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Abstract

Answer explanations for medical multiple-
choice questions (MCQs) are a valuable learn-
ing tool, but producing them is resource-
intensive. Writing high-quality explanations
requires specialized medical expertise and care-
ful alignment with the keyed answer, distrac-
tors, and the clinical vignette. This paper evalu-
ates whether a template-aware, retrieval-guided
large language model (LLM) workflow can
support this production task in a real forma-
tive assessment setting. Using a 50-item med-
ical education self-assessment, we compared
Al-generated and expert-written MCQ explana-
tions in a blinded study involving eight medi-
cal faculty and sixteen medical students. Each
participant rated 25 of 50 paired explanations
on clarity, amount of information, and struc-
ture. The clearest empirical difference was
in amount of information: Al-generated ex-
planations were rated significantly higher than
expert-written explanations in a cumulative link
mixed model analysis (OR = 1.99, 95% CI
[1.33,2.99], p = 0.001). Ratings of clarity and
structure did not differ significantly between
conditions. Based on faculty ratings, a smaller
proportion of Al-generated explanations were
judged to require correction (20%) compared
with expert-written explanations (38%). These
findings suggest that Al can reduce first-draft
authoring effort in explanation writing while
still requiring expert review to ensure content
accuracy.

1 Introduction

Multiple-choice questions (MCQs) are a central
component of clinical education and assessment,
yet their instructional potential often extends be-
yond the selection of a correct answer. In many
clinical learning tools, MCQs are accompanied by
narrative explanations that justify why the correct
option is appropriate and why the alternative op-
tions are incorrect (see Appendix A for an example

MCQ and explanation). These explanations typi-
cally outline the relevant clinical concepts, diag-
nostic reasoning, or guideline-based considerations
that underlie the item, making the expert reasoning
process more transparent to learners. By explic-
itly articulating the logic behind answer choices,
answer explanations can help students connect fac-
tual knowledge with clinical decision-making, re-
inforce key principles, and clarify common mis-
conceptions. As a result, they have the potential
to transform MCQs from purely evaluative instru-
ments into powerful learning tools that support the
development of clinical reasoning.

While valuable as learning support instruments,
writing answer explanations for medical self-
assessment questions is resource-intensive, which
limits the availability of such materials. This is
largely due to the strict criteria these explanations
must satisfy to be pedagogically useful. Each ex-
planation must justify the correct answer, explain
why distractors are incorrect, remain faithful to the
clinical vignette, and conform to an editorial style
that supports instruction (Ch’en et al., 2025). In
practice, therefore, producing high-quality expla-
nations involves more than clinical expertise alone;
it also requires careful editing and review to ensure
clarity, accuracy, and consistency.

Large language models (LLMs) offer a possi-
ble way to reduce this drafting burden. Prior work
has shown strong LLLM performance on medical
question answering and medical explanation tasks
(Singhal et al., 2023, 2025). However, most of this
literature has focused on answer accuracy and ex-
planation correctness on benchmark datasets rather
than the production of pedagogically valuable ex-
planation drafts in real assessment workflows (Kim
et al., 2024; Alonso et al., 2024; Chen et al., 2025).
That gap matters because educational explanation
writing requires not only domain reasoning, but
also adherence to instructional goals, editorial con-
ventions, formatting requirements, and expert qual-
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ity control; it is also a workflow task shaped by
editorial and quality control procedures.

This paper makes two main contributions. First,
we develop a pipeline for generating answer expla-
nations for clinical MCQs using Al. The pipeline
is designed to produce explanations that address
both the correct answer and the distractors while
adhering to instructional conventions used in med-
ical education materials. Second, we evaluate the
quality of the generated explanations in a compara-
tive study with expert-written explanations. Using
blinded evaluations from 8 clinical faculty mem-
bers and 16 medical students, we find that Al-
generated explanations perform comparably to or
better than expert-written explanations on clarity,
amount of information, and structure.

2 Related Work

Prior work shows that LLMs can perform strongly
on medical question answering (QA) benchmarks
and that domain adaptation and prompting can
further improve performance on medical QA and
long-form medical responses, but this literature has
largely emphasized answer accuracy rather than
the quality, reliability, or educational usefulness of
the accompanying explanations (Jin et al., 2021;
Singhal et al., 2023, 2025; Chen et al., 2025). This
motivates our focus on evaluating explanation qual-
ity directly rather than treating the explanations as
a by-product of answer prediction.

Our method is also related to work on retrieval-
augmented generation, in-context example re-
trieval, and post-generation refinement and verifi-
cation. Retrieval can improve knowledge-intensive
generation, and the choice of in-context exam-
ples can substantially affect downstream LLM
performance (Lewis et al., 2020; Wang et al.,
2024). Our expert-guided prompt iteration and
post-generation checks are also informed by work
on automatic prompt optimization, self-refinement,
and verification-based decoding (Pryzant et al.,
2023; Madaan et al., 2023; Dhuliawala et al., 2024).
However, prior work does not directly address the
question studied here: whether a retrieval- and
prompt-based LLM workflow can generate answer
explanations for real medical self-assessment items
that are acceptable under expert review and compa-
rable to expert-written explanations.

3 Dataset

The study used two data sets, each consisting of 50
MCQs, from a self-assessment program for medi-
cal students in the clinical stage of their training.

Set 1 served as the reference set and included
MCQs with corresponding explanations that were
used in the system prompts. Set 2 was the ex-
perimental set. Although it also contained expert-
written explanations, these were not used during
Al generation; instead, they were reserved for the
later human evaluation, where Al-generated ex-
planations were compared with the expert-written
explanations for Set 2.

In addition to the two sets of items and expla-
nations, two internally developed explanation tem-
plates reflecting existing editorial standards were
provided — a General template for areas like ba-
sic science and biostatistics, and a Clinical tem-
plate for areas that focus on patient management
workflows. These templates guided the expected
organization and level of detail in the generated
explanations.

Each item within the sets included three dis-
tinct metadata tags: Content Area - the spe-
cific medical topic, coded hierarchically, e.g.,
Multi: acid-base disorders; Competency
Group - the targeted physician competency, e.g.,
B2 Laboratory/diagnostic studies; and Tem-
plate Type - the explanation template structure as
either General or Clinical, determined by an LLM.
There were 49 content areas and 13 competency
groups represented in the dataset.

4 Methodology

When creating answer explanations for MCQs, we
face three main challenges.

First, different explanations need to follow dif-
ferent templates depending on their content, as ex-
plained in the previous section. Therefore, one of
our first tasks given a new item is to perform a bi-
nary classification step to correctly classify it into
the template most appropriate for its content. Our
approach to this task is described in section 4.1.
Next, we need to determine the most appropriate
items from our reference set that can be used for
few-shot prompting. This task is challenging, be-
cause the items in the reference set cover multiple
topics, content areas and tasks, and relevance can
be determined across multiple dimensions. Our
approach to this task is described in section 4.2. Fi-
nally, the generation is performed using an agentic
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structure with Expert-in-the-Loop (EITL) calibra-
tion, as described in Section 4.3.

Figure 1 provides an overview of the approach
and the following sections describe each step.

Context Prey

Reference
Dref

Input Template r Dynamic
ltem ¢ Classifier Retrieval

Top-k

( GPT-5 Generated
L Generator Explanation
Figure 1: The workflow Architecture. Input items are

routed via a classifier to retrieve context, which is then
fed alongside the original input into the generator.

4.1 Dataset Stratification and Template
Classification

To optimize the generation process for domain
specificity, we employ a schema-aware preprocess-
ing strategy that segments the reference corpus
(Set 1), Dy, into distinct reasoning templates -
Clinical template and General template. Correctly
routing input items to these templates is critical
for correctly organizing the information in the ex-
planations. We implement a hybrid classification
pipeline that processes each target item ¢ to as-
sign a template category 7" € {Tinical, Tgeneral }-
The primary classification is performed by a large
language model (GPT-5) which analyzes the se-
mantic content and the metadata tags of the item.
To reduce misclassification, we also used a deter-
ministic keyword-based fallback for items with un-
certain template assignments, like in domains such
as biostatistics and epidemiology. This hybrid ap-
proach significantly reduces noise in specialized
domains where purely semantic vector matching
may struggle to distinguish between subtle sub-
competencies.

4.2 Hierarchical Dynamic Few-Shot Retrieval

Because LLMs outputs can be sensitive to the
choice of in-context examples, fixed few-shot
prompts may be poorly aligned when a query item
differs in subdomain, competency, or explanation
format. Prior work has shown that retrieval and
example selection can substantially affect down-
stream LLLM performance.To address this, we dy-
namically retrieve a small set of exemplars for each
query item ¢ from a reference pool D,..r. Rather

than relying only on semantic similarity, we rank
candidates using a hierarchical relevance scheme
that first prioritizes metadata alignment and then
uses textual overlap as a secondary signal.

Specifically, the ranking favors exact matches
on the full Content Area code, then broader partial
matches on the Content Area prefix, followed by
matches on Competency Group and Template type.
Lexical overlap between the query and candidate
item is used to refine the ordering among otherwise
suitable examples. This strategy encourages the
retrieved exemplars to match not only the topic
of the item but also its instructional framing and
expected explanation style. We then insert the top-
k examples (with & = 3) into the prompt, yielding a
query-specific few-shot context that is more stable
and better aligned than a static prompt.

4.3 Iterative Optimization and Generation

The generation phase employs GPT-5 as the back-
bone reasoning engine. Prior to large-scale infer-
ence, we perform an Expert-in-the-Loop calibra-
tion phase to align the model’s output with the
specific pedagogical voice of the assessment. This
process treats prompt engineering as a discrete op-
timization problem (Pryzant et al., 2023), where
the objective function is the satisfaction score of a
human Subject Matter Expert (SME). In our case,
the SME was an editor expert with no clinical back-
ground but with experience in editing MCQ ex-
planations for clarity and consistency. In each it-
eration ¢, the system generates a batch of expla-
nations R; using prompt ;. The SME evaluates
these outputs for consistency, format, style guide-
lines, and presentation logic, providing unstruc-
tured natural language feedback F;. We utilize a
meta-prompting strategy to inject this feedback into
the prompt instructions, deriving a refined prompt
P,11. This iterative cycle continues until the SME
confirms that the outputs consistently meets the
required standard without further intervention, en-
suring the instructions generalize well to unseen
data (Shah, 2025). Following prompt calibration,
the system executes the inference pipeline. To mit-
igate the risk of hallucinations—a critical failure
mode in medical QA—we implement a determin-
istic self-correction loop. The system parses the
generated output to verify that every distractor op-
tion is explicitly addressed and logically refuted. If
the parser detects missing components or structural
inconsistencies, an automated “nudge” prompt trig-
gers a regeneration pass. This iterative refinement
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helps make the final output more structurally com-
plete and better aligned with the target explanation
style (Madaan et al., 2023) . Medical consistency
was assessed separately through expert review and
the blinded comparative study.

5 Study Design and Findings

We evaluated the 50 Al-generated explanations
through an external rating study by comparing them
to the 50 existing expert-written explanations for
corresponding MCQs in Set 2.

The study used a balanced incomplete block de-
sign implemented in Qualtrics. For each Set 2
MCQ, participants evaluated two explanations: one
Al-generated explanation and one expert-written
explanation. The source of each explanation was
blinded. Each participant rated explanations for
25 of the 50 MCQs. Participants included 8 med-
ical faculty members and 16 third-year medical
students. In the faculty group, each MCQ was
evaluated by four faculty members; in the student
group, each MCQ was evaluated by seven to nine
students.

After reading an explanation, participants rated
its clarity, amount of information, and structure
on a three-point scale (Poor, Fair, Good). Faculty
also indicated whether an explanation needed cor-
rection, and both groups could provide optional
open-ended comments. For inferential analysis, we
fit separate cumulative link mixed models for the
three rated dimensions with fixed effects for expla-
nation type, rater group, and their interaction, plus
random intercepts for rater and question.

Table 1 shows that average ratings were high
for both sources, especially for clarity and struc-
ture, where scores clustered near the upper end of
the three-point scale. This ceiling effect helps ex-
plain why source differences on those dimensions
remained small. Even so, Al explanations received
slightly higher mean ratings than expert-written ex-
planations in all six source-by-group comparisons.
Median-based summaries pointed in the same di-
rection (see Table 2).

The clearest advantage for Al appeared in the
amount-of-information dimension. A cumulative
link mixed model estimated that Al explanations
were nearly twice as likely as expert-written expla-
nations to receive a higher rating (OR = 1.99, 95%
CI [1.33,2.99], p = 0.001). Neither rater group
nor the interaction between rater group and expla-
nation type was statistically significant, suggesting

that faculty and students did not differ systemati-
cally in their rating patterns and that the relative
advantage of Al explanations was similar across
both groups.

Lastly, faculty flagged fewer Al explanations
than expert-written explanations for needing cor-
rections: 10 of 50 AI explanations (20%) versus
19 of 50 expert-written explanations (38%). Most
flagged cases were identified by only one reviewer,
suggesting subjectivity.

6 Conclusion

This study demonstrates that a retrieval-guided
LLM pipeline can generate explanations for MCQs
that are comparable to expert-authored explana-
tions under blinded human evaluation. Across both
faculty and student raters, Al explanations matched
expert explanations on clarity and structure and
were rated significantly higher on the amount-of-
information dimension. These results suggest that
LLM-assisted workflows can meaningfully support
the production of MCQ explanations in medicine.
A strength of this study is its inclusion of both clin-
ical faculty and medical students, allowing expla-
nation quality to be assessed from the perspectives
of expert reviewers and intended learners.

However, even highly rated Al explanations oc-
casionally included verbosity, stylistic inconsisten-
cies, or unsupported clinical details, necessitating
expert review. Rather than investing effort in draft-
ing explanations from scratch, experts can focus on
review, calibration, and targeted revision to ensure
clinical accuracy and pedagogical quality. More
broadly, these results point to a practical role for Al
in assessment development pipelines: accelerating
the generation of high-quality first drafts while pre-
serving expert oversight as the central mechanism
for maintaining reliability and trust.

7 Limitations and Ethical Considerations

This study has several limitations. First, the eval-
uation was conducted on a single set of medical
self-assessment explanations from one assessment
context and therefore reflects one content domain
and one editorial style rather than a fuller range of
medical assessment materials. Second, the external
review sample was modest (8 faculty and 16 third-
year medical students, all U.S.-based), and each
participant rated only a subset of explanation pairs
under a balanced incomplete block design. Third,
the three-point Poor/Fair/Good scale reduced re-
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Students Faculty
Dimension Expert Al Expert Al
Clarity 2.82(0.44) 285(041) 2.79(046) 2.86(0.38)
Amount of information ~ 2.32 (0.70) 2.50 (0.66) 2.46 (0.57) 2.62(0.63)
Structure 2.78 (0.46) 2.81(0.44) 2.75(0.51) 2.82(0.41)

Table 1: Mean (SD) ratings by rater group and explanation source.

Students Faculty
Dimension Expert AI  Expert Al
Clarity 3(0) 3(0) 3(0) 3(0)
Amount of information 2(1) 3(1) 2(1) 3(1)
Structure 3(0) 3(0) 3(0) 3(0)

Table 2: Median and interquartile range of medians across explanations.

spondent burden for a lengthy rating task, but it
also compressed variation and likely contributed to
ceiling effects on clarity and structure.

From an ethical and operational perspective, we
frame this work as Al-assisted content generation
within a human-reviewed editorial process, not as
replacement of human expertise. In this study,
generated explanations remained subject to edi-
tor screening and expert review for clarity, align-
ment with the vignette, medical consistency, and
bias. The need for this oversight is underscored
by observed issues such as redundancy, imprecise
wording, and occasional content misrepresentation
in generated outputs. Because the study involves
proprietary assessment materials and externally au-
thored comparison explanations, we intentionally
abstract some operational details and refer to ex-
ternal contributors generically. More broadly, the
goal of this work is not to suggest that explanation
authoring can be fully automated, but to evaluate
whether retrieval-guided generation can support
a more efficient and responsible human-centered
authoring workflow for educational content.

Bias is another important reason for human over-
sight. Language models trained on large corpora
may reflect biases related to patient demograph-
ics, disease prevalence, or clinical assumptions. If
such biases appear in explanations, they could re-
inforce stereotypes or present an unbalanced view
of clinical practice. Systematic evaluation for bias
and careful editorial review are therefore necessary
components of responsible deployment.

Transparency and accountability are also impor-
tant in assessment contexts. Organizations using
Al-assisted workflows must determine how to com-
municate the role of Al in content development
and ensure that responsibility for the final content
remains clearly assigned to human experts. More

broadly, Al systems should be positioned as tools
that support expert authorship rather than replace it,
helping to reduce drafting effort while preserving
expert oversight and responsibility for educational
quality.
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A Sample Item and Explanation

A1 Item

A 58-year-old woman is brought to the emergency department 4 hours after the sudden onset of left-sided
facial, arm, and leg weakness. She has hypertension treated with a diuretic. She reports the sensation of
a fluttering heart for 1 week. Her pulse is 125/min and irregular, and blood pressure is 135/80 mm Hg.
Physical examination shows a left-sided facial droop. There is flaccid weakness of the left upper and
lower extremities. An ECG shows a rapid, irregular ventricular rate with no discernible P waves. Which
of the following therapies would best improve function of the weakened muscles over the next 3 hours?
A. Acetylcholine agonist

B. Acetylcholine antagonist

C. Antifibrinolytic

D. Fibrinolytic

E. Procoagulant

Correct Answer. D.

A.2 Explanation

This patient with a likely thromboembolic cerebral infarction (stroke) from atrial fibrillation would benefit
from fibrinolytic therapy. Strokes occur due to ischemic or hemorrhagic loss of blood supply to the
brain and manifest as focal neurological deficits related to the dysfunction of the affected brain region.
Approximately 80—85% of strokes are ischemic, commonly arising from thromboembolic disease, for
which atrial fibrillation is a major risk factor. Atrial fibrillation typically presents with palpitations,
fatigue, lightheadedness, and mild dyspnea if symptomatic. On ECG, atrial fibrillation demonstrates
irregularly irregular RR intervals without discernible P waves. Prolonged atrial fibrillation leads to left
atrial hemostasis and increases the risk of thrombosis. A thrombus from this patient’s left atrium likely
embolized to the right internal carotid artery supplying the right precentral gyrus, resulting in left-sided
hemiparesis. Alteplase (tissue plasminogen activator) is a fibrinolytic medication utilized in ischemic
strokeso that binds to fibrin clots and converts plasminogen to plasmin, which lyses clots. If given early
(generally within 3—4.5 hours after onset of the event), alteplase may promote neurological recovery.

Incorrect Answers: A, B, C, and E.

Acetylcholine agonists (Choice A) and antagonists (Choice B) are unlikely to be helpful in lysing this
patient’s thromboembolic clot, as the interaction of acetylcholine with the coagulation cascade is poorly
defined. Acetylcholine agonists (eg, bethanechol) may improve cognition in patients with dementia,
decrease heart rate, improve gut peristalsis, increase bladder contraction, and increase exocrine gland
secretions. Acetylcholine antagonists (eg, benztropine) typically increase heart rate, decrease gut and
bladder activity, and worsen cognitive function. They also act on muscle at the motor end-plate; however,
this patient’s weakness results from central nervous system dysfunction without pathology at the muscle
fiber itself.

Antifibrinolytic (Choice C) therapy (eg, tranexamic acid) displaces plasminogen from fibrin clots to
promote hemostasis during intraoperative bleeding, heavy menstrual bleeding, and traumatic hemorrhage.
Procoagulant (Choice E) therapy (eg, protamine, coagulation factors) increases activation of the coagula-
tion cascade. Both antifibrinolytic and procoagulant therapy would not lyse this patient’s clot and may
lead to further thrombosis.

Educational Objective. Patients with atrial fibrillation are at risk for thromboembolism due to left atrial
hemostasis, which may result in ischemic strokes. Strokes manifest as focal neurological deficits related
to the dysfunction of the affected brain region. Ischemic strokes are treated with fibrinolytic therapy,
which promotes neurological recovery.

Sample item and explanation © National Board of Medical Examiners. All Rights Reserved. Used with
permission.
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B Additional Statistical Tables

Students Faculty
Dimension Source Poor Fair Good | Poor Fair Good
Clarity Expert 20 145 835 20 17.5 80.5
Al 20 112 86.8 1.0 125 86.5
Amount of information Expert 13.8 40.5 45.8 40 46.5 495
Al 9.0 325 585 8.0 225 695
Structure Expert 1.8 188 795 35 180 785
Al 20 150 830 1.0 165 825

Table 3: Percentage of explanations by median rating, dimension, and source.

Predictor Odds Ratio 95% CI P
Explanation type [Al] 1.64 0.94-2.86 0.084
Rater group [Student] 1.22 0.50-2.99  0.669
Type X rater group 0.80 0.40-1.59 0.525
700 Questions 0.05

Too Raters 0.79

Marginal / Conditional R? 0.008 /0.209

Table 4: Cumulative link mixed model for clarity.

Predictor Odds Ratio 95% CI P
Explanation type [AI] 1.99 1.33-2.99  0.001
Rater group [Student] 0.73 0.43-1.24 0.242
Type X rater group 0.84 0.51-1.37 0478
Too Questions 0.00

Too Raters 0.24

Marginal / Conditional R? 0.035/NA

Table 5: Cumulative link mixed model for amount of information.

Predictor Odds Ratio 95% CI P
Explanation type [Al] 1.48 0.85-2.57 0.168
Rater group [Student] 0.96 0.32-2.84 0.937
Type x rater group 0.86 0.44-1.69 0.670
Too Questions 0.19

Too Raters 1.27

Marginal / Conditional R? 0.005/0.312

Table 6: Cumulative link mixed model for Structure.

Error pattern Questions  Percentage
No errors in either explanation 26 52%
Only expert explanation had errors 14 28%
Only Al explanation had errors 5 10%
Both explanations had errors 5 10%
Total 50 100%

Table 7: Question-level error pattern based on faculty flags.

462



