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Abstract

Reliable uncertainty quantification (UQ) is es-
sential when employing large language models
(LLMs) in high-risk domains such as clinical
question answering (QA). In this work, we eval-
uate uncertainty estimation methods for clini-
cal QA focusing, for the first time, on eleven
clinical specialties and six question types, and
across ten open-source LLMs (general-purpose,
biomedical, and reasoning models), alongside
representative proprietary models. We analyze
score-based UQ methods, present a case study
introducing a novel lightweight method based
on behavioral features derived from reasoning-
oriented models, and examine conformal pre-
diction as a complementary set-based approach.
Our findings reveal that uncertainty reliability
is not a monolithic property, but one that de-
pends on clinical specialty and question type
due to shifts in calibration and discrimination.
Our results highlight the need to select or en-
semble models based on their distinct, comple-
mentary strengths and clinical use.

1 Introduction

In recent years, Large Language Model (LLM) per-
formance has consistently increased across medi-
cal and clinical tasks (Chen et al., 2023; Wu et al.,
2024a; Acikgoz et al., 2024; Sellergren et al., 2025).
This includes classification tasks with finite output
spaces, such as multiple-choice question answering
(MCQA,; Jin et al., 2019, 2021; Pal et al., 2022), as
well as natural language generation (NLG) tasks
with open-ended output spaces (Baan et al., 2023),
such as open-ended question answering (Open-QA;
Thirunavukarasu et al., 2023; Singhal et al., 2023)
and clinical text summarization (Schoonbeek et al.,
2024; Van Veen et al., 2024). However, LLMs
are known to be overconfident (Groot and Valdene-
gro Toro, 2024), raising concerns about their re-
liability in high-stakes clinical settings. In such
settings, reliability depends not only on discrimina-
tion (how well confidence scores separate correct

vs. incorrect answers) but also on calibration (how
closely predicted probabilities match actual accu-
racy); both are critical for safe deployment (Atf
et al., 2025). By quantifying uncertainty, LLMs
can spot unreliable predictions and prompt expert
oversight if needed (Zhou et al., 2025).

Let x € X be a question and y € ) its an-
swer. Typically, in a classification setting such as
MCQA, ) is a finite set and quantifying the en-
tropy of an LLM’s predictive uncertainty py(y|z)
for this problem can be done directly by enumer-
ating all the possible answers. However, uncer-
tainty quantification (UQ) in NLG is a significant
challenge (Giulianelli et al., 2023; Geng et al.,
2024). In Open-QA, the output space ) is the set
of all possible strings, which grows exponentially
with the length of the answer. Directly calculat-
ing the predictive uncertainty py(y|x) for every
possible output becomes unfeasible. In this work,
we benchmark how representative UQ approaches
for NLG—token-based confidence (Huang et al.,
2025; Aichberger et al., 2024), sample consistency
(Kuhn et al., 2023), confidence elicitation (Xiong
et al., 2024), and conformal prediction (Campos
et al., 2024)—fare specifically in clinical QA. We
benchmark uncertainty across /0 LLMs (general-
purpose, biomedical, and reasoning-focused) and
2 clinical QA datasets, including 11 different clini-
cal specialties (among which 5 can be considered
less frequent; see Section 3 for details). We also
introduce a novel annotation scheme that maps QA
pairs onto 6 different question types (e.g., diagnosis,
treatment, definition questions, etc).

We also present a new case study on behavioral
signals from LLM reasoning traces, where we offer
a lightweight, interpretable, and single-pass alter-
native to sampling-based methods. We find that
reasoning LLMs often yield superior accuracy and
calibration, but this advantage varies significantly
across specialties and question types.

We offer a cautionary yet constructive perspec-
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Figure 1: Uncertainty estimation for clinical QA across LLMs featuring AUROC (discrimination) vs. ECE
(calibration). Marker size indicates model size; color and shape indicate model type (general, reasoning, biomedical).
The green-shaded area (top left) highlights the desirable region: low calibration error and high discrimination. Most
single-pass methods fail on both; even G-NLL (Aichberger et al., 2024) underperforms despite good performance
reported on non-clinical QA. Semantic Entropy achieves strong performance, though it requires multiple generations.

tive on uncertainty in clinical NLP, pointing to-
ward more context-aware evaluation. Our results
show that aggregate metrics obscure important re-
liability differences and highlight the importance
of uncertainty evaluations that account for clin-
ical specialty and question type. We see this
work as a first step towards supporting the de-
velopment of LLMs that are both accurate and
trustworthy in clinical use. Our code is avail-
able at https://github.com/albertotestoni/
mind-the-gap-clinical-qa.

2 Related Work

Starting from the seminal work of Guo et al. (2017),
uncertainty quantification has been studied in NLP
tasks such as sentiment analysis, machine transla-
tion, and named entity recognition (Xiao and Wang,
2019; Zerva et al., 2022; Hashimoto et al., 2024,
Shorinwa et al., 2025). While uncertainty estima-
tion has a long tradition in classification tasks, the
rise of LLMs has renewed interest in extending
these methods to language generation (Geng et al.,
2024; Ulmer et al., 2024; Liu et al., 2025; Huang
et al., 2025). Ensuring well-calibrated predictions
is essential in clinical NLP, where overconfidence
or miscalibrated uncertainty estimates can translate
into patient risk or diagnostic error (Ghoshal et al.,
2021; Kompa et al., 2021; Dawood et al., 2023).
Few approaches have systematically evaluated
these aspects in the clinical domain. Gao et al.
(2025) argue that LLLM uncertainty signals (e.g.,
token-level entropy) are poorly suited for diagno-
sis tasks, but their analysis remains limited to a
small set of outdated models and focuses solely
on classification tasks. Similarly, studies on open-
ended generation (Wu et al., 2024b; Savage et al.,

2025) evaluate only a narrow range of methods
and models, limiting the generalizability of their
findings. Moreover, existing evaluations typically
report aggregated metrics, offering limited insight
into finer-grained dimensions such as medical spe-
cialties or question types. Another still underex-
plored aspect is the comparison across different
LLM types. Recent studies have evaluated general-
purpose and biomedical LLMs on clinical tasks,
reporting mixed evidence for the latter’s advantage
(Dorfner et al., 2024). However, these comparisons
largely overlook uncertainty calibration.

A recent related study to ours is Savage et al.
(2025), which investigates uncertainty estimation
methods for clinical question answering. The
authors found that sample consistency (assess-
ing agreement across multiple answers generated
via stochastic decoding) outperformed other ap-
proaches in terms of both discrimination and cal-
ibration, though the latter remained suboptimal.
While their findings provide valuable initial in-
sights into UQ for medical QA, their evaluation
is limited in several key ways. First, it focuses
on a small set of outdated models, excluding re-
cent advances such as reasoning-tuned and domain-
specific LLMs (which we highlight in Figure 1,
along with the calibration—discrimination trade-
off). Second, their analysis is restricted to diag-
nosis and treatment questions, ignoring other clin-
ically relevant question types. Third, they do not
examine how performance varies across medical
specialties. A complementary line of work is Ye
et al. (2024), which applies conformal prediction
to evaluate uncertainty in LLMs across five (non-
clinical) NLP tasks, such as question answering
and text summarization. Notably, they find that
(i) higher accuracy does not necessarily correlate

2365


https://github.com/albertotestoni/mind-the-gap-clinical-qa
https://github.com/albertotestoni/mind-the-gap-clinical-qa

with higher certainty, and (ii) larger LLMs can ex-
hibit greater uncertainty than smaller ones. In our
work, we investigate whether these patterns extend
to clinical question answering.

3 Datasets and Question Annotation

We focus on two dimensions of clinical question an-
swering that have been largely overlooked in prior
work: medical specialty and question type, which
induce systematic variation in task difficulty and
uncertainty profiles that is obscured by aggregate
evaluation.

By Medical Specialty We leverage two English
multiple-choice question answering datasets. ' S-
MedQA (Yan et al., 2026) combines questions
from MedQA (Jin et al., 2021) and MedMCQA
(Pal et al., 2022). The dataset includes a validated
annotation pipeline that maps each question to one
of 55 medical specialties recognized in the Euro-
pean Union. We consider the six most frequent spe-
cialties: Gastroenterology, Cardiology, Obstetrics
and Gynecology, Neurology, Infectious Diseases,
and Pediatrics, which we refer to in the follow-
ing as ‘common specialities’. To ensure balanced
evaluation across specialties while keeping the total
number of questions manageable for computational
and analytical purposes, we fix the sample size
to 145 questions per specialty, resulting in a total
of 870 questions. Each question in S-MedQA in-
cludes four answer options and one correct answer.
MedExQA (Kim et al., 2024) focuses on underrep-
resented specialities: Biomedical Engineering (143
questions in the MedExQA test set), Clinical Labo-
ratory Science (372 questions), Clinical Psychol-
ogy (106 questions), Occupational Therapy (189
questions), and Speech Language Pathology (130
questions), summing up to 940 questions. Ques-
tions in MedExQA were manually gathered from a
variety of freely accessible online sources, such as
mock tests and practice exams designed for specific
specialties. Each question in MedExQA includes
four answer options and one correct answer.

By Question Type After manually inspecting
a random sample of 50 questions from each
dataset, we identify six clinically meaningful
question types: Diagnosis, Treatment, Diagnos-
tic Test, Definition, Procedure/Operation, and
Other. We annotate all 1,810 questions using

'In our setup, models generate open-ended responses, and
correctness is evaluated against multiple-choice labels (§4.3)

Llama-3.1-70B-Instruct (Meta Al, 2024b), and
validate its outputs against manual annotations
from one of the authors on a sample of 100 ques-
tions. The agreement is high, with 94% accuracy;
the few disagreements involve borderline cases
of the broad Other category. Full details on the
prompt, question type definitions, and distribution
are provided in Appendix F.

4 Methodology

4.1 Extracting Uncertainty Estimates

Uncertainty in LLMs can be quantified by exploit-
ing the probability distributions induced by the
model over its outputs. In the context of question
answering, these distributions can be summarized
as scalar scores or prediction sets that reflect how
confident a model is in its chosen answer. We con-
sider multiple strategies for extracting such uncer-
tainty estimates, ranging from single-pass methods
based on token probabilities to sampling-based ap-
proaches and set-valued predictions.

Score-based methods: Following the taxonomy
of Geng et al. (2024), we consider logit-based ap-
proaches, such as average token-level probability
under greedy decoding (Huang et al., 2025). Con-
sistent with Savage et al. (2025), we found negligi-
ble differences when using minimum or maximum
token probability. We also include G-NLL (Aich-
berger et al., 2024), which computes the negative
log-likelihood of the greedily decoded output and
serves as an efficient uncertainty proxy.> For lin-
guistic confidence methods, we adopt a two-step
confidence elicitation approach (Rivera et al., 2024;
Xiong et al., 2024), where the model first produces
an answer and is then prompted to reprocess the
full question—answer pair and assign a scalar cer-
tainty score. We use the same elicitation prompt as
Savage et al. (2025).

Consistency-based methods: We evaluate Se-
mantic Entropy, inspired by Kuhn et al. (2023);
Farquhar et al. (2024) and related to Sample Consis-
tency (Savage et al., 2025). While Sample Consis-
tency measures agreement across sampled outputs,
Semantic Entropy quantifies the entropy of the
predicted answer distribution. Given the multiple-
choice answers available in the datasets we used,
we group generations by selected option and com-
pute entropy over the resulting distribution. Higher

’In G-NLL (Aichberger et al., 2024), calibration was not
included in the authors’ original analysis.
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entropy reflects greater uncertainty. We follow
Manakul et al. (2023) and generate 10 responses
per question.

Set-based methods: As for a representative set-
based method, we evaluate a conformal prediction
approach inspired by Ke et al. (2025). The method
constructs prediction sets by sampling multiple re-
sponses per input and estimating empirical cover-
age over answer options; in our setup, we target
90% marginal coverage of the correct answer. Ap-
pendix H provides additional details and an illus-
trative example.

Linguistic behavioral features: We also intro-
duce a novel case study based on linguistic be-
havioral features extracted from reasoning traces,
an understudied category in current taxonomies of
uncertainty estimation methods for LLMs. We pro-
vide additional methodological details and analysis
of this approach in Section 5.2.

Finally, following the classification in Liu et al.
(2025), we can further distinguish between single-
pass methods (logit-based scores, confidence elic-
itation, and linguistic behavioral features) and
sampling-based methods, which require multiple
generations (consistency-based approaches). The
linguistic confidence method specifically involves
two passes per input.

4.2 Models

We evaluate 10 open-source instruction-
tuned LLMs to comprehensively estimate
uncertainty across model architecture, scale,
and domain specialization. =~ We include six
general-purpose models of varying sizes and
architectures: LLaMA-3.1-8B, LLaMA-3.1-70B,
LLaMA-3.2-3B, LLaMA-3.3-70B (Meta Al, 2024a),
Mistral-7B-v@.2 and Mixtral-8x7B-v@.1
(Mistral Al, 2023); two reasoning-oriented
models: DeepSeek-R1-70B (Guo et al., 2025)
and s1.1-32B (Muennighoff et al., 2025);
and two domain-specific biomedical models:
Bio-Medical-LLaMA-3-8B (ContactDoctor, 2024)
and LLaMA3-OpenBiolLLM-70B (Ankit Pal, 2024),
both fine-tuned on biomedical and clinical corpora.
In Appendix A, B, and C we provide details about
the models, prompts, and decoding hyperparame-
ters, respectively. Appendix G presents a focused
analysis on three OpenAl ChatGPT models
(GPT-4.1,GPT-4.1-mini, and GPT-40-mini).

4.3 Evaluation

Answer Extraction and Accuracy Models are
prompted to output a long-form answer that in-
cludes the letter of the selected option in square
brackets (e.g., [C]), which we extract via regular
expressions. Only when the format deviates (on
average in 5-6% of responses, e.g., full answer
text within brackets instead of the letter alone), we
use LLaMA-3.1-8B-Instruct to map the response
to one of the four options (see Appendix B for
additional details). We validate its performance
on this task against human annotations over 100
samples, observing 92% accuracy. QA accuracy
is computed by comparing the extracted answer to
the ground-truth label, whereas uncertainty esti-
mates are computed over the full (long-form) an-
swer generated by the LLM. To control for position
bias, answer options are shuffled four times per
question with greedy decoding. Semantic Entropy
and Conformal Prediction require sampling (via
nucleus sampling) 10 and 20 responses per ques-
tion, respectively, with the options shuffled at each
generation to mitigate position bias.

Discrimination and Calibration To evaluate dis-
crimination, i.e., the ability of uncertainty estimates
to distinguish correct from incorrect predictions,
we compute the Area Under the Receiver Operat-
ing Characteristic Curve (AUROC). AUROC mea-
sures how well uncertainty scores separate correct
from incorrect predictions; a value of 1.0 indicates
perfect discrimination, while 0.5 corresponds to
random guessing. We assess calibration, i.e., the
alignment between predicted confidence and em-
pirical accuracy, using Expected Calibration Error
(ECE) and the Brier Score (Brier, 1950). ECE mea-
sures the discrepancy between predicted confidence
and actual accuracy. Following Rivera et al. (2024),
we use 10 bins to compute ECE. The Brier Score
captures the squared error between predicted confi-
dence and correctness, providing a proper scoring
rule that reflects both calibration and sharpness. For
both scores, a value of 0 indicates perfect calibra-
tion. Given that ECE and Brier Score rank models
similarly, we report their average for some of the
analyses below.

Conformal Prediction For Conformal Predic-
tion, we evaluate uncertainty in terms of both em-
pirical coverage (the proportion of test instances
for which the correct answer is included in the
prediction set) and average set size (how many op-
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Table 1: Multiple-choice QA accuracy by medical specialty, revealing substantial heterogeneity in model perfor-
mance across domains. For each specialty, the three best-performing models are highlighted in bold.

tions are included on average in the prediction set).
We target a nominal coverage level of 90%, and
report the realized coverage. Intuitively, a lower
average set size indicates more confident (i.e., less
uncertain) predictions, while higher empirical cov-
erage reflects greater reliability. However, the two
must be balanced: low set size with low coverage
suggests overconfidence, while high coverage with
large sets indicates conservativeness.

5 Score-based UQ Methods Results

We begin by evaluating score-based uncertainty
methods by analyzing how their scores relate to
prediction correctness, focusing on calibration and
discrimination across all models and questions.

5.1 From Logits to Semantic Entropy

We compare logit-based, confidence elicitation,
and consistency-based methods to assess (a) which
yields the most calibrated and discriminative esti-
mates, and (b) whether LLM type or size systemati-
cally affect them. Figure 1 shows AUROC vs. ECE
for all LLMs and UQ methods. In line with the
findings in Savage et al. (2025), Semantic Entropy
shows the strongest overall performance while re-
quiring multiple generations per input. Reasoning-
oriented and biomedical LLMs do not consistently
outperform general-purpose models in terms of
uncertainty estimates. G-NLL does not perform
well in either dimension, although it performs bet-
ter on the recent s1.1-32B reasoning model. In
general, larger models tend to yield more reli-
able uncertainty estimates (particularly for Con-
fidence Elicitation), though this trend is less pro-
nounced for Semantic Entropy, which performs ro-
bustly across nearly all models, including the small-
est (LLaMA-3.2-3B). By contrast, Mistral-7B and

Mixtral-8x7B underperform relative to the rest.

Based on these findings, we adopt Semantic En-
tropy as our primary uncertainty estimation method
for the remainder of this section. We revisit single-
generation alternatives in Section 5.2. While Se-
mantic Entropy provides well-calibrated uncer-
tainty estimates across a broad range of models,
two important questions remain: Does this perfor-
mance hold uniformly across medical specialties
and question types? And how are these uncertainty
estimates aligned with actual QA accuracy?

5.1.1 Impact of Medical Specialty

Model Accuracy: Table 1 reports model ac-
curacy across medical specialties, with the top
three models per specialty highlighted in bold.
We observe a consistent effect of model size:
larger models generally achieve higher accuracy
than their smaller counterparts, particularly within
the LLaMA family. Reasoning models (s1.1-32B
and DeepSeek-R1-70@B), trained on reasoning
traces, frequently rank among the top perform-
ers, suggesting that prior exposure to reasoning
data contributes to robust performance across do-
mains. Biomedical models tend to outperform
general-purpose models at smaller scales (e.g.,
8B), but this advantage does not hold at larger
scales, where models such as LLaMA-3.1-70B
surpass their domain-specific counterparts (e.g.,
Llama3-OpenBiolLLM-7@B). Notably, all models
perform only marginally above chance on Speech-
Language Pathology, echoing findings from the
original dataset authors (Kim et al., 2024). Overall,
these observations raise the question of whether
more accurate models are also more calibrated or
reliable in their predictions, and how this aligns
with findings by Ye et al. (2024), who report that
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Figure 2: Discrimination (1—AUROC) and calibration (average ECE and Brier score) of semantic entropy—based
uncertainty estimates across specialties. x indicates the most accurate model per specialty.

larger-scale LLLMs may exhibit greater uncertainty.

Discrimination vs Calibration: Figure 2 shows
discrimination (1-AUROC) and calibration (avg.
ECE and Brier score) for a representative set of
models. While larger models generally achieve
higher accuracy (no model < 32B ranked top-3 in
any specialty), this does not guarantee superior un-
certainty estimates. For instance, L1ama-3.2-3B
achieves the highest AUROC, significantly outper-
forming the second-best model, s1.1-32B (p =
0.03, bootstrap test). However, it simultaneously
ranks among the worst in calibration, highlight-
ing a clear decoupling between discrimination
and calibration. Interesting trade-offs emerge
between accuracy and calibration, e.g., in Pedi-
atrics, DeepSeek-R1-70B achieves the highest ac-
curacy (~89%) but has worse calibration than
Llama-3.1-70B (p = 0.05, Brier score), whose
accuracy is slightly lower (~85%) but much better
calibrated. This suggests that gains in accuracy can
come at the cost of overconfidence.

Model Specialization: Smaller models occasion-
ally demonstrate strong discrimination despite
low accuracy. In Obstetrics and Gynecology,
Llama-3.2-3B answers just ~51% correctly but
achieves the best AUROC, suggesting it is reli-
ably uncertain when unsure. Conversely, some
larger models show worse AUROC despite higher
accuracy, indicating overconfidence on their few
errors. DeepSeek-R1-70B consistently exhibits
strong calibration, achieving the lowest average
ECE and Brier scores in about half the special-
ties. Meanwhile, domain-specialized models such
as L1ama3-OpenBiolLLM-70B excel in some focus
areas (e.g., Biomedical Engineering) but underper-
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Llama-3.1-708 [10:790
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0.543 0.570 0.645
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DeepSeek-R1-70B
s1.1-32B 0.795
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0.659  0.730 0.558
0.733
0.448
0.688
0.530
0.616
0.772

0819

0.765
0.597

Table 2: Accuracy per question type. Top-3 models per
question type are shown in bold.

form on general domains like Cardiology or Infec-
tious Disease, highlighting the limited generaliz-
ability of domain tuning. Together, these results
underscore that high performance in one evaluation
dimension (accuracy, discrimination, calibration)
does not imply strength in the others, reinforcing
the need to evaluate all three dimensions for safe
deployment.

5.1.2 Impact of Question Type

Table 2 reports accuracy by question type, leverag-
ing the annotation pipeline introduced in Section 3.
Several trends observed in the per-specialty anal-
ysis persist: larger LLaMA models consistently out-
perform their smaller counterparts, and reasoning-
oriented models frequently rank among the top in
accuracy. Our new question-type annotations also
reveal Procedure/Operation as a particularly chal-
lenging category, with all models underperforming
and only OpenBiolLLM-70B exceeding 70% accu-
racy. By contrast, Definition questions emerge as
the easiest category, with nearly all models achiev-
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Figure 3: Calibration/discrimination per question type
using Semantic Entropy estimates.

ing high accuracy. This may reflect the fact that
definition-style queries are closer in form and con-
tent to pretraining data, often resembling glossary
entries or encyclopedic descriptions.

The quality of uncertainty estimates varies sub-
stantially across question types (Figure 3). On
harder question types (in terms of accuracy), mod-
els not only make more errors but also exhibit
weaker confidence separation between correct and
incorrect answers. Interestingly, the smallest model
(3B) achieves the best discrimination across all
question types despite the lowest accuracy and
poor calibration, confirming the pattern observed
for medical specialties. No single model domi-
nates across all types: Llama3-OpenBiolLM-70B
achieves the highest accuracy on the challenging
Procedure/Operation questions, yet also exhibits
the worst calibration and discrimination on the
same category, suggesting that its confident predic-
tions are often misaligned with actual correctness.

5.2 Behavioural Signals of Uncertainty in
Reasoning Models: A Case Study

Although performance varies across medical spe-
cialties and question types, Semantic Entropy sub-
stantially outperforms sentence-level logprob meth-
ods in both calibration and discrimination. While
effective, the method requires repeated generations:
this feature may hinder its deployment in real-
world applications, particularly in latency-sensitive
or resource-constrained settings, such as clinical
decision support. In contrast, single-pass methods
like G-NLL and average token probability require
only one forward pass per input, albeit with reduced
discrimination and calibration performance.

To address this trade-off, we explore whether be-

havioral signals in LLM reasoning traces can serve
as lightweight proxies for uncertainty. Our moti-
vation stems from empirical observations: models
like DeepSeek-R1-70B and s1.1-32B often pro-
duce intermediate reasoning steps with linguistic
cues that appear to reflect uncertainty. For example,
we frequently observe self-directed questions and
tokens such as “Wait...”, which may signal self-
verification or reconsideration. We also hypoth-
esize that longer responses may indicate greater
difficulty in reaching a final answer. Appendix D
provides illustrative examples of these patterns. No-
tably, the authors of s1.1-32B show that “Wait”
tokens can be leveraged at test time to improve
prediction calibration (Muennighoff et al., 2025).

To operationalize these hypotheses, we extract
three surface-level behavioral features from each
model response: (1) the number of tokens in the
reasoning trace, (2) the number of self-posed ques-
tions, and (3) the number of occurrences of the to-
ken “Wait”. We explore different strategies for turn-
ing these features into uncertainty estimates, de-
tailed in Appendix D. The most successful method
treats the three features as input to a Calibration
Regression supervised model (which fits a linear
function with L2 regularization as Ridge Regres-
sion). To train this model, we use ground-truth
correctness labels (1 for correct, O for incorrect) for
each response. Although the regression model is
trained to predict correctness, we hypothesize that
its outputs can serve as proxies for confidence. We
define uncertainty as its complement, v = 1— f(x),
enabling direct comparison with other scalar-based
uncertainty estimation methods. To ensure fair
comparison and avoid overfitting, we train the re-
gression models on 40% of the dataset and evalu-
ate on the remaining 60%, preserving the original
distribution of medical specialties. We assess the
quality of the behavioral uncertainty signals using
AUROC, ECE, and Brier Score. To further disen-
tangle model behavior, we report results separately
for common and uncommon medical specialties
(see Appendix D for the latter). We include results
with Semantic Entropy for comparison, noting that
it relies on repeated sampling.

The results, shown in Figure 4, reveal that our
lightweight behavioral feature method outperforms
sentence-level methods and closely matches Se-
mantic Entropy, while requiring only a single for-
ward pass per input. This pattern holds across both
reasoning-oriented LLMs, DeepSeek-R1-70B and
s1.1-32B, and applies to both calibration and dis-
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Figure 4: Our proposed method, based on behavioral features in reasoning-oriented LLMs (shown in bold), performs
strongly across AUROC, ECE, and Brier Score, approaching Semantic Entropy, which instead relies on multiple

generations via sampling.

Model ‘Overall‘Cardio Gastro Inf. Dis. Neuro Ob/Gyn Peds ‘ Def. Diag. Dx Test Treat. Other
Llama-3.1.708 85.5% | 83.4% 834% 833% 854% 89.7% 87.6%|80.0% 852% 86.8% 86.8% 82.6%
: (108) | (1.06) (1.11) (1.08) (1.10) (1.10) (1.04)|(1.00) (1.09) (1.06) (1.09) (1.07)
DecoSeck.R170B 93.8% | 94.5% 91.0% 924% 952% 93.1% 96.5%|93.3% 95.3% 90.6% 92.2% 91.3%
P (L18) | (121) (L14)  (L16) (121) (L16) (1.21)|(1.13) (1.19) (1.09) (1.17) (1.24)

: 90.1% | 924% 89.0% 862% 91.0% 89.7% 92.4%|86.7% 89.7% 943% 91.1% 87.0%
Llama3-OpenBioLLM-70B| " 1) | (143) (138) (140) (1.43) (132) (1.42)|(127) (144) (134) (1.34) (137)

Table 3: Conformal Prediction. Empirical coverage (top) and average set size (bottom, in parentheses) for each
model. Coverage is colored green (>90%) or red (<90%). Set size transitions from blue to purple based on value.

crimination metrics. In Appendix D.3, we provide
further details on the regression model coefficients.
Although restricted to two models, these results
support our hypothesis that behavioral cues in rea-
soning traces encode relevant information about
model uncertainty and highlight a promising di-
rection for efficient, lightweight, and interpretable
uncertainty estimation without requiring sampling
or token-level probabilities. This has important im-
plications for real-world applications, where uncer-
tainty needs to be estimated reliably and efficiently.
Our case study offers a starting point for future
work to validate this approach across broader range
of tasks and models. We view our contribution as
an initial step toward establishing a more general
framework for LLM behavioral uncertainty estima-
tion leveraging structured reasoning traces.

6 Conformal Prediction Results

Analyses based on score-based uncertainty esti-
mates (Section 5) reveal notable trends: reasoning
LLMs often achieve higher accuracy and better
calibration, while biomedical models often appear
overconfident (likely due to domain-specific tun-
ing) and underperform outside a narrow range of
specialties, leading to less reliable estimates.

We next examine conformal prediction (follow-

ing the method in Ke et al. 2025) to assess whether
set-based uncertainty estimates offer complemen-
tary insights. We focus on three representative 70B
LLMs (one per model type) and restrict the analysis
to common medical specialties with sufficient held-
out data. Table 3 reports empirical coverage and av-
erage set size across models, specialties, and ques-
tion types. The three models achieve strong overall
coverage, though not all of them reach the 90%
coverage target. DeepSeek-R1-70B performs most
reliably, achieving 93.8% overall coverage with
compact sets, and generalizes well across special-
ties and question types. L1ama3-OpenBiolLLM-70B
also reaches high coverage (90.1%) but with larger
sets compared to DeepSeek-R1-70B, and it fails to
meet the target in several categories, particularly
Infectious Diseases and Definition questions.

In contrast, L1ama-3.1-70B falls short of the
coverage target (85.5%) with highly restrictive pre-
dictions, indicating overconfidence and poor gen-
eralization from calibration to test data. For this
model, no specialty or question type meets the 90%
threshold, suggesting that its strong score-based
UQ performance does not extend to set-based meth-
ods. These findings underscore that accuracy alone
does not suffice. Robust uncertainty estimation
depends on careful calibration and generalization
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across specialties, question types, and uncertainty
paradigms, particularly in light of the misalignment
observed between score- and set-based methods.

7 Discussion and Conclusion

We investigate uncertainty estimation for LLMs in
clinical QA. By jointly assessing calibration and
discrimination spanning diverse models and across
clinical specialties and question types, we address
key limitations of prior work. Our findings show
that model performance varies not only in accu-
racy but also in uncertainty quality, with substan-
tial differences across clinical contexts. Reasoning-
oriented LLMs often perform well, but no method
succeeds consistently across settings; evaluation
and deployment must be context-specific.

In conclusion, our work raises a crucial caution-
ary note for the deployment of LLMs in clinical
NLP, while also offering a constructive path for-
ward. Our analysis demonstrates that a model’s
ability to signal uncertainty is not a monolithic ca-
pability but one that varies significantly with the
clinical context. To support more nuanced evalu-
ation, we propose a lightweight and interpretable
UQ case study based on behavioral cues from rea-
soning traces, which approximates the performance
of more resource-intensive sampling-based meth-
ods. The primary lesson for NLP practitioners
is that for high-stakes domains, ‘one-size-fits-all’
evaluations are insufficient and potentially mislead-
ing. The true measure of an LLM’s reliability lies
in its performance on the specific tasks and in the
precise domains where it will be used. Future work
should involve clinicians in assessing questions
flagged as uncertain, to determine which signals
best indicate when additional human review is war-
ranted.

Limitations

In the following, we discuss some limitations of
our experimental setup.

Open-ended generation mapped to MCQA.
While we benchmark on multiple-choice question
answering for comparability and ground truth clar-
ity, our setup involves open-ended generation: mod-
els first produce free-form answers and reasoning
traces, which we then map to the multiple-choice
options for evaluation. We believe that fully open-
ended QA is crucial for clinical realism, but it
comes with significant challenges in defining gold
standards. We believe this focus is justified as a first

step: to the best of our knowledge, ours is the first
study to systematically evaluate UQ across model
types, medical specialties, and question types at
this scale. Nonetheless, future work should extend
this analysis to more open-ended clinical scenarios.

Automated prediction and annotation pipelines.
We rely on automated extraction of model predic-
tions and question-type annotations. Although our
heuristics and model-assisted annotations are vali-
dated against manual labels with high agreement,
some residual noise may persist, especially for am-
biguous questions or borderline categories (e.g.,
“Other”).

Behavioral features as exploratory proxies. We
use behavioral features as proxies for uncertainty in
an exploratory case study, as highlighted through-
out the main text (Section 5.2). Validation with
domain experts or clinicians is planned as an im-
portant next step to confirm their practical value.
While we show that behavioral features offer a
promising, interpretable alternative to multi-sample
methods like Semantic Entropy, our feature space is
deliberately simple and task-specific. Generalizing
these findings to other tasks, languages, or reason-
ing paradigms will require broader validation and
potentially more sophisticated feature design.

Sources of uncertainty. We do not investigate
in detail sources of uncertainty. We believe future
work should look into promising approaches in this
direction, such as Yang et al. (2025).

Post-hoc calibration. We do not apply post-hoc
calibration techniques such as temperature scal-
ing. Our focus is on comparing raw uncertainty
estimates without additional tuning. Applying tem-
perature scaling consistently is challenging in our
setup, as models differ in tokenization schemes
and output structure — e.g., in how they format an-
swers (direct label vs. more complex sentences), af-
fecting how likelihoods are computed and making
calibration non-trivial. We leave the integration of
model-specific calibration as an important direction
for future work. As for additional considerations
on the temperature setup and decoding details, see
Appendix C.

Uncertainty communication. We benchmark
uncertainty estimates (including confidence elic-
itation) but do not study how uncertainty should be
communicated to end users (Ulmer et al., 2025);
verbalized uncertainty is shaped by contextual and
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sociopragmatic factors and can be biased by align-
ment for helpfulness, raising additional challenges
for clinician-facing deployment.

Coverage for ChatGPT models. Our analysis
of OpenAl ChatGPT models (see Appendix G) is
limited to Semantic Entropy, which proved to be
the most robust UQ method. Future work should
evaluate other methods, such as Confidence Elic-
itation and Conformal Prediction, also for these
models.
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Appendix
A  Model Details and Licenses

The LLaMA  family of models and
LLaMA3-OpenBioLLM-70B are distributed un-
der the Meta Al community license agree-
ment. Mistral-7B-v0.2, Mixtral-8x7B-v@.1,
s1.1-32B are released under Apache license 2.0.
DeepSeek-R1-Distill-L1lama-7@B is distributed
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under MIT license. Bio-Medical-Llama-3-8B
is released under Bio-Medical-Llama-3-8B
LLM License (Non-Commercial Use Only).
All models are accessed through Hugging Face
(https://huggingface.co/). We run inference
on a cluster with 4 A100 GPUs and a batch size
of 8. We run small and medium models (3B-32B
parameters) on 2 GPUs and larger models on
4 GPUs. We use the vLLM library. Running
inference takes on average a couple of hours for
small models and 24 hours for larger models and
reasoning models, which produce longer model
responses. We used all datasets in accordance with
their licenses and consented use policies.

B Prompts

Model Responses In order to get the model re-
sponses to the input question, we employ the fol-
lowing prompt (example of an instantiation in
parenthesis):

Question: (A 59-year-old overweight woman
presents to the urgent care clinic with the com-
plaint of severe abdominal pain for the past 2
hours. She also complains of a dull pain in her
back with nausea and vomiting several times. Her
pain has no relation with food. Her past medi-
cal history is significant for recurrent abdominal
pain due to cholelithiasis. Her father died at the
age of 60 with some form of abdominal cancer.
Her temperature is 37°C (98.6°F), respirations are
15/min, pulse is 67/min, and blood pressure is
122/98 mm Hg. Physical exam is unremarkable.
However, a CT scan of the abdomen shows a cal-
cified mass near her gallbladder. Which of the
following diagnoses should be excluded first in
this patient?)

Provide a concise answer and start your response
with the letter of the selected option in square
brackets. Options:

(

[A] Acute cholecystitis
[B] Gallbladder cancer
[C] Choledocholithiasis
[D] Pancreatitis"

)

Your Answer:

For models that come with a recommended sys-
tem prompt, we use it as provided by the model
developers/authors.

Mapping Responses to the Corresponding Op-
tion We use the following prompt to map model
responses that do not follow the required format
(i.e., the letter of the selected option in square brack-
ets) to the corresponding answer choice. Before

running the annotation, we inspected a random
sample of 100 ill-formatted responses and found
no need to include an “other”/“invalid” class for
this task. Placeholders in curly brackets.

You will be given a multiple-choice question, four
answer options labeled A, B, C, and D, and a
free-form response.

Question: question
Options:

A. {option a}

B. {option b}

C. {option c}

D. {option d}
Response: {response}

Your task is to determine which of the four op-
tions the response refers to. Output only the cor-
responding letter in square brackets, like [X]. Do
not include any explanation or additional text.

Your annotation must be exactly one of the fol-
lowing: [A], [B], [C], or [D].

If the response includes a different letter, you must
still map it to one of the four valid options above,
based on the content of the response.

Keep in mind that the response may be poorly
formatted or contain irrelevant letters—focus only
on identifying the most likely intended option.

If multiple options seem plausible, choose the
one that is most strongly implied by the response
alone, without relying on external knowledge or
context.

Your annotation:

Question Type Annotation We used the follow-
ing prompt to assign each question to a specific
question type (placeholders in curly brackets):

You are a medical expert assistant. Your task
is to classify the type of each medical question
according to the following categories:

1. Diagnosis — Identifying a disease or condition.

2. Treatment — Interventions like medication,
surgery, or therapy.

3. Diagnostic Test — Lab tests, imaging, or diag-
nostic procedures.

4. Definition — Asking for an explanation of a
medical concept.

5. Procedure/Operation — Questions about medi-
cal or surgical procedures.

6. Other

Assign the most appropriate type based on the
question intent.

Classify the following question. Provide only
the corresponding label number (1-6) in square
brackets as your response.

Q:{}
Question type:
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Model Accuracy AUROC ECE Brier Score
Llama-3.1-8B-Instruct 0.583 0.806 0.048 0.176
Llama-3.1-70B-Instruct 0.784 0.873 0.040 0.104
Llama-3.2-3B-Instruct 0.422 0.868 0.101 0.153
Llama-3.3-70B-Instruct 0.774 0.858 0.036 0.112
Mistral-7B-Instruct-v0.2 0.474 0.665 0.078 0.293
Mixtral-8x7B-Instruct-v0.1 0.602 0.708 0.040 0.225
DeepSeek-R1-70B 0.767 0.898 0.119 0.113
s1.1-32B 0.837 0.852 0.081 0.090
Llama3-OpenBioLLM-70B 0.699 0.856 0.093 0.140
Bio-Medical-Llama-3-8B 0.666 0.781 0.030 0.169

Table 4: Evaluation results with 7' = 1 (uncertainty estimates extracted as Semantic Entropy).

C Decoding Details

For experiments requiring multiple samples, we
reviewed commonly suggested decoding configura-
tions for nucleus sampling to approximate how lan-
guage models are typically used in practice. Based
on this review, we set the top-p value to 0.9 and
the temperature to 0.6. As an exploratory analysis,
we also repeated our experiments using a higher
temperature of 1.0 (Table 4). We found that this
change had little effect on the overall ranking of
models in terms of accuracy or on the calibration
and discrimination performance of uncertainty es-
timates derived from Semantic Entropy. However,
for DeepSeek-R1-70B, we observed a decline in
both accuracy and calibration. This effect warrants
further investigation, which would require a held-
out validation set and a systematic analysis across
a broader range of temperature values. Such an
analysis might ultimately support model-specific
or even task-specific decoding configurations, vary-
ing across models, medical specialties, or question
types. In this work, however, we adhere to decod-
ing settings—temperature and top-p—that reflect
typical real-world usage, especially for users with
limited technical knowledge. As for annotating
question types and mapping the responses to the
corresponding option, we employ greedy decoding.

D Behavioral Features in Reasoning
Traces

In this section, we provide additional details on
the experiments using behavioral features for rea-
soning models (Section 5.2), including regression-
based results. In earlier stages of the project, we
also tested alternative approaches such as Ran-
dom Forests, a simple MLP, and sentence embed-
dings from SentenceTransformer, all of which
performed worse than the models reported here and
were therefore discarded. We further experimented

with subsets of the three behavioral features, but
observed consistent performance drops.

D.1 Additional details on the method

Given the features described in Section 5.2, the first
is a simple normalized sum of the three features,
referred to as the Linear Sum method. Let z1, x2,
and x3 denote the normalized values of the three
features, and compute the uncertainty estimate as
u = 21 + 2 + x3. The second approach treats the
three features as input to a supervised model: either
a Logistic Regression or a Calibration Regression
(the former models a sigmoid likelihood, the latter
fits a linear function with L2 regularization as Ridge
Regression). Calibration Regression is the method
discussed in Section 5.2, while here we provide
details on all methods. To train these models, we
use ground-truth correctness labels (1 for correct,
0 for incorrect) associated with each response. For-
mally, the model learns a function f : R? — [0, 1].
Although the regression models are trained to pre-
dict correctness, we hypothesize that their outputs
can serve as proxies for confidence. We define
uncertainty as their complement, v = 1 — f(x),
enabling direct comparison with other uncertainty
estimation methods. To ensure a fair comparison
and avoid overfitting, we train the regression mod-
els on 40% of the dataset while evaluating on the
remaining 60%, preserving the original distribution
of medical specialties. All responses are generated
via greedy decoding to enable direct comparison
with single-pass baselines such as G-NLL and aver-
age token probability. We assess the quality of the
behavioral uncertainty signals using AUROC, ECE,
and Brier Score. To further disentangle model be-
havior, we report results separately for common
and uncommon medical specialties. We include
results with Semantic Entropy for comparison, not-
ing that it relies on repeated sampling to estimate
uncertainty.
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Figure 5: Our proposed methods, based on behavioral features (shown in bold), offer strong performance across
AUROC, ECE, and Brier Score, approaching that of Semantic Entropy, which instead relies on multiple generations

via sampling.
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Figure 6: Comparison of UQ methods for DeepSeek-R1-70B and s1.1-32B for uncommon medical specialties.

The results, reported in Figure 5, reveal that
our lightweight behavioral feature-based meth-
ods—Linear Sum, Logistic Regression, and Cal-
ibration Regression— outperform other sentence-
level methods and closely match the performance
of Semantic Entropy, while requiring only a sin-
gle forward pass per input. This pattern holds
for both reasoning LLMs, DeepSeek-R1-70B and
s1.1-32B. Even the simple Linear Sum method
outperforms token-level baselines like G-NLL and
average token log-probability in most cases, par-
ticularly in discrimination (AUROC). Calibration
Regression performs consistently well, especially
in terms of calibration. In Section D.3, we pro-
vide further details on the regression model coeffi-
cients. Results on less-represented specialties are
reported in Figure 6. They confirm the effective-
ness of our approach for DeepSeek-R1-70B, while
showing limited improvement for s1.1-32B, high-
lighting the need for model-specific tuning or more
expressive behavioral features in lower-resource

settings. Our case study offers a starting point
for future work that should validate this approach
across a broader range of tasks, datasets, and mod-
els. We view our contribution as an initial step
toward establishing a more general framework for
behavioral uncertainty estimation that leverages the
output of recently released reasoning LLMs.

D.2 Example of Model Response

In the sample model response below, generated
by DeepSeek-R1-70B, we highlight in bold some
of the behavioural features examined in our work,
including self-verification questions and “wait” to-
kens (we highlight relevant sentences below).

Question: A 28-year-old male presents to the
emergency department with chest pain. He re-
ports that one hour ago he was climbing the stairs
in his home when he suddenly developed excruci-
ating chest pain. He describes the pain as ripping
and radiating to the back. The patient’s past med-
ical history is significant for a heart murmur that
is being followed by his outpatient cardiologist.
He takes no medications. The patient works as
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a carpenter and reports being monogamous with
his wife. He denies any history of intravenous
drug use or recent travel. In the emergency depart-
ment, the patient’s temperature is 99.4°F (37.4°C),
blood pressure is 94/56 mmHg, pulse is 121/min,
and respirations are 14/min. On physical exam,
the patient appears to be in moderate distress and
is clutching his chest. He is tall and has joint hy-
permobility. His breath sounds are equal and full
bilaterally and has weak distal pulses.

Which of the following is most likely to be found
in this patient?

[A] Late systolic crescendo murmur at the apex
with mid-systolic click

[B] Mid-diastolic murmur at the left lower sternal
border

[C] Systolic ejection murmur at the right second
intercostal space

[D] Holosystolic, high-pitched blowing murmur
at the lower left sternal border

Model Response:
[C]
<think>

Okay, so I'm trying to figure out this medical
question. Let me read through it again and break
it down step by step.

The patient is a 28-year-old male presenting with
chest pain. He was climbing stairs when he sud-
denly developed excruciating, ripping chest pain
that radiates to the back. [...]

Wait, but aortic regurgitation typically
presents with a diastolic murmur, not systolic.
So maybe I’m mixing things up. Alternatively,
if the patient has a bicuspid aortic valve, which
is common in Marfan, that could cause a systolic
ejection murmur. Also, in aortic dissection, the
murmur might not be present unless there’s asso-
ciated aortic regurgitation.

D. Holosystolic, high-pitched blowing murmur
at the lower left sternal border: This is typical
of mitral regurgitation. The holosystolic nature
suggests blood flowing back through the mitral
valve throughout systole. But again, the patient’s
presentation points more towards aortic issues.

Wait, but the patient’s chest pain and physical
exam suggest aortic dissection. So, what mur-
mur is associated with that? If the dissection
leads to aortic regurgitation, the murmur would
be a diastolic one, like an early diastolic murmur
best heard at the left sternal border. But none of
the options are diastolic.

Alternatively, if the patient has a bicuspid aortic
valve, which is a common congenital heart defect,
that could present with a systolic ejection murmur
at the right second intercostal space. Bicuspid
aortic valve is associated with an increased risk of
aortic dissection, especially in the context of Mar-
fan syndrome or other connective tissue disorders.

(]

Wait, but earlier I thought that aortic regurgi-
tation would present with a diastolic murmur.
So, if the dissection caused aortic regurgitation,
the murmur would be diastolic, but that’s not

Logistic Regr. Calibration Regr.

Feature DeepSeek sl.1 DeepSeek s1.1
tokens -0.6476  -1.4611 -0.0925  -0.1527
questions -0.1052  0.0755 -0.0196  -0.0181
waits -0.3456  0.3961 -0.0839  0.0708
bias 1.8559  1.9407 0.8269  0.8556

Table 5: Regression Coefficients.

Count

Figure 7: Frequency of question types.

one of the options. So perhaps the murmur is
from the underlying bicuspid valve, which is a
systolic ejection murmur.

Yes, that makes sense. The patient’s heart murmur
is likely from the bicuspid aortic valve, which is a
systolic ejection murmur heard at the right second
intercostal space. So the answer would be option
C. </think>

The patient’s presentation of sudden, severe, tear-
ing chest pain radiating to the back, along with
tall stature, joint hypermobility, and weak distal
pulses, strongly suggests aortic dissection. This
condition is often associated with underlying bi-
cuspid aortic valve, which typically presents with
a systolic ejection murmur at the right second
intercostal space.

[C] Systolic ejection murmur at the right second
intercostal space

D.3 Regression Coefficients

Table 5 reports the regression coefficients for the
methods based on behavioural features of reason-
ing models. For both models, a higher token count
is associated with lower accuracy and worse cal-
ibration, suggesting that verbosity reflects uncer-
tainty or confusion. This effect is more pronounced
in s1.1-32B, indicating it may overgenerate even
when less confident.

E Additional Details on Uncertainty
Quantification Methods

First, we chose not to include confidence elicitation
methods that directly prompt LLMs to report a con-
fidence score. While such approaches have been
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explored in prior work, their reliability remains
limited. In particular, Savage et al. (2025) report
poor performance and calibration when relying on
model-generated confidence scores.

Second, for methods based on log-probabilities
(logprobs), we carefully considered how to handle
outputs from models that include explicit reasoning
traces. A notable example is DeepSeek-R1-70B,
whose responses are structured with clearly delim-
ited reasoning segments, marked by special tokens
such as <think>. In these cases, a key decision
is whether to compute uncertainty scores over the
entire response (including the reasoning trace) or
only over the final answer portion. After empiri-
cal inspection and preliminary analyses, we found
that restricting the computation of logprobs to the
final answer (excluding the reasoning trace) pro-
duced more reliable and comparable uncertainty
estimates.

F Question Type Distribution

Figure 7 reports the frequency of the question types
analyzed in our experiments.

G GPT Results with Semantic Entropy

Tables 6, 7, and 8 report the performance of
three representative OpenAl models (GPT-4.1,
GPT-4.1-mini, and GPT-40-mini) using Seman-
tic Entropy to extract uncertainty estimates across
common and uncommon medical specialties.
These models show strong accuracy and calibration
(average ECE and Brier score) but surprisingly poor
discrimination (1-AURQOC), sometimes even below
smaller open-source models (see Figure 2). Impor-
tantly, we once again observe differences across
specialties, reinforcing our conclusions. We ob-
serve an effect of model size, but less pronounced
than expected. GPT-4.1 is generally more accu-
rate and better calibrated than GPT-4.1-mini, its
small counterpart. However, this does not hold
for all specialties: for instance, for questions in
the Clinical Laboratory Science domain, the un-
certainty estimates extracted from GPT-4.1-mini
are better calibrated. In line with the results in
Section 5, GPT models show consistently weak
performance in the Speech Language Pathology
specialty. Taken together, these results suggest that
the proprietary models evaluated achieve strong ac-
curacy and calibration, yet fall short in producing
uncertainty estimates with sufficient discriminative
power. Furthermore, the unavailability of log prob-

abilities and reasoning traces limits transparency
and constrains deeper analysis.

Specialty Accuracy T 1-AUROC |  Avg(ECE,Brier) |
Cardiology 0.8945 0.1005 0.0232
Gastroenterology 0.9007 0.2528 0.0223
Infectious diseases 0.8890 0.2430 0.0230
Neurology 0.8752 0.2466 0.0256
Obs. and gyn. 0.8986 0.2492 0.0401
Pediatrics 0.8986 0.1559 0.0290
Biomedical Eng. 0.8853 0.1946 0.0292
Clinical Lab. Science  0.9320 0.2931 0.0135
Clinical Psychology 0.9387 0.0453 0.0189
Occupational Therapy 0.8942 0.1176 0.0176
Speech-Lang. Path. 0.3123 0.5021 0.0159
Table 6: GPT-4.1 results.
Specialty Accuracy T 1-AUROC |  Avg(ECE,Brier) |
Cardiology 0.8593 0.2784 0.0434
Gastroenterology 0.8290 0.3944 0.0283
Infectious diseases 0.8310 0.2688 0.0358
Neurology 0.8276 0.2802 0.0361
Obs. and gyn. 0.8379 0.2885 0.0252
Pediatrics 0.8572 0.1477 0.0396
Biomedical Eng. 0.8706 0.2255 0.0256
Clinical Lab. Science  0.9153 0.1851 0.0184
Clinical Psychology 0.9377 0.1446 0.0145
Occupational Therapy 0.8974 0.2672 0.0199
Speech-Lang. Path. 0.3100 0.4567 0.0133

Table 7: GPT-4.1-mini results.

Specialty Accuracy T 1-AUROC |  Avg(ECE,Brier) |
Cardiology 0.7800 0.2923 0.0477
Gastroenterology 0.7552 0.2840 0.0406
Infectious diseases 0.7352 0.2900 0.0537
Neurology 0.7131 0.3006 0.0612
Obs. and gyn. 0.7324 0.3463 0.0448
Pediatrics 0.7807 0.1904 0.0465
Biomedical Eng. 0.8531 0.2442 0.0251
Clinical Lab. Science  0.8680 0.2147 0.0279
Clinical Psychology 0.9151 0.1071 0.0246
Occupational Therapy 0.8852 0.2529 0.0265
Speech-Lang. Path. 0.3085 0.4826 0.0223

Table 8: GPT-40-mini results.

H Conformal Prediction for
Multiple-Choice QA

H.1 Method

We adopt a conformal prediction framework for
multiple-choice question answering (MCQA), fol-
lowing the methodology proposed by Ke et al.
(2025) and summarized below.

Step 1: Calibration

1A. Sample Generations. For each calibration
question with known correct answer, sample
M model outputs and extract the selected an-
swer option.
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Example:

Question: Which organ produces insulin?
Correct answer: B

Sampled answers (M=20): B, B, C, B, A, B,
B,B,B,C,B,B,B,B,B,B,B,B,B,B
Empirical frequencies: A: 1,B: 17, C: 2, D:
0

= ﬁcorrect =
0.15

17 _ _ —
50 = 0.85,50 5 =1-0.85 =

1B. Compute Non-conformity Scores. Repeat
the above process for all calibration questions
to compute a set of scores 51, 53, ..., SN.

1C. Estimate the Threshold. Sort the S values
and set ¢ as the (1 — «) quantile.

Example:

Calibration scores: [0.05, 0.10, 0.15, 0.20, ...,
0.85]

For oo = 0.1, 90th percentile = ¢ = 0.65

In our setup, we extract 320 questions per specialty
from the S-MedQA validation set to serve as cali-
bration set.

Step 2: Prediction

2A. Sample Generations. For a test-time ques-
tion, sample M model outputs and extract the
selected options.

Example:

Question: What is the most common cause
of X?

Sampled answers (M=20): B, B, B, C, B, B,
B,A,B,B,B,B,B,B,B,B,B,B,B,B
Frequencies: A: 1,B: 18,C: 1,D: 0

2B. Compute Option-wise Scores. For each op-
tion o, compute:

Scores: S(A) =0.95, S(B) =0.10, S(C) = 0.95,
S(D) = 1.00

2C. Construct Prediction Set. Include all options
o such that S(0) < q.

Example: With § = 0.65:
Prediction set = {B}

Options A, C, and D are excluded as their
non-conformity scores exceed the threshold.

H.2 Full Results

In Tables 9, 10, 11, we report the full conformal
prediction results on the test set for the three rep-
resentative 70B models, broken down by medical
specialty and question type. Each table reports four
metrics: Empirical Coverage: The proportion of
test instances where the correct answer is included
in the prediction set, averaged over questions in
the group. This is expected to be close to the tar-
get coverage (e.g., 90%); Average Set Size: The
average number of answer options included in the
prediction set. Lower values indicate more infor-
mative predictions; Majority Voting Accuracy:
The accuracy of the most frequently selected an-
swer across M sampled generations (i.e., argmax
over vote counts). This serves as a reference for
model performance under deterministic decoding;
Hit Rate: The proportion of test instances where
at least one of the M sampled generations matches
the correct answer. This serves as a sort of upper-
bound for empirical coverage.

These metrics are reported separately for each
medical specialty and question type to highlight
performance heterogeneity across clinical subdo-
mains and reasoning tasks.
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Group Empirical Coverage Avg Set Size Maj. Voting Accuracy Hit Rate

Overall 85.50% 1.08 82.72% 95.39%
Cardiology 83.40% 1.06 80.69% 95.17%
Gastroenterology 83.40% 1.11 82.76% 91.72%
Infectious Diseases 83.30% 1.08 78.47% 95.83%
Neurology 85.40% 1.10 80.56% 95.14%
Obstetrics/Gynecology 89.70% 1.10 86.90% 95.17%
Pediatrics 87.60% 1.04 86.90% 99.31%
Definition 80.00% 1.00 80.00% 100.00%
Diagnosis 85.16% 1.09 82.32% 96.14%
Diagnostic Test 86.79% 1.06 83.02% 92.45%
Other 82.61% 1.07 76.09% 97.83%
Treatment 86.77% 1.09 84.83% 93.77%

Table 9: Conformal prediction results for LLaMA-3.1-7@0B-instruct. Target coverage: 90% (¢ = 0.650).

Group Empirical Coverage Avg Set Size Maj. Voting Accuracy Hit Rate
Overall 93.79% 1.18 89.65% 98.28%
Cardiology 94.48% 1.21 91.03% 97.93%
Gastroenterology 91.03% 1.14 86.90% 96.55%
Infectious Diseases 92.41% 1.16 88.97% 99.31%
Neurology 95.17% 1.21 91.03% 98.62%
Obstetrics/Gynecology 93.10% 1.16 88.28% 99.31%
Pediatrics 96.55% 1.21 91.72% 97.93%
Definition 93.33% 1.13 86.67% 100.00%
Diagnosis 95.34% 1.19 90.87% 98.38%
Diagnostic Test 90.57% 1.09 86.79% 98.11%
Other 91.30% 1.24 89.13% 100.00%
Treatment 92.25% 1.17 88.37% 97.67%

Table 10: Conformal prediction results for DeepSeek-R1-70B. Target coverage: 90% (¢ = 0.750).

Group Empirical Coverage Avg Set Size Maj. Voting Accuracy Hit Rate
Overall 90.12% 1.40 79.89% 96.21%
Cardiology 92.41% 1.43 82.07% 97.24%
Gastroenterology 88.97% 1.38 77.24% 96.55%
Infectious Diseases 86.21% 1.40 75.17% 92.41%
Neurology 91.03% 1.43 79.31% 95.86%
Obstetrics/Gynecology 89.66% 1.32 83.45% 97.24%
Pediatrics 92.41% 1.42 82.07% 97.93%
Definition 86.67% 1.27 80.00% 100.00%
Diagnosis 89.66% 1.44 77.28% 96.55%
Diagnostic Test 94.34% 1.34 84.91% 98.11%
Other 86.96% 1.37 82.61% 93.48%
Treatment 91.09% 1.34 83.33% 95.74%

Table 11: Conformal prediction results for L1ama3-OpenBioLLM-7@B. Target coverage: 90% (¢ = 0.800).
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