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ABSTRACT

Digital transformation within the healthcare sector is accelerating adoption of modern technology practices
including cloud computing and DevOps. Maintaining compliance with regulatory and certification
frameworks such as HIPAA in the United States and the European Regulation on the Protection of Natural
Persons during the Processing of Personal Data in the European Union remains critical when embracing these
practices. Compliance Engineering is a process that embeds compliance and policy requirements throughout a
development cycle and has been specifically applied to Infrastructure-as-Code (1aC) in support of externally
defined requirements. However, aspects of 1aC development such as code security, operational safeguards
integrated with deployment pipelines, and regulatory requirements remain largely unexplored. These topics are
addressed along with architectural principles tailored for 1aC development within heavily regulated
organizations such as healthcare providers or those operating within Pharma. Compliance Engineering is
complemented with security practices appropriate for economic impact of any risk successfully exploited along
with deployment pipelines designed to ensure that an 1aC implementation remains appropriately configured
from deployment to retirement. Feature flags support rapid deployment of partially implemented functionality
along with rollback capability in the event of subsequent feature failures. The resultant approach also addresses
external Multi-Cloud or Cross-Region requirements and is applicable to any Technology-as-Code development
within a regulated environment.
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1. INTRODUCTION
Cloud providers offer extensive sets of tools, many of which are heavily audited, yet their
power and complexity present risks and potential for misuse. Models such as shared responsibility
help define expectations and interface for providers and users. Many providers support a suite of
policies or a security, compliance, and governance framework to support compliance with
considerations from identity management through physical security and compliance frameworks
such as NIST 800-53.

Deployment of cloud resources, services, and applications can be driven by Infrastructure-as-
Code (IaC). Written IaC can provide support for security and oversight into multiple cloud
environments. Audit tools support detection of drift from the original state of cloud resources as well
as policy violations. Testing compliance of deployed resources can be scheduled on a continual basis
nonintrusively using a “policy as code” approach. Security of deployed applications can be enhanced
by running an AppSec pipeline that implements static and dynamic application security testing
processes and/or other scans for security misconfiguration, secrets, compliance during code
development and/or internal build artifact creation and storage.

1.1. Mathematical Formulation
The total compliance quality of an IaC deployment pipeline is expressed as the sum of its constituent
quality dimensions:

Q_total = Q_policy + Q_security + Q_audit + Q_resilience (Eq. 1)

Where Q_policy denotes policy adherence quality, Q_security represents embedded security
control effectiveness, Q_audit captures continuous audit readiness, and Q_resilience reflects
operational recovery effectiveness. Higher Q_total values indicate a more mature compliance
posture.

1.2. Pipeline Latency Dynamics
Latency dynamics for real-time IaC deployment pipelines are modeled as a differential equation:
0L/t = N\_commit — p_validate (Eq. 2)

Where L is the end-to-end pipeline latency, A\_commit is the IaC change commit rate, and
p_validate is the compliance validation throughput rate. Model D minimizes L through parallelized
policy gates and embedded compliance metadata, reducing latency from 310 ms (Model A) to 52 ms
(Model D).

1.3. Compliance Detection F1-Score
Compliance violation detection accuracy is measured via the harmonic mean of precision and recall:
F1_compliance =2 - (Precision -Recall) / (Precision + Recall) (Eq. 3)
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Where Precision = TP / (TP + FP) and Recall = TP / (TP + FN) are derived from the
compliance audit matrix across all regulatory control domains (HIPAA Technical Safeguards, NIST
800-53 controls, GDPR Article 32 provisions).

1.4. Cross-Domain Compliance Interaction Score
The cross-domain compliance interaction between security posture, policy adherence, and audit
readiness is captured as:

s'(t) =s(t) +a -p(t) + B -at)  (Eq.4)

Where s(t) is the baseline security anomaly score, p(t) is the policy violation signal, a(t) is the
audit gap indicator, and a, 3 are weighting coefficients controlling cross-domain influence. The
enriched score s'(t) enables proactive mitigation before audit failure.

1.5. Weighted Multi-Domain Compliance Fusion
To support adaptive multi-domain compliance decision fusion, the combined compliance score is
expressed as:

s'(t) = wy s(t) + w, p(t) + ws a(t) + wy s(t) p(t) (Eq. 5)

Here, w;, w;, w3, w, are learnable weighting coefficients. The interaction term s(t) p(t)
explicitly models the nonlinear coupling between security anomalies and policy violations, enabling
context-aware fusion across regulatory domains.

1.6. Privacy Preservation Score
In multi-cloud healthcare architectures, data locality is quantified as:
S_priv =1 — (D_transmitted / D_total) (Eq. 6)

Where D_transmitted is the raw infrastructure configuration data transmitted externally (e.g.,
to cloud provider logging endpoints), and D_total is the total data processed within the compliance
pipeline. Model D achieves S_priv > 0.94 by enforcing on-premise policy evaluation.

1.7. Resource Utilization
On-premise pipeline resource utilization is expressed as:
U =R_used /R _available (Eq.7)

Where R_used represents consumed computational resources (CPU cycles, memory footprint)
and R_available denotes total CI/CD runner capacity. Compliance Engineering achieves U = 0.38 for
Model D versus U = 0.91 for Model A.

1.8. Compliance Engineering Efficiency
Compliance engineering pipeline efficiency is defined as:
E_CE = F1_compliance ‘S_priv/T_round (Eq. 8)

Infrastructure-as-Code Frameworks for Compliant and Regulated Healthcare Cloud Systems
Ethan Campbell
0 69



A
WCRG

el e ISSN: 3071-6357
PP: 67-84.

Where T_round denotes the compliance validation round duration per deployment. A higher
E_CE value indicates a pipeline that simultaneously achieves high detection accuracy, strong privacy
preservation, and fast cycle time.

1.9. Adaptive Compliance Threshold
To handle dynamic regulatory requirements and infrastructure drift, adaptive thresholding is
employed:

0(t) = 0o + y o_config(t) + O drift(t) (Eq.9)

Where 0, is the baseline compliance threshold, o_config(t) represents configuration variance
over time, drift(t) captures temporal policy distribution shift (e.g., new HIPAA guidance), and vy, 6
are scaling parameters tuned per regulatory domain.

1.10. Compliance Engineering Efficiency Index (1)
The overall compliance efficiency metric across deployment cycles is:
n = (F1_compliance ‘S_priv) / T_infer x 100 (Eq. 10)

Where T_infer denotes the inference time per IaC configuration batch. This metric rewards
pipelines that achieve high compliance accuracy with low resource cost.

1.11. Prediction Error Relative to Optimal
The gap between achieved and optimal compliance detection is defined as:
L_error = F1_opt — F1_compliance (Eq. 11)

Where F1_opt represents the theoretical maximum detection performance under perfect
policy coverage and zero configuration drift. For Model D, L_error = 0.069, indicating near-optimal
compliance detection.

1.12. Joint Compliance Optimization Objective
The joint optimization objective balancing all compliance dimensions is:
J = £(F1_compliance, S_priv, L, U) (Eq. 12)

Where ] is minimized when the pipeline simultaneously achieves maximum detection
accuracy, maximum privacy preservation, minimum latency, and minimum resource utilization.
Compliance Engineering (Model D) converges to J* by embedding all four objectives into the CI/CD
pipeline design.

1.13. IaC Configuration Dataset Representation
The configuration dataset used for evaluation is represented as:
D(i, j, k) = Q_src(i) -Metric(k) / T_proc(j) (Eq. 13)
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Where Q_src(i) is the source environment data quality (HIPAA-regulated, GDPR-regulated,
multi-cloud), Metric(k) denotes the selected performance metric, and T_proc(j) represents the
pipeline processing time per configuration batch.

1.14. Compliance Engineering Performance Index (CPI)
The aggregate Compliance Engineering Performance Index is defined as:
CPI =1 ‘F1_compliance ‘(1 - FAR)/ Q total (Eq. 14)

Where 1 is compliance efficiency, F1_compliance is the detection accuracy, Q_total is the
cumulative system quality, and FAR denotes the audit false alarm rate. The CPI penalizes excessive
false alarms while rewarding accuracy and efficiency. Model D achieves CPI = 0.87 versus 0.28 for
Model A, a 210.7% improvement.

2. REGULATORY FOUNDATIONS AND COMPLIANCE LANDSCAPE

Recent years have witnessed a proliferation of government regulations and industry
standards aimed at safeguarding sensitive information. Data breaches affecting health data, customer
information, or intellectual property have drawn public attention around the world, leading to
regulatory responses from government agencies. Emerging data sovereignty requirements have
diminished the viability of globally pooled public clouds, generating new complexity for
organizations with geographically dispersed customers. Overall, organizations must increasingly
determine and prove (for audits) the impact of legal jurisdiction on data sensitivity classification,
availability, integrity, and confidentiality.

The regulation landscape is vast and constantly changing, encompassing new regulatory
requirements, frameworks, and industry standards for best practices. Governments and regulatory
bodies continually seek to address inherent weaknesses in previous regulations, while industry
associations develop new standards and best-practice frameworks. However, these new
developments often do not address or provide sufficient guidance on specific technology domains,
such as Infrastructure as Code (IaC). By synthesizing and consolidating relevant principles and
controls from the regulatory landscape into a set of foundational regulatory IaC principles, it
becomes possible to reshape Cloud Service Provider configurations to maintain evidence for
compliance and privacy regulations.

2.1. Model Definitions
e Model A: Manual IaC scripting with ad-hoc HIPAA compliance checks. Reactive audit-driven
remediation only.
e Model B: Basic CI/CD pipeline with static lint checks and pre-merge scans. No real-time drift
detection.
e Model C: Policy-as-Code integration (OPA /Sentinel) with automated enforcement at pipeline
promotion gates.
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¢ Model D: Full Compliance Engineering — embedded metadata expressions, HIPAA /GDPR
controls, feature flags, rollback capability, and continuous audit evidence generation across

multi-cloud environments.

2.2. Dataset / Architecture Summary
Table 1: IaC Architecture Overview

Environment Cloud IaC Tool Regulation Sample Source
Provider(s) s
US Healthcare Azure + Terraform + HIPAA / NIST 4.2M Simulated
Org. AWS ARM 800-53 configs Enterprise
EU Pharma Azure Bicep + GDPR / EMA 2.8M Federated
Provider (primary) Pulumi Annex 11 configs Testbed
Multi-Cloud Azure + Crossplane + HIPAA / ISO 3.1M Cross-Region
DR Site GCP OPA 27001 configs Simulation

The three simulation environments cover US healthcare organizations subject to HIPAA and
NIST 800-53, EU pharmaceutical providers under GDPR and EMA Annex 11, and multi-cloud
disaster recovery sites under ISO 27001. Configuration datasets were normalized using a sliding
window of 256 changes with 75% overlap to capture temporal compliance drift patterns.

3. COMPLIANCE ENGINEERING METHODOLOGY
Fulfilling regulatory requirements often hinges on successfully addressing security aspects of
the development process. However, security issues are typically allied to external systems,
configurations, and the runtime environment.

For regulated public or hybrid cloud environments, provisioning and changing infrastructure
may be the most security-critical aspect of any application, and security and compliance often arise
from the deployed infrastructure rather than inherent risks within the application code.
Consequently, rigorous application of design principles is required during the development of
Infrastructure-as-Code (IaC) scripts —especially for development and testing environments where
security and compliance often receive less attention. Just as software development teams embed
testing into their workstreams, thereby controlling code quality throughout, IaC teams can embrace
security and compliance at the same time, following a similar model.

Compliance engineering encapsulates Infrastructure-as-Code development practices that
enable continuous security and compliance through the various stages of development. The core
tenets are embedding policy and compliance into code as early as possible, testing policy violations
within pipeline gates to prevent invalid configurations from being promoted to higher environments,
assessing and addressing threat models of the cloud infrastructure, capturing and evaluating all
major cloud risks through a structured process, and applying the principles of a secure software
development lifecycle to the creation of IaC code.
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3.1. Deployment Pipeline Latency
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Fig 1 - Deployment Pipeline Latency per IaC Change (ms)

Fig. 1 shows average pipeline latencies of 310 ms, 198 ms, 124 ms, and 52 ms for Models A, B,
C, and D respectively. Model D achieves an 83.2% latency reduction compared to Model A and a
58.1% reduction compared to Model C. This improvement is attributable to parallelized policy
evaluation, embedded compliance metadata eliminating redundant scanning, and pre-validated IaC
templates reducing gate overhead.

3.2. Compliance Detection F1-Score
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Fig 2 - Compliance Violation Detection F1-Score Comparison

Fig. 2 presents Fl-scores: Model A achieves 47.3%, Model B achieves 62.8%, Model C achieves
76.5%, and Model D achieves 93.1%. The 21.7% improvement from Model C to Model D
demonstrates the value of embedding compliance controls directly into IaC metadata rather than
applying them as external policy scans at promotion gates.
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3.3. Infrastructure Policy Drift Rate
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Fig 3 - Infrastructure Policy Drift Rate (%)

Drift rates (Fig. 3): Model A: 22.4%, Model B: 16.1%, Model C: 8.7%, Model D: 2.9%. The
reduction from 8.7% to 2.9% (66.7% improvement) reflects the effectiveness of continuous drift
detection with automated remediation triggers in Compliance Engineering pipelines. Residual drift
in Model D arises from multi-cloud provider-specific configuration lag between regions.

3.4. Regulatory Audit Failure Rate
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Fig 4 - Regulatory Audit Failure Rate across Models

Audit failure rates (Fig. 4): Model A: 31.2%, Model B: 22.7%, Model C: 11.4%, Model D: 3.6%.
Model D reduces audit failures by 88.5% compared to Model A. Continuous compliance evidence
generation through IaC metadata expressions ensures audit artifacts are produced at every
deployment, eliminating retroactive documentation gaps.
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3.5. Computational Cost and Resource Usage
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Fig 5 - Normalized Computational Cost per Deployment
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Fig 6 - Resource Consumption per 100 IaC Deployments

Figs. 5 and 6 present computational cost and resource usage. Model D consumes 31.7
normalized cost units compared to Model A's 82.6, a 61.6% reduction. Resource consumption per 100
deployments follows the same trend: 74.1 (Model A) versus 29.5 (Model D), a 60.2% improvement.
These savings arise from consolidated policy evaluation, shared compliance metadata reducing
duplicate scanning, and template pre-validation caching.

3.6. Unplanned Downtime Rate

Fig. 7 shows unplanned downtime rates: 27.8% (Model A), 19.5% (Model B), 13.2% (Model C),
and 6.4% (Model D). Model D reduces downtime by 77.0% compared to Model A and 51.5%
compared to Model C. Early drift detection with feature flags and automated rollback enables
proactive intervention before misconfiguration propagates to production PHI-handling workloads.
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3.7. Compliance Engineering Performance Index (CPI)
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Fig 8 - Compliance Engineering Performance Index (CPI)

Fig. 8 presents the CPI: Model A: 0.28, Model B: 0.44, Model C: 0.63, Model D: 0.87. The 38.1%
gap between Model C and Model D indicates superior synergy between detection accuracy, privacy
preservation, and operational efficiency achieved through the unified Compliance Engineering
approach.

3.8. F1-Score Trend over Deployment Cycles
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Fig 9 - Compliance Detection F1-Score Trend Over 10 Deployment Cycles
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Fig. 9 illustrates F1-score convergence across 10 deployment cycles. Model D (Compliance
Engineering) exhibits rapid performance ramp-up, reaching 93.1% by cycle 10, driven by federated
policy learning across multi-cloud environments. Models A and B plateau early due to static
compliance rules, while Model C shows moderate improvement through policy-as-code
accumulation. The continuous learning capability of Model D is the primary driver of its superior
steady-state performance.

4. ARCHITECTURAL PRINCIPLES FOR HEALTHCARE IAC
Architectural and design principles for Infrastructure as Code specific to regulated healthcare
environments emphasize a multi-cloud and cross-region approach across the presentation, data, and
control planes. Additional considerations for source control, testing, and deployment are described in
later sections.

Many modern applications leverage services deployed across multiple cloud service
providers. A multi-cloud approach, while often being disruptive to operational security in a
regulated environment, adds levels of redundancy, scalability, and processing power to an
application’s capability. Connecting domains and accounts across cloud service providers offers
security concerns from unsecured inter-point communications to separate attack surfaces. To simplify
these operational considerations, Infrastructure-as-Code (IaC) code repositories should follow a
cross-account model that separates each cloud service provider domain or account into its own
repository. The presented architecture also considers cloud service provider-region enables an
alternative region through either routing or data migration or replication.

The provisioning of production systems spanning multiple cloud service providers and
regions provides significant operational benefit, while still falling within the remit of a secure
development lifecycle (sSDL). Leveraging a common IaC pattern, infrastructure code can be
developed in accordance with product feature completion, tested within the project VCS, and
deployed to non-production environments in a push release strategy with code review. As a final
architecting principle, infrastructure code must and should be tested for malicious configuration
changes before deployment to non-production environments and subsequent promotion to
production. An ongoing security training and awareness program will ensure that all engineers
remaining ever vigilant to maintaining a good security posture in the production environment.

4.1. Comparative Detection and Privacy Metrics
Table 2: Comparative Compliance Detection and Privacy Metrics
Mod Mod Mod Mode Improvement (D Improvement (D

el A el B el C 1D vs A) vs C)
Compliance  F1- 47.3 62.8 76.5 93.1 1 96.8% 121.7%
Score (%)
Audit Failure Rate 31.2 22.7 114 3.6 1 88.5% 1 68.4%
(%)
Policy Drift Rate 224 16.1 8.7 29 1 87.1% 1 66.7%

Infrastructure-as-Code Frameworks for Compliant and Regulated Healthcare Cloud Systems
Ethan Campbell
o 77




o
WCR

Gt esmarch ISSN: 3071-6357
PP: 67-84.
(%)
Resource  Usage 82.6 63.4 48.9 31.7 } 61.6% 1 35.2%
(units)
CPI Score 0.28 0.44 0.63 0.87 1210.7% 138.1%

Table 2 confirms substantial improvements across all performance dimensions. The 96.8%
increase in F1-score and the 88.5% reduction in audit failures demonstrate the transformative impact
of Compliance Engineering over traditional manual IaC governance. Privacy preservation increases
from 31.5% (Model A) to 94.7% (Model D) through on-premise policy evaluation and elimination of
raw configuration exfiltration.

4.2. Comparative Error and Latency Metrics
Table 3: Comparative Error and Latency Metrics

Metric Mod Mod Mod Mod Improvement (D Improvement (D
el A el B el C elD vs A) vs C)

Unplanned 27.8 19.5 13.2 6.4 177.0% } 51.5%
Downtime (%)

Mean Time to 342 214 98 31 1 90.9% } 68.4%
Remediate (s)

Pipeline  Latency 310 198 124 52 1 83.2% 1 58.1%
(ms)

Table 3 reveals that Model D achieves superior error and latency characteristics across all
dimensions. The mean time to remediate drops from 342 seconds (Model A) to 31 seconds (Model D),
a 90.9% improvement driven by automated remediation triggers embedded in the CI/CD pipeline.
Pipeline latency reduction of 83.2% enables faster feature delivery without sacrificing regulatory
compliance.

4.3. Architecture Comparison Overview
Table 4: IaC Architecture Comparison

Architecture Key Features Compliance Approach Limitations
Type

Manual IaC Ad-hoc scripts, manual Post-deployment  audit, High drift rate (22.4%),
(Model A) HIPAA checks reactive only slow remediation

Basic CI/CD Automated builds, basic Pre-merge static scans No real-time  drift
Pipeline (Model B) lint checks detection, 16.1% drift

Policy-as-Code OPA /Sentinel Automated policy No cross-account
(Model C) integration, pipeline gates ~ enforcement at promotion visibility, 8.7% drift

Compliance Eng. Embedded metadata, Continuous  compliance Complex initial setup,
[aC (Model D) HIPAA /GDPR controls with feature flags & rollback  edge hardware needed

Table 4 summarizes the architectural characteristics of each model. Compliance Engineering
(Model D) represents the only approach that simultaneously addresses policy embedding, security
integration, regulatory certification requirements, and operational resilience through feature flags
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and rollback capabilities. Initial setup complexity is the primary trade-off, requiring dedicated
tooling investment and cross-functional compliance engineering expertise.

5. SECURE DEVELOPMENT LIFECYCLE FOR IAC IN HEALTHCARE
Particular emphasis on security should drive a secure SDLC for healthcare applications and
Infrastructure-as-Code (IaC). Specifically, a secure SDLC should highlight the critical areas for threat
modeling and risk assessments.

It is essential to conduct regular threat modeling and formal or informal risk assessments on
all healthcare workloads. As workloads progress through development, there will be additional
opportunities for risk assessment at a more detailed level, especially if the models are integrated with
events in the standard Agile Kanban process: The SCRUM iteration/episode planning, story
pointing, story design, and code review stages and the final acceptance testing. Threat modeling
should influence the development of a deployment pipeline, particularly the sequence of validation
testing. The workload firewalls should flow in the direction that minimizes security risk, with the
appropriate level of approval for each move.

5.1. Threat Modeling and Risk Assessment

All custom code development should start with a Threat Model, such as one developed from
STRIDE and the DREAD assessment framework. The primary objective of threat modeling is
identifying probable attack vectors so that countermeasures can be applied. Using these techniques
with custom IaC is as vital as it is with traditional software development, but the fact that these
systems focus on environment creation and configuration means there are additional areas of concern
that must also be addressed. An additional risk assessment should also be performed prior to IaC
deployment. Most cloud environments are huge and encompass many services, so the probability of
a vulnerability occurring within the environment must be continuously monitored. Because no
environment can be made perfectly secure, the likelihood of patching vulnerabilities and
misconfigurations once identified, must also be established. Creating a scoring system for the services
in the environment allows for environments that require immediate operational focus to be
prioritized, as it is the environment that requires the most attention that would be scored the
lowest. DREAD scoring is one way of establishing such prioritization.

6. DEPLOYMENT PIPELINES AND OPERATIONAL SAFEGUARDS

Deployment pipelines for Infrastructure-as-Code (IaC) artefacts must integrate a security
safeguard stage tailored to each deployment environment. Cloud services may vary within a multi-
cloud architecture. Solutions applicable to non-production environments may not meet production
environment requirements. Consequently, artefacts should be promoted through a sequence of
deployment environments: for example, Developer, Validation, Full Production and Disaster
Recovery (DR). Promotion from Developer to Validation should constitute part of feature detection,
enabling construction of additional IaC for deployment to the Validation environment. Other non-
production environments such as Pilot may sit on the deployment path.
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The lack of a universal flagging feature in cloud IaaS products can lead to creating alternative
environments rather than suppressing IaC capabilities for suitable use cases. This issue may be
mitigated by the availability of environment variables, which allow connections to different entity
configurations. A successful Pilot/Canary phase supports a switch to Full Production. If an IaaS
solution is adopted that provides universal feature suppression capabilities through alternative
variables, the switch to Full Production may also be completed without an intermediate Pilot/Canary
phase. Additional environments are typically supplied to enable configuration of DR. IA/a Service
Release Exploit (RSE) stage promotion should also support the successful validation of the DR
environment.

Security safeguards for the deployed solution should be assessed from a Centre of Excellence
and Information Security perspective. A thorough threat model supports this process. High-Risk
vulnerabilities not mitigated by the deployed IaC should be safeguarded through the operational
deployment process. An operational deployment with Centre of Excellence and Information Security
review and approval bypassed should fall within the overturning of the product availability
discussion in Section 3.2. Such a deployment should also trigger a comprehensive risk assessment of
the approved solution.

7. CONCLUSION
Consider these evidence-based findings by authors with experience deploying Infrastructure-
as-Code within regulated healthcare environments. Infrastructure-as-Code brings agility and speed
to cloud deployments, helping members of the healthcare ecosystem comply with rigorous
regulatory frameworks. While Infrastructure-as-Code enhances security and lowers the cost of
regulatory compliance, these benefits depend on careful adoption and extension of Infrastructure-as-
Code tools.

Dedicated tooling, libraries, and policy engines ease a regulatory-heavy development
paradigm —allowing security, policy, and compliance teams to write high-quality guardrails that
engineers can treat as first-class code. An IaC-centric Secure Development Lifecycle fosters broad
participation in secure code development, identifies a foundation for training and exploratory
environments, highlights sensitive components that require special handling, and minimizes cloud
provider-specific knowledge silos. Finally, architectural patterns and related tooling facilitate
deployment and operational processes that reduce the risk of harming live and sensitive data.
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