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Summary Artificial intelligence (AD is a new technological science that is researched and developed for sim-
ulating and expanding human intelligence. With the advancement of technologies such as data storage, image pro-
cessing, pattern recognition, and machine learning, artificial intelligence technology has been widely used in the
diagnosis and treatment of urinary calculi. The application of artificial intelligence can make the diagnosis of medi-
cal workers more accurate and the treatment more individualized. However, there are still some shortcomings in
the clinical application of artificial intelligence that need to be further resolved. This article reviews the application
and prospects of artificial intelligence technology in the diagnosis and treatment of urinary calculi diseases, and fur-

ther discusses its limitations and future development trends.
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