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Abstract Feature selection is the one of important issue in the field of data mining and machine
learning. It is the technique to find a subset of features which provides the best classification
performance, from the source data. We propose a feature subset selection method using the neighborhood
rough set model based on information granularity. To demonstrate the effectiveness of proposed method,
it was applied to select the useful features associated with breast tumor diagnosis of 298 shape features
extracted from 5,252 breast ultrasound images, which include 2,745 benign and 2,507 malignant cases.
Experimental results showed that 19 diagnostic features were strong predictors of breast cancer
diagnosis and then average classification accuracy was 97.6%.
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Table 1 Diagnostic Features Extracted from Breast Ultrasound Images

Extractor  Feature No. Feature Name
1 F1-F140 Spatial gray-level dependence matrix(SGLD)
2 F141-F203  Fourier with shape context
3 F204-F234 Fourier with centroid distance(Magnitude)
4 F235-F265 Fourier with centroid distance(Phase)
5 F266 Intensity in the mass area
6 F267 Gradient magnitude in the mass area
7 F268 Orientation
8 F269 Depth—-width ratio
9-11 F270-F272 Distance between mass shape and best fit ellipse
12-17 F273-F278 The average gray changes between tissue area and mass area
18 F279 The average gray changes between posterior and mass area
19-22 F280-F283 The histogram changes between tissue and mass(bin 0-3)
23 F284 Compare the gray value of left, post and right under lesion
24 F285 The number of lobulate areas
25 F286 The number of protuberances
26 F287 The number of depressions
27 F288 Lobulation index
28-29 F289-F290 Elliptic-normalized circumference
30-35 F291-F296 Histogram (mean, variance, skewness, kurtosis, energy, entropy)
36-37 F297-F298  Fourier power spectrum (annual-ring and wedge sampling geometries)
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