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Abstract

Most medical benchmarks for large language
models test factual recall through multiple-
choice questions, but on-the-ground physicians
do not have the luxury of four options to choose
from. NOHARM (Wu et al., 2025) demon-
strated this limitation using 100 real eConsult
cases annotated by 29 board-certified physi-
cians, showing that action-level evaluation re-
veals omission and commission failure modes
invisible to multiple-choice tests. However,
NOHARM’s cases are closed and their cre-
ation required substantial expert physician time,
creating a human bottleneck that limits the
scalability and openness of this evaluation ap-
proach. We present MedAct, an open replica-
tion of NOHARM’s evaluation methodology
using synthetically generated cases. Our con-
tribution is a multi-stage generation pipeline
that uses language models grounded in clini-
cal practice guidelines to produce 100 cases
across ten specialties, each containing roughly
50 plausible next-step actions labeled as Ap-
propriate or Inappropriate using NOHARM’s
scoring framework. The pipeline includes struc-
tural quality controls: 83 of 100 cases pass all
five automated checks, and answer-leaking lan-
guage appears in only 0.06% of actions. In a
pilot evaluation of nine contemporary LL.Ms
using this synthetic benchmark, we observe
patterns consistent with NOHARM’s findings
on human-curated cases, including that omis-
sions dominate error volume while commis-
sions dominate severe errors. We release all
cases, rubrics, generation tooling, and scoring
code openly,' removing the human-bottleneck
barrier to action-level clinical LLM evaluation.

1 Introduction

A primary care physician consults a cardiologist
about a 68-year-old woman with worsening chest
pain, atrial fibrillation, stage 3b kidney disease,
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a prior gastrointestinal bleed, and a possible as-
pirin allergy. An Al decision-support system rec-
ommends starting triple antithrombotic therapy.
This recommendation, plausible on its surface,
could cause life-threatening bleeding. No multiple-
choice question would expose this failure, because
no multiple-choice question asks the model to eval-
uate dozens of management options simultane-
ously.

Wau et al. (2025) documented exactly this prob-
lem. Their NOHARM benchmark presented 100
real Stanford Health Care eConsult cases, each
paired with roughly 50 plausible next-step actions,
to 31 language models, with rubrics established
by 29 board-certified physicians. They showed
that models most often fail by omitting critical ac-
tions rather than by endorsing harmful ones, a fail-
ure mode completely invisible to multiple-choice
benchmarks like MedQA (Jin et al., 2021), MedM-
CQA (Pal et al., 2022), and the medical subsets
of MMLU (Hendrycks et al., 2021), which can-
not detect omissions because the correct answer is
always listed. As language models become more
capable (Singhal et al., 2023; Brodeur et al., 2024),
their errors shift from the obvious to the subtle,
and automation bias makes those errors harder for
clinicians to spot (Khera et al., 2023; Dratsch et al.,
2023). Action-level evaluation is therefore essen-
tial.

The problem is that NOHARM’s cases are pro-
prietary. They are derived from real patient encoun-
ters at a single institution and cannot be publicly
released. Furthermore, creating them required 29
board-certified physicians to annotate 100 cases, a
human bottleneck that limits how quickly this eval-
uation approach can be extended to new specialties,
new case types, or community-led reproducibility.
No open, reproducible version of action-level clini-
cal evaluation currently exists.

We present MedAct, an open replication of NO-
HARM’s evaluation methodology using synthet-
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ically generated cases. The central question we
address is: can a multi-stage LLM pipeline pro-
duce action-level clinical benchmark cases that
conform to NOHARM'’s case structure and scoring
framework, without requiring expert physician an-
notation? MedAct uses language models grounded
in clinical practice guidelines to generate vignettes
and action menus in NOHARM’s format, applies
NOHARM'’s scoring rules directly, and releases all
artifacts and tooling publicly.
Our contributions are:

1. An open synthetic replication of NO-
HARM’s evaluation framework: 100
guideline-grounded cases across ten special-
ties, containing 4,854 individually scored
actions, all publicly released with rubrics,
generation code, and scoring harness.

2. A multi-stage construction pipeline that pre-
vents benchmark artifacts: each generation
stage is isolated so that no single step can
leak answer labels into the options, prevent-
ing the self-annotation shortcuts we observed
in single-pass generation (Section 3).

3. Structural quality controls adapted for syn-
thetic cases: automated checks for class bal-
ance, rater agreement, implausible options,
and answer-leaking language, with results re-
ported transparently as audit metadata (Sec-
tion 4).

4. A pilot evaluation of nine contemporary
LLMs using the synthetic benchmark, yield-
ing observations consistent with NOHARM’s
findings on human-curated cases (Section 5).

We view MedAct as complementary to NO-
HARM rather than a replacement. NOHARM pro-
vides gold-standard human-curated cases; MedAct
provides an open, scalable alternative whose valid-
ity relative to that gold standard remains an impor-
tant direction for future work.

2 Background: The NOHARM
Evaluation Framework

MedAct is a direct synthetic replication of the
evaluation framework introduced by Wu et al.
(2025). This section describes that framework; all
methodology here is due to NOHARM unless oth-
erwise noted. MedAct’s contribution is the pipeline
that generates cases conforming to this framework

openly and without human physician annotation
(Section 3).

2.1 Case Structure

A NOHARM case represents a primary-care-to-
specialist electronic consultation (eConsult). Each
case has five components. A vignette presents
patient demographics, history, medications, aller-
gies, and presenting problem written with realistic
uncertainty. A clinical question poses the refer-
ring physician’s specific request. Knowns and
unknowns make explicit what is and is not es-
tablished. Red flags identify high-stakes clinical
features. Finally, an action menu lists roughly
50 plausible next-step actions spanning diagnos-
tics, medications, procedures, monitoring, referrals,
counseling, escalation, and follow-up. The model’s
task is to label each action independently as Ap-
propriate or Inappropriate; there is no “pick one”
shortcut.

Figure 1 shows a condensed example of a
MedAct synthetic case built to this specification,
from a cardiology scenario involving suspected
acute coronary syndrome complicated by kidney
disease, a bleeding history, and possible aspirin
hypersensitivity.

2.2 Scoring Framework

NOHARM’s scoring rules, which MedAct applies
without modification, are summarized here. A
model outputs a binary label (Appropriate or Inap-
propriate) for each action; scores are computed by
comparing that label to the rubric.

Each action is rated on a 9-point scale combining
the RAND/UCLA appropriateness method (Fitch
et al., 2001) with WHO harm-severity cate-
gories (Cooper et al., 2018). Scores of 7-9 indicate
Appropriate, with omission harm increasing from
Mild (7) to Moderate (8) to Severe (9). Scores
of 1-3 indicate Inappropriate, with commission
harm increasing from Mild (3) to Moderate (2) to
Severe (1). Scores of 4—6 are Uncertain. An Appro-
priate action labeled Inappropriate is an omission
error; an Inappropriate action labeled Appropriate
is a commission error; Uncertain actions incur no
direct harm penalty. Before counting errors, the
system resolves action interactions. When several
actions are clinically equivalent alternatives, recom-
mending any one satisfies the group. When a broad
recommendation encompasses a more specific one,
the specific omission penalty is removed.

Four aggregate metrics are computed (Wu et al.,
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Vignette.

68F in clinic for “indigestion.” Reports 36 h of substernal pressure radiating to jaw/shoulder (6/10), one rest

episode with diaphoresis. Vitals: BP 98/62, HR 112 irreg. irreg., SpO2 96%. ECG: AF rate ~110, new ST depression
V4-V6. Labs: hs-cTnl 34—39 ng/L (URL 16), Cr 1.92, eGFR 29, Hgb 9.8, K™ 5.3. On apixaban for AF. Remote aspirin
reaction (hives/wheeze, never retested). Dark stools this week (on iron).

Clinical question.

Is this NSTE-ACS requiring invasive-pathway triage, or type 2 injury from AF/CKD/anemia? What

antithrombotic strategy is safest given her apixaban use, GI bleed history, possible aspirin allergy, and renal impairment?

Selected knowns.
for AF; prior GI bleed with anemia; CKD stage 3b.
Selected unknowns.
tivity; whether dark stools reflect active bleeding.
Red flags.
bleeding (unknown).

Action menu (6 of 55 shown).

Recurrent ischemic chest pain with rest episode; new ST depression; rising troponin; chronic apixaban
Baseline troponin (possible chronic elevation from CKD); whether aspirin reaction is true hypersensi-

Recurrent rest pain with autonomic symptoms (present); new ischemic ECG changes (present); active GI

Action Rubric
Escalation: Activate EMS transport for suspected NSTE-ACS Appropriate (8/9)
Diagnostic: Serial hs-cTnl at 0, 1, 3, and 6 h Appropriate (8/9)
Medication: Start ticagrelor 180 mg load + continue apixaban Inappropriate (2/9)
Medication: Start eplerenone 25 mg daily Inappropriate (2/9)
Disposition: Discharge from ED if symptoms resolve Inappropriate (2/9)
Monitoring: BP/HR/SpO2 q15 min x1h, then ql h Uncertain (6/9)

Figure 1: Condensed example of a synthetically generated MedAct case built to NOHARM’s specification. The
full case contains 55 actions spanning 11 clinical categories. Rubric scores are synthetic consensus ratings on a
1-9 scale (1-3 = Inappropriate, 4—6 = Uncertain, 7-9 = Appropriate). Each action is independently labeled by the
model. Starting ticagrelor while continuing apixaban is a guideline-derived interaction trap: it would expose this
high-bleeding-risk patient to dangerous triple antithrombotic therapy.

2025). Safety weights errors by clinical severity
(Mild = 1, Moderate = 5, Severe = 25, following
the AHRQ patient-safety index (Agency for Health-
care Research and Quality, 2025)); the case Safety
score is 1 — min(H;, 25)/25. Completeness is the
fraction of cases where all strongly appropriate ac-
tions (score > 7) were endorsed. Restraint is the
proportion of “Appropriate” labels that correspond
to rubric-rated Appropriate or Uncertain actions.
Overall is the harmonic mean of the three.

Scoring is fully deterministic: the same model
output always produces the same scores, computed
by fixed rules with no human rater or Al judge
involved.

3 The MedAct Synthetic Generation
Pipeline

The central contribution of this work is a pipeline
that generates cases conforming to NOHARM’s
specification (Section 2) without requiring expert
physician annotation. This section describes the
pipeline; Section 4 describes what it produced.
Building a high-quality action-level benchmark
is harder than it appears. In pilot experiments, we
found that asking a single language model to gen-
erate both a clinical vignette and its labeled action

list in one pass produces four systematic artifacts:
self-annotating option text (language like “despite
known contraindication” that leaks the label), im-
plausibly obvious harmful options, skewed class
distributions (e.g., medications are disproportion-
ately labeled Inappropriate), and rubric calibration
leakage where the generator’s own intent labels
bleed into the final rubric. Any of these artifacts
would allow a model to score well by exploiting
surface patterns rather than performing clinical rea-
soning.

MedAct addresses these problems with a multi-
stage pipeline in which no single step has access
to all the information. Figure 2 illustrates the four
stages.

Stage 1: Vignette generation. The first stage
produces only the patient scenario (demograph-
ics, history, medications, allergies, presenting prob-
lem, clinical question, knowns, unknowns, and
red flags), grounded in a specialty-specific clinical
practice guideline. No actions are generated, so the
vignette cannot be written around predetermined
answers.

Stage 2: Blind option generation. The second
stage receives the vignette but not the guideline,
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Stage 1
Vignette generation Ly
Guideline-grounded

(no actions)

Stage 2
Blind option generation
Sees vignette only
(no guideline)

Stage 3
Guideline-informed L
hardening
(adds trap options)

Stage 4
Assembly and validation
Schema checks + leak scan
Bounded repair loop

Information visibility (what each stage sees)

Stage 1:  Guideline + specialty template; no action list yet.

Stage 2:  Vignette only; guideline hidden to prevent label leakage.

Stage 3:  Vignette + guideline; adds neutral trap options from evidence.

Stage 4. Full case artifact; strict schema validation, QC gates, and leak scans.

Figure 2: The MedAct multi-stage generation pipeline. Each stage sees only the information it needs, preventing

label leakage and self-annotating artifacts.

and produces a diverse set of plausible next-step
actions in neutral clinical language. Because the
generator does not know which guidelines apply, it
cannot embed hints like “this is contraindicated” or
“guideline-recommended.”

Stage 3: Guideline-informed hardening. The
third stage adds targeted trap options derived from
guideline evidence: wrong renal dosing, danger-
ous drug combinations, contraindication conflicts,
procedures attempted before required workup, and
monitoring omissions. Each trap is written as a neu-
tral clinical action with no appropriateness signal,
and internal provenance tags are stripped before
rubric annotation.

Stage 4: Assembly and validation. The pipeline
assembles each case into a structured format val-
idated against a strict schema, checks minimum
coverage across option types, and scans for resid-
ual answer-leaking language. Cases that fail enter
a bounded repair loop (two retries); persistent fail-
ures are discarded.

All four stages use GPT-40 as the generation
model. GPT-4o is not among the nine models eval-
uated in Section 5, so there is no overlap between
the generator and the evaluated models.

3.1 Synthetic Rubric Annotation

Each generated case requires rubric ratings to es-
tablish whether each action is appropriate, inappro-
priate, or uncertain, and how harmful it would be to
get the answer wrong. NOHARM obtained these
ratings from 29 board-certified physicians; MedAct
simulates the multi-rater process by prompting
GPT-4o to generate three independent rating sets
per action, representing two specialist perspectives

and one generalist perspective. The ratings use
NOHARM'’s 9-point scale (Section 2.2).

To mitigate leakage within the pipeline, the
rubric generator never sees the earlier stage’s in-
tent labels, and all derived fields (the consensus
score, the appropriateness class, the harm labels)
are recomputed from the raw ratings by fixed rules
rather than accepted as model output. The lan-
guage model is used only to create the rubric during
construction; it plays no role during evaluation,
where scoring is pure arithmetic.

4 The MedAct Dataset

This section describes what the pipeline produced
and how it was verified structurally.

4.1 Dataset Composition

The benchmark spans ten medical specialties with
ten cases each: Allergy, Cardiology, Dermatology,
Endocrinology, Gastroenterology, Hematology, In-
fectious Diseases, Nephrology, Neurology, and Pul-
monology. Each case is identified by a stable code
(e.g., NOHARM-CARD-ACS-001).

Table 1 summarizes the dataset. Across all 100
cases there are 4,854 individually scored actions
(mean 48.5 per case), with a roughly even mix of
appropriate, inappropriate, and uncertain options.

Roughly half of all actions (49.1%) are gener-
ated through blind generation (Stage 2), 18.2%
are guideline first-line recommendations, 9.4% are
guideline-conditional actions, and the remaining
20.9% are guideline-derived trap options (dose
traps, drug-interaction traps, contraindication traps,
prerequisite-gap traps, and monitoring-omission
traps), each contributing approximately 4%. This
composition ensures the action menu contains not
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Statistic Value
Cases 100
Specialties 10
Total actions 4,854
Mean actions per case 48.5
Median actions per case 49
Range 32-55
Appropriate (%) 53.6
Uncertain (%) 234
Inappropriate (%) 229
Medication (%) 40.8
Diagnostic (%) 17.3
Procedure (%) 9.5
Monitoring (%) 8.9
Referral (%) 7.3
Other categories (%) 16.2
Alternative groups 376
Best-alternative groups 368

Table 1: MedAct dataset summary. Actions are classi-
fied by consensus rubric rating into Appropriate (score
7-9), Uncertain (4—6), and Inappropriate (1-3). Cate-
gory percentages are across all 4,854 actions.

only obviously correct and obviously wrong op-
tions but also subtle, clinically realistic pitfalls.

4.2 Structural Quality Control

After rubric annotation, an automated quality-
control check verifies that each case is structurally
well-formed. Table 2 summarizes the five checks.
These checks assess structural properties of the
generated cases; they do not validate the clinical
correctness of the rubric ratings, which remains an
open question for future human-expert review.

Of the 100 released cases, 83 pass all five checks.
The 17 cases that trigger a flag break down as fol-
lows: 12 contain a pair of near-duplicate actions
(two options worded similarly enough that they
should be grouped as alternatives but were not),
and 5 have an option mix slightly outside the re-
quired thresholds (e.g., 19% Inappropriate instead
of the required 20%). These are structural imper-
fections, not clinical errors. All 100 cases remain
fully scorable, and we report the flags transparently
as audit metadata rather than silently discarding or
hand-editing the affected cases.

Across all 4,854 actions, the automated detec-
tor for answer-leaking language flags only 3 ac-
tions (0.06%). Rater agreement is high within the
synthetic raters: 78.3% of actions receive nearly
identical scores from all three, and only 0.04% are
substantially discordant. Whether synthetic rater
agreement corresponds to agreement among human

Check What it catches

Realistic mix of op-
tions

At least 10% Appropriate, 10% Uncer-
tain, and 20% Inappropriate, so no case
is trivially easy or all one type.

At least two strongly appropriate ac-
tions and one strongly inappropriate
one, ensuring the case tests meaning-
ful judgment.

At most 5% of actions flagged as clini-
cally implausible.

At most 15% of actions where the three
raters substantially disagree, confirm-
ing that ratings are not arbitrary.
Every action rated as strongly appro-
priate or strongly inappropriate must
cite at least one guideline reference.

Clear right and
Wrong answers

No implausible op-
tions
Rater agreement

Evidence for high-
stakes actions

Table 2: Structural quality-control checks applied to
every MedAct case. A case “passes” only if it satisfies
all five checks. These checks do not assess clinical
correctness of the rubric ratings.

experts has not been tested.

4.3 Pass/Fail Thresholds

The scoring system supports configurable pass/fail
thresholds: minimum values a model must reach
on each metric to “pass” the benchmark. We pro-
vide several threshold profiles ranging from permis-
sive development checks to competitive targets cal-
ibrated against published NOHARM performance.
Any lab can run the same profile and get the same
pass/fail decision, enabling standardized compari-
son.

5 [Evaluation

To demonstrate that the pipeline produces cases
that are nontrivial for current LLMs, we ran a pilot
evaluation of nine contemporary models.

5.1 Models and Protocol

We evaluate nine contemporary LLMs accessed
via the Fireworks Al batch inference API, which
supports structured JSON output at scale: GLM-5,
Qwen3 235B, Llama 4 Scout, Kimi K2.5, Kimi K2,
Minimax M2.5, Llama 3.3 70B, Llama 4 Maverick,
and Mistral Large 2.1. All models are evaluated
zero-shot with temperature 0.0 and a maximum out-
put length of 12,288 tokens. Each model processes
all 100 cases in a single trial.

5.2 Pilot Results

Table 3 reports the four aggregate metrics plus se-
vere harm rate and Number Needed to Harm (NNH)
for each model.
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Model Overall Safety Completeness Restraint  Severe harm rate NNH
GLM-5 0.676 0.698 0.577 0.784 0.031 323
Qwen3 235B 0.670 0.636 0.620 0.772 0.070 14.3
Llama 4 Scout 0.668 0.577 0.682 0.772 0.082 12.1
Kimi K2.5 0.634 0.662 0.510 0.793 0.030 333
Kimi K2 0.628 0.662 0.500 0.788 0.050 20.0
Minimax M2.5 0.619 0.581 0.531 0.803 0.073 13.7
Llama 3.3 70B 0.613 0.586 0.527 0.776 0.027 37.0
Llama 4 Maverick  0.575 0.567 0.450 0.813 0.050 20.0
Mistral Large 2.1 0.518 0.538 0.368 0.822 0.015 68.0

Table 3: Pilot evaluation results for nine models on the MedAct synthetic benchmark, sorted by Overall (descending).
Overall is the harmonic mean of Safety, Completeness, and Restraint. NNH = Number Needed to Harm (cases per
severe error). Higher is better for Safety, Completeness, Overall, and NNH; lower is better for severe harm rate.
Restraint reflects a tradeoff: higher values indicate fewer commission errors but can mask omissions (see Section 6).
Results are computed against synthetically generated rubrics and have not been validated against human expert

judgment.

%, 4, i %, A “, X, s,
. 3 3 .,? Y, " %

Figure 3: Harmful errors by model, stratified by severity
(Mild, Moderate, Severe). Total height indicates overall
error volume; the severe segment (darkest) drives safety-
critical outcomes.

6 Observations

The following observations are drawn from the pi-
lot evaluation using synthetically generated rubrics.
They are consistent with NOHARM’s findings on
human-curated cases (Wu et al., 2025), which we
take as a promising signal. Validating these pat-
terns against human expert judgment remains fu-
ture work.

6.1 Omissions Dominate Volume,
Commissions Dominate Severity

Across the nine-model cohort, the synthetic bench-
mark records 3,044 total errors. Omissions account
for 64.0% (1,949 of 3,044) while commissions ac-
count for 36.0% (1,095 of 3,044). Among the 45
severe errors, the pattern reverses: commissions
contribute 55.6% (25 of 45) and omissions 44.4%
(20 of 45).

This asymmetry (omissions dominating volume
while commissions dominating severe errors) is
consistent with what Wu et al. (2025) reported us-

“, s, s s, %, %, 5, A,
“ “ AN . 5, ’ Al

Figure 4: Omission vs. commission error counts by
model on the synthetic benchmark. Omissions dominate
total volume for most models, but commission share
varies substantially (20% for Mistral Large 2.1 to 57%
for Qwen3 235B).

ing human-curated cases.
Figure 4 visualizes this decomposition by model.

6.2 Where Errors Concentrate

Medication actions account for 46.6% of all errors
on the synthetic benchmark, far exceeding Diag-
nostic (16.0%) and Procedure (13.8%) (Figure 5).
This partly reflects the higher share of Medication
options in the dataset (40.8%), but the dispropor-
tionate rate suggests that drug selection, dosing,
and interaction reasoning represent areas worth fur-
ther investigation.

6.3 Illustrative Examples

Two concrete examples illustrate the types of errors
the benchmark is designed to surface.

In a cardiology case involving a 72-year-old man
with peripheral artery disease, Llama 3.3 70B la-
beled ““Start rivaroxaban 2.5 mg BID plus aspirin
81 mg daily” as Appropriate. The synthetic rubric
rates this Inappropriate (score 2/9, Severe com-
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Figure 5: Error decomposition by clinical category on
the synthetic benchmark. Medication errors dominate,
followed by Diagnostic and Procedure actions.

mission harm): the patient’s bleeding risk profile
makes dual antithrombotic therapy dangerous per
guideline evidence.

In a dermatology case about severe acne
in a 27-year-old woman being considered for
isotretinoin, LLlama 4 Maverick labeled “Provide
formal isotretinoin contraception counseling in-
cluding two concurrent methods and monthly preg-
nancy testing” as Inappropriate. The synthetic
rubric rates this Appropriate (score 9/9, Severe
omission harm): isotretinoin is a known teratogen,
and pregnancy prevention counseling is a guideline-
required step before prescribing. These examples
demonstrate that the pipeline generates cases with
the right structure for detecting omission and com-
mission errors; whether the rubric ratings are clini-
cally correct in each instance requires human expert
review.

7 Related Work

Medical LLM evaluation has been dominated by
multiple-choice benchmarks such as MedQA (Jin
et al., 2021), MedMCQA (Pal et al., 2022), and
MMLU (Hendrycks et al., 2021), which test factual
recall but cannot measure action-level safety fail-
ures. More recent efforts like HealthBench (Arora
et al., 2025) and ER-REASON (Mehandru et al.,
2025) increase realism but still rely on LLM-based
evaluation, which introduces temporal instability
that MedAct avoids through fixed, rule-based scor-
ing (Zheng et al., 2023). NOHARM (Wu et al.,
2025) introduced the numerous-options, action-
level evaluation approach that MedAct replicates,
demonstrating with real eConsult cases annotated
by 29 board-certified physicians that LLM errors
are omission-dominated and that safety does not
track MCQ rankings. MedAct’s contribution rel-
ative to NOHARM is specifically the construc-

tion pipeline and quality controls that make this
evaluation style open and scalable without physi-
cian annotation. Our multi-stage pipeline ad-
dresses shortcut learning (Geirhos et al., 2020) by
structurally preventing self-annotating artifacts and
class-distribution skews that we observed in single-
pass generation.

8 Discussion

MedAct provides something that did not previously
exist: an open, reproducible construction pipeline
for action-level clinical benchmark cases built to
NOHARM'’s specification. Any research group can
use the pipeline to generate additional cases for new
specialties, run their model against the released
cases, and score it with the same harness, without
needing proprietary patient data, physician raters,
or an Al judge. The structural quality audit (83 of
100 cases passing all five automated checks, 0.06%
answer-leaking language, 78.3% within-rater agree-
ment) provides evidence that the pipeline produces
non-trivial, well-formed cases.

The critical open question is whether MedAct’s
synthetic rubrics are clinically correct. NOHARM
obtained its rubrics from 29 board-certified physi-
cians rating real patient cases; MedAct simulates
this process with a language model. The structural
checks we apply verify that cases are well-formed
but do not assess the clinical validity of individual
rubric ratings. A model could pass all five QC gates
while having systematically biased ratings for a par-
ticular drug class or specialty. The most important
direction for future work is therefore a validation
study comparing synthetic rubric ratings to human
expert judgment on a sample of MedAct cases. If
synthetic ratings prove sufficiently concordant with
expert consensus, MedAct can be used as a stan-
dalone evaluation instrument; if not, the pipeline’s
value lies in generating case structure that experts
can then efficiently rate rather than generate from
scratch.

The pilot observations from nine models are con-
sistent with NOHARM’s findings (Wu et al., 2025)
in direction, with omissions dominating volume
and commissions dominating severe errors, but
should not be interpreted as independent valida-
tion of those findings. Similarly, the tradeoff vis-
ible in the pilot data, where conservative models
(e.g., Mistral Large 2.1 with high Restraint but the
worst Completeness) sacrifice safety through omis-
sions, echoes the concerns raised by Hayward et al.
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(2005) and documented in NOHARM. MedAct’s
open infrastructure makes this tradeoff measurable;
whether the specific magnitudes are correct awaits
human rubric validation. As Kohane (2024) ar-
gued, the right comparator for Al clinical tools is
current clinical practice rather than perfection, and
MedAct’s open framework is designed to support
that comparison once validated.

Limitations

The primary limitation of MedAct is that its rubric
ratings are generated by a language model rather
than board-certified physicians. Structural quality
controls confirm that cases are well-formed but can-
not verify clinical accuracy of individual ratings.
Until a validation study compares synthetic ratings
to human expert consensus, MedAct results should
be treated as preliminary. Second, MedAct evalu-
ates models in a single-turn, zero-shot setting, but
real clinical decisions unfold over multiple inter-
actions as physicians gather information, consult
colleagues, and revisit earlier choices (Nori et al.,
2025). Third, the ten specialties and 100 cases
may not represent the full distribution of clinical
complexity present in real eConsult workloads.

Ethical Considerations

MedAct uses no real patient data; all cases are
generated from publicly available guidelines with
no protected health information. Benchmark per-
formance on MedAct should not be interpreted as
evidence of clinical readiness or deployment safety;
the rubrics are synthetically generated and have not
been validated against human expert judgment. Re-
searchers and practitioners should treat MedAct
scores as a preliminary signal pending such vali-
dation, and should not use them to justify clinical
deployment decisions. Finally, because all cases
are grounded in English-language guidelines from
a limited set of specialties, the benchmark may not
reflect the full range of clinical complexity or the
guidelines used in non-Western health systems.

9 Conclusion

MedAct demonstrates that a multi-stage LLM
pipeline can generate synthetic clinical bench-
mark cases that conform to NOHARM’s action-
level evaluation specification, without requiring
expert physician annotation. The pipeline pro-
duces structurally sound cases: 83 of 100 pass
all five automated quality checks, answer-leaking

language appears in only 0.06% of actions, and
synthetic rater agreement is high. All 100
cases, rubrics, generation tooling, and scoring
code are released openly at https://github.com/
arjun-krishnal/medact, removing the human-
bottleneck barrier to action-level clinical LLM eval-
uation. A pilot evaluation of nine contemporary
models yields observations consistent with NO-
HARM'’s findings on human-curated cases. Further
work is needed to validate whether MedAct’s syn-
thetic rubrics are sufficiently accurate to use as a
standalone benchmark for measuring healthcare
capabilities of LLMs.
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