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Abstract

Text analysis technique for natural language processing in deep learning represents words in vector form through
word embedding. In this paper, we propose a method of constructing a document vector and classifying it into spam
and normal text message, using word embedding and deep learning method.

Automatic spacing applied in the preprocessing process ensures that words with similar context are adjacently
represented in vector space. Additionally, the intentional word formation errors with non-alphabetic or
extraordinary characters are designed to avoid being blocked by spam message filter.

Two embedding algorithms, CBOW and skip grams, are used to produce the sentence vector and the performance
and the accuracy of deep learning based spam filter model are measured by comparing to those of SVM Light.
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