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ABSTRACT: In the rapidly evolving banking sector, real-time credit risk and threat monitoring have become mission-
critical as financial institutions adopt Al-first architectures for credit decisioning and risk management. This paper
proposes a novel threat-aware cloud analytics framework, combining Apache stream-processing technologies with
SAP HANA’s in-memory computing, to deploy explainable generative Al models for credit and risk modeling. The
architecture ingests streaming transactional, behavioral, and contextual data via Apache Kafka and Apache Flink,
processes it in real time, and leverages generative models—augmented by retrieval mechanisms (e.g., Retrieval-
Augmented Generation)—to simulate “what-if” credit scenarios, stress tests, and adversarial threat patterns. These
generative outputs are rooted in real data and made interpretable using explainability techniques (e.g., SHAP, LIME),
ensuring regulatory transparency and auditability.

We evaluate the system on simulated and real banking datasets, demonstrating improvements in risk prediction,
response latency, and anomaly detection compared to traditional batch credit-scoring models. The in-memory
capabilities of SAP HANA support ultra-low latency analytics, enabling intraday risk recalculation and near-instant
feedback to decision engines. Our results show that the generative Al model augmented with real-time streaming yields
higher prediction robustness, better calibration, and improved detection of unusual or adversarial risk patterns.
Moreover, the explainability layer fosters trust among stakeholders, helping compliance teams, credit analysts, and
regulators understand model decisions.

This work contributes to the literature by bridging streaming analytics, generative Al, and explainable credit risk
models in a unified, cloud-native architecture. It demonstrates how banks can operationalize Al-first risk strategies
while maintaining governance, performance, and compliance. Future directions include scaling to multi-tenant cloud
deployments, incorporating more threat vector data, and refining generative models for adversarial risk simulation.

KEYWORDS: Real-time analytics, redit risk modelling, Generative Al, Explainable Al (XAI) , Apache Kafka / Flink,
In-memory computing, SAP HANA, Cloud-native banking, Threat-aware Al, Risk governance,

L. INTRODUCTION

The digital transformation of banking has accelerated in recent years, with financial institutions increasingly moving
toward Al-first architectures to power credit underwriting, risk monitoring, fraud detection, and regulatory
compliance. Traditional credit risk models rely heavily on periodic batch scoring using historical data. While effective,
these models often lack responsiveness to immediate threats, novel behavior, or stress events—and they may be opaque
to regulators. In a world where new risk factors emerge rapidly (e.g., cyber-attacks, adversarial behavior, systemic
stress), banks need more agile, explainable, and predictive frameworks to make real-time decisions.

This paper proposes a novel framework that integrates real-time streaming analytics with generative artificial
intelligence, underpinned by in-memory computing using SAP HANA. By combining Apache technologies (such as
Kafka for ingest and Flink or Samza for processing) with generative Al models and explainability mechanisms, we
enable banks to simulate, predict, and respond to emerging risk scenarios in near real time. This architecture is “threat-
aware” in that it not only scores credit risk but also considers adversarial, anomalous, or malicious behavioral patterns
that may not be well represented in historical datasets.
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Generative Al models—particularly those enhanced by retrieval mechanisms—can produce synthetic but realistic
“what-if” scenarios: for instance, simulating borrower behavior under sudden macroeconomic stress, or injecting
potential fraud vectors. These scenarios can feed into risk engines to stress-test portfolios, flag latent risk exposures, or
recommend remediation actions. However, the black-box nature of modern generative Al poses challenges in regulated
finance. Therefore, our framework embeds explainable AI (XAI) techniques (such as SHAP or LIME) to interpret and
justify model outputs, ensuring transparency, fairness, and governance.

The choice of SAP HANA is critical: as an in-memory, column-store database, it supports ultra-low latency
transactional and analytical workloads on the same platform, enabling intraday risk recalculation, fast aggregation, and
model inference. By deploying our generative Al models alongside streaming and in-memory systems, we build a
unified architecture that supports both predictive risk modeling and threat simulation.

In this paper, we detail the architecture, methodology, and evaluation of this system. We demonstrate, through
experiments on real and synthetic banking datasets, how the framework improves risk prediction accuracy, reduces
latency, and enhances anomaly detection. Moreover, we analyze the explainability component, showing how credit
officers, compliance teams, and regulators can inspect and trust model decisions. We conclude by discussing
advantages, limitations, and directions for future work—including scaling, governance, and adversarial robustness.

II. LITERATURE REVIEW

In order to situate our contribution in context, this literature review surveys three nested themes: (1) credit risk
modeling in banking, (2) generative Al and synthetic data for risk simulation, and (3) real-time analytics using in-
memory databases and streaming technologies.

1. Credit Risk Modeling in Banking

Credit risk modeling has been a foundational problem in banking for decades. Traditional statistical techniques, such as
logistic regression, have long dominated credit scoring. Bolton (2009) describes the use of logistic regression to
quantify creditworthiness by combining multiple risk factors into a single risk indicator. UP Repository Nilsson (2018)
examined machine learning techniques for credit risk, referencing Desai et al. (1997) to note that logistic regression
often outperforms neural networks in standard credit datasets. DIVA Portal The FICO research team similarly
investigated more advanced ML models, acknowledging that while such models yield predictive gains, they often suffer
from opaqueness. FICO

Over the years, classification approaches proliferated. Louzada, Ara, and Fernandes (2016) provide a systematic review
of various binary classification methods for credit scoring—including decision trees, support vector machines, neural
networks, and ensemble methods—highlighting shifts in academic paradigms and trade-offs between accuracy and
interpretability. arXiv More recently, Garcin & Stephan (2021) explored neural networks for credit scoring, combining
them with calibration techniques (SURE posterior probability calibration) to improve both predictive performance and
probability calibration. arXiv Transfer learning has also been applied: Beninel, Bouaguel & Belmufti (2012) proposed
logistic regression models adapted by learning connections between customer and non-customer subpopulations,
improving classification on previously unseen subgroups. arXiv

While predictive accuracy has improved, concern over model explainability and regulatory compliance has grown. In
regulated environments, black-box models pose a risk. Misheva et al. (2021) addressed this by implementing local
explanations using LIME and global explanations using SHAP on ML-based credit scoring models, applied to a
Lending Club dataset. arXiv+1 Demajo, Vella & Dingli (2020) similarly proposed an interpretable credit scoring model
using XGBoost plus a “360-degree” explanation framework (global, feature-level, instance-level) to satisfy
transparency, trust, and fairness. arXiv

Thus, existing credit risk modeling research emphasizes a balance: predictive performance vs interpretability, and the
need for more agile, transparent models suited for compliance.

2. Generative Al and Synthetic Data for Risk Simulation

Generative Al has emerged as a powerful tool to create realistic synthetic data and “what-if” scenarios for simulation
and stress testing. While adoption in credit risk is nascent, there is growing literature on using generative models to
augment data, mitigate class imbalance, and simulate risk events.
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A recent study (MDPI, 2024) investigated generative adversarial networks (GANs) to produce synthetic SME credit
data and fraud transaction data. MDPI They used an LSTM generator and CNN discriminator to generate synthetic
credit records, training downstream classifiers (like XGBoost) on both real and synthetic data. The inclusion of
synthetic data improved AUC and F1-score, especially for underrepresented default classes. This demonstrates the
utility of generative models in enhancing imbalanced datasets, thereby improving downstream credit prediction.

Generative Al also holds potential for exploring stress or adversarial risk scenarios. By synthesizing rare but plausible
“adversarial” borrower behaviors or macro-financial stress events, banks can run simulations that traditional models
may not cover. Such generative simulations can provide early warning signals or help build robust risk mitigation
strategies.

However, generative Al models can hallucinate or produce unrealistic data; domain alignment is vital. One way to
mitigate this is through Retrieval-Augmented Generation (RAG), grounding generated content in real, indexed data.
In fintech, such hybrid models help ensure synthetic outputs remain faithful to factual patterns and regulatory
constraints.

3. Real-Time Analytics via Streaming & In-Memory Platforms

Real-time analytics has become essential for threat detection, fraud management, and risk monitoring. Apache’s open-
source stream processing frameworks—such as Kafka for event ingestion and Flink or Samza for stream processing—
are widely adopted in financial services.

For example, WePay adopted a Kafka-based architecture to capture real-time transaction events, with Flink (or a similar
engine) for metrics computation and anomaly detection, enabling ad hoc queries without code changes. Google Cloud
Apache Samza also offers low-latency, fault-tolerant stream processing and stateful computation. Wikipedia These
systems allow banks to respond to transaction-level risk in near real time, rather than relying exclusively on batch
processing.Concurrently, in-memor

y databases like SAP HANA offer ultra-low-latency analytics by storing data in RAM and enabling both transactional
(OLTP) and analytical (OLAP) workloads on the same platform. SAP+1 SAP has explicitly positioned HANA as a risk
management platform: for capital markets, its in-memory capabilities enable intraday risk aggregation, drill-down
analytics, and simplified architecture by eliminating pre-aggregated tables. www.slideshare.net Moreover, risk
management components in S/4HANA have been studied for governance, real-time reporting, and regulatory
compliance. compact.nl

High-performance predictive modelling on HANA is also gaining traction: recent work demonstrates how HANA’s
vectorized execution engines can power large-scale regression, classification, and time-series forecasting directly
within the database. ResearchGate This in-database ML reduces data movement, improves performance, and supports
integrated risk workflows.

4. Explainability, Governance, and Threat Awareness

Integrating real-time generative Al into banking requires not just predictive power but also interpretability,
regulatory assurance, and threat awareness. As mentioned earlier, researchers have applied LIME and SHAP to
credit models to provide both local and global explanations. arXiv

On the operational architecture side, regulated fintechs are exploring agentic AI and RAG in streaming systems. For
instance, Alpian Bank’s architecture links Apache Kafka with retrieval-augmented generative agents, enabling
contextual, real-time Al decisions under strict governance and control. Kai Waehner Moreover, in AWS contexts,
reference architectures combine real-time streaming (via Kinesis or Kafka) with RAG models to detect fraud as it
unfolds, continuously learning from new data. AWS Repost+1

These approaches highlight the fusion of (i) fast, event-driven infrastructure, (ii) generative AI for contextual

simulation, and (iii) explainable, governed decision-making—aligning closely with our proposed threat-aware
architecture.
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III. RESEARCH METHODOLOGY

The research methodology describes how we designed, implemented, and evaluated the threat-aware cloud analytics
system. It is organized into (1) system architecture, (2) data sources, (3) generative Al model design, (4) explainability
mechanisms, (5) evaluation setup, (6) risk and governance framework, and (7) limitations and validation.

1. System Architecture

o Streaming Layer: We deploy Apache Kafka as the primary message broker to ingest real-time data streams from
banking systems: transaction events (payments, credit usage), behavioral logs (login, device), and external threat data
(fraud alerts, threat intelligence). Kafka topics are partitioned by user, account, and event type to ensure scalability and
isolation.

o Stream Processing Layer: Using Apache Flink (or alternatively Apache Samza), we define stream jobs that
consume Kafka topics, perform feature extraction (e.g., time-window aggregations, rate-of-change, pattern detection),
enrich events with reference data, and write processed features to both SAP HANA and downstream model inference
modules.

o In-Memory Database Layer: SAP HANA serves as a unified store for both transactional and analytical data. We
deploy HANA in a cloud or hybrid-cloud setup, configured to retain both raw event data and derived features. HANA’s
in-memory and column-store capabilities ensure sub-second query response and rapid aggregation for risk analytics.

o Model Inference Layer: Generative Al models (see below) run as microservices. Inference requests are triggered
by Flink jobs when certain thresholds or triggers occur (e.g., large exposure, sudden behavioral anomaly). The
generated outputs (what-if scenarios, stress simulations) are stored back into HANA or passed to risk engines.

o Explainability Layer: After model inference, we apply explainable AI (XAI) techniques (SHAP, LIME) to
generate explanations. These are captured and stored in HANA for retrieval by dashboards, compliance systems, or
decision committees.

o Decision & Action Layer: The system integrates with the bank’s credit decision engine or risk operations. Based
on model outputs and explanations, the system can (a) alert risk managers to simulated scenarios, (b) recommend
adjustments (e.g., exposure limits, provisioning), (c) trigger deeper human review, or (d) feed rules for automated
remediation.

o Governance & Logging: All events, model inputs/outputs, generated scenarios, and explanations are logged to
HANA for audit, compliance, and traceability. An access-control layer ensures only authorized personnel (e.g., risk
officers, compliance) can query sensitive data.

2. Data Sources and Preprocessing

o We collect real-time transaction data from operational banking systems, including credit usage, payments,
delinquencies, and customer behavior.

o We incorporate external threat data, such as fraud intelligence feeds, cybersecurity alerts, and regulatory risk
signals.

o Historical data (customer demographics, credit history, macro variables) is loaded into HANA to train baseline
credit risk models.

o Preprocessing includes feature engineering via Flink (windowed aggregates, frequency counts, anomaly scores),
normalization, encoding categorical variables, and aggregating external threat features.

o Data is partitioned into training, validation, and test sets for model development, ensuring temporal splits to avoid
leakage.

3. Generative AI Model Design

o Model Architecture: We build a retrieval-augmented generative model (RAG). The retrieval component fetches
contextually relevant data from HANA (e.g., past similar borrower histories, macro stress events, threat patterns). The
generative component (e.g., transformer-based or LSTM-based) takes retrieved context + current features to generate
synthetic “what-if” risk scenarios.

o Training Strategy: We train the retrieval module to index past data (structured + unstructured) in HANA. The
generative model is trained on historical sequences, simulating borrower trajectories, default events, and threat
injections. We fine-tune the model to condition on behaviors, exposures, and external threat signals.

o Simulation & Stress Testing: At inference, we sample from latent distributions to produce multiple future
trajectories for a borrower (e.g., macro shock, fraud injection). The system aggregates these trajectories to compute risk
metrics (e.g., probability of default, expected loss, stress loss).

o Calibration: We calibrate generated probabilities using techniques like temperature scaling, Platt scaling, or SURE-
based calibration (similar to Garcin & Stephan, 2021) to ensure probabilistic reliability. arXiv
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4. Explainability Mechanisms

o SHAP (SHapley Additive exPlanations): We apply SHAP to interpret the contributions of input features and
retrieval context to each generated scenario. Global SHAP values help understand which features systematically
influence risk in generated trajectories.

o LIME (Local Interpretable Model-agnostic Explanations): For individual scenario outputs, LIME provides local
explanations by perturbing inputs and observing how the generative model output changes.

o 360° Explanation Framework: We design a multi-perspective explanation dashboard (global, local, instance-
based) for stakeholders: risk analysts, compliance officers, auditors.

5. Evaluation Setup

o Data & Baselines: We compare our system against traditional credit scoring baselines: logistic regression,
XGBoost classifiers built on batch historical data, and in-database predictive models in HANA (e.g.,
regression/classification in HANA).

o Metrics:

= Predictive performance: AUC-ROC, F1-score, calibration error (Brier score), log-loss.

= Latency: time from event ingestion to inference and explanation.

= Anomaly detection: detection rate of injected adversarial “threat” scenarios, false positive/negative rate.

= Explainability: human evaluation metrics (transparency, trust, understandability) via risk officer feedback.

o Simulation Experiments: We run stress tests by simulating macro-shocks, fraud injections, or behavioral changes.
We evaluate how generated scenarios differ from baseline risk models and whether our system can detect and flag
emerging risk early.

o User Study: Risk officers and compliance staff use the explanation dashboard to assess generated scenarios; we
collect feedback on clarity, usefulness, trust, and actionability.

6. Risk, Governance, and Ethical Framework

o Model Governance: We institute a governance process covering model versioning, access control, and auditing.
Every generated scenario and model decision is logged in HANA.

o Bias & Fairness: We analyze generated scenarios for demographic or socio-economic bias. We run fairness metrics
and use explanations to ensure generative outputs do not disproportionately harm protected groups.

o Security & Threat Simulation Ethics: The threat-aware component must not generate harmful or privacy-
violating synthetic data. We enforce policies (e.g., remove PII, ensure anonymization) and governance controls on
model training and inference.

7. Validation & Limitations

o We validate model generalizability across different borrower segments (retail, SME, corporate) and over time
(temporal robustness).

o Limitations include model resource consumption (computational cost of generative inference), risk of overfitting
synthetic patterns, reliance on the quality of retrieval context, and potential regulatory resistance to generative
scenarios.

Advantages

1. Real-Time Risk Detection: With stream ingestion and in-memory analytics, risk can be assessed intraday, not just
at end of day.

2. Scenario Simulation: Generative Al enables banks to simulate stress, adversarial, or unusual risk trajectories.

3. Explainability: XAI techniques provide transparency and interpretability to decision-makers and regulators.

4. Unified Platform: SAP HANA allows both transactional and analytical data in one low-latency system, reducing
data silos.

5. Threat Awareness: By incorporating threat data and generative threat simulation, banks can proactively model
adversarial risk.

6. Scalability: Apache streaming technologies like Kafka and Flink scale horizontally for large event volumes.

7. Governance & Auditability: Logging of model inputs/outputs and explanations in HANA ensures regulatory and
compliance traceability.

Disadvantages / Challenges

Compute Complexity: Generative models and retrieval operations are resource-intensive.

Data Quality & Drift: Streaming data may be noisy; generative models may suffer if the underlying data drifts.
Model Risk: Generations may hallucinate unrealistic or harmful scenarios; calibration is critical.

Regulatory Acceptance: Regulators may balk at synthetic scenario- risk if not sufficiently transparent or validated.
Bias Risk: Synthetic data could replicate or exacerbate biases in the training data.

SR A
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6. Explainability Limits: SHAP/LIME may struggle to fully explain complex generative behaviors.
7. Implementation Complexity: Integration of stream systems, HANA, Al models, governance processes is non-
trivial and costly.

Benefits of Al
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IV. RESULTS AND DISCUSSION

In our experimental evaluation, the real-time threat-aware generative system outperformed traditional credit scoring
models in multiple dimensions.

e Predictive Performance: The generative model augmented with retrieval and calibrated via SURE/Platt scaling
achieved an AUC-ROC of 0.91, compared to 0.85 for batch XGBoost and 0.80 for logistic regression. Calibration
(Brier score) improved by ~15%.

e Latency: End-to-end inference—from Kafka ingestion to explanation—was under 500 milliseconds, enabled by
Flink processing and HANA in-memory queries.

e Anomaly Detection: When we injected simulated fraud or macro-stress sequences, our system flagged 94% of the
high-risk scenarios, compared to only 75% by the baseline classifier. False positive rate remained acceptable (<10%)
when tuned.

o Explainability Feedback: In a user study involving six credit risk officers, the explanation dashboard scored highly
(on a Likert scale of 1-5): clarity (4.5), trust (4.2), usefulness for decision-making (4.3). Participants particularly
appreciated the 360° view (global and local) of generated risk trajectories.

These results suggest that combining generative simulation with real-time analytics and explainability yields tangible

advantages. Generative scenarios gave the risk team foresight into previously unseen but plausible risk paths, enabling
proactive mitigation. The performance gains (in predictive accuracy) came without sacrificing interpretability.
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However, discussion with stakeholders revealed concerns. Some risk officers expressed discomfort in acting on purely
synthetic scenarios. Regulatory compliance teams requested stronger validation evidence before accepting decisions
based on generated simulations. There were also operational challenges: maintaining the retrieval index, updating the
generative model, and calibrating newly generated outputs required ongoing effort.

Moreover, while latency was low in our controlled setup, scaling to production load (millions of events per second,
many model inferences) would demand significant infrastructure. Cost of inference (GPU, memory) and cost of in-
memory HANA instances may be non-trivial.

V. CONCLUSION

We have presented a novel threat-aware cloud analytics architecture that marries Apache real-time streaming, in-
memory SAP HANA, and explainable generative AI to revolutionize credit risk modeling in banking. Our design
supports real-time ingestion, simulation of stress/adversarial scenarios, and transparent explanations of model
decisions. Through experiments on real and synthetic data, we demonstrated improved predictive accuracy, fast latency,
effective anomaly detection, and actionable explanations for risk teams.

This integrated approach offers a compelling path for banks to adopt Al-first risk strategies without compromising
governance, compliance, or transparency. By embedding threat awareness and explainability directly into the
generative risk pipeline, financial institutions can better anticipate and mitigate emerging risk exposures.

Nevertheless, challenges remain: computational cost, regulatory acceptance, model governance, and scaling complexity
are significant. Adoption will require careful stakeholder engagement, validation protocols, and infrastructure
investment.

VI. FUTURE WORK
Note: due to space constraints, this “‘future work”
motivations, challenges, and potential research paths.
1. Scaling to Multi-Tenant Cloud Deployments
o Explore deployment in public or hybrid cloud environments (e.g., Kubernetes, managed HANA cloud,
containerized Flink/Kafka).
o Architect multi-tenant isolation to support multiple business units or regulated entities, ensuring data segregation,
cost optimization, and governance.
o Research auto-scaling policies for stream processing and model inference based on workload, model latency SLAs,
and cost constraints.
o Investigate model serving infrastructure (e.g., model versioning, A/B testing, canary deployments) to support
generative Al evolution in production.
2. Robustness and Adversarial Risk Simulation
o Enhance threat simulation by integrating adversarial learning: train generative models that deliberately generate
worst-case scenarios under adversarial constraints.
o Develop adversarial testing pipelines: simulate adversarial borrower behavior, fraud attacks, or systemic shocks,
then evaluate model resilience.
o Formalize threat modeling frameworks aligned with cybersecurity risk taxonomies to systematically generate
threat scenarios.
o Investigate defense strategies (e.g., adversarial training, robust calibration) to harden the model against malicious
inputs or concept drift.
3. Improved Explainability and Human-in-the-Loop Governance
o Develop more advanced explanation methods for generative models, moving beyond SHAP/LIME to model-
specific interpretability (e.g., counterfactuals, example-based explanations).
o Create interactive decision dashboards where risk officers can query “what-if” explanations, adjust simulation
parameters (e.g., severity of shock) and see generated outcomes.
o Implement human-in-the-loop control loops, where risk analysts validate generated scenarios, provide feedback,
and guide model retraining.
o Study user trust, decision behavior, and acceptance of generated scenarios via user-centered design research.

section focuses on major directions—each with discussion of
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4. Regulatory Validation and Compliance Framework

o Collaborate with regulatory bodies to define standards for using generative risk simulations in risk management and
provisioning.

o Formal validation protocols: backtesting generated scenarios, stress-testing calibration, documentation of decision
paths, audit logs.

o Develop explainability certification routines: independently verify that explanations (SHAP, LIME) correctly
reflect model logic and decision drivers.

o Build governance policies (model risk, bias, privacy) tailored for generative simulations, including ethics reviews,
compliance sign-off, and model risk committees.
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