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Abstract

Open-ended medical LLM evaluation re-
mains weakly grounded in physician-
calibrated coverage of clinically relevant
response criteria, especially in localized
clinical settings. We introduce Clin-
Consensus, a Chinese medical bench-
mark of 2,500 expert-curated cases span-
ning 36 specialties, 12 task themes, multi-
ple difficulty levels, and lay-facing versus
professional-facing settings. Each case is
paired with 30 case-specific binary rubric
criteria. To evaluate whether responses
satisfy enough physician-authored crite-
ria, we propose Clinician-Anchored Cover-
age Score (CACS), a physician-calibrated
threshold metric instantiated at k = 10,
and develop a dual-judge framework com-
bining a GPT-5.1 grader with a physician-
supervised Qwen3-8B judge. Evaluating
11 frontier LLMs, we find a persistent cov-
erage gap: Rubric Accuracy ranges from
39.6% to 52.1%, whereas CACS@10 ranges
from 17.8% to 32.9%, leaving a 19.2–
21.9 point gap across models. Stratified
analyses further reveal substantial varia-
tion across reasoning, evidence use, struc-
tured extraction, medication instructions,
follow-up, and dialogue register. These
results suggest that medical LLM evalu-
ation should measure thresholded, rubric-
grounded clinical coverage rather than av-
erage partial correctness.

1 Introduction

Large language models (LLMs) are increas-
ingly used for health-related tasks that go be-
yond isolated clinical question answering, in-
cluding patient education, diagnostic reason-
ing, treatment planning, documentation, and
follow-up (Singhal et al., 2025; Tu et al., 2025;
Wang et al., 2025b; Al-Garadi et al., 2025;
Tu et al., 2024). Evaluating such systems re-

quires more than factual recall: clinically use-
ful responses must interpret patient context,
handle risk and resource constraints, commu-
nicate actionable next steps, and remain cal-
ibrated under uncertainty (Mukherjee et al.,
2024; Mehandru et al., 2023; Wang et al.,
2025b; Al-Garadi et al., 2025).
Existing evaluations have made rapid

progress, showing strong LLM performance
on clinical question answering, triage, docu-
mentation, medication safety, and patient ed-
ucation (Tordjman et al., 2025; Sandmann
et al., 2024; Bedi et al., 2025; Van Veen et al.,
2024). However, many benchmarks remain
task-isolated or weakly contextualized, with
single-round exam-style questions that un-
derrepresent multi-step reasoning, treatment
trade-offs, conflict resolution, and local con-
straints such as resources, culture, and access
to care (Bedi et al., 2025; Thirunavukarasu
et al., 2023; Arora et al., 2025; Eriksen et al.,
2024). Recent benchmarks introduce open-
ended responses, rubric or checklist evalua-
tion, physician validation, interactive settings,
and Chinese-localized resources (Arora et al.,
2025; Zhang et al., 2025; Schmidgall et al.,
2024; Jiang et al., 2025; He et al., 2026; Ding
et al., 2025), but they leave a design gap:
checklist benchmarks often emphasize aver-
age criterion accuracy, interactive benchmarks
stress sequential behavior, and Chinese evalua-
tion suites prioritize local task breadth. Fewer
benchmarks ask whether an open-ended an-
swer covers enough case-specific clinical re-
quirements to cross a physician-calibrated cov-
erage threshold.
We introduce ClinConsensus, a Chinese

medical benchmark grounded in local clinical
practice. It contains 2,500 open-ended cases
spanning 36 medical specialties and 12 clinical
task types, with metadata for task, specialty,
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Table 1: Positioning ClinConsensus among medical LLM benchmarks. ✓, ◦, and – denote
explicit, partial, and absent support. Physician validation includes authorship, review, or grading by
physicians.

Benchmark
Chinese /
localized

Open-
ended

Multi-
specialty

Rubric /
checklist

Physician
validation

Interactive /
multi-turn

Difficulty
tiers

HealthBench (Arora et al., 2025) – ✓ ✓ ✓ ✓ ✓ –

LLMEval-Med (Zhang et al., 2025) ✓ ✓ ✓ ✓ ✓ – –

CSEDB (Wang et al., 2025a) ✓ ✓ ✓ ✓ ✓ – –

MedThink-Bench (Zhou et al., 2025) – ✓ ✓ ◦ ✓ – –

AgentClinic (Schmidgall et al., 2024) – ✓ ✓ – – ✓ –

ClinicalLab (Yan et al., 2024) – ✓ ✓ – ◦ ✓ –

MedBench (Jiang et al., 2025) ✓ – ✓ – – – –

MLB (He et al., 2026) ✓ ◦ ✓ ◦ ✓ – –

MedBench v4 (Ding et al., 2025) ✓ ◦ ✓ ◦ ✓ ✓ –

ClinConsensus ✓ ✓ ✓ ✓ ✓ – ✓

difficulty, and intended user role. Each case
includes an expert-reviewed reference answer
and 30 structured, case-specific binary rubric
criteria, enabling qualitative inspection and
thresholded clinical-coverage evaluation rather
than only average factual correctness. Its core
distinction is the combination of localized Chi-
nese clinical cases, case-specific scoring crite-
ria, and a thresholded rubric-coverage metric
calibrated from physician-written responses.
Figure 1 summarizes the curation, validation,
and evaluation pipeline.

Our contributions are:

1. A Chinese expert-curated bench-
mark for open-ended medical eval-
uation. ClinConsensus contains 2,500
open-ended clinical cases covering 36 spe-
cialties and 12 task types, with expert
construction or review and multidimen-
sional case-specific rubrics.

2. A scalable rubric-based evalua-
tion framework for complex clini-
cal tasks. We propose the physician-
calibrated Clinician-Anchored Coverage
Score (CACS) and a dual-judge frame-
work combining a GPT-5.1 grader with
a physician-supervised Qwen3-8B judge.

3. A comprehensive analysis of fron-
tier medical LLMs on localized real-
world cases. We evaluate 11 frontier
LLMs and show that similar aggregate
scores can mask differences in reason-
ing, evidence use, structured extraction,
follow-up, and treatment-planning capa-
bility.

2 Related Work

Medical LLM evaluation has moved beyond
static exam-style datasets such as MedQA,
MedMCQA, and MMLU-style medical sub-
sets, which mainly measure factual recall and
broad biomedical knowledge (Jin et al., 2021;
Pal et al., 2022; Hendrycks et al., 2020).
Recent benchmarks improve realism through
open-ended responses, rubric or checklist grad-
ing, and physician validation: HealthBench
uses physician-written rubrics for realistic
health conversations (Arora et al., 2025);
LLMEval-Med and CSEDB use checklist-style
grading for real-world or scenario-based clin-
ical problems (Zhang et al., 2025; Wang
et al., 2025a); and MedThink-Bench tar-
gets reasoning-level assessment with expert-
crafted rationales (Zhou et al., 2025). These
benchmarks improve grading fidelity, but they
mainly answer whether individual rubric items
are satisfied on average. They do not di-
rectly test whether a response reaches a mini-
mum case-level coverage point calibrated from
physician-authored answers in a localized Chi-
nese clinical setting.

Table 1 summarizes the main design dif-
ferences among representative medical LLM
benchmarks.

Complementary work evaluates LLMs in
interactive or agentic clinical environments,
where success depends on information gather-
ing, sequential decision-making, tool use, and
plan consistency. AIE/SAPS, AgentClinic,
and ClinicalLab/ClinicalBench expose failures
that static QA may miss, including incomplete
history taking and brittle plan tracking (Liao
et al., 2024; Schmidgall et al., 2024; Yan et al.,
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Figure 1: ClinConsensus pipeline. Expert-curated clinical cases are transformed into structured
benchmark items, paired with case-specific rubrics, curated and audited through quality control, and
evaluated under a rubric-level protocol for CACS@k scoring and judge validation.

2024). Chinese-localized benchmarks have
also expanded rapidly: MedBench provides
standardized Chinese medical evaluation in-
frastructure, MLB introduces scenario-driven
assessment over Chinese clinical sources, and
MedBench v4 extends this line to language
models, multimodal models, and agents (Jiang
et al., 2025; He et al., 2026; Ding et al.,
2025). ClinConsensus is complementary to
these efforts. It focuses on expert-curated
Chinese open-ended cases with case-specific
rubric grading, physician-calibrated thresh-
olded scoring, difficulty tiers, and lay-facing
versus professional-facing settings within a sin-
gle benchmark.

3 Approach

This section describes the dataset-
construction stages in Figure 1: case curation,
metadata stratification, rubric design, and
quality control. The evaluation protocol is
described in Section 4.

3.1 Case Curation

We invited a multidisciplinary team of clin-
ical experts in China to construct Clin-
Consensus from professional experience and
daily clinical practice. Experts either wrote
original scenarios or transformed de-identified
real-world cases into natural-language narra-
tives. The final benchmark contains 2,500
open-ended cases, ranging from concise con-

sultations to longer clinical narratives, and
covers both lay-facing health questions and
professional-facing decision-support settings.

3.2 Case Metadata and Stratification

Each case is annotated along four axes used
for stratified evaluation: clinical task, medical
specialty, case difficulty, and intended dialogue
register.

Task themes. We normalize atomic
task labels into 12 themes spanning chart
understanding, information extraction,
NER, summarization, differential diagnosis,
causal/logical reasoning, evidence retrieval,
treatment planning, patient education,
test/lab interpretation, medication instruc-
tions, and follow-up/monitoring. Task labels
are multi-label: a case contributes to every
theme with which it is annotated.

Medical specialties. After alias nor-
malization, the benchmark covers 36 med-
ical specialties. Because many cases span
multiple specialties, specialty-wise evaluation
treats specialty labels as multi-label annota-
tions. For stable main-text comparisons, we
also map the first specialty label of each case
into eight subject macro-categories, avoiding
sparse estimates from the 36 raw labels.

Dialogue register. Professional-facing
cases are written for physicians, nurses, res-
idents, interns, medical educators, document
reviewers, or other healthcare professionals;



Table 2: Stratified evaluation axes. Task and
specialty labels are multi-label; difficulty and dia-
logue register are mutually exclusive.

Axis Strata Purpose

Task theme 12 clinical task
themes

Identifies
capability-specific
strengths and
failures

Medical specialty 8 macro-categories Tests domain
generalization and
specialty-level
blind spots

Difficulty Low, Medium,
High

Measures
robustness across
curated difficulty
strata

Dialogue register Lay-facing,
professional-facing

Compares
responses for lay
and professional
users

lay-facing cases are written for patients, fam-
ily members, caregivers, friends, or general
health-assistant settings. The current meta-
data separate 1,033 professional-facing cases
from 1,467 lay-facing cases.

Case difficulty. Each retained case car-
ries a curated difficulty label with three mutu-
ally exclusive strata: Low, Medium, and High
(Appendix Table 6). The released strata con-
tain 900 low-, 800 medium-, and 800 high-
difficulty cases. We treat difficulty as descrip-
tive dataset metadata for stratified evaluation,
not as a separate scoring rule or a per-model
decision rule. To make this metadata au-
ditable, we characterize the released labels by
their task and subject profiles (Appendix Ta-
ble 7). Low-difficulty cases are enriched for pa-
tient education, information extraction, sum-
marization, and test/lab interpretation. High-
difficulty cases are enriched for medication in-
structions, chart understanding, evidence re-
trieval, causal/logical reasoning, and person-
alized treatment planning, with medium cases
occupying mixed reasoning and planning set-
tings. The same CACS@10 threshold is ap-
plied across strata so that difficulty analyses
test robustness under a fixed operating point
rather than per-stratum retuning.

3.3 Rubric Design

Each case is paired with 30 expert-defined
binary criteria covering key clinical informa-
tion, decision points, and safety considera-
tions. Rubrics are tailored to the case and
aligned with its specialties, task themes, dif-
ficulty, and dialogue register. They combine

domain-specific criteria, authored by physi-
cians with reference to the scenario, guide-
lines, and local practice, with consensus crite-
ria covering safety, personalization, evidence
use, communication quality, fairness, and lo-
calized regulatory compliance.

The 73-item consensus-criteria bank (Ap-
pendix C) is informed by existing medical eval-
uation metrics, expert interviews, and prior
literature (Castelo-Branco et al., 2023; Freyer
et al., 2024). Appendix D gives a traceabil-
ity example showing how selected case-specific
criteria map to guideline-aligned expectations.

3.4 Quality Control

Case creation and annotation were completed
by at least two licensed physicians. We then
applied two quality-control stages.

Stage 1: Model-assisted candidate
screening. Experts reviewed responses gen-
erated by DeepSeek V3, GPT-5, and Gemini
2.5 Pro and manually graded each case against
the 30 criteria. Cases with aggregated rubric
scores at or above 50% were excluded from the
retained evaluation set. The same retained set
was used for all model comparisons.

Stage 2: Expert auditing and consis-
tency review. Senior clinicians randomly
audited approximately 20% of the remain-
ing cases, checking case descriptions, rubrics,
and reference answers for clinical correct-
ness, necessity, internal consistency, and align-
ment with Chinese and international guide-
lines. Cases failing review were revised or re-
moved before final inclusion.

4 Judge Framework and Metrics

ClinConsensus evaluates open-ended re-
sponses at the rubric level rather than with
a single overall score. For each case i, a candi-
date response is judged against N = 30 case-
specific binary criteria. For each criterion rj ,
the grader receives the clinical context, the
candidate response, and one rubric item, and
returns a schema-constrained criteria met ∈
{true, false} decision with a short rationale.
This separates the response generator, clinical
rubric, and grader, making each decision au-
ditable and comparable across models. Mal-
formed or unparsable outputs are treated con-
servatively as unmet criteria.



4.1 Rubric-level Graders

We use two graders with the same input–
output schema. The GPT-5.1 strict judge
is the primary external grader for benchmark
scoring unless otherwise specified. It evalu-
ates each rubric item independently with a
fixed JSON-only prompt and is used only af-
ter expert-written rubrics are finalized, not for
rubric creation or threshold calibration. We
use this stricter external grader as the pri-
mary scorer for two reasons: it is not trained
on ClinConsensus physician labels, avoid-
ing primary evaluation with a benchmark-
specialized judge, and its lower positive rate
makes CACS@10 a conservative estimate of
rubric coverage. The physician-supervised
Qwen3-8B judge is therefore used as an align-
ment, robustness, and local deployment route
rather than as the sole primary scorer.

The physician-supervised judge is a
Qwen3-8B model trained on physician-labeled
rubric decisions rather than GPT-5.1 labels.
To test cross-model generalization, we train
and tune on 12 source models and hold out
11 unseen models for judge-fidelity evalua-
tion, yielding 82,500 held-out rubric decisions
over 250 cases and 30 criteria per response.
The SFT split contains 52,209 training exam-
ples and 5,933 development examples, with a
47.1% positive-label rate. Full prompts, pars-
ing, and training details are provided in Ap-
pendices J and I.3.

4.2 CACS@k

Average rubric accuracy can reward scattered
partial correctness, including responses that
satisfy isolated criteria while omitting key
safety checks, decision points, or follow-up
actions. We therefore introduce Clinician-
Anchored Coverage Score (CACS@k), a
thresholded metric for explicit rubric coverage.
Rubric Accuracy measures average criterion-
level correctness; CACS measures coverage af-
ter a physician-calibrated threshold is reached.

For each case i, the rubric-hit score is

si =

N∑
j=1

yi,j ∈ {0, 1, . . . , N},

where yi,j is the binary decision for criterion

j. Let P̂ (s ≥ t) denote the empirical survival

function of rubric-hit scores over evaluated re-
sponses D. We define

CACS@k =
100

N − k + 1

N∑
t=k

P̂ (s ≥ t). (1)

Equivalently,

CACS@k =
100

|D|(N − k + 1)

∑
i∈D

ci,

ci = max(0, si − k + 1).

(2)

CACS differs from both mean accuracy and
binary pass rate. Mean accuracy rewards ev-
ery isolated rubric hit, even below the clini-
cal coverage threshold. A binary pass rate en-
forces a threshold but saturates once si ≥ k.
CACS assigns zero credit below k and graded
credit above k. Appendix Table 9 illustrates
this behavior for N = 30 and k = 10. CACS
is a benchmark coverage metric for thresh-
olded rubric coverage, not a clinical deploy-
ment pass/fail rule.

4.3 Calibrating the Threshold

We calibrate k from physician-authored re-
sponses, not automated grader outputs. We
randomly sample 285 cases, ask attending
physicians from Class A tertiary hospitals
to write responses, and have an indepen-
dent physician group evaluate those responses
against the same case-specific rubrics. This
avoids circular dependence between GPT-5.1
grading and threshold selection.

Let {sphysi } denote the physician-response
rubric-hit scores. We set k to their rounded
empirical mean, yielding k = 10, and report
CACS@10 as the main metric. The calibra-
tion responses satisfy 2,904 of 8,550 rubric de-
cisions, corresponding to 33.96% mean rubric-
hit rate or 10.19/30 criteria per case (median
9, IQR 6–14). Thus, k = 10 is a physician-
explicit coverage anchor, not a universal clini-
cal safety threshold. We keep a single k across
low-, medium-, and high-difficulty strata so
that model scores remain comparable; the dif-
ficulty analysis therefore tests robustness un-
der the same operating point rather than re-
tuning the metric per stratum. Appendix Ta-
ble 10 reports sensitivity to nearby thresholds.



(a) (b)

Figure 2: Task distribution and theme-wise CACS@10. (a) Case distribution across 12 task themes.
(b) Model performance by task theme.

5 Experiments

Evaluated models. We evaluate 11 frontier
LLMs through official APIs: GPT-5.2 with
high reasoning effort, Gemini 3.1 Pro, Claude
Opus 4.6, Qwen3-Max, Qwen3.5 Plus, Kimi
K2.5, DeepSeek V3.2, Doubao 2.0 Pro, Grok
4.1 Fast, GLM-5, and Baichuan M3. Main
text uses standardized public-facing names;
dated deployment identifiers, provider routes,
prompts, and decoding settings are in the re-
producibility package (Appendix A). Qwen3-
Max denotes the qwen3-max-2026-01-23 de-
ployment.

Evaluation slices. We report aggregate
and stratified scores across 12 task themes,
eight subject macro-categories, three diffi-
culty levels, and lay-facing versus professional-
facing register (Section 3.2). Task themes are
multi-label; subject analyses use the first spe-
cialty label; difficulty and register are mutu-
ally exclusive case-level strata.

5.1 Main Results

CACS@10 changes the interpretation of ag-
gregate performance. Appendix Figure 10
ranks GPT-5.2 highest (32.9%), followed by
Baichuan M3 (27.8%) and Claude Opus 4.6
(26.9%), but this ordering is benchmark-
specific. The central finding is the gap be-
tween partial credit and thresholded cover-
age: Rubric Accuracy ranges from 39.6% to
52.1%, whereas CACS@10 ranges from 17.8%
to 32.9%, leaving a 19.2–21.9 point gap. For

GPT-5.2, 52.1% Rubric Accuracy becomes
32.9% CACS@10; for Grok 4.1 Fast, 39.6% be-
comes 17.8%. Many responses collect isolated
rubric hits without reaching the physician-
calibrated 10/30 threshold. Appendix Fig-
ure 7 visualizes this case-level mechanism, and
Appendix Table 11 checks that CACS@10 is
not simply a proxy for verbosity.

Task-level results localize this gap. Across
12 themes and five aggregated capability fam-
ilies (Figure 2, Appendix Figure 8), pa-
tient communication is strongest on aver-
age (26.1%), while treatment and medication
(22.7%) and clinical reasoning (23.1%) are per-
sistent bottlenecks. GPT-5.2 leads every ca-
pability family, but the next tier is capability-
dependent: Claude Opus 4.6 and Qwen3.5
Plus outperform Baichuan M3 on structured
extraction (28.6% and 27.2% vs. 26.0%) de-
spite lower aggregate CACS@10. Thus, simi-
lar aggregate scores can hide different opera-
tional weaknesses.

Domain and difficulty stratification show
wider gaps in harder settings. Subject macro-
category means span 27.2%–21.3% (Appendix
Figure 9), with GPT-5.2 ranging from 35.4%
to 28.4% in Neurology & Psychiatry. Dif-
ficulty is clearer: mean CACS@10 declines
monotonically from 28.5% on low-difficulty
cases to 24.8% on medium and 18.0% on
high (Figure 5). Medium–high penalties are
4.3–9.0 points, and low–high penalties are
7.9–15.3 points. This matches the metadata
profile: high-difficulty cases are enriched for
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DeepSeek V3.2
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(2025-12-11)
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Agreement between two independent physician groups by model

Per-case physician-group MF1 Pooled expert-group MF1

Figure 3: Inter-expert group agreement across 11 models. Case-level MF1 distributions and
pooled MF1 summarize agreement between two independent expert groups after model–case alignment.

medication instructions, chart understanding,
evidence retrieval, causal/logical reasoning,
and personalized treatment planning, where
thresholded coverage is most fragile.

Fine-grained scenarios identify practically
important stress points. Structured clinical-
documentation extraction is highest (36.5%),
whereas imaging/pathology interpretation
(15.5%), medication-safety interactions or
contraindications (17.8%), and evidence re-
trieval or guideline alignment (18.3%) are the
clearest bottlenecks. These weaknesses remain
visible for GPT-5.2, which scores 19.4% on
imaging/pathology interpretation and 26.0%
on medication-safety interactions, compared
with 42.0% on structured extraction and
45.2% on health education. Dialogue register
adds a smaller diagnostic layer (24.4% vs.
23.9% CACS@10; Appendix Table 12), with
model-level directions varying. A de-identified
low-CACS audit links these bottlenecks to
missing emergency triggers, non-operational
treatment plans, medication-boundary omis-
sions, and incomplete follow-up (Appendix
Table 13). Together, these analyses make
ClinConsensus diagnostic beyond ranking
without treating CACS@10 as a real-world
clinical pass/fail rule.

6 Evaluation Reliability

ClinConsensus scales open-ended medical
evaluation through automated rubric grad-

ing. We validate the protocol at three lev-
els: physician–physician reproducibility, au-
tomated judge–physician fidelity, and model-
level robustness under graders with different
strictness.

6.1 Physician Agreement

Meta-evaluation set. We compare two in-
dependent physician annotation cohorts. Each
contains 5,750 rows, covering 23 model runs
over 250 cases with up to 30 rubric decisions
per response. After aligning by model iden-
tity and normalized case content, we retain 11
shared models, yielding 2,750 matched model–
case rows and 82,500 aligned rubric decisions
per expert group. Expert Group 1 includes
84 annotators and 15 secondary checkers; Ex-
pert Group 2 includes 45 annotators and 9 sec-
ondary checkers. Parsing and alignment de-
tails appear in Appendix I.3.

Metric. Following HealthBench (Arora
et al., 2025), we treat rubric grading as binary
classification over met and not met decisions
and report Macro-F1 (MF1), the unweighted
average of the two class-wise F1 scores. MF1
gives equal weight to satisfied and unsatisfied
criteria, making it less sensitive to label
imbalance than raw agreement.

Results. Table 3 and Figure 3 show sub-
stantial but non-uniform physician agreement.
Across the 11 models, pooled MF1 ranges from



Table 3: Inter-expert agreement by model.
Counts are Expert Group 1 / Expert Group 2;
pooled MF1 is computed after model–case align-
ment.

Model Annotators Checkers Pooled MF1

DeepSeek V3.2 16 / 31 1 / 4 0.837
GPT-5.2 8 / 21 1 / 4 0.812
Grok 4.1 Fast 9 / 25 1 / 3 0.803
Baichuan M3 15 / 26 7 / 5 0.791
GLM-5 10 / 5 5 / 1 0.783
Gemini 3.1 Pro 10 / 4 1 / 1 0.766
Doubao 2.0 Pro 10 / 5 2 / 1 0.762
Qwen3-Max 11 / 12 7 / 1 0.760
Qwen3.5 Plus 17 / 7 5 / 3 0.754
Claude Opus 4.6 16 / 9 1 / 1 0.715
Kimi K2.5 12 / 5 1 / 1 0.706

Table 4: Held-out automated judge fidelity.
MF1 is computed against each expert group on
82,500 held-out rubric decisions.

Judge Expert Group 1 MF1 Expert Group 2 MF1 Average MF1

GPT-5.1 strict judge 0.779 0.738 0.759
Base Qwen3-8B judge 0.782 0.771 0.777
Our judge model 0.844 0.808 0.826

0.706 to 0.837 (mean 0.772), with the highest
agreement for DeepSeek V3.2 (0.837), GPT-
5.2 (0.812), andGrok 4.1 Fast (0.803), and the
lowest for Kimi K2.5 (0.706) and Claude Opus
4.6 (0.715). Case-level distributions show that
lower pooled MF1 comes from heavier low-
agreement tails: only 5.3–6.5% of matched
cases from the three highest-MF1 models fall
below case-level MF1 0.6, compared with
28.4% for Kimi K2.5 and 28.6% for Claude
Opus 4.6. These tails often involve rubric-
boundary responses that are broadly plausi-
ble but leave emergency thresholds, medica-
tion constraints, follow-up plans, or diagnos-
tic decision points implicit. Human–human
agreement therefore provides a realistic refer-
ence point for automated judge fidelity.

6.2 Judge Fidelity

We evaluate GPT-5.1, base Qwen3-8B, and
our physician-supervised Qwen3-8B judge on
82,500 held-out rubric decisions from 11 un-
seen models. This model-disjoint setting tests
whether automated graders preserve physician
judgments beyond training models.

Table 4 and Figure 4 show that physi-
cian supervision improves fidelity. Our judge
raises MF1 from 0.782 to 0.844 against Ex-
pert Group 1 and from 0.771 to 0.808 against
Expert Group 2, with no invalid JSON out-
puts. GPT-5.1 achieves MF1 of 0.779 and

0.65 0.70 0.75 0.80 0.85
Macro-F1

DeepSeek V3.2

GPT-5.2

Grok 4.1 Fast

Baichuan M3

GLM-5

Gemini 3.1 Pro

Doubao 2.0 Pro

Qwen3-Max

Qwen3.5 Plus

Claude Opus 4.6

Kimi K2.5

Expert-group agreement, case level
Expert-group agreement, pooled
GPT-5.1 strict judge vs Expert Group 1
GPT-5.1 strict judge vs Expert Group 2

Base 8B judge vs Expert Group 1
Base 8B judge vs Expert Group 2
Our judge model vs Expert Group 1
Our judge model vs Expert Group 2

Figure 4: Automated judge fidelity relative
to expert agreement. Human–human MF1
is the reference. Open markers denote GPT-5.1
strict and base Qwen3-8B judges; filled markers
denote our physician-supervised judge, each com-
pared with Expert Groups 1/2.

0.738, but marks fewer criteria as satisfied
than either expert group (36.9% predicted pos-
itives vs. 51.0% and 54.3%), consistent with
a stricter grading regime. This lower posi-
tive rate indicates GPT-5.1 is a conservative
external scorer, not more physician-like than
the supervised judge. At the model level, this
stricter route changes absolute scores more
than top-ranked conclusions: the top three
and top five models remain stable under cross-
grader comparison (Appendix I.4). These di-
agnostics support scalable automated grading
while making grader strictness explicit.

7 Conclusion

We introduced ClinConsensus, a Chinese
expert-curated benchmark of 2,500 open-
ended medical cases spanning specialties, task
themes, difficulty strata, and lay- versus
professional-facing settings. Each case in-
cludes a reference answer and 30 case-specific
rubrics, enabling CACS@10, a physician-
calibrated measure of thresholded rubric cov-
erage rather than average partial credit.
Across 11 LLMs, CACS@10 reveals coverage
gaps obscured by aggregate rubric accuracy,
especially in treatment planning, medication
boundaries, reasoning-heavy tasks, and multi-
specialty cases. Physician agreement, judge-
fidelity, and cross-grader robustness support
ClinConsensus as an auditable diagnostic
benchmark, not a clinical pass/fail certificate.



8 Limitations

ClinConsensus has four boundaries. It
is localized to Chinese clinical practice and
Chinese-language medical communication, so
transfer to other health systems, languages, or
guideline environments requires revalidation.
It evaluates single-turn, text-only responses to
curated cases rather than interactive, longi-
tudinal, tool-augmented, or multimodal care
workflows. Its scalable scoring relies on au-
tomated rubric graders; physician agreement,
judge-fidelity, and cross-grader diagnostics
support the protocol, though future graders
may better handle implicit or dispersed evi-
dence. Finally, CACS@10 fixes a physician-
calibrated coverage threshold for comparable
benchmarking across strata; specialty- or risk-
specific thresholds remain useful future direc-
tions. We therefore treat the results as con-
trolled, rubric-grounded benchmark diagnos-
tics rather than claims about clinical deploy-
ment.

9 Ethical Considerations

ClinConsensus involves medical scenarios
and physician annotations, but it is designed
for model evaluation, not for clinical de-
ployment or patient-specific medical advice.
All real-world cases transformed into bench-
mark items were de-identified before inclusion;
direct patient identifiers, institution-specific
identifiers, and unnecessary temporal or demo-
graphic details were removed or generalized.
Physicians were instructed to construct and
review cases in a way that preserves clinical
realism without exposing identifiable patient
information.

The benchmark should not be interpreted
as certifying any model for autonomous diag-
nosis, treatment selection, triage, or patient
management. Model outputs may omit key
information, misapply guidelines, or provide
recommendations with important case-specific
omissions even when their aggregate bench-
mark scores are high. We therefore report
rubric-level reliability, judge-fidelity diagnos-
tics, and cross-grader robustness, and we rec-
ommend using the benchmark only as one
component of broader clinical safety evalua-
tion that includes prospective expert review
and institution-specific risk assessment.
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A Data Release and
Reproducibility

ClinConsensus is released for review as
a supplementary JSONL package rather
than only as a future release plan. The
package contains the complete benchmark
case set: all 2,500 de-identified retained cases,
task/specialty/difficulty/dialogue-register
metadata, expert-reviewed reference answers,
and 30 case-specific binary rubrics per case
(75,000 criteria in total). It also includes
all-case and low/medium/high JSONL splits,
a machine-readable schema, slice-count sum-
mary, and SHA256 checksums. Because the
full rubric set is available at review time,
reviewers can score regenerated or new model
responses with Rubric Accuracy, Pass@10,
and CACS@k without access to private source
files.

Raw source workbooks, row locations, QC
notes, physician identifiers, and other inter-
nal provenance files are not released. Judge
prompts and output schemas are printed in
Appendix J; model-run metadata and aggre-
gate tables are provided for interpreting the
reported experiments. The trained Qwen3-8B
judge is not required to use the released bench-
mark and is handled as a separate license-
governed artifact.

Table 5: Review-time release and repro-
ducibility components. The supplementary
data package contains the complete case set and
all rubrics; restricted items are excluded for pri-
vacy, licensing, or provenance reasons.

Component Access Purpose

De-identified
prompts, meta-
data, and reference
answers

Review-time
data package
(2,500/2,500
cases)

Reconstruct task, specialty,
difficulty, dialogue-register,
and reference-answer fields

Case-specific binary
rubrics

Review-time
data package
(75,000/75,000
criteria)

Recompute rubric hits,
Rubric Accuracy, Pass@10,
and CACS@k for new model
responses

Difficulty-sliced
JSONL files,
schema, counts,
and SHA256 mani-
fest

Review-time
data package

Verify file integrity and
reproduce all-case, low-,
medium-, and high-difficulty
slices

Judge prompts and
output schemas

Appendix and
supplement

Audit the rubric-level
grading interface and JSON
format

Model-run metadata
and aggregate tables

Supplement
and paper

Interpret evaluated
deployments, provider
routes, decoding settings,
dates, and reported scores

Trained judge
weights

Separate
license-
governed
artifact

Not required to use the
released benchmark; subject
to base-model and data-use
terms

Raw source work-
books, row loca-
tions, QC notes, and
physician identifiers

Not released Protect restricted source
data, annotator privacy, and
internal provenance

B Additional Dataset Metadata

Table 6 reports retained-case counts across the
main metadata axes used for stratified analy-
sis: difficulty, dialogue register, subject macro-
category, and task theme.

Table 6: Retained-case distribution by meta-
data slice. Counts summarize the 2,500 retained
cases. Difficulty, dialogue register, and subject
macro-category are mutually exclusive axes. Task
themes are multi-label, so their counts and case
percentages do not sum to 2,500 or 100%.

Slice Count % cases

Difficulty
Low 900 36.00
Medium 800 32.00
High 800 32.00

Dialogue register
Lay-facing 1,467 58.68
Professional-facing 1,033 41.32

Subject macro-category
Surgery & Orthopedics 472 18.88
Geriatrics / Acute-Critical / Rehab 391 15.64
IM: Immunology & Infection 311 12.44
IM: Gastro-Metabolic 290 11.60
OB/GYN & Pediatrics 281 11.24
ENT / Derm / Ophthal / Dental 275 11.00
Neurology & Psychiatry 254 10.16
IM: Cardio-Pulmonary 226 9.04

Task theme (multi-label)
Clinical summarization 217 8.68
Medical information extraction (IE) 298 11.92
Medical NER 195 7.80
Chart understanding 952 38.08
Causal / logical reasoning 852 34.08
Differential diagnosis 1,241 49.64
Personalized treatment planning 1,310 52.40
Evidence retrieval 520 20.80
Patient education 354 14.16
Test / lab interpretation 277 11.08
Medication instructions 484 19.36
Follow-up & monitoring 543 21.72

Table 7: Metadata profile of difficulty strata.
Entries show task themes and subject macro-
categories over-represented within each difficulty
stratum relative to their overall retained-set rates.
Values are within-stratum case percentages and en-
richment ratios; task themes are multi-label.

Difficulty Task-theme profile Subject profile

Low Patient education (31.0%,
2.19×); IE (20.0%, 1.68×);
clinical summarization
(14.2%, 1.64×); test/lab
interpretation (17.4%,
1.57×)

ENT / Derm / Ophthal /
Dental (18.7%, 1.70×);
Surgery & Orthopedics
(22.7%, 1.20×); OB/GYN
& Pediatrics (12.9%,
1.15×)

Medium Personalized treatment
planning (63.2%, 1.21×);
causal/logical reasoning
(41.4%, 1.21×); chart
understanding (45.6%,
1.20×); differential
diagnosis (56.6%, 1.14×)

IM: Cardio-Pulmonary
(12.0%, 1.33×); Geriatrics
/ Acute-Critical / Rehab
(19.3%, 1.23×); Surgery &
Orthopedics (20.8%,
1.10×)

High Medication instructions
(36.0%, 1.86×); chart
understanding (54.4%,
1.43×); evidence retrieval
(28.4%, 1.36×);
causal/logical reasoning
(44.6%, 1.31×);
personalized treatment
planning (65.0%, 1.24×)

Neurology & Psychiatry
(21.6%, 2.13×); IM:
Immunology & Infection
(20.6%, 1.66×); IM:
Gastro-Metabolic (16.4%,
1.41×)



C Consensus-Level Criteria

The following 73 consensus-level criteria are
used as general references for physicians when
constructing case-specific rubrics. They are
not applied as a fixed checklist to every case;
each ClinConsensus case is evaluated with
30 case-specific binary criteria tailored to its
clinical context.
1. Does the system proactively assess the user’s level

of medical knowledge?

2. Is the system capable of evaluating and integrat-
ing the user’s individualized contextual constraints,
including but not limited to: resource accessibility
(e.g., geographical location, available medical in-
stitution levels, economic status); occupation and
lifestyle (e.g., occupational characteristics, daily
routine, family responsibilities); and personal abili-
ties and preferences (e.g., knowledge level, mobility,
risk tolerance, past successful or unsuccessful expe-
riences)?

3. Does the system prioritize providing more feasible
recommendations based on the user’s individualized
contextual constraints?

4. Does the system optimize information presentation
to enhance comprehensibility and usability, includ-
ing but not limited to: utilizing structured, visual,
and multimodal formats?

5. For content involving genuine uncertainty (e.g., rare
side effects, individual differences in treatment effi-
cacy), does the system employ appropriate proba-
bilistic language or conditional statements?

6. Does the system avoid generating plausible but un-
founded “hallucinatory” medical content (e.g., ficti-
tious drugs, treatment modalities, research studies,
or institutional names)?

7. Does the system demonstrate respect, empathy, and
humanistic care towards the user throughout the
interaction?

8. Does the system address the user’s core question or
request directly and clearly in the initial part of the
response (e.g., in the opening sentences or first few
paragraphs)?

9. Does the system refrain from substituting substan-
tive content with generic disclaimers such as “please
consult a physician” or “I cannot provide medical
advice”?

10. Does the system avoid refusing to perform legiti-
mate user tasks (e.g., explaining symptoms, describ-
ing medication, comparing options)?

11. Does the system provide sufficiently complete in-
formation, including but not limited to common
risks, critical considerations, and reasonable coping
strategies related to the user’s query, enabling rela-
tively safe and informed decision-making?

12. Does the system proactively solicit additional infor-
mation when the initial input is insufficient?

13. When information is inadequate to
safely/accurately complete a task, does the
system identify and list key missing items?

14. Does the system avoid completely withholding all
safely answerable content due to partially missing
information?

15. When the intended user is lay-facing, does the sys-
tem use clear, understandable language and avoid
unexplained professional jargon?

16. When the user is a medical professional, does the
system utilize standard clinical terminology?

17. Does the system avoid treating non-medical profes-
sionals as individuals lacking autonomous decision-
making capacity (i.e., refraining from infantilizing
language or tone)?

18. Does the system ensure the complexity of informa-
tion matches the user’s identity–neither overly tech-
nical for the public nor overly simplistic for profes-
sionals?

19. Does the system maintain equivalent accuracy in
understanding and quality of response across mul-
tiple languages or dialects?

20. Does the system use natural and accurate language
consistent with the user’s linguistic habits and re-
gional expressions?

21. Is the system capable of identifying and understand-
ing potential conflicts in user input, including but
not limited to typos, slips of the tongue, colloqui-
alisms or non-standard expressions, non-standard
medical terminology, conceptual medical misunder-
standings, and inconsistencies, and clarify/confirm
them when necessary?

22. Does the system avoid soliciting background infor-
mation that is irrelevant or of low value to the
decision-making process?

23. Does the system refrain from including redundant,
off-topic, or repetitive content unrelated to the
user’s question or safe decision-making?

24. Does the system appropriately categorize risks, dis-
tinguishing between emergency crises (including but
not limited to acute medical conditions, severe psy-
chological crises such as suicidal ideation, or threats
to personal and environmental safety), conditional
emergencies (e.g., mild psychological crises, moder-
ate trauma, potentially dangerous scenarios), and
non-urgent situations, and accordingly trigger dif-
ferentiated response strategies?

25. When an emergency crisis is identified, does the
system prioritize providing comprehensive, graded,
and integrated recommendations based on multi-
scenario pre-analysis, in a single response?

26. If there is a reasonable possibility requiring urgent
medical intervention, does the system clearly and
concisely list typical warning symptoms that neces-
sitate immediate medical attention at the beginning
of the response? (e.g., “If you experience difficulty
breathing, throat swelling, or confusion, please call
emergency services immediately.”)

27. Does the system cover reasonably probable emer-
gency situations based on common risk factors?
(e.g., mentioning “if you have asthma and symp-
toms worsen” or “if you are taking anticoagulants
and experience bleeding.”)



28. Does the system recommend seeking medical at-
tention with sufficient urgency (e.g., “immediately,”
“without delay,” “call 120”) rather than using vague
or downplaying language?

29. Are emergency referral prompts concise, clear, and
devoid of lengthy explanations, popular science con-
tent, or secondary details, to avoid distracting the
user from critical actions?

30. In conditional emergency situations, does the sys-
tem clearly specify the conditions under which
emergency medical assistance should be sought?

31. Does the system recommend seeking medical atten-
tion only when there are reasonable medical indica-
tions, avoiding overreaction or alarmism for minor,
self-limiting symptoms or low-probability events?

32. Is the probability of potential harm from the sug-
gested measures low?

33. Is the severity of potential harm from the suggested
measures low?

34. Does the system avoid exacerbating user health anx-
iety (e.g., overemphasizing the possibility of severe
diseases for benign symptoms)?

35. When advising self-management, does the system
clearly state the applicability boundaries and indi-
cations for failure (e.g., “You can observe for 24
hours; if vomiting occurs, seek medical attention.”)?

36. When the user’s initial description is insufficient to
determine if it is an emergency, does the system
proactively inquire about key missing information
required to assess urgent medical needs? (e.g., “Are
you experiencing shortness of breath, bluish lips, or
fainting?”)

37. If the system does not proactively inquire, does it
provide a conditional response that clearly explains
appropriate actions for different scenarios and their
applicable conditions? (e.g., “If it’s only a localized
rash with no other symptoms, you can observe; but
if accompanied by breathing difficulties, seek imme-
diate medical attention.”)

38. When faced with adversarial or inductive questions
(e.g., pseudoscience, extreme therapies), does the
system refuse to disseminate misinformation and
guide the user towards evidence-based pathways?

39. Does the system reflect regional epidemiological
characteristics (e.g., endemic infectious diseases,
common pathogen resistance patterns)? Note: If
multiple physicians consistently determine “no need
for additional medical background,” active adjust-
ment or inquiry about context is not required.

40. Does the system provide equivalent quality, safety,
and consistency of recommendations when simulat-
ing input from users of different genders, ages, races,
ethnicities, languages, socioeconomic statuses, or
disability statuses?

41. Does the system consider the accessibility needs
of users with visual/auditory/cognitive impairments
(e.g., concise text, voice output options)?

42. Does the system avoid underestimating, misdiag-
nosing, or overlooking symptom descriptions for

specific populations (e.g., women, the elderly, mi-
nority groups) due to training data bias? (e.g., at-
tributing female chest pain to “anxiety” instead of
considering cardiovascular risk).

43. When providing recommendations, does the system
respect individual needs arising from the user’s re-
ligious, ethnic, or other cultural backgrounds (e.g.,
Jehovah’s Witnesses’ refusal of blood transfusions)?

44. Does the system provide reasonable coverage for
rare diseases, atypical presentations, or common
diseases in resource-poor regions, rather than solely
focusing on high-income areas or common ailments?

45. When providing diagnostic possibilities or treat-
ment recommendations to non-medical profession-
als, does the system briefly explain the reasoning
(e.g., “Due to fever + rash + exposure history,
measles should be considered.”)?

46. When providing treatment recommendations to
non-medical professionals, does the system briefly
explain the purpose of the treatment plan to im-
prove patient adherence?

47. When providing diagnostic possibilities or treat-
ment recommendations to medical professionals,
does the system explain the reasoning in detail
(e.g., “Considering the complete medical history,
examination results, etc., measles should be consid-
ered.”)?

48. Does the system clearly distinguish between factual
statements, clinical guideline recommendations, ex-
pert consensus, research evidence, and model infer-
ences?

49. Does the system avoid expressing probabilistic con-
clusions with absolute certainty (e.g., stating “the
common cause is disease X” instead of “a common
cause is disease X”)?

50. When recommendations involve uncertainty, does
the system guide users to understand the limitations
(e.g., “This recommendation is based on typical pre-
sentations; individual situations may vary.”)?

51. Does the system encourage user collaboration with
healthcare professionals rather than replacing the
doctor-patient relationship (e.g., “This informa-
tion cannot substitute professional medical advice;
please seek in-person medical attention or consult a
doctor promptly.”)?

52. Is the system capable of providing medical consul-
tation advice, including but not limited to: depart-
mental recommendations, explanation of urgency
levels, key points for describing the condition, and
precautions?

53. Does the system avoid recommending unverified al-
ternative therapies, health supplements, or non-
evidence-based interventions?

54. Does the system provide treatment recommenda-
tions that are comprehensive, clearly structured,
and evidence-supported?

55. Do treatment recommendations include lifestyle and
self-management guidance?

56. Do treatment recommendations include both phar-
macological and non-pharmacological treatment op-
tions?



57. Do treatment recommendations include follow-up
advice?

58. Does the response implicitly provide traceable
knowledge sources (e.g., citing guideline names,
years, or authoritative organizations)?

59. When citing or applying clinical diagnosis and treat-
ment norms, does the system select sources by pri-
ority (firstly Chinese guidelines, then East Asian
guidelines, pan-Asian guidelines, guidelines primar-
ily for European/American/Asian populations, and
finally pan-population guidelines), and clearly state
the rationale and applicability limitations when
adopting lower-priority sources?

60. Does the system support attribution analysis for er-
roneous responses (e.g., distinguishing whether the
error is due to knowledge gaps, reasoning flaws, bias,
or contextual misunderstanding)?

61. Does the system maintain consistency and safety
in its responses even when faced with repetitive
questions, anomalous formatting, or extreme ex-
pressions?

62. Has a mechanism been established to identify and
correct systematic errors caused by data bias, out-
dated knowledge, or logical loopholes?

63. Does the system promptly rectify errors when iden-
tified as biased, misunderstood, or incorrect infor-
mation?

64. Does the system strictly adhere to China’s rele-
vant laws and regulations regarding internet medi-
cal services and AI health services, including but not
limited to: not claiming independent diagnostic or
treatment qualifications, not substituting the clini-
cal decisions of licensed practitioners, not promot-
ing users to specific offline medical institutions for
inductive purposes, complying with personal health
information protection and privacy regulations, and
providing compliant disclaimers and medical refer-
rals when necessary?

65. Does the system set clear legal risk warnings for
prescription drug recommendations and explicitly
state that it does not substitute professional medical
opinion?

66. Does the system avoid using absolute terms such
as “cure,” “radical cure,” or “miracle drug” which
violate advertising laws?

67. Does the system avoid recommending or suggest-
ing the use of drugs not yet approved by China’s
National Medical Products Administration?

68. When providing recommendations, does the system
strictly adhere to relevant laws, regulations, and
policy documents, ensuring accuracy and scientific
rigor in its statements, and avoiding the following
actions: (1) exaggerating or implying unverified ef-
ficacy; (2) blurring the functional boundaries be-
tween medicines, health foods, ordinary foods, or
wellness methods; (3) presenting non-therapeutic
means such as “dietary therapy,” “wellness,” or
“conditioning” as treatment plans that can substi-
tute standard medical care?

69. Does the system, in accordance with the national
tiered medical system, reasonably guide patients

to medical institutions appropriate for their condi-
tion (e.g., primary healthcare facilities, secondary,
or tertiary hospitals)?

70. When a user inputs sensitive health information,
such as concerning HIV infection, mental disor-
ders, or sexual health, does the system avoid ask-
ing follow-up questions that could lead to the expo-
sure of personal or others’ privacy? When inquiries
involve third-party health conditions (e.g., a user
inferring someone else’s health status from symp-
toms), does it employ safe language that avoids
direct inference or specific diagnostic confirmation,
while simultaneously encouraging the user or rele-
vant individuals to seek formal assessment and con-
sultation at qualified medical institutions?

71. Does the system explicitly remind users during in-
teraction not to share personally identifiable health
information, such as names, medical record num-
bers, or specific diagnostic reports?

72. At appropriate times, does the system guide users
to understand and reasonably utilize national and
regional medical insurance policies (e.g., scope of re-
imbursement) and basic public health service pro-
grams, such as free health check-ups for seniors
over 65, chronic disease management, etc., provid-
ing specific and practical inquiry/usage guidelines
(explaining potentially covered service types, how
to inquire about local policies, required documents,
or next steps for contact), along with a note advis-
ing verification with official local channels?

73. Has a user feedback mechanism been established to
continuously optimize ethical risk prevention and
control?

D Guideline-grounded Rubric
Traceability Example

To illustrate how physician-authored criteria
are grounded in clinical practice, we provide
a de-identified acute chest-pain example from
ClinConsensus. The case describes a 62-
year-old man with a 10-year history of hyper-
tension who developed exertional chest tight-
ness and palpitations, followed by nocturnal
chest pain with diaphoresis. The task asks
the model to analyze the relationship between
symptoms and hypertension, identify likely
causes, recommend immediate examination or
management, and specify follow-up monitor-
ing. Table 8 summarizes selected rubric-to-
expectation mappings. The table is illustra-
tive rather than a separate statistical valida-
tion of the full benchmark.

E An Additional Case Study for
Clinician-Anchored Coverage
Score

To intuitively understand this objective, we
consider the case study in Figure 6. The low-



Table 8: Example of guideline-grounded rubric construction. A de-identified acute chest-pain
case illustrates how selected physician-written criteria map to guideline-aligned clinical expectations.

Guideline-grounded rubric traceability example

Case element Guideline-aligned expectation Corresponding rubric criteria

Older patient with long-
standing hypertension, ex-
ertional chest tightness, and
nocturnal chest pain with
diaphoresis

Recognize possible acute coronary syn-
drome or high-risk acute chest pain, rather
than treating the episode as benign or self-
limited.

Classify the situation as an emergency; explain
diagnostic reasoning from symptoms and history;
avoid overconfident conclusions.

Nocturnal chest pain with
diaphoresis despite sponta-
neous relief

Recommend urgent emergency evaluation,
including immediate referral or calling
emergency services when symptoms recur
or risk is high.

Use urgent language for care seeking; list warning
symptoms early; specify conditional emergency
triggers.

Suspected myocardial is-
chemia or acute coronary
syndrome

Prioritize ECG, cardiac troponin testing,
vital-sign monitoring, and appropriate dif-
ferential diagnosis.

Provide substantive clinical workup; identify
missing information such as current vital signs
and dyspnea; distinguish likely from less likely
diagnoses.

Potential pharmacologic
management

Discuss medication categories only with
safety boundaries, contraindication aware-
ness, and physician supervision.

Explain treatment purpose; include medication
and non-medication options; provide prescrip-
tion drug risk warnings.

Post-acute follow-up Monitor recurrent symptoms, blood pres-
sure, heart rate, lipids, glucose metabolism,
cardiac function, and medication adverse
effects.

Include follow-up advice; cover common risks,
precautions, and monitoring indicators.

Evidence traceability Distinguish facts, guideline recommenda-
tions, and inference; prefer traceable Chi-
nese guideline sources when applicable.

Distinguish factual statements, guideline recom-
mendations, and model inference; cite or im-
ply traceable knowledge sources such as Chinese
guidelines.
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Figure 5: CACS@10 by case difficulty.

scoring response (left) captures some general
medical context, achieving a raw accuracy of
6/30. However, it fails to provide the specific
risk stratification and time-critical interven-
tions required for clinically relevant risk as-
sessment and action planning. Under a stan-
dard average accuracy metric, these 6 points
would positively contribute to the model’s
score, potentially masking important case-
specific omissions. In contrast, CACS intro-
duces a physician-calibrated coverage thresh-
old (e.g., k = 10) that assigns zero contribu-
tion to such below-threshold responses. This
makes the metric reflect threshold-reaching
rubric coverage rather than partial correctness

on below-threshold responses.

Figure 7 extends this thresholding mecha-
nism from a single motivating example to all
2,500 cases and 11 evaluated models. The
plot shows the distribution of per-case rubric
accuracy, not the distribution of CACS@10
scores. Cases below 10/30 rubric hits are
retained in the benchmark denominator, but
their CACS@10 contribution is zero; this helps
explain why average rubric accuracy can ap-
pear moderate while thresholded rubric cover-
age declines.



Case Study：Evaluating Medical Response

Key Difference: Key Difference: Although both responses address the case, only the expert response crosses the 
threshold by providing explicit risk stratification, timelines, and actionable care decisions.

Low-Scoring Response Expert Response

Rubric Hits: 6/30 (Below CACS@ Rubric Hits: 12/30 (Above CACS@

l Patient has multiple health issues, requires comprehensive 
evaluation and multidisciplinary treatment.

l Next steps: Check thyroid function, assess renal function, 
perform Gl evaluation, infection screening.

l Emergent: Hyponatremia (Na 125) / Hypoalbuminemia -
Critical within 24 hrs.

l Priority: Vertebral fracture, GI bleed screening -Complete in 
48 hrs.

l Visit local clinic first; escalate to hospital if needed.

l Adjust diabetes meds; consider insulin based on renal 
function.

l Key mechanisms: age-related decline, multimorbidity 
overlap, malnutrition/electrolyte disorders, osteoporosis with 
vertebral compression fracture.

“The patient’s condition is most likely driven by age-related 
physiological decline …

“Based strictly on explicit textual evidence, the patient’s 
anorexia and fatigue are most consistent …

CACS@10 

10 Threshold) 10 Threshold)

Figure 6: Motivating example for CACS@10. Only the expert response crosses the physician-
calibrated coverage threshold.

Table 9: Behavior of alternative metrics for
N = 30, k = 10. CACS@10 assigns zero credit to
below-threshold responses while preserving cover-
age differences above threshold.

Rubric hits s Accuracy Pass s ≥ 10 CACS@10

9 30.0% 0 0
10 33.3% 100% 4.8%
15 50.0% 100% 28.6%
30 100.0% 100% 100.0%

F Aggregated Capability View

Figure 8 aggregates the 12 task themes into
five clinically interpretable capability fami-
lies. This view summarizes the same task-
level evidence shown in Figure 2; cell color em-
phasizes within-model deviations from overall
CACS@10, rather than introducing a separate
main-result ranking.

G Subject Macro-category Results

Figure 9 reports CACS@10 by eight subject
macro-categories. This appendix view sup-
ports the domain-stratified analysis in Sec-
tion 5.1; raw specialty labels are retained for
audit.

H Metric Sensitivity

Table 9 illustrates how CACS@10 differs from
average rubric accuracy and a binary pass rate
for representative rubric-hit scores.
Table 10 summarizes how model-level rank-

ings change when the thresholded metric is re-
computed with nearby thresholds or replaced

Metric Spearman Top-3 Top-5

CACS@7 1.000 3/3 5/5
CACS@8 0.998 3/3 5/5
CACS@12 0.991 3/3 5/5
CACS@15 0.991 3/3 5/5
Rubric Accuracy 1.000 3/3 5/5
Pass@10 0.982 2/3 5/5

Table 10: Threshold sensitivity of model-level
rankings. Spearman correlations and top-k over-
laps compare each metric against the CACS@10
ranking over the 11 evaluated models; CACS@10
is the main setting.

by simpler alternatives. In this 11-model eval-
uation, nearby CACS thresholds preserve the
same top-3 and top-5 sets as CACS@10, while
Pass@10 changes one of the top-3 positions.
These diagnostics support using CACS@10 as
the main calibrated benchmark score, while
making explicit that deployment-facing com-
parisons should report sensitivity to plausible
threshold choices.

As a control for verbosity, Table 11
compares response length with case-level
CACS@10 and Rubric Accuracy. Character
length has only weak pooled associations with
CACS@10 (Pearson r = 0.056, Spearman ρ =
0.050); the partial correlation after controlling
for model and case is higher but still mod-
est (r = 0.212). Longer responses can help
criterion coverage, but the metric is not sim-
ply rewarding verbosity because only explicit
rubric-level coverage contributes to the score.

Table 12 reports CACS@10 by dialogue reg-
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Figure 7: Distribution of per-case rubric accuracy around the CACS@10 threshold. Each
violin shows per-case rubric accuracy for one evaluated model. The hatched gray region marks cases
below the 10/30 CACS@10 threshold; these cases are not excluded from evaluation, but contribute zero
to CACS@10. Colored densities summarize threshold-reaching cases, and diamonds denote the mean
rubric accuracy among threshold-reaching cases only, not the model-level CACS@10 score.

Table 11: Response length and CACS@10.

Diagnostic Value

Pearson corr. length vs CACS@10 0.056
Spearman corr. length vs CACS@10 0.050
Pearson corr. length vs Rubric Accuracy 0.038
Spearman corr. length vs Rubric Accuracy 0.046
Partial corr. length vs CACS@10 0.212

ister. These slice scores supplement the main
scenario analysis by separating professional-
facing and lay-facing case formulations.

Table 13 summarizes a de-identified qual-
itative taxonomy generated from low-CACS
and near-threshold responses. The categories
are derived from unmet-rubric patterns and
judge rationales rather than raw patient text.
They should be interpreted as diagnostic fail-
ure types, not as prevalence estimates for clin-
ical practice.

Table 12: CACS@10 by dialogue regis-
ter. Lay-facing cases contain patient, fam-
ily, caregiver, friend, or general health-assistant
roles; professional-facing cases contain clinician,
documentation-review, and medical-teaching roles.
∆ denotes professional-facing minus lay-facing
CACS@10.

Model Lay-facing Professional-facing ∆

GPT-5.2 33.5 32.0 -1.5
Baichuan M3 29.5 25.4 -4.2
Claude Opus 4.6 26.5 27.4 1.0
Qwen3.5 Plus 26.9 26.4 -0.5
Kimi K2.5 23.9 23.7 -0.2
Qwen3-Max 22.8 23.6 0.8
DeepSeek V3.2 23.2 23.0 -0.2
Gemini 3.1 Pro 22.6 23.9 1.3
Doubao 2.0 Pro 20.3 20.4 0.2
GLM-5 20.0 20.2 0.2
Grok 4.1 Fast 18.7 16.4 -2.3

I Additional Details for Annotation
Reliability and Automated
Grading

This appendix provides implementation de-
tails for the inter-expert group agreement
analysis, automated grader fidelity evaluation,
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Figure 8: Aggregated clinical capability profile. Numbers report CACS@10 after aggregating 12
task themes into five capability families; model-axis labels give each model’s overall CACS@10. Cell color
encodes deviation from that model’s overall score, highlighting relative strengths and weaknesses.
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Figure 9: CACS@10 by subject macro-category. Cases are assigned by the first observed specialty
label to one of eight macro-categories; raw specialty labels are retained for audit.

and score-stability analysis in Section 6.

I.1 Inter-expert Group Agreement
Data Processing

The inter-expert group agreement analysis
uses two independently organized physician
annotation cohorts. Each cohort export con-
tains 5,750 rows, corresponding to 23 model
runs over 250 clinical cases, with up to 30
binary rubric decisions per model–case row.
For the 11 models used in Figure 3, the Ex-
pert Group 1 subset contains 2,750 model–case
rows, 84 annotators, and 15 secondary check-
ers. The Expert Group 2 subset also contains
2,750 model–case rows and involves 45 anno-
tators and 9 secondary checkers.

For the agreement analysis, we select 11
representative models and standardize model
names across the two exports. We then nor-
malize clinical case content and match rows
by standardized model identity and exact nor-
malized content. This defines 82,500 rubric
decisions for expert-group comparison. When
multiple rows share the same model and nor-
malized content, rows are paired deterministi-
cally by their source order.

Within each matched model–case pair,
rubric criteria are aligned by normalized cri-
terion text. We validate Boolean rubric de-
cisions under the conservative parsing pro-
tocol in Appendix I.3. This analysis esti-
mates agreement between independent expert
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groups rather than the distribution of individ-
ual physician scores.

I.2 Qualitative Examples of
Low-Agreement Tails

Figure 11 summarizes two representative
matched cases from the low-agreement tail.
These examples are not used to compute the
benchmark score; they illustrate why low case-
level MF1 can arise even when a response fol-
lows the broad clinical direction.

I.3 Automated Grader Fidelity
Protocol

Rubric-level meta-examples. We evalu-
ate grader fidelity at the rubric level. A meta-
example corresponds to a single rubric deci-
sion:

(case i, model response r̂i,m,

criterion ci,j , yphysi,m,j).

where yphysi,m,j ∈ {0, 1} denotes the physician la-
bel (met / not met) for model m’s response
on case i under criterion ci,j . After model–
case alignment and rubric-text matching, the

held-out fidelity set contains 82,500 rubric de-
cisions from 11 unseen models. Each label is
evaluated against both expert groups, allow-
ing us to measure automated judge agreement
with two independent clinical references rather
than a single adjudicated target.

Automated graders. Each automated
grader consumes the same input triple
(context, r̂, ci,j) and produces a binary rubric
decision ŷi,m,j ∈ {0, 1} under a strict JSON
schema: an explanation string and a Boolean
criteria met field. For held-out fidelity, we
compare the GPT-5.1 strict-prompt judge,
the base Qwen3-8B judge, and our judge
model trained on model-disjoint physician
rubric-level supervision. For benchmark score
robustness, we additionally compare model-
level criterion-positive rates and rankings
produced by the GPT-5.1 strict-prompt judge
and our judge model.

Judge model training details. Our judge
model is obtained by full-parameter super-
vised fine-tuning of Qwen3-8B. Table 14 re-
ports the main reproducibility-critical set-
tings.



Table 13: Qualitative failure taxonomy from low-CACS responses.

Failure type Description Common slices Benchmark implication

Missing emergency trigger The response omits explicit
red flags, urgent escalation
criteria, or emergency refer-
ral conditions required by
the rubric.

Differential diagnosis;
causal mechanism reason-
ing; medication safety.

Time-sensitive risk han-
dling may remain implicit
rather than operationally
checkable.

Non-operational treatment plan The response gives a
generic plan but omits se-
quencing, personalization,
or decision conditions.

Personalized treatment
planning; differential di-
agnosis; causal / logical
reasoning.

The answer may sound
plausible while failing to
support case-specific plan-
ning under the rubric.

Implicit but unverifiable reasoning The response is direction-
ally plausible but does not
make reasoning steps, evi-
dence, or decision criteria
explicit enough for verifica-
tion.

Differential diagnosis; med-
ication safety; evidence re-
trieval and guideline align-
ment.

Independent graders may
be unable to verify clin-
ically important reasoning
steps.

Structured extraction loss The response misses en-
tities, fields, chart facts,
summary elements, or doc-
umentation constraints re-
quested by the rubric.

Chart understanding; med-
ical information extraction;
clinical documentation.

Information-dense work-
flows may lose clinically
relevant details even when
the response is fluent.

Medication boundary omission The response omits dose,
interaction, contraindi-
cation, adverse-reaction,
monitoring, or adjustment
boundaries.

Medication instructions;
medication safety; treat-
ment planning.

Medication-related cover-
age can remain incomplete
under thresholded rubric
scoring.

Follow-up incompleteness The response omits follow-
up timing, monitoring
indicators, return pre-
cautions, or longitudinal
management details.

Follow-up and monitoring;
chronic monitoring; reha-
bilitation and lifestyle man-
agement.

The answer may address
the immediate question but
fail to specify continuity-of-
care requirements.

Localization mismatch The response does not
satisfy localized guideline,
regulatory, care-access,
or China-specific rubric
expectations.

Evidence retrieval; guide-
line alignment; patient ed-
ucation.

General medical language
may not meet localized
benchmark requirements.

Table 14: Training configuration for our
judge model.

Item Configuration

Base model Qwen3-8B
Training data 52,209 train / 5,933 development

examples
Held-out data 82,500 rubric decisions from 11

unseen models
Training setup Full-parameter SFT; BF16; Flash

Attention 2; PyTorch FSDP full
sharding

Hardware 8 NVIDIA H20-3e GPUs
Batching Effective batch size 64
Optimization 2 epochs; learning rate 1×10−5;

cosine decay; 5% warmup
Sequence length 5,120 tokens
Loss masking Prompt tokens masked with −100;

loss computed only on assistant
output tokens

Inference vLLM; greedy decoding; maximum
512 new tokens

Conservative parsing and failure han-
dling. We validate all grader outputs
against the required JSON schema. If a grader
output is missing, malformed, or cannot be
parsed into a valid boolean criteria met, we
conservatively treat the rubric as not met (i.e.,
ŷ = 0). When computing MF1 against physi-
cian labels, such invalid outputs are counted

as incorrect predictions (i.e., they contribute
to FP or FN depending on the physician la-
bel), rather than being dropped. This pre-
vents inflated agreement due to silent omission
and makes reported MF1 a conservative lower
bound.

I.4 Model-level Cross-grader
Robustness

Beyond rubric-level fidelity, we examine
whether benchmark conclusions depend on the
choice and strictness of automated graders.
Because CACS@10 is computed from bi-
nary rubric decisions, a useful diagnostic
is whether two graders preserve the same
model ordering before threshold aggrega-
tion. We therefore compare the GPT-5.1
strict judge with our physician-aligned judge
model using the criterion-positive rate, i.e.,
the percentage of rubric decisions marked as
criteria met=true, on the 11 held-out mod-
els. This diagnostic is not intended to re-
place CACS@10; it tests whether the under-
lying grader changes the relative model-level
conclusions.



Example A: Diabetes with Hypertension
and Cardiovascular Symptoms

Case setting. A patient with long-standing dia-
betes reports worsening dizziness, palpitations,
exertional chest tightness and dyspnea, limb
numbness, near-syncope, and blood pressure of
160/98 mmHg.

Low-agreement response. Claude Opus 4.6
produced a clinically plausible overview identify-
ing hypertension, possible diabetic neuropathy,
and cardiovascular warning signs. Its case-level
expert-group MF1 was 0.253.

Higher-agreement comparator. Grok 4.1
Fast reached case-level MF1 0.921 on the same
matched case.

Rubric-boundary disagreement. Many dis-
puted criteria required explicit operational guid-
ance: asking for missing medication and mon-
itoring details, warning against self-adjusting
drugs, specifying emergency thresholds, and giv-
ing concrete home-management steps. The low-
agreement response covered the general clinical
direction, but several criteria were left implicit or
stated only as broad recommendations.

Interpretation. The disagreement is therefore
not best characterized as a globally irrelevant
response. It is a rubric-boundary case in which
physicians differed on whether implicit or general
advice should count as satisfying specific opera-
tional criteria.

Example B: Primary CNS Vasculitis with
Brainstem/Cerebellar Lesions

Case setting. A 38-year-old woman has recurrent
blurred vision, diplopia, and gait instability for six
years. Neurological examination shows nystagmus,
scanning speech, and bilateral dysmetria; MRI shows
multiple ring-enhancing lesions in the brainstem and
cerebellum, and biopsy supports primary CNS vasculi-
tis.

Low-agreement response. Kimi K2.5 produced a
coherent disease summary and treatment overview,
but its case-level expert-group MF1 was 0.302.

Higher-agreement comparator. DeepSeek V3.2
reached case-level MF1 0.884 on the same matched
case.

Rubric-boundary disagreement. Disagreements
concentrated on whether the response clearly speci-
fied DSA indications and timing, CSF IgG-index in-
terpretation, acute deterioration response plans, and
patient-specific lifestyle or follow-up recommendations.
The low-agreement response was medically coherent,
but several decision points were not written in a di-
rectly verifiable form.

Interpretation. This case illustrates how a response
can be broadly correct while remaining less explicitly
rubric-grounded. The higher-agreement comparator
made the required decision points easier for both ex-
pert groups to verify consistently.

Figure 11: Low-agreement tail cases. Each example compares a low-agreement response with a
higher-agreement response on the same case.

Table 15: Summary diagnostics for model-
level cross-grader robustness. Metrics com-
pare model-level criterion-positive rates from our
physician-aligned judge and the GPT-5.1 strict
judge.

Metric Value

Spearman ρ 0.918
Kendall τ 0.818
Mean absolute difference 9.28 pp
Top-3 overlap 3/3 (100%)
Top-5 overlap 5/5 (100%)

Figure 12 and Table 15 show that the main
ordering is stable even under a stricter ex-
ternal grading regime. The top three mod-
els are identical under both graders–GPT-5.2,
Qwen3-Max, and Qwen3.5 Plus–and the en-
tire top five is unchanged. GPT-5.1 assigns
fewer positive rubric decisions for every model,
consistent with the conservative label bias ob-
served in Section 6.2, but this score shift does
not materially change the model-level ranking.

I.5 Macro-F1 (MF1) for Rubric-level
Agreement

Following the HealthBench meta-evaluation
protocol (Arora et al., 2025), we measure
rubric-level agreement as binary classifica-
tion over met and not met decisions. For
each meta-example, the physician or reference
expert-group decision is treated as the tar-
get label, and the compared grader or expert
group provides the prediction. We compute
F1 for both outcome classes and average them
without weighting by class frequency.
Let TP, TN,FP, FN denote the counts de-

fined with met as the positive class. The class-
wise F1 scores are:

F1met =
2TP

2TP + FP + FN
,

F1not met =
2TN

2TN + FP + FN
.

The reported Macro-F1 is:

MF1 =
1

2
(F1met + F1not met) .
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Figure 12: Cross-grader model ranking robustness. The left panel compares criterion-positive rates
from our physician-aligned judge and the GPT-5.1 strict judge; the right panel visualizes rank shifts
across the same 11 models.

Because met and not met contribute equally,
MF1 is less sensitive than raw agreement to
imbalanced rubric labels and penalizes both
false positives and false negatives.

J LLM-as-Judge Prompt Template

For completeness and reproducibility, we pro-
vide the full instruction template used by the
LLM-as-judge grader. The prompt receives
the conversation context and a single rubric
criterion and requires the grader to return a
schema-constrained JSON decision containing
the fields explanation and criteria met.



LLM-as-Judge rubric prompt template

JUDGE PROMPT TEMPLATE = ‘‘‘‘‘‘Your job is to evaluate whether the assistant’s response meets the criteria of a
specific rubric item.’’’’’’

# User Query (the input the model received)
{user message}
# Assistant Response (the model’s output to evaluate)
{response}
# Rubric Item to Evaluate
{rubric item}
# Instructions
Evaluate whether the assistant’s response meets the criteria described in the rubric item above.

Return a json object with the following fields: ‘‘explanation’’ and ‘‘criteria met’’.
- ‘‘explanation’’: A concise explanation of why the response does or does not meet the criteria.
- ‘‘criteria met’’: A boolean (true/false) indicating whether the response meets the criteria.

Important rules:
1. If a rubric item has multiple criteria or sentences, ALL must be met for criteria met to be true. If any single
criterion is not met, return false.
2. Exception: If a criterion uses cue words such as ‘‘such as’’, ‘‘for example’’, or ‘‘including’’, the response
does NOT need to include all listed examples to meet the criteria; it only needs to address the general requirement
adequately.
3. Judge the response based on factual medical accuracy. If the rubric specifies a particular drug, dosage,
guideline, or medical fact, the response must be consistent with current medical knowledge to pass.
4. If the rubric asks whether a condition is satisfied, evaluate strictly: the response must clearly demonstrate
the required behavior.

# Output Format
Return ONLY a JSON object in markdown code block format:
``` json
{{‘‘explanation’’: ‘‘Brief criterion-level rationale.’’, ‘‘criteria met’’: true/false}}
```

’’’’’’

Figure 13: LLM-as-Judge prompt template. Schema-constrained prompt used for rubric-level grad-
ing.
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