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Abstract

Medical question-answering (QA) is a critical
task for evaluating how effectively large lan-
guage models (LLMs) encode clinical knowl-
edge and assessing their potential applications
in medicine. Despite showing promise on
multiple-choice tests, LLMs frequently strug-
gle with open-ended medical questions, produc-
ing responses with dangerous hallucinations or
lacking comprehensive coverage of critical as-
pects. Existing approaches attempt to address
these challenges through domain-specific fine-
tuning, but this proves resource-intensive and
difficult to scale across models. To improve
the comprehensiveness and factuality of medi-
cal responses, we propose a novel approach
utilizing structured medical reasoning. Our
method guides LLMs through an seven-step
cognitive process inspired by clinical diagnosis,
enabling more accurate and complete answers
without additional training. Experiments on the
MedLFQA benchmark demonstrate that our ap-
proach achieves the highest Factuality Score of
85.8, surpassing fine-tuned models. Notably,
this improvement transfers to smaller models,
highlighting the method’s efficiency and scala-
bility. Our code and datasets are available.

1 Introduction

Language lies at the heart of healthcare delivery,
serving as the primary medium through which med-
ical knowledge is communicated and healthcare de-
cisions are made. Recent advances in LLMs have
shown promising potential in medical applications,
particularly in tasks requiring deep clinical knowl-
edge and reasoning (Singhal and et al., 2022; Tu
and et al., 2023; Labrak et al., 2024; Jeong et al.,
2024b; Liu et al., 2023). Among these applica-
tions, medical QA stands out as a critical task for
evaluating how effectively LLMs encode and apply
clinical knowledge. This task is particularly chal-
lenging, as it requires an understanding of medical
context, the recall of relevant knowledge, and the

ability to reason with expert-level information.

While existing LLMs have demonstrated impres-
sive performance on medical benchmarks, such as
MedMCQA (Pal et al., 2022) and USMLE (Ex-
amination, 2023), these evaluations primarily fo-
cus on knowledge retrieval rather than comprehen-
sive reasoning. This limitation has led to the de-
velopment of more challenging benchmarks like
MedLFQA (Jeong et al., 2024a), which demands
detailed, factually accurate, and clinically relevant
long-form responses.

However, when tasked with generating long-
form medical answers, LLMs frequently struggle
with two critical challenges. First, they often pro-
duce responses containing dangerous hallucina-
tions or factual errors. As shown in Figure 6, con-
sider a patient’s inquiry regarding the concurrent
use of Zyrtec and Hydroxyzine: while an accurate
response should detail potential adverse interac-
tions between these antihistamines and emphasize
the importance of professional medical guidance,
LLMs sometimes generate misleading or incorrect
information about drug compatibility. Such inaccu-
racies could lead to serious clinical consequences
if relied upon for medical decision-making.

As shown in the Figure 4, the second challenge
lies in generating comprehensively informed re-
sponses. When asked about a health condition like
boils and carbuncles, an adequate response must
cover multiple aspects: how they are treated, po-
tential causes, and common symptoms. Current
models sometimes provide incomplete responses,
addressing only certain parts of the question while
leaving out critical information. This lack of com-
prehensive detail can result in patients or healthcare
providers missing important aspects of diagnosis
and treatment.

Existing approaches have primarily relied on
two strategies to address these challenges: super-
vised fine-tuning with domain-specific datasets and
chain-of-thought (CoT) prompting (Kalajdzievski,



What is the relationship
between Noonan syndrome
and polycystic renal disease?

Analyze
Medical

Information

I must give a comprehensive
and knowledgeable answer to
address the patient’s doubts.

Empathize
Patient’s
Doubt

Recall Assess
) Rgg“;:“ Relevant Impacts and
iant’ 0 Medical e '
Patient’s Information Kno?ulfjge Con§|de Doctor's
i rations
Question Y ot

Suggest

Follow-Up
Steps or
Actions

Answer to Patient

Reference
Reliable

Sources Cognitive Aspects

Figure 1: A flowchart showing the doctor’s cognitive process to answer a patient’s question, involving medical

analysis, relevant information, and follow-up steps.
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Figure 2: Factuality Scores for different models
(LLaMA2-7B, Meditron-7B, Mistral-7B, BioMistral-
7B) across three methods: Zero-shot, OLAPH, and Med-
SoCoT (Ours).
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Figure 3: Factuality Scores for different models

(Gemma-7B, LLaMA3.1-3B-INSTRUCT, GPT-3.5-
Turbo) across three methods: Zero-shot, CoT and Med-
SoCoT (Ours).

2024). While fine-tuning can improve performance,
it requires substantial computational resources and
risks catastrophic forgetting of pre-trained knowl-
edge. CoT prompting has shown promise in en-
hancing reasoning capabilities, but its effectiveness
in generating comprehensive medical responses
remains limited, particularly for models with re-
stricted context lengths.

Drawing inspiration from cognitive science re-
search on how humans process complex infor-
mation (Thagard, 1996; Breedlove et al., 2010;
Gazzaniga et al., 2018; Krathwohl, 2002; Dun-
can, 2013), we propose a novel medical structured

output approach. As shown in the Figure 1, this
method guides LLMs through a systematic pro-
cess of medical reasoning, breaking down the re-
sponse generation into distinct cognitive steps: un-
derstanding the question, recalling relevant med-
ical knowledge, analyzing implications, and syn-
thesizing comprehensive answers. By explicitly
structuring the output process, we enable LLMs to
better organize and validate their medical knowl-
edge, leading to more accurate and complete re-
sponses (Zhao et al., 2024).

Our research demonstrates that Medical Struc-
tured Output CoT (Med-SoCoT) effectively miti-
gates hallucinations and "echo" phenomena while
improving the factuality in a training-free manner,
enabling even smaller models to generate high-
quality medical responses. For models with limited
context length, overly long prompts can hinder the
complete output of structured content. To address
this, we adopt a step-by-step reasoning approach,
where the model generates one piece of structured
content at a time, and the outputs are concatenated
for summarization. Notably, this approach notably
achieves performance improvements on par with
fine-tuned models, demonstrating that prompt engi-
neering alone can substantially enhance factuality
without requiring additional training.

Our research focuses on two key questions: First,
whether structured output can enhance the factual
accuracy of medical question answering; and sec-
ond, whether smaller models can achieve structured
outputs solely through prompt engineering. Our
contributions are summarized as follows:

* We integrate chain-of-thought reasoning with
structured output to develop novel medical
prompts, demonstrating that general-purpose
LLMs can produce comprehensive answers
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Figure 4: Model: Gemma?2-7B. LLMs often generate unreliable answers, due to cognitive limitations. Structured
output helps LLMs analyze problems step by step, leading to more complete and accurate answers.

with reduced hallucinations without additional
training. Our approach achieves the highest
Factuality Score of 85.8, surpassing even fine-
tuned models, which achieve a maximum Fac-
tuality Score of 74.2.

* For models with shorter context lengths, we
employed stepwise reasoning without altering
the prompt content, achieving an 12.7% im-
provement in the comprehensiveness of the
model’s output, increasing Factuality Score
from 61.6 to 69.4.

* For smaller models (3B), our approach re-
mains highly effective, boosting Factuality
Score from 78.6 in Zero-shot settings to 84.5.
This improvement highlighting the robustness
of our method across model sizes.

2 Related Work

2.1 Medical question answering

The landscape of medical question answering (QA)
is diverse, encompassing various formats that cater
to different aspects of clinical reasoning and knowl-
edge application. These formats include multiple-
choice QA (Jin et al., 2020; Hendrycks et al., 2021;
Jin et al., 2019; Pal et al., 2022; Xiong et al., 2024),
fragment-based QA (Krithara et al., 2023), open-
domain QA (Lee et al., 2019), factoid QA (Jin et al.,
2022), multi-turn dialogue QA (Bao et al., 2023),
knowledge-base QA (Lozano et al., 2023), and
clinical decision-making QA (Hager et al., 2024).
Each format presents unique challenges, ranging
from simple knowledge retrieval to complex reason-
ing and multi-step decision-making, reflecting the
multifaceted nature of real-world medical problem-
solving.

Among these, Long-Form Question Answering
(LFQA) is particularly crucial in the medical field,

as it allows for detailed and comprehensive re-
sponses to open-ended questions. This is espe-
cially important in biomedical and clinical set-
tings, where accuracy and depth are vital for pa-
tient care (Fan et al., 2019; Stelmakh et al., 2023).
To address these needs, Minbyul developed the
MedLFQA dataset by combining several existing
QA datasets (Abacha et al., 2019). MedLFQA pro-
vides a valuable resource for evaluating how large
language models (LLMs) handle patient queries,
offering insights into the quality of their long-form
responses. The dataset includes five distinct medi-
cal QA datasets and encompasses various fields like
question, answer, and essential details, enabling a
thorough assessment of the comprehensiveness and
accuracy of LLM-generated medical content.

2.2 Evaluation of Long-Text Generation

To evaluate the quality of long text generation
by LLMs, ROUGE metrics, such as ROUGE-1,
ROUGE-2, and ROUGE-L, are commonly used to
assess text similarity at different granularities. To
provide a more comprehensive evaluation, we use
the Words Composition metric from MedLFQA,
which is calculated as shown in Equation A.1l.
This metric averages the F1 scores of ROUGE-1,
ROUGE-2, and ROUGE-L, offering a more accu-
rate assessment of the text’s quality in terms of
word-level, bigram-level, and sentence structure
performance.

Some metrics, such as Hallucination Score and
Comprehensiveness Score (Manes et al., 2024a) ,
are used to assess the inclusion of key statements
in the clinical domain. Specifically, Hallucina-
tion Score is a metric designed to measure how
many clinical statements in the language model’s
response contradict factual information. This score



is calculated using Equation A.2. Where S rep-
resents all the statements that must be included
(Must Have, MH) and those that are optional (Nice
to Have, NH), such that |S| = [MH| + |[NH|. Addi-
tionally, Comprehensiveness Score is a metric used
to measure how many key clinical statements are
included in the language model’s response. This
score is calculated using Equation A.3. To predict
the entailment of the response, we used a classifi-
cation model based on BioBERT (Lee et al., 2019),
which was trained on NLI datasets (Bowman et al.,
2015; Williams et al., 2018).

The Factuality Score is calculated using Equa-
tion A.4. Our work is based on these fine-grained
and cost-effective evaluation metrics to understand
the factuality and lexical structure of LLMs when
generating long text.

2.3 Structured Output

In traditional NLP literature, structured data typ-
ically refers to the extraction of entity-relation-
entity triples and attributes from plain text, fol-
lowed by the construction of knowledge graphs
or databases with specific data formats or
schemas (Jiang et al., 2023b; Li et al., 2023). In
previous work, "structuring" was used to reorga-
nize input sentences into a three-layer structure
based on the internal semantic relationships be-
tween them. This method captures the dependen-
cies and connections among elements in long-text
inputs, thereby enhancing LLMs’ understanding
of knowledge structure and relationships. Earlier
studies have explored how structuring input infor-
mation can improve LLMs’ cognitive abilities (Liu
et al., 2024). In the work on GPT-40, structured
output refers to organizing the content generated
by a language model into a specific format or pat-
tern (OpenAl, 2023). This output often includes
predefined labels, fields, or sections to make it more
convenient for users to interpret and use. Structured
output not only helps reduce redundancy in gen-
erated content but also ensures that the text meets
certain requirements or standards.

In this paper, instead of focusing on entity-level
information extraction or restructuring the input
content, we primarily leverage the model’s struc-
tured output capabilities to guide it in completing
structured thinking. This enhances the model’s
ability to recognize the structure and relationships
between recalled knowledge and the posed ques-
tions.

3 Methodology

3.1 Overview

Structured reasoning plays a crucial role in mod-
ern medical applications by enhancing diagnostic
accuracy and decision-making efficiency through
the systematic organization of complex medical
knowledge. By emulating human cognitive pro-
cesses, it ensures a logical and coherent approach
to clinical problem-solving. This is particularly
vital for large language models (LLMs) in medical
decision-making, where, despite vast knowledge,
LLMs often produce fragmented outputs without
guidance. A structured framework allows these
models to analyze data systematically, consider rel-
evant clinical factors, and generate contextually
appropriate, reliable conclusions, improving both
accuracy and consistency.

To implement this, we propose a framework
based on established clinical reasoning theo-
ries (Higgs, 2020; Young et al., 2020; Shin, 2019;
Pelaccia et al., 2011). It breaks down diagnostic
and therapeutic reasoning into systematic steps,
ensuring a logical progression from patient assess-
ment to treatment planning. Supported by evidence-
based strategies and structured models, this ap-
proach yields precise, actionable outputs that en-
hance clinical decision-making.

3.2 Medical Structured Reasoning Process

Structured reasoning is a cognitive approach that or-
ganizes complex medical problems into systematic
decision-making steps. Inspired by clinical reason-
ing in medicine (Higgs, 2020; Young et al., 2020;
Shin, 2019; Pelaccia et al., 2011), we propose a
structured framework comprising seven key cogni-
tive processes. This framework provides large lan-
guage models (LLMs) with a clear reasoning path-
way that mimics human medical cognition, thereby
improving accuracy, interpretability, and reducing
reasoning errors.

1. Understand the Question

The first step in medical reasoning is accurately
understanding the patient’s problem. This involves
an in-depth analysis of the chief complaint, medical
history, and contextual factors. Research indicates
that a well-defined problem statement is the foun-
dation of a successful diagnosis (Ng et al., 2024).
For LLMs, precise input interpretation is critical
in minimizing errors and setting the context for
subsequent logical analysis.

2. Recall Relevant Medical Knowledge
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Figure 5: Model: Gemma-7B, Dataset: LiveQA. An overview of structured medical reasoning process shows a
step-by-step framework to improve the comprehensiveness and factuality of medical QA.

Once the problem is clearly defined, clinicians
recall relevant disease patterns, risk factors, and
physiological mechanisms. The disease script the-
ory suggests that experienced physicians rely on
stored patterns for rapid decision-making (Thampy
et al., 2019). This step is essential for LLMs, as
an effective knowledge retrieval mechanism can
reduce hallucinations and ensure medically accu-
rate responses. Moreover, robust knowledge recall
directly supports the next step—Ilogical analysis of
the medical information.

3. Analyze Medical Information

Using the retrieved knowledge, clinicians sys-
tematically compare and interpret the collected pa-
tient data to generate differential diagnoses. The
dual-process theory highlights that analytical rea-
soning is particularly crucial in complex or unfa-
miliar cases (Higgs, 2020). For LLMs, this step re-
quires strong logical reasoning capabilities to avoid
misinterpretations caused by data noise or biases.
Furthermore, accurate knowledge recall (Step 2)
enhances this analytical process by providing the
necessary context for reasoning.

4. Assess Impacts and Considerations

After forming diagnostic hypotheses, clinicians
evaluate potential treatment risks, ethical consider-
ations, and resource constraints. Multilevel deci-
sion frameworks, such as the Four Quadrant Model,
help balance medical, ethical, and logistical fac-
tors (Corrao and Argano, 2022). This step bridges
logical analysis (Step 3) and actionable decision-
making (Step 5). For LLMs, incorporating struc-
tured assessment criteria reduces bias and ensures
recommendations align with clinical best practices.

5. Provide Additional Relevant Information

During diagnosis and treatment, clinicians must

ensure that all necessary medical information is
conveyed clearly to patients and colleagues. Stud-
ies show that effective patient education fosters
trust and improves treatment adherence (Richards
and et al., 2020). This step is crucial for LLMs, as
providing clear, accessible explanations enhances
transparency and interpretability. Additionally,
structured information delivery reinforces the justi-
fication for proposed actions (Step 6).

6. Suggest Follow-Up Steps or Actions

A well-structured medical decision should in-
clude a personalized follow-up plan, specifying
additional tests, treatment goals, and monitor-
ing schedules. Research indicates that structured
follow-up plans help prevent complications and im-
prove patient adherence (Bae et al., 2023). This
step naturally follows information provision (Step
5), ensuring continuity of care. For LLMs, integrat-
ing clinical pathways into their reasoning process
enables them to generate practical and clinically
relevant recommendations.

7. Reference Reliable Sources

Finally, clinical decisions must be grounded in
peer-reviewed literature and evidence-based guide-
lines (e.g., Cochrane Database, PubMed). Med-
ical education research emphasizes that reliance
on high-quality information sources is critical
for maintaining diagnostic and treatment consis-
tency (Young et al., 2020; Pelaccia et al., 2011).
This final step strengthens the credibility of previ-
ous recommendations and mitigates misinforma-
tion risks in LLM-generated medical reasoning.

8. Conclusion

This structured framework in medical decision-
making ensures a cohesive and logical process by
following a sequential reasoning path, where each



step builds upon the previous one. It begins with
problem identification, integrates relevant medical
knowledge, and systematically analyzes informa-
tion to enable evidence-based decisions. By assess-
ing potential impacts and ethical considerations, it
refines reasoning to ensure contextually appropriate
choices. Additionally, it provides supplementary
information and follow-up recommendations, sup-
porting both immediate and long-term care strate-
gies.

Unlike unconstrained generative methods, struc-
tured outputs follow predefined frameworks, en-
hancing consistency, accuracy, and interpretability
while reducing errors from fragmented recall or
misinterpretation. This approach improves clinical
reasoning by guiding models through a step-by-
step diagnostic process, minimizing critical over-
sights. It also strengthens explainability and verifi-
ability, ensuring Al recommendations are transpar-
ent, traceable, and aligned with medical guidelines,
reinforcing LLM reliability.

3.3 Structured Output Generation

Instructional Guidance To ensure the generated
content is logical and coherent, we use prompts or
guidewords to direct the model step by step in pro-
ducing content in a specific format. As shown in
Figure 8, by clearly specifying the required sections
or types of information, the model sequentially fills
in the corresponding information, ensuring that the
generated content adheres to the expected structure.
Additionally, by imposing constraints on the out-
put, the model avoids repetition and redundancy,
making the content more concise and intuitive.
Template Generation By predefining structured
templates, the model can populate each field of the
template step by step. To enhance the comprehen-
siveness and accuracy of medical question answer-
ing, we designed seven key stages of prompts to
guide the model in generating structured content.
Stepwise Generation Given the complexity of
certain tasks that may exceed the model’s context
processing capabilities. For example, LLaMA2-
7B-HF supports a context length of only 4k to-
kens, we divide them into multiple stages, with
the model outputting structured content one step
at a time. Each generation focuses on a specific
stage, and through multiple iterations, the model
progressively constructs the complete structured
content. After generating the content for all stages,
the model combine the information to generate a
comprehensive long-form response.

3.4 Optimization Strategies

To further enhance the comprehensiveness and
credibility of medical question answering, we pro-
pose the following optimization strategies:

One-shot Example After the chain of thought,
provide an example closely related to the question
to help validate the reasoning process. This exam-
ple should directly guide towards the final answer,
ensuring the accuracy and operational effectiveness
of the reasoning chain.

Conciseness of the Problem Statement Ensure
the problem is presented immediately after the
chain of thought, avoiding unnecessary spaces, line
breaks, or redundant information to improve in-
put clarity and processing efficiency. Refining the
problem statement helps reduce potential misin-
terpretations by the model and improves response
time.

Instruction Reinforcement For critical instruc-
tions, repeat them multiple times in the prompt
to reinforce their execution. For example, both
in the chain of thought and the one-shot example,
the "Structured Outputs" tag should be used, and
it should be appended again at the end to clearly
guide the model’s output.

Specialized Markers Use specific markers to ex-
tract important content, such as "ANSWER END,"
to facilitate subsequent processing and analysis.

Content and Word Count Limitation We per-
form quality checks on each step of the step-by-step
reasoning, including content and format checks to
remove information that is irrelevant to the question
in the model output, so that the intermediate rea-
soning steps do not affect the quality of the answer
in the final step. Ensure that the chain of thought
is free from redundancy, with each phase of the
reasoning chain kept to a maximum of 200 words
to avoid repetitive outputs. The final answer should
be limited to 512 tokens, ensuring it is concise and
precise.

Content Output Strategy In the first stage, the
reasoning chain may output longer structured infor-
mation (up to 4096 tokens). However, in the second
stage, the answer extraction should be limited to
512 tokens to ensure efficiency and focus.

Through the above methods and strategies, we
ensure that the structured output for medical ques-
tion answering is comprehensive, accurate, and
meets the high standards required for clinical and
research applications.



4 [Experiments

We evaluated the effectiveness of Medical Struc-
tured Outputs CoT (Med-SoCoT) in medical ques-
tion answering based on general-purpose LLMs,
comparing it with the strong baseline method
OLAPH (Jeong et al., 2024a), which was fine-
tuned, whereas our approach was training-free. Our
experimental setup closely follows previous work
to ensure a fair comparison. Additionally, we val-
idated the effectiveness of our method on other
open-source models.

4.1 Experimental Setup

We used the MedLFQA benchmark (Jeong et al.,
2024a) for evaluation and adhered to existing work
by using factuality as the primary evaluation metric.
To facilitate reproducibility, we used five datasets
in the benchmark: LiveQA, MedicationQA, Health-
SearchQA, K-QA Golden, and K-QA Silver.
Comparison Method We compared our ap-
proach with the state-of-the-art (SoTA) OLAPH
method, which utilizes automated evaluation to
generate synthetic preference sets and employs
preference optimization through iterative learning.
Model Configuration We applied the structured
output method to several popular LLMs, including
LLaMAZ2-7B-HF (Touvron et al., 2023), Mistral-
7B (Jiang et al., 2023a), BioMistral-7B (Labrak
et al., 2024), Gemma-7B (Team and et al., 2024),
GPT-3.5-Turbo. By default, we set the decod-
ing temperature to 0.0 to minimize the random-
ness in the output of the LLMs. We applied the
step-by-step reasoning approach to the LLaMA?2-
7B-HF, Mistral-7B, BioMistral-7B, and Meditron-
7B models, and the direct output approach to
the Gemma-7B, LLaMA3.1-3B-INSTRUCT, and
GPT-3.5-Turbo models, and reported the Factuality
Score.

4.2 Overall Performance

This chapter examines whether general and medical
models enhance factual scores via structured output
and whether models with limited context length
benefit from step-by-step reasoning. Additionally,
it analyzes the impact of structured output on text
quality, including Words Composition indicators.
Below is a detailed analysis:

Table 1 shows that both general models
(LLaMAZ2-7B, Mistral-7B) and medical fine-tuned
models (BioMistral-7B, Meditron-7B) significantly
improve Factuality Score using the Med-SoCoT

method. This demonstrates the effectiveness of
structured output. Notably, Mistral-7B achieves a
factual score of 79.3, surpassing other methods.

Table 1 shows that for models with limited
context length, step-by-step reasoning enhances
both structured output and factuality scores. For
example, after applying Med-SoCoT, Mistral-7B
achieved high factuality scores, particularly on the
HealthSearchQA datasets, with scores of 85.8.

In terms of Words Composition, the Med-SoCoT
method outperformed the OLAPH method, show-
ing significant improvements across multiple mod-
els. For example, Mistral-7B and BioMistral-7B
achieved Words Composition scores of 11.3 and
17.3, respectively, surpassing OLAPH.

4.3 Additional Experiments

According to Table 2, in the additional experi-
ments, we compared the effects of standard Chain-
of-Thought (CoT) prompts and structured output
prompts, while also evaluating the structured out-
put capabilities of both the 3B small model and
general large models. The experimental results
show that structured output significantly improves
the factuality score while maintaining text quality,
for both the open-source Gemma-7B model and the
closed-source GPT-3.5-Turbo model. For instance,
when Gemma-7B adopted the Med-SoCoT method,
its factuality score increased from 56.7 to 85.8,
demonstrating a remarkable improvement. Simi-
larly, GPT-3.5-Turbo’s factuality score improved
from 77.7 to 83.5 with structured output, further
confirming the effectiveness of this approach.

Additionally, for the latest 3B small model,
LLaMA3.1-3B-INSTRUCT, its strong instruction-
following ability and contextual understanding al-
low it to generate structured content in a single step
without requiring iterative reasoning. Experimental
results show that after adopting the Med-SoCoT
method, LLaMA3.1-3B-INSTRUCT’s factuality
score increased from 80.2 to 84.5, approaching
the performance of GPT-3.5-Turbo. This indicates
that the small-scale model has strong potential in
structured output tasks.

4.4 Ablation Study

Our method employs the Med-SoCoT prompt, and
we conducted ablation studies on the MedLFQA
dataset using the Gemma-7B model to assess the
impact of key steps on performance. The studies
focused on the contribution of steps like "Under-
standing the Question," "Analyzing Medical Infor-



Method LiveQA MedicationQA HealthSearchQA K-QA Golden K-QA Silver Average
Words Fact. Words Fact. Words Fact. Words Fact. Words Fact. Words Fact.
LLaMA2-7B w/ Zero-shot 74 58.1 44 48.8 11.0 62.4 6.9 50.4 6.1 40.7 7.2 52.1
LLaMA2-7B w/ OLAPH 7.7 71.2 5.1 57.1 12.0 68.2 8.4 64.3 7.5 474 8.1 61.6
LLaMA2-7B w/ Med-SoCoT (Ours) 7.8 76.9 71 65.0 13.2 75.1 10.5 72.5 12.2 57.3 10.2 69.4
Mistral-7B w/ Zero-shot 8.5 59.6 5.4 56.6 15.8 78.7 9.8 57.9 8.4 42.8 9.6 59.1
Mistral-7B w/ OLAPH 6.6 66.8 6.3 67.5 13.7 83.8 10.9 75.2 18.2 77.5 11.1 74.2
Mistral-7B w/ Med-SoCoT (Ours) 9.6 80.6 8.2 70.7 14.5 85.8 12.1 80.8 12.2 78.8 11.3 79.3
BioMistral-7B* w/ Zero-shot 4.7 274 2.1 12.9 7.0 41.1 7.5 37.0 54 27.5 53 29.2
BioMistral-7B%* w/ OLAPH 13.5 69.1 12.5 70.9 18.4 76.9 17.3 75.6 17.2 59.8 15.8 70.5
BioMistral-7B* w/ Med-SoCoT (Ours) ~ 14.9 71.1 15.5 73.6 20.5 78.7 17.5 79.4 17.8 63.0 17.3 73.2
Meditron-7B* w/ Zero-shot 6.5 49.5 3.7 44.0 7.4 45.7 6.0 44.6 5.5 37.3 5.8 442
Meditron-7B* w/ OLAPH 8.0 66.7 5.9 62.7 8.7 50.4 10.4 71.3 11.0 59.6 8.8 62.1
Meditron-7B* w/ Med-SoCoT (Ours) 10.1 69.9 64 63.6 9.3 70.3 12.5 72.2 134 71.2 10.3 69.4

Table 1: Performance of models (LLaMA2-7B, Mistral-7B, BioMistral-7B, Meditron-7B) on MedLFQA datasets,
evaluated on Words Composition (Words) and Factuality Score (Fact.). Models are tested in Zero-shot (no prompt),
fine-tuned with OLAPH, and with our Med-SoCoT method. Models with * are medically fine-tuned. The best

result for each model is bolded, and average values are in blue.

Method LiveQA  MedicationQA HealthSearchQA K-QA Golden K-QA Silver  Average
Words Fact. Words Fact. Words Fact. Words Fact. Words Fact. Words Fact.
Gemma-7B w/ Zero-shot 83 557 6.0 41.1 12.4 58.0 124 409 6.1 319 9.1 455
Gemma-7B w/ CoT 127 604 6.8 55.7 12.9 69.9 86 559 82 413 98 56.7
Gemma-7B w/ Med-SoCoT (Ours) 12.7 86.6 102 83.0 233 92.2 179 838 21.1 834 17.0 85.8
LLaMA3.1-3B-INSTRUCT w/ Zero-shot 10.6 82.1 9.6 76.6  21.2 82.8 158 827 188 69.0 152 78.6
LLaMA3.1-3B-INSTRUCT w/ CoT 11.0 825 107 77.6 20.1 83.7 153 826 189 747 152 802
LLaMA3.1-3B-INSTRUCT w/ Med-SoCoT (Ours) 11.5 86.0 109 81.6 21.8 87.6 159 845 192 827 158 845
GPT-3.5-Turbo® w/ Zero-shot 28.8 7777 382 792 297 74.0 356 763 362 757 337 76.6
GPT-3.5-Turbo® w/ CoT 293 782 40.6 80.1 30.9 76.5 378 76.6 38.6 773 354 777
GPT-3.5-Turbo® w/ Med-SoCoT (Ours) 31.2 872 432 80.8 37.6 78.1 452 87.6 453 837 40.5 835

Table 2: Performance of models (Gemma-7B, LLaMA3.1-3B-INSTRUCT, GPT-3.5-Turbo) on MedLFQA datasets,
evaluated on Words Composition (Words) and Factuality Score (Fact.). Models are tested in Zero-shot (no prompt),
CoT (Chain-of-Thought), and with our Med-SoCoT method. Models with * are closed source. The best result for

each model is bolded, and average values are in blue.

mation," and "Suggesting Follow-Ups" to the Fac-
tuality Score. The results are presented in Tables 5,
6, and 7.

Table 5 demonstrates that removing core steps
significantly degrades performance, highlighting
their role in improving reasoning and coherence.
Table 6 confirms that retaining core steps leads to
better results, while Table 7 shows that altering the
order of core steps harms performance, emphasiz-
ing the need for a logical sequence.

Additionally, Table 8 reveals that removing fea-
tures like One-shot Examples, Instruction Rein-
forcement, and Specialized Markers leads to a sig-
nificant drop in the Factuality Score, highlighting
their importance in task understanding and clarity.

In summary, our findings validate that the Med-
SoCoT prompt, with its carefully structured steps
and technical components, is crucial for optimizing
performance and reasoning capabilities. Further
experimental data and case studies are available in
the Appendix.

5 Conclusion

This paper introduces a method centered on struc-
tured outputs to improve the factuality and com-
prehensiveness of LLMs in medical QA tasks. By
leveraging structured prompts and supporting both
one-shot reasoning and stepwise reasoning, the
method enhances long-form text generation with-
out additional training. Structured outputs signifi-
cantly improve factual accuracy, enabling smaller
models to perform comparably to fine-tuned large
models, while stepwise reasoning helps mitigate
performance limitations in resource-constrained
settings. The structured prompts, covering seven
key aspects of medical reasoning, consistently out-
perform baselines in factuality accuracy and com-
prehensiveness. This approach demonstrates the
potential of structured outputs in optimizing LLM
performance across specialized domains, offering
a cost-effective alternative to model training with
broader applicability in areas like legal and techni-
cal documentation.



Limitations

Our Med-SoCoT prompt is an initial step toward
optimizing structured outputs in medical reasoning
tasks. However, its generalizability to non-medical
domains and efficiency in resource-constrained set-
tings remain open questions. Future work could ex-
plore more advanced prompt designs and adaptive
strategies to enhance performance and applicability
across diverse tasks and models.

Ethical Considerations

Ethical considerations are central to our research.
In this study, we ensure adherence to ethical
principles by exclusively using publicly available
datasets and employing models that are open-
source or widely accepted within the research com-
munity. We emphasize transparency in all stages
of our work and prioritize the responsible appli-
cation of technology, particularly in the sensitive
domain of medical reasoning, to ensure that our
contributions promote fairness, reliability, and so-
cietal benefit.
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A Evaluation Index Calculation Method

In this section, we describe the formulas used to compute various evaluation metrics.

A.1 Words Composition (Words Composition)

The Words Composition metric is calculated as the average of ROUGE-1, ROUGE-2, and ROUGE-L F1

scores:
ROUGE-1 F1 4+ ROUGE-2 F1 4 ROUGE-L F1

3

Words Composition =

A.2 Hallucination Score (Hallucination Score)

The Hallucination Score measures the proportion of elements in set S that are contradicted by the
prediction P:

- S | P contradict
Hallucination Score(P) = i eS| ‘(;n radicts x}|

A.3 Comprehension Score (Comprehensiveness Score)

The Comprehension Score evaluates the proportion of elements in the medical hypothesis set M H that
are entailed by the prediction P:

A MH | P entail
Comprehensiveness Score(P) = {z € |]\|4H|en ails z }|

A.4 Factual Score (Factuality Score)
The Factual Score combines the Comprehension Score and the Hallucination Score to produce a balanced
metric, normalized to a scale of O to 100:

, (Comprehensiveness Score — Hallucination Score) + 100
Factuality Score =

2
B Experiment Settings
# of QA # of Ambiguous Avg. Length Avg. # of Avg. # of
Dataset Format pairs Questions of Answers MH statements NH Statements

LiveQA (Abacha et al., 2017) (Q, A, MH,NH) 100 4 82.8 2.6 23
MedicationQA (Abacha et al., 2019)  (Q, A, MH,NH) 666 24 55.5 2.6 2.3
HealthSearchQA (Singhal et al., 2023) (Q, A, MH,NH) 3,077 96 118.8 2.6 2.3
K-QA Golden (Manes et al., 2024b)  (Q, A, MH, NH) 201 1 88.5 4.4 3.5
K-QA Silver (Manes et al., 2024b) (Q,A,MH,NH) 904 106 99.9 2.4 2.0

Table 3: Overview of MedLFQA datasets with formats and key statistics.

C Model Settings

Model Method Context Length  Type
LLaMA?2-7B-HF STEPWISE 512 General
Mistral-7B STEPWISE 512 General
BioMistral-7B STEPWISE 512 Medical specific
Meditron-7B STEPWISE 512 Medical specific
Gemma-7B DIRECT 2048 General
LLaMA3.1-3B-INSTRUCT DIRECT 4096 General
GPT-3.5-Turbo DIRECT 4096 General

Table 4: Specific Model Settings Adopted by the Med-SoCoT Method

D Ablation Study
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Gemma-7B Step Removed Factuality Score A

Baseline (7-step Full) None 71.6 -

w/o Step 1 Understand the Question 66.5 4 5.1 (7.1%)
w/o Step 2 Recall Medical Knowledge 70.4 $ 1.2 (1.7%)
w/o Step 3 Analyze Medical Info 65.0 4 6.6 (9.2%)
w/o Step 4 Assess Impacts 69.8 4 1.8 (2.5%)
w/o Step 5 Add Relevant Info 70.0 1 1.6 (2.2%)
w/o Step 6 Suggest Follow-Ups 66.0 1 5.6 (7.8%)
w/o Step 7 Reference Sources 70.5 1 1.1 (1.5%)

Table 5: Ablation Study on the Importance of Each Step in the Med-SoCoT Using the Gemma-7B on the MedLFQA.

Gemma-7B Steps Retained Factuality Score A
Baseline (7-step Full) All Steps 71.6 -
Step 1 + Step 3 + Step 6 Core Steps Combination 60.5 3 11.1 (15.5%)
Step 1 + Step 3 Only Two Core Steps 55.0 J 16.6 (23.2%)
Step 2 + Step4 + Step 5 Non-Core Steps Combination 58.7 4 12.9 (18.0%)

Table 6: Ablation Study on the Effectiveness of Different Step Combinations in the Med-SoCoT Using the Gemma-
7B Model on the MedLFQA.

Gemma-7B Step Order Adjusted Factuality Score A
Baseline (7-step Full) Standard Order 71.6 -
Step 3 <+ Step 6 Swap Step 3 and Step 6 70.5 3 1.1 (1.5%)
Step 1 <+ Step 4 Swap Step 1 and Step 4 70.8 4 0.8 (1.1%)
Step 5 <+ Step 7 Swap Step 5 and Step 7 71.2 4 0.4 (0.6%)

Table 7: Ablation Study on the Impact of Step Order Adjustments in the Med-SoCoT Using the Gemma-7B Model
on the MedLFQA.

Gemma-7B Prompt Version Factuality Score A
Baseline (Med-SoCoT) 69.4 -
w/0 One-shot Example 65.2 1 6.0%
w/o Instruction Reinforcement 66.8 $3.7%
w/o Specialized Markers 67.5 12.7%
w/o All Features 60.3 113.1%

Table 8: Ablation Study Results of Gemma-7B on Med-SoCoT Prompt Variations, Evaluating the Impact of
One-shot Examples, Instruction Reinforcement, and Specialized Markers on Factuality Score Performance.
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E Example Analysis

Reasoning without prompt

Question: I take zyrtec for my allergies will hydroxyzine be ok to take with it?

Answer: Can Zyrtec (cetirizine) be combined with hydroxyzine? Absolutely! In general, cetirizine for the histamine issues
and hydroxyzine you like probably for the itching component. Can I mix Benadryl and hydroxyzine?

Factuality Score: 27.4 X

Reasoning with OLAPH

Question: I take zyrtec for my allergies will hydroxyzine be ok to take with it?

r
\

Answer: Hydroxyzine is a diphenhydramine. It is an antihistamine that reduces the effects of natural chemical histamine in
the body. Hydroxyzine is used to treat or prevent the symptoms of an allergic reaction. ... Zyrtec is a brand name for the
drug cetirizine. It is an antihistamine that reduces the effects of natural chemical histamine in the body. Zyrtec is used to
treat or prevent the symptoms of an allergic reaction. Zyrtec is also used to treat the itching and swelling of a skin rash
caused by a condition called urticaria.

Factuality Score: 58.4 X

r
\

Figure 6: Dataset: K-QA Silver (Manes et al., 2024b), Model: Mistral-7B (Jiang et al., 2023a) (Upper) LLM
directly answers questions, resulting in a large number of hallucinations (Lower) After training with the OLAPH
framework, although it can answer relevant knowledge, it cannot provide accurate answers.



Reasoning with Structed Outputs (Ours)

Question: I take zyrtec for my allergies will hydroxyzine be ok to take with it?

Structured Output:

1. Understand the Question: Zyrtec is an antihistamine used to treat allergic reactions, while Hydroxyzine is also an
anti-histamine but used for anxiety and insomnia. Both medications can cause drowsiness, so it is important to be aware of
potential interactions and side effects.

2. Recall Relevant Medical Knowledge: Hydroxyzine is an antihistamine that is used to treat allergic reactions, anxiety,
insomnia, nausea, vomiting, ... , watery eyes, cough, wheeziness, asthma, hay fever, insect bites, stings, allergens, ... ,
infections, viruses, bacteria, fungi, parasites, toxins, poisons, venoms, snake bit, spider bit.

3. Analyze Medical Information: Zyrtec is a brand name for cetirizine, an antihistamine used for allergies. Zyrtec is also
used as a sedative, hypnotic, antidepressant, and anti-anxiety medication. Hydroxyzine and Zyrtec are both antihistamines.
They are used in different ways. The main difference between hydroxyzine and cetirizine is that hydroxyzine is more
sedating than cetirizine. Cetirizine has less sedation than hydroxyzine. Both hydroxyzine and cetirizine are antihistamines.
Antihistamines are drugs that block the effects of histamine. ...

Answer: Zyrtec is one of the most popular anticholinergic drugs used today. This drug is often used by people who suffer
from allergies. However, this drug can also be used with other drugs. One of these drugs is hydrocortisone.

Factuality Score: 100.0

\

Figure 7: Dataset: K-QA Silver (Manes et al., 2024b), Model: Mistral-7B (Jiang et al., 2023a) Use structured
outputs and answer questions that include all
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F Prompt

Prompt |

Medical Structured Output Prompt (partl):

# Task: You are a helpful assistant. Step-by-Step Thinking for Structured Medical Question Answering.
## General Instructions: - Generate detailed and structured medical responses based on the given
medical question. Answers should be grounded in current medical knowledge, covering all key aspects
of the question.

- Ensure the answer includes background, etiology, symptoms, diagnosis, treatment, and prevention.

- The answer should be logically organized and provide accurate, comprehensive medical information.
## Task Instructions: - Generate a comprehensive response based on the input question. The response
should cover everything from background information to diagnosis and treatment recommendations,
ensuring a structured and coherent output.

- The answer should address as many aspects of the medical question as possible, considering risk
factors, complications, and related medical conditions.

- Consider the relationship between diseases and medications.

- Do not output duplicate content.

- Each thought process should not exceed 200 words.

## Output Structure: - The output should follow the structured template below to ensure the complete-
ness and professionalism of the medical response.

- Please ensure that the output contains Long-Form Answer

Figure 8: Medical Structured Output Prompt (partl).
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Prompt |

Medical Structured Output Prompt (part2):

## Chain of Thought:

### 1. Understand the Question:

- Explain the background or definition of the medical issue. Provide a brief description of basic concepts
and possibly affected systems or organs.

- Identify and define key medical terms and concepts.

- Clarify the specific information or details requested.

### 2. Recall Relevant Medical Knowledge: - Retrieve information related to the disease, medication,
or procedure.

- Consider anatomy, physiology, pathology, pharmacology, and current medical guidelines.

### 3. Analyze Medical Information: - Combine 1. understanding the question and 2. relevant medical
knowledge to connect the issue with pertinent medical knowledge using clinical reasoning.

- Consider possible explanations, mechanisms, or interactions.

### 4. Assess Impacts and Considerations:

- Evaluate any risks, side effects, or contraindications.

- Consider specific patient factors (age, comorbidities, allergies).

### 5. Provide Additional Relevant Information:

- Include important details that help in understanding.

- Mention any exceptions, alternative options, or preventive measures.

### 6. Suggest Follow-Up Steps or Actions:

- If necessary, recommend consulting a healthcare professional.

- Advise on monitoring, follow-up, or further evaluation.

### 7. Reference Reliable Sources:

- Base responses on evidence from authoritative medical texts or guidelines.

- Cite clinical studies, professional organizations, or regulatory agency information.

### 8.Long-Form Answer:

- Combine the above reasoning to accurately and comprehensively answer the question. Provide a
"long-form answer" that contains 400-500 words. The word count must not be less than 400 words.
### END

-Please end the output here.

Figure 9: Medical Structured Output Prompt (part2).
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Prompt

Medical Structured Output Prompt (one-shot):

Please refer to the following questions, along with examples of chain of thought and long-form answers.
Question: What is the relationship between Noonan syndrome and polycystic renal disease?

Chain of Thought:

1. Understand the Question: Noonan syndrome is a genetic disorder characterized by distinct facial
features, short stature, heart defects, and developmental delays. It affects multiple systems in the
body, including the cardiovascular, musculoskeletal, and endocrine systems. Polycystic renal disease,
particularly autosomal dominant polycystic kidney disease (ADPKD), is a genetic condition leading to
the formation of numerous cysts in the kidneys, resulting in kidney enlargement and impaired function.
The question seeks to explore the potential relationship between these two conditions, particularly any
shared genetic or pathological mechanisms.

2. Recall Relevant Medical Knowledge: Noonan syndrome is primarily caused by mutations in genes
involved in the RAS-MAPK signaling pathway, particularly the PTPN11 gene. It affects approximately
11in 1,000 to 1 in 2,500 births. On the other hand, polycystic renal disease is commonly caused by
mutations in the PKD1 or PKD2 genes. ADPKD has a prevalence of about 1 in 400 to 1 in 1,000.
Understanding the genetic basis and clinical manifestations of both conditions is crucial for identifying
potential links between them.

3. Analyze Medical Information: The relationship between Noonan syndrome and polycystic renal
disease may stem from shared genetic pathways or phenotypic associations. Some studies suggest
that patients with Noonan syndrome exhibit renal anomalies, including renal agenesis or structural
abnormalities, although true polycystic kidney disease is less commonly reported. This indicates a
potential overlap in genetic vulnerabilities that could lead to renal pathologies in Noonan syndrome
patients. The mechanisms may involve disruptions in cellular signaling pathways that are pivotal for
kidney development and function.

4. Assess Impacts and Considerations: Patients with Noonan syndrome may have additional comor-
bidities that can influence renal health, such as hypertension or congenital heart defects, which could
complicate the presentation of renal disease. Conversely, individuals with polycystic kidney disease are
at risk of hypertension and kidney failure, potentially impacting their overall health and necessitating
careful monitoring. Genetic counseling may be beneficial for families with a history of either condition
to better understand the risks and implications of genetic inheritance.

5. Provide Additional Relevant Information: While there is limited direct evidence linking Noonan
syndrome and ADPKD, awareness of renal complications in Noonan syndrome patients is important for
clinicians. Furthermore, certain genetic syndromes may predispose individuals to multiple anomalies,
making regular screenings for renal function essential in affected individuals.

6. Suggest Follow-Up Steps or Actions: For individuals diagnosed with Noonan syndrome, it is
advisable to perform regular renal assessments, including ultrasound examinations to check for any
renal structural anomalies. Genetic counseling can provide insights into the risks of polycystic kidney
disease and the implications for family planning. Patients should be educated on signs of kidney
dysfunction, such as changes in urination patterns, hypertension, or abdominal pain.

7. Reference Reliable Sources: Sources for this information include clinical guidelines from the
National Kidney Foundation, the American Academy of Pediatrics, and recent genetic studies published
in peer-reviewed journals regarding the genetics of Noonan syndrome and polycystic kidney disease.
8. Long-Form Answer: Noonan’s syndrome is an eponymic designation that has been used during
the last 8 years to describe a variable constellation of somatic and visceral congenital anomalies,
which includes groups of patients previously referred to as male Turner’s, female pseudo-Turner’s
and Bonnevie-Ullrich syndromes. It is now recognized that both sexes may show the stigmas of this
condition and, unlike Turner’s syndrome, there is no karyotype abnormality although there is often a
familial pattern. The most commonly observed anomalies include webbing of the neck, hypertelorism,
a shield-shaped chest and short stature. Congenital heart disease, principally pulmonary stenosis, and
sexual infantilism often with cryptorchidism in the male subject are additional associated anomalies in
this syndrome. Renal anomalies have been described rarely and usually consist of rotational errors,
duplications and hydronephrosis. We report the first case of an infant who displayed many of the
stigmas of Noonan’s syndrome and also showed early evidence of frank renal failure secondary to renal
dysplasia with cystic disease.

END

Figure 10: Text Generation Prompt of Med-SoCoT (one-shot).
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