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® Support Vector Machine (SVM)
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! Averaging

2 Thresholding

® Smoothing

* Windowing

® Least Variance

® Image Morphology
" Image Gradient
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! Multi-Layered Perceptron (MLP)

2 Decision Tree

® K-Nearest Neighbor (KNN)

* Breast Cancer Recurrence

® Optimized Ensemble Learning

® Finite Element

" Support Vector Machine (SVM)

8 Multi-Layered Perceptron (MLP)

® Decision Tree

10 Moore Penrose Matrix Extereme Learning Machine
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1st column:
MIAS database reference number.
2nd column:
Character of background tissue:
F Fatty
G Fatty-glandular
D Dense-glandular
3rd column:
Class of abnormality present:
CALC Calcification
CIRC Well-defined/circumscribed masses
SPIC Spiculated masses
MISC Other, ill-defined masses
ARCH Architectural distortion
ASYM Asymmetry
NORM Normal
4th column:
Severity of abnormality;
B Benign
M Malignant
5th, 6th columns:
QUANTUM INVERSE MFT FILTERING b 3 5 el e (F) JK& X,y image-coordinates of centre of
abnormality.
5 7th column:
Shls el el 550 rals 5, S5 (ol BLA Approximate radius (in pixels) of a circle
enclosing the abnormality.
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