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Abstract

Clinical guidelines, typically structured as decision trees, are central to evidence-
based medical practice and critical for ensuring safe and accurate diagnostic
decision-making. However, it remains unclear whether Large Language Models
(LLMs) can reliably follow such structured protocols. In this work, we introduce
MedGUIDE, a new benchmark for evaluating LLMs on their ability to make
guideline-consistent clinical decisions. MedGUIDE is constructed from 55 curated
NCCN decision trees across 17 cancer types and uses clinical scenarios generated
by LLMs to create a large pool of multiple-choice diagnostic questions. We apply
a two-stage quality selection process, combining expert-labeled reward models
and LLM-as-a-judge ensembles across ten clinical and linguistic criteria, to select
7,747 high-quality samples. We evaluate 25 LLMs spanning general-purpose,
open-source, and medically specialized models, and find that even domain-specific
LLMs often underperform on tasks requiring structured guideline adherence. We
also test whether performance can be improved via in-context guideline inclusion
or continued pretraining. Our findings underscore the importance of MedGUIDE
in assessing whether LLMs can operate safely within the procedural frameworks
expected in real-world clinical settings.

1 Introduction

Clinical guidelines play a critical role in modern medicine, providing structured recommendations for
diagnosis and treatment that are informed by expert consensus and current evidence. These guidelines,
such as those published by the National Comprehensive Cancer Network (NCCN) or the American
Heart Association (AHA), are often encoded as decision trees, offering standardized pathways for
handling diverse patient scenarios [National Comprehensive Cancer Network} |2023} |Arnett et al.,
2019]. Adherence to these protocols is critical for ensuring consistent, safe, and high-quality clinical
decision-making.
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Large Language Models (LLMs) have demonstrated remarkable capabilities across general and
medical natural language processing (NLP) tasks, including biomedical question-answering (QA)
[Lee et al.l 2020} Alsentzer et al., 2019, [Shin et al.| 2020]], clinical dialogue modeling [Sun, [2024, [He
et al.,|2024]], and even diagnostic reasoning [Singhal et al., 2025, [Yang et al., 2022, [Wu et al.| 2023].
However, most evaluations to date focus on factual recall or general in-context reasoning, rather
than testing whether LLMs can follow domain-specific decision rules as clinicians must in practice.
Emerging work has begun to explore instruction and rule-following behavior in LLMs [Zheng et al.|
2023| [Dong et al.|[2024} |Chefer et al.| [2024], yet few studies directly assess LLM adherence to formal
clinical pathways, particularly in complex diagnostic contexts [Fast et al., 2024, [Huang et al., | 2024b].

To fill this research gap, we introduce MedGUIDE—Guideline Understanding and Inference for
Decision Evaluation—a benchmark designed to evaluate whether LLMs can make diagnostic de-
cisions in accordance with established medical guidelines. MedGUIDE is constructed from 55
decision trees curated from NCCN oncology protocols, covering 17 of the most common cancer
types. We transform these trees into clinical vignettes and corresponding multiple-choice questions
(MCQs) that require selecting the correct next step in a patient’s management plan. Rather than
testing general knowledge alone, MedGUIDE probes whether models can apply structured clinical
logic. We implement a rigorous and efficient two-stage filtering process using both human-annotated
reward models [[Glaese et al.| 2022, [Wang et al.,2024c]| and LLM-as-a-judge ensembles [Chen et al.,
20244, |[Huang et al., 20244, |Polo et al., 2024] to ensure the final dataset is both clinically plausible
and textually well-formed. From a raw pool of 16,000 QA samples, we retain 7,747 high-quality
examples.

We evaluate 25 LLMs, including general-purpose, open-source, and medically fine-tuned models,
using both standard accuracy and a weighted accuracy metric that accounts for question difficulty.
To better understand the LLM’s capabilities tested by MedGUIDE, we compare model performance
on MedGUIDE against other established benchmarks, including IFEval [Dong et al., [2024]] and
MMLU-Professional Medicine [Hendrycks et al.,[2020], and analyze cross-benchmark correlations.
In addition, we explore two methods for further improving the model’s capability of adhering to the
clinical guideline: (1) guideline-in-context prompting, which supplies the model with the relevant
decision tree during inference; and (2) continued pretraining on guidelines, which aims to internalize
the structure and logic of clinical pathways and apply them to diagnostic or treatment planning tasks
in MedGUIDE.

Our key contributions are:

* We introduce MedGUIDE, the first benchmark focused on evaluating LLMs’ ability to
follow structured clinical decision trees based on real-world medical guidelines. [J

* We construct a high-quality multiple-choice questions (MCQs) dataset using 55 NCCN
decision trees, and apply a dual-stage-filtering pipeline combining expert-labeled reward
models and ensemble LLM scoring.

* We benchmark 25 diverse LLMs and reveal significant limitations in both general and
medical models’ ability to align with guideline-based decision logic.

* We analyze correlations with existing benchmarks and show that MedGUIDE evaluates
capabilities beyond factual recall, including structured guideline comprehension and task-
specific adherence.

* We evaluate whether guideline grounding, via in-context prompting or continued pertaining,
improves LLM performance on MedGUIDE.

2 Related Work

Medical LLMs for Clinical Diagnosis. The application of Large Language Models (LLMs) in
healthcare has progressed from early biomedical pretraining [Lee et al.|[2020| |Alsentzer et al.| 2019,
Shin et al.| 2020, 'Wang et al.| 2023] to instruction-tuned and dialogue-optimized systems [Singhal
et al.} 2025 |Yang et al., 2022, Wu et al.| 2023| |Venigalla et al., 2022] that support medical reasoning
tasks. Recent efforts further expand capabilities via: (1) retrieval-augmented generation using medical
corpora [Wen et al., 2023] Wu et al.| 20244, Shi et al., 2023} [Ranjit et al., 2023} |Ge et al.| [2023]],

?Code and data: https://anonymous . 4open.science/r/Submission-MedGUIDE- 1874
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Figure 1: Overview of the MedGUIDE Benchmark Pipeline. Stage (1): selecting and processing 55
NCCN clinical decision tree guidelines for 17 common cancers to generate 16K synthetic MCQs.
Stage (2): annotating and filtering these MCQs based on clinical and general quality criteria using
expert-labeled data and a 5-head reward model, resulting in a curated set of 7,747 high-quality MCQs.
Stage (3): evaluating 25 LLMs (open-source, closed-source, and medical) on the benchmark and
applying two improvement methods—guideline-aware prompting (Method I) and guideline-based
continued pretraining (Method II).

databases [Shi et al.| [2023} Rau et al., 2023 [Wang et al., 20244l |Chen et al.,|2025a]], and knowledge
graphs [Wen et al.l 2023| |Wu et al.| 20244} |Gao et al.|[2023| |Zhu et al.| 2024]; (2) supervised fine-
tuning on clinical notes, dialogues, and multimodal inputs [Toma et al.| |2023| |Jiang et al., [2023b,
Sun, 2024, [Wu et al.| 2024b]; and (3) RLHF strategies, both online [Wang et al.,[2023 |[Zhang et al.,
2023\ Zhou et al., 2024] and offline [Dou et al., 2024} |Yang et al., |2024b|).

Medical Benchmarks for LLMs. LLM benchmarks in medicine span from knowledge-focused
tasks [Jin et al.| 2019, |Pal et al., 2022]] to more complex clinical reasoning and scenario-based
evaluations [Xue et al., 2024, Hosseini et al., 2024, [Liu et al.l 2024c, Kratzwald et al.| 2021]]. A
growing body of work emphasizes guideline adherence [Zhang et al., 2025| |Wu et al., [2025]], yet
few benchmarks systematically test whether LLMs can follow structured protocols such as those
from NCCN [National Comprehensive Cancer Network,, [2023]] or AHA [Arnett et al.,[2019]]. Prior
work addressing guideline-following remains limited in scope [Fast et al., [2024], motivating our
MedGUIDE benchmark, which uniquely evaluates both diagnostic accuracy and fidelity to established
clinical pathways.

Clinical Decision-Making Benchmarks Recent work has developed benchmarks for clinical
decision-making in LLMs. CliBench Chen et al.|[2024c|] evaluates broad clinical reasoning across
diverse scenarios, while ClinicalBench |[Liu et al.|[2024b]] compares LLMs against traditional ML
models in clinical prediction tasks. CLIMB |Chen et al.| [2024b] focuses on clinical bias evalua-
tion. Unlike these approaches that emphasize general clinical reasoning or prediction accuracy,
MedGUIDE specifically targets adherence to structured clinical guidelines—a critical capability for
real-world deployment. Our benchmark uniquely derives from actual NCCN decision trees and tests
step-by-step guideline following, essential for clinical safety and regulatory compliance.

Instruction and Guidance Following. Instruction following is a fundamental competency of LLMs
[IBM} 2023]], while guidance following requires models to adhere to structured, domain-specific
rules [Organization, 2024], such as clinical practice guidelines [Hager et al., [2024]]. Evaluating
guideline adherence remains challenging, often relying on proxy tasks or human review. Recent



benchmarks study rule-following under varying task structures [[Chen et al., 2024a, Huang et al.,
2024a, |Weyssow et al.| 2024 |Polo et al., {2024, Zhang et al., [2024, |Chefer et al., 2024, [Ram et al.,
2023|]. Our work extends this line by examining how well LLMs follow multistep clinical decision
trees under real-world constraints.

Reward Models and LLM-as-a-Judge. Prior work has employed multi-head reward models to
score generated outputs along several attributes during post-training stages [Glaese et al.|[2022, Wang
et al.,|2024c, |L1 et al.,[2024b} 2025bl, 'Wang et al., 2024b), |[Li et al.,[2025a]], an approach we adopt for
our dataset’s quality-based filtering. Complementing this, LLM-as-a-judge methods directly prompt
a large model to rate sample quality, which has proven effective for large-scale evaluation and bias
reduction [Zheng et al.| 2023| |Li et al., 2025b, |Chen et al.| 20244, [Huang et al.| 20244l |Polo et al.,
2024| Dong et al., 2024} [Thakur et al.| 2024]).

3 MedGUIDE: A Guideline-Based Clinical Decision-Making Benchmark

3.1 NCCN Guidelines for Cancer

The National Comprehensive Cancer Network (NCCN) guidelines [National Comprehensive Cancer
Networkl 2023|| are comprehensive, regularly updated protocols for cancer care—spanning prevention,
diagnosis, treatment, and supportive care—and are organized as decision trees, with root nodes
capturing key clinical variables (e.g., symptoms, labs, history) and branches splitting according to
defined criteria or thresholds.

For example, Figure []illustrates a decision tree for first relapse in acute promyelocytic leukemia
(APL), distinguishing among early relapse with or without arsenic trioxide exposure and late relapse.
Because these pathways are designed for general clinical applicability rather than individualized
care, they provide broad management strategies rather than patient-specific recommendations. The
guidelines are published in PDF format behind a login portal, which limits direct ingestion by
LLMs. To construct MedGUIDE, two medical experts selected 17 common cancers (listed in Table @]
in the Appendix) and their associated diagnostic decision trees. We excluded trees with loops or
ambiguous leaf nodes, resulting in 55 well-structured guideline trees used for generating synthetic
multiple-choice questions (MCQs).

3.2 Synthetic Prompt Generation

We convert each decision tree into JSON format and use GPT-40 to enumerate all valid paths from the
root to each leaf. These paths are manually reviewed to ensure correctness. Each path corresponds to
a plausible clinical scenario that matches the criteria described along its trajectory. For example, in
the case illustrated in Figure[2] the patient follows the highlighted path because he experienced a first
relapse five months after completing treatment with ATRA and arsenic trioxide—qualifying as an
early relapse (<6 mo) after ATRA without anthracycline exposure. As a result, the recommended
regimen is arsenic trioxide + ATRA + gemtuzumab ozogamicin, and if a second morphologic
remission is achieved and the patient is not a transplant candidate, the guideline suggests arsenic
trioxide consolidation (total of 6 cycles) as the next step.

Given a path (excluding the leaf), we prompt multiple LLMs to generate a clinical profile consistent
with the scenario. We use the following models: GPT-40-mini [[OpenAl,2024bf], GPT-40 [OpenAl,
20244, GPT-4.1 [OpenAl, 2025a], Claude-3.5-Haiku [Anthropicl 2024], Claude-3.7-Sonnet
[Anthropic, 2025], DeepSeek-V3 [Liu et al.| [2024a], Gemini-2.5-Flash [Google DeepMind,
2025]], L1lama-3.2-1B-Instruct [Meta Al,[2024b], Llama-3.1-Instruct (8B, 70B) [Meta Al
20244, Qwen2.5-Instruct (7B, 32B) [Yang et al[2024a], Mistral-7B-Instruct [Jiang et al.|
2023a], and Mixtral-8x7B-Instruct [Jiang et al.| 2024]]. This model diversity helps ensure
variation in language and scenario framing.

Each profile is converted into a multiple-choice QA format by appending a question about the
appropriate next clinical step. The answer options include all possible leaf nodes from the same
decision tree, with the correct answer corresponding to the actual leaf node on the source path. This
process yields a total of 16,000 multiple-choice QA pairs.
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Figure 2: NCCN Acute Myeloid Leukemia (AML) Guideline. The orange boxes
illustrate the workflow through which the sample QA dataset is generated. Red and green
annotations represent the correct and incorrect options.

Prompt: A 32-year-old male patient with acute promyelocytic leukemia (APL) was initially
diagnosed one year ago and achieved complete remission after treatment with all-trans retinoic
acid (ATRA) and arsenic trioxide. He experienced his first relapse five months after completing
these treatments, with both morphologic and molecular evidence of disease recurrence. He has
no prior exposure to anthracycline therapy, making him eligible for a more aggressive treatment
approach. Upon reevaluation, he received an anthracycline-based regimen according to the APL-3
protocol, resulting in a second morphologic remission confirmed by bone marrow biopsy. Given
his potential central nervous system involvement and current PCR negativity in bone marrow, the
team is contemplating prophylactic measures. He is not a transplant candidate due to comorbidities
and overall health status. As consolidation therapy, the plan is to initiate arsenic trioxide for a total
of six cycles. Given this clinical scenario, what would be the appropriate next step in management
for consolidation therapy?

Options:
(A) Clinical trial
(B) Arsenic trioxide consolidation
(C) Clinical trial or matched sibling/alternative donor HCT
(D) Matched sibling or alternative donor HCT
(E) Autologous HCT

Correct Answer: (B) Arsenic trioxide consolidation.

3.3 Quality-Based Selection via Reward Models
3.3.1 Clinical and General Criteria

To ensure the high quality of our MCQs data, we adopt a quality-based data selection framework. In
collaboration with six medical experts, we define five clinically grounded evaluation criteria; mean-
while, we introduce five general quality criteria to evaluate language and structure of MCQs (Table
[I). Each criterion is rated on a 5-point Likert scale. Detailed rubrics are provided in Appendix [D}

Table 1: Clinical and General Evaluation Criteria
Clinical Evaluation Criteria General Quality Criteria

Clinical Plausibility
Clinical Utility
Quality of Decision Path
Alignment to Decision Path
Clinical Accuracy of Correct Answer

Clarity and Detail Level
Consistency and Internal Logic
Safety and Toxicity
Textual Quality and Professionalism
Option Distinctiveness




3.3.2 Training Reward Models

Due to time and resource constraints, we propose an efficient data-annotation pipeline. Six medical
experts from Harvard Medical School, MIT Biology, and Harvard Stem Cell Institute (detailed
demographic information provided in Appendix [B) first labeled a randomly-selected subset of 500
MCQs according to the 5 clinical evaluation criteria shown in Table[T} each MCQ is assigned a single
score for each criterion, resulting in a vector [R1 (), Ra(x), ..., Rs(x)] € {1,2,...,5}°. We then
trained a 5-head reward model using Qwen2.5-7B-Instruct as the backbone, with 5 epochs and
a learning rate of 2 x 10~5 (hyperparameter tuning details in Appendix @) The trained model was
then used to rate the remaining 15,500 MCQs.

For general quality, we used an ensemble of LLM-as-a-judge models. Specifically, we queried
GPT-40-mini, Claude 3.5-Haiku, Gemini 2.5-Flash, and DeepSeek-V3, and averaged their
scores across each criterion. The ensemble methods help reduce rating bias [Schoenegger et all, 2024
Li et al 20244} [Chen et al., [2025Db]. To validate these automatic ratings, four human annotators
independently reviewed a random subset of 500 samples, achieving over 96% agreement across all
annotators.

3.3.3 Data Selection

After obtaining quality scores from the reward models, we apply a filtering step to retain only the
highest-quality samples for the final dataset. For each sample = € D, we collect ten rating scores
covering both clinical and general evaluation criteria, denoted by { R (x), Ra(x), ..., Rio(z)}. To
ensure robustness and consistency across all dimensions, we apply two selection conditions: (1) the
minimum of the ten scores must be strictly greater than 2, and (2) the average score must exceed
3. This dual criterion ensures that selected samples exhibit both overall strength and no major
weaknesses in any specific dimension. Formally, the selection rule is:

10
D* = xED:lgléani(x)>2and ;Ri(ar)>3 (D

This filtering step yields 7,747 high-quality samples, which constitute our final MedGUIDE bench-
mark dataset. The distribution of these samples across various dimensions (such as cancer types,
number of answer options, and LLMs used for generation) is illustrated in Figure 3| below.
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Figure 3: Distributions of cancer types (left), MCQ option counts (top right), and LLMs used for
question generation (bottom right).

4 Experiments

We conduct experiments to evaluate the ability of various LLMs to reason about next steps in clinical
diagnosis using the MedGUIDE benchmark.



4.1 Models:

We evaluated a total of 25 models (at inference temperature 0) spanning a range of sizes and
architectures, aiming to ensure broad coverage and diversity for comprehensive assessment. For
analysis, we loosely categorize these models into the following groups:

* General LLMs (closed-source): GPT-4o0-mini, GPT-4.1, 01 and 04-mini [OpenAl,
2025b], Claude-3.5-Haiku, Claude-3.7-Sonnet, and Deepseek (V3, R1) [Liu et al.|
2024a, \Guo et al., [2025]].

* General LLMs (open-source): Llama-3.2-Instruct (1B, 3B), Llama-3.1-Instruct
(8B, 70B), Mistral-7B-Instruct, Mixtral-8x7B-Instruct, Qwen2.5-Instruct
(1.5B, 7B), and Qwen3 (4B, 8B, 14B, 32B) [Qwen Team), [2025]].

¢ Medical LLMs: ClinicalCamel-70B [Toma et al.,|2023]], Medalpaca (7B, 13B) [Han
et al.,|2023]], and Meditron (7B, 70B) [Chen et al.| 2023].

4.2 Evaluation Metrics

Each MedGUIDE sample is a multiple-choice question (MCQ), making accuracy the natural baseline
metric. However, since the number of answer options varies across questions, we introduce a weighted
accuracy metric that accounts for the difficulty of each sample. Let ¢(z) denote the number of options
in sample x. We define the difficulty function as

def 1
) =1— — 2
1) €1 - @
which reflects the margin above random guess performance. Then we assign weight to each sample
according to:

1
et f(wi) ) 3)
S HETE NI Sl
Denote 1(-) as the indicator function. Then the final weighted accuracy is defined as:
P 16 = v
WeightedAccuracy(D*) def iz Wi 1 = vi) 4)

|D*|
4.3 Results

The results of all 25 models under both accuracy metrics are plotted in Figure ] We observe that
closed-source models, which are generally state-of-the-art across many tasks [Achiam et al., 2023,
OpenAll[2024c, Guo et al., 2025} [Liu et al.| [2024a} |Anthropicl |2025]), outperform others. In particular,
GPT-4.1 achieves the best performance, followed by reasoning-augmented models like 01 and
04-mini. While these reasoning models perform well, they incur higher inference costs due to the
extra thinking tokens. Among open-source models, we find that increasing model size does not
always lead to better performance. For instance, Qwen3-14B and Qwen3-32B do not significantly
outperform Qwen3-4B, and Mixtral-8x7B shows no large advantage over Mistral-7B. Notably,
the Qwen3 series shows strong performance despite smaller sizes.

Surprisingly, all medical LLMs underperform, regardless of size. We hypothesize two reasons: 1.
MedGUIDE emphasizes reasoning over clinical decision paths, which requires models to apply
medical knowledge contextually. Medical LLMs may possess domain knowledge but lack the
reasoning capabilities required for next-step prediction. 2. Most medical LLMs are based on older
backbones (e.g., Llama2), which may struggle with instruction-following and logical deduction.
These reasoning skills are essential for serving as reliable medical assistants. Thus, MedGUIDE not
only evaluates medical knowledge but also tests fundamental LLLM capabilities crucial for clinical
support tasks.

4.4 Correlation with Other Benchmarks

To better understand what capabilities MedGUIDE evaluates, we examine its correlation with other
established benchmarks. In particular, we ask: Does performance on MedGUIDE reflect general
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Figure 4: Benchmark evaluation results. For x-axis label, models in black, blue and green are
closed-sources LLMs, open-sources LLMs and medical LLMs, respectively

medical knowledge alone, or does it additionally require broader reasoning or instruction-following
abilities? To explore this, we evaluate the models on two complementary benchmarks: IFEval,
which targets instruction-following under factual constraints, and MMLU-Professional Medicine, a
knowledge-heavy subtask from MMLU that tests factual recall across a wide range of clinical topics.
Detailed descriptions of both benchmarks are provided in Appendix [G.1}

To quantify alignment, we compute three correlation metrics: Spearman’s p 1904] ,
Kendall’s 7 [1938]], and Pearson’s [1895]], and report full results in Appendix [G.J]
Here, we focus on Spearman’s p, which reflects rank-order agreement between benchmarks. We
find that MedGUIDE exhibits strong Spearman correlation with MMLU-Professional Medicine
(p = 0.85), suggesting that medical knowledge remains an important component. However, its
nontrivial correlation with IFEval (p = 0.71) indicates that instruction-following and decision-step
reasoning also contribute meaningfully to performance. Together, these results imply that MedGUIDE
captures a unique intersection of knowledge recall and structured clinical decision-making not fully
represented by either benchmark alone.

5 Improve Performance

5.1 Method I: Include the Guideline in Context

Our first strategy for boosting performance is to provide the relevant guideline decision tree (in
JSON form) directly in the model’s prompt. In this case, the model likewise does not need to recall
the protocol from scratch but can parse and follow the tree structure in the context. In clinical
practice, a physician would readily know which guideline applies. To mimic real-world usage, we
also trained a lightweight Qwen-4B classifier to select the appropriate guideline given the patient
vignette, achieving 98% validation accuracy, demonstrating that identifying the correct guideline is
straightforward for both clinicians and capable LLMs.

Results: Improvements are clear across most models (see Figure [5a). For example, Meditron-70B’s
weighted accuracy rises from 0.230 to 0.462 (a 102% relative increase) while Meditron-7B improves
by 86%. Detailed percentage gains for both metrics are shown in Figure [§]in the Appendix. We also
include a detailed case study in Appendix [H.I] comparing model outputs before and after applying
Method I. In that case study, we ask the model to generate both the answer and an explanation. With
the guideline in context, the model selects the correct answer and provides a step-by-step explanation
that mirrors the decision-tree logic—from metastatic diagnosis through local control and adjuvant
therapy to lung-only complete response and the final recommendation. In contrast, without the
guideline, the model chooses an incorrect option and offers a plausible but guideline-inconsistent
rationale, overlooking the patient’s complete pulmonary response. This demonstrates the value of
including structured guideline information to enhance both answer accuracy and explanation quality.
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Figure 5: Weighted accuracy before and after using Method I (top) and Method II (bottom)

5.2 Method II: Fine-tuning with Guideline Data

In the second approach, we investigate whether a model can internalize clinical guideline knowledge
through continued pretraining and subsequently apply it to MedGUIDE without receiving explicit
guideline context at inference time. Rather than injecting the guideline into the prompt (as in Method
I), we perform lightweight fine-tuning using the 55 NCCN decision trees (in structured JSON format).
This serves as a form of domain-adaptive pretraining, aimed at infusing the model with the logical
structure and semantics of the guidelines. We fine-tune a subset of models due to resource constraints,
selecting representative general and medical LLMs. Each model is trained for 8 epochs with a
learning rate of 1 x 10~° (hyperparameters were selected via a grid search).

Results: Figure [5bland Appendix Figure [T0]show the accuracy gains post-finetuning. While most
models show only marginal improvements, suggesting their limited ability to transfer guideline
knowledge to the downstream QA task, one notable exception is Meditron-7B, whose performance
nearly doubles. We hypothesize two contributing factors: (1) Meditron-7B starts from a relatively
low baseline, leaving greater room for improvement; and (2) despite being trained on medical corpora,
the model may lack structured clinical reasoning skills required by MedGUIDE, which our continued
pretraining helps reinforce. These results further underscore the importance of MedGUIDE—not
only as a test of general medical knowledge, but as a benchmark for evaluating whether LLMs can
follow structured, guideline-based clinical logic.

6 Conclusion

In this work, we introduce MedGUIDE, a benchmark for evaluating the clinical reasoning abilities
of LLMs grounded in standardized medical guidelines. Unlike prior benchmarks that primarily test
factual recall or domain-specific knowledge, MedGUIDE emphasizes stepwise diagnostic reasoning
and adherence to expert-defined clinical pathways. Through a high-quality QA dataset generated
from 55 NCCN decision trees and a dual-stage quality filtering pipeline, we evaluate 25 general and
medical LLMs, revealing significant gaps in existing models’ ability to reason through structured
decision logic. Notably, medical LLMs often underperform despite their specialized training, and
guideline grounding via contextual input or continued pretraining yields limited improvements, with
few exceptions. These findings suggest that, beyond domain knowledge, robust guideline-following
and sequential reasoning remain open challenges. We hope MedGUIDE serves as a valuable resource
for driving progress toward clinically useful, safety-critical LLM applications.
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A Limitations and Future Directions

Limitations and Future Work. While MedGUIDE is a comprehensive benchmark grounded
in real clinical guidelines, there are natural opportunities for extension. Our current focus is on
NCCN oncology guidelines, and future versions could expand to cover other specialties such as
cardiology or endocrinology to further assess cross-domain generalization. Also, we explored
guideline-grounded fine-tuning and context augmentation, future work may explore reinforcement
learning or retrieval-enhanced methods to further align models with structured clinical reasoning.
Overall, we see MedGUIDE as a solid foundation upon which richer diagnostic benchmarks can be

built.

B Demographic Information of Annotators

Annotator ID  School & Program Year Age
01 Harvard Medical School M3 27
0 Harvard Bioengineering & Department of G5 7
Stem Cell and Regenerative Biology (HSCRB)
g s A
04 Harvard Population Health Science - Statistical Genetics  incoming PhD 24
05 Harvard Population Health Science - Epidemiology Gl 25
06 MIT Biology PhD 28

C Disease Abbreviations

Table [2|lists the abbreviations used in our dataset along with the corresponding full disease names

derived from NCCN guidelines.

Abbreviation Full Disease Name

aml Acute myeloid leukemia

bla Bladder cancer

bon Bone cancer

bre Breast cancer

cer Cervical cancer

cml Chronic myeloid leukemia
cns Central nervous system cancer
col Colon cancer

eso Esophageal and esophagastric junction cancer
gas Gastric cancer

hcc Hepatocellular carcinoma
nscl Non-small cell lung cancer
pancreatic  Pancreatic cancer

prostate Prostate cancer

sclc Small cell lung cancer
thyroid Thyroid carcinoma

vulvar Vulvar cancer

Table 2: Abbreviations used for disease categories in the MedGUIDE benchmark.

D Ciriteria for QA Data Quality Evaluation

Here we provide detailed criteria for both clinical and general aspects, along with their corresponding

scoring rubrics.
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D.1 Clinical Evaluation Criteria

1. Clinical Plausibility

Definition: Assess how realistic, accurate, and medically plausible the patient scenarios and clinical
histories are.

* Score 5 (Excellent): Entirely realistic scenario; demographics, disease course, treatment
history, and outcomes accurately reflect real-world clinical practice.
Example: A 65-year-old male smoker with stage III NSCLC, weight loss, and persistent
cough undergoes CT and biopsy confirming adenocarcinoma.

* Score 4 (Good): Mostly realistic with minor atypical or simplified details.
Example: 30-year-old woman with hemoptysis and imaging-confirmed large lung mass, but
no risk factors mentioned.

* Score 3 (Fair): Plausible but includes inconsistencies or missing details.
Example: T5-year-old with metastatic prostate cancer but no urinary symptoms or PSA
history.

* Score 2 (Poor): Multiple clinical inaccuracies.
Example: 25-year-old female with thyroid cancer metastasizing to bones without prior neck
symptoms.

* Score 1 (Implausible): Medically impossible or significantly flawed.
Example: Localized thyroid cancer treated with first-line systemic chemotherapy.

2. Clinical Utility

Definition: Evaluate educational relevance and practical clinical usefulness of the scenario and
question.

* Score 5 (Excellent): Highly relevant to key guideline-based decisions.
Example: Choosing between surveillance vs. surgery for low-risk thyroid cancer.

* Score 4 (Good): Relevant but less frequent or less critical decision.
Example: Choosing imaging modality for thyroid nodule staging.

¢ Score 3 (Fair): Basic or somewhat obvious decision.
Example: Referral for suspected thyroid nodule.

¢ Score 2 (Poor): Trivial scenario.
Example: Whether to evaluate a neck mass in a symptomatic adult.

* Score 1 (Misleading): Irrelevant or outdated guidance.
Example: Surgical treatment for incidental 3 mm thyroid cyst.

3. Quality of Decision Path

Definition: Assess the clinical logic and fidelity to real-world guideline-based decision sequences.

* Score 5 (Excellent): Fully guideline-consistent and logically coherent.
¢ Score 4 (Good): Minor deviation, otherwise accurate.

¢ Score 3 (Fair): Small errors but overall direction intact.

* Score 2 (Poor): Multiple inconsistencies or unclear transitions.

* Score 1 (Invalid): Contradicts guidelines or nonsensical path.

4. Alignment to Decision Path
Definition: Evaluate if the patient profile matches the simulated guideline path.

* Score 5 (Excellent): All key nodes correctly included.
* Score 4 (Good): Minor omissions, overall aligned.

* Score 3 (Fair): Multiple inaccuracies but generally reasonable.
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* Score 2 (Poor): Weak alignment; many steps wrong or missing.

* Score 1 (Misaligned): Entirely mismatched from the guideline.

5. Clinical Accuracy of Correct Answer

Definition: Confirm whether the correct answer is safe and guideline-aligned.

* Score 5 (Excellent): Fully guideline-supported.
Example: RALI for iodine-avid thyroid cancer.

* Score 4 (Good): Minor ambiguity or edge-case.
Example: RAI for borderline thyroid case.

Score 3 (Fair): Acceptable but not ideal.

Score 2 (Poor): Technically possible but incorrect.

* Score 1 (Unsafe): Clinically incorrect or harmful.

D.2 General Quality Criteria
1. Clarity and Detail Level

Definition: Evaluate if the clinical scenario is clear, unambiguous, and sufficiently detailed.

* Score 5: Clear, detailed, and precise medical language.
* Score 4: Mostly clear with minor ambiguities.

* Score 3: Some ambiguity or missing elements.

* Score 2: Lacks key clinical details.

* Score 1: Unclear or insufficient to interpret.

2. Consistency and Internal Logic

Definition: Assess logical consistency of the patient narrative.

* Score 5: Fully consistent with clear temporal logic.
* Score 4: Mostly consistent with minor issues.
* Score 3: Some contradictions.

* Score 2: Significant inconsistencies.

Score 1: Illogical or medically impossible.

3. Safety and Toxicity

Definition: Ensure that scenarios and choices are medically safe and non-harmful.

* Score 5: Completely safe and appropriate.

* Score 4: Safe with minor issues.

* Score 3: Generally safe but questionable detail.
* Score 2: Contains safety concerns.

¢ Score 1: Unsafe or harmful.
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4. Textual Quality and Professionalism

Definition: Assess grammar, readability, and tone.

* Score 5: Highly professional and grammatically correct.
* Score 4: Minor issues not affecting clarity.

* Score 3: Noticeable grammar/style flaws.

* Score 2: Hard to follow due to errors.

* Score 1: Poor quality and unprofessional.

5. Option Distinctiveness

Definition: Evaluate whether answer choices are clearly distinct.

* Score 5: All options clearly distinct.

* Score 4: Minor overlaps, still distinguishable.
* Score 3: Some overlap but manageable.

* Score 2: Significant overlap.

¢ Score 1: Indistinct or redundant choices.

E Reward Model Training

For each input sample x, we have a ground truth reward vector [R;(z), Ra(z), ..., Rs(x)] corre-
sponding to the five evaluation dimensions. The multi-head reward model is trained to predict

[Ry(x), Ro(x), ..., Rs(x)]. This is formulated as a multi-label regression task, where each label is a
5-dimensional real-valued score vector.

We use mean squared error (MSE) as the loss function across all heads:

L) == (i) - Ri(:p))Q ©)

i=1

For training, we use a single NVIDIA H100 80GB GPU. The model is trained for 5 epochs with a
learning rate of 2 x 10~°. Hyperparameters and the backbone model are selected via grid search over
five candidates:

e [L1ama3.2-1B-Instruct,
e LL1ama3.2-3B-Instruct,
* Llama3.1-8B-Instruct,
* Qwen2.5-1.5B-Instruct,

* Qwen2.5-7B-Instruct.

The search spans learning rates Se-5, 2e-5, le-5, Se-6 and epoch counts ranging from 1 to 16. The
validation MSE is 0.28 at the end of training.

F MedGUIDE Evaluation Results

In Table 3] we present the detailed scores for both accuracy metrics across all 25 models evaluated on
the MedGUIDE benchmark.
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Table 3: Performance of 25 LLMs on MedGUIDE

Model Accuracy | Weighted Accuracy
Claude-3-5-Haiku-20241022 0.4935 0.4755
Claude-3-7-Sonnet-20250219 0.5765 0.5562
ClinicalCamel-70B 0.4683 0.4360
Deepseek-V3 0.5957 0.5770
Deepseek-R1 0.6006 0.5812
GPT-4.1 0.6439 0.6254
GPT-40-mini 0.5557 0.5342
(0] 0.6239 0.6049
O4-mini 0.6075 0.5890
Llama-3.1-8B-Instruct 0.4955 0.4706
Llama-3.1-70B-Instruct 0.5654 0.5431
Llama-3.2-1B-Instruct 0.3121 0.2889
Llama-3.2-3B-Instruct 0.4377 0.4174
Medalpaca-7b 0.4116 0.3899
Medalpaca-13b 0.2721 0.2516
Meditron-7b 0.1701 0.1458
Meditron-70b 0.2530 0.2295
Mistral-7B-Instruct-v0.3 0.5034 0.4813
Mixtral-8x7B-Instruct-v0.1 0.5095 0.4915
Qwen2.5-1.5B-Instruct 0.4242 0.4044
Qwen2.5-7B-Instruct 0.5188 0.5007
Qwen3-4B 0.4789 0.4624
Qwen3-8B 0.4936 0.4733
Qwen3-14B 0.5554 0.5354
Qwen3-32B 0.5553 0.5366

G Correlation Between Benchmarks

G.1 Details of Benchmarks

IFEval. Instruction-Following Evaluation (IFEval) [Zhou et al., 2023 is a synthetic benchmark
designed to probe an LLM’s ability to follow explicit, rule-verifiable constraints. Each of the 541
prompts is paired with one to three constraints drawn from a catalogue of 25 rule types, covering
simple length requirements (“write at least N words™), formatting rules (“output exactly two bullet
points™), keyword constraints (“mention the string AT three times”), and lexical bans (“do not use the
word because”), among others. Because every constraint can be checked automatically, evaluation
is performed with instruction-level loose accuracy: a response is scored as correct if all constraints
attached to that prompt are satisfied, allowing for innocuous preambles or markdown wrappers that
do not violate any rule. (We follow the “loose” variant proposed by [Zhou et al.| [2023]], which
strips leading markdown headings and trailing boiler-plate before rule checking so as to avoid false
negatives.) In the correlation study we treat each model’s overall pass rate (%) on IFEval as one of
the two score vectors.

MMLU-PROFESSIONAL-MEDICINE. Massive Multitask Language Understanding (MMLU) is a
57-subject multiple-choice benchmark that spans high-school, university, and professional-licensing
curricula [Hendrycks et al.| [2020]. The PROFESSIONAL-MEDICINE subset consists of 132 questions
drawn from USMLE-style practice banks and medical-board preparatory materials. Questions
demand factual recall of physiology, pathology and pharmacology as well as short clinical reasoning:
each item provides four answer choices with exactly one correct option. Following the MMLU
protocol, we report five-shot accuracy: every test question is preceded by five exemplars from the
same sub-domain, and a model’s answer is selected by its highest-log-probability choice. This
accuracy forms the second score vector in our analysis.

Why these two benchmarks? IFEval isolates pure instruction adherence under transparent, rule-
based constraints, while MMLU—-PROFESSIONAL-MEDICINE measures domain knowledge and

21



clinical reasoning. By correlating MedGUIDE results with these two complementary axes we can
disentangle whether strong guideline reasoning co-varies more with generic instruction-following
skills, with medical knowledge, or with both.

G.2 Correlation Metrics for Benchmark Comparison

To quantify the relationship between model performance across different benchmarks, we use the
following statistical correlation metrics:

Spearman’s Rank Correlation Coefficient. Spearman’s correlation measures the strength of a
monotonic relationship between two sets of scores. It is defined as the Pearson correlation between
the rank-transformed variables:

_ Yoi (rank(x;) — 7,) (rank(y;) — Ty)
\/Z?:l(rank(xi) - E)Q\/Z?zl(rank(yz‘) - F1/)2 ’

where rank(z;) and rank(y;) are the ranks of x; and y;, and 7., T, are their mean ranks.

pPs

Kendall’s 7. Kendall’s 7 measures ordinal association by counting the number of concordant and
discordant pairs:
C-D
T=—=7,
C+D

where C is the number of concordant pairs and D is the number of discordant pairs among all (g)
possible pairs.

Pearson Correlation Coefficient. Pearson’s correlation measures the strength of a linear relation-
ship between two numerical variables:

_ iy (@i = ) (yi — )
Vi (@i — )2/ (v — 9)?

where T and y are the means of x and y, respectively.

r

b

These metrics allow us to assess whether strong performance on MedGUIDE correlates with perfor-
mance on other medical reasoning benchmarks, either in terms of rank agreement or absolute score
similarity.

Comparison of Metrics. Each correlation metric offers distinct interpretability and sensitivity
characteristics. Below we summarize when each is most appropriate for comparing benchmark
scores:

* Pearson correlation (r) asks: Are the two score vectors linearly related? It assumes
interval-scale scores and is sensitive to outliers. This metric is most informative when the
relationship between benchmarks is expected to be approximately linear (e.g., every 10-point
gain on Benchmark A corresponds to an 8-point gain on Benchmark B).

¢ Spearman correlation (p) asks: Do higher scores on one benchmark generally correspond
to higher scores on the other? 1Tt converts scores into ranks and measures monotonic
relationships. This rank-based approach is robust to non-linear transformations and outliers,
making it suitable when benchmarks differ in scale or exhibit curved relationships.

» Kendall’s 7 asks: For each pair of models, does the higher-scoring model on one benchmark
also rank higher on the other? This purely ordinal metric counts concordant and discordant
pairs, making it especially robust to noise and ties. It is most informative when NN is small
(as in our case with NV = 25) and when a probabilistic interpretation of ranking agreement
is desired.

By jointly considering these three metrics, we obtain a more comprehensive view of how two bench-
marks align—capturing linear trends (Pearson), monotonicity (Spearman), and ordinal consistency
(Kendall).
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G.3 Correlation Results

Figure [6] shows the exact performance scores on three benchmarks. Figure [7] shows correlations
between MedGUIDE and both of IFEval 2024] and MMLU-Professional Medicine
[Hendrycks et all,[2020]] across 25 models, using Spearman’s p, Kendall’s 7, and Pearson’s 7 metrics.

We observe strong positive correlations between MedGUIDE and both benchmarks. Interestingly,
MedGUIDE exhibits even higher alignment with MMLU (e.g., p = 0.85, r = 0.81) than with
IFEval (p = 0.71, r = 0.75), suggesting that despite its emphasis on structured decision-making,
MedGUIDE retains a substantial factual and knowledge-intensive component. The relatively weaker
Kendall’s 7 values (e.g., 0.56 for MedGUIDE-IFEval and 0.68 for MedGUIDE-MMLU) indicate
moderate agreement in relative model ranking order.

Overall, the correlations highlight that MedGUIDE partially overlaps with both instruction-following
and medical knowledge evaluation, while introducing unique challenges in decision-path compliance
not fully captured by either benchmark alone.
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Figure 6: Performance scores of models across three benchmarks: MedGUIDE (Weighted Accuracy),
IFEval, and MMLU-Professional Medicine.

MedGUIDE

& IFEval 0.71 0.56

Correlation

MedGUIDE

& MMLU 0.85 0.68

Figure 7: Pairwise correlations between MedGUIDE, IFEval, and MMLU-Professional Medicine
across 25 models, evaluated via Spearman, Kendall, and Pearson metrics. MedGUIDE aligns more
strongly with MMLU in absolute scoring, but shares notable ranking similarity with IFEval as well.

H Methods for Improving MedGUIDE Accuracy

H.1 Method I

Below in Table ] we report the exact accuracy scores after applying Method I (including guideline in
context), along with the corresponding relative improvements in percentage. These improvements are
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also visualized in Figure[8] We then present a detailed case study demonstrating how Method I enables
the model to follow the guideline and produce both the correct answer and a guideline-consistent

explanation.

Table 4: LLM performance after applying clinical guideline by Method I, with relative improvement

in percentages.

-
N
(4]

100

Percentage Improvement (%)

Model Accuracy 1\;Ve1ghted
ccuracy
Claude-3-5-Haiku-20241022  0.673 (36%) 0.658 (38%)
ClinicalCamel-70B 0.610 (30%) 0.583 (34%)
Deepseek-V3 0.601 (1%) 0.579 (0%)
GPT-4.1 0.775 (20%)  0.760 (21%)
O4-mini 0.783 (29%) 0.768 (30%)
Llama-3.1-8B-Instruct 0.671 (35%) 0.654 (39%)
Llama-3.1-70B-Instruct 0.769 (36%)  0.755 (39%)
Llama-3.2-1B-Instruct 0.354 (13%) 0.324 (12%)
Medalpaca-7b 0.407 (-1%)  0.376 (-4%)
Medalpaca-13b 0.291 (7%) 0.264 (5%)
Meditron-7b 0.292 (72%) 0.271 (86%)
Meditron-70b 0.490 (94%) 0.463 (102%)

Mixtral-8x7B-Instruct-v0.1

Qwen3-8B
Qwen3-4B
Qwen3-14B
Qwen3-32B

0.621 (22%)
0.667 (35%)
0.625 (31%)
0.740 (33%)
0.726 (31%)

0.599 (22%)
0.647 (37%)
0.605 (31%)
0.723 (35%)
0.711 (32%)

Accuracy Improvement

I Weighted Accuracy Improvement
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Figure 8: Improvement of accuracy and weighted accuracy for Method I
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Case Study of Method I
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Figure 9: NCCN Metastatic Ewing sarcoma Guideline. The orange boxes illustrate the
workflow through which the sample QA dataset is generated. Red and green annotations
represent the correct and incorrect options.

Prompt: A 16-year-old male was diagnosed with metastatic Ewing sarcoma following the eval-
uation of persistent pain in his right pelvis and a palpable mass. Initial imaging revealed a 5
cm tumor in the iliac wing with multiple lung metastases noted on a CT scan. He underwent
neoadjuvant chemotherapy with vincristine, doxorubicin, and ifosfamide, followed by surgical
resection of the primary tumor. Post-surgery, he received definitive radiation therapy to the primary
site and additional chemotherapy for residual disease. Follow-up chest CT demonstrated complete
resolution of the lung metastases, but there remains concern for micro-metastatic disease given
the initial extensive pulmonary involvement. Given these findings, should we consider whole lung
irradiation as a next step in managing his treatment?

Options:

(A) Excision of metastases or RT

(B) Consider WLI

(C) Continuing chemotherapy only with palliative surgery
(D) Excision + whole lung irradiation (WLI)

(E) Palliative RT to symptomatic areas

(F) Other techniques for multiple metastases

Correct Answer: B.

Original Answer by GPT4.1: C

Original Explanation by GPT4.1: The correct management for this 16-year-old male with
metastatic Ewing sarcoma is option C: Continuing chemotherapy only with palliative surgery.
Despite the patient’s comprehensive initial treatment regimen consisting of neoadjuvant chemother-
apy, surgical resection of the primary iliac wing tumor, definitive radiation to the primary site, and
additional chemotherapy, the history of extensive pulmonary metastases represents a significant
prognostic challenge. While the follow-up chest CT demonstrates complete radiographic resolution
of the visible lung metastases, patients with initial widespread metastatic Ewing sarcoma typically
face a guarded prognosis. In this context, continuing systemic chemotherapy remains the backbone
of treatment to control microscopic metastatic disease throughout the body, not just in the lungs.
The palliative surgery component allows for addressing any local complications or symptomatic
lesions that might develop, without subjecting the patient to the significant toxicity of whole
lung irradiation, which carries substantial short and long-term side effects including pneumonitis,
pulmonary fibrosis, and cardiac toxicity. This balanced approach prioritizes disease control while
maintaining quality of life, recognizing that complete cure may be challenging in the setting of
initially extensive metastatic disease. Systemic therapy offers the best chance of managing potential
microscopic disease at all sites while minimizing treatment-related morbidity in this young patient
who has already undergone intensive multimodal therapy.

Correct Answer by GPT 4.1 (using Method I): B
Correct Explanation by GPT 4.1 (using Method I): To understand the decision-making path
from the clinical vignette to the final option B: Consider WL, it is essential to follow the flowchart
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step by step, tracing the structure logically from the root node to the leaf node. The patient is
diagnosed with Metastatic Ewing Sarcoma, which represents the starting point at the root node of
the flowchart. According to the guidelines, metastatic Ewing sarcoma is managed initially with
Local Control Therapy to the primary site. In this case, the patient underwent surgical resection
and radiation therapy, fitting the expected pathway for local control. After local control therapy, the
flowchart directs the decision-making process to Adjuvant Treatment / Additional Therapy, which
includes continued chemotherapy and radiation therapy. This step matches the patient’s treatment
history, where he received additional chemotherapy after surgery.

The next step is the Assessment of Metastatic Response, where the decision path diverges based on
the response of lung metastases. The flowchart specifies three possible pathways: Oligometastatic
Disease, which would prompt excision or radiation therapy; Lung Only Partial Response, sug-
gesting incomplete control and potential excision + whole lung irradiation (WLI); and Lung Only
Complete Response. In this patient’s case, imaging showed a complete response in the lung,
guiding the decision towards Consider WLI as the next step to address potential micro-metastatic
disease.

Following the path for Lung Only Complete Response, the guideline explicitly recommends
Consider WLI for comprehensive management aimed at mitigating the risk of microscopic disease.
This is where the decision path terminates, aligning precisely with the option B: Consider WLI in
the clinical question. Thus, the stepwise traversal through the guideline flowchart follows a logical
sequence: Metastatic Ewing Sarcoma — Local Control Therapy — Adjuvant Treatment — Lung
Only Complete Response — Consider WLI, justifying B as the most clinically appropriate option.

Analysis: In this case study, we observe a clear improvement in both the reasoning and answer
selection after incorporating the guideline into the prompt. In the original response (without
guideline context), the model incorrectly selects option C and justifies its decision based on
general considerations of prognosis and treatment-related toxicity. However, this explanation
overlooks the patient’s complete response in the lungs and fails to recognize the appropriate next
step recommended in the guideline for such cases. In contrast, after including the guideline in the
prompt (Method I), the model correctly identifies B: Consider WLI as the recommended next
step. The explanation explicitly traces the decision path through the guideline, correctly mapping
the patient’s clinical course—metastatic disease, local control, adjuvant therapy, and lung-only
complete response—to the corresponding recommendation. This demonstrates how incorporating
the structured guideline enables the model to produce not only the correct answer but also a faithful
and guideline-consistent rationale.

H.2 Method II

Below in Table 5] we report the exact accuracy scores after applying Method II (fine-tuning with
guidelines), along with the corresponding relative improvements in percentage. These improvements
are also visualized in Figure [I0}

Model Accuracy Weighted Acc

Llama-3.1-8B-Instruct  0.5014 (1%) 0.4772 (1%)
Llama-3.2-1B-Instruct  0.3170 2%) 0.2941 (2%)

Medalpaca-7b 0.4135(0%)  0.3936 (1%)
Meditron-7b 0.3334 (96%)  0.3044 (109%)
Qwen3-4B 04844 (1%)  0.4661 (1%)
Qwen3-8B 04972 (1%)  0.4757 (1%)

Table 5: Performance of LLMs after fine-tuning by Method II, with improvements relative to baseline.

I Prompt Templates for Guideline-to-QA Generation

To generate high-quality medical QA data from NCCN guideline figures, we design a set of structured
prompts to guide large language models through three stages: (1) converting clinical guideline
diagrams into structured JSON; (2) extracting all clinical decision paths from the tree; and (3)

26



§ 100 Accuracy Improvement
b Weighted Accuracy Improvement
[}
=
S 80
>
o
a 60
E
S 40
5
3
S 20
&
0 X X
RS RS NS (§> PN Q
& &S & o &
Q¥ Q O O
S P AR R
i N c S AR
& ;& \
& N
N N

Figure 10: Improvement of accuracy and weighted accuracy for Method II

generating realistic patient vignettes and clinical questions based on each decision path. Below we
provide a description and the exact text of each prompt used in this process.

I.1 Prompt: Convert Guideline Diagram to JSON Tree

This prompt asks the LLM to read a clinical decision tree (e.g., a screenshot of an NCCN guideline)
and convert it into a machine-readable, hierarchically structured JSON format.

You are given a clinical decision tree diagram (as a
screenshot image) that outlines medical guidelines for
diagnosis or treatment. Your task is to convert the decision
tree into a structured JSON format that precisely mirrors the
full logic and hierarchy presented in the figure.

* The JSON must accurately reflect all branching paths,
decision points, conditions, and outcomes.

* All treatment options, diagnostic steps, and relevant notes
(e.g. footnotes or eligibility criteria) must be preserved.

* Maintain the exact hierarchical relationships and nesting,
so that the JSON could be used to programmatically reconstruct
the original tree.

* Use clear and descriptive key names based on the text in the

image.
* If treatments or conditions include multiple options or
logical conditions (e.g. ‘A or B’’), represent them using

lists or nested structures as appropriate.
Example format:

{

"First relapse (morphologic or molecular)": {

"Early relapse (<6 mo) after ATRA and arsenic trioxide (no
anthracycline)": {

"Therapy": [

"Anthracycline-based regimen as per APL-3",

"Gemtuzumab ozogamicin"

]

}’

"Late relapse (>6 mo) after arsenic trioxide-containing
regimen":

"Therapy": [

"Arsenic trioxide # ATRA # (anthracycline or gemtuzumab
ozogamicin)"

]
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}

}5

"No remission": {

"Next steps": [

"Clinical trial",

"Matched sibling or alternative donor HCT"
]

}

}

LI.2 Prompt: Extract All Decision Paths

This prompt asks the LLM to enumerate every possible decision path from the root to a leaf node in
the structured guideline.

You are provided with an image of an NCCN clinical decision
tree guideline, outlining detailed medical instructions for
diagnosis and treatment. Your task is to precisely list all
possible clinical decision paths depicted in the guideline.

Instructions:

* Represent each decision path as a Python list of strings.

* Each string must exactly match the text appearing in the
decision nodes, conditions, or treatment steps from the image,
without abbreviation, modification, or paraphrasing.

* Include every potential pathway from the initial decision
node down to each final leaf node.

Now, generate all possible paths.

I.3 Prompt: Generate a QA Sample from a Decision Path

This prompt instructs the model to generate a realistic patient vignette and a clinical question that
follows the logic of a specific decision path.

You are provided with a clinical decision path derived from an
NCCN guideline, presented as an ordered list of decision nodes
(each node is a string). Your task is to generate a realistic
patient vignette-a brief clinical case-including pertinent
medical history, timing of relapse, previous treatments,

test results, and clinical assessments required to match
precisely each node in the provided decision path from root

to leaf. Conclude your vignette with a clinical question
asking explicitly about the appropriate next treatment step.
The correct answer must correspond exactly to the final node
of the provided path but should not be mentioned explicitly in
either the vignette or the question.

Decision Path:

e "First relapse (morphologic or molecular)"

e "Early relapse (<6 mo) after ATRA and arsenic trioxide (no
anthracycline)"

¢ "Therapy"

Formatting Instructions:

* Present the entire vignette and concluding question as a
single paragraph.

* Do not reveal or imply the correct (leaf node) answer
within the vignette or the question.

28



J Practical Implications for Clinical Use

MedGUIDE points to a pragmatic deployment recipe for medical LLMs as clinician-in-the-loop,
guideline-grounded decision support:

* Guideline Grounding. Automatically retrieve the relevant decision tree at inference time and
display the exact node-by-node path behind each recommendation, as demonstrated in our Method I
results.

* Transparent Rationale. Explicitly link patient facts to decision nodes and output structured fields
(e.g. recommended next step, contraindications, monitoring plans) suitable for integration into
electronic health records (EHRSs).

* Uncertainty Gating. When the model exhibits low confidence or ambiguous path alignment, it
should defer surfacing missing information or escalating to clinician review rather than offering
potentially unsafe recommendations.

* Governance and Auditing. Log the guideline version, model outputs, clinician overrides, and
near-miss events to support ongoing safety monitoring, quality improvement, and regulatory
compliance.

Overall, MedGUIDE is meant to augment, not replace, clinical judgment, and the benchmark’s
metrics (adherence, transparency, safe deferral) give concrete targets for trustworthy deployment.

K Extended Discussion and Design Considerations

K.1 Scope and Generalization

This version of MedGUIDE focuses on oncology mainly because of the availability and clarity of
NCCN decision trees, which make it easier to map structured logic to model behavior. Besides, the
overall pipeline (extracting decision logic, generating vignettes, and scoring model responses) does
not assume anything oncology-specific. Most clinical specialties use similar decision trees, so we see
MedGUIDE as a generalizable framework that can be extended to other domains like cardiology or
endocrinology without major changes.

K.2 Use of Synthetic Vignettes

We chose to generate patient vignettes synthetically via prompting rather than extracting from EHRs.
Our main considerations are: (1) privacy concerns, (2) the need to precisely control the match between
vignettes and decision paths, and (3) the desire to cover the full decision space of each guideline.
While synthetic text may lack some of the nuance of real-world clinical notes, we mitigate this by
prompting from multiple models and applying strict quality filtering. The goal of our current work is
not to perfectly mimic clinical language, but to create plausible, decision-relevant scenarios tied to
ground-truth logic.

K.3 Robustness of Quality Filtering

To make the data as clean and consistent as possible, we apply a two-stage filtering process: a trained
reward model checks for clinical validity, and a small ensemble of LLM-as-a-judge prompts scores
textual clarity, internal logic, and safety. This hybrid approach helps us catch both subtle medical
inconsistencies and broader language issues. While it is impossible to guarantee perfect quality at
scale, this setup gives us a practical way to balance coverage and rigor without requiring full manual
review of 8K samples.

K.4 Design Choice: Multiple-Choice Format

We stick with multiple-choice questions in this first release because under this setting, rigorous
evaluation and quantification are possible. Moreover, our design of multiple-choice correctness based
on the decision paths is tightly aligned with the structure of clinical decision trees and consistent
with existing medical LLM applications. We fully recognize that real-world clinical decisions can be
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more open-ended, but designing a reliable benchmark for open-ended guideline following is much
harder: it is extremely challenging to define a metric to measure how well a model’s open-ended
answer follows the guideline. We see our current setup as a starting point, and plan to explore more
flexible formats (e.g., chain-of-thought or free-text reasoning) in future versions of MedGUIDE.

K.5 Simple Methods for Guideline Grounding

We deliberately chose two lightweight methods: guideline-in-context prompting and fine-tuning,
because these methods are straightforward. These are not meant to be state-of-the-art techniques,
but rather easy baselines that help test whether models can actually benefit from structured guideline
information. We expect more complex methods (such as structured planning, tool use, or retrieval-
augmented generation) to show further improvements, but they are outside the scope of this paper
and will be explored in future work.

K.6 Ethical and Release Considerations

All examples in MedGUIDE are synthetically generated, with no real patient data involved. We
include filtering criteria for professionalism, internal consistency, and safety, and instruct models to
avoid harmful or stigmatizing content during generation. The dataset is intended purely for research
and benchmarking, not for clinical deployment. In the public release, we will also provide a best-
practices usage document to help ensure the dataset is used responsibly and in alignment with its
intended purpose.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction clearly state the paper’s contributions: introduc-
ing the MedGUIDE benchmark, evaluating a diverse set of LLMs, analyzing correlations
with existing benchmarks, and proposing improvement methods. These claims are consis-
tently supported throughout the paper.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: Limitations are discussed in Section[6} acknowledging scope (cancer-specific
guidelines), model coverage, and inference-time assumptions without overstating them.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs
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Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
Justification: The paper is empirical and does not include theoretical results or proofs.
Guidelines:

* The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

» Theorems and Lemmas that the proof relies upon should be properly referenced.

. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We describe model evaluation procedures, selection thresholds, quality criteria,
and hyperparameters for fine-tuning. Code and data are made available.

Guidelines:

* The answer NA means that the paper does not include experiments.
* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.
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5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: The MedGUIDE dataset and code are publicly released via Hugging Face and
anonymous repository links (see footnote in Section [2).

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: Fine-tuning settings, learning rates, epochs, and dataset filtering procedures
are described in Sections[3.3]and

Guidelines:

» The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:

Justification: Due to the deterministic nature of most evaluated models (especially APIs)
with temperature 0, we report accuracy without error bars.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.
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8.

10.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

¢ For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: We describe API models used (inference only), and for fine-tuning we report
model names, epochs, learning rates, and note resource constraints (Section E[)

Guidelines:

» The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: All data is synthetic or derived from published clinical guidelines; we ensure
no patient data or personal health information is used.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: Section [f]briefly touches on clinical relevance and risks of model misuse. The
broader impact of guideline adherence is implicit throughout the paper.

Guidelines:
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11.

12.

» The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [Yes]

Justification: MedGUIDE is derived from publicly available clinical protocols, and we only
release model-generated synthetic data with no patient information.

Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: All models are either public or commercial APIs used per their terms; citations
are included for all datasets and models.

Guidelines:
* The answer NA means that the paper does not use existing assets.

 The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.
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13.

14.

15.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: Human annotators (clinical experts) were involved in quality rating. Annotation
details and demographics are provided in Appendix B}

Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [Yes]

Justification: Human annotators (clinical experts) were involved in quality rating. Annotation
details and demographics are provided in Appendix

Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [Yes]

Justification: All annotators were consenting medical professionals. No patient data or
interventions were used. We obtained verbal or written agreement to participate in this
research task in compliance with institutional research policy.

Guidelines:
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* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: LLMs were not used in the development of the core methods or experiments
in this work. They were only used for non-scientific purposes such as writing assistance and
figure plotting.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.

37


https://neurips.cc/Conferences/2025/LLM

	Introduction
	Related Work
	MedGUIDE: A Guideline-Based Clinical Decision-Making Benchmark
	NCCN Guidelines for Cancer
	Synthetic Prompt Generation
	Quality-Based Selection via Reward Models
	Clinical and General Criteria
	Training Reward Models
	Data Selection


	Experiments
	Models:
	Evaluation Metrics
	Results
	Correlation with Other Benchmarks

	Improve Performance
	Method I: Include the Guideline in Context
	Method II: Fine-tuning with Guideline Data

	Conclusion
	Limitations and Future Directions
	Demographic Information of Annotators
	Disease Abbreviations
	Criteria for QA Data Quality Evaluation
	Clinical Evaluation Criteria
	General Quality Criteria

	Reward Model Training
	MedGUIDE Evaluation Results
	Correlation Between Benchmarks
	Details of Benchmarks
	Correlation Metrics for Benchmark Comparison
	Correlation Results

	Methods for Improving MedGUIDE Accuracy
	Method I
	Method II

	Prompt Templates for Guideline-to-QA Generation
	Prompt: Convert Guideline Diagram to JSON Tree
	Prompt: Extract All Decision Paths
	Prompt: Generate a QA Sample from a Decision Path

	Practical Implications for Clinical Use
	Extended Discussion and Design Considerations
	Scope and Generalization
	Use of Synthetic Vignettes
	Robustness of Quality Filtering
	Design Choice: Multiple-Choice Format
	Simple Methods for Guideline Grounding
	Ethical and Release Considerations


