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Abstract

Lung nodules are an important sign of lung cancer, and early diagnosis is crucial to improve the
survival rate of patients. Traditional methods for diagnosing pulmonary nodules have some limi-
tations, but the rapid development of artificial intelligence technology provides a new way to solve
this problem. In this paper, the application of artificial intelligence technology in the imaging diag-
nosis of lung nodules is reviewed, with emphasis on the detection, classification and malignant de-
gree prediction methods of lung nodules based on deep learning. At the same time, this paper ana-
lyzes the current challenges faced by artificial intelligence in lung nodule diagnosis, including insuf-
ficient data annotation, limited model generalization ability and insufficient interpretability. Fi-
nally, this paper looks forward to the future development direction of artificial intelligence in the
imaging diagnosis of pulmonary nodules, such as multi-modal information fusion, data sharing and
federated learning, and knowledge-guided deep learning, and emphasizes the importance of fur-
ther strengthening cross-medical cooperation, building basic databases, and breaking through key
technical bottlenecks.
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