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ABSTRACT

We examine how clinicians evaluate large language models for medical use us-
ing expert feedback collected through an evaluation platform, MOOVE (Massive
Open Online Validation and Evaluation). MOOVE records multi-criterion rubric
ratings on a discrete —2 to +2 scale, where negative scores indicate clinically
unsafe, misleading, or inadequate content, alongside blinded pairwise preference
judgments comparing different models. Using 18,685 preference judgments from
pairwise comparisons between outputs from 13 clinical language models, pro-
vided by 736 clinicians across more than 28 countries, we identify a dissociation
between clinician preferences and safety assessments. Models that are frequently
preferred or perform well on aggregate metrics can still exhibit substantial rates
of clinically meaningful failures (< —1) in key metrics like harmfulness and ac-
curacy. These failures vary across medical specialties, creating domain-specific
areas of elevated risk that are obscured by global summaries. As a result of this
preference—safety dissociation, the preference leaderboard should not be treated
as a proxy for safety without an explicit alignment audit. Selecting models based
on what is “overall better” can mask safety-critical risks that only become appar-
ent when failure rates and specialty-stratified performance are reported explicitly.
These findings highlight a limitation of preference-based evaluation in clinical
settings and support evaluation practices that distinguish between preference and
safety when assessing medical language models.

1 INTRODUCTION

Large language models (LLMs) are increasingly proposed for clinical-facing workflows, including
documentation assistance, patient communication, and clinical decision support. However, clinical
deployment differs from benchmark-style evaluation in ways that make surface-level progress easy
to misread. Clinical questions are frequently underspecified, and context-sensitive, shaped by local
resources and guidelines, and safe answers require conservative behavior under ambiguity, calibrated
uncertainty, and appropriate context-seeking. In this setting, small factual errors, omitted red flags,
or overly confident phrasing can lead to outsized downstream harm.

Despite these high stakes, evaluation practice often relies on selection signals such as global ranks,
win rates, or preference scores to decide which model is “better.” The issue is not aggregation
itself, but the implicit assumption that clinician preference is aligned with safety-critical aspects
of clinical quality. In this paper, we examine a failure of that assumption: even when clinicians
are the evaluators, pairwise preference rankings do not reliably track safety assessments. When
preference leaderboards are interpreted as proxies for clinical safety, they can favor responses that
are persuasive or well-presented over those that are more conservative and safe.
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The key advantage of this joint capture is that it enables direct audits of whether the preference
signal aligns with core clinical criteria such as Harmlessness and Accuracy criterion. Our analysis
therefore treats evaluation as the object of study: we quantify preference-rubric alignment, report
clinically meaningful failure rate (percentage of answers deemed objectively harmful or inaccu-
rate by clinicians), and show that risk can concentrate in particular specialties even when global
summaries look favorable. Our main contribution is an audit-first analysis showing that preference-
based model ranking is not a reliable safety signal by default, motivating explicit preference—rubric
alignment checks and failure-rate reporting for clinical deployment decisions.

2 RELATED WORK

Clinical LLM performance is often communicated through benchmark scores and aggregate metrics
(e.g., MMLU, PubMedQA, MedMCQA) that assume constrained formats and single best answers
(Hendrycks et al., 20205 Jin et al., 2019} [Pal et al., |2022). In clinical settings, uncertainty, under-
specification, and safety trade-offs make these summaries fragile. Disagreement can reflect task
ambiguity rather than label noise (Aroyo & Welty, |2015). Pairwise preferences are widely used
for evaluation and also as optimization signals (Bradley—Terry; RLHF; DPO) (Bradley & Terry,
1952; |Ouyang et al., 2022} |[Rafailov et al.| [2023)), yet forced-choice voting can overweight presen-
tation features and drift from safety objectives. We therefore study evaluation-signal failure: when
preference-based selection diverges from safety-critical rubric criteria. A detailed discussion is pro-
vided in Appendix [A.5]

3 METHODS

All reported results are computed over a snapshot of expert evaluations collected through
the MOOVE platform (Massive Open Online Validation and Evaluation; |https://
jointhemoove.org/). The snapshot comprises 375,614 multi-criterion rubric ratings and
18,685 blinded pairwise preference judgments, contributed by 736 clinicians across more than 28
countries. Evaluations cover outputs from 13 large language models spanning 76 medical special-
ties. Each model output is evaluated using two assessment modalities. First, clinicians assign rubric
scores on a discrete —2 to +2 scale across multiple dimensions of clinical quality collected by
MOOVE. In this study, we focus on two safety-critical criteria: Harmlessness (avoidance of harm-
ful or dangerous recommendations) and Accuracy (factual correctness and alignment with clinical
guidelines). Negative scores (—1 or —2) indicate clinically meaningful failures. Second, clinicians
provide blinded pairwise preference judgments, selecting which of two model responses they con-
sider better overall, with model identity concealed. Full rubric anchors, filtering steps, and criterion
mappings are provided in Appendix B}

We summarize rubric performance using per-criterion means and bootstrapped confidence intervals,
and report failure rates as the fraction of evaluations scored < —1. Preference strengths are estimated
using a Bradley—Terry model implemented via choix (Maystre, [2018), with 95% confidence in-
tervals computed by bootstrapping clinician pairwise comparisons (N = 18,685). Uncertainty in
rubric scores is estimated via bootstrapping individual expert ratings (N = 375,614). To audit
preference—safety dissociation, we compute Pearson and Spearman correlations (Spearman, |1904)
between preference strength and rubric means for Harmlessness and Accuracy. Finally, we include
an auxiliary length-shift analysis (Appendix [C)) to test for systematic preference bias toward longer
or more elaborated responses, independent of rubric-assessed clinical quality.

4 RESULTS

Table [T] summarizes the main takeaway: models with high mean preference scores can still produce
substantial safety-critical failures, and the top preference-ranked model is not necessarily the safest.

Model Failure Rates. For a given criterion ¢ we define Fail% as the fraction of ratings with score
< —1. We use the threshold < —1 because rubric anchors mark —1 and —2 as clinically meaningful
issues (materially misleading or unsafe); using —2 only lowers absolute rates but preserves quali-
tative trends (Appendix [B). Even highly capable frontier models show substantial failure rates: for
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Table 1: Model Performance Summary. Comparison of Harmlessness and Accuracy (rubric —2 to
+2) versus pairwise preference strength (Bradley—Terry). Rubric evaluations used: N = 375,614.
Bold indicates best metric; Underline indicates high failure rates (> 10%). “Fail%” is the fraction
of clinician ratings < —1 for that criterion (expert-rated failure events).

Harmlessness Accuracy Preference (BT)
Model Mean 95% CI Fail % Mean 95% CI  Fail % Score 95% CI1
Gpt Oss 120B 0.82 [0.77,0.86] 18.0 0.92 [0.86,0.99 184 0.82 [0.73,0091]
Gemini 2.5 Flash 0.92 [0.88,0.96 7.2 1.09 [1.02,1.15 5.1 073 [0.65,0.82]
DeepSeek Chat 1.16 [1.09,1.22 5.0 1.33 1.19,1.47 3.3 0.41 [0.28, 0.53]
Gpt S 0.87 [0.82,0.92] 14.5 1.03 [0.96,1.09 123 0.33 [0.22,0.44]
Gemlm 2.0 Flash 0.87 [0.83,0.92] 149 0.56 [0.50,0.62 263 023 [0.12,0.33]
Pixtral Large 0.73 [0.67,0.79] 157 0.33 [0.25,0.41 309 0.15 [oO. 01, 0.29]
Claude 3.7 Sonnet 0.74 [0.67,0.80] 15.6 0.11 [0.00,0.22 37.5 0.02 [-0.10,0.12]
Medgemma 27B Text It  1.05 [0.97, 1.14 9.2 1.23 [1.13,1.33 6.3 0.01 [-0.14,0. 17]
Qwen VI Max 0.58 [0.51,0.65] 17.7 -0.09 [-0.18,0.00] 42.0 -0.08 [-0.25,0.03]
Meditron CHUV (DPO) 0.93 [0.85,1.02] 14.8 1.50 [1.12,1.88 0.0 -0.25 [-0.38,-0.11]
Llama 3.3 (70B) 1.19 [1.10,1.28 6.8 1.67 [1.01,2.32 0.0 -0.53 [-0.70,-0.37]
GPT-40 0.83 [0.79,0.88] 15.7 0.12 [0.03,0.20 354 -0.70 [-0.82,-0.61]
Meditron 3 (70B) 1.26 [1.24,1.28 72 0.75 [0.64,0.86 15.8 -1.14 [-1.27,-1.03]

Preference Ranking vs. Safety Rubric: Model Misalignment
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Figure 1: Preference-rubric misalignment (Harmlessness). N = 13 models; correlation over
model-level means is used as a sanity-check audit of leaderboard validity (not a precise correlation
estimate). Pearson p = 0.091 (p = 0.803); Spearman p = —0.030 (p = 0.934).

example, GPT-40 has a high Accuracy Fail% (35.4%) and non-trivial Harmlessness Fail% (15.7%)
in Table[1l

The Safety vs. Accuracy Gap. For example, Meditron 3 (70B) achieves the highest Harmlessness
score (1.26) while maintaining a low overall failure rate of 7.2%. Despite a lower mean Accuracy
(0.75) compared to frontier peers, its low failure rate suggests it “fails safely” preferring conservative
refusals over dangerous hallucinations, a property currently penalized by preference rankings Table
(Preference BT Rank: —1.14). We next audit whether the preference leaderboard tracks Harm-
lessness. Figure [T| shows that preference strength is essentially uncorrelated with Harmlessness.

A preference leaderboard should not be treated as a safety leaderboard by default. In this MOOVE
data snapshot, preference shows no evidence of association with Harmlessness, so selecting “overall
better” can miss safety-critical risk; more generally, preference—safety alignment is distribution-
dependent and should be audited empirically. Table[T|shows that clinically meaningful failure rates
remain non-trivial across models even when mean scores are positive.



I Can’t Believe It’s Not Better Workshop @ ICLR 2026

Table 2: Specialty extremes. Impact of domain on failure rates (score < —1). “Dangerous %" is
the aggregate percentage of responses where either Accuracy or Harmlessness failed. N denotes the
total unique model responses evaluated in each specialty.

Specialty N Harmlessness Fail % Accuracy Fail % Dangerous %
Highest-risk domains

Cardiology ECG 1,226 24.4% 86.9% 89.9%
Pathology 1,360 31.2% 36.2% 38.2%
Diagnostics 52 25.0% 32.7% 34.6%
Lowest-risk domains

General Surgery 41 0.0% 0.0% 0.0%
Endocrinology 218 0.3% 0.3% 0.5%
Reproductive Health 2,084 1.4% 2.9% 3.6%

Finally, Table [2] shows that safety is highly specialty-dependent. Cardiology ECG is a clear “no-
go zone” in this snapshot: Dangerous %=89.9%, driven primarily by Accuracy Fail %=86.9%.
Pathology shows a more systemic breakdown across both axes (Dangerous %=38.2%), and Diagnos-
tics is also elevated (Dangerous %=34.6%). By contrast, “safe-haven” specialties such as General
Surgery and Endocrinology show near-zero failure prevalence.

Additional diagnostics supporting these claims are provided in Appendix [C] (Figs. 2H8) and Ap-
pendix [D] (Fig. [9), including (i) criterion-specific disagreement and reliability, (ii) a two-panel
preference—rubric audit (Accuracy and Harmlessness), (iii) uncertainty in Bradley—Terry ranks, (iv)
complexity-driven consensus drift, and (v) co-failure structure conditioned on low Accuracy.

5 DISCUSSION

The empirical picture is consistent across analyses: preference-based rankings provide a useful
measure of comparative “overall liking,” but they can be weakly coupled to Harmlessness, and
they therefore cannot be treated as reliable safety signals. For clinical evaluation, this implies that
evaluation reports should make uncertainty and failure rate visible. In practice, this means that model
comparisons should be accompanied by per-criterion distributions, rater agreement, failure rates on
safety-critical criteria, and specialty- or difficulty-stratified summaries. Preference uncertainty can
shrink with additional comparisons, but misalignment between preference and Harmlessness is a
structural issue: collecting more votes can yield a more confident preference leaderboard that is still
not a safety leaderboard. This makes refusal behavior a key confound to audit: more preference
data can yield a sharper ranking that is still misaligned with Harmlessness if refusals are disfavored.
Consistent with this hypothesis, the appendix [C]length-shift analysis shows that winning responses
are longer on average, which is compatible with a verbosity/presentation advantage as an alternative
driver of preference outcomes, motivating future audits that jointly model wins from both rubric
deltas and superficial deltas.

6 CONCLUSION

Clinical expert feedback in MOOVE shows that single-number summaries and preference-based
leaderboards can obscure safety-critical risk. Across models, clinically meaningful failures (< —1)
remain non-trivial even when mean rubric scores are positive, and risk concentrates in specific
specialties, yielding domain-specific “no-go zones”. Most importantly, the highest-ranked model
by preference is not necessarily the safest model: preference strength is effectively uncorrelated
with Harmlessness in our snapshot, and models that rank well by preference can exhibit markedly
higher Harmlessness failure rates than more conservative alternatives. These findings motivate treat-
ing clinical evaluation as a reliability problem reporting failure rates on safety-critical criteria and
specialty-stratified risk rather than relying on global ranks or averages as evidence of clinical safety.
In our results, the preference leader exhibits a Harmlessness failure rate that is about 10.8 percent-
age points higher than a more conservative model (18.0% vs. 7.2%), a deployment-relevant gap that
is invisible from preference rank alone.
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7 LIMITATIONS AND ETHICS

Rubric scores are proxies for clinical quality and do not measure downstream outcomes. Results
depend on the distribution of prompts and the composition of expert raters; stratified reporting is
important where sample sizes allow. Model versions drift over time and should be logged precisely.
As with any clinical evaluation program, governance and de-identification remain essential, and only
aggregated statistics and carefully curated examples should be shared under appropriate oversight.
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There is a broad consensus that rigorous, standardized evaluation frameworks are essential to val-
idate the safety, reliability, and efficacy of LLMs in real-world clinical settings |Mesko & Topol
(2023)); Shaw et al.| (2024)); [Sallam| (2023)); Hacker et al.| (2023). Yet, current evaluation methods
remain fragmented and inadequate, raising fundamental, urgent questions: What constitutes proper
testing and evaluation of medical LLMs? How do we ensure that these systems uphold the highest
standards of safety, accuracy, and equity when deployed in diverse and complex global healthcare
environments?

These critical questions are addressed by the MOOVE (Massive Open Online Validation and Eval-
uation), a platform for standardized, continuous, real-world assessment, and refinement of medical
Al models. This work analyzes a snapshot of the MOOVE dataset.

A.1 TRANSPARENCY AND ACCESSIBILITY CHALLENGES

Transparency remains a critical issue across all evaluation methods for medical LLMs. Many lead-
ing models are proprietary, obscuring details about their training data, architecture, and evaluation
metrics. [Singhal et al.| (2023b)); [Nori et al.| (2023)); |Guidotti et al.| (2018)) This opacity hinders in-
dependent validation, bias detection, and assessment of reproducibility and performance across dif-
ferent contexts. Mokander et al.[ (2023) It also enables “benchmark gaming,” where models are
fine-tuned to excel on specific tests without demonstrating true generalizability. Even when models
are open-source, their massive sizes render them practically inaccessible to most researchers and
clinicians due to computational resource constraints. Thirunavukarasu et al.[(2023)).

A.2 NARROW, STATIC Q&A BENCHMARKS

Multiple choice Q&A benchmarks like MedQA and PubMedQA, have been instrumental in assess-
ing the medical knowledge base of LLMs but pose significant limitations. Jin et al.|(2019; [2021);
Pal et al.[(2022); [Hendrycks et al.| (2020); usm| (2024):

* Quality Concerns: A disconcerting proportion of questions in some of these benchmarks
contain errors, ambiguities, outdated information, or rely on non-expert validated question-
answer pairs. [Saab et al|(2024); [Singhal et al.|(2022); Jin et al.| (2019) Evaluating models
against flawed data risks embedding inaccuracies into their knowledge base and leads to
imprecise assessments of their capabilities.

* Limited Scope and Diversity: These benchmarks often draw from specific national ex-
aminations or medical curricula, such as those from the United States or India, failing
to capture the rich diversity of global patient populations, regional diseases, and varying
healthcare practices|Asiedu et al.|(2024); Manvi et al.| (2024); |Singhal et al.|(2022);(Omiye
et al.| (2023). This narrow focus limits the models’ ability to generalize across different
cultural and clinical contexts, or to adequately capture unique health burdens experienced
in specific regions or populations.

* Lack of Clinical Relevance: Real-world patient care is characterized by nuanced decision-
making that involves integrating complex factors such as comorbidities, socio-demographic
variables, and unpredictable clinical presentations—elements that static, multiple-choice
Q&A benchmarks are ill-equipped to capture Wu et al.| (2024a); Wornow et al.| (2023));
Mehandru et al.|(2024).

A.3 CONSTRAITS OF EXPERT ASSESSMENTS

Evaluations by medical experts extend beyond simple accuracy metrics, assessing nuanced criteria
like clinical relevance, factual accuracy, and contextual appropriateness. They provide essential
human oversight to identify issues like hallucinations, data biases, and factual errors. [Tang et al.
(2023); |Goodman et al.| (2023)); [Hager et al.| (2024); |Pfohl et al.|(2024). However, they face several
limitations:

* Resource Intensity: Comprehensive expert evaluations are time-consuming and require
specialized knowledge, often restricting them to small-scale, domain-specific studies in-
volving limited samples and experts. This introduces biases tied to individual judgment
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and subjectivity, limiting generalizability Tam et al.| (2024); Wu et al.| (2024b)); Hosking
et al.|(2023)). [Hosking et al.|(2023)).

* Methodological Variability: The lack of standardized evaluation criteria and methodolo-
gies across studies complicates comparisons and the generalization of findings [Hosking
et al.|(2023)); |Wei1 et al.| (2024).

* Geographical Bias: Most expert evaluations are conducted in high-resource settings, over-
looking the unique needs of low-resource and diverse healthcare settings [Hosking et al.
(2023).

A.4 LIMITATIONS OF LLMS AS JUDGES

While LLMs can provide scalable, nuanced, and consistent assessments, using LLMs to evaluate
other LLMs (“LLMs-as-judges”) has several limitationsiChiang & Lee| (2023)); |Clark et al.| (2021);
Liang et al.|(2023):

» Alignment Issues LLMs may lack the domain-specific expertise to detect nuanced inaccu-
racies or subtle clinical errors, risking the propagation of misinformation inherent in their
training data. |Szymanski et al.| (2024).

* Bias Inheritance Evaluations by LLMs can inherit and amplify the biases present in their
algorithms, including hallucinations, self-enhancement bias (favoring responses from sim-
ilar models), positional bias, and verbosity bias. Panickssery et al.| (2024); Zheng et al.
(2023b)); | Ye et al.[(2024); |L1 et al.|(2023)); Tang et al.[(2023)

* High Variance, Inconsistency The reliability, consistency, reproducibility of LLMs as an-
notators depends strongly on the dataset and model used. |Bavaresco et al.| (2025). High
variance and low reproducibility are amplified when using modern reasoning/thinking mod-
els.

A.5 EXPERTISE-LIMITED CROWDSOURCED EVALUATIONS

Platforms that utilize crowdsourced feedback, such as the LMSYS Chatbot Arena |Chiang et al.
(2024), offer dynamic and continuous evaluations of Al models based on user interactions. While
this approach emphasizes real-world effectiveness and user satisfaction, it presents a crucial limita-
tion:

* Reliance on Non-Expert Feedback: The dependence on input from general users who
lack medical expertise can lead to inaccurate or misleading assessments. (Chiang et al.
(2024)

We situate MOOVE and our signal-audit framing relative to: (i) benchmark-driven medical evalu-
ation, (ii) expert disagreement and reliability measurement, (iii) preference-based ranking as eval-
vation and training signal, and (iv) systematic judging biases that can produce evaluation-signal
failure.

A.6 BENCHMARK-DRIVEN EVALUATION AND CLINICAL MISMATCH

A large fraction of medical LLM progress is communicated through benchmark scores and aggre-
gate metrics. Broad multitask benchmarks such as MMLU include medical subdomains and are
widely used as proxies for domain competence (Hendrycks et al.| 2020). In biomedicine, QA-style
datasets such as PubMedQA (Jin et al.l |2019) and large-scale multiple-choice resources such as
MedMCQA (Pal et al} [2022) enable scalable comparisons and repeatability. However, benchmark
objectives (single best answers, constrained formats, limited interaction) can be misaligned with the
operational constraints of clinical practice: prompts are underspecified, missing context is common,
local resource constraints and guideline differences matter, and safe assistance requires calibrated
uncertainty and context seeking. Thus, strong benchmark scores can coexist with brittle behavior in
open-ended clinical scenarios.

10
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A.7 EXPERT EVALUATION BEYOND BENCHMARKS: CLINICAL QA SUITES AND CLINICIAN
JUDGING

To address limitations of automated benchmarks, several lines of work broaden medical evaluation
suites and emphasize expert assessment. MultiMedQA aggregates multiple medical QA datasets
and supports more comprehensive evaluation (Singhal et al.| 2023a). Med-PaLM and follow-up
work study clinician assessment of helpfulness and safety in medical QA settings, illustrating that
“passing” automated-style tests does not by itself establish clinical reliability (Singhal et al.} 2023a).
These directions motivate evaluation protocols that explicitly track safety-critical failure modes and
uncertainty, rather than relying on single-number summaries alone.

A.8 DISAGREEMENT AS SIGNAL AND RELIABILITY AS A FIRST-CLASS METRIC

Clinical judgment rarely admits a single ground truth. Disagreement among qualified raters can
reflect genuine ambiguity, differing priors, or varying assumptions about resources and guidelines.
In annotation theory, CrowdTruth argues that disagreement can be informative about the task, rather
than noise to be eliminated (Aroyo & Welty}2015)). In clinical evaluation, this is especially relevant
because ambiguity and uncertainty are inherent and are themselves safety-relevant. To make dis-
agreement actionable, it must be quantified. Inter-rater reliability metrics such as Fleiss’ « (Fleiss,
1971)) and dispersion summaries (e.g., per-criterion standard deviation) characterize where judg-
ments are stable versus intrinsically uncertain. Our positioning is that disagreement is a diagnos-
tic instrument: high dispersion can indicate (i) underspecified prompts that should have triggered
context seeking, (ii) hidden safety hazards caught by a subset of experts, or (iii) rubric dimen-
sions whose interpretation drifts across specialties. This motivates disagreement-first reporting and
criterion-specific reliability, rather than collapsing multi-criterion clinical evaluation into a single
score.

A.9 PREFERENCE-BASED RANKING: USEFUL AT SCALE, FRAGILE FOR SAFETY

Pairwise preference voting is widely used because it is simple for raters and supports global order-
ings via paired-comparison models such as Bradley—Terry (Bradley & Terry,|{1952)). In modern LLM
evaluation, large-scale head-to-head comparisons have been popularized by MT-Bench and related
efforts (Zheng et al.,[2023a)), and by preference leaderboards such as Chatbot Arena. Yet preference
votes compress multi-criterion quality into a single forced choice. In safety-critical domains, that
compression can be hazardous: a response can win due to clarity, structure, or confident tone while
being less accurate or less safe. Importantly, preferences are not only an evaluation tool; they are
increasingly treated as a training signal (e.g., RLHF-style pipelines (Ouyang et al.l 2022) and Di-
rect Preference Optimization (Rafailov et al., [2023))). If preferences are biased toward superficial
attributes, optimization may amplify those attributes, producing more persuasive answers without
improving clinical reliability.

A.10 JUDGING BIAS AND “EVALUATION-SIGNAL FAILURE”

A growing body of work documents that evaluators can be systematically biased, including LLM-
based judges used for scalable evaluation. For example, studies show that LLM judges can exhibit
unfairness or systematic preference artifacts, motivating careful auditing . More recent work eval-
uates robustness and vulnerability of LLM evaluators themselves . While MOOVE uses clinician
experts rather than LLM judges, the structural risk persists: if “winning” is driven by presentation
effects (verbosity, formatting, confident tone), the evaluation signal can drift away from the clinical
criteria the rubric intends to measure. This motivates our negative-result framing: evaluation can
fail even when experts are in the loop. The failure mode is not only model error; it is signal
error the aggregation and selection process can produce misleading rankings and false confidence.
MOOVE is designed to retain the joint structure of multi-criterion rubric vectors and pairwise prefer-
ences, enabling explicit preference—rubric audits, disagreement-first reporting, and bias checks that
are not possible when only a single rank is retained.

11
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A.11 SUMMARY: OUR GAP AND CONTRIBUTION

Prior work provides: (i) scalable benchmarks for medical knowledge (Hendrycks et al., 2020} Jin
et al, 2019; Pal et al., |2022), (ii) a principled view of disagreement as information (Aroyo &
Weltyl [2015)) with reliability tools (Fleiss,|1971)), and (iii) preference-based ranking and preference-
optimized training (Bradley & Terry} 1952 Zheng et al.|[2023a; |Ouyang et al.,|2022; [Rafailov et al.,
2023) alongside evidence that judging itself can be biased. Our contribution is to connect these
threads in a clinically grounded setting and show that preference—rubric auditing and failure-rate
reporting are necessary to prevent evaluation-signal failure when using expert feedback to assess or
improve LLMs in safety-critical clinical contexts.

B THE DATASET

Responses We interpret the —2 to 4-2 scale as follows: —2 severe failure (dangerous or materially
misleading); —1 notable issues (could mislead or omit key constraints); 0 mixed / context-dependent
adequacy; +1 generally good with minor issues; +2 strong performance.

Platform scale (snapshot) In the flattened snapshot underlying this submission’s figures,
MOOVE reports: 395k total contributions (377,040 ratings and 18,748 unique case reviews); 29
organizations; 13 frontier models (post-baseline exclusion); 76 medical specialties; 28+ countries
represented; 732 clinical experts; S clinical trials; and 1 national program.

Filtering and criterion harmonization All reported results are computed over the full MOOVE
snapshot used to generate the figures. We remove a small set of non-clinical baselines and harmonize
criteria to a clinically focused subset to ensure comparability across prompts and raters. The camera-
ready should list excluded baselines and the criterion mapping used for analysis.

C ADDITIONAL DIAGNOSTICS

This appendix provides supporting evidence for two main points in the paper: (i) expert signals
are criterion-dependent (some criteria are intrinsically noisier / less reliable), and (ii) preference-
based selection is not a proxy for clinical safety, with additional structure showing where failures
concentrate and how criteria co-fail.

Specifically, Figure 2] shows that prompt-level disagreement varies sharply across criteria and mod-
els, while Figure [3|demonstrates that inter-rater reliability is substantially higher for safety-oriented
criteria than for correctness-oriented ones.

The heatmap (Fig. [2) shows that expert variability is not uniform:some model—criterion cells have
substantially higher dispersion, meaning that averaging can hide large uncertainty on clinically cen-
tral axes. The Fleiss’ « bars (Fig.[3) show that this is not just “noise” but criterion-specific reliability:
Harmlessness has substantially higher agreement than Accuracy and Completeness, so a single ag-
gregate score implicitly overweights less reliable dimensions unless reliability is reported.

Fig. @] If preference were a reliable proxy for clinical quality, points would align along a strong
monotonic trend in each panel. Instead, models with similar preference strength span a wide range
of rubric means, and models with high rubric means can still have low preference strength. This
visualizes the paper’s core audit: a preference leaderboard does not reliably track either Accuracy
or Harmlessness.

Fig. |5l This figure separates two issues: (i) ranking uncertainty (overlapping CIs mean adjacent
ranks are not clearly distinguishable), and (ii) ranking validity (even a very precise preference rank-
ing can still be misaligned with Harmlessness/Accuracy). In the main paper we emphasize (ii):
collecting more votes can narrow the CIs while leaving the preference—safety misalignment intact.

Fig.[6} The upward trend implies that evaluation confidence is lowest on the cases that most resem-
ble real clinical use (underspecified, multi-constraint prompts). This supports reporting disagree-
ment/dispersion rather than only reporting means.

Fig.[7] This heatmap makes “where models fail” visible: even when a model’s mean score is positive,
it can still have high < —1 failure rates on specific criteria (notably Accuracy for several models).

12
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Clinical Expert Disagreement Across Models and Criteria
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Figure 2: Model x criteria dispersion (std. dev.). Prompt-level dispersion varies sharply by crite-
rion and model, with consistently higher variability on Accuracy than on Harmlessness.

The row/column structure also highlights criterion trade-offs (e.g., models that are relatively safe
but less accurate, or vice versa), motivating per-criterion reporting.

Fig.[8} Conditioning on low Accuracy reveals systematic co-degradation: uncertainty management,
clinical reasoning, contextual awareness, completeness, and context seeking also drop (often below
conservative thresholds), suggesting that “inaccuracy” is not isolated—it tends to come with broader
breakdowns in clinical quality. This supports treating Accuracy failures as a proxy for multi-criterion
risk, not a single-axis defect.

D LENGTH BIAS PROBE

Fig. [0} The green curve (chosen/winning) is shifted toward longer responses relative to the red
curve (rejected/losing), indicating that length correlates with preference outcomes. This does not
prove causality, but it provides a credible confound for why preference strength can diverge from
Harmlessness: evaluators may reward structure, coverage, or confidence that correlates with ver-
bosity, even when safety-critical rubric failures are present.
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Delphi Consensus: Inter-Rater Reliability (Fleiss' Kappa)
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Figure 3: Inter-rater reliability by criterion (Fleiss’ x). Agreement is highest for Harmlessness
(Safety; x ~ 0.66) and lower for Accuracy/Completeness (x ~ 0.34), indicating that correctness
judgments are less stable than safety judgments in this snapshot.

Preference-Vote vs. Metric Quality Misalignment
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Figure 4: Preference-rubric misalignment (two-panel). Each point is a model. Left: BT prefer-
ence strength vs. mean Accuracy. Right: BT preference strength vs. mean Harmlessness. The fitted
trend lines are shallow, illustrating that “preferred” models are not consistently the most accurate or
the most harmless.
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Model Robustness: Bradley-Terry Probabilistic Ranking
(with 95% Bootstrap Confidence Intervals)
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Figure 5: Bradley-Terry preference ranking with 95% bootstrap CIs. Horizontal bars indicate
uncertainty in the estimated preference strength from resampling pairwise votes.

Consensus Drift: Expert Disagreement Increases with Complexity
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Figure 6: Complexity-driven consensus drift. Expert disagreement increases with prompt length
(word-count proxy), indicating that judgments become less stable on longer, harder prompts.
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Safety Failure Profile: Percentage of Clinically Probl ic Resp (=-1
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Figure 7: Clinical failure-mode profile: % low-score evaluations (< —1). Rows are models and
columns are criteria. Darker cells indicate higher failure rates on that criterion.
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Figure 8: Co-failure structure conditioned on low Accuracy. Mean scores on other criteria among
cases where Accuracy is low, showing which dimensions degrade together when correctness fails.
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The Verbosity Bias: Response Length in Blinded Pairwise Votes
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Figure 9: Length shift in preferences. The distribution of response lengths (characters) for win-

ning vs. losing responses in blinded pairwise votes. Winning responses are right-shifted (longer on
average), consistent with a verbosity/presentation advantage.
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