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Abstract
Feature selection to solve classification

problem, now ubiquitous in machine learning,

pattern recognition and data mining. In this article,

these  microarray  datasets are  general
cancer-related of human, the characteristics of
microarray datasets with information on low
volume and the features of the high-dimension,
therefore lead to a long time in calculated
classification. This correspondence presents a
novel memetic algorithm (MA) and information
gain (IG) for a classification problem. We aimed
that used to IG calculated the 1G values to all
feature at each dataset and then used memetic
algorithm and K-NN for these feature. After our
proposed two stage feature selection, we can find
out this experimentation the proposed method
outperforms existing methods in terms of
classification accuracy and computational
efficiency.
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