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Burnout remains one of the defining occupational hazards of healthcare in the United States, and it spares
no one on the care team: physicians, nurses, trainees, and assistants all report it at high rates. When
generative Al entered healthcare around 2023, it arrived quickly and carried a promise of relief from the
administrative burden that so many clinicians identify as a reason for their exhaustion. This review asks one
question about that promise: Does the current evidence from the United States indicate that Al alleviates or
worsens clinician burnout, and under what implementation conditions? We approached this question
through a structured thematic narrative synthesis, weighting evidence by study design. Randomized
controlled trials carried the greatest interpretive weight, while non-randomized studies were considered
lower-certainty supporting evidence. The first randomized trials of Al-assisted scribing, published in 2025-
2026, are encouraging with respect to documentation time and, in some trials, well-being. Yet most of what
has been published so far is non-randomized, single-center, and short-term. The more troubling pattern is
that Al tends to displace work rather than reduce it. Tasks are not eliminated but moved: from production to
oversight, and potentially from physicians to nurses and assistants. Where earlier commentaries offered the
metaphors of a "double-edged scalpel” and a "productivity paradox,” this review proposes "displacement of
burden" as a framework that can actually be tested.
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Introduction And Background
What burnout is, and why it persists

The phenomenon of burnout has been described in terms of three factors: emotional exhaustion,
depersonalization or cynicism, and reduced personal accomplishment. It is now very common among
healthcare professionals in the United States, including doctors, nurses, residents, and assistants [1-9]. As it
is associated with medical errors, workforce turnover, and professional distress, it is now a patient safety
and workforce sustainability issue, not merely a wellness issue [10-15]. The magnitude of the problem, its
causes, and effects are discussed in the sections "The Persistence of Burnout in United States Healthcare"
and "Why Burnout Matters: The Case for Intervention".

Why this review, and why now

One of the most consistent and well-established contributors to clinician burnout is the electronic health
record, together with its associated documentation and clerical burden, a driver that, along with its
reframing as "moral injury,” we examine in the section "The Documentation Era: How the Electronic Health
Record Set the Stage for AI". This is precisely the problem that AI vendors and healthcare organizations seek
to address. By 2023, ambient Al dictation, automatic drafting of patient messages, automated coding, and
Al-assisted triage had moved beyond piloting into full enterprise implementation [16]. The speed of
implementation has outpaced the evidence base, which currently diverges into good news and bad news.
Two recent commentaries describe the effects of Al on burnout as a "double-edged scalpel” and a
"productivity paradox" [17,18]; yet neither discourse weighs the strength of the evidence for each position,
nor what becomes of the displaced burden. This review therefore asks a single question: What does the
current United States evidence indicate about whether Al alleviates or worsens clinician burnout, and under
what implementation conditions? Three subsidiary objectives follow from this question: to synthesize the
first randomized trials of ambient Al, to situate that evidence within the quality-improvement and
observational literature, and to develop a burden-displacement framework that explains when relief is real
and when it is merely relocated.

Review
Materials and methods

The literature search was carried out in the PubMed/MEDLINE database, with a supplementary manual
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search of the reference lists of included studies. The last literature search was performed in June 2026.
Articles published from 2016 to 2026 were included; there were no restrictions on publication type beyond
the requirement for English-language text, with particular emphasis on the generative Al era (2023-2026).
Search terms included free-text terms associated with clinician, physician, and nurse burnout, together with
terms related to electronic health records, Al and generative Al, ambient documentation and ambient Al
scribes, clinical decision support systems, large language models, Al-drafted patient messages, automated
medical coding, and Al-assisted triage.

Eligible sources were those concerning clinician burnout and the use of Al in clinical settings. Eligible
source types included research studies, systematic reviews, quality-improvement or observational studies,
and commentaries, with preference given to sources published in the United States and to open-access
papers. Non-English sources, non-peer-reviewed material, sources irrelevant to clinician burnout or Al in
clinical practice, and duplicate sources were not considered. A two-stage screening process was used: first,
title and abstract screening, followed by full-text review against the inclusion and exclusion criteria. In
total, 73 sources were included in this review. By study design, these sources comprised randomized
controlled trials, quality-improvement or observational studies, systematic reviews and meta-analyses, and
commentaries or frameworks.

Data extracted from the sources included the type of Al tool, the clinical setting, the study design, measures
of burnout, well-being, and documentation burden, and the implementation context. A structured thematic
narrative synthesis was conducted, guided by the Scale for the Assessment of Narrative Review Articles
(SANRA). No formal risk-of-bias tool was applied. Instead, evidence was weighted by study design, and each
source type had a predefined role. Randomized controlled trials served as the primary basis for every
outcome-related conclusion. Quality-improvement and observational studies were treated as convergent
but lower-certainty supporting evidence, and they are labeled as such wherever they appear in the review.
Systematic reviews and meta-analyses were used to check the direction and consistency of effects.
Commentaries and conceptual frameworks informed the background and framing only; none was used as
outcome evidence. No meta-analysis was conducted, and a qualitative synthesis of the evidence was carried
out. All references were selected independently and cross-checked against their original sources via
Crossref.

Review

The Persistence of Burnout in United States Healthcare

Any argument about how Al can “solve” burnout should consider the scale of the issue. The proportion of
United States physicians experiencing burnout has changed over time due to various factors outside the
healthcare system, but it has remained consistently high compared with that of other professions in the
United States [1,2]. Among nurses, the prevalence of burnout and its role in contributing to turnover have
been clearly demonstrated in large cross-sectional United States studies [3], consistent with an already
established trend of dissatisfaction and intention to leave, especially among direct-care nurses [4]. Trainees
are likewise affected, as clinical specialty and working environment have been linked to burnout and career-
choice regret among United States resident physicians [5]. Workload predicts burnout and intent to leave
across the entire healthcare workforce, physicians, nurses, and non-physician clinical and non-clinical staff,
and not only among higher earners [12].

The assistive and allied workforce warrants emphasis here because this is the sector where the redistributive
effect of AI (discussed in Section "Implementation: What Determines Which Edge Wins") is most likely to
manifest. Burnout and attrition rates among acute-care CNAs were very high during the pandemic due to
understaffing, lower pay, and lack of recognition [6]; Long-term care nursing assistants reported high
burnout and low compassion satisfaction, but no significant difference in intent to leave [7]; in a national
sample survey, 32.4% of U.S. emergency nurses had left their job or were no longer working, with burnout
cited by 10.6% as a reason for leaving, ranking below better pay elsewhere and insufficient staffing [8]; and a
majority of pharmacists in health systems reported high burnout rates during the pandemic [9]. It is this
demographic whose voice is conspicuously missing from research on Al and burnout (Table 7). It is far from
accidental that the support and allied services workforce happens to be both the most overstretched and the
least researched in relation to the current paper’s argument, since it is precisely in this area that
displacement takes place most frequently (discussed in Section "Synthesis: The Displacement of Burden").
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Provider group Burnout/turnover metric Reported finding Ref
Physicians At least one burnout symptom 45.2% (2023); peak of 62.8% (2021) [1]
Registered nurses Burnout among those leaving/considering leaving 31.5% /43.4% [3]
Resident physicians Burnout; career-choice regret ~45%; ~14% [5]
Job turnover (left job or not currently working); 32.4% (vs 28.7% of other nurses, not
U.S. emergency nurses ) _— [8l
burnout as a cited reason significant); burnout 10.6%
. Reported increased burnout during the COVID-19
Health-system pharmacists ora 78.20% [9]
Long-term-care nursing . . X X Elevated; no significant difference in intent to
. Higher burnout and lower compassion satisfaction [71
assistants leave
Certified nursing assistants ~ High burnout and turnover associated with staffing, o
Qualitative/elevated [6]

(acute care) pay, and recognition

TABLE 1: Burnout and turnover across the United States care team.

Bracketed numbers refer to the reference list; values are reported as presented in each cited source.

Why Burnout Matters: The Case for Intervention

The link between burnout, safety, and workforce loss is what elevates burnout above a morale problem. In a
survey of more than 6,500 United States physicians, burnout was associated with more than double the risk
of a recent significant medical error, independent of work-unit safety grade [11], and resident burnout has
been linked to poor working conditions and a higher risk of errors [10]. Apart from safety issues, longitudinal
research has shown that burnout leads to decreased levels of professional effort among individuals [13],
aggravating shortages already predicted among nurses and assistants [8,12]. The annual cost of physician
burnout in the United States is estimated to be approximately $4.6 billion, mainly because of turnover and
absenteeism [14]. The personal cost, in turn, is associated with increased risks of depression, anxiety, and
even suicide [15]. Framed this way, the case for intervention rests not on morale but on the two outcomes a
health system can least afford to lose, patient safety and a stable workforce, against which any tool
marketed as a remedy for burnout must ultimately be judged.

The Documentation Era: How the Electronic Health Record Set the Stage for AI

Al was not introduced into an unblemished field but into one beset by documentation burden, a problem
that the electronic health record has helped to create. A traditional time-and-motion study showed that for
every hour spent on direct patient care, doctors spend two hours on the electronic health record and
associated paperwork, along with additional documentation time at home. It is this standard that makes
documentation relief a highly coveted solution [19]. Meta-analytical evidence indicates that electronic
health record use is associated with professional burnout among healthcare practitioners, especially after-
hours electronic health record use, which increases the risk even further [20], while high-level decision
support adds to the cognitive burden through alert fatigue [21]. Of particular importance for Al policy
considerations is the idea that such stress may be considered moral injury [22]; when the problem involves
elements of values and control, a technology that increases productivity but decreases the sense of control
may actually lead to reduced well-being. This distinction matters for what follows: if documentation burden
is the proximate target of most Al tools, an honest appraisal must ask not only whether documentation time
is shortened but also whether the sense of control implicated in moral injury is restored rather than further
eroded [22].

Risks: How AI Can Worsen Clinician Burnout (Edge One)
The first edge of the blade is that Al can introduce new burdens even as it removes old ones.

Automation bias and complacency: When healthcare practitioners rely on Al algorithms, they become
vulnerable not only to their own errors but also to a subtler, more insidious erosion of vigilance. The risks of
automation bias and the potential for patient harm from AI decision-support algorithms have been detailed
in the literature [23], as has the impairment of diagnostic reasoning caused by erroneous suggestions from
language models in a randomized trial involving clinicians well versed in Al literacy [24].

The oversight burden and invisible labor: Despite the efficiency of drafting tools, such software still requires
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validation, which can itself be labor-intensive. Literature on Al and physician autonomy points out that
although some work is routinized, auditing work can increase [25]. The invisible work necessary for the safe
implementation of Al has been described in the qualitative literature [26].

Deskilling and professional identity: The use of Al over an extended period may increase the risk of skill
degradation among healthcare professionals, as found in scoping and mixed-method reviews; for example,
decreased capability to detect adenomas in patients undergoing colonoscopy after discontinuation of Al
assistance [27,28]. Moreover, the use of Al could be viewed by healthcare professionals as a threat to their
professional identity and result in resistance, including fears of being replaced in the job market,
particularly among radiologists, with such concerns reported in up to 38% of cases [29,30,531].

Real-world failure: The deployment of poorly performing technologies creates additional burden and lowers
trust. For instance, an external validation of a clinically used sepsis prediction algorithm reported an area
under the curve of 0.63, compared with the range of 0.76-0.83 reported by the system's developers [32]. Such
discrepancies can create false alerts that need to be addressed, representing yet another example
highlighted in Section "Synthesis: The Displacement of Burden". Across these four pathways, automation
bias, oversight labor, deskilling, and system failure, the common underlying problem is the potential for
work removed by Al to reappear in another form, as described in Section "Synthesis: The Displacement of
Burden".

Benefits: How Al Can Relieve Clinician Burnout (Edge Two)

The second edge is that, when deployed well, Al targets precisely the documentation and messaging burden
most strongly implicated in burnout.

Ambient Al scribes - the emerging randomized evidence: The most important recent development is that
ambient documentation has begun to be tested in randomized trials rather than in enthusiastic pilots alone.
A randomized academic-center trial showed a decrease in note time of about 9.5%, some reductions in
burnout and workload, and the generation of clinically significant errors that required revision by physicians
[33]. Another pragmatic stepped-wedge randomized trial showed decreases in practitioner exhaustion and
disengagement [34], while a randomized crossover trial involving two scribe tools showed decreased burnout
and note time [35]. Their recency relative to the commentary literature makes these trials the crux of this
review.

Quality-improvement and observational signal: Beyond the randomized trials, uncontrolled quality-
improvement and observational reports from United States health systems point in the same direction.
These designs lack randomization and concurrent controls, so the figures that follow should be read as
convergent, lower-certainty signals rather than established effects. For example, a multi-system quality-
improvement initiative reported a decrease in burnout from 51.9% to 38.8%, along with a decreased task
load and approximately 11 min saved per day on after-hours documentation [36]. Single-system studies
include reports of decreased mental workload and improved well-being [37,38], decreased cognitive load
[39], and time savings [40]. Pediatric physicians experienced a decrease in burnout from 54.9% to 33.3% [41],
whereas family medicine residents achieved savings of about 3 min per patient on documentation and
improved well-being [42]. Cohort studies reported decreases in electronic health record use and note times,
but decreases in after-hours note times occurred only in subcohorts [43]. Implementation studies examined
processes and user perspectives [44,45], while systematic reviews and a meta-analysis included studies of
documentation burden and found a moderate reduction in burden (standardized mean difference = -0.71),
with high heterogeneity [46-48].

Beyond the note - inbox, triage, coding, and decision support: Quality-improvement and systematic review
research has examined the use of generative Al to draft responses to messages within patient portals, an
important contributor to clinician burnout. A single-group quality-improvement study showed that using Al
to generate responses to messages had no effect on time but significantly decreased workload and
exhaustion [49]. Improvements in the perceived efficiency and empathy of communication were reported,
although the use of generative drafts was limited [50]. Systematic reviews found that Al-generated drafts
were comparable to human responses in terms of empathy while also identifying potential issues, including
incorrect drafts [51-54]. Other applications included message triage [55,56], prior authorization review,
where denials might be automated [57], medical coding [58,59], decision support systems aimed at
preventing false positives [60], and nursing practice [61]. Taken together, these results suggest that
“artificial intelligence for burnout” represents a family of interventions rather than a single solution, with
each differing in its evidence base and associated risks (Table 2). What distinguishes this body of literature
from what has gone before is its convergence: although there may be some variation in effect sizes,
randomized trials, quality-improvement studies, and observational data from various disciplines and
institutions point toward the same overall direction [46-48].
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Al application Mechanism Relationship to burnout Strongest evidence type
Ambient Al Automatically draft clinical | documentation time and burnout; Randomized controlled trials [33-35]; quality-
scribes notes from encounters residual error oversight required improvement and observational studies [36-43]
Al-drafted . ) . ) T
tient Draft replies to portal | workload and exhaustion; oversight  Single-group quality-improvement study [49];

a
P messages required for unsafe drafts reviews [51-54]
messages
Message Prioritize and route inbox Potential reduction in workload; . . .

) . ; Experimental and comparative studies [55,56]
triage messages accuracy oversight required
Prior Automated review of

L . Risk of displaced burden and appeals Analysis [57]
authorization denials
Automated Large language model- Improved efficiency; validation

Model studies [58,59
medical coding assisted code assignment  required [ ]

Clinical
Mixed: alert fatigue versus fewer

decision Risk prediction and alerts g Clinical decision support studies [21,60]
false alarms

support

Nursing Operational and clinical Al Emerging; understudied in relation to . .

L . . Integrative review [61]
applications in nursing burnout

TABLE 2: Al applications and their relationship to clinician burnout.

Bracketed numbers refer to the reference list.

Implementation: What Determines Which Edge Wins

Whether Al mitigates or worsens burnout may be less a matter of the technology's potential and more a
matter of how it is deployed, assessed, and regulated. The same virtual assistant may lighten the load in one
clinic but increase the burden in another. Two broad themes contextualize this debate: over-reliance on
technology may encourage automation complacency [62], and poorly designed systems can themselves
contribute to burnout [63].

Organizational readiness and workflow fit: Implementation science research stresses the importance of
organizational readiness, workflow compatibility, training, and support during implementation rather than
the purely technical capabilities of the tool [64,65,66]. Innovation assessments and qualitative studies of
ambient documentation technology in ambulatory care settings show that adoption and value generation are
highly dependent on compatibility with existing workflows and the potential for scalable usability

[44,45,48].

Trust, oversight, and the human in the loop: Trust in Al-based clinical decision support technologies among
healthcare providers is inconsistent and depends on the transparency and reliability of the technology [67].
Excessive trust in the technology can lead to automation complacency [62], while insufficient trust may
impose an additional oversight burden. Therefore, approaches to governance are moving from a simple
"human in the loop" paradigm toward participatory governance [68], frameworks for marketed Al/machine
learning medical devices [69], and specific recommendations for responsible clinical decision support[70].

Measuring what matters - burnout-aware evaluation: Most implementations are evaluated based on
efficiency rather than clinician well-being; systematic reviews call for the use of burnout and well-being
metrics alongside multisite, long-term evaluations [63,46-48]. Where AI has been introduced to address a
specific constraint, such as critical care understaffing, qualitative research has shown improved working
conditions [71]. The crucial factor here is whether the implementation strategy was developed with workers'
well-being in mind. The practical corollary is that the same tool may be reported as a success or a failure
depending on what is measured and who is asked; until well-being endpoints and the experiences of the
entire care team are routinely captured, the literature will continue to under-detect the costs that fall
outside the physician's note [63].

Synthesis: The Displacement of Burden

On the risk-benefit continuum, the common theme that emerges is that Al replaces work more often than it
eliminates it: documentation effort is converted into oversight and validation work [25,26]. It remains to be
seen whether the oversight burden is less than the displaced burden and therefore improves well-being.
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Source (author, year)
Shanafelt TD et al. (2025) [1]
Shanafelt TD et al. (2022) [2]
Shah MK et al. (2021) [3]
McHugh MD et al. (2011) [4]

Dyrbye LN et al. (2018) [5]

Snyder RL et al. (2023) [6]

Richert M, Zucchero R (2023)[7]

Reframing the issue in terms of "burden displacement” extends the ideas behind the metaphors of the
"double-edged scalpel" and the "productivity paradox" [17,18] by defining both the mechanism and the
conditions of burden relief. Figure / summarizes this framework.

Burden Relieved

Documentation time,
exhaustion, and burnout
decrease (randomized trials)

Relieved

Artificial
Intelligence Tools
Introduced
Ambient scribes, drafted
replies, message triage,
automated coding, and
decision support

Documentation
Burden

Impact Split
The impact of artificial
intelligence tools diverg
into two distinct paths

Net Effect on Burnout

Everyday production

work: clinical notes,
patient portal messages,
coding, and authorization

Determined by balance
of relief vs displacement
and task absorption

Burden Displaced
New work:oversight,

. validation, correction of alerts,
Displaced| ™ cals, and task shifting

FIGURE 1: The displacement-of-burden framework.

Al converts production work, such as documentation, into oversight and validation work. The net effect on clinician
burnout depends on whether the burden relieved exceeds the burden displaced and on who absorbs the
remaining burden. Image created by the author.

Actual case studies of failure demonstrate that the mechanism works as expected. A poorly calibrated sepsis
model produces false positives whose correction requires manual effort [32], and automated prior-
authorization review may shift effort toward appeals [57]. In either scenario, the burden is neither relieved
nor reduced; it is merely displaced.

Burden displacement also has a directional and an equity dimension: when physicians' documentation
burden is reduced, the remaining work might be passed to nurses and assistant staff, who are among the
most burned-out yet least studied groups [6-9]. Biased algorithms, in turn, might shift harm toward
marginalized patients [72,73]. The lack of attention to the latter in the Al-and-burnout literature is not just
an omission; it reflects a lack of attention to the question of who bears the burden. Read as a whole, then,
the evidence supports neither the optimistic nor the alarmist account in its strongest form, but rather a
conditional one, in which the direction of AI's effect on burnout is determined less by the algorithm than by
the surrounding choices regarding workflow, governance, measurement, and equity.

The conclusions are therefore qualified: the success of Al depends on whether the burden it alleviates
outweighs the burden of supervision and governance it introduces and whether its impact on the well-being
of all members of the care team is measured.

Future Directions

The synthesis highlights a number of areas on which future research should focus. To start with, there is a
need for large-scale, multicenter randomized controlled trials with sufficient follow-up time to identify
clinician well-being as a critical endpoint, rather than focusing only on efficiency [33-35,46-48,63]. Next,
the evaluation process must include not just physicians but the entire care team. Multicenter randomized or
stepped-wedge trials with prespecified, team-level endpoints, including nurse and assistant workload and
well-being, would directly test whether displaced tasks fall on personnel who remain relatively understudied
[6-9]. Time-motion studies could then trace where oversight and validation tasks actually settle after
deployment. In addition, prospective studies examining governance and trust measures are needed to ensure
that oversight is proportionate and does not simply conform to the "human-in-the-loop" paradigm [67-70].
Moreover, future deployments should be studied for their effects on equity among patients and staff to
determine whether algorithmic bias and task displacement disproportionately affect marginalized patients
and lower-wage staff [72,73]. For reference, the study design and primary focus of all cited sources are
summarized in Table 5.

Study / evidence type Focus / contribution

Longitudinal survey Physician burnout prevalence, 2011 to 2023
Longitudinal survey Physician burnout during coronavirus disease 2019
Cross-sectional survey Nurse burnout prevalence in the United States
Cross-sectional study Nurse dissatisfaction/burnout and patient care

Survey Specialty, burnout, and career-choice regret (residents)

Certified nursing assistant burnout and turnover (coronavirus disease

litative/ob tional
Qualitative/observational 2019)

Survey Long-term-care nursing assistant burnout
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Norful AA et al. (2023) [8]
McQuade BM et al. (2022) [9]

Surawattanasakul V et al. (2024)
[10]

Tawfik DS et al. (2018) [11]
Rotenstein LS et al. (2023) [12]
Shanafelt TD et al. (2016) [13]
Han S et al. (2019) [14]

Ryan E et al. (2023) [15]

Poon EG et al. (2025)[16]

Bouguettaya A, Aboujaoude E
(2026) [17]

Goodson DA et al. (2025) [18]

Sinsky C et al. (2016)[19]

Wu Y et al. (2024)[20]

Jankovic |, Chen JH (2020) [21]
Williams MS (2021) [22]

Khera R et al. (2023) [23]

Qazi IA et al. (2026) [24]

Grosser J et al. (2025) [25]
Ulloa M et al. (2022) [26]
Heudel PE et al. (2026) [27]
Natali C et al. (2025) [28]
Jussupow E et al. (2022)[29]
Ackerhans S et al. (2025) [30]

Huisman M et al. (2021) [31]

Wong A et al. (2021)[32]

Lukac PJ et al. (2025) [33]

Afshar M et al. (2025) [34]

Chowdhury A et al. (2026) [35]

Olson KD et al. (2025) [36]

Stults CD et al. (2025) [37]
Shah SJ et al. (2025)[38]
Hudson TJ et al. (2025)[39]
Guo Y et al. (2026) [40]

Pelletier JH et al. (2025) [41]

National survey

Survey

Cross-sectional study

Survey
Survey
Longitudinal study
Economic analysis
Systematic review

Survey

Commentary

Commentary

Time-and-motion study

Systematic review/meta-
analysis

Review
Commentary

Commentary

Randomized controlled trial

Scoping review
Qualitative study
Scoping review
Mixed-method review
Survey

Experimental study

International survey

External validation

Randomized controlled trial

Pragmatic randomized
controlled trial

Randomized crossover trial

Quality improvement (multi-
system)

Evaluation
Observational study
Observational study
Evaluation

Pilot study
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Emergency-nurse burnout and turnover (United States)

Health-system pharmacist burnout

Resident burnout, conditions, and medical errors

Physician burnout and self-reported errors
Work overload, burnout, and intent to leave
Burnout and reduced professional work effort
Attributable cost of physician burnout
Burnout, depression, anxiety, and suicidality

Adoption of Al in healthcare

Al and burnout: the double-edged scalpel

Al and burnout: the productivity paradox

Physician time: about two hours of electronic health record work per
hour of patient care

Electronic health record use and burnout; after-hours use raises risk

Clinical decision support and burnout (alert fatigue)
Electronic health record distress as moral injury
Automation bias and harm from Al-driven decision support

Flawed large language model advice impairs clinician diagnostic
reasoning

Al and physician autonomy; oversight burden
Invisible clinical labor required to integrate Al
Al deskilling and loss of expertise

Al-induced deskilling in medicine
Professional-identity threat and resistance to Al
Identity threat and trust in Al decision support
Radiologists' fear of replacement (about 38%)

Proprietary sepsis model: area under the curve 0.63 in practice (false
alarms)

Ambient scribe: note time down about 9.5%, modest burnout
reduction, residual errors

Ambient Al: reduced exhaustion and disengagement

Two ambient scribes: reduced burnout and note time

Burnout 51.9% to 38.8%; about 11 minutes per day saved

Ambient Al documentation platform

Ambient scribe: usability, documentation burden, burnout
Ambient Al and cognitive load

Ambient Al: efficiency and documentation burden

Pediatric: burnout 54.9% to 33.3%
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Anderson W, Koran-Scholl JB
(2026) [42]

Pearlman K et al. (2025) [43]

Lawrence K et al. (2026) [44]

Van Tiem J et al. (2026) [45]

Zhao J et al. (2025) [46]

Bracken A et al. (2025) [47]

Ohde JW et al. (2026) 48]

Garcia P et al. (2024) [49]

English E et al. (2024) [50]
Baxter SL et al. (2024) [51]
Hu D et al. (2025) [52]
Mandal S et al. (2025) [53]
Biro JM et al. (2025) [54]
Pham JH et al. (2024) [55]
Alsumait A et al. (2025) [56]
Raza S et al. (2026) [57]
Hou Z et al. (2025) [58]

Naliyatthaliyazchayil P et al.
(2025) [59]

Gupta A et al. (2024) [60]
Hassanein S et al. (2025) [61]

Saadeh Ml et al. (2025)[62]

Sarraf B, Ghasempour A (2025)

[63]
Jacob C et al. (2025) [64]

van de Sande D et al. (2024)
(65]

Nair M et al. (2025) [66]

Tun HM et al. (2025) [67]
Griffen Z, Owens K (2024) [68]
Babic B et al. (2025) [69]
Labkoff S et al. (2024)[70]
Bienefeld N et al. (2025) [71]
Cary MP Jr et al. (2023)[72]

Nazer LH et al. (2023) [73]

TABLE 3: Characterization of all cited sources.

Pilot study

Cohort study

Innovation evaluation
Qualitative study

Systematic review/meta-
analysis

Systematic review
Review

Single-group quality-
improvement study

Survey

Review

Systematic review
Observational study
Analysis
Experimental study
Comparative study
Analysis

Model study

Model study

Decision-support study
Integrative review

Commentary

Systematic review

Systematic review

Framework

Framework
Systematic review
Commentary
Framework
Recommendations
Qualitative study
Scoping review

Review

Bracketed numbers refer to the reference list.

Resident ambient Al: documentation time and well-being

Al scribe and electronic health record efficiency (after-hours
subgroup)

Implementing ambient documentation for ambulatory clinicians
Clinician perspectives on ambient Al scribes

Al tools and documentation burden (standardized mean difference -
0.71)

Al-powered documentation systems

Barriers and opportunities of scaling ambient Al scribes

Al-drafted patient replies: reduced workload and exhaustion

Utility of Al-generated draft replies

Generative Al replies to patient messages

Generative Al for drafting patient-message responses
Utilization of generative Al-drafted responses
Opportunities and risks of Al in patient-portal messaging
Large language model triage of inbox messages

Al versus human triage of clinic messages

Al in prior-authorization review

Fine-tuned large language models for medical coding

Large language model reasoning for coding and readmission risk

Sepsis clinical decision support minimizing false alarms
Al in nursing: clinical and operational impacts

Automation complacency

Al and electronic health record-related burnout

Implementation framework for long-term real-world impact of Al tools

Al models require multifaceted implementation evaluation

Critical activities for Al implementation and adoption

Trust in Al-based clinical decision support among healthcare workers
Participatory governance of Al (human in the loop)

Governance of marketed Al/machine-learning medical devices
Responsible Al-enabled clinical decision support

Al to alleviate shortages in critical care

Mitigating bias in clinical algorithms (health equity)

Bias in Al algorithms and mitigation
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Limitations

There are certain limitations associated with this analysis. First, the review is not systematic; the lack of a
prospectively defined search strategy, a formal risk-of-bias assessment, and the application of Preferred
Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) criteria for study selection contributes
to the risk of both selection bias and citation bias. Second, only one author carried out the review; however,
all citations were checked against the original sources. Third, the review covers only the United States
healthcare system and, thus, may not be generalizable to other systems. Fourth, there is a lack of
randomized evidence; the vast majority of the included studies are observational or cross-sectional and use
various instruments and measures of burnout, making any meta-analysis impossible. Finally, because Al is a
rapidly developing field, some of the conclusions may become less relevant as the technology advances. In
addition, the search was conducted primarily in PubMed/MEDLINE and supplemented by manual searching
of reference lists; therefore, relevant studies indexed only in other databases, such as Embase, CINAHL,
Scopus, or Web of Science, may have been missed. The inclusion of heterogeneous study designs also carries
arisk of bias, and findings from non-randomized studies may overestimate the benefits of Al

Conclusions

Al is neither a complete solution to the problem of clinician burnout nor simply an additional task; rather, it
represents a shift in labor, the outcomes of which depend on how it is implemented. Randomized trials of
ambient documentation are genuinely promising with respect to documentation time and, in some trials,
well-being. The larger body of supporting evidence, however, remains observational, single-center, and
short-term, and its more dramatic findings should not be interpreted as established effects. The greatest
common threat is not failure itself but the shifting of labor from production to oversight, as well as the
redistribution of burden from physicians to nurses and assistants, whose experiences are less frequently
quantified. The development of this field requires comprehensive, multicenter, longitudinal research that
captures well-being indicators for all members of the care team. It also requires governance that keeps
oversight proportionate and, most importantly, sustained attention to equity.

Additional Information
Author Contributions

All authors have reviewed the final version to be published and agreed to be accountable for all aspects of the
work.

Concept and design: Crissinee Sucharitrak
Acquisition, analysis, or interpretation of data: Crissinee Sucharitrak
Drafting of the manuscript: Crissinee Sucharitrak

Critical review of the manuscript for important intellectual content: Crissinee Sucharitrak

Disclosures

Conflicts of interest: In compliance with the ICMJE uniform disclosure form, all authors declare the
following: Payment/services info: All authors have declared that no financial support was received from
any organization for the submitted work. Financial relationships: All authors have declared that they have
no financial relationships at present or within the previous three years with any organizations that might
have an interest in the submitted work. Other relationships: All authors have declared that there are no
other relationships or activities that could appear to have influenced the submitted work.

Acknowledgements

The author used an artificial intelligence tool (Claude, Anthropic) to assist with literature searching and
reference identification. All references were independently screened and verified by the author against the
original sources. The author wrote the manuscript and takes full responsibility for its accuracy and integrity,
including the accuracy of all citations.

References

1. Shanafelt TD, West CP, Sinsky C, et al.: Changes in burnout and satisfaction with work-life integration in
physicians and the general US working population between 2011 and 2023. Mayo Clin Proc. 2025, 100:1142-
1158. 10.1016/j.mayocp.2024.11.031

2.  Shanafelt TD, West CP, Dyrbye LN, et al.: Changes in burnout and satisfaction with work-life integration in
physicians during the first 2 years of the COVID-19 pandemic. Mayo Clin Proc. 2022, 97:2248-2258.
10.1016/j.mayocp.2022.09.002

3. Shah MK, Gandrakota N, Cimiotti JP, Ghose N, Moore M, Ali MK: Prevalence of and factors associated with

2026 Sucharitrak et al. Cureus 18(7): e112814. DOI 10.7759/cureus.112814 90of12


https://dx.doi.org/10.1016/j.mayocp.2024.11.031
https://dx.doi.org/10.1016/j.mayocp.2024.11.031
https://dx.doi.org/10.1016/j.mayocp.2022.09.002
https://dx.doi.org/10.1016/j.mayocp.2022.09.002
https://dx.doi.org/10.1001/jamanetworkopen.2020.36469

Cureus

Part of SPRINGER NATURE

10.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

nurse burnout in the US. JAMA Netw Open. 2021, 4:e2036469. 10.1001/jamanetworkopen.2020.36469
McHugh MD, Kutney-Lee A, Cimiotti JP, Sloane DM, Aiken LH: Nurses' widespread job dissatisfaction,
burnout, and frustration with health benefits signal problems for patient care. Health Aff (Millwood). 2011,
30:202-210. 10.1377/hlthaff.2010.0100

Dyrbye LN, Burke SE, Hardeman RR, et al.: Association of clinical specialty with symptoms of burnout and
career choice regret among US resident physicians. JAMA. 2018, 320:1114-1130. 10.1001/jama.2018.12615
Snyder RL, Barnes LE, White KA, Cochran RL: Burnout and staff turnover among certified nursing assistants
working in acute care hospitals during the COVID-19 pandemic. PLoS One. 2023, 18:e0290880.
10.1371/journal.pone.0290880

Richert M, Zucchero R: Burnout, compassion satisfaction, and intention to quit among long-term care
nursing assistants in the time of COVID-19. ] Long-Term Care. 2023, 73-82. 10.31389/jltc.160

Norful AA, Cato K, Chang BP, Amberson T, Castner J: Emergency nursing workforce, burnout, and job
turnover in the United States: a national sample survey analysis. ] Emerg Nurs. 2023, 49:574-585.
10.1016/j.jen.2022.12.014

McQuade BM, Keller E, Elmes A, DiDomenico R], Jarrett JB: Stratification of burnout in health-system
pharmacists during the COVID-19 pandemic: a focus on the ambulatory care pharmacist. ] Am Coll Clin
Pharm. 2022, 5:942-949. 10.1002/jac5.1672

Surawattanasakul V, Siviroj P, Kiratipaisarl W: Resident physician burnout and association with working
conditions, psychiatric determinants, and medical errors: a cross-sectional study. PLoS One. 2024,
19:e0312839. 10.1371/journal.pone.0312839

Tawfik DS, Profit J, Morgenthaler TI, et al.: Physician burnout, well-being, and work unit safety grades in
relationship to reported medical errors. Mayo Clin Proc. 2018, 93:1571-1580. 10.1016/j.mayocp.2018.05.014
Rotenstein LS, Brown R, Sinsky C, Linzer M: The association of work overload with burnout and intent to
leave the job across the healthcare workforce during COVID-19. ] Gen Intern Med. 2023, 38:1920-1927.
10.1007/s11606-023-08153-z

Shanafelt TD, Mungo M, Schmitgen J, et al.: Longitudinal study evaluating the association between
physician burnout and changes in professional work effort. Mayo Clin Proc. 2016, 91:422-431.
10.1016/j.mayocp.2016.02.001

Han S, Shanafelt TD, Sinsky CA, et al.: Estimating the attributable cost of physician burnout in the United
States. Ann Intern Med. 2019, 170:784-790. 10.7326/M18-1422

Ryan E, Hore K, Power J, Jackson T: The relationship between physician burnout and depression, anxiety,
suicidality and substance abuse: a mixed methods systematic review. Front Public Health. 2023, 11:1133484.
10.3389/fpubh.2023.1133484

Poon EG, Lemak CH, Rojas JC, Guptill ], Classen D: Adoption of artificial intelligence in healthcare: survey
of health system priorities, successes, and challenges. ] Am Med Inform Assoc. 2025, 32:1093-1100.
10.1093/jamia/ocaf065

Bouguettaya A, Aboujaoude E: Artificial intelligence and the problem of physician burnout: a double-edged
scalpel. World Psychiatry. 2026, 25:328-330. 10.1002/wps.70075

Goodson DA, Garcia B, Hogarth M, Tu SP: Artificial intelligence and physician burnout: a productivity
paradox. Learn Health Syst. 2025, 9:e70013. 10.1002/1rh2.70013

Sinsky C, Colligan L, Li L, et al.: Allocation of physician time in ambulatory practice: a time and motion
study in 4 specialties. Ann Intern Med. 2016, 165:753-760. 10.7326/M16-0961

WuY, WuM, Wang C, Lin ], Liu ], Liu S: Evaluating the prevalence of burnout among health care
professionals related to electronic health record use: systematic review and meta-analysis. JMIR Med
Inform. 2024, 12:e54811. 10.2196/54811

Jankovic I, Chen JH: Clinical decision support and implications for the clinician burnout crisis . Yearb Med
Inform. 2020, 29:145-154. 10.1055/5-0040-1701986

Williams MS: Misdiagnosis: burnout, moral injury, and implications for the electronic health record . ] Am
Med Inform Assoc. 2021, 28:1047-1050. 10.1093/jamia/ocaa244

Khera R, Simon MA, Ross JS: Automation bias and assistive Al: risk of harm from Al-driven clinical decision
support. JAMA. 2023, 330:2255-2257. 10.1001/jama.2023.22557

Qazi IA, Ali A, Khawaja AU, Akhtar MJ, Sheikh AZ, Alizai MH: Automation bias in large language model-
assisted diagnostic reasoning among physicians trained in Al literacy — a randomized clinical trial. NEJM Al
2026, 3:Al0a2501001. 10.1056/AT0a2501001

Grosser ], Diivel ], Hasemann L, Schneider E, Greiner W: Studying the potential effects of artificial
intelligence on physician autonomy: scoping review. JMIR Al. 2025, 4:e59295. 10.2196/59295

Ulloa M, Rothrock B, Ahmad FS, Jacobs M: Invisible clinical labor driving the successful integration of Al in
healthcare . Front Comput Sci. 2022, 4:10.3389/fcomp.2022.1045704

Heudel PE, Crochet H, Filori Q, Bachelot T, Blay JY: Artificial intelligence in medicine: a scoping review of
the risk of deskilling and loss of expertise among physicians. ESMO Real World Data Digit Oncol. 2026,
12:100693. 10.1016/j.esmorw.2026.100693

Natali C, Marconi L, Dias Duran LD, Cabitza F: Al-induced deskilling in medicine: a mixed-method review
and research agenda for healthcare and beyond. Artif Intell Rev. 2025, 58:356. 10.1007/s10462-025-11352-1
Jussupow E, Spohrer K, Heinzl A: Identity threats as a reason for resistance to artificial intelligence: survey
study with medical students and professionals. JMIR Form Res. 2022, 6:€28750. 10.2196/28750

Ackerhans S, Wehkamp K, Petzina R, Dumitrescu D, Schultz C: Perceived trust and professional identity
threat in Al-based clinical decision support systems: scenario-based experimental study on Al process
design features. JMIR Form Res. 2025, 9:e64266. 10.2196/642.66

Huisman M, Ranschaert E, Parker W, et al.: An international survey on Al in radiology in 1,041 radiologists
and radiology residents part 1: fear of replacement, knowledge, and attitude. Eur Radiol. 2021, 31:7058-
7066. 10.1007/s00330-021-07781-5

Wong A, Otles E, Donnelly JP, et al.: External validation of a widely implemented proprietary sepsis
prediction model in hospitalized patients. JAMA Intern Med. 2021, 181:1065-1070.
10.1001/jamainternmed.2021.2626

2026 Sucharitrak et al. Cureus 18(7): e112814. DOI 10.7759/cureus.112814

100f 12


https://dx.doi.org/10.1001/jamanetworkopen.2020.36469
https://dx.doi.org/10.1377/hlthaff.2010.0100
https://dx.doi.org/10.1377/hlthaff.2010.0100
https://dx.doi.org/10.1001/jama.2018.12615
https://dx.doi.org/10.1001/jama.2018.12615
https://dx.doi.org/10.1371/journal.pone.0290880
https://dx.doi.org/10.1371/journal.pone.0290880
https://dx.doi.org/10.31389/jltc.160
https://dx.doi.org/10.31389/jltc.160
https://dx.doi.org/10.1016/j.jen.2022.12.014
https://dx.doi.org/10.1016/j.jen.2022.12.014
https://dx.doi.org/10.1002/jac5.1672
https://dx.doi.org/10.1002/jac5.1672
https://dx.doi.org/10.1371/journal.pone.0312839
https://dx.doi.org/10.1371/journal.pone.0312839
https://dx.doi.org/10.1016/j.mayocp.2018.05.014
https://dx.doi.org/10.1016/j.mayocp.2018.05.014
https://dx.doi.org/10.1007/s11606-023-08153-z
https://dx.doi.org/10.1007/s11606-023-08153-z
https://dx.doi.org/10.1016/j.mayocp.2016.02.001
https://dx.doi.org/10.1016/j.mayocp.2016.02.001
https://dx.doi.org/10.7326/M18-1422
https://dx.doi.org/10.7326/M18-1422
https://dx.doi.org/10.3389/fpubh.2023.1133484
https://dx.doi.org/10.3389/fpubh.2023.1133484
https://dx.doi.org/10.1093/jamia/ocaf065
https://dx.doi.org/10.1093/jamia/ocaf065
https://dx.doi.org/10.1002/wps.70075
https://dx.doi.org/10.1002/wps.70075
https://dx.doi.org/10.1002/lrh2.70013
https://dx.doi.org/10.1002/lrh2.70013
https://dx.doi.org/10.7326/M16-0961
https://dx.doi.org/10.7326/M16-0961
https://dx.doi.org/10.2196/54811
https://dx.doi.org/10.2196/54811
https://dx.doi.org/10.1055/s-0040-1701986
https://dx.doi.org/10.1055/s-0040-1701986
https://dx.doi.org/10.1093/jamia/ocaa244
https://dx.doi.org/10.1093/jamia/ocaa244
https://dx.doi.org/10.1001/jama.2023.22557
https://dx.doi.org/10.1001/jama.2023.22557
https://dx.doi.org/10.1056/AIoa2501001
https://dx.doi.org/10.1056/AIoa2501001
https://dx.doi.org/10.2196/59295
https://dx.doi.org/10.2196/59295
https://dx.doi.org/10.3389/fcomp.2022.1045704
https://dx.doi.org/10.3389/fcomp.2022.1045704
https://dx.doi.org/10.1016/j.esmorw.2026.100693
https://dx.doi.org/10.1016/j.esmorw.2026.100693
https://dx.doi.org/10.1007/s10462-025-11352-1
https://dx.doi.org/10.1007/s10462-025-11352-1
https://dx.doi.org/10.2196/28750
https://dx.doi.org/10.2196/28750
https://dx.doi.org/10.2196/64266
https://dx.doi.org/10.2196/64266
https://dx.doi.org/10.1007/s00330-021-07781-5
https://dx.doi.org/10.1007/s00330-021-07781-5
https://dx.doi.org/10.1001/jamainternmed.2021.2626
https://dx.doi.org/10.1001/jamainternmed.2021.2626

Cureus

Part of SPRINGER NATURE

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

Lukac PJ, Turner W, Vangala S, et al.: Ambient Al scribes in clinical practice: a randomized trial . NEJM Al
2025, 2:Al0a2501000. 10.1056/ai0a2501000

Afshar M, Baumann MR, Resnik F, et al.: A pragmatic randomized controlled trial of ambient artificial
intelligence to improve health practitioner well-being. NEJM Al 2025, 2:Al0a2500945. 10.1056/ai0a2500945
Chowdhury A, Casey M, Wilson J, Pollak KI, Goldstein BA, Bedoya A, Poon EG: Comparing ambient scribes: a
randomized crossover clinical trial addressing ambient scribe technologies' impact on physician burnout. |
Am Med Inform Assoc. 2026, 33:990-999. 10.1093/jamia/ocag018

Olson KD, Meeker D, Troup M, et al.: Use of ambient Al scribes to reduce administrative burden and
professional burnout. JAMA Netw Open. 2025, 8:62534976. 10.1001/jamanetworkopen.2025.34976

Stults CD, Deng S, Martinez MC, et al.: Evaluation of an ambient artificial intelligence documentation
platform for clinicians. JAMA Netw Open. 2025, 8:e258614. 10.1001/jamanetworkopen.2025.8614

Shah SJ, Devon-Sand A, Ma SP, et al.: Ambient artificial intelligence scribes: physician burnout and
perspectives on usability and documentation burden. ] Am Med Inform Assoc. 2025, 32:375-380.
10.1093/jamia/ocae295

Hudson TJ, Albrecht M, Smith TR, Ator GA, Thompson JA, Shah T, Shanks D: Impact of ambient artificial
intelligence documentation on cognitive load. Mayo Clin Proc Digit Health. 2025, 3:100193.
10.1016/j.mcpdig.2024.100193

Guo Y, WangJ, Hu D, et al.: Evaluating ambient artificial intelligence documentation: effects on work
efficiency, documentation burden, and patient-centered care. ] Am Med Inform Assoc. 2026, 33:273-282.
10.1093/jamia/ocaf180

Pelletier JH, Watson K, Michel J, McGregor R, Rush SZ: Effect of a generative artificial intelligence digital
scribe on pediatric provider documentation time, cognitive burden, and burnout. JAMIA Open. 2025,
8:00af068. 10.1093/jamiaopen/ooaf068

Anderson W, Koran-Scholl JB: The impact of ambient Al on resident documentation and well-being: a pilot
study. PRIMER. 2026, 10:21. 10.22454/PRIMER.2026.393770

Pearlman K, Wan W, Shah S, Laiteerapong N: Use of an Al scribe and electronic health record efficiency .
JAMA Netw Open. 2025, 8:€2537000. 10.1001/jamanetworkopen.2025.37000

Lawrence K, Polet C, Malhotra K, Kuram V, Sharif S: Implementing artificial intelligence-enabled ambient
documentation technology for ambulatory clinicians: an innovation evaluation. ] Gen Intern Med. 2026,
10.1007/s11606-026-10448-w

Van Tiem J, Cramer E, Iverson C, et al.: Listening to the note: clinician perspectives on ambient artificial
intelligence scribes in medical documentation. ] Am Med Inform Assoc. 2026, 33:255-262.
10.1093/jamia/ocaf214

Zhao ], Liu H, Chen Y, Song F: Application of artificial intelligence tools and clinical documentation burden:
a systematic review and meta-analysis. BMC Med Inform Decis Mak. 2025, 26:29. 10.1186/s12911-025-
03324-w

Bracken A, Reilly C, Feeley A, Sheehan E, Merghani K, Feeley I: Artificial intelligence (Al)-powered
documentation systems in healthcare: a systematic review. ] Med Syst. 2025, 49:28. 10.1007/s10916-025-
02157-4

Ohde JW, Thompson A, Liu Z, et al.: Barriers and opportunities of scaling ambient Al scribes for clinical
documentation across diverse healthcare settings. NP] Digit Med. 2026, 9:369. 10.1038/s41746-026-02554-0
Garcia P, Ma SP, Shah S, et al.: Artificial intelligence-generated draft replies to patient inbox messages .
JAMA Netw Open. 2024, 7:e243201. 10.1001/jamanetworkopen.2024.3201

English E, Laughlin J, Sippel ], DeCamp M, Lin CT: Utility of artificial intelligence-generative draft replies to
patient messages. JAMA Netw Open. 2024, 7:2438573. 10.1001/jamanetworkopen.2024.38573

Baxter SL, Longhurst CA, Millen M, Sitapati AM, Tai-Seale M: Generative artificial intelligence responses to
patient messages in the electronic health record: early lessons learned. JAMIA Open. 2024, 7:00ae028.
10.1093/jamiaopen/ooae028

HuD, Guo Y, Zhou Y, Flores L, Zheng K: A systematic review of early evidence on generative Al for drafting
responses to patient messages. npj Health Systems. 2025, 2:27. 10.1038/544401-025-00032-5

Mandal S, Wiesenfeld BM, Szerencsy AC, et al.: Utilization of generative Al-drafted responses for managing
patient-provider communication. NPJ Digit Med. 2025, 8:591. 10.1038/s41746-025-01972-w

Biro JM, Handley JL, Malcolm McCurry J, Visconti A, Weinfeld J, Gregory Trafton J, Ratwani RM:
Opportunities and risks of artificial intelligence in patient portal messaging in primary care . NPJ Digit Med.
2025, 8:222. 10.1038/541746-025-01586-2

Pham JH, Thongprayoon C, Miao J, Suppadungsuk S, Koirala P, Craici IM, Cheungpasitporn W: Large
language model triaging of simulated nephrology patient inbox messages. Front Artif Intell. 2024,
7:1452469. 10.3389/frai.2024.1452469

Alsumait A, Deshmukh S, Wang C, Leffler CT: Triage of patient messages sent to the eye clinic via the
electronic medical record: a comparative study on Al and human triage performance. J Clin Med. 2025,
14:2395. 10.3390/jcm 14072395

Raza S, Gerke S, Silcox C, Hendricks-Sturrup R, Shachar C: Medicare advantage becoming a disadvantage
with use of artificial intelligence in prior authorization review. NPJ Digit Med. 2026, 9:208. 10.1038/s41746-
026-02387-x

Hou Z, Liu H, Bian J, He X, Zhuang Y: Enhancing medical coding efficiency through domain-specific fine-
tuned large language models. Npj Health Syst. 2025, 2:14. 10.1038/544401-025-00018-3
Naliyatthaliyazchayil P, Muthyala R, Gichoya JW, Purkayastha S: Evaluating the reasoning capabilities of
large language models for medical coding and hospital readmission risk stratification: zero-shot prompting
approach. ] Med Internet Res. 2025, 27:e74142. 10.2196/74142

Gupta A, Chauhan R, G S, Shreekumar A: Improving sepsis prediction in intensive care with SepsisAl: a
clinical decision support system with a focus on minimizing false alarms. PLOS Digit Health. 2024,
3:e0000569. 10.1371/journal.pdig.0000569

Hassanein S, El Arab RA, Abdrbo A, et al.: Artificial intelligence in nursing: an integrative review of clinical
and operational impacts. Front Digit Health. 2025, 7:1552372. 10.3389/fdgth.2025.1552372

2026 Sucharitrak et al. Cureus 18(7): e112814. DOI 10.7759/cureus.112814

110f12


https://dx.doi.org/10.1056/aioa2501000
https://dx.doi.org/10.1056/aioa2501000
https://dx.doi.org/10.1056/aioa2500945
https://dx.doi.org/10.1056/aioa2500945
https://dx.doi.org/10.1093/jamia/ocag018
https://dx.doi.org/10.1093/jamia/ocag018
https://dx.doi.org/10.1001/jamanetworkopen.2025.34976
https://dx.doi.org/10.1001/jamanetworkopen.2025.34976
https://dx.doi.org/10.1001/jamanetworkopen.2025.8614
https://dx.doi.org/10.1001/jamanetworkopen.2025.8614
https://dx.doi.org/10.1093/jamia/ocae295
https://dx.doi.org/10.1093/jamia/ocae295
https://dx.doi.org/10.1016/j.mcpdig.2024.100193
https://dx.doi.org/10.1016/j.mcpdig.2024.100193
https://dx.doi.org/10.1093/jamia/ocaf180
https://dx.doi.org/10.1093/jamia/ocaf180
https://dx.doi.org/10.1093/jamiaopen/ooaf068
https://dx.doi.org/10.1093/jamiaopen/ooaf068
https://dx.doi.org/10.22454/PRiMER.2026.393770
https://dx.doi.org/10.22454/PRiMER.2026.393770
https://dx.doi.org/10.1001/jamanetworkopen.2025.37000
https://dx.doi.org/10.1001/jamanetworkopen.2025.37000
https://dx.doi.org/10.1007/s11606-026-10448-w
https://dx.doi.org/10.1007/s11606-026-10448-w
https://dx.doi.org/10.1093/jamia/ocaf214
https://dx.doi.org/10.1093/jamia/ocaf214
https://dx.doi.org/10.1186/s12911-025-03324-w
https://dx.doi.org/10.1186/s12911-025-03324-w
https://dx.doi.org/10.1007/s10916-025-02157-4
https://dx.doi.org/10.1007/s10916-025-02157-4
https://dx.doi.org/10.1038/s41746-026-02554-0
https://dx.doi.org/10.1038/s41746-026-02554-0
https://dx.doi.org/10.1001/jamanetworkopen.2024.3201
https://dx.doi.org/10.1001/jamanetworkopen.2024.3201
https://dx.doi.org/10.1001/jamanetworkopen.2024.38573
https://dx.doi.org/10.1001/jamanetworkopen.2024.38573
https://dx.doi.org/10.1093/jamiaopen/ooae028
https://dx.doi.org/10.1093/jamiaopen/ooae028
https://dx.doi.org/10.1038/s44401-025-00032-5
https://dx.doi.org/10.1038/s44401-025-00032-5
https://dx.doi.org/10.1038/s41746-025-01972-w
https://dx.doi.org/10.1038/s41746-025-01972-w
https://dx.doi.org/10.1038/s41746-025-01586-2
https://dx.doi.org/10.1038/s41746-025-01586-2
https://dx.doi.org/10.3389/frai.2024.1452469
https://dx.doi.org/10.3389/frai.2024.1452469
https://dx.doi.org/10.3390/jcm14072395
https://dx.doi.org/10.3390/jcm14072395
https://dx.doi.org/10.1038/s41746-026-02387-x
https://dx.doi.org/10.1038/s41746-026-02387-x
https://dx.doi.org/10.1038/s44401-025-00018-3
https://dx.doi.org/10.1038/s44401-025-00018-3
https://dx.doi.org/10.2196/74142
https://dx.doi.org/10.2196/74142
https://dx.doi.org/10.1371/journal.pdig.0000569
https://dx.doi.org/10.1371/journal.pdig.0000569
https://dx.doi.org/10.3389/fdgth.2025.1552372
https://dx.doi.org/10.3389/fdgth.2025.1552372

Cureus

Part of SPRINGER NATURE

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

Saadeh MI, Janhonen |, Beer E, Castelyn C, Hoffman DN: Automation complacency: risks of abdicating
medical decision making. Al and Ethics. 2025, 5:5783-5793. 10.1007/s43681-025-00825-2

Sarraf B, Ghasempour A: Impact of artificial intelligence on electronic health record-related burnouts
among healthcare professionals: systematic review. Front Public Health. 2025, 13:1628831.
10.3389/fpubh.2025.1628831

Jacob C, Brasier N, Laurenzi E, Heuss S, Mougiakakou SG, Coltekin A, Peter MK: AI for IMPACTS framework
for evaluating the long-term real-world impacts of Al-powered clinician tools: systematic review and
narrative synthesis. ] Med Internet Res. 2025, 27:e67485. 10.2196/67485

van de Sande D, Chung EF, Oosterhoff ], van Bommel ], Gommers D, van Genderen ME: To warrant clinical
adoption Al models require a multi-faceted implementation evaluation. NP]J Digit Med. 2024, 7:58.
10.1038/s41746-024-01064-1

Nair M, Nygren J, Nilsen P, Gama F, Neher M, Larsson I, Svedberg P: Critical activities for successful
implementation and adoption of Al in healthcare: towards a process framework for healthcare
organizations. Front Digit Health. 2025, 7:1550459. 10.3389/fdgth.2025.1550459

Tun HM, Rahman HA, Naing L, Malik OA: Trust in artificial intelligence-based clinical decision support
systems among health care workers: systematic review. ] Med Internet Res. 2025, 27:€69678. 10.2196/69678
Griffen Z, Owens K: From "human in the loop" to a participatory system of governance for Al in healthcare .
Am | Bioeth. 2024, 24:81-83. 10.1080/15265161.2024.2377114

Babic B, Glenn Cohen I, Stern AD, Li Y, Ouellet M: A general framework for governing marketed A[/ML
medical devices. NPJ Digit Med. 2025, 8:328. 10.1038/s41746-025-01717-9

Labkoff S, Oladimeji B, Kannry J, et al.: Toward a responsible future: recommendations for Al-enabled
clinical decision support. ] Am Med Inform Assoc. 2024, 31:2730-2739. 10.1093/jamia/ocae209

Bienefeld N, Keller E, Grote G: Al interventions to alleviate healthcare shortages and enhance work
conditions in critical care: qualitative analysis. ] Med Internet Res. 2025, 27:€50852. 10.2196/50852

Cary MP Jr, Zink A, Wei S, et al.: Mitigating racial and ethnic bias and advancing health equity in clinical
algorithms: a scoping review. Health Aff (Millwood). 2023, 42:1359-1368. 10.1377/hlthaff.2023.00553

Nazer LH, Zatarah R, Waldrip S, et al.: Bias in artificial intelligence algorithms and recommendations for
mitigation. PLOS Digit Health. 2023, 2:¢0000278. 10.1371/journal.pdig.0000278

2026 Sucharitrak et al. Cureus 18(7): e112814. DOI 10.7759/cureus.112814

12 0f 12


https://dx.doi.org/10.1007/s43681-025-00825-2
https://dx.doi.org/10.1007/s43681-025-00825-2
https://dx.doi.org/10.3389/fpubh.2025.1628831
https://dx.doi.org/10.3389/fpubh.2025.1628831
https://dx.doi.org/10.2196/67485
https://dx.doi.org/10.2196/67485
https://dx.doi.org/10.1038/s41746-024-01064-1
https://dx.doi.org/10.1038/s41746-024-01064-1
https://dx.doi.org/10.3389/fdgth.2025.1550459
https://dx.doi.org/10.3389/fdgth.2025.1550459
https://dx.doi.org/10.2196/69678
https://dx.doi.org/10.2196/69678
https://dx.doi.org/10.1080/15265161.2024.2377114
https://dx.doi.org/10.1080/15265161.2024.2377114
https://dx.doi.org/10.1038/s41746-025-01717-9
https://dx.doi.org/10.1038/s41746-025-01717-9
https://dx.doi.org/10.1093/jamia/ocae209
https://dx.doi.org/10.1093/jamia/ocae209
https://dx.doi.org/10.2196/50852
https://dx.doi.org/10.2196/50852
https://dx.doi.org/10.1377/hlthaff.2023.00553
https://dx.doi.org/10.1377/hlthaff.2023.00553
https://dx.doi.org/10.1371/journal.pdig.0000278
https://dx.doi.org/10.1371/journal.pdig.0000278

	Artificial Intelligence and Clinician Burnout in the United States: A Narrative Review
	Abstract
	Introduction And Background
	What burnout is, and why it persists
	Why this review, and why now

	Review
	Materials and methods
	Review
	TABLE 1: Burnout and turnover across the United States care team.
	TABLE 2: AI applications and their relationship to clinician burnout.
	FIGURE 1: The displacement-of-burden framework.
	TABLE 3: Characterization of all cited sources.


	Conclusions
	Additional Information
	Author Contributions
	Disclosures
	Acknowledgements

	References


