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[Abstract] Lung cancer has the highest incidence and mortality among malignant tumors in China. Persistent subsolid nodules
(SSNGs) are closely associated with early-stage lung adenocarcinoma. Artificial intelligence (AI), as an emerging technology, is capable
of performing in-depth analysis of large-scale imaging data through autonomous learning and possesses the ability to predict outcomes
from new data, demonstrating great potential and application prospects in the assessment of SSNs. Al can not only effectively assist
radiologists in diagnosis and treatment, but also improve work efficiency while reducing misdiagnosis and missed diagnosis rates. This
review summarizes the recent applications and research progress of Al in the assessment of SSNs, to provide new insights for the
diagnosis and treatment of SSNs.
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Fig.1 Timeline of artificial intelligence (AI) technology development in subsolid nodules assessment
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Fig.2 Development process of artificial intelligence (AI)-assisted diagnostic systems
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