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ABSTRACT
Introduction  Few artificial intelligence (AI) clinical 
decision support systems (CDSSs) are ever evaluated in 
practice. Although some signal of clinical effectiveness 
may be needed to justify AI deployment and testing, such 
data are typically unavailable in early-stage research. This 
conundrum is especially relevant in the intensive care unit 
(ICU), where conditions like sepsis and acute respiratory 
distress syndrome (ARDS) require high-stakes decisions. 
Our group developed the AI ventilator assistant (AVA), a 
novel AI CDSS for patients with sepsis ARDS receiving 
invasive mechanical ventilation. But the promising results 
of predictive performance estimates are not sufficient to 
assess AVA’s clinical safety and appropriateness prior to 
future evaluation and deployment. Therefore, we propose 
a Clinician Turing Test as a novel validation approach 
to determine whether clinicians can distinguish AVA-
generated treatment recommendations from those enacted 
by real human clinicians. If AVA’s recommendations are 
consistently indistinguishable from those of real clinicians, 
thereby ‘passing’ this Turing test, this would provide a 
strong preclinical signal of safety and appropriateness.
Methods and analysis  This multisite, randomised, 
electronic, vignette-based Phase 1b study will use a 
Clinician Turing Test design. We aim to recruit 350 critical 
care clinicians, including physicians and advanced practice 
providers from six US hospitals. Participants will review 
nine clinical vignettes of patients with sepsis and ARDS 
derived from the Molecular Epidemiology of Severe Sepsis 
in the ICU cohort and an associated profile of a suggested 
treatment plan. For each participant–vignette combination, 
the source of the treatment profile will be randomly 
assigned (AI-generated by AVA vs the actually enacted 
treatment from real human clinicians) in a 1:1 allocation. 
The primary endpoint is the participants’ accuracy in 
identifying whether a treatment profile was AI-generated 
or human-generated, assessed using equivalence testing 
through a mixed-effects logistic regression model with 
random effects for participants and vignettes. Secondarily, 
a fitted binary classifier will assess discrimination ability 
using the C-statistic. Secondary endpoints include 
clinicians’ perceptions of the safety and appropriateness 
of the treatment profiles, confidence in distinguishing 
AI-generated and human-generated recommendations, 
interest in AI CDSSs for sepsis and ventilator management 
and the time to complete the survey. This novel Phase 

1b design provides preliminary but essential information 
about an AI CDSS’s clinical appropriateness without the 
risk or cost of actual deployment, thereby informing 
decisions about future clinical implementation and 
evaluation in real clinical environments.
Ethics and dissemination  This protocol was approved 
by the Institutional Review Board of the University of 
Pennsylvania (Protocol #858201). Results are expected 
in 2026 and will be submitted for publication in peer-
reviewed journals and presented at scientific conferences.
Trial registration number  NCT07025096.

INTRODUCTION
Background and rationale
Few artificial intelligence (AI)-based and 
machine learning (ML)-based clinical deci-
sion support systems (CDSSs) are ever eval-
uated in practice.1 2 This critical lack of data 
about the clinical effectiveness of AI/ML 
CDSSs has so far limited their widespread 
impact despite significant promise.3 Predic-
tive performance measures themselves, often 

STRENGTHS AND LIMITATIONS OF THIS STUDY
	⇒ The Clinician Turing Test is a study design that 
provides clinically relevant data about an artificial 
intelligence (AI) model’s recommendations with-
out the costs or risks of deployment in a clinical 
environment.

	⇒ The Clinician Turing Test provides important clinical 
information about an AI model’s recommendations 
that are unobtainable from traditional Phase 0 stud-
ies that only report predictive performance.

	⇒ The Clinician Turing Tests rely on randomisation and 
blinding to enhance the rigour of the design and re-
duce bias in inferences during the analysis.

	⇒ The design relies on clinicians’ responses to elec-
tronic vignettes that may not fully reflect workflows 
or cognitive processes in a real clinical environment.

	⇒ The clinical vignettes are based on real patient cas-
es but are drawn from a single, quaternary referral 
centre and may not reflect the typical cases encoun-
tered in most hospitals.
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derived from Phase 0 and Phase 1 studies, are unreliable 
signals of clinical effectiveness. Real-world clinical testing 
in Phase 2 or Phase 3 studies, such as clinical trials, is 
needed for robust and valid assessments of AI CDSSs’ 
effects at the bedside. But the costs, complexity and poten-
tial safety concerns associated with real-world clinical 
evaluations of untested AI systems are substantial. Thus, 
any early signals from preclinical studies supporting the 
safety and effectiveness of clinical AI/ML systems would 
be highly valuable in planning for future clinical evalu-
ations. But researchers may be caught between having 
insufficient clinical data to justify Phase 2 or 3 studies and 
being simultaneously unable to obtain clinically mean-
ingful data using traditional Phase 0 and 1 study designs. 
This conundrum is particularly relevant in the intensive 
care unit (ICU) where life-threatening conditions such 
as sepsis and acute respiratory distress syndrome (ARDS) 
are common, and AI/ML CDSS would be particularly 
helpful for such complex decision making. At the same 
time, real-world clinical deployment and evaluation of 
such a system poses logistical and safety concerns that are 
not addressed by typical early-phase research evaluating 
predictive performance alone.

Therefore, we propose a novel Phase 1b study design 
to overcome these knowledge gaps and serve as a bridge 
between preclinical and clinical studies of AI/ML CDSSs. 
The proposed design is a clinical modification to the 
test proposed by Alan Turing in 1950 to determine if a 
machine exhibits human-like intelligence.4 In Turing’s 
original proposal, if a human was unable to distinguish 
between a human and a machine as the source of text in 
a transcribed conversation, then the machine would have 
‘passed’ the test. Analogues of Turing’s test have been 
applied to generative AI systems to assess their apparent 
behavioural characteristics,5 proposed as a model for 
human-AI collaboration in cancer care,6 used to iden-
tify bias in AI radiology models7 and used to evaluate the 
quality of answers from a generative AI chatbot about 
diabetes mellitus.8 However, none of these studies have 
used Turing’s approach to establish the equivalence of 
human and AI-generated treatment recommendations.

The Clinician Turing Test is a special case of Turing’s 
original test in which the goal is to determine if an 
expert clinician can reliably distinguish between treat-
ment suggestions that originate from another real clini-
cian or from an AI/ML CDSS. If such an expert cannot 
distinguish those sources, then the output of an AI/ML 
CDSS might reasonably be considered equivalent to real, 
human clinicians, with a strong, preliminary signal of 
equipoise in advance of future clinical deployment and 
testing. We illustrate and detail several important features 
of the design and analysis of a Clinician Turing Test using 
an AI/ML CDSS used to guide treatment decisions for 
patients with sepsis and ARDS in the ICU. This design 
relies on an electronic, vignette-based survey that is 
feasible to conduct without the substantial investments in 
data and computational infrastructure needed to deploy 
and integrate AI/ML CDSS into real clinical workflows. 

This design also provides essential information about 
the clinical appropriateness of an AI/ML CDSS’s output 
while ensuring patient safety through testing outside of a 
real clinical environment.

Study aim
To address knowledge gaps that limit the implementation 
and evaluation of AI/ML CDSSs, in general, and that of 
the AI ventilator assistant (AVA) CDSS, in particular, we 
propose a novel, preclinical study design. We will conduct 
a Clinician Turing Test in this Phase 1b study to assess 
AVA, an AI/ML CDSS developed by our team to support 
the management of patients with sepsis and ARDS in the 
ICU. AVA will generate recommendations for a compre-
hensive range of simultaneous and inter-related treat-
ment decisions required in caring for people with sepsis 
and ARDS. The development and validation of a prelim-
inary version of the AVA model in a Phase 0 study has 
been reported separately.9 This study will compare AVA’s 
clinical recommendations to treatment decisions made 
by real clinicians using an equivalence testing design.

Primary objective
	► To assess the ability of expert clinicians to distin-

guish between AVA’s treatment recommendations 
and actual treatments enacted by real clinicians for 
patients with sepsis and ARDS.

Secondary objectives
	► To assess clinicians’ determination of the safety and 

appropriateness of AVA’s treatment recommenda-
tions and assess the equivalence of those assessments 
with respect to treatments enacted by real clinicians.

	► To measure clinicians’ confidence in distinguishing 
AI-generated treatment recommendations from 
human-enacted treatments.

	► To identify specific treatment decisions within the 
larger treatment profiles that may require further 
refinement prior to future clinical deployment.

	► To assess clinicians’ interest in using an AI/ML CDSS 
for sepsis and ventilator management in clinical 
practice.

	► To evaluate the time spent completing each vignette 
and assess differences among vignettes with AI-recom-
mended and human-enacted treatments.

The overarching goal of this work is to evaluate AVA’s 
equivalence to real human practice while introducing a 
novel study design for accelerating and improving the 
development, testing and safe implementation of AI/ML 
CDSS in clinical practice.

METHODS AND ANALYSIS
Study design
This is a multisite, randomised, electronic, vignette-based, 
cross-sectional study (figure 1). This Clinician Turing Test 
is a Phase 1b study. It is not a clinical trial as there are 
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no actual patients, treatment decisions or patient care 
involved.

Study population and recruitment
We will recruit participants with experience in caring for 
patients with sepsis and acute respiratory failure requiring 
invasive mechanical ventilation (IMV). To be eligible to 
participate in this study, individuals will meet the following 
criteria: (1) be at least 18 years old; (2) work as a physi-
cian (eg, MD or DO; attending or fellow) or advanced 
practice provider (eg, nurse practitioner or physician 
assistant); (3) work in medical critical care, anaesthesia 
critical care, surgical critical care or emergency medicine 
in a US-based hospital or medical centre. Medical resi-
dents, interns or physicians who work in other clinical 
specialties or who have not completed residency training 
will be excluded from the study.

The target recruitment goal will be 350 clinicians who 
provide complete survey responses (see sample size calcu-
lation below). Partial responses will be included in the 
analysis but will not be counted toward the recruitment 
goal. Our study team will develop a curated contact list 
of 700 eligible clinicians based on the above criteria with 
their email addresses from participating study sites. We 
estimate a 50% response rate based on prior studies 
recruiting from similar populations with comparable 
participant incentives. Study team members from each 
site will review departmental websites, clinician directo-
ries and other publicly available and local resources to 
identify candidate participants whose eligibility will be 
verified by the study team and site investigators.

We will send invitations to participate in the study via 
email using Qualtrics (Provo, Utah, USA). The survey 
invitation will include a description of the study, compen-
sation and contact information for the study team. 
Follow-up emails will be sent to non-responders or to 
those providing partial responses until the target recruit-
ment goal is met (figure  2). Individuals who decline 
consent will not receive follow-up emails.

Participants will provide an electronic, signed consent 
through the survey instrument. A sample copy of the 
informed consent document is available in online supple-
mental material 1. On receiving a recruitment invitation 
email, clinicians will access the survey through a person-
alised, non-transferable link that will allow multiple entries 
to facilitate survey completion. The survey itself will take 
approximately 30–45 min to complete. Internet access 
and a computer, tablet or smartphone will be needed to 
participate. All recruitment and survey instrument mate-
rials will be in English. Each participant will receive a 
US$75 gift card as an incentive following completion of 
the survey instrument.

Patient and public involvement
Neither study participants nor the public were involved 
in the study design, recruitment, conduct or planned 
reporting and dissemination of the results.

Instrument development and randomisation
We will develop and administer the survey using the 
Qualtrics platform. The survey will collect demographic 
information and details on participants’ professional 

Figure 1  Clinician Turing Test study overview. Study overview diagram. This figure was created in BioRender. AG, A. (2025) 
https://BioRender.com/t88k194. AI, artificial intelligence; ARDS, acute respiratory distress syndrome; AVA, AI ventilator 
assistant; ICU, intensive care unit; ML, machine learning.
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clinical experience and training. Then participants will 
be presented with a brief visual tutorial on how to inter-
pret the vignette information and how to complete the 
survey, where a sample vignette will be present (online 
supplemental material 3).

Participants will then be presented with nine clinical 
vignettes in random order to prevent ordering effects. 
Each vignette will contain a concise summary of relevant 
clinical details for a patient who meets sepsis and ARDS 
criteria and was just initiated on IMV. The case summary 
will include the most recent chest radiograph image prior 
to intubation, and laboratory test results and vital signs 
from the preceding 24 hours. Following the vignette, 
participants will be presented with a comprehensive 
treatment profile for that patient that includes ventilator 
settings, medication infusion doses and administration 
rates, and antibiotic treatments, among others. Partic-
ipants will be asked to evaluate the safety and clinical 
appropriateness of the proposed treatment profile, iden-
tify whether they think the treatment profile was gener-
ated by an AI/ML CDSS or by a human clinician, and be 
asked to rate their confidence on their guess of the treat-
ment profile source. Additionally, participants will rate 
the safety and appropriateness of the treatment recom-
mendations using a 7-point Likert scale and provide feed-
back on any specific elements of the treatment profile 
they consider to be unsafe or inappropriate.

For eight of the study vignettes, participants will be 
randomised to view either the AI-generated treatment 
profile or a profile reflecting what a real human clini-
cian did in practice. The randomisation will ensure a 1:1 
allocation so that each participant sees four treatment 

profiles from each source. A ninth vignette, in which the 
treatment profile is obviously derived from an AI system 
through the use of non-standard numbers and additional 
decimal places in suggested medication doses and venti-
lator settings, will also be included as an internal control. 
Participants will not be informed of the study arm alloca-
tion beforehand and will not be able to return to or modify 
responses to previously completed vignettes. There will 
be no time limit to complete the survey. Although partic-
ipants are expected to respond based on their own clin-
ical knowledge, the online design prevents direct control 
over the use of external aids. However, participants will 
be instructed not to use large language models or other 
electronic resources to assist in guessing vignette sources.

Survey data responses will be stored in Qualtrics and 
later exported in tabular format for analysis. The study 
team will iteratively test and refine the survey instrument 
to ensure clear communication of relevant information in 
the vignettes and reliable functionality and data capture 
prior to study launch.

Clinical vignette development
We extracted clinical data for the vignettes from the 
Complete Inpatient Record using Comprehensive Elec-
tronic Data project, which contains electronic health 
record (EHR) for all hospital-based encounters at Penn 
Medicine from 1 July 2017 through the present.10 We 
identified candidate cases of patients with sepsis and 
ARDS from the Molecular Epidemiology of SepsiS in the 
Intensive Care Unit (MESSI) study.11 The MESSI study 
prospectively identifies patients at Penn Medicine with 
sepsis and each enrolled patient undergoes rigorous chart 

Figure 2  Survey recruitment and response flowchart. The percentages are based on the total number of emails sent (100%). 
We anticipate that 50% of candidate participants will complete the survey, 5% will partially complete the survey and 45% will 
not participate in the survey (did not open the email, opened the email but did not start the survey or did not consent). This 
process will be repeated as needed until the required number of complete responses is obtained.
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review by a team of clinical experts to identify sepsis and 
ARDS and the date on which ARDS criteria were met. To 
identify candidate clinical cases that will serve as the basis 
for the vignettes, we identified encounters of patients 
requiring IMV who were (1) not used in the training or 
validation of the AVA model (to avoid using cases already 
seen by the model during the training process) and (2) 
are in the MESSI cohort to ensure they meet sepsis and 
ARDS criteria.

The study team reviewed eligible cases from the MESSI 
cohort to identify a range of clinical scenarios repre-
senting sepsis and ARDS. We initially filtered encounters 
to include patients whose admission to the ICU, start 
of IMV and onset of ARDS occurred on the same date, 
those without tracheostomy at IMV initiation and those 
admitted in 2022 (representing the most recent MESSI 
cases and occurring after the three primary COVID-19 
waves). 17 cases met these initial criteria. Each case was 
then screened against the model’s initial inclusion and 
exclusion criteria to ensure consistency. To be eligible, 
patients had to be ≥18 years old at admission, intubated 
≥24 hours after admission and to have received IMV for at 
least 12 hours.

After manual review, 11 cases met all criteria. Two cases 
were excluded due to atypical presentations of ARDS and 
sepsis. This resulted in the nine most clinically straightfor-
ward cases, although they remained medically complex. 
Among these, one case was selected as the internal control 
vignette because of the patient’s atypical hospital course 
characterised by a prolonged hospitalisation. The model 
was still being developed when these cases were selected, 
and the model outputs were not used in the vignette 
selection process.

Each vignette will be presented using a standardised 
structure and will include key elements such as the 
history of present illness, medical history, medical assess-
ment findings, vital signs, laboratory results, medications, 

non-invasive respiratory support parameters, chest 
imaging and other significant or complementary find-
ings relevant to the case and that could inform clinical 
decisions presented in the treatment profile. For each 
vignette, a human treatment profile will be developed 
based on the actual management decisions made by the 
treating clinical team recorded in the EHR at the time. 
The AI-generated treatment profiles will be provided by 
AVA for the same cases. The model outputs will remain 
identical for each vignette and participant. AVA is a fully 
deterministic model, rather than a stochastic one, and 
produces the same output every time given the same 
inputs. Both human and AI-generated treatment profiles 
will include ventilator management settings (eg, frac-
tional inspired oxygen, tidal volume, respiratory rate, 
positive end-expiratory pressure (PEEP)), haemody-
namic support drugs (eg, norepinephrine, vasopressin), 
sedatives and analgesics (eg, fentanyl, midazolam), anti-
microbial medication categories (eg, MRSA coverage, 
gram-negative coverage) and other therapies (eg, neuro-
muscular blocking agents, high-dose steroids, inhaled 
pulmonary vasodilators).

Study outcomes
The primary study outcome is the accuracy of participants’ 
guesses of the treatment profile source (AI vs human) for 
each clinical vignette. Thus, we will estimate participants’ 
odds of guessing the source correctly conditional on the 
study arm assignment for each vignette using an equiv-
alence design. Secondarily, we will assess participants’ 
perceptions of the safety and appropriateness of the 
presented treatment profiles and compare them between 
study arms using the same equivalence design. Each treat-
ment profile will be evaluated using a binary (yes/no) 
measure, determining whether the approach is safe and 
appropriate for clinical practice. Moreover, participants 
will be asked to identify and explain any elements of the 

Table 1  Study endpoints and outcomes

Primary study endpoint Primary outcome measure

Accuracy of participants’ guess on treatment profile source 
(AI vs Human) for each clinical vignette

AVA’s potential clinical performance by assessing equivalence to 
treatment decisions made by real expert clinicians

Secondary study endpoints Secondary outcome measures

Participants’ assessments of the safety and appropriateness 
of a treatment profile

Binary assessment (yes/no) of whether AVA-generated treatment 
profiles are considered clinically safe and appropriate

Identification of unsafe or inappropriate treatments in AVA-
generated treatment profiles

Qualitative open-text responses detailing why a treatment profile 
was considered unsafe or inappropriate

Participants’ confidence in their treatment profile source 
guesses (AI vs Human) and in their other clinical assessments

Likert-scale rating of confidence in the treatment profile source, 
guess (AI vs Human) and in their other clinical assessments

Clinician’s interest in using an AI/ML CDSS for sepsis and 
ventilator management in clinical practice

Likert-scale rating of interest in using an AI/ML CDSS for sepsis 
and ventilator management in clinical practice

Time spent answering questions on each vignette and 
completing the survey

Explore associations between survey completion time, accuracy 
and confidence

Table 1 contains the primary and secondary endpoints and outcome measures of this study.
AI, artificial intelligence; AVA, AI ventilator assistant; CDSS, clinical decision support system; ML, machine learning.
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treatment profiles they consider unsafe or inappropriate, 
thereby providing qualitative insights into specific areas 
requiring refinement before future clinical deployment. 
Another secondary endpoint will examine participants’ 
confidence in distinguishing AI-generated treatment 
profiles from those created by human clinicians, as well 
as in their assessment of safety and appropriateness of the 
treatment recommendations. This will be measured using 
a 7-point Likert scale, allowing a more nuanced under-
standing of certainty in each guess. We will also assess 
clinicians’ interest in using an AI/ML CDSS for sepsis and 
ventilator management in clinical practice using a 7-point 
Likert scale. This measure will help understand clinicians’ 
openness to AI integration and their perceptions of its 
potential utility in real-world clinical workflows. Finally, 
the study will assess the time participants spend answering 
questions on each vignette and completing the survey, 
to permit exploration of associations between survey 
completion time, study arm and confidence (table 1).

Statistical analysis
Sample size calculations
We estimated at least 350 participants with completed 
surveys will be needed to achieve the study objectives. This 
estimate was based on two distinct but complementary 

sample size calculations for the primary and secondary 
statistical analyses (figure  3). We did not specifically 
power the study based on anticipated subgroup analyses, 
which will be exploratory.

Primary power calculation
Based on the primary statistical analysis described below, 
we used simulation methods to estimate the needed 
sample size.12 We ran 1000 simulations of each combina-
tion of study characteristics and calculated the proportion 
of simulations in which p<0.05 and estimated binomial 
CIs around that proportion to estimate the expected 
power of that design. We simulated study characteristics 
including the number of participants (range 50–500), 
the number of study vignettes presented to each partici-
pant (6, 8 or 10; this count does not include the internal 
control vignette which is not associated with a randomised 
treatment profile), the expected increase in the proba-
bility of a correct guess when randomised to the inter-
vention arm (ie, receiving a treatment profile from an 
AI compared with that from a human; range 0.01–0.10) 
and the equivalence margin for the hypothesis test (range 
0.05–0.20). Vignette-level and participant-level random 
effects, and a residual error term, were each drawn from a 
normal distribution with µ=0 and σ=0.03. A final guess of 

Figure 3  Power curves. Selected estimates of the study power (y-axis) for the primary and secondary statistical analyses as 
a function of the number of participants (x-axis). The left panel presents power curves for the primary analysis using a mixed-
effects logistic regression model with an equivalence design, while the right panel shows power curves for the secondary 
analysis to fit a binary classifier. The effect size is the expected change in probability of a correct guess when assigned to the 
intervention arm. The equivalence margin is the range of probabilities (left) or C-statistic (right) above and below the baseline. 
Each point estimate was obtained through 1000 Monte Carlo simulations assuming each participant reviewed eight vignettes 
and a baseline probability of a correct guess p=0.05 (left), equivalent to a C-statistic of 0.50 (right), aligned with the Turing test 
design. The black, dashed line indicates the minimum desired power of 0.80.
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human or AI was sampled from a Bernoulli distribution 
using the total probability for each participant–vignette 
combination. For all simulations, we assumed a baseline 
probability of a correct guess as the source of a treatment 
profile of 0.5 aligned with the assumptions of the tradi-
tional Turing test. A logistic regression model was fit to 
each simulated data set such that

	﻿‍ yij = β0 + β1xij + ai + bj + σij ‍�

where ‍yij ‍ is the binary outcome of a correct guess, ‍xij ‍ is 
the treatment assignment for each participant–vignette, ‍ai ‍ 
and ‍bj ‍ are the crossed random effects for participant and 
vignette, respectively, and ‍σij ‍ is the residual error term. 
Based on the estimated coefficient ‍β1‍for each model, we 
used two one-sided t-tests (which converge with the Wald 
test for large N) to evaluate if that coefficient fell within 
the equivalence margin.13 Using this equivalence design, 
the null hypothesis is that the difference in the effect D 
between treatment and control is:

	﻿‍ H0 : D =
∣∣ pT − pC

∣∣ ≥ δ‍�

Where ‍pC ‍ is the baseline probability of a correct guess 
in the human arm, here 0.5, ‍pT ‍ is the probability of a 
correct guess in the AI intervention arm and ﻿‍ δ‍ is the 
equivalence margin. Using this equivalence design, the 
alternative hypothesis is stated as

	﻿‍ HA : D =
∣∣ pT − pC

∣∣ < δ‍�

For each pair of one-sided tests, we used the larger of 
the two p values as is convention for the two, one-sided 
test approach.14

Based on this approach, we estimated that recruiting 
350 participants to review eight vignettes would provide 
85% (95% CI 83% to 87%) power to detect a 5% change 
in the probability of a correct guess from a baseline of 
50% with an equivalence margin of ±10%. The study 
team determined that these parameters were aligned 
with a clinically meaningful margin and also consistent 
with previous Turing tests in the clinical domain.8 We 
chose to include eight vignettes to balance participant 
burden with statistical power. In our preliminary power 
calculations, using fewer than eight did not provide suffi-
cient statistical power. However, using more than eight 
vignettes would be uncommon for this type of study, given 
the complexity of the vignettes and would likely reduce 
the response rate and quality of responses. These sample 
size calculations also suggest sufficient power to reject 
equivalent hypothesis tests for the secondary outcomes of 
safety and acceptability.

Secondary power calculation
Alternatively, a Clinician Turing Test might be thought 
of as fitting a binary classifier to detect the source of a 
treatment suggestion. In this case, if the classifier (partic-
ipant) is unable to adequately discriminate between treat-
ment recommendations from a human and AI, then the 
AI would have ‘passed’ the test. Therefore, in a secondary 
power calculation, we estimated the sample size needed 

to fit a binary classifier defined as a logistic regression 
model with a single predictor variable (the participant’s 
guess of human or AI) to predict the source of the treat-
ment suggestions (a binary outcome variable indicating 
AI or human origin) with a baseline C-statistic of 0.5 to 
reflect the design of the Turing test. As above, we ran 
simulations across combinations of study characteristics 
to estimate the power, including number of participants, 
number of vignettes, effect size (change in the probability 
of correctly identifying AI recommendations), baseline 
C-statistics (representing performance under random 
guessing) and equivalence margin. We estimated that for 
a baseline C-statistic of 0.5, and a 5% increase in the prob-
ability of guessing correctly when presented with output 
from an AI system, recruiting 350 participants to review 
eight vignettes would yield 100% (95% CI 99% to 100%) 
power to reject the null hypothesis with an equivalence 
margin of ±0.10.

Statistical analysis plan
Given the lack of an established statistical framework 
for analysing any Turing test, we propose a two-tiered 
approach that is appropriate for this Clinician Turing Test. 
Statistical analyses will be conducted using R language for 
statistical computing15 once data collection is complete, 
with the final analysis performed after reaching the 
target 350 complete clinician responses, expected within 
6 months of recruitment period. We will use descrip-
tive statistics to summarise categorical variables using 
counts and proportions, while continuous variables will 
be reported as means, medians, SD, ranges and IQRs, as 
appropriate. Where appropriate, χ² tests for categorical 
data and t-tests for normally distributed continuous vari-
ables will assess significant differences between groups. 
Analyses at the vignette level will include responses to the 
eight randomised vignettes.

The primary endpoint analysis will assess whether the 
true source of either AI-generated or human-generated 
treatment profiles is associated with the odds of partic-
ipants’ guesses using an equivalence design with a 
predefined margin of 50%±10%. Mixed-effects logistic 
regression models, adjusting for random effects across 
participants and vignettes, will estimate the odds of 
correct classification. The secondary analysis will estimate 
the performance of a binary classification model to make 
the same distinction, which will be evaluated using the 
area under the curve of the receiver operating character-
istic (AUC-ROC), with an equivalence margin of ±0.10 for 
the C-statistic.

Secondary endpoint analyses will test the equivalence 
of participants’ assessments of safety and appropriateness 
of AI-generated profiles compared with those of human 
origin, also using mixed-effects logistic regression. Addi-
tional evaluations will include participant confidence on 
answering, interest in AI CDSSs, qualitative feedback for 
model refinement and analysis of response time patterns. 
For all analyses involving 7-point Likert-scale responses, 
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scores of 5 or higher will be considered high, while scores 
of 4 or lower will be considered low.

For primary and secondary endpoints (table 1), sensi-
tivity analyses will exclude partially completed surveys and 
responses from participants who did not correctly identify 
AI as the source of the treatment profile in the internal 
control vignette, assessing any potential differences in the 
primary effect estimate. In an additional sensitivity anal-
ysis, we will explore whether the order of the presentation 
of AI recommendations in the internal control vignette 
affects the odds of correctly identifying the treatment 
recommendation source in subsequent vignettes. In this 
analysis, we will repeat the primary analysis but with an 
indicator variable for each participant–vignette observa-
tion identifying whether it occurred before or after the 
presentation of the control vignette. If the estimated 
coefficient on this vignette is significant, we will conduct 
additional sensitivity analyses stratified by the placement 
of the internal control vignette.

The final study design and statistical plan described 
will be reviewed and discussed with the research team 
before execution, any modifications will be documented 
and reported, and no interim changes will be made to 
the prespecified analysis plan once the data have been 
examined.

Data security and confidentiality
Clinical data used in the vignettes are based on real patient 
cases but are completely deidentified in their presenta-
tion in the survey instruments. All survey responses will 
remain anonymous during the analysis and reporting of 
results. Only an email identifier will be maintained on 
secure servers to send participant incentives on survey 
completion. Data management will be conducted by the 
research team, and a data monitoring committee is not 
required due to the minimal risk associated with this 
study.

DISCUSSION
This study protocol outlines the design and analysis plan 
of a Clinician Turing Test aimed at evaluating whether 
clinicians can distinguish between treatment recommen-
dations generated by humans versus those generated 
by an AI CDSS. We detail the study protocol for a Clini-
cian Turing Test of AVA, an AI/ML CDSS for managing 
sepsis and ARDS, across size geographically diverse health 
systems in the USA. The results from this proposed study 
will provide essential information for planning future 
deployment and evaluation of AVA in real clinical work-
flows and clinical trials. More broadly, this protocol for a 
novel Phase 1b study design provides a roadmap for the 
preclinical evaluation of AI/ML CDSSs in a safe, efficient 
and relatively low-cost environment. Thus, the Clinician 
Turing Test fills a much-needed gap between Phase 0 and 
Phase 2 studies of AI/ML CDSSs that yield important data 
about the clinical content of the CDSS and go beyond 
traditional measures of predictive performance.

Our previously published AVA model can potentially 
fill an important gap in clinical decision support in the 
ICU. It was designed specifically to provide comprehen-
sive decision support for patients at risk of sepsis and 
ARDS because their management requires making many 
simultaneous and inter-related treatment decisions. By 
contrast, traditional decision support systems, even those 
based on AI or ML methods, typically provide a recom-
mendation for only a single binary treatment. Using a 
collective intelligence and imitation learning approach,16 
AVA provides recommended treatments for ventilator 
settings, medication dosages and infusion rates and 
antibiotic coverage, among other treatments. Thus, the 
results of this study will provide a valid assessment of the 
equivalence of AVA’s treatment recommendations with 
those treatments enacted by real clinicians. This critical 
information about the equivalence of AVA’s recommen-
dations, and their safety and appropriateness, based on 
expert clinician assessments, will be essential in planning 
for future clinical implementation that would otherwise 
not be obtainable through traditional Phase 0 studies of 
AI/ML CDSSs.

Prior work on Turing tests in the clinical domain 
has used a non-inferiority design.8 17 Although a non-
inferiority design may answer an important question 
about an AI system, it is less aligned with the spirit of the 
original Turing test, which is instead better evaluated 
using an equivalence design. For example, many AI-based 
chess systems today can easily defeat human players (and 
thus pass a non-inferiority test) but would quickly fail 
a Turing test because of their non-human-like playing 
style.16 18 An AI model could fail a Turing test on either 
side of the equivalence margin, for example, ‘much 
worse’ than human or ‘much better’ than human, each 
with different implications for use in clinical care. Thus, 
we propose that a Clinician Turing Test is best evaluated 
by assessing the ability of an expert clinician to distin-
guish the source of a clinical recommendation (human vs 
AI) using an equivalence design.

Previous studies have used variations of the Turing test 
to evaluate AI tools in other contexts, including medical 
imaging,7 19–21 patient perception and trust,22 and statis-
tical and mathematical comparisons between AI and 
human performance.5 While these studies highlight the 
relevance of Turing tests in AI evaluation, they do not 
focus on clinician assessments of AI-provided recom-
mendations. To our knowledge, no Clinician Turing 
Test has been conducted to evaluate an AI/ML CDSS for 
treatment recommendations aimed at guiding clinical 
reasoning in a medical context in general, or in critical 
care, in particular. Furthermore, many previous Turing 
tests of AI systems have lacked assessments of the safety 
and appropriateness of AI outputs and comprehensive 
methodological details, including clear sample size calcu-
lations, which are essential for robust AI validation.

To address this gap, we adopt a stepwise approach in 
which equivalence is the primary endpoint and appro-
priateness and safety are complementary secondary 
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outcomes that build on it. Indistinguishability reflects clin-
ical reasoning and judgement and is reinforced by assess-
ments of safety and appropriateness that offer a more 
detailed validation. This sequential evaluation increases 
our confidence that AVA’s recommendations are not 
just similar in appearance or tone, but truly aligned with 
clinical practices that practising experts would expect 
from other clinical experts. It also allows us to explore 
divergences, identifying where AVA’s recommendations 
differ from human ones and whether those differences 
are meaningful with respect to safety or appropriate-
ness. These insights are critical for establishing equipoise 
between AVA and current clinical practice.

Our study protocol has three key strengths. First, it 
bridges the evaluation gap between preclinical and clin-
ical AI/ML by providing early evidence of AI safety and 
clinical performance through an equivalence test. If 
AVA’s recommendations prove indistinguishable from 
those of human clinicians, this would provide strong justi-
fication for advancing an AI/ML CDSS to a Phase 2 or 3 
clinical trials. Second, the design ensures patient safety by 
simulating clinical evaluation in a risk-free environment, 
offering insight into potential benefits and harms without 
influencing actual care. Third, this approach is resource 
efficient. Traditional clinical trials for AI/ML validation 
are costly and logistically challenging, whereas our elec-
tronic, vignette-based survey enables early evaluation at 
relatively low cost and high feasibility.

This work also has limitations. First, it will not account 
for certain human factors, such as variations in clinician 
decision-making styles or the impact of an ICU’s high-
stress workflow. Because the study will be conducted in 
a simulated environment, it may not fully replicate the 
complexities of real-world clinical settings. Second, this 
study is limited to cases from a single institution which 
may affect the generalisability of findings. Future studies 
should include a more diverse patient population and 
a broader range of evaluators to enhance applicability. 
Third, while clinicians will be blinded to whether recom-
mendations are AI-generated or human-generated, 
unmeasured biases or differences in practice patterns 
may influence participant assessments, though this limita-
tion is mitigated through randomisation. Future research 
should explore these effects further in more varied clin-
ical environments.

In summary, this protocol for a Clinician Turing Test 
offers essential information about the AVA CDSS in a 
novel Phase 1b study design. This equivalence test also 
serves as a roadmap for safe, efficient and cost-effective 
evaluations of other AI/ML CDSSs prior to clinical 
deployment.
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