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Abstract
Large language models (LLMs) are increasingly proposed for clinical decision support, yet no
benchmark tests whether they perform guideline-anchored safety actions or give consistent guidance
across repeated runs during intraoperative crises, where a single omission or contraindicated
recommendation may cause immediate harm. We developed a phase-based benchmark of ten
intraoperative crisis archetypes, each unfolding over five to seven deterioration phases and scored
against 150 binary sentinel actions anchored to clinical practice guidelines and published crisis
checklists. Three frontier LLMs (ChatGPT 5.2, Claude Opus 4.6, Gemini 3.1 Pro) were evaluated through
consumer web interfaces, three runs per scenario, and independently double-scored by blinded
clinicians. The proportion of required safety actions a model completed varied across repeated runs of
the same scenario in 29 of 30 model-scenario combinations. Between two runs of the same model,
completion differed by a mean of 14.7 to 18.1 percentage points, with overlapping confidence intervals
that do not rank the models by stability. Omissions fell most on communication and escalation actions,
where omission varied nearly threefold across models under an identical prompt (24.6 to 72.6 percent).
In a secondary comparison, aggregate completion also differed (Claude 83.7 percent, ChatGPT 69.0
percent, Gemini 61.2 percent), but unsafe actions were rare with overlapping intervals. Frontier LLMs
gave inconsistent safety guidance across repeated runs and diverged sharply on communication and
escalation under an identical prompt. Models proposed for perioperative crisis roles should be judged on
how reliably and reproducibly they act, not on aggregate accuracy alone.

Introduction
Despite rapid expansion of large language model (LLM) research in healthcare, existing evaluation
frameworks focus on outpatient counseling, diagnostic reasoning, or general clinical safety [1–3]. These
benchmarks do not examine LLM performance during intraoperative crises. In these settings,
deteriorating physiology, time pressure, and the interdependence of surgical and anesthetic
management drive patient outcomes [4, 5]. Recent benchmarks have begun to score the overall quality
of model responses to perioperative crises, but none tests whether models perform the specific
guideline-anchored safety actions these crises require, avoid unsafe maneuvers, or remain stable across
repeated runs.

Intraoperative emergencies differ fundamentally from outpatient or diagnostic tasks. Decision pathways
are tightly coupled to ongoing surgical maneuvers, anesthetic interventions, and rapidly changing
physiology. A single omission or contraindicated recommendation may cause immediate harm.
Examples include failure to activate massive transfusion, failure to decompress tension physiology, and
continued carbon dioxide insufflation despite suspected gas embolism. Structured crisis checklists and
emergency manuals are established components of perioperative safety practice and improve team
performance during simulated and actual crises [6–8]. The operating room is therefore a natural stress
test for LLM safety rather than a downstream deployment setting.
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We developed a phase-based benchmark for evaluating LLM behavior across ten intraoperative
emergencies. The benchmark measures whether models perform the required safety actions, avoid the
unsafe ones, escalate appropriately, and stay consistent across repeated runs. By locating where models
fail rather than only how often, it provides a reusable instrument for judging whether and how LLMs
might support perioperative crisis care.

Methods
Study design

Ten crisis scenarios were constructed. Model outputs were scored against predefined positive and
unsafe sentinel actions drawn from perioperative crisis guidelines, resuscitation standards, and
emergency manuals.

Scenario development

Scenarios were drafted by an attending anesthesiologist using published perioperative bleeding, airway,
resuscitation, sepsis, and crisis-management guidance as reference standards [9-19]. Each scenario was
designed to reflect the clinical progression of an evolving intraoperative emergency, from early instability
through decompensation, strategic inflection points, and immediate postoperative disposition.

Each sentinel named a single discrete action rather than a broad goal or a fine sub-step. Examples of the
intended level are activating massive transfusion or declaring an emergency, as opposed to a general
instruction to resuscitate or a specific drug dose. Actions that depend on local resources or practice
patterns were excluded. These included calling a named institutional team, requiring a specific device
model, or following a unit-specific protocol variant. Resource-dependent interventions were placed in
later phases when they represented escalation rather than immediate rescue.

Each scenario stem gave the patient’s age, comorbidities, procedure, and current physiologic trajectory.
This was enough information for a clinician to respond to the crisis without the diagnosis being named.
Diagnostic recognition and differential reasoning were treated as latent abilities, rather than scored as
sentinels. Each was captured indirectly through whether the model selected the guideline-concordant
actions as the scenario evolved.

Sentinel framework

Sentinel actions were categorized as positive or unsafe. Positive sentinels were high-impact actions
expected of competent crisis management. Unsafe sentinels were contraindicated maneuvers likely to
worsen the patient’s trajectory.

Each sentinel was mapped to one of six cross-crisis safety axes: stopping ongoing harm, activating the
correct algorithm, definitive life-saving maneuvers, global strategy and disposition, unsafe red-flag
actions, and communication and escalation. Stability across repeated runs was treated as an analysis-

Page 3/19



only dimension rather than a sentinel category. These six axes constitute a study-developed framework,
informed by crisis resource management principles and operating-room crisis-checklist literature [6-8].
The first four axes capture the therapeutic and strategic actions that change physiology. The fifth
captures the contraindicated actions to avoid. The sixth captures the team behaviors that crisis
checklists identify as central to performance [6-8].

Sentinel anchoring was tiered. The full mapping is reported in Supplementary Table S1. Of the 150
sentinels, 113 mapped to a named clinical practice guideline recommendation or a directly entailed
guideline principle. These drew on perioperative bleeding, pulmonary embolism, sepsis, anaphylaxis,
malignant hyperthermia, difficult-airway, and advanced cardiac life support guidelines [9-19]. A further 26
covered the communication and escalation actions and the decisions to stop or continue surgery during
a crisis. These were anchored to published operating-room crisis checklists and emergency manuals [6-
8]. The remaining 11 sentinels reflected established surgical principle and expert consensus rather than
a dedicated perioperative crisis guideline. These were limited to capnothorax-specific maneuvers and
hepatobiliary damage-control steps. Team-based sentinels were limited to explicit crisis declaration and
calling for help, rather than broader teamwork and leadership behaviors.

Expert review

Draft scenarios and sentinel lists underwent iterative expert review by surgeons and anesthesiologists to
assess clinical accuracy, physiologic coherence, phase alignment, and appropriateness of positive
versus unsafe classification. This process validated safety-critical content and cross-scenario
consistency rather than performing formal consensus development.

Models and prompting

Three frontier general-purpose LLMs were evaluated through consumer web interfaces: ChatGPT 5.2
(OpenAI), Claude Opus 4.6 (Anthropic), and Gemini 3.1 Pro (Google). Consumer interfaces were chosen
to capture the sampling variability end users encounter rather than the fixed-parameter conditions of
application programming interface (API) access. Each model completed three independent runs of each
scenario between February and March 2026. The prompt text, run count, and output format were
standardized across runs. Each run was conducted in a fresh session with no custom instructions or
cross-session memory enabled. The models were evaluated as publicly released, without fine-tuning or
retrieval augmentation, and the consumer interfaces did not disclose exact build identifiers or training-
data cutoff dates.

All primary runs used a standardized prompting protocol. Each scenario began with a short operative
briefing containing patient demographics and operative context, followed by sequential phase cues.
After each phase, the model was asked, “What should the OR team do next?” Models were not shown the
sentinel lists. To enable reproducible binary scoring, the system prompt constrained each response to
four to eight single-action imperative bullets. It also directed the model to “prioritize decisive
management actions over monitoring, confirmation, or evaluation steps” and to “avoid simulation micro-
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steps (monitor-by-monitor troubleshooting, exhaustive checklists).” This action-oriented format is central
to interpreting the axis-level results, because it discouraged the checklist-style output to which several
communication and escalation sentinels are anchored. A prompt-sensitivity analysis comparing three
prompt variants on one scenario was specified in advance, although these variants altered persona and
reasoning style rather than the output-format constraints. The full system briefing, the per-phase query,
and all scenario phase cues are provided verbatim in Supplementary Methods S1.

Scoring

Primary scoring used binary sentinel assessment, with positive sentinels scored present or absent and
unsafe sentinels scored triggered or not triggered. Raters scored clinical equivalence rather than exact
wording, and judged whether each action was present rather than when it occurred. If a rater left a
sentinel unscored, that sentinel was excluded from the run’s denominator for that rater. Phase
assignments were retained as clinical context for scenario construction and interpretation.

Scoring used a two-tier rater design with a pool of four clinicians (three anesthesiologists and one
surgeon), all of them study investigators and all blinded to model identity. In the first tier, the four raters
independently scored a calibration subset spanning protocol-heavy, judgment-heavy, and ambiguous
scenarios, which refined the operational definitions before full scoring. In the second tier, every model-
scenario combination (one model on one scenario, 30 in all) was independently double-scored, with
reliability-fill batches added where initial coverage was unbalanced so that each combination carried at
least two doubly scored runs. Because the two raters worked without an adjudicator, each sentinel was
scored as the mean of the two raters’ binary judgments, so a split between raters counted as one half.
Headline completion and unsafe-action estimates were computed from doubly scored runs only,
whereas run-to-run instability used all three runs of every combination as a measure of model behavior.
Supplementary prompt-sensitivity runs (variants in Supplementary Methods S1.4) followed a single-
investigator protocol and were excluded from inter-rater reliability analyses.

Outcomes

The following outcomes were specified a priori: positive-sentinel completion rate, critical omission rate,
unsafe-action rate, and run-to-run instability. Run-to-run instability was defined as the standard deviation
of per-run completion across the three runs of each model-scenario combination. Secondary analyses,
also specified a priori, included axis-level completion, completion by sentinel anchoring tier, scenario-
level risk profiles, the distribution of failures across deterioration phases, and prompt sensitivity. Ranking
stability across disagreement-resolution rules and against the full single-rater cohort was an exploratory
robustness check.

Statistical analysis

Each model’s completion rate was estimated from the doubly scored runs as the mean of scenario-level
means rather than by pooling across runs. This estimator accounts for the nesting of repeated runs
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within scenarios and multiple sentinels within runs [20, 21]. Ninety-five percent confidence intervals were
obtained by a nonparametric cluster bootstrap that resampled scenarios as the independent unit [22],
treating the ten scenarios rather than the nested runs as the source of sampling variation. Pairwise
differences in completion between models were tested with the Wilcoxon signed-rank test across the ten
scenarios, using the normal approximation because tied and zero differences were present. Because
three comparisons were made, the three raw P values were ranked and interpreted against Holm-
Bonferroni thresholds to control the family-wise error rate. Inter-rater reliability was summarized with
Cohen’s kappa, with percent agreement reported alongside kappa for the rare unsafe events. The
benchmark used no human-clinician reference standard, so between-model differences are interpreted
relative to one another rather than against an external gold standard, and probability calibration was not
assessed because every sentinel was scored as a binary present-or-absent outcome. Analyses were
conducted in Python. This study is reported against the TRIPOD-LLM and MI-CLEAR-LLM guidelines [23,
24]. The completed MI-CLEAR-LLM checklist is provided in Supplementary Appendix S1, and a model
card and benchmark datasheet documenting intended use, evaluation factors, performance across
settings, and recommended monitoring are provided in Supplementary Appendix S2.

Ethics and oversight

This study evaluated the outputs of large language models and did not involve human participants,
patient data, or protected health information. Institutional review board review was therefore not
required. Because no human participants were studied, sex- and gender-based reporting under the
SAGER guidelines does not apply.

Results

Scoring completeness
Scoring covered all 90 runs across the 30 model-scenario combinations, of which 62 were independently
double-scored so that every combination carried at least two doubly scored runs (Claude n = 20,
ChatGPT n = 21, Gemini n = 21).

Positive-sentinel completion and critical omissions
Positive-sentinel completion was highest for Claude, at 83.7 percent (95% CI, 77.4 to 89.4), followed by
ChatGPT at 69.0 percent (95% CI, 62.6 to 77.3) and Gemini at 61.2 percent (95% CI, 50.2 to 71.8)
(Table 1, Fig. 1). In paired comparisons across the ten scenarios, Claude completed more safety actions
than both competitors, exceeding ChatGPT by 14.7 percentage points (95% CI, 7.4 to 21.3; Wilcoxon
signed-rank P = .015) and Gemini by 22.5 percentage points (95% CI, 14.4 to 30.8; P = .008). Both of
Claude’s separations remained significant under Holm-Bonferroni correction for the three pairwise
comparisons. ChatGPT and Gemini were not statistically distinguishable in this ten-scenario sample,
differing by 7.8 percentage points (95% CI, -0.5 to 15.9; P = .086). The complementary critical-omission
rate followed the same ordering, rising from 16.3 percent for Claude to 31.0 percent for ChatGPT and
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38.8 percent for Gemini (Table 1). Completion also varied across the ten scenarios, from 56 percent in
septic shock to 90 percent in the can’t-intubate can’t-oxygenate airway emergency (Fig. 2). These
between-model completion comparisons are secondary to the reliability findings that follow, because the
benchmark includes no human-clinician reference standard to anchor an absolute ranking.

Table 1
Model safety outcomes across ten intraoperative crisis scenarios. Estimates are the mean of scenario-
level means from double-scored runs, with 95% cluster-bootstrap confidence intervals resampling the

ten scenarios. Critical omission is the complement of positive-sentinel completion.
Model Positive-sentinel completion, %

(95% CI)
Critical omission,
%

Unsafe-action, %
(95% CI)

Claude Opus
4.6

83.7 (77.4 to 89.4) 16.3 3.8 (1.0 to 7.5)

ChatGPT 5.2 69.0 (62.6 to 77.3) 31.0 8.3 (3.7 to 13.2)

Gemini 3.1 Pro 61.2 (50.2 to 71.8) 38.8 10.3 (3.7 to 17.8)

Unsafe actions
Unsafe sentinels were triggered in a minority of runs for every model, in 3.8 percent for Claude (95% CI,
1.0 to 7.5), 8.3 percent for ChatGPT (95% CI, 3.7 to 13.2), and 10.3 percent for Gemini (95% CI, 3.7 to
17.8) (Table 1). These rates ordered in the same direction as the omissions, though the overlapping
confidence intervals do not support a ranking among the three models.

Run-to-run instability
Completion changed between repeated runs in 29 of the 30 model-scenario combinations. Between two
runs of the same model, completion differed by a mean of 14.7 percentage points for Claude (95% CI,
10.8 to 18.9), 15.9 for Gemini (95% CI, 9.8 to 22.2), and 18.1 for ChatGPT (95% CI, 12.8 to 24.8) (Fig. 3).
The mean within-model standard deviation of per-run completion was 0.11 (95% CI, 0.09 to 0.15), 0.13
(95% CI, 0.08 to 0.18), and 0.15 (95% CI, 0.10 to 0.21), respectively. These confidence intervals overlap,
so the models cannot be ranked by stability. A given model therefore offered materially different safety
guidance on identical input, with no reliable between-model difference in how much.

Failure taxonomy by safety axis
Omissions were not distributed evenly across the six safety axes (Fig. 4, Panel A). For every model, the
communication and escalation axis carried the highest omission rate, reaching 72.6 percent for Gemini
against 36.1 percent for ChatGPT and 24.6 percent for Claude. The definitive life-saving-maneuver axis
separated the models in the opposite direction, where Claude omitted 4.6 percent of these actions
whereas ChatGPT and Gemini omitted 31.9 and 25.5 percent. A similar gradient appeared for global
strategy and disposition, in which Claude omitted no required action across 34 observations, compared
with 7.8 percent for ChatGPT and 19.0 percent for Gemini. Stop-harm omissions were more uniform,
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between 22 and 39 percent across the three models. The activate-algorithm axis held six to seven
observations per model and is directional, with omission ranging from 16.7 to 33.3 percent.

Failures across deterioration phases
Failures also clustered by deterioration phase, concentrating in the first and third phases (Fig. 4, Panel
B). First-phase omission, at the point of crisis recognition, reached 57.6 percent for Gemini against 40.0
percent for ChatGPT and 26.2 percent for Claude. The third phase, where escalation decisions fall due,
showed Gemini and ChatGPT near half at 51.0 and 46.5 percent, with Claude lower at 23.4 percent.
Omissions were rarest in the final disposition phase, where Claude and ChatGPT missed no required
action and Gemini omitted 16.7 percent. Completion by deterioration phase for each model is reported in
full in Supplementary Table S4.

Completion by sentinel anchoring tier
Completion varied with the evidence base of each sentinel (Supplementary Table S2). Across all models,
completion was highest for the small set of consensus-anchored actions, at 92.9 percent, and for
clinical-practice-guideline actions, at 81.2 percent. It then fell to 68.5 percent for guideline-concordant
actions and to 57.2 percent for the 26 actions anchored to crisis checklists and crew-resource-
management standards. This checklist-anchored tier accounted for most of the between-model spread,
where Claude completed 77.1 percent and Gemini 35.3 percent. Completion broken out by individual
guideline and checklist source is reported in Supplementary Table S3. Only 27 of the 100 positive
sentinels were completed by all three models on every double-scored run, and only two were missed by
all three. The remaining 71 separated the models, so completion gaps reflect model-specific behavior
rather than uniform item difficulty.

Inter-rater reliability
Among double-scored runs, agreement between the two primary anesthesiologist raters corresponded
to a Cohen’s kappa of 0.74 across 520 sentinel observations. The second-pass anesthesiologist agreed
with each at kappa 0.73 and 0.74 (Table 2). Cross-specialty agreement between the surgeon rater and
the two anesthesiologists was comparable, at kappa 0.77 and 0.71. Reliability was lower for the positive-
sentinel subset alone, where kappa was 0.60 across 345 observations. For unsafe sentinels, raters
agreed on more than 91 percent of observations, yet the corresponding kappa was 0.25. Unsafe events
were rare, so agreement expected by chance was high.
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Table 2
Inter-rater reliability among the four blinded raters. Cohen’s kappa and percent agreement
are reported for all sentinels and, where noted, for the positive and unsafe subsets. N is

the number of paired sentinel observations.
Rater comparison Cohen’s kappa Agreement, % N

Anesthesiologist 1 vs 2 0.74 86.9 520

Anesthesiologist 1 vs 3 0.73 86.5 347

Anesthesiologist 2 vs 3 0.74 87.2 274

Surgeon vs Anesthesiologist 1 0.77 88.6 132

Surgeon vs Anesthesiologist 2 0.71 85.5 131

Positive sentinels (Anesthesiologist 1 vs 2) 0.60 84.6 345

Unsafe sentinels (Anesthesiologist 1 vs 2) 0.25 91.4 175

Sensitivity analyses
The completion ranking was preserved across all three disagreement-resolution rules and when the full
single-rater cohort was substituted for the doubly scored primary. In the single-scenario prompt-
sensitivity analysis, ChatGPT completion ranged from 70.0 to 76.7 percent across three prompt variants,
a span of 6.7 percentage points.

Discussion

Principal findings
Across ten guideline- and checklist-anchored intraoperative crisis scenarios, the two most consistent
findings concerned reliability rather than rank. Every model gave different safety guidance when the
same crisis was presented again, changing completion in 29 of 30 model-scenario combinations. The
models also diverged sharply on the communication and escalation axis, where omission varied nearly
threefold under an identical prompt and identical scoring. Against this backdrop, aggregate completion
differed between models, highest for Claude, which separated from both competitors, whereas ChatGPT
and Gemini did not differ significantly. All three triggered unsafe actions in a minority of runs, with
overlapping intervals leaving that ranking uncertain.

From prediction to safety
Most prior work on large language models in perioperative care has asked whether a model can
recognize a diagnosis or predict an outcome. No widely accepted evaluation standard exists, and
benchmarks rarely measure concordance with time-critical, guideline-anchored crisis actions [4]. During
a crisis the question is different. It is not whether a model names the problem but whether it
recommends the actions that prevent harm and avoids those that cause it. Recent evidence that models
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give accurate yet unsafe answers makes this distinction consequential [25, 26]. The present benchmark
measures guideline- and checklist-anchored safety actions under physiologic stress rather than
diagnostic accuracy.

This benchmark builds on emerging work evaluating LLMs in perioperative crisis care. Hurley and
colleagues benchmarked twenty-two models on seven perioperative crisis scenarios, scoring each on a
quality rubric at temperature zero [27]. Al-Azzam and colleagues evaluated five models across twenty
intraoperative emergencies on a structured rubric [28]. Related work has examined model-generated
anesthesia plans [29] and decision-making for a single procedure [30]. Each graded a single response
per case on overall quality rather than specific guideline-anchored safety actions, and none repeated a
scenario, so their designs cannot observe run-to-run variation or ask whether guidance is reproducible.
By repeating every scenario under consumer sampling conditions and scoring each required and unsafe
action individually, the present benchmark exposes the instability and between-model divergence these
single-pass designs cannot detect.

What the sentinel framework shows
Each score is a binary, phase-anchored sentinel tied to a stated safety rationale, and the cross-crisis
axes locate failures rather than merely counting them. Models generally performed the named definitive
maneuvers that rescue each crisis. Their omissions fell disproportionately on the crisis-checklist and
crew-resource-management layer, whose actions (crisis declaration, structured help-seeking, explicit
escalation) are drawn from validated emergency manuals rather than soft teamwork preferences [6–8].
The models also differed sharply on this axis. Under an identical prompt and identical scoring, omission
ranged from 24.6 percent for Claude to 72.6 percent for Gemini. Holding prompt and scoring constant
rules out a scoring artifact, but not whether the spread reflects differing safety behavior or differing
compliance with the action-first instruction. These omissions peaked at the recognition and escalation
phases, a structure a single aggregate score would have hidden.

Implications for evaluation and selection
The practical safety question is whether a model reliably avoids critical omissions and unsafe
recommendations, not whether it is usually correct. Two of these findings speak directly to how such
models should be compared and selected. First, the models diverged most on the communication and
escalation layer, exactly the scaffolding that crisis checklists already supply, so a model’s value depends
on how it is paired with those tools, not on its aggregate score. Second, run-to-run instability is itself a
selection criterion. A tool that gives different safety guidance on the same crisis cannot serve as
consistent decision support, a limitation documented for other clinical tasks [31–33]. This instability is
not a universal property of current models. On tightly constrained classification tasks, repeated runs
agree almost perfectly [34], and the variation seen here emerges under open-ended crisis guidance
delivered through consumer interfaces. Reproducibility should therefore be measured and reported
alongside accuracy whenever such a tool is evaluated for a perioperative role.
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Limitations
The benchmark rests on ten synthetic scenarios, which limits power to separate models of similar
performance. Each scenario nonetheless unfolds over multiple deterioration phases with several
sentinels apiece, so the analysis draws on more than two thousand individual safety judgments. The 150
sentinel actions were selected and refined through iterative expert review rather than formal consensus
development. Sentinels were scored as present or absent, crediting neither partially correct nor
appropriately timed actions. Some anchoring tiers and safety axes rest on only a handful of sentinels or
scenarios, so those completion rates are directional.

Phase cues were brief and objective rather than the full context of a live operating room, and model
outputs were constrained to short action lists. This format standardizes scoring but may shift model
behavior relative to richer clinical input. The system prompt directed models toward decisive
management and away from exhaustive checklists, likely depressing completion of the checklist-
anchored communication and escalation sentinels. The prompt-sensitivity analysis did not vary this
output-format constraint, so it cannot isolate its effect. The absolute omission rate on that axis should
therefore be read as conditional on an action-first protocol rather than as an intrinsic model property,
though the large between-model differences under an identical prompt are not explained by the
constraint alone.

In four runs one rater left a single positive sentinel unscored, too few to affect coverage or ordering. The
ranking was stable across three disagreement-resolution rules and the full single-rater cohort, with
substantial inter-rater reliability. The raters were study investigators rather than independent evaluators,
which could introduce expectation bias despite blinding to model identity. Excluding any single rater
nonetheless left both the completion ranking and the separation of the leading model unchanged.

Because models were accessed through consumer web interfaces, the evaluation reflects real-world
conditions but allowed no control over decoding parameters such as temperature and could not
guarantee exact reproducibility. The observed instability therefore reflects the deployed consumer
system, which may apply its own sampling, rather than necessarily an intrinsic property of the underlying
model. The scenarios are written vignettes, not live simulations, and probe recommended actions rather
than execution. They also include no human-clinician comparator, leaving the intrinsic difficulty of
individual sentinels externally uncalibrated. Finally, frontier models change frequently, and specific
versions may be updated or withdrawn without notice. These rankings are therefore a snapshot rather
than a durable property of any product, a reproducibility limit that also constrains API-based evaluations.

Conclusions
Across ten guideline- and checklist-anchored intraoperative crisis scenarios, frontier large language
models gave inconsistent safety guidance when the same crisis was presented again and diverged
sharply from one another on communication and escalation actions under an identical prompt.
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Aggregate completion differed between models, but the run-to-run instability and the between-model
divergence bear most directly on deployment. A model that returns different safety guidance on repeated
presentations cannot serve as consistent decision support. Reproducibility should therefore be
measured and reported alongside accuracy whenever such a tool is evaluated or selected for a
perioperative role.

The principal contribution is the benchmark instrument rather than the current model scores. The
scenario definitions, sentinel lists, safety axes, scoring rules, and prompt templates are designed for
controlled release to independent evaluators. Other groups can then ask the same guideline-anchored
safety question of each new model release rather than rebuilding the evaluation each time.
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Figure 1

Positive-sentinel completion and unsafe-action rates for each model. (A) Sentinel completion. (B)
Unsafe-action rate. Bars show the mean of scenario-level means across double-scored runs. Error bars
are 95% cluster-bootstrap confidence intervals resampling the ten scenarios.
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Figure 2

Scenario-level completion. Positive-sentinel completion for each model across the ten crisis scenarios,
showing variation both between models and across scenarios.
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Figure 3

Run-to-run instability. (A) Standard deviation of per-run completion across the three runs of each model-
scenario combination. (B) Mean absolute change in completion between repeated runs of the same
model, with 95% cluster-bootstrap confidence intervals resampling the ten scenarios. The overlapping
intervals indicate the models cannot be ranked by stability.
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Figure 4

Failure taxonomy. (A) Positive-sentinel omission rate by cross-crisis safety axis for each model. (B)
Omission rate by deterioration phase. Error bars are 95% cluster-bootstrap confidence intervals. The
activate-algorithm axis rests on six to seven observations per model and is shown as directional.
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