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Abstract
The National Comprehensive Cancer Network
(NCCN) provides evidence-based guidelines for
cancer treatment. Translating complex patient
presentations into guideline-compliant treat-
ment recommendations is time-intensive, re-
quires specialized expertise, and is prone to er-
ror. Advances in large language model (LLM)
capabilities promise to reduce the time re-
quired to generate treatment recommendations
and improve accuracy. We present an LLM
agent-based approach to automatically gen-
erate guideline-concordant treatment trajecto-
ries for patients with non-small cell lung can-
cer (NSCLC). Our contributions are three-
fold. First, we construct a novel longitudinal
dataset of 121 cases of NSCLC patients that
includes clinical encounters, diagnostic results,
and medical histories, each expertly annotated
with the corresponding NCCN guideline trajec-
tories by board-certified oncologists. Second,
we demonstrate that existing LLMs possess
domain-specific knowledge that enables high-
quality proxy benchmark generation for both
model development and evaluation, achieving
strong correlation (Spearman coefficient r =

0.88, RMSE = 0.08) with expert-annotated
benchmarks. Third, we develop a hybrid ap-
proach combining expensive human annota-
tions with model consistency information to
create both the agent framework that predicts
the relevant guidelines for a patient, as well as
a meta-classifier that verifies prediction accu-
racy with calibrated confidence scores for treat-
ment recommendations (AUROC=0.800). Cal-
ibrated confidence scoring is a critical capa-
bility for communicating the accuracy of out-
puts, custom-tailoring tradeoffs in performance,
and supporting regulatory compliance. This
work establishes a framework for clinically vi-
able LLM-based guideline adherence systems
that balance accuracy, interpretability, and reg-
ulatory requirements while reducing annotation
costs, providing a scalable pathway toward au-
tomated clinical decision support.

Keywords: Treatment recommendation, Can-
cer, Guidelines, Evaluation, Scaling

Data and Code Availability We obtain clinical
annotations from a third-party contractor. Patient
data is de-identified and sourced from multiple insti-
tutions within the USA, but it is not licensed for pub-
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lic release. All analyses were conducted using Azure-
hosted LLMs within our institution’s secure cloud
environment; no data were transmitted to external
third-party services. Code and synthetic patient data
are made available here: CancerGUIDE repository.

Institutional Review Board (IRB) Our re-
search does not contain data from identified human
subjects and as such does not require an IRB.

1. Introduction

Cancer treatment decisions require oncologists to
synthesize complex patient histories with evolving
clinical guidelines to recommend the appropriate next
treatments. The National Comprehensive Cancer
Network (NCCN) guidelines provide evidence- and
consensus-based recommendations for cancer diagno-
sis, treatment, and management (National Compre-
hensive Cancer Network, 2025), with adherence pro-
moting higher quality and consistent care between
providers (Pluchino and D’Amico, 2020; Winn and
McClure, 2003; Benson III and Brown, 2008). How-
ever, guideline navigation presents significant chal-
lenges: the guidelines are extensive, frequently up-
dated as new research emerges, and require time-
intensive review of complex patient documentation
(Benson III and Brown, 2008). These factors con-
tribute to variability in guideline adherence and
treatment recommendations, particularly in resource-
constrained settings where specialist expertise is lim-
ited (Koh et al., 2020; Kumar et al., 2023).

Large language models (LLMs) offer promising
potential to address these challenges by automat-
ically processing clinical notes and recommending
guideline-concordant treatment plans (Fast et al.,
2024; Wang et al., 2024; Hamed et al., 2023; Schulte,
2023). However, deploying LLMs for clinical decision
support requires rigorous evaluation to ensure accu-
racy and safety. The complexity of clinical reasoning,
combined with the high stakes of treatment decisions,
demands robust validation methods that can assess
model performance at scale while maintaining clinical
safety standards. In addition, current FDA guidelines
for evaluation of AI systems recommend ROC curve
measurement as a part of comprehensive clinical per-
formance assessment endpoints (U.S. Food and Drug
Administration, 2022), which is challenging to pro-
duce from generative outputs that are not associated
with semantically aligned confidence scores.

Despite growing interest in clinical LLMs, rigor-
ous evaluation remains a fundamental bottleneck due
to the scarcity of expert-annotated datasets. High-
quality ground truth labels for complex clinical rea-
soning tasks require substantial investment in spe-
cialist time and expertise, limiting the scale at which
models can be validated (Zajac et al., 2023; Liang
et al., 2017). Common evaluation approaches face
significant limitations: synthetic data generation of-
ten fails to capture clinical complexity and is vulner-
able to distributional shift (Santangelo et al., 2025;
Yan et al., 2022; Chen et al., 2025; Cui et al., 2025),
while using actual patient treatments as ground truth
is problematic, since real-world decisions frequently
incorporate factors exogenous to guideline recom-
mendations, such as patient preferences, drug avail-
ability, institutional protocols, and physician experi-
ence (Arts et al., 2016; Quaglini et al., 2004).

This evaluation challenge is particularly acute for
guideline adherence tasks, where the gold standard
requires expert oncologists to determine whether
complex, multi-step clinical reasoning aligns with
evidence-based recommendations. The resulting an-
notation bottleneck creates a critical gap: while
LLMs show promise for clinical decision support,
practitioners lack scalable methods to assess model
reliability before deployment in high-stakes health-
care settings.

We address this evaluation bottleneck through two
complementary approaches that enable scalable as-
sessment of LLM performance on guideline adher-
ence without extensive expert annotation. First, we
evaluate models across six different proxy-benchmark
generation methods: two synthetically generated
datasets and four based on real clinical notes with
consistency-derived labels. This analysis enables
model selection and preliminary capability assess-
ment without ground-truth labels. Second, we
demonstrate that self- and cross-model consistency
(the degree to which a model agrees with itself and
other models) serve as reliable predictors of accuracy
on expert-annotated cases.

To validate these approaches, we construct the first
benchmark for NCCN guideline adherence on non-
small cell lung cancer (NSCLC) by eliciting 13 on-
cologists to annotate 121 complete patient pathways,
representing 130+ hours of specialist expertise. This
expert-validated dataset enables us to systematically
evaluate six different proxy benchmarking methods
and quantify the relationship between model consis-
tency and clinical accuracy across multiple frontier
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Figure 1: CancerGUIDE framework. (1) Clini-
cians derive patient pathways (labeldoc) from NCCN
guidelines and real notes. These serve as gold-
standard references to compare with LLM-derived
pathways (labelLLM ), producing a reference accuracy
score (Scorer). (2) NCCN guidelines and both syn-
thetic and real clinical notes are used to generate
weak labels (labelproxy). LLM predictions (labelLLM )
are compared to these proxy labels to compute proxy
performance scores (Scorep), enabling evaluation of
how well synthetic supervision approximates expert
annotations. (3) Model consistency features (Feature
Sets) and Scorep are used to train a logistic regression
meta-classifier that predicts whether a treatment rec-
ommendation is likely correct. This classifier is fit on
labelled data from step 1 and unlabelled features from
step 2. The classifier is applied at test time to accept
or reject LLM-generated recommendations, support-
ing confidence estimation and threshold selection for
clinical deployment.

LLMs. We then develop a meta-classifier framework
that combines these weak supervision signals to clas-
sify individual prediction correctness, achieving ro-
bust performance while requiring minimal expert val-
idation (Figure 1).

Our evaluation highlights the role of synthetic data
and consistency-based data in proxy benchmarking,
with these approaches achieving high Spearman cor-
relation coefficients (r=0.88) and low RMSE values

(RMSE=0.08). We demonstrate that model consis-
tency can also serve as a reliable accuracy predic-
tor, enabling our meta-learning framework to achieve
an average of 0.800 AUROC in classifying individ-
ual prediction accuracy across all models, while un-
supervised clustering using consistency signals alone
achieves 0.666 F1 at separating correct from incorrect
predictions.

Our primary contributions are as follows:

1. NCCN guideline-adherent dataset and
task formalization: The first rigorous ML
problem formulation for clinical guideline adher-
ence, with an expert-annotated dataset of 121
patient pathways and benchmarking across eight
frontier LLMs.

2. Proxy benchmark to validate performance
in zero-label settings: A systematic evalua-
tion that identifies which proxy methods best
predict clinical performance without expert la-
bels.

3. Consistency framework for reliable treat-
ment prediction: A hybrid agent and meta-
classifier framework that generates relevant
guideline paths and produces confidence values
correlated with accuracy, enabling ROC curve
calculation to clearly convey performance to clin-
icians and ensure compliance with regulatory
standards (U.S. Food and Drug Administration,
2022).

2. Related Work

2.1. Guideline Adherent Treatment
Recommendations

Guideline-adherent treatments have consistently
been associated with improved clinical outcomes,
such as overall survival (Dholakia et al., 2020;
Lindqvist et al., 2022; Wöckel et al., 2010). Clin-
ical decision-support systems have the ability to
translate clinical guidelines into point-of-care rec-
ommendations. Several studies have demonstrated
the use of AI-driven systems in predicting guideline-
adherent treatment recommendations in oncology
(Nafees et al., 2023; Suwanvecho et al., 2021). Emerg-
ing work has also explored the utility of LLMs;
for example, preliminary investigations suggest that
ChatGPT can effectively summarize guideline con-
tent (Hamed et al., 2023) and exhibits partial con-
cordance in identifying guideline-adherent treatments
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(Schulte, 2023). Furthermore, recent benchmarking
efforts have systematically evaluated the alignment
of LLMs with established medical guidelines, under-
scoring both their potential utility and the current
limitations imposed by the relatively small number
of verified clinical cases available (Fast et al., 2024).

2.2. Synthetic Generation of Clinical Data

Synthetic data generation is a promising strategy to
address the challenges of privacy and data scarcity
in healthcare. Past works have focused on generat-
ing high-fidelity electronic health records (EHRs) us-
ing generative models, such as generative adversarial
networks, variational autoencoders and autoregres-
sive models (Choi et al., 2017; Lu et al., 2024; Li
et al., 2023; Yoon et al., 2023; Jarrett et al., 2021).
More recent frameworks have used LLMs to gen-
erate synthetic data and have shown improvements
in privacy guarantees and scalability (Altalla’ et al.,
2025; Barr et al., 2025; Taloni et al., 2025; Litake
et al., 2024). In parallel, standardized evaluation
metrics and scorecards have been proposed to assess
the fidelity, privacy, and clinical utility of synthetic
health data, providing a foundation for more rigor-
ous benchmarking and deployment (Santangelo et al.,
2025; Yan et al., 2022; Chen et al., 2025; Bedi et al.,
2025). In addition, synthetic cohorts have been de-
veloped to model guideline-adherent treatment path-
ways, such as synthetic stroke registries for adherence
benchmarking (Wang et al., 2025) and synthetic EHR
modules that embed clinical practice guidelines and
protocols (Walonoski et al., 2017). Previous work has
explored guideline-following capability across frontier
models on synthetic clinical data (Li et al., 2025a).
These efforts demonstrate the potential of synthetic
data for adherence-focused tasks. However, signif-
icant challenges remain in generating high-fidelity,
guideline-adherent cases while maintaining perfor-
mance on downstream evaluation tasks.

2.3. Weak Supervision and Consistency

Weak supervision and consistency-driven learning
have emerged as key strategies for training models
when labeled data is limited or noisy. Weak su-
pervision techniques, such as programmatic label-
ing and distant supervision, integrate heterogeneous,
partially labeled sources to produce probabilistic la-
bels for downstream predictive tasks (Mintz et al.,
2009; Ratner et al., 2016, 2017; Hsu and Roberts,
2025; Saad-Falcon et al., 2025). Consistency-based

methods encourage models to produce stable pre-
dictions under input perturbations, data augmenta-
tions, or repeated evaluations, helping to regularize
training and improve generalization (Laine and Aila,
2016; Miyato et al., 2019; Xie et al., 2020; Brown
et al., 2024). Pseudo-labeling, a related strategy, gen-
erates labels for unlabeled or partially labeled data
by treating confident model predictions as additional
supervised training data, enhancing model perfor-
mance by expanding the training set with its own
high-confidence predictions (Lee, 2013; Zou et al.,
2021; Xie et al., 2020). Within healthcare, pseudo-
labeling has shown to improve the reliability of EHR
phenotyping and imaging tasks under label scarcity
(Dong et al., 2023; Zhang et al., 2022; Nogues et al.,
2022). Together, these techniques provide a frame-
work for leveraging limited labeled data while main-
taining prediction stability and adherence to domain-
specific constraints, which is particularly relevant for
guideline-adherent treatment modeling.

2.4. Non-Verifiable Task Evaluation

Evaluating LLMs on open-ended or non-verifiable
tasks, such as treatment recommendation predic-
tion, is challenging due to the scarcity of ground
truth labels. Traditional metrics like accuracy or
BLEU are insufficient in zero-label settings, prompt-
ing the use of human-aligned and/or proxy evalua-
tion frameworks (Lyu et al., 2024; Yamauchi et al.,
2025; Tan et al., 2024). Further, studies have
shown that consistency-derived benchmarks provide
improved predictive fidelity relative to ground-truth
outcomes (Lee et al., 2024; Li et al., 2025b). Proxy
frameworks and consistency-derived benchmarks of-
fer partial solutions, but their alignment with expert
judgment remains imperfect, motivating the contin-
ued development of hybrid evaluation strategies.

3. Methods

3.1. Guideline-Compliance Task
Formalization

We formalize guideline-compliant treatment predic-
tion as a structured prediction problem. Let x ∈ X
denote patient notes and y ∈ Y the corresponding
guideline-compliant pathway, where Y is the space of
decision graphs with nodes as clinical decisions and
terminal nodes as treatments. An LLM f : X → Y
produces predictions ŷ = f(x).
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To ground this formalization in clinical practice,
we leveraged o3’s vision capabilities (OpenAI, 2025c)
to extract the NCCN NSCLC guideline decision tree
(National Comprehensive Cancer Network, 2025) and
curated an expert-annotated dataset. Oncologists
traced patient notes through the decision tree, record-
ing node sequences and assessing guideline adherence
for each case. Further details on annotation proce-
dures, participant recruitment, and quality control
measures are provided in Appendix A.
Since gold-standard pairs (x, y) are difficult to ob-

tain, direct supervision is not scalable as X grows.
To address this, we first introduce proxy benchmark-
ing methods that act as substitutes for direct supervi-
sion. We define synthetic inputs x̂ and corresponding
predicted pathways ŷ, forming two primary classes of
proxy evaluations:

1. Proxy using synthetic inputs: (x̂, ŷ), where
x̂ represents synthetic patient notes generated
conditionally on guideline paths. This allows
assessment of model reliability under controlled
perturbations or alternative representations of
patient data.

2. Proxy using real inputs: (x, ŷ), where the
model prediction ŷ is generated multiple times
by f and the (x, ŷ) pair is kept only if minimum
self-consistency is reached.

These proxy-based evaluations provide measurable
signals of model performance, enabling ranking of
models or detection of likely errors in zero-label set-
tings. We learn a surrogate evaluator g that predicts
whether ŷ is guideline-compliant. Concretely, we de-
fine a feature mapping

ϕ : (X ,Y, f) → Rd

that extracts signals such as (i) model self-consistency
across rollouts, (ii) agreement across models, and (iii)
alignment with proxy benchmarks. The evaluator is
then trained as a binary classifier

g(ϕ(x, ŷ, f)) ≈ 1{ŷ = y}.

Our objective is to minimize the expected classifi-
cation loss

min
g

E(x,y)∼D
[
L(g(ϕ(x, ŷ, f)),1{ŷ = y})

]
,

where D denotes the distribution over patients and L
is standard loss. This formulation enables evaluation

of f in settings with limited or no access to human-
labeled (x, y) pairs, by leveraging model agreement,
self-consistency, and benchmark proxy-derived fea-
tures as signals for meta-classification.

3.1.1. Evaluation Preliminaries

To evaluate model performance, we employ two com-
plementary metrics:

1. Path Overlap: Measures the proportion of
nodes in predicted paths that are repeated, rel-
ative to the total nodes in all compared paths.
This captures consistency of decision sequences
with the full derivation in Appendix B

2. Treatment Match: A binary score indicating
whether the final predicted treatment matches
the ground truth when available. In settings
without ground truth, it is computed as the
proportion of repeated final treatments across
multiple predictions, with full derivation in Ap-
pendix C.

Path Overlap captures the model’s ability to navigate
the guideline-adherent decision process even if the fi-
nal treatment is not fully correct, reflecting potential
utility and acceptability in assisting clinicians. Treat-
ment Match provides a direct measure of clinical ac-
curacy for the final recommendation. Together, these
metrics offer complementary perspectives: one em-
phasizes process fidelity and decision support poten-
tial, while the other captures correctness of the out-
come. To ensure consistent and deterministic scores
for path quality, LLM judges are not used to assess
similarity of paths as this introduces stochasticity be-
tween models that confounds direct comparison in
this setting.

3.2. Zero-Label Benchmark Generation

To approximate (x, y) pairs for evaluation, we in-
troduce two complementary approaches (synthetic
supervision and consistency-based pseudo-
labeling), with a total of six proxy benchmarking
methods for zero-label performance estimation con-
tributed.

3.2.1. Synthetic Supervision

We generate high-fidelity synthetic patient notes x̂
paired with generated guideline paths ŷ to simulate
real clinical cases. The goal is to maximize fidelity
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to realistic patient notes while ensuring the target
guideline path is accurate. Our multi-step pipeline
separates the generation of x̂ and the selection of ŷ
to filter incorrect labels from the benchmark, while
still maintaining meaningfully realistic patient cases.

Generating x̂ Two complementary strategies are
used: Structured Generation fills empty struc-
tured fields conditioned on the generated path and
full clinical guidelines, performs consistency checks by
reconstructing implied paths (discarding mismatched
cases), then generates unstructured notes from struc-
tured data, target path, guidelines, and real clini-
cal note examples. Unstructured Generation by-
passes structured fields, generating synthetic notes
directly from target paths, guidelines, and clini-
cal note examples. Synthetic datasets were gener-
ated with GPT-4.1, except for those used to evalu-
ate GPT-4.1, which were produced by GPT-5 under
minimal-reasoning conditions.

Selecting ŷ via LLM Preference Once x̂ is gen-
erated, we obtain ŷ by having the LLM generate the
path from x̂. If the prediction matches the target
path, we accept the pair directly. Otherwise, the
LLM chooses between predicted and target paths in
position-agnostic format, and we retain only cases
where the target path is selected.

The final dataset is then composed of (x̂, ŷ) pairs
which the generation model either correctly regener-
ated ŷ from x̂ or was able to select ŷ from a pair
of available (ŷ∗, ŷ), with ŷ∗ being the path prediction
generated for x̂. This captures examples where direct
generation fails but verification remains feasible (e.g.,
generating the correct path is difficult, but identify-
ing it is easier) (Ma et al., 2025; Saad-Falcon et al.,
2025).

3.2.2. Consistency-Based Pseudo-Labeling

We propose a consistency-based pseudo-labeling
strategy to construct proxy benchmarks that approx-
imate model performance on treatment prediction
and guideline path generation. Consistency-based
pseudo-labels are derived from two sources: (i) Self-
consistency, which leverages agreement within re-
peated predictions of a single model, and (ii) Cross-
Model Consistency, which relies on agreement across
different models. For each source, we define two
benchmarks based on whether consistency is mea-
sured with respect to the path overlap metric or the

treatment match metric, yielding four benchmarks in
total.

Self-Consistency For real clinical notes, pseudo-
labels are generated using model self-consistency.
Specifically, we sample k independent predictions
f(x) = ŷ1, . . . , ŷk from the same model m across
X questions. Agreement among these predictions
is assessed along two axes: path overlap (structural
alignment) and treatment match (final treatment con-
cordance). Notes with agreement above a threshold
δ = 0.9 on the target metric are retained, while incon-
sistent cases are assigned a score of 0. The retained
(x, ŷ) pairs are then used to evaluate model m, where
ŷ corresponds to the most frequent prediction among
f(x). Performance is computed as accuracy over the
retained subset of X, counting inconsistent answers
as incorrect.

Cross-Model Consistency We further assign
pseudo-labels by comparing predictions across the
whole set of models, M . For a note x, if two or
more models converge on the same pseudo-label after
k independent samples, we define this as the aggre-
gated label. Convergence in this setting is exact path
match. Inconsistent cases are simply excluded rather
than penalized in contrast to the Self-Consistency
method. We obtain the subset of (x, ŷ) pairs with
the aggregated labels and evaluate all models in M
on this proxy benchmark.

3.3. Final Treatment Accuracy Prediction

Supervised Accuracy Classification We use
consistency signals and model performance on proxy
benchmarks to predict accuracy of a generated fi-
nal treatment prediction. We train a meta-classifier
using features derived from self-consistency metrics
(k-rollout path overlap and treatment match), cross-
model consistency (fraction of models with the same
generated path), and proxy benchmark scores (syn-
thetic and consistency-derived).

Unsupervised Performance for Accuracy Clas-
sification and Error Identification To demon-
strate label-free evaluation capabilities, we apply un-
supervised methods to both accuracy classification
and error identification. Clustering self- and cross-
model consistency features naturally separates high-
confidence correct from low-confidence incorrect pre-
dictions. For error identification, we tabulate incon-
sistencies across k rollouts for each model m on pa-
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tient p. This approach leverages consistency signals
to detect potential errors without relying on human
labels.

4. Results

4.1. Expert-Annotated Dataset

To evaluate LLM performance on guideline-
concordant treatment prediction, we constructed a
high-quality expert-annotated dataset.

Annotation Details A total of 13 oncologists an-
notated 121 patient notes, averaging 46.5 minutes per
patient note with a cost of $500 per US Board cer-
tified clinician hour. To assess inter-annotator re-
liability, 11 examples were dually annotated, show-
ing an average of 0.636 treatment match and 0.692
path overlap score, with further disagreement anal-
ysis present in Appendix H. Notes were on average
54755 characters long and contained 82 distinct paths
through the NCCN decision tree and 48 distinct fi-
nal treatment recommendations. We use this an-
notation as ground truth for both evaluating model
performance and validating proxy benchmarking ap-
proaches. By establishing a high-quality reference
standard, we can interpret LLM performance, detect
systematic errors, and calibrate models in high-stakes
medical settings without relying exclusively on ex-
pensive ongoing human annotation.

Model Performance on Human-Annotated
Benchmark Table 1 illustrates the results of eight
frontier models on the expert-annotated dataset.
We report performance on GPT-5 (OpenAI, 2025b),
GPT-4.1 (OpenAI, 2025a), o3 (OpenAI, 2025c), o4-
mini (OpenAI, 2025d), DeepSeek-R1 (DeepSeek-AI,
2025), and LLaMA-3.3-70B-Instruct (Meta, 2024).
We evaluate GPT-5 with varying reasoning efforts
(minimal, medium, and high) to directly assess the
impact of reasoning on performance. All models are
evaluated with default temperature 1.0. We mea-
sured two clinically relevant metrics: (i) path overlap,
measuring structural agreement with the annotated
guideline path, and (ii) treatment match, indicating
whether the recommended treatment node matches
expert annotation.

4.2. Proxy Benchmarks Enable Model
Evaluation in Zero-Label Settings

We evaluated six proxy benchmarks for assessing
LLM performance without human labels (Figure 2).

Model Path Overlap Treatment Match
GPT-5-High 0.455 ± 0.035 0.339 ± 0.043
GPT-5-Medium 0.483 ± 0.036 0.364 ± 0.044
GPT-5-Minimal 0.441 ± 0.032 0.322 ± 0.043
GPT-4.1 0.388 ± 0.035 0.298 ± 0.042
o3 0.477 ± 0.038 0.364 ± 0.044
o4-mini 0.433 ± 0.037 0.339 ± 0.043
Deepseek-R1 0.419 ± 0.038 0.355 ± 0.044
LLaMA-3.3-70B-Instr. 0.174 ± 0.022 0.112 ± 0.029

Table 1: Model performance on Expert-Annotated
Data (mean ± SEM).

Among synthetic approaches, adding structure to
the generation pipeline substantially increased er-
ror (RMSE rising from 0.11 in Synthetic Unstruc-
tured to 0.43 in Synthetic Structured) while yield-
ing only a marginal correlation gain (Spearman r:
0.86 → 0.90). For consistency-based methods, thresh-
olding by treatment match outperformed path over-
lap, likely because treatment match reflects a more
generalizable prediction goal, whereas path overlap
penalizes minor deviations that have little effect on
downstream treatment accuracy. Aggregating out-
puts across models in cross-model consistency failed
to improve correlations and instead increased RMSE.
Overall, synthetic benchmarks are appealing for their
robustness to variation in model consistency, while
consistency-based benchmarks are strong in domains
where accuracy and consistency are correlated. In
this setting, self-consistency is aligned with model
accuracy (Figure 3), and per-model Pearson corre-
lations reported in Appendix E further confirm that
consistency reliably indicates instance-level accuracy.

4.3. Predicting Treatment Accuracy Using
Model Self-Consistency

We develop a meta-classifier to predict when treat-
ment recommendations are correct, using features
from model consistency patterns and benchmark per-
formance. Our approach achieves 0.800 AUROC by
leveraging inference-time signals to predict accuracy
without requiring ground truth labels at test time.
We evaluate five feature sets to identify which signals
contribute most to performance (Table 2). We strat-
ify train and test sets of the human annotated bench-
mark by models and patient IDs with a 70/30 split.
Performance generalizes across models and patients,
enabling downstream classification with minimal hu-
man supervision.

We find in Figure 4(a) that Base aggregated,
Aggregated only, and All outperform other fea-
ture sets, indicating that cross-model consistency
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Figure 2: Self-consistency pseudo-labels pro-
vide a robust proxy for benchmarking. Six ap-
proaches are evaluated: synthetic data (structured
and unstructured), self-consistency pseudo-labeling
(with varying acceptance criteria), and cross-model
consistency pseudo-labeling. Correlation is measured
using Spearman coefficients as well as root mean-
squared error with color intensity indicating magni-
tude.

Figure 3: Model accuracy increases with self-
consistency across prediction runs. Higher con-
sistency (fraction of runs producing identical paths)
correlates with improved performance for treatment
matching.

provides the strongest signal for accuracy classifi-
cation. We see minimal gain from proxy bench-
mark performance, indicating consistency-based ap-
proaches are better suited for real-time analysis of
model outputs than synthetic data. Even in set-
tings without cross-model information (Base and
Internal), we see high AUROC scores, indicat-
ing model self-consistency can be a strong signal
for classification in isolation. Figure 4(b) shows
intra-model variability of the classifier trained using
Base aggregated features, with results using In-
ternal features reported in Appendix G to highlight
that even in cases where consistency and accuracy

Feature
Set

Self-
Consistency∗

Synth.
Bench

Cons.
Bench

Cross-
Consistency∗

Base ✓
Internal ✓ ✓ ✓
Agg. ✓
Base+Agg. ✓ ✓
All ✓ ✓ ✓ ✓

Agg. = Aggregated.
∗Self-consistency and Cross-Consistency features are com-
puted per sample.
Synth. Bench = Synthetic Benchmarks; Cons. Bench =
Consistency Benchmarks.

Table 2: Feature sets for predicting treatment recom-
mendation accuracy

are not strongly correlated, such as for DeepSeek-
R1, these features still provide some signal for ac-
curacy classification with an AUROC of 0.582. The
strong classification performance on the outputs from
LLaMA-3.3-70B-Instruct highlights a key issue with
including lower-quality models: its performance on
the NCCN task is lower than other models, ar-
bitrarily inflating AUROC as the confidence pre-
diction task of the meta-classifier becomes easier.
Besides LLaMA-3.3-70B-Instruct, GPT-4.1 has the
highest AUROC and Deepseek-R1 the lowest, indi-
cating GPT-4.1’s consistency better correlates with
accuracy than Deepseek-R1.

Furthermore, in a fully unsupervised setting, we
are able to separate accurate from inaccurate predic-
tions with an F1 score of 0.666 compared to the aver-
age F1 score of 0.702 in a supervised setting, demon-
strating that consistency-based signals carry mean-
ingful information for error detection without any la-
beled data (F1 scores for supervised classification are
thresholded with value 0.5). Notably, 40.42% of all
model errors on human-labeled data can be detected
without relying on any human labels (detailed anal-
ysis in Appendix D). These results indicate that con-
sistency signals alone provide sufficient structure to
distinguish between accurate and inaccurate predic-
tions and to identify specific failure modes, enabling
model developers to detect and address potential is-
sues prior to deployment and support iterative refine-
ment of clinical decision support systems.

5. Discussion

As LLMs become increasingly capable across tasks,
understanding their limitations and quantifying accu-
racy for specific applications is critical for deployment
(Unell et al., 2025). This work makes three main con-
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(a) ROC curves by feature set, aver-
aged over all models.

(b) ROC curves across models for the
Base aggregated feature set.

Figure 4: Using signals from self- and cross-
model consistency provides high AUC for ac-
curacy classification. Proxy benchmark results
do not provide significant prediction signal as com-
pared to consistency. Model AUCs range from
0.703 to 0.981, indicating strong prediction capa-
bility. LLaMA-3.3-70B-Instruct’s high AUC can
be attributed to its low performance on the given
task, creating an arbitrary classification problem and
highlighting limitations of including lower-performing
models in analyses.

tributions in the high-stakes medical domain. First,
we formalize guideline-concordant treatment recom-
mendation generation and introduce a dataset of
121 patient cases annotated by board-certified on-
cologists. Second, we compare synthetic supervi-
sion and consistency-based supervision for bench-
marking models on tasks lacking human annotations,
finding that consistency-based benchmarks best ap-
proximate human judgments (Spearman r = 0.88,
RMSE=0.08). Third, we develop a hybrid agent

and meta-classifier trained using unsupervised fea-
tures, achieving an average of 0.800 AUC on held-
out models and producing confidence scores that
support ROC analysis, error trade-off optimization,
and regulatory compliance (U.S. Food and Drug Ad-
ministration, 2022). ROC curves enable end-users
to adjust decision thresholds to balance sensitivity
and specificity according to clinical context, align-
ing with FDA guidance that recommends report-
ing ROC curves and related metrics, since the rel-
ative costs of false positives and false negatives vary
across diagnostic settings. Confidence scores derived
from our meta-classifier provide clinicians with in-
terpretable indicators of reliability, supporting in-
formed judgments about how much weight to assign
to model-generated recommendations in high-stakes
scenarios. Our analysis further shows that consis-
tency signals reveal model failure modes—such as dif-
ficulty detecting guideline non-compliance or TNM
staging errors—without requiring expert annotation,
highlighting model consistency as a useful signal for
targeted improvement in settings with limited labeled
data. Finally, feature analyses demonstrate that con-
sistency signals (both self- and cross-model) are the
strongest predictors of model recommendation accu-
racy, suggesting that such signals can be used both to
identify potential errors in a label-free manner and to
calibrate confidence, enabling users to make better-
informed decisions about their trust in system out-
puts.

Several promising directions emerge from this
work. Expanding the dataset to other cancer types
and guidelines would help characterize the general-
izability of our consistency-based benchmarking ap-
proach, potentially enabling cross-domain accuracy
prediction (Sorin et al., 2024; Pool and Trujillo,
2024). Further evaluation of self- and cross-model
consistency as a signal for accuracy classification
across broader model sizes and architectures could
deepen understanding of this method’s robustness.
Increasing both the size of the human-annotated
dataset and the number of dually annotated samples
would strengthen confidence in ground-truth labels.
Since clinicians exhibit variability in path selection,
future work should also explore ways to explicitly
model and incorporate human uncertainty into eval-
uation. Finally, investigating how proxy benchmark
data can be leveraged for alignment with downstream
human preferences could help mitigate data bottle-
necks that limit current methods (Kim and Seo, 2024;
Lee et al., 2025).
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Makowski, Alexander Löser, and Keno K. Bressem.
Autonomous medical evaluation for guideline ad-
herence of large language models. npj Digital
Medicine, 7(1), December 2024. doi: 10.1038/
s41746-024-01356-6.

Ehab Hamed, Ahmad Eid, and Medhat Alberry. Ex-
ploring ChatGPT’s potential in facilitating adapta-
tion of clinical guidelines: A case study of diabetic
ketoacidosis guidelines. Cureus, May 2023. doi:
10.7759/cureus.38784.

Enshuo Hsu and Kirk Roberts. Leveraging large
language models for knowledge-free weak supervi-
sion in clinical natural language processing. Sci-
entific Reports, 15(1), March 2025. doi: 10.1038/
s41598-024-68168-2.

Insightful. Insightful: Workforce intelligence & pro-
ductivity insights. https://www.insightful.io/,
2025. Accessed: 2025-08-28.

Daniel Jarrett, Ioana Bica, and Mihaela van der
Schaar. Time-series generation by contrastive
imitation. In M. Ranzato, A. Beygelzimer,
Y. Dauphin, P.S. Liang, and J. Wortman Vaughan,
editors, Advances in Neural Information Process-
ing Systems, volume 34, pages 28968–28982. Cur-
ran Associates, Inc., 2021.

Sungdong Kim and Minjoon Seo. Rethinking the
role of proxy rewards in language model alignment,
2024. arXiv preprint arXiv:2402.03469.

Wui-Jin Koh, Benjamin O. Anderson, and Robert W.
Carlson. NCCN resource-stratified and harmonized
guidelines: A paradigm for optimizing global can-
cer care. Cancer, 126(S10):2416–2423, April 2020.
doi: 10.1002/cncr.32880.

Priyanka Kumar, Michael Del Rosario, Jenny Chang,
Argyrios Ziogas, Mehraneh D. Jafari, Robert E.
Bristow, Sora Park Tanjasiri, and Jason A. Zell.
Population-based analysis of national comprehen-
sive cancer network (NCCN) guideline adherence
for patients with anal squamous cell carcinoma in
California. Cancers, 15(5):1465, February 2023.
doi: 10.3390/cancers15051465.

Samuli Laine and Timo Aila. Temporal ensembling
for semi-supervised learning, 2016. arXiv preprint
arXiv:1610.02242.

Dong-Hyun Lee. Pseudo-label: The simple and ef-
ficient semi-supervised learning method for deep
neural networks. ICML 2013 Workshop : Chal-
lenges in Representation Learning (WREPL), July
2013.

Noah Lee, Jiwoo Hong, and James Thorne. Evaluat-
ing the consistency of LLM evaluators, 2024. arXiv
preprint arXiv:2412.00543.

Seohyeong Lee, Eunwon Kim, Hwaran Lee, and Buru
Chang. Dataset cartography for large language
model alignment: Mapping and diagnosing pref-
erence data. 2025.

Jin Li, Benjamin J. Cairns, Jingsong Li, and Tingting
Zhu. Generating synthetic mixed-type longitudinal
electronic health records for artificial intelligent ap-
plications. npj Digital Medicine, 6(1), May 2023.
doi: 10.1038/s41746-023-00834-7.

X. Li, M. Gao, Y. Hao, T. Li, G. Wan, Z. Wang,
Y. Wang, and X. Chen. Medguide: Benchmark-
ing clinical decision-making in large language mod-
els. https://arxiv.org/abs/2505.11613, 2025a.
arXiv preprint arXiv:2505.11613.

Yubo Li, Yidi Miao, Xueying Ding, Ramayya Krish-
nan, and Rema Padman. Firm or fickle? evaluating
large language models consistency in sequential in-
teractions. In Wanxiang Che, Joyce Nabende, Eka-
terina Shutova, and Mohammad Taher Pilehvar,
editors, Findings of the Association for Compu-
tational Linguistics: ACL 2025, pages 6679–6700,
Vienna, Austria, July 2025b. Association for Com-
putational Linguistics. doi: 10.18653/v1/2025.
findings-acl.347.

Jennifer J Liang, Ching-Huei Tsou, and Murthy V
Devarakonda. Ground truth creation for complex
clinical nlp tasks–an iterative vetting approach and
lessons learned. AMIA Summits on Translational
Science Proceedings, 2017:203, 2017.

Jonatan Lindqvist, Antti Jekunen, Eero Sihvo,
Mikael Johansson, and Heidi Andersén. Effect
of adherence to treatment guidelines on overall
survival in elderly non-small-cell lung cancer pa-
tients. Lung Cancer, 171:9–17, September 2022.
doi: 10.1016/j.lungcan.2022.07.006.

Onkar Litake, Brian H Park, Jeffrey L Tully, and
Rodney A Gabriel. Constructing synthetic datasets
with generative artificial intelligence to train large

11

https://www.insightful.io/
https://arxiv.org/abs/2505.11613


CancerGUIDE

language models to classify acute renal failure from
clinical notes. Journal of the American Medical
Informatics Association, 31(6):1404–1410, April
2024. doi: 10.1093/jamia/ocae081.

Chang Lu, Chandan K. Reddy, Ping Wang, Dong
Nie, and Yue Ning. Multi-label clinical time-series
generation via conditional GAN. IEEE Trans.
on Knowl. and Data Eng., 36(4):1728–1740, April
2024. doi: 10.1109/TKDE.2023.3310909.

Xinxi Lyu, Yizhong Wang, Hannaneh Hajishirzi, and
Pradeep Dasigi. HREF: Human response-guided
evaluation of instruction following in language
models, 2024. arXiv preprint arXiv:2412.15524.

Zihan Ma, Taolin Zhang, Maosong Cao, Junnan Liu,
Wenwei Zhang, Minnan Luo, Songyang Zhang,
and Kai Chen. Rethinking verification for LLM
code generation: From generation to testing, 2025.
arXiv preprint arXiv:2507.06920.

Meta. LLaMA 3.3-70B system card. https:

//huggingface.co/meta-llama/Llama-3.

3-70B-Instruct, 2024. Accessed: 2025-09-05.

Mike Mintz, Steven Bills, Rion Snow, and Dan Ju-
rafsky. Distant supervision for relation extraction
without labeled data. In Proceedings of the Joint
Conference of the 47th Annual Meeting of the ACL
and the 4th International Joint Conference on Nat-
ural Language Processing of the AFNLP, pages
1003–1011, 2009.

Takeru Miyato, Shin-Ichi Maeda, Masanori Koyama,
and Shin Ishii. Virtual adversarial training: A
regularization method for supervised and semi-
supervised learning. IEEE Transactions on Pat-
tern Analysis and Machine Intelligence, 41(8):
1979–1993, August 2019. doi: 10.1109/tpami.2018.
2858821.

Abdulwadud Nafees, Maha Khan, Ronald Chow,
Rouhi Fazelzad, Andrew Hope, Geoffrey Liu,
Daniel Letourneau, and Srinivas Raman. Evalu-
ation of clinical decision support systems in on-
cology: An updated systematic review. Criti-
cal Reviews in Oncology/Hematology, 192:104143,
December 2023. doi: 10.1016/j.critrevonc.2023.
104143.

National Comprehensive Cancer Network. NCCN
clinical practice guidelines in oncology (NCCN
guidelines®). 2025. Version 1.2025.

Isabelle-Emmanuella Nogues, Jun Wen, Yucong Lin,
Molei Liu, Sara K. Tedeschi, Alon Geva, Tianxi
Cai, and Chuan Hong. Weakly semi-supervised
phenotyping using electronic health records. Jour-
nal of Biomedical Informatics, 134:104175, Octo-
ber 2022. doi: 10.1016/j.jbi.2022.104175.

OpenAI. GPT-4.1 system card. https://openai.

com/index/gpt-4-1/, 2025a. Accessed: 2025-09-
05.

OpenAI. GPT-5 system card. https://cdn.openai.
com/gpt-5-system-card.pdf, 2025b. Accessed:
2025-09-05.

OpenAI. OpenAI o3 system card. https://openai.
com/index/o3-o4-mini-system-card/, 2025c.
Accessed: 2025-09-05.

OpenAI. OpenAI o4-mini system card. https://

openai.com/index/o3-o4-mini-system-card/,
2025d. Accessed: 2025-09-05.

Lenora A. Pluchino and Thomas A. D’Amico. Na-
tional comprehensive cancer network guidelines:
Who makes them? what are they? why are they
important? The Annals of Thoracic Surgery, 110
(6):1789–1795, December 2020. doi: 10.1016/j.
athoracsur.2020.03.022.

Tristen Pool and Dennis Trujillo. A large language
model pipeline for breast cancer oncology, 2024.
arXiv preprint arXiv:2406.06455.

Silvana Quaglini, Paolo Ciccarese, Giuseppe Micieli,
and Anna Cavallini. Non-compliance with guide-
lines: Motivations and consequences in a case
study. In Computer-based Support for Clinical
Guidelines and Protocols. IOS Press, 2004. doi:
10.3233/978-1-60750-944-8-75.

Alexander Ratner, Christopher De Sa, Sen Wu,
Daniel Selsam, and Christopher Ré. Data pro-
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Appendix A. Annotation Details

We begin by extracting the decision tree pages from
the NCCN NSCLC guidelines (National Comprehen-
sive Cancer Network, 2025) and creating a JSON-
based representation where each decision point is la-
beled as a “node.” Terminal nodes with “recommen-
dation” labels contain final treatment recommenda-
tions for clinicians, while intermediate nodes repre-
sent decision points requiring additional clinical in-
formation.

To evaluate model capability in mapping these
guidelines onto real clinical data, we created a
human-annotated dataset for guideline-adherent rea-
soning in NSCLC. Expert annotators traced pa-
tient notes through the NCCN guideline decision
tree, recording the ordered sequence of page–node
identifiers (e.g., NSCL-1-1 → NSCL-2-1 → . . . →
terminal). Each annotation aimed to reach either
the appropriate “recommendation” node when suf-
ficient clinical information was available, or the fur-
thest node that could be accurately determined given
the available patient data. Annotators additionally
marked whether the observed care was guideline-
compliant and provided brief rationales for any iden-
tified as non-compliance. Non-compliance is treated
as a valid “path” and evaluates model’s capacity
to identify patient treatment trajectories as non-
compliant with given guidelines.

Thirteen physicians performed the annotations:
twelve board-certified oncologists and one hematol-
ogy–oncology fellow, averaging 13 years of clinical
experience. Participants were recruited through data
vendors, screened for oncology knowledge and rubric
literacy, and verified via official certification reg-
istries. All physicians were compensated, and anno-
tation instructions are provided.

A subset of cases was double-annotated, and dis-
agreements were resolved through adjudication meet-
ings, with all decisions documented for consistency.
A strict no-AI-use policy was enforced via Insight-
ful time-tracking with periodic screenshot audits (In-
sightful, 2025). Annotation time averaged 46.5 min-
utes per case. All cases were fully de-identified and
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contained no protected health information, so the
study did not constitute human-subjects research and
no IRB was required. Instructions given to clinical
annotators are given in Figure 5.

Appendix B. Path Overlap Score

Let P = {P1, P2, . . . , Pk} be a collection of k pre-
dicted paths, where

Pi = (pi,1, pi,2, . . . , pi,ni
), i = 1, . . . , k,

and pi,j denotes the j-th node in path Pi.
Define the node set of path Pi as

Vi = {pi,1, pi,2, . . . , pi,ni
},

and the union and intersection of all paths as

U =

k⋃
i=1

Vi, I =

k⋂
i=1

Vi.

The Path Overlap Score (corresponding to
path match fraction in code) is defined as the Jac-
card similarity:

Overlap(P) =

{
|I|
|U | , |U | > 0,

1, |U | = 0.

Properties

• Overlap(P) ∈ [0, 1].

• Overlap(P) = 1 if and only if all paths share
exactly the same set of nodes.

• Higher scores indicate greater similarity in node
coverage across paths.

• Symmetric with respect to path ordering.

• Sensitive only to node membership, not ordering
or repetition.

Appendix C. Treatment Match

Final Treatment Consistency Score

Let P = {P1, P2, . . . , Pk} be a set of k predicted treat-
ment paths for a given patient, where each path Pi =
(pi,1, pi,2, . . . , pi,ni) terminates with a final treatment
recommendation fi = pi,ni .

Case 1: Ground Truth Available

When ground truth final treatment f∗ is available,
the score is computed as the indicator function:

1fi=f∗ =

{
1 if fi = f∗

0 otherwise

This returns whether there was an exact match be-
tween the ground truth and the prediction final treat-
ment.

Case 2: No Ground Truth Available

In the absence of ground truth, we measure internal
consistency by computing the proportion of repeated
final treatments:

Sfinal(P) =
maxt∈T c(t)

k

where:
k = total rollouts

c(t) =

k∑
i=1

1{fi=t}

The numerator maxt∈T c(t) counts the total num-
ber of “repeated” final treatment occurrences (i.e.,
how many times each treatment appears beyond its
first occurrence) and returns the frequency of the
mode treatment selection. For all models k = 10.

Properties

• Sfinal(P) ∈ [0, 1] for both cases

• Higher scores indicate better accuracy (Case 1)
or higher consensus (Case 2)

• Case 2: Score of 0 indicates complete disagree-
ment; score approaching 1 indicates strong con-
sensus

Appendix D. Error Analysis

We find that 40.42% of all errors made by models on
human-annotated clinical text are flagged within the
top 5 points of confusion by the model itself during its
internal rollouts. This enables practitioners to refine
instructions, perform fine-tuning, or apply other in-
terventions to address these frequent errors—without
relying on human annotations to detect them. Fig-
ure 6 shows the overlap between errors identified by
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Clinical Annotation Instructions

You are helping us understand how a synthetic patient progressed through the NCCN guidelines for
non-small cell lung cancer (NSCLC), based on information in their clinical note.
Your task is to carefully read the clinical note and determine which steps in the NCCN guideline
the patient appears to have gone through. Using your clinical judgment and the structure of the
guideline, trace the path the patient has followed so far.
Path Format: You will identify the treatment path in the following format:

NSCL-x-y → NSCL-a-b → . . .→ Final Treatment Node

Each step should include the full node ID from the guideline (e.g., NSCL-1-1). Do not skip any nodes,
even if some are broader or less specific than others. The final step should be a terminal node—a
node that includes a clear treatment recommendation.
If the patient’s treatment has not reached a terminal node, you should provide the recommended
pathway to the next terminal node, as permitted by the information in the note.
Compliance Assessment: There is a box to check if the patient’s path complies with the NCCN
guidelines. If you believe the patient’s path does not align with the NCCN guideline, please do not
check the box. In this case, you will also include a brief explanation of why the treatment path
doesn’t match the guidelines. Only include a “reason” if the path is not compliant. If the path is
guideline-compliant, just provide the full treatment path.
Important Notes:

• You do not need to speculate beyond what is described in the note

• You do not need to assume the patient has already received the final treatment—just determine
the most appropriate next step or current position in the guideline

• In some cases, the NSCLC Guidelines may not apply. For these cases, please note that the
guidelines do not apply and proceed to the next task

Materials Provided:

• A clinical note (the patient’s case) + the full NCCN guideline (for reference)

Tips and Tricks: We recommend utilizing “Command + f” (Mac) or “Ctrl+f” (Windows) to find
key terms and parts of the note/guideline tree that are relevant. The guidelines consist of many
“pages” (i.e. NSCLC-1, NSCLC-2) which contain further questions that will bring you to other
pages.
Example Workflow:
Step 1: REDACTED DUE TO NCCN LICENSING REGULATIONS
Step 2: Using Ctrl+F (Command+F on Mac), proceed to the next step based on the patient’s clinical
notes.
Per the example above, search “NSCL-2” to skip to the section beginning: ‘‘NSCL-2’’: {
‘‘page id’’: ‘‘NSCL-2’’

Under NSCL-2, you see “nodes” and then a numbered list of different criteria. Begin with node 1
and follow the branching guidance from there.
At each step, confirm that the treatment outlined in the patient’s clinical note is in accordance with
the NCCN Guidelines. If the treatment diverges from the path outlined by the guidelines, it would
be considered noncompliant. The treatment path you provide should be the treatment path that was
followed in the patient’s care. If this differs from the path recommended by the NCCN Guidelines,
indicate that the path was noncompliant.

Figure 5: Overview of the annotation instructions.
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model consistency vs. the true errors made by the
model against human annotated data. Discrepancies
mostly arise around guideline compliance and tumor
staging, indicating that models struggle to differenti-
ate between non-compliant and compliant cases with
high accuracy as well as are unable to leverage para-
metric knowledge to perform tumor staging. Poten-
tial interventions could be training a model specif-
ically for either task or providing additional con-
text with clear instructions regarding clinical expec-
tations.

Appendix E. Consistency-Accuracy
Correlation

We show that for both Path Overlap metric and
Treatment Match metrics, consistency of a predic-
tion is correlated with accuracy (Table 3). We do
see, however, that there are different levels of corre-
lation, indicating that consistency-based approaches
inherently are more accurate for some model fam-
ilies than others. We note that DeepSeek-R1 has
an outlier correlation coefficient value, being negative
for Path Overlap score and extremely low for Treat-
ment Match score’s correlation with accuracy. This
highlights the robustness of the meta-classification
pipeline to varying model internal consistencies. De-
spite the lack of direct correlation between self-
consistency and accuracy for this model, we are still
able to classify accuracy with high fidelity.

Model
Path

Overlap
Treatment

Match
GPT-5-High 0.477 0.472
GPT-4.1 0.812 0.923
GPT-5-Minimal 0.925 0.866
o3 0.700 0.795
o4-mini 0.566 0.491
GPT-5-Medium 0.794 0.935
DeepSeek-R1 -0.647 0.129
LLaMA-3.3-70B-Instr. 0.688 0.789
Mean ± SEM 0.540 ± 0.179 0.675 ± 0.103

Table 3: Iteration consistency vs. accuracy correla-
tion (r) for path overlap score and treatment match
score. Mean correlation values across all models ±
SEM are reported at the bottom.

Appendix F. Unsupervised clustering
performance

We cluster on features related to self- and cross-model
consistency (Figure 7). We are able to distinguish be-

tween True Negatives and False Negatives with high
accuracy, and are able to derive some signal regarding
the True Positives. This indicates that consistency
alone can be used as a baseline in an unsupervised
method to identify accuracy of prediction. The per-
formance is below supervised approaches, as to be
expected, but is promising for further applications in
which supervision is not viable or possible. F1 score
is .666, indicating potential of unsupervised methods
in conjunction with consistency approaches to evalu-
ate model performance in zero-label settings.

Appendix G. Meta-Classifier
Performance on Internal
Features

We report the performance of our meta-classifier us-
ing internal features only for training, as shown in
Figure 8. This enables us to disaggregate classifica-
tion performance between cross-model and self con-
sistency. We see here that the AUROC scores for each
model is lower than when we include cross-model in-
formation, but it is still significantly above random,
indicating that while cross-model consistency is a use-
ful feature, it is not the only feature that allows for
insight into model performance.

Appendix H. Model Information

For supervised classification, we trained a logistic re-
gression classifier with L2 regularization (C=0.1), op-
timized using LBFGS with up to 10,000 iterations,
and applied class-balanced weighting to account for
label imbalance. Table 4 reports further API details.

Appendix I. Human Annotation
Disagreement Analysis

Of the 11 dually annotated records:
1. 7 were agreed upon by all physicians.

2. 4 required adjudication

3. 2 involved disagreements about whether the pa-
tient’s history complied with guidelines (these
cases are excluded from our benchmark).

4. 1 involved assumptions regarding the patient’s
history; after clarification to rely strictly on the
provided record, both clinicians agreed.
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(a) GPT-5 Medium (b) GPT-5 Minimal

(c) GPT-4.1 (d) o3

(e) o4-mini (f ) DeepSeek-R1

(g) LLaMA-3.3-70B-Instruct (h) GPT-5 High

Figure 6: Identification of most common discrepancies between human annotations and model annotations
compared to most common discrepancies between k model rollouts of path prediction.
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Model Provider API Version
DeepSeek-R1 Azure AI 2024-05-01-preview
LLaMA-3.3-70B-Instr. Azure OpenAI 5 (Model release: 2024-12-06)
GPT-4.1 Azure OpenAI 2024-12-01-preview
GPT-5 Azure OpenAI 2024-12-01-preview
o4-mini Azure OpenAI 2024-12-01-preview
o3 Azure OpenAI 2024-12-01-preview

Table 4: Model release dates and API versions.

Figure 7: Confusion Matrix for K-means clustering
over consistency-derived features.

5. 1 involved a TNM staging error by one clinician,
resolved upon discussion.

After removing non-compliant cases, agreement
across the benchmark was 7/9. This reflects the in-
herent difficulty and nuance of the task, setting a re-
alistic upper bound for LLM performance in clinical
decision support scenarios.

Appendix J. NCCN Tree Generation

To construct the clinical decision tree, we first man-
ually structured a subset of sample guideline pages
into a JSON-based hierarchical format representing
decision nodes and treatment branches. These man-
ually curated examples served as few-shot demonstra-
tions for prompting the language model to generate
additional decision trees for the remaining guideline
sections. The generated JSON outputs were auto-

Figure 8: ROCs disaggregated by model for classifi-
cation of treatment prediction accuracy using exclu-
sively internal features during training.

matically validated to ensure structural integrity and
adherence to the required schema. While this pro-
cess provided an initial level of validation, the result-
ing trees were not independently verified by clinical
experts, and thus may contain minor inconsistencies
or omissions relative to expert-curated guideline rep-
resentations. The generated NCCN tree for NSCLC
has 3,302 nodes, 3,301 edges, and a max depth of 8.

Appendix K. Clinical Data Details

The patient data used for analysis comprised ap-
proximately 2,900 patients diagnosed with breast and
lung cancer at various stages, drawn from two U.S.
health systems: a community-based system and a
large nonprofit health system, each spanning multiple
hospital locations. The dataset included electronic
medical records, radiology reports, pathology reports,
and other clinical documents such as next-generation
sequencing (NGS) reports. Tumor registry data were
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obtained from three complementary sources: (1) the
hospitals’ internal registries, (2) registry submissions
to the state (for one system), and (3) manually la-
beled registry data extracted by over 30 registered
oncology nurses. All data were de-identified by the
vendor prior to delivery, following HIPAA-compliant
procedures that included redaction of all PHI, date
shifting relative to the date of birth, and removal of
DICOM headers and pathology metadata containing
identifiers.
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