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Abstract
Extracting disease labels from radiology reports is essential for developing deep learning-
based diagnostic models and enabling large-scale retrospective clinical research.
Classification of usual interstitial pneumonia (UIP) patterns from high-resolution
computed tomography (HRCT) reports according to Fleischner Society guidelines is a
particularly demanding task, requiring synthesis of spatial distribution, fibrotic features,
and exclusion criteria. As open-source large language models (LLMs) are released at an
accelerating pace with steadily improving general benchmarks, a practical question arises:
do these improvements translate to better performance on complex, real-world clinical
classification, and does the optimal prompting strategy differ across model architectures?

While prior studies have evaluated LLMs for radiology report labeling, none have
compared how prompting strategies interact with the native reasoning capabilities of
newer model architectures. We evaluated 10 open-source LLMs from three architecture
families (Llama, Qwen, Gemma) spanning 8 to 405 billion parameters, each tested with
three prompting strategies on 270 HRCT reports classified by expert consensus of two
senior thoracic radiologists. Four models with native reasoning ("thinking") capability
were additionally tested in thinking mode. The best configuration achieved κ = 0.70 and
82% four-class accuracy. Structured reasoning prompting improved all Llama models but
degraded all models with native reasoning capability (Qwen 3.5 and Gemma 4), revealing
an architecture-dependent interaction. Thinking mode hurt performance on criteria-based
prompts and never yielded the best configuration. Larger models did not consistently
outperform smaller ones: Llama 3.1 405B offered no advantage over Llama 3.3 70B, and
the Qwen 397B model underperformed the dense Qwen 27B.

These findings demonstrate that newer model generations with improved general
benchmarks and larger parameter counts do not guarantee better performance on
specialized medical classification tasks, and that prompt design must be matched to model
architecture.

INTRODUCTION
Usual interstitial pneumonia (UIP) pattern represents the characteristic histopathologic
and radiologic pattern of idiopathic pulmonary fibrosis (IPF), a progressive fibrosing
interstitial lung disease with a median survival of 2–3 years from diagnosis [1]. Accurate
classification of UIP patterns on high-resolution computed tomography (HRCT) is essential
for clinical management, prognostic assessment, and therapeutic decision-making of IPF.
To improve diagnostic consistency and guide clinical decision-making, the 2018 Fleischner
Society and ATS/ERS/JRS/ALAT guidelines established four standardized categories for
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UIP classification: typical UIP, probable UIP, indeterminate for UIP, and alternative
diagnosis [2, 3].

Despite standardized criteria, consistent implementation of UIP classification in routine
practice remains challenging. First, adherence to guideline-based UIP classification varies
widely across radiologists, reflecting differences in training, experience, and familiarity
with the guidelines. Second, even among experienced thoracic radiologists who explicitly
apply the guidelines, substantial inter-reader variability persists. Earlier studies have
shown only moderate inter-observer agreement, with κ values between 0.38 and 0.69
when applying the 2018 Fleischner guidelines [4, 5]. This variability reflects the inherent
complexity of UIP classification, which requires integrating multiple imaging features—
including spatial distribution, presence of honeycombing, reticulation patterns, traction
bronchiectasis, and exclusionary findings—into a single diagnostic category.

Standardized UIP categories have value beyond terminology. Clinically, guideline-based
classification supports consistent diagnostic pathways and management decisions,
including escalation to multidisciplinary discussion and treatment planning. For research,
standardized UIP labels define the target phenotype needed to curate large cohorts and to
train and validate deep learning models that identify UIP from HRCT images. However,
despite widespread imaging archives, standardized UIP categories are often not explicitly
recorded in radiology reports, limiting scalable reuse of existing data. Establishing reliable
methods to extract standardized UIP classifications from real-world radiology reports is
therefore a critical prerequisite for both large-scale phenotyping studies and the
development of AI-assisted UIP classification tools.

Large language models (LLMs) have recently demonstrated strong performance in
medical natural language processing tasks, including information extraction and
diagnostic categorization from clinical notes and radiology reports [6–15]. Prior work has
shown that LLMs can extract tumor measurements from oncologic CT reports with high
accuracy [8], label chest radiograph findings using privacy-preserving open-source models
[15], and automatically categorize liver lesions according to LI-RADS criteria with
moderate agreement against expert ground truth [10]. More recently, Khosravi et al. [9]
reported that chain-of-thought (CoT) prompting had variable effects on binary pathology
label extraction and that larger models generally performed better. Moassefi et al. [16]
demonstrated consistent cross-institutional performance using optimized prompts with
Llama 3.1 70B model. However, these studies focused on binary or single-feature labeling
tasks. UIP classification represents a fundamentally more demanding test case: accurate
classification requires synthesizing multiple imaging features, applying exclusion criteria,
and resolving nuanced diagnostic language—reasoning that approaches expert-level
radiologic judgment.



Page 4/16

Meanwhile, open-source LLMs are also evolving rapidly, with recent releases such as the
Qwen 3.5 and Gemma 4 families introducing reasoning-oriented training and extended
thinking modes, which have improved performance on general reasoning benchmarks.
Whether the architectural advances in these newer reasoning models translate to
improved performance on specialized medical classification tasks, and whether their built-
in reasoning interacts with external prompting strategies has not been examined. In this
study, we evaluated 10 open-source LLMs from three architecture families, including both
reasoning models and their predecessors for classifying UIP patterns from HRCT reports.
We benchmarked agreement with consensus-derived expert labels and examined whether
structured clinical reasoning prompts were associated with different performance patterns
in reasoning-native versus non-reasoning model families.

MATERIALS AND METHODS
Study Design and Data Collection

This retrospective study was determined exempt by Institution’s Minimal Risk Research
IRB (ID 2023-0813, June 27, 2023). We identified 5,926 consecutive HRCT radiology
reports from patients undergoing evaluation for suspected interstitial lung disease at a
single academic medical center between 2013–2023. A total of 300 reports were randomly
sampled from the full report set for manual review. After excluding 26 reports from
patients with lung transplant, 274 reports remained for independent expert radiologist
review. Four reports (one from each classification category) were reserved as few-shot
examples, leaving 270 reports for final evaluation (Figure 1). Each report contained
Findings and Impression sections, with median length of 202 words (range, 80–632). All
reports were generated by board-certified radiologists.

Reference Standard

Two board-certified thoracic radiologists, each with over 30 years of experience in
thoracic imaging, independently reviewed all 270 reports. Radiologists classified each
report into one of four categories according to the 2018 Fleischner Society guidelines: (1)
typical UIP pattern, (2) probable UIP pattern, (3) indeterminate for UIP, or (4) alternative
diagnosis. Classifications were based solely on radiology report text, without access to
images or additional clinical information. Radiologists were blinded to each other's
assessments and to the LLM outputs.

For cases with initial disagreement (n=108 [40%]), the two radiologists conducted joint
consensus sessions. During these sessions, both radiologists re-evaluated the discordant
reports together, discussing the specific imaging features described and their
interpretation according to Fleischner criteria. Consensus was reached through
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discussion, and the final classification was recorded. This consensus-derived label served
as the reference standard for model evaluation.

Large Language Model Selection

We evaluated 10 open-source LLMs spanning three architecture families and parameter
counts from 8 billion to 405 billion (Table 1). Models were selected to represent a range of
contemporary locally deployable open-source LLM families, model scales, and reasoning
capabilities and to enable systematic comparisons across architecture families, model
generations, and scale.

The Llama family (Meta AI) included Llama 3.1 8B, Llama 3.3 70B, and Llama 3.1 405B.
These models were released prior to the adoption of reasoning-specific training objectives
and do not support extended thinking modes. The Qwen 3.5 family (Alibaba) included 9B,
27B, and 397B variants. Qwen 3.5 models were trained with reasoning-enhanced
objectives and support a native thinking mode that generates internal reasoning tokens
before producing a response. The Gemma family (Google) included Gemma 3 12B, Gemma
3 27B, MedGemma 27B and Gemma 4 27B. Gemma 4 represents a newer generation with
reasoning-enhanced training and native thinking capability, while the Gemma 3 models
and MedGemma do not support thinking mode. MedGemma 27B shares the Gemma 3 27B
base architecture but received additional pretraining on biomedical literature.

All models were deployed locally using the vLLM framework (version 0.18) on institutional
GPU computing infrastructure, ensuring that all patient data remained within institutional
infrastructure without requiring cloud-based APIs or external data transmission. This
locally hosted approach supports compliance with healthcare privacy regulations.

Table 1. Characteristics of the 10 open-source large language models evaluated. 
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Family Model Parameters Reasoning
Mode

Release
Date

Llama (Meta) Llama 3.1 8B 8B No Jul 2024

Llama 3.3 70B 70B No Dec 2024

Llama 3.1 405B 405B No Jul 2024

Qwen 3.5
(Alibaba)

Qwen 3.5 9B 9B Yes Feb 2026

Qwen 3.5 27B 27B Yes Feb 2026

Qwen 3.5 397B 397B Yes Feb 2026

Gemma (Google) Gemma 3 12B 12B No Mar 2025

Gemma 3 27B 27B No Mar 2025

MedGemma
27B

27B No May 2025

Gemma 4 27B 27B Yes Mar 2026

Prompting Strategies

We evaluated three prompting strategies of increasing structural complexity, applied
identically across all 10 models. The three prompts shared identical classification criteria
(drawn from the 2018 Fleischner Society guidelines for four UIP categories) and differed
only in the amount of reasoning structure and examples provided (Appendix A).

Criteria-only prompting. The model received the Fleischner classification criteria and was
instructed to classify the report into one of the four UIP categories. No reasoning
structure or examples were provided.

Structured reasoning prompting. The criteria-based prompt was augmented with a six-step
clinical decision algorithm that guided the model through: (1) checking for explicit UIP-
related terminology and clinical history, (2) semantic identification of UIP pattern
language including variant phrasings, (3) assessing core fibrotic features including
reticulation, traction bronchiectasis, and honeycombing, (4) evaluating spatial distribution
patterns, (5) identifying exclusionary features suggesting alternative diagnoses, and (6)
synthesizing findings into a classification using explicit decision rules. 

Structured reasoning with few-shot examples. The structured reasoning prompt was
augmented with four representative examples (one per classification category), each
showing the report text and the correct consensus classification. These four examples
were drawn from the 274 reviewed reports and excluded from the evaluation set. 
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Thinking Mode Evaluation

Four models support a native extended reasoning mode: Qwen 3.5 9B, Qwen 3.5 27B,
Qwen 3.5 397B, and Gemma 4 27B. In thinking mode, the model generates internal chain-
of-thought tokens before producing a final classification. We evaluated these four models
under all three prompting strategies in both non-thinking and thinking mode. Non-thinking
mode used greedy decoding (temperature = 0). Thinking mode used vendor-recommended
sampling parameters (temperature = 0.6, top-p = 0.95, top-k = 20 for Qwen 3.5 models;
temperature = 1.0, top-p = 0.95, top-k = 64 for Gemma 4 27B). This yielded 42 total
experimental conditions: 30 standard (10 models × 3 prompts) plus 12 thinking mode (4
models × 3 prompts).

Report Characterization

To characterize the inferential complexity of the classification task, we analyzed whether
reports contained explicit UIP-related terminology. Reports were categorized as "UIP
mentioned" if they contained any of the following terms: "UIP," "usual interstitial
pneumonia," "IPF," or "idiopathic pulmonary fibrosis." Reports without any of these terms
were categorized as "no UIP mentioned," indicating that classification required inference
from described imaging features alone. This analysis was used to quantify the proportion
of cases where classification requires integration of multiple imaging findings and
application of diagnostic criteria versus simple keyword extraction.

Statistical Analysis

Sample size was determined based on expected κ of 0.60 with a 95% confidence interval
half-width of ±0.10, requiring 250 cases. We calculated Cohen's kappa for inter-rater
agreement. Model performance metrics included overall accuracy, category-specific
precision, recall, and F1 scores. Bootstrap resampling (n=1,000) provided 95% confidence
intervals for all metrics. For simplified classification schemes (binary and 3-class), we
combined categories as follows: binary (typical UIP + probable UIP vs. others) and 3-class
(typical UIP vs. probable UIP vs. others). Analyses were conducted using Python 3.10 with
scikit-learn 1.3.0 and statsmodels 0.14.0.

RESULTS
Dataset Characteristics and Inter-Reader Agreement

The 270 HRCT reports represented 259 unique patients with a median age of 69 years
(IQR 60–75 years) and 58% male patients. Reports spanned the full study period with a
relatively uniform distribution, capturing changes in reporting practices over the decade.
Patient demographics are shown in Table 2.
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Table 2. Patient Demographics and Clinical Characteristics (n = 259)

Characteristic Value

Age, years  

      Mean ± SD 66.7 ± 13.1

      Median (IQR) 69 (60–75)

      Range 23–91

Sex, n (%)  

      Male 151 (58.3)

      Female 108 (41.7)

Race, n (%)  

      White 246 (95.0)

      Black or African American 8 (3.1)

      Other 5 (1.9)

Ethnicity, n (%)  

      Not Hispanic or Latino 246 (95.0)

      Hispanic or Latino 11 (4.2)

      Other/Unknown 2 (0.8)

Abbreviations: IQR = interquartile range; SD = standard deviation.

Initial independent classification by the two expert radiologists showed moderate
agreement (κ = 0.43, 95% CI: 0.36–0.49) with a 60% concordance (162/270 cases).
Disagreement occurred most frequently between indeterminate and alternative diagnosis
categories (68/108, 63% of discordant cases), followed by probable UIP and indeterminate
categories (15/108, 14% of discordant cases). Category-specific positive agreement,
defined as twice the number of concordant cases divided by the sum of each reader's
category totals, was highest for typical UIP (80%) and alternative diagnosis (70%), and
lowest for indeterminate (30%) and probable UIP (58%).

Following consensus adjudication of 108 initially discordant cases, final reference
classifications comprised typical UIP pattern (40 cases, 14.8%), probable UIP (27 cases,
10.0%), indeterminate for UIP (39 cases, 14.4%), and alternative diagnosis (164 cases,
60.7%).

UIP Terminology in Reports
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Analysis of terminology revealed that only 74 reports (27%) contained UIP- or IPF-related
terminology, while the majority (196/270, 73%) contained no UIP-related terms. The
proportion of reports mentioning UIP/IPF varied substantially by consensus classification:
90% (36/40 reports) of typical UIP cases and 67% (18/27) of probable UIP cases contained
UIP/IPF terminology, compared to only 31% (12/39) of indeterminate cases and 5%
(8/164) of alternative diagnosis cases. These findings suggest that accurate classification
of most reports requires integration of described imaging features and application of
Fleischner criteria rather than simple keyword matching.

LLM Classification Performance

Overall, the large language models evaluated demonstrated strong potential for report-
based UIP classification, with the best model (Llama 3.3 70B) achieving 81.9% accuracy
and a Cohen's kappa of 0.70 when using a structured reasoning prompt with few-shot
examples (Table 3). Five of the evaluated models achieved a kappa of 0.65 or higher under
their optimal configurations. However, the most successful prompting strategy varied
significantly based on the model's underlying architecture. 

Table 3. Four-class UIP classification performance across 10 open-source LLMs.

All models were evaluated in standard mode with three prompting strategies. Four
reasoning-capable models were additionally evaluated in thinking mode; the last two
columns show the best displayed thinking-mode kappa and prompt. Bold values indicate
the highest displayed standard-mode performance for each model.
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Model Standard mode Thinking mode

CO
 κ / Acc (%)

SR
 κ / Acc (%)

SR+FS
 κ / Acc (%)

Best κ Best prompt

Llama 3.1 8B 0.19 / 31.1 0.24 / 36.7 0.28 / 45.9 - -

Llama 3.3 70B 0.61 / 76.3 0.67 / 80.0 0.70 / 81.9 - -

Llama 3.1 405B 0.60 / 75.6 0.69 / 81.1 0.69 / 81.5 - -

Qwen 3.5 9B 0.66 / 79.3 0.61 / 77.0 0.61 / 77.0 0.61 SR

Qwen 3.5 27B 0.69 / 81.9 0.57 / 73.3 0.60 / 75.9 0.64 CO

Qwen 3.5 397B 0.64 / 78.9 0.61 / 75.9 0.62 / 77.8 0.64 SR+FS

Gemma 3 12B 0.58 / 73.3 0.52 / 69.6 0.52 / 69.6 - -

Gemma 3 27B 0.62 / 75.9 0.63 / 77.0 0.65 / 78.1 - -

MedGemma 27B 0.68 / 81.5 0.57 / 73.0 0.63 / 78.1 - -

Gemma 4 27B 0.68 / 81.9 0.58 / 74.4 0.66 / 80.0 0.65 CO

Abbreviations: CO = criteria-only; SR = structured reasoning; SR+FS = structured
reasoning with few-shot examples; Acc = accuracy. 

Impact of Structured Prompting

The impact of adding structured clinical reasoning to a prompt depended heavily on
whether the model was built with native reasoning capabilities. For models without native
reasoning (Llama family), providing a structured clinical reasoning algorithm consistently
improved classification performance. In contrast, among reasoning-native models (Qwen
3.5 and Gemma 4), structured reasoning prompts consistently reduced performance
relative to criteria-only prompting. They performed best when given a simpler, criteria-
only prompt. For example, the Qwen 3.5 27B model achieved a kappa of 0.69 under
criteria-based prompting but dropped to 0.57 when forced to use a structured reasoning
prompt.

Impact of Extended Thinking Mode

Four reasoning-capable models (Qwen 3.5 9B, 27B, 397B, and Gemma 4 27B) were
additionally evaluated with thinking mode enabled across all three prompting strategies.
As shown in Table 3, when extended thinking is enabled, the best κ for each model was
consistently lower than or equal to its best standard-mode κ. These results suggest that
extended thinking mode did not provide benefit for this structured classification task in
the reasoning-capable models evaluated.
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Effect of Model Scale and Medical Pretraining

Within the Llama family, scaling from 8B to 70B parameters yielded a large performance
gain (κ = 0.28 vs. 0.70 at best prompt), but further scaling from 70B to 405B provided no
meaningful improvement (κ = 0.70 vs. 0.69). In the Qwen family, the 27B model (κ =
0.69) outperformed the 397B model (κ = 0.64), indicating that larger parameter counts do
not guarantee better performance. Meanwhile, the compact Qwen 3.5 9B achieved κ =
0.66 with criteria-based prompting alone, substantially outperforming older models of
comparable size (Llama 3.1 8B, κ = 0.28; Gemma 3 12B, κ = 0.58), suggesting that model
generation and training strategy may matter more than parameter count alone for this
task.

MedGemma 27B, which received additional biomedical pretraining on the Gemma 3 27B
architecture, outperformed its base model on criteria-based prompting (κ = 0.68 vs. 0.62).
However, MedGemma showed a larger performance degradation with structured
reasoning than its base model, suggesting that medical pretraining may have changed the
model's sensitivity to prompt structure. 

Error Analysis of Best-Performing Configuration

Among the 49 misclassifications by the best-performing configuration (Llama 3.3 70B,
structured reasoning with few-shot examples, κ = 0.70), the most common error involved
confusion between indeterminate and alternative diagnosis categories (29/49, 59%): 20
consensus alternative diagnosis cases were classified as indeterminate, and 9 consensus
indeterminate cases were classified as alternative diagnosis (Figure 2). This pattern
mirrors the predominant source of disagreement between the two expert radiologists, in
which 63% of discordant cases (68/108) also involved these two categories.

The model performed best for typical UIP (F1 = 0.87) and alternative diagnosis (F1 =
0.90), which represent the most distinctive radiologic patterns. Performance was lower for
probable UIP (F1 = 0.64) and indeterminate (F1 = 0.60), reflecting the inherent
challenges in these intermediate classifications.

Performance on Simplified Classification Tasks

For binary classification (typical UIP + probable UIP vs. all other categories), the best
model achieved 95.2% accuracy with κ = 0.87. For three-class classification (typical UIP
vs. probable UIP vs. others), accuracy was 92.6% with κ = 0.81. These simplified schemes
showed substantially higher agreement, suggesting robust performance for clinical triage
and downstream decision support.

DISCUSSION
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This study shows that open-source large language models can achieve substantial
agreement with consensus-derived expert labels for report-based classification of usual
interstitial pneumonia (UIP) patterns. The best-performing configuration achieved κ =
0.70 and 81.9% accuracy for four-class classification, despite the intrinsic difficulty of the
task and only moderate initial agreement between the two thoracic radiologists (κ = 0.43).
These results suggest that LLM-based extraction can be effective for complex guideline-
based report classification, while also highlighting that residual errors likely reflect both
the ambiguity of report-based UIP categorization and limitations of current LLM-based
approaches.

A central finding of this study is that the effect of prompting strategy was architecture-
dependent. In the Llama family, structured reasoning prompts consistently improved
performance, and the addition of few-shot examples provided further gains. In contrast,
among reasoning-native models (Qwen 3.5 and Gemma 4), structured reasoning prompts
consistently reduced performance relative to criteria-only prompting. Extended thinking
mode also did not improve performance and never yielded the best overall configuration.
Together, these findings suggest that prompt/model combinations should be benchmarked
empirically rather than selected based on a general assumption that more elaborate
prompting or reasoning will improve clinical NLP performance. For newer reasoning-
oriented architectures, simpler prompts may be more effective for structured classification
tasks.

Our results suggest two primary applications for LLM-based UIP classification. First,
automated classification may serve as a triage and notification tool within clinical
workflows. The high binary classification accuracy (95% for UIP/probable UIP versus
other categories) indicates that the model could reliably identify cases warranting
expedited pulmonology or interstitial lung disease specialist review, as well as identifying
patients for clinical trial enrollment. Importantly, such deployment would be most
appropriate within a human-in-the-loop framework, in which radiologists retain final
interpretive authority.

Second, automated extraction of UIP classifications from free-text radiology reports may
substantially accelerate AI-driven research in interstitial lung disease. Manual
phenotyping of large ILD cohorts is resource-intensive and often infeasible at scale. By
enabling reliable extraction of standardized labels from existing report archives, LLM-
based tools could facilitate the creation of large, well-labeled datasets for training and
validating computer vision models, studying disease progression, and conducting
retrospective outcome analyses.

This study has several limitations. First, this study analyzed final chest CT radiology
reports generated in routine clinical practice by multiple readers with heterogeneous
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training backgrounds and reporting styles. Accordingly, the evaluation was conducted at
the level of report documentation rather than standardized image-based adjudication. We
did not incorporate multidisciplinary conference adjudication or perform case-by-case
correlation with independent expert thoracic radiologist image review; such analyses
would provide an important complementary benchmark for future studies but were beyond
the scope of the present report-focused investigation. The single-institution design may
limit generalizability, as reporting conventions, terminology usage, and disease prevalence
can vary across institutions. Performance was assessed retrospectively using expert
consensus on report-derived labels rather than prospective clinical outcomes. For triage-
oriented applications, future work should assess whether automated flagging improves
time to diagnosis, rates of multidisciplinary discussion, or downstream management
decisions. For research use, it remains to be determined whether LLM-extracted labels
support downstream model training and evaluation comparably to manually curated
datasets. Although prior work has demonstrated that image classifiers are resilient to LLM
labeling noise for binary tasks [9], this has not been established for complex multi-class
classification schemes such as UIP categorization.

CONCLUSIONS
Large language models can classify UIP patterns from radiology reports with substantial
agreement to consensus-derived expert labels. However, the optimal prompting strategy is
architecture-dependent: structured reasoning improves models without built-in reasoning
capabilities but degrades reasoning-native models. These findings suggest that
prompt/model combinations for clinical report classification should be empirically
benchmarked rather than selected on the assumption that greater prompt complexity or
explicit reasoning will be universally beneficial.
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Figures

Figure 1

Flowchart of study design.
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Figure 2

Confusion matrix of the Llama 3.3 70B model with structured prompting and few-shot
examples.


