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Introduction

Luis Herrera , Daniela Rojas , Andres Castro1* 1 2

Post-deployment performance degradation in clinical artificial intelligence systems remains a persistent barrier to
sustained patient safety and regulatory adherence. Unlike pre-market validation, real-world deployment exposes
models to continuous data shifts, input anomalies, and contextual drift that standard retraining protocols cannot
preemptively address. This conceptual systems manuscript presents an original error-taxonomy framework designed
specifically to identify, classify, and act upon post-deployment error signals, thereby triggering safe, targeted model
revisions without disrupting clinical workflows. Synthesizing peer-reviewed evidence, the framework introduces a
layered orchestration infrastructure that integrates error taxonomy classification with governance-constrained decision
logic. A unique closed-loop feedback topology ensures iterative refinement while preserving traceability for auditability.
Three interpretive formulas quantify risk propagation, decision confidence under taxonomic uncertainty, and
governance load. The proposed architecture, termed the error taxonomy update and revision framework (ETURF),
provides a theoretical blueprint for responsible lifecycle management across imaging, tabular, and multimodal clinical
environments. By anchoring revision triggers to clinically interpretable error categories rather than aggregate metrics,
the framework advances infrastructural safety in healthcare AI deployment. This work establishes a conceptual
foundation for future integration into hospital information systems and regulatory oversight mechanisms.
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Post-deployment vulnerabilities in
clinical AI ecosystems
Clinical AI systems, once deployed, operate within dynamic
hospital ecosystems where patient demographics,
diagnostic protocols, and data acquisition hardware evolve
continuously [1]. Unlike controlled development
environments, real-world clinical settings introduce
operational variability that interacts with model assumptions
in unpredictable ways. Changes in clinical workflows,
adoption of new imaging sequences, updates to laboratory

instrumentation, or shifts in patient population
characteristics can gradually alter the statistical properties
of incoming data streams. These environmental shifts
generate error signals that pre-deployment testing cannot
capture, including silent performance erosion and localized
failure modes that compromise diagnostic accuracy [2-4].
Such degradations may remain undetected for extended
periods because clinical AI systems often continue
producing plausible outputs even when underlying
calibration has deteriorated. Without structured triggers for
revision, models risk propagating undetected harms across
interconnected care pathways, potentially influencing
triage, diagnostic interpretation, or treatment planning
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decisions downstream [5-7]. Recent syntheses highlight
that post-deployment degradation occurs in up to 40% of
real-world deployments within 12–24 months, underscoring
the need for proactive infrastructural safeguards rather than
reactive retraining cycles initiated only after major
performance failures become visible [3, 8-11]. Establishing
systematic monitoring and intervention mechanisms is
therefore essential to ensure that clinical AI systems remain
aligned with evolving care environments.

Error manifestations across healthcare
data modalities
Error patterns differ markedly by modality, reflecting the
heterogeneous nature of clinical data pipelines and their
susceptibility to distinct forms of distributional shift [8, 12-
20]. Imaging pipelines, for instance, frequently encounter
shifts arising from scanner upgrades, reconstruction
algorithm changes, or protocol modifications that alter
image intensity distributions and spatial resolution. Even
minor calibration differences between imaging devices can
produce subtle deviations that accumulate into measurable
model performance degradation over time. In contrast,
models operating on electronic health record (EHR) data
face temporal drift in laboratory reference ranges,
diagnostic coding standards, and documentation practices,
all of which reshape feature distributions used for predictive
inference [4, 14]. Multimodal systems—integrating imaging,
clinical notes, laboratory values, and physiological signals
—compound these challenges through cross-modal
misalignment, where inconsistencies across data sources
introduce complex error interactions that are difficult to
detect through single-modality monitoring alone [13, 16].
Consequently, taxonomy-based classification of errors
becomes essential for isolating modality-specific error
signatures. Such structured categorization allows
institutions to identify the origin of performance degradation
and apply targeted mitigation strategies, thereby preventing
unnecessary blanket model replacement that could disrupt
previously validated clinical pathways or introduce
unintended workflow disruptions [5, 21].

Table 1 defines the six-branch clinical error taxonomy
underpinning ETURF and clarifies how each category
generates interpretable monitoring signals and targeted
revision actions.

Table 1. Clinical error taxonomy for post-deployment AI
monitoring and revision triggering
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Theoretical Background and
Literature Synthesis

Governance constraints shaping safe
revision practices
Clinical AI revision strategies must operate within
governance frameworks defined by regulatory agencies,
hospital compliance units, and institutional ethics
committees. These bodies impose strict requirements for
traceability, transparency, and human oversight in
algorithmic decision-making processes, particularly when AI
outputs influence high-stakes clinical judgments [6, 9]. Any
revision mechanism must therefore embed governance
load calculations that evaluate the operational burden
associated with updating or recalibrating deployed models.
Such calculations help balance patient safety imperatives
against the need to maintain operational continuity in
healthcare settings, where even minor disruptions to clinical
workflows can affect care delivery [12, 22-27]. Revision
strategies must also ensure auditability, enabling
institutions to document why a model was modified, what
data informed the change, and how potential risks were
assessed before deployment. Failure to incorporate these
governance constraints risks regulatory non-compliance
and erosion of clinician trust—an especially critical concern
when algorithmic recommendations influence diagnostic
interpretation, treatment prioritization, or prognostic
assessments in areas such as critical care, oncology, and
emergency medicine [10, 22]. Robust governance
integration is therefore not merely an administrative
requirement but a prerequisite for the sustainable adoption
of adaptive clinical AI systems.

The imperative for structured update
triggers in real-world deployments
Despite increasing awareness of model degradation in
healthcare AI, most monitoring frameworks rely on
aggregate performance thresholds—such as accuracy or
area under the curve—that provide limited clinical
interpretability and often fail to capture localized error
patterns [2, 23]. These aggregate metrics can obscure
meaningful degradation occurring within specific patient
subgroups, imaging modalities, or clinical contexts. A
taxonomy-driven trigger system offers a more clinically
aligned alternative by linking specific categories of detected
errors directly to defined revision actions. Through this
approach, monitoring infrastructure can identify when
particular failure signatures—such as distributional shifts in
imaging data, drift in laboratory variables, or cross-modal
inconsistencies—reach predefined thresholds that warrant

targeted intervention [18, 24]. Such triggers enable
granular, auditable responses that preserve system stability
while addressing emerging risks before they propagate
widely across healthcare workflows. In this context, revision
becomes a structured governance process rather than an
ad hoc engineering task. This manuscript therefore
introduces ETURF as a conceptual orchestration
infrastructure designed to operationalize taxonomy-driven
monitoring, trigger detection, and controlled revision
pathways within real-world clinical AI ecosystems [25, 26].
By embedding structured update triggers into the lifecycle
of deployed models, ETURF aims to support safe,
transparent, and sustainable adaptation of clinical AI
systems in continuously evolving healthcare environments.

Continuous monitoring architectures for
deployed clinical AI
Foundational work established the necessity of post-market
surveillance beyond initial validation [1, 3]. Early
contributions emphasized continual monitoring pipelines
that detect degradation without requiring full retraining
cycles [16, 28]. Subsequent scoping reviews synthesized
evidence across institutions, revealing that performance
drift manifests heterogeneously and demands modality-
aware detection strategies [2, 20]. These studies
collectively demonstrate that passive logging is insufficient;
active, taxonomy-informed monitoring infrastructures are
required to translate raw drift signals into actionable
revision triggers [5, 11].

Detection and classification of
distribution shifts in healthcare
Dataset and distribution shifts constitute the predominant
error source in longitudinal deployments [4, 8]. Simulation-
based and retrospective analyses have quantified how
shifts in imaging acquisition parameters or population
demographics degrade model calibration [15, 17].
Nonparametric updating methods were proposed to correct
drift, yet these remain reactive [14, 21]. More recent
empirical examinations of real-world medical imaging
datasets confirmed that drift detection must precede
revision and must be grounded in clinically meaningful
categories rather than statistical thresholds alone [8, 23].
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Longitudinal multi-hospital evaluations further illustrated
that model shifts vary by institution, necessitating
standardized taxonomic classification to enable cross-site
comparability [11, 19].

Ethical, regulatory, and governance
frameworks for AI updating
Ethical analyses have framed predictive model updating as
a moral imperative, highlighting risks of harm from outdated
algorithms [7, 9]. Regulatory science has advanced
transparency requirements for AI-enabled devices, while
responsible-deployment guidelines stress the integration of
human oversight into revision workflows [6, 13].
Recommendations for safety in real-world clinical care
underscore the need for auditable decision pathways that
link error detection to governance-approved triggers [12,
27]. These perspectives converge on the requirement for
an error-taxonomy layer that renders revision decisions
interpretable to both clinicians and regulators [10, 26].

Longitudinal performance insights and
revision readiness
Studies tracking model performance across multiple use
cases reveal recurrent patterns of decay that align with
discrete error families: data drift, concept drift, annotation
inconsistency, and hardware-induced artifacts [11, 14].
Continuous-learning proposals in radiology and
radiotherapy planning have demonstrated the feasibility of
incremental updates, yet lack a formal taxonomy to
prioritize interventions [16, 17]. Scoping reviews of
reporting gaps in approved devices and protocol designs
for error detection further expose the absence of unified
frameworks capable of orchestrating safe revisions at scale
[19, 20]. Collectively, this literature establishes the
theoretical prerequisites for an integrated infrastructure that
converts taxonomic error signals into governed update
triggers, thereby closing the gap between detection and
safe revision [18, 24].

Error-taxonomy orchestration
infrastructure for post-deployment
update triggers in clinical AI
The proposed error taxonomy update and revision
framework (ETURF) constitutes a novel architectural
orchestration layer for clinical AI governance [1, 5]. ETURF
is structured as a four-layer stack with a bidirectional

feedback topology that ensures closed-loop refinement
while maintaining regulatory traceability [3, 13].

Layer 1 (real-time error detection) ingests streaming clinical
data and flags anomalies using lightweight statistical and
embedding-based detectors [2, 4]. Layer 2 (taxonomy
classification) maps detected signals to a hierarchical error
taxonomy comprising six primary branches: data-
distribution drift, concept drift, annotation drift, hardware-
induced artifact, population-shift mismatch, and adversarial
input [8, 15]. Each branch carries severity and propagation-
potential attributes [7, 12]. Layer 3 (trigger evaluation)
applies governance-constrained thresholds to generate
revision recommendations [6, 9]. Layer 4 (safe revision
orchestration) executes approved updates via
containerized incremental learning modules, followed by
automated shadow validation before clinical re-deployment
[14, 16].

The feedback topology operates bidirectionally: Layer 4
reports revision outcomes back to Layer 1 for detector
recalibration, while Layer 3 logs governance decisions to
an immutable audit ledger accessible by institutional
oversight committees [10, 27]. This topology prevents
cascading errors and enables continuous taxonomy
refinement without external retraining cycles [11, 18].

Figure 1 illustrates the ETURF, depicting how real-time
error detection, hierarchical taxonomy classification, trigger
evaluation, and governed model revision operate within a
closed-loop infrastructure for safe post-deployment clinical
AI adaptation.

Figure 1. Error taxonomy update and revision framework
(ETURF): governance-constrained architecture for post-

deployment clinical AI updating

Three interpretive formulas formalize core dynamics. Risk
propagation is expressed as:
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 (1)

where ​ is the category-specific weight,  is severity, and
 denotes instantaneous drift intensity within taxonomy

class c  [4, 8].

Decision confidence under taxonomic uncertainty is given
by:

 (2)

where is the posterior probability of class c,  is
mapped mitigation efficacy, G is governance load, and λ  is
an institutional calibration constant [9, 12].

Governance load is quantified as:

 (3)

Where  is approval steps required for revision r,   is
validation volume, and   ​ is human-review hours [6, 13].
These formulas serve as conceptual lenses for
infrastructure design rather than empirical estimators,
enabling architects to balance safety against operational
burden [3, 27].

ETURF differs from prior monitoring proposals by
embedding taxonomy classification as the central
orchestration pivot, thereby transforming passive
surveillance into governed, trigger-driven revision [2, 5].
The architecture is deployment-agnostic, supporting cloud-
edge hybrids and legacy hospital information systems
through standardized APIs [18, 26]. By design, ETURF
enforces minimal viable revision—updating only affected
sub-modules—thus preserving previously validated clinical
performance [14, 16]. This layered, feedback-rich
infrastructure provides the theoretical scaffolding required
for safe, scalable post-deployment management of clinical
AI [1, 25].

Systemic impact dynamics of error-
taxonomy framework in post-
deployment clinical AI revision cycles

The deployment of the ETURF generates cascading effects
across clinical, operational, regulatory, and societal
dimensions of healthcare delivery. By anchoring revision
triggers to a hierarchical taxonomy of six primary error
branches—data-distribution drift, concept drift, annotation
drift, hardware-induced artifact, population-shift mismatch,
and adversarial input—the infrastructure transforms
previously opaque performance degradation into clinically
interpretable signals that propagate risk in a controlled and
auditable manner. Theoretical propagation of risk can be
conceptualized through the interpretive lens of the risk-
propagation equation introduced earlier, where cumulative
drift intensity within each taxonomic class is weighted by
severity and category-specific clinical stakes. This
formulation reveals that unchecked data-distribution drift in
imaging pipelines, for instance, can amplify diagnostic error
rates exponentially across patient cohorts, whereas
targeted taxonomic intervention confines propagation to the
affected sub-module, thereby preserving overall system
integrity [1, 4, 8, 14].

In high-volume clinical environments such as radiology
departments and intensive care units, ETURF’s four-layer
orchestration directly mitigates workflow disruption.
Traditional full-model retraining cycles often require days of
offline validation and clinician retraining, leading to
temporary reliance on legacy decision pathways and
increased cognitive burden on end-users. In contrast, the
framework’s minimal viable revision principle—executed
only on taxonomy-identified sub-components—enables
shadow-mode deployment followed by seamless cutover,
reducing mean time to safe revision from weeks to hours.
Governance load, quantified interpretively as the sum of
approval steps, validation volume, and human-review
hours, decreases substantially because Layer 3 evaluates
triggers against pre-approved institutional thresholds rather
than requiring de novo ethics review for every detected shift
[3, 9, 13, 27]. Consequently, institutional resources
previously consumed by reactive model maintenance can
be reallocated to direct patient care, yielding theoretical
efficiency gains that scale with deployment volume across
tertiary and community hospitals alike.

Table 2 presents the governance-constrained decision
matrix that links taxonomy-derived risk signals to revision
strategies while balancing patient safety with operational
and regulatory burden.

Table 2. Governance-constrained decision matrix for
triggering safe model revisions
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Post-deployment vulnerabilities in
clinical AI ecosystems
Clinical AI systems, once deployed, operate within dynamic
hospital ecosystems where patient demographics,
diagnostic protocols, and data acquisition hardware evolve
continuously [1, 19]. Unlike controlled development
environments, real-world clinical settings introduce
operational variability that interacts with model assumptions
in unpredictable ways. Changes in clinical workflows,
adoption of new imaging sequences, updates to laboratory
instrumentation, or shifts in patient population
characteristics can gradually alter the statistical properties

of incoming data streams. These environmental shifts
generate error signals that pre-deployment testing cannot
capture, including silent performance erosion and localized
failure modes that compromise diagnostic accuracy [2, 4].
Such degradations may remain undetected for extended
periods because clinical AI systems often continue
producing plausible outputs even when underlying
calibration has deteriorated. Without structured triggers for
revision, models risk propagating undetected harms across
interconnected care pathways, potentially influencing
triage, diagnostic interpretation, or treatment planning
decisions downstream [7, 15]. Recent syntheses highlight
that post-deployment degradation occurs in up to 40% of
real-world deployments within 12–24 months, underscoring
the need for proactive infrastructural safeguards rather than
reactive retraining cycles initiated only after major
performance failures become visible [3, 11]. Establishing
systematic monitoring and intervention mechanisms is
therefore essential to ensure that clinical AI systems remain
aligned with evolving care environments.

Error manifestations across healthcare
data modalities
Error patterns differ markedly by modality, reflecting the
heterogeneous nature of clinical data pipelines and their
susceptibility to distinct forms of distributional shift [8, 20].
Imaging pipelines, for instance, frequently encounter shifts
arising from scanner upgrades, reconstruction algorithm
changes, or protocol modifications that alter image intensity
distributions and spatial resolution. Even minor calibration
differences between imaging devices can produce subtle
deviations that accumulate into measurable model
performance degradation over time. In contrast, models
operating on electronic health record (EHR) data face
temporal drift in laboratory reference ranges, diagnostic
coding standards, and documentation practices, all of
which reshape feature distributions used for predictive
inference [4, 14]. Multimodal systems—integrating imaging,
clinical notes, laboratory values, and physiological signals
—compound these challenges through cross-modal
misalignment, where inconsistencies across data sources
introduce complex error interactions that are difficult to
detect through single-modality monitoring alone [13, 16].
Consequently, taxonomy-based classification of errors
becomes essential for isolating modality-specific error
signatures. Such structured categorization allows
institutions to identify the origin of performance degradation
and apply targeted mitigation strategies, thereby preventing
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unnecessary blanket model replacement that could disrupt
previously validated clinical pathways or introduce
unintended workflow disruptions [5, 21].

Governance constraints shaping safe
revision practices
Clinical AI revision strategies must operate within
governance frameworks defined by regulatory agencies,
hospital compliance units, and institutional ethics
committees. These bodies impose strict requirements for
traceability, transparency, and human oversight in
algorithmic decision-making processes, particularly when AI
outputs influence high-stakes clinical judgments [6, 9]. Any
revision mechanism must therefore embed governance
load calculations that evaluate the operational burden
associated with updating or recalibrating deployed models.
Such calculations help balance patient safety imperatives
against the need to maintain operational continuity in
healthcare settings, where even minor disruptions to clinical
workflows can affect care delivery [12, 27]. Revision
strategies must also ensure auditability, enabling
institutions to document why a model was modified, what
data informed the change, and how potential risks were
assessed before deployment. Failure to incorporate these
governance constraints risks regulatory non-compliance
and erosion of clinician trust—an especially critical concern
when algorithmic recommendations influence diagnostic
interpretation, treatment prioritization, or prognostic
assessments in areas such as critical care, oncology, and
emergency medicine [10, 22]. Robust governance
integration is therefore not merely an administrative
requirement but a prerequisite for the sustainable adoption
of adaptive clinical AI systems.

The imperative for structured update
triggers in real-world deployments
Despite increasing awareness of model degradation in
healthcare AI, most monitoring frameworks rely on
aggregate performance thresholds—such as accuracy or
area under the curve—that provide limited clinical
interpretability and often fail to capture localized error
patterns [2, 23]. These aggregate metrics can obscure
meaningful degradation occurring within specific patient
subgroups, imaging modalities, or clinical contexts. A
taxonomy-driven trigger system offers a more clinically
aligned alternative by linking specific categories of detected
errors directly to defined revision actions. Through this

approach, monitoring infrastructure can identify when
particular failure signatures—such as distributional shifts in
imaging data, drift in laboratory variables, or cross-modal
inconsistencies—reach predefined thresholds that warrant
targeted intervention [18, 24]. Such triggers enable
granular, auditable responses that preserve system stability
while addressing emerging risks before they propagate
widely across healthcare workflows. In this context, revision
becomes a structured governance process rather than an
ad hoc engineering task. This manuscript therefore
introduces ETURF as a conceptual orchestration
infrastructure designed to operationalize taxonomy-driven
monitoring, trigger detection, and controlled revision
pathways within real-world clinical AI ecosystems [25, 26].
By embedding structured update triggers into the lifecycle
of deployed models, ETURF aims to support safe,
transparent, and sustainable adaptation of clinical AI
systems in continuously evolving healthcare environments.

Scalability dynamics warrant particular attention when
extending ETURF across multimodal and multi-institutional
ecosystems. The standardized API layer between
orchestration components ensures interoperability with
legacy hospital information systems and emerging cloud-
native platforms alike. Theoretical resource allocation
models derived from governance-load quantification predict
linear rather than exponential growth in monitoring
overhead as deployment scale increases, because
taxonomy classification compresses high-dimensional drift
signals into discrete, reusable categories. Continuous-
learning proposals in radiotherapy and critical-care
pathways gain new viability when embedded within this
infrastructure, as incremental updates can be validated
against taxonomy-specific shadow cohorts rather than full
historical datasets [16, 24]. Potential adverse dynamics—
such as taxonomy maintenance overhead or over-triggering
in noisy environments—are mitigated by the feedback
topology itself, which recalibrates detection thresholds
based on historical revision success rates, thereby
maintaining operational stability even under fluctuating
clinical volumes.

Collectively, these impact dynamics position ETURF not
merely as a monitoring overlay but as a transformative
governance substrate that redefines the post-deployment
lifecycle of clinical AI. By converting error signals into
governed, taxonomy-driven actions, the framework
simultaneously elevates patient safety, operational
efficiency, equity, regulatory compliance, and scalability—
outcomes that emerge directly from its layered architecture
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Conclusion

and closed-loop design rather than from any single
algorithmic improvement [2, 5, 18, 25].

Strategic integration pathways and
governance evolution for taxonomy-
driven model updates
Successful translation of ETURF into heterogeneous
healthcare ecosystems requires deliberate attention to
integration pathways that respect existing clinical workflows
while evolving governance structures. The architecture’s
modular design facilitates phased adoption: Layer 1
detection can be piloted as a non-disruptive overlay on
current monitoring dashboards, allowing institutions to
quantify taxonomic error prevalence before committing to
full orchestration. This staged approach aligns with
sustainable-deployment principles that emphasize
incremental rather than revolutionary change, minimizing
clinician resistance and preserving trust in AI-assisted
decision support [3, 13, 27].

Interoperability with established machine-learning
operations platforms emerges as a central integration
enabler. Standardized APIs at each layer allow ETURF to
ingest outputs from existing drift-detection libraries while
exporting taxonomic classifications to institutional audit
repositories. In multimodal environments—where imaging,
laboratory, and narrative data converge—cross-modal
alignment becomes a dedicated governance checkpoint
within Layer 3, ensuring that revision triggers account for
interdependencies that single-modality systems overlook.
Theoretical governance evolution follows naturally:
institutional ethics committees can transition from ad-hoc
review of individual models to standing taxonomy-review
boards that pre-approve mitigation strategies for each error
branch, thereby streamlining future revisions and reducing
approval latency by an order of magnitude [9, 12, 26].

Policy-level implications extend beyond individual
institutions. National and international regulatory bodies
could adopt the six-branch taxonomy as a standardized
reporting schema for post-market surveillance, creating
comparable safety metrics across jurisdictions. Such
harmonization would accelerate evidence accumulation on
real-world AI performance and facilitate federated learning
initiatives that respect data privacy constraints. The
framework’s emphasis on clinically interpretable error
categories further supports patient-centered governance,
enabling shared decision-making tools that communicate

revision rationales in plain language when model outputs
affect individual care plans [6, 19, 20].

Future extensions of the infrastructure could incorporate
emerging data modalities—wearable sensor streams,
genomic annotations, and real-time physiological
waveforms—by simply extending the taxonomy hierarchy
with new leaf nodes while preserving the core four-layer
topology. The interpretive formulas remain robust across
these extensions: risk propagation scales with additional
categories, decision confidence incorporates modality-
specific mitigation efficacy, and governance load remains a
controllable parameter through institutional calibration. This
extensibility positions ETURF as a future-proof scaffolding
for the next decade of clinical AI evolution [1, 2, 5, 11, 15,
18].

Implementation challenges—such as initial taxonomy
curation effort and staff training—must be acknowledged
yet are addressable through open-source taxonomy
libraries and simulation-based onboarding modules that
operate without real patient data. Longitudinal theoretical
modeling suggests that once the initial governance
infrastructure is established, net administrative burden
declines rapidly as feedback-driven recalibration reduces
false-positive triggers. The outcome is an ecosystem where
post-deployment model revision becomes a routine, low-
friction component of healthcare quality improvement rather
than an exceptional event requiring crisis-level intervention
[7, 14, 16, 24].

The ETURF presented in this conceptual systems
manuscript supplies a comprehensive architectural
blueprint for transforming post-deployment error signals
into safe, governed model revisions. Through its four-layer
orchestration, hierarchical error taxonomy, bidirectional
feedback topology, and three interpretive formulas
quantifying risk propagation, decision confidence, and
governance load, ETURF establishes a theoretical
foundation that addresses the persistent safety and
sustainability challenges of clinical AI. By embedding
taxonomy classification as the pivotal orchestration
mechanism, the framework moves beyond aggregate
performance thresholds to deliver clinically meaningful,
auditable, and minimally disruptive updates across imaging,
tabular, and multimodal environments.
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