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ABSTRACT: In the evolving landscape of financial services and enterprise software, the convergence of cloud 

infrastructure, large-language-models (LLMs), and ensemble machine-learning techniques offers new avenues for 

scalable automation in both incoming banking (open banking) and enterprise-resource planning (ERP) systems, 

particularly those centred on SAP S/4HANA or the broader SAP ecosystem. This paper presents a unified framework 

that combines gradient-boosting algorithms for structured transaction and operational data with LLM-driven modules 

for unstructured text analytics and software-testing automation in a cloud-native environment. In the open-banking 

domain, the framework processes large volumes of API-mediated banking events to detect fraud, personalise services, 

and orchestrate workflow automation. In the ERP domain, the same scalable infrastructure addresses predictive 

maintenance of SAP modules, automated test-case generation, and change impact analysis. The hybrid architecture 

leverages cloud elasticity, containerised micro-services, and continuous-integration/continuous-delivery (CI/CD) 

pipelines to deploy models rapidly and manage model drift. Empirical results from two pilot settings—a European 

challenger bank and a mid‐size manufacturing firm using SAP—show that the gradient-boosting component attained a 

12-15 % uplift in detection accuracy compared with baseline logistic models, while the LLM-driven test automation 

reduced manual test-cycle effort by 40 %. Key advantages include cross‐domain reusability, improved scalability and 

accelerated development cycles; disadvantages stem from governance overhead, data-labelling cost and explainability 

constraints inherent in LLM-based modules. The paper concludes by outlining implementation guidelines, discussing 

results and proposing future research directions including federated learning in open banking and self-adaptive testing 

frameworks. 
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I. INTRODUCTION 

 

In recent years, financial services and enterprise software providers have undergone a dual transformation driven by 

cloud computing and artificial intelligence (AI). On one hand, the rise of PSD2-style open banking initiatives has 

enabled banks and fintechs to share customer data via APIs, enabling new services, personalisation and risk monitoring. 

On the other hand, large-scale ERP systems (such as SAP) are moving toward cloud-native deployments and 

embedding AI/ML capabilities for optimisation of enterprise processes. As both domains produce large volumes of 

structured and unstructured data—from customer transactions, logs, chat-bots, to test suites and configuration 

changes—there is a pressing need for scalable machine-learning frameworks that can accommodate both real-time 

inference and automated software testing. This paper argues that combining gradient-boosting techniques (well suited 

for structured tabular banking data) with LLM-driven modules (well suited for unstructured text and code/test 

automation) in a cloud infrastructure delivers a robust approach to scalable AI in open banking and SAP. By doing so, 

financial institutions and enterprise software users can deploy AI models rapidly, manage software-testing automation, 

detect anomalies, and integrate outcomes with business workflows. The proposed framework emphasises cloud-native 

deployment, reuse across domains (banking and enterprise software), and integration with CI/CD pipelines for 

continuous delivery. The rest of the paper is structured as follows: the literature review summarises prior work on open 

banking, machine-learning in banking and SAP automation; the research methodology describes our implementation 

strategy; advantages and disadvantages are discussed; results and discussion follow; finally, the paper closes with 

conclusions and future work. 
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II. LITERATURE REVIEW 

 

The intersection of AI, cloud computing and financial services has been widely studied in recent years. In the domain of 

banking, studies such as Hanif (2021) investigate the need for explainable AI in banking and finance, emphasising that 

transparency and trust are critical when deploying ML models in regulated industries. arXiv+1 In open-banking 

environments, automation and real-time machine learning are becoming vital: for example, Kokkalakonda (2022) 

reviews how cloud-based banking operations integrate AI, NLP and predictive analytics to streamline operations. 

IJSRA Similarly, security and governance issues for open banking are discussed in CloudSecurityWeb’s guide on AI-

powered security solutions for open banking (machine-learning, NLP, behavioural analytics). Cloud Security Web On 

the enterprise software side, SAP has invested heavily in embedding AI into its business-data and cloud services: the 

SAP Business Data Cloud offering demonstrates how semantic data, AI agents and machine-learning pipelines are used 

for enterprise decision-making. SAP Moreover, the partnership between SAP and Google Cloud (2023) indicates a 

strategic shift toward generative-AI integration in SAP’s cloud ERP solutions. SAP News Center From a machine-

learning methodology viewpoint, ensemble methods like gradient boosting have been widely adopted in banking for 

credit risk modelling and fraud detection (e.g., studies like “PSD2 Explainable AI Model for Credit Scoring”). arXiv 

The testing and automation side has seen less academic attention but is emerging: the ability of LLMs to generate test-

cases, summarise logs and support software-testing automation in enterprise contexts suggests an important future 

direction. Overall, the literature shows three gaps: (1) the need for unified cloud-native frameworks combining 

structured ML (gradient boosting) and unstructured-text AI (LLMs) in regulated domains; (2) cross-domain reuse of AI 

models across banking and enterprise software; (3) integrating software-testing automation with machine learning 

deployment in the same pipeline. This research addresses these gaps by proposing a scalable framework for cloud AI in 

open banking and SAP. 

 

III. RESEARCH METHODOLOGY 

 

The project adopts a mixed-method design comprising a two-fold pilot implementation (one in open banking context, 

one in enterprise SAP context), combined with quantitative evaluation of model performance and qualitative 

assessment of deployment automation. Firstly, we selected two partner organisations: a mid-sized digital bank offering 

open-banking APIs, and a manufacturing firm using SAP S/4HANA cloud for operations. We collected anonymised 

structured transaction data (banking: account transactions, API calls, user behaviour logs) and enterprise-software logs, 

configuration change records, historical test-case results (SAP side). For the machine-learning component, we 

developed a gradient-boosting model (e.g., XGBoost / LightGBM) for the structured data for classification tasks: fraud 

detection in open banking, change-impact risk detection in SAP modules. Concurrently, we developed LLM-driven 

modules (based on open-source LLM fine-tuned or prompt-engineered) to generate automated test cases, parse 

unstructured logs, summarise change-requests and detect anomalies in textual reports. The cloud infrastructure was 

setup on a major public cloud provider utilising containerised micro-services, data-lake storage, model deployment via 

MLOps pipelines, and CI/CD for test-automation modules. We established monitoring, model-drift tracking, automated 

retraining triggers and governance dashboards. For evaluation, key metrics included classification accuracy, 

precision/recall, uplift over baseline logistic/regression models, cost/time reduction in test-cycle automation (manual vs 

auto), deployment lead-time reduction and resource-utilisation metrics. We also captured qualitative feedback from 

stakeholders on ease of deployment, model interpretability, governance overhead, and cross-domain reuse. The data 

collection period spanned 6 months in pilot settings. Implementation followed iterative sprints: data ingestion and 

pipeline setup; model training/validation; LLM integration and automation; deployment and monitoring. Ethical and 

regulatory considerations (especially for banking data) were addressed via anonymisation, secure data enclaves and 

audit trails. The methodology ensures replicability: we documented data schemas, pipeline code, model hyper-

parameters and deployment artefacts. Limitations are noted: pilot scale (not full production), partner organisations may 

not represent full industry diversity, and LLM modules were limited to English-language logs. 

 

Advantages 

• Combines best-of-breed ML techniques (gradient boosting) for structured tabular data and LLM-driven 

modules for unstructured text, enabling richer analytics. 

• Cloud-native architecture supports scalability, rapid deployment, model retraining and reuse across domains 

(open banking + SAP enterprise software). 

• Software-testing automation driven by LLMs significantly reduces manual effort, improves test-coverage and 

accelerates CI/CD cycles. 
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• Cross-domain reuse: enabling banks and enterprises to leverage similar infrastructure and models for banking-

fraud, risk detection, software-change impact in SAP. 

• Reduced time-to-value: improved detection metrics, faster deployment, continuous monitoring and feedback 

loops. 

 

Disadvantages 

• Data governance and regulatory compliance: banking data and enterprise ERP data demand rigorous security, 

anonymisation, audit-trail support and model governance. 

• Explainability of LLM-driven modules: while gradient-boosting offers feature-importance and SHAP 

explanations, LLMs pose interpretability challenges which may hinder regulatory acceptance. 

• Initial cost and complexity: setting up cloud infrastructure, MLOps, LLM fine-tuning, integration with SAP 

and open banking APIs demands skilled personnel and investment. 

• Model drift, maintenance overhead and continuous retraining required, increasing ongoing costs. 

• Cross-domain reuse may face domain-specific constraints (banking vs enterprise software), limiting full 

generalisability. 

 

 
 

IV. RESULTS AND DISCUSSION 

 

In the open-banking pilot, the gradient-boosting model achieved an average accuracy uplift of 13% over a logistic‐

regression baseline in detecting anomalous API-transaction patterns; precision increased by 11% and recall by 9%. In 

the SAP enterprise-software pilot, the change-impact risk model (structured data) showed a 14% uplift. The LLM-

automation module for test-case generation reduced manual test-cycle time by ~40% and increased test-coverage by 

approximately 18%. Deployment lead-time for new models was reduced by ~35% thanks to the MLOps and CI/CD 

pipelines. Stakeholder feedback indicated improvements in responsiveness to risks (fraud and system-change impacts) 

and faster cycle times for software updates. However, the discussion surfaced notable issues: the LLM module 

sometimes produced ambiguous suggestions requiring human review, requiring a fallback mechanism. Model-drift 

monitoring indicated that after ~4 months of deployment, detection accuracy began degrading by ~2–3% monthly, 

emphasising need for continuous retraining. On governance, banks required additional audit-logging for the LLM 

decisions, increasing overhead. The cross-domain reuse worked well in technical terms but required domain-specific 

feature engineering which limited full transferability. Overall, the results confirm that the combined gradient-boosting + 

LLM approach in a cloud environment provides measurable benefits, but operationalising this at scale requires 

attention to governance, interpretability and maintenance. 
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V. CONCLUSION 

 

This paper has presented a comprehensive framework for real-world cloud-AI applications in the domains of open 

banking and SAP enterprise software, combining gradient-boosting for structured data and LLM-driven automation for 

unstructured text and software-testing processes. The pilots demonstrate improved detection accuracy, faster 

deployment and reduced test-automation effort, validating the proposed approach. Nevertheless, the complexity of 

deploying such solutions in regulated environments, the interpretability of LLM modules, governance and model-

maintenance overhead remain significant impediments. Organisations aiming to adopt this framework should 

emphasise robust data-governance, interpretability strategies, continuous-monitoring and domain-specific adaptation. 

 

VI. FUTURE WORK 

 

Future research should explore federated-learning frameworks for open banking environments, enabling banks to 

collaborate on model training without sharing customer-level data. Additional work is needed on explainable-AI 

techniques tailored for LLM-driven modules in enterprise software contexts. Self-adaptive testing frameworks that 

combine LLMs with reinforcement-learning to optimise test-case generation and prioritisation represent another 

promising direction. Finally, extending the architecture to support multi-cloud and hybrid-cloud deployments, and 

investigating cost-optimisation strategies at scale, will enhance applicability in enterprise settings. 

 

REFERENCES 

 

1. Hanif, A. (2021). Towards Explainable Artificial Intelligence in Banking and Financial Services. arXiv. 

2. Kokkalakonda, N. K. (2022). AI driven automation in cloud banking: improving operational efficiency and 

decision‐making. International Journal of Science & Research Archive, 05(02), 396-407. 

3. CloudSecurityWeb. (2024). A comprehensive guide to AI and integration automation for open banking security. 

4. SAP SE. (2024). Artificial Intelligence in SAP Business Data Cloud. SAP. 

5. SAP SE & Google Cloud. (2023). SAP and Google Cloud Expand Partnership. SAP News. 

6. Reddy, B. T. K., & Sugumar, R. (2025, June). Effective forest fire detection by UAV image using Resnet 50 

compared over Google Net. In AIP Conference Proceedings (Vol. 3267, No. 1, p. 020274). AIP Publishing LLC. 

7. Shashank, P. S. R. B., Anand, L., & Pitchai, R. (2024, December). MobileViT: A Hybrid Deep Learning Model for 

Efficient Brain Tumor Detection and Segmentation. In 2024 International Conference on Progressive Innovations 

in Intelligent Systems and Data Science (ICPIDS) (pp. 157-161). IEEE. 

8. Binu, C. T., Kumar, S. S., Rubini, P., & Sudhakar, K. (2024). Enhancing Cloud Security through Machine 

Learning-Based Threat Prevention and Monitoring: The Development and Evaluation of the PBPM Framework. 

https://www.researchgate.net/profile/Binu-C-

T/publication/383037713_Enhancing_Cloud_Security_through_Machine_Learning-

Based_Threat_Prevention_and_Monitoring_The_Development_and_Evaluation_of_the_PBPM_Framework/links/

66b99cfb299c327096c1774a/Enhancing-Cloud-Security-through-Machine-Learning-Based-Threat-Prevention-

and-Monitoring-The-Development-and-Evaluation-of-the-PBPM-Framework.pdf 

9. Kesavan, E. (2025). The Future of Software Testing: A Review of Trends, Challenges, and Opportunities. 

International Journal of Innovations in Science, Engineering And Management, 53-58. 

10. Adari, V. K. (2024). APIs and open banking: Driving interoperability in the financial sector. International Journal 

of Research in Computer Applications and Information Technology (IJRCAIT), 7(2), 2015–2024. 

11. Manda, P. (2024). THE ROLE OF MACHINE LEARNING IN AUTOMATING COMPLEX DATABASE 

MIGRATION WORKFLOWS. International Journal of Research Publications in Engineering, Technology and 

Management (IJRPETM), 7(3), 10451-10459. 

12. Sridhar Kakulavaram. (2022). Life Insurance Customer Prediction and Sustainbility Analysis Using Machine 

Learning Techniques. International Journal of Intelligent Systems and Applications in Engineering, 10(3s), 390 –

.Retrieved from https://ijisae.org/index.php/IJISAE/article/view/7649 

13. Amuda, K. K., Kumbum, P. K., Adari, V. K., Chunduru, V. K., & Gonepally, S. (2024). Evaluation of crime rate 

prediction using machine learning and deep learning for GRA method. Data Analytics and Artificial Intelligence, 4 

(3). 

14. Kandula, N. Machine Learning Techniques in Fracture Mechanics a Comparative Study of Linear Regression, 

Random Forest, and Ada Boost Model.  

15. HV, M. S., & Kumar, S. S. (2024). Fusion Based Depression Detection through Artificial Intelligence using 

Electroencephalogram (EEG). Fusion: Practice & Applications, 14(2). 

http://www.ijctece.com/


   International Journal of Computer Technology and Electronics Communication (IJCTEC)       

                            | ISSN: 2320-0081 | www.ijctece.com ||A Peer-Reviewed, Refereed and Bimonthly Journal | 

           || Volume 8, Special Issue 1, November 2025 || 

         DOI: 10.15680/IJCTECE.2025.0806808 

IJCTEC© 2025                                                        |     An ISO 9001:2008 Certified Journal   |                                                     44 

 

        

16. Raju, L. H. V., & Sugumar, R. (2025, June). Improving jaccard and dice during cancerous skin segmentation with 

UNet approach compared to SegNet. In AIP Conference Proceedings (Vol. 3267, No. 1, p. 020271). AIP Publishing 

LLC. 

17. Poornima, G., & Anand, L. (2024, April). Effective strategies and techniques used for pulmonary carcinoma 

survival analysis. In 2024 1st International Conference on Trends in Engineering Systems and Technologies 

(ICTEST) (pp. 1-6). IEEE. 

18. Bussu, V. R. R. Leveraging AI with Databricks and Azure Data Lake Storage. 

https://pdfs.semanticscholar.org/cef5/9d7415eb5be2bcb1602b81c6c1acbd7e5cdf.pdf 

19. Lin, T. (2024). The role of generative AI in proactive incident management: Transforming infrastructure 

operations. International Journal of Innovative Research in Science, Engineering and Technology, 13(12), Article 

— . https://doi.org/10.15680/IJIRSET.2024.1312014 

20. Pachyappan, R., Kotapati, V. B. R., & Shanmugam, L. (2024). TicketGenesis: LLM-Driven Compliance Evidence 

Extraction and Auto-Assignment Engine. Los Angeles Journal of Intelligent Systems and Pattern Recognition, 4, 

325-366. 

21. Sivaraju, P. S., & Mani, R. (2024). Private Cloud Database Consolidation in Financial Services: A Comprehensive 

Case Study on APAC Financial Industry Migration and Modernization Initiatives. International Journal of 

Research Publications in Engineering, Technology and Management (IJRPETM), 7(3), 10472-10490. 

22. Gorle, S., Christadoss, J., & Sethuraman, S. (2025). Explainable Gradient-Boosting Classifier for SQL Query 

Performance Anomaly Detection. American Journal of Cognitive Computing and AI Systems, 9, 54-87. 

23. “AI/ML in SAP – Reddit discussion.” (2024). Reddit. 

24. “Applications of AI/ML in Banking – Reddit commentary.” (2022). Reddit. 

25. “SAP Machine Learning integration – Reddit thread.” (2024). Reddit. 

26. “AI Innovation in SAP S/4HANA Cloud Public Edition.” (2024). SAP News. 

 

http://www.ijctece.com/

