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MRI Texture Features Combined with SVM to Predict the Depth of Myometrial
Invasion in Endometrial Cancer

ZHU Xue-liang, YING Jie, YANG Hai-ma, LI Bo—yang
(School of Optical-Electrical and Computer Engineering , University of Shanghai for Science and Technology ,
Shanghai 200093, China)

Abstract: The depth of myometrial invasion (MI) affects the treatment and prognosis of patients with endometrial cancer, commonly
evaluated using MRI, which is greatly influenced by subjective factors. Based on MRI, propose a computer—aided diagnosis method for
the depth of MI. This method only requires the corpus uteri region provided by humans or computers as input, which is easier to identi-
fy, and then it estimates the depth of MI automatically. First, the tumor region is segmented based on Otsu and morphological process-
ing. Then the first order texture features and GLCM features are extracted. Finally, SVM is trained for the depth of MI classification.
This method achieved an accuracy of 86.1%, sensitivity of 68.4% and specificity of 91.7%, which outperformed the commonly used
classifiers. The results show that the proposed method is feasible for the auxiliary determination of the depth of MI and helpful to extract
and fuse more kinds of features from tumor and myometrium to improve the classification performance in future work.
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Fig. 2 Segmentation results of some samples
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Fig. 1 Flow of classification of the depth of myometrial invasion in en-
dometrial cancer MR imaging based on texture feature extraction and
SVM
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Notes: Green curves represent ROL. First row: Original images. Second row: The corresponding segmentation result of tumor(red region).
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Fig.3 Flow of tumor segmentation based on Otsu and
morphological processing
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Table 2 Training and test performance of the proposed method
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Table 3 Classification performance of different features
and classifiers
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Fig.4 ROC curves of different classifiers
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Fig.5 ROC curves of different features combined with SVM
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