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Abstract

Machine learning operations (MLOps) practices have reached a notable level of maturity within
general-purpose software engineering. Pipelines are standardized, monitoring is automated, and
deployment patterns are well rehearsed. Yet when these same practices are transferred into clinical
environments, their adequacy becomes less certain. The healthcare domain introduces operational
and ethical pressures that conventional MLOps frameworks were not originally designed to address.
Clinical AI systems operate under constraints that extend beyond typical production settings.
Stringent data protection regimes — including GDPR and the EU AI Act — shape how data can be
processed and retained. Model drift is not merely a statistical inconvenience; it may alter clinical
decisions with tangible consequences for patient outcomes. Regulatory compliance demands
comprehensive, tamper-evident audit trails. At the same time, decision-critical contexts impose a
clear expectation of human oversight. In other words, technical robustness alone is insufficient;
governance and accountability become integral system properties. This paper introduces a Clinical
MLOps framework that systematically augments conventional pipelines with healthcare-specific
requirements. The framework is structured around four layered components: (1) privacy-preserving
deployment patterns, (2) clinical observability mechanisms, (3) compliance-oriented audit trail
architecture, and (4) human-in-the-loop governance protocols. Each layer addresses a distinct
operational risk while remaining interoperable with established cloud-native tooling. To evaluate the
framework, we construct a demonstrative end-to-end pipeline using the MIMIC-IV dataset — a large,
de-identified electronic health record repository from Beth Israel Deaconess Medical Center. Within
this pipeline, we implement a patient deterioration prediction model and apply Clinical MLOps
controls systematically at every stage, from data ingestion to post-deployment monitoring. This
controlled implementation enables us to examine how standard MLOps tooling behaves under
clinical constraints. Our findings indicate that widely adopted MLOps practices, while technically
sound, leave critical governance and compliance gaps when applied in healthcare contexts. The
proposed Clinical MLOps framework addresses these deficiencies without requiring impractical
infrastructure changes. Importantly, it remains compatible with cloud-native architectures, making
adoption feasible within contemporary health IT ecosystems. The implications extend to healthcare
Al governance more broadly, particularly in relation to the operational interpretation of the EU Al
Act in clinical settings.

Keywords: clinical MLOps; healthcare Al governance; high-risk Al systems; EU Al act compliance;
GDPR and health data; responsible Al in healthcare; Al deployment in clinical settings; machine
learning operations (MLOps); cloud-native healthcare platforms; Al observability

1. Introduction

The integration of artificial intelligence into clinical practice has accelerated markedly over the
past decade. Predictive models for patient deterioration, diagnostic support systems, and resource
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allocation algorithms are no longer confined to research prototypes; they are increasingly embedded
in everyday hospital workflows (Topol, 2019). Yet the operational backbone required to sustain these
systems — to keep them safe, reliable, and fair over time — has drawn far less sustained scholarly
scrutiny.

MLOps, or machine learning operations, emerged precisely to address the well-known gap
between model development and production deployment. Drawing on DevOps principles, it
formalizes versioning strategies, continuous integration and delivery (CI/CD) pipelines, monitoring
infrastructures, and retraining cycles for machine learning systems (Sculley et al., 2015; Kreuzberger
et al., 2023). In commercial settings, this toolkit has proven effective. But here’s the tension: most
canonical MLOps frameworks were designed for enterprise environments where system failure
typically carries financial or reputational costs — rarely clinical ones.

Healthcare Al systems operate within a markedly different risk landscape. A patient
deterioration model that degrades quietly due to population shift does not merely reduce predictive
accuracy; it may delay a life-saving intervention. A diagnostic system that embeds demographic bias
can reinforce inequities already present in care delivery. And consider documentation: an audit trail
that omits the model version used at inference time may render a system non-compliant under the
European Union’s Artificial Intelligence Act (Al Act, 2024). The Act classifies clinical decision-support
tools as high-risk Al applications, subject to rigorous documentation, transparency, and oversight
obligations. Compliance, then, is not a bureaucratic afterthought; it is operationally central.

This divergence between general-purpose MLOps and the concrete requirements of clinical
environments motivates the present study. We introduce the notion of Clinical MLOps — a
structured extension of established MLOps practices tailored specifically to healthcare Al
deployment. The proposed four-layer framework addresses the operational constraints unique to
clinical contexts in a systematic manner. Importantly, it does not discard existing tooling; rather, it
supplements conventional pipelines with domain-specific controls that are otherwise missing. The
distinction may seem subtle, but it carries practical weight.

The remainder of the paper proceeds as follows. Section 2 surveys relevant literature on MLOps,
healthcare Al governance, and regulatory regimes. Section 3 details the proposed Clinical MLOps
framework and its four components. Section 4 outlines the demonstrative pipeline built using the
MIMIC-IV dataset and presents the results of applying the framework in practice. Section 5 examines
implications, limitations, and avenues for further investigation. Section 6 concludes the paper.

2. Background and Related Work
2.1. MLOps: Principles and Limitations

MLOps emerged as a distinct discipline in response to a persistent, almost frustrating reality:
deploying and maintaining machine learning models in production is far more complex than training
them in isolation (Sculley et al., 2015). What looks elegant in a notebook can become brittle in a live
environment. Over time, the field consolidated a set of engineering practices intended to stabilize
that transition — experiment tracking to avoid “mystery models,” versioning to ensure
reproducibility, pipeline orchestration to coordinate dependencies, monitoring to detect degradation,
and automated retraining to close the feedback loop.

Kreuzberger et al. (2023) offer a structured taxonomy of MLOps principles, distinguishing
between technical components and organizational ones. On the technical side, we encounter artifact
stores, feature stores, and model registries — the infrastructure that keeps assets traceable and
environments consistent. On the organizational side, the focus shifts to team topology, governance
routines, and deployment maturity levels. This distinction matters. A well-architected pipeline can
still fail if ownership is unclear or oversight is diffuse. Conversely, strong governance without
technical rigor produces its own fragility. The two layers are interdependent, whether teams
explicitly acknowledge it or not.

Several prominent platforms — including MLflow, Kubeflow, Apache Airflow, and Databricks
— operationalize these principles with considerable sophistication. They support experiment
management, automate workflows, and orchestrate deployments across cloud-native infrastructures
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with impressive efficiency. From a systems engineering perspective, the tooling is mature. But
maturity does not imply completeness.

As Paleyes et al. (2022) note in their systematic review of machine learning deployment
challenges, these platforms remain largely agnostic to domain-specific constraints. Security controls,
regulatory compliance mechanisms, and interpretability requirements are typically treated as
adjacent concerns — configurable add-ons rather than embedded design primitives. In many
industries, that separation may be manageable. In high-stakes domains, it becomes more problematic.
When compliance and interpretability are externalized, they risk becoming reactive rather than
structural. And that subtle shift, while easy to overlook, can have significant downstream
implications.

2.2. Healthcare Al: Deployment Challenges

The deployment of Al systems in clinical environments introduces a layer of complexity that
goes well beyond what is typically encountered in commercial settings. In retail or advertising,
performance degradation might translate into lost revenue or reduced engagement. In healthcare, the
stakes are different — and sharper.

Finlayson et al. (2021) document the phenomenon of dataset shift in clinical Al, showing that
models trained on historical electronic health record (EHR) data often degrade when introduced into
new hospital systems or even when used in the same institution over time. Why? Clinical practice
evolves. Patient populations change. Documentation habits shift. Even subtle modifications in data
collection protocols can ripple through a model’s behavior. What makes this especially concerning is
that such drift may not immediately surface in aggregate performance metrics. Instead, it can
manifest quietly — as systematically worse outcomes for particular patient subgroups. The
degradation is real, but not always visible at first glance.

Bias presents a related, and equally troubling, dimension. Obermeyer et al. (2019) demonstrated
that a widely deployed commercial healthcare algorithm exhibited racial bias, allocating fewer
resources to Black patients than to equally sick White patients. The issue was not a trivial calibration
error; it reflected structural inequities embedded within the proxy variables used for prediction. The
study made something uncomfortably clear: conventional performance metrics such as AUC-ROC
do not suffice for governing clinical AI. A model can appear statistically strong while perpetuating
inequity. Fairness metrics disaggregated across demographic attributes are therefore not optional
add-ons; they are essential evaluative components.

Building on this perspective, Wiens et al. (2019) argued for a more comprehensive evaluation
framework for clinical AI — one that extends beyond predictive accuracy to include clinical utility,
fidelity of implementation, and sustained performance monitoring. Their argument shifts the focus
from model-centric validation to system-level accountability. In practice, this implies infrastructure
capable of tracking not just predictions, but consequences; not just metrics, but impact.

Taken together, these contributions point toward a common conclusion. Clinical Al cannot be
governed solely through conventional validation workflows. It requires continuous, structured
oversight embedded within the operational lifecycle itself — precisely the gap that a Clinical MLOps
framework seeks to address.

2.3. Regulatory Frameworks: GDPR and the EU Al Act

The regulatory landscape for healthcare Al in Europe has undergone significant development
over the past decade. The General Data Protection Regulation (GDPR, 2016) laid the groundwork by
defining strict conditions for processing health data. Explicit consent, data minimization, purpose
limitation, and the right to explanation for automated decisions are not abstract legal principles; they
carry direct technical implications. For Al systems handling patient data, this means encryption both
at rest and in transit, detailed access logging, mechanisms that support explainability, and
enforceable data retention controls. Compliance, in this sense, is engineered — not merely declared.

The EU AI Act (2024) advances this regulatory trajectory by introducing a risk-based
classification scheme for Al systems. Clinical decision-support tools fall under the category of high-
risk applications. This designation entails conformity assessments, extensive technical
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documentation, post-market monitoring, and clearly defined human oversight mechanisms. Notably,
Article 9 mandates the establishment and maintenance of risk management systems across the entire
lifecycle of high-risk Al systems. The requirement is continuous rather than episodic. It aligns closely
with what a Clinical MLOps framework seeks to institutionalize: structured oversight embedded
within operational workflows.

Taken together, these regulatory instruments expand the compliance perimeter in ways that
conventional MLOps architectures were not originally designed to accommodate. A deployment
pipeline may be technically refined — orchestrated, automated, cloud-native — yet still fall short.
Without immutable audit logging, systematic model card generation, or demographic fairness
monitoring, it cannot reasonably be considered aligned with the EU Al Act’s expectations. Technical
sophistication alone does not equate to regulatory adequacy. In healthcare Al, governance must be
built into the pipeline itself, not layered on after deployment.

2.4. Research Gap

The literature reviewed thus far points to a noticeable disconnect. On one side, MLOps practices
have matured considerably in general-purpose engineering contexts. On the other, the risks and
operational fragilities of healthcare Al deployment have been extensively documented. Yet a
systematically articulated framework that integrates these two strands remains absent. The bridge,
in other words, is still under construction.

Existing contributions to responsible Al in healthcare — including Char et al. (2018) and Topol
(2019) — provide valuable ethical guidance. They articulate principles such as transparency,
accountability, and patient-centered design with clarity and urgency. However, these proposals
largely remain at the normative level. They outline what ought to be achieved, but stop short of
specifying how those principles should be embedded into day-to-day engineering workflows. The
operational layer is implied rather than formalized.

This gap is not merely academic. Without concrete implementation pathways, ethical aspirations
risk becoming aspirational checklists rather than enforceable practices. What does accountability look
like in a CI/CD pipeline? How is transparency encoded in logging infrastructure? These questions
require technical answers, not only conceptual ones.

The present paper responds directly to this need. It proposes a concrete and implementable
framework that is grounded simultaneously in regulatory mandates and established engineering
practices. Rather than introducing new abstract principles, it translates existing obligations and
governance expectations into structured operational controls — making them actionable within the
lifecycle of healthcare Al systems.

3. The Clinical MLOps Framework

The Clinical MLOps framework is organized into four interdependent layers, each addressing a
distinct set of requirements that arise at the intersection of MLOps practice and healthcare Al
governance. The layers are designed to be composable: they can be implemented progressively, with
each layer building upon the infrastructure established by the previous one. Figure 1 illustrates the
overall architecture.

3.1. Layer 1 — Privacy-Preserving Deployment Patterns

The first layer establishes a baseline that is, in healthcare, non-negotiable: patient data must be
handled in strict accordance with GDPR and applicable national data protection law. This is not
simply a compliance checkbox. It is an architectural constraint that shapes how models are designed,
deployed, and maintained. If privacy protections are bolted on after deployment, the system is
already misaligned.

This layer is structured around four interrelated design patterns.

¢ Data Minimization at Inference

Production models should operate on the smallest possible feature set necessary to generate a
prediction. That principle sounds straightforward, yet it demands discipline in practice. Feature
selection must be explicitly documented and auditable; every retained variable requires justification.
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Moreover, feature extraction pipelines should avoid persisting intermediate representations of
patient data beyond the inference window. Temporary transformations are acceptable; lingering
artifacts are not. Minimization, here, is both a technical safeguard and a governance signal.

* Encryption and Secrets Management

All patient data in transit must be encrypted using TLS 1.3 or an equivalent protocol. Data at
rest must rely on AES-256 or a comparably robust standard. However, encryption strength alone is
insufficient if key management is ad hoc. Encryption keys must be administered through a dedicated
secrets management service — such as AWS Secrets Manager or HashiCorp Vault — with rotation
policies enforced programmatically rather than manually. Automation reduces the risk of silent
lapses; in security engineering, predictability is protection.

¢ Inference Environment Isolation

Model serving containers should operate within network-isolated environments equipped with
strict egress controls to prevent unauthorized data exfiltration. Isolation reduces the attack surface
and limits blast radius in the event of compromise. In parallel, container images must undergo
vulnerability scanning as part of the CI/CD workflow. Security review is therefore not a one-time
gate; it becomes a recurring operational checkpoint embedded directly into deployment routines.

* Consent and Purpose Tracking

When inference relies on patient data collected under specific consent conditions, the
deployment pipeline must verify that the intended use aligns with the documented scope of consent
before execution. This requirement effectively transforms consent from a static record into a runtime
constraint. The system must “know” why it is permitted to act — and refrain when the purpose
diverges.

Together, these design patterns translate legal obligations into enforceable technical controls.
Privacy, in this layer, is not treated as a peripheral concern. It is operationalized as a core property of
the deployment architecture itself.

3.2. Layer 2 — Clinical Observability Mechanisms

Standard MLOps monitoring typically concentrates on technical indicators — latency,
throughput, error rates — alongside statistical measures such as prediction distributions and feature
drift. These signals are necessary; without them, operational stability quickly erodes. Yet in clinical
environments, they are not sufficient. Observability must extend beyond system health to encompass
signals that are clinically meaningful.

Clinical observability therefore broadens the monitoring surface in several critical ways.

¢ Clinical Outcome Linkage

Where outcome data becomes available within an acceptable latency window, model predictions
should be systematically linked to observed clinical outcomes. This enables ongoing calibration
assessment rather than one-time validation. Achieving this requires direct integration between the
inference pipeline and the clinical data repository. The technical implication is straightforward but
non-trivial: prediction logs must be persistently joinable with outcome records. Calibration, in this
context, is not a retrospective academic exercise; it becomes a live operational metric.

* Demographic Fairness Monitoring

Model performance indicators — including precision, recall, and F1 score — must be computed
and monitored separately across protected attributes such as age group, sex, and ethnicity, where
available. Aggregated performance can obscure subgroup disparities. Threshold-based alerts should
be configured to activate when performance gaps exceed predefined tolerances. The goal is not
merely to detect bias retrospectively, but to surface disparities early enough to prompt structured
review.

e Concept Drift Detection

Statistical drift detection methods — including ADWIN, Page-Hinkley, and the Population
Stability Index — should be applied to both input feature distributions and prediction output
distributions. In clinical settings, however, drift detection must be coupled with governance
safeguards. Alerts should trigger human review rather than automated retraining. Automated
adaptation to distributional shift may be efficient in commercial systems; in healthcare, the
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unintended consequences of unsupervised retraining can be significant. Human oversight therefore
functions as a stabilizing control.

* Uncertainty Quantification

Production models should expose uncertainty estimates alongside point predictions. These may
take the form of calibration metrics or conformal prediction intervals. Presenting uncertainty is not
an admission of weakness; it is a communication of epistemic limits. Clinicians should be explicitly
informed when the model operates in low-confidence regimes, enabling informed judgment rather
than blind reliance.

Taken together, these extensions redefine observability in clinical AI. Monitoring is no longer
confined to system performance metrics; it becomes a structured mechanism for safeguarding clinical
validity, equity, and interpretability over time.

3.3. Layer 3 — Compliance-Oriented Audit Trail Architecture

The EU Al Act stipulates that high-risk Al systems must maintain logs capable of reconstructing
system behavior over an appropriate retention period. In clinical environments, this obligation
becomes concrete and technically demanding. Logging is no longer a debugging convenience; it is a
regulatory artifact.

In practice, this requirement translates into several structured audit trail controls.

¢ Immutable Inference Logging

Every model inference must generate a durable log entry containing, at minimum, the
timestamp, the exact model version (including a hash of the training dataset), pseudonymized input
feature values, the output prediction with an associated confidence score, and the identity of the
requesting system or authenticated user. Immutability is central. Logs must be tamper-evident,
ensuring that retrospective review cannot be compromised by post hoc modification. Reconstruction
of a single prediction event should be possible without ambiguity.

* Model Lineage Tracking

Each deployed model must possess a fully traceable lineage. This includes the specific training
dataset version, the preprocessing pipeline version, hyperparameter configurations, the training
environment, and the final deployed artifact. The lineage record should be stored within an
immutable model registry. Traceability here functions as both a quality assurance mechanism and a
compliance safeguard. If a clinical outcome is questioned, the underlying computational pathway
must be reproducible.

e Change Management Integration

Model deployment events should be formally integrated into the organization’s change
management framework. Releases are not informal updates; they are governed modifications subject
to documented review and approval procedures aligned with clinical governance standards. Treating
deployment as a controlled change event reinforces accountability and ensures multidisciplinary
oversight.

* Data Retention and Right to Erasure

Audit logs that contain patient-linked elements must comply with GDPR retention constraints
and support data erasure requests. This necessitates architectural foresight. Patient identifiers should
be logically separated from inference metadata at the point of design, enabling selective deletion
without compromising system-level audit integrity. The separation is not merely technical
housekeeping; it is a structural prerequisite for lawful operation.

Collectively, these requirements formalize auditability as a first-order system property. In high-
risk clinical Al applications, traceability is not an optional enhancement — it is an operational
obligation embedded in the lifecycle of the system itself.

3.4. Layer 4 — Human-in-the-Loop Governance Protocols

Article 14 of the Al Act establishes that high-risk Al systems must be designed in a way that
meaningfully enables human intervention. Oversight is not symbolic; it must be actionable. Humans
should not merely observe system outputs — they must be able to understand, question, and, when
necessary, interrupt them. In clinical environments, this requirement becomes operationally precise.
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Clinical MLOps translates these oversight obligations into concrete governance controls.

¢ Override Mechanisms

Every Al-generated recommendation must be overridable by a qualified clinician without
procedural friction. The interface should not penalize disagreement or require justification beyond
standard clinical documentation norms. Override events must be systematically logged, and override
frequency monitored as an indicator of model trust, usability, and potential misalignment with
clinical workflow. A consistently high override rate may signal calibration drift or contextual blind
spots; a zero-override pattern may raise different questions. Both extremes warrant examination.

¢ Escalation Thresholds

Automated systems must define explicit escalation thresholds — predefined conditions under
which Al-assisted recommendations are suspended and cases are routed to human review. These
thresholds may be triggered by uncertainty estimates, drift alerts, or anomalous prediction patterns.
Crucially, escalation criteria must be clinically validated and formally documented. Suspension is not
a failure state; it is a safeguard embedded within system design.

¢ Periodic Human Review

Irrespective of automated monitoring signals, model performance metrics and governance
documentation must undergo review by qualified personnel at predetermined intervals, such as
quarterly cycles. This review should encompass calibration status, fairness assessments, incident
logs, and documentation completeness. Outcomes must be recorded and linked directly to the
model’s lifecycle registry. Scheduled review reinforces the principle that oversight is continuous
rather than reactive.

¢ Incident Response Protocol

A formally documented incident response protocol must specify actions to be taken in the event
of confirmed model failure or harmful behavior. This includes containment measures,
communication pathways, and — where required by clinical ethics or regulation — patient
notification procedures. Clear role delineation is essential. When responsibility is diffuse, response
becomes delayed; when response is delayed, harm may escalate.

Together, these mechanisms operationalize human oversight as a structured component of
system governance. The objective is not to diminish automation, but to ensure that automated
assistance remains bounded by accountable, informed human control.

4. Demonstrative Pipeline: Patient Deterioration Prediction with MIMIC-IV
4.1. Dataset Description

MIMIC-IV (Medical Information Mart for Intensive Care, version 2.2) is a large, publicly
accessible database containing de-identified health data from patients admitted to the Beth Israel
Deaconess Medical Center (BIDMC) in Boston, Massachusetts, between 2008 and 2019 (Johnson et al.,
2023). The scale alone is substantial: over 40,000 ICU stays and approximately 190,000 hospital
admissions. But scale is only part of the story.

The dataset combines structured elements — vital signs, laboratory measurements, medication
administrations, procedure codes — with unstructured artifacts such as clinical notes and radiology
reports. This duality makes it particularly suitable for realistic pipeline construction. It resembles the
messy, heterogeneous data landscapes encountered in operational hospital systems. Clean in
governance, complex in structure. That combination is rare.

Access to MIMIC-IV is mediated through PhysioNet under a formal Data Use Agreement
(DUA). Credentialing is required, alongside completion of a recognized human research data use
training program. These access conditions are not incidental; they reinforce a culture of responsible
data stewardship even in research settings. Importantly, because the dataset is fully de-identified in
accordance with HIPAA Safe Harbor guidelines, its use in the present pipeline does not necessitate
additional Institutional Review Board (IRB) approval. The regulatory footing is therefore clear.

The selection of MIMIC-IV as the validation substrate for the Clinical MLOps framework is
deliberate. First, it is widely adopted within the clinical Al research community, enabling
comparability with prior work. Second, its structural complexity approximates real-world electronic
health record systems, stress-testing pipeline design choices. Third, and perhaps most pragmatically,
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its public availability ensures that the proposed pipeline remains reproducible. Reproducibility is not
a rhetorical commitment here; it is technically achievable.

In short, MIMIC-IV provides a realistic yet governed environment in which Clinical MLOps
controls can be implemented, examined, and scrutinized without ambiguity about data provenance
or regulatory posture.

4.2. Prediction Task

The demonstrative pipeline implements a binary classification task: prediction of in-hospital
mortality within 48 hours for adult ICU patients, based on the first 24 hours of available clinical data.
This task is well-established in the clinical Al literature (Harutyunyan et al., 2019) and provides a
realistic context for demonstrating Clinical MLOps controls, as it involves: sensitive patient data,
time-critical predictions, potential for demographic bias, and clear clinical consequences of model
failure.

4.3. Pipeline Architecture

The pipeline is implemented on a cloud-native infrastructure using containerized microservices.
The technology stack reflects current industry practice and is compatible with the Clinical MLOps
framework:

Table 1. Clinical MLOps pipeline technology stack and layer mapping.

Component Technology Clinical MLOps Layer
Data extraction & versioning DVC + PostgreSQL Layer 3 (Lineage)
Feature engineering Apache Spark / PySpark Layer 1 (Minimization)
Experiment tracking MLflow Layer 3 (Audit Trail)
Model training scikit-learn / XGBoost Layer 2 (Uncertainty)
CI/CD pipeline GitHub Actions Layer 3 (Change Mgmt)
Model serving FastAPI + Docker Layer 1 (Isolation)
Monitoring Grafana + Prometheus Layer 2 (Observability)
Drift detection Evidently Al Layer 2 (Drift)
Secrets management HashiCorp Vault Layer 1 (Encryption)
Audit logging Immutable object store (S3) Layer 3 (Logging)
Human review interface Custom dashboard Layer 4 (HITL)

4.4. Feature Engineering and Data Minimization

In alignment with the data minimization principle articulated in Layer 1, we extract a
deliberately parsimonious feature set of 17 variables from MIMIC-IV. The selected variables include:
age, sex, primary ICD-10 diagnosis category, Glasgow Coma Scale (GCS) score, mean arterial
pressure, heart rate, respiratory rate, temperature, SpO2, serum creatinine, serum lactate, albumin,
bilirubin, platelet count, INR, vasopressor use flag, and mechanical ventilation flag.

The selection is not arbitrary. It draws from established clinical severity scoring frameworks —
notably SOFA and APACHE II — and aligns with prior validation work demonstrating predictive
relevance for patient deterioration (Harutyunyan et al., 2019). In other words, the feature space is
intentionally constrained yet clinically grounded. More variables might increase apparent model
flexibility, but constraint here functions as discipline. It reduces privacy exposure and supports
interpretability without sacrificing clinical signal.
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Feature extraction is implemented through a time-windowed aggregation pipeline built in
PySpark. Temporal aggregation is necessary to reconcile heterogeneous sampling frequencies across
vital signs and laboratory measurements. The aggregation logic itself is version-controlled alongside
the training codebase. At training time, the hash of the aggregation script is recorded within the
model metadata, thereby satisfying the lineage requirements specified in Layer 3. This ensures that
feature engineering steps are not merely documented but cryptographically traceable.

Missing values are addressed through median imputation. Crucially, imputation statistics are
computed exclusively on the training set to prevent data leakage into validation or test partitions.
While median imputation is methodologically simple, its transparency supports reproducibility and
auditability. More complex imputation schemes could be considered, yet simplicity here enhances
traceability — an important trade-off in regulated environments.

The resulting dataset is compact, clinically interpretable, and fully versioned from raw
extraction through aggregation. This disciplined construction establishes a controlled foundation for
subsequent model training and governance controls.

4.5. Model Training and Uncertainty Quantification

A gradient-boosted decision tree model, implemented via XGBoost, is trained on hospital
admissions recorded between 2008 and 2016 — roughly 70% of the available dataset. Evaluation is
conducted on a temporally distinct holdout set comprising admissions from 2017 to 2019. This
temporal partitioning is intentional. Random splits may inflate apparent performance; temporal
splits better approximate real deployment conditions, where models confront future data shaped by
evolving clinical practice and shifting patient populations. In effect, the split introduces a controlled
test of distributional drift across time.

To comply with the uncertainty quantification requirements defined in Layer 2, we apply post-
hoc isotonic regression calibration (Platt, 1999) to transform raw model scores into calibrated
probability estimates. Calibration is not cosmetic. In clinical decision-making, the reliability of
predicted probabilities directly influences threshold selection and risk communication. Calibration
quality is assessed using the Expected Calibration Error (ECE) and visualized through reliability
diagrams, which expose systematic overconfidence or underconfidence across probability bins.

Beyond calibration, we incorporate conformal prediction methods (Angelopoulos & Bates, 2022)
to generate prediction sets with a guaranteed 90% coverage level. This approach produces explicit
uncertainty bounds for each case rather than a single point estimate. For clinicians, this distinction
matters. A prediction accompanied by a quantifiable uncertainty interval communicates epistemic
limits in a structured manner. It signals when the model is operating within familiar territory — and
when it is not.

Together, temporal validation, probabilistic calibration, and conformal prediction embed
statistical rigor within the training and evaluation workflow. The model is not merely optimized for
discrimination; it is structured to communicate risk with calibrated confidence under realistic
deployment conditions.

4.6. Fairness Evaluation

Consistent with Layer 2 demographic fairness monitoring requirements, we compute model
performance metrics disaggregated by sex (male/female) and age group (18—44, 45-64, 65-79, 80+).
We evaluate three fairness metrics: equalized odds (Hardt et al., 2016), demographic parity
difference, and predictive parity. Results are presented in Table 2.

Table 2. Model performance metrics disaggregated by demographic subgroup (held-out temporal test set, 2017—

2019).
Subgroup AUC-ROC Sensitivity Specificity
Overall 0.847 0.781 0.833 0.612
Male 0.851 0.793 0.828 0.624
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Subgroup AUC-ROC Sensitivity Specificity PPV
Female 0.839 0.764 0.841 0.597
Age 18-44 0.821 0.748 0.861 0.541
Age 45-64 0.844 0.779 0.834 0.608
Age 65-79 0.853 0.788 0.829 0.621
Age 80+ 0.838 0.761 0.842 0.589

The results indicate broadly consistent performance across demographic subgroups, with the
most notable gap observed between the youngest (18—44) and oldest-middle (65-79) age groups on
AUC-ROC (0.821 vs. 0.853). This gap, while modest, would trigger a Layer 2 fairness alert under a
monitoring threshold of +0.03 AUC points, prompting review of potential systematic differences in
data quality or clinical management patterns for younger ICU patients.

4.7. Drift Simulation and Monitoring

To evaluate the Layer 2 drift detection mechanisms under controlled conditions, we simulate a
plausible concept drift scenario. Specifically, we introduce an artificial distributional shift in the test
set by modifying the mechanical ventilation flag distribution to mirror documented changes in ICU
ventilation practices observed during the COVID-19 pandemic (Grasselli et al., 2020). The objective
is not to recreate the pandemic in full complexity, but to approximate a realistic structural shift in
care patterns — the kind that models trained on historical data might struggle to absorb.

We then apply ADWIN drift detection (Bifet & Gavalda, 2007) to the distribution of prediction
scores and compute the Population Stability Index (PSI) on the input feature distributions. This dual-
layer approach allows us to monitor both upstream input shifts and downstream output instability.
Drift, after all, can manifest in different parts of the pipeline. Observing only one layer would be
insufficient.

Under continuous monitoring with a 15-minute evaluation window, drift detection triggers
identify the introduced shift within 48 hours of simulated operation. The performance impact is
measurable: AUC-ROC declines from 0.847 to 0.793 under the shifted distribution — a 6.4%
reduction. While numerically modest, this decrease surpasses the predefined clinical alert threshold
of 5% AUC degradation. The system therefore activates the escalation protocol, suspending
autonomous confidence in the model and triggering structured human review in accordance with
Layer 4 governance requirements.

The experiment demonstrates two points. First, statistically detectable drift can translate into
clinically meaningful performance degradation. Second, embedding drift detection within a
governed escalation framework ensures that detection leads to accountable action rather than silent
degradation.

4.8. Audit Trail Implementation

Each inference executed against the deployed model generates a corresponding immutable log
entry, stored within an append-only object store. The append-only constraint is deliberate: it enforces
write-once semantics and prevents retrospective modification. In regulated clinical environments,
reconstructability is not optional — it is foundational.

Every log record includes the following elements: the inference timestamp (UTC), the model
version identifier (captured as the MLflow run ID), the SHA-256 hash of the training dataset, the
input feature vector (pseudonymized through consistent hashing of the patient encounter ID), the
raw prediction score alongside its calibrated probability, the conformal prediction set, and the
identifier of the requesting system. Together, these fields enable complete reconstruction of the
computational context surrounding any given prediction event.

To reinforce integrity guarantees, log records are encrypted at rest using AES-256. In addition,
each entry is sealed with a time-stamped digital signature, establishing non-repudiation. This means
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that inference records are not merely stored — they are cryptographically anchored. If questioned
during regulatory inspection or clinical incident review, the authenticity of the record can be
independently verified.

The audit log architecture is intentionally structured to balance traceability with GDPR data
minimization requirements. Patient identifiers are decoupled from inference metadata through a
dedicated pseudonymization layer. This separation enables targeted deletion of identifier mappings
in response to erasure requests, without compromising the integrity of the broader audit trail. The
design choice may seem subtle, but it resolves a common tension: how to preserve accountability
while respecting data subject rights.

In effect, the logging system serves two simultaneous purposes. It supports regulatory scrutiny
through structured queryability, and it preserves privacy guarantees through architectural
compartmentalization. Accountability and minimization, rather than competing, are engineered to
coexist.

5. Discussion
5.1. Gap Analysis: Standard MLOps vs. Clinical MLOps

The demonstrative pipeline makes concrete the gaps between standard MLOps practice and the
requirements of clinical Al deployment. Table 3 summarizes the key gaps identified and the Clinical
MLOps controls that address them.

Table 3. Gap analysis: standard MLOps vs. Clinical MLOps framework.

Gap in Standard MLOps Clinical Risk Clinical MLOps Control
No demographic fairness Undetected bias in Layer 2: Disaggregated performance
monitoring patient subgroups monitoring
Automated retraining on Unvalidated model in Layer 2: Human-escalation on drift

drift detection

No clinical outcome linkage

No immutable inference
logging
No uncertainty

quantification at serving

Container not

enforced

security

No human override tracking

Model lineage not formally
recorded

production

Model calibration
invisible to operators

Al Act non-compliance

Overconfident

predictions used

uncritically

Data exfiltration risk

Al Act Article 14 non-
compliance

Audit trail incomplete

alert

Layer 2: Outcome-linked calibration
monitoring

Layer 3: Append-only audit trail

Layer 2: Conformal prediction
intervals
Layer 1: Network isolation +

vulnerability scanning

Layer 4: Override logging and review

Layer 3: Immutable model registry
with lineage

5.2. Regulatory Alignment

The Clinical MLOps framework is explicitly designed to operationalize the requirements of the
EU AI Act for high-risk healthcare Al systems. Article 9 (Risk Management System) is addressed by
Layers 2 and 4; Article 12 (Record-keeping) by Layer 3; Article 13 (Transparency) by Layers 2 and 3;
Article 14 (Human Oversight) by Layer 4; and Article 17 (Quality Management System) by the
integrated governance process spanning all four layers. The framework thus provides a concrete

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202602.1951.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 28 February 2026 d0i:10.20944/preprints202602.1951.v1

12 of 14

engineering pathway for healthcare organizations seeking Al Act compliance without prescribing
specific technology choices.

5.3. Limitations

Several limitations of the present work merit explicit acknowledgment. No framework, however
structured, is immune to contextual constraints.

First, the demonstrative pipeline is constructed using a single, extensively studied dataset —
MIMIC-IV — derived from one institution in the United States. While this choice supports
reproducibility and methodological transparency, it also narrows the empirical base. Healthcare
systems differ substantially in electronic health record (EHR) architecture, documentation practices,
patient demographics, and regulatory enforcement cultures. Generalizing these findings to other
environments — particularly lower-resource settings with fragmented infrastructure — requires
additional validation. The framework is designed to be portable; whether it performs equivalently
across contexts remains an empirical question.

Second, the fairness analysis is necessarily constrained by the demographic attributes available
within MIMIC-IV. Variables such as age, sex, and ethnicity are included, but broader socioeconomic
indicators and social determinants of health are not systematically captured. This limitation restricts
the depth of equity analysis. Bias detection, in this configuration, reflects what is measurable rather
than what is socially comprehensive. Future implementations would benefit from integrating richer
contextual data, provided governance safeguards are maintained.

Third, the proposed escalation thresholds — including a 5% AUC degradation trigger and a
#0.03 AUC fairness gap threshold — are informed by prior literature and operational judgment.
However, these thresholds should not be treated as universally prescriptive. Clinical risk tolerance
varies by application domain, and stakeholder consultation is essential before translating such
parameters into binding deployment policies. Technical plausibility must be aligned with clinical
consensus.

Fourth, the framework concentrates on technical and process-level governance mechanisms.
Organizational and cultural dynamics — clinician trust in Al systems, institutional readiness for Al
integration, and workforce training requirements — fall outside its immediate scope. Yet these
human factors exert significant influence on real-world performance. A technically robust Clinical
MLOps pipeline may still falter if adoption is hesitant or if oversight roles are ambiguously defined.
Implementation, therefore, demands attention not only to infrastructure but also to institutional
culture.

These limitations do not invalidate the framework; rather, they delineate its current boundaries.
Addressing them will require interdisciplinary collaboration, iterative validation, and continued
engagement with both clinical practitioners and regulatory bodies.

5.4. Future Work

Several avenues for future investigation follow naturally from the present work. The framework,
as articulated, is structurally coherent and technically implementable — yet its real test lies beyond
controlled demonstration environments.

First, prospective validation in live clinical settings is essential. Controlled experiments offer
clarity; operational hospitals introduce friction. Measuring the compliance overhead associated with
Clinical MLOps — and its impact on model development velocity — would provide valuable insight
into the trade-offs between governance rigor and innovation speed. Does stronger oversight
meaningfully slow iteration cycles? Or does early governance integration reduce downstream
remediation costs? Only deployment-based studies can resolve this tension.

Second, the fairness monitoring layer could be strengthened through the incorporation of causal
fairness methodologies (Kusner et al., 2017). Current subgroup performance comparisons detect
disparities, but they do not necessarily distinguish between spurious correlations and clinically
justified risk differentials. Causal frameworks offer a more nuanced analytical lens, enabling
differentiation between structural bias and legitimate predictive signal. Integrating such methods
would increase analytical depth, though it would also raise methodological complexity.
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Third, extending the framework to federated learning architectures (McMahan et al., 2017)
would broaden its applicability to multi-institutional contexts. Federated approaches allow
collaborative model training across hospital networks without centralizing patient-level data. This
architecture aligns naturally with privacy-preserving principles, yet introduces additional
governance questions: how are updates validated, how is drift monitored across sites, and how is
cross-institutional accountability coordinated? Embedding Clinical MLOps controls within federated
infrastructures represents a promising, if technically demanding, direction.

Finally, the relationship between Clinical MLOps maturity and measurable clinical outcome
improvement warrants systematic evaluation. The assumption underlying this framework is that
stronger operational governance enhances patient safety and system reliability. That assumption is
plausible — but it remains empirical. Longitudinal, outcome-linked deployment studies are
necessary to determine whether enhanced lifecycle controls translate into tangible improvements in
patient outcomes.

In short, the framework establishes a structured foundation. Its broader value will depend on
iterative validation, cross-institutional adaptation, and sustained empirical inquiry into the link
between operational rigor and clinical impact.

6. Conclusions

This paper has argued that deploying Al systems in clinical environments demands more than
a straightforward application of conventional MLOps practices. It requires a specialized operational
structure — one that integrates domain-specific controls for privacy protection, clinically meaningful
observability, regulatory traceability, and structured human oversight. The proposed Clinical
MLOps framework organizes these controls into four interdependent layers, each designed to
address a distinct category of requirements emerging at the intersection of healthcare delivery and
regulatory accountability.

The demonstrative pipeline built on the MIMIC-IV dataset provides a concrete instantiation of
these principles. Rather than remaining conceptual, the framework is exercised end to end, exposing
specific shortcomings in standard MLOps configurations when placed under clinical and regulatory
constraints. Importantly, these shortcomings are not resolved through experimental tooling or
speculative architectures. They can be addressed using established, production-grade technologies
— provided those technologies are arranged and governed according to Clinical MLOps principles.
The distinction is architectural rather than technological.

It is worth emphasizing that the framework does not function as a brake on innovation. On the
contrary, it establishes the operational scaffolding necessary for innovation to persist responsibly
over time. Without structured governance, clinical Al systems risk degradation, inequity, or non-
compliance. With structured governance, iterative improvement becomes sustainable rather than
precarious.

As healthcare Al transitions from research experimentation to embedded clinical infrastructure,
the need for implementation-oriented frameworks becomes increasingly acute. Ethical guidelines
and regulatory mandates articulate important expectations, but they do not, by themselves, specify

engineering pathways. Clinical MLOps seeks to bridge that divide — translating normative
requirements into operational design patterns that can be executed, audited, and continuously
improved.
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