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[Abstract] Objective: To investigate the value of a CT-based deep learning model for the diffe-
rentiation of renal carcinoma and benign renal tumor.Methods: Clinical and three-phase [ ( precontrast
phase, PCP), (cortical medullary phase, CMP), (nephrographic phase, NP)] abdominal CT imaging
data of 798 patients (a total of 805 renal tumors) with pathologically proven RCCs and benign renal
tumors between 2008 and 2020 were retrospectively collected, including 418 RCCs and 78 benign
tumors from our institution,as the training dataset for model development and internal validation.Pa-
tients from two independent institutions and a public database (the Cancer Imaging Archive, TCIA)
were included as the external dataset for individual testing,including 262 RCCs and 47 benign tumors.
Among the three phases,the phase in which the margin of the tumor was clearly showed was selected,
and then on the slice of the tumor with maximum diameter the its upper and lower slices, regions of

interest (ROIs) in the tumor was delineated using ITK-SNAP (Version 3.6.0) software, and then
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space adjustment technique of the software was used to maximize the fit of the CT images from other
two phases with the delineated tumor region.The convolution kernel in ResNet50 network was used as
the feature extractor to extract the features from the three phases CT images of renal tumor. The
Mann-Whitney U-test was used for feature selection.Deep learning models based on single-phase and
multi-phases CT images were built for the same renal tumor,respectively,and were validated with ex-
ternal data.Then, the sample numbers of benign and malignant tumor groups were set according to
three ratios (1 : 1,1 2,1 : 3) respectively, which were used for the training of extreme learning ma-
chine (ELM) classification model. The three deep learning models based on three phases CT images
were established,and the prediction models were externally validated. The AUC curve was used to e-
valuate the differential diagnosis efficiency of the deep learning model for benign and malignant renal
tumors,and the Integrated Discrimination Improvement (IDI) was used to evaluate the improvement
of the predictive ability of the model.Results: The prediction model based on the three phase CT images
achieved a higher AUC of 0.84 than those based on single phase CT images (0.78,0.79,0.77).When
the sample size ratio of benign and malignant tumors were 1 ¢ 1,1 ¢ 2 and 1 ¢ 3,the AUC of the pre-
diction models based on the three phases CT images were 0.85,0.84 and 0.86,respectively. Compared
with the model based on multiphases CT images, the IDI values of the three models based on single
phase CT images were 0.1215,0.1209 and 0.0094,respectively,and there was no significant difference
(all P>>0.05).Conclusion: The deep learning model based on multi-phase CT images has better diag-
nostic performance for differentiating renal carcinoma from benign renal tumor.Changes of the propor-
tion of benign and malignant renal tumor samples in the training dataset have no significant effect on
the diagnostic performance of the prediction model.
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