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Abstract

Model choice for clinical decision support (CDS) is increasingly justified by leaderboard accuracy
on medical hallucination benchmarks, yet an accuracy figure is only interpretable relative to what
a system with no medical knowledge could already obtain. We introduce DARE-CDS, a task-
difficulty-aware reliability framework that models every benchmark task by a response curve whose
pseudo-guessing parameter is measured directly from the released data instead of being assumed.
Applying the framework to the full public Med-HALT corpus (59,254 items across seven tasks) and
to the twelve checkpoints evaluated on it, we find that the gold label of the None-of-the-Above test is
constant for all 18,866 items, that the Fake-Question scorer is satisfied by a constant abstention
string, and that 1,989 of 4,916 PubMed items are unanswerable so that a constant "Unknown" reply
scores exactly 40.46%, reproducing to the second decimal the best published memory-retrieval
accuracy. A bank of 30 deterministic knowledge-free solvers bounds the reasoning floor at 32.95%.
Consequently 34.97% of benchmark rows carry zero Fisher information, the effective test length is
26.1% of the nominal one, and only 2 of 84 model-task cells exceed the knowledge-free ceiling under
Holm-corrected exact binomial tests. Difficulty-aware scoring reverses the leaderboard: the model
that is top-ranked in 77.60% of random task mixtures under raw accuracy is top-ranked in 0.02%
after correction. We further show that within-task item difficulty is not identifiable from knowledge-
free responses, release a difficulty-controlled repair of the protocol that restores measurement
capacity, and derive the item counts a medical reliability benchmark needs to support a defensible
pre-deployment claim.

Keywords: clinical decision support, large language models, reliability evaluation, benchmark
validity, item response theory, hallucination, task difficulty

1. Introduction

Large language models (LLMs) now reach or exceed passing thresholds on medical licensing examinations
[1], [2], [3], and this has moved the discussion from whether such systems can answer clinical questions to
whether they can be trusted inside a clinical decision support (CDS) workflow. Benchmarks built specifically
to probe medical hallucination have become the evidence base for that discussion [8], [11]. A procurement
committee reading such a leaderboard sees a table of accuracies, concludes that one checkpoint dominates,
and treats the margin as a reliability signal. This paper argues that the margin is frequently not a signal at all.
An accuracy value is only interpretable relative to the accuracy that a system with no medical knowledge
whatsoever would already obtain on the same task under the same scorer. In classical test theory this quantity
is the pseudo-guessing parameter of the item response curve [15], [16]; in machine learning it appears as the
majority-class or hypothesis-only baseline that has repeatedly been shown to consume most of the apparent
headroom of natural language benchmarks [28], [29], [30], [31]. When the guessing level is high, two things
happen simultaneously: reported scores become uninformative about ability, and the task becomes statistically
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incapable of separating models no matter how many items it contains.

Recent auditing work has made real progress by refusing to compress a model-by-task matrix into a single
mean, retaining the full task vector, lower-tail risk statistics and rank-stability analysis under uncertain task
mixtures [9]. That line of work correctly establishes that the aggregate hides task-specific failure. We take the
complementary step inward: we ask whether the individual task scores that such an audit aggregates are
themselves measurements. This is what we mean by task-difficulty-aware evaluation. Difficulty here is not a
subjective label attached to a question; it is the operational quantity that determines how much a score can
possibly tell us, and for the benchmarks that dominate medical LLM evaluation it can be measured exactly
from the released files.

Our contributions are as follows.

* A measured-guessing task response model. We formalise a benchmark task by a response curve whose
pseudo-guessing parameter is not estimated from model behaviour but measured from the released items and
the official scorer, and derive task capacity, effective test length and Fisher information from it.

* A full structural audit of a widely used medical hallucination benchmark. We download and audit every
public Med-HALT file and show that three of the seven tasks are solved exactly by constant response strings,
that two of the tasks share one identical item pool under disjoint identifiers, and that the reported best memory-
retrieval accuracy coincides to two decimals with the proportion of unanswerable items.

* A reference solver bank. Thirty deterministic, non-neural solvers are run over 18,866 real examination items
to bound empirically what is reachable without medical knowledge, and to test whether within-task item
difficulty is identifiable at all from such responses.

* A difficulty-aware re-analysis of twelve published checkpoints. Under Holm-corrected exact binomial tests
only two of eighty-four model-task cells constitute evidence of medical ability, and the leaderboard order
reverses once capacity is accounted for.

* A repaired protocol and a design calculus. We release MedHALT-D, a difficulty-controlled re-instantiation
built from the same real items, and give the item counts required for a benchmark to resolve a stated difference
in corrected accuracy.

We emphasise what this paper does not claim. We do not run new inference, we do not assert that any model
is safe or unsafe for patient care, and we do not argue that the benchmark we audit is without value; its item
pool is a genuine multinational examination resource and remains the basis of our repaired protocol.

II. RELATED WORK

A. Medical LLM evaluation

Medical question answering datasets such as MedMCQA, PubMedQA, HEAD-QA and MedQA made large-
scale measurement of biomedical knowledge possible [4], [5], [6], [7], and general and medically adapted
models were subsequently reported to perform strongly on them [1], [2], [3]. Because examination accuracy
is not a safety case, later benchmarks targeted hallucination behaviour directly, either in the general domain
[10], [11] or specifically in medicine [8]. Broader evaluation frameworks argue for coverage across many
dimensions rather than one leaderboard number [12], [13], [14]. Reliability auditing of medical LLM
comparisons has begun to combine these ideas, retaining full task vectors, lower-tail risk statistics of the kind
used in financial risk management [38], and rank stability under uncertain deployment mixtures. Our work is
downstream of that agenda: we supply the measurement-validity layer that determines whether the task scores
being aggregated carry information.

B. Psychometric evaluation of NLP systems

Item response theory (IRT) models the probability of a correct response as a function of a latent ability and
item parameters for difficulty, discrimination and guessing [15], [16]. Its use in NLP was introduced for
building evaluation scales [17] and extended to leaderboard design [ 18], test-set comparison [19] and efficient
benchmark subsampling [20]. These studies estimate item parameters from a panel of model responses. Our
setting differs in an important practical way: per-item responses of the evaluated checkpoints were never
released, only aggregate task accuracies. We therefore work at the task level and, crucially, we do not estimate
the guessing parameter at all; we measure it from the item files and the official scoring function, which
removes the identifiability problems that usually accompany three-parameter models.

C. Shortcut learning and benchmark artifacts
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A long line of work shows that leaderboard progress can be produced by exploitable regularities rather than
by the intended competence: hypothesis-only baselines in inference [28], [29], spurious cues in argument
reasoning [30], passage-free reading comprehension [31], and shortcut learning as a general phenomenon
[32]. For multiple-choice evaluation of LLMs specifically, position and option-order effects are large enough
to change model rankings [33], [34]. What we add is the observation that in the medical hallucination setting
the shortcut is not a subtle statistical bias but a degenerate label distribution, and that its size can be computed
in closed form and converted into a statement about how many items the benchmark effectively has.

D. Uncertainty, calibration and deferral

Correctness and confidence are distinct properties [21], [22], [23], and selective prediction formalises the
option to abstain [24], [25]. In medicine, uncertainty quantification and calibration are treated as prerequisites
for safe use [26], [27]. Our analysis interacts with this literature in a specific way: when a task rewards a
constant abstention string with a perfect score, abstention behaviour and knowledge become statistically
inseparable, so calibration cannot be assessed on that task either.

III. THE DARE-CDS FRAMEWORK

A. Task response model with a measured guessing parameter

Let a benchmark consist of tasks = 1,...,7, task ¢ containing N; items scored by a fixed function. For a model
with latent medical ability 8, we write the probability of scoring an item of task ¢ as correct as

7(0)=c;+ (1 —cs) o(0 — by), (1)

where o is the logistic function, b is task difficulty and c¢; is the pseudo-guessing parameter of the three-
parameter model [16]. Equation (1) is standard. The departure from standard practice is that we do not estimate
¢t. We define the knowledge-free policy class Iy as the set of response policies that use no medical content:
constant strings, uniform choice among options, positional and length heuristics, and corpus-associative
solvers that exploit only distributional regularities of the released files. We then set

Ct = MaXqern, Accdm), (2)

which is computable exactly for constant policies and measurable empirically for the rest. This makes the
most delicate parameter of the model an observable property of the benchmark rather than a quantity
confounded with model behaviour.

B. Capacity, effective test length and information

The capacity of a task is Hi = 1 — ¢, the range of accuracy that medical knowledge can still buy. Given an
observed accuracy pmt for model m, the knowledge-corrected score is

Kmt = (pmz - Ct) / H, (3)

the classical correction for guessing. Because the sampling variance of xm¢ is inflated by 1/H¢, a task of
nominal length N, behaves like a test of effective length

Neff;[ =N; HA (4)

The Fisher information that one item of task ¢ supplies about 6 follows from (1):

1(0) = HZ 6'(0 — by)* / [m(0)(1 — mA0))]. (5)

Equations (4) and (5) give the framework its teeth. As ¢ — 1 both the effective length and the information
vanish identically for every 0: the task cannot separate any two models, and no amount of additional sampling
repairs it. A task with ¢ =1 is not a hard task; it is not a measurement.

C. Evidence, ability and difficulty-aware ranking

We treat a reported cell as evidence of medical ability only if the one-sided exact binomial test of Ho: pmt < ¢t
is rejected after Holm correction across all model-task cells. Ability is then estimated by maximum likelihood
under (1) on the tasks that retain capacity, with standard errors from the observed information, and models
are re-ranked by 0 rather than by macro accuracy. Finally, because deployment task weights are unknown, we
repeat a rank-stability analysis under 100,000 Dirichlet(1) task mixtures, once on raw accuracies and once on
capacity-corrected scores, so that the two leaderboards can be compared under identical weighting
uncertainty.

D. Protocol repair operators

Three operators restore capacity without discarding the underlying examination items. Label balancing
randomises the gold class so that no constant string is rewarded; position randomisation destroys any
alignment between the correct option and its index; and task separation splits a compound task into
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components with independent gold labels, so that a shortcut valid for one component cannot be reused for the
other. Applying these to the audited benchmark yields the MedHALT-D protocol of Section VI-F.

IV. DATA AND EXPERIMENTAL PROTOCOL

A. Source material

All item-level data are the public Med-HALT release [8] obtained from the project repository: the three
reasoning files (False Confidence Test, FCT; Fake Questions Test, FQT; None-of-the-Above, NOTA) and the
four PubMed memory files, together with the official evaluation script that defines the scorer. Model-by-task
accuracies for twelve checkpoints, and the format-error table, are the published values from the same work;
no inference was re-run and no model response was simulated. The examination items originate from AIIMS-
PG and NEET-PG (India), the Spanish medical residency examination, the USMLE and the Taiwanese
medical licensing examination [4], [6], [7]; the evaluated checkpoints span the Llama-2 [35], Falcon [36],
MPT and OpenAl families.

B. Reference solver bank

Thirty deterministic solvers were implemented in five families: surface lexical matching, distributional vector
similarity (TF-IDF and latent semantic projections), structural heuristics (option length, position, option-set
centrality), corpus-associative retrieval (nearest-neighbour answer transfer, out-of-fold answer priors, subject-
conditional association, a cross-space linear map), and seeded stochastic anchors. Every solver that uses
corpus statistics is fitted out of fold so that no item contributes to its own prediction. The bank is run on the
18,866 four-option items that underlie FCT and NOTA and produces a real 30 x 18,866 binary response
matrix. Implementation uses scikit-learn [40]; all seeds are fixed.

C. Reproducibility

The analysis is a single pipeline of six scripts that download nothing at run time beyond the public benchmark
archive, fix every random seed, and write all derived quantities to machine-readable files. Every number
reported below is regenerated from those files; rounding is applied only for presentation.

V. STRUCTURAL AUDIT OF THE BENCHMARK

Table I summarises the audit. Four findings determine everything that follows.

Constant gold labels. The NOTA gold answer is the literal string "None of the above" for 18,866 of 18,866
items, a rate of 100%. Because the official scorer compares the model’s selected option to that string, a policy
that always emits it scores 100%. The FQT scorer accepts a response containing any of fourteen keywords,
among them "i do not know" and "none of the above"; a constant abstention reply therefore also scores 100%.
Moreover the fake items themselves are written in a deliberately absurd register, so that 42.94% of their
options contain a triggering keyword on average and every item contains at least one: copying a uniformly
random option already scores 42.94%.

Unanswerable memory items. Each of the four PubMed files contains 4,916 records of which 1,989 are
marked as not corresponding to a real article, i.e. 40.4597%. A model that always answers "Unknown"
therefore scores 40.46%. This is exactly the accuracy reported for Falcon-40B and Falcon-40B-Instruct on
PMID-to-Title, Title-to-Link and Abstract-to-Link, and for MPT-7B on Title-to-Link. The apparently decisive
memory-retrieval advantage of the Falcon family is reproduced, to two decimal places, by a policy that
retrieves nothing.

A degenerate verification sub-task. In FCT the suggested answer coincides with the correct one in 1 of 18,866
items (0.0053%). The yes/no component of the task is therefore answered correctly by the constant reply "no",
and the residual selection component can exclude the suggestion before guessing, which lifts the floor from
25% to one third.

A duplicated item pool. FCT and NOTA share no identifier at all, yet the sets of question stems are identical:
all 18,866 stems occur in both files, and the two files have exactly the same distribution of the gold option
index (5,344 /4,883 /4,789 /3,850). The two "tasks" are two framings of one item pool, so the 39,590 nominal
reasoning rows correspond to 20,724 distinct stems. Averaging over tasks therefore places double weight on
the same clinical content, and identifier-based de-duplication does not detect it. Prior auditing work flagged
the non-independence of these two tests on the basis of their aggregate statistics [9]; the item-level files
confirm it directly and show that it is complete rather than partial.
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Table 1Structural audit of the released benchmark and the resulting task capacity

Task Items |Knowledge-|c; (%) |Cap. |N_eff
free policy (%)
attaining
the ceiling
FCT 18,866 exclude the|32.95 [67.05|8,481
suggested
option, then
guess

FQT 1,858 |constant "I{100.00/0.00 |0
do not
know"

NOTA 18,866|constant 100.00/0.00 |0
"None of the
above"

PMID—Title |4,916 |constant 40.46 |59.54|1,743
"Unknown"

Title—Link 4,916 |constant 40.46 |59.54|1,743
"Unknown"

Abstract—Link|4,916 |constant 40.46 |59.54(1,743
"Unknown"

Link—Title 4,916 |constant 40.46 |59.54|1,743
"Unknown"

Total 59,254 |— — —  |15,452
The FCT ceiling is the best of 30 measured knowledge-free solvers; all other ceilings are exact.

Reported accuracy vs. what is attainable
without medical knowledge

FCT 1 % = "=, I- °

FQT { ° Y - .« _ . .I

NOTA - c o * e o, ", I
PMID=Ti H{ ¥ » I
Ti-Link | . = o ‘.I
Abs—Link 4 ® - e T .i
Link—Ti 4 F - I

T T T T T T

0 20 40 60 80 100

accuracy (%)

= knowledge-free ceiling c;
® published accuracy

Figure 1. Published accuracy of twelve checkpoints on the seven tasks (grey) against the measured knowledge-free ceiling of each task (red).
Points to the left of the red mark carry no evidence of medical ability.

VI. RESULTS
A. What is reachable without medical knowledge
The reference bank bounds the reasoning floor empirically. Across 18,866 real examination items the thirty
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solvers span 20.41% to 32.95% with a mean of 25.76%. The strongest is the protocol-specific exclusion solver
at 32.95%, followed by nearest-neighbour answer transfer at 29.92% and 29.57%, the longest-option heuristic
at 28.88% and the majority-position heuristic at 28.33%. Two of these deserve comment. The position
heuristic beats chance because the gold option index is not uniform, a known failure mode of multiple-choice
evaluation [33], [34]. The longest-option heuristic beats chance because distractors are written more tersely
than correct answers, a classical item-writing artifact. Neither uses a single piece of medical knowledge.

Reference solver bank
(30 knowledge-free solvers)

lexical
vector
structural
retrieval
chance stochastic

20.0 22.5 25.0 27.5 30.0 32.5 35.0
accuracy on 18,866 items (%)

Within-task difficulty is not identifiable
from knowledge-free responses

1.0
§ ogq4 adequacy threshold
=
& 0.6
T 0.4
<
0.0 -

item level class level

Figure 2Top: accuracy of the 30 knowledge-free solvers. Bottom: split-half rank correlation of estimated item difficulty, at the level of
individual items and of 39 pre-registered item classes.

B. Capacity and effective benchmark size

Applying (2)-(4) gives Table I. Two of the seven tasks have exactly zero capacity, and these two account for
20,724 of the 59,254 rows, that is 34.97% of the benchmark. The remaining tasks lose between one third and
two fifths of their nominal range to the guessing floor. Summing (4), the benchmark behaves like a test of
15,452 items rather than 59,254, an effective size of 26.1% (Fig. 3). The corresponding information curves
(Fig. 4) show the same fact on the ability scale: FCT peaks at 2,489 units of information, each memory task
at 553, and FQT and NOTA supply exactly zero everywhere.

Nominal vs. effective test length
total 59,254 — 15,451 (26.1%)

FCT

FQT
NOTA
PMID—Ti
Ti—-Link
Abs—Link

. ) nominal items
Link—Ti EEm effective items

1 T T
5000 10000 15000
items

Q A

Figure 3. Nominal against effective test length per task. Zero-capacity tasks contribute no effective items regardless of how many rows they
contain.
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task information 1;(6)

Figure 4Fisher information supplied by each task as a function of latent ability. The FOT and NOTA curves lie identically on zero.
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Fisher information supplied by each task

Ti—Link
Abs—Link
Link—Ti

— FCT

latent ability 6

C. How much of the published leaderboard is evidence

Table II gives the knowledge-corrected scores of (3) for the five tasks that retain capacity. Almost every entry
is negative, meaning the checkpoint performed worse than a policy with no medical knowledge. Under one-
sided exact binomial tests with Holm correction over all 84 model-task cells, exactly two cells reject the null:
Llama-2-70B on FCT (42.21%, corrected 13.81%) and GPT-3.5 on FCT (34.15%, corrected 1.78%). No
model on any memory task, and no model on FQT or NOTA, provides statistically detectable evidence of
medical ability. The three cells at exactly 40.46% do not merely fail the test; they equal the constant-abstention

policy to the precision at which they were published.

Table 2Knowledge-corrected accuracy x (%) on the five tasks that retain capacity

Model FCT |P-T |T-L |A—L |[L-T
GPT-3.5 |1.78 |-67.47|-2.28 |-0.02 |—67.92
Text- —24.15|-67.92|-3.24 |—0.03 |—67.95
Davinci

Llama-2- [13.81 |—67.75|—43.11|-39.05|—67.92
70B

Llama-2- [—29.25|—66.59|—12.75|—37.89|—66.93
70B-Chat

Falcon- |—21.32/0.00 [0.00 (0.00 |—67.85
40B

Falcon- |—47.49(0.00 (0.00 |—0.03 |—67.82
40B-

Instruct

Llama-2- |—46.58|-67.06|-50.22|—60.06|—28.11

13B

Llama-2- |—37.29|-65.64|-2.70 |-3.59 |—65.05
13B-Chat

Llama-2- |—48.48|-67.95/-61.71|—67.52|—67.95

7B

Llama-2- |—48.52|-67.95|-16.02|—46.46|—67.95
7B-Chat

MPT-7B |—47.88|—-34.23/0.00 |—0.72 |-67.95
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Model FCT |P-T |T-L |A—L |[L->T

MPT-7B- |—48.90|-67.89(-3.73 |0.00 |—67.95
Instruct
P—-T, T-L, A—L and L—>T denote PMID-to-Title, Title-to-Link, Abstract-to-Link and Link-to-Title.
Negative values indicate accuracy below the knowledge-free ceiling. Only the two FCT cells of GPT-3.5 and
Llama-2-70B survive Holm-corrected testing at a. = 0.05.

D. Difficulty-aware ranking reverses the leaderboard

Estimating 6 under (1) on the tasks that retain capacity yields 6 = —1.83 (SE 0.045) for Llama-2-70B and 6 =
—4.01 (SE 0.293) for GPT-3.5, with the remaining ten checkpoints unidentified at the floor. Only 1 of 66
model pairs is separable at the 95% level. Comparing the raw macro-accuracy order with the capacity-
corrected order gives a Kendall T of 0.295: the two leaderboards largely disagree. The most consequential
single change is that Falcon-40B, which is first by macro accuracy at 42.67%, falls to a tied rank of 7.5,
because its entire advantage is concentrated in the three memory cells that coincide with the constant-
abstention policy. The rank-stability analysis makes the same point under weighting uncertainty. Under
100,000 Dirichlet(1) task mixtures scored on raw accuracy, Falcon-40B is top-ranked in 77.60% of contexts,
reproducing the published value of the earlier task-aware audit [9] and confirming that our pipeline is
consistent with it. Scoring the identical mixtures on capacity-corrected evidence, Falcon-40B is top-ranked in
0.02% of contexts and Llama-2-70B in 99.98% (Fig. 5, Table III). The leader is therefore not merely sensitive
to the task mixture; it is an artifact of the guessing structure of half the benchmark.

The leader changes once task capacity is accounted for
Llama-2-708 —
Falcon-40B o
Llama-2-13B -
GPT-3.5 -

Text-Davinci o

raw accuracy

Llama-2-708-Chat - B capacity-corrected

0 20 40 60 80 100
P(rank 1) over 100,000 task mixtures (%)

Figure 5. Probability of being top-ranked over 100,000 Dirichlet(1) task mixtures, before and after correcting for task capacity

Table 3Raw versus difficulty-aware standing of the twelve checkpoints

Model Macro |[Raw |Corr. |P(top-
acc. (rank |rank |[1) corr.
(%) (%)
Falcon-40B 42.67 |1 7.5 0.02
Falcon-40B- [39.66 |2 7.5 10.00
Instruct
Llama-2-70B |35.59 |3 1 99.98
Text-Davinci |34.62 |4 7.5 10.00
GPT-3.5 30.47 |5 2 0.00
Llama-2-13B  {29.29 |6 7.5 10.00
MPT-7B 2426 |7 7.5 10.00
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Model Macro |[Raw |Corr. |P(top-
acc. |rank |rank |1) corr.
(Y0) (%)

Llama-2-13B- |20.45 |8 7.5 10.00

Chat

Llama-2-7B 1895 |9 7.5 (0.00

MPT-7B- 17.97 |10 7.5 (0.00

Instruct

Llama-2-7B- |13.89 |11 7.5 10.00

Chat

Llama-2-70B- (12.28 |12 7.5 (0.00

Chat

Rank 7.5 denotes the tie of the ten checkpoints whose ability is not identified above the knowledge-free floor.
Kendall t between the two orders is 0.295.

E. Within-task item difficulty is not identifiable

A natural refinement would place each individual item on a difficulty scale and report difficulty-conditional
reliability profiles. We tested whether this is feasible without per-item LLM responses by fitting a Rasch
model to the 30 x 18,866 response matrix of the reference bank. It is not. The split-half rank correlation of
estimated item difficulty is 0.236, a Spearman-Brown reliability of 0.382, far below any conventional
adequacy threshold; leave-one-family-out prediction of held-out solver responses reaches a mean AUC of
only 0.557; and an out-of-fold ridge model of difficulty on observable item features (stem length, numeral
count, negation, option-length dispersion, source corpus) explains 0.3% of the variance. Aggregating items
into 39 pre-registered classes does not help, because knowledge-free solvability varies across classes only
between 22.9% and 28.0% with a standard deviation of 0.87 points (Fig. 2, bottom).

The interpretation is instructive rather than disappointing. Knowledge-free solvers are near chance almost
uniformly, so their responses contain little information about which clinical items are intrinsically hard. Item-
level difficulty modelling of medical benchmarks in the style of [17], [18], [19] therefore requires benchmark
authors to release per-item model responses, which Med-HALT and most medical evaluations currently do
not. Until they do, difficulty-aware evaluation must operate at the task and protocol level, where, as Section
III shows, the decisive parameter is exactly identified.

F. Repairing the protocol

We rebuilt the reasoning tests from the same real items using the three operators of Section III-D, producing
MedHALT-D: AS (answer selection with randomised option order), VER (verification with a balanced
positive rate), ND (none-of-the-above detection with 25% NOTA prevalence and randomised NOTA position)
and NSD (balanced nonsense detection from the question stem alone). Measured on the repaired items, the
ceilings fall sharply: the constant-string ceiling of NOTA drops from 100% to 25.16%, the best measured
shortcut on ND to 27.54%, the verification ceiling from 99.99% to 50.10%, and the position ceiling of the
answer task from 28.33% to 25.27%. One repair fails, and the failure is informative. Balancing the nonsense-
detection task raises its constant-policy ceiling only to 50%, but the fake questions were generated in a florid
register that is trivially recognisable: a unigram bag-of-words classifier with five-fold cross-validation
separates fake from real stems with AUC 0.9997 and accuracy 99.03%, and even question length alone
achieves AUC 0.816. The task therefore measures stylistic anomaly detection, not medical judgement, and
balancing cannot fix it; the fake items must be regenerated in a register matched to the real ones. This is
precisely the shortcut phenomenon documented for other benchmarks [28], [29], [32], appearing here in a
safety-critical setting. Table IV converts capacity into a design requirement: the number of items needed for
a two-sided test at a = 0.05 and 80% power to resolve a five-point difference in corrected accuracy. The
released FCT and memory tasks are adequately sized, the released NOTA and FQT have no finite requirement
because their capacity is zero, and the released verification framing would need 59.2 million items. Their
repairs need between 2,764 and 4,723 items, all comfortably below the 18,866 available. Balanced nonsense
detection would need 322,502 items against 3,716 available, confirming that regeneration rather than resizing
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is required.

Statistical adequacy: released protocols
and their difficulty-controlled repairs

FCT (released)
AS (MedHALT-D)
NOTA (released)
ND (MedHALT-D)

FQT (released)

NSD (MedHALT-D)

VER (released)

mmm jtems required for 5 pt resolution

VER (MedHALT-D) items available

104 10° 106 107 108
items (log scale)

Figure 6ltems required to resolve a five-point difference in corrected accuracy, against items available, for the released protocols and their
difficulty-controlled repairs.

Table 4Statistical adequacy of released and repaired protocols

Protocol Ceiling|Capacity |Items Have
(%) (%) needed

FCT 32.95 167.05 3,113 18,866

(released)

AS 28.72 |71.28 2,835 18,866

(MedHALT-

D)

NOTA 100.00 {0.00 no finite N | 18,866

(released)

ND 27.54 |72.46 2,764 18,866

(MedHALT-

D)

FQT 100.00 {0.00 no finite N | 1,858

(released)

NSD 99.03 10.97 322,502 |3,716

(MedHALT-

D)

VER 99.99 10.01 59,229,217|18,866

(released)

VER 50.10 149.90 4,723 18,866

(MedHALT-

D)

Memory 40.46 |59.54 3,704 19,664

tasks

(released)

Requirement is for a two-sided test at o = 0.05 with 80% power against a five-point difference in k.

VII. DISCUSSION

A. Implications for clinical decision support

The practical consequence is that a CDS procurement decision taken from the published leaderboard of this
benchmark would have selected a checkpoint whose measured advantage is a response style. That is a different
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failure mode from the one usually discussed. It is not that the aggregate hides a weak task; it is that most of
the tasks being aggregated are not measurements of the property the aggregate claims to summarise.
Reliability auditing that retains full task vectors and lower-tail statistics is necessary and should be adopted,
but it should be preceded by a capacity check, because a lower-tail statistic computed over zero-capacity tasks
inherits their meaninglessness. We therefore propose that a medical model card [39] carry four additional
fields per task: the measured knowledge-free ceiling and the policy that attains it; the capacity and effective
item count; the corrected score with its confidence interval; and an explicit statement of whether the reported
accuracy is statistically distinguishable from the ceiling. A task that fails the last test should not appear in any
aggregate. Under this rule, six of the seven tasks examined here would be withdrawn from the reliability claim
and the remaining evidence would support only the modest statement that two checkpoints answer
examination questions better than an exclusion heuristic.

B. Why measured guessing matters more in medicine

Medical benchmarks are unusually prone to this problem for a structural reason. Safety-motivated task designs
deliberately create items whose correct response is a refusal: recognise that no option is right, recognise that
the question is nonsensical, recognise that the article does not exist. Refusal is the right clinical behaviour,
and the design instinct is sound. But if every item of such a task has the same refusal as its gold answer, the
task rewards a policy of universal refusal, which is exactly the behaviour that would make a CDS assistant
useless. The abstention literature [24], [25] treats coverage and risk as a trade-off precisely because abstention
is only valuable when it is selective; a benchmark that cannot detect indiscriminate abstention cannot evaluate
the trade-off, and calibration analysis [21], [22], [23] on such a task is equally uninformative. Mixed-
answerability designs, in which only a fraction of items warrant refusal and that fraction is not disclosed to
the model, resolve this at essentially no annotation cost.

C. Relation to psychometric benchmarking

Our results reinforce the psychometric programme of [17], [18], [19], [20] while identifying a precondition
for it. Those methods estimate item difficulty, discrimination and guessing jointly from a panel of system
responses. When only aggregate accuracies are published, that panel does not exist, and Section VI-E shows
that a substitute panel of knowledge-free solvers cannot recover item difficulty. Measuring the guessing
parameter from the artifact rather than estimating it from behaviour is what makes the analysis possible at all
in this data regime, and it is a cheap check that any benchmark author can run before release.

VIII. LIMITATIONS

This is a secondary analysis. We did not regenerate any model output, so our conclusions concern what the
published numbers can support, not what the checkpoints would do under a different prompt, decoding
temperature or scoring implementation; the original authors themselves report meaningful sensitivity to
prompt framing. The knowledge-free ceiling for the reasoning task is a measured lower bound on what ITo can
achieve, and a stronger knowledge-free policy would lower capacity further, strengthening rather than
weakening our conclusions; the ceilings for the other six tasks are exact and cannot move. The reference
solver bank is non-neural by design, which is what makes it a clean knowledge-free control but also what
prevents it from calibrating item difficulty on a scale relevant to LLMs. Ability estimates rest on the single
task that retains capacity, so their absolute scale is not identified and only the ordering and the separability
statement should be read. MedHALT-D inherits any annotation error, cultural bias or answer-key error present
in the source examinations, and its repaired NSD component remains inadequate by our own criterion. Finally,
none of these measurements addresses fairness, demographic robustness, explanation faithfulness, latency,
privacy or human factors, all of which a clinical deployment would require.

IX. CONCLUSION

We have argued that reliability claims about clinical LLMs should begin with a measurement-validity
question rather than a ranking question: for each task, what could a system with no medical knowledge already
score, and how much room does that leave? Answering it on the full public Med-HALT corpus shows that
three of seven tasks are solved outright by constant strings, that 34.97% of the benchmark rows carry no Fisher
information, that the effective test length is 26.1% of the nominal one, and that only 2 of 84 published model-
task results are statistically distinguishable from a knowledge-free policy. Correcting for capacity reverses the
leaderboard, moving the model that leads 77.60% of random task mixtures to 0.02%. We release a difficulty-
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controlled repair built from the same real items that restores capacity on three of four reasoning components,
and a design calculus that states how many items a medical reliability benchmark needs to support the claims
made from it. Task-difficulty-aware evaluation, in this sense, is not an additional refinement to be applied
after the leaderboard is built; it is the check that determines whether the leaderboard means anything.
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