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Abstract

Objective: To investigate the application value of clinical characteristics, deep learning features de-
rived from preoperative contrast-enhanced CT images, and their combined model in predicting
overall survival (0S) following radical cystectomy for bladder cancer. Methods: This retrospective
study included 304 patients who underwent laparoscopic radical cystectomy at Qingdao University
Affiliated Hospital between July 2017 and February 2023 and were pathologically confirmed to
have bladder cancer. Clinical data and preoperative contrast-enhanced CT images were collected.
Univariate and multivariate Cox regression analyses were performed to identify clinical prognostic
factors and construct a clinical model. After standardization, super-resolution reconstruction, and
multi-layer region-of-interest (ROI) integration of the CT images, deep image features were ex-
tracted using a pre-trained ResNet-50 model, and an image model was constructed using LASSO-Cox
regression. A combined model was further developed by integrating clinical and imaging risk infor-
mation. Model performance was evaluated using the C-index and Kaplan-Meier curves. Results: The
median follow-up duration for the entire cohort was 50 months. The C-index for the clinical model
was 0.789 in the training set and 0.716 in the validation set; for the CT deep image model, it was
0.756 and 0.657, respectively; and for the combined model, it was 0.828 and 0.732, respectively.
Conclusion: Both clinical features and preoperative CT deep learning features possess predictive
value for postoperative OS in bladder cancer. The integration of these two approaches further en-
hances the model’s discriminatory ability, providing a reference for patient risk stratification and
personalized follow-up management.
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Figure 1. Schematic illustration of super-resolution reconstruction comparison
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Figure 2. Multi-channel data display
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Figure 3. Forest plot of the multivariate Cox regression for the clinical model
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Figure 5. Image feature selection and model development process
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Figure 6. Nomogram for the combined model
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