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Abstract Data mining is a method for automatically discovering data rule based on statistics which can analyze huge

amounts of sample statistics to establish discriminative model,so that an attacker can not master the law to avoid detec-
tion. It has attracted widespread interests and has developed rapidly in recent years. In this paper, the research on mal-
ware detection based on data mining was summarized. The research results on feature extraction, feature selection, clas-

sification model and its performance evaluation methods were analyzed and compared in detail. At last, the challenges

and prospect were provided in the field.
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