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Breast Tumor Classification Based on Bilateral TIC Quantitative
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Abstract: An effective bilateral quantitative analyzing method for breast tumor classification was
proposed based on the time intensity curve ( TIC) of dynamic contrast enhanced magnetic
resonance imaging( DCE-MRI). The breast lesion region in DCE-MRI images was extracted using
three-dimensional region growing algorithm, and 29 features were extracted based on the TIC
curves of the ROI corresponding to the lesion area and its contralateral mammary gland. The two-
sided difference feature parameters were defined, and 7 effective features after screening by the
sequential floating forward selection( SFFS) method were obtained. The support vector machines
(SVM) was used for classification, and the classification results were obtained on the basis of
cross-validation method for feature training. A hundred and twelve retrospective cases(67 benign,
45 malignant) were chosen randomly, and the average classification accuracy is 88.39% . The
experimental results showed that this method has a high accuracy rate for breast tumor
classification, and is of great value for assisting doctors in differential diagnosis of breast tumor.
Key words: breast tumor; DCE-MRI; TIC curve; bilateral quantitative analysis; tumor
classification
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Fig. 5 Bilateral TIC curve of lesion
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