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Assessing the impact of AI on physician
decision-making for mental health
treatment in primary care
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AImodelsmay soon be poised to recommendmental health treatments or referrals in primary care, yet
little is known regarding their impact on physician decision-making. In this web-based study, primary
care physicians (n = 420) were presented with a clinical scenario describing a patient with psychiatric
symptoms, an AI tool for referring or prescribing, and the recommendation of the AI. A sequentially
randomized vignette method was used to test the impact of initial assessments and AI output on
physician decision-making patterns. Physicians were significantly more likely to change their
decisions when the AI recommendation was misaligned with their initial assessment, especially when
AI recommended treatment. There was no difference between the change-in-decision rate of
physicians who received an AI recommendation to not treat, indicating that the direction of AI
recommendationsmay influence physician decision-making, and raising important considerations for
how physician decisions may be anticipated in the context of AI.

Advances in AI present the opportunity to enable front-line, primary care
physicians to more efficiently and accurately diagnose, refer, and treat
patients who present with specialized conditions1. While still at an early
stage, clinical decision support systems employing AI (AI-CDSS) have
demonstrated how AI’s integration into primary care settings can result in
earlier andmore accurate diagnoses, lessening the burden on specialists and
allowing patients earlier access to needed care2–5. The integration of AI-
CDSS intoprimary care is especially promising for thefield ofmental health,
where shortages of providers have led to primary care physicians being the
de-facto provider for mental health screening and diagnosing services, and
creating, as described by Lee et al.6, “an urgent need for AI to help identify
high-risk individuals and provide interventions to prevent and treat mental
illnesses”6–8.

Using AI for the prediction of anxiety, depression, and mental health
crises has been explored, yet little is understood about how the integration of
similar systems into the primary care setting may influence providers’
decision making and resultant patient outcomes9–12. Studies have identified
trust, explainability, and understanding as factors which impact physicians’
stated willingness to use AI-CDSS and incorporate it into their decision-
making processes, but few have in fact empirically tested whether and how
the integration of AI-CDSS influences physician decision making13,14. Stu-
dies that have tested these questions in real and hypothetical settings have
found that, while correct AI predictions tend to improve physicians’ diag-
nostic accuracy, incorrect AI predictions are often not dismissed and can
decrease physician accuracy belowwhat it would have been without the use

of AI15–18. While earlier studies found that clinicians often fail to adopt AI
recommendations, more recent experiments found the opposite tendency,
especially amongst physicianswith less task expertise15,19. This heterogeneity
of findings in the literature leaves this question still in need of further
examination.

Moreover, amajor potential benefit of AI-CDSS for primary care is the
expansion of specific task expertise amongst physicians who typically pro-
vide more generalized care. As noted in the study by Gaube et al.15, it is
precisely this group of physicians whomay be themost likely to incorporate
AI recommendations into their own decision making given the volume of
differentmedical and psychiatric conditions they encounter in practice. The
anticipation of primary care physicians’ decision-making patterns therefore
represents a notable gap in knowledgewhichmust be addressed for the safe,
effective, and ethical deployment of AI in mental health contexts20,21.

Given the high stakes nature of experimenting or observing in the wild
physician decision making with patients, hypothetical scenarios offer a
lower risk in exposing physicians to such scenarios. In this study, we
examined primary care physician decision-making in hypothetical clinical
scenarios involving AI-CDSS for mental health to understand how their
clinical decision-making may be influenced by AI, and if the initial assess-
ment of physicians and the output of theAI-CDSS impacted these decisions.
For the current paper, our focus was on clinical decision support systems
employing deep learning algorithms in AI for prediction, though the cap-
abilities of AI in the context of clinical decision support may be expected to
be much broader. To address some of the limitations that are typically
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present in hypothetical vignette studies, we applied a novel study design
utilizing an adaptationof the sequentialmultiple assignment randomization
trial (SMART) design22. Through an exploratory analysis of physicians’
decision-making patterns withAI-CDSS, we identified outcomes relating to
the change between physicians’ initial clinical and final assessments (pre-
and post-AI) and the self-reported influence of AI on their final decision,
and their consistency amongst these factors.

Results
Experiment
Participants in this web-based study were physicians in the United States
with a subspecialty in either familymedicine or internalmedicine (n = 420).
Participants were presented with a SMART vignette describing a hypo-
theticalmental health clinical scenario involving a patientwith symptomsof
ADHD or depression and an AI-CDSS intended to recommend a decision
to the physician22,23. The SMART vignette featured three time points which
randomized participants to hypothetical scenarios (“subvignettes”) that
were varied by: (1) clinical decision type (ADHD referral vs. SSRI pre-
scription); (2) amount of information about the AI-CDSS (short explana-
tion vs. long explanation); and (3) type of AI recommendation (does not
recommend treatment vs. recommends treatment) (See Fig. 1). A question
set corresponding to each scenario was asked at each randomization time
point. The complete text of the subvignettes and corresponding questions
are included in the Supplementary File.

Outcomes. In this paper, we focused on the following outcomes: (1)
changes in clinical decisions (time 1 vs. time 3), (2) physicians’ self-report
regarding whether they would havemade a different decision without the
involvement of AI. As an exploratory outcome, we developed a new
outcome of “fidelity” defined by the alignment between the physicians’

initial assessment and their final self-reported decision had AI not been
involved.

Aims. We examined how these decision-making outcomes varied by AI
recommendation and the initial physician assessment. Specifically, we
assessed whether 1) the change in clinical decisions from the initial to
final time point is explained by the initial assessment and the type of AI
recommendation; 2) the response to whether the physician would have
made a different decision without AI’s involvement is impacted by the
aforementioned factors. As an exploratory aim, we assessed how “fide-
lity” between this decisionwithout AI and initial assessment is affected by
the amount of information on the AI, AI recommendation, and physi-
cians’ familiarity with AI.

Change in decision from initial assessment to final decision
Overall, physicians who received an AI recommendation that did not
align with their initial assessment were substantially more likely to
change their decisions. Nearly two thirds of physicians (66.7%) who
received an AI recommendation that misaligned with their initial
assessment of not treating the patient ended up changing their decision
to treat the patient. Moreover, physicians who initially assessed the
hypothetical patient as an unsuitable candidate for an SSRI prescription
(or ADHD referral) and yet later received an AI recommendation to
prescribe/refer treatment were 9-fold more likely to change their decision
than those who received an AI recommendation in alignment with their
initial judgment to do nothing (95% CI, 2.805–28.873%). Conversely,
physicians who assessed the hypothetical patient as a good candidate, and
yet later received an AI recommendation to not treat were 5.72 times
more likely to change their decision than those who received an AI
recommendation to prescribe (95% CI, 0.078–0.383). Approximately

Fig. 1 | Setup of the SMART Survey
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21.55% of physicians who assessed the patient as a good candidate and
received an AI recommendation that misaligned with their initial
assessment ultimately changed their decision to do nothing.

The initial physician assessment did not have an impact on the odds
of physicians changing their decisions when the AI recommendation was
“no treatment” (95% CI, 0.477–3.205). Physicians who received a
recommendation to treat were 98% less likely to change their decisions if
their initial assessment was aligned with this recommendation (95% CI,
0.008–0.067). Table 1 reports the conditional odds ratios of changing
their decision, depending on the physicians’ initial assessment and type
of AI recommendation. Figure 2 shows the percentage of physicians who
changed their opinion based on their initial assessment and the AI
recommendation.

Self-reported final decision without AI involvement
A similar though less drastic trend was found for self-reported final
decisions in that physicians who received an AI recommendation that
misaligned with their initial assessment were more likely to report that
their final decision would have been different without AI. Among
physicians who received a recommendation that misaligned with their
initial judgment to not treat, approximately 26.7% reported that their
decision would have been different had AI not been involved. Moreover,
physicians who initially assessed the hypothetical patient as an unsui-
table candidate for an SSRI prescription (or ADHD referral) and yet later
received an AI recommendation to prescribe/refer treatment were 5.63
fold more likely to self-report a different decision than those who
received anAI recommendation in alignment with their initial judgment
to do nothing (95% CI, 1.090, 29.144). Conversely, physicians who
assessed the hypothetical patient as a good candidate, and yet later
received an AI recommendation to not treat were 4.94 times more likely
to self-report a different decision than those who received an AI
recommendation to prescribe (95% CI, 0.103, 0.397).

The initial physician assessmenthad a significant impact on theoddsof
reporting a different decision without AI with both types of recommen-
dations from AI. Physicians who received a recommendation to treat were
remarkably (i.e. 80%) less likely to report they would have made a different
decision without AI if their initial assessment was aligned with this
recommendation (95% CI, 0.074–0.547). Physicians who received a
recommendation to not treat were 5.59 times more likely to report a dif-
ferentdecisionwithoutAI if their initial assessmentwasmisalignedwith this
recommendation (95% CI, 0.074–0.547). Table 2 reports the conditional
odds ratios of whether the final decision would have been different without
AI involvement, depending on the physicians’ initial assessment and type of
AI recommendation. Figure 2 shows the percentage of physicians who self-
reported they would have made a different decision without AI based on
their initial assessment and the AI recommendation.

Table 1 | Conditional odds ratios of change in decision based
on initial assessment and certainty of AI output

Outcome: Change in
Decision from Initial
Assessment to Final
Decision

AI Recommendation
Odds
(%)

Odds Ratio
[Confidence
Interval]

Physician Assessment
Odds
(%)

Do not refer/
prescribe

Refer/
prescribe

Not a Good Candidate 0.222
(18.18%)

2.000
(66.67%)

9.000
[2.805, 28.873]

Good Candidate 0.275
(21.55%)

0.048
(4.55%)

0.173 [0.078, 0.383]

Odds Ratio
[Confidence Interval]

1.236
[0.477,
3.205]

0.024
[0.008,
0.067]

-

Significant odds ratios are underlined with the 95% confidence interval in brackets. Confidence
intervals that do not include 1 indicate statistical significance.

Fig. 2 | Percentage of physicians who changed decisions and physicians who self-reported they would have made different decisions without AI
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Fidelity
Overall, physicians who received an AI recommendation aligned with their
initial assessment were more likely to have fidelity in their decisions. For
example, physicians who received an AI recommendation that was aligned
with their assessment to do nothing were 10.56 fold more likely to observe
fidelity than when receiving a misaligned recommendation. Stated alter-
natively, physicians who received an AI recommendation that misaligned
with their initial assessment to not treat were 90.8% less likely to have a
matchbetween their initial and expected assessments (95%CI, 0.026, 0.329).
Conversely, physicians who assessed the hypothetical patient as a good
candidate, and later receivedanAI recommendation to treatwere 2.90 times
more likely to observe fidelity than those who received an AI recommen-
dation to not prescribe (95% CI, 1.606, 5.25).

When physicians received an AI recommendation to treat the patient,
the initial assessment had a remarkable impact on fidelity (OR 13.16; 95%
CI, 5.471, 31.687). There was no impact of the initial assessment on fidelity
when the AI recommendation was to not treat the patient (OR 0.417; 95%
CI, 0.139, 1.250).

Discussion
Advancements in AI-CDSS offer the potential for primary care physicians
tomore accurately and efficientlydiagnose, refer, and treat health conditions
that may benefit from specialty input. These opportunities are especially
promising for the field of mental health, where a dearth of specialists and
barriers to accessmental health care services has resulted in patients seeking
mental health care solutions from primary care physicians6,7. The safe
integration of AI and decision-support tools inmental healthcare, however,
necessitates a more thorough understanding of how these technologies
influence physician decision-making, and also patient outcomes. By
employing the SMART vignette methodology described by Kim et al.23, we
studied how different factors—details about an AI-CDSS, its recommen-
dation - impact physician decisionmaking in a primary care settingwithout
actually exposing patients at risk22,23.

Physicians in this study demonstrated a notable difference in their
likelihood to change their initial judgment regarding their decision to treat a
hypothetical patient who presents with potential symptoms of ADHD or
depression when accounting for the alignment between their initial clinical
assessment and the subsequent AI recommendation. Physicians who were
assigned an AI recommendation to further treat the patient were sig-
nificantlymore likely to change their opinionwhen there was a discrepancy
between their initial clinical assessment and the AI recommendation, and
significantly more likely to maintain their original opinion when there was
alignment between their initial assessment and the AI recommendation.
There was, however, no significant difference between the change-in-

decision rate of physicianswho received anAI recommendation tonot treat,
regardless orwhether itwas in alignmentwith their initial assessment.While
not included in the results, a similar trend was observed when additionally
accounting for type of clinical decision.

This finding is notable in that it suggests that, when presented with an
AI recommendation that involves taking further action, physicians tend to
react by either changing their initial opinion to match that of the AI, or by
standing firm in their initial opinion which was supported by the AI.When
presented with an AI recommendation that involved withholding further
treatment, or not taking further action, however, physicians did not
demonstrate a similar level of willingness to incorporate the AI advice into
their clinical decision-making. This both supports and furthers Gaube
et al.’s15 finding that physicians with less task expertise are more likely to
agree with advice provided byAI15. In the case of primary care physicians in
our study, it appears that this tendency to agree with AImay be particularly
true in cases where an AI recommends action.

The results of our analysis further suggest that, once action is recom-
mendedbyAI, physiciansmay feel a compulsion to conform to it, regardless
of their initial opinion. When action is not recommended, physicians may
feel more open to being flexible in their judgment. These findings could be
interpreted in the context of physician liability. Questions regarding the
liability of physicians in an age of clinical AI have already been raised, with
the increased vulnerability of physicians who go against an AI recom-
mendation being specifically highlighted24,25. Interestingly, physicians in our
study appeared to be fairly comfortable going against the AI recommen-
dation when it recommended no action. Particularly given the relatively
low-risk nature of the next steps in our clinical scenarios, it may not be
surprising that this group of physicians were willing to prescribe/refer
against the adviceof theAI.However, the inversewasnot true, andwhen the
AI recommended action, physicians, regardless of their initial opinion, were
remarkably likely to conform to the AI’s recommendation. It may be that
physicians feel an increased sense of liability when presented with a
recommended action, and they may feel that they are making a riskier
decision (both for the patient and their own liability) if they decline to
pursue a course of action that is explicitly recommended to them.

An additionalfinding of this studywas that physicianswho received an
AI recommendation thatmisalignedwith their initial assessmentweremore
likely to report that their final decision would have been different without
AI. While this finding on its own is not surprising, the difference in per-
centage of physicians who initially assessed the patient as a poor candidate
for further treatment but ultimately chose to treat the patient after receiving
a recommendation from the AI to do so (66%), and the percentage of these
physicians who agreed that the AI influenced their final decision (27%) is
notable. This seems to indicate that, amongst the group of physicians who
weremost likely to change their decision, there was less awareness of, or less
willingness to admit to, the AI’s influence on their decision. We again
consider physician liability as a potential explanation for this behavior.
Physicians’ awareness thatAI outputwill be recorded in a patients’file along
with thefinal clinical decision has had a demonstrated effect on the extent to
which physicians incorporate and defer to the AI advice, even if it is
incorrect26. Itmaybe that physicians in our studywhose initial assessmentof
not to treat was contradicted by the AI recommendation felt the need to
“cover their tracks,” whether intentionally or unintentionally, in order to
provide a stronger justification forwhy theirfinal decisiondid not alignwith
their initial assessment.

Understanding the cognitive behaviors of physicians that may con-
tribute to or explain these tendencies related to clinical decision is crucial
and has previously been explored by Jussupow et al.18. Their study found
that physicianswhose initial beliefs are confirmed byAI tend to have greater
confidence in their original diagnoses, whereas physicians whose initial
assessments do not alignwith theAI recommendation tend to “make a final
diagnostic decision based on their dominant belief” regarding the capability
of the AI.While our study provides further support regarding the direction
of these interactions, it additionally indicates that content of the AI
recommendation (i.e., whether or not it recommends action) may be an

Table 2 | Odds and odds ratios of outcome relating to self-
reported final decision without AI involvement based on initial
assessment and AI output

Outcome: I would have
made a different decision if
MedAssist was not
involved

AI Recommendation
Odds
(%)

Odds Ratio
[Confidence
Interval]

Physician Assessment
Odds
(%)

Do not refer/
prescribe

Refer/
prescribe

Not a Good Candidate 0.065
(6.10%)

0.364
(26.69%)

5.636
[1.090, 29.144]

Good Candidate 0.361
(26.53%)

0.073
(6.80%)

0.203
[0.103, 0.397]

Odds Ratio[Confidence
Interval]

5.594
[1.289,
24.269]

0.201
[0.074,
0.547]

-

Significant odds ratios are underlined with the 95% confidence interval in brackets. Confidence
intervals that do not include 1 indicate statistical significance.

https://doi.org/10.1038/s44184-025-00124-y Article

npj Mental Health Research |            (2025) 4:16 4

www.nature.com/npjmentalhealth


additional factor which can sway a physician to incorporate or ignore AI
advice in their clinical decision making.

Analyses in this study further revealed that the types of clinical sce-
narios (i.e., ADRD referral vs. SSRI prescription) did not have an impact on
physician decision-making, nor did the amount of information provided
about theAI-CDSS. There have beenmixed results regarding how increased
explainability and information sharing affect physician trust and accuracy
when using AI-CDSS, with an increasing number of studies acknowledging
that increased explainability may not necessarily improve physician accu-
racy or patient outcomes27–30. Our study, which was able to simultaneously
test the effect of multiple factors on physician decision making, further
indicates potential limits to the benefits of increased information sharing,
and instead suggests that other factors relating to physician alignment with
the AI result and the content of AI recommendation may be more relevant
to how physicians make their final decisions, potentially overwhelming any
effect that increased explainability or information sharing may have.

Limitations of this current study include the use of hypothetical
vignettes and self-reported outcomes. The outcomes were not observed in
real settings and thus may not generalize to real time scenarios. We addi-
tionally acknowledge that physician willingness to incorporate AI-CDSS
into their decision-making is likely influencedbymanyother factors beyond
what we tested in this study, namely: AI transparency; hospital or employer
expectations, oversight, and policies; and liability and legal protections lia-
bility. Future research questions may wish to test these factors, as well as
whether the trends we found in relatively common mental health related
decision-making scenarios persist in situations of higher risk. It is not clear
as towhetherphysiciansutilizingAI in such situationswouldbemoreor less
likely than the physicians in our study to defer to the AI if it presented a
recommendation that contradicted their initial assessment.

Given the high stakes and potential consequences of widespread
integrationofAI-CDSS,weargue there is great value in anticipatingdecision
making and understanding factors impacting decision changing among
physicians prior to the deployment of AI-CDSS in clinical contexts. Filling
this gap can inform the development of more effective AI tools that are
better aligned with physician needs and concerns, ultimately leading to
improved patient outcomes andmore efficient healthcare delivery. Through
the use of a novel survey method, our study identified the factors of phy-
sician alignment withAI, and the type of AI recommendation, as significant
influences on physician decision making in a primary care setting which
should be considered further as AI is increasingly incorporated into
healthcare.

Methods
Participants
The American Medical Association (AMA) Physician Professional Data
(formerly known as the Physician Masterfile) was used to identify active
physicians to invite to participate in this web-based survey study31. A ran-
dom sample of 10,000 physicians from the AMA Physician Professional
Data file whomet the inclusion criteria of being located in the United States
and having a listed subspecialty of Family Medicine or Internal Medicine
were identified. Between 5/16/2023 and 12/7/2023, up to four emails and
three mailed letters containing a brief description of our study, a weblink to
the online survey, and unique respondent codes were sent to the physicians
identified as part of the random sample. We received 513 total survey
responses, 420 of which were complete and deemed eligible for inclusion in
the final data set after review. See Table 3 for full participant characteristics.
The demographic makeup of this sample is largely representative of the
population of U.S. physicians in Internal and Family medicine as docu-
mented in the 2022 Physician Specialty Data Report by the Association of
American Medical Colleges.

This study received human subjects research ethics approval from the
Stanford University Institutional Review Board. All participants provided
electronic informed consent andwere compensated for their time and effort
with a $10 Amazon.com gift code at the time of survey completion.

SMART vignette study design
This study employed a SMART vignette design, which is an online vignette-
based survey adaptation of the sequential multiple assignment randomi-
zation trial (SMART) design22. SMART vignettes, proposed by Kim and
Yang23, feature novel properties previously not applied in the traditional
vignette survey setting, namely sequential randomization and adaptive
allocation. In traditional vignette studies, the full vignette with a pre-
determined combination of characteristics and all questions are presentedat
once. However, in SMART vignettes, the vignettes are divided into sub-
vignettes, with each subvignette reflecting a particular characteristic. The
subvignettes are then shown sequentially along with their corresponding
question set over discrete time points.

Sequential randomization is particularly suitable when “the order of
outcomes carries significance, or when subsequent outcomes depend upon
the previous outcome”22. While traditional vignettes allow inferences con-
cerning the joint impact of the interventions (i.e. vignette characteristics) on
the outcomes, SMART vignettes allow inferences on the impact of each
intervention as well as previous outcomes on following outcomes. SMART
vignettes also employ adaptive allocation, which leverages Efron’s biased
coin design to mitigate imbalance between groups often observed in tra-
ditional vignette studies. In fact, conventional designs use complete ran-
domization to present only a sample of the full vignette population in order
to reduce response burden. However, doing so often leads to imbalance.
Adaptive allocation encourages randomizations to the underrepresented
group using a prespecified probability. The advantage of this biased ran-
domized strategy is that we can administer a sample of the full set of
vignettes without sacrificing balance between groups.

The SMART vignette survey was administered using the platform
developed by Kim et al. and hosted on “smartvignettes.stanford.edu.” The
vignette survey featured three randomization time points which rando-
mized participants to subvignettes reflecting hypothetical scenarios which
were varied by: (1) clinical decision type (prescription of SSRI or referral for
ADHD assessment); (2) amount of information on the AI tool (short or
long); and (3) type of recommendation (treat or not) (See Fig. 1). The
probability of the biased coin was set to p = 2/3 for adaptive allocation. For
clinical decision type, the two scenarios (i.e. prescription or referral) were
selected for the reasons that they were both related to psychiatric concerns
and becausewe hypothesized these decision types conferred a different level
of impact on the patient and could possibly influence whether or not
physicians incorporated recommendations made by AI-CDSS.

Measures
Upon accessing the survey and providing electronic informed consent,
participants completed brief baseline questionnaires regarding their
demographic information and professional experience, familiarity and
professional experience with AI, and general attitudes toward the use of AI
in medicine. At the completion of these questionnaires, participants were
navigated to the start of the SMART vignette. A series of questions were
presented to participants at each randomization time point within the
SMART vignette. A primary question was chosen for each time point to be
used for adaptive allocation. The complete subvignettes and their accom-
panying questions can be found in the Supplementary File.

Time point 1. At the first time point, physicians were presented with a
subvignette which described a clinical scenario involving a 33-year-old
female patient. Physicians were randomized to receive a description of a
patient who presented with symptoms of either depression or ADHD.
Physicians were asked 5 questions about their initial clinical assessment
of the hypothetical patient and their confidence in this assessment given
the patient’s symptoms. The primary question used for adaptive alloca-
tion was: [The patient] would be a good candidate for a prescription for a
selective serotonin reuptake inhibitor (SSRI)/referral for a formal ADHD
assessment (1 = Strongly Disagree; 2 = Disagree; 3 = Neither disagree nor
agree; 4 = Agree; 5 = Strongly agree).
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Time point 2. At the second time point, physicians were presented with a
subvignette that described a hypothetical AI CDSS that was intended to assist
the physician in their assessment of the patient. Physicians were randomized
to receive either a brief or a longer explanation regarding the AI system. They
were then presented with 9 questions about their perception and attitudes
towards the AI system based on the provided amount of information. The
primary question used for adaptive allocation was: If given the option, I

Table 3 | Participant Characteristics (N = 420)

Depression
vignette
(N = 210)

ADHD
vignette
(N = 210)

p value

Age, years

Mean (SD) 49.5 (12.6) 49.6 (12.4) 0.937

Median [Min, Max] 49.0 [28.0, 75.0] 49.0 [28.0, 75.0]

Missing 3 (0.7%) 3 (0.7%)

Sex

Female 78 (37.1%) 100 (47.6%) 0.038

Male 131 (62.4%) 110 (52.4%)

Decline to state 1 (0.5%) 0 (0%)

Gender

Woman 80 (38.1%) 100 (47.6%) NA

Man 128 (61.0%) 110 (52.4%)

Nonbinary or Genderqueer 1 (0.5%) 0 (0%)

Decline to state 1 (0.5%) 0 (0%)

Ethnicity

Not Hispanic or Latino 197 (93.8%) 193 (91.9%) 0.651

Hispanic or Latino 9 (4.3%) 13 (6.2%)

Decline to state 4 (1.9%) 4 (1.9%)

Race

American Indian/Alaska Native 2 (1.0%) 2 (1.0%) 0.286

Asian 44 (21.0%) 59 (28.1%)

Black or African American 8 (3.8%) 9 (4.3%)

Native Hawaiian or Other Pacific
Islander

1 (0.5%) 0 (0%)

White 130 (61.9%) 126 (60.0%)

Multiracial 11 (5.2%) 5 (2.4%)

Other 7 (3.3%) 2 (1.0%)

Decline to state 7 (3.3%) 7 (3.3%)

Degree

M.D. 180 (85.7%) 187 (89.0%) 0.538

M.D./ Ph.D. 3 (1.4%) 4 (1.9%)

D.O. 26 (12.4%) 19 (9.0%)

D.O./ Ph.D. 1 (0.5%) 0 (0%)

Training

Medical school - USA 168 (80.0%) 167 (79.5%) NA

Medical school - Abroad 39 (18.6%) 41 (19.5%)

Post-graduate - USA 29 (13.8%) 30 (14.3%)

Post-graduate - Abroad 3 (1.4%) 7 (3.3%)

Other 0 (0%) 1 (0.5%)

Decline to state 1 (0.5%) 0 (0%)

Practice years

Mean (SD) 18.4 (12.3) 18.2 (11.8) 0.848

Median [Q1, Q3] 18.0 [8.0, 26.0] 17.00 [8.0, 26.0]

Missing 1 (0.5%) 0 (0%)

Primary subspecialty

Family medicine 108 (51.4%) 108 (51.4%) 1

Internal medicine 102 (48.6%) 102 (48.6%)

Practice Region

Northeast 57 (27.1%) 37 (17.6%) 0.281

Southeast 43 (20.5%) 51 (24.3%)

Midwest 47 (22.4%) 50 (23.8%)

Southwest 14 (6.7%) 19 (9.0%)

West 45 (21.4%) 50 (23.8%)

Decline to state 4 (1.9%) 3 (1.4%)

Table 3 (continued) | Participant Characteristics (N = 420)

Depression
vignette
(N = 210)

ADHD
vignette
(N = 210)

p value

Formal training/education in computer science

Yes 49 (23.3%) 32 (15.2%) 0.048

No 161 (76.7%) 178 (84.8%)

Type of computer science training/education

High school course(s) 22 (10.5%) 12 (5.7%) NA

Undergraduate course(s) 30 (14.3%) 23 (11.0%)

Graduate-level course(s) 7 (3.3%) 5 (2.4%)

CS/Coding bootcamp 5 (2.4%) 1 (0.5%)

Professional development
course(s) or workshop(s)

12 (5.7%) 7 (3.3%)

Other 2 (1.0%) 3 (1.4%)

Familiarity with AI/ML

Not at all familiar 14 (6.7%) 11 (5.2%) 0.486

A little familiar 75 (35.7%) 92 (43.8%)

Somewhat familiar 96 (45.7%) 83 (39.5%)

Quite familiar 24 (11.4%) 22 (10.5%)

Extremely familiar 1 (0.5%) 2 (1.0%)

Use of AI/ML in research

Yes 20 (9.5%) 17 (8.1%) 0.773

No 116 (55.2%) 113 (53.8%)

I do not engage in medical
research

74 (35.2%) 80 (38.1%)

Use of AI/ML in clinical practice

Yes 49 (23.3%) 31 (14.8%) 0.035

No 161 (76.7%) 179 (85.2%)

Purpose of AI/ML use in clinical practice

Shared decision-making 13 (6.2%) 4 (1.9%) NA

Patient monitoring 11 (5.2%) 13 (6.2%)

Outcome prediction 15 (7.1%) 10 (4.8%)

Prediction of complications 4 (1.9%) 5 (2.4%)

Interpretation/quantification of
imaging

8 (3.8%) 5 (2.4%)

Grading of disease severity 5 (2.4%) 4 (1.9%)

Diagnosing 25 (11.9%) 15 (7.1%)

Other 15 (7.1%) 4 (1.9%)

Current role

Owner or employee of practice 166 (79.0%) 153 (72.9%) NA

Employee of an academic
institution

17 (8.1%) 28 (13.3%)

Both Owner or employee of
practice and Employee of an
academic institution

13 (6.2%) 15 (7.1%)

Other 11 (5.2%) 12 (5.7%)

Decline to state 4 (1.9%) 3 (1.4%)

Participants were allowed to select more than 1 answer for Gender, Training, Type of computer
science training/education, Purpose of AI/ML use in clinical practice, and Current role, and
therefore, their total percentages may be greater than 100%.
p values are from t-tests for continuous variables and Chi-squared tests or Fisher’s exact tests as
appropriate for categorical variables.
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would choose to use [the AI tool] in my practice (1 = Strongly Disagree;
2 =Disagree; 3 =Neither disagree nor agree; 4 =Agree; 5 = Strongly agree).

Time point 3. At the third time point, physicians were presented with a
subvignette describing the output of the AI system. Physicians were
randomized to receive either higher-certainty output which recom-
mended further treating the patient, or a lower-certainty output which
recommended not treating the patient further at this time. They were
then asked seven questions regarding their final clinical decision, related
confidence, and the perceived impact of AI on their final decision. The
designated primary question was: Based on your own examination and
the [AI] result, would you prescribe an SSRI to [the patient]/refer [the
patient] for a formal ADHD assessment? (Yes; No).

Statistical analysis
Question items. Three question items from the vignette survey were
used in our analysis, one item before the introduction of AI in the sce-
narios (time 1), and two items after its introduction (time 3).

Outcomes. The first outcome “change in decision” is a binary variable
obtained by taking the absolute value of the difference between the
physician assessment at time 1 and 3 (see Fig. 3). The second outcomewas
the observed response to the item “I would havemade a different decision
if AI was not involved.”

Exploratory outcome.Wedefined anew exploratory outcome as “fidelity”
of the physician’s decision. This was a binary outcome forwhether therewas
consistency between the initial assessment without AI and the “expected
decision.” The “expected decision” was an intermediate variable that we
definedbasedon the self-reported response to the item “Iwouldhavemade a
different decision”: if the response to this item was “yes,” then we took the
observed final decision and switched the response, if the answer to this item
was “no”, then we kept the observed decision as it was reported.

Predictors. Vignette characteristics i.e., clinical decision type, amount of
information on the AI, and certainty of the AI output, were used as
predictors. Familiarity with AI was also included. This binary indepen-
dent variable was defined to be om if they reported researching AI, using
AI in clinical practice, or having familiarity withAI in the baseline survey,
and 0 otherwise.

Analyses. Regressionmodels involving covariates and interaction effects
were fitted for each outcome. Logistic regression models were fitted, and
the corresponding conditional odds ratios and the associated confidence

intervals were used to conduct the exploratory analyses. For the first
exploratory analysis, the outcome for change in decisionwas regressed on
dichotomous initial clinical assessment, AI recommendation, and their
interaction. For the second exploratory analysis, we focused on physi-
cians’ reports on whether they would have made a different decision
without AI; this outcome was dichotomized and regressed on their initial
decision, the output of AI, as well as their interaction. Lastly, for the third
exploratory analysis, the fidelity variable was regressed on the same
variables as the second analysis but with familiarity with AI included as
an additional predictor. Odds ratios with 95% confidence intervals that
did not include 1 were considered statistically significant.

Data availability
Restrictions apply to the availability of the data that support the findings of
this study in order to protect study participant privacy, and thus are not
publicly available.

Code availability
The free programming languages R (3.6.3) and Python (3.7.3) were used to
perform all statistical analyses.
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