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Introduction
Today breast cancer is the most common
diagnosed cancer and leading cause of cancer
death among women worldwide. Malignant
cancer tumor, in its developed stage, can attack
the surrounding cells and metastasis to distant
body parts, which is the main cause of death in
patients. In order to prevent that, such tumor has
to be detected and treated in its early stage.

Sphere Packing
Sphere packing algorithm
iteratively fills the lesion
with a fixed number of
non-overlapping spheres
starting with the biggest
possible radius, under the
condition that they should
completely locate inside
the lesion.

Anatomy of the Breast
Breast cancer is usually a tumor, appears from
the epithelium and developing in the lactiferous
ducts; it infiltrates the parenchyma (the
functioning tissue of the breast other than the
supporting or connective tissue).

In enhancing tissue of DC-MR image, mass-like
tumors are clearly notable compact regions. But
Non-mass-like enhancements have complex
distribution patterns of enhancing tissue.

Feature Extraction
a) Volume-Radius Histogram
 x-axis: the radius ranges of
internal spheres.
 y-axis: the sum of spheres'
volumes with the radius
falling into a bin.
 The number of bins is
arbitrary.

b) Graph Features
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Feature Extraction
■ Sphere packing
based features
□ Volume-radius
histogram
□ Graph topological
features
■ 3D Zernike features

We constructed several graphs, in which the center
points of embedded spheres are considered as
nodes, and spatial relationship between them as
edges with weights according to their distance.
Then global and local graph-based features were
extracted.

c) 3D Zernike Descriptor

Preprocessing
1) Images sequence motion compensation.
2) ROI separated from the t1-t0 subtraction
image according the provided mask.
3) 3D segmentation using Mean Shift method.
4) Uniforming clusters’ intensity range.
5) Thresholding and keeping only the clusters
above the threshold.

3D Zernike Moments are
used to provide a compact
numerical expression of
the spatial features and
derive robust invariant
descriptors of 3D objects.

Evaluation
The evaluation is done using 10-fold crossvalidation and Random Forest machine learning
algorithm after applying mean decrease accuracy
(MDA) feature selection. In differentiating between
malignant and benign lesions, an accuracy of
90.56%, precision of 90.3%, and area under the
ROC curve (AUC) of 0.94 is achieved.
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