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Abstract: Aiming at the existing feature selection megho @(mg the ability to measure the overlap/separation of
different classes of data, an Interference Entropy of Two-Class Wistinguishing (IET-CD) method was proposed to evaluate the
two-class distinguishing ability of features. For the fe ont ning two classes (positive and negative) , firstly, the mixed
conditional probability of the negative class sam 4$hin the range of positive class data and the probability of the negative
class samples belonging to the positive class calculated ; then, the confusion probability was calculated by the mixed
conditional probability and attribution probability, and the confusion probability was used to calculate the positive
interference entropy. In the similar way, the negative interference entropy was calculated. Finally, the sum of positive and
negative interference entropies was taken as the two-class interference entropy of the feature. The interference entropy was
used to evaluate the distinguishing ability of the feature to the two-class sample. The smaller the interference entropy value of
the feature, the stronger the two-class distinguishing ability of the feature. On three UCI datasets and one simulated gene
expression dataset, five optimal features were selected for each method, and the two-class distinguishing ability of the
features were compared, so as to compare the performance of the methods. The experimental results show that the proposed
method is equivalent or better than the NEFS (Neighborhood Entropy Feature Selection) method, and compared with the
Single-indexed Neighborhood Entropy Feature Selection (SNEFS) , feature selection based on Max-Relevance and Min-
Redundancy (MRMR) , Joint Mutual Information (JMI) and Relief method, the proposed method is better in most cases.
The IET-CD method can effectively select features with better two-class distinguishing ability.
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Fig. 1

Scatter plot of contrast features comparison on dataset Sonar
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Fig. 2 Scatter plot of contrast features comparison on dataset WDBC
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