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Abstract

Al is now embedded in the infrastructure of perioperative care. Risk stratification algorithms, hemodynamic prediction tools,
and clinical decision support systems are active in operating rooms at major health systems, and their adoption is accelerating.
However, the field has studied model performance and organizational implementation while largely bypassing the moment
between them: the real-time encounter in which an anesthesia provider must decide, under active case conditions, what to do
with an Al-generated output. We term this the cognitive transaction and argue that it is the fundamental unit of perioperative
Al implementation. The perioperative environment presents a specific constellation of conditions that existing human-Al
interaction research was not designed to address. Continuous real-time decision demands, extreme time compression, high
cognitive load, and consequences that unfold in seconds distinguish the operating room from the clinical contexts where most
provider-Al interaction research has been conducted. What we know about Al adoption in radiology, oncology, or ambulatory
care does not readily translate to this setting. The cognitive moment in anesthesia has its own structure, its own failure modes,
and its own research requirements. This paper examines what those requirements are. We analyze how the operating room
functions as a pre-existing human-machine cognitive system into which Al is now being inserted, and why the conditions
of that system generate predictable vulnerabilities: miscalibrated trust, automation bias, and cognitive friction produced by
interfaces optimized for technical accuracy rather than clinical usability. We argue that these failure modes are not incidental
but structural and that they will persist regardless of model performance until the provider-Al interaction is itself treated as a
research object. We identify 4 priority research domains. The first concerns the structure of provider-Al disagreement and the
methods needed to distinguish automation bias from legitimate clinical insight. The second concerns the longitudinal dynamics
of trust calibration across repeated clinical encounters rather than single-session experimental designs. The third concerns
interface design for high-acuity workflows, specifically what constitutes a usable Al output for a provider managing a patient
in real time. The fourth concerns the need for ecologically valid study designs capable of capturing provider reasoning under
actual perioperative conditions rather than retrospective or survey-based proxies. The anesthesia and perioperative research
community is positioned to lead this work. The clinical specificity, domain knowledge, and professional stake required to
design meaningful studies are all present within the field. Evaluating the cognitive transaction under perioperative conditions,
not the computational model in isolation, is both a methodological imperative and a patient safety priority.
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Introduction

This paper articulates a human factors research agenda
addressing 3 levels of clinical Al integration. The primary
target domain is the perioperative surgical environment,
a uniquely complex setting characterized by continuous
real-time decision demands, extreme time compression, and
high cognitive load [1]. Furthermore, unlike insular envi-
ronments such as an aviation cockpit, the operating room
functions as a highly connected socio-spatial network [2].
Introducing Al into this intricate spatial and social architec-
ture requires a dedicated human factors approach to ensure
that new technologies align with actual clinical workflows.
The insights derived from this environment function less as
a direct template for clinical Al generally than as a stress
test: if human-Al collaboration can be made to work under
the extreme time compression and cognitive load of an active
operating room case, the resulting principles are more likely
to hold with even greater confidence in less demanding
clinical Al contexts. Finally, this work offers a theoretical
contribution by positioning the “cognitive transaction” (the
real-time encounter between algorithmic output and clinical
judgment) as the fundamental unit of analysis for safe and
effective Al deployment.

The Gap Nobody Is Naming

Perioperative health care is generating more data, more
rapidly, than any individual clinician can process. The tools
being built to close that gap are arriving faster than the
science needed to deploy them safely. Al has entered the
perioperative environment not as a future possibility but as
present infrastructure. Risk stratification algorithms, early
warning systems, and clinical decision support modules
are increasingly embedded in the electronic health record
platforms that anesthesia providers navigate daily.

The research literature evaluating these tools has expanded
accordingly, with a growing body of studies reporting model
performance and prospective validation results. A paral-
lel implementation science literature has grown alongside
it, examining organizational adoption, clinician behavior
change, and system-level barriers to uptake. What neither
body of literature has systematically studied is the moment
between the two.

An anesthesia provider, mid-case, encounters an Al-gener-
ated risk output, such as a predicted probability of hemody-
namic instability or a hemorrhage risk score embedded in
the obstetric record. The number appears, and the provider
must decide in seconds, under high cognitive load and with
competing attentional demands, what to do with it. Do they
act on it, override it, or adjust their existing assessment? The
model has done its work; now the human must do theirs.

That cognitive transaction, the encounter between
algorithmic output and clinical judgment in real time, is
the fundamental unit of perioperative Al implementation.
Remarkably, it is also the unit that the field has studied most
inconsistently.
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This omission does not stem from a lack of interest.
Researchers across clinical AI, human factors engineering,
and implementation science have recognized that provider-Al
interaction shapes outcomes in ways that model performance
alone cannot predict. However, the perioperative environment
presents a specific constellation of conditions that makes it
categorically different from the clinical contexts where most
human-Al interaction research has been conducted. These
unique conditions include continuous real-time decision
demands, extreme physiologic complexity, and consequen-
ces that unfold in seconds rather than hours. The cognitive
moment in anesthesia has its own structure, its own fail-
ure modes, and its own research requirements. Until those
requirements are met, the gap between model performance
and clinical value will persist regardless of how good the
models are.

Why Perioperative Al Is a Distinctive
Case

The perioperative environment requires its own analytical
framework, not an adaptation of existing clinical Al research
conducted elsewhere. Anesthesia providers do not encounter
technology as an occasional resource; rather, they operate
within it continuously. A single case requires the simultane-
ous management of a ventilator, infusion pumps, a phys-
iologic monitoring array, and an anesthesia information
management system. Each of these components generates
real-time data streams, requires ongoing interpretation, and
demands an immediate response when conditions deviate
from clinical expectations. This is not a new condition
introduced by Al It is the baseline cognitive architecture of
the role.

Cook and Woods [3], writing on adaptation to new
technology in the operating room, described this environment
as one in which human and machine contributions are already
interwoven in ways that cannot be disentangled without
fundamentally altering the nature of the work. This baseline
matters for Al implementation because it means the operating
room is not a neutral surface onto which a decision support
tool is introduced. It is an existing human-machine cognitive
system, already structured by relationships of trust, workload
distribution, and situational awareness, into which an Al layer
is being inserted [3 4].

The question is not whether providers can tolerate an
additional data source. They tolerate many. The question is
what happens to the existing cognitive architecture when one
of those data sources is probabilistic, opaque, and carries an
implicit authority that physiologic monitors do not.

To an anesthesia provider, a pulse oximeter reading of
88% is self-evident. An Al-generated risk probability of
0.73 is not. A pulse oximeter reading speaks directly to a
physiologic state that the provider can verify and act upon.
An Al risk probability speaks to a statistical relationship
between patient characteristics and an outcome, derived from
a training cohort the provider did not choose, using features
the provider may not be able to inspect, with a CI that is
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rarely displayed. Every anesthesia provider knows how to
respond to one. Almost none have been trained to critically
evaluate the other. Treating these 2 outputs as equivalent in
design, training, or implementation is a category error with
clinical consequences.

The Human-AI Joint Cognitive Systems (HAIJCS)
framework, proposed by Xu and Gao [5] and applied to
the obstetric anesthesia context by Warner et al [6], offers
a conceptual foundation for understanding this distinction.
Under HAIJCS, the human provider and the Al system are
understood as collaborative cognitive agents, each contribu-
ting to shared situational awareness, task execution, and
decision-making under the authority of the human. The
relevant question is not only whether the model predicts
correctly but also whether the human-Al dyad operating
together under actual clinical conditions reaches better
decisions than either would reach alone and whether the
conditions of the operating room allow that dyad to function
as designed.

The Joint Cognitive System (JCS) and its HAIJICS
extension model the operating room at the level of the system:
a standing architecture of shared situational awareness, trust,
and control between human and machine agents [4-6]. The
cognitive transaction operates at a different grain. It is not
a second name for that system-level relationship; it is the
discrete event the relationship depends on, and none of the
frameworks it draws on treat that event as an object of study
in its own right. Trust calibration, as JCS frames it, describes
a general disposition the human holds toward the machine
over time. Situation awareness, as modeled by Schulz et al
[4] in anesthesia, describes an ongoing process of perceiving,
comprehending, and projecting system states. The cognitive
transaction is neither the disposition nor the process. It is
the specific encounter, this output, this patient, this second,
in which trust gets tested and situational awareness gets
updated. Distributed cognition makes a related claim at the
structural level: cognitive work is located across people,
tools, and environment rather than inside any single agent
[7]. All 3 describe standing conditions of the joint system.
None isolates the moment of integration as a unit that can be
observed and measured directly. The cognitive transaction is
that unit.

Research from aviation and military operations has
established that high-workload, time-pressured environments
generate predictable patterns in human-automation interac-
tion, including automation bias, complacency, and degra-
ded monitoring of system states during periods of high
task demand [8,9]. Perioperative Al introduces an epistemic
challenge that those findings were not built to address. The
provider must act on a prediction they cannot verify in real
time, about a future state that may never materialize, for a
patient who may bear little resemblance to the population
from which the model learned. Instruments can be independ-
ently cross-checked against observable measurements; risk
scores cannot be directly verified in the same way. Trans-
lating human factors insights from adjacent domains is a
necessary starting point, not a sufficient end point. Periopera-
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tive Al implementation requires a research agenda built for
the operating room, not borrowed from the cockpit.

What the Current Literature Misses

The clinical Al literature has made substantial progress on
model development, producing tools that perform well on
retrospective datasets. Reviews of perioperative Al consis-
tently demonstrate improvements in predictive accuracy for
outcomes including postoperative complications, intraopera-
tive hypotension, and adverse events across multiple patient
populations [10]. This is meaningful work, but model
development solves only a fraction of the problem.

A striking pattern has emerged from the broader clinical
Al literature: Al systems working independently have begun
to outperform clinicians using those same systems as decision
support tools [11]. Explanations for this range from automa-
tion neglect to a fundamental mismatch between how models
communicate uncertainty and how clinicians process it in
practice. While the authors acknowledge that this evidence is
early and drawn largely from controlled settings, it reveals a
critical reality. Giving clinicians access to an Al tool does not
automatically produce better decisions, and some have argued
that the assistive model itself may be fundamentally flawed as
a design paradigm [12]. Regardless, the underlying observa-
tion stands. The quality of the human-Al interaction, rather
than the model’s isolated performance, determines whether
the combination is synergistic, additive, or subtractive. This
interaction has rarely been studied with the rigor applied to
the models themselves.

The implementation science literature has done impor-
tant work naming this problem. Studies on sepsis decision
support tools have found alert fatigue, high override rates,
and clinician abandonment of models that appeared predictive
on paper [13,14]. These deployment failures are not primar-
ily technical; they are cognitive and interpretive. Clinicians
cannot inspect the key features driving a prediction or assess
if the training cohort matches the patient in front of them.
When a model’s output conflicts with clinical assessment,
clinicians may lack a clear framework for determining which
source of information to trust. The result is either uncritical
acceptance, which introduces automation bias, or reflexive
dismissal, which undermines the tool’s purpose [15].

Reviews have summarized technology and human factors
that influence clinician-Al interaction, such as data qual-
ity, performance, transparency, expertise, cognitive biases,
and trust [16]. Perioperative Al researchers have identified
similar concerns [10,17]; however, the specific perioperative
environment makes failures involving technology and human
factors particularly acute. Three features of the perioperative
environment explain why that methodological work is both
especially difficult and necessary.

First, deliberation time is not merely compressed but
functionally eliminated during critical perioperative events.
Other clinical Al contexts deploy decision support in real
time, including sepsis alerts, opioid risk prediction, and
chronic disease management, but providers in those settings
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retain a meaningful window for reflection, consultation, and
staged response [13,14,18]. A perioperative risk output during
an evolving hemodynamic event does not allow for reflec-
tion, consultation, or staged response. Cognitive psychology
research illustrates that time pressure can reduce the quality
of activities, modify risk-taking, change underlying cognitive
processing, and increase the relative relevance of different
information sources [19]; hence, understanding how time
pressure influences the clinician-Al interaction in the context
of anesthesia and operative events is critically important.
Second, human-Al interaction research has rarely accounted
for the profound cognitive load of active case management,
where fatigue, divided attention, and the dynamic spatial
environment of the surgical team dictate whether an alert
registers as a signal or mere noise [4,17]. Third, anesthe-
sia providers lack established norms for interacting with
probabilistic Al algorithms. Unlike radiologists, who have
worked alongside Al-assisted image review tools for years,
anesthesia providers are encountering these tools without a
shared professional vocabulary for evaluating, trusting, or
overriding them [20,21].

This third feature points to a structural explanation for
the literature gap. The clinician-researchers best positioned
to study the cognitive moment in perioperative Al, those
who understand both the perioperative environment and the
methodological tools required to study human-Al interaction,
exist at an intersection that the field has not yet organ-
ized around. Computational researchers lack deep access
to perioperative decision-making processes. Implementation
scientists lack the anesthesia-specific domain knowledge to
recognize what makes perioperative Al distinctive. Mean-
while, the anesthesia providers who navigate these cognitive
demands daily have not traditionally received training in
human factors or informatics. The gap is not simply a gap
in knowledge. It is a gap in who is asking the question.

Toward a Research Agenda for the
Cognitive Moment

Rather than proposing a comprehensive framework, this
agenda outlines priority research questions grounded in
the distinctive features of the perioperative environment.
These domains are drawn primarily from risk-stratification
and predictive-alert use cases, which currently represent
the Al applications most deeply embedded in periopera-
tive workflows. Real-time hemodynamic prediction tools
compress the transaction further, leaving less room for the
reflective divergence discussed below. Generative systems,
which produce free-text recommendations rather than a
single score, introduce additional interpretive demands that
the disagreement and interface-design frameworks discussed
here do not yet address. Whether the cognitive transaction
holds the same structure across these Al types, or requires
type-specific variants of each research question, is an open
question this agenda raises rather than resolves. The most
pressing concern is the structure of provider-Al disagreement:
when an anesthesia provider and an Al system arrive at
different risk assessments for the same patient, what explains
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the divergence? Current methodologies, largely adapted from
radiology and emergency medicine, focus primarily on
agreement metrics rather than investigating these underlying
sources of conflict [22]. In the operating room, provider
divergence from an Al output may reflect automation bias,
but it may equally signal critical clinical insight inaccessi-
ble to the model, a patient’s affect, a subtle physiological
pattern recognized over thousands of cases, or unrecorded
institutional variables. A perioperative research agenda must
disentangle these sources of divergence rather than collaps-
ing them into a binary agreement metric. Capturing this
nuance requires mixed methods designs that pair quantita-
tive performance data with structured qualitative inquiry
into provider reasoning, an approach largely absent from
the current literature. The critical decision method devel-
oped by Klein et al [23] offers an established route to this
distinction: a structured retrospective interview technique that
reconstructs the cues, prior cases, and contextual signals a
provider drew on at the moment of divergence, rather than
treating the divergence itself as the end point of analysis.
It remains one of the most commonly applied cognitive
task analysis techniques in clinical decision-making research,
spanning surgical and critical care settings [24].

Trust in an Al system is fluid and not a fixed attrib-
ute. However, the current clinical Al literature predomi-
nantly evaluates trust through cross-sectional surveys or
single-encounter experimental designs, yielding a static
snapshot. This fails to capture the most vital question for
perioperative implementation: How does trust in a specific
Al system develop, erode, and recalibrate over repeated
clinical encounters? Anesthesia providers who override a
model’s output and later find it correct will reasonably
become skeptical of the model’s future reliability. On
the other hand, providers who defer to the model and
observe a good outcome may default to uncritical reliance.
Longitudinal designs that pair momentary, in-the-moment
reliance judgments with case-level outcome tracking, sampled
repeatedly across a provider’s caseload, would let calibra-
tion be measured as a trajectory rather than a single point
estimate. The relevant construct is not trust in the abstract
but calibrated reliance: whether a provider’s confidence in a
given output corresponds to its actual reliability on a case-by-
case basis.

The perioperative Al literature has given little systematic
attention to how model outputs should be communicated to
providers operating under the cognitive conditions of active
case management. Current tools tend to present a risk score
or classification optimized for technical legibility rather than
clinical usability, prioritizing mathematical accuracy over
the ability of a multitasking clinician to quickly and appro-
priately integrate the information. Human factors research
has long established that the design of information presen-
tation shapes clinical behavior just as much as the informa-
tion itself. Outputs developed without regard for cognitive
load, task context, and provider mental models routinely fail
at the point of care, even when the underlying algorithm
performs well [4,13]. What constitutes a usable, low-friction
Al interface for an anesthesia provider mid-case, in terms

JMIR Hum Factors 2026 | vol. 13 1102683 | p. 4
(page number not for citation purposes)


https://humanfactors.jmir.org/2026/1/e102683

JMIR HUMAN FACTORS

of format, timing, level of specificity, and fit with existing
workflow, remains unanswered. One example of a low-fric-
tion output might surface as a color-coded flag integrated
directly into the existing vital sign display rather than a
separate probability score requiring independent interpreta-
tion. Another might be a brief natural language prompt, such
as “rising hemorrhage risk, consider early type and screen,”
delivered at a natural pause in the case rather than immedi-
ately when the model updates. Adjudicating between formats
requires usability testing under simulated time pressure, not
static comprehension surveys. Solving this for the extreme
constraints of the operating room will establish baseline
principles for AI usability across all clinical environments.
Until this is addressed, interface design will continue to be
driven by technical conventions rather than clinical evidence.

Ultimately, the field requires research methodologies
capable of capturing not only what anesthesia providers
think about AI in the abstract but also how they reason
about and integrate these outputs within ecologically valid
clinical contexts. This should encompass both perceptual
and deliberative processes. Expert anesthesia providers often
detect physiological deterioration through pattern recogni-
tion that precedes conscious reasoning. Recent work pairing
physical simulation with eye tracking has begun to capture
this in critical care, finding that clinicians’ visual attention
did not reliably increase even when an AI recommenda-
tion was unsafe [25]. Perioperative research needs the same
instrumentation applied to the compressed conditions of an
active case. This necessitates moving beyond retrospective
analyses and survey-based designs. Instead, research should
use realistic clinical simulations incorporating model outputs
and evolving patient data to examine the continuous cognitive
process of integration, rather than focusing solely on the final
binary decision. We must investigate how providers respond
to unexpected algorithmic predictors, how the framing of
an output shapes clinical action, and precisely when and
why human judgment diverges from a model’s recommenda-
tion. These are not peripheral questions of user experience.
They are the empirical foundation on which safe, deployable
perioperative Al must be built.

Why This Matters Now

Perioperative Al is not a future abstraction; it is a present
reality. Tools for perioperative risk prediction, hemodynamic
management, and postoperative complication forecasting are
already embedded in clinical workflows at major health
systems, and their adoption is accelerating [10]. The window
for shaping how these systems are designed, evaluated, and
deployed is open now, and it will not remain open indefi-
nitely. Once these tools become embedded in institutional
infrastructure, clinical workflows reorganize around them,
and the cost of redesign increases substantially. The decisions
being made today about what perioperative Al looks like,
what it communicates, and how it interacts with provider
judgment will permanently shape the cognitive environment
of anesthesia practice.
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The research agenda proposed here is not a precondition
for building these systems; it is a precondition for build-
ing them safely and effectively. Models can be designed
and deployed without understanding how providers interact
with their outputs. In fact, they already have been. The
consequence, documented repeatedly in adjacent clinical
Al contexts, is a generation of tools that perform well in
evaluation but fail in practice. This occurs not because the
underlying science was wrong, but because the implementa-
tion ignored the human at the other end of the interface [11,
13].

Anesthesia providers are not passive recipients of this
technology. They are, by the nature of their role, the final
cognitive layer between an algorithmic output and a clinical
action. That position is not incidental. It is the precise point
at which the entire value proposition of perioperative Al
either materializes or collapses. A research program that takes
this position seriously, that asks what the provider needs to
know, what the interface needs to communicate, and what the
conditions are under which human and algorithmic judgment
combine to produce outcomes better than either alone, is not
a niche methodological interest. It is the central scientific
problem of perioperative Al implementation.

The anesthesia and perioperative research community is
uniquely positioned to lead this work. The clinical specificity
required to design meaningful studies, the domain knowledge
required to interpret findings, and the professional stake in
getting implementation right are all present within the field.
Engaging the anesthesia and perioperative community in the
development of Al solutions is consistent with calls for the
engagement of other specialties, such as primary care, in
research and implementation efforts that affect their patient
populations. Such engagement helps ensure that Al applica-
tions are developed in ways that address the needs of frontline
practitioners and ultimately improve patient outcomes [26].
That leadership, however, must be exercised in partnership.
The research priorities identified here sit at the intersection
of cognitive psychology, health informatics, implementation
science, and clinical practice. No single discipline has the
tools, the access, and the domain knowledge to address them
alone. Anesthesia providers bring irreplaceable expertise
in the perioperative environment, cognitive psychologists
bring the methodological frameworks for studying human-Al
interaction, informaticists bring the technical infrastructure
for capturing and analyzing clinical data, and implementation
scientists bring the frameworks for translating findings into
practice. In practical terms, each stakeholder has a concrete
starting point: anesthesia providers can partner with cognitive
psychologists to design the simulation studies this agenda
calls for; health system informaticists can instrument existing
Al tools to capture override rates and response times rather
than waiting for purpose-built research infrastructure; and
clinical Al developers can treat these research questions as
design requirements to address before deployment, rather than
as validation exercises conducted afterward. Underlying all of
these is a shared recognition that the cognitive transaction at
the intersection of algorithmic output and clinical judgment is
itself a discrete research object, distinct from the model, the
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organization, and the provider in isolation. Naming it as such  designing perioperative Al systems that are not only accurate
is the first necessary step toward studying it rigorously and but also genuinely useful in the operating room.

Acknowledgments

Claude (Anthropic) was used to assist with refining terminology and formatting, limited to content related to Joint Cogni-
tive Systems thinking and aligned with principles of responsible human-Al interaction. Grammarly was used for grammar
checking, clarity improvements, and proofreading, consistent with its intended purpose.

Funding

This research was supported in part by the AANA Foundation (grant 2025-G-8) and partially funded by the National Institute
of Nursing Research, National Institutes of Health (NIH; grant T32NR020778; principal investigators: D. Bruner and V.
Hertzberg), for trainee Sheena Warner. The content is solely the responsibility of the authors and does not necessarily represent
the official views of the NIH.

Data Availability
No data were generated or analyzed in this study.

Authors’ Contributions

Conceptualization: SW (lead), YJY (supporting)

Funding Acquisition: SW (lead), TH (equal), YJY (equal)

Methodology: SW

Project administration: SW

Supervision: YJY

Validation: YJY

Visualization: SW (lead), CHS (supporting), TH (supporting), YJY (supporting)

Writing — original draft: SW (lead), CHS (supporting), TH (supporting), YJY (supporting)
Writing — review & editing: SW (lead), CHS (supporting), TH (supporting), YJY (supporting)

Conflicts of Interest
None declared.

References

1. Stucky CH, De Jong MJ, Kabo FW. Military surgical team communication: implications for safety. Mil Med. Mar 2,
2020;185(3-4):e448-e456. [doi: 10.1093/milmed/usz330] [Medline: 31665390]

2. Kabo FW, Stucky CH, De Jong MJ. Associations of surgical team communication with the layout of physical space: a
network analysis of the operating room in a military medical center. HERD. Jul 2023;16(3):134-145. [doi: 10.1177/
19375867231159130] [Medline: 36866407]

3.  Cook RI, Woods DD. Adapting to new technology in the operating room. Hum Factors. Dec 1996;38(4):593-613. [doi:
10.1518/001872096778827224] [Medline: 8976623]

4. Schulz CM, Endsley MR, Kochs EF, Gelb AW, Wagner KJ. Situation awareness in anesthesia: concept and research.
Anesthesiology. Mar 2013;118(3):729-742. [doi: 10.1097/ALN.0b013e318280a40f] [Medline: 23291626]

5.  Xu W, Gao Z. Applying HCAI in developing effective human-Al teaming: a perspective from human-AI joint cognitive
systems. Interactions. Jan 2024;31(1):32-37. [doi: 10.1145/3635116]

6.  Warner S, Xiao R, Wiltse Nicely KL, Chandler R. From joint cognitive systems to human-Al joint cognitive systems: a
theory critique and application to obstetric anesthesia risk assessment. Nurs Sci Q. Apr 2026;39(2):117-125. [doi: 10.
1177/08943184251414311] [Medline: 41587871]

7. Hollan J, Hutchins E, Kirsh D. Distributed cognition: toward a new foundation for human computer interaction research.
ACM Trans Comput Hum Interact. Jun 2000;7(2):174-196. [doi: 10.1145/353485.353487]

8.  Prinzel L, Krois P, Ellis K, et al. The adaptable and resilient safety system: the human factor in future in-time aviation
safety management systems. In: ATAA SciTech Forum and Exposition, 2024. American Institute of Aeronautics and
Astronautics; 2024. [doi: 10.2514/6.2024-1603]

9.  Worm A. Joint Tactical Cognitive Systems: modeling, analysis, and performance assessment. Proc Hum Factors Ergon
Soc Annu Meet. 1998;42(3):315-319. [doi: 10.1177/154193129804200328]

10. Han L, Char DS, Aghaeepour N, Stanford Anesthesia AI Working Group. Artificial intelligence in perioperative care:
opportunities and challenges. Anesthesiology. Aug 1,2024;141(2):379-387. [doi: 10.1097/ALN.0000000000005013]
[Medline: 38980160]

https://humanfactors.jmir.org/2026/1/e102683 JMIR Hum Factors 2026 | vol. 13 1¢102683 | p. 6
(page number not for citation purposes)


https://doi.org/10.1093/milmed/usz330
http://www.ncbi.nlm.nih.gov/pubmed/31665390
https://doi.org/10.1177/19375867231159130
https://doi.org/10.1177/19375867231159130
http://www.ncbi.nlm.nih.gov/pubmed/36866407
https://doi.org/10.1518/001872096778827224
http://www.ncbi.nlm.nih.gov/pubmed/8976623
https://doi.org/10.1097/ALN.0b013e318280a40f
http://www.ncbi.nlm.nih.gov/pubmed/23291626
https://doi.org/10.1145/3635116
https://doi.org/10.1177/08943184251414311
https://doi.org/10.1177/08943184251414311
http://www.ncbi.nlm.nih.gov/pubmed/41587871
https://doi.org/10.1145/353485.353487
https://doi.org/10.2514/6.2024-1603
https://doi.org/10.1177/154193129804200328
https://doi.org/10.1097/ALN.0000000000005013
http://www.ncbi.nlm.nih.gov/pubmed/38980160
https://humanfactors.jmir.org/2026/1/e102683

JMIR HUMAN FACTORS Warner et al

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

Topol E, Rajpurkar P. When doctors with A L. are outperformed by A.l. alone: interpreting some surprising results.
Ground Truths. 2025. URL: https://erictopol.substack.com/p/when-doctors-with-ai-are-outperformed/ [Accessed
2025-02-12]

Rajpurkar P, Topol EJ. Beyond assistance: the case for role separation in Al-human radiology workflows. Radiology. Jul
2025;316(1):e250477. [doi: 10.1148/radiol.250477] [Medline: 40728396]

Zhang S, YuJ, Xu X, et al. Rethinking human-AlI collaboration in complex medical decision making: a case study in
sepsis diagnosis. Proc SIGCHI Conf Hum Factor Comput Syst. May 2024;2024:445. [doi: 10.1145/3613904.3642343]
[Medline: 38835626]

Wong A, Otles E, Donnelly JP, et al. External validation of a widely implemented proprietary sepsis prediction model in
hospitalized patients. JAMA Intern Med. Aug 1,2021;181(8):1065-1070. [doi: 10.1001/jamainternmed.2021.2626]
[Medline: 34152373]

Goddard K, Roudsari A, Wyatt JC. Automation bias: a systematic review of frequency, effect mediators, and mitigators.
J Am Med Inform Assoc. 2012;19(1):121-127. [doi: 10.1136/amiajnl-2011-000089] [Medline: 21685142]

Knop M, Weber S, Mueller M, Niehaves B. Human factors and technological characteristics influencing the interaction
of medical professionals with artificial intelligence-enabled clinical decision support systems: literature review. JMIR
Hum Factors. Mar 24, 2022;9(1):¢28639. [doi: 10.2196/28639] [Medline: 35323118]

Duran HT, Kingeter M, Reale C, Weinger MB, Salwei ME. Decision-making in anesthesiology: will artificial
intelligence make intraoperative care safer? Curr Opin Anaesthesiol. Dec 1, 2023;36(6):691-697. [doi: 10.1097/ACO.
0000000000001318] [Medline: 37865848]

Nguyen K, Wilson DL, Diiulio J, et al. Design and development of a machine-learning-driven opioid overdose risk
prediction tool integrated in electronic health records in primary care settings. Bioelectron Med. Oct 18, 2024;10(1):24.
[doi: 10.1186/s42234-024-00156-3] [Medline: 39420438]

Maule AJ, Edland AC. The effects of time pressure on human judgement and decision making. In: Crozier R, Ranyard R,
Svenson O, editors. Decision Making: Cognitive Models and Explanations. Routledge; 1997:203-218. [doi: 10.4324/
9780203444399]

Castellino RA. Computer aided detection (CAD): an overview. Cancer Imaging. Aug 23, 2005;5(1):17-19. [doi: 10.1102/
1470-7330.2005.0018] [Medline: 16154813]

Hosny A, Parmar C, Quackenbush J, Schwartz LH, Aerts HJ. Artificial intelligence in radiology. Nat Rev Cancer. Aug
2018;18(8):500-510. [doi: 10.1038/s41568-018-0016-5] [Medline: 29777175]

Tikhomirov L, Semmler C, McCradden M, Searston R, Ghassemi M, Oakden-Rayner L. Medical artificial intelligence
for clinicians: the lost cognitive perspective. Lancet Digit Health. Aug 2024;6(8):589-e594. [doi: 10.1016/S2589-
7500(24)00095-5] [Medline: 39059890]

Klein GA, Calderwood R, MacGregor D. Critical decision method for eliciting knowledge. IEEE Trans Syst Man
Cybern. 1989;19(3):462-472. [doi: 10.1109/21.31053]

Swaby L, Shu P, Hind D, Sutherland K. The use of cognitive task analysis in clinical and health services research - a
systematic review. Pilot Feasibility Stud. Mar 8,2022;8(1):57. [doi: 10.1186/s40814-022-01002-6] [Medline: 35260195]
Festor P, Nagendran M, Gordon AC, Faisal AA, Komorowski M. Safety of human-Al cooperative decision-making
within intensive care: a physical simulation study. PLOS Digit Health. Feb 2025;4(2):e0000726. [doi: 10.1371/journal.
pdig.0000726] [Medline: 39992918]

Sarkar U, Bates DW. Using artificial intelligence to improve primary care for patients and clinicians. JAMA Intern Med.
Apr 1,2024;184(4):343-344. [doi: 10.1001/jamainternmed.2023.7965] [Medline: 38345801]

Abbreviations

HAIJCS: Human-AlI Joint Cognitive Systems
JCS: Joint Cognitive System

Edited by David Kaufiman, peer-reviewed by Ignacio Del Moral, Lalit Gupta; submitted 27 May.2026; final revised version
received 10.Aug.2026; accepted 19.Aug.2026; published 10.Sep.2026

Please cite as:

Warner S, Stucky CH, Haegerich T, Yauger YJ

The Cognitive Transaction: Toward a Human Factors Research Agenda for Al in Anesthesia and Perioperative Care
JMIR Hum Factors 2026;13:e102683

URL: hitps://humanfactors jmir.org/2026/1/e102683

doi: 10.2196/102683

https://humanfactors.jmir.org/2026/1/e102683 JMIR Hum Factors 2026 | vol. 13 1102683 | p. 7

(page number not for citation purposes)


https://erictopol.substack.com/p/when-doctors-with-ai-are-outperformed/
https://doi.org/10.1148/radiol.250477
http://www.ncbi.nlm.nih.gov/pubmed/40728396
https://doi.org/10.1145/3613904.3642343
http://www.ncbi.nlm.nih.gov/pubmed/38835626
https://doi.org/10.1001/jamainternmed.2021.2626
http://www.ncbi.nlm.nih.gov/pubmed/34152373
https://doi.org/10.1136/amiajnl-2011-000089
http://www.ncbi.nlm.nih.gov/pubmed/21685142
https://doi.org/10.2196/28639
http://www.ncbi.nlm.nih.gov/pubmed/35323118
https://doi.org/10.1097/ACO.0000000000001318
https://doi.org/10.1097/ACO.0000000000001318
http://www.ncbi.nlm.nih.gov/pubmed/37865848
https://doi.org/10.1186/s42234-024-00156-3
http://www.ncbi.nlm.nih.gov/pubmed/39420438
https://doi.org/10.4324/9780203444399
https://doi.org/10.4324/9780203444399
https://doi.org/10.1102/1470-7330.2005.0018
https://doi.org/10.1102/1470-7330.2005.0018
http://www.ncbi.nlm.nih.gov/pubmed/16154813
https://doi.org/10.1038/s41568-018-0016-5
http://www.ncbi.nlm.nih.gov/pubmed/29777175
https://doi.org/10.1016/S2589-7500(24)00095-5
https://doi.org/10.1016/S2589-7500(24)00095-5
http://www.ncbi.nlm.nih.gov/pubmed/39059890
https://doi.org/10.1109/21.31053
https://doi.org/10.1186/s40814-022-01002-6
http://www.ncbi.nlm.nih.gov/pubmed/35260195
https://doi.org/10.1371/journal.pdig.0000726
https://doi.org/10.1371/journal.pdig.0000726
http://www.ncbi.nlm.nih.gov/pubmed/39992918
https://doi.org/10.1001/jamainternmed.2023.7965
http://www.ncbi.nlm.nih.gov/pubmed/38345801
https://humanfactors.jmir.org/2026/1/e102683
https://doi.org/10.2196/102683
https://humanfactors.jmir.org/2026/1/e102683

JMIR HUMAN FACTORS Warner et al

© Sheena Warner, Christopher H Stucky, Tamara Haegerich, Young J Yauger. Originally published in JMIR Human Fac-
tors (https://humanfactors.jmir.org), 10.Sep.2026. This is an open-access article distributed under the terms of the Creative
Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and
reproduction in any medium, provided the original work, first published in JMIR Human Factors, is properly cited. The
complete bibliographic information, a link to the original publication on https://humanfactors.jmir.org, as well as this copyright
and license information must be included.

https://humanfactors.jmir.org/2026/1/e102683 JMIR Hum Factors 2026 | vol. 13 1e102683 | p. 8

(page number not for citation purposes)


https://humanfactors.jmir.org
https://creativecommons.org/licenses/by/4.0/
https://humanfactors.jmir.org
https://humanfactors.jmir.org/2026/1/e102683

	The Cognitive Transaction: Toward a Human Factors Research Agenda for AI in Anesthesia and Perioperative Care
	Introduction
	The Gap Nobody Is Naming
	Why Perioperative AI Is a Distinctive Case
	What the Current Literature Misses
	Toward a Research Agenda for the Cognitive Moment
	Why This Matters Now


