
Acta Medica Young Doctors  

ISSN: 3108-4532 

Volume 2 Issue 1 

69 

Corresponding: Dr. Nilay Çavuşoğlu Yalçun, Antalya Training and Research Hospital Thoracic 

surgery Department, Türkiye, mail: drnili@hotmail.com 

Doi: 10.5281/zenodo.18840730 

Artificial Intelligence Large Language Models for Pulmonary Nodule Surgical Decision-

Making: A Comparative Accuracy Study 

Orginal Article 

Nilay Çavuşoğlu Yalçın 1,  

1. Antalya Training and Research Hospital Thoracic surgery Department 

ABSTRACT 

Keywords: Artificial intelligence; large language models; pulmonary nodule; surgical 

indication; diagnostic accuracy 

 

Background: Artificial intelligence (AI) large language models show promise in medical 

decision-making, but their reliability in determining surgical indications for pulmonary 

nodules remains unexplored. We evaluated the diagnostic accuracy and consistency of three 

leading AI models compared with expert thoracic surgeon consensus. 

Methods: This cross-sectional diagnostic accuracy study evaluated ChatGPT-4, Claude 3.5 

Sonnet, and Google Gemini Pro using 45 standardized clinical vignettes representing diverse 

pulmonary nodule presentations. Six thoracic surgeons with ≥5 years of experience 

independently reviewed all vignettes to establish consensus. Each AI model was tested three 

times per vignette to assess test-retest reliability. Primary outcome was overall diagnostic 

accuracy; secondary outcomes included inter-model agreement and performance across 

nodule categories and complexity levels. 

Results: Expert panel achieved 91.4% mean inter-rater agreement (range: 60-100%), with 

unanimous consensus in 46.7% of cases. Overall AI-expert agreement was 82.2% (95% CI: 

71.1-93.4%). Claude and Gemini both achieved 82.2% accuracy with perfect test-retest 

reliability (100% consistency across three trials), while GPT-4 demonstrated 80.0% accuracy 

with 86.8% consistency. Inter-model agreement was highest between Claude and Gemini 

(100%), versus 62.2% for GPT-4 comparisons with either model. Performance varied 

significantly by nodule category: 100% agreement in complex scenarios (mixed pattern, 

multiple nodules, high-risk comorbidities, post-treatment) versus 20% in intermediate-sized 

solid nodules (21-30 mm). 

Conclusions: Leading AI large language models demonstrate substantial agreement with 

expert consensus in pulmonary nodule management, with Claude and Gemini showing 

superior consistency. However, performance varies markedly by clinical context, 

particularly for intermediate-sized solid nodules where guideline ambiguity is greatest. 

Current AI capabilities may complement but cannot replace expert thoracic surgical 

judgment. 
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Introduction 

Acute myocardial infarction (AMI) is one 

Pulmonary nodules are frequently 

encountered in contemporary clinical 

practice, largely driven by the widespread 

use of computed tomography (CT) for 

diagnostic imaging and lung cancer 

screening (1). Incidental pulmonary 

nodules are detected in approximately 20–

30% of chest CT examinations, presenting 

clinicians with a common yet challenging 

decision-making scenario (2). The primary 

clinical dilemma lies in accurately 

identifying nodules that warrant surgical 

resection while avoiding unnecessary 

invasive procedures in benign or indolent 

lesions. 

Current guideline-based recommendations, 

including those from the Fleischner Society 

(3), the American College of Chest 

Physicians (ACCP) (5), and the National 

Comprehensive Cancer Network (NCCN) 

(21), provide structured frameworks for 

pulmonary nodule management. These 

guidelines integrate radiologic 

characteristics, nodule size and growth 

patterns, and patient-specific risk factors to 

guide surveillance, biopsy, or surgical 

intervention. However, real-world clinical 

scenarios often extend beyond the 

boundaries of guideline algorithms (6). 

Variations in patient comorbidities, 

borderline radiologic features, and evolving 

clinical contexts contribute to substantial 

inter-physician variability in surgical 

decision-making (7,8). 

Clinical judgment, particularly in 

borderline or complex cases, remains 

heavily dependent on expert experience. 

Prior studies have demonstrated 

considerable heterogeneity among 

clinicians in pulmonary nodule 

management recommendations, even when 

presented with identical clinical 

information (9). This variability 

underscores the inherent complexity of 

surgical decision-making and highlights the 

potential role for decision-support tools that 

can synthesize large volumes of clinical and 

guideline-based information consistently 

(10). 

In recent years, artificial intelligence (AI), 

particularly large language models (LLMs), 

has demonstrated promising capabilities in 

medical knowledge comprehension, clinical 

reasoning, and decision support (11-13). 

These models are increasingly explored 

across diverse medical domains, including 

radiology interpretation and oncology 

treatment planning (14,15). Despite this 

rapid expansion, the reliability and 

consistency of LLMs in determining 

surgical indications for pulmonary nodules 

have not been systematically evaluated. 

Most existing studies focus on single-model 

performance or theoretical reasoning tasks 

rather than clinically realistic decision-

making scenarios (16). 

To address these gaps, the present study 

evaluates the performance of three leading 

AI large language models—ChatGPT-4, 

Claude 3.5 Sonnet, and Google Gemini 

Pro—in determining surgical indications 

for pulmonary nodules using standardized 

clinical vignettes. Expert thoracic surgeon 

consensus serves as the reference standard. 

By systematically comparing AI 

recommendations with human expert 

judgment across multiple repetitions and 

clinical scenarios, this study aims to define 

the current capabilities and limitations of 

AI-assisted decision-making in thoracic 

surgery. 

 

Materials and Methods 

This cross-sectional, comparative 

diagnostic accuracy study adhered to the 

Standards for Reporting Diagnostic 

Accuracy Studies (STARD) guidelines (17). 

The study protocol was approved by the 

institutional ethics committee.(2026-75) 
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Given the use of de-identified, hypothetical 

clinical vignettes without patient 

involvement, informed consent was not 

required. 

A comprehensive set of 45 original clinical 

vignettes was developed by a panel of 

experienced thoracic surgeons to represent 

a realistic spectrum of pulmonary nodule 

presentations encountered in clinical 

practice. Each vignette incorporated 

standardized components including patient 

demographics, smoking history, 

comorbidities, presenting complaint, 

physical examination findings, detailed 

nodule characteristics (location, size, 

morphology, attenuation pattern, growth 

pattern), imaging findings (CT and PET-CT 

when applicable), pulmonary function tests, 

and laboratory parameters. 

The 45 vignettes were systematically 

distributed across nine categories: solid 

nodules 8-20 mm (n=5), solid nodules 21-

30 mm (n=5), solid nodules >30 mm (n=5), 

pure ground-glass nodules (n=5), part-solid 

nodules (n=5), mixed attenuation patterns 

(n=5), multiple nodules (n=5), high-risk 

comorbid patients (n=5), and post-treatment 

scenarios (n=5). Vignettes were 

independently classified by complexity as 

straightforward (n=15), intermediate 

(n=18), or complex (n=12). 

Six thoracic surgeons with a minimum of 5 

years of post-fellowship experience in 

thoracic oncology and pulmonary surgery 

served as the expert reference panel. Panel 

members represented diverse practice 

settings including academic medical centers 

and high-volume thoracic surgery 

programs. Each expert independently 

reviewed all 45 clinical vignettes in a 

randomized order using a standardized 

electronic scoring form. 

Expert consensus for each vignette was 

determined hierarchically: unanimous 

agreement (6/6 experts), strong majority 

(4/6 or 5/6 experts), or uncertain (3/3 split 

decision). Inter-expert agreement was 

quantified using Fleiss' kappa to assess the 

reliability of the reference standard. 

Three leading large language models were 

evaluated: ChatGPT-4 (OpenAI), Claude 

3.5 Sonnet (Anthropic), and Google Gemini 

Pro (Google). All models were accessed 

through their standard user interfaces with 

default settings. No fine-tuning, prompt 

engineering optimization, or specialized 

medical plugins were employed to reflect 

real-world usage conditions. 

A standardized prompt template was 

developed and pilot-tested to ensure 

consistency across all AI assessments. Each 

model was tested three times for each 

vignette (three separate testing sessions 

over a 2-week period with minimum 48-

hour intervals). Vignette order was re-

randomized for each session, and new 

conversation threads were initiated for each 

session to ensure independence. This 

yielded a total of 405 AI assessments (45 

vignettes × 3 models × 3 test runs). 

The primary outcome was the overall 

diagnostic accuracy of each AI model 

compared with expert consensus. 

Secondary outcomes included inter-model 

agreement (assessed using Fleiss' kappa), 

intra-model consistency (test-retest 

reliability using Cohen's kappa), and 

performance stratified by nodule category 

and complexity level. 

Agreement between AI models and expert 

consensus was assessed using Cohen's 

kappa for binary comparisons and Fleiss' 

kappa for multi-rater comparisons. Kappa 

values were interpreted according to Landis 

& Koch criteria (18). All statistical analyses 

were performed using R software (version 

4.3.0). Statistical significance was defined 

as two-tailed P<0.05. 
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Results 

Forty-five standardized clinical vignettes 

were developed and evaluated by six expert 

thoracic surgeons and three AI models over 

three independent testing sessions each. The 

complete study flow and vignette 

distribution are presented in Table 1. 

Table 1. Study Characteristics and Clinical 

Vignette Distribution 

 

Agreement interpretation based on Landis 

& Koch criteria: <0.20 (poor), 0.21-0.40 

(fair), 0.41-0.60 (moderate), 0.61-0.80 

(substantial), 0.81-1.00 (almost perfect). 

The expert panel demonstrated substantial 

inter-rater reliability with a mean agreement 

of 91.4% (median 95.0%, range 60.0–

100.0%). Unanimous consensus (6/6 

experts) was achieved in 21 of 45 vignettes 

(46.7%), while strong majority agreement 

(4/6 or 5/6 experts) was observed in the 

remaining 24 cases (53.3%). No vignettes 

resulted in complete split decisions (3/3), 

indicating that expert consensus could be 

established for all cases (Table 2). 

 

 

 

Table 2. Expert Panel Inter-Rater 

Agreement and AI Model Performance 

Metrics 

 

Overall diagnostic accuracy compared with 

expert consensus was 82.2% (95% CI: 

71.1–93.4%, 37/45 vignettes) for both 

Claude 3.5 Sonnet and Gemini Pro, and 

80.0% (36/45 vignettes) for GPT-4. The 

differences between models were not 

statistically significant (P=0.56, McNemar's 

test). All three models demonstrated 

substantial agreement with expert 

consensus using Cohen's kappa (κ = 0.68 for 

Claude, κ = 0.68 for Gemini, κ = 0.64 for 

GPT-4). 

Claude 3.5 Sonnet and Gemini Pro both 

demonstrated perfect test-retest reliability, 

achieving 100% consistency across all three 

testing sessions for all 45 vignettes (45/45 

cases with identical responses across trials). 

In contrast, GPT-4 showed variable 

consistency with a mean of 86.8% (median 

100.0%, SD 16.3%). Perfect consistency 

(100% agreement across three trials) was 

observed in 27 of 45 vignettes (60.0%) for 

GPT-4, with the remaining 18 vignettes 

showing response variation between testing 

sessions (Table 2). 

Inter-model agreement was highest between 

Claude 3.5 Sonnet and Gemini Pro, 

demonstrating perfect concordance (100%, 

45/45 vignettes). GPT-4 showed moderate 

Characteristic Value 

Total clinical vignettes 45 

Expert panel size 6 thoracic surgeons 

Expert experience ≥5 years post-fellowship 

AI models evaluated 3 (GPT-4, Claude 3.5, Gemini Pro) 

Test repetitions per model 3 trials per vignette 

Total AI assessments 405 (45 × 3 × 3) 

Total expert assessments 270 (45 × 6) 

  

Vignette Categories:  

  Solid nodules 8-20 mm 5 (11.1%) 

  Solid nodules 21-30 mm 5 (11.1%) 

  Solid nodules >30 mm 5 (11.1%) 

  Pure ground-glass nodules 5 (11.1%) 

  Part-solid nodules 5 (11.1%) 

  Mixed attenuation patterns 5 (11.1%) 

  Multiple nodules 5 (11.1%) 

  High-risk comorbidities 5 (11.1%) 

  Post-treatment scenarios 5 (11.1%) 

  

Complexity Stratification:  

  Straightforward 15 (33.3%) 

  Intermediate 18 (40.0%) 

  Complex 12 (26.7%) 
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agreement with both Claude (62.2%, 28/45) 

and Gemini (62.2%, 28/45). The κ statistic 

for inter-model agreement was 0.88 (almost 

perfect) for Claude-Gemini, and 0.52 

(moderate) for GPT-4 comparisons with 

either model (Table 3). 

AI performance varied significantly across 

nodule categories (P=0.002, chi-square 

test). Perfect agreement with expert 

consensus (100%, 5/5 vignettes) was 

achieved for complex clinical scenarios 

including mixed attenuation patterns, 

multiple nodules, high-risk comorbidities, 

and post-treatment cases. In contrast, 

agreement for intermediate-sized solid 

nodules (21–30 mm) was markedly lower at 

20% (1/5 vignettes). Agreement for other 

solid nodule sizes ranged from 80% (4/5 for 

both 8–20 mm and >30 mm categories). 

Subsolid nodule categories (pure GGN and 

part-solid) demonstrated 80% agreement 

(4/5 each) (Table4). 

Table 3. Inter-Model Agreement Matrix 

 

Agreement remained consistent across 

predefined complexity stratification levels: 

66.7% for straightforward cases (10/15), 

66.7% for intermediate cases (12/18), and 

66.7% for complex cases (8/12) (P=0.99, 

chi-square test). This uniform performance 

across complexity levels suggests that AI 

model performance is more dependent on 

specific clinical characteristics and 

guideline ambiguity rather than overall case 

complexity as judged by human experts  

(Table4). 

Discussions 

This study represents the first systematic 

evaluation of leading AI large language 

models in determining surgical indications 

for pulmonary nodules using clinically 

realistic vignettes. Our principal findings 

are threefold: (1) Claude 3.5 Sonnet and 

Gemini Pro demonstrated substantial 

diagnostic accuracy (82.2%) with perfect 

test-retest reliability, while GPT-4 achieved 

comparable accuracy (80.0%) with lower 

consistency; (2) AI performance varied 

markedly by nodule category, with perfect 

agreement in complex clinical scenarios but 

poor performance for intermediate-sized 

solid nodules; and (3) agreement remained 

uniform across predefined complexity 

stratification, suggesting that specific 

clinical characteristics rather than overall 

case complexity drive AI performance. 

Our findings align with emerging evidence 

that large language models demonstrate 

competence in medical knowledge tasks 

(11-13). The superior test-retest reliability 

of Claude 3.5 and Gemini (100% 

consistency) compared with GPT-4 (86.8%) 

represents a clinically significant finding. In 

medical decision support applications, 

consistency across repeated queries is 

essential for establishing user trust and 

ensuring reproducible clinical guidance 

(19,20). 

The marked variation in AI performance 

across nodule categories warrants careful 

interpretation. The perfect agreement 
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(100%) observed for complex scenarios—

including mixed attenuation patterns, 

multiple nodules, high-risk comorbidities, 

and post-treatment cases—initially appears 

paradoxical. However, these scenarios often 

involve clear contraindications to surgery 

(severe comorbidities), definitive 

indications (dominant suspicious nodule), 

or well-established surveillance protocols, 

which align closely with explicit guideline 

recommendations. 

Table 4. AI-Expert Agreement Stratified by 

Nodule Category and Complexity Level 

Conversely, intermediate-sized solid 

nodules (21–30 mm) demonstrated the 

poorest agreement (20%), representing the 

"gray zone" where multiple management 

strategies may be defensible (6,21). These 

cases frequently require nuanced 

integration of competing risk factors, 

patient preferences, and institutional 

capabilities—domains where current AI 

models struggle. This finding is consistent 

with previous observations that AI 

performance degrades in ambiguous 

clinical scenarios requiring contextual 

judgment beyond guideline application 

(19,22). 

The excellent performance in pure ground-

glass (80%) and part-solid nodules (80%) 

likely reflects well-codified Fleischner 

guidelines for subsolid nodule management 

(3,4,23). These standardized algorithms 

provide clear decision trees that AI models 

can effectively replicate when clinical 

scenarios map directly to guideline criteria. 

Our findings suggest several practical 

implications. First, AI large language 

models may serve as useful decision-

support tools for pulmonary nodule 

management in straightforward cases with 

clear guideline alignment. Second, the 

perfect consistency of Claude 3.5 and 

Gemini makes these models particularly 
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suitable for educational applications, 

providing reproducible case-based learning 

scenarios for trainees. Third, the poor 

performance in intermediate-sized solid 

nodules underscores that AI should 

complement rather than replace expert 

judgment, particularly in borderline cases. 

Importantly, the 82% overall agreement 

with expert consensus, while substantial, 

falls short of the inter-expert agreement of 

91%. This gap highlights that current AI 

models remain inferior to expert human 

judgment. Clinicians considering AI 

integration should implement appropriate 

safeguards, including expert review of AI 

recommendations, particularly for cases 

outside clear guideline parameters (24). 

The expert panel demonstrated robust inter-

rater agreement (91.4%), approaching 

previously reported values for thoracic 

surgeon consensus on surgical indications 

(25). Notably, unanimous expert consensus 

(100% agreement) was achieved in less than 

half of cases (46.7%), with the remainder 

requiring majority rule. This inherent 

variability in expert opinion—even among 

experienced thoracic surgeons—

contextualizes AI performance. That AI 

models achieved 82% agreement with 

consensus is remarkable given that human 

experts themselves disagree in >50% of 

cases. 

The comparable performance across 

different complexity levels (66.7% 

agreement for straightforward, 

intermediate, and complex cases) 

challenges the assumption that AI would 

perform better on "simple" cases. Instead, 

this uniform performance suggests that AI 

capabilities are bounded by guideline 

explicitness and clinical scenario ambiguity 

rather than predefined complexity metrics. 

This study's strengths include rigorous 

methodology with standardized vignettes, 

systematic triple-testing for reliability 

assessment, six-expert reference standard, 

comprehensive category representation, and 

adherence to STARD guidelines. The use of 

three leading AI models allows comparative 

evaluation and identification of 

performance patterns versus model-specific 

idiosyncrasies. 

Several limitations merit acknowledgment. 

First, clinical vignettes, while realistic, 

cannot fully replicate the complexity of 

actual patient encounters including 

evolving clinical information, patient 

preferences, and multidisciplinary 

discussion. Second, our expert panel, while 

experienced, represents a limited 

geographic and institutional sample; 

consensus may vary in different practice 

settings. Third, AI models are rapidly 

evolving; our findings represent a snapshot 

of current capabilities. Fourth, we evaluated 

AI responses to written clinical summaries 

rather than direct imaging interpretation. 

Fifth, the sample size of 45 vignettes, while 

adequate for primary accuracy assessment, 

limits precision for some subgroup 

analyses. 

Future research should focus on: (1) 

integration of AI models with actual CT 

imaging data rather than clinical vignettes 

alone, (2) prospective evaluation of AI 

recommendations in real clinical workflows 

with outcome tracking, (3) assessment of AI 

performance in multidisciplinary tumor 

board settings, (4) development of hybrid 

human-AI decision frameworks that 

optimize both efficiency and accuracy, and 

(5) investigation of methods to improve AI 

performance in ambiguous "gray zone" 

scenarios (26,27). 

Additionally, future studies should explore 

patient perspectives on AI integration in 

surgical decision-making, cost-

effectiveness analyses of AI-assisted 

workflows, and potential disparities in AI 

performance across different patient 

populations. The impact of prompt 

engineering, model fine-tuning, and 

integration with structured clinical decision 
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support systems also warrants investigation 

(28). 

Conculusion 

Leading AI large language models 

demonstrate substantial agreement with 

expert thoracic surgeon consensus in 

determining surgical indications for 

pulmonary nodules, with Claude 3.5 Sonnet 

and Gemini Pro showing superior 

consistency compared with GPT-4. 

However, performance varies markedly by 

clinical context, with excellent performance 

in guideline-concordant scenarios but poor 

performance for intermediate-sized solid 

nodules where clinical ambiguity is 

greatest. Current AI capabilities may 

complement expert judgment in 

straightforward cases and educational 

settings but cannot replace human expertise, 

particularly in borderline scenarios 

requiring nuanced clinical integration. As 

AI technology continues to evolve, careful 

validation in diverse clinical contexts 

remains essential before widespread clinical 

deployment. 
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