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The value of high resolution T, WI-based radiomics in the preoperative staging of rectal cancer WANG
Jin, LTI Zhi-hui, SHEN Fu,et al. Department of Imaging Medicine,Changhai Hospital Affiliated to Na-
val Medical University,Shanghai 200433, China

[ Abstract] Objective: The purpose of this study was to explore the application value of radiomics
based on high resolution magnetic resonance T, WI in the preoperative T staging of rectal cancer.
Methods: One hundred and fifty-four pathologically confirmed patients (92 males and 62 females,aver-
age age 56. 5+ 10. 2 years) with rectal cancer were analyzed retrospectively, who underwent 3-Tesla
high-resolution magnetic resonance T, WI before operation from January 2017 to December 2018. Pa-
tients of stage T1—2 were classified as the group of non-breakthrough of the muscularis propria layer;
patients of stage T3—4 were classified as the group of breakthrough. The lesions were segmented to
draw the outline of ROI on high resolution T, W images. The radiomics features were extracted from
the VOI, which were selected by the LASSO (least absolute shrinkage and selection operator) method
to best predict the T stage. The samples were randomly divided into training set (70%) and test set
(30%) for machine learning. The SVM (support vector machine) classifier model was used to obtain
the receiver operating characteristic (ROC) curves and to calculate the area under the curve (AUC),
95 % CI, sensitivity and specificity. Results: There were 26 patients with T1,41 patients with T2,76 pa-
tients with T3 and 11 with T4,including 106 cases of training set (46 cases of non-breakthrough and
60 cases of breakthrough) and 48 cases of test set (21 cases of non-breakthrough and 27 cases of
breakthrough). Five features were extracted from high-resolution T, W1 related to the T stage by the
LASSO method. For the SVM classifier model test set, the AUC (95% CI) was 0. 730 (0. 583 ~
0. 848) ,sensitivity 73. 1% and specificity 66. 7%. Conclusion: The SVM model of radiomics based on
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high-resolution T, WI can be used to evaluate whether the muscularis propria layer is involved, with

good preoperative diagnostic performance for T stage in rectal cancer.
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