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Abstract

Background: Artificial intelligence (AI) has moved from research labs into the everyday work of
clinicians and software engineers. In healthcare, Al systems now shape triage, imaging interpretation,
risk prediction and documentation workflows, while in computer science and Al development,
models are increasingly used to generate code, tests and even other Al systems [1-4,7,10,11,76-82].
Early governance frameworks framed “human oversight” as a high-level ethical injunction but
provided limited operational guidance on how humans should interact with data-intensive, adaptive
Al systems in these settings [5,36-38,76-78]. Objective: To examine how human oversight and
human-in-the-loop (HITL) paradigms have developed specifically in (i) healthcare and (ii) computer
science/Al development, and to identify converging design, organizational and governance patterns
that support meaningful human control in big-data Al environments. Methods: Narrative synthesis
of international and national governance instruments (EU AI Act, WHO, OECD, ICMR, FDA/GMLP),
sector-specific guidance for healthcare AI (FUTURE-AI, CHAI, Joint Commission) and emerging
frameworks for Al lifecycle governance and MLOps in software engineering [7,10,11,14,15,18,19,79—
84,86-89]. We extracted definitions and framings of human oversight, technical and organizational
requirements for HITL interaction, and implementation challenges related to cognitive load, big-data
pipelines and adaptive models in healthcare and Al development. Results: Across healthcare and Al
development, contemporary frameworks converge on multi-layered human-in-the-loop governance
embedded throughout design, deployment, monitoring and decommissioning. Mandatory and
consensus instruments emphasize override capability, transparency, user training, escalation
pathways and post-deployment monitoring [7,10,11,14,15,18,19,79,80,86-89]. In both domains,
oversight is shifting from ad hoc individual review to structured arrangements involving
multidisciplinary committees, model-governance boards, MLOps processes and incident-learning
systems. Persistent gaps include limited formal treatment of cognitive load and alert fatigue,
difficulties overseeing continuously learning and foundation-model-based systems, and immature
metrics for the effectiveness of human oversight itself [61-63,88,114,123,133-137]. Conclusions:
Healthcare and computer science/Al development are emerging as mutually informative testbeds for
human-in-the-loop Al governance in big-data settings. Meaningful oversight requires more than
nominal human review: it depends on human-centered interface design, realistic workload
management, lifecycle-oriented technical controls and organizational cultures that make it safe to
question Al outputs. Lessons from clinical safety science and MLOps can be combined to architect
human-AlI interaction that amplifies, rather than erodes, professional judgment in both domains.

Keywords: human-Al interaction; human-in-the-loop; healthcare AI; MLOps; Al governance; big
data; cognitive load; foundation models; software engineering
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1. Introduction

The rapid deployment of Al in the field of clinical practice and software engineering has created
an urgent governance challenge: ensuring humans remain in meaningful control of consequential
decisions in environments shaped by big data, complex models and adaptive systems [1-4,70,76-78].
In hospitals, Al is already being integrated into informing triage, assist in medical imaging, risk
prediction and discharge planning; as well as in development organizations, as Al-assisted tools and
model-centric pipelines increasingly drive code generation, testing, deployment and monitoring of
the same [7,10,11,79-85].

Initial Al ethics frameworks emphasized on the need of keeping humans responsible and
accountable, and that Al should augment rather than replace human judgment [5,6,36-38]. Yet these
high-level commitments left critical questions unresolved for healthcare and Al development such as
“What information do clinicians and developers need to exercise oversight under real-world
constraints?” “At which points in clinical and development workflows should they intervene?”
“Which technical and institutional structures are required to support oversight when data volumes,
model complexity and time pressure are high [36,70,76-78,111-114]?”

Over the past five years, governance instruments and implementation frameworks have begun
to answer these questions more precisely. The EU Al Act defines human oversight as a binding
design-level requirement for high-risk systems, including medical devices and systems relying on
complex Al pipelines [7,29,30,64,65]. WHO’s guidance on Al for health emphasizes human
autonomy, transparency and institutional accountability, while insisting that professional oversight
cannot be meaningful without adequate training and infrastructure [10,11,34,42,66]. In parallel,
FUTURE-A]I, the Coalition for Health AI (CHAI) Blueprint, and Joint Commission guidance provide
detailed templates for healthcare Al governance [18,19,45-48]. In computer science and Al
development, machine-learning operations (MLOps) frameworks, model-governance practices and
responsible-Al initiatives are re-framing oversight as a property of the entire development pipeline
rather than of isolated models [76-80,83-89,111-117].

A conceptual shift is visible across these initiatives: from nominal “human oversight” toward
operational human-in-the-loop paradigms in which oversight is distributed across design,
deployment, monitoring and incident response. This shift is particularly salient in healthcare and Al
development, where Al systems are tightly coupled to big-data infrastructures and high-stakes
decisions.

Key Definitions-

Human oversight- Technical, organizational and legal arrangements ensuring clinicians,
institutions and regulators retain meaningful control over Al-supported decisions, including ability
to disregard, override or reverse outputs and interrupt operation to prevent harm [5,8].

Human-in-the-loop (HITL)- Operational paradigm where humans actively participate at
multiple Al lifecycle points (design, validation, deployment, monitoring) ensuring clinically
meaningful decisions remain under human control [14,15].

Meaningful human control- Humans possess requisite knowledge, information, time, authority
and system design enabling substantive (not merely nominal) intervention in real clinical conditions
[17,18].

Al governance - Policies, structures, processes and accountability mechanisms for selecting,
validating, deploying, monitoring and withdrawing Al systems with explicit attention to safety,
equity and responsibility [10,15].

1.1. Research Questions

This review addresses the following:
1. How has human oversight evolved in the context of healthcare Al and computer
science/Al development till 20267
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2. Are these domains converging on structured, operational human-in-the-loop
paradigms? If so, what are their core technical and organizational components?

3. What gaps remain in translating human-in-the-loop principle (HITL) into practice in

data-intensive, adaptive Al environments in these two domains?

1.2. Scope and Contribution

We focus on two domains where human-Al interaction is both technically advanced and
operationally mature:

o Healthcare: Clinical decision support, diagnosis, imaging, risk prediction, treatment
planning, documentation and workflow automation in hospital and ambulatory settings.

. Computer science and AI development: Al system design, MLOps , software
engineering workflows and Al-assisted development, including use of foundation models for code
and model generation [18,19,70,76-85,88,111-117].

By examining how these domains design, govern and experience human-in-the-loop interaction,
we characterize a shared paradigm of human-centered oversight for big-data Al systems and
highlight concrete practices that can be translated between clinical and engineering contexts.

2. Methods
2.1. Design and Scope

We conducted a narrative synthesis of Al governance instruments, sector-specific guidelines and
implementation literature, focusing on the period of 2018-2026. We prioritized consensus
instruments and regulatory documents (EU Al Act, WHO, OECD, ICMR, FDA/GMLP), health-sector
frameworks (FUTURE-AI, CHAI, Joint Commission), and computer-science/Al-development
frameworks (MLOps governance, model-governance reports, software-engineering case studies)
[7,10-15,18,19,41,43,45-48,76-83,86-89,111-117].

2.2. Primary Sources (Regulatory and Policy Documents)

We included cross-cutting regulatory and policy frameworks that directly affect healthcare Al
and Al development pipelines:

. EU AI Act (Regulation (EU) 2024/1689) and associated guidance [7-9,29,30,64,65,118].
o OECD AI Principles and accountability reports [12,13,39,40].
. UNESCO Recommendation on the Ethics of AI, where relevant to healthcare and Al

governance [21,31].

J UN human-rights guidance on Al and privacy, as it informs transparency and
accountability requirements [32].

J Singapore Model Al Governance Framework and related documents on Al governance
for high-impact systems [17,33,81].

For healthcare specifically:

. WHO reports on the ethics and governance of Al for health [10,11,34,42,66].

o ICMR ethical guidelines for Al in biomedical research and healthcare (India) [14,41].

o FDA guidance on good machine-learning practice (GMLP) and real-world performance
for AI/ML Software as a Medical Device [15,43,44].

o FUTURE-AI international consensus guidelines and related medical-imaging guidance
[18,45].

. CHAI Blueprint and Joint Commission guidance on safe and trustworthy Al in health

systems [19,46—48].

For Al development and software-engineering governance we specifically but not limited to the
following guidelines were analyzed:

o Regulatory and industry reports on MLOps, model-risk management and Al lifecycle
governance from financial and technical regulators and cloud providers [79,80,86-89,117].

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202602.1949.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 28 February 2026 d0i:10.20944/preprints202602.1949.v1

4 of 15

. Technical standards and professional codes relevant to Al and software engineering
(ISO/IEC SC 42, ACM Code of Ethics, IEEE standards) [5,36,76,79,83,84,111,118,119].

2.3. Secondary Sources (Conceptual and Empirical Literature)-

It comprised systematic reviews, empirical human-factors studies, and legal/ethical analyses of
oversight mechanisms. Inclusion prioritized authoritative documents with explicit human oversight
content over exhaustive systematic search. We included:

. Systematic and narrative reviews on human oversight, meaningful human control, Al
governance and Al in healthcare and software engineering [26-28,36-38,70,76-78,111-117].

. Empirical studies on human factors, cognitive load, alert fatigue, human—AlI interaction
and Al-assisted development [61-63,90-94,111-114,123-125,133].

o Case studies on deployment of clinical AI and ML systems and on MLOps and Al-
assisted software engineering [18,19,45-48,79,80,88,111-117].

2.4. Extraction and Synthesis Strategy

From each source we extracted:

. Definitions and framings of human oversight or human-in-the-loop interaction.

. Technical and organizational requirements related to oversight (override capabilities,
transparency, training, governance structures, monitoring and incident response).

. Descriptions of data types, architectures, pipelines and monitoring mechanisms relevant
to oversight in healthcare and Al development.

o Conceptual developments regarding meaningful human control, scalable oversight and
Al safety.

. Implementation challenges in big-data, high-velocity environments (cognitive load, alert

fatigue, adaptive models, recursive Al systems).

J Temporal evolution was structured into three phases (2016-2020: ethics; 2021-2023:
regulation; 2023-2025: operationalization) to identify paradigm convergence.

o Quality Appraisal Sources were appraised by issuing authority (regulatory > consensus
> academic), citation impact, and clinical applicability. No formal quality scoring was applied given
policy document heterogeneity.

We used a thematic matrix to map developments over time and across the two domains,
identifying convergences, divergences, emerging patterns and persistent gaps.

3. Results
3.1. Evolution of Human QOversight: From Ethics to Regulation (2016-2020)
3.1.1. Foundational Principles and Soft Law

Early international Al ethics frameworks—IEEE Ethically Aligned Design (2016), national Al
strategies in Canada, France, China, the UK and India (2017-2018), and the EU High-Level Expert
Group on Al guidelines (2019) —framed human oversight as an ethical ideal rather than a binding
regulatory requirement [5,36-38]. They asserted that algorithms should not make consequential
decisions without human review and accountability, that people have a right to know when they
interact with Al, and that responsible parties must be identifiable [5,36-38].

However, these frameworks did not specify what information and to what extent clinicians or
developers needed to exercise oversight, at what points in workflows oversight should occur, or
which technical and organizational structures would support oversight under real-world constraints
[36-38,70,76-78]. In healthcare, human oversight was initially construed as clinician review and the
theoretical ability to override decision-support recommendations, with existing professional
accountability frameworks presumed sufficient [36,70]. In Al development, oversight largely meant
peer review of code, design discussions and testing, with limited attention to how ML models and
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big-data pipelines might change cognitive demands or shift responsibility for automated actions [76—
78,111-114]. This “oversight v.1.0” paradigm assumed that inserting Al into existing workflows
would not materially alter the conditions under which humans make decisions.

3.2. Risk-Based Regulation and Cross-Cutting Guidance (2021-2023)
3.2.1. EU AI Act: Binding Human-Oversight Requirements

The EU Al Act (Regulation (EU) 2024/1689) represents a watershed in Al regulation
[7,29,30,64,65]. For the first time, a major jurisdiction defines human oversight as a binding design-
level requirement for high-risk Al systems, including medical devices and systems that depend on
complex Al development pipelines [7,29,30]. Article 14 requires that high-risk systems be designed
so natural persons can disregard, override or reverse outputs and can intervene or interrupt
operation to prevent harm, while Article 13 obliges providers to furnish information enabling users
to understand system outputs and limitations [7,9,30,65].

For healthcare, this positions clinical Al tools—such as diagnostic support, triage and imaging
models—as high-risk systems subject to explicit human-oversight requirements, including
documentation, training and post-market monitoring [7,10,11,14,15,43,44]. For Al development, the
Act links oversight obligations to providers and deployers, making the design of MLOps pipelines,
model documentation, monitoring mechanisms and change-control processes central to whether
clinicians and other end-users can exercise meaningful control [7,29,30,64,65,118].

3.2.2. OECD Al Principles and Accountability

The OECD AI Principles and subsequent accountability reports provide cross-cutting guidance
that applies to both healthcare organizations and Al-developing firms [12,13,39,40]. They call for
robust, safe and fair Al systems, meaningful human oversight, transparency and mechanisms for
incident response, risk management and redressal mechanisms [12,13,39]. OECD’s accountability
work emphasizes that organizations should record and investigate Al-related incidents, adapt
systems and governance based on these learnings, and build human capacity to understand and
oversee Al [13,40]. These ideas are reflected in clinical Al governance (for example, Al-related
incident reporting and review) and in internal algorithm-auditing frameworks for Al development
[18,19,46-48,79,80,115-117].

3.2.3. WHO Health-Sector Guidance

WHO'’s reports on ethics and governance of Al for health articulate sector-specific expectations
for human oversight [10,11,34,42,66]. They stress that Al should support, not replace, professional
judgment; that clinicians and patients must know when Al is used and what its limitations are; and
that health systems must invest in training, infrastructure and governance to make oversight feasible
[10,11,34,42]. WHO notes that deploying Al into already over-burdened clinical environments
without adjusting workloads or infrastructure will not yield meaningful oversight, a point supported
by empirical work on alert fatigue and cognitive load in clinical decision support [61-63,70].

3.2.4. National and Sector-Aligned Guidance for Healthcare and Al Development

Several national and sector-aligned frameworks further operationalize oversight:

J ICMR guidelines mandate human decision-making, lifecycle governance and
accountability for Al used in biomedical research and healthcare in India [14,41].
o FDA GMLP and related guidance require robust model-development practices,

predetermined change-control plans and real-world performance monitoring for AI/ML medical
devices [15,43,44].

o FUTURE-AI, CHAI Blueprint and Joint Commission guidance translate high-level
principles into concrete governance structures in health systems, including Al oversight committees,
readiness assessments, and Al-specific incident-reporting and monitoring processes [18,19,45-48].
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J MLOps and model-governance frameworks from regulators and industry define
lifecycle controls on data, models and deployments that are directly relevant to oversight in
healthcare and Al development [79,80,86-89,117].

These instruments collectively push healthcare organizations and Al-developing firms toward
lifecycle-oriented, multi-stage oversight architectures.

3.3. Operational Paradigms in Healthcare and Al Development (2023-2025)
3.3.1. Healthcare: FUTURE-AI, CHAI Blueprint and Clinical AI Pipelines

In healthcare, human-in-the-loop governance has evolved from generic invocations of clinician
oversight into concrete requirements that span data ingestion, model design, deployment
architectures and monitoring tools [18,19,45-48]. FUTURE-AI and related consensus guidelines
articulate properties such as fairness, universality, traceability, usability, robustness and
explainability, and these are increasingly interpreted as engineering constraints on clinical Al
pipelines rather than as purely ethical desiderata [18,45,70].

Modern clinical Al systems frequently sit atop heterogeneous, high-volume data infrastructures.
At the data layer, structured EHR fields, laboratory results, medication orders, free-text notes,
waveform streams (for example, ECG, blood pressure), imaging data (radiology, pathology) and, in
some centers, omics and wearable-sensor data are ingested into longitudinal patient records, often
via ETL (Extract, Transform and Load) processes into clinical data warehouses [10,11,62,70]. At the
model layer, health systems deploy a mix of models: gradient-boosted trees and logistic regression
for risk scores, convolutional and transformer-based networks for imaging and time-series, and large
language models fine-tuned on clinical corpora for summarization, coding and question-answering
[18,45,70,72,81]. At the application layer, these models drive risk predictions, prioritization lists,
automated documentation suggestions and alerts, usually exposed through EHR-integrated user
interfaces and dashboards [18,19,46-48].

Human-in-the-loop oversight is now commonly implemented as a set of governed touch-points
across this pipeline. Before deployment, multidisciplinary algorithm governance committees or Al
oversight boards review data provenance, cohort definitions, labeling quality, performance metrics
(including calibration and subgroup analysis) and known failure models and modes [18,19,41,46—48].
They also review integration plans: which clinical roles will see which outputs, at what stages in the
workflow, with what default options and escalation routes [18,19,46]. During deployment, models
are wrapped in interfaces that present not only a score but also confidence estimates, short rationales
or feature contributions, time-series plots, and direct links to the underlying clinical data, enabling
clinicians to interrogate model outputs under time constraints [18,19,62,70].

Post-deployment, many health systems are building continuous-monitoring and drift-
detection infrastructures for clinical Al These include data-quality checks on incoming EHR
streams, real-time or near-real-time dashboards tracking alert volumes, positive predictive value and
calibration by unit or patient subgroup, and processes that trigger review when drift thresholds are
exceeded [43,44,88,114]. Some organizations have established Al-specific incident-reporting
channels—analogous to pharmacovigilance or device-incident systems —allowing clinicians to report
cases where Al output contributed to near-misses or adverse events [19,47,48]. These reports are then
reviewed by governance committees, which may adjust thresholds, restrict indications, retrain or
temporarily suspend models.

A central technical insight is that meaningful clinician oversight must be aligned with the
temporal and cognitive profile of different clinical environments [61-63,70]. In high-acuity wards
and emergency departments, oversight must rely on calibrated, well-prioritized alerts and succinct,
visual explanations that can be processed in seconds, not on lengthy textual justifications [61,70]. In
lower-acuity or retrospective contexts (for example, chronic-disease clinics, tumor boards, morbidity-
and-mortality meetings), clinicians can engage in more reflective oversight, comparing Al
suggestions against outcomes and explicitly discussing the system’s role in both successes and
failures [18,46—48].
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Overall, contemporary healthcare practice is converging on a pattern in which heterogeneous
clinical data feed into version-controlled models; models are integrated into workflow-aware user
interfaces; and their behavior is tracked via continuous monitoring and structured incident-learning
processes. In this architecture, human-in-the-loop governance is realized not by a single “override”
button but by a combination of design, data and organizational mechanisms that keep clinicians both
in and over the loop of data-intensive Al services [18,19,43,46-48,88,114].

3.3.2. Computer Science and Al Development: Human-in-the-Loop Governance of Al Lifecycles

The computer-science and Al-development domain now use Al not only as an application
component but as infrastructure for building other AI systems, creating recursive oversight
challenges [76-83,85,88]. Human-in-the-loop governance must therefore operate within multi-stage
ML and foundation-model pipelines that handle large-scale code, telemetry and user-interaction
data.

A typical Al development environment comprises: (i) data lakes aggregating logs, code
repositories, telemetry, user feedback and external datasets; (ii) feature stores providing
standardized, versioned feature definitions; (iii) training pipelines that build models ranging from
classical ML to deep networks and large language models; (iv) model registries storing model
versions with associated metadata; and (v) deployment and monitoring platforms that expose
models via APIs or embed them in applications [79,80,85,88,111,117]. Human oversight is being
formalized as structured intervention points across these layers.

At the data stage, organizations increasingly treat data selection and labeling as governed
processes. Datasheets and data cards document sources, collection conditions, consent constraints
and known biases; annotation workflows include expert adjudication and periodic auditing of label
quality; and changes to high-impact labels require human approval [97,98,111,112]. At the model
stage, model cards and system cards describe architecture, objectives, training data, evaluation
metrics and known limitations, enabling model governance boards or responsible-Al teams to judge
suitability for specific uses [97,100,101,115-118].

At the deployment and monitoring stages, big-data characteristics are most prominent. High-
traffic systems stream telemetry on inputs, model outputs, latency, error rates, user interactions and
downstream business metrics into monitoring dashboards [88,114,117]. MLOps platforms support
automated alerts for distribution shift, performance degradation and anomalous patterns, and they
may offer automated retraining or rollback options [79,80,86—89]. Emerging governance practice is to
place human approval gates on key transitions: for example, promotion of a model from shadow to
production, authorization of an auto-remediation script, or expansion of a model’s scope to new
product areas [86-89,115-117]. In this sense, developers and model-governance boards operate as
human controllers of an evolving, high-velocity Al lifecycle rather than of a static artifact.

Al-assisted software-engineering tools add another layer of human-Al interaction. Code-
generation assistants, test-case generators and refactoring agents draw on foundation models trained
on massive code and text corpora and are tightly integrated into IDEs and CI/CD pipelines [90-
94,123,124]. Developers interact with these tools at very fine granularity, accepting, editing or
rejecting suggestions line by line. Empirical work shows both productivity gains and novel risks,
including over-reliance on plausible but incorrect suggestions, introduction of subtle security
vulnerabilities and decreased familiarity with critical code paths [90-94,123-125]. Organizations are
responding with policies that restrict assistant use in safety-critical components, require that Al-
generated changes pass through the same peer review and testing gates as human-written code, and
instrument acceptance rates and defect rates as metrics of oversight quality [83,90,91,117,123,133].

To coordinate these technical mechanisms, many organizations have created formal governance
structures. Responsible-Al teams, internal review boards and model governance committees define
risk tiers, documentation and testing requirements, and escalation paths for high-impact systems
[83,84,115,116]. They also decide which categories of automation (for example, auto-scaling, self-
healing agents, auto-configuration) are permitted in which contexts, thereby acting as human-in-the-
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loop controllers at the meta-level of the Al development pipeline [86-89,115-117]. Research on
scalable oversight—such as Al-assisted evaluation, debate, reward modelling and adversarial red-
teaming —is beginning to inform how humans can supervise systems whose internal complexity or
domain expertise exceeds that of any single engineer [99-105,120-122].

Viewed through a big-data and cognitive-computing lens, Al development illustrates what it
means for the “loop” itself to be a complex, data-intensive process. Data versioning, model registries,
telemetry-rich monitoring, CI/CD and incident-response frameworks in engineering play a role
analogous to EHR integration, clinical dashboards and safety review structures in healthcare. In both
domains, meaningful human-in-the-loop governance depends less on the theoretical existence of an
override pathway and more on whether these surrounding infrastructures give humans timely
visibility, practical control levers and institutional support to intervene when it matters [79,80,83—
89,111-117,123,133].

4. Discussion
4.1. Convergence on Human-in-the-Loop Paradigms in Healthcare and Al Development

When clinicians and engineers talk about “keeping a human in the loop,” they often mean
different things, yet the trajectories in healthcare and Al development are increasingly similar. In
hospitals, Al has moved from isolated pilot tools to systems that influence decisions throughout the
patient journey —from triage to imaging, from sepsis alerts to discharge planning and population-
health risk scores. In software organizations, Al has moved from research notebooks to the core of
development pipelines, proposing code, generating tests, prioritizing bugs and even orchestrating
deployment steps. In both worlds, humans now work alongside systems that can act faster than any
individual can reliably monitor and that draw on data volumes far beyond manual inspection.

In healthcare, this evolution is visible in the shift from rule-based decision support to data-
driven, continuously monitored models integrated into EHRs and clinical dashboards. Early systems
could be ignored with little consequence; contemporary models contribute to triage decisions,
imaging workflows and early-warning systems in ways that must be understood and overseen at the
level of hospitals, not individual clinicians alone [18,19,45-48,61-63,70]. In Al development, a similar
shift has occurred from discrete code reviews and test suites towards densely instrumented ML
lifecycles, where models and Al-assisted tools continually propose changes and optimizations that
must be governed through MLOps and model-governance processes [79,80,83-89,111-117].

Despite distinct cultures and stakeholders, the two domains converge on a pattern in which
oversight becomes:

J Distributed across the lifecycle, from data selection and model design through
deployment and monitoring.

J Shared across individuals, teams and institutions, rather than resting solely on single
clinicians or developers.

. Dependent on sociotechnical infrastructures—interfaces, workflows, metrics and
incentives—that give humans the information, time and authority needed to intervene effectively.

4.2. Deepening Challenges: Cognitive Load, Big-Data Pipelines and Adaptive Systems

The movement toward human-in-the-loop governance does not remove the fundamental
difficulties of supervising powerful Al systems; in some respects, it sharpens them. Two challenges
recur across both domains: cognitive burden in high-velocity environments and oversight of
adaptive, continuously learning systems.

4.2.1. Cognitive Burden in High-Velocity Environments

In clinical environments, clinicians frequently experience alert fatigue. A sepsis model might
flag dozens of patients in a day, with each alert arriving in a stream of lab notifications, medication
warnings and messages. Although the clinician is nominally “in the loop,” the reality of time pressure
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and fatigue constrains their ability to exercise nuanced judgment. The more often Al flags alerts, the
more likely genuine signals will be missed [61-63,70].

Al-assisted software engineering shows a parallel phenomenon. Developers using code-
generation tools often accept suggestions because rejecting or editing each one is itself cognitively
taxing. An environment in which an Al continuously proposes code completions, refactoring and
tests can fragment attention and turn oversight into a continuous stream of micro-decisions. Under
delivery pressure, developers may rubber-stamp plausible-looking Al output, allowing subtle errors
and vulnerabilities to accumulate [90-94,123-125,133].

These examples illustrate that oversight consumes scarce cognitive resources and is most
strained in the environments that most attract Al deployment—busy wards, high-volume clinics, and
development teams under tight deadlines. A realistic human-in-the-loop paradigm must treat
cognitive load as a design constraint. In healthcare, this implies calibrated alerting, tiered notification
schemes and escalation pathways that reserve clinician attention for ambiguous or high-stakes cases
[61-63,70]. In AI development, it suggests batching Al-generated changes for structured review,
limiting unconstrained code suggestions in safety-critical modules and instrumenting
acceptance/defect rates as measures of oversight quality [83,90-94,117,123,133].

4.2.2. Oversight of Adaptive and Continuously Learning Systems

A second shared challenge is the rise of adaptive and foundation-model-based systems. Clinical
AI models increasingly update as local data change, while development tools rely on foundation
models that are periodically retrained on large code and text corpora [72,81,82,135-137]. Behavior can
thus drift even when interfaces remain unchanged.

In a hospital, a readmission-risk model may be retrained on newer EHR data as case mix, clinical
guidelines and documentation practices evolve. Even if the model’'s name and interface are
unchanged, its internal behavior may differ substantially. The governance question is who is
responsible for confirming that the updated model remains safe and equitable, and how this can be
assured without repeating full pre-deployment evaluations [43,44,88,114].

In AI development, model providers may upgrade foundation models used in code-assistants,
changing coding styles, library choices or edge-case behaviour. Developers may notice only when
new failure modes appear in production. Without explicit oversight mechanisms—such as
benchmark suites, canary projects or red-teaming focused on new versions—these shifts may go
undetected [79,80,88,114,135-137].

In both domains, a model of oversight that treats deployment as a static approval event is no
longer adequate. Instead, oversight must become a form of continuous quality assurance that treats
models as moving targets. For healthcare, this implies periodic re-validation, drift dashboards and
protocols for suspending or restricting models when behaviour deviates beyond predefined bounds.
For Al development, it implies version-aware governance with clear policies on when model
upgrades are permitted, how they are tested and who can roll back or freeze models when
unexpected behaviour emerges [43,44,79,80,86-89,114,135-137].

4.3. Practical Implications: Designing Human-Centred Oversight Architectures

Reframing the discussion around healthcare and Al development clarifies that the core question
is not whether a human is nominally “in the loop,” but how socio-technical systems are engineered
so that human judgment is amplified rather than eroded.

For frontline clinicians, oversight must be built into practice in ways that are sustainable.
Decision support that merely adds pop-ups to an already overloaded EHR may satisfy a formal
oversight requirement while undermining actual control. By contrast, tools that surface risk scores in
existing views, explain key drivers in plain language and provide one-click ways to document
disagreement can help clinicians integrate Al into their reasoning. Reflective practices—such as case
conferences and morbidity-and-mortality meetings that explicitly examine Al’s role—can transform
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oversight from an abstract regulatory obligation into a lived professional practice [18,19,46—48,61—
63,70].

For engineers and data scientists, human-in-the-loop oversight demands rethinking the
development lifecycle. It requires treating data selection and labeling as governance decisions,
embedding human review into automated pipelines at meaningful points (for example, promotion
of models and expansion of scope), and providing tools that make model behaviour transparent
across diverse inputs rather than relying on anecdotal tests [79,80,83-89,97-101,111-117].

In both domains, organizational culture is crucial. Junior clinicians may hesitate to override Al
tools endorsed by senior leadership; junior engineers may hesitate to question widely adopted
assistants or models. Oversight arrangements that appear robust on paper can fail if they ignore these
social dynamics. Creating psychologically safe spaces to question Al output—and the governance
choices behind Al deployment—is as important as any technical control [46-48,83,84,115-
117,130,131].

Viewed together, healthcare and AI development offer mutually illuminating examples.
Hospitals can borrow from MLOps and software-reliability practices; engineering teams can borrow
from clinical safety culture, near-miss reporting and morbidity-and-mortality reviews. Both domains
show that meaningful human-in-the-loop governance depends less on the theoretical ability to
override Al, and more on whether the surrounding ecosystem gives humans the information, time,
authority and confidence to act when it counts.

5. Conclusions

The language of human oversight in Al governance has shifted from aspirational slogans to
more structured, operational paradigms in healthcare and Al development. Regulatory instruments
(notably the EU AI Act), health-sector guidance (WHO, ICMR, FUTURE-AI, CHAI, Joint
Commission) and MLOps/model-governance frameworks in software engineering now converge on
multi-layered  human-in-the-loop  arrangements embedded throughout Al lifecycles
[7,10,11,14,15,18,19,43-48,79,80,86-89,111-117].

Across these domains, common components include override capabilities, transparency and
explanation, training and competency assessment, escalation protocols, lifecycle monitoring and
distributed accountability. At the same time, persistent gaps remain: limited formal treatment of
cognitive load and alert fatigue; challenges overseeing adaptive and foundation-model-based
systems; uneven implementation capacity across settings; and underdeveloped metrics for
evaluating the effectiveness of human oversight itself [61-63,70,88,114,123,133-137].

Realizing meaningful human-in-the-loop oversight in healthcare and Al development will

require:

o Investment in governance infrastructure and monitoring capabilities suited to big-data
Al systems.

o Workforce development that equips clinicians, engineers and data scientists with the

knowledge, skills and authority to exercise oversight.

. Transparent performance and oversight metrics that track not only Al performance but
also how and when humans intervene.

o Learning systems that treat Al-related incidents as opportunities for redesign rather than
solely individual error.

Healthcare and Al development are uniquely positioned to learn from one another. Clinical
safety science can inform MLOps and model governance, while software-engineering practices
around version control, canary releases and incident response can strengthen the technical backbone
of healthcare Al governance. Together, these domains can anchor a richer, more precise account of
what meaningful human control looks like when Al is woven into the fabric of everyday professional
work.
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