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The Concept Graph is a large-scale knowledge graph constructed by Microsoft based
on statistical analysis of user search logs. In order to solve the problem of sparse data, vulnerability to
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SHORT TEXT CLASSIFICATION BASED ON
KNOWLEDGE GRAPH EXTENSION

noise, and unclear topic in short text classification, this paper proposes a short text semantic extension
representation method based on the Concept Graph. Firstly, the relevance degree between the feature
words and the concepts in the Concept Graph is calculated. Top k concepts with the highest relevance
are selected as the concept dictionary of the current text. Then, the concept dictionary is combined with
the feature words to obtain the semantic representation of the short text. Dataset from Twitter is adopted
to evaluate our method. 5 classification algorithms and 6 correlation calculation methods are involved in
the experiments. The experiment results show that the semantic representation through conceptualized
extension can enhance the classification of short text. We also find the more the feature words that can be
expanded in the short text, the better the classification result is.
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