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Abstract

Large language models (LLMs) show promise in medical question an-
swering (QA) but often produce overconfident and incorrect responses
due to a lack of calibrated uncertainty estimation. In this work, we ex-
plore confidence-aware methods (CAM) to improve LLM performance
in multi-turn medical QA (Li et al., 2024c). We propose four techniques
for eliciting confidence—three prompting-based and one log-probability-
based—and integrate them into a medical QA framework. Experiments
across four open-source LLMs from different families and sizes show that
log-probability-based methods tend to outperform prompting-based ap-
proaches and existing baselines. Additionally, we find that LLMs frequently
exhibit high confidence when prompted, even for incorrect answers, high-
lighting persistent miscalibration. These findings demonstrate that using
output probabilities to elicit model confidence in a calibrated manner can

significantly enhance their trustworthiness in medical QA."

1 Introduction

User/Patient Input

Initial Context: "A 67-year-old woman is brought to the emergency room after complaining of back pain with a gradual loss of sensation in her lower extremities”
Question: "Which of the following is the most iate next step in (2"
Answer Choices:
A:Biopsy B:Chemotherapy  C: Radiation therapy D: Surgical decompression

i i /~ Model/Expert Output Model/Expert Output (Ours)
Has the patient experienced any i . M
recent trauma or injury that may (MediQ, 2024) ReflectionExpert
have contributed to the Answer: abstain
development of her symptoms? BasicExpert Confidence: ¢ = 0.6 ( < 0.8 threshold)

Answer: “D”: “Surgical decompression” M

There is no information in the context {é} HistoryAwareExpert
paragraph indicating that the patient {O,

NumericalCutOffExpert Answer: abstain
has experienced any recent trauma Answer: “D”: “Surgical decompression” X Confidence: ¢ = .45 (< 0.8 threshold)
or injury. Confidence: 0.8/1, >= 0.8 threshold H
ReflectionHistoryAwareExpert '
ScaleExpert Answer: abstain '
Answer: “D”: “Surgical decompression” Y Confidence: ¢ = 0.25 (< 0.8 threshold) !
- e Confidence: 4/5 (Somewhat Confident, >= 4 o :
Q 4 ———— threshold. OrderExpert
D52 Yy L 3 ) Answer: abstain h
e R N Confidence: ¢ = 0.5 (< 0.8 threshold) )’

Figure 1: Example from MediQ dataset in which BasicExpert, ScaleExpert,
and NumericalCutOffExpert all confidently answer a question incorrectly, while
ReflectionExpert, HistoryAwareExpert, ReflectionHistoryAwareExpert, and OrderExpert
appropriately abstain from answering.

Large Language Models (LLMs) are increasingly used for medical question answering
(QA)—users include patients seeking medical advice and medical providers seeking to
make diagnoses, recommend treatments, and plan patient care (Meng et al., 2024; Presiado
et al., 2024; Spotnitz et al., 2024; Kim et al., 2025). Such QA tasks typically require multi-
turn interactions in practice, as answers must only be generated if (1) there is sufficient
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information available and (2) confidence is high enough for a proposed answer Bornstein &
Emler (2001); Masic (2022); Trimble & Hamilton (2016). When these conditions are not met,
a language model should abstain from answering and instead pose a follow-up question to
get closer to criterion (1). To meet criterion (2), models should have relatively low confidence
in any proposed answer if they have insufficient patient information, as reliable confidence
signals are necessary for clinical decision-making Kell et al. (2024).

A major challenge is that current LLMs are often overconfident (Qin et al., 2024; Zhou
et al., 2024) and trained to respond to nearly any query, regardless of uncertainty (Leng
et al., 2024). Most medical QA systems also fail to communicate model confidence Kell
et al. (2024), risking misleading recommendations when crucial information is missing.
While confidence-based abstention has shown promise in interactive medical settings (Li
et al., 2024c), existing approaches do not leverage models” internal confidence to guide
abstention. Moreover, recent work on uncertainty has focused on user perception or post-hoc
calibration (Xu et al., 2025) rather than integrating confidence into model decision-making.
This leaves a critical gap: current medical QA systems lack mechanisms to self-assess and
signal uncertainty Kell et al. (2024).

Our work addresses this gap by introducing and empirically evaluating the promise of
medical QA with confidence-aware methods (Med-CAM) with LLMs. Focusing on realistic,
interactive medical QA, where user queries may be incomplete, we use the iMEDQA
component of the MediQ dataset (Li et al., 2024c). As shown in Figure 1, iMEDQA models the
situation faced in many real-world medical encounters—it benchmarks iterative interactions
with simulated patients that reveal important details only upon further questioning. We
therefore measure model confidence throughout the process with increasing context and
integrate this metric to model decisions on abstention not only at each turn but also at the
end of an interaction.

To comprehensively evaluate confidence-aware medical QA, we introduce novel adaptations
of four confidence-aware methods that span both prompting-based and log-probability-
based strategies for confidence measurement. Inspired by previous works on prompting-
based strategies for reasoning (Yao et al., 2023), self-refinement (Madaan et al., 2023), and
confidence elicitation (Xiong et al., 2023; Tian et al., 2023), we propose novel adaptations
using self-reflection of alternate answers (REFLECTIONEXPERT), a model’s own history
of confidence (HISTORYAWAREEXPERT), and both (REFLECTIONHISTORYAWAREEXPERT).
While prompting is required for black-box models, a model’s internal state should align
with its outputs and reflect the current context rather than pretraining biases (Zhao et al.,
2021). To this end, we propose a log-probability-based confidence measure that captures
patient context-induced confidence shifts (ORDEREXPERT).

We evaluate our proposed methods against three baselines from Li et al. (2024c) using four
open-source LLMs of varying families and sizes. ORDEREXPERT, our log-probability-based
method, outperforms prompt-based approaches by up to 27.84 accuracy percentage points
on three of four models after filtering first-turn abstentions. REFLECTIONHISTORYAWA-
REEXPERT, our prompt-based method, performs best when filtering final-turn abstentions.
Further analysis reveals that models are more accurate and confident when answering
diagnostic questions than those about causality or treatment steps, and they are sensitive
to how open-ended the initial query is. By exploring methods to improve LLM confidence
calibration for response abstention, our study outlines a path towards safer triage, telehealth,
and clinical decision support tools. The same calibration primitives can be grafted onto

larger proprietary models, helping vendors satisfy Al regulatory requirements.”

2 Related Work

Our work aims to bridge two well-established areas of research: medical QA and factuality
and confidence in general QA. This section reviews the most relevant prior work in each.

“https://artificialintelligenceact.eu/
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2.1 Medical QA

Overall, work in medical question-answering has evolved from creating simple text-based
retrieval methods to developing conversational and interactive Al agents, often based on
LLMs. Some popular state-of-the-art LLMs fine-tuned to answer medical questions include
Med-PalLM Singhal et al. (2023a), BioMedLM 2.7B Bolton et al. (2024), MedPaLM 2 Singhal
et al. (2023b), MedAlpaca Han et al. (2025), and ChatDoctor Li et al. (2023). Along with
models, researchers have produced various benchmark datasets for medical QA, including
MultiMedQA Singhal et al. (2023a), PMC-VQA Zhang et al. (2024), and Medical Meadow
Han et al. (2025). While these datasets mostly follow medical exam question formats in
which all information is presented upfront in a single-turn format, MediQ Li et al. (2024c)
breaks new ground by creating and demonstrating the importance of a multi-turn medical
QA benchmark that simulates real-world doctor-patient interactions more closely.

Various innovative methods have also been used to optimize LLMs for medical QA at
multiple stages, from pre-training to fine-tuning to inference-time retrieval and agentic
collaboration. For example, Yasunaga et al. (2022) introduce DRAGON, a self-supervised
approach to the pre-training of the joint language knowledge model that could be applied
to medicine. Other approaches include instruction prompt tuning Singhal et al. (2023a),
medical domain knowledge fine-tuning with ensemble refinement Singhal et al. (2023b), self-
directed real-time info retrieval Li et al. (2023), and an LLM-collaboration approach called
MDAgents Kim et al. (2024). However, these previous works focus only on answer factuality
and lack assessment and integration of model confidence. This confidence assessment is
important because it can better inform how an LLM proceeds in multi-turn interactions.

2.2 Factuality & Confidence in QA

Outside of the medical domain, several works have addressed trustworthiness through
factuality and confidence benchmarking. Zhou et al. (2024) highlight that LLMs often avoid
expressing uncertainty, even when producing incorrect outputs. To improve factuality,
prior methods include clustering semantically equivalent answers by repeated sampling Li
et al. (2024b), fact-checking answers against authoritative sources Lopez-Martinez (2024),
prompting models to justify and integrate candidate answers Li et al. (2024a), reweighting
answers based on explanation support and logical consistency Becker & Soatto (2024), using
verification questions derived from explanations to assess answer consistency Wu et al.
(2024), and benchmarking model confidence with a calibration prompt that replaces input
context with a null phrase Zhao et al. (2021). When none of the above methods work to
improve answer factuality, works such as Feng et al. (2024) propose having an LLM abstain
from answering altogether to avoid false answers. However, there still lacks extensive
integration and experimentation of above factuality, confidence estimation, and abstention
decision methods in the medical context.

3 Methodology

3.1 Task Description

We frame our study in the context of interactive medical question answering (iMEDQA, as
developed by Li et al. (2024c)), a variant of the MediQ benchmark in which an LLM plays
the roles of (1) a PATIENT who has access to their own records but reveals only their initial
question and context at first and (2) an EXPERT clinician who interacts with the simulated
patient, potentially asking follow-up questions to elicit further patient records, to answer
the patient’s initial question. At the start of every case, the PATIENT only gives the EXPERT
minimal patient demographics and consequential case information. The EXPERT must then
decide, at each turn, whether to (i) ask the PATIENT for additional information, (ii) commit to
one of four multiple choice answers, or (iii) abstain when evidence is insufficient based on a
confidence score. Whenever the EXPERT answers with the best-choice label, it is additionally
required to output a free-text rationale. Since each follow-up question reveals new clinical
facts, the setting allows us to evaluate both the factual accuracy and the model’s ability
to track and calibrate its own uncertainty over time. Our goal is to design well-calibrated
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confidence estimation strategies that can guide a model in deciding when to abstain from
responding in high-stakes clinical decision-making scenarios.

3.2 Proposed Methods

We implement three baseline methods from Li et al. (2024c) (one basic baseline, two reported
as higher-performing) and four novel methods. For each method, we describe the prompt,
the process of calculating a confidence score T € [0, 1], and the rule to determine whether
the model would abstain from answering the question. Prompt examples for novel methods
are in Appendix B.

Basic Baseline: BASICEXPERT. As implemented by Li et al. (2024c), the model is asked to
either generate a follow-up question or produce an answer. For our study, we consider this
the baseline approach where no abstention policy is applied post-hoc.

High-Performing Baseline: SCALEEXPERT. As implemented by Li et al. (2024c), the model
is additionally given definitions of confidence levels on a 5-point Likert scale and is asked
to express its confidence by selecting a rating R on the scale (1 is lowest, 5 is highest). T is

then calculated as %, and we abstain if T < 0.8.

Continuous Numerical Confidence Baseline: NUMERICALCUTOFFEXPERT. As imple-
mented by Li et al. (2024c), the model prompt additionally includes an instruction to
generate a numerical confidence score between 0 and 1 following the methodology of Tian
et al. (2023), and 7 is set to that score. We again consider T < 0.8 to be an abstention.

Novel Method, Prompt-Based: REFLECTIONEXPERT. For our first novel method, we
adapt self-reflection in QA from Madaan et al. (2023), with our novelty lying in adapting
this method to produce a calibrated confidence score at the end of each interaction turn. The
method forces the EXPERT to produce an initial answer and then adopt a second opinion
stance that actively searches for evidence and alternative diagnoses. The final step asks the
model to reconcile its thought process and emit a calibrated confidence score to determine
whether it should abstain. Multiple reasoning passes encourage deeper analysis and force
the model to update confidence scores and subsequent answer choices based on considering
alternative evidence and critiquing its earlier responses. Consistent with the baselines, we
fix T < 0.8 as an abstention.

Novel Method, Prompt-Based: HISTORYAWAREEXPERT. While REFLECTIONEXPERT
focuses on horizontal breadth, HISTORYAWAREEXPERT adds a temporal dimension such
that at every turn the model recaps how its confidence has evolved, identifies which patient
facts drove large swings, and justifies any remaining uncertainty. By having the expert
explicitly consider its own meta-reasoning and confidence history, the EXPERT can down-
weight stale or spurious early estimates of confidence. This method is conceptually similar
to methods introduced by Li et al. (2025) and Wang et al. (2024), as it leverages the evolving
confidence signal across turns. Uniquely, our method also requires the model to explicitly
verbalize the causes of its confidence shifts within each turn, enabling temporally aware
self-recalibration.

Novel Method, Prompt-Based: REFLECTIONHISTORYAWAREEXPERT. This method com-
bines reflection-based reasoning with historical awareness. We prompt the model perform
multi-step reflection to analyze evidence and alternatives for a given patient scenario and
contextualize that analysis within its longitudinal historical confidence trajectory to recal-
ibrate its assessment. Finally, a unifying reasoning pass makes decisions based on both
reflection and historical performance to produce a “calibrated” 7, for which T < 0.8 is an
abstention.

Novel Method, Logprob-Based: ORDEREXPERT. This method builds on the idea from
Zhao et al. (2021) that a high classification probability is not meaningful if a model gives the
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same probability on an input with a nonsensical or null context. An analysis of the confusion
matrices for BASICEXPERT on the Llama models, shown in Figure 4, also shows that there
may be some bias toward predicting choice “A” even when the true distribution does not
lean toward choice “A.” This motivates a calibration method to adjust for such ordinal
choice bias. While Zhao et al. (2021) create a calibration method for binary classification,
we adapt their method to compare probabilities of entire generated token sequences given
substantive vs. null input context. In particular, given question Q and substantive patient
context C, we use the same prompt template as BASICEXPERT to verbalize Q and C into an
input prompt Py. Then, we create a second prompt P; that is identical to Py, except that C
is replaced by the string “N/A.” We obtain LLM outputs [t1, ...t ] from Py and [sq, ..., Sy, |
from P;, where each t; and s; is an output token. Let L(¢;) be the log probability of generated
token t;, and let m = min(ng, n1). We then compute an unnormalized confidence score
Lizq exp(L(t) — L(si))

r= - , M)

which represents the average scalar ratio r between probabilities of output tokens in the
substantive answer vs. the calibration answer. A ratio r of 1 means that the model is equally
confident about the actual answer versus the answer without input context. Hence, we
empirically seek a minimum threshold rg > 1 for each model and make the decision to
abstain if < r( for a given entry. We use the methodology in Li et al. (2024c) to force an
intermediate answer in any case so that we can measure hypothetical performance given
any ro. We also compute and report a normalized score

.
= . 2
‘ 1+7r 2)

T is always in the range [0, 1) when L(¢;) values are log probabilities, and as with r, a higher
value of T corresponds to higher confidence. Our abstention rule is dynamically adjusted
for each model based on its dev set performance: we set T to be the value that produces the
maximum dev set accuracy, within the constraints that at least three questions are answered.
For certain deeper analyses, we adjust T to secondary or tertiary peaks if we require a larger
coverage quantity for analysis.

4 Experiments

4.1 Datasets

We use the MediQ dataset Li et al. (2024c), built on MED-QA Jin et al. (2020), with 10,178
training and 1,272 development samples. To better mimic clinical workflows, we use
its interactive variant, IMEDQA, where the EXPERT initially receives only partial patient
information (age, gender, chief concern). Additional details (e.g., symptoms, history, exam
findings) are hidden unless explicitly requested from the PATIENT.

4.2 Models

We experiment with four open-source models that allow us to (a) access model internals for
calibration and (b) assess both model size and model family. In particular, we experiment on
Meta’s Llama-3.2-3B-Instruct’ and Llama-3.1-8B-Instruct-Turbo,” as well as Alibaba’s
Qwen-2. 5-3B-Instruct” and Qwen-2. 5-7B-Instruct-Turbo.”

4.3 Experimental Setup

We fix INSTRUCTPATIENT by Li et al. (2024c) as the PATIENT—a prompt template that asks a
patient to truthfully respond to the doctor’s questions using only the context given in the

=‘https://huggingface.co/meta—llama/Llama—3.2—3B—Instruc’c
*https://www.together.ai/models/llama—3—1
“https://huggingface.co/Qwen/Qwen2.5-3B-Instruct
“https://www. together.ai/models/qwen2-5-7b-instruct-turbo
“The Turbo models are quantized to FP8 via Together Al
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patient record. We use INSTRUCTPATIENT because we find that it has the highest accuracy
of all PATIENTs from Li et al. (2024c), based on a preliminary analysis on LLAMA-3.1-8B-
INSTRUCT. Thus, our experiments only vary LLMs and EXPERT prompting methods.

Baseline. We aim to quantify how confidence calibration affects performance on iMEDQA.
We track whether instructing a model to show its uncertainty leads to more cautious and
accurate answers, and whether an abstention feature can prevent overconfident mistakes.
We therefore compare our proposed methods with the baselines described in §3.2. We also
note that the previous best performance was achieved by GPT-4 as reported in Li et al.
(2024c). When given all patient details upfront, GPT-3.5 and GPT-4 reach about 55.8% and
80% accuracy, respectively. If the model does not see patient information, performance drops
substantially (GPT-3.5 to 36.7%, GPT-4 to 42.2%). These scenarios provide key reference
points for gauging how interactive or confidence-based methods compare.

Metrics. Our primary set of metrics for the multi-class classification task of MediQ is the
abstention-excluded performance of each model and EXPERT. Given the entire iMEDQA
dataset D, we compute the abstention-excluded dataset D4 s £ as the entries for which
model M, following the decision rule from EXPERT E, is sufficiently confident to answer the
question rather than abstaining. We report accuracy on Dy p;g. The motivation for these
metrics is that in the real world, we would implement a decision rule for a model to abstain
from answering a question if it is not sufficiently confident—thus, the performance on
D 4 m £ better reflects how a system would perform in real-world use cases than performance
on D, which would include questions that the model would not answer when deployed.

We work with two variants of Dg pp: Daago and Dy pg—1- For all prompt-based
methods, we compute performance on Dy a1 g —1, Which is the subset of D that would have
been answered after the last turn of the multi-turn PATIENT-EXPERT interaction, with the
number of turns capped at 10 follow-up questions, following Li et al. (2024c). This multi-turn
analysis aligns with that of Li et al. (2024c), extending their assessment of abstention as a
tool to trigger further information seeking from the EXPERT. In contrast, for ORDEREXPERT,
we only implement one conversational turn, thus computing performance on Dy a1 E o,
the subset of D that would have been answered after the first turn of the interaction. We
consider Dy pp g0 because we also aim to assess abstention as a tool to indicate a need
for human intervention in its own right, not necessarily as a tool for an LLM to continue
asking questions and potentially compound errors in simulated questions and responses
throughout further interaction turns. This analysis is useful for end-users with resource
constraints—especially since ORDEREXPERT requires two model generations per entry
and requires extra vector computations to obtain 7, an end-user has a substantial chance
of simply using the system once to see if their question is easily answerable and then
conducting their own further research if not. For comparison with ORDEREXPERT, we also
report the performance on D 4 1 g o for the method with the best performance on Dg p g —1.

In addition to the abstention-excluded performance, we also report accuracy on all of D,
with answers forced out of each entry regardless of abstention decision as used in Li et al.
(2024c). We present these metrics alongside abstention-excluded performance to assess
the quality of each type of confidence calibration—higher abstention-excluded vs. overall
performance indicates a method that does well in reflecting lack of knowledge through lack
of confidence, and the converse is true if abstention-excluded performance is lower.

Calibration Metrics. To quantify how faithfully an EXPERT’s confidence scores reflect
its true correctness likelihood, we report the Expected Calibration Error (ECE). We divide
predictions into 10 equal-width confidence bins, compute the absolute gap between average
confidence and empirical accuracy within each bin, and weight each gap by the bin’s
relative frequency. The resulting scalar ranges from 0 (perfect calibration) to 1 (maximal
mis-calibration). Lower values indicate that the model’s probabilities are more reliable for
downstream decisions such as abstaining to answer. Intuitively, ECE measures how far
predicted probabilities deviate from the observed success rates.
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5 Results

We present the performance of our CAM on iMEDQA. We show abstention-excluded
performance on the last interaction turn for prompt-based methods (D4 a1 g,—1) and on the
first interaction turn (D 4 a1 g0) for the best prompt-based method alongside ORDEREXPERT.
We also analyze our results by various semantic and syntactic features of input questions.
While we present overall results on all models, we focus our in-depth analysis on the
best-performing model, L1ama-3.1-8B-Instruct-Turbo.

5.1 Overall Results

Expert Llama-3B Llama-8B Qwen-3B Qwen-7B
Pre Post Pre Post Pre Post Pre Post

Basic 3742 - 40.33 - 3781 - 4418 -
NumericalCutOff 41.77%  44.72* 50.63* 53.85*| 39.15 44.3 43.63 46.74
Scale 43.19* 43.91*| 47.01* 54.07 40.98* 43.62 43.72  46.66
Reflection 41.32*  46.4* 50.08* 56.1* 38.97 41.03 4416 46.88
HistoryAware 41.42* 474 49.92* 51.62 39.51 40.67 44.09 47.71
ReflectionHistoryAware | 41.03* 49.44 50.55*  64.29 40.98* 42.43*| 4299 43.49

Table 1: Summary of last-turn accuracy on EXPERT methods on all models. The Pre column
indicates the accuracy on the entire dataset D, while the Post column indicates the accuracy
on D apg,—1- Our fixed rule for computing D 4 a1 g,—1 is to abstain if T < 0.8. Bolded entries
are the highest accuracies in each column. Starred items pass McNemar’s test with p < 0.05.

Expert Llama-3B Llama-8B Qwen-3B Qwen-7B
Pre Post Pre Post Pre Post Pre Post
ReflectionHistoryAware

41.46% 60.87‘ 50.16* 62.16‘ 40.98* 45.53‘ 4299 51.35

Order 44.58* 66.67 | 47.48* 90 40.02* 5294 | 43.32 50.0

Table 2: Summary of first-turn accuracy on REFLECTIONHISTORYAWAREEXPERT and Order
expert systems on all four models. The Pre column indicates the accuracy on the entire
dataset D, while the Post column indicates the accuracy on D 4 p1 g,0- The T cutoff is fixed
at 0.8 for REFLECTIONHISTORYAWAREEXPERT. For ORDEREXPERT, the T cutoff for each
model is the cutoff that produces the best accuracy while still maintaining > 3 samples.
Namely, the cutoffs are 0.84 for L1ama-3B, 0.85 for L1ama-8B, 0.4 for Qwen-3B, and 0.82 for
Qwen-7B. Starred items pass McNemar’s test with p < 0.05.

Liama3-1-8B-Instruct-Turbo Liama3-2-3B-Instruct Qwen2.5-3B-Instruct Qwen2.5-7B-Instruct-Turbo
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Figure 2: Bars show how well each expert is calibrated in terms of Expected Calibration
Error (ECE).

Tables 1 and 2 contrast the performance of seven EXPERTs across models on the dev split of
iMEDQA. Figure 2 shows the aggregate ECE across confidence-expressing EXPERTS.

Excepting Qwen-2.5-7B-Instruct-Turbo, all pre-abstention non-BASIC methods outper-
form BASICEXPERT, suggesting that some form of confidence elicitation is useful. The
best-performing prompt-based method on the Llama family on D4 p; g —; is REFLECTION-
HiSTORYAWAREEXPERT (with up to 64.29% accuracy), indicating that confidence elicitation
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Figure 3: Impact of confidence threshold (7) on expert performance for Llama
3.1-8B-Instruct-Turbo. Left: Post-abstention accuracy rises modestly for most experts
as T increases, except ORDEREXPERT and REFLECTIONEXPERT, which show sharp gains
once T =~ 0.75. Right: Coverage drops monotonically with higher 7; REFLECTIONHISTO-
RYAWAREEXPERT sacrifices coverage earliest.

Category | Acc. (%) Within ~ Acc. Outside  Conf. Within Conf. Outside
Causal 25 64.52 0.8316 0.8255
Diagnosis 62.5 54.84 0.8218 0.8280
Next Steps 50 56.76 0.8177 0.8273
Which of the Following | 66.67 22.22 0.8289 0.8197

Table 3: Confidence and accuracy by semantic and syntactic question categories for ORDER-
EXPERT on Llama-3.1-8B-Instruct-Turbo, T > 0.8.

based on considering interaction history and reflecting on responses is more helpful than
simply asking the model to assess its confidence based only on one pass of information from
one turn. In the Qwen family, we see stronger performance from SCALEEXPERT, and RE-
FLECTIONEXPERT, and HISTORYAWAREEXPERT than REFLECTIONHISTORYAWAREEXPERT,
suggesting that for Qwen, all of these forms of confidence elicitation may be helpful in their
own right but may not work well together. Within these three high-performing methods on
the Qwen models, we see that SCALEEXPERT tends to have the lowest ECE, which may
mean that its confidence estimate is most reflective of the final performance.

Examining first-turn post-abstention performance, ORDEREXPERT outperforms REFLEC-
TIONHISTORYAWAREEXPERT by a large margin once thresholding is applied on three of
four models, achieving an accuracy of 90% on Llama-3.1-8B-Instruct-Turbo on D aE -
However, Qwen-2.5-7B-Instruct-Turbo shows slightly higher post-abstention accuracy on
REFLECTIONHISTORYAWARE, though both methods still see performance improvements of
6+ percentage points on D a0 Vs. D.

Examining confidence more closely through Figure 2, we see that ORDEREXPERT has the
lowest ECE on three of four models and the second lowest on the fourth model, suggesting
that it is overall the best reflection of model performance compared to prompting-based
methods. The ECE of the prompting-based methods seems to be highly family- and size-
dependent, as results are mixed across the four models. Thus, another strength of ORDER-
EXPERT is that it seems to not only have the overall lowest ECE but also have the most
robust ECE with respect to different models.

5.2 Analysis of confidence threshold, accuracy and coverage

Figure 3 shows how post—abstention accuracy (left panel) and coverage (right panel) vary
as we raise the confidence threshold 7 for experiments with L1ama-3.1-8B-Instruct-Turbo.
Across EXPERTs, we see a safety—utility trade-off. Higher thresholds filter out
low—confidence answers, reducing coverage (number of questions answered), but usu-
ally also improving accuracy. BASICEXPERT, which never abstains, provides a useful lower
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bound with a flat curve that shows constant accuracy at 100% coverage. REFLECTIONHIS-
TORYAWAREEXPERT abstains the earliest with coverage falling below 50% once T > 0.3, yet
the corresponding accuracy plateau remains below 55%, indicating a limited benefit from
aggressive refusal when the confidence signal is weak.

Two experts stand out. ORDEREXPERT’s accuracy improves sharply at T ~ 0.75, climbing
from ~ 50% to > 90% while still answering 20% of questions. REFLECTIONEXPERT shows a
similar but less pronounced jump, reaching 78% accuracy at comparable coverage. These
steeper curves suggest the calibrated probability ratio used by ORDEREXPERT, and to a
lesser extent the deliberative reasoning in REFLECTIONEXPERT, produce reliable uncertainty
estimates in the high-confidence regime.

When taken together, the curves confirm that (i) confidence-based abstention can materially
improve performance only when the expert’s scores are themselves well calibrated and
(ii) ORDEREXPERT provides the most favorable Pareto frontier on this model in terms of
accuracy and coverage.

We include plots of confidence threshold, accuracy, and coverage over the remaining
models—-Llama-3.2-3B-Instruct and the two Qwen models—in Appendix C, where we
similarly see ORDEREXPERT showing better tradeoffs between accuracy and coverage.

5.3 Analysis of ORDEREXPERT

We further conduct an in-depth examination of ORDEREXPERT at its tertiary peak of T > 0.79,
with the 39 most confidently answered questions. In this subset, we find through Table 3
that L1ama-3.1-8B-Instruct-Turbo is relatively less confident in answering questions about
adverse effects or treatment recommendation and less accurate in open-ended questions
and questions about causes of diseases and in recommending next steps in patient care.
Appendix D presents more detailed analyses on various syntactic and semantic axes.

6 Discussion and Future Directions

Our results highlight the advantages of instilling calibrated confidence-awareness in LLMs
for medical QA. Naive methods of confidence estimation often lead to miscalibration. Novel
prompt-based and internal confidence calibration and elicitation methods partially correct
this. When we used these confidence scores to allow models to abstain below a confidence
threshold, accuracy on answered items rose to SoTA levels on iMEDQA. This shows that
today’s LLMs encode useful internal uncertainty signals, but the challenge is to integrate
them in a form that can be reliably used for downstream decision making.

However, our gains come at the cost of coverage. The abstention method improves precision
by skipping uncertain cases, but the system answers fewer questions overall. In clinical
workflows, this trade-off is often acceptable as it would entail erring on the side of caution
as opposed to confidently recommending harmful interventions. The acceptability of such
workflows will depend on the task (triage vs. patient education) and the availability of a
human clinician to fill gaps. Future deployments will therefore need dynamic thresholding
or cost-benefit optimization tuned to the specific clinical context (e.g., emergency medicine
may favor higher coverage than tele-triage chatbots). We discuss limitations in-depth in
Appendix E.

7 Conclusion

This paper benchmarks four LLMs on the task of medical QA in terms of confidence
and objective multiple choice performance. It introduces four novel methods of eliciting
model confidence, of which both ORDEREXPERT and REFLECTIONHISTORYAWAREEXPERT
performance improvements. We further analyze performance and confidence in various
semantic and syntactic categories, arguing that more work needs to be done to improve QA
about next steps in patient care and model robustness to question phrasing.
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Ethics Statement

Overall, we caution that medical QA is a relatively high-stakes setting, and r should be
set quite high. However, at such a high threshold, there are not many data points for
which models are so highly confident, which leads to a utility /inaccuracy tradeoff. Being
overconfident about an erroneous diagnosis or drug prescription is harmful (at times
deadly) to patients, so any medical QA system should be used with great caution, and
clinicians should not over-rely on such technology. These harms are also most likely to fall
disproportionately on people with rarer or under-studied conditions who seek medical care,
which may consist of marginalize people who have been historically excluded from medical
and broader scientific research.

Another ethical risk of these systems is that their performance seems to be very sensitive to
prompt formatting, which may privilege certain writing or speaking styles associated with
certain cultures or neurotypes; likely the cultures and neurotypes reflected in the pool of
developers and data labellers involved in model creation.

Next, there is some discrepancy between how the task in our paper is carried out and how
medical QA would work in real-world clinical settings. Specifically, there is unlikely to be
a constrained set of four answer choices that a clinician can choose from for each query,
but this is the set up of MediQ, presumably for ease of objective evaluation. Further work
should test and evaluate free-text QA systems.

Finally, we report the computational cost of our experiments. The L1ama-3.2-3B-Instruct,
Qwen-2.5-3B-Instruct, and Ministral-3B experiments took 32 CPUs and no GPUs. Meth-
ods took various lengths of time, with a minimum of approximately 1 hour and a maximum
of approximately two weeks for the 1,272 MediQ entries for a single method.
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A Additional Figures
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Figure 4: Confusion matrices for BASICEXPERT on Llama-3.1-8B-Instruct-Turbo (left) and
Llama-3.2-3B-Instruct (right), normalized such that the grids sum to 1.

B Prompt Examples

Example prompt for REFLECTIONEXPERT:

nnn

|Based on the information provided so
far, which option do you think is the most
likely answer? Explain your reasoning

step by step.

Now, challenge your initial diagnosis.

What alternative diagnoses might also fit
this patient's presentation? What evidence
might contradict your first choice? Consider
the evidence objectively as if you're a
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InstructPatient, OrderExpert InstructPatient, OrderExpert
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Figure 5: Confusion matrix for ORDEREXPERT for L1ama-3.1-8B-Instruct-Turbo (left, T >
0.79) and Llama-3.2-3B-Instruct (right, T > 0.83), normalized such that the grid sums to 1.

different doctor reviewing the case.

Based on your initial analysis and
consideration of alternatives, how confident
are you in your diagnosis? Provide a
numerical confidence score between 0.0 and
1.0, where:

- 0.0 means complete uncertainty

(random guess)

- 1.0 means absolute certainty"""

Example prompt for HISTORYAWAREEXPERT:

nnn

|Based on how your confidence has
changed throughout the conversation,
evaluate your current level of
certainty. Have you gained crucial
information? Has your confidence
plateaued? How do you explain any
significant changes in your confidence?
Provide a numerical confidence score
between 0.0 and 1.0, where:

- 0.0 means complete uncertainty
(random guess)

- 1.0 means absolute certainty”"""

C Confidence threshold, accuracy and coverage for remaining models

Figures 6, 7, 8 show the plots that demonstrate the change in post-abstention accuracy
with different confidence thresholds (left panels), and coverage with change in confidence
thresholds (right panels).
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Figure 6: Impact of confidence threshold (1) on expert performance for
Llama3-2-3B-Instruct.
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Figure 7: Impact of confidence threshold (r) on expert performance for

Qwen2.5-7B-Instruct-Turbo.

D Further Analysis of ORDEREXPERT

Figure 3 shows the accuracy and coverage of ORDEREXPERT when filtering for various
exclusive lower bounds of T on Llama-3.1-8B-Instruct-Turbo. While the peak accuracy
of 100% is achieved at T = 0.87, there are very few items with such a high confidence (as
exemplified in Figure 3, so we also note a secondary peak of 90% at T > 0.84 and a tertiary
peak of 56.81% at T > 0.79.

We perform our category analysis at the tertiary peak of T > 0.79 (39 items), as this is the
highest peak for which there is a large-enough set of samples. Semantically, there are no
questions in this set that concern adverse effects or treatment, suggesting that the model
is not quite as confident about these types of questions. As shown in Table 3, the model
has the highest precision for questions about diagnoses, compared to other categories, and
compared to all questions not related to diagnoses. In contrast, the model performs worse
on the questions about recommending next steps and about ascertaining the cause of a
patient’s condition. These insights help us inform future work by informing us that more
care is needed to better answer questions about the next steps.
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Figure 8: Impact of confidence threshold (1) on expert performance for

Qwen2.5-3B-Instruct.

Syntactically, Table 3 shows that the model performs better in answering questions formu-
lated as “which of the following” than questions phrased otherwise (usually “what is” or
“what are”). We conjecture that this may be because the phrase “which of the following”
signals to the model that it should draw from its knowledge about the constrained set of
four answer choices at hand, rather than retrieving more general information about the
question as if it were open ended, allowing it to focus on the pertinent information that is
most important for disambiguating the four answer choices. However, we caution that this
result does not hold for all models—in fact, “which of the following” questions have lower
accuracy for L1ama-3.2-3B-Instruct. This may be because “which of the following” signals
a cognitive shortcut by encouraging the model to look at the options provided and compare
them without drawing on its general knowledge of the subject of the questions. A smaller
model may have less answer-choice-specific knowledge, while a larger model may suffer
more from too much irrelevant question-related knowledge.

In terms of other syntactic factors, we do not see significant correlations between input
token count and context length, confidence, or accuracy. However, an interesting factor was
the ordinal position (letter choice) of the correct answer. For BASICEXPERT, Fig. 4 shows
many “A” predictions, even though the true distribution does not lean towards “A.” This is
improved in ORDEREXPERT (Fig. 5), suggesting that our method is effective in correcting
for ordinal position bias. Appendix A shows additional result figures.

E Limitations

We acknowledge several limitations in our study. First, MediQ’s multiple-choice format sim-
plifies evaluation but does not reflect free-text diagnosis and management questions asked
in practice. Second, we focus on English-language prompts and cross-lingual calibration
may vary, especially given domain-specific terminology.

Methodologically, OrderExpert only considers a model’s abstention decision at one inter-
action without accumulating confidence scores over an entire conversation history, so an
augmentation to our method could be some method of incorporating confidence informa-
tion throughout the entire interaction. Furthermore, having to compute a calibration output
on a calibration prompt doubles the computational cost per query, making this method
potentially financially costly for real-world implementers.

Additionally, accuracy may not be a fully representative performance metric for our task,
especially given inconsistent sizes of D 4 y1 g across models and methods. However, we
choose this metric because precision, recall, and F1 scores are quite arbitrary for such
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multiple-choice questions, and for some high T thresholds, more robust metrics such as
balanced accuracy and AUCROC are ill-defined due to high abstention rates and small
sample coverage. Future work could build larger datasets such that more robust metrics
such as AUCROC could be used for all parts of the analysis.

Future work can also further examine the second focus of the work in Li et al. (2024c)—
asking helpful follow-up questions based on abstention decisions. Our work currently
focuses solely on optimizing the abstention decision, but future work should extend ours by
operationalizing this decision to better obtain the missing information causing an abstention.
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