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Context matching is not reasoning when
performing generalized clinical evaluation
of generative language models
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Current discussion surrounding the clinical capabilities of generative language models(GLMs)
predominantly centers around multiple-choice question-answer(MCQA) benchmarks derived from
clinical licensing examinations.While accepted for human examinees, characteristics unique toGLMs
bring into question the validity of such benchmarks. Here, we validate five benchmarks using eight
GLMs, ablating for parameter size and reasoning capabilities, validating via prompt permutation three
key assumptions that underpin the generalizability of MCQA-based assessments: that knowledge is
applied, notmemorized, that semantic consistencywill lead to consistent answers, and that situations
with no answers can be recognized. While large models are more resilient to our perturbations
compared to small models, we globally invalidate these assumptions, with implications for reasoning
models. Additionally, despite retaining the knowledge, small models are prone to memorization. All
models exhibit significant failure in null-answer scenarios. We then suggest several adaptations for
more robust benchmark designs, more reflective of real-world conditions.

Recent attention surrounding large language models(LLMs) has driven
great interest in utilizing suchmodels for clinical purposes1,2, particularly in
the context of learning healthcare systems. A prerequisite to practical
adoption is, however, evaluation: an open question when discussing LLMs
that covers a multitude of dimensions and considerations3. Historically, the
evaluation of artificial intelligence andmachine learning (AIML)models for
clinical tasks was done task-specifically due to implementation considera-
tions and technical limitations of pre-LLMmodels. Specifically, suchmodels
generally required finetuning for adaptation for differing tasks4–6 and were
cheap to train or fine-tune while requiring costly annotated datasets7,8. The
incentives surrounding evaluating suchmodels can thus be characterized as
datasets being expensive, model inference being cheap, and model training
being moderately costly, with model training to fit the dataset always being
required.

LLMs represent a drastic shift, being computationally intensive and
costly to run, requiring substantial hardware and time investment, and
expensive to fine-tune. Concurrently, their popularity lies in generalizability
across a wide range of tasks without the need for extensive fine-tuning. This

shift is further driven by growing interest in small language models9–11

(SLMs) and multi-agent systems12–15, driven in large part by the high, ver-
tically-scaling, resource requirements of large, widely generalizable, lan-
guagemodels. Given the wide variety16 of models that exist today, each with
its own specializations, and the fact that each model still represents a sig-
nificant resource and time investment, it is helpful to have a general char-
acterization of their clinical performance to subset viable candidates for
further evaluation. Consequent to these incentives, there has been a shift
towards using general-purpose benchmarks that aim to assess a model’s
overall clinical competency and reasoning ability prior to engaging in task-
specific fine-tuning and evaluation.

Among these general evaluation strategies, multiple-choice question
answer (MCQA) benchmarks have emerged as the predominant metho-
dology. Benchmarks such as the US Medical Licensing Examination
(USMLE)17 and datasets like MedQA18 and MMLU19 are frequently
employed to assess model performance due to their wide availability,
straightforward evaluation, obviating engagement of clinical domain
expertise, and simple implementation. Additionally, these benchmarks
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align with human clinical licensure processes, further lending credence to
claims on model clinical capability. As a result, much of the discussion
surrounding LLMs centers on their competitive performance on these
MCQA benchmarks, which has led to scrutiny regarding their validity and
applicability20.

Beyond concerns21 on memorization and applicability to generation
tasks, licensing examinations inherently assess general reasoning rather
than disease-specific expertise, assuming that possession of requisite
knowledge enables clinicians to arrive at accurate diagnoses and treatments
through reasoning. Models, however, differ fundamentally from humans.
Human strength lies in problem-solving, not in flawless knowledge reten-
tion, and we trust that if the requisite clinical knowledge is present, the
human can consistently apply a reasoning process to arrive at the correct
answer. Conversely, models excel at context matching but have shown
limitations in reasoning fidelity22, particularly with reasoning models
leveraging integrated chain-of-thought-based approaches23. Fundamen-
tally, this difference therefore challenges the construct validity ofMCQAs as
an assessment method.

Nevertheless,MCQAs are still valuable: the straightforward evaluation
and wide coverage remain one of the best ways to quickly capture a general
sense of model clinical capabilities without significant time/effort invest-
ment, particularly as interest shifts to amalgamations of smaller specialized
models. In this study, we therefore aim to assess the validity of the
assumptions underpinning the generalizability ofMCQA-style benchmarks
across bothmodel size and reasoning capabilities, highlight their limitations
when used to infer real-world clinical competency, and determine the
degree to which contextual cues provided by theMCQA format impact the
generalizability of the model’s observed performance.

Results
Wetest three baseline assumptions that underpinMCQAgeneralizability:1)
that a successful answer implies that requisite knowledge is possessed,
retrieved, and, in particular, applied to the problem, rather than just being
memorized, 2) that the same semantic problemwill lead to the same answer
despite syntactic permutation, and 3) given the same knowledge, the
examinee can identify when there is no correct answer presented in the
options. Additionally, we assess the models’ dependence on the restricted
search space afforded by the multiple-choice format by obfuscating or
occluding context for each of the three assumptions. These assumptions are
tested via prompt permutations (Fig. 1) on benchmark questions that
models were able to answer correctly in their original form.

We show the baseline accuracy for our datasets of the various models
assessed in this study in Table 1, and the answer consistency upon per-
mutation of the respective MCQA assumptions (color), alongside the
impact of context availability (hash) for each of our varying experimental
settings in Fig. 2.

Generally, large models tend to perform well on Setting 1 (with the
exception of GPT-OSS), although the expansion to 26 options does cause
some consistency loss ( �Δall;opt expansion ¼ �0:071 ± 0:019, p < 0:001). The
drop in consistency is, however, generallymuchmore pronounced for small
models (denoted with a *) compared to larger models, in both the original
(Δlarge vs small;orig ctx ¼ �0:131 ± 0:040; p < 0:001) and expanded
(Δlarge vs small;expanded ctx ¼ �0:187 ± 0:056; p < 0:001) search space.

While strong consistency is maintained for most large models in Set-
ting 2 when identifying truths with full context (R1-Llama-70B:
Δ ¼ �0:012 ± 0:013; p < 0:001, Llama-70B: Δ ¼ �0:037 ± 0:026;
p < 0.001; QwQ : Δ ¼ �0:041 ± 0:015; p < 0:001Þ as well as in the small

Fig. 1 | Experimental Settings and Generation Prompts.
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reasoning model R1-Llama-8B (Δ ¼ �0:077 ± 0:053; p < 0:001), sub-
stantial drops are observed for GPT-OSS-120B
(Δ ¼ �0:608 ± 0:043; p < 0:001Þ and Qwen-2.5-32B
ðΔ ¼ �0:295 ± 0:050; p < 0:001Þ, as well as in the other small models
(GPT-OSS-20B: Δ ¼ �0:529 ± 0:038; p < 0:001; LLaMA-
8B: Δ ¼ �0:218 ± 0:028; p < 0:001Þ. The same largely holds true for the
identifying falsehoods case, albeit with all small models performing poorly
in terms of consistency and Qwen performing well. In both settings, the
removal of the contextual hints provided by the other options being avail-
able in the prompt context had a significant effect on most model’s answer
consistency (for identifying truths, GPT-OSS-120B p < 0:002, R1-LLaMA-
70B p < 0:001, QwQ-32B p < 0:001, Qwen2.5-32B p < 0:001, LLaMA-8B
p < 0:002, LLaMA-70B, R1-LLaMA-8B, and GPT-OSS-20B not significant;
for identifying falsehoods, GPT-OSS-120B p < 0:001, GPT-OSS-20B
p < 0:001, LLaMA-8B p < 0:001, all other models not significant),
although not always negatively (both GPT-OSS models, and Qwen, for
instance, generally seem toperformworse by having the other options in the
context irrespective of subtask, and LLaMA-8B when identifying
falsehoods).

All models show significant ( �Δall ¼ �0:475 ± 0:061; p < 0:001Þ
inconsistency for setting 3 even if a “None of the Above” option is explicitly
provided, and even greater ( �Δall ¼ �0:750 ± 0:057; p < 0:001) incon-
sistency for most models if the “None of the Above” option is instead
supplied as a prompt instruction.

In Fig. 3, we show the impact of context availability on answer con-
sistency as a function of reasoning models vs. their respective base models.

While we generally observe an improvement in consistency (irre-
spective of whether context is provided) with the addition of reasoning
capabilities ( �Δlarge ¼ 0:034 ± 0:026; p < 0:001), this is not globally true.
Specifically, we note that adding reasoning does not significantly affect
consistency for small models in Setting 1
ðΔLLaMA�8B�Base ¼ 0:041 ± 0:036; p > 0:01Þ, and the reasoning process
hurts consistency in Setting 2 for R1-8B (ΔR1�8B ¼
�0:167 ± 0:067; p < 0:001Þ and 3 for QwQ/Qwen (ΔQwQ ¼
�0:201 ± 0:023; p < 0:001) when context is removed.

Finally, in Fig. 4 we show the impact of these individual experimental
settings and context availability on the overall dataset performance as a
function of the dataset’s difficulty to the individualmodel (i.e., their baseline
performance on the model). Due to figure scale, small models are not
included in this figure, although they follow the same trends. We observe a
weak correlation between baseline performance and answer consistency
(ρ ¼ þ0:786; p < 0:03) for all experimental settings, with the magnitude of
inconsistency upon context obfuscation/occlusion being model dependent
but baseline accuracy independent (ρ ¼ þ0:278; p > 0:1).

Discussion
MCQA is accepted as part of the clinical licensure process due to an
expectation that, while it is impossible to comprehensively cover all clinical
scenarios in any reasonable assessment, it is sufficient to test retained
knowledge. The validity of this expectation is underpinned by the human
ability to consistently apply knowledge in supporting reasoning. Our
experimental settings aimed to systemically evaluate both the extent of
retained knowledge, as well as the application of said retained knowledge to
actual clinical problem solving.

All large generative language models meet the reported USMLE pas-
sing threshold of 60%24,25 for human examinees, although several small
models do not. Such performance appears consistent with GLMs bearing a
competitive level of clinical knowledge retention on par with human
examinees. Our various experiments, however, show that such an appear-
ancemay be deceptive, as we surface several concerns that suggest that (a) a
certain level of dataset memorization may be being relied on for successful
solves, and that (b) such knowledge, even if truly retained, may not be being
applied to problem solving. Here, we will discuss these concerns, as well as
potential solutions to better adapt MCQA-based benchmarks to the era of
data-driven models.T
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On the applicability of assumptions underlying MCQA as an
assessment method for generative language models
The context-matching inherent to MCQA problems inherently tests
knowledge retention, as correct responses require the model to generate
appropriate statistical priors. While large models remain largely consistent
in Setting 1 (although not universally, e.g., in the case of GPT-OSS-120B),
small models do not, suggesting some reliance on data memorization for
successful solves. Unlike LLMs, which can possess, retrieve, and apply the
requisite knowledge, the SLMs skip the last step. The requisite knowledge is
retained, but it is not applied: instead, the answer is directly parrotedwithout

adaptation to the shuffled option context. Consequently, this brings sig-
nificant concerns to the generalizability of the evaluation performance on
these benchmarks for SLMs. As small models are often distilled from large,
this inconsistency/memorization also undermines these assessments on
LLMs.While larger models appear capable of compensating for shuffled or
perturbed answer structures, this does not eliminate the probability of prior
exposure to the benchmark questions themselves. In fact, as small models
are often distilled from large, the observed inconsistency suggests
that both model classes are influenced by shared exposure to
benchmark data. The observed robustness to such perturbations may

Fig. 2 | Answer Consistency with and without
Context by Model and Setting.

Fig. 3 | Impact of Context Obfuscation/Occlusion on Answer Consistency with and without Reasoning.

Fig. 4 | Impact of Context Obfuscation/Occlusion on Answer Consistency as a Function of Baseline Accuracy.
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thus reflect dataset familiarity rather than the ability to truly apply
said knowledge in novel situations.

We generally observe SLM inconsistency for Setting 2, invalidating the
underlying assumption that syntactic permutations of the same semantic
content will lead to the same response. Interestingly, however, the con-
sistency, despite dropping, remains higher than in Setting 1 for R1-LLaMA-
8B.While data memorization is likely occurring for successful solves in the
traditional multiple-choice context, this finding suggests that some small
models do possess, and that the reasoning process can retrieve the requisite
knowledge for successful solves, and variations in the prompt syntax are
capable of “tricking” the language model to not leverage the memorized
shortcut and instead apply the knowledge correctly.

Concerningly, all models, irrespective of big or small, but particularly
pronounced in non-reasoning models, show substantial inconsistency in
Setting 3, indicating models strongly prefer choosing an available option
even when none apply. Such behavior contradicts the assumption that the
model is truly applying the knowledge possessed, and is a dangerous lim-
itation in clinical contexts, given the possibility for unexpected and messy
inputs in real-world clinical data.

Human consistency is also not perfect. For example, we would expect
that were we to add a “none of the above” option in a manner similar to
Setting 3 without removing the correct answer, humans would have sub-
stantial inconsistency due to human learned MCQA testing strategies.
While infeasible to completely control, we note that our adversarial per-
turbations challenge human strengths and model weaknesses. The “bot-
tleneck” for humans is knowledge retention, which is the strength of data-
driven algorithms. Conversely, while data-driven algorithms encode vast
volumes of knowledge, said knowledge is not consistently applied in pro-
blem solving, which is generally an issue of much lesser magnitude for
humans. We generally expect humans to perform well on our tested per-
mutations, particularly where the original context space is provided.

Additionally, it should be noted that control for question-difficulty
effects, our 100-question subsets were sampled from questions correctly
answered by an intersection of models. This sampling approach biases
toward “easier” questions, leading to inflated consistency (empirically
confirmed during post-hocmerging of newmodels into the sample set). To
ablate the influence of instruction format andobviate the need for expensive
domain expertise, we have preserved a multiple-choice format throughout
these experiments, instead of allowing for free-form generation. Funda-
mentally, due to these factors, the real-world consistencywithMCQA-based
results may be worse our results suggest, further highlighting the need for
additional adaptation to be more reflective of real-world performance.

These observed inconsistencies therefore, call into question the validity
of MCQAs as an assessment tool for language models, particularly when
model parameter size is small. The likely influence of data contamination
and memorization limits the generalizability of observed benchmark per-
formance. For instance, despite GPT-OSS-120B outperforming Deepseek-
R1-LLaMA-70B at a surface level on several benchmarks, its accuracy on
said benchmarks would be worse than R1’s after application of any of our
question format perturbations. Moderate inconsistency in responses with
syntactic but without semantic variation challenges the assumption that
possessed knowledge is consistently applied, and the strong preference for a
positive answer highlights a major weakness of current models in option-
selection settings. In a clinical context, these limitations have a direct impact
on the very reason we accept multiple-choice questions as an assessment
tool for generalized clinical competency, leading to inflated perceptions of
model performance.

On the impact of contextual cues amid reasoning models
The removal of contextual cues generally exerts a negative impact on answer
consistency (Fig. 2). This is itself concerning as real-world problems can
have, depending on use-case, vastly expanded contexts. For instance,
expanded contexts (as is the case in setting 1’s context expansion experi-
ment) is a realistic use case as real-world decisionmaking is not limited to a
4-option set. Similarly, it is not always realistic to have present a background

listing of “what other items to consider” (which in and of themselves are
often designed to contain hints to the correct answer) in the prompt itself in
real-world scenarios as is the case in setting 2’s context occlusion
experiment.

With respect to the impact of such occlusion and/or obfuscation on
reasoning models, when ablated between reasoning/non-reasoning models
within the same model family, reasoning models occasionally display
greater inconsistency than their non-reasoning counterparts, particularly
for models with smaller parameter sizes (Fig. 3), i.e., the reasoning process
doesnot always help improve, but can rather hurt, consistencywhen context
is removed. While this can partially be attributed to higher baseline per-
formance, we posit that the internal chain-of-thought process inherent to
reasoning models acts as self-reinforcement by serving as a statistical prior,
potentially amplifying inconsistency with loss of context.

On improving model consistency and MCQA as an
assessment method
Despite the limitations on their generalizability, MCQAs remain valuable
for evaluation in the clinical field due to their unambiguous scoring, effi-
ciency, and lower domain expertise requirements compared to generative
methods. Itwould thereforebebeneficial to identify strategies tomitigate the
MCQA drawbacks identified in this study while still maintaining the
MCQA format. We examine this problem through two lenses: improving
the model itself to address these consistency issues, and improving MCQA
as an assessment to better reflect real-world conditions.

With respect to the former, we note that consistency is roughly posi-
tively correlated with baseline performance. There is reasonable suspicion
that some of these inconsistencies are caused by learned shortcuts causing
regurgitation rather than a lack of knowledge (Setting 1 vs Setting 2). Given
that our various settings are all permutations that can be autonomously
generated via symbolic rulesets, it may be beneficial to introduce these
symbolic permutations into the model training process itself within the
respective training set to, in essence, unlearn the shortcuts and instead
encourage the models to apply the knowledge correctly, improving model
consistency and potentially generalizability.

In regards to mitigating the impact of context occlusion and obfus-
cation, it was observed (Fig. 4) that themagnitude of inconsistency increase
across the various experimental settings upon context obfuscation/occlu-
sion is independent of the baseline accuracy of the model on said bench-
marks, suggesting that the magnitude of inconsistency and dependence on
contextual cues is a function of training strategy rather than the data on
which themodel is trained on. It may be beneficial to further investigate the
interplay between these two factors.

With respect to the latter, multiple-choice questions are written to be
relatively unambiguous by design. Given the strong dependence on limited
option spacedemonstratedby Setting1 context removal, itmaybebeneficial
to introduce red herring distractor options (that are close to, but are not, the
correct answer). To break memorization, beyond option shuffling, synon-
ymous representations for both individual options and clinical entities
within the questions can be substituted via autonomous means (e.g., via
named entity recognition/entity linking). Issues of syntactic permutation of
the same semantic content (Setting 2) can be resolved by symbolically
permuting the syntax of the question in various manners (much as we do
here in Setting 2) and giving a weighted accuracy score instead based on the
agreement/correctness across these multiple permuted prompts. False-
positive/hallucination rate (Setting 3) should be explicitly measured via the
introduction of null-answer variants of the questions as we present here.

Fundamentally, however, the opacity in the training process and the
very nature of public datasets, particularly within the clinical domain, where
the availability of such datasets is limited, inherently suggests that any
publicly available clinical benchmark dataset is likely to have been seen as
part of the model training process. One approach to solving this problem,
beyond introducing our permutations, is localizing the MCQA problems
into real-world clinical cases from local EHRs with local data representa-
tions. Such an approach would serve the dual purpose of both making the
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assessment more reflective of local performance and sufficiently permute
the syntax of the question to prevent memorization-based solves.

Collectively, these adaptations would likely help mitigate the memor-
ization issue and serve as a relatively straightforward adaptation towards
testing the application of retained knowledge towards problem solving,
rather than rote repetition. We leave such investigations to future work.

Methods
Baseline assessments, models, and datasets
We establish the baseline accuracy of eight different models, five with
“reasoning” capabilities (defined as the inclusion of reasoning processes
during model training26,27: GPT-OSS-120B28, GPT-OSS-20B28, DeepSeek-
R1-Distill-Llama-70B26, DeepSeek-R1-Distill-Llama-8B26, QwQ-32B29) and
three without (LLaMA-3.3-70B-Instruct30, LLaMA-3.1-8B-Instruct30,
Qwen-2.5-32B-Instruct31), on six different multiple-choice clinical assess-
ment benchmarks. These three non-reasoning models were specifically
selected as they are the base models from which reasoning versions are
tuned (DeepSeek-R1-Distill-Llama-70B, DeepSeek-R1-Distill-Llama-8B,
and QwQ-32B, respectively), ablating the reasoning process. Further, we
select the R1/LLaMA-8B and GPT-OSS-120B/-20B models to ablate the
influence of parameter sizes in both reasoning and non-reasoning models.

The current landscape of open-weight reasoning models inherently
constrains which models can be used to perform our experiments. Para-
meter size ablation requires that the different models be from the same
model family to ensure the training process/datasets are comparable (QwQ
is only available as 32B parameters). Similarly, direct non-reasoning
counterparts are not available for every reasoning model family (e.g., GPT-
OSS). For example, while paired reasoning and base models exist for the
DeepSeek R1–LLaMA series, no such pairing is available for GPT-OSS.
While these groupings allow us to examine how reasoning capability and
parameter scale may influence consistency, our analysis therefore aims to
illustrate potential effects and implications rather than to exhaustively
quantify their impact.

Our dataset selection is designed to alignwith that of theMedMultiQA
collection, which is intended to broadly represent diverse medical exam-
ination questions spanning varying levels of difficulty. Specifically, the
datasets assessed were the test subsets of the MMLU professional medicine
dataset19,32, MedQA (USMLE Step 2&3 subset)18, MedMCQA (validation
dataset, as test dataset labels were not available on HuggingFace)33,
MedBullets34, the JAMA clinical challenge dataset34,35, and PubMedQA36.
While PubMedQA results are reported within the supplementary infor-
mation for completeness, its simplified yes/no/maybe 3-option multiple
choice format and the incorporation of related passages within the prompt
context make it unsuitable for our experiments by introducing additional
challenges for GLMs relative to the other datasets. We therefore have
excluded PubMedQA from the main comparative analyses.

A temperature of 0.6 (recommended default) was used for all models
supporting the parameter. Each model’s “final answer” to a question is
determined by amajority vote across five independently generated outputs.
Responses that extended beyond one character were manually normalized
(we opted not to use constrained decoding37 to avoid confounding influ-
ences on output generation). Situations where the output returns multiple
answers, e.g., “A, B, or D,” are marked incorrect. In cases where generation
results in a tie, the response is counted as a multiple-answer response. All
other models were served through vLLM38 in native precision using eight
NVIDIA H100 80GB GPUs.

To test consistency amid assumption invalidation, a set of questions
that models were able to answer correctly was sampled. To control for
varying question difficulty, we sample 100 questions from the intersection
set of correctly answered questions from all models for subsequent
experiments (using oversampling to reach 100 in the case of one dataset
(MedBullets) due to the intersection of correct answers being 56).While this
approach limits the total number of models that could be compared jointly,
as additional models will reduce the difficulty of the sampled questions, it
ensures that question difficulty is consistent across our various ablations.

Assessing reasoning fidelity and semantic consistency
We categorize our experiments into three experimental settings, observing
answer consistency when each of the tested baseline assumptions are
invalidated. Each setting is further divided into two sub-experiments, one
retaining and one obfuscating or occluding contextual cues. Please refer to
Fig. 1 for prompts used.

Setting 1: Data leakage/memorization amid expanded
context spaces
Answer memorization is not a concern for human examinees due to
question volume, but it is a concern for data-driven algorithms. Opacity on
the data used for model training purposes raises significant concerns about
answermemorization39,40. To assess whether this is occurring, we shuffle the
options41. To obfuscate the context, we expand the search space from the
4-5options present in thebenchmark to anexpanded search space of exactly
26 options (A-Z, to ablate the influence of multiple-choice option binding).
Additional options are sampled from theMedQA train set with subsequent
random shuffling (to move correct answers out of A-E). Manual review of
mismatches was done for answers not in the original option set.

Setting 2: Answer consistency despite syntactic perturbations
amid context clue removal
MCQA assessments assume that an examinee’s answers will be consistent
given the same semantic information even if the syntax by which the
question is posed changes. In this setting, we aim to assess the validity of this
assumption by providing the answer as part of the prompt itself (alongside
other possible options in the option list), permuting the question into a true/
false assessment. To occlude this context, we truncate the other possible
options from the prompt.

Setting 3: Statistical predisposition to positive answer matching
amid prompt-implied context loss
MCQAs assume that knowledge is globally applicable to reasoning pro-
cesses. Unlike human examinees, however, models rely on statistical pre-
disposition to select answers by matching highly probable terms within
providedoptions. To assesswhether this assumption generalizes,we remove
the correct answer from the listed multiple-choice options and replace it
with “E. None of the above.”. For context obfuscation, the prompt being in
the form of a multiple-choice question inherently predisposes models to
look for the answer within the context of the A-E option list. To hide the
correct answer from this implied context, we remove the option “none of
the above” and instead insert an instruction to respond as such if none of the
listed options listed A-C/D are correct.

Statistical analysis
All statistical analyses were conducted using python (SciPy and StatsMo-
dels) with bootstrap-based non-parametric inference methods to account
for the small number of replicates (1 replicate per “vote”/generation output,
resulting in five per model per dataset for each experimental setting). For
each experimental setting,model accuracieswere averaged across replicates.
Comparison was done in one of three ways: within the same model
(e.g., before/after context occlusion/obfuscation) or across matched
model pairs (e.g., reasoning vs. non-reasoning base), or against an
expected 0% consistency loss. Within-model comparison was done
using two-sided Wilcoxon signed-rank testing supplemented with
10,000 iterations of bootstrap resampling. Cross-pair comparisons
were done via two-sided Mann-Whitney U tests with the same
bootstrap resampling approach. Comparisons against 0% consistency
loss were done via a one-sided bootstrap and Wilcoxon test. When
paired non-reasoning baselines were available, within-family rea-
soning effects were tested using paired Wilcoxon and bootstrap tests
of per-dataset mean accuracies. To examine relationships between
baseline accuracy, consistency, and inconsistency magnitude (Δ
under context removal), Spearman rank correlations were computed.
As each analysis (e.g., context manipulation) involved multiple
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hypothesis tests, p-values were corrected within each group of related
tests using the Benjamini–Hochberg FDR procedure (α = 0.05).

Data availability
All benchmarks used in this study are sourced from publicly available
benchmarks. Due to individual license restrictions, we do not distribute
these benchmarkswith the code but have left instructions on how to obtain/
format said datasets within our GitHub repository’s README (https://
github.com/OHNLP/ContextVsReasoningMCQA).

Code availability
Code used for the experiments presented in this study can be found on
GitHub, at https://github.com/OHNLP/ContextVsReasoningMCQA Note
that it is expected that users possess their own OpenAI and HuggingFace
tokens authorizing access to the respective models used in this study.
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