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Abstract

Objective: To investigate the value of a clinical-deep learning model based on multi-phase contrast-
enhanced CT images in predicting the postoperative recurrence risk of patients with non-muscle-in-
vasive bladder cancer (NMIBC). Methods: A total of 126 patients with pathologically confirmed non-
muscle-invasive bladder cancer from the Affiliated Hospital of Qingdao University were retrospectively
enrolled. They were divided into a training cohort (n = 85) and a validation cohort (n = 41) based on
the hospital campus. Three-phase contrast-enhanced CT images (corticomedullary, nephrographic,
and excretory phases) were extracted to construct an end-to-end deep learning model based on Trans-
former. Univariate and multivariate logistic regression analyses were performed to screen independ-
ent risk factors for constructing the clinical model. Subsequently, the deep learning imaging fea-
tures were combined with the independent clinical risk factors to establish the clinical-deep learn-
ing model. The area under the curve (AUC) was used to evaluate the discrimination of the models,
calibration curves were used to assess the goodness of fit, and decision curve analysis (DCA) was
applied to evaluate the clinical net benefit. Results: The clinical-deep learning model yielded an AUC
of 0.997 (95% CI: 0.991~1.000) in the training cohort and 0.787 (95% CI: 0.607~0.968) in the vali-
dation cohort, outperforming both the clinical and deep learning models, which indicated excellent
stability and discrimination capability. The calibration curves demonstrated good consistency be-
tween the predicted probabilities and the actual observed probabilities. The DCA curves indicated
that this model could provide significant net clinical benefit for decision-making across a wide range
of threshold probabilities. Conclusion: The clinical-deep learning model based on multi-phase con-
trast-enhanced CT can effectively predict the postoperative recurrence risk in patients with non-mus-
cle-invasive bladder cancer. It possesses high clinical application value and can assist physicians in
formulating personalized follow-up and treatment strategies.
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Table 1. Comparison of baseline characteristics between the training and validation sets
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Table 2. Univariate and multivariate logistic regression analyses of clinical data
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Table 3. Comparison of the performance of different models
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Figure 1. ROC curves of the training and validation sets. (a) Training set; (b)
Validation set
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Figure 2. Calibration curves of the training and validation sets. (a) Training set;
(b) Validation set
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Figure 3. DCA curves of the training and validation sets. (a) Training set; (b) Validation set
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