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Abstract

Primary ciliary dyskinesia (PCD) is a rare pediatric lung disease that is frequently underdiagnosed due to nonspecific
early symptoms and limited clinical exposure. We investigate whether large language models (LLMs) can support
early diagnostic reasoning using real-world pediatric pulmonology notes written before the final diagnosis. We
curated 58 de-identified first-visit notes (28 confirmed PCD, 30 controls) and evaluated five open-source LLMs
using a standardized zero-shot prompt to produce structured outputs, including PCD evaluation recommendations,
justifications, and suggested tests. Quantitative performance was assessed against expert-validated labels
using sensitivity, specificity, and accuracy, and a clinician qualitatively reviewed all explanations and testing
recommendations for clinical soundness. Sensitivity ranged from 0.48 to 1.00 and specificity from 0.10 to 0.48
(excluding uncertain outputs), with a best accuracy of 0.75. A majority-vote ensemble of five open-source LLMs
achieved perfect sensitivity (1.00) with accuracy of 0.73. While models often identified clinically relevant signals
in unstructured notes, explanations and testing recommendations were frequently only partially sound. These
findings suggest LLMs may serve as cautious early screening aids for rare disease suspicion, but not as stan-
dalone diagnostic tools. This work further highlights the need for larger, multi-site evaluation on longitudinal clinical text.
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1. Introduction

Primary ciliary dyskinesia (PCD) is a rare inher-
ited condition that affects the normal movement of
cilia in the airways and other organs. Children with
PCD often experience chronic cough, recurrent res-
piratory infections, ear and sinus disease, and in
some cases organ laterality differences. Despite
these characteristic features, PCD is frequently di-
agnosed late or underdiagnosed (Salinas et al.,
2025). There is no single definitive test for PCD
(Behan et al., 2016; Knowles et al., 2016), and di-
agnosis depends on combining clinical history with
several specialized investigations (Zariwala et al.,
1993-2025). Many children are evaluated multiple
times before PCD is seriously considered, leading
to delays in care and preventable lung damage.

These diagnostic challenges occur in the con-
text of limited clinical exposure. Most clinicians
encounter very few PCD cases during training or
practice, and symptoms overlap with much more
common childhood respiratory conditions. As a
result, PCD may not be included early in the diag-
nostic reasoning process, even when classic fea-
tures are present, a challenge that has prompted
the development of several international registries
and multi-center cohorts in the field (PCD Foun-
dation, 2026; PCD Support UK, 2026). Prior work
has shown that expert review of large collections of
electronic medical records (EMRs) can help iden-
tify patients with previously missed PCD diagnoses,

highlighting how early clinical clues are often doc-
umented but not acted upon (Fecho et al., 2022;
Zhou et al., 2025).

Large language models (LLMs) are now widely
accessible to clinicians, patients, and families.
These systems can read and summarize long clin-
ical narratives, recognize symptom patterns, and
generate structured responses to medical inquiries
(Wei et al., 2024; Das et al., 2025) or errors (Rajwal
et al., 2024). Parents report using such systems
to ask whether their child’s symptoms could indi-
cate a rare condition," and clinicians increasingly
report LLM use as decision support tools (Tausky
et al., 2025). However, most evidence on LLM per-
formance comes from general medical knowledge
tests or synthetic cases, rather than real-world clin-
ical notes written before a diagnosis is known.

To fill this gap in the literature, we investigate a
clinically important question: when presented with
real-world pediatric pulmonology notes, do LLMs
exhibit clinically appropriate diagnostic reasoning
for PCD? What systematic failure modes emerge?
We use real, de-identified pediatric clinical notes
from patients who were evaluated for PCD, includ-
ing both confirmed cases and controls in whom
PCD was ruled out. Overall, this study provides an
early assessment of how LLMs may behave when
applied to real pediatric diagnostic reasoning for a
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rare respiratory disease®. Our key contributions:

» We evaluate how multiple open-source LLMs
reason about suspected PCD using real first-
visit pediatric pulmonology notes collected be-
fore the final diagnosis.

* We conduct quantitative evaluation against
expert-validated gold-standard labels using
sensitivity, specificity, and accuracy.

» We perform clinician-led qualitative review of
models’ explanations and PCD testing recom-
mendations to assess clinical reasoning.

2. Related Work

Diagnosing primary ciliary dyskinesia (PCD) re-
mains inherently complex, with studies showing
that different guideline-based diagnostic algorithms
can yield contradictory diagnoses in a significant
subset of patients (Nussbaumer et al., 2021). This
diagnostic uncertainty has motivated growing in-
terest in computational approaches that support
rare disease recognition. Recent studies have ex-
plored the use of large language models (LLMs) in
the context of rare diseases (Hodges et al., 2025),
motivated by the long diagnostic delays and lim-
ited specialist availability that many patients face
(Chen et al., 2024; Shyr et al., 2024; Abdullahi
et al., 2024; Wu et al., 2024; Hodges et al., 2025).
Several works have shown that LLMs can support
rare disease diagnosis, education (Niyonkuru et al.,
2025), and clinical reasoning by synthesizing infor-
mation across symptoms, histories, and medical
literature. Benchmarks such as RareBench (Chen
et al., 2024) and qualitative evaluations on com-
plex diagnostic cases suggest that general-purpose
LLMs are often able to include rare diseases in their
diagnostic considerations, even when these condi-
tions are infrequently encountered in routine clinical
practice.

Several studies have further demonstrated that
zero-shot LLMs, which do not require task-specific
fine-tuning, can perform comparably to more com-
plex pipelines for rare disease tasks such as gen-
erating plausible differential diagnoses or extract-
ing clinically relevant information from unstructured
clinical text (Wu et al., 2024; Shyr et al., 2024; Rios-
Hoyo et al., 2024). These findings motivate our use
of a zero-shot setting, which better reflects real-
world constraints and avoids reliance on curated
training datasets that are difficult to obtain for rare
conditions.

In contrast to the growing literature on rare dis-
eases broadly, there has been relatively little work

2Preliminary version of this work was accepted at the
ATS 2026 International Conference (Rajwal et al., 2026).

focused specifically on PCD. Existing studies re-
lated to PCD have primarily examined how tradi-
tional machine learning or information retrieval ap-
proaches (Rother et al., 2015; Burns et al., 2025)
can be used to identify patients who may have been
missed during routine clinical care (Zhou et al.,
2025). For example, prior work has shown that
searching EMRs for characteristic symptom pat-
terns can help uncover patients with undiagnosed
PCD, highlighting the presence of early clinical sig-
nals that are often documented but not recognized
at the time (Zhou et al., 2025). However, these
approaches do not directly evaluate how language-
based models reason over individual clinical notes
in a diagnostic context. While these studies demon-
strate the feasibility of identifying potential PCD
cases using structured data or retrieval methods,
our work shifts the focus to LLM-based reason-
ing using unstructured clinical notes, which more
closely reflects real-world diagnostic settings.

3. Methods

Figure 1 shows the pipeline used in this study. Be-
low, we explain the dataset, LLMs used, and their
implementation details.

3.1. Data

This study uses de-identified clinical notes from
pediatric patients seen at Children’s Hospital of
Atlanta (CHOA), collected under an approved
Institutional Review Board (IRB) protocol (#
STUDY00002645). The dataset includes two
groups: children who were later confirmed to have
PCD [n=28, mean age= 4.85 years (+5.94), sex= 12
M, 16 F] and children who were evaluated for PCD
but ultimately did not have the disease [n=30, mean
age= 7.58 years (+1.87), sex= 13 M, 17 F] to serve
as controls. Confirmed PCD cases were identified
via a pre-existing list maintained in the EMRs of
children with PCD being cared for at CHOA, which
included 44 patients. Manual chart review was per-
formed for each patient to identify the first clinical
encounter with a pediatric pulmonologist at the in-
stitution, to reflect the child’s initial symptom onset
and diagnostic evaluation before PCD was con-
firmed or ruled out. Patients were excluded if they
were referred with a pre-existing diagnosis of PCD
or if their first clinical encounter available in the
EMRs followed a confirmatory diagnosis (n=11), as
this would remove diagnostic uncertainty.

Control cases were selected from a broader pre-
existing list in the EMRs of patients referred to the
PCD specialty clinic, which was cross-referenced
with the confirmed PCD list to identify patients in
whom PCD was suspected but not confirmed. Man-
ual chart review was similarly performed. Patients
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Figure 1: Study pipeline showing cohort curation and de-identification of first-visit clinical notes, zero-shot
inference with five open-source LLMs. Subsequently, quantitative evaluation and clinician-led qualitative

review of model outputs are reported in this study.

were included if their workup was ultimately nega-
tive for PCD, and excluded if their workup was still
ongoing with uncertain diagnosis.

For the selected patients, the identifying informa-
tion was removed from their encounter note such
as medical record number, date of birth, names (of
the patient, replaced by "Case" and a case number,
as well as family member or provider names), and
specific dates. Each selected note was used in its
entirety as input to the LLMs and for expert anno-
tation, without additional filtering of clinical content
beyond standard de-identification.

3.2. Large Language Models Used

We evaluated five open-source LLMs: GPT-
OSS-120B (Agarwal et al., 2025), Llama-3-70B
(Al@Meta, 2024), Qwen-2.5-7B (Yang et al., 2024),
Mistral-7B (Mistral Al, 2024), and Phi-3.5-mini (Ab-
din et al., 2024). We chose these models to re-
flect diversity in open-source LLM design and scale.
Their differing behaviors are consistent with known
trade-offs, such as higher sensitivity in smaller mod-
els and more conservative reasoning in larger ones.
Each model was given the same zero-shot prompt
instructions to assess a single clinical note per pa-
tient. Open-source models were used to enable
local inference on secure, regulatory-compliant uni-
versity servers without transmitting clinical data to
external systems.

We utilized a zero-shot prompting approach
to produce structured JSON output containing:
(1) a recommendation for further PCD evaluation
(Yes/No/Uncertain), (2) justification for that recom-
mendation, (3) recommended diagnostic tests, and
(4) justification for testing decisions. Below, we
present the prompt structure:

Instruction Header

You are a clinician. Follow the schema exactly. Be
concise and deterministic. Rules:
- Output JSON with exactly

these keys:
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“ocd_recommendation", "justification_pcd",
“testing_recommended",
“Justification_tests".

- “pcd_recommendation" must be "Yes", "No", or
“Uncertain".

- Each justification in around 90 words.

- No extra text. After JSON, write END_OF OUTPUT.

Key Meanings

- “pcd_recommendation": Clinical impression -
does this patient need further PCD evaluation?
(Yes/No/Uncertain)

-“justification_pcd": Brief reasoning citing find-
ings from the note.

- “testing_recommended™ Diagnostic tests you
would order next. Use "None" if not needed.
-“justification_tests": Why those tests (or why
none).

Sharing Clinical Note

Below is a de-identified clinical note from a patient’s
first pulmonology encounter. Read it and respond per
the schema.

[NOTE STARTS]

{text}

[NOTE ENDS]

Output Formatting Instructions

Reply ONLY in the following JSON structure:
{{

"pcd_recommendation": " ",
"justification_pcd": " ",
"testing_recommended": " ",
"jJustification_tests": " "

b}
END_OF_OUTPUT



In addition to individual model evaluations, we
constructed an ensemble using a majority voting
strategy across the five LLMs used in this study.
For each clinical note, the final ensemble prediction
was defined as the most frequently predicted label
(Yes/No/Uncertain) across models. In cases of ties,
the prediction was resolved as “Uncertain.”

3.3.

Open-source LLM weights were downloaded from
the HuggingFace Model Hub and stored locally on
University server. Entire code® was implemented in
Python 3.10.15. Experiments were executed using
SLURM with a consistent hardware configuration
of one NVIDIA Ampere GPU, 3 CPU cores, and 80
GB of system memory. Across models, inference
time ranged from 5 to 15 minutes per 30 cases,
with an average runtime of about 10 minutes.

Implementation Details

3.4. Evaluation & Manual Analysis

We evaluate models using clinically meaningful met-
rics, including sensitivity and specificity for recom-
mending further PCD evaluation. We report 95%
confidence intervals (Cls) for all metrics, computed
using the Wilson score interval for binomial pro-
portions (sensitivity, specificity, accuracy) and non-
parametric bootstrapping with 10,000 resamples
(F1-score). We also perform manual annotation to
review LLM outcomes. One PCD clinician based at
CHOA manually reviewed the LLM output using an
annotation guideline* (co-developed with a second
PCD clinician) for the justification of the PCD rec-
ommendation, as well as any suggested diagnostic
tests and their explanations. The annotator rated
diagnostic explanations as clinically sound, partially
sound, clinically weak, or clinically concerning, and
noted any hallucinations. Suggested diagnostic
tests were labeled as appropriate, incomplete, ex-
cessive, inappropriate, or potentially harmful. Ex-
planations for test recommendations were sepa-
rately rated based on whether they clearly justified
the suggested tests. The annotator was blinded to
model identity and based all judgments only on the
provided note and model output.

4. Results

Figure 2 presents the distributions of model re-
sponses, illustrating clear differences in how mod-
els recommend further evaluation for PCD across
confirmed and non-PCD cases. Models were more
likely to recommend further evaluation for con-
firmed cases, though they varied in how strongly
they favored a positive recommendation versus an

3GitHub Code: pcd-diagnosis-lim-study
“Annotation Guideline: Annotation-Guideline.pdf

uncertain one. Mistral-7B and Phi-3.5-mini showed
the strongest tendency toward recommending eval-
uation, identifying nearly all confirmed cases, while
GPT-OSS-120B produced substantially fewer pos-
itive recommendations. The ensemble (majority
voting) balanced these behaviors, recommending
evaluation for most confirmed cases while reduc-
ing extreme responses seen in individual models.
Figure 3 shows agreements between the models.

Table 1 summarizes performance excluding un-
certain responses. The number of uncertain re-
sponses varied across models, ranging from 2/58
(3.4%) for GPT-OSS-120B to 17/58 (29.3%) for
Llama-3-70B. Sensitivity ranged from 0.48 to 1.00,
whereas specificity remained below 0.50 for all
models. Phi-3.5-mini achieved the highest over-
all accuracy (0.75), followed closely by Qwen 2.5
7B (0.70). The ensemble (majority-vote) achieved
perfect sensitivity (1.00) with an accuracy of 0.73,
matching the strongest individual models in identi-
fying confirmed cases but without improving speci-
ficity beyond that range. We additionally report
a stricter setting where Uncertain predictions are
treated as incorrect. Figure 4 shows examples of
hallucinations. The expert annotator’s evaluation
of LLM responses is shown in Figure 5.

5. Discussion

5.1. Diagnostic Performance

Across models, the dominant pattern is high sensi-
tivity paired with weak specificity, consistent with a
screening-oriented behavior rather than definitive
decision-making. Although this is expected, given
that all patients were referred for PCD evaluation, it
reflects a consistent tendency of the models to favor
sensitivity over specificity in clinically ambiguous
settings. When uncertain predictions are excluded,
sensitivity ranges from 0.48 to 1.00, while speci-
ficity remains low for all models (0.095 to 0.483).
The highest accuracy observed is 0.750 (Phi-3.5-
mini), and the ensemble achieves 0.727 with sen-
sitivity of 1.000, but specificity remains limited at
0.429. These results indicate that while models
rarely miss confirmed cases under this evaluation,
they frequently flag non-PCD cases for further eval-
uation, which could increase unnecessary testing
or referrals if outputs are used without clinical over-
sight.

Figure 2 and Table 1 together suggest that the
“Uncertain” option plays a meaningful role in how
models manage risk. Models vary in how often they
select this option, and these differences influence
the apparent trade-off between missed cases and
false positives. Performance metrics computed af-
ter excluding “Uncertain” therefore reflect behavior
conditional on a model choosing to make a decision,
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Figure 2: Distribution of model recommendations (“Yes”, “No”, “Uncertain”) across confirmed PCD cases
(n=28) and non-PCD controls (n=30) for each LLM and a majority-vote ensemble of five models. Counts
are shown separately for each group.

Evaluated Cases
(Abstention Rate)

Model

Sensitivity

Specificity

Accuracy

F, Score

Approach 1: Committed cases only (uncertain excluded)

GPT-OSS-120B 56 (3.4%) 0.481[0.307, 0.660]
Llama-3-70B 41 (29.3%) 0.826 [0.629, 0.930]
Qwen-2.5-7B 43 (25.9%) 0.955 [0.782, 0.992]
Mistral-7B 47 (19.0%) 1.000 [0.871, 1.000]
Phi-3.5-mini 44 (24.1%) 1.000 [0.867, 1.000]
Ensemble (Majority-vote) 44 (24.1%) 1.000 [0.857, 1.000]

0.483 [0.314, 0.656]
0.389 [0.203, 0.614]
0.429 [0.245, 0.635]
0.095 [0.027, 0.289]
0.421 [0.231, 0.637]
0.429 [0.245, 0.635]

0.482[0.357, 0.610]
0.634 [0.481, 0.764]
0.698 [0.549, 0.814]
0.596 [0.453, 0.724]
0.750 [0.606, 0.854]
0.727 [0.582, 0.837]

0.473[0.314, 0.613]
0.717 [0.600, 0.824]
0.764 [0.678, 0.851]
0.732 [0.667, 0.800]
0.820 [0.746, 0.893]
0.793 [0.719, 0.868]

Approach 2: Pessimistic bound (uncertain = wrong prediction)

GPT-OSS-120B 58 0.464 [0.295, 0.642]
Llama-3-70B 58 0.679 [0.493, 0.821]
Qwen-2.5-7B 58 0.750 [0.566, 0.873]
Mistral-7B 58 0.929 [0.774, 0.980]
Phi-3.5-mini 58 0.893 [0.728, 0.963]
Ensemble (Majority-vote) 58 0.821 [0.644, 0.921]

0.467 [0.302, 0.639]
0.233[0.118, 0.409]
0.300 [0.167, 0.479]
0.067 [0.018, 0.213]
0.267 [0.142, 0.444]
0.300 [0.167, 0.479]

0.466 [0.343, 0.592]
0.448 [0.327, 0.575]
0.517 [0.392, 0.641]
0.483 [0.359, 0.608]
0.569 [0.441, 0.688]
0.552 [0.425, 0.673]

0.456 [0.298, 0.596]
0.543 [0.424, 0.656]
0.600 [0.486, 0.703]
0.634 [0.564, 0.709]
0.667 [0.582, 0.750]
0.639 [0.541, 0.732]

Table 1: Performance with 95% CI. Approach 1 excludes Uncertain cases (committed predictions only, i.e.,

yes/no). Abstention rate = % of Uncertain predictions; Approach 2 treats Uncertain as wrong prediction.

rather than end-to-end system behavior. In an un-
structured clinician review of cases labeled as "un-
certain," the underlying source of uncertainty was
noted to be variable, with some labels seeming to
reflect an incomplete discussion of PCD features in
the source note, some reflecting the source note’s
suspicion for an alternate diagnosis, and still others
directly referring to inconclusive PCD diagnostic

testing (for example, genetic variants of uncertain
significance). In practice, any clinical workflows
need explicit guidance on how to handle uncertain
outputs, as they represent a substantial fraction
of model responses. Additional structured review
of these cases in the future may help identify pat-
terns that could be leveraged to minimize uncertain
output, or at minimum help interpret this response.
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Figure 3: Inter-model agreement for PCD recom-
mendation heatmap across all cases (N=58).

Clinical Note Hallucinations
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The patient’s nasal nitric oxide is normal
(267 nL/min), ciliary ultrastructure from
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cough, no daily rhinosinusitis, no laterality
defects) ...

Genetic testing: Was canceled by
company. | did undergo Twin brother =
had also been tested. His genes

came back positive for CFTR ¢.1210-
34TG[11]T[5] (Intronic) heterozygous
Pathogenic (low penetrance).
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Despite patient's recent improvement and
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family history of PCD and previous airway
malacia. The patient's recurrent
respiratory issues, including croup and a
history of bronchopulmonary dysplasia...

With that said he now does not have

any daily wet cough for chronic nasal
congestion. However there is afamily —)
history of retinitis pigmentosa which

can be linked to patients with PCD.

Figure 4: Hallucinations in PCD justification by two
LLMs. Note that the part of clinician’s note shown
is for reference. The text marked in red shows
misinterpretation by model.

5.2. Qualitative Performance

Manual annotations by domain experts and further
analyses highlight that factual grounding does not
imply strong clinical reasoning (Fig. 5). This pattern
is consistent with prior work showing that LLMs can
produce correct answers while generating inconsis-
tent reasoning (Rajwal et al., 2025). Hallucination
rates were low across models (0.0-8.6%), yet "clin-
ically sound" diagnostic explanations accounted
for only 20.7—48.3% of outputs, while "partially
sound" explanations consistently represented 34.5—
44.8%. "Clinically weak" explanations reached as
high as 37.9% for some models. Notably, models
with zero hallucinations, such as Llama-3-70B and
Mistral-7B, still produced "clinically weak" or "con-
cerning" explanations in a substantial fraction of
cases, showing that avoiding unsupported state-
ments is not sufficient for reliable clinical reasoning.

A large portion of clinically weak labels were ap-
plied due to incongruous outputs for further PCD

evaluation recommendation (Yes/No/Uncertain)
and the justification of that answer. Specifically,
models frequently answer "Yes" to recommend
PCD evaluation, but their justifications may not
include discussion of PCD. Indeed, some justifi-
cations of a "Yes" PCD evaluation recommenda-
tion assert a wholly different diagnosis as the likely
underlying etiology, particularly if PCD was not dis-
cussed in the encounter note (Appendix A.1). Fur-
thermore, in less severe instances, justifications
would highlight symptoms not specific or "classic"
for PCD as supportive of the diagnosis, which was
a common reason for the "partially sound" label
(Table 2). In more severe instances, models cited
symptoms altogether unrelated to PCD — such as
neuromuscular weakness — as supportive of PCD
diagnosis, which was a common reason for the
"clinically concerning" label. Though LLMs have
previously been shown to respond well to clini-
cal vignettes and have shown initial promise in
extracting clinically relevant information from un-
structured clinical text (Wu et al., 2024; Shyr et al.,
2024; Rios-Hoyo et al., 2024), our findings suggest
that when presented with real-world clinical informa-
tion in the form of an early encounter note—which
may include information both contributory and non-
contributory to the ultimate diagnosis, or discuss a
patient who is struggling with multiple diagnoses—
limitations remain in picking out clinically relevant
information pertaining to a specific diagnosis, in
this case PCD.

GPT-OSS- 120B was a notable exception to this
theme, as reflected in its high percentage of clin-
ically sound justifications as compared to other
models. It not only had more dependable logical
alignment of "Yes" or "No" PCD evaluation recom-
mendation and correlating justification, but also
more consistently provided PCD-focused justifica-
tions and testing, even if PCD was not discussed
in the source note (Table A.1). This finding is par-
ticularly impactful in the context of our diagnostic
performance evaluation, in which GPT-OSS- 120B
had the lowest scores across performance metrics.
We suspect that, were those PCD evaluation rec-
ommendations of "Yes" converted to "No" in cases
where the model’s justification did not actually imply
a suspicion for PCD, performance would have been
more similar across models. This underscores the
importance of continued deeper manual analysis
when assessing LLMs’ clinical reasoning abilities,
as it may reveal fundamentally flawed reasoning un-
derlying seemingly appropriate recommendations.

Performance on confirmed PCD cases was
particularly revealing. In this subset, clinically
sound explanations dropped to as low as 10.7%,
while clinically weak explanations rose to 42.9%.
At the same time, incomplete testing recommenda-
tions were common, ranging from 39.3% to 60.7%
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Figure 5: Expert evaluation of five LLMs across four metrics: (A) hallucinations in PCD justifications,
(B) strength of clinical reasoning, (C) completeness of testing recommendations, and (D) adequacy of
testing justifications. Solid lines indicate PCD-positive cases; dashed lines indicate PCD-negative controls.
Colors denote annotation categories. A medical expert systematically evaluated LLM-generated clinical
impressions, justifications, and testing recommendations. Overall, models rarely hallucinate (A), but their
reasoning and test recommendations are often only partly correct or incomplete (B-D).

across models. This pattern suggests that mod-
els struggle most when prioritization and selection
of high-yield next steps are required, rather than
general symptom summarization. Similar to the
observed incompatibility of some PCD evaluation
recommendation responses and their justifications,
the "incomplete" testing label was often applied
to cases where a "Yes" PCD evaluation response
was given, but no PCD-specific testing was recom-
mended. In these cases, models frequently rec-
ommended workup that was reasonable for ruling
out other pulmonary diseases, but uninclusive of
important PCD diagnostic tests.

In regard to this discordance, both for PCD eval-
uation justifications and testing recommendations,
one important underlying factor was the source
note, as justifications and testing were observed
to commonly reflect the note’s assessment and
plan. Therefore, if PCD was not considered or
discussed by the provider in the source note, the
model would produce explanations and testing rec-
ommendations that aligned more with those etiolo-
gies discussed in the note — even when the initial
answer for PCD evaluation recommendation was
"Yes" (A.1). Even GPT-OSS-120B was impacted,
despite its higher percentage of clinically sound,
PCD-focused justifications, and was susceptible to

answering "No" to further PCD evaluation in PCD
cases where this disease was not discussed in the
initial note. This may in part account for its lower
sensitivity. Conversely, if the source note contained
adequate discussion of PCD, the models were bet-
ter able to produce clinically sound output. Overall,
these findings suggest that the models —particularly
when biased by information that already includes
proposed diagnoses and testing — are less suited
to critically evaluate this input and provide indepen-
dent conclusions. In the future, prompt adjustment
to encourage disagreement with the note, if war-
ranted, may help mitigate some of this issue.

Although inappropriate testing was uncommon
overall, it reached 25.0% for Phi-3.5-mini and
14.3% for Mistral-7B in confirmed cases, which
could increase clinical burden if outputs are fol-
lowed without review. Aside from unneeded test-
ing, inappropriate testing labels were applied in
instances where the model’s recommendation in-
cluded orders copied from the source note that
were not testing, for example, medications or clinic
nursing protocols. They were also applied when
recommendations failed to consider the patient’s
age. For example, nasal nitric oxide measurement
is a common screening test for PCD, however it
cannot be performed in children under 4 years.
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Case x is a former xy week preemie who stayed xy days in NICU. She required CPAP but weaned to RA prior to discharge. Mom states that Case x has daily cough (sometimes to point of projectile vomiting)
but since starting Pulmicort in March the cough has improved. She has not needed albuterol in over a month. Case x is a 5m female who is here for initial pulmonary consultation. Since she was born she’s
had a lot of UAO noise and cough - a lot of mucus production. In the neonatal period she reportedly had RML PNA and RUL atelectasis that prompted chest CT scan to look for CPAM and TEF. She then
had presumed RSV infection in early Feb - which is when she started prn albuterol. Her cough worsened so she went to ED, but was better by the time she got to the ED. Pulmicort was started in late xyz
month - 0.xx mg BID - still sounds junky and coughs. Cough is better, but still sounds junky and rattly. Last used albtuerol over a month ago. She used to have lots or vomiting - only sometimes post tussive.
Now just has wet burps. No loud snoring. No gasping. Tested for pertussis because she turned purple with coughing once - was negative. Sometime also happens when she BFs. Mom thinks her let down
may be fast. Wheezing on exam has been reported when she was sick. Albuterol helps the cough. Last used albuterol a month. Takes albuterol via neb. Difficult to give her a nebulizer tx - she fights it. No
h/o recurrent pneumonia or ear infections. Has never needed systemic steroids. No H/O eczema. No h/o murmur or seizures. Growing well and eating well. Normal stools. | reviewed an ED visit note from
Xxyz month for resp distress not responsive to albuterol at home in which lungs were CTA and labs were reassuring. Tolerated po intake and was sent home to f/u with PCP. Allergies & Medications: ......

LLM

LLM Response

Expert’s Evaluation

GPT-0SS-120B

PCD: No

X

Justification: The infant’s chronic cough and wheeze are explained by mild persistent asthma and upper airway congestion, with documented response to
inhaled corticosteroids and albuterol. There is no history of situs inversus, persistent neonatal respiratory failure, chronic sinusitis, or otitis media that
would raise suspicion for primary ciliary dyskinesia. The clinical picture aligns with asthma rather than a motile cilia disorder.

Clinically weak

Testing: None Incomplete
Justification: Given the clear asthma diagnosis and lack of PCD red flags, additional PCD-specific testing (e.g., nasal nitric oxide, ciliary ultrastructure) is Inadequate
not indicated at this time.
PCD: No
3
Llama-3-70B
Justification: The patient’s symptoms and medical history do not suggest primary ciliary dyskinesia (PCD). The patient's cough and wheezing are likely Partially sound
related to mild asthma and upper airway congestion, which are being managed with Pulmicort and albuterol. There is no mention of situs inversus, nasal
polyposis, or other characteristic features of PCD.
Testing: None Incomplete
Justification: Given the patient’s symptoms and diagnosis of mild asthma, no further testing is recommended at this time. The patient's symptoms are Partially adequate
being managed with current medications and therapies, and there is no indication for additional testing.
PCD: Yes
v
Qwen-2.5-7B
Justification: The patient has a history of wheezing, cough, and upper airway symptoms, which are suggestive of asthma. However, the patient also has Clinically sound
persistent upper airway noise and mucus production, which may indicate underlying airway inflammation or other conditions. A detailed PCD evaluation is
recommended to rule out other causes and to optimize her asthma management.
Testing: PFTs, chest CT, and possibly allergy testing Incomplete
Justification: PFTs will help assess the degree of airway obstruction and responsiveness to bronchodilators. Chest CT can provide more detailed imaging Adequate
to evaluate the extent of airway inflammation and other structural abnormalities. Allergy testing can help identify potential triggers for her symptoms.
PCD: Yes
v
Mistral-7B
Justification: The patient has a history of prematurity, prolonged NICU stay, RSV infection, and recurrent cough with mucus production. She has required Partially sound
CPAP and has had a chest CT scan to look for CPAM and TEF. She has also had a history of wheezing and improved with albuterol. The patient's cough
persists despite Pulmicort and still sounds junky and rattly.
Testing: Pulmonary function tests (PFTs) and echocardiogram Inappropriate
Justification: To further evaluate the patient’s lung function and potential cardiac involvement. Inadequate
PCD: Yes
v
Phi-3.5-mini

Justification: The patient has a history of respiratory symptoms including cough, wheezing, and upper airway congestion. Despite being on Pulmicort,
symptoms persist, suggesting suboptimal control. The chest CT scan indicates consolidations and ground-glass opacities, which could be indicative of
underlying asthma or bronchitis. The patient’s growth and dietary changes may also impact reflux, which can exacerbate respiratory symptoms. Given the
chronic nature of the symptoms and the findings on imaging, further evaluation is warranted.

Partially sound

Testing: Spirometry, allergy testing, and possibly a trial of inhaled corticosteroids (ICS) via MDI for better control.

Inappropriate

Justification: Spirometry will assess the degree of airflow obstruction and help confirm the diagnosis of asthma. Allergy testing may identify specific
triggers contributing to the patient’s symptoms. A trial of ICS via MDI could provide better symptom control and adherence compared to nebulizer use,

Adequate

which is currently causing resistance due to the patient’s age and difficulty with nebulizer administration.

Table 2: LLM responses and annotator evaluation for a sample case. The top row shows a partial excerpt
of the input clinical note. Appendix A.1 shows another case with clinically weak justifications.

Review of test justifications further clarify lim-
itations. Adequate justification of recommended
tests ranged from 15.5% to 51.7% overall, with par-
tially adequate explanations dominating for several
models. In confirmed PCD cases, adequate justifi-
cation was only 14.3% for Mistral-7B and 35.7% for
Phi-3.5-mini, compared with 53.6% for GPT-OSS-
120B and Llama-3-70B. This gap matters clinically
because decision support tools must explain not
only what to do, but why a given action is appro-
priate for a specific patient. The partially adequate
label was commonly applied due to limited ratio-
nale given for a specific test. For outputs that did
expound more on testing justification, this label was
often given due to recurring, subtle inaccuracies ob-
served. For example, models did not have a solid

grasp on which PCD diagnostic tests measure cil-
iary structure versus ciliary function, and there was
a tendency to label a certain test as "necessary"
for diagnosis of PCD, when in reality no one test
is considered a gold standard test for its diagnosis
(Knowles et al., 2016; Nussbaumer et al., 2021).

Inadequate test justifications, meanwhile,
were overall rare, but did reach as high as 26.7% for
Mistral-7B. Inadequate labels were given for vague
outputs failing to justify testing in any meaningful
way, as well as for misleading reasoning. For the
latter, one inconsistent but notable mistake was as-
serting that tests used to diagnose other diseases
are diagnostic of PCD. In particular, CFTR genetic
testing and/or sweat chloride testing for cystic fibro-
sis (CF) — a disease with features similar to PCD
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— are often pursued in PCD workup to rule out CF.
However, these tests were at times either implied or
definitively proclaimed to diagnose PCD. This issue
was more prevalent with Qwen 2.5 7B and Phi-3.5-
mini, which both made the clinically concerning
mistake of calling sweat testing the "gold standard
for PCD diagnosis." For example, in one confirmed
PCD case, GPT-OSS-120B provided the following
justification: “Nasal NO is a sensitive screening tool;
genetic testing can identify pathogenic mutations;
HSVM and TEM provide functional and structural
confirmation of ciliary dysfunction®. This was an-
notated as ‘adequate’. In contrast, for the same
case, Phi-3.5-mini stated: “The sweat chloride test
measures the amount of salt in sweat, which is
typically elevated in PCD”, which was annotated
as inadequate due to inaccurately asserting sweat
testing as a test for PCD. Together with the more
subtle inaccuracies above, these findings empha-
size the need for oversight from an experienced
clinician in testing prioritization and interpretation,
both to grasp nuances and to avoid fundamental
misunderstanding of tests recommended by LLMs.

5.3. Clinical Implications

Taken together, these findings suggest that no sin-
gle model is uniformly best across all dimensions,
even across models spanning approximately 7B to
120B parameters. Phi-3.5-mini and the ensemble
achieve the highest sensitivity, but Phi-3.5-mini also
shows the highest hallucination rate (8.6%) and
notable inappropriate testing in confirmed cases.
GPT-OSS-120B produces the highest proportion of
clinically sound explanations (48.3%) and adequate
test justifications (51.7%), with no inappropriate
testing, but lower sensitivity. Llama-3-70B shows
zero hallucinations and the highest overall rate of
appropriate testing (70.7%), but weaker diagnostic
explanation quality. Overall, current models appear
best suited for early signal amplification and case
review rather than independent clinical decision-
making. Improving prioritization, justification qual-
ity, and consistency across models remains a key
challenge for future work.

6. Conclusion & Future Work

Using real first-visit pediatric pulmonology notes,
this study shows that several openly available lan-
guage models can spot early signs that should trig-
ger a closer look for primary ciliary dyskinesia, even
before the diagnosis is known. Across models, the
main strength was catching most true cases, but
they also flagged many children who did not have
the disease, which could lead to extra referrals or
testing if used without clinician judgment. A clini-
cian review showed that even though model outputs

stayed close to the note, their explanations and test
choices were often only partly convincing, espe-
cially when choosing the most useful next steps that
mattered most. In particular, despite high sensitivity
when affirmatively recommending additional PCD
evaluation, explanations of that recommendation —
as well as recommended testing and justification
of that testing — often did not appropriately reflect
PCD as the disease process in question, which is
a concerning weakness if the goal is to use these
models as clinical decision making aids. Overall,
these systems look more suitable as a cautious
“early warning” aid to prompt review, not as a stan-
dalone decision maker. Our results justify larger
studies across more hospitals and longer patient
records to judge real-world usefulness.

7. Limitations

While this study demonstrates that LLMs can iden-
tify diagnostic signals from routine clinical notes,
the findings should be interpreted as an initial step.
The sample size was limited to 58 patients from
a single pediatric hospital, which may affect gen-
eralizability to other settings and populations. We
analyzed only the first pulmonology note per patient
to reflect early referral, but later clinical information
was not included. The models were provided with
only one provider note. A task more reflective of
clinical practice would be to review multiple provider
notes, or even the lifetime accumulated notes and
results within an EMR, to guide PCD diagnostic
decision making. However, the volume of chart
review, input limitations, as well as previous stud-
ies suggesting that larger volumes of information
may actually impede LLM performance (Tang et al.,
2023), made this approach impractical. Given this,
we opted to utilize the first encounter note with a
pulmonology specialist, as it tends to be a critical
juncture where the possibility of disease exists, but
diagnostic uncertainty remains — therefore an op-
timal time where providers or patients might turn
to LLMs for guidance on evaluation. The evalu-
ation focused on open source models with a sin-
gle instruction setup, and model explanations were
reviewed by one clinician. Future work should in-
clude larger and more diverse datasets, multiple
institutions, longitudinal notes, additional models
and prompting strategies, and review by multiple
clinicians to better assess robustness and clinical
usefulness.

8. Ethical Considerations

Models were evaluated retrospectively and not
used for real clinical decisions. We emphasize
that such systems are intended for research on
clinical text understanding and should not be used
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as standalone diagnostic tools without appropriate
clinical oversight. The authors declare no compet-
ing interest.
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Appendix

A. Sample case with LLM output

Table A.1 shows another sample case with predic-
tions and justifications by each LLM. Another case
is shown in Table 2.
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Case X is a XX-month-old female who presents with transfer from XX facility due to concern for possible tracheal deviation, persistent oxygen requirement, and poor oral feeding. Consult requested for home
oxygen and outpatient pulmonary follow-up. She is on XX LPM oxygen and being treated for BPD with inhaled corticosteroid (XX dose, XX puffs BID) and albuterol every XX hours. She is also on diuretics
(XX). Mild reflux diagnosed on pH probe. Currently on reflux medications (XX) and receiving NG feeds. No desaturation episodes reported. Per review of outside records, she was extubated to CPAP at XX

days of life and

on CPAP for app

XX duration before transition to high-flow nasal cannula, now on low-flow nasal cannula. She previously received diuretic therapy for approximately XX

duration, then transitioned to current regimen prior to transfer. History of pulmonary hypertension treated with inhaled nitric oxide for XX days, now resolved. Continues on low-flow oxygen. Transferred for
evaluation of suspected tracheal deviation to rule out airway abnormality.

LLm

LLM Response

Expert’s Evaluation

GPT-0SS-120B

PCD: No

X

Justification: The infant has chronic lung disease secondary to prematurity (BPD) with a mild right tracheal deviation likely due to a prominent thymus.
There is no history of recurrent sinusitis, otitis media, or bronchiectasis, and no laterality defects or unexplained persistent cough that would suggest
primary ciliary dyskinesia. The clinical picture is fully explained by prematurity, BPD, and gastroesophageal reflux, making PCD evaluation unnecessary
at this time.

Clinically sound

Testing: None Incomplete
Justification: No additional diagnostic work-up for PCD is indicated because the patient's symptoms are attributable to BPD and prematurity. Routine Adequate
follow-up imaging (repeat echocardiogram) and clinical monitoring are already planned, and there are no findings that would warrant nasal nitric oxide
measurement, ciliary biopsy, or genetic testing for PCD.
PCD: Yes
v
Llama-3-70B
Justification: The patient has a history of bronchopulmonary dysplasia (BPD) and is on oxygen therapy, which increases the risk of primary ciliary Clinically concerning
dyskinesia (PCD). Additionally, the patient has a mild tracheal deviation, which could be related to PCD. Further evaluation is necessary to rule out PCD.
Testing: Nasal nitric oxide measurement, high-speed video microscopy analysis of cilia, and genetic testing Appropriate
Justification: These tests are recommended to evaluate the patient’s ciliary function and structure, which can help diagnose PCD. Nasal nitric oxide Adequate
measurement is a non-invasive test that can indicate PCD, while high-speed video microscopy analysis of cilia can assess ciliary beat frequency and
pattern. Genetic testing can identify mutations associated with PCD.
PCD: Uncertain
X
Qwen-2.5-7B
Justification: The patient has a history of BPD, mild tracheal deviation, and potential pulmonary hypertension. While the tracheal deviation could be Clinically weak
secondary to a prominent thymus, further evaluation is warranted to rule out other causes and to monitor the patient's condition.
Testing: CT of the chest with contrast Incomplete
Justification: To better evaluate the tracheal deviation and rule out other causes, a CT of the chest with contrast is recommended. This will provide more Adequate
detailed imaging to assess the trachea and other structures in the chest.
PCD: Yes
v
Mistral-7B
Justification: The patient has a history of BPD, is on oxygen, and has a mildly dilated RV, thickened RV wall, and a probable left coronary cameral fistula Clinically weak
to the RV on echocardiogram, suggesting possible pulmonary hypertension.
Testing: Right Heart Catheterization Excessive
Justification: To confirm the diagnosis of pulmonary hypertension and guide treatment Adequate
PCD: Yes
v
Phi-3.5-mini

Justification: The patient has a history of BPD, mild tracheal deviation, and a probable coronary fistula, which could contribute to respiratory symptoms.
The presence of chronic lung disease and the need to rule out pulmonary hypertension further support the need for PCD evaluation.

Clinically weak

Testing: Echocardiogram with contrast, repeat chest CT, and possibly a cardiac MRI.

Excessive

Justification: The echocardiogram with contrast is recommended to further evaluate the suspected coronary fistula and to rule out pulmonary
hypertension. A repeat chest CT is suggested to monitor the chronic lung disease and tracheal deviation. A cardiac MRI may provide additional
information on the coronary fistula and cardiac structure.

Adequate

Table A.1: LLM responses and annotator evaluation for a sample case. The top row shows a partial
excerpt of the input clinical note.
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