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[ Abstract ] The early diagnosis and timely intervention of prostate cancer (PCa) are critical for improving patient prognosis.
Ultrasound technology, with its economic affordability, convenience, and real-time intraoperative imaging capabilities, has emerged
as a vital tool in the diagnosis and treatment of PCa. In recent years, the application of artificial intelligence (Al) in ultrasound-based
PCa diagnosis and treatment has demonstrated remarkable progress. This review examined the advancements of ultrasound Al in
the field of PCa from three perspectives: traditional machine learning, deep learning, and reinforcement learning. Machine learning,
through feature engineering and model training, has optimized the segmentation accuracy of ultrasound images. Furthermore, by
integrating multimodal ultrasound imaging, clinical and proteomic features, machine learning models have enhanced diagnostic
accuracy for PCa and improved the ability to differentiate metastatic PCa. Deep learning, leveraging its end-to-end learning

capability, not only effectively identifies PCa lesions but also enables precise grading of these lesions. Additionally, in brachytherapy
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for PCa, deep learning has accurately delineated the clinical target volume of the prostate from ultrasound images and efficiently
automated the reconstruction of catheters and treatment needles, thereby reducing human operational errors and procedure time.
Reinforcement learning, through its trial-and-error interaction and cumulative reward mechanism, has enabled automated quality
assessment of ultrasound images to select high-quality images for AI model training and thereby alleviating the workload of manual
image annotation by clinicians. Moreover, reinforcement learning has improved the accuracy and reliability of PCa biopsies by
reducing intraoperative sampling errors through adaptive intraoperative planning. Finally, this review analyzed the current challenges
faced in the clinical application of ultrasound Al for PCa. Future efforts should focus on establishing multi-center, high-quality shared
datasets, developing ultrasound Al models with strong interpretability, safety, and clinical practicality, and formulating standardized

regulatory strategies. These steps are essential to ensure that ultrasound Al systems can effectively serve the precise and personalized

diagnosis and treatment of PCa patients.

[ Key words ] Prostate cancer; Ultrasound; Artificial intelligence; Machine learning; Deep learning; Reinforcement learning
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