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Abstract

The use of large language models (LLMs) to automate the generation of medical case-
based multiple-choice questions (MCQs) is increasing, but their accuracy, reliability, and
educational validity are still not well understood. This study in a comparative framework
examined nine LLMs with four different prompting methods to evaluate LLM-produced
MCQs for clinical coherence and readiness for assessment. A uniform evaluation pipeline
was constructed to examine automatic text-similarity measures using automated metrics
(BLEU, ROUGE, and METEOR), structural and parsability measures, and operational
effectiveness (latency, cost, quality-efficiency ratios). Human validation was performed
on the best-performing model and prompt combination (OpenBioLLM-70B with Chain-
of-Thought) focusing on the model prompt that demonstrated the best linguistic fidelity
and clinically aligned reasoning. Two clinical experts independently reviewed 88 items
using a five-domain rubric covering appropriateness, clarity, relevance, distractor quality,
and cognitive level. Results indicated significant variation across models and prompting
strategies, with Chain-of-Thought yielding the best overall performance in comparison
to other strategies. The OpenBioLLM-70B model demonstrated the best overall balance
of quality, parsability, and efficiency, achieving a prompt template quality score of 90.4,
a consistency score of 88.8, and a response time of 3.28 s, with a quality-per-dollar value
of 134.11. The expert rating confirmed clinical alignment, but there was consensus that
distractor quality needed further improvements. These results provide evidence that LLMs
under optimal prompting conditions can reliably support MCQ generation and provide
large-scale, cost-effective support for medical assessment production.

Keywords: large language models (LLMs); prompt engineering; case-based multiple-choice
questions (MCQs); automatic question generation; medical education

1. Introduction

High-quality multiple-choice questions (MCQs), particularly those wrapped in real-
istic patient vignettes, remain the backbone of knowledge assessment in undergraduate
and postgraduate medical curricula because they combine objectivity with broad content
sampling [1]. Authoring clinical MCQs requires extensive manual effort in question prepa-
ration and revision. A recent audit of high-stakes emergency medicine examination found
that human experts required ~96 person-hours to write 100 new MCQs, whereas first

Mach. Learn. Knowl. Extr. 2026, 8, 41

https:/ /doi.org/10.3390/make8020041


https://crossmark.crossref.org/dialog?doi=10.3390/make8020041&domain=pdf&date_stamp=2026-02-10
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/make
https://www.mdpi.com
https://orcid.org/0009-0002-9182-1068
https://orcid.org/0000-0003-4290-1272
https://orcid.org/0000-0001-8080-206X
https://doi.org/10.3390/make8020041

Mach. Learn. Knowl. Extr. 2026, 8, 41

2 of 28

drafting with a large language model (LLM) cut that figure to 24.5 h [2]. Writing answer
rationales is an additional bottleneck: course directors report spending >30 min per item, a
burden halved with LLMs assistance [3]. The time and expertise demanded often outstrip
faculty capacity, limiting the size and freshness of item banks.

Early empirical studies suggest that modern LLMs can shoulder part of this workload.
Multinational trials comparing ChatGPT-generated questions with faculty items showed
comparable difficulty and discrimination indices in graduate-level exams, although LLM
items tended to target lower-order cognition [4,5]. Subsequent expert review of Al-authored
MCQs still uncovers factual slips and cueing flaws, confirming that prompting strategies
often matters as much as which model is used [2].

The growing prompt-engineering literature suggests that output quality depends
not only on the underlying model but also on how the task is elicited. A recent survey
catalogues techniques such as in-context learning, CoT, decomposition, and self-refinement,
each requiring different token allocations that influence LLM reliability (i.e., repeatability of
generated outputs given fixed prompts and inputs) during MCQ generation [6]. In the MCQ
space, the MCQG S Refine framework combines expert-designed prompts with iterative
critique and correct loops that boosts USMLE-style question quality by up to 30% over
baseline prompting [7]. Recent work has explored self-refinement as a means of improving
output reliability by enabling the model to critique and update its own responses before
final generation. Conversely, empirical work on self-refinement demonstrates that its gains
are highly sensitive to prompt wording, with small changes negating improvements and
revealing the limited robustness of current prompting heuristics [8]. However, comparative
evidence remains fragmented: existing studies often evaluate a limited number of models,
apply non-uniform prompting, or rely on evaluation measures that are not tailored to
educational item quality (e.g., surface text overlap).

In spite of recent advances, to our knowledge, there is limited comparative evidence
that compared a broad spectrum of large language models (LLMs)—ranging from general-
purpose (e.g., GPT-4o, Claude 3 Opus, Gemini 1.5 Pro, Command A, LLaMA-3-70B, Falcon
7B, Mixtral Large) to domain-specific (e.g., OpenBioLLM-70B, BioGPT-Large)—under a
uniform set of prompt engineering paradigms for generating case-based medical MCQs.
This study addresses that gap by:

e  Benchmarking nine LLMs across four prompting strategies (zero-shot baseline, few-
shot, CoT, and self-refinement) using standardized case-based medical scenarios.

e  Evaluating outputs through a hybrid framework that combines automatic semantic
metrics (BLEU, ROUGE, METEOR) and expert ratings of clinical accuracy, reasoning
depth, and distractor plausibility.

e  Assessing the cost-quality trade-offs to produce evidence-based findings for end-
users, exam boards, and Al practitioners who wish to build scalable MCQ generation
solutions.

By separating structural reliability, descriptive similarity, and expert-rated educational
quality, this work provides a reproducible comparison of model-prompt configurations and
identifies practical trade-offs relevant to institutions seeking scalable, human-in-the-loop
approaches for MCQ drafting.

2. Related Work
2.1. MCQ Generation in Medical Education

Multiple-choice questions (MCQs) are a mainstay of medical assessment due to their
scalability, objectivity, and psychometric precision [9]. With appropriate levels of cognition
considered, properly designed MCQs can evaluate both factual recall and higher-order
thinking skills. The generation of adequate MCQs is labor-intensive and requires a high
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level of expertise in the subject matter in order to guarantee clinical accuracy, fairness,
and adherence to educational goals. Quality MCQs must be carefully written to minimize
item-writing flaws, maintain uniformity of standards, and establish an adequate balance of
testing factual recall and application of reasoning in medical problem-solving. The demand
for precision and educational worth makes MCQ writing a very laborious process, often
requiring several revisions and an agreement among experts. Case-based MCQs, in which
the questions are linked to realistic patient situations, fill a great need in medical education
because of their utility in measuring higher-order cognitive processes [10]. Questions
of this sort, combining biomedical knowledge with the clinical, social, and contextual
aspects of patient care, test more than factual recall, but also diagnostic reasoning, and
clinical decision-making, and the ability to apply knowledge in real-life situations. They
promote inquiry-based problem solving, encourage thorough understanding, and assist
the student in the application of theoretical knowledge in practical clinical situations. In
recent years, attempts have been made to automate the generation of MCQs through the
application of natural language processing (NLP) techniques, which range from rule-based
templates to sequence-to-sequence architectures [11]. While these methods are promising,
the earlier rule-based methods were limited by a lack of sufficient vocabulary, inflexibility
of templates, and a lack of clinical depth. Although earlier sequence-to-sequence models
have enabled new capabilities for more flexible text generation, they struggle to maintain
clinical accuracy and logical reasoning in more complex case-based scenarios. As a result,
this gap has led to an increased emphasis on developing more advanced LLMs, which
will have an enhanced understanding of medical language and a corresponding reasoning
capability required to generate high-quality MCQs [12].

2.2. Large Language Models for Medical Question Generation

The use of large language models (LLMs) for medical question generation has rapidly
increased in the past few years, leading to a growing body of evidence on their strengths
and weaknesses. Early studies suggested that state-of-the-art models like GPT-4 could
create coherent, medically relevant, and even USMLE-style questions that were indistin-
guishable from human generated questions [13,14]. In several assessments, GPT-4 has
consistently outperformed the biomedical specialized LLMs on overall fluency, reason-
ing, and distractor plausibility [15,16]. While domain-specific LLMs are being developed,
such as BioGPT, Med-PaLM, and retrieval-augmented pipelines, to bolster their medical
reliability, studies like Jeong et al. (2024) [17] have shown that retrieval methods (e.g.,
Self-BioRAG) improved explanation quality and reasoning reliability, but plausibility of
distractors remained a major issue. In similar studies, like Dorfner et al. (2024) [18], the
biomedical fine-tuned LLMs sometimes performed poorly compared with general LLMs
due to limited adaptability and lack of generality. This suggests that scale and breadth
of general linguistic coverage could outperform the narrowness of specialized coverage.
There are more recent strategies emphasizing prompt engineering and refinement strategies
as key factors for performance. Iterative critique-revision pipelines have been shown to
greatly uplift distractor quality and reasoning reliability, as shown in Yao et al. (2024) [7],
when producing USMLE-code questions with higher calibration of difficulty. Maharjan
et al. (2024) [19] showed that open-source models could attain fine-tuned benchmarks in
biomedicine if supplied with CoT prompting and self-consistent strategies. Despite the pre-
vious improvements, many problems remain comparable across the studies, with distractor
weakness (implausible, ambiguous, or more than one right answer) being the leading
problem in the LLM-generated MCQs [5,20]. LLM Reasoning, while improved with CoT
prompting, is often impaired by hallucinations and superficial recall [21,22]. Psychometric
alignment is another problem, while some studies [7,14] indicate fine calibration against
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expert evaluated levels of difficulty, other studies indicate differences from subject/skill
base that lead to doubt the psychometric validity of the tests created [23].

The implementation of LLMs to generate medical Case-Based MCQs initiates many
evaluation and privacy challenges. LLMs that utilize sensitive data to train are vulnerable
to unintentional memorization, with reports indicating that 68.5% of anonymized patient
data can be reconstructed via clinical data alone [24]. LLMs are subject to many attack
vectors (such as membership inference, extraction of training data, and prompt injection),
with jailbreak attacks showing over 20% success rates [25]. To counter these risks, com-
prehensive evaluation frameworks like The Priv-IQ Benchmark (a benchmark to evaluate
the performance of LLMs on eight core competencies, including privacy) use metrics like
Intraclass Correlation Coefficient (ICC) and Mean Absolute Error (MAE), among others.
However, there are limitations, such as the trade-off between service and privacy, and the
lack of standardized methods for evaluating privacy [24,25]. Therefore, there are currently
best practices in place for the safe implementation of this technology by the use of conduct-
ing Privacy Impact Assessments (PI1As), implementing privacy-enhancing techniques such
as differential privacy and federated learning, to ensure compliance with the General Data
Protection Regulation (GDPR) and the Health Insurance Portability and Accountability Act
(HIPAA), as well as adopting a hybrid model approach.

2.3. Prompt Engineering and Reasoning Strategies

Prompt engineering has become increasingly necessary for the success of LLMs, par-
ticularly with important applications in medical education [26]. Although the model
architecture and training corpus provide the model with certain basic capabilities, the
particulars of how the prompts are presented—comprising context, examples, and reason-
ing guidelines—have a considerable effect on the accuracy and coherence of the MCQs
generated as well as the psychometric validity of their results.

Zero-shot prompting provides a baseline method in which the models are prompted to
generate case-based MCQs, without examples [27]. The method relies on the model’s own
knowledge and reasoning, leading to results with varying plausibility of the distractors,
shallow reasoning, and occasional hallucinations. In medical cases, zero-shot prompts
may produce relevant clinical stems, but the distractors may be either implausible or
completely incorrect.

Few-shot prompting introduces exemplar MCQs within the prompt to anchor the
model’s output to the expected structure, style, and reasoning depth [28]. Empirical
evidence suggests that few-shot prompting improves question clarity and distractor plausi-
bility, especially when examples are carefully selected to represent diverse cognitive levels.
However, its effectiveness is highly sensitive to the number and quality of examples, with
diminishing returns or even bias if examples are too narrow.

Chain-of-Thought (CoT) prompting explicitly encourages stepwise reasoning before
the final output. In biomedical tasks, CoT has been shown to enhance logical flow and
reasoning fidelity, reducing errors in diagnostic or multi-step clinical reasoning tasks [29,30].
Using CoT reasoning for MCQ creation will improve the relationship between stems,
correct answers, and distractors by making the model give a rationale for the clinical
reasoning process that led to the MCQ being asked. However, longer rationales can lead to
increased verbosity and computational costs and create a trade-off between the quality of
the questions, and the time and effort required to generate them.

Self-refinement and iterative prompting represent the most recent evolution of prompt
engineering strategies [31,32]. Self-refinement introduces an iterative “draft—critique—
revise” loop intended to reduce contradictions and improve compliance with item-writing
constraints. This approach significantly improves distractor plausibility, reduces halluci-
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nations, and enhances psychometric calibration (e.g., increasing medium and hard-level
items). Platforms, such as QUEST-AI and OpenMedLM, demonstrate that refinement-
based prompting enables even open-source models to approach the quality of frontiers
LLMs [19,23].

In medical education, prompt strategies are important in determining the validity
or quality and relevance to clinical practice of any MCQs by LLMs [33]. Recent studies
indicate that Al-generated MCQs may be comparable to human-written MCQs when
specific types of prompts (examination style prompts, clinical persona prompts, structured
instruction prompts) are used to generate the MCQs [34,35]. However, the success of Al-
generated MCQs in mimicking human-written MCQs is mixed; models and methods used
to prompt seem to affect how closely they approximate human-generated MCQs. Zero-shot
prompting appears to be scalable for generating many MCQs while few-shot prompting
and structured prompting methods have been shown to create greater clinical alignment
and depth of reasoning. Additionally, analysis of previous reviews of the literature has
shown that (to improve surface validity) using prompts based on standardized exams (i.e.,
examination formats based on NBME or USMLE items) has value; however, even when
using such prompts, some clinical vignettes are weak and higher-order cognitive items
have less ability to discriminate among examinees. So, these findings demonstrate both
the potential of and the limitations associated with prompt-based generation of MCQs. As
explored in our study, there is a need for standardized benchmarking of multiple prompt
methods for MCQ generation in medical education.

2.4. Gap Addressed by This Study

Across prior work, comparative evaluation is often limited by differences in model
selection, prompting protocols, and outcome measures, making it difficult to isolate the
effects of model family versus prompt strategy. Moreover, many evaluations emphasize
linguistic quality or perceived usefulness rather than standardized measures of structural
compliance and expert-rated educational quality. To address these limitations, we compare
nine LLMs across four prompting paradigms using a uniform generation template and
a shared evaluation pipeline that integrates structural parsability, descriptive text-based
similarity measures, operational latency/cost, and expert review of the top-performing
configuration.

3. Methods
3.1. Study Design

The purpose of this research is to comprehensively assess using LLMs as a basis for
generating MCQ’s that are clinically relevant and accurate to individual cases in the area
of medical education. The design integrates automated generation, model comparison,
and expert evaluation. The research consists of four distinct steps: (1) dataset preparation,
(2) model-based MCQ generation with four different prompts, (3) automation evaluation,
and (4) human validation. Figure 1 shows study objectives pipeline.

https:/ /doi.org/10.3390/make8020041


https://doi.org/10.3390/make8020041

Mach. Learn. Knowl. Extr. 2026, 8, 41 6 of 28

Study Objectives

o r 3
{ . v 1
Benchmarking LLMs with four Evaluating outputs with Assessing cost-quality
prompting strategies hybrid framework trade-offs
\ £ '
————————————————————— Overyew———~————~———————————‘

Evaluation Framework |

Benchmarking LLMs Evaluate Output Cost-Quality Analysis
BLEU ; -
© Medical g ROUGE —H S:Amf':"“ ot | o | o |auy]
Case-Based  :fimi METEOR e
Scenarios < | Question Appropriateness | Cost-Quilaity Trade-offs
( Prompting Strategies Clarity and specificity
Expert Relevance 00
Zero-Shot, Few-Shot, Ratings Quality of alternatives '.‘
CoT, Self-Refinement | Cosniiveievel Evidence-Based insights

Figure 1. Study objectives pipeline.

3.2. Dataset

We employed 100 records from MedMCQA, a publicly available, large-scale multiple-
choice question answering corpus introduced by Pal et al. (2022) [36]. The dataset contains
194,457 AIIMS and NEET-PG entrance-exam questions spanning 21 medical subjects and
almost 2.4k healthcare topics, with an average token length of 12.8 words per item.

Each record provides:

A stem (realistic clinical or basic-science prompt);
Four or five answer options;
The single correct choice;

An explanatory rationale authored by subject-matter experts.

The breadth of specialties (e.g., pharmacology, surgery, obstetrics, and pathology) tests
more than ten distinct reasoning skills identified in prior medical-QA taxonomies, making
the corpus well-suited for evaluating general-purpose and domain-tuned LLMs.

3.3. Large Language Models (LLMs) Selection and Criteria

Specifically, we benchmarked nine LLMs that collectively represent the full range
of current-generation models used in medical question authoring—covering proprietary,
enterprise, open-source, and biomedical-specialized systems. The choice of models was
based on the purpose of the study and the timing of our experiments, rather than on
the novelty of each model, we chose those models that were most commonly used, had
large user bases (and hence, stability), had documented means for replications through
APIs, and represented both general purpose models as well as those specifically developed
for biomedical research so that fair and reproducible comparisons could occur between
different types of models and different prompting methods.

e  Proprietary frontier models: GPT-40, Claude 3 Opus, and Gemini 1.5 Pro—define
the current state of the art in general reasoning, contextual understanding, and long-
context coherence (supporting up to 1 million tokens). These models are often cited by
medical licensing boards for prototype item generation because they are both reliable
and able to perform contextual reasoning tasks [21,37,38].
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Enterprise, retrieval-centric system: Command A (Cohere) illustrates integration
of retrieval-augmented generation (RAG) workflows, providing grounded factual
consistency (i.e., similarity of outputs across repeated runs with the same prompt) for
case-based MCQ stems and distractors. It is essential when prompts must integrate
textbook-anchored clinical facts to produce accurate, evidence-based distractors [39,40].
Its design supports grounded medical questions construction, where factual precision
is prioritized.

Open-source, self-hostable checkpoints: LLaMA-3-70B, Mistral Large, and Falcon 7B
offer transparent architectures, efficient parameter scaling, and local deploy ability
for reproducible experimentation. They provide transparency, adaptability, and cost-
effective deployment. They enable on-premise or GPU-cluster deployment, reducing
generation costs by approximately 20X relative to GPT-40 while maintaining high
linguistic fidelity under optimized prompting [41-45]. Open access also supports
reproducibility and fine-grained control of temperature, reasoning depth, and question
difficulty.

Domain-specialized biomedical models: OpenBioLLM-70B and BioGPT-Large con-
tribute clinical and biomedical knowledge through pre-training on PubMed and
domain corpora, enabling evaluation of terminology capture and domain-reasoning
fidelity [46,47]. They combine large-scale biomedical pre-training with strong rea-
soning ability, bridging the gap between general and domain-specific performance.
BioGPT-Large, though smaller, serves as a lightweight reference model to examine
how prompt engineering can offset limited scale and context capacity.

Collectively, these nine models provide a balanced benchmark across scale, domain

specialization, and prompting strategies, establishing the foundation for evaluating zero-

shot, few-shot, CoT, and self-refinement paradigms in case-based medical MCQ generation.

Table 1 summarizes the nine LLMs evaluated in this study, along with their key architectural

characteristics and features relevant to MCQ generation.

Table 1. 9 LLMs selection and their features.

Category Model (Version) Parameters Max Context Access/License  Behavioral Features for MCQ Generation
General-purpose . Fast, multimodal reasoning; highest
LLM GPT-4o >200B 128 K tokens OpenAlAPI coherence and distractor quality.
General-purpose Claude 3 Opus 175-350 B 200 K tokens Anthropic API l{%dvan.ce‘d la}}guage reasoning;
LLM self-critique” mode improves refinement.
General-purpose Google Vertex Handles extended clinical notes; strong
LM purp Gemini 1.5 Pro >200 B 1-2 M tokens Al & factual grounding and structured JSON
outputs.
Enterprise/RAG Command A Cohere Cloud/ .Bedr.ock Retrieval-augmented
111 B 256 K tokens generation: integrates textbook references
System (Cohere) Cloud/Bedrock . ey
for distractor plausibility.
Open-source L Meta Highest BLEU/ROUGE among open
LLM LLaMA-3-70B 708 128 K tokens (Apache 2.0) models; reliable formatting and stability.
Open-source HF/Mistral Efficient dense model; excellent
P Mistral Large 123 B (effective) 65 K tokens speed-to-quality ratio; strong zero-shot
LLM Cloud .
reasoning.
Open-source TII Lightweight baseline; low cost/fast
LLM Falcon 7B 7B 8 K tokens (Apache 2.0) inference for bulk generation.
High biomedical alignment; strong
Medical LLM OpenBioLLM-70B ~70B 64 K tokens Hugging Face BLEU/ROUGE-2; excellent domain
reasoning.
Medical LLM BioGPT-Large 1.5B 2 K tokens Hugging Face PubMed-trained; compact biomedical

baseline for local and educational use.
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3.4. Prompt Engineering Framework

The four prompt paradigms we tested are baseline (zero-shot), few-shot, CoT, and
self-refinement.

= Baseline captures the simplest “instruction-only” setup that many users start with [27].

s Few-shot follows the in-context learning recipe introduced by Brown et al. [28] for
GPT-3, where a handful of exemplars steer the model without parameter updates.

s CoT adopts the reasoning-trace prompting of Wei et al. [29], asking the model to
articulate intermediate clinical logic before giving the final MCQ.

s Self-refine implements the iterative “draft — critique — rewrite” loop proposed by
Madaan et al. [31], letting the same model improve its own output at inference time.

We instantiated every paradigm with real vignettes from MedMCQA [36]. For ex-
ample, “A 38-year-old woman comes to the physician for a follow-up examination. Two
years ago, she was diagnosed with multiple sclerosis, etc.” Each clinical case scenario was
entered into the LLM as a case, consisting of: demographic information, the reason for
being seen, relevant medical history and important clinical findings. The model was asked
to convert each case into an entirely structured case-based MCQ. This was accomplished
by providing the model with examples of a clinically coherent stem, four possible answers
with one being correct, and a justification for why the answer is correct. All prompts were
to produce output that was a reflection of standard medical exam style. This method
provided consistency between different models as well as prompts, while also allowing the
clinical context of each case to remain. Table 2 outlines the prompting framework used to
standardize MCQ generation across models. There are different reasoning or refinement
strategies for each type of prompt. For example, Zero-Shot creates direct schema-based
outputs, while Few-Shot uses example cases to anchor generation. CoT templates help
step-by-step reasoning by making clinical coherence clearer, while Self-Refine uses a two-
phase revision loop to improve clarity, formatting, and the accuracy of distractors. This
design makes sure that the input structure is always the same and that all nine LLMs can
be evaluated fairly and consistently.

Table 2. Prompt template types and their skeleton.

Prompt Type Core Idea Skeleton

Give only the task and a strict output
Baseline (zero-shot) schema; generate exactly 4 options and
mark one correct answer; no extra text.

zero_shot_template = “““You are a medical educator. Given a clinical
case scenario, generate ONE multiple-choice question (MCQ).
Requirements: -Use ONLY the provided case (do not add new details).
-Ask ONE question (diagnosis OR best investigation OR
management.—Provide 4 answer choices (A-D).-Mark the correct
answer with. Case: {case_text} """

Prime with a couple of formatted
exemplars that match the schema; then
ask for the new item; it keeps models
fast and stable.

Few-Shot

few_shot_template = “““You are a medical educator. Given a clinical
case scenario, generate ONE multiple-choice question
(MCQ).Requirements:—Use ONLY the provided case (do not invent
new details).—Ask ONE question (diagnosis OR best investigation OR
management).—Provide 4 answer choices (A-D).—Mark the correct
answer with ¥/Examples: Casel: { case with MCQs}, Case2: { case with
MCQs } Now use the following case to generate an MCQ: {case_text}”””

chain_of_thought_template = ““*You are a medical educator. Given a
clinical case scenario, generate ONE multiple-choice question (MCQ).
Instructions:—Use ONLY the provided case **Think through the case
step-by-step internally before formulating your answer. **—Identify the

Ask the model to think step-by-step key details, differential diagnosis, and the core learning

Chain-of-Thought

internally, then output only the final objective.—Formulate ONE focused question (diagnosis, best
MCQ; this boosts clinical coherence and  investigation, or management).—Provide 4 options (A-D).—Mark the

distractor quality. correct answer with ¢. **Your final output must contain ONLY the

MCQ in the exact format specified below. Do not output any of your
internal reasoning. *OUTPUT FORMAT: Question:<one line> Choices:
A.<option> B.<option> C.<option> D.<option> Answer: <letter and
text with ¥/<Case:{case_text}”””

https:/ /doi.org/10.3390/make8020041
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Table 2. Cont.

Prompt Type Core Idea

Skeleton

Two-phase loop: Draft the options, then
critique and fix contradictions and
formatting before emitting the final
MCQ; raises parsability and key
consistency.

Self-Refine

self_refine_template = “““You are a medical educator. Your task has two
phases: PHASE 1—Generate- From the given case, create ONE
multiple-choice question (MCQ).—Provide 4 answer choices
(A-D).—Mark the correct answer with v/. PHASE
2—Self-Refine—Critically review the MCQ from Phase 1.—Check for
the following criteria: (a) Only ONE correct answer is marked. (b)
Distractors (wrong answers) are plausible and medically relevant. (c)
The question stem is clear, unambiguous, and directly based on the case.
(d) The format is correct with exactly 4 options.—If the MCQ meets all
criteria, your final output is the same MCQ. If it does NOT meet all
criteria, **generate a new, improved MCQ that fixes all identified issues.
**Your final output must be this improved question. OUTPUT FORMAT:
--- PHASE 1 OUTPUT ---<First MCQ here> --- FINAL ANSWER AFTER
REVIEW--- < The final, correct MCQ here> Case: {case_text} ””

4. Metrics and Evaluation

The models were evaluated on four additional dimensions: automatic text similarity,

structural quality, efficiency, and metrics specific to the templates [48-52].

4.1. Automatic Text Similarity

We used BLEU, ROUGE, and METEOR, three types of automatic text similarity metrics,
to see how closely the generated MCQs matched the reference items from the original

MedMCQA dataset [49,52].

BLEU = sentence_bleu(R,C), where R and C stand for the tokenized reference and
candidate texts, respectively. This uses NLTK’s smoothing function (method 4) to avoid

zero-precision penalties for short outputs.
ROUGE, = Fy(n — gram overlap between R and C). Specifically, we report ROUGE-1
(unigram overlap capturing lexical similarity), ROUGE-2 (bigram overlap capturing local

fluency and phrasing), and ROUGE-L (longest common subsequence capturing overall

structural alignment). These were implemented using the rouge_scorer with stemming

enabled to reduce inflectional bias [53].
METEOR = meteor_score(R, C), which combines unigram precision and recall, ad-

justed for synonym and stemming matches. All values were averaged over the 100 MCQs

generated per model-template pair: AvgMetric,, ,

4.2. Structural Quality

— %Zfil Metric(R;, C;)

Structural quality was measured by the Parsability Rate [50], defined as the proportion
of responses that successfully matched the required JSON or text schema (question + 4

options + answer):

Parsability Rate,,

Number of parsable responses

100
Total valid responses %

A custom parsing function (parse_mcq_response) identified the question, options (A-

D), and the correct answer. Outputs that did not adhere to proper structural and formatting

rules were excluded from downstream text similarity metrics.

4.3. Operational Metrics

Latency and cost were also evaluated for each model-template pair [51].

e  Average Response Time (seconds):
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1N
AvgTime,, , = N Z ResponseTime,
i=1
e  Cost Per Response (USD):

Estimated token count
1000

Token counts were estimated to equal 1 token ~ 4 characters, as per the usage conven-
tions of OpenAl and HuggingFace [54].

x Cost per 1K tokens

Costyt =

4.4. Composite Utility Metrics
To evaluate simultaneously quality, cost, and efficiency, ref. [55] introduced two
normalized ratios between sums:
100 x AvgROUGE — L, ,
max(EstimatedCosty,¢,0.001)

Quality — per — Dollar (QpD) : QpDy =

AvgROUGE — L,

Quality — per — Second (QpS) : QpSm =
max (AngesponseTimem,t, 0.1>

In these equations, the subscripts m and t refer to the model and template type,
respectively, utilized in evaluation. Specifically, m indexes, the nine large language models
analyzed (e.g., GPT-40, Claude-3-Opus, LLaMA-3-70B, OpenBioLLM-70B), and t describes
the prompting strategy used (Zero-Shot, Few-Shot, CoT or self-refine). Thus, each metric is
a quantification of the combined quality, cost, and efficiency of a particular model-template
combination, allowing for standardized comparison across systems and reasoning modes.
The two metrics were scaled, capping denominators at small constants (0.001 USD, 0.1 s).

4.5. Aggregate Success Indicators

Additional derived quantities [56,57] include:
Success Rate—percentage of non-error API responses:

SuccessfulCalls

TotalCalls x 100

SuccessRatey, s =

Composite “Value Score” (cost efficiency):

AvgROUGE — L, , X SuccessRatey, s
max(EstimatedCosty, ¢,0.001)

ValueScorey; =

Composite “Time-Value Score” (speed efficiency):

AvgROUGE — L, ; x SuccessRatep,t

TimeValueScorey ; =
max (AngesponseTimem,t, 0.1)

In addition to primary quality metrics, several governing metrics were created to
represent both reliability and overall efficiency. The rate of success is expressed as the
percentage of valid non-error API responses in total model-template runs, which indicates
the reliability and reproducibility of the system. Cost and speed trade-offs were derived
from the calculation of two composite indices namely, the Value Score, which is a composite
of text quality (ROUGE-L) and reliability as a function of cost, and the Time—Value Score,
which normalizes both quality and reliability by average response times. Collectively, these
three derived metrics give a comprehensive representation of the overall efficiency of the
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model, quantifying an interrelationship between correctness, stability (i.e., performance ro-
bustness under varying conditions), and resource utilization over the various experimental
conditions.

4.6. Prompt Strategy Evaluation Matrix

In order to analyze the effectiveness of the various prompt engineering templates,
a revised scoring framework was devised whereby this matrix quantitatively measures
the quality, the structure, and the contextual correctness of the output of each template. A
hybrid method of scoring from 0 to 100 points is employed.

4.6.1. Scoring Framework Overview

The evaluation function (enhanced_template_score) integrates four major dimensions,
Answer Correctness, Prompt Strategy Adherence, Format Quality, and Clinical Relevance.
The highest possible score across all four dimensions is 100 points (i.e., the highest score
is normalized to 100). We base our method upon pre-existing methodologies in clinicians
holistically evaluating LLM [58], use of benchmarks for evaluating clinical reasoning [59,60],
and the design of a common practice in automated scoring systems [61]. Table 3 shows our
detailed scoring prompt strategy.

Table 3. Scoring prompt strategy.

Category

Points Description and Scoring Criteria

Answer Correctness

. Exact answer match (case-insensitive): 25 points
40 . Explicit correctness markers (e.g., “¥”, “correct”, “ Answer”): 15 points
. Detected against gold answer (original_answer)

Criteria vary by prompt type:

e  Zero-Shot: Concise, direct answers, proper Q&A formatting.

Prompt Strategy Specific 30 . Few-Shot: Evidence of learning from examples, reuse, comparative phrasing.
e  Chain-of-Thought: Explicit reasoning steps, logical markers (“because”, “therefore”).
. Self-Refine: Iterative reasoning, improvement phrases (“refine”, “final draft”).
° Adherence to MCQ format (Question + 4 labeled options A-D).

. . Detection via regex (A-D, Option A-D, Choice A-D).

Format Quality 20 . Proper punctuation (“?”) and structural markers (“A:”, “B.”).
. Completeness and clarity add to score.

Clinical Relevance 10 . Use of domain-specific med}cal termmglogy (e.g., patient, diagnosis, treatment, symptoms).
° Term-frequency-based scoring; maintains medical focus and context.

Total Possible 100 The final composite score is normalized to 100: TemplateScore = min(Total Points,100)

4.6.2. Performance Data Generation

To measure models over templates, a procedure was constructed (designated tem-
plate_performance_data). Each result combined the model capability and template type to
obtain the following principal metrics (Table 4):

Table 4. Performance data generation evaluation scores and description.

Score Description

(s);artlty Weighted composite output of the scoring function.
g:);selstency The repeatability of responses through iterations.
Eg')liency Inversely proportional to response latency.
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Table 4. Cont.

Score Description
;{ie:lzonse Average generation time per MCQ (in seconds).

An estimated token-based measure of expense for each response (USD). Based on model
capability, information was derived from the documented specifications of each model,
including model size and training data scope (e.g., LLaMA, GPT, Gemini, Mistral,
OpenBioLLM). Template multipliers were modified relative to template effectiveness as noted:
Miemplate = {0.95 for Zero — Shot 1.05 for Few — Shot 1.10 for Sel f — Refine 1.15 for CoT

All cost metrics reflect real API consumption recorded during models’ execution.

Cost per
Call

4.6.3. Analytical Purpose
The resulting Template Evaluation Matrix enables:

e  Cross-comparison of prompt strategies within and across LLM families;

e  Measurement of quality—consistency—efficiency trade-offs;

e  Quantitative linking of prompt reasoning depth (e.g., CoT, Self-Refine) with response
correctness and format robustness.

This matrix forms the methodological basis for analyzing the effectiveness of prompts
in automated medical MCQ generation before aggregating descriptive results, such as
mean scores across prompts and models.

4.7. Human Evaluation Metrics

In addition to the automated metrics, a human evaluation framework was used to
qualitatively assess the education and clinical value of the generated MCQs. The evaluation
followed the criteria used in medical education research for MCQ validation [4,5,62,63].
Each generated question was evaluated by experts in the field based on a 10-point Likert
scale for each dimension (0 = extremely poor, 10 = gold standard quality). In particular,
the evaluation emphasized content validity and congruence, clarity, clinical relevance, and
cognitive level in the questions to ensure that the generated questions meet the expected
educational standards.

A human evaluation of the single best model-prompt combination evaluated during
the quantitative phase was completed to augment the automation metrics. For this evalua-
tion, twelve of the 100 MCQs were excluded from raters’ consideration due to reference to
figures and illustrations not currently available. Of the remaining 88 MCQs, two senior
clinical educators with 7 and 9 years of experience, respectively, served as raters in the
human evaluation of high-stakes examinations. Both raters create and evaluate MCQs for
summative exams routinely and are well-versed in international standards for item creation.
Because of their extensive backgrounds, no additional training workshops were required;
instead, the raters were provided with written directions regarding the particular scoring
rubrics and the scoring process. Table 5 summarizes the human evaluation dimensions and
their corresponding scoring ranges.

Each criterion contributed equally to the Overall Quality Index, so that higher usage
of dimension-stemmed items produced a higher score. This multi-dimensional human
evaluation ensured that not only was the output of the model linguistically accurate, but
that it was also pedagogically reasonable, clinically valid, and accordant with expected
educational consequences.
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Table 5. Human evaluation dimensions, definition, and scoring range.

Evaluation Dimension Definition Scoring Range
Appropriateness of the Evaluates whether the stem is correctly constructed, 0-10
question well-formed, and tests a meaningful clinical concept.

Measures the precision and unambiguity of the
Clarity and specificity question and options; assesses readability and absence ~ 0-10
of irrelevant details.

Assesses the alignment of the question with real-world

Relevance to clinical context . . . L. 0-10
medical scenarios and curricular objectives.
Quality of alternatives Examines whether distractors are plausible,
. S . . 0-10
(distractors) discriminative, and medically meaningful.
Cognitive level Rates the level of cognitive demand (recall,
, . . . . 0-10
(Bloom'’s taxonomy) comprehension, application, analysis, or evaluation).
Aggregated mean score across all dimensions,
Overall quality index representing the holistic educational quality of 0-50

the MCQ.

5. Results
5.1. Quantitative Evaluation Summary

Tables 6 and 7 summarize the results of evaluating nine LLMs across four prompting
strategies.

Table 6. Evaluation scores across model’s overall prompts.

Model puccess BLEU ROUGE-L METEOR  Parsability % g)’“ ?fnsql:"(‘;)se S;agf)ynar ‘T,;‘:fe
Gemini-15-Pro 100 0044 0.184 0.150 29 0011 25 0.073 7.35
GPT-4o 100 0064 0201 0.172 48.0 008 3.0 0.067 6.71
Claude-3-Opus 100 0065 0211 0.178 167 0225 40 0.053 5.7
Command-A 100 0015  0.118 0.090 499 0010 28 0.042 423
Mistral-Large 100 0033 0.134 0.126 243 0029 22 0.061 6.11
Falcon-7B 100 0002 0.054 0.027 100 0008 44 0.012 122
BioGPT-Large 100 0002 0.054 0.027 100 0012 55 0.010 0.98
LLaMA-3-70B 100 0479 0798 0.698 99.8 0073 85 0.094 9.39
OpenBioLLM-70B 100 0500  0.69 0613 87.5 0069 95 0.074 737

Table 7. Evaluation scores models across different types of prompts.

Model Template Quality Score g;);seistency Efficiency Score %:EOSI‘; soere gé)srt;PeLCall (S)cl:)arleifnyerfDollar
gemini-1.5-pro Zero-Shot 59.9 60 66.1 4.075 0.00047 125.02
gemini-1.5-pro Few-Shot 61.2 60 73.5 2.627 0.00027 220.03
gemini-1.5-pro CoT 77 73.9 53.7 1.965 0.00076 100.05
gemini-1.5-pro Self-Refine 79.1 722 60 4.013 0.00083 95.16
gpt-4o Zero-Shot 66.4 63.6 61.1 4.397 0.00076 86.88
gpt-4o Few-Shot 76.8 725 58.4 3.476 0.00082 92.71
gpt-40 CoT 74.5 66.2 55.9 1171 0.00086 86.21
gpt-4o Self-Refine 67.3 62.2 66.8 3.011 0.00081 82.72
claude-3-opus Zero-Shot 56 60 81.9 4.121 0.00015 357.81
claude-3-opus Few-Shot 70.1 67.6 69.8 2.119 0.00054 129.56
claude-3-opus CoT 74.6 68.1 56.7 1.355 0.00064 115.1
claude-3-opus Self-Refine 70.5 69.1 68.9 0.551 0.00016 415.13
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Model Template Quality Score gé):rseistency Efficiency Score "Il“{ie;rslgosnc soere g:);rt;Per_Call 2::;1:{:}7—[)“—1)011“
command-a Zero-Shot 42.8 60 80.3 3.001 0.00092 46.21
command-a Few-Shot 63.3 60 62.4 4.106 0.00096 65.54
command-a CoT 56.4 60 77.9 0.962 0.00073 76.94
command-a Self-Refine 46.8 60 78.2 1.897 0.00023 195.19
mistral-large Zero-Shot 38 60 65.5 1.526 0.00086 44.11
mistral-large Few-Shot 47.6 60 64.4 1.886 0.0007 67.42
mistral-large CoT 51.7 60 81.1 1.319 0.00068 75.72
mistral-large Self-Refine 50.7 60 74.3 4.068 0.00089 56.44
falcon-7b Zero-Shot 227 60 85.6 1.751 0.00059 38.19
falcon-7b Few-Shot 25.7 60 90 2.661 0.00059 43.47
falcon-7b CoT 33.8 60 83.2 1.177 0.00081 41.33
falcon-7b Self-Refine 27.5 60 90 3.148 0.00087 31.47
biogpt-large Zero-Shot 527 60 73.6 3.971 0.00099 53.06
biogpt-large Few-Shot 70.6 61.7 65.8 4.025 0.0009 78.11
biogpt-large CoT 77.9 67.3 60.6 2.658 0.00094 82.13
biogpt-large Self-Refine 78.5 714 54.3 3.011 0.00057 137.18
llama-3-70b Zero-Shot 76.3 71.7 57.6 2.612 0.00058 129.54
llama-3-70b Few-Shot 67 63.5 57.5 3.146 0.00056 119.42
llama-3-70b CoT 84.1 78.8 57.2 2.003 0.00016 504.23
llama-3-70b Self-Refine 80.3 711 62.8 3.901 0.00055 143.77
OpenBioLLM-70B Zero-Shot 64 60 75.1 2.956 0.00017 369.58
OpenBioLLM-70B Few-Shot 80.5 72.8 60.3 1.062 0.00041 194.23
OpenBioLLM-70B CoT 90.4 88.8 55.5 3.281 0.00067 134.11
OpenBioLLM-70B Self-Refine 75.2 68.5 58.2 1.088 0.00051 147.24

e  Success rate and reliability:

All models achieved similar levels of API stability (>99% of overall completion across
runs), suggesting high overall performance in both prompt responses and reply prompts
(Table 6).

e  Operational efficiency:

The median response times showed wide variation (Table 6). The fastest responses
were observed for Mistral-Large (2.2 s) and Gemini-1.5-Pro (~2.5 s), followed by Command-
A (2.8 s) and GPT-40 (3.0 s). Larger and instruction-tuned models demonstrated longer
latencies, including Claude-3-Opus (4.0 s), Falcon-7B (4.4 s), BioGPT-Large (5.5 s), LLa-MA-
3-70B (8.5 s), and OpenBioLLM-70B (9.5 s). Cost analysis indicated a corresponding spread
in cost per response, ranging from approximately USD 0.011 (Gemini-1.5-Pro) to USD 0.225
(Claude-3-Opus), with LLaMA-3-70B and OpenBioLLM-70B averaging around USD 0.073.

e  Structural quality (parsability rate):

As stated in Table 4, the parsability of LLaMA-3-70B was the highest (approximately
99.8%), which indicated that it was close to perfectly applying the predetermined JSON
or MCQ schema. OpenBioLLM-70B achieved the second-highest structural completeness,
with a score of approximately 87.5%. Falcon-7B and BioGPT-Large reached close to 100%
completeness, although their outputs showed weaker semantic validity. Mistral-Large and
Gemini-1.5-Pro showed moderate structural reliability (approximately 40-60%), but a better
finding was identified with regard to the provision of prompting templates (Few-Shot or
CoT) for improving structural reliability.

e  Automatic text-similarity metrics:
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Results obtained with the evaluation metrics, BLEU, ROUGE-1/2/L, and METEOR
(Table 6), showed that OpenBioLLM-70B and LLaMA-3-70B have the highest textual fitness
relative to the references. OpenBioLLM-70B scored highly: BLEU = 0.50, ROUGE-L ~ 0.696
and METEOR = 0.613, while LLaMA-3-70B obtained: (BLEU ~ 0.48, ROUGE-L ~ 0.632,
METEOR == 0.598), closer to an average of 0.5.

Mid-tier models, namely GPT-40 and Claude-3-Opus, showed good overlap scores,
but not as high as the top models’ overlap scores, while Gemini-1.5-Pro and Mistral-Large
provided comparatively moderate quality by concentrating on speed and costs rather than
on linguistic accuracy. Command-A, Falcon-7B, and BioGPT-Large produced the lowest
BLEU/ROUGE/METEOR scores. Their outputs often mismatched the reference stems and
distractors, indicating difficulties in aligning with those components.

o  Cost-effectiveness and composite utilities:

When normalized for response latency and estimated cost (Table 6), cost-adjusted compos-
ite indices (Quality-per-Dollar and Quality-per-Second) favored models balancing accuracy and
efficiency. The leading configurations clustered around LLaMA-3-70B + CoT, Claude-3-Opus
+ Self-Refine, and OpenBioLLM-70B + CoT/Zero-Shot. Among these, LLaMA-3-70B + CoT
demonstrated the optimal trade-off between generation quality, structural compliance, and time
efficiency, emerging as the overall top performer in this evaluation.

5.2. Effect of Prompt Strategy

Strategies for prompt engineering were found to have a consistent and significant effect
on the number and quality of MCQ produced for all models evaluated. The distribution of
the global performance metrics for the different prompting methods, the model-template
interactions, and the efficiencies adjusted for cost are shown in Figures 1-3. Performance
showed clear improvements based upon the prompting paradigms used:

CoT > Self-Refine > Few-Shot > Zero-Shot

(a) Average Quality Score by Template Type (b) Template Performance Distribution Across All Models
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Figure 2. Effect of prompt engineering strategies on MCQ generation quality.
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Figure 3. Interaction between model and prompt engineering strategy.

5.2.1. Overall Prompt Strategy Performance Analysis
(a) Average Quality Score by Prompt Strategy Type

As illustrated in Figure 2a, a clear hierarchical trend was observed across the four
prompting paradigms. CoT achieved the highest mean quality score (68.9/100), followed
by Self-Refine (64.0), Few-Shot (62.5), and Zero-Shot (53.2).

The large gap in performance between the CoT and other strategies indicates the
importance of explicit reasoning for improving medical MCQ generation, particularly
where contextual inference and key-selection logic are needed. Self-Refine improved output
clarity and formatting accuracy through iterative self-correction, while Zero-Shot produced
a poorer result, indicating limitations on unguided generation for complex structured
output.

(b) Prompt Strategy Performance Distribution Across All Models

In Figure 2b, the variations in performance across models are illustrated in terms
of box-plot statistics showing interquartile ranges. Templates for CoT and Self-Refine
produced not only higher median results, but also corresponding smaller interquartile
ranges, indicating that the output quality across those models of varying capacity was
stable and readily predictable. However, Zero-Shot performance showed the broadest
spread and had several outlier low performances, indicating an unstable performance and
a higher incidence of generation errors (e.g., incomplete responses unrelated to the prompt
or case, and incorrectly formatted outputs). Few-shot performance templates showed
moderate variances in the results, which indicate that small examples, given in context,
served to increase response reliability but not to sustain stability of generative behavior
compared with reasoning-based prompts.
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(¢) Quality vs. Consistency Relationship

As illustrated in Figure 2c, there is a positive, linear correlation between overall quality
and consistency scores. The high-capacity models (OpenBioLLM-70B and LLaMA-3-70B)
delivered high-quality outputs and showed highly consistent behavior across CoT and
Self-Refine prompting. The CoT (red) and Self-Refine (yellow) clusters could be found in
the upper right quadrant, showing both areas of high quality and consistency. Zero-Shot
(green) samples cluster around the lower left areas, confirming that the lack of contextual
scaffolding leads to more erratic outputs. Finally, Few-Shot (blue) points formed a middle
band, confirming that moderate increases occurred both in stability and quality when few
examples were given.

(d) Quality vs. Efficiency Comparison

The efficiency and quality metrics over templates are depicted in Figure 2d. The
CoT prompts demonstrated the most balanced trait, producing high-quality output with
reasonably high efficiency metrics. The Self-Refine prompting was slightly less efficient to
compete with due to the number of individual interactions that are involved in its iterative
reasoning, but it retained near-equal quality scores. The Few-Shot prompt produced similar
efficiency to that of Self-Refine, with lower accuracy, while the Zero-Shot prompt was
the quickest but demonstrated the lowest quality scores, due to the amount of overhead
for corrections and parsing involved. This reinforces the idea that optimized versions of
reasoning traces (as opposed to minimal prompts) are key to producing cost- and time-
effective results rather than generating long, unnecessary-style text.

Therefore, analyses have shown that reasoning-oriented prompting (particularly CoT
and Self-Refine) yields better and more consistent performance in medical Case-based MCQ
generation in both linguistic and structural aspects. Meanwhile, few-shot is a practical
middle ground for mid-tier models, while zero-shot tends to produce lower-quality outputs.

5.2.2. Model-Prompt Interaction Analysis

(a) Model-Template Performance Heatmap

In Figure 3a, the performance heatmap (scores 0-100) shows distinct interaction
patterns for model families and prompting strategies. OpenBioLLM-70B, given the CoT
template, scored the highest in total (90.4), while LLaMA-3-70B (84.1, CoT) and Gemini-1.5-
Pro (79.1, Self-Refine) followed. Mid-range performers, like GPT-40 and Opus Claude-3,
had moderately quick (= 74-77) responses by prompting via multiple templates, while
those with architectures a little smaller in size, such as Mistral-Large, Command-A, and
Falcon-7B, were completely outperformed, especially in the cases of Zero-Shot (scores < 45).
For all models and varieties, CoT itself produced the highest average quality presentation
of all (68.9), which was a result of its more marked ability for structured responses and
correct key acquisition, and where Zero-Shot methods produced the lowest scores from the
lack of guiding clues and incomplete reasoning behind answers given.

(b) Best Prompt Strategy Template per Model

The scores reported in Figure 3b reflect the best-performing prompt for each model.
This indicates that the higher reasoning or refinement structure always converges to its
maxima for the models. The highest capacity models of OpenBioLLM-70B (90.4) and
LLaMA-3-70B (84.1) had CoT as the best prompt, providing a distinct advantage to having
a CoT for architectures that have long context. The best prompt for the models of Gemini-
1.5-Pro (79.1) and BioGPT-Large (78.5) was Self-Refine, providing syntactically correct
outputs through self-iterative reasoning. For GPT-40 (76.8) and Command-A (63.3) the best
results were garnered with the use of Few-Shot, where stability in the format was gained
through sample-based structures
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The smaller models, Mistral-Large (51.7) and Falcon-7B (33.8), received only limited
improvement, although CoT improved their logical coherence with respect to unguided
prompting to a small extent.

(c) Prompt Strategy Template Effectiveness by Model Group

Figure 3c combines the average template performance over the four capability tiers
(Basic, Mid-Range, Strong, and Top Performers). The stratified pattern indicates the scala-
bility of the advantages of structured prompting. Among the top performers, CoT averaged
87.2, beating Self-Refine (77.8) and Few-Shot (73.8), while Zero-Shot did the worst, with
70.2. Within Strong Models, Self-Refine (72.3) provided the most consistent improvements,
reinforcing the part played by iterative self-correction in medium-capacity architectures.
In Mid-Range and basic models, the performance gaps between templates were small
(<5 points), indicating that the limited reasoning depth operational in such models pre-
vents them from fully exploiting the complex ideas of structured prompting.

This implies that CoT prompting is likely the most effective way to scale large biomed-
ical LLMs for producing high-quality MCQ items. It works particularly well when the
model is guided through explicit reasoning steps. Self-Refine offers a useful alternative
for models with limited context windows, helping them reach deeper reasoning levels.
This, in turn, improves both structural and semantic quality. Few-Shot prompting is still
a reasonable enough compromise in terms of examples given in trials, but Zero-Shot is
always at a disadvantage by not being able to embed itself around the specifics of the task
against which it is being compared. This sophisticated stepwise manner of progression
might perhaps also be tentatively correlated with theories of management of educational
cognitive-process questions, in which the question structures and reflective refinements are
similar to the cues that human-expert item writers are accustomed to.

5.2.3. Cost-Effectiveness and Time-Efficiency Analysis
(a) Costvs. Quality Relationships

As shown in Figure 4a, the scatter distribution between cost per call and quality score
reveals a lack of correlation trend—higher-quality outputs are not necessarily associated
with higher costs. In this plot, each color represents a prompting strategy, and each point
within a color corresponds to a different model using that strategy. CoT and Self-Refine
templates clustered in the upper-left region of the plot, reflecting strong quality at moderate
cost, while Zero-Shot and Few-Shot prompts occupied lower regions due to weaker output
quality and higher correction overhead. This pattern highlights the cost-efficiency of
structured reasoning frameworks, where incremental processing time is compensated by
superior text quality, interpretability, and reusability of generated MCQs. On average,
the most cost-effective prompts yielded over 2.5x higher quality-per-dollar ratios than
unguided generations. Here, Cost is measured in milli-dollars (1 milli-dollar = 0.001 USD).

(b) Top 10 Most Cost-Effective Model- Prompt Strategy Template Combinations

Figure 4b ranks the top ten configurations by quality score per U.S. dollar (x103),
consolidating the findings across both performance and cost metrics.
The leading combinations were dominated by reasoning-oriented templates:

e LLaMA-3-70B + CoT (504);
e  Claude-3-Opus + Self-Refine (415);
e OpenBioLLM-70B + Zero-Shot (358).

Interestingly, OpenBioLLM-70B achieved a favorable balance between high reasoning
quality and low API cost, while Claude-3-Opus demonstrated strong cost-adjusted returns
for self-refine prompts. Mid-tier systems, like Command-A (220, Few-Shot) and Gemini-1.5-
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Pro (195, Self-Refine), also performed competitively, suggesting that structured prompting
mitigates cost-performance disparities among differently sized models.

(c) Time Efficiency by Prompt Strategy

The Quality-Per-Second analysis (Figure 4c) quantifies temporal efficiency. CoT again
ranked first (39.0), substantially exceeding Self-Refine (23.3), Few-Shot (22.4), and Zero-Shot
(16.9). Despite CoT’s longer reasoning traces, its high-quality outputs yield the best overall
efficiency ratio once normalized by completion time.

The results imply that structured reasoning reduces the need for regeneration or post-
editing, thus improving end-to-end workflow efficiency. Self-Refine templates, although
slower, produce stable text quality that works well for semi-automated MCQ workflows
where slower review times are acceptable.

(d)

Prompt Strategy recommendations by use case

The recommendation table (Table 8) summarizes this section findings into prac-
tical guidance for educational and clinical Al applications. For high-accuracy tasks,
OpenBioLLM-70B + CoT (90.4), LLaMA-3-70B + CoT (84.1), and BioGPT-Large + Self-Refine
(78.5) proved most effective. For cost-sensitive or time-critical situations, Claude-3-Opus +
Self-Refine (70.5) and OpenBioLLM-70B + Zero-Shot (64.0) provided the best balance. This
highlights that choosing the right prompt strategy depends on available computational
resources and the educational or operational goals of MCQ generation system.
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Figure 4. Trade-offs between quality, cost, and latency across prompt strategies and models.
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Table 8. Prompt Strategy recommendation by model.

Category Model + Prompt Strategy Score
High Accuracy OpenBioLLM-70B + Chain-of-Thought 90.4
High Accuracy llama-3-70b + Chain-of-Thought 84.1
High Accuracy OpenBioLLM-70B + Few-Shot 80.5
High Accuracy llama-3-70b + Self-Refine 80.3
High Accuracy gemini-1.5-pro + Self-Refine 79.1
Cost Effective llama-3-70b + Chain-of-thought 84.1
Cost Effective claude-3-opus + Self-Refine 70.5
Cost Effective OpenBioLLM-70B + Zero-Shot 64.0

In conclusion, CoT prompts achieve the highest utility normalized for cost and time,
confirming their place as the strongest overall candidate for the generation of high-fidelity
educational resources based on reasoning. Self-Refine prompts also represent a strong
second-best alternative which works particularly well with mid-capacity biomedical mod-
els, as the balance between output clarity, output design, and cost appears optimal. Con-
versely, Few-Shot is a viable lightweight alternative for very low-cost output generation,
while Zero-Shot continues to be inefficient for the highly specialist type of knowledge-
through-reasoning tasks due to its instability and subsequent editing requirements. In
conclusion, the multimodal triangulation process to assess quality, cost, and time supports
the finding that utilizing a structured approach with repeat iterations produces the best
overall trade-off between quality, cost, and time in the development of automated medical
MCQs and resource efficiencies in this process.

5.2.4. Comparative Insights and Educational Implications

In summary, the comparative analysis across prompt strategies shows that structured
reasoning (CoT) and iterative self-correction (Self-Refinement) substantially improved the
quality, consistency, and clinical validity of automatically generated medical case-based
MCQs. These techniques not only achieved improved textual similarity and structural
accuracy but also produced more consistent question-answer congruence across differ-
ently capable models. From an educational design perspective, this mirrors human expert
reasoning processes in question formulation, where explicit diagnostic justification and
reflective review lead to high pedagogical quality. In contrast, Few-Shot prompting yields
moderate benefits in both efficiency and response stability, making it a useful alternative for
mid-range models or time-constrained applications. Zero-shot prompting, while computa-
tionally cheaper, consistently shows deficits in diagnostic accuracy, distractor relevance,
and Bloom'’s taxonomy match, all of which would indicate limited applicability for pro-
fessional medical assessment. In total, these results indicate that reasoning-augmented
prompting paradigms, especially CoT and Self-Refinement, are the most effective routes
to LLMs outputs that are aligned with human-written educational standards. The perfor-
mance advantage extends beyond verbal fidelity to include validity of content, cognitive
congruence, and cost-effectiveness, and, therefore, leads to an effective way of scaling
evidence-supported automation in medical question generation systems.

5.3. Human Evaluation Results

Alongside automated text-based metrics, a human validation study was performed
using the single best-performing model-prompt combination, which was OpenBioLLM-70B
with CoT prompting. This model-template pair received the highest overall quality score
in the quantitative evaluation phase and provided a consistently superior performance to
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all other combinations in terms of linguistic fidelity, clinical reasoning quality, and template
robustness. The human validation study evaluated only the single best-performing config-
uration to ensure that expert time was spent analyzing student work that produced the
most pedagogically meaningful output and accurately represented the best-case scenario
for quality of LLM-generated MCQ selection. Each MCQ was scored on a 0-10 scale across
five widely used educational quality dimensions:

(1) Appropriateness of the question;

(2) Clarity and specificity;

(3) Relevance to clinical context;

(4) Quality of alternatives (distractors);
(5) Cognitive level (Bloom’s taxonomy).

Expert-Level Scoring Trends

A consistent rating difference was observed between the two evaluators, as shown in
Table 9.

Table 9. Human expert evaluation of MCQs generated using OpenBioLLM-70B with Chain-of-
Thought prompting (n = 88).

Metric (0-10 Evatuation Pnation  Mean
Appropriateness of the question 8.33 6.18 7.25
Clarity and specificity 8.22 6.48 7.35
Relevance to clinical context 8.69 6.45 7.57
Quality of alternatives (distractors) 7.47 6.11 6.79
Cognitive level (Bloom's taxonomy)  7.79 6.29 7.04

Total Score (0-50) 39.57 31.52 35.54

e  Expert 1 (Higher Rater—a senior academic with 9 years’ experience in high-stakes
medical examination construction and vetting) provided generally more favorable
assessments, with average scores across metrics ranging from 7.47 to 8.69, and a total
composite score of approximately 39.57/50.

e  Expert 2 (Stricter Rater—a senior consultant and chair of an exam committee in a
national residency program, with 7 years’ experience in exam blueprinting, item
writing, and quality assurance) displayed more conservative scoring behavior, with
mean scores ranging from 6.11 to 6.48, and a total composite score of 31.52/50.

Though there was a difference in the overall rating scores, both raters demonstrated
similar rank order across the five criteria, indicating strong agreement with respect to the
generated items’ relative strengths and weaknesses.

Metric-Specific Findings

For both raters, relevance to clinical context accounted for the highest average com-
bined rating (7.57), indicating that OpenBioLLM-70B + CoT was at least sufficiently able to
preserve clinical meaning as it applies to actual diagnosis, investigation, and management
functions that a clinician would utilize in practice. In terms of Appropriateness, Clarity,
and Cognitive level ratings (7.25-7.35), the generated items appeared structurally coherent
within the MCQ stem and demonstrated moderately strong reasoning alignment with
Bloom’s taxonomy. Both raters assigned the lowest rating to “Quality of alternatives (dis-
tractors)” (6.79), fading to the lowest score indicating the plausibility and discriminatory
value of distractors is the primary area for improvement, even in the best condition. This
concern aligns with a recognized issue in the literature on automated MCQ generation,
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where distractors should reflect precise medical nuance and require discipline-specific
reasoning.

Observations and Implications

Comparing their scores, both raters were consistently biased towards strictness and
verification by order, as Expert 2 scored lower than Expert 1 for each item. This finding is
seemingly a publication style preference rather than a difference in understanding, as both
raters provided relatively similar ranked orders across criteria.

Future studies could consider a score normalization approach (e.g., z-scores) to control
for scale differences specific to each rater prior to calculating aggregate scores. From a
content development perspective, if continuous iteration is to be learned from the overall
observation that both raters identified distractor quality as a common low ratings dimen-
sion, then scenarios, prior to the presentation of the items, should prioritize distractor
plausibility and clinical validity balanced by cognitive challenge.

Overall, human validation of the highest rating scheme (OpenBioLLM-70B + CoT)
was re-established as a system that produces reasonably high MCQs with clinical rele-
vance, structural clarity, and strong cognitive alignment, while once again suggesting
overall distractor construction or quality where primary improvement is required. Overall,
this focused set of evaluations supports an augmented and reliable upper bound on the
achievable mean of items that can be developed and demonstrate success.

6. Limitations

The findings of this study should be interpreted with caution due to a few limitations.
Although nine LLMs and four prompting techniques were assessed in this study, the expert
validation step evaluated only one of the highest-performing model/prompt combinations
(OpenBioLLM-70B + CoT). This restriction allowed for a more efficient use of expert time,
focusing only on clinically relevant results, but it limited the ability to perform direct
comparisons of human ratings across all combinations of models and prompts. Second, the
expert review was performed by two raters who had different baseline scoring patterns.
This finding suggests that there were systematic differences in their levels of stringency
when evaluating the responses. Summary averages were provided, but future analyses
may also include normalization of the ratings by rater and inter-rater reliability calculations.
Third, the automated metrics assessed in this study (BLEU, ROUGE, and METEOR) provide
a limited proxy for clinical reasoning quality, as they primarily measure surface-level
text similarity. Furthermore, since these metrics did not consider how often distractor
choices could be plausible responses during evaluation, there was a reduced comparison of
qualitatively different valid answer choices. These metrics were used to validate objective
and reproducible comparisons across models; however, they were inadequate for measuring
educational validity. Therefore, educational validity was assessed through human expert
evaluations. Finally, the evaluations were based on the use of case vignettes collected
from the same institutional dataset and may not be accurately representative of other large
clinical training programs or specialty-specific test items.

7. Future Work

Future studies could improve human validation across multiple model-prompt com-
binations by using expert assessment to determine the validity of various combinations
throughout the entire range of performance. Studies should rely on a larger sample of
clinical educators and the use of standardized psychometric measures (e.g., discrimina-
tion index, distractor efficiency, cognitive level mapping) to increase generalizability and
allow for more precise benchmarking. In addition, future studies will incorporate cross-
evaluation, whereby multiple independent clinical educators assess MCQs generated across
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different model-prompt combinations, to reduce evaluator bias and strengthen robustness
and generalizability. Studies should also integrate retrieval-augmented generation (RAG)
via the use of domain-based sources (e.g., UpToDate, PubMed) to improve evidence-based
distractor generation. A promising direction is to investigate multi-stage pipelines where
an LLM generates the MCQ, another model critiques or refines it, and a final stage applies
quality filters before expert review. Longitudinal studies could also examine how LLM-
generated items perform when deployed in real student assessments. Also, we will focus
to extend this current proposed evaluation framework to be able to evaluate and compare
new released LLMs when they can be documented and reproduced sufficiently, in order to
be able to perform systematic evaluations between the newly released LLMs with currently
available models and use the same methodology.

8. Conclusions

This study, a multi-axis evaluation of nine LLMs and four prompting strategies, allows
us to establish that prompting strategy and model selection affect the quality of generated
assessment items through the application of textual fidelity metrics, structure parsability
metrics, cost-latency profilers, and expert validation. We see that using CoT prompting
produced the best results with respect to coherence, alignment with clinical reasoning,
and parsability distractor quality. The Medical model OpenBioLLM-70B with CoT had the
highest performance out of all evaluated models, with optimal levels of language quality,
clinical relevance, and operational efficiency. An expert reviewer’s assessment of this CoT
configuration established a strong evidence base for its educational validity. However,
distractor quality is the primary area requiring further improvement. The variability
of expert reviewers also shows a need for an established rubric for assessing human
reviewers. In conclusion, we demonstrate that the capabilities of state-of-the-art LLMs in
generating medical questions can be enhanced by applying clean, structured prompting to
reliably help generate questions and provide a cost-effective and scalable way to generate
medical questions from credentialed sources. These findings lay the groundwork for
an expandable, reproducible evaluation framework that provides all institutions with
actionable recommendations to integrate LLM-Assisted MCQ generation into medical
educational and assessment workflows.
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