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Abstract

Simulated-patient benchmarks are widely used
to evaluate clinical AI agents, yet the patient
simulator itself can alter the evidence avail-
able to the agent and therefore the conclusions
drawn from the benchmark. We introduce
PULSE-CARE, a measurement-validity audit
for simulated-patient clinical-agent evaluation
that quantifies sensitivity to patient simulator
behavior, agent architecture, simulator back-
bone, scorer choice, and demographic fram-
ing. Across 24 synthetic longitudinal cases,
four dynamic simulator variants, three agent
models, and two architectures, the mean per-
case score range across simulators is 0.25 (95%
CI: 0.21–0.29), and escalation decisions differ
across simulator conditions for 60% of agent–
case pairs. A 392-trajectory repeated-sampling
analysis shows that simulator effects persist
after pooling repeated draws, while also reveal-
ing substantial within-policy stochastic vari-
ation. Nominal model rank reversals occur
in 17% of comparisons but disappear under a
0.05 practical-difference margin. Demographic
counterfactuals change escalation in 26% of
matched pairs, essentially the same rate as the
same-input repeated-sampling control, provid-
ing no evidence of a demographic effect in
this audit. PULSE-CARE combines simulator-
sensitivity metrics, EFI composite indices, Pa-
tient Simulator Cards, and an Audit Report
template to make the measurement conditions
behind simulated-patient benchmark results ex-
plicit. Our results show that clinical-agent per-
formance reported from a single patient sim-
ulator should be interpreted as conditional on
the simulator and evaluation pipeline used to
obtain it.

1 Introduction

Simulated-patient dialogues are now used to eval-
uate clinical AI agents in settings where the

*Equal contribution; corresponding authors.

agent must obtain information through interac-
tion (Schmidgall et al., 2024; Tu et al., 2024). In
such benchmarks, the simulator determines which
clinical facts are available to the agent, when they
become available, and how they are expressed. Dif-
ferences in disclosure can therefore alter the ev-
idence on which the agent acts. For example, a
safety-critical symptom may be volunteered under
one simulator policy but disclosed only after a tar-
geted question under another. This dependence
makes simulator design part of the benchmark’s
measurement procedure. A cooperative simulator
emphasizes reasoning over readily available infor-
mation, whereas a sparse simulator places greater
weight on active elicitation. Construct validity con-
cerns whether an evaluation measures the capability
it is intended to measure (Messick, 1989); for in-
teractive clinical-agent benchmarks, that question
therefore includes the simulator used to mediate
access to clinical evidence. Scores, rankings, and
escalation decisions may reflect properties of the
agent, the simulator, and the scorer jointly, rather
than the evaluated agent in isolation.

We introduce PULSE-CARE: a measurement-
validity audit for simulated-patient clinical-agent
evaluation. PULSE-CARE holds the clinical case
fixed while varying patient simulator behavior,
agent architecture, simulator backbone, scorer runs,
and demographic framing. We evaluate PULSE-
CARE on 24 synthetic longitudinal clinical cases
spanning cardiology, infectious disease, medica-
tion safety, mental health, and primary care. Each
case unfolds over three visits and includes hid-
den clinical facts, safety-relevant updates, and a
ground-truth escalation label. We compare four
dynamic patient simulators—cooperative, sparse,
verbose, and low-health-literacy—with a static full-
information baseline, across three agent models
and two architectures, yielding 1,542 scored tra-
jectories. Appendices A–G provide the metric
dashboard, case-library schema, Patient Simula-
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tor Cards, audit-report template, implementation
details, the multi-seed, factorial, and demographic-
control analyses, and qualitative trajectory exam-
ples.

The audit shows that simulator choice substan-
tially changes benchmark conclusions. With agent,
case, and scorer fixed, the mean per-case score
sensitivity is 0.25, a 25-point normalized score
swing across simulator conditions. Safety conclu-
sions are also unstable: escalation decisions dif-
fer across simulators in 60% of agent–case pairs,
and emergency miss rates range from 0% under
the low-health-literacy simulator to 29% under
the sparse simulator. A 392-trajectory multi-seed
subset identifies a reproducible between-simulator
component beyond within-policy sampling varia-
tion, while also showing that stochasticity accounts
for a substantial share of the observed fragility: es-
calation differs across simulators in 59% of condi-
tions against a 34% same-input repeated-sampling
floor, and within the repeated-sampling subset the
between-simulator score range exceeds the within-
policy range by 0.048. We therefore report SS, EI,
and RFR as estimates of observed measurement
fragility under the current sampling protocol, not
as pure simulator-policy effects (§6.9).

The robustness analyses also qualify two head-
line results. The nominal rank-flip rate is 17%, but
it falls to zero when reversals smaller than a 0.05
practical-difference margin are excluded. In the
demographic audit, escalation differs in 26% of
matched counterfactual pairs, while an identical-
framing repeated-sampling control produces essen-
tially the same rate. We therefore interpret the for-
mer as sub-margin ranking variation and the latter
as output instability that cannot be attributed to de-
mographic framing with the present design. These
controls illustrate why fragility estimates should
be reported together with the variation expected
under an appropriate null. A cooperative simu-
lator can hide failures to elicit sparse-disclosure
red flags; a sparse simulator can expose them; and
an automatic scorer can change pass/fail conclu-
sions near the decision boundary. Clinical-agent
evaluations should therefore report not only model
performance, but also the measurement conditions
under which that performance was obtained.

Contribution. PULSE-CARE recasts simulated-
patient clinical-agent evaluation as a measurement-
system problem rather than an agent-only bench-
mark. It formalizes simulator-induced fragility as
a validity threat, operationalizes that threat through

metrics for score, ranking, safety, leakage, demo-
graphic, backbone, scorer, and coordination sen-
sitivity, and introduces Patient Simulator Cards
and a PULSE-CARE Audit Report template for
documenting the conditions under which bench-
mark claims hold. The empirical study shows
that clinical-agent scores and escalation decisions
change substantially under plausible simulator vari-
ations, and it supplies the same-input nulls and
repeated-sampling controls needed to separate sim-
ulator effects from variation under a fixed condi-
tion.

2 Background and Related Work

2.1 Medical LLM Evaluation
Clinical LLM evaluation has evolved from static
multiple-choice benchmarks (Jin et al., 2021; Pal
et al., 2022) to frontier-model assessments on li-
censing examinations (Singhal et al., 2023; Nori
et al., 2023) and physician-rubric evaluation of
open-ended health conversations (Arora et al.,
2025; Thirunavukarasu et al., 2023).

2.2 Interactive Clinical-Agent Benchmarks
Interactive benchmarks extend static evaluation
to settings requiring dialogue, information gather-
ing, or action in clinical environments (Schmidgall
et al., 2024; Li et al., 2024; Jiang et al., 2025; Liu
et al., 2026; Zhou et al., 2026; Gong et al., 2026;
Lim et al., 2025). Kyung et al. (2025) show that
simulator dimensions such as literacy, cooperative-
ness, and expressiveness are controllable, but do
not audit how changing those dimensions alters
benchmark scores, rankings, or safety conclusions.
PULSE-CARE examines how such simulator varia-
tions propagate to benchmark scores, rankings, and
escalation outcomes. The closest competing work,
MedDialBench (Luo et al., 2026), tests adversar-
ial patient behaviors; PULSE-CARE instead audits
plausible stylistic variants that benchmark design-
ers may otherwise treat as neutral implementation
choices.

2.3 Benchmark Validity and Measurement
Fragility

Construct validity (Messick, 1989; Cronbach and
Meehl, 1955) is well established in educational
testing but only recently applied to NLP evalua-
tion, where annotation artifacts (Gururangan et al.,
2018), contrast sets (Gardner et al., 2020), behav-
ioral testing (Ribeiro et al., 2020), and prompt sen-
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sitivity (Liang et al., 2023; Mizrahi et al., 2024;
Lunardi et al., 2025) have all revealed fragility
in apparent performance. In medical education,
standardized-patient assessment scores can vary
across SPs and scenarios (Haruta et al., 2024; Liew
et al., 2025) and AI-based scoring can differ from
physician evaluation (Yokose et al., 2025). LLM
judges also exhibit systematic biases (Zheng et al.,
2023; Liu et al., 2023; Chiang and Lee, 2023; Chen
et al., 2026). Recent work argues that construct
validity should become a first-class criterion for
LLM benchmark design (Johri et al., 2025; Bean
et al., 2025; Alaa et al., 2025; Dutta and Kandala,
2026). PULSE-CARE operationalizes this position
by treating simulator behavior, scorer behavior, and
architecture choice as measurable sources of valid-
ity threat. Unlike robustness tests that perturb the
wording of a fixed input, PULSE-CARE varies how
an interactive simulator mediates access to task-
relevant evidence. Simulator design is therefore
included as part of the measurement procedure be-
ing audited.

2.4 Safety and Escalation in Clinical-Agent
Evaluation

Final-answer accuracy is insufficient as a safety
criterion: multi-turn evaluation must explicitly as-
sess escalation and uncertainty (Tu et al., 2024;
Johri et al., 2025; McDuff et al., 2025). Syco-
phancy (Chen et al., 2025; Peng et al., 2026), de-
clining safety-messaging quality (Sharma et al.,
2025), and systematic triage gaps (Molina et al.,
2025) show that clinical-agent safety cannot be
reduced to final-answer accuracy. PULSE-CARE

targets the simulator-conditioned component of this
problem: whether escalation and emergency-miss
conclusions change when patient disclosure, ver-
bosity, or health literacy changes while clinical
ground truth remains fixed.

2.5 Fairness and Action Disparity
Sociodemographic disparities have been docu-
mented in clinical algorithms and LLM recommen-
dations (Obermeyer et al., 2019; Omar et al., 2025,
2026), and patient demographic framing affects
standardized-patient assessment scores even when
clinical content is identical (Brown et al., 2025).
PULSE-CARE’s CAD metric operationalizes this
at the action level: whether escalation decisions
change under demographic counterfactual swaps
while all clinical facts are held fixed.

3 The PULSE-CARE Framework

3.1 Problem Formulation
Let a=(m,h) denote an evaluated agent sys-
tem, where m is the model backbone and h ∈
{single, team} is the architecture; let c, s, r denote
case, simulator, and scorer. A trajectory τ(a, c, s)
is scored as ϕ(a, c, s, r) = r(τ(a, c, s), c) ∈ [0, 1].
Published benchmarks assume ϕ depends primarily
on a and c, the simulator-neutrality assumption.
PULSE-CARE tests this by holding a, c, r fixed and
measuring ∆ϕ(a, c) = maxs ϕ − mins ϕ; if the
assumption holds, ∆ϕ ≈ 0.

3.2 Validity-Threat Taxonomy
We identify five simulator-induced validity threats,
with the metrics that operationalize each. T1 Elic-
itation difficulty: withheld facts penalize agents
that rely on volunteered information (SS, RFR,
RI). T2 Information leakage: proactive disclosure
inflates scores without genuine elicitation (SLR,
DF). T3 Style facilitation: cooperative phrasing
lifts scores even without leakage (SS). T4 Esca-
lation sensitivity: a simulator-dependent clinical
picture changes the same agent’s safety classifica-
tion (EI, EMR). T5 Demographic framing: pa-
tient background shifts decisions despite identical
clinical facts (CAD).

3.3 Patient Simulator Variants
We instantiate S as four dynamic patient
simulators—cooperative, sparse, verbose, and low-
health-literacy—and one static full-information
baseline, documented via Patient Simulator Cards
(Appendix C, Table 6), analogous to Model
Cards (Mitchell et al., 2019). The dynamic vari-
ants span 7.9–141.2 observed words per turn and
Flesch–Kincaid grade 1.7–5.7; the static baseline
presents the full structured vignette and so volun-
teers every fact by construction. All variants hold
clinical ground truth fixed; only the communication
envelope changes.

3.4 PULSE-CARE Audit Report
We propose that benchmark papers include a
PULSE-CARE Audit Report documenting the sim-
ulator variant and its Card, SS and EMR across
≥2 simulator conditions, SLR as a leakage bound,
and demographic counterfactual metrics with their
aggregation unit and same-input null (Gebru et al.,
2021). A template is released with the code.1 Ap-

1https://github.com/mishradinky/pulse-care/
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pendix D provides a reusable PULSE-CARE Audit
Report template for benchmark authors.

3.5 Interpreting a PULSE-CARE Audit
PULSE-CARE is a measurement-validity audit: its
purpose is to determine whether conclusions drawn
from simulated-patient evaluation remain stable
when the patient simulator, agent architecture,
scorer, or demographic framing changes. The au-
dit is intended to characterize the conditions un-
der which a benchmark conclusion remains stable.
When scores, rankings, or escalation decisions vary
across simulator policies, backbones, scorers, or
demographic framings, the corresponding bench-
mark claim should be reported as conditional on
those measurement choices.

A PULSE-CARE Audit Report therefore records
both the evaluation result and the conditions under
which it was obtained. We recommend reporting
the simulator specification, the relevant fragility
metrics and controls, scorer agreement where ap-
plicable, and any conditions for which the available
evidence is insufficient. This information allows
readers to distinguish conclusions that are stable
across the audited configurations from those that
depend on a particular evaluation setup.

4 Experimental Design

PULSE-CARE audits whether simulated-patient
evaluation conclusions are stable under controlled
changes to the measurement apparatus. The
design principle is to hold the hidden clinical
truth, case structure, scoring rubric, and agent
model fixed while varying the patient simula-
tor policy, agent architecture, demographic fram-
ing, simulator backbone, or scorer run. This iso-
lates whether apparent clinical competence is at-
tributable to the agent alone or to the particular
simulator–architecture–scorer configuration used
to measure it.

4.1 Longitudinal Clinical Cases
We construct 24 synthetic longitudinal clinical
cases across 5 categories: cardiology (5), infec-
tious disease (5), medication safety (5), mental
health (4), and primary care (5). Each case un-
folds over three sequential visits and specifies: a
patient presentation, critical elicitation facts, a 4-
point ground-truth escalation level (routine to
emergency_911), a static vignette, and three demo-
graphic framings (BASELINE, MINORITY_SWAP,

SES_SWAP). Appendix B summarizes representa-
tive cases and the case-library schema, including
visit structure, critical elicitation facts, escalation
labels, and demographic counterfactual fields. The
three-visit structure is designed to test longitudinal
clinical competence rather than single-turn answer
quality. Visit 1 begins with an incomplete com-
plaint; Visit 2 introduces clinically meaningful new
information; Visit 3 introduces a safety-relevant
update that may require revising the differential
diagnosis, management plan, or escalation deci-
sion. High-acuity cases include STEMI trajecto-
ries, active suicidal ideation with firearm access,
and severe anticoagulant toxicity.

4.2 Agent Models, Architectures, and Scorers
Agent models: Claude Haiku 4.5
(claude-haiku-4-5-20251001, T=0.1), GPT-
4o (gpt-4o, T=0.1), and Mistral-Small 3.2
(mistral-small-2506, T=0.15), served over an
OpenAI-compatible endpoint (Kwon et al., 2023).2

Architectures: (1) single-agent, one model with
a fixed system prompt; (2) 4-role team—clinician,
pharmacist/nurse, safety-checker, and coordinator,
the last synthesizing outputs with a mandatory
evidence-trace field.

Simulator and scorers: The simulator runs
Claude Haiku 4.5 (T=0.7); a matched backbone-
sensitivity subset holds the Simulator Card fixed
and swaps in GPT-4o or Claude Sonnet 4.6. The
task scorer is Claude Haiku 4.5 (T=0.0) on the 7-
item rubric, with GPT-4o as an independent second
scorer on 60 trajectories; a separate leakage scorer
assigns ℓ ∈ {0, 1, 2} per trajectory. Full settings
are in Appendix E.

4.3 Conversation Protocol
Each trajectory runs the case’s three visits with up
to five follow-up questions per visit and a global
cap of fifteen agent turns, so elicitation operates un-
der a fixed budget. Repeated API calls use the
providers’ default stochastic sampling; no API-
level seed is supplied. We treat these as separate
stochastic draws and retain “multi-seed” as anal-
ysis nomenclature, though the repetitions are not
reproducible seed-controlled runs (§6.9). In total,
1,542 trajectories were generated (Table 1); head-
line metrics use the 576 main runs, and the rest

2Extension runs use mistral-small-2603 (Mistral
Small 4): the 2506 checkpoint was withdrawn before they
were generated. We disclose this model-version change as
one reason the extensions are robustness analyses, not replace-
ments for the headline numbers.
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support the robustness analyses in §6.9, §6.10, and
Appendix F. Remaining settings are in Appendix E.

Run type Formula Count

Main (single-agent) 24× 4 sim ×3 models 288
Main (team) 24× 4 sim ×3 models 288
Static baseline 24× 2 arch ×3 models 144
Multi-seed extension 294 newly generated tra-

jectories across 156 sam-
pled conditions

294

Fairness 12× 2 swaps ×2 arch ×3
models

144

Backbone sensitivity 8× 4 sim ×3 models × 2
backbones

192

Factorial 8 cases × 8 cells ×3 mod-
els

192

Total 1,542

Table 1: Trajectory counts by run type. Fairness runs
reuse the main-run BASELINE as their matched arm.
The multi-seed analysis combines these 294 extension
trajectories with 98 reused main-run trajectories, giving
392 trajectories across 156 conditions (§6.9). Backbone
and factorial runs are single-agent.

5 Metrics and Validity Indices

Metrics operate over trajectories indexed by
(a, c, s), where a=(m,h) as defined in §3.1.
Scores ϕ(a, c, s) ∈ [0, 1] are from a 7-item rubric
(history taking, differential breadth, red-flag recog-
nition, workup, management, safety, communica-
tion). Each item is scored 0 or 1, items are equally
weighted, and ϕ is the item total divided by seven;
Appendix E gives the full item list, the scoring
procedure, and the anchoring limitation. Boot-
strap 95% CIs use 1,000 case-level resamples. Ap-
pendix A reports the full PULSE-CARE metric dash-
board with confidence intervals and interpretations
for all headline metrics.

5.1 Primary Fragility Metrics
Score Sensitivity (SS). Per-case score range
across dynamic simulators; mean SS = 0 is perfect
neutrality.

SS(a, c) = max
s∈Sdyn

ϕ(a, c, s)− min
s∈Sdyn

ϕ(a, c, s) (1)

Ranking Instability (RI). Mean normalized
Kendall-τ distance dτ = 1−τ

2 across all simula-
tor pairs; RI = 0 means identical rankings.

Rank Flip Rate (RFR). Fraction of (model-pair,
simulator-pair) comparisons where the pairwise or-
dering of mean scores reverses: flip = 1[∆s∆s′ <
0], ∆s = ϕ̄(mi, s)− ϕ̄(mj , s).

Escalation Instability (EI). Fraction of (agent,
case) pairs where escalation e(a, c, s) differs across
≥2 simulators.

EI(a, c) = 1
[︁
∃ s, s′∈Sdyn: e(a, c, s)̸=e(a, c, s′)

]︁

(2)

Emergency Miss Rate (EMR). Fraction of
(agent, emergency case) observations (e∗(c) = 3)
that are under-escalated (24 per simulator):

EMR(s) =
|{(a, c) : e∗(c)=3, e(a, c, s)̸=3}|

|{(a, c) : e∗(c)=3}|
(3)

Severe Leakage Rate (SLR). Fraction of trajec-
tories where the leakage scorer assigns the severe
level ℓ = 2 (proactive ground-truth disclosure):
SLR(s) = |Ts|−1

∑︁
1[ℓ(a, c, s) = 2].

Disclosure Failure Rate (DF). Frac-
tion of trajectories where no critical
fact is fully elicited: DF(a, c, s) =
1[no critical fact elicited in τ(a, c, s)].

5.2 Secondary Audit Metrics
Counterfactual Action Disparity (CAD).
Three demographic framings per triple (BASELINE,
MINORITY_SWAP, SES_SWAP). We report three
distinct quantities under separate names, since they
are easily conflated. CAD-ANY (group level) is
the fraction of (case, model, architecture) groups
where maxd e(a, c, s, d) ̸= mind e(a, c, s, d).
CAD-PAIR is the fraction of matched (BASELINE,
swap) trajectory pairs whose escalation differs;
it is deterministic and is the quantity entering
EFI-FULL. CAD-JUDGE is the fraction of those
pairs an LLM disparity judge rates a “major”
disparity, at the judge’s own threshold. The three
have different denominators (72, 144, and 144)
and are not interchangeable; Table 9 states each
one’s numerator, denominator, and run subset.

Backbone Sensitivity (BBS), Coordination
Trace Loss (CTL), Scorer Pass/Fail Dis-
agreement (SPFD). BBS is the mean of⃓⃓
ϕHaiku(a, c, s) − ϕb(a, c, s)

⃓⃓
over matched cells,

averaged over the alternative simulator backbones
b. CTL is the fraction of team trajectories in
which the role-contribution trace is absent or any re-
quired contribution (clinician, safety-checker, phar-
macist/nurse) is degenerate. SPFD is the fraction
of cross-scored trajectories on which the primary
and second scorers disagree on the binary pass/fail
decision (ϕ ≥ 0.5).
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5.3 Composite Validity Indices
EFI-CORE and EFI-FULL are dashboard sum-
maries rather than replacements for the component
metrics. We report disaggregated metrics first be-
cause a low composite score can mask a clinically
important failure mode such as emergency under-
escalation. Let C denote the five core fragility met-
rics (SS, RI, EI, EMR, SLR) and F the full set,
which adds CAD-PAIR, BBS, SPFD, and CTL.
Each M is the aggregate of metric M over its own
unit of analysis and run subset (Table 9); the com-
ponents do not all share a denominator, and EFI-
FULL uses CAD-PAIR, not CAD-ANY or CAD-
JUDGE.

EFI-CORE =
1

5

∑︂

M∈C
M (4)

EFI-FULL =
1

9

∑︂

M∈F
M (5)

6 Results

6.1 Static vs. Interactive Evaluation
The static baseline removes the central difficulty of
simulated-patient evaluation: deciding what infor-
mation to elicit. By construction the static vignette
presents all critical facts upfront, so the static base-
line has DF = 0; the interactive setting requires
the agent to recover those facts through dialogue,
giving DF = 0.38 (95% CI [0.25, 0.50]). The two
settings therefore measure different constructs: a
full-information vignette cannot measure an agent’s
information-gathering behavior. Mean interactive
performance also varies by simulator (Table 2),
with a larger per-case range than those aggregate
means suggest (§6.2).

6.2 Simulator-Dependent Score Variation
Table 2 shows mean scores by simulator and model.
Claude Haiku 4.5 leads under every simulator
(0.68–0.81); GPT-4o and Mistral-Small are close
under cooperative (0.57 vs. 0.55) but diverge under
sparse (0.53 vs. 0.41, ∆=0.12). SS = 0.25 (95%
CI: 0.21–0.29): the mean per-case score range
across the four dynamic simulator conditions is
0.25. Within the repeated-sampling subset, the
between-simulator range exceeds the within-policy
range by 0.048 (§6.9).

Model Coop Sparse Verb LHL SS†

Claude Haiku 4.5 0.78 0.68 0.81 0.81 0.12
GPT-4o 0.57 0.53 0.59 0.55 0.06
Mistral-Small 0.55 0.41 0.58 0.58 0.17

Mean 0.63 0.54 0.66 0.65 0.12

Table 2: Mean normalized scores by simulator and
model, averaged over both architectures and all cases.
SS† is the range of the four simulator means, computed
before rounding; displayed means are rounded to two
decimals.

6.3 Ranking Stability under Practical
Margins

Claude Haiku 4.5 ranks first under all simulators.
Instability concentrates at positions 2–3: GPT-4o
leads Mistral-Small under cooperative, sparse, and
verbose, and the ordering reverses only under LHL.
The gap is negligible under cooperative (+0.02)
and verbose (+0.01) and widens only under sparse
(+0.12), where Mistral-Small is most sensitive to
withheld information.

RFR= 0.17 and RI= 0.17; all reversals involve
GPT-4o and Mistral-Small, whose gap is statisti-
cally resolved only under sparse (+0.12, 95% CI:
0.05–0.18). Applying a practical-difference mar-
gin reduces RFR to 0.11 at δ=0.02 and to 0.00
at δ=0.05, the latter below the 0.12 within-policy
range of §6.9 (Table 14). The nominal reversals are
therefore confined to comparisons between GPT-4o
and Mistral-Small in regimes where their score dif-
ferences are small. Claude Haiku 4.5 remains first
under every simulator condition, while the order-
ing of the two lower-scoring models is not resolved
robustly by the present evaluation.

6.4 Simulator-Dependent Escalation
Table 3 shows different escalation profiles across
simulator conditions. Under sparse, under-
escalation is highest (33%) and EMR reaches 29%
(7/24); the sparse Card never volunteers critical
facts, so they are elicited only on request. Un-
der LHL, under-escalation falls to 19% while over-
escalation rises to 47% and EMR is 0/24. The
cooperative condition lies between the two, with
EMR = 21% (5/24), so a cooperative-only eval-
uation would report neither extreme. EI = 0.60:
in over half of (agent, case) pairs the escalation
decision changes across simulators. 4 of 24 cases
carry emergency_911 ground truth: 2 cardiology,
1 infectious disease, 1 primary care; all four con-
tribute to EMR under sparse. With 24 (agent, case)
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Simulator Under Exact Over EMR (%)

Cooperative 0.29 0.40 0.31 21 (5/24)
Sparse 0.33 0.44 0.23 29 (7/24)
Verbose 0.26 0.38 0.37 8 (2/24)
LHL 0.19 0.34 0.47 0 (0/24)

Table 3: Escalation outcomes by simulator, averaged
over models and architectures.

observations per simulator, these rates rest on four
synthetic cases and are not deployment safety esti-
mates; the difference across simulators is nonethe-
less significant (Cochran’s Q, p=0.009; per-case
counts in Appendix F).

6.5 Leakage and Disclosure Profiles
Leakage and disclosure failure reveal opposite sim-
ulator artifacts. Leakage is highest under verbose
(9.7%), not cooperative (7.6%): multi-clause anec-
dotal turns embed clinical facts the agent never
asked for. Aggregate SLR = 0.05 (95% CI: 0.03–
0.08). By contrast, DF is highest under sparse
(0.41) and lowest under cooperative (0.33).

6.6 Demographic Counterfactuals and
Sampling Variation

CAD-ANY = 0.38 (95% CI: 0.26–0.50): 27 of 72
(case, model, architecture) groups contain at least
one demographic framing that changes the esca-
lation decision. At the matched-pair level, CAD-
PAIR is 0.257 (37/144, 95% CI: 0.15–0.38), with
rates of 0.29 for MINORITY_SWAP and 0.22 for
SES_SWAP. CAD-PAIR is the demographic compo-
nent used in EFI-FULL. These runs use the coop-
erative simulator, 12 cases, both architectures, and
all three models. The same-input control places
this variation in context. Repeating the BASELINE

framing produces an escalation difference in 0.255
of 196 matched repeated-sampling pairs, compared
with 0.257 for the demographic counterfactuals;
the excess is 0.002 (permutation p=0.53). The dis-
parity judge shows similar behavior, rating 54.9%
of demographic-counterfactual pairs and 52.6% of
same-input repeated-sampling pairs as “major” dis-
parities. At the present sample size, the observed
pair-level demographic rate is therefore indistin-
guishable from ordinary output variation under re-
peated sampling.

The counterfactual construction holds the clin-
ical narrative, hidden facts, visit updates, and
ground-truth escalation label fixed while changing
only the specified demographic descriptors. The

demographic framing is supplied to the agent rather
than to the patient simulator, so simulator behav-
ior is held fixed within each matched comparison.
The disparity analysis uses one judge model; repli-
cation across judge models would be required to
characterize judge dependence.

6.7 Team Architecture and Sensitivity
The single-agent architecture scores higher than
the 4-role team across all dynamic simulators (0.64
vs. 0.60) and has lower SS (0.22 vs. 0.27), so
role specialization neither improves average per-
formance nor buffers simulator-induced variability
in our runs. Both differences are smaller than the
0.12 within-policy sampling range of §6.9. Multi-
agent evaluation does add one measurement dimen-
sion single-agent evaluation lacks: coordination
integrity. Role traces were complete in every main
team trajectory (0/288); across all 579 team tra-
jectories, CTL = 0.007 (4/579) — a degenerate
contribution from one non-coordinator role (Ap-
pendix G, Example 5).

6.8 Simulator Backbone and Scorer
Sensitivity

Holding the Patient Simulator Card fixed, changing
the simulator backbone gives BBS = 0.12 (95%
CI: 0.10–0.14) over 192 matched backbone com-
parisons (96 per alternative backbone), with mean
absolute score changes of 0.124 for GPT-4o and
0.113 for Claude Sonnet 4.6. Simulator behavior is
therefore determined jointly by the policy specifi-
cation and the model used to instantiate it.

Scorer choice also changes benchmark outcomes.
On the 60-trajectory cross-scorer subset, Claude
Haiku 4.5 and GPT-4o disagree on the binary
pass/fail decision for 20% of trajectories (SPFD
= 0.20), with Cohen’s κ = 0.12 and score correla-
tion r = 0.52. Because Claude Haiku 4.5 is also
one of the evaluated agents, we tested for scorer–
agent interaction. Claude Haiku 4.5 assigns lower
scores than GPT-4o to all three evaluated agents
by 0.16–0.19, with no detectable agent × scorer
interaction (p=0.66). EI, EMR, CAD-ANY, and
CAD-PAIR are computed directly from the agent’s
escalation output and do not use the task scorer;
CAD-JUDGE uses the separate disparity judge.

6.9 Simulator Effects under Repeated
Sampling

Because the simulator runs at T=0.7 and the main
experiment contains one stochastic draw per cell,
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the headline SS and EI values combine between-
policy variation with variation across repeated sam-
ples from the same policy. We therefore analyze
a repeated-sampling subset comprising 392 trajec-
tories across 156 (case, simulator, model, architec-
ture) conditions, spanning 14 cases, all four dy-
namic simulators, all three agent models, and both
architectures (Table 10).

Between-simulator variation exceeds within-
policy variation. On scores averaged across re-
peated samples, the mean per-case range between
simulators is 0.171, larger than the 0.123 mean
range across repeated samples from the same simu-
lator, leaving a noise-adjusted score sensitivity of
0.048 (Table 10). Pooling repeated samples, the
simulator main effect on normalized score remains
significant (F=1.93, p=0.0002, η2sim=0.47). Es-
calation decisions show the same ordering: esca-
lation differs across simulator conditions in 58.9%
of comparisons, compared with 34.0% across re-
peated samples from the same simulator.

Within-policy stochasticity remains substan-
tial. The within-policy component is nevertheless
large relative to the between-simulator variation,
and the simulator effect reaches individual signif-
icance in only a minority of the stratified analy-
ses. The headline SS and EI values should there-
fore be interpreted as observed fragility under the
benchmark’s single-sample protocol rather than as
estimates of a simulator-policy effect alone. The
repeated-sampling analysis supports a simulator-
dependent component while showing that stochas-
tic generation accounts for a substantial share of
the variation observed in a single run.

6.10 Which Simulator Properties Drive the
Effect?

The named simulators vary several properties at
once, so we cannot attribute fragility to a spe-
cific communication feature. We therefore ran a
24−1 fractional factorial over the four properties
the Cards specify separately—high verbosity, with-
holding of volunteered facts, low health literacy,
and narrative distractors—across 8 cells, 8 cases,
and all three agent models (192 single-agent tra-
jectories). No property shows a significant main
effect (Table 11): the largest score coefficient is ver-
bosity (+0.039, 95% CI [−0.004, 0.081], p=0.12),
the other three fall within ±0.03 of zero, under-
escalation and disclosure failure show the same
pattern, and cell means span only 0.68–0.74. The
subset is powered only for large main effects and

Figure 1: Evaluation Fragility Index breakdown. EI
(0.60) is the dominant contributor; CTL (0.007) is the
smallest, followed by SLR (0.05). EFI-CORE = 0.24
and EFI-FULL = 0.20; EFI-FULL uses CAD-PAIR.

the fractional design aliases two-factor interactions,
so these nulls neither identify a single property
as the source of the variation in the main experi-
ment nor exclude smaller effects or interactions;
causal attribution would require a fully crossed de-
sign. We therefore read the four named variants as
composite communication conditions rather than
isolated property manipulations.

6.11 Composite Fragility Scores Can Obscure
Safety-Critical Failures

Composite indices summarize measurement
fragility but should not replace component-level
reporting. In our audit, EFI-CORE = 0.24
(95% CI: 0.20–0.28) and EFI-FULL = 0.20
(95% CI: 0.17–0.23), the latter computed with
CAD-PAIR (Figure 1). The dominant contributor
is EI (0.60, T4), followed by SS (0.25, T1). CAD
is large at both the pair and judge levels but sits
at its own same-input null (§6.6)—exactly the
component-level qualification a single composite
number hides. DF (0.38) is reported separately
and is deliberately not an index component, since
a high disclosure-failure rate is a property of
the elicitation task rather than of measurement
fragility.

7 Discussion

Implications for Simulated-Patient Benchmark
Design. The results show that simulated-patient
benchmark outcomes depend on more than the
evaluated agent. Simulator policy changes both
scores and escalation decisions; changing the simu-
lator backbone alters scores under the same Patient
Simulator Card; and the two task scorers disagree
on 20% of pass/fail decisions. Simulator policy,
simulator backbone, scorer, and agent architecture
should therefore be treated as part of the benchmark
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specification. The repeated-sampling and ranking
analyses further show that fragility estimates are
most informative when reported with controls for
stochastic variation and practically negligible score
differences.

Simulator Reporting. Patient Simulator Cards
and the PULSE-CARE Audit Report provide a struc-
tured record of these measurement conditions. The
Cards document communication policy, including
disclosure policy, vocabulary, verbosity, readabil-
ity, leakage risk, and state-fidelity rules, while the
Audit Report records simulator backbone, scorer,
and robustness results separately. The variation
observed across simulator and scorer conditions
provides a practical basis for documenting these
settings; evaluating the reporting format itself will
require a separate study with intended users.

Ecological and Clinical Interpretation. The
simulator variants expose a practical tension in
benchmark design: patient communication style
changes what evidence becomes available to the
agent, even when the underlying clinical case is
unchanged. Sparse, verbose, cooperative, and low-
health-literacy conditions therefore probe different
demands on elicitation and decision-making rather
than interchangeable surface styles. This helps
explain why simulator sensitivity appears in both
scores and escalation outcomes, and why a single
patient-simulation policy can give an incomplete
picture of agent performance.

Demographic and Generalizability Results.
The demographic counterfactual rate is essentially
identical to the same-input repeated-sampling rate
(25.7% vs. 25.5%), so the present analysis identi-
fies output instability rather than a demographic
effect. Simulator sensitivity is observed across six
agent configurations spanning Anthropic, OpenAI,
and Mistral models, but the study still covers only
three agent backbones, one synthetic case library,
and one simulator family. The magnitude of these
effects in other clinical-agent benchmarks remains
an empirical question.

Measurement-System Perspective. The experi-
ments support treating simulated-patient evaluation
as a measurement system in which the observed re-
sult depends jointly on the agent, simulator, scorer,
and interaction protocol. A benchmark score there-
fore characterizes performance under a specified
evaluation configuration. Confidence in a bench-
mark conclusion increases when that conclusion
remains stable across reasonable changes to the
simulator, scorer, and sampling conditions.

8 Conclusion

PULSE-CARE evaluates the stability of simulated-
patient clinical-agent benchmarks under changes
to the patient simulator and other components of
the evaluation pipeline. In the audited configura-
tion, the mean per-case score range across dynamic
simulators is 0.25, and escalation decisions vary
across simulator conditions for 60% of agent–case
pairs. The repeated-sampling analysis identifies a
simulator-dependent component while also show-
ing substantial stochastic variation within a fixed
simulator policy. The robustness analyses qualify
two other headline quantities: nominal rank re-
versals disappear under a 0.05 practical-difference
margin, and the pair-level demographic counter-
factual rate is essentially equal to its same-input
repeated-sampling control.

The reported magnitudes are specific to the au-
dited configuration; benchmarks built on different
cases, simulators, agents, or scorers must estimate
their own sensitivity. The broader conclusion con-
cerns the structure of the measurement problem:
performance observed under a single simulator is
conditional on the measurement conditions under
which it was obtained.

The component analyses make that dependence
concrete. Sparse disclosure increases under-
escalation in the audited cases, low-health-literacy
simulation produces a different escalation pro-
file, the team architecture shows no reduction in
score sensitivity in these runs, simulator backbone
changes scores under the same Patient Simula-
tor Card, and SPFD = 0.20 shows that scorer
choice can alter pass/fail conclusions near the deci-
sion boundary. The repeated-sampling and demo-
graphic analyses further show why these quantities
require matched controls when stochastic variation
is non-negligible.

PULSE-CARE makes these measurement con-
ditions auditable through its metric suite, Patient
Simulator Cards, composite fragility indices, and
Audit Report template. The central recommen-
dation is: simulated-patient benchmarks should
report not only model performance, but also the
simulator, scorer, interaction protocol, and robust-
ness conditions under which that performance was
measured. Evaluation outcomes arise from an
agent–simulator–scorer measurement system, and
the strength of a benchmark claim depends on how
stable that outcome is across the relevant compo-
nents of that system.
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9 Limitations

The scope of this study is measurement validity
within a simulated-patient benchmark rather than
estimation of real-world clinical safety. The 24-
case synthetic library allows us to test whether eval-
uation outcomes change when components of the
measurement setup are varied, and the observed
effects establish that simulator and evaluation-
pipeline choices can alter scores and escalation
conclusions in the audited configuration. The
case library is not large or clinically representative
enough to estimate how frequently these effects
occur across clinical domains or how severe they
would be in deployment. Larger clinically reviewed
case libraries are therefore needed to characterize
prevalence and clinical significance rather than the
existence of the measurement phenomenon itself.

The main experiment contains one stochastic
trajectory for most (agent, case, simulator) cells.
The 392-trajectory repeated-sampling analysis ad-
dresses this limitation directly: between-simulator
variation remains detectable when repeated sam-
ples are pooled, while within-policy variation ac-
counts for a substantial portion of the single-sample
fragility. The headline SS and EI values should
consequently be interpreted as properties of the
benchmark’s single-sample measurement protocol
rather than as pure simulator-policy effects. A fully
crossed repeated-sampling experiment over all 24
cases would permit a more precise decomposition.
The factorial analysis is likewise powered primar-
ily for larger main effects and aliases two-factor
interactions, so its null coefficients constrain but
do not exclude smaller single-property or interac-
tion effects. The extension analyses also use a later
Mistral checkpoint than the main experiment, and
the corresponding Mistral rows are therefore not
strictly checkpoint-matched.

The task scores rely on LLM judges, and the syn-
thetic cases, critical facts, scoring criteria, and es-
calation labels have not been clinically adjudicated.
This limits clinical interpretation of the reported
scores and safety metrics but does not remove the
measurement comparison itself, because simulator
conditions are evaluated using the same case def-
initions and scoring procedure. The cross-scorer
experiment provides an empirical estimate of scorer
dependence: the two automatic scorers disagree on
20% of pass/fail decisions (κ = 0.12), with no de-
tectable agent × scorer interaction (p=0.66). In
addition, EI, EMR, CAD-ANY, and CAD-PAIR

are computed directly from the agent’s escalation
output and therefore do not use the task scorer.
Clinician adjudication remains necessary before
these quantities can support claims about clinical
correctness, deployment safety, or clinically mean-
ingful fairness effects.

Several secondary analyses have narrower cov-
erage than the main experiment. The demographic
audit uses the cooperative simulator, 12 cases, and
two counterfactual swap types; its pair-level rate
is indistinguishable from the same-input repeated-
sampling control, so the current data support a
conclusion about output instability rather than a
demographic effect. The disparity ratings use one
LLM judge and therefore do not characterize judge-
model sensitivity. EMR is estimated from four
emergency_911 cases (96 agent–case–simulator
observations), so the statistically significant dif-
ferences across simulator conditions should not
be read as prevalence estimates. The simulator-
backbone analysis covers a limited set of back-
bones, and EFI-CORE and EFI-FULL use equal
component weights without clinically validated
thresholds.

Taken together, these limitations mainly affect
how broadly the reported effects can be inter-
preted beyond the audited benchmark configuration.
Within that configuration, simulator policy, simula-
tor backbone, and scorer choice contribute measur-
able variation to benchmark outcomes, while the
two evaluated architectures produce different ob-
served score and sensitivity profiles. The repeated-
sampling analysis also shows that stochastic vari-
ation contributes materially to the observed effect
sizes. The present results therefore support conclu-
sions about measurement sensitivity within the au-
dited setup; estimating clinical risk, demographic
effects, prevalence across domains, or deployment
behavior requires broader clinically reviewed eval-
uation.

10 Ethical Considerations

This study uses synthetic clinical cases and
simulated-patient conversations; no real patient
records, protected health information, or patient
interactions are included. The experiments exam-
ine the stability of benchmark measurements rather
than the clinical performance of a deployed system.
The demographic counterfactuals represent sim-
plified changes to selected patient descriptors and
do not model the full social or structural context
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associated with patient identity. Future fairness-
oriented audits would benefit from participation by
clinicians, patients, and affected communities when
defining clinically meaningful counterfactuals and
interpreting their consequences. PULSE-CARE is
intended as a caution against overclaiming from
simulated-patient evaluations. Benchmark authors
should document simulator behavior, leakage and
disclosure patterns, scorer stability, and the scope
of claims supported by their results. For safety-
critical applications, simulated-patient audits form
one component of a broader evaluation process
that should also include clinician review, prospec-
tive evaluation, and appropriate deployment gover-
nance.
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Appendix Overview

The appendix provides the reusable artifacts behind
PULSE-CARE: the metric dashboard with confi-
dence intervals, representative cases from the lon-
gitudinal clinical case library, Patient Simulator
Cards, the audit-report template, and implementa-
tion details needed to reproduce the audit. These
materials are included to make the simulator, scorer,
and reporting assumptions explicit, since each is
part of the measurement apparatus in simulated-
patient clinical-agent evaluation.

A PULSE-CARE Metric Dashboard

Table 4 reports the headline PULSE-CARE met-
rics with 95% confidence intervals from 1,000
case-level bootstrap resamples. We report com-
ponent metrics rather than only composite indices
because the validity threats are not interchangeable:
a benchmark with moderate aggregate fragility
can still hide a safety-critical failure mode, such
as emergency under-escalation, demographic ac-
tion disparity, or scorer instability near a pass/fail
threshold.

B Clinical Case Library

The case library tests whether simulator-induced
variation changes clinical-agent evaluation out-
comes while the underlying clinical truth remains
fixed. Each case contains three sequential vis-
its, critical elicitation facts, safety-relevant red
flags where applicable, acceptable and unsafe ac-
tions, a ground-truth escalation label, a static full-
information vignette, and demographic counterfac-
tual fields. The cases are synthetic and contain no
real patient records. Table 5 summarizes represen-
tative cases.

Representative case type Ground truth

Cardiology (5 cases)
STEMI trajectory, 58M emergency_911
Massive PE (haemodynamic compromise, SpO2

84%), 48M
emergency_911

Infectious disease (5 cases)
Sepsis/urosepsis, 78F emergency_911
C. difficile colitis, 67M ed_referral

Medication safety (5 cases)
Warfarin–clarithromycin interaction, 68M ed_referral
Opioid use disorder, 35M urgent_outpatient

Mental health (4 cases)
Active suicidal ideation with firearm access, 28F ed_referral
Panic disorder with cardiac work-up, 45F ed_referral

Primary care (5 cases)
Hypothyroidism (Hashimoto’s), 38F routine
Poorly controlled T2DM (HbA1c 10.2%,

neuropathy), 45F
urgent_outpatient

Table 5: Representative cases from the 24-case synthetic
longitudinal library; parenthesised counts are the num-
ber of cases in each category. Each case unfolds across
three visits and is paired with four dynamic patient-
simulator variants and a static full-information vignette.
Ground-truth labels are used only for evaluation; simu-
lators do not reveal them to agents.

C Patient Simulator Cards

Patient Simulator Cards document the communica-
tion policy used to instantiate a simulated patient.
They make explicit the part of the evaluation in-
strument that is usually hidden in prompts: what
the patient volunteers, what they withhold, how
much detail they provide, and how closely their
language resembles patient communication. The
Cards do not replace empirical sensitivity analysis;
they make simulator assumptions auditable.

D Audit Report Template

Table 7 gives the reporting template we recommend
for simulated-patient clinical-agent benchmarks.
The purpose of the template is claim scoping: it
asks which benchmark conclusions are supported
by the audit, which are weakened by simulator
or scorer fragility, and which require additional
evidence.

E Implementation and Reproducibility
Details

Table 8 summarizes the implementation settings.
All trajectories use the same case library, simulator
cards, scoring rubric, and structured output schema.
The static full-information baseline is used only
as a non-interactive reference condition and is ex-
cluded from dynamic simulator-sensitivity metrics.

Scoring rubric. The task scorer receives the
case ground truth and the full trajectory and
returns a binary judgement on each of seven items:
history_taking, differential_breadth,
red_flag_recognition, appropriate_workup,
management_correctness, safety_check, and
communication. Items are equally weighted and
ϕ is the item total divided by seven, so ϕ takes
one of eight values in [0, 1] and a single item is
worth 0.14. The scorer also returns a free-text
justification, which we retain in the released data
but do not score.

The rubric specifies the seven item names and
provides the case ground truth, but it does not in-
clude item-specific scoring anchors or case-specific
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Metric Value CI lo CI hi Interpretation

Score Sensitivity (SS) 0.25 0.21 0.29 Mean per-case score range across dynamic simulator
variants.

Ranking Instability (RI) 0.17 0.00 0.22 Mean normalized Kendall distance between simulator-
induced rankings. With 3 models, RI ≡ RFR by con-
struction (both count inverted pairs out of

(︁
3
2

)︁
=3).

Rank Flip Rate (RFR) 0.17 0.00 0.22 Fraction of pairwise model comparisons whose winner
changes across simulator variants. See RI note above.

Escalation Instability (EI) 0.60 0.50 0.70 Fraction of agent–case pairs whose escalation decision
changes across simulator variants.

Emergency Miss Rate (EMR) 0.15 0.08 0.23 Rate at which emergency-ground-truth (agent, case) ob-
servations are not escalated to emergency care (14/96,
pooled over simulators).

Severe Leakage Rate (SLR) 0.05 0.03 0.08 Fraction of trajectories with proactive disclosure of
ground-truth information by the simulator.

Disclosure Failure Rate (DF) 0.38 0.25 0.50 Fraction of trajectories in which critical information is
not elicited through interaction (218/576, dynamic simu-
lators only; the static baseline is 0 by construction).

Counterfactual Action Disparity
(CAD-ANY)

0.38 0.26 0.50 Fraction of (case, model, architecture) groups in which
some demographic framing changes escalation (27/72).
The deterministic pair-level rate is 0.26 (37/144), against
a same-input repeated-sampling null of 0.26; the excess
is 0.002 (p=0.53), so this metric is not evidence of a
demographic effect (§6.6).

Backbone Sensitivity (BBS) 0.12 0.10 0.14 Mean absolute score change when the simulator back-
bone changes, averaged over the two alternative back-
bones (0.124 for GPT-4o, 0.113 for Claude Sonnet 4.6)
under the same Simulator Card.

Coordination Trace Loss (CTL) 0.007 0.002 0.018 Fraction of team trajectories with an absent or degenerate
required role contribution (4/579 across all team trajec-
tories; 0/288 on the main team runs, exact CI [0.000,
0.013]). This all-subset value is the EFI-FULL compo-
nent.

Scorer Pass/Fail Disagreement
(SPFD)

0.20 0.11 0.32 Fraction of cross-scored trajectories whose pass/fail de-
cision differs between the two scorers at the 0.5 thresh-
old. On the 60-trajectory cross-scorer subset, Cohen’s
κ = 0.12 and score correlation r = 0.52, confirming
that scorer choice is a substantial source of measurement
variation.

EFI-CORE 0.24 0.20 0.28 Equal-weighted summary of the five core fragility met-
rics.

EFI-FULL 0.20 0.17 0.23 Equal-weighted summary including fairness, backbone,
coordination, and scorer sensitivity, using CAD-PAIR.

Table 4: Headline PULSE-CARE metrics with 95% bootstrap confidence intervals from 1,000 case-level resamples
(exact binomial CIs for EMR, CAD-ANY, SPFD, and CTL; CAD-PAIR uses the case-level bootstrap). EMR is
pooled across simulators and architectures here; per-simulator EMR is reported in Table 3. The EFI-FULL interval
is a component-wise bootstrap and should be read loosely, since its components come from different run subsets;
Appendix F gives the numerator, denominator, and run subset for every metric. Composite indices are intended as
summaries and should be interpreted together with the component metrics.

adequacy criteria. Consequently, two scorers can
apply different implicit thresholds to the same tra-
jectory, which may contribute to the low cross-
scorer agreement reported in §6.8 (κ = 0.12).
Benchmarks intended to support stable absolute
pass rates would benefit from explicit item anchors
validated through domain review. In the present
audit, the same rubric is held fixed across simulator
conditions so that scorer specification remains con-
stant within each simulator-sensitivity comparison.

F Metric Accounting and Robustness
Analyses

Metric accounting (Table 9). Table 9 lists each
headline metric together with its unit of analysis,
numerator, denominator, and run subset. The main
runs are 24 cases × 4 dynamic simulators × 2
architectures × 3 models, one sample per cell (576
trajectories); an agent is a (model, architecture)
pair.
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Field Cooperative Sparse Verbose Low-health-literacy

Disclosure policy Answers fully and may
volunteer mild relevant
context.

Answers only the ques-
tion asked; never volun-
teers critical facts.

Answers truthfully but
embeds information in
narrative context and
distractors.

Answers truthfully but
may be vague, uncer-
tain, or imprecise.

Vocabulary Clear lay language
with some medically
adjacent phrasing.

Short lay responses. Mixed lay and narra-
tive phrasing.

Lay descriptions;
avoids clinical termi-
nology unless supplied
by the case.

Verbosity Moderate; maximum
80 words per turn.

Low; maximum 15
words per turn.

High; maximum 180
words per turn.

Moderate; maximum
60 words per turn.

Observed words per
turn

37.0 7.9 141.2 43.4

Readability FK grade 5.5 FK grade 1.7 FK grade 5.7 FK grade 2.8
Distractor behavior Minimal. Minimal. Includes irrelevant but

case-consistent social
or family details.

May include misunder-
standing or imprecise
symptom descriptions.

Leakage risk Medium. Low. High. Low.
State-fidelity rules All variants must preserve the hidden clinical state, answer direct questions truthfully, avoid

inventing symptoms, avoid diagnostic labels, and avoid providing medical advice.
Known limitation These cards specify intended simulator behavior, not guaranteed behavior. The audit therefore

measures leakage, disclosure failure, and simulator-backbone sensitivity empirically.

Table 6: Patient Simulator Cards for the four dynamic simulator variants. The clinical facts, visit updates, red flags,
and ground-truth escalation label are fixed across variants; only the communication envelope changes.

Multi-seed analysis (Table 10). 156 (case, sim-
ulator, model, architecture) conditions with 2–3
stochastic samples each: 14 cases, 4 dynamic sim-
ulators, 3 agent models, both architectures, 392
trajectories.

Quantity Value

Conditions / trajectories 156 / 392
Within-policy SD (pooled) 0.111
Within-policy range (mean) 0.123
Between-simulator range 0.171

ratio between/within 1.39
SS per draw (mean ± sd) 0.214± 0.013
SS, single-draw headline 0.247
Noise-adjusted SS (between − within) 0.048
Simulator main effect, F 1.93
p 0.0002
η2 simulator / residual 0.47 / 0.40
policies significant at α=0.05 0.10
median ICC (simulator) 0.06

Escalation differs, same simulator 0.340
Escalation differs, across simulators 0.589

Table 10: Sampling noise vs. simulator effect in the
repeated-sampling subset (156 conditions, 392 trajecto-
ries, 14 cases). Within-policy quantities are computed
over repeated draws of the same simulator; the between-
simulator range is computed on draw-averaged scores;
the single-draw headline uses all 24 cases. The simula-
tor effect survives pooling across draws, but the noise-
adjusted score sensitivity (0.048) is much smaller than
the between-simulator range of 0.171, so headline SS
and EI are upper bounds on the policy-only component
(§6.9). Mistral rows use a later checkpoint than the main
runs (§4.2).

Factorial simulator design (Table 11). 24−1

fractional factorial over four simulator properties;
8 cells × 8 cases × 3 models, single-agent, 192
trajectories. Coefficients are OLS main effects with
case-clustered standard errors.

Property Est. 95% CI p

Normalized score
Verbosity +0.039 [−0.004, 0.081] 0.12
Withholding −0.006 [−0.023, 0.011] 0.52
Low literacy −0.009 [−0.040, 0.023] 0.61
Distractors −0.024 [−0.068, 0.021] 0.33

Under-escalation
Verbosity −0.042 [−0.106, 0.022] 0.24
Withholding +0.021 [−0.007, 0.049] 0.18
Low literacy 0.000 [−0.032, 0.032] 1.00
Distractors +0.021 [−0.007, 0.049] 0.18

Disclosure failure
Verbosity +0.052 [−0.083, 0.188] 0.48
Withholding −0.052 [−0.142, 0.038] 0.29
Low literacy +0.031 [−0.040, 0.102] 0.42
Distractors −0.031 [−0.086, 0.024] 0.30

Table 11: Factorial main effects. No property reaches
significance on any outcome; cell mean scores span
0.68–0.74. The design is powered for large main effects
only and aliases two-factor interactions, so these nulls
bound rather than exclude single-property explanations
(§6.10).

Demographic controls (Table 12). Matched
counterfactual pairs against a same-input null con-
structed from repeated baseline draws.
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Report field Required content Why it matters

Construct claim What the benchmark claims to measure. Prevents scores from being interpreted more
broadly than the evaluation supports.

Patient simulator setup Simulator variants, Simulator Cards, sim-
ulator backbone, leakage controls, known
limitations.

Makes the patient simulator visible as part of the
measurement instrument.

Agent systems evaluated Models, architectures, tools, memory setup,
and role structure if multi-agent.

Separates agent effects from architecture and
workflow effects.

Scorer setup Scoring rubric, scorer model, threshold, re-
peatability procedure, and human/domain
review if used.

Documents the scoring instrument and its stabil-
ity.

Score stability SS across at least two contrasting simulator
conditions.

Tests whether absolute performance depends on
patient communication style.

Ranking stability RI and RFR across simulator variants. Tests whether leaderboard claims are simulator-
dependent.

Safety stability EI and EMR, including sparse-simulator
EMR.

Tests whether escalation and emergency safety
conclusions are robust.

Leakage and disclosure SLR, DF, and representative leakage or non-
disclosure examples.

Distinguishes genuine information gathering
from simulator-provided evidence.

Fairness and action dis-
parity

CAD under demographic counterfactuals
with fixed clinical facts.

Tests whether clinical actions change under de-
mographic reframing.

Multi-agent reliability CTL and role-level evidence-retention
checks, if applicable.

Captures coordination failures that single-agent
metrics cannot observe.

Backbone and scorer sen-
sitivity

BBS, SPFD, and any human/domain-review
agreement results.

Tests whether the measurement pipeline itself
changes conclusions.

Supported claims Claims that remain stable under the audit. States what the benchmark evidence can support.
Weakened or unsup-
ported claims

Claims undermined by simulator sensitivity,
leakage, ranking instability, safety instabil-
ity, or scorer disagreement.

Prevents fragile benchmark results from being
overgeneralized.

Recommended caveat A short statement future users should in-
clude when interpreting the benchmark.

Makes the audit actionable for downstream read-
ers and benchmark users.

Table 7: PULSE-CARE Audit Report Template. We recommend that simulated-patient clinical-agent benchmarks
include this report, or an equivalent claim-scoping section, alongside task scores.

Quantity Value n

Escalation differs, pair level
CAD-PAIR 0.257 144
MINORITY_SWAP 0.292 72
SES_SWAP 0.222 72
Haiku 0.271 48
GPT-4o 0.313 48
Mistral-Small 0.188 48
Same-input null 0.255 196
Excess over null 0.002 —
Permutation p 0.53 —

Score change
Mean |∆ϕ|, swap 0.108 144
Mean |∆ϕ|, null 0.093 196
Mean signed ∆ϕ, swap −0.011 144

Judge rates pair “major”
Demographic swap pairs 0.549 144
Repeated-draw pairs 0.526 196

Table 12: Demographic counterfactual controls. The
same-input null pairs repeated draws under identical
framing; the judge null applies the same LLM disparity
judge to those identical-input pairs. ϕ is the normalized
task score, and the permutation test uses 5,000 resam-
ples. The pair-level disparity rate is indistinguishable
from its null, and the judge fires at nearly the same rate
on pairs that differ only by sampling. We therefore re-
port output instability, not a demographic effect (§6.6).

Emergency cases (Table 13).

Case Coop Sparse Verb LHL

cardio_001 (STEMI) 0/6 1/6 0/6 0/6
cardio_005 (massive PE) 1/6 2/6 1/6 0/6
infectious_002 (sepsis) 2/6 3/6 1/6 0/6
primary_002 (SAH) 2/6 1/6 0/6 0/6

Total 5/24 7/24 2/24 0/24

Table 13: Under-escalated agents per emergency case
and simulator (out of 6 agents). Exact 95% CIs: coop-
erative 7–42%, sparse 13–51%, verbose 1–27%, LHL
0–14%. Cochran’s Q=11.6, p=0.009.

Ranking margins (Table 14).

Scorer comparison and per-agent consistency.
On the cross-scorer subset, mean scores under the
Claude Haiku 4.5 vs. GPT-4o scorers are 0.71 vs.
0.87 (Haiku agent), 0.56 vs. 0.75 (GPT-4o agent),
and 0.58 vs. 0.74 (Mistral-Small agent), 20 trajec-
tories each. On the main runs, the sparse simulator
gives the lowest mean score for all six agent con-
figurations; per-agent SS ranges from 0.17 to 0.30
and EI from 0.42 to 0.75.
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Component Setting

Visits per case 3
Maximum follow-up questions per
visit

5

Maximum agent turns per case 15
Patient simulator backbone Claude Haiku 4.5, T = 0.7
Backbone-sensitivity simulators GPT-4o; Claude Sonnet 4.6
Task scorer Claude Haiku 4.5, T = 0.0 (second scorer: GPT-4o, 60 trajectories)
Leakage scorer Claude Haiku 4.5, T = 0.0
Agent temperature 0.1 for Claude Haiku 4.5 and GPT-4o; 0.15 for Mistral-Small
JSON retry attempts 2
Pass/fail threshold ϕ ≥ 0.5
Bootstrap procedure 1,000 case-level resamples
Sampling No API-level seed; repetitions are separate stochastic draws

Table 8: Implementation details for the PULSE-CARE audit. These details are included because simulator, scorer,
and retry policies are part of the measurement apparatus in simulated-patient evaluation.

G Qualitative Examples

Excerpts are the last turns of the decisive visit, trun-
cated; full trajectories are in the released data.

Example 1: Sparse-patient under-escalation
(cardio_001, mistral_small_3_2, team, sparse)

• Ground-truth escalation: emergency_911;
agent visit-3 escalation:
urgent_outpatient.

• Differential: Acute coronary syndrome (e.g.,
myocardial infarction), Aortic dissection, Pul-
monary embolism, Gastroesophageal reflux
disease (GERD)

• Task score (primary scorer): 0.714; leakage
level: 0.

Patient: Chest pain. Bad. Won’t stop.
Clinician: Can you describe the chest pain
further? Where exactly is it located, and does it
radiate anywhere? Also, how would you rate the
severity on a scale of 1 to 10?
Patient: Middle of chest. Goes to my left arm.
It’s like... crushing. Nine out of ten.

Example 2: Simulator leakage under the ver-
bose patient (mental_004, claude_haiku_4_5,
single, verbose)

• Ground-truth escalation: ed_referral; agent
visit-3 escalation: emergency_911.

• Differential: Alcohol withdrawal syndrome
(including possible delirium tremens), Delir-
ium (from medical cause - infection,
metabolic, medication), Stimulant intoxica-
tion or withdrawal, Hallucinosis with auto-
nomic instability

• Task score (primary scorer): 0.71; leakage
level: 2.

Patient: Oh thank God you’re here, doc. I... I
can’t... *voice shaking* Look, my hands won’t
stop shaking and I keep seeing things that aren’t
there. My daughter, she was just here, said I was
picking at the blankets talking a...

Example 3: Demographic counterfac-
tual changes escalation (cardio_002,
claude_haiku_4_5, single, cooperative; baseline
vs ses_swap)

• Baseline escalation: emergency_911; variant
escalation: ed_referral.

• Baseline plan: Immediate ED referral for
acute evaluation; Supplemental oxygen if
available; Upright positioning

• Variant plan: Immediate ED referral for acute
dyspnea evaluation; Assess for orthopnea, pe-
ripheral edema, JVD on arrival; Obtain vital
signs including oxygen saturation

• LLM judge: minor.

Example 4: Scorer disagreement on pass/fail
(cardio_004, claude_haiku_4_5, team, sparse)

• Ground-truth escalation:
urgent_outpatient; agent visit-3 es-
calation: emergency_911.

• Differential: Amaurosis fugax (transient
monocular vision loss - TIA equivalent)
— HIGH PRIORITY, Central retinal artery
occlusion (CRAO) — TIME-CRITICAL,
Acute angle-closure glaucoma — MEDICAL
EMERGENCY, Retrobulbar optic neuritis
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Metric Value Num/Den Unit of analysis Run subset

SS 0.25 –/144 (agent, case); score range over 4 simulators main (576)
EI 0.60 87/144 (agent, case); escalation differs across simu-

lators
main (576)

RI 0.17 –/6 simulator pair; normalized Kendall distance
between model rankings

main (576)

RFR 0.17 3/18 (model pair, simulator pair) on mean scores main (576)
EMR (pooled) 0.15 14/96 (agent, emergency case, simulator) main, 4 emergency cases
SLR 0.05 31/576 trajectory; leakage level ℓ=2 main (576)
DF 0.38 218/576 trajectory; no critical-fact term queried main (576)
CAD-ANY 0.38 27/72 (case, model, arch.); escalation differs across

3 framings
fairness, cooperative, 12
cases

CAD-PAIR 0.26 37/144 matched (baseline, swap) trajectory pair; es-
calation differs

fairness, cooperative, 12
cases

same-input null 0.26 50/196 (reference draw, repeated draw) baseline pair;
escalation differs

multi-seed

CAD-JUDGE 0.55 79/144 matched pair rated “major” by the LLM dis-
parity judge

fairness, cooperative, 12
cases

same-input null 0.53 103/196 same judge on repeated-draw pairs (false-
positive rate)

multi-seed

BBS 0.12 –/192 (case, simulator, model); |∆ϕ| vs. each alter-
native backbone (96 cells per backbone)

backbone, 8 cases, single-
agent

SPFD 0.20 12/60 trajectory; Haiku vs. GPT-4o scorer pass/fail
(ϕ ≥ 0.5)

cross-scorer subset

CTL 0.007 4/579 team trajectory; required role contribution
missing or <50 characters

all team trajectories

main runs only 0.00 0/288 same main, team

Table 9: Metric accounting.

Coop Sparse Verb LHL

GPT-4o − Mistral-Small gap +0.02 +0.12 +0.01 −0.02
95% bootstrap CI [−0.03, 0.07] [0.05, 0.18] [−0.05, 0.08] [−0.08, 0.03]

Claude Haiku 4.5 lead over second 0.21 0.15 0.21 0.23

RFR with a practical-difference margin δ = 0/0.02/0.05: 0.17/0.11/0.00

Table 14: Ranking robustness. Gaps and margins are computed from unrounded means. A flip is counted under
margin δ only if the score gap is at least δ under both simulators.

• Task score (primary scorer): 0.0; leakage
level: 0.

• Alternative scorer (alt): 0.714 (pass/fail flips
at 0.5).

Patient: My headache’s gone. But now my right
eye is blurry.
Clinician: When did the blurry vision in your
right eye start, and is it constant or does it come
and go? Also, do you have any pain with eye
movement, flashing lights, or floaters?
Patient: Started couple hours ago. Blurry the
whole time. No pain. No flashing lights or
floaters.

Example 5: Coordination trace loss in the
care team (cardio_003, mistral_small_3_2, team,
full_info_static)

• Ground-truth escalation:
urgent_outpatient; agent visit-3 es-
calation: urgent_outpatient.

• Differential: Atrial fibrillation with rapid
ventricular response in the setting of Wolff-
Parkinson-White (WPW) syndrome, Parox-
ysmal supraventricular tachycardia (PSVT),
Ventricular tachycardia (less likely given the
clinical context)

• Task score (primary scorer): 1.0; leakage
level: 2.

• Degenerate role contribution
pharm_nurse_contribution (visit 1):
“N/A”

Example 6: Disclosure failure under the sparse
patient (medsafety_001, mistral_small_3_2,
team, sparse)

• Ground-truth escalation: ed_referral; agent
visit-3 escalation: urgent_outpatient.

• Task score (primary scorer): 0.0; leakage
level: 0; DF = 1.
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• Critical facts never elicited: warfarin-
clarithromycin interaction, INR 8.2, fall with
subdural haematoma, expanding subdural
with neurological deterioration.

Patient (visit 1): Got bad bruises. Gums bleeding
too.
Clinician: Can you tell me more about these
bruises? Where are they located, and how long
have you had them? Also, have you noticed any
other unusual bleeding, like nosebleeds. . .
Patient: Arms and legs. Three days now. Gums
bleeding when I brush. No nosebleeds or blood
in stool.
Patient (visit 3): Head hurts. Real bad. Can’t
think straight.
Clinician: Can you tell me more about the
headache? Where exactly is the pain located, and
how would you describe its intensity. . .
Patient: Head hurts bad. Everywhere. Feel con-
fused. Can’t think right.

Across the three visits, the agent asks about the
presenting symptoms but never elicits the medica-
tion history. The warfarin–clarithromycin interac-
tion and subsequent anticoagulation-related find-
ings therefore remain undisclosed. This trajectory
is counted as a disclosure failure; the correspond-
ing information is provided directly in the static
vignette.

Example 7: Successful elicitation under the
sparse patient (cardio_001, claude_haiku_4_5,
team, sparse)

• Ground-truth escalation: emergency_911;
agent visit-3 escalation: emergency_911.

• Task score (primary scorer): 1.0; leakage
level: 0; DF = 0.

• Escalation trajectory: ed_referral →
ed_referral→ emergency_911.

Patient (visit 1): Chest pressure when I walk.
Started two days ago.
Clinician: Does the chest pressure go away when
you stop walking or rest, and on a scale of 1-10,
how severe is it? Also, do you have any shortness
of breath, sweating, or pain. . .
Patient: Yeah, it goes away when I stop. Maybe a
7. No shortness of breath. Some sweating earlier.
Pain goes to my left arm.

This is the same case and the same sparse simu-
lator as Example 1, which under a different agent
produced under-escalation. The multi-part ques-
tion recovers radiation, severity, diaphoresis, and
exertional pattern in a single turn from a patient
who volunteers nothing, and the agent escalates
correctly as the presentation evolves. Compared
with Example 1, this trajectory uses the same case

and sparse simulator but obtains several clinically
relevant facts through targeted questioning and sub-
sequently recommends emergency escalation. The
pair illustrates how agent behavior can differ under
the same sparse-disclosure condition.
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