
npj | digitalmedicine Article
Published in partnership with Seoul National University Bundang Hospital

https://doi.org/10.1038/s41746-026-02545-1

From tool to teammate in a randomized
controlled trial of clinician-AI
collaborative workflows for diagnosis
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Early studies of large language models (LLMs) in clinical settings have largely treated artificial
intelligence (AI) as a tool rather than an active collaborator. As LLMs demonstrate expert-level
diagnostic performance, the focus shifts from whether AI can offer valuable suggestions to how it
integrates into physicians’ diagnostic workflows. We conducted a randomized controlled trial (n = 70
clinicians) to assess a custom system designed for collaborative diagnostic reasoning. The design
involved independent diagnostic assessments by the clinician and AI, followed by an AI-generated
synthesis integrating both perspectives, highlighting agreements, disagreements, and offering
commentary.We evaluated two collaborativeworkflows: AI as first opinion (preceding clinician) andAI
as secondopinion (following clinician). Both improved clinician diagnostic accuracy over conventional
resources, (85% and 82% vs. 75%). Performance was comparable across workflows and not
statistically different from AI-alone accuracy (90%), highlighting the potential of collaborative AI to
complement clinician expertise. Qualitative analyses illustrate howworkflowdesign shapes human-AI
interaction. C: NCT06911645.

The use of large language models (LLMs) to support physicians’ diagnostic
reasoning remains in its infancy. EvaluationsofGPT-4onmedical challenge
problemshave demonstrated that LLMs can reachnear-expert performance
on standardized competency exams such as the United States Medical
LicensingExamination (USMLE), fueling growing interest anddebate about
their potential readiness for real-world clinical use1,2.

This study was sparked by unexpected findings in Goh and Gallo et
al. that showed physicians using an LLM perform significantly worse
than the LLM alone3,4. Insufficient skill and experience with prompting
LLMs was proposed as an explanation for the poor AI-assisted human
performance. The authors highlighted that, “development in human-
computer interactions is needed to realize the potential of AI in clinical
decision support.”3 We took that charge as the starting point for our
investigation, focusing on how system prompting and workflow design

could instantiate structured workflows and interactive protocols that
reshape a general-purpose LLM into a collaborative decision-support
system.

As a central design consideration, we examined how changingwhether
the clinician or the AI model makes the initial assessment in generating
diagnoses and management steps might influence the quality of diagnostic
reasoning. We considered results from cognitive psychology studies that
document biases in judgment and decision making, particularly anchoring
effects when subjects are primed with information prior to their own
assessments5. Such findings highlight the potential influence of clinical
workflow sequencing in AI-assisted diagnosis. Recent studies in medical
informatics have identified such anchoring effects, including in radiology
workflows in which AI inferences were presented before radiologists’
assessments6–8.
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Human factors research on human’s tendency to place inappropriate
trust in automation9 also informed our approach. Designs of AI for high-
stakes domains such as medicine must account for risks of automation bias
and of clinicians becoming overreliant on AI, which can lead to acceptance
of erroneous AI inferences, erosion of independent reasoning, and clinician
deskilling10–17. Concerns about overreliance motivate mitigation strategies,
such as techniques that provoke users’ critical thinking18.

Additional insights about effective human-AI interaction were drawn
from studies of collaboration in cognitive psychology, particularly from
research on how collaborators establish mutual understanding or
“grounding,”19 and from relatedwork that has directly examined human-AI
grounding20–23. Related work has also examined the mental models people
hold about how AI systems operate, with the goal of enhancing human-AI
performance6,24.

We also drew on methods and findings from the emerging field of
research focused on developing mechanisms to explicitly support human-
AI collaboration6,25–29. This work includes design guidelines for human-AI
collaboration, providing a broad set of design goals around transparency
and control15,26; principles ofmixed-initiative interaction25,30 regardingwhen
and how to interleave AI into human problem solving; research on AI
intelligibility and the construction and evaluation of explanations of AI
inferences13,31–33; and methods for identifying and leveraging the com-
plementary capabilities of humans and AI systems, focusing on the relative
strengths and weaknesses of people and AI for the tasks at hand27,34–37.

These strands of prior work motivated our exploration of clinician-AI
collaboration designs that jointly consider the clinicians’ and theAImodel’s
reasoning, provide syntheses of the two perspectives, and support reflection
and discussion on the way to convergence. Such a strategy is in contrast to
the use of AI models to solely generate recommendations, the most pre-
valent approach to deploying AI formedical decision support. In this spirit,
we examined work on AI in medical decision support in which AI is har-
nessed to critique clinicians’ reasoning and care plans rather than to provide
its independent reasoning about the case at hand38,39.

Building on these ideas, we designed a custom GPT-4 system for col-
laborative diagnostic reasoning and evaluated alternative clinician–AI
workflows in a randomized controlled trial.

In this study, the custom GPT-4 system was guided by a system-level
prompt to support clinician-AI collaboration on diagnostic reasoning. We
did not perform fine-tuning of the model; all customization was done
through development of a custom, multi-part prompt. The system prompt
is provided in Supplementary Fig. 1.

The custom GPT is instructed to provide structured clinician-AI
workflows, in which the clinician andAI each independently analyze a case,
followed by integration and critique of their respective perspectives. We
explored twoworkflow variants: anAI-as-first-opinionworkflow, where the
clinician sees the AI’s output on differential diagnosis and next diagnostic
steps for a given casebeforeoffering their ownanalysis, andanAI-as-second-
opinion workflow, where the clinician first provides their answers before
reviewing the AI output.

Regardless of whether the clinician or the AI analyzes the case first, the
system subsequently generates and makes available an integrated synthesis
view that highlights areas of agreement and disagreement and provides a
critiqueof eachof the inferreddiagnoses (seeFig. 1). Following thedisplayof
the integrated view, clinicians are invited to engage in open dialog with the
system on any aspect of the independent analyses or the synthesis.

The custom GPT provides a set of capabilities not available in the
standard ChatGPT interface. The system-level prompt shapes the GPT into
a collaborative actor with a workflow aimed at promoting human-AI
grounding and provoking critical thinking via explicit comparison and
consideration of the clinician’s and the AImodel’s inferences. In addition to
explaining its own reasoning, the AI model critiques the clinician’s analysis
and invites open-endeddialog to support reflectionondifferingperspectives.

Results
The study design and participant flow are summarized in Fig. 2. 71
clinicians participated in the study. One participant was removed from
analysis because of exposure to the same clinical vignettes via partici-
pating in a prior study (Fig. 3). 70 U.S.-licensed physicians were included
in the analysis, 39 residents and 31 attendings. Our trial population
consists almost entirely (97%) of internal medicine specialists. Groups
were balanced with respect to specialty and level of training. Regarding
generative AI experience, in the AI-as-second-opinion arm, 42% used
generative AI frequently, 33% occasionally, 16% rarely, and 9.3% had
never used it; in the AI-as-first-opinion arm, 33% used generative AI
frequently, 26% occasionally, 33% rarely, and 7.4% had never used it
(Table 1).

Full transcripts were collected from each participant. 6 of 70 partici-
pants (8.6%), all from theAI-as-second-opinion arm, did not adhere strictly
to the procedural instructions for every case attempted (e.g., copying and
pasting only the vignette rather than their responses into theAI, or failing to
initiate a new transcript for each case). Their data were retained in the
analysis in accordance with the intention-to-treat principle.

Fig. 1 | Sample display of synthesis of AI and clinician input with critiques. The
table illustrates an example of how clinician and AI contributions are integrated
during case evaluation, showing candidate diagnoses, attribution of reasoning origin

(clinician, AI, or both), and brief critiques summarizing supporting and conflicting
evidence for each option.
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298 cases were captured from 71 clinicians’ interactions with the AI
system. We excluded six cases completed by the participant who had pre-
vious exposure to the clinical vignettes. 38 unfinished cases were also
excluded (Fig. 3). The final primary analysis set included 254 cases from 70
participants (Table 1): 108 cases for AI-as-first-opinion (27 participants, 4
average cases completed per person) and 146 cases for AI-as-second-
opinion (43 participants, 3.4 cases completed per person). The intraclass
correlation coefficient (ICC) computed between graders’ scores was 0.91,
indicating very high agreement.

Use of AI significantly boosts clinician performance
Clinicians using conventional resources only had a significantly lower
overall score (75%) than either AI arm,with the clinicians’ usingAI as a first
opinion (85%, p = 0.00039, mean difference=9.9%, 95% CI = 4.7–15%), or
AI as a second opinion (82%, p = 3.3e−6, mean difference=6.8%, 95%
CI = 4.0–9.6%). AI alone was not significantly different (87%, p = 0.20), but
its average score was numerically highest among all groups (Figs. 4, 5).

No difference in overall performance for the two AI workflows
After controlling for case and clinician variability, we found that scores for
AI as a first opinion were not significantly different from AI as a second
opinion (p = 0.22, mean difference = 3.0% favoring 1st opinion, 95% CI
−1.72-7.63%) (Fig. 4, Fig. 5). Sensitivity analysis showed that clinicians’
number of years of experience was not significant and did not change
the model.

AI asfirst opinion is superior to AI as secondopinion for clinically
actionable decisions
There was a significant difference in the scores for the clinically actionable
decisions (final diagnosis and next steps sections of the quiz shown in
Supplementary Fig. 2, Parts 2 and 3). Clinicians in the AI-as-first-opinion
arm scored 8.9% better than the AI-as-second-opinion arm (p = 0.026, 95%

CI 1.1–16%). Therewas no significant difference between arms in the scores
derived from the subsection seeking evidence for and against each assessed
diagnosis (P = 0.74, Mean score difference= 0.37%, 95% CI =−2.0–2.6%)
(Supplementary Fig. 2, Part 1).

AIasasecondopinionboostsclinically actionabledecisionsover
conventional resources alone
We found that there was a significant 14.9% (p = 0.00092, 95%CI 6.0–23%)
increase in the score related to the clinically actionable decisions for the AI-
as-second-opinion arm versus clinicians using only conventional resources
(Fig. 6). In the AI-as-second-opinion arm, the actionable score increased in
52 cases. Of these 52, 8 cases increased by 4 points, 5 cases increased by 3
points, 16 cases increased by 2 points, and 23 cases increased by 1 point.
Comparatively, the actionable score decreased in 12 cases. In 11 cases, it
decreased by 1 point, and in 1 case decreased by 2 points. A total of 83 cases
had no change in score.

Faster case times observed when AI goes first
The time spent on each case between the two clinician-AI arms was not
significantly different (p = 0.11, mean difference=57 seconds), with the
mean time of the AI-as-first-opinion arm, 631 seconds, being slightly
faster than the AI-as-second-opinion arm, 688 seconds. In a post hoc
per-protocol analysis, after removal of all cases from 6 participants who
did not adhere to the study instructions (all in the AI-as-second-opinion
arm), this difference became statistically significant with a mean time in
the AI-as-first-opinion arm remaining 631 seconds, but the AI-as-
second-opinion arm increasing to 723 seconds (p = 0.016, mean
difference=92 seconds).

Workflow influences physician-AI dialog
After submitting a case and reviewing the AI analysis, participants could
interact in anunstructuredwaywith theAI system to askquestions aboutAI
output or to engage in open exploration. Clinicians did not interact with the
AI system beyond the required input of the vignettes and assessments for 3
of 27 (11%) in the AI-as-first-opinion arm and 14 of 43 (33%) in the AI-as-
second-opinion arm. Despite refraining from interaction with AI beyond
the required input, all 14 of theAI-as-second-opinionparticipants stillmade
a change to their answers after review of the AI inferences.

Qualitative coding of participant transcripts (Supplementary Fig. 4A)
revealed that workflow sequencing shaped both the frequency and style of
AI engagement. Participants in the AI-as-second-opinion more frequently
used anthropomorphizing language, including prompts like, “Yes, that is a
great thought”, indicating a more humanized, conversational stance toward
the system. They also expressed gratitude and effective responses including,
“Thanks for your help!”, “Looks great, thanks!”more often than AI-as-first-
opinion participants (Supplementary Fig. 4B).

Clinicians are more open to using AI in clinical reasoning after
hands-on experience
Our before-and-after survey asked participants about their beliefs and
attitudes toward AI. After using the AI tool, participants were sig-
nificantly more likely to agree with the statement, “I am open to using AI
to help with complex clinical reasoning,” compared to before using the
tool (99% vs. 91%, p = 0.011). For both arms (AI-as-first-opinion, AI-as-
second-opinion), the vast majority of participants enjoyed working with
the tool (96%, 98%), agreed that the tool provided a valuable colla-
borative experience (100%, 95%), would use the tool in their daily job
(96%, 95%), and agreed that seeing the AI tool’s recommendations
increased their confidence in their differential (96%, 97%) (Supplemen-
tary Table 1).

AI anchoring on clinician Input
In our post hoc analysis, in a random sample of 58 cases (29
AI‑as‑first‑opinion and 29AI‑as‑second‑opinion,matched by vignette), we
noted complete overlap in 3% of the AI-as-first-opinion cases, where all

Table 1 | Demographics and prior generative AI experience of
study participants

Demographics AI as Second
Opinion (n = 43)

AI as First
Opinion (n = 27)

Specialty

Internal Medicine 42 (97.7%) 26 (96.3%)

Family medicine 1 (2.3%) 1 (3.7%)

Position

Resident 24 (55.8%) 15 (55.6%)

Attending 19 (44.2%) 12 (44.4%)

Site

Beth Israel Deaconess Medical
Center

15 (34.9%) 15 (55.6%)

Brigham and Women’s Hospital 0 (0%) 1 (3.7%)

Cambridge Health Alliance 3 (7.0%) 2 (7.4%)

Columbia University Irving
Medical Center

13 (30.2%) 4 (14.8%)

Stanford University Hospital 9 (20.9%) 2 (7.4%)

Vanderbilt University Medical
Center

2 (4.7%) 3 (11.1%)

Prior Generative AI Experience

Use frequently (weekly or more) 18 (41.9%) 9 (33.3%)

Use occasionally (more than
once per month but less than
weekly)

13 (30.2%) 7 (25.9%)

Use rarely (less than once
per month)

7 (16.3%) 9 (33.3%)

Never used before 4 (9.3%) 2 (7.4%)
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three of the clinician’s initial diagnoses appeared in the AI’s independent
output. In contrast, we saw such complete overlap in 48% of AI‑as‑se-
cond‑opinion cases. Similarly, we noted complete overlap in recommen-
dations on next steps in 24% of AI-as-first-opinion cases and in 52% of AI-
as-second-opinion cases (Supplementary Fig. 5, Supplementary Table 2).

Discussion
Because this work represents an exploratory, early-stage evaluation con-
ducted using structured vignettes rather than real clinical encounters, the
observed effects should be interpreted as hypothesis-generating rather than
confirmatory. Future studies in clinical environments will be required to
assess whether similar dynamics arise in practice.

The use of AI was associated with performance gains over the use of
conventional resources. Clinicians using only conventional resources
achieved a mean score of 75%. In contrast, clinicians employing the colla-
borative workflow achieved a mean score of 85% (9.9% increase) for AI-as-
first-opinion and 82% (6.8% increase) for AI-as-second opinion.We found
no significant difference in the overall performance of participants between
the AI-as-first-opinion and AI-as-second-opinion arms, which may reflect
limited precision to detect subtle between-arm differences between the two

AI workflows. The observed difference was ~3%, and we were powered to
detect a 10% difference. Taken together, these findings suggest that, across
workflows, the collaborative system can reliably improve diagnostic per-
formance relative to conventional tools.

In this vignette-based, controlled setting, AI support raised the floor of
diagnostic performance by reducing particularly low-scoring cases.Whether
used as a first opinion or as a second opinion, AI compressed the lower tail of
the case score distribution and shifted it upward (Fig. 5). This suggests thatAI
can help clinicians avoid their lowest-performing diagnoses, even if the
average score remains similar. The benefit of collaborative interaction with
the LLMwasmost pronounced in the assessments offinal diagnosis and next
steps, the portions of the case that represent clinically actionable decisions
(Supplementary Fig. 2, Parts 2 and 3). We found that performance sig-
nificantly improved for actionable decisions in both workflows, with scores
notably higher in the AI-as-first-opinion arm. In the AI as second-opinion
arm, 36% (n = 52) of cases demonstrated improvements in scores on the
clinically actionable decisions, following engagement with the AI (Fig. 6).

We note that AI did not uniformly enhance clinicians’ performance.
Scores onclinically actionable decisionsdecreased after engagementwith the
AI in 8% of cases, highlighting the possibility that AI recommendations can

Fig. 2 | Study design and clinician–AI workflow. Seventy clinicians completed up
to six clinical vignettes within one hour, using either conventional resources alone,
anAI system as a first opinion, or AI as a second opinion after an initial response. All

submissions were independently graded by two blinded, board-certified physicians
using expert-derived rubrics, yielding 146 conventionally assisted cases, 146
AI–second opinion cases, and 108 AI–first opinion cases.
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interfere with performance. While early assessment of AI performance is
focused on the efficacy of the technology, our understanding of the safety of
these tools is nascent. A safety assessment will require estimating the fre-
quency and severity of adverse events (such as decreases in clinical per-
formance) and considering their likelihood of causing patient harm.
Decisions about deploying and using AI tools, such as the custom GPT we
have studied, would be better informed by such risk–benefit assessments.

Our prior study, Goh and Gallo et al. (2024), showed no significant
improvement in physician performance with the use of the unmodified
LLM3. In contrast, use of the custom collaborative GPT significantly
increased the performance of clinicians’ diagnostic capabilities (9.9% in the
AI-as-first-opinion arm and 6.8% in the AI-as-second-opinion arm). The
two studies used identical vignettes, case structure, and scoring scheme.
Comparing the studies contextualizes our controls and improvements,

Fig. 3 | CONSORT flow diagram of study enrollment, allocation, and analysis.
The diagram depicts clinician enrollment, randomization, allocation to AI as a first-
or second-opinion workflow, and case-level inclusion in the final analysis, resulting

in 146 AI second-opinion cases and 108 AI first-opinion cases after exclusion of
unfinished cases and one ineligible participant.
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focused on identifying the value of a collaborativeworkflow. In both studies,
clinicians using only conventional resources had nearly identical baseline
scores, a median of 74% in the previous study versus 75% in this study.
Additionally, our AI-alone performance (median score of 89.5%) was
similar to the previous study’s AI-alone benchmark (median score of 92%),
despite differences in expert graders, the specific prompt used, stochastic
variability in LLM outputs, and the potential impact of intervening model
updates. Together, these results underscore that gains in clinician perfor-
mance in the current trial are attributable not to improvements in base
model capability but to tailoring the LLM for clinical collaboration.

Our results suggest different workflow challenges may result based
on two forms of anchoring bias: (1) clinicians anchoring on AI responses
in the AI-as-first-opinion arm and (2) AI anchoring on the clinician’s
input in theAI-as-second-opinion.On the former, we hypothesize thatAI
inferences are more persuasive when they are presented before the clin-
ician completes their assessments, similar to the anchoring effect identi-
fied in a prior study in radiology6. On the latter, we noted that the
clinician’s initial input can interferewith the independent reasoning of the
LLM in theAI-as-second-opinionworkflow (Supplementary Fig. 5). Each
of the identified anchoring biases, one by clinicians and one by AI, will
require different strategies to address in the context of specific workflow
designs.

Ourfindings, resonatingwith priorworkon the sycophancy of LLMs40,
highlight a consideration for interactiondesignwithmany consumerLLMs:
providing clinician input before soliciting the AI’s assessment may com-
promise its intended independent analysis. We found that, even when
explicitly instructed to disregard the clinician’s earlier input, the model was
at times influenced by human input. Our findings on anchoring of AI
inferences when exposed initially to human judgments, analogous to the

phenomena of human anchoring, may reduce the AI’s ability to provide
complementary inferences.

Studies have demonstrated that GPT-4 can seek to be likable41,
sometimes at the expense of truthfulness or epistemic rigor. This syco-
phantic behavior has been linked to reinforcement learning with human
feedback (RLHF)40, a training procedure that rewards outputs preferred by
human evaluators. Because agreement and flattery may tend to be rated
more favorably, models can prioritize agreeing with users rather than
challenging them when they are incorrect42,43.

Our findings reinforce the perspective that developing AI systems for
clinical practice will require efforts to optimize not only the accuracy of the
system, but also innovations with human-computer interaction design.
Given the strong diagnostic performance of today’s LLMs alone, we see
opportunities for further innovation in the realmof clinician-AI interaction.
Deficits in human-AI collaboration for medical applications may be a key
limiting factor in mainstream adoption of AI for diagnostic decision sup-
port, even when model performance is high.

We also see great opportunities ahead for leveraging advances in core
capabilities of AI methods and findings in ongoing work in human-AI
collaboration. For example, future effective designs for clinician-AI colla-
boration could benefit from advances that enable AI systems to infer and
share well-calibrated confidences1,42. This would support formal and qua-
litative syntheses of AI and human expertise by explicitly considering the
diagnostic confidence of both clinicians and the AI.

We found that clinicians assisted by AI did not perform better than AI
alone. However, we see promise in enabling “better-together-than-alone”
performance via collaborative interfaces that leverage the complementary
skills of the AI system and clinicians. Bejnordi et al. (2017) found that anAI
system performed well on large-scale image analysis in radiology, while
humans remained better at edge cases involving ambiguity, context, or prior
experience37.Wilder et al. (2020) employed amachine learningprocedure to

Fig. 4 | Distribution of diagnostic performance scores across clinician-AI
workflows. Box-and-jitter plots show overall diagnostic performance scores (%) for
clinicians using conventional resources alone (red), AI as a second opinion (purple),
AI as a first opinion (orange), and AI alone (blue). Points represent individual case
scores. Boxes indicate the interquartile range (25th–75th percentiles), with the black
horizontal line denoting the median and whiskers extending to the range of non-
outlier values. Using a prespecified linear mixed-effects model controlling for both
case- and participant-level variation, clinicians using conventional resources had
significantly lower scores than those using AI as a first opinion (p = 0.00039; mean
difference, 9.9%; 95% CI, 4.7–15.0%) or as a second opinion (p = 3.3 × 10⁻⁶; mean
difference, 6.8%; 95%CI, 4.0–9.6%). No significant difference was observed between
AI as a first versus second opinion (p = 0.22; mean difference, 3.0% favoring first
opinion; 95% CI, −1.7% to 7.6%). Statistical annotations indicate pairwise com-
parisons (ns, not significant; *** and **** denote increasing levels of significance).

Fig. 5 | Distribution of diagnostic performance scores visualized as violin plots.
Violin plots show the full distribution of diagnostic performance scores (%) for
clinicians using conventional resources alone (red), AI as a second opinion (purple),
AI as a first opinion (orange), and AI alone (blue). Individual dots represent case-
level scores, and thewidth of each violin reflects score density.White horizontal lines
indicate mean performance within each workflow. This visualization provides an
alternate view of the results in Fig. 4, demonstrating that AI-enabled workflows are
associated with higher central tendency and a marked reduction in the lower-score
tail compared with conventional resources alone, suggesting that AI support pri-
marilymitigates poor-performing outcomes rather than uniformly increasing scores
across all cases.
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characterize the capabilities andperformance gaps of humanpathologists in
detecting metastatic breast cancer in lymph node tissue27. They employed a
methodology to boost the discriminatory power of the predictivemodel so it
would be most effective where humans are weakest, and to learn when to
inquire about or defer to human expertise in generating diagnostic
recommendations. These examples illustrate how explicitly modeling
complementarity can enable human-AI teams to outperform either alone.

The degree and nature of complementarity can depend on the parti-
cular expertise of the clinicians deploying the system40. We note that con-
siderations of complementarity will be sensitive to the march of progress in
AI capabilities. Regardless of AI capabilities today and in the future, the
handling of complementarity and the sequencing of AI and clinician
initiative and attention will also be influenced by policies and goals
regarding the primacy of human responsibility and agency in medical
decisions.

Our qualitative analyses showed that clinicians across both workflow
arms reported exceptionally high satisfaction, perceived collaborative value,
and confidence gains from using the tool, indicating strong enthusiasm for
integrating LLM-based decision support into clinical reasoning. These
findings suggest that clinicians are motivated to consult and respond to the
AI’s input regardless of whether the AI presents its opinion first or second.

These findings of our exploratory study suggest that workflow order
may influence how clinicians relate to AI. Our findings suggest that work-
flow order influences how clinicians relate to AI. When the AI was posi-
tioned as a second opinion, participants were more likely to adopt a
conversational, even humanized, stance toward the system. They frequently
used anthropomorphizing language (e.g., “Yes, that is a great thought”) and
expressed gratitude (“Thanks for your help!”, “Looks great, thanks!”),
suggesting an effective engagement that extended beyond transactional tool
use (Supplementary Fig. 4). These nuanced behavioral and linguistic dif-
ferences with different workflows may have downstream consequences for
the calibration of trust, diagnostic reasoning dynamics, and other details of
clinician-AI teaming3,6. Future design choices should consider how work-
flowdesign and sequencing shape overall human-AI performance, aswell as
clinicians’ autonomy, appropriate trust, and engagement in collaboration
with an AI system.

When comparing participants’ prior use of LLMs, 32% of participants
in the prior study (2024) were first-time users of generative AI compared to
8% of our participants in this study (2025). This change over one year
demonstrates that AI use has becomemore widespread, though it is not yet
universal–even among those open to participating in AI studies. This
highlights a key difference between the two study populations: participants
in the 2024 study were less experienced using LLMs than those in this
2025 study. Baseline familiarity with generative AI could affect the external
validity of our results.

We identified key limitations pertaining to the AI system itself that
interferedwith the intendeddesign for collaborative interaction. The custom-
prompted GPT was designed to produce structured joint reasoning,
including summaries of agreement and disagreement and critiques of each
diagnostic hypothesis, while also enabling free-form discussion following an
initial phase of assessments by AI and a clinician. Our transcript review
revealed that in10%ofAI-as-second-opinioncases,AIomitteddisplaying the
joint analysis (see example of the synthesis view, shown in Fig. 6). These
system failures diminished the intended collaborative functionality and point
to the need for system-level mechanisms to ensure prompt fidelity or detect
and address deviations. LLMsproducing an incomplete or incorrect response
remains a limitation of the current technology’s grounding ability. For
example, one participant in the AI-as-first-opinion group noticed that theAI
systemclaimed the patient inCase 1 (Supplementary Fig. 3) had a feverwhen
they had a temperature of 99.6 F (a fever is defined by theCDC as≥100.4 °F).

User said:
“The vignette does not say the patient had a fever”
ChatGPT said
“You’re absolutely correct—thank you for pointing that out! The

vignette describes the patient as feeling febrile and tired, but the
measured temperature is 99.6 °F, which is technicallynot a fever. This
is an important distinction because it refines our interpretation of the
systemic symptoms.”

Future work should investigate physicians’ reactions to these errors
and their implications for physician-AI interactions and trust.

We also observed non-determinism, whereby the AI system could
generate different recommended diagnostic assessments across participants
for the same vignette input, raising concerns about reliability and replic-
ability in clinical decision support. Recent evaluations of LLMs consider
such stochasticity as a measured metric used to evaluate the reliability of
different models44. Such variability and unpredictability are problematic in
clinical settings, where consistency and replicability are essential. We
hypothesize that improvements and methods development into the
prompting, guardrails, or response template for the model synthesis may
improveupon this technical limitationandare a rich avenue for futurework.

Another limitation of the study stems from the different numbers of
answers generated by the LLM versus those requested as answers from the
clinicians on the case.We had initially designed the system to provide seven
next steps, versus the three next steps required by the case instructions.
While this design decision was implemented to broaden clinical thinking, it
created ambiguity when scoring the AI-alone condition because the system
prompt did not instruct the AI to rank its suggested next steps, as it did for
the differential. For scoring purposes, we assumed the first three steps listed
by the LLM were its top recommendations.

A further limitationwithinour study stems fromthe six clinical vignettes
designed to simulatediagnostic reasoning taskswithin aone-hour timeframe,
consistent with standard exam formats. Although this format is convenient
and controlled, vignette-based cases are not representative of real-world
clinical practice, where clinicians must actively gather information through
history-taking, physical exams, and test selection—core components of

Fig. 6 | Changes in clinically actionable decision scores following AI second-
opinion use. Sankey diagram illustrating shifts in clinically actionable decision
scores (0–4 points) across six clinical vignettes before and after AI was employed as a
second opinion. Scores represent four expert-defined criteria encompassing the final
diagnosis and next clinical steps. The left column shows score distributions when
clinicians used only conventional resources, while the right column shows final
scores after clinicians reviewed AI feedback and optionally revised their responses.
Flow widths correspond to the number of cases transitioning between score levels.
Overall, AI second-opinion use was associated with upward score shifts, including
an increase in perfect scores (4/4) from 61 cases with conventional resources alone to
88 cases after AI assistance, indicating improved clinical actionability across mul-
tiple vignettes.
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diagnostic reasoning that were assumed, not assessed, in this study. Fur-
thermore, because LLMs are often trained on text corpora that include
structured vignettes, this format may confer an unintended advantage to the
AI compared to real-world encounters. Finally, our restricted case selection
may limit generalizability, asmodel performance coulddiffer on a broader set
of typical presentations or on atypical, diagnostically challenging cases.

Sampling bias, particularly in interpreting clinicians’ attitudes toward
the AI tool, could have played a significant role in our qualitative analysis of
participant attitudes toward AI. Additionally, familiarity with AI and the
level of AI literacy within our populationmay threaten generalizability, as it
may be higher than in the general population of clinicians. The observed
high levels of acceptance may be partially attributable to self-selection
effects: clinicianswho voluntarily participate in a diagnostic reasoning study
involving AI are likely to hold pre-existing favorable views toward such
technologies.

Overall, this trial should be understood as an exploratory study,
intended to characterize workflow-dependent dynamics and the influence
of a design for clinician-AI collaboration rather than as producing definitive
evidence for clinical benefit.

Given the early and rapidly evolving understandings of the value of
generalist LLMs inmedical decision support, our exploratory study aimed to
provide initial evidence on how workflow design may shape diagnostic
reasoning. We found that moving from a consumer LLM to a GPT custo-
mized to foster collaboration canmeaningfully improve clinician diagnostic
accuracy in a setting of clinical vignettes. The study provides evidence of
unrealized opportunities at the intersection of design, engineering, and
medicine for enhancing clinician-AI collaboration. Additional cross-
disciplinary research and methods development are needed to realize the
possibilities. As AI continues to evolve, a key question is not whether AIwill
replace clinicians, but how clinicians andAI can best work together to boost
human learning, deliberation, efficiency, and decision-making prowess, and
ultimately, and most importantly, to enhance patient outcomes. Our find-
ings contribute to the broader conversation on the evolving role of AI in
medicine.

Methods
We conducted a randomized controlled trial to evaluate clinicians’ diag-
nostic performance when using the custom GPT system for diagnostic
decision-making. Our primary aim was to assess clinicians’ diagnostic
performance on a set of clinical vignettes under two workflow conditions:
AI-as-first-opinion and AI-as-second-opinion. In both conditions, clin-
icians subsequently had access to a synthesis view that integrated the clin-
ician’s and AI’s inferences. In the AI-as-second-opinion workflow, the
synthesis view was displayed immediately following the AI’s recommen-
dations, whereas in the AI-as-first-opinion arm, it was made optionally
available after clinicians had reviewed theAIoutput.A secondary aimwas to
examine how the interactive design and workflows influenced clinicians’
engagement with the AI and their attitudes toward its role in diagnostic
decision-making.

We enrolledparticipants fromDecember 16, 2024, to January 24, 2025.
The inclusion criterionwasbeing aU.S.-licensed internalmedicineor family
medicine physician. The exclusion criterion was participation in any pre-
vious study using the clinical vignettes used in our study. We recruited
attending and resident physicians via our networks and email lists at
Stanford University, Beth Israel Deaconess Medical Center, Vanderbilt
University Medical Center, New York-Presbyterian Hospital, and Cam-
bridge Health Alliance. Resident participants were offered $100, and
attending participants were offered $199 for completing a one-hour session.
Participants joined remotely in small groups (≤ 5). The same study team
member (S.E.) facilitated each session, and randomization occurred at the
session level.The randomization sequencewas generatedbyB.B.Participant
flow is illustrated in Fig. 3.

Participants were encouraged to critically evaluate, challenge, or refine
theAImodel’s diagnostic conclusions as neededandwere reminded that the
system outputs could contain errors or gaps. Participants were instructed to

start a newAI dialog for each diagnostic reasoning case to clear the context
under consideration by the LLM. Participants completed as many cases as
possible in the hour, with instructions to prioritize quality over quantity.

The study was conducted via a secure survey platform (Qualtrics). At
the start of eachsession, the facilitatorprovided abrief, livedemonstrationof
the caseworkflow to clearly show that the vignette was to be entered into the
AI system via a copy-paste operation. For the facilitator’s full script used in
each session, please refer to the standard operating procedures included in
Supplementary Fig. 6. Support from the facilitator was available throughout
the session.All participants evaluateda set of up to six clinical vignettes,with
their order randomized. The evaluation format, response structure, and case
vignettes were identical to the approach presented previously3. Unfinished
cases in the study periodwere excluded. A case was considered unfinished if
the followingwere both true: (1) it was the final vignette in a session, and (2)
the participant spent less than 30 seconds reviewing information.

The vignettes are based on real patients. The content was deidentified
and included information about history, physical examination, and
laboratory test results (Supplementary Fig. 3). The cases have not been
publicly released and, therefore, are excluded from the training data of the
LLM. A brief description of each case, outlining the age, sex, and organ
systems involved, is included in Supplementary Table 1.

Two workflows
The customGPT provided two distinct workflows, depending on the arm a
clinicianwas randomized to. Of note, the systemwas intentionally designed
to broaden clinician reasoning, offering five differential diagnoses rather
than the three requested in the instructions, and to suggest seven man-
agement steps instead of three. The model was instructed to rank the dif-
ferential diagnoses by likelihood. The case response structure is shown in
Supplementary Fig. 2.

For the AI-as-first-opinion arm, physicians began by inputting the full
case and had the opportunity to use the AI system from the outset to
generate ideas, interpret information, and construct their responses. In the
AI-as-second-opinion, physicians initially worked independently, forming
their own assessmentswith access to conventional (non-AI/LLM) resources
such as UpToDate, PubMed, or Google. Participants were instructed to
paste the vignette alongwith their initial answers into the system to initiate a
collaborative interaction. After reviewing the output of AI as a second
opinion, clinicians were required to either revise or retain their original
responses. After completing the initial stage of the structured workflow and
viewing the integrated summary, participants were invited by the system to
engage in free-form dialog before submitting their final answers.

Baselines for clinicians and AI. To establish a baseline for clinician
performance, we scored the initial responses provided by clinicians in the
AI-as-second-opinion arm. For a baseline assessment of AI-alone per-
formance, we analyzed the AI’s initial responses in the AI-as-first-
opinion arm. For each of the six vignettes, five separate responses were
randomly selected to yield 30 cases for analysis. For scoring, the AI’s top
three diagnoses, supporting and opposing evidence, and the first three
proposed next steps were taken as its answers to the case.

Diagnostic accuracy scoring and rubric
For each case, two internal medicine board-certified physician scorers (J.K.,
V.K., A.A.) graded the responses using a previously established 19-point
scoring schema3. The rubric evaluates clinical reasoning based on the
plausibility of differential diagnoses, the appropriateness of supporting and
opposing findings, the accuracy of the final diagnosis, and the relevance of
proposednext steps,with assessmentsmadebyourphysician scorers using a
standardized rubric.

Scorers assigned up to one point for each plausible differential diag-
nosis. Assessments of findings that support and oppose the diagnosis were
graded based on being clinically reasonable,with zero points for incorrect or
absent answers, one point for partially correct, and two points for com-
pletely correct responses. The final diagnosis was graded as two points for
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selecting themost correct diagnosis, or one point for a plausible diagnosis or
a diagnosis that was not incorrect, but not specific in matching the most
correct final diagnosis. The participants were instructed to describe up to
three next steps to further evaluate the case. Zeropointswere awarded for an
incorrect response, one point was awarded for a partially correct response,
and two points were awarded for the correct response. The physician gra-
ders were given the rubric with sample answers and were asked to use their
expert judgment on plausibility and correctness of other answers.

Scorers were blinded to participant group assignments as well as the 30
AI-alone cases. For scoring the responses to the diagnostic reasoning cases,
the identity of the source of responses (clinician versus AI) was concealed
during the blinded scoring process, ensuring consistency and minimizing
bias prior to unblinding or analysis3. With the exception of the final diag-
nosis, there were no predefined correct answers, and correctness was left to
the graders’ expert opinion. To ensure consistency relative to inter-rater
reliability, graders reconciled their scores if there was a difference greater
than two points between their assessments.

Dialog analysis
We characterized clinician engagement with the AI system across different
workflows by systematically applying qualitative codes to participants’ free-
form contributions to the conversation. All clinician-entered text and AI
responses were captured from the transcripts of the dialog following each
study session. We developed a post-hoc coding framework based on the
language and structure observed in the clinician-AI conversations (Sup-
plementary Fig. 4A). All example prompts in Supplemental Fig. 4A are
excerpts from our participants’ interactions with the AI system.

Clinician perception of AI
Afterproviding assessments for thediagnostic cases, clinicianswere asked to
rate their experiences across multiple dimensions, including enjoyment,
perceived collaboration, confidence, and willingness to use such a tool in
clinical practice (Supplementary Table 2). Additionally, participants com-
pleted pre- and post-study surveysmeasuring their openness to usingAI for
complex clinical reasoning.

Exploration of AI anchoring on clinician input
Motivatedby the facilitator’s observationof the transcripts,we conducted an
exploratory post hoc analysis to assess the potential influence of clinicians’
initial responses onAI’s “independent” analysis of the vignette in the AI-as-
second-opinion arm. In particular, we saw evidence in the transcripts
suggesting that the AI system disobeyed instructions to generate output
independent of the clinician’s input, as specified in the system prompt
(Supplementary Fig. 1):

“Start by reviewing the full patient case and conducting your inde-
pendent analysis… BEFORE making any consideration of the physi-
cian’s input information that came via the input of their
assessments…”.

During the customizationprocess,we explicitly included this instruction
with the goal of ensuring the AI system maintained independence before
merging the clinician’s and AI assessments into a singular view. If there was
true independence between the initial clinician’s responses and the AI ana-
lysis that followed right after in AI-as-second-opinion workflows, we would
expect similar responses from the AI model in both arms.We compared the
overlap of AI responses in the two arms with the clinicians’ initial responses
obtained from the AI-as-second-opinion arm (Supplementary Fig. 5).

To evaluate whether clinicians’ submitted assessments influenced the
AI’s so-called “independent” analyses, we retrieved paired clinician rea-
soning andAI outputs from cases in bothworkflows.We randomly selected
a subsampling of 29 clinician–case encounters from each study arm (14
from one case, 15 from another), yielding 58 encounters in total: 29
AI‑as‑first‑opinion and 29 AI‑as‑second‑opinion. For each encounter, we

retrieved the AI’s independent analysis, as well as the clinicians’ own
diagnostic reasoning in the AI‑as‑second‑opinion arm.

We manually retrieved differential diagnoses and next-step recom-
mendations from the clinician and AI independent analyses for our eva-
luation. For each clinician‑generated item, we used GPT-4o to determine
whether an identical or semantically equivalent phrase appeared in the
corresponding AI output (prompts are shown in Supplementary Table 2).
The number of overlaps between the human and AI’s differential and next
steps is shown in Supplementary Fig. 4.

Statistical analyses
The primary outcome, the total graded vignette score between the two AI-
enabledworkflows,was determinedwith a linearmixed-effectsmodelwith a
random intercept to account for variation between participants and fixed
effects to account for variation between cases.

Total Score ¼ Arm þ Case þ ð1jparticipantÞ

To evaluate power, a target sample size of 225 cases was prespecified
based on simulation using data and variances seen in the Goh and Gallo
et al. (2024) study. A total of 225 cases would provide >80%power to show
a 10% difference between treatment arms in the overall score of the
vignette. Power was calculated at the case level, not the participant level.
As a sensitivity analysis, we included the level of training of the partici-
pants in the model.

Secondary outcomes included (1) difference in total score com-
pared to clinicians using conventional resources, (2) time spent on each
case, (3) change in score of the evidence section of the vignette (sup-
porting and opposing evidence) (Supplementary Fig. 2, Part 1), and (4)
change in score of the clinically actionable decisions, which we define as
the portion of the quiz on the final diagnosis and next steps (Supple-
mentary Fig. 2, Parts 2 and 3). Differences in scores compared to using
conventional resources were assessed using the linear mixed effects
model described above.

Descriptive statistics were used to summarize the diagnostic accuracy
scores and the transcript analyses results. All analyses followed the intention-
to-treat principle andwere conducted at the case level unless otherwisenoted.

Transcript analysis included the frequencywithwhichusers engaged in
additional interactions across arms, including thenumberof prompts issued
per case and, for the participants in the AI-as-second-opinion arm, which
parts of the case they altered after reviewofAI inferences (thediagnoseswith
supporting and opposing evidence for each, final diagnosis, and next steps).
This enabled us to identify patterns in how clinicians formulate queries and
respond to AI inferences.

Sections of the case and time spent outcomes were assessed using a
t-test with a significance threshold of 0.05. For the anchoring analysis, the
proportion of cases showing full overlap, as a percent, is reported. For the
perception analysis, Likert-scale responses, grouped by arm, were analyzed
using aWilcoxon rank sum test. All statistical analysis was performed using
R, version 4.4.2 (R Foundation for Statistical Computing).

Human subjects research
The study was submitted and approved by Stanford University’s institu-
tional review board (IRB# 71319). The randomized trial was registered at
clinicaltrials.gov (ID: NCT06911645) beginning on December 16, 2024.
Informed consent from participating physicians was obtained prior to
enrollment and randomization.

Data Availability
The diagnostic challenge problems and datasets generated and analyzed
during the study arenotpublicly available as their disclosurewould risk their
inclusion in training datasets of future models. The data can be made
available on reasonable request to the corresponding author.
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Code availability
The system prompt for the custom GPT is available in the supplemental
information. Additional information can be made available to qualified
researchers on reasonable request to the corresponding author.
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