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Summary In the diagnosis and treatment of throat disease, the application and development of combining
voice analysis or endoscopic technology with artificial intelligence has developed rapidly. This paper reviews the
history and principles of the combination of voice analysis or endoscopic technology with artificial intelligence,
summarizes its status of application and development, and sums up its advantages that lie in the strong learning
and interpretation ability, amazing speed and tolerance, and stable replication and expansion. The key to restrict
its development is the uncertainty in the process of machine learning, the error caused by small samples, and the
ethical philosophical thinking. Future development direction should be that the surgeons in otolaryngology head
and neck department on the basis of excellent professional knowledge, learn related knowledge of epidemiology.,
classic statistics, strengthen the exchanges and cooperation with machine learning developers. Eventually, ad-
vanced science and technology can be truly used in clinical practice to maximize the benefit of the majority of pa-
tients.
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