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Abstract; With the development of Internet advertising technology and the popularity of e-mail , more and more spam advertisements are
flooding the lives. The research on how to effectively distinguish spam has gradually become a hot topic. The natural language has a

strong front—to—back correlation in structure and also too high dimensions for the direct translation of Chinese emails into vectors, which
adversely affects the accuracy of the final classification. Therefore,we propose a model which firstly segments e—mail texts and uses the

skip—gram model to train the word embedding of each word in the data set. The introduced word embedding is to convert the message
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text into a low—dimensional feature vector. Then the word embedding of each word is combined into a two—dimensional feature matrix as
the input of the network. In addition,during each iteration, the input features are also updated as parameters. Finally,the feature vectors
are sent to the proposed CNN-HIGHWAY hybrid model for classification. The hybrid model is tested on the CCERT Chinese mail

sample set. Compared with the traditional machine learning methods and the standard convolutional neural network models, this model
not only solves the problem of high dimensionality ,but also improves the accuracy of mail classification
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