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Peer perceptions of clinicians using
generative AI in medical decision-making

Check for updates
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This study investigates how a physician’s use of generative AI (GenAI) in medical decision‑making is
perceived by peer clinicians. In a randomized experiment, 276 practicing clinicians evaluated one of
three vignettes depicting a physician: (1) using no GenAI (Control), (2) using GenAI as a primary
decision-making tool (GenAI-primary), and (3) using GenAI as a verification tool (GenAI-verify).
Participants rated the physician depicted in the GenAI‑primary condition significantly lower in clinical
skill (on a 1–7 scale; mean = 3.79) than in the Control condition (5.93, p < 0.001). FramingGenAI use as
verification partially mitigated this effect (4.99, p < 0.001). Similar patterns appeared for perceived
overall healthcare experience and competence. Participants also acknowledged GenAI’s value in
improving accuracy (4.30, p < 0.002) and rated institutionally customized GenAI more favorably (4.96,
p < 0.001). These findings suggest that while clinicians see GenAI as helpful, its use can negatively
impact peer evaluations. These effects can be reduced, but not fully eliminated, by framing it as a
verification aid.

The emergence of generative artificial intelligence (GenAI) systems has
generated increasing interest in their potential to enhance healthcare
delivery since the introduction of ChatGPT in November 20221. As of early
2024,more than70%ofhealthcare organizations are eitherpursuingorhave
already incorporated GenAI into their healthcare workflows2. GenAI
offers significant promise in supporting physicians by streamlining
clinical decision-making through the rapid analysis of patient data.
While much attention has focused on using GenAI to enhance effi-
ciency and reduce burdens associated with electronic medical
records3–5, studies have also explored its role in medical decision-
making, from generating differential diagnoses with clinical vignettes6

to improving decision-support tools integrated into electronic med-
ical record systems7,8.

Efforts to incorporate computerized tools, including medical AI, into
medical decision-making date back several decades. Early examples, such as
MYCIN in the 1970s, used rule-based expert systems to recommend
treatments for infectious diseases but faced challenges in usability and
clinical uptake9. IBM’s Watson represented a more recent attempt to aug-
ment medical decision-making through machine learning applications,
particularly in oncology, but encountered mixed results due to data and
implementation complexities and inconsistent clinical impact10. In contrast,
GenAImarks amajor shift, with its ability to process freeform, unstructured

data, produce human-like responses, and provide rapid insights, offering a
more flexible and accessible tool for decision support.

Despite its potential, real-world applications of GenAI in medical
decision-making remain limited11. One potential barrier to broader adop-
tion is the impact of physicians’ reputational concerns among their peers12.
Prior studies, often in the formof laboratory experiments among trainees or
non-medical practitioners, show physicians hold less favorable views of
their peers who use computerized tools in patient care13–15. However, little is
known about how practicing clinicians perceive peers who use decision-
support tools, including GenAI, for medical decision-making. Under-
standing these perceptions is important because peer reputation influences
professional success: In healthcare, patients frequently lack the ability to
evaluate physician quality independently16, and they often rely on referrals
from trusted intermediaries, such as primary care physicians, triage nurses,
and specialists, to select experts17. Peer reputation not only shapes these
referral networks but also plays a key role in the adoption of medical
technologies18.

This study examines how a physician’s use of GenAI in medical
decision-making is perceived by peer clinicians, focusing on key dimensions
such as competence, clinical skills, and overall healthcare experience. Using
a controlled survey experiment, we evaluated these perceptions across dif-
ferent scenarios, including GenAI as a primary decision-making tool and
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GenAI framed as a verification tool. By linking these perceptions to broader
issues of professional reputation and referral patterns, this study highlights
the nuanced interaction between technology adoption and peer evaluations.
It also sheds new light on the integration of GenAI into clinical workflows
and the challenges of balancing innovation with professional trust.

Prior research suggests that seeking advice or assistance can lead to
perceived competence penalties, even when the advice enhances decision
quality; these effects appear to be attenuated when the advice-seeker signals
humility or deference to social norms19. In clinical contexts, physicians’ use

of GenAI may similarly be interpreted as a signal of lower personal com-
petence. This possibility aligns with a broader body of advice-taking lit-
erature, which shows that reliance on external input can be perceived as a
weakness rather than a strength20.

Based on these insights, we formulated two key hypotheses. First, we
hypothesized that, compared with those who do not use GenAI, physicians
who use GenAI as a primary decision-making tool would be perceived as
having lower clinical skills, providing a worse overall healthcare experience,
and being less competent overall. Second, we hypothesized that presenting
GenAI as a verification tool, rather than as a primary decision-making tool,
would partially—but not fully—mitigate these negative perceptions.

Results
Atotal of 276 clinicians participated in the study, including178physicians, 28
fellows/residents, 60 advanced practice providers (physician assistants and
nurse practitioners), and 10 individuals in other clinical roles. An additional
123 individuals started the survey but did not complete it and thus were not
included in the analysis. In the total cohort, most participants were aged
35–54 years; 60.1%were female, 19.2% Asian, 4.7% Black, and 62.3%White.
As shown in Table 1, participants were balanced across years of practice
experience and practice setting (inpatient and outpatient). Baseline demo-
graphic and workforce characteristics did not differ significantly across the
three conditions. For clarity, the “GenAI-primary” condition refers to a
physician using GenAI as the primary decision-making aid, whereas in the
“GenAI-verify” condition, the physician uses GenAI only to verify their
decision. A summary of participants’ responses is provided in Table 2.

Clinical Skills
Ratings of clinical skills differed significantly across the three conditions
(F(2, 273) = 45.45, p < 0.001, ηp² = 0.25; Fig. 1, first panel). The mean (SD)
clinical skills score for the Control condition was 5.93 (1.24), for GenAI-
primary was 3.79 (1.62), and for GenAI-verify was 4.99 (1.67). The differ-
ence between the GenAI-primary and Control conditions was statistically
significant (F(1, 273) = 90.30, p < 0.001, ηp² = 0.25), as was the difference
betweenGenAI-verify and Control conditions (F(1, 273) = 17.33, p < 0.001,
ηp² = 0.06). Presenting GenAI as a verification tool partially mitigated this
effect, though the clinical skills rating remained lower than in the Control
condition (F(1, 273) = 28.99, p < 0.001, ηp² = 0.10).

Overall Healthcare Experience
Evaluations of overall healthcare experience differed significantly across the
three conditions (F(2, 273) = 34.38, p < 0.001, ηp² = 0.20; Fig. 1, second
panel). The mean (SD) evaluations were 4.48 (0.82) in the Control condi-
tion, 3.08 (1.30) in the GenAI-primary condition, and 3.72 (1.24) in the
GenAI-verify condition. Compared with those in the Control condition,
evaluations in the GenAI-primary condition (F(1, 273) = 68.67, p < 0.001,
ηp² = 0.20) and GenAI-verify condition (F(1, 273) = 20.02, p < 0.001,
ηp² = 0.07) were significantly lower. The healthcare experience was rated
significantly lower in the GenAI-primary condition than in the GenAI-
verify condition (F(1, 273) = 14.77, p < 0.001, ηp² = 0.05). That is, while
presenting GenAI as a verification tool improved healthcare experience
evaluations, they remained lower than those in the Control condition.

Mediation analysis revealed that clinical skills ratings mediated the
relationship between study conditions and healthcare experience evalua-
tions. This analysis showed the relative indirect effect of DGenAI-primary

through clinical skill ratings was significant (β =−1.30, SE = 0.15, 95% CI:
[−1.59, −1.01]), and the relative indirect effect of DGenAI-verify was also
significant (β =−0.57, SE = 0.13, 95% CI: [−0.83,−0.31]). In other words,
generative AI usage reduced the ratings of the physician’s clinical skills,
which in turn negatively impacted the evaluations of the overall healthcare
experience provided by the physician.

Overall Competence
Overall competence evaluations differed significantly across the three
conditions (F(2, 273) = 49.60, p < 0.001, ηp² = 0.27; Fig. 1, third panel). The

Table 1 | Characteristics of study participants by experimental
condition

Factor Level Control GenAI-
primary

GenAI-verify p-value

N 90 93 93

Age Prefer not to
answer

2 (2%) 3 (3%) 2 (2%) 0.68

25–34 11 (12%) 17 (18%) 17 (18%)

35–44 27 (30%) 33 (35%) 28 (30%)

45–54 25 (28%) 20 (22%) 26 (28%)

55–65 16 (18%) 12 (13%) 17 (18%)

65 and over 9 (10%) 8 (9%) 3 (3%)

Gender Prefer not to
answer

2 (2%) 4 (4%) 1 (1%) 0.27

Female 59 (66%) 57 (61%) 50 (54%)

Male 29 (32%) 31 (33%) 42 (45%)

Non-binary 0 (0%) 1 (1%) 0 (0%)

Race Prefer not to
answer

3 (3%) 8 (9%) 8 (9%) 0.92

Asian 15 (17%) 21 (23%) 17 (19%)

Black or
African
American

4 (5%) 4 (4%) 5 (5%)

White 59 (69%) 55 (59%) 58 (64%)

Other 1 (1%) 1 (1%) 1 (1%)

More than
one race

4 (5%) 4 (4%) 2 (2%)

Ethnicity Non-Hispanic 86 (96%) 93 (100%) 90 (97%) 0.14

Hispanic or
Latino

4 (4%) 0 (0%) 3 (3%)

Number of
patients/
week

10 or less 17 (19%) 16 (17%) 12 (13%) 0.61

11–20 21 (23%) 18 (19%) 28 (30%)

21–30 22 (24%) 23 (25%) 19 (20%)

31–40 10 (11%) 13 (14%) 12 (13%)

41–50 5 (6%) 8 (9%) 12 (13%)

50 or more 15 (17%) 15 (16%) 10 (11%)

Years in
practice

Prefer not to
answer

1 (1%) 3 (3%) 1 (1%) 0.65

5 years or less 20 (22%) 24 (26%) 26 (28%)

6–15 years 24 (27%) 33 (35%) 30 (32%)

16–25 years 26 (29%) 18 (19%) 20 (22%)

Over 25 years 19 (21%) 15 (16%) 16 (17%)

Clinical
Service

Inpatients 26 (29%) 27 (29%) 30 (32%) 0.37

Outpatients 32 (36%) 42 (45%) 30 (32%)

Both Equally 32 (36%) 24 (26%) 33 (35%)

Clinician
type

Physician 66 (73%) 70 (75%) 70 (75%) 0.75

Advanced
Practice
Provider

22 (24%) 18 (19%) 20 (22%)

Other 2 (2%) 5 (5%) 3 (3%)
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mean (SD) ratings were 5.99 (1.25) in the Control condition, 3.71 (1.61) in
the GenAI-primary condition, and 4.94 (1.74) in the GenAI-verify condi-
tion. Compared with those in the Control condition, competence evalua-
tions were significantly lower in the GenAI-primary condition (F(1,
273) = 98.91, p < 0.001, ηp² = 0.27) and GenAI-verify condition (F(1,
273) = 21.13, p < 0.001, ηp² = 0.07) conditions. Competence evaluations in
the GenAI-primary condition were significantly lower than those in the
GenAI-verify condition (F(1, 273) = 29.09, p < 0.001, ηp² = 0.10). That is,
presenting GenAI as a verification tool improved competence evaluations,
but they remained significantly lower than in the Control condition.

Mediation analysis revealed that clinical skills ratings mediated the
relationship between study conditions and competence evaluations. The
relative indirect effect of DGenAI-primary through clinical skill ratings was
significant (β =−1.93, SE = 0.20, 95% CI: [−2.33,−1.55]), and the relative
indirect effect of DGenAI-verify was also significant (β =−0.85, SE = 0.20, 95%
CI: [−1.24,−0.46]). The use of GenAI decreased ratings of the physician’s
clinical skills, which in turn led to lower competence evaluations.

Perceived Usefulness of GenAI
The perceived usefulness of GenAI technologies did not differ across the
three conditions. Participants rated GenAI technologies as useful for
ensuring clinical assessment accuracy (mean [SD], 4.30 [1.65]; t = 3.06,
p < 0.002,Cohen’s d = 0.18), and they ratedcustomizedGenAIas evenmore
useful (mean [SD], 4.96 [1.65]; t = 9.64, p < 0.001, Cohen’s d = 0.58). That is,
participants perceived GenAI as a useful tool for clinical assessment.

Discussion
In a study of 276 clinicians at a major hospital system, we found that while
clinicians acknowledge the potential ofGenAI to enhancemedical decision-
making, they consistently rate physicians using such tools as being less
clinically skilled, less competent, and delivering a lower quality healthcare
experience. Although framing GenAI usage as a verification tool reduces
some of these negative perceptions, it does not fully mitigate them. These
findings carry significant implications for the development and deployment
of AI tools in medicine, particularly as they relate to physician perceptions
and patient care experience.

Our findings align with advice-taking theory19,20, suggesting that reli-
ance on external input, such as GenAI, can trigger penalties on perceived
competence. Observersmay apply attributional discounting, attributing the
physician’s success more to the AI tool and less to the physician’s actual
abilities21. From a reputation signaling perspective, visible utilization of
GenAI may undermine a physician’s perceived clinical expertise among
peers22. These dynamics may explain why even framing GenAI use as ver-
ification did not fully restore peer evaluations to baseline levels.

To our knowledge, this is the first study to examine clinicians’ per-
ceptions of medical decision-making and healthcare experience in the
context of GenAI. A strength of this study was the use of a between-
participants design with three clinical scenarios to evaluate whether the use
of GenAI for medical decision-making influences clinicians’ perceptions of
carequality. It has been said that clinicianswhouseAIwill replace thosewho
donotuseAI22; it is thus important tounderstand the implications of clinical
AI utilization. General use of medical decision-support tools augments the
expertise of clinicians, and can lead to greater diagnostic accuracy,

potentially improving the capabilities of clinicians and enhancing their
ability to provide evidence-based care23. Historically, the perception of
clinical expertise was characterized by competence in clinical skills,
advanced clinical judgment, cognitive abilities, a deep understanding of
clinical reasoning and diagnostic processes, and scholarship24,25. This is
alignedwith ourfindings that clinicians perceived the physicianwhodidnot
use GenAI to have superior clinical skills, whereas physicians who relied on
GenAI for medical decision-making were perceived as less competent in
their clinical skills. Given the increasing use of AI in medicine, this per-
ception is likely to change in the coming years, but not without challenges
along the way.

While there are benefits to computerized and GenAI-based decision
support systems, successful implementation of these tools will require
overcoming clinician and institutional resistance, and modifying percep-
tions of clinical expertise with use of these systems. The practicing clinician
still needs to leverage their clinical acumenwithin the context of the specific
clinical situation, but the decision-making process can be further refined
and supported through the integration of GenAI clinician-decision support
tools that enhance precision and efficiency. As GenAI reshapes medical
decision support, clinicians must remain open to adopting innovative sys-
tems that are rigorously validated for efficacy and safety, ensuring they
complement clinical expertise while improving patient care outcomes.

In addition, using GenAI as the initial decision-maker can introduce
confirmation bias, a cognitive tendency to favor information that confirms
one’s initial hypothesis26,27. In practice, relying on GenAI first may make it
cognitively harder for clinicians to consider alternative diagnoses or treat-
ments, potentially leading to overreliance. By contrast, using GenAI as a
verification tool—after formulating one’s own plan—may helpmitigate this
bias. This important consideration further differentiates the two GenAI
use cases.

This studyhas several limitations. First,while the respondents included
a variety of clinicians, themajoritywere physicians, and thus resultsmaynot
be generalizable to all clinicians within a hospital system. Second, the dia-
betic care scenarios used in the study were developed and prescreened by
clinicians to ensure both realism and readability. The amount of time
participants spent responding to their assigned healthcare scenario did not
differ across the three conditions (p > 0.30), indicating that the effects and
mediational patterns observed in the study could not simply be attributed to
differences in effort or comprehension. Future research utilizing different
scenarios and differentmeasures can further examine the generalizability of
our findings. Third, given the population we examined (i.e., frontline clin-
icians), we did not have an opportunity to perform a separate formal
instrument development or validation for our survey constructs prior to
data collection. Our measures (e.g., clinical skills, healthcare experience)
were chosen based on literature and expert input, and we treated the Likert-
scale responses as approximately continuous for analysis, an approach not
uncommon in survey experiments28,29, but these choices may introduce
measurement limitations. Future studies should employ rigorous scale
development and validation to refine the measurement approach. Fourth,
this study utilized a convenience sample, yet the research still offers novel
data on the perspective of clinicians on use of GenAI for medical decision-
making. Fifth, this studywas conducted at onehealth system, andfindings at
other health systems in other parts of the country or the world may be

Table 2 | Summary of participants’ ratings by experimental condition

Clinical Skills Overall Healthcare
Experience

Overall Competence GenAI Usefulness Custom GenAI Usefulness

Control 5.93 (1.24) 4.48 (0.82) 5.99 (1.25) 4.47 (1.57) 4.83 (1.62)

GenAI-primary 3.79 (1.62) 3.08 (1.30) 3.71 (1.61) 4.10 (1.55) 4.84 (1.58)

GenAI-verify 4.99 (1.67) 3.72 (1.24) 4.94 (1.74) 4.35 (1.83) 5.19 (1.73)

Mean ratings (with standard deviations in parentheses) for Clinical Skills, Overall Healthcare Experience, Overall Competence, GenAI Usefulness, and Custom GenAI Usefulness across three conditions
(Control, GenAI-primary, and GenAI-verify). Ratings were provided using 7-point Likert-style scales, except for Overall Healthcare Experience, which used a 5-point “star” rating scale.
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different. Finally, our study focused exclusively on peer perceptions among
clinicians. Future studies should examine how patients perceive clinicians’
use of GenAI technologies, and how these perceptions influence trust,
adherence, and clinical outcomes. Patients’ trust and acceptance of clin-
icians’ recommendations may be influenced differently by GenAI usage30,
with important implications for adherence and outcomes.

In conclusion, this study suggests that although clinicians clearly
perceive GenAI technologies as beneficial for optimal medical decision-
making, they evaluate their peers who utilize such technologies as lower in
clinical skills, less effective in providing an optimal healthcare experience,
and less competent. Presenting GenAI technologies as tools for verification
purposes can help reduce these negative evaluations, but does not eliminate
them. Although these findings highlight that there may be challenges with
the adoption and increasing use of GenAI inmedicine, they also emphasize
the importance of thoughtful approaches to its implementation in health-
care settings.

Methods
Johns Hopkins Medicine is a six-entity health system with four hospitals in
Maryland, one in Washington, D.C., and one in Florida. Clinicians at these
hospitals include attending physicians, residents, fellows, and advanced prac-
tice providers (APPs), such as physician assistants and nurse practitioners. The
survey invitation was distributed via a departmental listserv that included
approximately 4000 clinicians across various specialties, encompassing physi-
cians, APPs, and other clinical staff. Clinicians at the two academic hospitals in
Baltimore, MD, were invited to participate in the study, which was conducted
using the Qualtrics survey tool. We conservatively assumed that the effect sizes
would be relatively moderate. Using G*Power Version 3.1.9.7 (f=0.2,
power = 0.8, α=0.05, omnibus one-way ANOVA with 3 conditions), we
estimated the minimum sample size per condition to be about 82 participants
per condition (i.e., a minimum sample size of 246 participants in total). The
survey link was sent weekly for three consecutive weeks in August 2024. To
ensure privacy, IP and other personally identifiable information were not
tracked in the study. The survey was open between August 1, 2024, and
September 10, 2024, with participation being voluntary and based on avail-
ability and willingness, thereby forming a convenience sample. There were no
restrictions on inclusion based on specialty or department, and no incentives
were offered for survey completion. The study protocol was approved by the
Johns Hopkins School of Medicine Institutional Review Board (JHM
IRB00393208). Participants provided informed consent by proceeding past the
introductory survey page, which described the study’s purpose, procedures,
and their rights as participants, per the IRB-approved protocol.

Participants were randomly assigned to one of three conditions: Con-
trol (no GenAI involved), GenAI-primary (physician using GenAI for
medical decision-making), orGenAI-verify (physician using GenAI to verify
medical decision-making). In the GenAI-primary and GenAI-verify condi-
tions, GenAI was explicitly referenced. In the Control condition, participants
were presented with a clinical scenario in which a physician assesses a patient
with diabetes and recommends a new antihyperglycemicmedicationwithout
any mention or use of GenAI. In the GenAI-primary condition, the same
scenario and recommendation were presented, but the physician was noted
to have used GenAI during the decision-making process. In the GenAI-
verify condition, the scenario and recommendation were identical to the
GenAI‑primary scenario, but the use of GenAI was framed as “an additional
level of verification.” The clinical scenarios (see Supplementary Note 1) were
developed collaboratively with practicing physicians and pretested to ensure
realism, clarity, and relevance to current clinical practice. The scenarios were
iteratively refined with feedback from study collaborators and then inde-
pendently reviewed by an internist, a medical student, and a surgeon, all of
whom confirmed that the vignettes were clear and clinically realistic. The
case involved adult diabetes management, a common and routine decision-
making context selected to enhance ecological validity.

Fig. 1 | Clinicians’ evaluations of clinical skill, overall healthcare experience, and
overall competence across conditions. Clinicians (n = 276) rated the physician of
their assigned condition: Control (no GenAI), GenAI-primary (using GenAI as a
primary decision-making tool), or GenAI-verify (usingGenAI as a verification tool).
Boxes represent the interquartile range (IQR), with horizontal lines indicating
medians and diamonds indicating means. Whiskers extend to responses within 1.5
IQRs of the lower and upper quartiles.
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All participants completed the same set of measures. First, they rated
the physician’s clinical skills using two Likert scale items: clinical manage-
ment skills (1 = poor, 7 = excellent) and the appropriateness of the recom-
mendation to start a new medication (1 = poor, 7 = excellent). This type of
Likert scale approach has been used to evaluate physician performance and
satisfaction in both clinical and training contexts31. Participants then pro-
vided two overall evaluations: the quality of the healthcare experience
delivered by the physician (rated from 1 to 5 stars) and the physician’s
competence as a medical doctor (1 = not competent at all, 7 = highly
competent). The 5-star scale approach is not only commonly used in
healthcare evaluations and satisfaction research32,33, but also widely used by
hospitals and payers for public quality reporting and patient-experience
benchmarking34,35. Participants also rated their perceptions of GenAI
technologies on two items: the extent towhichGenAI could help ensure the
accuracy of the physician’s clinical assessment (1 = not at all, 7 = verymuch)
and the extent to which GenAI customized for Johns Hopkins could
enhance assessment accuracy (1 = not at all, 7 = very much). In addition,
participants provided basic demographic information, including age and
gender. Responses to the two clinical skill items were averaged to create a
composite measure of clinical skills (r = 0.86, p < 0.001) for subsequent
analyses.

Statistical analysis
Summary statistics were calculated to describe participants’ demographic
characteristics.Weusedanalysis of variance (ANOVA) tocompare responses
across all three experimental conditions (Control, GenAI-primary, GenAI-
verify), treating the 7-point Likert responses as approximately continuous
measures for these analyses (as in similar survey experiments28,29), with post-
hoc contrast analyses to assess pairwise differences. Tukey HSD and Bon-
ferroni tests were conducted, which confirmed that all significant contrast
results remained robust after corrections for multiple comparisons. Two-
tailed t-tests were employed to assess deviations from indifference points.

To examine whether clinical skill ratings mediated the relationship
between study conditions and the core dependent measures (healthcare
experience evaluations and competence evaluations), two dummy variables
were created: one for theGenAI-primary condition (DGenAI-primary) and one
for the GenAI-verify condition (DGenAI-verify). A value of zero on both
dummy variables represented the Control condition, which served as the
reference group for comparisons. Two multicategorical mediation analyses
were conducted (PROCESS Model 4; 5000 bootstrap resamples36) with
DGenAI-primary and DGenAI-verify as the independent variables. SPSS Version
28 was used in these analyses. The figure was created using Python 3.11.

Data availability
Thedatasets generated and analyzed during this study are available from the
corresponding author upon reasonable request.

Code availability
No custom code was used in this study.
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