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Abstract : Analyze the results of Cover Algorithm. It considers every coverage which is included in one class of samples as a Gauss distribu-
tion. Then, with the help of maximum likelihood estimation of finite mixture of models, one could optimize the Cover Algorithm with the
expectation maximization algorithm (EM algorithm). The process of the iterative algorithm is the optimized process that adjusts continu-
ously the center, radius of every coverage and their linear combined coefficient. The aim is to improve the examination precision of Cover
Algorithm. Such a model has been used on text classification database and their results have shown that the new parameters, which have
been got through the iterative calculation of the mean value, square deviation and the linear combined coefficients by EM algorithm, have

got the higher examination precision than the precisions of the original Cover Algorithm and SVM in processing the same database.
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