap by proposing
and evaluating a convergent architecture supported by MLflow and Databricks.

III. RESEARCH METHODOLOGY

Research Design

This study adopts a mixed-methods approach, combining architectural design, prototype implementation, empirical
evaluation, and comparative analysis. The methodology includes four phases:

1. Requirements Analysis and Architecture Design

2. Prototype Development

3. Empirical Evaluation

4. Comparative and Qualitative Analysis

Phase I: Requirements and Architecture

Requirements were gathered through stakeholder interviews (security analysts, data engineers, SAP architects) and
literature review. Functional requirements included:

e Real-time threat detection using Al models

e Standardized ML lifecycle management

e Secure cloud deployment with encryption and access governance

o Integration with SAP ERP and operational workflows

Non-functional requirements included scalability, latency bounds for detection, auditability, and governance
compliance.

The architecture was defined using UML diagrams to illustrate data flows across SAP, Databricks, MLflow, and secure
cloud components.

Phase II: Prototype Implementation

Data Pipeline: SAP transactional and log data were exported to cloud storage using secure connectors. A Databricks
workspace ingested data and performed preprocessing (normalization, feature extraction, temporal aggregation).

Model Development: Al models for anomaly detection were developed in Databricks using Python:
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o Isolation Forest for outlier detection

e LSTM networks for sequence pattern learning

MLOps Pipeline: MLflow components were used as follows:

e MLflow Tracking: Logged all experiment metrics, parameters, and artifacts

e MLflow Projects: Packaged code for reproducibility

o MLflow Models & Registry: Stored and versioned models for deployment

Deployment: Models were containerized and deployed via Kubernetes clusters linked with Databricks serving
endpoints. SAP integration used secure REST APIs.

Security Controls: Cloud storage employed server-side encryption (AES-256), role-based access control (RBAC), and
key management services.

Phase II1: Evaluation

Threat Detection Metrics: Precision, recall, F1 score, and false positive rates were measured using labeled test sets
incorporating simulated attack vectors.

MLOps Metrics: Model reproducibility, deployment cycle times, rollback capabilities, and experiment traceability
were evaluated.

Security Metrics: Access latency, encryption overhead, and audit trace completeness were measured.

Phase IV: Comparative Analysis

Results were compared against traditional threshold-based monitoring systems and manual model deployment
processes.
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Figure 1: Architectural Design of the Proposed Framework

Advantages
o Improved Detection Accuracy: Al models identify anomalies that static systems miss.

e Standardized MLOps: MLflow enables reproducible, traceable model practices.

e Scalable Analytics: Databricks supports large-scale data processing.

o Secure Cloud Posture: Encryption and access governance enhance data protection.
o Faster Deployments: Automated pipelines shorten deployment cycles.
Disadvantages

e Complex Configuration: Integrating SAP with modern ML stacks requires expertise.
Resource Intensity: High computational demands for training and serving models.
Data Privacy Risks: Sensitive enterprise data require strict governance.

Model Explainability: Deep learning models can lack interpretability.

Operational Overhead: Managing multi-platform deployments increases complexity.
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IV. RESULTS AND DISCUSSION

Threat Detection Performance

The integrated framework achieved a precision of 91.8%, recall of 89.4%, and an F1 score of 90.6% across
representative enterprise datasets. In contrast, traditional rule-based approaches averaged around 73% precision and
68% recall, underscoring the value of Al methods in detecting complex threat patterns.

Isolation Forests efficiently identified outliers in operational logs, reducing false positives by 27%. LSTM models
captured temporal irregularities indicative of insider threats. Detection latency for real-time alerts averaged 210 ms,
allowing near-instantaneous flagging of suspicious events.

Enterprise MLOps Results

The MLflow-driven MLOps pipeline facilitated robust experiment tracking and model versioning. Deployment cycle
times from model completion to production serving averaged 12 hours, significantly faster than manual processes (24—
48 hours). Rollbacks to previous model versions were executed with minimal downtime (<10 minutes), enhancing
operational agility.

Reproducibility was validated through repeat executions of model training with identical artifacts, yielding consistent
results. Traceability across experiments improved governance readiness and supported audit requirements.

Integration and Scalability
Combining SAP, Databricks, and MLflow demonstrated seamless data flows and scalable processing. Data volume
tests (up to 50 million records per day) sustained consistent processing throughput without significant latency spikes.

Security and Compliance

Encrypted storage and secure API gateways ensured compliance with enterprise policies. Key rotation and RBAC
minimised unauthorized access risks. Audit trails were complete and supported forensic queries with timestamp
fidelity.

Operational Considerations

Stakeholder feedback highlighted improved situational awareness, faster decision cycles, and better collaboration
across security and data science teams. Challenges included initial setup complexity and need for specialized skills.

V. CONCLUSION

This study presents an integrated Al-powered framework combining SAP, Databricks, and MLflow to deliver robust
threat detection and enterprise MLOps within secure cloud environments. The results validate that the proposed
architecture enhances detection accuracy, streamlines model lifecycles, and strengthens security governance.

By integrating SAP operational data with scalable analytics and modular ML lifecycle tools, enterprises can realize Al
benefits without sacrificing control or compliance. AI models demonstrated superior detection performance, while
ML flow provided repeatability and governance necessary for production Al

Secure cloud deployment ensured that encryption and access controls met enterprise standards, and Databricks enabled
handling of large datasets and real-time processing.

Operationally, the framework reduced deployment times, improved collaboration across teams, and expedited decision-
making.

The research contributes to the fields of enterprise Al, secure cloud architectures, and MLOps, offering both theoretical
insights and practical implementation guidance.

The integration of SAP with Databricks typically involves secure data pipelines that extract or replicate SAP data into
cloud-based data lakes or warehouses. These pipelines may use APIs, connectors, or streaming mechanisms to ensure
timely and reliable data transfer. Once ingested into Databricks, the data undergoes preprocessing, normalization, and
feature engineering to prepare it for machine learning tasks. For threat detection, features may include transaction
frequency, access timing patterns, deviation from historical averages, and relationships between users and business
objects. These features enable models to learn complex behavioral patterns that are difficult to capture with static rules.
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Machine learning models used for threat detection often combine unsupervised and supervised approaches.
Unsupervised models such as Isolation Forests, autoencoders, and clustering algorithms are effective at identifying
outliers without requiring labeled attack data, which is often scarce in real-world environments. Supervised models,
including logistic regression, gradient boosting, and recurrent neural networks, can be trained on known threat
scenarios to improve classification accuracy. In enterprise settings, hybrid approaches are commonly used, where
unsupervised models flag suspicious events that are then further analyzed or classified by supervised models.
Databricks provides the computational framework to train and evaluate these models at scale, while MLflow ensures
that all experiments and results are systematically tracked.

Once models are trained, MLflow facilitates their transition from development to production through standardized
packaging and deployment mechanisms. Models can be registered in the MLflow Model Registry, where they are
versioned, reviewed, and promoted through stages such as staging and production. This controlled promotion process is
crucial for enterprise environments, where unvalidated models could introduce operational or security risks.
Deployment may involve serving models as APIs, embedding them within streaming pipelines, or integrating them
directly into SAP workflows through secure interfaces. Regardless of the deployment method, MLflow provides
visibility into which model versions are active, how they were trained, and how they are performing.

Monitoring is a critical component of enterprise MLOps, particularly for threat detection systems. Over time, data
distributions and user behaviors change, leading to model drift and degraded performance. MLflow and Databricks
together support continuous monitoring of model metrics, prediction distributions, and input data characteristics. When
performance degradation or drift is detected, models can be retrained using updated data and redeployed through the
same controlled pipeline. This continuous feedback loop ensures that threat detection capabilities remain effective in
dynamic enterprise environments.

The results observed from implementing such an integrated architecture demonstrate significant improvements over
traditional approaches. Al-powered models consistently outperform rule-based systems in detecting subtle and
previously unseen threats. False positives are reduced because models consider contextual information and learned
behavioral patterns rather than rigid thresholds. At the same time, detection latency remains low due to the scalable
processing capabilities of Databricks and the efficient deployment pipelines enabled by MLflow. From an operational
perspective, MLOps practices reduce the time required to move models from experimentation to production, increase
collaboration between data science and security teams, and enhance overall system reliability.

Despite these benefits, challenges remain. Integrating SAP with modern cloud analytics platforms requires specialized
expertise and careful architectural planning. Data governance and privacy concerns must be addressed through robust
policies and technical controls. Additionally, some Al models, particularly deep learning approaches, may lack
transparency, making it difficult for stakeholders to understand why certain events are flagged as threats. Addressing
these challenges requires investment in explainable Al techniques, workforce training, and cross-functional
collaboration.

VI. FUTURE WORK

The rapid evolution of digital enterprises has significantly increased the complexity of managing data, applications, and
security across distributed environments. Organizations today rely heavily on enterprise platforms such as SAP to
manage mission-critical business processes including finance, supply chain, human resources, and customer operations.
While these platforms provide robust transactional capabilities, they also generate vast volumes of sensitive data that
must be protected against increasingly sophisticated cyber threats. Traditional security mechanisms, largely rule-based
and reactive, are no longer sufficient to detect advanced threats such as insider attacks, zero-day exploits, and persistent
anomalies hidden within normal operational behavior. As a result, artificial intelligence (AI) and machine learning
(ML) have emerged as essential tools for proactive threat detection and intelligent decision-making in enterprise
environments.

Future research will focus on extending the proposed framework to support federated and privacy-preserving learning
techniques for enhanced security across geographically distributed SAP landscapes. The integration of explainable Al
mechanisms will be explored to improve transparency and trust in automated threat predictions. Further work will
investigate adaptive threat models capable of responding to zero-day attacks and evolving adversarial behaviors in real
time. Performance optimization for ultra-low-latency broadband environments will be studied to support mission-
critical applications. The framework can be expanded to incorporate blockchain-based trust mechanisms for secure
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multiparty collaboration. Cross-cloud interoperability and hybrid SAP deployments will also be examined.
Additionally, large-scale real-world validation using industry datasets and regulatory compliance evaluation will be
conducted. These enhancements aim to strengthen the robustness, scalability, and practical adoption of Al-driven threat
detection in enterprise cloud ecosystems.

REFERENCES

1. Armbrust, M., Xin, R., Lian, C., Huai, Y., Liu, D., Bradley, J. K., Meng, X., Kaftan, T., Franklin, M. J., Ghodsi,
A., & Zaharia, M. (2015). Spark: Unified analytics engine for big data. Communications of the ACM, 59(11), 56—
65. https://doi.org/10.1145/2934664

2. Chandola, V., Banerjee, A., & Kumar, V. (2009). Anomaly detection: A survey. ACM Computing Surveys, 41(3),

Article 15. https://doi.org/10.1145/1541880.1541882

Murphy, K. P. (2012). Machine learning: A probabilistic perspective. MIT Press.

4. Sculley, D., Holt, G., Golovin, D., Davydov, E., Phillips, T., Ebner, D., Chaudhary, V., Young, M., Crespo, J. F.,
& Dennison, D. (2015). Hidden technical debt in machine learning systems. In Advances in neural information
processing systems (pp. 2503-2511).

5. Navandar, P. (2022). The Evolution from Physical Protection to Cyber Defense. International Journal of Computer
Technology and Electronics Communication, 5(5), 5730-5752.

6. Van der Aalst, W. M. P. (2016). Process mining: Data science in action (2nd ed.). Springer.
https://doi.org/10.1007/978-3-662-49851-4

7. Archana, R., & Anand, L. (2023, May). Effective Methods to Detect Liver Cancer Using CNN and Deep Learning
Algorithms. In 2023 International Conference on Advances in Computing, Communication and Applied
Informatics (ACCAI) (pp. 1-7). IEEE.

8. Thambireddy, S. (2021). Enhancing Warehouse Productivity through SAP Integration with Multi-Model RF Guns.
International Journal of Computer Technology and Electronics Communication, 4(6), 4297-4303.

9. Sudhan, S. K. H. H., & Kumar, S. S. (2016). Gallant Use of Cloud by a Novel Framework of Encrypted Biometric
Authentication and Multi Level Data Protection. Indian Journal of Science and Technology, 9, 44.

10. Rayala, R. V. (2022). Enterprise Java security: Frameworks, authentication, and threat modeling. International
Journal of Engineering &  Extended Technologies Research (IJEETR), 4(5), 5327-5332.
https://doi.org/10.15662/IJEETR.2022.0405003

11. Karnam, A. (2021). The Architecture of Reliability: SAP Landscape Strategy, System Refreshes, and Cross-
Platform Integrations. International Journal of Research and Applied Innovations, 4(5), 5833-5844.
https://doi.org/10.15662/1JRA1.2021.0405005

12. Hollis, M., Omisola, J. O., Patterson, J., Vengathattil, S., & Papadopoulos, G. A. (2020). Dynamic Resilience
Scoring in Supply Chain Management using Predictive Analytics. The Artificial Intelligence Journal, 1(3).

13. Singh, A. (2022). The Impact of Fiber Broadband on Rural and Underserved Communities. International Journal of
Future Management Research, 1(1), 38541.

14. Sivaraju, P. S. (2022). Enterprise-Scale Data Center Migration and Consolidation: Private Bank's Strategic
Transition to HP Infrastructure. International Journal of Computer Technology and Electronics Communication,
5(6), 6123-6134.

15. Hasan, S., Zerine, 1., Islam, M. M., Hossain, A., Rahman, K. A., & Doha, Z. (2023). Predictive Modeling of US
Stock Market Trends Using Hybrid Deep Learning and Economic Indicators to Strengthen National Financial
Resilience. Journal of Economics, Finance and Accounting Studies, 5(3), 223-235.

16. Bussu, V. R. R. (2023). Governed Lakehouse Architecture: Leveraging Databricks Unity Catalog for Scalable,
Secure Data Mesh Implementation. International Journal of Engineering & Extended Technologies Research
(IJEETR), 5(2), 6298-6306.

17. Natta, P. K. (2023). Intelligent event-driven cloud architectures for resilient enterprise automation at scale.
International Journal of Computer Technology and Electronics Communication, 6(2), 6660—6669.
https://doi.org/10.15680/IJCTECE.2023.0602009

18. Kumar, S. N. P. (2022). Machine Learning Regression Techniques for Modeling Complex Industrial Systems: A
Comprehensive Summary. International Journal of Humanities and Information Technology (IJHIT), 4(1-3), 67—
79. https://ijhit.info/index.php/ijhit/article/view/140/136

19. Kasireddy, J. R. (2022). From raw trades to audit-ready insights: Designing regulator-grade market surveillance
pipelines. International Journal of Engineering & Extended Technologies Research (IJEETR), 4(2), 4609—-4616.
https://doi.org/10.15662/IJEETR.2022.0402003

20. Kagalkar, A. S. S. K. A. Serverless Cloud Computing for Efficient Retirement Benefit Calculations.
https://www.researchgate.net/profile/ Akshay-Sharma-

W

IJRAI©2023 |  AnISO 9001:2008 Certified Journal | 9220



http://www.ijrai.org/
mailto:editor@ijrai.org
https://doi.org/10.1145/2934664
https://doi.org/10.1145/1541880.1541882

International Journal of Research and Applied Innovations (IJRAI)

| ISSN: 2455-1864 | www.ijrai.org | editor@ijrai.org | A Bimonthly, Scholarly and Peer-Reviewed Journal |

|IVolume 6, Issue 4, July - August 2023||

DOI:10.15662/IJRAI.2023.0604005

98/publication/398431156 Serverless Cloud Computing for Efficient Retirement Benefit Calculations/links/69
364e487¢61d05b530c88a2/Serverless-Cloud-Computing-for-Efficient-Retirement-Benefit-Calculations.pdf

21. Sommer, R., & Paxson, V. (2010). Outside the closed world: On using machine learning for network intrusion
detection. /IEEE Security & Privacy, 8(5), 40—47. https://doi.org/10.1109/MSP.2010.117

22. Paul, D. et al., "Platform Engineering for Continuous Integration in Enterprise Cloud Environments: A Case Study
Approach,"  Journal of Science &  Technology, vol. 2, mno. 3, Sept. 8, (2021).
https://thesciencebrigade.com/jst/article/view/382

23. Chivukula, V. (2020). Use of multiparty computation for measurement of ad performance without exchange of
personally identifiable information (PII). International Journal of Engineering & Extended Technologies Research
(IJEETR), 2(4), 1546-1551.

24. Meka, S. (2022). Streamlining Financial Operations: Developing Multi-Interface Contract Transfer Systems for
Efficiency and Security. International Journal of Computer Technology and Electronics Communication, 5(2),
4821-48209.

25. Nagarajan, G. (2022). Advanced AI-Cloud Neural Network Systems with Intelligent Caching for Predictive
Analytics and Risk Mitigation in Project Management. International Journal of Research Publications in
Engineering, Technology and Management (IJRPETM), 5(6), 7774-7781.

26. Sudhan, S. K. H. H., & Kumar, S. S. (2015). An innovative proposal for secure cloud authentication using
encrypted biometric authentication scheme. Indian journal of science and technology, 8(35), 1-5.

27. Adari, V. K. (2020). Intelligent Care at Scale Al-Powered Operations Transforming Hospital Efficiency.
International Journal of Engineering & Extended Technologies Research (IJEETR), 2(3), 1240-1249.

28. Balaji, K. V., & Sugumar, R. (2022, December). A Comprehensive Review of Diabetes Mellitus Exposure and
Prediction using Deep Learning Techniques. In 2022 International Conference on Data Science, Agents &
Artificial Intelligence (ICDSAAI) (Vol. 1, pp. 1-6). IEEE.

29. Anand, L., & Neelanarayanan, V. (2019). Feature Selection for Liver Disease using Particle Swarm Optimization
Algorithm. International Journal of Recent Technology and Engineering (IJRTE), 8(3), 6434-6439.

30. Vimal Raja, G. (2022). Leveraging Machine Learning for Real-Time Short-Term Snowfall Forecasting Using
MultiSource Atmospheric and Terrain Data Integration. International Journal of Multidisciplinary Research in
Science, Engineering and Technology, 5(8), 1336-1339.

31. Rajurkar, P. (2020). Predictive Analytics for Reducing Title V Deviations in Chemical Manufacturing.
International Journal of Technology, Management and Humanities, 6(01-02), 7-18.

32. Zong, B., Song, Q., Min, M. R., Cheng, W., Lumezanu, C., Cho, D., & Chen, H. (2018). Deep autoencoding
Gaussian mixture model for unsupervised anomaly detection. In Proceedings of the 35th International Conference
on Machine Learning (pp. 5679-5688).

IJRAI©2023 |  AnISO 9001:2008 Certified Journal | 9221



http://www.ijrai.org/
mailto:editor@ijrai.org

	ABSTRACT: The increasing adoption of cloud-based SAP systems across broadband networks has amplified the complexity and scale of cyber threats targeting enterprise business processes. Traditional security mechanisms often lack the intelligence and ada...
	KEYWORDS: AI-driven security, Predictive threat detection, SAP business processes, Multiparty cloud environments, Broadband networks, Enterprise cybersecurity, Process analytics
	I. INTRODUCTION
	Background and Context
	Challenges in Enterprise AI and Security
	SAP, Databricks, and MLflow: A Convergent Stack
	Threat Detection Needs in Modern Enterprises
	Enterprise MLOps: Importance and Complexity
	Research Objectives
	Scope and Contributions

	II. LITERATURE REVIEW
	AI in Threat Detection
	Enterprise MLOps and Model Lifecycle Management
	SAP and Enterprise Data Integration
	Databricks and Scalable Cloud Analytics
	Secure Cloud Environments for Enterprise Systems
	Gap Analysis

	III. RESEARCH METHODOLOGY
	Research Design
	Phase I: Requirements and Architecture
	Phase II: Prototype Implementation
	Phase III: Evaluation
	Phase IV: Comparative Analysis

	Figure 1: Architectural Design of the Proposed Framework
	Advantages
	Disadvantages
	IV. RESULTS AND DISCUSSION
	Threat Detection Performance
	Enterprise MLOps Results
	Integration and Scalability
	Security and Compliance
	Operational Considerations

	V. CONCLUSION
	VI. FUTURE WORK
	REFERENCES

