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Abstract: For the data sparseness of Microblog short text caused by the great scale of all features, little features
of one single text and so on, we propose a method of sentiment classification of Microblog text based on feature
clusters. Firstly, the word2vec model is used to learn the latent semantic relations between words from a
large-scale corpus, and then each word is represented with a multi-dimensional vector. Secondly, the affective
features, which are extracted with the sentiment lexicon, are merge into feature clusters based on the method of
computing the word similarity with the term vector, and then these feature clusters are used construct the text
vector with low-dimension. Lastly, the machine-learning algorithm is used to construct the classification of
Microblog short text. In the experiment, the method we presented is feasible and effective in reducing the
dimensionality of the affective features and shows effectiveness on text sentiment classification.
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