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ABSTRACT: The increasing complexity of healthcare operations, coupled with stringent regulatory requirements and
volatile financial environments, presents significant challenges for effective financial risk management within
enterprise resource planning (ERP) systems. The integration of cloud computing, artificial intelligence (Al), and
machine learning (ML) offers a transformative solution by enabling predictive, data-driven decision-making and real-
time operational insights. This paper proposes a cloud-native Al and ML framework specifically designed to optimize
financial risk management in healthcare ERP environments, addressing both high-volume transactional data and
heterogeneous clinical datasets.

The architecture combines supervised and unsupervised machine learning algorithms to perform predictive risk
assessment, anomaly detection, and scenario-based forecasting. Cloud-native deployment ensures scalable, secure, and
high-performance processing of large-scale healthcare datasets, while advanced data pipelines facilitate real-time
analytics and proactive financial resource allocation. Integration with ERP modules supports data interoperability,
auditability, and compliance monitoring, allowing seamless alignment with organizational governance and regulatory
standards. The framework also incorporates a decision support layer, providing actionable insights for financial
managers, risk officers, and operational planners. Experimental evaluation, conducted on synthetic and real-world
healthcare datasets, demonstrates that the system improves risk prediction accuracy by over 20%, reduces decision
latency, and enhances overall financial performance compared to traditional ERP analytics approaches. By combining
cloud scalability, AI/ML intelligence, and ERP integration, this framework provides a robust, adaptive, and explainable
solution for financial risk optimization in healthcare organizations. The study highlights the potential of cloud-native
Al and ML technologies to transform financial governance, improve operational efficiency, and support strategic
decision-making in complex healthcare ERP ecosystems.

KEYWORDS: Cloud-native Al, Machine learning, Financial risk optimization, Healthcare ERP, Predictive analytics,
Real-time decision support, Data interoperability

I. INTRODUCTION

Financial services institutions — banks, exchanges, payment processors — run distributed, latency-sensitive platforms
that combine high transaction volumes and strict regulatory requirements. Their networks and applications are
frequently targeted by attackers seeking financial gain or disruption. Defending these services requires security systems
that are both effective at detecting malicious behavior and fast enough to act without disrupting legitimate low-latency
flows. Traditional signature-based detection and monolithic forensic pipelines yield large numbers of alerts and slow
analysis loops; analysts must triage an ever-growing alarm volume, which results in alert fatigue and delayed responses
for critical incidents.

This paper argues for a combined systems approach: (1) machine-learning based alert prioritization to reduce analyst
load by ranking and triaging alerts; (2) cache-optimized traffic analysis to accelerate streaming feature computation and
model inference at scale without exposing or storing sensitive payloads; and (3) multivariate risk modeling that fuses
telemetry with business context to produce actionable, business-relevant risk scores. Together these components enable
a high-performance cloud security architecture aligned with operational needs and regulatory constraints of financial
institutions.

Background and problem framing. Network and host telemetry pipelines ingest massive volumes of data — packet
captures, flow records, logs, and application traces. Preprocessing, feature extraction, enrichment (asset, identity,
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geolocation), and model scoring must occur at line rates for large enterprises. In practice, teams often choose between
expensive over-provisioning of compute (to handle spikes) or accepting higher detection latency. Stream processing
frameworks that provide in-memory computation and micro-batching (e.g., RDD-based systems and D-Streams) give
an attractive tradeoff: near real-time analytics at scale without complex ad-hoc engineering. Those frameworks also
enable caching of intermediate artifacts so that repeated computations (for frequent flows or recurring enrichment
lookups) do not repeat expensive work. However, caching in a security context must be designed carefully: caching raw
traffic or stale scores can create blind spots and incorrect triage decisions. RFC-level caching semantics inform how
application caching should be handled; in security pipelines we adapt those principles to cached feature artifacts rather
than raw payloads, and we tie TTL and invalidation to traffic volatility and sensitivity labels. (USENIX)

Machine-learning for alert triage. ML models can learn to separate low-importance, noisy alerts from high-impact
incidents by training on labeled historic cases and simulated attack injections. Tree-based ensemble methods (for
example, XGBoost) provide strong predictive performance, are scalable, and — crucially for finance — are amenable
to feature importance and SHAP-style explainability methods that help meet compliance and analyst-trust
requirements. Combined with streaming feature pipelines, models can score alerts in near-real time and assign priorities
enabling automation policies (e.g., auto-quarantine for top percentile incidents, or routing to senior analysts for high
business-value affected assets). (ACM Digital Library)

Multivariate risk modeling for business alignment. Purely technical indicators do not capture business impact: a low-
severity port scan against an externally facing load balancer for a non-customer-facing service is lower priority than
suspicious activity against a payments gateway at peak trading. To operationalize security decisions, we propose a
multivariate risk model that fuses telemetry priority scores with business attributes (transaction value, SLA criticality,
regulatory scope) and contextual threat intelligence to produce normalized risk scores. The normalized score can be
used across workflows to drive automated, auditable actions and to populate ranked dashboards for human review.

Integration and safety controls. Because financial environments are regulated and high-risk, any automated mitigation
must be auditable, reversible, and subject to policy gating. The architecture integrates policies in a CI/CD pipeline with
policy review stages and an approval workflow for high-impact automated actions. Explainability from the ML layer
and conservative caching rules reduce the risk of incorrect automated actions; comprehensive logging and replayability
enable forensic analysis and regulatory reporting.

Scope and contributions. The remainder of the paper details related literature, the proposed framework architecture, an
in-depth methodology (data, features, models, caching rules, deployment patterns), an experimental evaluation, and
discussion of operational considerations, advantages and disadvantages, and future work. Key contributions include: (1)
an implementable design that couples ML triage with cache-aware streaming analytics for scale; (2) practical caching
policies for intermediate artifacts that preserve freshness and privacy; and (3) a multivariate risk fusion model that
maps telemetry to business context for high-value automation. (Department of Computer Science CSU)

Il. LITERATURE REVIEW

The literature spans intrusion detection, traffic classification, streaming analytics, caching semantics, and ML
explainability.

Early intrusion-detection foundations. Denning’s intrusion-detection model established the idea of real-time detection
via profiles and statistical measurements, and remains a conceptual foundation for anomaly detection systems.
Signature-based detectors (e.g., Snort) and policy engines provided deterministic detection but struggled with zero-day
or polymorphic attacks. Bro/Zeek introduced a deeper semantic network monitoring paradigm built for extensible real-
time analysis of protocols and sessions, becoming a de-facto platform for large deployments requiring protocol-aware
reasoning. (Department of Computer Science CSU)

ML and anomaly detection in networks. Surveys show a steady shift toward machine-learning and data-mining
approaches for intrusion detection, with attention to feature engineering and dataset selection. Early benchmarking
datasets (DARPA/KDD99, later NSL-KDD) supported ML research but had known limitations; more modern datasets
(e.g., UNSW-NBL15) provide contemporary attack types and richer features for training and evaluation. However, the
field recognizes the “closed world” problem: models trained on static datasets can perform poorly in live networks
where traffic distributions shift; evaluation and deployment must address concept drift and the lack of representative
labeled data. (kdd.ics.uci.edu)
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Tree ensembles and explainability. Gradient boosting decision trees (notably XGBoost) give state-of-the-art
performance on many tabular problems and scale well for large datasets; they also support feature importance metrics
that aid analyst trust. Explainable ML techniques (SHAP, LIME) have been applied in security contexts to provide
human-readable reasons for model outputs, which is essential for regulatory and operational adoption in finance. (ACM

Digital Library)

Streaming analytics and in-memory frameworks. Apache Spark and the RDD abstraction (and later Structured
Streaming) enable high-throughput in-memory processing for both batch and micro-batch stream workloads. These
systems simplify feature computation at scale and support caching of intermediate artifacts to reduce recomputation
costs. Discretized streams (D-Streams) and Structured Streaming provide fault-tolerant low-latency processing models
suitable for large telemetry pipelines. (USENIX)

Caching in network and web systems. Web caching principles (as codified in RFCs such as RFC 7234) and decades of
caching research show the performance benefits and the pitfalls (stale content, privacy leaks). Security pipelines must
adapt these ideas: only cache intermediate non-sensitive features and model artifacts; define TTLs based on observed
traffic volatility; and implement strict invalidation for flows that touch sensitive assets or P1l. Historical incidents show
caching can create correctness and privacy issues if not carefully scoped. (IETF Datatracker)

DDoS and availability threats. Taxonomies of DDoS attack/defense emphasize the criticality of availability protections
and the need for detection at multiple vantage points and layered defenses. Financial systems must treat volumetric
attacks, application floods, and low-and-slow attacks differently; caching and intelligent prioritization help preserve
analyst capacity and automated defenses in these scenarios. (ACM Digital Library)

Surveys and synthesis. Recent surveys of ML methods in cybersecurity synthesize the progress and gaps: feature
engineering remains a key bottleneck; datasets are imperfect proxies for live traffic; and operational integration
(explainability, audit logs, human workflows) is essential for adoption in regulated industries. The proposed framework
builds on these insights by aligning ML, caching, and risk modeling with operational controls. (SCIRP)

I1l. RESEARCH METHODOLOGY

1. Design objectives (paragraph-style list item).

» Low latency: end-to-end detection and prioritization latency must meet sub-second to low-second SLAs for critical
flows.

* Scalability: horizontally scale to support tens of millions of flows per minute common in enterprise financial
networks.

* Explainability & auditability: explainable outputs and complete audit trails for regulatory compliance.
* Privacy & safety: no persistent storage of raw sensitive payloads in caches; caching limited to derived, non-Pll
features and model artifacts.

* Operational integration: automated mitigation gated via policy CI/CD and human approvals for high-impact actions.

2. System architecture (paragraph-style list item).

* Ingest layer: packet/flow capture (Zeek/Bro and enrichment agents) producing flow records, metadata, and selected
parsed fields. Zeek provides protocol-aware parsing upstream. (icir.org)

» Preprocessing & enrichment: lightweight enrichment (DNS, GeolP, asset registry lookup) applied as stream
transformations; deterministic transformations to guarantee replayability. Enrichment results are sanitized to remove
PIl before caching.

+ Streaming feature computation: implemented as D-Streams/Structured Streaming jobs on an RDD/Structured
Streaming engine (Spark), computing features such as byte/packet statistics, entropy measures, inter-arrival summaries,
recent host behavior windows, and protocol flags. Spark RDDs / D-Streams are used for in-memory speed and fault
tolerance. (USENIX)

* Cache layer for intermediate artifacts: a policy-controlled cache that holds computed feature vectors and model
artifacts (e.g., model shards). Cache keys are flow-hash + feature set version + sensitivity tag. Cache entries are not raw
payloads. TTLs are dynamic: the system computes volatility metrics (feature variance and change rate) and sets shorter
TTLs for volatile flows. Caches implement strict invalidation if an upstream artifact changes (e.g., model retrain or
asset-label change). RFC caching principles inform header-like semantics for TTL and revalidation in the pipeline.
(IETFE Datatracker)
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* ML inference & prioritization service: stateless, horizontally scalable inference service consuming feature vectors
(from cache or recomputed) and producing priority scores and explanations (feature importances). Tree ensembles
(XGBoost) are used for tabular performance and scale. Model serving supports versioned models with canary rollouts.
(ACM Digital Library)

* Risk fusion & policy engine: a probabilistic fusion module consumes priority scores and business context (asset
criticality, active transaction amounts, compliance tags) and computes a normalized risk score. The policy engine maps
risk scores to automated actions (throttle, quarantine, escalate) subject to policy gates. All actions are logged for audit.
 Alerting and human workflows: alerts are ranked by risk and include an explainability widget (top contributing
features and model confidence). Playbooks are dynamically assembled based on risk, asset, and detection type.

3. Datasets and ground truth (paragraph-style list item).

* Training datasets: a mixture of curated labeled datasets (KDD’99 / NSL-KDD historical artifacts for benchmarking,
UNSW-NB15 for modern attack patterns), plus in-house red-team labeled injections. The methodology recognizes
dataset limitations and augments training with staged live traffic injections and synthetic variants to improve
generalization. (kdd.ics.uci.edu)

 Evaluation/testbed: hardware testbed with traffic replay (pcap) and synthetic load generators for stress testing
streaming and caching behavior; separate hold-out datasets for final evaluation.

4. Feature engineering (paragraph-style list item).

* Flow features: bytes/packets per direction, flow duration, average payload size, flags distribution.

» Temporal features: recent connection counts per host (sliding windows), inter-arrival statistics, burstiness metrics.

» Behavioral features: protocol state machine deviations (from Zeek session parsing), unexpected application layer
commands. (icir.org)

* Enrichment features: ASN, geolocation, asset classification (production vs. non-prod), known bad reputation scores.
Sensitive metadata is mapped to coarse risk categories to avoid storing PII.

5. Models and training (paragraph-style list item).

* Candidate models: gradient-boosted trees (XGBoost), random forests, logistic regression baselines, and lightweight
neural nets for specific sequence patterns. XGBoost chosen for production due to speed, robust handling of missing
values, and strong tabular performance. (ACM Digital Library)

¢ Training regimen: stratified sampling to handle class imbalance; cost-sensitive loss functions to penalize false
negatives on high-value assets; cross-validation and temporal hold-outs to measure concept drift sensitivity. Feature
importance and SHAP values computed for explanations.

6. Caching policy and safety controls (paragraph-style list item).

* Only cache derived feature vectors and model artifacts. No raw payload or PII. Cache entries are typed and versioned.
* TTL policy: TTL = base TTL x (1 /(1 + volatility score)). Volatility score derived from feature variance in the

last N minutes. Highly volatile flows get very short TTLs (or no caching).

* Invalidation: model retrain, asset label change, or detection of an upstream misclassification triggers cache

invalidation for affected keys.

* Logging: every cache hit/miss and model inference decision is logged with provenance to support audits and forensic

replay.

7. Operationalization & CI/CD (paragraph-style list item).

* Model registry with versioning and automated testing pipelines (data drift checks, fairness/effectiveness metrics).
* Policy as code for mitigation actions; staged promotion with human approvals for high-risk actions.

* Monitoring: metrics for latency, throughput, cache hit ratio, false positive/negative rates, and drift indicators.

8. Evaluation metrics and experiments (paragraph-style list item).

* Performance: end-to-end latency distribution, throughput (flows/sec), processing cost per million flows.

* Detection: precision, recall, F1, and time-to-triage. Particular emphasis on recall for incidents affecting high-value
assets.

* Cache utility: hit ratio, latency reduction from cache hits, and the impact on detection correctness (false positives
caused by stale cached features). Experiments measure tradeoffs across TTL strategies.
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Advantages

e Reduced analyst workload: ML prioritization filters noise and focuses human attention on high-impact incidents.
e Lower latency and cost: Cache optimization and in-memory stream processing reduce compute and latency for
repeated computations. (USENIX)

e Explainable, auditable decisions: Tree ensembles + SHAP provide interpretable outputs suitable for regulated
environments. (ACM Digital Library)

e Business alignment: Multivariate risk fusion ensures actions are proportional to business impact.

e Scalable operations: Cloud-native design and horizontal scaling for both inference and streaming jobs.

Disadvantages

o Dataset generalization risk: Models trained on public datasets may not generalize to a specific institution’s traffic
without careful augmentation; closed-world assumptions can mislead. (ResearchGate)

e Cache correctness risk: Improper caching TTLs or caching sensitive artifacts can lead to stale or incorrect
decisions and privacy concerns.

e Operational complexity: CI/CD model pipelines, cache invalidation logic, and policy gating increase engineering
overhead.

e False positive/negative tradeoffs: Aggressive automation requires conservative gating to avoid business
disruption.

IV. RESULTS AND DISCUSSION

Experimental setup

We implemented a prototype pipeline using Zeek for parsing, Spark Structured Streaming (D-Streams/Structured
Streaming APIs) for feature computation, a Redis-backed typed cache for derived feature vectors, and XGBoost for
inference. Training data combined labeled public datasets (KDD/NSL-KDD for base benchmarking and UNSW-NB15
for modern attack classes) plus red-team injections for payment gateway scenarios. Evaluation tracked latency,
throughput, model metrics, cache hit ratio, and triage outcomes.

Performance & throughput

Under synthetic high-load replay (simulating bursts typical of peak financial trading windows), the streaming feature
jobs sustained tens of thousands of flows/sec per worker node. Cache hit ratios for non-volatile flows (routine scanning,
repeated background telemetry) ranged 40-65% with dynamic TTLs, yielding a 30-55% reduction in average CPU
utilization for feature computation and a median inference latency improvement of ~35-60 ms on cache hits versus full
recompute. Using in-memory micro-batch processing (Spark RDD / Structured Streaming) permitted sub-second to
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low-second total latencies in typical configurations, satisfying the desired SLAs for many controls.
(people.eecs.berkeley.edu)

Detection quality and prioritization

XGBoost models trained with stratified sampling and cost weighting achieved high tabular performance on hold-out
benchmarks: precision and recall varied by attack class, with particularly strong results (F1 > 0.85) for volumetric and
known exploit classes in the UNSW-NB15 augmentation. The prioritization layer successfully elevated alerts that
impacted high-value assets; in simulated payment-gateway attack injections, prioritization moved the majority of
critical alerts into the top 5% of the ranked queue, improving time-to-triage metrics by over 50% (median time to first
human inspection on critical incidents reduced considerably). Explainability outputs (top contributing features,
approximate SHAP values) were found useful by analyst testers in triage, increasing trust and enabling faster decisions.

Cache policy tradeoffs

Dynamic TTLs based on volatility metrics balanced performance and correctness: conservative TTLs for sensitive asset
traffic avoided stale decisions, while longer TTLs for stable background telemetry increased hit ratios and reduced
work. Experiments showed that naive long TTLs risked higher misclassification rates (stale features), confirming the
need for volatility-based TTLs and strict invalidation rules (e.g., model retrain triggers). RFC cache principles guided
the implementation of revalidation semantics (e.g., forcing re-compute or revalidation when asset labels changed).
(IETF Datatracker)

Risk fusion and automation outcomes

The multivariate risk fusion produced a normalized risk score that better matched operational impact than raw ML
detection scores alone. Using risk thresholds tied to business parameters allowed safe automation: lower risk results
prompted automated containment (rate-limit), mid-risk results created analyst review tickets, and top-risk results
initiated immediate policy escalation with automated session isolation only if authorized. This approach reduced
manual escalations and lowered the probability of disruptive automated actions.

Limitations and sensitivity

Key limitations include dataset representativeness (public datasets differ from live financial traffic), model drift over
time, and potential adversarial manipulation where attackers craft flows to evade cached feature signatures. Operational
safeguards (periodic model retraining, online drift detection, replayable logs) mitigated these but do not eliminate the
need for active monitoring and human oversight. Also, the architecture incurs engineering overhead for cache
invalidation, model registry, and policy pipelines.

Operational lessons

* Tie caching and model inference to asset sensitivity and dynamic volatility.

« Favor derived, non-PlI caches and ensure strict invalidation on any upstream change.
* Use explainability to qualify automated actions and support audits.

* Test automation playbooks in staged environments and adopt conservative rollouts.

V. CONCLUSION

Financial institutions require security defenses that are both effective and operationally safe. This paper presents an
integrated, cloud-native architecture combining ML-based alert prioritization, cache-optimized streaming analytics, and
business-aware multivariate risk modeling to meet those needs. By leveraging in-memory stream processing (RDD/D-
Streams/Structured Streaming patterns) and scalable tree-ensemble models (XGBoost), the framework achieves high
throughput and low latency for feature computation and inference. At the same time, strict cache policies (no raw
payload caching, volatility-based TTLs, and robust invalidation) preserve correctness and privacy.

We demonstrated that caching derived artifacts — feature vectors and model shards — yields significant runtime
reductions when traffic exhibits repeated patterns, and that dynamic TTLs help preserve decision correctness. Models
trained and served with explainability support (feature importance and SHAP-style summaries) increase analyst trust
and aid regulatory reporting. Multivariate risk fusion aligns detection outputs with business impact, enabling precise
automation mappings that reduce manual load while minimizing the risk of disruptive automated countermeasures.

The design balances automation with governance: automated mitigations are gated by policy pipelines, model
registries, and staged rollouts. Such controls are essential in regulated financial environments where incorrect
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automated actions can have large monetary and reputational costs. The system emphasizes replayability (deterministic
transformations and versioned artifacts) to enable post-hoc audits and forensic reconstruction.

The evaluation — combining public datasets and in-lab replay of production-like traffic — shows practical
improvements in analyst efficiency (faster triage), lower compute costs (through caching), and retained detection
quality for high-impact incidents. However, the study acknowledges limitations: real-world deployment will expose
additional sources of drift, adversarial behavior, and integration complexity with legacy systems. Moreover, public
datasets are imperfect proxies for production traffic; therefore, model development must be iterative and include
institution-specific labeling and red-team exercises.

In operationalizing such a framework, teams must invest in: (1) robust data engineering to ensure safe feature
extraction, (2) model governance to validate and version models, (3) policy frameworks for auditable automation, and
(4) continuous measurement to detect drift. When applied carefully, the approach reduces mean time to detect/triage
and preserves availability while focusing scarce analyst resources where they matter most.

Finally, this work bridges research and practice by synthesizing known results from intrusion detection, streaming
analytics, caching best practices, and ML explainability into a coherent, deployable architecture. The system’s
modularity makes it straightforward to integrate with existing monitoring stacks (Zeek/Snort), stream frameworks
(Spark), and model serving infrastructures. Future research should evaluate long-term drift handling, adversarial
robustness, and cross-institution sharing of anonymized training signals while preserving privacy.

VI. FUTURE WORK

1. Adversarial robustness: develop adversarial training and runtime detectors to guard against model evasion and
poisoning.

2. Adaptive TTL Ilearning: explore reinforcement-learning approaches to optimize cache TTLs tradeoffs
automatically.

3. Federated learning & privacy: study federated approaches enabling safe sharing of models or indicators across
institutions without exposing sensitive traffic.

4. Operationalization studies: multi-institution deployments to evaluate long-term drift, cost, and regulatory
outcomes.

5. Explainability human factors: field studies on how different explanation formats affect analyst decision-making
and trust.
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