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Clinical study on artificial intelligence-based prediction of bladder cancer
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Abstract Objective: To investigate the value of machine learning-based utilization of CT scans, routine blood
tests and chemistry panels in predicting the risk of bladder cancer recurrence. Methods: Sixty-five patients with
bladder cancer treated at the department of urology of Xuzhou Central Hospital in Jiangsu Province were included
retrospectively from March 2017 to July 2022. When the patient first developed bladder cancer, the preoperative
CT images. blood routine and biochemical data were collected. CT images were normalized. and were also ran-
domly rotated —40 to 40 degrees to increase data input. Two prediction models (3D convolutional neural network
and gradient boosting machines) were constructed using CT images, blood routine and biochemical data. Five-fold
cross-validation experiments and AUC curve were used to evaluate the prediction performance of 3D convolutional
neural network and gradient pusher. Results: The accuracy of the 3D convolutional neural network trained by CT
images was 89. 0%, and the area under the curve was 0. 888. The accuracy of the gradient boosting machines
trained based on blood routine and biochemical data were 94. 7% and 98. 8% , and the area under the curve were 0.
898 and 0. 996, respectively. Conclusion: Machine learning approaches show great potential for predicting recur-
rence in patients after transurethral bladder tumor resection, and may provide insights into the design of risk-level-
dependent adjuvant therapies.
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