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Abstract

High-performing medical Large Language Models (LLMs) typically require extensive
fine-tuning with substantial computational resources, limiting accessibility for resource-
constrained healthcare institutions. This study introduces a confidence-driven multi-model
framework that leverages model diversity to enhance medical question answering without
fine-tuning. Our framework employs a two-stage architecture: a confidence detection
module assesses the primary model’s certainty, and an adaptive routing mechanism directs
low-confidence queries to Helper models with complementary knowledge for collabora-
tive reasoning. We evaluate our approach using Qwen3-30B-A3B-Instruct, Phi-4 14B, and
Gemma 2 12B across three medical benchmarks; MedQA, MedMCQA, and PubMedQA.
Results demonstrate that our framework achieves competitive performance, with particu-
larly strong results in PubMedQA (0.95) and MedMCQA (0.78). Ablation studies confirm
that confidence-aware routing combined with multi-model collaboration substantially out-
performs single-model approaches and uniform reasoning strategies. This work establishes
that strategic model collaboration offers a practical, computationally efficient pathway to
improve medical Al systems, with significant implications for democratizing access to
advanced medical Al in resource-limited settings.

Keywords: medical question answering; large language models; multi-model collaboration;
confidence-driven routing; zero-shot learning; uncertainty calibration; model routing;
cost—accuracy trade-off

1. Introduction

The rapid advancement of artificial intelligence in healthcare has ushered in a new
era of possibilities for medical practice, education, and research. Large Language Models
(LLMs), with their remarkable ability to understand, process, and generate human-like
responses to complex queries, represent one of the most promising technological devel-
opments in modern medicine [1,2]. These sophisticated Al systems have demonstrated
unprecedented capabilities in natural language understanding and reasoning, making them
particularly valuable for applications requiring comprehensive knowledge synthesis and
contextual understanding.

The medical domain presents a unique and critical application area for LLMs, where
the potential impact extends far beyond technological innovation to directly influence pa-
tient outcomes, clinical decision-making, and healthcare accessibility. Medical knowledge is
characterized by its complexity, specificity, and constant evolution, requiring practitioners
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to synthesize vast amounts of information from diverse sources including clinical guide-
lines, the research literature, diagnostic protocols, and treatment recommendations [3,4].
The ability of Al systems to assist healthcare professionals in navigating this complex knowl-
edge landscape has significant implications for improving diagnostic accuracy, reducing
medical errors, and democratizing access to expert-level medical knowledge, particularly
in underserved regions where specialist expertise may be limited. The social impact of
effective medical Al systems extends beyond individual patient care to encompass broader
healthcare system challenges including clinician burnout, healthcare costs, and the grow-
ing demand for medical services in aging populations worldwide [5]. Furthermore, the
COVID-19 pandemic has highlighted the critical need for scalable intelligent systems that
can support rapid knowledge dissemination and clinical decision-making during health
emergencies and unexpected pandemics. The development of reliable, affordable, and
accurate medical Al systems represents not just a technological advancement, but a funda-
mental tool for addressing global healthcare challenges and improving health outcomes
across diverse populations.

Current research in medical Al has established a substantial foundation through rig-
orous benchmarking efforts utilizing standardized datasets. The medical Al community
has converged on three primary benchmarks that collectively assess different aspects of
medical knowledge and reasoning capabilities. MedQA, featuring USMLE-style multiple-
choice questions, serves as a comprehensive test of clinical reasoning and general medical
knowledge, mimicking the challenges faced by medical professionals in licensing examina-
tions [6]. MedMCQA, comprising over 194K questions across 21 medical subjects derived
from Indian medical entrance examinations, provides extensive coverage of healthcare
topics and represents one of the most comprehensive medical knowledge assessments
available [7]. PubMedQA focuses specifically on biomedical research question answering,
requiring models to process and reason over the scientific literature with yes/no/maybe
responses based on research abstracts, thus testing analytical comprehension of evolving
medical research [8]. Recent peer-reviewed studies published in prestigious venues such as
nature and nature medicine have documented remarkable progress in medical LLM perfor-
mance [9,10]. Med-PaLM 2 achieved 0.865 accuracy on MedQA, representing a substantial
improvement over previous approaches, while recent models have pushed performance
boundaries even further. Similarly, PubMedQA has witnessed dramatic improvements,
with performance evolving from early baselines to current state-of-the-art results. These
advances demonstrate the rapid maturation of medical Al systems and their increasing
potential for real-world clinical applications. However, despite these impressive achieve-
ments, several critical limitations persist in current approaches to medical Al optimization.
Most high-performing medical LLMs rely on extensive fine-tuning procedures that re-
quire substantial computational resources, large-scale medical datasets, and significant
training time [11,12]. These resource-intensive approaches limit accessibility for smaller
healthcare institutions, research organizations, and developing countries that could benefit
significantly from advanced medical Al capabilities. Additionally, fine-tuning approaches
often lack flexibility, requiring complete retraining when adapting to new domains or
incorporating updated medical knowledge.

Recent research has explored various approaches to enhance LLM performance in med-
ical domains, including specialized fine-tuning, retrieval-augmented generation (RAG),
and multi-agent frameworks [13,14]. However, these approaches often require signifi-
cant computational resources, external knowledge bases, or complex infrastructure. An
emerging paradigm in the literature suggests that leveraging model diversity by combining
multiple language models trained on different corpora with distinct knowledge distribu-
tions can compensate for individual model limitations without requiring fine-tuning or
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external knowledge retrieval [15-17]. This approach is grounded in the observation that
different pre-training datasets naturally lead to complementary knowledge bases, where
one model’s weaknesses may be another’s strengths. Recent investigations into ensemble-
based architectures demonstrate that collaborative reasoning among heterogeneous models
can achieve competitive performance while maintaining computational efficiency [18].

Recent studies have demonstrated the potential of ensemble and collaborative ap-
proaches in various domains [19,20]. However, these approaches typically employ static
architectures that process all queries uniformly, regardless of difficulty or the primary
model’s confidence level. This uniform processing paradigm does not optimize compu-
tational efficiency and does not account for the varying distribution of knowledge across
different medical subdomains. Furthermore, existing multi-model approaches lack mech-
anisms to identify when auxiliary models should be consulted, leading to unnecessary
computational overhead for straightforward questions while potentially underutilizing
collaborative reasoning for challenging queries. Recent advances in intelligent routing
mechanisms have begun to address these limitations by implementing adaptive selection
strategies that dynamically determine when to engage additional models [21].

Recent studies reveal limitations in single-model chain-of-thought (CoT) prompting
for medical reasoning, where over-elaboration or misalignment with clinical precision can
degrade performance compared to zero-shot approaches [22-26]. These findings challenge
the assumption that CoT universally enhances reasoning [27,28], particularly in medical
contexts requiring precise clinical thresholds. Collaborative frameworks leveraging model
diversity and adaptive routing offer a promising alternative, dynamically addressing
knowledge gaps without resource-intensive fine-tuning, motivating further exploration of
multi-model architectures.

A related challenge in multi-step reasoning pipelines is exposure bias, which stems
from the train—test mismatch whereby models are trained on gold prefixes yet must rely on
their own predictions at inference, leading to potential error accumulation across successive
steps. Recent work mitigates this in LLMs via imitation-learning—style distillation, show-
ing that on-policy rollouts and reductions from imitation learning reduce compounding
errors during generation [29]. In knowledge-graph QA, Du et al. propose a contrastive
training framework that explicitly alleviates exposure bias and report consistent gains on KBS
benchmarks [30]. In the medical LLM setting, Schmidgall et al. systematically evaluate
bias effects and compare mitigation strategies (education, one-/few-shot demonstrations),
underscoring the need for bias-aware evaluation when deploying clinical QA systems [31].
Finally, systems work in other domains has begun to note exposure-bias risks and points to
imitation-learning—based distillation as a practical remedy in LLM-driven pipelines [32].
These findings motivate our design choice to avoid brittle, long rollouts and instead rely on
confidence-aware routing with short, verifiable steps.

A critical gap exists in understanding how to effectively orchestrate multiple language
models for medical question answering based on confidence-aware routing mechanisms. No
existing research has developed adaptive frameworks that can intelligently assess a pri-
mary model’s confidence and dynamically recruit auxiliary models with complementary
knowledge bases to address knowledge gaps in real-time. This limitation is particularly
significant in medical applications where question complexity varies dramatically, from
straightforward factual recall to complex multi-hop reasoning requiring integration of
diverse medical concepts, and where no single model possesses comprehensive knowl-
edge across all medical subdomains [33]. The absence of confidence-driven, multi-model
collaborative architectures represents a substantial barrier to optimizing medical Al sys-
tems in resource-constrained settings. Current approaches either rely on computationally
expensive fine-tuning or fail to leverage the complementary strengths of models trained
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on diverse corpora. Static ensemble methods that process all questions uniformly waste
computational resources on straightforward queries while potentially missing opportuni-
ties for collaborative reasoning on challenging questions. This one-size-fits-all approach
limits the potential for achieving optimal performance across different medical scenarios
and question types while maintaining computational efficiency.

This study aims to develop and evaluate a confidence-driven multi-model collabora-
tive framework for medical question answering that intelligently leverages model diversity
without requiring fine-tuning. Our primary objective is to create an adaptive pipeline that:

1.  Assesses the primary model’s confidence in answering medical questions,

2. Dynamically routes low-confidence questions to helper models with complementary
training backgrounds, and

3. Synthesizes diverse model outputs through structured reasoning to generate accurate
final answers.

We seek to demonstrate that strategic model collaboration based on confidence-aware
routing can achieve competitive performance across established medical benchmarks
(MedQA, MedMCQA, PubMedQA) while maintaining computational efficiency and avoid-
ing resource-intensive fine-tuning procedures. Our contributions are threefold: First, we
introduce a novel confidence detection mechanism that enables adaptive routing of medical
questions based on the primary model’s self-assessed certainty. Second, we demonstrate
that leveraging model diversity through strategic collaboration of models trained on dif-
ferent corpora (Qwen3-30B-A3B, Phi-4 14B, Gemma 2 12B) effectively compensates for
knowledge gaps without fine-tuning.

2. Materials and Methods

This study employs a systematic approach to evaluate and enhance medical question-
answering capabilities through a multi-model pipeline. The proposed Confidence-driven
Unified Reasoning Ensemble (CURE) framework comprises three key components: care-
fully selected benchmark datasets, strategically chosen LLMs, and a collaborative inference
framework. This section details the rationale for dataset and model selection, establishing
the foundation for the experimental design.

2.1. Medical Q/A Datasets

Three widely recognized medical question-answering benchmark datasets were uti-
lized: MedMCQA [7], MedQA [6], and PubMedQA [8]. These datasets were specifically
chosen for their established role as gold-standard benchmarks in evaluating medical Al
systems, each offering distinct characteristics that comprehensively assess model perfor-
mance across various medical reasoning tasks. MedMCQA is a large-scale, multiple-choice
question answering dataset compiled from Indian medical entrance examinations (AIIMS
and NEET PG). This dataset encompasses questions from 2400 healthcare topics across
21 medical subjects, including anatomy, pharmacology, and surgery. The questions are
designed to test complex medical reasoning and clinical decision-making skills, making
them particularly valuable for assessing a model’s ability to handle real-world medical
scenarios. The multiple-choice format with four options per question provides a robust
framework for evaluating both factual recall and analytical reasoning. MedQA serves
as our second benchmark, derived from professional medical board examinations across
multiple countries, including the United States Medical Licensing Examination (USMLE).
This dataset features complex, multi-hop reasoning questions that often include clinical vi-
gnettes requiring integration of multiple medical concepts. The questions typically present
patient scenarios with detailed clinical information, demanding sophisticated diagnostic
reasoning and medical knowledge application. MedQA’s multiple-choice structure and em-



Big Data Cogn. Comput. 2025, 9, 299

50f21

phasis on clinical reasoning make it an excellent complement to MedMCQA. PubMedQA
stands apart from the other two datasets through its binary (yes/no) answer format and
its strong grounding in biomedical research literature. Questions in PubMedQA are de-
rived from PubMed abstracts, focusing on research-oriented medical queries rather than
clinical scenarios. This dataset evaluates a model’s ability to comprehend and reason about
biomedical research findings, representing a different dimension of medical knowledge
compared to the clinical focus of MedMCQA and MedQA. The inclusion of PubMedQA
ensures our evaluation covers both clinical decision-making and research comprehension
capabilities. The three datasets provide comprehensive coverage of medical Al evaluation,
spanning clinical reasoning, medical board examination-level knowledge, and biomedical
research understanding. Their complementary nature enables wide-scope assessment of
model performance across diverse medical contexts and question formats.

2.2. Large Language Model Architecture

Three distinct LLMs, each selected for their unique architectural characteristics and
training backgrounds, were used to evaluate the proposed framework. This multi-model
approach highlights diverse knowledge bases and reasoning capabilities within the pro-
posed pipeline.

Qwen3-30B-A3B [34] serves as the primary model in the CURE pipeline, forming the
backbone of the benchmark evaluations. This model was selected as the core architec-
ture due to its substantial parameter count (30.5 billion total parameters, with 3.3 billion
activated per token in its Mixture-of-Experts (MoE) design) and its innovative hybrid rea-
soning framework, which enables seamless switching between thinking mode (for complex
logical reasoning, math, and coding) and non-thinking mode (for efficient, general-purpose
dialogue). This hybrid approach provides enhanced reasoning capabilities necessary for
complex medical question-answering tasks, while maintaining computational efficiency.
Qwen3-30B-A3B’s extensive pre-training on a high-quality corpus of 36 trillion tokens
across 119 languages and dialects, incorporating diverse sources like coding, STEM, rea-
soning, books, multilingual data, and synthetic content, combined with post-training
optimizations for instruction-following and agentic tool integration, positions it as a strong
baseline for medical reasoning. Its MoE-based architectural efficiency (featuring 48 layers,
Grouped Query Attention with 32 query heads and 4 key/value heads, 128 experts, and
8 activated per task) and state-of-the-art performance on general-domain benchmarks (such
as surpassing models like QwQ-32B despite 10x fewer activated parameters) make it an
ideal candidate for adaptation to medical applications.

To complement Qwen3-30B-A3B-Instruct, we integrate two additional models with
distinct training backgrounds: Phi-4 14B [35] and Gemma 2 12B [36]. These models were
strategically selected because they were trained on different corpora and possess different
knowledge distributions compared to Qwen3-30B-A3B. This diversity is crucial for the
CURE pipeline architecture, as it allows the auxiliary models to provide complementary
information and reasoning perspectives on medical questions that may not have been
extensively covered in Qwen3-30B-A3B’s training data. Phi-4 14B, developed by Microsoft
Research, brings specialized reasoning capabilities refined through a focused training
methodology that emphasizes logical reasoning and problem-solving. Its 14 billion parame-
ters and distinctive training approach make it particularly effective at providing alternative
reasoning pathways for complex medical questions. Gemma 2 12B, developed by Google
DeepMind, offers a third perspective with its 12 billion parameters and unique architectural
optimizations. Its training on a carefully curated dataset provides complementary medical
knowledge that can assist Qwen3 in handling edge cases and questions requiring diverse
knowledge sources.
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2.3. Pipeline Workflow

The proposed CURE pipeline employs a confidence-driven, multi-stage architecture
designed to enhance medical question-answering accuracy by leveraging the comple-
mentary strengths of multiple language models. The workflow consists of two primary
modules: Module 1: Confidence Detection and Module 2: Adaptive Answer Generation.
This approach enables automatic dynamic routing of questions based on the primary
model’s confidence level, ensuring optimal resource utilization while maximizing predic-
tion accuracy. Figure 1 illustrates the complete CURE pipeline. This includes four clearly
labeled components: SQTR (Sure Question To Response): questions for which the primary
model (Qwen3-30B-A3B-Instruct) expresses high confidence after zero-shot self-assessment.
These questions are routed directly to zero-shot inference on Qwen3-30B-A3B-Instruct
to produce the final answer. NSQTR (Not-Sure Question To Response): questions for
which Qwen3-30B-A3B-Instruct expresses low confidence or uncertainty. These are sent
in parallel for zero-shot inference to the two helper models (Phi-4 14B and Gemma 2 12B).
OC (Optimal Choices): the set of answer choices independently selected by Phi-4 14B and
Gemma 2 12B for the low-confidence questions. These candidate choices are aggregated
and passed back to Qwen3-30B-A3B-Instruct. F1-Evaluator (Final Evaluator): the orches-
trating component (again Qwen3-30B-A3B-Instruct) that receives the original question
together with the aggregated Optimal Choices (OC) for NSQTR questions (or directly its
own zero-shot prediction for SQTR questions) performs structured chain-of-thought reason-
ing, selects the final answer, and outputs it. All final predictions, whether from the SQTR
or NSQTR path, are then evaluated against the ground-truth labels to compute accuracy.

Module 2

Module 1 saQTR @ G;, F1-Evaluator |

Query: Chronic urethral.. $7
Choices: “ﬂnﬂ VN @ Y ’j—{ Query: Chronic urethral..

NsQTR) s; ‘
-

N 4 @ RN [oc: | [c]
-

A . -
[ SQTR Sure Question To Response @R\Nm Sure Question To Response @ ZeroShot | OC | Optimal Choices ‘V/. Qwen30B-A3B <, Gemma2-12B P_H|-4 PHI4-14B J
y L=~

Figure 1. Overview of the CURE pipeline architecture with its two modules: Confidence Detection
and Adaptive Answer Generation (SQTR: Sure Question To Response; NSQTR: Not-Sure Question
To Response; ZS: Zero shot; OC: Optimal Choices).

2.3.1. Confidence Detection Module

The first stage of the CURE pipeline implements a zero-shot confidence detection
mechanism. When a question from any of the benchmark datasets (MedMCQA, MedQA,
or PubMedQA) enters the system, it is first processed by Qwen3-30B-A3B-Instruct to assess
the model’s confidence in providing an accurate answer. This confidence assessment is
performed using a zero-shot prompting approach, where the model evaluates whether
it possesses sufficient knowledge and certainty to answer the question correctly. This
confidence estimation is derived from the model’s verbalized self-assessment rather than
numerical logit probabilities, serving as a heuristic indicator of internal certainty in a zero-
shot setting. The confidence detection serves as a critical decision point that bifurcates our
pipeline into two distinct pathways based on the model’s self-assessed confidence level.

If Qwen3-30B-A3B-Instruct indicates high confidence in its ability to answer the
question, the query is processed directly through the primary model without requiring
additional computational resources. In this high-confidence pathway, Qwen3-30B-A3B-
Instruct generates its answer and selects the most appropriate option from the available
choices. This direct pathway minimizes computational overhead for questions where
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the primary model demonstrates strong certainty, allowing for efficient processing of
straightforward medical queries that fall within the model’s well-established knowledge
domains. The detailed prompt template and example for the CURE framework can be
found in Appendix A.

2.3.2. Adaptive Answer Generation

Conversely, if Qwen3-30B-A3B-Instruct expresses low confidence or uncertainty re-
garding the question, the query is redirected to the collaborative reasoning module, which
considers the diverse knowledge bases of the auxiliary models. This redirection mechanism
is crucial for addressing potential knowledge gaps in Qwen3-30B-A3B’s training data, as it
recognizes that different models trained on distinct corpora may possess complementary
strengths in various medical subdomains.

Questions identified as low-confidence are routed through a multi-model reasoning
process designed to compensate for these knowledge gaps. In this pathway, the low-
confidence question is simultaneously presented to both Phi-4 14B and Gemma 2 12B
for independent analysis. Each auxiliary model processes the question using its unique
knowledge base and reasoning capabilities, generating its own answer selection from the
available options. Since these models were trained on different corpora with varying em-
phases and knowledge distributions, they can often provide accurate answers to questions
that fall outside Qwen3-30B-A3B’s strong knowledge domains, effectively filling in the
gaps where the primary model lacks confidence.

Following the independent predictions from Phi-4 14B and Gemma 2 12B, their selected
answers are aggregated to form a set of candidate optimal choices. These candidate
answers represent the collective wisdom of models with different training backgrounds
and knowledge distributions, providing diverse perspectives on the correct answer. The
aggregated candidates, along with the original question, are then fed back to Qwen3-30B-
A3B-Instruct for final reasoning and answer selection, creating a collaborative decision-
making process that combines multiple sources of medical knowledge.

This final stage employs a Chain-of-Thought (CoT) prompting template to guide
Qwen3-30B-A3B through a structured reasoning process. The CoT prompt explicitly
informs the model that the candidate choices provided by Phi-4 and Gemma 2 represent
potentially correct answers derived from alternative knowledge sources, encouraging the
primary model to carefully consider these suggestions rather than relying solely on its initial
uncertain assessment. The prompt guides Qwen3-30B-A3B to review the original question
alongside the candidate answers, reason through the medical concepts and knowledge
required to answer the question, evaluate each candidate answer based on its medical
validity and alignment with the question requirements, and ultimately generate a final
answer selection supported by explicit reasoning. The complete CoT prompt template is
provided in Appendix A.

By incorporating the diverse perspectives of Phi-4 14B and Gemma 2 12B into Qwen3-
30B-A3B’s decision-making process through structured CoT reasoning, this collaborative
approach significantly enhances the accuracy of predictions on challenging questions. The
reasoning process ensures that the final answer is not selected arbitrarily but is grounded in
logical medical reasoning informed by multiple knowledge sources, each contributing their
unique strengths. This confidence-driven, collaborative architecture allows our pipeline to
maintain high efficiency on straightforward questions while dedicating additional com-
putational resources and multi-model reasoning to more challenging queries, ultimately
improving overall performance across all three benchmark datasets and demonstrating the
effectiveness of combining model diversity with adaptive routing strategies.
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3. Results

In this section, we present the empirical evaluation of the CURE framework for med-
ical question answering. The results are organized into three key sections to provide a
comprehensive analysis of framework performance. First, we compare CURE’s zero-shot
performance against state-of-the-art benchmarks from recent literature, demonstrating its
competitive edge in resource-efficient settings. Second, we detail the framework’s per-
formance across the MedQA, MedMCQA and PubMedQA datasets, highlighting dataset-
specific strengths and overall robustness. Finally, we conduct an ablation study to isolate
the contributions of our pipeline’s core components, validating the efficacy of adaptive
routing and multi-model collaboration.

3.1. Model Benchmarking

The zero-shot performance of CURE is compared against state-of-the-art methods
from recent literature, as summarized in Table 1. Notably, CURE operates entirely in a
zero-shot setting without any fine-tuning, retrieval-augmented generation (RAG), or addi-
tional enhancements, relying solely on adaptive routing and collaborative CoT reasoning
across modestly sized models (Qwen3-30B-A3B-Instruct, Phi-4 14B, and Gemma 2 12B).
This lightweight approach yields impressive results, particularly on PubMedQA where
it achieves the highest accuracy at 0.95, surpassing even specialized techniques like ex-
plainable LLMs and multi-agent frameworks. Similarly, on MedMCQA, CURE leads with
0.78 accuracy, demonstrating superior handling of diverse, multi-subject medical entrance
exam questions compared to both general-purpose LLMs (e.g., MedGemma at 0.75) and
prompt-engineered variants (e.g., interactive CoT at 0.617).

Table 1. Accuracy comparison with state-of-the-art approaches MedQA, MedMCQA and PubMedQA
datasets. CURE framework achieves competitive results, particularly on PubMedQA, outperforming
several benchmarks in multi-step reasoning. Bold indicates leading performance and underline
indicates runner-up.

Accuracy
Methods Avg Score  Reference
MedQA MedMCQA  PubMedQA

General/Frontier LLMs
Med-PalLM 2 0.865 (1273) 0.7454x) 0.785500) 0.798 [37]
GPT-3.5 0.6021273) 0.627 4183) 0.782500) 0.670 [38]
MedGemma 0.847 1273, 0.742 4 0.768 500 0.823 [39]
LLM-MedQA 0.810 (n4) 0.770n 4) 0.840(n4) 0.807 [40]
Vicuna-13B 0.241 1573, 0.261 4 0.93211) 0.478 [41]

Medical LLMs/Frameworks
MedAgentsBench 0.800(1273) 0.700 k) 0.820500) 0.773 [42]
OpenBioLLM-Llama3-70B 0.780(n4) 0.740(n 4) 0.810(n4) 0.777 [43]
Me LLaMA 0.790(1273) 0.7504) 0.830500) 0.790 [44]
MedXpertQA 0.830(1273) 0.7204) 0.8701273) 0.807 [45]
Med-PalLM 2 0.676(1273) 0.5764) 0.790 500 0.681 [46]
MEG-LLaMa-8B 0.660,1273) 0.6064) 0.780 500 0.682 [47]
MEG-Mistral-1B 0.546(1273) 0.5644x) 0.746 500 0.619 [47]
MEG-Mistral-3B 0.6081273) 0.5844x) 0.744500) 0.645 [47]
LINSGPT-GPT-40-mini 0.7741273) 0.6844) 0.810(11x) 0.756 [21]

Prompt Engineering Techniques
CoT Ensemble 0.6021273) 0.627 4 0.782500) 0.670 [48]
Self-Reflective CoT 0.7101273) 0.680(4) 0.810500) 0.733 [42]
CURE-Qwen30B-A3B (Proposed) 0.741 1) 0.776 (4x) 0.950(; 0.824

Subscripts in blue color indicate the number of questions used to compute the reported results from each dataset.
NA indicate the case where numbers are not available.
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Our framework achieves a score of 0.741 on MedQA, compared to Med-PaLM 2’s
top score of 0.865. While Med-PaLM 2 leverages a 540B-parameter model with extensive
medical fine-tuning and instruction-tuning, our approach prioritizes efficiency by avoiding
such resource-intensive processes. This performance gap reflects a trade-off: our method is
less accurate on MedQA but offers significantly lower computational overhead. Across all
datasets, our framework achieves an average score of 0.824, demonstrating robustness in
clinical reasoning tasks, particularly on evidence-heavy (PubMedQA) and broad-domain
(MedMCQA) benchmarks.

In conclusion, our zero-shot architecture provides a scalable, resource-efficient alter-
native to heavily fine-tuned medical LLMs. By excelling on tasks like PubMedQA and
maintaining competitive performance on MedMCQA, while acknowledging reduced ac-
curacy on MedQA-style diagnostics, our confidence-aware routing strategy highlights a
practical balance for deployable medical QA systems in resource-constrained environments.

3.2. CURE Performance

The initial zero-shot baseline corresponds to the subset of “Sure” questions in which
Qwen3-30B-A3B-Instruct answered directly without invoking the multi-model path. This
high-confidence route yielded accuracies of 0.720, 0.776, and 0.948 on MedQA, MedMCQA,
and PubMedQA, respectively. For questions flagged as “Not Sure,” the pipeline engaged
the helper models Phi-4 14B and Gemma 2 12B, whose independent zero-shot accuracies
were 0.264, 0.468, 0.615 and 0.232, 0.522, 0.481, respectively. The orchestrating Agent
then combined these auxiliary outputs through collaborative chain-of-thought reasoning,
achieving final accuracies of 0.741 (MedQA), 0.776 (MedMCQA), and 0.950 (PubMedQA).
These consistent values clarify earlier discrepancies and confirm that all reported metrics
follow the same evaluation protocol.

Together, Figures 2 and 3 confirm that the collaborative chain-of-thought mechanism
substantially improves performance over the single-model baseline, visually illustrating
how auxiliary reasoning progressively strengthens the model ensemble.

Grouped Bar: Individual Contributions and Final

m= PhiZeroShot 0.950
m= GemmaZeroShot
= Agent

Final Acc

0741

°

Accuracy Contribution
°

MEDQA MEDMCQA PUBMED
Datasets

Figure 2. Grouped bar chart illustrating the accuracy contributions of PhiZeroShot, GemmaZeroShot,
and the Agent (final accuracy) across MedQA, MedMCQA, and PubMedQA datasets. The chart high-
lights significant enhancements on PubMedQA, with PhiZeroShot and GemmaZeroShot contributing
0.615 and 0.481, respectively, leading to a final accuracy of 0.950.

To assess the statistical reliability of these accuracy values, we additionally computed
95% confidence intervals using the Wilson score interval, which is appropriate for binomial
evaluation settings where each question is an independent correct/incorrect trial. The
resulting intervals are: MedQA 0.741 (95% CI: 0.712-0.767), MedMCQA 0.776 (95% CI:
0.762-0.789), and PubMedQA 0.950 (95% CI: 0.936-0.962). These narrow intervals indicate
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that the observed improvements are stable and unlikely to arise from random variation. A
full description of the computation method is provided in Appendix A.2.

Heatmap: Accuracy Overview

ZeroShot

PhiZeroShot -

GemmaZeroShot - 0.232 0.522 0.481 0.6

-0.5
Agent -

-0.4

Final -03

MEDQA MEDMCQA PUBMED

Figure 3. Heatmap visualizing the accuracies of ZeroShot, PhiZeroShot, GemmaZeroShot, and Agent
(final accuracy) across MEDQA, MEDMCQA, and PUBMED datasets. The heatmap emphasizes the
high baseline accuracy of ZeroShot on PUBMED (0.948) and the cumulative enhancements leading to
the Agent’s final accuracy.

In addition to accuracy evaluation, we quantified the computational efficiency of each
stage in the CURE pipeline to substantiate the framework’s resource efficiency claims. De-
tailed reproducibility and runtime measurements, including decoding parameters, latency,
static GPU memory usage, and proxy FLOPs, are reported in Appendix A.1 (Table Al).
The results show that confidence detection with Qwen3-30B-A3B incurs an average la-
tency of 2.36 s and 18 GB GPU usage, while auxiliary inference with Phi-4 and Gemma 2
requires only 0.34s and 1.31s at 10GB and 9 GB usage, respectively. The collaborative
CoT stage, though the most computationally demanding (7.87 s), is invoked only for low-
confidence queries, maintaining overall pipeline efficiency. These findings confirm that
CURE achieves competitive accuracy with substantially lower computational overhead
than large fine-tuned medical LLMs.

3.3. Ablation Study

To assess the contributions of the CURE framework’s core components—confidence-
driven routing and multi-model collaborative reasoning—an ablation study was conducted
comparing simplified variants against the full framework. Table 2 presents accuracy results
across three benchmark datasets: MedQA, MedMCQA, and PubMedQA. In the Appendix A
(Tables A2-A4) provides illustrative cases supporting these findings.

Table 2. Ablation study results showing the impact of pipeline components on accuracy across
MedQA, MedMCQA, and PubMedQA datasets. CURE framework demonstrates clear improvements
through confidence-aware routing and multi-model collaboration.

Accuracy
Variant Avg Score
MedQA MedMCQA PubMedQA
Zero-shot Qwen3-30B-A3B 0.730 0.754 0.930 0.788
CoT Reasoning Qwen3-30B-A3B 0.680 0.721 0.790 0.710
Full Framework (Confidence Rout- 0.741 0.776 0.950 0.824

ing + Multi-Model CoT)
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The zero-shot baseline using Qwen3-30B-A3B demonstrates robust performance,
achieving 0.93 on PubMedQA, reflecting strong pre-trained knowledge for biomedical
questions. In contrast, single-model CoT yields inconsistent outcomes: it slightly improves
PubMedQA to 0.79 but reduces accuracy on MedQA (0.73 to 0.68) and MedMCQA (0.754
to 0.721). This underperformance, contrary to CoT’s expected enhancement of reasoning,
arises from its propensity to over-elaborate or misalign with precise clinical guidelines, a
known challenge in medical reasoning tasks.

Addressing concerns that this observation creates a circular justification for the CURE
framework, we emphasize that single-model CoT’s limitations are inherent, particularly in
complex medical queries requiring exact thresholds. The CURE framework mitigates these
issues through confidence detection and collaborative CoT across Qwen3-30B-A3B, Phi-4
14B, and Gemma 2 12B, achieving superior results: 0.741 on MedQA (+1.1% over zero-shot,
+6.1% over CoT), 0.776 on MedMCQA (+2.2%, +5.5%), and 0.95 on PubMedQA (+2.0%,
+16.0%). The average accuracy of 0.824 highlights the efficacy of multi-model collaboration
in addressing knowledge gaps for low-confidence queries, validating the framework’s
design as a solution to a genuine challenge in single-model reasoning.

4. Discussion

Our confidence-driven multi-model framework achieved competitive performance
across three established medical benchmarks without requiring fine-tuning or external
knowledge retrieval. The framework demonstrated particularly strong results on Pub-
MedQA (0.95) and MedMCQA (0.78), with an overall average score of 0.824 that surpassed
most baseline approaches. The ablation study confirmed that the combination of confidence-
aware routing and multi-model collaboration substantially outperformed both single-model
zero-shot baselines and uniform reasoning strategies, validating the core design principles
of our adaptive architecture.

The exceptional performance on PubMedQA (0.95) can be attributed to the dataset’s
focus on biomedical research literature and binary answer formats, which align well with
our multi-model collaborative reasoning approach. This result is particularly notable
as it surpasses specialized techniques such as explainable LLMs (0.871) [49] and multi-
agent frameworks (0.82) [42], despite our framework operating entirely in zero-shot mode
without domain-specific fine-tuning. The structured nature of PubMedQA questions,
which require evidence-based reasoning over research abstracts [8], appears to benefit
significantly from the diverse perspectives provided by Phi-4 14B and Gemma 2 12B when
Qwen3-30B-A3B-Instruct encounters uncertainty. These findings align with recent work
by Wang et al. [16] on mixture-of-agents approaches, which similarly demonstrated that
model diversity enhances performance on evidence-heavy reasoning tasks.

On MedMCQA, our framework achieved the highest accuracy among compared meth-
ods at 0.78, outperforming both general-purpose LLMs such as MedGemma (0.75) [39] and
specialized medical models like Me-LLaMA (0.75) [44]. This strong performance across
21 diverse medical subjects [7] suggests that our confidence-driven routing mechanism
effectively identifies knowledge gaps and leverages complementary expertise from auxil-
iary models. The improvement over interactive CoT approaches (0.617) [48] indicates that
structured multi-model collaboration provides more reliable reasoning than single-model
prompting strategies alone. However, the relatively modest gain over the zero-shot baseline
(0.754) suggests that many MedMCQA questions fall within Qwen3-30B-A3B’s confident
knowledge domains, where direct answering remains efficient and accurate.

For MedQA, our framework achieves an accuracy of 0.741, which is competitive
among zero-shot approaches but lower than heavily fine-tuned models like Med-PaLM 2
(0.865) [37]. This performance gap reflects a trade-off between accuracy and efficiency, as
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Med-PalM 2 relies on a 540-billion parameter model with extensive medical fine-tuning
and instruction optimization, whereas our framework employs modestly sized models
(30B, 14B, and 12B parameters) in a pure zero-shot setting without domain-specific tuning.
Despite this, our approach outperforms other zero-shot and prompt-engineered methods,
such as GPT-3.5 Turbo with CoT (0.602) [38] and self-reflective CoT (0.71), demonstrating
the effectiveness of our confidence-aware routing strategy. This balance of performance
and resource efficiency positions our framework as a practical alternative for medical
QA tasks in resource-constrained settings [42]. The USMLE-style clinical vignettes in
MedQA [6] often require deep domain knowledge and complex multi-hop reasoning that
may exceed the capabilities of zero-shot collaboration strategies, suggesting that for the
most challenging clinical scenarios, some degree of domain adaptation remains beneficial.

To further analyze the effectiveness of the zero-shot confidence detection mechanism,
we conducted a quantitative evaluation on the MedMCQA dataset. In the initial zero-
shot baseline, Qwen3-30B-A3B-Instruct correctly answered 3016 out of approximately
4000 questions from the test data. When applying our confidence detection prompt, the
model labeled 3513 questions as “Sure” and 487 as “Not Sure.” Among the “Sure” cases,
0.859 corresponded to correctly answered questions in the zero-shot setting, confirming that
the model’s verbalized confidence strongly correlates with actual correctness. Conversely,
most of the “Not Sure” questions were those the model had originally answered incorrectly,
allowing our framework to automatically reroute them to the collaborative multi-model
reasoning module. This adaptive routing prevented the primary model from committing to
low-confidence errors and enabled these previously incorrect cases to be resolved correctly
through the multi-model workflow. These results empirically validate that the verbalized
confidence signal provides a reliable and practical basis for decision-making in our pipeline.
When evaluating on the MedQA dataset using 1000 test questions, the model labeled
280 questions as “Not Sure.” For PubMedQA, where no predefined test split exists, we
randomly sampled 1000 questions and observed 52 “Not Sure” cases. These findings
further confirm that the verbalized confidence mechanism generalizes across datasets and
maintains consistent behavior even under varying data characteristics.

The ablation study results provide critical insights into the contributions of the CURE
framework’s components. The comparison between zero-shot Qwen3-30B-A3B (average
accuracy 0.788) and the full framework (0.824) demonstrates a 3.6 percentage point improve-
ment attributable to confidence-aware routing and multi-model collaboration. Notably,
single-model CoT reasoning (0.71 average) underperforms zero-shot inference, contra-
dicting the assumption that CoT universally enhances reasoning [27,28]. This aligns with
findings that single-model CoT can introduce errors in complex medical domains due to
over-elaboration or misalignment with clinical precision [22-26]. Addressing concerns
that this creates a circular justification, we clarify that CoT’s limitations are inherent in
medical question-answering, where precise clinical thresholds are critical, as illustrated
in (Tables A2-A4). The CURE framework’s collaborative CoT, integrating Qwen3-30B-
A3B, Phi-4 14B, and Gemma 2 12B, mitigates individual model biases, enhancing ro-
bustness and validating the framework’s design as a solution to a genuine challenge in
single-model reasoning.

An unexpected finding emerged in the relative contributions of auxiliary models
across datasets. On PubMedQA, PhiZeroShot contributed 0.615 to accuracy improvement
while GemmaZeroShot added 0.481, indicating substantial complementary knowledge
for research-oriented questions. However, on MedMCQA and MedQA, the auxiliary
model contributions were more balanced (0.468 vs. 0.522 for MedMCQA,; 0.264 vs. 0.232
for MedQA), suggesting that clinical knowledge gaps are more uniformly distributed
across different model training backgrounds. This observation supports the theoretical
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foundation of our approach: model diversity trained on different corpora naturally leads
to complementary knowledge bases [15], with the degree of complementarity varying by
medical subdomain.

The selection of Phi-4 (14B) and Gemma-2 (12B) as auxiliary models was guided by a
balance between architectural diversity, reasoning complementarity, and computational
efficiency. While very large models such as Llama-3 (70B) or Mistral-Large achieve higher
peak accuracy, their inference latency and hardware requirements are several times greater,
rendering them less suitable for real-time or resource-constrained medical applications.
In our experiments, inference with Llama-3 (70B) was approximately three times slower
than Phi-4 (14B) on comparable hardware. In contrast, Phi-4 emphasizes structured logical
reasoning and deterministic step-wise deduction, whereas Gemma-2 demonstrates stronger
contextual and semantic understanding, particularly in biomedical and scientific text
corpora. This heterogeneity provides complementary reasoning styles that our confidence-
aware routing mechanism can selectively leverage directing analytical reasoning or numeric
tasks to Phi-4 and context-rich or linguistically complex cases to Gemma-2.

The practical implications of these findings extend beyond benchmark performance to
address fundamental challenges in medical Al deployment. Our framework demonstrates
that competitive medical question-answering capabilities can be achieved without the
computational expense and infrastructure requirements of fine-tuning large language mod-
els [11,12]. This efficiency gain is particularly relevant for resource-constrained healthcare
institutions in developing regions, where access to high-performance computing clusters
and large-scale medical training data remains limited [5]. By achieving 0.824 average accu-
racy with zero-shot collaboration, our approach offers a viable pathway for democratizing
advanced medical Al capabilities across diverse healthcare settings.

Furthermore, our confidence-driven routing mechanism provides a scalable architec-
ture that maintains computational efficiency while preserving accuracy. Questions where
the primary model demonstrates high confidence are processed directly without engaging
auxiliary models, reducing unnecessary computational overhead. This adaptive resource
allocation contrasts with uniform ensemble approaches that process all queries identically,
regardless of difficulty [19]. The 70-80% of questions classified as high-confidence across
our benchmarks suggest that substantial efficiency gains are possible in real-world deploy-
ment scenarios, where straightforward medical queries could be handled rapidly while
complex cases receive collaborative attention.

The framework’s modularity also enables future enhancements without architec-
tural redesign. Additional auxiliary models could be integrated to provide even broader
knowledge coverage, or specialized models could be incorporated for specific medical sub-
domains. The confidence detection mechanism could be refined using more sophisticated
uncertainty quantification techniques, and the Chain-of-Thought prompting templates
could be optimized based on error analysis. These possibilities position our framework as
an extensible foundation for ongoing medical Al research rather than a fixed solution.

However, several limitations warrant consideration. First, our evaluation focused
exclusively on multiple-choice and binary question formats, which may not fully represent
the complexity of real-world clinical decision-making scenarios involving open-ended
diagnosis, treatment planning, or patient counseling [3]. Second, the confidence detection
mechanism relies on the primary model’s self-assessment, which may not perfectly corre-
late with actual knowledge gaps or prediction accuracy. More sophisticated calibration
techniques could potentially improve routing decisions. Third, while CURE avoids fine-
tuning, it still requires access to multiple LLMs, which may present deployment challenges
in extremely resource-limited settings where even inference costs are prohibitive.
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While our evaluation primarily focused on structured multiple-choice benchmarks
(MedQA, MedMCQA, and PubMedQA), we acknowledge that these datasets represent a
closed-form question-answer paradigm and may not fully capture the nuances of open-
ended clinical reasoning or dialogue-based scenarios. Extending CURE to free-form medical
question answering and conversational contexts presents additional challenges, such as
handling ambiguous queries, partial information, and multi-turn context retention. Future
work will explore the generalizability of our confidence-driven routing mechanism in
such settings by leveraging open-ended datasets like HealthSearchQA and simulated
clinical dialogue corpora. We believe these extensions will provide deeper insights into
the framework’s applicability to real-world clinical decision support and patient—provider
interaction tasks.

The generalizability of our approach to other medical Al tasks beyond question an-
swering remains an open question. Clinical note generation, medical image interpretation,
or drug interaction prediction involve different knowledge structures and reasoning pat-
terns that may require modifications to our architecture [4]. Additionally, our framework’s
performance on rare diseases or emerging medical conditions not well-represented in model
training data remains untested [33]. Future research should investigate these edge cases to
establish the boundaries of zero-shot collaborative reasoning in medical applications.

Despite these limitations, our results establish confidence-driven multi-model collab-
oration as a practical and effective strategy for enhancing medical Al systems without
resource-intensive fine-tuning. The framework’s strong performance across diverse bench-
marks, combined with its computational efficiency and architectural flexibility, offers a
promising direction for developing accessible, high-quality medical Al tools [9]. As lan-
guage model capabilities continue to advance [1,2] and more diverse models become
available, the potential for zero-shot collaboration strategies to bridge the gap with special-
ized medical systems will likely increase, potentially transforming how medical Al systems
are developed and deployed in resource-constrained healthcare environments worldwide.

5. Conclusions

This study introduced a confidence-driven unified reasoning ensemble (CURE) frame-
work for medical question answering that leverages the diversity of LLMs without requiring
additional fine-tuning. The primary goal was to create an adaptive system that assesses
the main model’s confidence, routes uncertain questions to helper models, and combines
their insights for better answers. The key findings show that our framework performs
well across three major benchmarks: 0.741 accuracy on MedQA, 0.78 on MedMCQA, and
0.95 on PubMedQA, with an average score of 0.824. This outperforms many single-model
approaches and is competitive with fine-tuned systems, especially on PubMedQA and
MedMCQA. Ablation studies confirm that confidence-based routing and collaborative
reasoning boost performance by 3.6 percentage points on average compared to basic zero-
shot methods. These results highlight the value of using model diversity to fill knowledge
gaps efficiently. By avoiding heavy computational needs, our approach makes advanced
medical Al more accessible for smaller healthcare providers and developing regions. Look-
ing ahead, future work could extend this framework to open-ended medical tasks like
diagnosis or treatment planning, improve confidence detection with better techniques, or
add more specialized models for specific medical areas. Overall, this work shows that
smart collaboration between LLMs offers a practical way to improve medical Al helping
address global healthcare challenges with limited resources.
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Appendix A

This section presents the two prompt templates employed in our multi-stage CURE
pipeline. The first template implements zero-shot confidence detection, while the second
facilitates Chain-of-Thought reasoning for collaborative answer generation. A detailed
example of the end-to-end workflow is also provided. In addition to the prompting
strategy, we also describe the decoding configurations, efficiency measurements (latency,
GPU memory usage, and proxy FLOPs), and the statistical formulation used to compute all
95% confidence intervals based on the Wilson score method. Together, these components
provide a complete and transparent specification of how the pipeline operates and how its
performance was measured.

Appendix A.1. Reproducibility and Efficiency Measurements

This subsection reports the reproducibility parameters and efficiency measurements
for each stage of the CURE pipeline, addressing reviewer feedback regarding computational
cost and resource usage. Table A1l summarizes the decoding configurations (temperature,
top-p, top-k, repeat penalty, and maximum tokens) together with average latency, static
GPU memory usage, and proxy FLOPs (measured by average output tokens). All exper-
iments were conducted on a single NVIDIA GeForce RTX 3090 (24 GB, CUDA 12.2) to
ensure consistency across datasets and models.

Table Al. Reproducibility and efficiency measurements for each stage of the CURE pipeline, including
decoding parameters and static GPU memory usage on an RTX 3090 system (24 GB, CUDA 12.2).

Stage/Model Temp. Top-p Top-k Rep.Pen. MaxTok. Latency(s) Static GPU (MB)
Qwen3-30B-A3B (Confidence Detection) 0.7 0.8 20 1.2 2048 2.36 18,000
Phi-4 14B (Low-Confidence Path) 0.7 0.8 20 1.2 2048 0.34 10,000
Gemma 2 12B (Low-Confidence Path) 0.7 0.8 20 1.2 2048 1.31 9000
Qwen3-30B-A3B (Collaborative CoT) 0.7 0.8 20 1.2 2048 7.87 18,000

Avg Output Tokens (proxy FLOPs) 199.6/1.0/67.6/709.4 (per stage)

Note. Static GPU usage was recorded on a single NVIDIA GeForce RTX 3090 (24 GB, driver 535.27.4). Average
latency values are measured per query. Output tokens serve as proxies for FLOPs. All decoding parameters were
consistent across datasets.
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Appendix A.2. Confidence Interval Computation Method

We report all accuracies with 95% confidence intervals computed using the Wilson
score interval for binomial proportions. For an observed accuracy p = % (k correct answers
out of n questions), the interval is

_p+%iz p(lgp)+2722

CI > oz =196. (A1)
1+ %

This method provides accurate and well-behaved intervals even when accuracy is
near 0% or 100% and is the current standard in medical and LLM evaluation benchmarks
(e.g., MedQA, MedMCQA, PubMedQA, MMLU). All numerical results and error bars in
this paper use this exact formulation.

Appendix A.3. Zero-Shot Confidence Detection Prompt

This prompt template is used in Module 1 to assess Qwen3-30B-A3B-Instruct’s confi-
dence level before answering a medical question. The model evaluates its own knowledge
certainty without attempting to answer the question, returning only “Sure” or “Not Sure”
to indicate whether it should proceed directly or route the question to the collaborative
reasoning module.

Prompt Template 1: Zero-Shot Confidence Detection

You are a medical expert. Assess whether you have sufficient knowledge and certainty to
correctly answer the following multiple-choice medical question based strictly on your existing
knowledge. Do not attempt to answer the question itself—only evaluate your confidence.

e If you clearly understand the question, context, and options, and are highly certain about
the correct choice based on medical facts, respond with “Sure”.

¢  Ifyoudonot fully understand the question, are uncertain about the topic, or lack awareness
of the correct answer among the choices (e.g., due to knowledge gaps), respond with
“Not Sure”.

* Do not hallucinate medical information—base this solely on your pre-trained knowledge.

Question: {question}

Context: {context}

Options: {options}

Output only “Sure” or “Not Sure” without any additional text.

Appendix A.4. Chain-of-Thought Collaborative Reasoning Prompt

This prompt template is used in Module 2 for low-confidence questions. It guides
Qwen3-30B-A3B-Instruct through structured reasoning by presenting candidate answers
from Phi-4 14B and Gemma 2 12B, encouraging step-by-step evaluation to synthesize the
best answer with confidence scores.
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Prompt Template 2: Chain-of-Thought Collaborative Reasoning

You are a medical expert tasked with synthesizing answers from two agents to determine
the best answer for a multiple-choice question. Review the answers below, reason step-by-step
(200-300 words), and select the best option. Provide confidence scores for A-B as integers sum-
ming to 100 (avoid 0 or 100 unless certain). Base your reasoning strictly on medical knowledge;
do not hallucinate.

Question: {question}

Context: {context}

Options: {options}

Agent Answers:

e  Agent 1 chose: {optionl}
*  Agent 2 chose: {option2}

INSTRUCTIONS:

*  Reason step-by-step, evaluating both agents’ choices using the context and medical knowledge.
*  Provide a final answer and confidence scores.

Output in this JSON format:

‘‘answer’’: ‘‘A’’ or ‘‘B’7,
‘‘reasoning’’: ‘‘Your concise step-by-step reasoning here’’,
‘‘confidence_scores’’: {

“¢A’’: integer_score,

‘¢B’’: integer_score

Appendix A.5. Example Case

To illustrate the performance of the Qwen3-30B-A3B model in medical question an-
swering, we present three cases: one using the CURE framework (Table A2), one us-
ing zero-shot prompting (Table A3), and one using chain-of-thought (CoT) prompting
(Table A4). The CURE framework case demonstrates its collaborative pipeline, where
initial confidence detection, delegation to helper models (Phi-4 14B and Gemma 2 12B), and
orchestrated reasoning enhance reliability. In contrast, the zero-shot and CoT cases for pulse
pressure in severe aortic regurgitation reveal potential pitfalls. The zero-shot approach
correctly identifies the answer, while the CoT approach, despite detailed reasoning, selects
an incorrect answer, highlighting how over-elaborate reasoning may mislead the model in
medical contexts.
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Table A2. A case for CURE framework evaluation.

Question

A 23-year-old pregnant woman at 22 weeks gestation presents with burning upon urination.
She states it started 1 day ago and has been worsening despite drinking more water and
taking cranberry extract. She otherwise feels well and is followed by a doctor for her
pregnancy. Her temperature is 97.7 °F (36.5 °C), blood pressure is 122/77 mmHg, pulse is
80/min, respirations are 19/min, and oxygen saturation is 98% on room air. Physical exam
is notable for an absence of costovertebral angle tenderness and a gravid uterus. Which of
the following is the best treatment for this patient?

Choices

A: Ampicillin

B: Ceftriaxone
C: Ciprofloxacin
D: Doxycycline

E: Nitrofurantoin

CURE

Prompt Template 1 (Confidence Output): Not Sure

Action 1: Go to Helper Models
Phi Output: E
Gemma Output: D

Prompt Template 1 (Orchestrator CoT Output): The patient is a 23-year-old pregnant
woman at 22 weeks gestation presenting with dysuria and no systemic symptoms or
CVA tenderness, consistent with acute cystitis rather than pyelonephritis. In preg-
nancy, the safest and most effective treatments for uncomplicated cystitis in the second
trimester include nitrofurantoin and certain beta-lactams. Nitrofurantoin is preferred
due to low resistance rates and concentration in urine. It is contraindicated near term
and in G6PD deficiency, but neither applies here. Agent 1 (E) aligns with current ACOG
and IDSA recommendations. Agent 2 (D) likely reflects a nonpregnant regimen or
unsafe drug for pregnancy. Therefore, Agent 1’s choice is more accurate.

Action 2: {
“answer”: “E”,

“reasoning”: “The patient is a 23-year-old pregnant woman at 22 weeks gestation pre-
senting with dysuria and no systemic symptoms or CVA tenderness, consistent with acute
cystitis rather than pyelonephritis. In pregnancy, the safest and most effective treatments for
uncomplicated cystitis in the second trimester include nitrofurantoin and certain beta-
lactams. Nitrofurantoin is preferred due to low resistance rates and concentration in
urine. It is contraindicated near term and in G6PD deficiency, but neither applies here.
Agent 1 (E) aligns with current ACOG and IDSA recommendations. Agent 2 (D) likely
reflects a nonpregnant regimen or unsafe drug for pregnancy. Therefore, Agent 1’s choice is
more accurate.”,

“confidence_scores”: {
“E”: 85,
“D”. 15

Ground Truth
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Table A3. A case for zero-shot evaluation of Qwen3-30B-A3B.

Question

Pulse pressure in severe aortic regurgitation is equal to:

Choices

A:30-45 mmHg
B: 45-60 mmHg
C: 60-75 mmHg
D: >80 mmHg

Zero-Shot

Prompt Template 1 (Input): Question: Pulse pressure in severe aortic
regurgitation is equal to:

Choices:

A:30-45 mmHg

B: 45-60 mmHg

C: 60-75 mmHg

D: >80 mmHg

Output only the chosen letter (A, B, C, or D). No other text.

Prompt Template 1 (Output): D

Ground Truth

D

Table A4. A case for CoT evaluation of Qwen3-30B-A3B.

Question

Pulse pressure in severe aortic regurgitation is equal to:

Choices

A: 30-45 mmHg
B: 45-60 mmHg
C: 60-75 mmHg
D: >80 mmHg

CoT

Prompt Template 1 (Input): You are a medical expert. Reason step-
by-step and choose the best answer. Be concise—limit reasoning to
200-300 words maximum. Do not repeat ideas, phrases, or the answer.

Prompt Template 1 (Output): {

“answer”: “C”,

“reasoning”: “Pulse pressure is the difference between systolic and
diastolic blood pressures. In severe aortic regurgitation, there is sig-
nificant backflow of blood from the aorta into the left ventricle during
diastole, causing a marked drop in diastolic pressure while systolic
pressure remains normal or elevated due to increased stroke volume.
This results in an abnormally widened pulse pressure. Normal pulse
pressure ranges 30-45 mmHg; mild widening is seen with conditions
like hypertension and aging. In severe aortic regurgitation, the char-
acteristic finding is a markedly enlarged pulse pressure typically be-
tween 60-75 mmHg due to reduced diastolic filling pressures and
increased stroke volume. Values above 80 mmHg are highly sugges-
tive of significant valvular regurgitation but are less common. Option
C (60-75 mmHg) best reflects the typical range observed clinically.”,

“confidence_scores”: {

“A”: 10,
“B”: 20,
“C”: 60,
“D”: 10

—_—

Ground Truth
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