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ABSTRACT: Real-time credit risk assessment is critical for financial institutions to prevent defaults, manage capital, 

and comply with regulatory norms. In this study, we propose a secure, cloud-native architecture that integrates real-

time cloud threat intelligence with machine learning–enhanced, explainable generative AI, all built on an Apache 

+ SAP HANA in-memory secure data backbone. The system ingests streaming transactional and behavioral data from 

loan applicants and existing borrowers, enriches it with threat intelligence to detect anomalous or malicious activity 

(e.g., fraud, identity theft), and uses a hybrid generative AI–ML model to produce synthetic scenarios, explainable risk 

forecasts, and counterfactual analyses. The generative component allows scenario augmentation (e.g., stress testing), 

while explainability modules like SHAP provide transparency. The SAP HANA architecture supports low-latency, high-

throughput analytics, and its security capabilities (access control, encryption, audit logging) help protect sensitive 

financial data. We evaluate our framework using simulated data and real-world credit datasets, measuring predictive 

performance (AUC, F1), explainability, and threat-detection efficacy. Results show that integrating threat intelligence 

improves early fraud detection, the generative AI layer enhances the richness of risk scenarios, and explainability helps 

compliance. We discuss the advantages, limitations, and deployment challenges, and outline future work for integrating 

advanced cloud-native security controls and federated learning. 
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I. INTRODUCTION 

 

Credit risk modeling traditionally relies on statistical techniques and historical financial data to estimate the likelihood 

of default. However, as financial systems migrate to the cloud and face increasingly sophisticated cyber threats, there is 

a growing need to integrate real-time threat intelligence into credit risk frameworks. Malicious activities—such as 

identity theft, fraud, and account takeover—can distort conventional risk signals, compromising both predictive 

accuracy and operational security. Moreover, generative artificial intelligence (GenAI), particularly when combined 

with machine learning (ML), offers powerful capabilities for scenario generation, stress testing, and data 

augmentation, thereby helping institutions better anticipate rare but high-impact events. Yet, the black-box nature of 

many AI systems raises serious concerns around transparency, regulatory compliance, and explainability. 

 

In this work, we propose a novel architecture that synergizes real-time cloud threat intelligence with a machine-

learning–enhanced, explainable generative AI model, all built on a secure Apache + SAP HANA platform. The 

system is designed to continuously ingest both transactional credit data and external threat intelligence feeds, detect 

anomalies, and generate synthetic scenarios that feed into a risk assessment pipeline. The explainability layer (e.g., 

SHAP or counterfactuals) ensures interpretability for risk officers and regulators. By leveraging the in-memory 

processing, vectorized computations, and security features of SAP HANA, our solution can deliver low-latency, high-

throughput risk scoring, while maintaining rigorous data governance. We believe such an integrated architecture can 

substantially improve credit decisioning, fraud detection, and regulatory oversight in modern financial institutions. 
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II. LITERATURE REVIEW 

 

Here we review key strands of literature relevant to our proposed architecture: credit risk modeling (ML), generative 

AI in finance, explainable AI, cloud threat intelligence, and secure in-memory databases such as SAP HANA. 

1. Machine Learning for Credit Risk. There is a strong and growing body of work on using ML for credit risk 

prediction. For example, Shi et al. (2022) provide a systematic review of ML-driven credit risk models over the 

past decade, highlighting challenges such as data imbalance, transparency, and dataset inconsistency. SpringerLink 

Noriega, Rivera & Herrera (2023) also survey ML models (boosted trees, neural nets) and note that model 

interpretability and class imbalance remain key limitations. MDPI Real-world empirical work, such as by Bitetto et 

al. (2023), compares ML approaches for SME credit risk, demonstrating improvements in predictive accuracy over 

classical methods. ScienceDirect Feature selection is also critical: Zhou et al. (2021) examine modern feature 

selection strategies in credit scoring and show how intelligent selection can improve classifier robustness. Taylor & 

Francis Online 

2. Generative AI in Financial Risk Modeling. Generative AI is being increasingly applied to finance. McKinsey 

(2024) discusses how gen AI (e.g., large language models) can be embedded in credit lifecycles to summarize 

documents, generate credit memos, and create early warning systems from unstructured data. McKinsey & 

Company More technically, Johansson et al. (2024) propose integrating generative AI into cloud-native 

architectures for dynamic credit risk assessment and real-time document generation. ijarcst.org 

3. Explainable AI (XAI) in Credit Scoring. The need for transparency in credit risk models is well-established. 

Bücker, Szepannek & Biecek (2020) present a framework for making black-box ML credit scoring models 

transparent, auditable, and explainable, using techniques like SHAP and counterfactuals. arXiv Hashemi & Fathi 

(2020) use adversarial counterfactual example generation to stress-test and interpret credit scorecards. arXiv 

4. Privacy and Security in ML Risk Models. Privacy-preserving credit risk modeling has also been studied: Zheng 

et al. (2020) propose PCAL, a framework based on adversarial learning that balances utility (prediction accuracy) 

with privacy risk. arXiv 

5. Cloud Threat Intelligence and Security Analytics. In the domain of cloud security, predictive analytics powered 

by AI is used to detect threats proactively. For instance, Nalla (2023) demonstrates AI-based predictive analytics 

for cloud risk management, showing reduced response times and enhanced threat detection in cloud environments. 

wjaets.com 

6. Secure In-Memory Databases / SAP HANA. The SAP HANA Cloud platform includes strong security controls 

(e.g., identity & access management, encryption, audit logging) suited for sensitive financial workloads. SAP Help 

Portal+1 Further, newer generative-AI toolkits are being released by SAP (e.g., hana-ai) that integrate with 

HANA’s ML and vector processing capabilities, enabling conversational agents, code generation, and explainable 

tree-based models. SAP Community+1 

 

Synthesis of Literature Gaps: While there is extensive research on ML for credit risk, generative AI in finance, 

explainability, and cloud security separately, there is a lack of unified architectures that combine real-time threat 

intelligence, generative scenario generation, explainable AI, and secure in-memory databases. Our proposed work 

aims to fill this gap. 

 

III. RESEARCH METHODOLOGY 

 

To develop and evaluate our proposed architecture, we follow a mixed-methods research design combining system 

design, simulation, empirical evaluation, and security assessment as follows: 

1. Architecture Design: 
o Design a cloud-native, microservices-based architecture integrating threat intelligence ingestion, AI/ML 

models, and a secure data layer built on Apache + SAP HANA. 

o Define data flows: collection of transactional credit data, real-time threat intelligence feeds (e.g., from 

cloud-native security services or threat intel platforms), and streaming logs. 

o Specify security mechanisms: role-based access control, encryption (at-rest and in-transit), audit logging, 

identity management per SAP HANA best practices. SAP Help Portal+1 

o Implement a generative AI module (e.g., a GAN or transformer-based model) to generate synthetic credit-

risk scenarios and counterfactuals. 

 

 

https://link.springer.com/article/10.1007/s00521-022-07472-2?utm_source=chatgpt.com
https://www.mdpi.com/2306-5729/8/11/169?utm_source=chatgpt.com
https://www.sciencedirect.com/science/article/pii/S0038012123002586?utm_source=chatgpt.com
https://www.tandfonline.com/doi/full/10.1080/1331677X.2020.1867213?utm_source=chatgpt.com
https://www.tandfonline.com/doi/full/10.1080/1331677X.2020.1867213?utm_source=chatgpt.com
https://www.mckinsey.com/capabilities/risk-and-resilience/our-insights/embracing-generative-ai-in-credit-risk?utm_source=chatgpt.com
https://www.mckinsey.com/capabilities/risk-and-resilience/our-insights/embracing-generative-ai-in-credit-risk?utm_source=chatgpt.com
https://www.ijarcst.org/index.php/ijarcst/article/view/182?utm_source=chatgpt.com
https://arxiv.org/abs/2009.13384?utm_source=chatgpt.com
https://arxiv.org/abs/2008.10138?utm_source=chatgpt.com
https://arxiv.org/abs/2010.02529?utm_source=chatgpt.com
https://wjaets.com/sites/default/files/WJAETS-2023-0298.pdf?utm_source=chatgpt.com
https://help.sap.com/docs/hana-cloud/sap-hana-cloud-getting-started-guide/security-in-sap-hana-cloud?utm_source=chatgpt.com
https://help.sap.com/docs/hana-cloud/sap-hana-cloud-getting-started-guide/security-in-sap-hana-cloud?utm_source=chatgpt.com
https://community.sap.com/t5/technology-blogs-by-sap/new-machine-learning-and-ai-features-in-sap-hana-cloud-2025-q1/ba-p/14078615?utm_source=chatgpt.com
https://help.sap.com/docs/hana-cloud/sap-hana-cloud-getting-started-guide/security-in-sap-hana-cloud?utm_source=chatgpt.com
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2. Model Development: 
o Preprocess and engineer features from credit data using domain-relevant variables (financial ratios, 

repayment history, borrower behavior, demographic data). 

o Train predictive ML models (e.g., XGBoost, LightGBM, Random Forest) using credit datasets, addressing 

class imbalance via techniques such as SMOTE or adversarial oversampling. 

o Train generative models to simulate stress scenarios (e.g., default under economic downturn) and produce 

synthetic data for augmentation. 

o Integrate explainability tools (e.g., SHAP, counterfactual explanation) to interpret predictions and 

generative output. 

3. Simulation and Evaluation: 
o Generate synthetic datasets that mimic real credit risk workflows combined with embedded threat patterns 

(fraudulent behavior, anomalous login, identity theft). 

o Evaluate predictive performance using metrics like AUC-ROC, F1-score, precision, recall. 

o Evaluate generative performance: how realistic are generated scenarios (e.g., via t-SNE visualizations, 

distributional similarity), and how they aid in stress testing. 

o Evaluate explainability: use SHAP values or counterfactuals to produce explanations, measure 

interpretability (e.g., via user studies with risk officers). 

o Evaluate threat intelligence benefit: measure how incorporating real-time threat data (e.g., anomalous 

login, geolocation, device fingerprinting) improves detection of fraudulent or risky credit behavior. 

4. Security Assessment: 
o Perform a security analysis of the architecture: examine attack surface, threat model (insider threats, cloud 

compromise, data exfiltration), and how threat intelligence helps mitigate risks. 

o Conduct performance benchmarking on SAP HANA: latency, throughput, resource utilization, and 

security overhead (e.g., encryption, logging). 

 

5. Validation: 
o Using a pilot implementation (could be proof-of-concept), validate the end-to-end system in a sandbox or 

test environment. 

o Collect feedback from domain experts (credit risk managers, compliance officers) on usability, 

explainability, and trust. 

 

Apache Kafka handles high-throughput ingestion of credit applications, event logs, threat-intelligence signals, and 

behavioral telemetry, while Apache Flink or Spark Streaming performs real-time transformations, joins, filtering, and 

feature extraction. SAP HANA, with its in-memory columnar engine, stores structured credit datasets, transactional 

histories, ML features, scoring outcomes, model metadata, and explainability artifacts. It provides OLAP performance 

for analytical workloads, pushdown ML capabilities through HANA ML libraries, and high-speed retrieval for 

generative AI queries. The architecture is hardened with multiple security layers, including encryption at rest and in 

transit, strict role-based access control, audit logging, tokenized identifiers, data pseudonymization, and network 

segmentation using VPC boundaries. This ensures that sensitive financial data and personal information remain 

protected throughout ingestion, processing, modeling, and explanation phases. The Apache–SAP HANA stack also 

supports multi-region failover, operational resilience, and high availability, ensuring that real-time credit decisioning 

remains consistent even under heavy loads or partial system outages.   

 

The fifth and final pillar ensures that all data flows, model behaviors, and AI-generated explanations meet regulatory 

standards such as GDPR, CCPA, Basel requirements, and internal corporate audit policies. Every model version, 

training dataset, feature transformation, and explanation generated by the xGenAI system is fully traceable through 

metadata catalogs, lineage graphs, and immutable audit logs. Governance mechanisms enforce fairness checks, bias 

detection, explainability thresholds, drift alerts, and ethical AI guidelines, enabling institutions to demonstrate 

compliance to regulators, auditors, and internal committees. Additionally, the governance layer provides workflow 

automation for model approvals, change management, and human-in-the-loop overrides.  

 

When brought together, all five components create a unified, cyber-resilient, transparent, and high-performance 

platform that allows financial institutions to make credit decisions with unprecedented accuracy, speed, and 

interpretability. The fusion of real-time threat intelligence with ML-driven risk models ensures early detection of fraud 

and emerging attack vectors, while the explainable generative AI layer delivers clear, human-readable justifications for 
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decisions. The secure Apache–SAP HANA foundation guarantees fast, reliable data operations under strict compliance 

requirements, and the governance framework ensures ethical, controlled, and fully traceable AI behavior. Collectively, 

this architecture represents a comprehensive solution for the next era of financial risk assessment—one that supports 

regulatory demands, mitigates evolving cyber threats, enhances decision quality, and provides end-to-end transparency 

across data, models, and AI-generated outputs, all within a single cohesive environment designed for real-time 

operation. 

 

Advantages 

 Holistic Risk Assessment: By combining credit data with real-time threat intelligence, the system can detect 

fraud, identity theft, or malicious behavior early, improving the robustness of risk modeling. 

 Scenario Generation and Stress Testing: The generative AI layer can create synthetic, yet realistic, risk 

scenarios (e.g., economic stress, behavioral anomalies), which enriches risk assessment beyond historical data. 

 Explainability: Use of explainable AI ensures that model decisions and generated scenarios can be audited 

and understood by human stakeholders, addressing regulatory and operational transparency. 

 High Performance & Low Latency: SAP HANA’s in-memory database and vector processing capabilities 

enable real-time scoring, simulation, and analytics. 

 Security & Governance: The architecture supports strong security controls (encryption, access management, 

audit logs), reducing risk of data breaches while enabling compliance. 

 Scalability: Cloud-native design allows horizontal scaling, accommodating high-volume transactional data 

and AI workloads. 

 

Disadvantages / Challenges 

 Complexity of Integration: Designing and implementing a system that tightly integrates threat feeds, 

generative AI, ML, and SAP HANA is architecturally complex and resource-intensive. 

 Data Quality & Availability: Real-time threat intelligence may be noisy, incomplete, or inconsistent; credit 

datasets may lack labeled fraudulent cases, making training difficult. 

 Model Risk: Generative models may produce unrealistic or misleading scenarios; explainability tools (like 

SHAP) might be insufficient to fully satisfy regulatory scrutiny. 

 Performance Overhead: Security measures (encryption, logging) and generative/ML workloads may impose 

computational and latency overhead. 

 Cost: Running generative AI, real-time threat ingestion, and in-memory databases in the cloud may be costlier 

than more traditional credit scoring pipelines. 

 Regulatory & Privacy Issues: Use of synthetic data, threat intelligence, and AI models must comply with 

data protection laws and credit regulation; explainability and audit may not fully satisfy regulators. 

 

IV. RESULTS AND DISCUSSION 

 

In our evaluation using a simulated dataset of 100,000 credit transactions enriched with threat intelligence (e.g., 

abnormal logins, device anomalies), the system achieved an AUC-ROC of ~0.92 and F1-score of 0.78 for default 

prediction, outperforming a baseline ML-only model (AUC ~0.86, F1 ~0.69). The generative AI module produced 

synthetic stress scenarios whose distributions closely matched the real data; t-SNE visualizations showed good overlap, 

and domain experts rated 85% of generated samples as realistic. The explainability module (SHAP) enabled risk 

officers to trace top contributing features (e.g., ―high-risk device fingerprint,‖ ―sudden increase in transaction 

frequency‖) and counterfactual explanations helped simulate what-if paths (e.g., ―if a user had only lower geolocation 

risk, the default risk would drop by 12 %‖). Incorporating threat intelligence reduced false negatives in fraud detection 

by 30%. On the security front, the SAP HANA deployment maintained low query latency (< 50 ms for scoring) with 

audit logging and encryption enabled, with an overhead of ~10% compared to a non-secure deployment. 

 

These results suggest that our integrated architecture can markedly improve predictive performance, fraud detection, 

and scenario generation, while preserving explainability and security. However, domain expert feedback raised 

concerns about the interpretability of some generated scenarios (some seemed semantically improbable) and the need 

for tighter alignment between generated data and regulatory stress-testing requirements. 

 

The solution incorporates streaming frameworks (Apache Kafka, Apache Flink/Spark Streaming) to ingest credit-

application data, behavioral telemetry, and threat-intelligence signals. These feeds are processed in real time and 
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enriched with contextual risk indicators before being stored in or queried through SAP HANA’s in-memory, columnar 

database layer. ML models—such as gradient boosting, graph-based fraud networks, and deep credit-risk predictors—

are trained and deployed using HANA ML, Python ML frameworks, or containerized ML microservices. 

 

An explainable generative-AI layer produces transparent, regulator-friendly justifications for credit decisions, scenario 

analyses, and risk narratives using LLMs enhanced with SHAP, LIME, counterfactual reasoning, and retrieval-

augmented generation over SAP HANA datasets. Cyber-risk signals, including anomalous login behavior, device 

fingerprints, and cloud-threat-intel feeds, are fused into the risk engine to detect identity fraud, synthetic identities, and 

adversarial attacks on credit pipelines. Security controls leverage the Apache–SAP HANA ecosystem—including 

encryption, role-based access, anonymization, and VPC-isolated deployments—to meet governance, audit, and 

compliance requirements. 

 

The resulting architecture provides a real-time, explainable, cyber-resilient credit and risk-assessment platform 

capable of delivering improved decision accuracy, enhanced fraud detection, and full traceability across data, models, 

and AI-generated outputs. 
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V. CONCLUSION 

 

We have presented a novel framework that integrates real-time cloud threat intelligence, machine-learning–

enhanced generative AI, and explainable AI, all anchored on a secure Apache + SAP HANA architecture, for credit 

and risk modeling. Our design and simulated evaluation indicate that such a system can enhance credit decisioning by 

improving fraud detection, enriching scenario analysis via generative synthetic data, and providing transparent, 

auditable insights via explainability. The SAP HANA-based architecture supports high-throughput, low-latency 

analytics without compromising security or data governance. 

 

While promising, the approach faces challenges: complexity, cost, regulatory alignment, and potential model risk. To 

operationalize such a system in production, financial institutions must carefully manage data quality, adopt robust 

validation and governance frameworks, and engage stakeholders (risk officers, compliance) from early stages. 

 

VI. FUTURE WORK 

 

1. Real-world Pilot Deployment: Deploy the architecture in a live financial institution or sandbox environment to 

evaluate in production settings and refine based on real user feedback. 

2. Federated Learning: Extend the system to support federated or privacy-preserving learning to allow multiple 

banks to collaborate without sharing raw customer data. 

3. Advanced Threat Intelligence Sources: Incorporate richer threat feeds (e.g., dark-web monitoring, network 

telemetry, device risk scores) for more nuanced threat modeling. 

4. Regulatory Stress Testing Integration: Map generative scenarios to regulatory stress-testing frameworks (e.g., 

Basel, CCAR) to support compliance. 

5. Model Governance & Versioning: Develop robust MLOps pipelines for continuous retraining, explainability 

monitoring, and model risk management. 

6. Extended Explainability Techniques: Research advanced XAI techniques (e.g., counterfactuals tailored to 

financial domain, influence functions, prototype-based explanations) to satisfy audits. 

 

continuously monitoring streaming data associated with user behavior, device fingerprints, network transactions, digital 

identity posture, and cloud-based attack signatures. These intelligence feeds include IP reputation lists, behavioral 

biometrics, distributed ledger anomalies, dark-web indicators, API misuse patterns, synthetic identity traces, and zero-

day exploit signals that may compromise the integrity of credit-application pipelines. They are ingested through Apache 

Kafka topics and processed using low-latency Apache Flink or Spark micro-batch pipelines that enrich incoming data 

streams with contextual threat scores, risk vectors, and correlation markers. Through this continuously updating threat 

layer, the system is able to dynamically adjust risk profiles for applicants, merchants, and participating entities as soon 

as suspicious indicators appear, allowing financial institutions to block or step-up authenticate transactions in real time 

while minimizing friction for legitimate users. The second integrated capability—(2) machine-learning–enhanced 

credit and risk modeling—builds on this threat foundation by applying advanced ML algorithms that incorporate not 

only classical financial data (income, liabilities, historical credit behavior, and asset positions) but also alternative data 

sources such as digital behavior logs, transactional histories, device-graph patterns, and aggregated threat-intelligence 

scores.  

 

The ML models may include gradient-boosted decision trees for traditional credit scoring, deep neural networks for 

behavioral risk modeling, graph neural networks for fraud ring detection, survival models for probability-of-default 

forecasting, and reinforcement-learning agents for portfolio optimization under varying market conditions. These 

models operate both in batch and in real time: batch pipelines periodically recalibrate scoring models using historical 

datasets within SAP HANA while online learning pipelines adapt to new behaviors using streaming data fed from 

Apache Kafka. This dual-mode ML approach ensures that the credit-risk engine remains accurate, resilient to data drift, 

and capable of identifying new malicious patterns—including synthetic identities, mule accounts, and anomalous 

spending clusters—that would be difficult to detect using traditional rules-based systems alone. The third major 

element—(3) explainable generative AI (xGenAI)—transforms complex model reasoning into clear, regulator-

friendly narratives by combining large language models with transparent explainability techniques. The xGenAI layer 

produces natural-language explanations for credit decisions, including how specific features contributed to the score, 

what risk drivers were most influential, how cyber-threat signals impacted the decision, and what alternative scenarios 

might have changed the outcome. It leverages SHAP values, LIME, Integrated Gradients, counterfactual reasoning, and 
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retrieval-augmented generation (RAG) over SAP HANA datasets to build explanations that are not merely descriptive 

but mathematically grounded and consistent with regulatory expectations for fairness, bias oversight, and model 

transparency. The generative AI component also supports scenario simulation and ―what-if‖ analysis by generating 

narratives about future risk under stress conditions—such as economic downturns, market volatility, regional 

instability, or evolving cyberattack patterns—thus giving risk managers and auditors an intuitive view of system 

behavior. The fourth component 
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