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3D nnU-Net combined with contrast enhanced CT radiomics for
predicting T stage of esophageal squamous cell carcinoma

ZHAO Bo, ZHANG Han, ZHU Haitao, SUN Ruijia, SHI Yanjie, SUN Yingshi"
(Department of Radiology, Peking University Cancer Hospital & Institute, Key Laboratory of Carcinogenesis and
Translational Research [ Ministry of Education], Beijing 100142, China)

[Abstract] Objective To observe the value of 3D nnU-Net combined with contrast enhanced CT radiomics for predicting
T stage of esophageal squamous cell carcinoma (ESCC). Methods Venous phase chest contrast enhanced CT images of
429 patients with ESCC were retrospectively analyzed. The patients were divided into training set (n=236, including 119
cases of T1—T2 stage and 117 cases of T3 stage) , validation set (n=102, including 53 cases of T1—T2 stage and 49 cases
of T3 stage) and test set (n=91, including 53 cases of T1—T2 stage and 38 cases of T3 stage). 3D nnU-Net model was
trained using ROI of tumors manually delineated in images in training set, then its segmentation performance in validation
set was evaluated using Dice similarity coefficient (DSC), mean surface distance (MSD), 95% Hausdorff distance
(HD95), precision and recall. Radiomics features were extracted and selected from tumor regions automatically segmented
with 3D nnU-Net in CT images, then a radiomics model was constructed, and its performance for assessing ESCC T stage
was evaluated using the area under the receiver operating characteristic curve ( AUC). Results DSC, MSD, HD95,
precision and recall of 3D nnU-Net for automatic segmentation of ESCC in validation set was 0. 74, 4. 30 mm, 10. 98 mm,
79.14% and 74.65% , respectively, both the morphology and scope were highly consistent to manually delineated ROI.
AUC of the radiomics model for predicting ESCC T stage was 0. 845, 0. 837 and 0. 832 in training, validation and test sets,
respectively, with good fitting degree and clinical net benefit. Conclusion 3D nnU-Net combined with contrast enhanced
CT radiomics could effectively predict T stage of ESCC.

[Keywords | esophageal neoplasms; carcinoma. squamous cell; neoplasm staging; tomography, X-ray computed;
radiomics; deep learning
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