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Abstract

For the past decade, the full-ficld digital mammography has been widely used for early diagnosis of breast cancer, and computer aided
diagnosis has been developed to assist physicians as a second opinion. In this study, we try to predict the breast cancer using both
mediolateral oblique(MLO) view and craniocaudal(CC) view together. A skilled radiologist selected 35 pairs of ROIs from both MLO view
and CC view of digital mammogram. We extracted textural features using Spatial Grey Level Dependence matrix from each mammogram
and evaluated the generalization performance of the classifier using Support Vector Machine. We compared the multi-view based classifier
to single-view based classifier that is built from each mammogram view. The results represent that the multi-view based computer aided
diagnosis in digital mammogram could improve the diagnostic performance and have good possibility for clinical use to assist physicians as

a second opinion.
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Fig. 1. Two views in screening mammography. The left image shows a craniocaudal (CC) view and the right shows a mediolateral oblique (MLO) view.
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Fig. 2. An example of SGLD matrix for distance of 1 and direction of 0 . There are one grey level pair of {1,1) and two pairs of (1,2).
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Fig. 3. Classifiers that have smaller margin and larger margin. SVMs seek to find maximal margin hyperplane that separates the two groups like the right figure. The
closest data samples from the hyperplane are support vectors. Although the classifier in the left figure can not discriminate the test data (white square and
circle), that in the right figure exactly classify the test data, since the right one has larger margin.
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Table 1. A general decision matrix that contains information on actual diagnosis and prediction output.
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Table 2. Experimental results using single-view based method.
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. 10 = 0.8 0.199 0.813
Linear
100 - 0.743 0.254 0.781
1000 - 0.771 0.223 0.844
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1000 i 0.686 0.319 0.625
'C: A user parameter that controls allowable errors in learning SVM.
2gammcz A user parameter that controls similarity between data in RBF kernel.
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Table 3. Experimental results using multi-view based method.
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'C: A user parameter that controls allowable errors in learning SVM.
2gammcr. A user parameter that controls similarity between data in RBF kernel.
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