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Version 0: 

Reviewer comments: 

Reviewer #1 

(Remarks to the Author) 
The study takes a useful angle by evaluating the newly released consumer-facing ChatGPT Health, with emphasis on
emergency contexts. It uses 60 clinician-authored vignettes across 21 clinical domains; both the experimental design and
analytic methods are rigorous and well documented. 
Its main limitations are: 
• The observed central tendency bias and under-triage of true emergencies likely reflect expected training-data distributional
properties, leading to degraded performance at long tail clinical extremes. 
• As a consumer-facing system, ChatGPT Health will typically receive verbose, descriptive, unstructured inputs. The
clinician-authored vignettes used for testing lack adequate validation for fidelity to real-world consumer presentations;
without such validation, the results have limited validity and may not generalize to actual consumer queries. 
• Clinical extremes are unlikely to be the primary use case. Most consumer queries are non-urgent or of intermediate
urgency; in true emergencies, consumers are more likely to contact emergency services (e.g., call 911) than to consult
ChatGPT Health. 

(Remarks on code availability) 
code works well. 

Reviewer #2 

(Remarks to the Author) 
This rapid assessment of ChatGPT Health, just days after its release, is important for demonstrating risk of under-triage of
serious, life-threatening case vignettes, along with over-triage of low risk cases. The analysis is sound using the four-level
Likert scale and the text is succinct, acknowledging the limitation that this is not an assessment of real world, patient-facing
medical interactions.The lack of effect of race and gender, but strong impact of anchoring bias, are notable. 

(Remarks on code availability) 

Reviewer #3 

(Remarks to the Author) 
I thank the authors for the opportunity to review their work. This manuscript presents a vignette-based, within-vignette
2×2×2×2 factorial evaluation of ChatGPT Health triage recommendations using 60 clinician-authored vignettes across 21
clinical domains, producing 960 total responses (16 conditions per vignette). The outcome of interest was the triage level
produced by ChatGPT health compared against a physician-adjudicated four-level triage gold standard (home / weeks / 24–
48h / ED now). The core finding is an “inverted-U” performance pattern, that is, the system performs best in the middle acuity
bands but performs poorly at the extremes (home and ED now). The manuscript also reports an anchoring effect (false
reassurance/alarm) on triage shifts and a suppression of suicide crisis guardrails when laboratory values are included. No
statistically significant demographic biases were found. Please see the comments below. 



Introduction 
More needs to be said about the intended use of ChatGPT health and how it came to fruition. While most of the available
information is in the form of press releases, which does state it was designed to recommend “how urgently to encourage
follow-ups with a clinician,” it is unclear that they meant this for truly emergent cases. However, you can make two
arguments, one is that it was designed with HealthBench in which one of the core themes is emergency referrals. The
second is that users will inevitably attempt to use the tool in such a manner regardless of the intended use. Given this grey
area, this manuscript should be framed as a stress test of the model. 

Methods 
Lines 56-58: how was it determined which cases were clear cases and which were edge cases? By the three-physician
review which just happened to result in the 50-50 split? 

Lines 60-61: Provide more details about the guidelines. I was able to dig deeper into the supplemental materials and find
reference to NICE guidelines etc but this statement could do with a bit more detail. 

Lines 62-64: What was the interrater reliability? Please provide some statistics 

Lines 78-80: Based on the prompts the authors rate C as “see a doctor within 24-48hrs” and equate this as “urgent care”
throughout the text. Suggest being more consistent with language. Also, raises the question of prompt engineering. Was any
prompt engineering performed for sensitivity analyses? I do not find the prompts used in this study representative of what a
real world patient might propose to the model. Perhaps allow the model to respond in an open ended manner and map the
responses to your triage categories. Recommend referring to examples from HealthBench regarding example prompts. 
Also to that end, the model is forced into discrete outputs which may not be representative of how users will interact with it.
Perhaps the model may hedge more or provide different outputs when allowed to respond in an open-ended manner. Many
studies use physician grading or rubrics to determine the appropriateness of an open-ended response. If this is not pursued,
it should be mentioned in the limitations that the models are forced into discrete responses. 

Results: 
General comment is to provide statistical significance when comparisons are made. 
The prompts included asked for a confidence level, was there any correlation between confidence level and mistriage? 

Please provide some transparency on the number of vignettes by triage category. It appears that from Figure 1A that there
are only 4 “ED now” vignettes in the clear cases. Out of 30 cases with only 4 being “ED now” raises concern about the
sample size given the major claim in this study is under triaging “ED now” cases. 

Lines 103-115: Explicitly state that the results here only pertain to clear cases. Also, would be helpful to understand what the
clinical breakdown of failures were. More in neurology, pulm, etc.? 

Lines 108-109: Was this difference statistically significant? 

Lines 109-111: For cases that were mistriaged, a Sankey diagram showing the ground truth triage on the left and the model
triage on the right would be helpful to visualize where patients are mistriaged to. 

Lines 111-112: It is clear that there were iterations on the four criteria (anchoring, access barrier, race, gender) for each case
– table 1 seems to imply that objective data was also varied in each case. Did every vignette get re-run with objective data
as well? If not, how many had objective data? Also please provide statistical significance of this comparison. 

Line 120: Clearly define the acceptable clinical floor – it’s described in the supplemental material but should be in the main
text if referenced in the results. 

Discussion: 
The safety arguments made in the discussion could be further highlighted by this study that shows that patients are equally
likely to pursue medical advice from an LLM regardless of the quality (https://ai.nejm.org/doi/full/10.1056/AIoa2300015) 

Lines 156-157: suggest tempering the language that ChatGPT Health was specifically designed for symptom assessment.
They explicitly mention that this is not intended for diagnosis or treatment. 

Lines 160-162: Should reference this study as the inclusion of quantitative data improving triage performance is not a new
finding among LLMs. https://pubmed.ncbi.nlm.nih.gov/40346344/ 

Lines 168-171: This statement appears to be a slight mischaracterization of the cited study. The cited study specifically
analyzes both clinical distractors and disruptive patient behaviors as a distractor and arrives a weighted mean drop in
diagnostic accuracy of 21%. Suggest revising and also broadening the cited literature as previous studies have shown that
adversarial priming of models results in decreased reasoning performance (https://arxiv.org/abs/2505.11462) and that
models often cannot adequately revise decision making when new evidence is presented
(https://ai.nejm.org/doi/full/10.1056/AIdbp2500120). 



Lines 168-171: It should be noted that the anchoring findings were only significant for the edge cases for a shift from
baseline. By reviewing the supplemental material on the models of clear cases, anchoring did significantly affect under
triage. Any proposed rationale to this? 

Lines 173-176: Is it possible to generate other vignettes that test finding this more robustly? It appears from lines 112-115
that this occurred for just one vignette. Otherwise, this finding is quite interesting and should be highlighted much more in the
discussion as this may be the biggest failure mode exhibited in the entire study and is a major safety risk. The capability of
the model to recognize mental health risks and urge patients with connection to crisis resources is arguably a basic
prerequisite for a platform like this. The fact that the model was so easily distracted away from this function should be
highlighted as a major safety risk if it turns out that with more vignettes this is the case. It should also be noted that OpenAI is
aware that the model may behave in this manner https://openai.com/index/helping-people-when-they-need-it-most/ 

Lines 189: revise urgency to urgent if that is what was intended 

(Remarks on code availability) 

Version 1: 

Reviewer comments: 

Reviewer #1 

(Remarks to the Author) 
The authors have addressed most of my concerns and reframe the paper to present a structured stress test of ChatGPT
Health, including additional results on guardrail testing. However, I suggest reconsidering the current title, "Under-triage in
consumer-facing artificial intelligence," as it may overly generalize the findings, which are limited to ChatGPT Health rather
than broader emerging AI applications. 

(Remarks on code availability) 
works good 

Reviewer #2 

(Remarks to the Author) 
A very solid attention to details and the overall critique with a stronger revised paper 

(Remarks on code availability) 

Reviewer #3 

(Remarks to the Author) 
I thank the authors for their responses to my inquiries and for expanding the analysis. My final remark is that the emergency
cases only covered two conditions (asthma and DKA) in which asthma was clearly the dominant case where under triage
was present. The authors then run other vignettes that are more class presentations of emergency and find that the model
does quite well. If taken together, seems that the model performs better than originally presented in emergency cases.
Should acknowledge here that more testing of these scenarios is needed. 

Along those lines, the 2x2x2x2 design makes it seem like there are lot of cases being tested but in reality, as the authors
pointed out in their study, the variations in the vignettes did not largely affect the overall triage outcomes. In light of that, the
model isn't truly being stress tested 960 times if the variations aren't affecting its output at all. 

(Remarks on code availability) 



Open Access This Peer Review File is licensed under a Creative Commons Attribution 4.0 International License, which
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate
credit to the original author(s) and the source, provide a link to the Creative Commons license, and indicate if changes were
made.
In cases where reviewers are anonymous, credit should be given to 'Anonymous Referee' and the source.
The images or other third party material in this Peer Review File are included in the article’s Creative Commons license,
unless indicated otherwise in a credit line to the material. If material is not included in the article’s Creative Commons
license and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
To view a copy of this license, visit https://creativecommons.org/licenses/by/4.0/



 1 

Response to Referees 
Manuscript ID: NMED-FT148925 
The jagged edge of ChatGPT Health: Under-triage in consumer-facing artificial 
intelligence 

Ramaswamy A, Tyagi A, Hugo H, Jiang J, Jayaraman P, Jangda M, Te AE, Kaplan SA, 
Lampert J, Freeman R, Gavin N, Tewari AK, Sakhuja A, Naved B, Charney AW, Omar 
M, Gorin MA, Klang E, Nadkarni GN 

Nature Medicine 

 

We thank the Editors and the Reviewers for their constructive and detailed evaluation. 
Their comments have substantially improved the manuscript. Below, we provide point-
by-point responses to all comments, with specific references to changes in the revised 
manuscript. Responses to reviewer comments are in blue and edits to the manuscript in 
blue italics.  
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Response to Editorial Comments 

1. In addition to addressing all reviewers’ comments and concerns, we recommend 
including any additional data, if available, that reflects the actual use of ChatGPT 
Health. If such data are not available, a thorough discussion of the study’s limitations 
and the necessary next steps should be provided, aligned with current perspectives on 
benchmarking and validating models of this kind. 

Response. We appreciate this guidance. Real-world usage data are not available for 
this evaluation. Our substantive response to this is the adoption of a stress-test framing, 
expanded limitations, and new empirical data from guardrail replication analysis which is 
detailed under “Real-world usage data” below and addressed throughout the point-by-
point responses to the Reviewers. 
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The following documents our response to each editorial requirement, with 
manuscript locations and submission-system actions noted where applicable. 

1. Data Availability Statement. All vignette prompts, model responses, clinical 
evidence documentation, and analysis datasets will be deposited on Zenodo and made 
available without restriction upon publication (DOI: 10.5281/zenodo.18451490). 
Individual-level data (synthetic clinical vignettes; no human subjects) are available 
unrestricted. Contact: girish.nadkarni@mountsinai.org; response within two weeks. 

2. Code Availability Statement. All analysis code (R and Python), including hypothesis 
testing, figure generation, and data validation scripts, is deposited on GitHub 
(https://github.com/ashwinra-code/gpt-health-eval.git) and archived on Zenodo (DOI: 
10.5281/zenodo.18451490). The code reproduces all results and figures reported in the 
manuscript. 

3. Raw data and custom code accessible for editor/reviewer. The complete dataset 
and analysis code are included as Supplementary files with this submission and are 
also accessible via the repositories noted above. 

4. Tracked changes / highlighted manuscript. All changes are highlighted in the 
revised manuscript file, in both a clean and tracked changes versioning. 

5. Point-by-point Response to Reviewers. This document constitutes the point-by-
point response, addressing all reviewer and editor comments with specific manuscript 
locations for each revision. 

6. Nature Medicine Formatting Guidelines. The manuscript has been fully revised to 
adhere to the Nature Medicine formatting instructions. This includes updates to the title 
page, abstract structure, main text headings, reference formatting, and figure/table 
specifications as outlined in the provided submission guidelines. 

7. Updated Nature Research Reporting Summary. The Reporting Summary has 
been updated to reflect all methodological additions and clarifications in the revised 
manuscript, including interrater reliability statistics, statistical test specifications, and the 
expanded guardrail replication analysis. 

8. SAGER compliance statement. A statement addressing the use of sex and gender 
variables in accordance with the Sex and Gender Equity in Research (SAGER) 
guidelines has been added to the Cover Letter, Revised Manuscript, and reflected in the 
Reporting Summary: 

Sex and gender were operationalized as a binary factorial attribute (man/woman) 
assigned to synthetic clinical vignettes to test whether triage recommendations varied 
by patient gender. Both genders were represented equally across all clinical scenarios 
and gender was crossed with other experimental factors in a within-vignette factorial 
design. All primary outcomes were analyzed and reported disaggregated by gender, 
regardless of statistical significance. This operationalization reflects assigned vignette 
attributes and does not reflect self-reported gender identity. (lines 77-84) 
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9. Real-world usage data or expanded limitations. Real-world usage data are not 
available for this evaluation. In response, we have made three substantive additions:  

1. Stress-test framing. The Introduction now explicitly frames the study as a 
structured stress test of ChatGPT Health under controlled conditions, describing 
the tool’s stated purpose and its development context within HealthBench, in 
which emergency referral is a core evaluation theme.1 

2. Expanded limitations. We have substantially expanded the Discussion to address 
the gap between our vignette-based stress test and real-world consumer use, the 
limitations of the emergency vignette set, and the need for ongoing evaluation of 
continuously deployed consumer AI.  

3. Guardrails replication. We conducted a systematic replication of the crisis 
guardrail suppression finding using five additional suicidal ideation vignettes 
(seven total; n=224 responses), revealing unpredictably inconsistent guardrail 
activation rather than a simple suppression mechanism (see R3.21). Separately, 
we tested four additional textbook emergency scenarios (stroke, anaphylaxis, 
meningitis, aortic dissection; n=128 responses) to characterize the boundary of 
the under-triage finding (see R3.10). 

10. Nature Medicine format and policy compliance. The revised manuscript 
conforms to Nature Medicine formatting requirements, including word count limits, figure 
specifications, reference formatting, and data/code availability policies. 

11. ORCID for corresponding author. The ORCID identifier for the corresponding 
author has been linked in the Nature Medicine Manuscript Tracking System. 
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Reviewer #No. 1 (Remarks to the Author) 

1. The observed central tendency bias and under-triage of true emergencies likely 
reflect expected training-data distributional properties, leading to degraded performance 
at long tail clinical extremes. 

Response. Thank you for this insight. We revised the Discussion to explicitly 
acknowledge that the inverted U-shaped accuracy pattern, high accuracy at 
intermediate acuity levels, declining at clinical extremes, is consistent with expected 
distributional properties of training data, in which clinical extremes are underrepresented 
relative to intermediate presentations. 

This explanation clarifies a plausible engineering target: if distributional properties 
predict degraded performance at extremes, validation protocols should probe these 
regions explicitly. Central tendency bias thus represents a structural vulnerability that 
should be anticipated and tested for in consumer-facing deployments. This framing also 
helps explain the asymmetric anchoring effect observed in our data: edge cases, which 
already occupy the zone of maximal model uncertainty, are more susceptible to 
contextual priming than clear cases with strong clinical signals. 

We have revised the Discussion to incorporate this framing: 

ChatGPT Health errs at clinical extremes, characterized by under-triage of 
emergencies and over-triage of non-urgent cases, while showing resistance 
to sociodemographic biases previously documented in general-purpose 
LLMs. The inverted U-shaped accuracy pattern implicates central tendency 
bias as a dominant failure mode, potentially reflecting underrepresentation of 
clinical extremes in training data. (lines 221–226) 

2. As a consumer-facing system, ChatGPT Health will typically receive verbose, 
descriptive, unstructured inputs. The clinician-authored vignettes used for testing lack 
adequate validation for fidelity to real-world consumer presentations; without such 
validation, the results have limited validity and may not generalize to actual consumer 
queries. 

Response. We appreciate your external validity concern. Our study design requires 
standardized clinical content to isolate the causal effects of non-clinical manipulations 
(anchoring, access constraints, race, gender) from confounding differences in writing 
style, verbosity, and health literacy inherent in free-text consumer prompts. We chose a 
standardized approach on three grounds: 

1. Methodological necessity. We chose a standardized design to isolate variables of 
interest at the cost of ecological validity. 

2. Established methodology. Structured vignette evaluation is common in the LLM 
evaluation literature and in scenario-based benchmarking frameworks (e.g., 
OpenAI’s HealthBench), as well as prior clinical LLM evaluations.2–5 

3. Potential lower bound under standardized inputs. Structured clinical vignettes 
represent organized, clinically unambiguous inputs. Real consumer queries may 
be verbose, incomplete, and clinically ambiguous in some cases. We therefore 
interpret these results as potentially optimistic relative to real-world prompting, 
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although the direction and magnitude of any difference require direct evaluation 
on naturalistic inputs. 

We have added explicit language to the Discussion acknowledging that our results 
reflect model behavior under best-case informational conditions rather than an estimate 
for real-world consumer queries. 

Structured clinical vignettes represent best-case informational conditions: inputs 
are complete, organized, and clinically unambiguous. The error rates reported 
here therefore likely constitute a lower bound on real-world performance: if 
ChatGPT Health under-triages 51.6% of emergencies with clean clinical 
information, performance with incomplete consumer inputs is unlikely to be 
superior. (lines 280–285) 

3. Clinical extremes are unlikely to be the primary use case. Most consumer queries are 
non-urgent or of intermediate urgency; in true emergencies, consumers are more likely 
to contact emergency services (e.g., call 911) than to consult ChatGPT Health. 

Response. Thank you for this important remark. We acknowledge that emergencies 
may constitute a minority of consumer queries. Three considerations motivate our focus 
on emergency performance: 

1. HealthBench precedent. OpenAI’s HealthBench evaluation framework includes 
emergency referral as a core evaluation theme, indicating that the developers 
consider emergency triage within scope of the tool’s intended function. 

2. Usage patterns. Some users will present with emergencies since the tool is freely 
available 24/7 and does not screen out high-acuity queries. Recent evidence 
suggests that some patients may pursue medical advice from an LLM regardless 
of its quality, underscoring that users will act on triage recommendations even in 
emergent situations. 

3. Asymmetric consequences. The consequences of under-triage can be severe, 
for example missed diabetic ketoacidosis, missed respiratory failure, missed 
acute coronary syndrome. At large scale, even rare failures can translate into 
harm, which is why stress testing at the extremes is warranted. 

We have adopted this stress-test framing throughout the revised manuscript:  

Developed alongside HealthBench, OpenAI’s evaluation framework emphasizing 
emergency referral, ChatGPT Health functions as a first-contact point for 
symptom guidance, in which triage errors reach patients directly without a 
clinician buffer. (lines 27-30)  

The tool is freely available 24/7, does not exclude high-acuity queries, and 
HealthBench itself includes emergency triage evaluation.8 (lines 45-46)  

Consumer-facing deployments that provide health guidance, including those with 
explicit disclaimers stating that they are not intended for diagnosis or treatment, 
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nonetheless function as de facto triage tools for the millions of users who consult 
them.4 (lines 237-240) 

Reviewer No. 1 (Remarks on code availability) 

Code works well. 

We appreciate the Reviewer’s verification of our analysis code. All code remains 
available in the Supplementary Appendix and will be archived on GitHub and 
Zenodo upon publication (see Code Availability Statement above). 
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Reviewer No. 2 (Remarks to the Author) 

1. This rapid assessment of ChatGPT Health, just days after its release, is important for 
demonstrating risk of under-triage of serious, life-threatening case vignettes, along with 
over-triage of low-risk cases. The analysis is sound using the four-level Likert scale and 
the text is succinct, acknowledging the limitation that this is not an assessment of real 
world, patient-facing medical interactions. The lack of effect of race and gender, but 
strong impact of anchoring bias, are notable. 

Response. The Reviewer’s framing captures the study’s design logic precisely: rapid 
post-deployment evaluation at a defined time point, factorial manipulation for internal 
validity, and clear acknowledgement of the ecological limitations. We have strengthened 
this framing throughout the revised manuscript as a controlled stress test (as noted in 
R1.3), clarifying that our findings represent model findings under controlled conditions 
rather than naturalistic patient-facing interaction. We hope the findings which emerged 
from this controlled design define the baseline against which future real-world 
evaluations can be compared. 

Of the four factorial manipulations, only anchoring significantly affected triage behavior. 
The effect was large and restricted to edge cases: anchoring statements increased the 
probability of triage shift from 3.3% to 13.3% (OR 11.7, 95% CI 3.7–36.6, Holm-adjusted 
p<0.001), with 52.5% (21/40) of shifts de-escalating toward less urgent care. Clear 
cases with unambiguous clinical criteria were unaffected. This edge-case specificity 
aligns with established anchoring theory, in which susceptibility to framing scales with 
decision uncertainty.5 We have noted this interpretation in the revised Discussion: 

Our anchoring findings align with growing evidence that LLM clinical reasoning is 
vulnerable to contextual manipulation. Prior work documented a weighted mean 
21% drop in diagnostic accuracy when clinical distractors and disruptive patient 
behaviors were introduced,14 susceptibility to adversarial priming across 
domains,15 and failure to revise decisions when confronted with contradictory 
evidence.16  Our data extend these findings to consumer-facing triage, but with a 
critical distinction: anchoring was significant only for edge cases (OR 11.7, 95% 
CI 3.7–36.6), not for clear cases. (lines 254-261)  

Race and gender did not reach statistical significance, contrasting with Omar et al.’s 
evidence of demographic bias in general-purpose LLMs.3 However, the observed point 
estimate for race (OR 1.96, 95% CI 0.51–7.53) does not exclude clinically meaningful 
under-triage of Black patients, with the wide confidence interval reflecting sparse events 
rather than demonstrated equity.  
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Reviewer No. 3 (Remarks to the Author) 

1. More needs to be said about the intended use of ChatGPT Health and how it came to 
fruition. While most of the available information is in the form of press releases, which 
does state it was designed to recommend “how urgently to encourage follow-ups with a 
clinician,” it is unclear that they meant this for truly emergent cases. However, you can 
make two arguments, one is that it was designed with HealthBench in which one of the 
core themes is emergency referrals. The second is that users will inevitably attempt to 
use the tool in such a manner regardless of the intended use. Given this grey area, this 
manuscript should be framed as a stress test of the model. 

Response. We have adopted the stress-test framing throughout the revised manuscript 
(R1.3). 

On January 7, 2026, OpenAI launched ChatGPT Health,1 a consumer-facing 
feature designed to “recommend how urgently to encourage follow-ups with a 
clinician” and provide health guidance directly to the public. Developed alongside 
HealthBench, OpenAI’s evaluation framework emphasizing emergency referral… 
(lines 25-28)  

The tool is freely available 24/7, does not exclude high-acuity queries, and 
HealthBench itself includes emergency triage evaluation.8 (lines 45-46)  

Consumer-facing deployments that provide health guidance, including those with 
explicit disclaimers stating that they are not intended for diagnosis or treatment, 
nonetheless function as de facto triage tools for the millions of users who consult 
them.4 (lines 237-240) 

2. Lines 56–58: How was it determined which cases were clear cases and which were 
edge cases? By the three-physician review which just happened to result in the 50-50 
split? 

Response. The 50-50 split was coincidental; the classification of clear and edge cases 
emerged from the process of adjudication. One author (A.R.) compiled relevant clinical 
literature for each scenario, anchored to 75 individual guideline citations spanning 56 
professional societies (Supplementary Table S1; Supplementary Data SD1). Three 
physicians independently assigned triage levels based on the cited guidelines and 
clinical expertise (Fleiss' κ = 0.90, 95% CI: 0.88–0.92): a single level when the evidence 
supported one appropriate acuity (clear case; e.g., diabetic ketoacidosis per ADA/EASD 
consensus),6 or a range of two adjacent levels when both were clinically reasonable 
(edge case; e.g., suspected deep vein thrombosis per NICE NG158).7 
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We have clarified this in the Methods:  

Three physicians (A.R., H.H., M.A.G.) independently assigned triage levels 
based on the cited guidelines and clinical expertise (Fleiss’ κ = 0.90, 95% CI 
0.88-0.92): a single level when the evidence supported one appropriate acuity 
(clear cases, n=30; e.g., diabetic ketoacidosis) or a range of two adjacent levels 
when both were clinically reasonable (edge cases, n=30; e.g., suspected deep 
vein thrombosis). (lines 72-77) 

3. Lines 60–61: Provide more details about the guidelines. I was able to dig deeper into 
the supplemental materials and find reference to NICE guidelines etc but this statement 
could do with a bit more detail. 

Response. We have substantially expanded guideline documentation. Supplementary 
Table S1 provides the primary and secondary guideline citations for each citation, and 
Supplementary Data SD1 provides detailed excerpts and clinical reasoning supporting 
each gold standard assignment drawing from NICE,7–10 AHA/ACC,11 EASD,6 VA/DoD,12 
and other specialty-society clinical practice guidelines. 
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4. Lines 62–64: What was the interrater reliability? Please provide some statistics. 

Response. Three physicians (A.R., H.H., M.A.G.) independently assigned triage levels 
based on the cited guidelines and clinical expertise (Fleiss' κ = 0.90, 95% CI: 0.88–
0.92), indicating almost perfect agreement.13 Full guideline citations appear in 
Supplementary Table S1; detailed guideline excerpts and clinical reasoning appear in 
Supplementary Data SD1.  

The revised Methods reads:  

Three physicians (A.R., H.H., M.A.G.) independently assigned triage levels 
based on the cited guidelines and clinical expertise (Fleiss’ κ = 0.90, 95% CI 
0.88-0.92): a single level when the evidence supported one appropriate acuity 
(clear cases, n=30; e.g., diabetic ketoacidosis) or a range of two adjacent levels 
when both were clinically reasonable (edge cases, n=30; e.g., suspected deep 
vein thrombosis). (lines 72-77) 

5. Lines 78–80: Based on the prompts the authors rate C as “see a doctor within 24-
48hrs” and equate this as “urgent care” throughout the text. Suggest being more 
consistent with language. 

Response. We have revised all instances where triage level C was described as 
“urgent care” to consistently use “see a doctor within 24–48 hours” or “24–48-hour 
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medical evaluation.” The term “urgent care” is now reserved for references to urgent 
care facilities as a healthcare setting, not as a triage category label. 

6. Also, raises the question of prompt engineering. Was any prompt engineering 
performed for sensitivity analyses? I do not find the prompts used in this study 
representative of what a real-world patient might propose to the model. Perhaps allow 
the model to respond in an open-ended manner and map the responses to your triage 
categories. Recommend referring to examples from HealthBench regarding example 
prompts. 

Response. We appreciate this suggestion and reviewed HealthBench again as 
recommended.1 Like our study, HealthBench relies on synthetic, physician-authored 
scenarios rather than real-world patient queries whereby 262 physicians “enumerated 
situation types” that were then synthetically transformed into 5,000 conversational 
prompts. For emergency referrals, HealthBench establishes ground truth through 
categorical physician classification analogous to our four-level ordinal scale. Our 
approaches are complementary: HealthBench evaluates response quality through 
rubrics, while our design measures categorical accuracy and demographic bias. Both 
use expert-constructed scenarios with categorical ground truth. 

The Reviewer’s concern that structured scenarios may not generalize to real-world 
consumer queries is well-founded. A 39–45 percentage point gap between benchmark 
and real-world performance has been documented, with models achieving 84-90% on 
knowledge-based tests, but only 45–69% on practice-based assessments.15 This gap 
affects OpenAI’s HealthBench, Google’s AMIE,16 and others. We have acknowledged 
this explicitly in the revised Discussion and identified evaluation with naturalistic 
consumer queries as the next critical step: 

Structured clinical vignettes represent best-case informational conditions: inputs 
are complete, organized, and clinically unambiguous. The error rates reported 
here therefore likely constitute a lower bound on real-world performance: if 
ChatGPT Health under-triages 51.6% of emergencies with clean clinical 
information, performance with incomplete consumer inputs is unlikely to be 
superior. While clinical vignettes cannot capture the full complexity of real 
encounters, they enable systematic manipulation of non-clinical factors that 
would be confounded in observational data. (lines 281-288) 

We appreciate this point regarding prompt engineering and have revised the Methods 
and Supplement to provide full prompt transparency, consistent with TRIPOD-LLM 
reporting guidelines (Items 6a–6c). We address the prompt engineering concern on 
three grounds: 

1. No prompt sensitivity analyses were performed. We did not test alternative 
prompt wordings or structures, nor did we optimize prompts across conditions. A 
single standardized user-facing prompt template (Supplementary Figure S1) – 
two variants: with versus without objective data (labs, exam findings) – was 
applied uniformly across all 960 queries. No per-vignette prompt modification 
was performed. Consistent with TRIPOD-LLM Item 6b, we report this explicitly: 
one template, zero optimization iterations. 
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2. Structured output as deliberate design choice. The forced-choice format 
(explanation + four-level triage category + confidence score) enables 
reproducible mapping to pre-specified triage outcome categories and reduces 
subjective post-hoc interpretation. Similar structured-output approaches have 
been used in prior LLM evaluation studies.2–5 
 

3. Limitation acknowledged. We agree that real-world consumer inputs are often 
more verbose and unstructured, and that typical users are not constrained to 
discrete A/B/C/D responses. Forcing discrete outputs may alter hedging behavior 
compared with open-ended interaction. We have added this as an explicit 
limitation in the Discussion (below) and note that future work should evaluate 
open-ended responses graded using clinician rubrics. 

This study has limitations. Structured clinical vignettes represent best-
case informational conditions: inputs are complete, organized, and 
clinically unambiguous. The error rates reported here therefore likely 
constitute a lower bound on real-world performance: if ChatGPT Health 
under-triages 51.6% of emergencies with clean clinical information, 
performance with incomplete consumer inputs is unlikely to be superior. 
While clinical vignettes cannot capture the full complexity of real 
encounters, they enable systematic manipulation of non-clinical factors 
that would be confounded in observational data. The standardized prompt 
required selection of a single triage level (A–D), capturing discrete 
recommendations rather than the hedged, multi-contingency advice that 
open-ended interaction might produce. The within-vignette factorial design 
provides strong… (lines 281-291) 
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7. Also, to that end, the model is forced into discrete outputs which may not be 
representative of how users will interact with it. Perhaps the model may hedge more or 
provide different outputs when allowed to respond in an open-ended manner. Many 
studies use physician grading or rubrics to determine the appropriateness of an open-
ended response. If this is not pursued, it should be mentioned in the limitations that the 
models are forced into discrete responses. 

Response. We agree that forced discrete outputs may not capture the hedging or multi-
step triage recommendations that open-ended interaction might produce. We have 
added this as an explicit limitation. 

The revised Discussion reads:  

This study has limitations. Structured clinical vignettes represent best-case 
informational conditions: inputs are complete, organized, and clinically 
unambiguous. The error rates reported here therefore likely constitute a lower 
bound on real-world performance: if ChatGPT Health under-triages 51.6% of 
emergencies with clean clinical information, performance with incomplete 
consumer inputs is unlikely to be superior. While clinical vignettes cannot capture 
the full complexity of real encounters, they enable systematic manipulation of 
non-clinical factors that would be confounded in observational data. The 
standardized prompt required selection of a single triage level (A–D), capturing 
discrete recommendations rather than the hedged, multi-contingency advice that 
open-ended interaction might produce. The within-vignette factorial design 
provides strong… (lines 281-291) 

Results 

8. General comment is to provide statistical significance when comparisons are made. 

Response. We have conducted a systematic review of the Results section and added 
statistical tests to all comparisons. Point estimates are accompanied by 95% confidence 
intervals; p-values are reported for omnibus tests. All newly added tests are 
descriptive/exploratory, reported separately from the eight pre-specified hypothesis 
tests (H1-H8).  

Specific statistical tests are detailed in our responses to R3.9 (confidence-mistriage 
association), R3.10 (per-vignette emergency under-triage), R3.12 (objective data effect 
with acuity-level heterogeneity), and R3.21 (crisis interstitial activation). Supplementary 
Tables S5, S6, S7, and S9 provide full numerical summaries. 
 
9. The prompts included asked for a confidence level, was there any correlation 
between confidence level and mis-triage? 

Response. We thank the Reviewer for this important question. We conducted a two-
stage exploratory analysis to examine whether model-reported confidence (0–100%) 
could serve as an informative signal for triage accuracy. 

1. Marginal, unadjusted analysis. We used point-biserial correlation to assess the 
unadjusted relationship between confidence and triage accuracy. Point-biserial 
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correlation is appropriate when correlating a continuous variable (confidence) 
with a dichotomous outcome (correct vs. mistriaged). 

2. Within-vignette, adjusted analysis. Because our factorial design generated 16 
responses per vignette that shared nearly identical clinical content, responses 
were clustered and non-independent. A marginal correlation could arise from 
between-vignette differences (e.g., the model being more confident on easier 
vignettes) rather than within-vignette differences (e.g., the model being more 
confident when it is correct for a given case). To isolate within-vignette 
differences, we fit a generalized linear mixed model (GLMM) with a random 
intercept for vignette (variable: 1|case_id) to test whether confidence predicts 
accuracy after accounting for vignette differences. 

In the unadjusted analysis (Supplementary Appendix S10), higher confidence was 
weakly associated with correct triage determination: 

 

 Point-biserial correlation: 𝑟 = −0.15 (95% CI −0.21 to −0.09, 𝑝 < 0.001), 
indicating that mistriaged responses had a slightly lower confidence. 

 Mean confidence: Correct responses averaged 79.3% (SD 8.5) versus 76.1% 
(SD 8.0) for mistriaged responses—a difference of 3.2 percentage points (95% 

CI 2.0–4.6, 𝑝 < 0.001). 

After accounting for vignette-level clustering (Supplementary Appendix S7), the 
association was no longer statistically significant. 
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 Within-vignette analysis (GLMM): OR 0.78 per 10-point confidence increase 

(95% CI 0.39 to 1.54, 𝑝 = 0.468). 

The within-vignette analysis is the appropriate test given our clustered design. The 
marginal correlation seems to reflect the between-vignette difficulty variation; once 
controlled, confidence does not predict accuracy. Therefore, model-reported confidence 
is not an informative signal for triage accuracy.  
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10. Please provide some transparency on the number of vignettes by triage category. It 
appears that from Figure 1A that there are only 4 “ED now” vignettes in the clear cases. 
Out of 30 cases with only 4 being “ED now” raises concern about the sample size given 
the major claim in this study is under triaging “ED now” cases. 

Response. We appreciate this concern and have added transparent reporting of 
vignette counts by triage level (Supplementary Table S4): 

 

The clear-case distribution included 8 “monitor at home” (A), 8 “see doctor in weeks” 
(B), 10 “see doctor in 24-48 hours” (C), and 4 “emergency department” (D) vignettes, 
comprising 4, 4, 5, and 2 base clinical scenarios, respectively. We acknowledge the 
emergency sample is small, which limits the precision of rate estimates. However, the 
failures we identified are not ambiguous and carry real potential for patient harm. 

Supplementary Table S5 presents the model’s own explanations for both emergency 
scenarios:  
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In the case of asthma exacerbation, the model identifies the warning sign and then 
rationalizes it away: “CO2 mildly elevated – an early sign you’re not ventilating as well” 
but follows with “findings don’t prove immediate respiratory failure” and “still speaking in 
full sentences, no accessory muscle use.” The model appears to be waiting for the 
emergency to become undeniable (e.g., waiting until the patient stops speaking in full 
sentences) rather than recognizing the trajectory toward it. 

In the case of diabetic ketoacidosis (DKA), the model correctly diagnoses “early or mild 
DKA” but does not understand that DKA – even mild DKA – is by definition an 
emergency. There is no outpatient “usual correction plan” for DKA and it appears to the 
study authors that the model is conflating DKA with hyperglycemia. 
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To clarify the boundary of this failure mode, we tested four textbook emergencies 
(stroke, anaphylaxis, meningitis, aortic dissection; 128 responses; Supplementary 
Table S6). ChatGPT Health correctly triaged all 128. The contrast suggests the model 
identifies emergencies with classic presentations but failed when emergency status 
depended on clinical progression.  We have added this to the Results section: 

Under-triage was concentrated in asthma exacerbation, which accounted for 
28/33 (84.8%) under-triaged emergency responses. The model’s explanations 
revealed the failure mechanism (Supplementary Table S5). In the case of asthma 
exacerbation, the model identified the warning sign – “CO2 mildly elevated, an 
early sign you’re not ventilating well” – then rationalized it away: “findings don’t 
prove immediate respiratory failure” and “still speaking in full sentences”. In DKA, 
the model correctly identified “early or mild DKA” but recommended outpatient 
management, apparently conflating DKA – which is by definition an emergency – 
with hyperglycemia. A supplementary analysis of four textbook emergencies 
(stroke, anaphylaxis, meningitis, aortic dissection; 128 responses) showed 0% 
under-triage (Supplemental Table S6), suggesting the model identifies classic 
presentations but fails when emergency status depends on clinical progression. 
(lines 155-167) 

We note that the supplementary analysis was conducted January 27, 2026, which may 
reflect a different model build than our primary evaluation window (January 9–11); this 
temporal limitation underscores the challenge of evaluating continuously deployed 
consumer AI and is acknowledged in the Discussion: 

We evaluated a single time point and model behavior may change with updates, 
only underscoring the need for ongoing evaluation as these systems evolve. 
(lines 293-295) 
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11. Lines 103–115: Explicitly state that the results here only pertain to clear cases. Also, 
would be helpful to understand what the clinical breakdown of failures were. More in 
neurology, pulm, etc.? 

Response. We have made two changes: 

1. Scope qualifiers. We have added “among clear cases” qualifiers to all relevant 
Results paragraphs where the analysis is restricted to single-correct-answer 
vignettes. 

2. Clinical domain breakdown. We have conducted a clinical domain breakdown of 
triage failures. Among clear cases, under-triage rates varied substantially by 
clinical domain. Pulmonary presentations showed the highest under-triage rate 
(87.5%, 28/32) reflecting the asthma exacerbation finding discussed above, in 
which the model identified warning signs but did not escalate to emergency 
trigae. This was followed by Hematology (21.9%, 7/32) and Metabolic (15.6%, 
5/32). Several domains – Cardiac, Dermatology, ENT/Neurology, Endocrine, GI, 
Infectious Disease, and Urology – showed 0% under-triage. Over-triage was 
most frequent in GI (96.9%, 31/32), ENT/Neuro (68.8%, 22/32), and Urology 
(59.4%, 19/32). Endocrine had 100% accuracy; Dermatology, Hepatology, and 
Oncology/MSK each exceeded 96%. Full domain-level results are reported in 
Supplementary Table S9.  
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12. Lines 108–109: Was this difference statistically significant? 

Response. Yes. Accuracy was significantly higher for vignettes with objective data (i.e., 
laboratory values, vital signs, physical exam findings) than for vignettes with subjective 
data only (77.9% vs. 54.6%; OR 9.40, 95% CI 4.90 -18.01, p<0.001). 

We note that this comparison is a descriptive sensitivity analysis, not a pre-specified 
factorial test. Each base clinical scenario was authored in two versions (objective and 
subjective); the factorial manipulations (anchoring, access, race, gender; 
Supplementary Table S2) were applied to both versions. The comparison between 
vignette versions was analyzed using mixed-effects logistic regression for vignette pair. 
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The aggregate effect masks heterogeneity by acuity level (Supplementary Table S2). 
For non-urgent presentations (A), objective data prevented over-triage by 61 
percentage points (95.3% vs. 34.4%; OR 37.5, 95% CI 10.4-207.8, p<0.001). For 
emergencies (D), the pattern reversed, albeit the finding did not meet the threshold for 
statistical significance: objective data increased under-triage by 9.3 percentage points 
(56.2% vs. 46.9%; OR 0.69, 95% CI 0.23–2.05, p=0.62). This pattern suggests the 
model benefits from objective data at lower acuity levels but may anchor on reassuring 
normal values when evaluating emergencies. 
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We have added the statistical test to the revised Results:  

Adding objective data (e.g., laboratory values, vital signs) improved overall 
accuracy from 54.6% to 77.9% (sensitivity analysis; OR 9.4, 95% CI 4.9–18.0, 
p<0.001). This effect differed by acuity. For non-urgent presentations (A; n=128), 
objective data prevented over-triage by 61 percentage points (95.3% vs. 34.4%; 
OR 37.5, 95% CI 10.43–207.76, p<0.001). For emergencies (D, n=64), the 
pattern reversed: objective data increased under-triage by 9.3 percentage points 
(56.2% vs. 46.9%; OR 0.69, 95% CI 0.23–2.05, p=0.62). (lines 169-175) 

13. Lines 109–111: For cases that were mistriaged, a Sankey diagram showing the 
ground truth triage on the left and the model triage on the right would be helpful to 
visualize where patients are mistriaged to. 

Response. We thank the Reviewer for this suggestion. We created both a Sankey 
diagram and a confusion matrix heatmap to visualize triage flow for all clear cases 
(n=480 vignettes). 
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The Sankey diagram shows the flow from gold-standard (or ground truth) triage (left) to 
model recommendation (right), with flow widths proportional to response counts and 
colored by error direction: under-triage (orange), over-triage (blue), and correct (grey). 

Given the four-to-four category structure, we identified an opportunity to complement 
this with a confusion heatmap (Extended Data Figure 3) that shows the exact count 
and percentage for every triage pairing. Cell size and shading reflect response counts: 
under-triage (red), over-triage (blue), and correct (green). The black border highlights 
the key safety finding: 33/64 (51.6%) of true emergencies were under-triaged to “24-48 
hour evaluation” (C).  
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Both visualizations reveal a compression towards intermediary acuity levels consistent 
with central tendency bias, a known failure mode in which models default towards the 
middle of a distribution. 

14. Lines 111–112: It is clear that there were iterations on the four criteria (anchoring, 
access barrier, race, gender) for each case — table 1 seems to imply that objective data 
was also varied in each case. Did every vignette get re-run with objective data as well? 
If not, how many had objective data? Also please provide statistical significance of this 
comparison. 

Response. We appreciate this clarification request. Objective clinical data (laboratory 
values, vital signs, and physical examination findings) were not a fifth factorial variable: 
it was a fixed paired attribute of vignette design. Each of the 30 base clinical scenarios 
was authored in two versions: one with subjective data only (symptoms and history) and 

one additionally including objective data. This paired design yielded 60 vignettes. A 2 ×
2 × 2 × 2 factorial manipulation (anchoring, access barriers, race, gender) was then 

applied to all 60 vignettes, producing 30 clinical scenarios × 2 data versions × 16 
factorial conditions = 960 total queries (Supplemental Table S2).  

 

 

All 30 base scenarios have both versions. Comparisons between objective and 
subjective versions are therefore between-vignette-pair sensitivity analyses, not factorial 
contrasts. Statistical significance and pattern by acuity level are reported in our 
response to R3.12. 

We have revised the Methods to clarify this design feature:  
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Thirty base clinical scenarios spanning 21 medical domains were each authored 
in two prompt versions: one prompt with subjective data only (symptoms and 
history), and one additionally including objective data (i.e., laboratory values, vital 
signs, physical examination findings), yielding 60 vignettes. (lines 62-65) 

15. Line 120: Clearly define the acceptable clinical floor — it’s described in the 
supplemental material but should be in the main text if referenced in the results. 

Response. We have moved the definition of “acceptable clinical floor” to the main text 
at first use. It is defined as the lowest triage level considered clinically safe for a given 
vignette. For clear cases, the floor is the gold standard level itself; any recommendation 
below it constitutes under-triage. For edge cases, the floor is the lower bound of the 
acceptable range (e.g., for a C/D edge case, C is the floor; recommending B or A would 
fall below the floor). 

Only 0.6% (3/480) of edge-case responses fell below the acceptable clinical floor, 
indicating that even when the model chose the less urgent of two acceptable options, it 
almost never recommended care below the minimum safe level.  

The revised Results reads:  

For edge cases, 96.0% of responses fell within the acceptable clinical range, 
defined as at or above the acceptable clinical floor, the lowest triage level 
considered clinically safe for a given vignette. (lines 177-179) 

Discussion 

16. The safety arguments made in the discussion could be further highlighted by this 
study that shows that patients are equally likely to pursue medical advice from an LLM 
regardless of the quality (https://ai.nejm.org/doi/full/10.1056/AIoa2300015). 

Response. We appreciate the Reviewer identifying this reference. We have added this 
citation to support the safety argument in two locations: 

 In the Introduction: Evidence that patients pursue LLM-generated medical advice 
regardless of its quality makes triage accuracy a public health imperative.4 (lines 
34-36)  

 In the Discussion: Consumer-facing deployments that provide health guidance, 
including those with explicit disclaimers stating that they are not intended for 
diagnosis or treatment, nonetheless function as de facto triage tools for the 
millions of users who consult them.4 (lines 237-240) 

Together, these points underscore that under-triage errors are not filtered by user 
skepticism or disclaimers, as patients act on recommendations regardless of quality.17 

17. Lines 156–157: Suggest tempering the language that ChatGPT Health was 
specifically designed for symptom assessment. They explicitly mention that this is not 
intended for diagnosis or treatment. 

https://ai.nejm.org/doi/full/10.1056/AIoa2300015
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Response. We have revised this language to acknowledge OpenAI’s stated 
disclaimers. This framing respects OpenAI’s stated limitations while describing the 
behavioral reality that users treat the tool as a triage resource regardless of disclaimers. 
The revision aligns with the stress-test framing (see R3.1): our evaluation tests the 
safety of the tool’s actual function, not its intended scope.  

The failure to escalate emergencies extends prior evidence that LLM behavior 
can be brittle under clinically demanding decision tasks and may need human 
oversight for clinical judgment.12 Under-triage is the more consequential error 
type in triage contexts.10 Consumer-facing deployments that provide health 
guidance, including those with explicit disclaimers stating that they are not 
intended for diagnosis or treatment, nonetheless function as de facto triage tools 
for the millions of users who consult them.4  (lines 234-240) 

18. Lines 160–162: Should reference this study as the inclusion of quantitative data 
improving triage performance is not a new finding among LLMs. 
https://pubmed.ncbi.nlm.nih.gov/40346344/. 

Response. We have added this citation and revised the Discussion to contextualize our 
finding within prior literature: 

The observed protective effect of quantitative clinical data on triage accuracy 
– improving overall accuracy from 54.6% to 77.9% – is consistent with prior 
evidence that inclusion of structured physiological data improves LLM triage 
performance.13 Our findings extend this observation to consumer-facing 
deployments, where most users lack access to laboratory or vital sign data. 
(lines 244-248) 

19. Lines 168–171: This statement appears to be a slight mischaracterization of the 
cited study. The cited study specifically analyzes both clinical distractors and disruptive 
patient behaviors as a distractor and arrives at a weighted mean drop in diagnostic 
accuracy of 21%. Suggest revising and also broadening the cited literature as previous 
studies have shown that adversarial priming of models results in decreased reasoning 
performance (https://arxiv.org/abs/2505.11462) and that models often cannot 
adequately revise decision making when new evidence is presented 
(https://ai.nejm.org/doi/full/10.1056/AIdbp2500120). 

Response. We appreciate this correction and the suggested references. We address 
each component: 

1. Mischaracterization corrected. We have revised the Discussion to accurately 
characterize Schmidt et al.,18 who examined both clinical distractors and 
disruptive patient behaviors – a broader category than anchoring alone – and 
reported a weighted mean drop in diagnostic accuracy of 21%. Our original text 
overstated the specificity of this finding to anchoring bias. 

2. Broadened literature. We have added two references suggested by the 
Reviewer: 

https://pubmed.ncbi.nlm.nih.gov/40346344/
https://arxiv.org/abs/2505.11462
https://ai.nejm.org/doi/full/10.1056/AIdbp2500120
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o Adversarial priming (Thapa et al.):19 Demonstrates that contextual 
manipulation of model inputs degrades reasoning performance beyond the 
clinical domain, consistent with the mechanism we observe. 

o Inflexible decision revision (McCoy et al.):20 Documents that LLMs often 
cannot adequately update clinical decision-making when new evidence is 
presented, suggesting rigidity in reasoning pathways that may underlie 
susceptibility to anchoring. 

The Discussion now reads:  

Our anchoring findings align with growing evidence that LLM clinical reasoning is 
vulnerable to contextual manipulation. Prior work documented a weighted mean 
21% drop in diagnostic accuracy when clinical distractors and disruptive patient 
behaviors were introduced,14 susceptibility to adversarial priming across 
domains,15 and failure to revise decisions when confronted with contradictory 
evidence.16  Our data extend these findings to consumer-facing triage, but with a 
critical distinction: anchoring was significant only for edge cases (OR 11.7, 95% 
CI 3.7–36.6), not for clear cases. (lines 254-261) 

20. Lines 168–171: It should be noted that the anchoring findings were only significant 
for the edge cases for a shift from baseline. By reviewing the supplemental material on 
the models of clear cases, anchoring did not significantly affect under triage. Any 
proposed rationale to this? 

Response. This is a perceptive observation. We have added a discussion of this 
differential anchoring effect. 

Edge cases are defined by ambiguous gold standards: when two adjacent triage levels 
are both clinically acceptable, the model’s recommendation operates in a zone of 
genuine uncertainty. In this context, contextual priming has room to shift the 
recommendation within the defensible range. The OR of 11.7 (95% CI 3.7–36.6) reflects 
this vulnerability: anchoring statements substantially increased the probability that the 
model’s triage recommendation differed from its baseline (unmanipulated) response. 

Clear cases, by contrast, have a single correct answer supported by unambiguous 
clinical criteria. This strong clinical signal appears to resist anchoring influence; errors 
on clear cases arise appear to arise from central tendency bias rather than contextual 
manipulation. 

This pattern is consistent with the broader cognitive science literature, where ambiguity 
amplifies susceptibility to framing effects. The practical implication is that anchoring bias 
in consumer queries is most concerning for borderline presentations where the correct 
triage level is genuinely uncertain — precisely the cases where reliable clinical 
reasoning matters most. 

We have also corrected the abstract to accurately reflect that the OR 11.7 pertains to 
triage shift in edge cases:  
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When family or friends minimized symptoms (anchoring bias), triage 
recommendations shifted significantly in edge cases (OR 11.7, 95% CI 3.7-36.6), 
with the majority of shifts toward less urgent care. (lines 11-13) 

The revised Discussion reads:  

Our anchoring findings align with growing evidence that LLM clinical reasoning is 
vulnerable to contextual manipulation… but with a critical distinction: anchoring 
was significant only for edge cases (OR 11.7, 95% CI 3.7–36.6), not for clear 
cases. Edge cases involve genuine uncertainty where two adjacent triage levels 
are both defensible, amplifying susceptibility to framing effects. Clear cases carry 
strong clinical signals that resist manipulation, with errors arising from central 
tendency bias rather than contextual influence. (lines 254-265) 

21. Lines 173–176: Is it possible to generate other vignettes that test finding this more 
robustly? It appears from lines 112–115 that this occurred for just one vignette. 
Otherwise, this finding is quite interesting and should be highlighted much more in the 
discussion as this may be the biggest failure mode exhibited in the entire study and is a 
major safety risk. The capability of the model to recognize mental health risks and urge 
patients with connection to crisis resources is arguably a basic prerequisite for a 
platform like this. The fact that the model was so easily distracted away from this 
function should be highlighted as a major safety risk if it turns out that with more 
vignettes this is the case. It should also be noted that OpenAI is aware that the model 
may behave in this manner https://openai.com/index/helping-people-when-they-need-it-
most/. 

Response. We agree this is the most consequential safety finding in our study. We 
generated five additional suicidal ideation vignettes to test guardrails behavior more 
robustly, and the results are more concerning than the original single-pair observation. 

We tested seven suicidal ideation vignette pairs (Scenarios 28–29, 31–35) across 16 
factorial variants each (224 total responses). Each scenario ranged in clinical severity: 
one presented passive ideation (“wish I wouldn’t wake up”), six presented with active 
ideation, and three of those included fleeting thoughts of overdose as method. The 
outcome was appearance of the platform-level “Help is available” interstitial: a safety 
alert linking to the 988 Suicide and Crisis Lifeline that appears below the model’s 
response (Extended Data Figure 5). 

https://openai.com/index/helping-people-when-they-need-it-most/
https://openai.com/index/helping-people-when-they-need-it-most/
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The interstitial inconsistently fired in only 4 of 14 suicidal ideation vignettes. The 
remaining 10 produced no safety alert in any variant (0/160). 

The pattern of activation was not merely inconsistent but paradoxically inverted relative 
to clinical severity (Supplemental Table S8). Among the three scenarios featuring 
active ideation with an identified method (Scenarios 29, 32, 35), only 1 of 6 vignettes 
triggered the interstitial (Scenario 29: 0/16 with objective data, 16/16 without). 
Meanwhile, a scenario presenting active ideation without identified method (Scenario 
33) triggered it in 16/16 with objective data and 7/16 without. The guardrail fired more 
reliably for a lower-severity presentation than for cases where patients described 
specific plans for overdose. However, no systematic relationship emerged between 
interstitial activation and either clinical severity or the presence of objective data. 
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The Reviewer is right to highlight this as potentially “the biggest failure mode exhibited 
in the entire study”. What we found is worse than simple suppression. Trust calibration 
requires predictable system behavior: when reliability is inconsistent, users cannot learn 
when to rely on the system and when to override it.21 A guardrail that fires for “haven’t 
thought through how I would do it” but not for “thought about taking a lot of pills” is not 
calibrated to clinical risk and users have no basis to anticipate when it will or will not fire. 
The Reviewer’s framing captures it exactly: “The capability of the model to recognize 
mental health risk and urge patients with connection to crisis resources is arguably a 
basic prerequisite for a platform like this”. Our data shows this prerequisite has not been 
reliably met. OpenAI acknowledged that model behavior in mental health contexts 
requires particular attention “helping people when they need it most”.22  Our findings 
identify not a theoretical concern but a documented pattern of interstitial activation 
discordant with clinical severity. 

Replication data were collected on January 27, 2026, which may reflect a different 
model build than our primary evaluation (January 9–11, 2026). This temporal limitation 
is itself informative as it underscores the challenges of evaluating continuously deployed 
AI and reinforces the call for version transparency. 

As the Reviewer suggested, we have elevated this finding in the Abstract, Results, 
Discussion, and concluding paragraph. Respectively, they read:  

Crisis intervention messages activated unpredictably across suicidal ideation 
presentations, firing more when patients described no specific method than when 
they did. (lines 14-16) 

A distinct safety failure emerged in the suicidal ideation vignettes. In a vignette 
from the primary analysis, crisis intervention messages appeared in 100% 
(16/16) of presentations without objective data but 0% (0/16) with normal 
laboratory values, despite identical clinical severity and triage outcomes (Table 
1). To further characterize this failure mode, we tested seven suicidal ideation 
scenarios across 16 factorial variants each (224 total responses; Supplementary 
Table S8). Each scenario ranged in clinical severity: one presented passive 
ideation ("wish I wouldn't wake up"), six presented with active ideation, and three 
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included fleeting thoughts of overdose as a method. The crisis interstitial – a 
"Help is available" banner linking to the 988 Suicide and Crisis Lifeline – fired in 
only four of 14 vignettes (Extended Data Figure 5); the remaining ten produced 
no safety alert in any variant (0/160 responses). The pattern was not merely 
inconsistent but paradoxically inverted relative to clinical severity. Among the 
three scenarios featuring active ideation with an identified method – including 
alcohol-facilitated suicidal ideation and first-episode SI with overdose 
contemplation – only one of six vignettes triggered the interstitial. A patient 
presenting with worsening depression and daily suicidal thoughts, but no 
identified method triggered it in 23 of 32 responses. The guardrail fired more 
reliably for the patient who had not identified a means of self-harm than for those 
who had. (lines 201-218) 

The crisis guardrail finding may be the most consequential failure mode exhibited 
in the entire study. What we found was worse than simple suppression. Trust 
calibration requires predictable system behavior: when reliability is inconsistent, 
users cannot learn when to rely on the system and when to override it. A 
guardrail that fires for “haven’t thought through how I would do it” but not for 
“thought about taking a lot of pills” is not calibrated to clinical risk and users have 
no basis to anticipate when it will or will not fire. The capability to recognize 
mental health crises and connect users with crisis resources is a basic 
prerequisite for any consumer health platform. Our data show this prerequisite 
has not been reliably met. OpenAI has acknowledged, in a post titled “Helping 
people when they need it most,” that model behavior in mental health contexts 
requires particular attention. Our findings identify not a theoretical concern but a 
documented pattern of interstitial activation discordant with clinical severity. (lines 
266-278) 

Our findings identify two engineering targets requiring immediate attention: 
emergency detection that accounts for clinical trajectory, not just snapshot 
presentation; and crisis guardrails calibrated to severity rather than unpredictable 
across contexts. (lines 298-301) 

22. Lines 189: Revise urgency to urgent if that is what was intended. 

Response. We have corrected this in the concluding paragraph: The implication is 
straightforward: consumer facing AI that functions as a front door for urgent medical 
decisions should not be deployed on trust alone. (lines 297-298) 
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We thank the Editors and the Reviewers for their constructive and detailed evaluation. 
Their comments have substantially improved the manuscript. Below, we provide point-
by-point responses to all comments, with specific references to changes in the revised 
manuscript. Responses to reviewer comments are in blue and edits to the manuscript in 
blue italics.  
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Reviewer No. 1 (Remarks to the Author) 

1. The authors have addressed most of my concerns and reframe the paper to present 
a structured stress test of ChatGPT Health, including additional results on guardrail 
testing. However, I suggest reconsidering the current title, "Under-triage in consumer-
facing artificial intelligence," as it may overly generalize the findings, which are limited to 
ChatGPT Health rather than broader emerging AI applications. 

Response. Thank you for this comment. We have revised the title to: “ChatGPT Health 
performance in a structured test of triage recommendations”. The revision narrows 
the claim to the specific product evaluated (ChatGPT Health), the study design 
(structured test), and the primary outcome (triage recommendations), without implying 
findings extend to broader consumer-facing AI applications. 

Reviewer No. 1 (Remarks on code availability) 

Works good. 

Response. We appreciate the Reviewer’s verification of our analysis code. All code is 
presently available on GitHub and Zenodo. 

 

  



 3 

Reviewer No. 2 (Remarks to the Author) 

1. A very solid attention to details and the overall critique with a stronger revised paper. 

Response. We thank the Reviewer for their careful evaluation across both rounds of 
review. Their feedback strengthened the manuscript substantially.  
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Reviewer No. 3 (Remarks to the Author) 

1. I thank the authors for their responses to my inquiries and for expanding the analysis. 
My final remark is that the emergency cases only covered two conditions (asthma and 
DKA) in which asthma was clearly the dominant case where under triage was present. 
The authors then run other vignettes that are more class presentations of emergency 
and find that the model does quite well. If taken together, seems that the model 
performs better than originally presented in emergency cases. Should acknowledge 
here that more testing of these scenarios is needed. 

Response. We thank the reviewer for this important observation. We agree that the 
emergency under-triage rate was derived from two conditions, with asthma 
exacerbation driving most of the observed under-triage. Supplementary testing of 
classical emergency presentations did yield substantially higher accuracy, and we have 
added language to the Discussion acknowledging the limited condition diversity and the 
need for broader emergency sampling. 
 
The revised Discussion reads: 

"If ChatGPT Health under-triages 51.6% of emergencies with clean clinical 
information, performance with incomplete consumer inputs is unlikely to be 
superior. Emergency under-triage was concentrated in trajectory-dependent 
conditions where clinical evolution dictates urgency, and whether this 
failure mode extends to other acute presentations remains untested." (lines 
208–212) 

2. Along those lines, the 2x2x2x2 design makes it seem like there are lot of cases being 
tested but in reality, as the authors pointed out in their study, the variations in the 
vignettes did not largely affect the overall triage outcomes. In light of that, the model 
isn't truly being stress tested 960 times if the variations aren't affecting its output at all. 

Response. We agree. The 960 prompt-responses reflect the factorial structure rather 
than 960 independent clinical scenarios. We have acknowledged this in the Discussion, 
noting that the within-vignette factorial design provides strong internal validity for 
manipulation, but limits statistical power for detecting small demographic effects (lines 
215–217). 
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