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INTRODUCTION RESULTS

Although the general-purpose large language model (LLM) GPT-40 The domain-specific model achieved median F1 scores of 0.75 and
has shown potential in radiology-related language tasks, it is not yet 0.44 on the internal and external validation sets. According to human
clear whether its performance in report summarization exceeds that assessment, more than 81.5% of Iits summaries were rated as
of a domain-specific model developed for this task. This study aimed satisfactory regarding factual correctness, impression clarity, and
to compare a domain-specific large language model with GPT-40 In safety. In contrast, over 40.0% of GPT-40 outputs required minor
the summarization of radiology reports. revisions In these areas. Across anatomical sites, Imaging
modalities, gender, and age groups, the domain-specific model

showed higher F1 scores than GPT-40 (all p < 0.001).
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Fig.3 Human evaluation of model performance
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factual accuracy and clinical safety:.
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Fig.1 Study flow chart  Future work should validate model performance across diverse
S T chest clinical settings and populations to improve generalizability.
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) . . * Integrating domain-specific fine-tuning with real-world clinical
J deployment and human-in-the-loop evaluation will be critical for
\ \ safe adoption.
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Fig.2 F1 scores of models across different subgroups




