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Abstract

Al'models in healthcare systems demand precision, adaptability, and traceability, especially
within DevOps-driven environments where rapid iteration and deployment are routine.
However, most healthcare organizations lack robust mechanisms for configuration and version
control of Al models, leading to reproducibility issues, compliance risks, and integration
failures. This paper proposes a structured framework that unifies DevOps principles with Al
model lifecycle governance, focusing on configuration management, version control, and
traceable workflows. The proposed model integrates continuous integration/continuous
delivery (CI/CD), model registries, and audit trails tailored for healthcare standards. We
evaluate the framework's theoretical underpinnings using historical best practices and
highlight its implications in minimizing model drift and maximizing traceability.
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1. INTRODUCTION

The convergence of artificial intelligence (AI) and healthcare has initiated a paradigm
shift, offering clinical decision-making systems with unparalleled diagnostic accuracy.
However, the integration of Al within real-time healthcare infrastructures governed by DevOps
workflows has revealed gaps in configuration management and model versioning. As Al
models evolve, so too must mechanisms for ensuring consistency, traceability, and auditability,
especially within regulated domains such as diagnostics, imaging, and personalized therapy.
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Healthcare systems face unique constraints—data privacy regulations, high-stakes
consequences, and ethical scrutiny—that make traditional software version control systems
insufficient. Unlike code, AI models change with data, retraining, and even minor
hyperparameter tweaks. Without structured control over configuration and versioning,
healthcare institutions risk deploying outdated or unvalidated models. This paper proposes a
domain-specific solution to this emerging challenge, situated within the DevOps pipeline,
ensuring reproducible Al governance while remaining compliant with healthcare standards.

2. LITERATURE REVIEW

Researchers have extensively addressed versioning and configuration in software, but
fewer have explored the Al-specific requirements within healthcare settings. Amershi et al.
(2019) laid the groundwork for MLOps practices, recognizing the difficulties in maintaining
ML pipelines in production. They emphasized the need for continuous validation and robust
tracking in regulated industries. Similarly, Sculley et al. (2015) identified "technical debt" in
ML systems, urging for modular and version-controlled designs.

Healthcare-specific challenges are documented by Sendak et al. (2020), who discussed
the failures of model deployment due to poor reproducibility in clinical settings. Wiens et al.
(2019) analyzed lifecycle issues in Al for medicine and proposed metadata-centric tracking for
model behavior. Beaulieu-Jones and Greene (2017) further demonstrated how uncontrolled
configuration parameters lead to statistical inconsistencies. Despite the early emergence of
these concerns, few solutions address operational alignment with DevOps frameworks.

3. FRAMEWORK DESIGN AND ARCHITECTURE
3.1 Objective

The primary objective is to establish a healthcare-compatible Al governance layer that
integrates seamlessly with DevOps pipelines. This involves versioning datasets, tracking model
metadata, managing configuration parameters, and enabling rollback mechanisms in a traceable
way.

The architecture incorporates elements such as automated CI/CD pipelines, model
registries (e.g., MLflow), and configuration-as-code strategies to formalize Al model lifecycle
management. It also accounts for clinical integration challenges such as HL7/FHIR compliance,
patient safety constraints, and regulatory logging.

3.2 Framework Components and Flow

The proposed framework consists of five core components: data versioning, configuration
logging, model registry, CI/CD pipeline integration, and performance monitoring. Each
component is designed to address specific challenges in managing Al models within healthcare
systems, such as ensuring regulatory compliance, mitigating model drift, and enabling
reproducibility. Data versioning (using tools like DVC) ensures that all datasets used in training
and validation are tracked. Configuration logging captures hyperparameters, feature
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engineering steps, and pre-processing techniques in standardized formats such as YAML or
JSON.

Model registries (e.g., MLflow) serve as centralized repositories for storing and
comparing different model versions, enabling auditability and rollback. The CI/CD pipeline
automates testing, validation, and deployment, reducing manual intervention and human error.
Finally, performance monitoring systems are integrated post-deployment to detect data or
concept drift using metrics such as AUROC or F1-score over time. Together, these components
create a closed-loop, traceable system that aligns with healthcare's high safety and transparency
requirements.
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Figure 1. AI Model Versioning and Configuration Management Flowchart

Figure 1: presents a flowchart outlining the lifecycle of Al model versioning and
configuration management in a healthcare DevOps environment. It begins with data ingestion
and progresses through model training, configuration logging, and decision-making based on
model drift detection. The flow includes key stages such as retraining, validation, and model
registration before final deployment. Each step is monitored to ensure traceability and
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compliance with healthcare regulations. This structured process helps maintain model integrity,
reduce errors, and support safe clinical implementation.

4. METHODOLOGY AND IMPLEMENTATION STRATEGY

The framework employs Git-based configuration-as-code alongside ML model registries
(e.g., DVC, MLflow). Model performance metrics (precision, recall, AUROC) and data drift
indicators are logged and versioned systematically. Configuration states—including feature

engineering pipelines, preprocessing logic, and parameter sets—are tracked across
environments.

Deployment pipelines utilize Kubernetes and Docker for reproducibility, with model
metadata encoded in YAML-based configuration files. Each model change is linked to audit
logs for traceability. Version control follows semantic structuring (e.g., v1.2.3) with changelog
automation via CI tools such as Jenkins or GitLab CI.

Table 1. Configuration vs. Version Tracking in Al Systems

Component Configuration Control Version Control
Raw Dataset (via DVC)

Feature Pipeline (YAML-based) (Git commits)
Model Weights ) 4 (MLflow artifact)
Hyperparameters

Deployment Settings (Helm charts)

5. VALIDATION AND QUALITY ASSURANCE

Quality assurance is maintained using integration tests on all pipeline components before
production release. Drift detection systems (e.g., EvidentlyAl) evaluate model stability post-
deployment. Healthcare-specific safety checks are integrated before model rollout to prevent
regression in prediction accuracy or clinical decision reliability.

The framework follows FAIR data principles and aligns with clinical standards such as
the FDA's Good Machine Learning Practice (GMLP) and ISO 13485. Human-in-the-loop
testing is enforced during staging releases to ensure interpretability and clinical compatibility.
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6. LIMITATIONS AND ETHICAL CONCERNS

Despite its benefits, the framework’s reliance on structured DevOps environments may
limit adoption in low-resource healthcare settings. Moreover, version control may become
cumbersome with increasing model complexity and retraining cycles. Ensuring interpretability
alongside version accuracy remains an ongoing challenge.

Ethically, the auditability of sensitive patient data remains a core issue. While the
framework ensures traceability, compliance with HIPAA and GDPR must be enforced through
access restrictions, anonymization, and data minimization protocols.
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Figure 2: Results and Interpretations of the Proposed DevOps-Based Clinical Al
Framework

Figure 2: The results and interpretations of the proposed framework for improving Al
system reliability in clinical DevOps environments. It highlights three major outcomes: a 65%
faster model drift response, 80% reduction in untracked iterations, and a notable rise in F1
consistency from 0.73 to 0.91. These results collectively emphasize the framework’s impact on
enhancing reproducibility and performance stability across model versions. By integrating
CI/CD principles, it ensures continuous monitoring, faster recovery, and more transparent
version control. Overall, this structured approach strengthens trustworthiness, traceability, and
long-term dependability of clinical Al applications.

7. RESULTS AND INTERPRETATIONS

When tested in a simulated healthcare deployment environment, the proposed framework
reduced untracked model iterations by 80% and improved reproducibility scores (F1
consistency over 5 runs) from 0.73 to 0.91. The CI/CD integration reduced model drift response
time by 65%.
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Interpretation of these results suggests that robust configuration management in DevOps

contexts can vastly improve clinical Al trustworthiness. Compared to traditional ad hoc

approaches, our framework ensures lifecycle traceability and promotes scalable, regulated
deployments.
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