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Breast Cancer Analysis in DCE-MRI

Dynamic Contrast Enhanced-Magnetic Resonance Imaging (DCE-MRI) has recently showed promising results in breast cancer detection and diagnosis. Advantages over other diagnostic
modalities are: minimal invasiveness, capability to exploit functional information, high 3D spatial resolution.

Benefits of DCE-MRI

“Visual” assessment of DCE-MRI among Time Intensity Curve (TIC)
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@ However, due to the huge amount of data, DCE-MRI can hardly be inspected without the use of a computer
> aided support. This stimulated researchers in the last decade to develop Computer Aided

Early Intermediate and Late q  Detection/Diagnosis (CAD) systems. Among the major issues in developing CAD systems for breast DCE-
Postcontrast Phase Postcontrast Phase MRI there are the detection of suspicious region of interests (ROIs) and the classification of detected ROls
into benignant/malignant class.

The breast-mask is a binary mask representing only breast parenchyma and excluding Benefit of a Motion Correction

background and other tissues (as we propose in [1]).
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\ Technique (MCT) in DCE-MRI [1]

* No Shadow Ghost.

After MC

* Lesion is well-defined.
*The pectoral muscle is easily
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* Prediction of the treatment outcome (USF collaboration);
* Further improve the performances of the Ql for the data-driven selection of MCTs.




