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Abstract In applications,since it is usually expensive to determine data labels, researchers can only mark a very small

amount of data. Hence,on the basis of rough set theory and entropy, this paper proposed an entropy-based rough feature
selection algorithm for the problem of “small labeled samples”. In the context of semi-supervised learning, entropy and
feature significance were defined in this paper. On this basis,a new semi-supervised feature selection algorithm was pro-

posed to deal with datasets which contain only small labels. Experimental results show that the new algorithm is feasible
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and efficiency.
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