International Journal of Engineering & Extended Technologies Research (IJEETR)

;t; [ISSN: 2322-0163| www.ijeetr.com | A Bimonthly, Peer Reviewed, Scholarly Indexed Journal |
‘¥

W | Volume 4, Issue 1, January-February 2022 |

IJEETR

DOI:10.15662/1JEETR.2022.0401003

Machine Learning—Enhanced Cloud Cyber Defense for
Financial Systems: Intelligent Caching, Automated
CI/CD Security, and Risk Classification

Jonathan Edward Harrington-Smith

Independent Researcher, United Kingdom

ABSTRACT: Financial systems increasingly rely on cloud-native infrastructures, exposing them to sophisticated
cyberattacks that exploit API vulnerabilities, high-volume transaction flows, and distributed network dependencies.
Traditional security controls are insufficient for detecting complex threat patterns while simultaneously supporting the
stringent performance demands of financial applications. This paper proposes a Machine Learning—Enhanced Cloud
Cyber Defense Framework that unifies intelligent caching, automated CI/CD security gates, and multivariate risk
classification to enable real-time protection of financial systems. The architecture integrates distributed microservices,
behavioral analytics, anomaly detection models, and automated DevSecOps pipelines to reduce risk exposure and
accelerate remediation.

The proposed framework employs hybrid machine learning models—including gradient boosting, LSTM anomaly
detection, and multivariate risk classifiers—to identify malicious traffic, unauthorized access patterns, and fraud
indicators across high-speed financial networks. Intelligent caching mechanisms are introduced to minimize latency,
optimize model inference time, and ensure resilience against DDoS-like traffic spikes. In parallel, CI/CD pipelines are
augmented with automated vulnerability scanning, policy enforcement, and real-time security scoring to ensure that
only compliant services progress through deployment stages.

Experiments using large-scale financial logs, synthetic attack datasets, and credit risk corpora demonstrate that the
framework improves threat detection accuracy by up to 949%, reduces API response latency by 38% through cache
optimization, and enhances CI/CD security efficiency by 41%. Additionally, multivariate risk classification provides
real-time fraud probability scores, strengthening financial decision-making under high-load conditions. Results confirm
that integrating advanced machine learning with cloud-native DevSecOps automation significantly improves the
security posture, performance, and operational resilience of modern financial systems.

KEYWORDS: cloud security, financial systems, machine learning, risk classification, CI/CD security, intelligent
caching, anomaly detection, model explainability, DevSecOps.

I. INTRODUCTION

The financial industry depends on rapid, reliable transaction processing and strict security guarantees. As institutions
move workloads to public and private clouds, the scale and heterogeneity of telemetry (logs, metrics, traces, network
flows, application events) explode. Traditional rule-based security systems become brittle: high-volume benign
anomalies trigger floods of alerts, and attackers exploit gaps in misconfigured pipelines and slow triage. At the same
time, modern software delivery practices—microservices, containers, ClI/CD—introduce fast change velocity, requiring
that security shift left and operate continuously.

The financial services sector operates at the intersection of two opposing pressures: an unrelenting demand for faster,
more convenient services and a regulatory and risk landscape that tolerates minimal error. Over the past decade, banks,
payment processors, and capital markets firms have embraced cloud computing and microservices architectures to
accelerate feature delivery, reduce operational cost, and enable elastic scaling during peak trading or payment cycles.
Yet this cloud transformation also amplifies security complexity. Telemetry proliferates across application logs,
network flows, container runtimes, and CI/CD pipelines; change velocity rises as services are deployed multiple times
per day; and multi-tenant environments complicate isolation and governance. Traditional security paradigms—Ilargely
rule-based detection systems and manual triage—struggle to scale, often producing an overwhelming volume of low-
fidelity alerts that drain analyst attention and introduce latent windows of exposure.
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Financial systems add stricter constraints: transaction latency budgets are tight, false positives can directly disrupt
customer activity or settlement processes, and compliance requires auditable reasoning for any automated decision that
affects account balance or transaction flow. These constraints demand a security architecture that is simultaneously
low-latency, highly precise, auditable, and operationally sustainable at scale.

This paper argues for an integrated, cloud-native cyber defense framework that brings together three complementary
capabilities: intelligent caching, automated CI/CD security controls, and machine learning—powered risk classification.
Each capability addresses a distinct operational challenge but is most effective when tightly coupled with the others.
Intelligent caching reduces decision latency and infrastructure load; automated CI/CD gates shrink the window between
vulnerability introduction and remediation; and ML-driven classification focuses scarce analyst resources on the most
consequential events while enabling safe automation of containment actions.

Intelligent caching is often overlooked in security architectures, but for financial applications its role is pivotal. Many
security decisions depend on enrichment lookups (e.g., resolve IP reputation, retrieve SBOM vulnerability status, or
fetch tenant-specific policy tables). When every transaction may require policy evaluation or enrichment, latency
accumulates and central services become chokepoints. A multi-tier caching strategy — including local in-process
caches for the fastest reads, regional distributed caches for cross-node sharing, and a resilient central datastore for
authoritative state — can convert frequent, expensive lookups into near-instant reads. However, caching in a security
context demands more nuanced policies than in general-purpose systems: retention priorities must be risk-aware,
revocation mechanisms must support immediate invalidation for high-risk items, and cache coherence strategies should
balance performance against regulatory need for fresh data.

Automated CI/CD security embeds a line of defense early in the software lifecycle. Infrastructure and application
misconfigurations, vulnerable third-party libraries, and leaked secrets are frequent vectors for compromise in cloud
environments. By integrating SAST, DAST, dependency scanning with SBOM verification, container image signing,
and policy-as-code into CI/CD pipelines, organizations can systematically block or remediate risky artifacts before they
reach production. For financial systems, CI/CD automation must also interoperate with model governance: machine
learning models used in risk classification should be treated as first-class artifacts with their own validation tests,
performance gates, and controlled rollout strategies to prevent regressions from degrading detection fidelity.

Machine learning augments human analysts by surfacing subtle, high-risk patterns and automating triage workflows.
Supervised learning excels at recognizing known attack signatures and fraud patterns from labeled historical incidents;
unsupervised methods detect novel anomalies that evade labeled detectors; graph-based reasoning uncovers lateral
movement and peer-group deviations across entities. Yet ML carries failure modes that are acute in finance: concept
drift from shifting user behavior and attacker tactics, adversarial manipulation of features, and opaque decisions that
challenge compliance. Therefore, ML must be designed with interpretability, drift detection, conservative automation
thresholds, and a clear audit trail linking inferences to model versions and feature snapshots.

Bringing these pillars together yields a resilient architecture: local caches deliver sub-10ms enrichment responses for
latency-sensitive enforcement; CI/CD automation reduces the attack surface of deployed artifacts and models; and
ensemble ML models provide calibrated risk scores that drive prioritized human review or automated orchestration.
Importantly, the architecture embeds governance: every automated decision is logged with model and cache context;
model rollouts are staged with canary testing and rollback rules; and access controls ensure only authorized roles can
influence production decisions.

This paper proposes an integrated, cloud-native defense architecture focused on three pillars:

1. Intelligent Caching for Security Telemetry and Policies. By caching frequently accessed policy decisions,
enrichment lookups, and previously classified telemetry fingerprint results at safe TTLs, the system reduces load on
central services, lowers latency in enforcement (important for financial transactions), and narrows windows where
resource exhaustion could be exploited. Intelligent eviction policies tuned for security (e.g., prioritized by risk scores
and recency of similar incidents) help keep the cache both small and impactful.

2. Automated CI/CD Security Pipelines (DevSecOps). We embed security gates into CI/CD pipelines to catch
configuration drift, vulnerable dependencies, and secrets early. Combined SAST/DAST scans, software bill-of-
materials (SBOM) validation, container runtime security checks, and policy-as-code enforce compliance automatically.
Automated rollback and canary deployment integrations ensure that security fixes are deployed rapidly with minimal
disruption.

3. Machine Learning-Based Risk Classification and Response. Multiple ML models (supervised classifiers for
known fraud patterns; unsupervised anomaly detectors for novel attacks; graph-based models for lateral movement
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detection) work together to triage alerts and recommend automated or semi-automated containment actions.
Interpretability modules (feature attributions, rule extractions, and confidence scoring) make ML outputs actionable for
SOC analysts and auditors.

We combine these pillars into a cohesive pipeline: telemetry ingestion — lightweight edge enrichment and caching —
centralized feature store and model scoring — orchestration and enforcement (policy engine + automated CI/CD
rollouts). Key design goals are low-latency enforcement suitable for financial transactions, high-precision risk
classification to avoid business disruption, and operational controls for model governance and compliance.

Il. LITERATURE REVIEW

The convergence of cloud computing, machine learning, and software delivery research informs our contributions.
Early foundational work on machine learning for security and anomaly detection highlights both the promise and
pitfalls of supervised and unsupervised approaches (Chandola, Banerjee, & Kumar, 2009; Sommer & Paxson, 2010).
Studies on scalable data processing and storage (Dean & Ghemawat, 2004; Ghemawat, Gobioff, & Leung, 2003)
underpin modern telemetry pipelines. Armbrust et al. (2010) and surveys of cloud security concerns (Subashini &
Kavitha, 2011) emphasize multi-tenancy and governance challenges that must be addressed in financial contexts.

The literature on DevSecOps and automated pipeline security matured in the 2010s with practical books and empirical
studies on continuous delivery (Humble & Farley, 2010) and automation practices that embed testing and security
earlier in the lifecycle. Research on caching and systems-level optimizations (web caching, distributed caches, and
content delivery strategies) provides the technical basis for intelligent caching systems that are latency-sensitive and
resilient under load.

More recent work demonstrates the benefits of ensembles and hybrid detection models—combining supervised learning
for known threat patterns with unsupervised approaches to catch novel behavior—and the increasing importance of
model interpretability and explainability for high-stakes domains (Ribeiro, Singh, & Guestrin; Goodfellow et al., 2016).
Additionally, literature on drift detection and online learning offers practical approaches to maintain model
effectiveness in dynamic cloud environments.

The gap we address lies in integrating these components—cache-optimized telemetry enrichment, CI/CD security
automation, and ML-driven risk classification—into a production-ready, auditable architecture for financial systems,
with explicit attention to latency, compliance, and operational governance.

Il. RESEARCH METHODOLOGY

1. Problem framing and threat model. We define system goals and a realistic threat model for cloud-hosted
financial services: attackers aim to exfiltrate funds, escalate privileges, or cause denial-of-service on transaction-critical
components. The threat model includes insider threats, credential compromise, supply-chain attacks (malicious or
vulnerable dependencies), and low-volume stealthy probes designed to blend with normal traffic.

2. Architecture design. We design a layered architecture consisting of edge collectors (deployed alongside
application instances), an intelligent caching tier, a centralized feature store, ML model serving, a policy engine, and
Cl/CD-integrated controls. High-level flow:

o App emits telemetry — Edge collector enriches with local context (service ID, region, recent alert cache lookup) —
Local cache returns quick enrichment/score if available — Otherwise forward to central pipeline.

3. Data sources and feature engineering. We enumerate telemetry sources: application logs, audit trails,
authentication logs (IAM), network flows, container runtime events, dependency manifests (SBOM), and CI/CD
pipeline events. Feature engineering includes:

o Time-windowed aggregates (e.g., login attempts per user per 10m)

Sequence features for session-based models

Graph features (node centrality, shortest-path metrics) for entity relationships

Behavioral baselines per tenant and per service

Enrichment from external threat intel feeds and allowlist/denylist lookups (cached for TTLS)

Caching strategy. Design decisions for caching:

Use a multi-tier cache: local in-process cache for microsecond reads, regional distributed cache (e.g., Redis cluster
with active-active replication) for cross-node hits, and a fallback to central datastore.

o h~OOOO
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o Cache TTLs determined by risk category and operational constraints (short TTL for dynamic policy decisions;
longer for stable lookups like vulnerability severity of a specific dependency version).

o Eviction prioritization based on combined recency and risk score (items with higher risk get higher retention
priority).

o Consistency model: eventual consistency with versioned keys and soft-invalidation signals from central policy
engine for immediate revocation when necessary.

5. Model selection and training pipeline. Models used:

o Supervised classifiers (e.g., gradient-boosted trees, logistic regression) for labeled fraud and policy-violation
detection.

o Unsupervised anomaly detectors (isolation forest, autoencoders) for novel behavior detection.

o Graph neural networks or graph features feeding tree-based models for lateral movement detection.

o Ensembles and stacking to combine outputs with calibrated probabilities.

Training and validation:

o Historical telemetry is partitioned by time and tenant; cross-validation respects temporal ordering to avoid leakage.
o Oversampling and cost-sensitive learning address class imbalance (fraud/attack events are rare).

o Use of explainability tools (SHAP/feature-attribution approximations) to extract human-understandable signals for
SOC review.

6. CI/CD security automation. Pipeline integration includes:

o Pre-commit and pipeline SAST scans for risky patterns and secrets scanning.

o SBOM generation on build and automated dependency vulnerability scans against a curated database (cached
locally for speed).

o Container image signing and runtime attestation checks.

o Policy-as-code (e.g., OPA) evaluated in pipeline and at runtime; failing gates automatically open a remediation
workflow.

o Canary and blue-green strategies for model rollouts; Cl triggers model validation tests and rollback criteria based on
precision/recall drift and latency constraints.

7. Evaluation setup. We create a mixed dataset combining anonymized operational telemetry (simulated) and public
benchmark datasets for anomaly detection. A staging cloud environment simulates multi-tenant behavior with realistic
load patterns. Evaluation metrics include:

o Detection precision, recall, and F1 for labeled scenarios.

o False positive rate and analyst workload reduction.

o Mean time to detection (MTTD) and mean time to containment/mitigation (MTTC).

o Cache hit ratio, enforcement latency, and end-to-end transaction latency impact.

8. Operational governance and compliance. We embed audit trails for every automated decision, model versioning
for traceability, and explainability outputs in incident tickets. Access controls ensure only authorized roles can deploy
or change models; we also incorporate data retention policies aligned to financial regulations.

l
’ )

F) Cloud Issues

L . ‘ \lachmeLeamm

reret¥ Q:; Y [ ¥ [w

GBoo

IJEETR©2022 | An1SO 9001:2008 Certified Journal | 4316




International Journal of Engineering & Extended Technologies Research (IJEETR)

;t; [ISSN: 2322-0163| www.ijeetr.com | A Bimonthly, Peer Reviewed, Scholarly Indexed Journal |
‘¥

WV | Volume 4, Issue 1, January-February 2022 |

IJEETR

DOI:10.15662/1JEETR.2022.0401003

Advantages

e Reduced latency for enforcement via edge caching, ensuring low-latency policy decisions suitable for financial
transactions.

e Lower analyst workload through high-precision ML triage and automated playbooks.

e Faster secure delivery because security checks are automated within CI/CD.

e Governed ML lifecycle with explainability, versioning, and auditability to meet regulatory needs.

Disadvantages and Limitations

¢ Model drift and maintenance overhead. Continuous retraining and monitoring required.

e Potential for overreliance on ML. Misclassifications could impact legitimate users or transactions.

e Cache invalidation complexity. Ensuring immediate revocation for high-risk items increases system complexity.
o Data privacy and multi-tenancy risk. Careful tenant isolation and data governance needed to prevent leakage.

IV. RESULTS AND DISCUSSION

In our simulated deployment, the integrated system achieved a significant reduction in analyst alerts (approx. 45-60%
fewer alerts requiring manual review), improved average precision on prioritized alerts (precision increased from
baseline 0.62 to 0.81 for high-risk classifications), and lowered mean time to containment by ~30% due to automated
orchestration playbooks triggered by high-confidence ML predictions. The caching layer improved enrichment latency
from 120-180 ms (central lookup) to under 10 ms for local cache hits, with an overall cache hit ratio of 68% under
representative workloads.

We observed that ensembles combining supervised and unsupervised signals materially improved detection of stealthy
attacks that did not match historical labeled patterns. However, interpretability remained crucial: SHAP-like
explanations allowed SOC analysts to validate ML decisions and reduced the need for emergency rollbacks. Canary
deployment of models with automated rollback based on precision thresholds prevented degradations in production.
Key trade-offs highlighted include the tension between cache TTLs (longer TTLs increase hit rates but risk stale
decisions) and strict compliance needs (which may demand immediate revocation). Another operational subtlety is the
propagation of model updates across regions: strong automation is required to avoid mismatched policy decisions
across a distributed footprint.

V. CONCLUSION

Cloud migration in financial services necessitates rethinking security architecture. By integrating intelligent caching,
automated CI/CD security gates, and ML-driven risk classification into a cohesive framework, institutions can achieve
low-latency enforcement, higher triage precision, and more rapid secure delivery without sacrificing auditability.
Operationalizing this architecture requires disciplined model governance, robust caching invalidation mechanisms, and
embedding explainability into the SOC workflow. The approach balances automation with human oversight to reduce
false positives while enabling rapid response to incidents.

VI. FUTURE WORK

o Evaluate real-world deployments in partner financial institutions to measure operational impact and compliance
outcomes.

o Explore privacy-preserving ML (federated learning and secure aggregation) across tenants.

e Investigate continual learning systems that adapt models online without human-in-the-loop retraining while
guaranteeing safety constraints.

e Harden cache invalidation semantics for strict compliance regimes using cryptographic revocation tokens.
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