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Abstract Satire detection is a subtask of opinion mining. Its main purpose is to identify the opinion or emotions expressed by
users in written texts. Satirical sentences in texts often have mixed sentiment polarity. Correctly identi{ying satirical sentences and
non satirical sentences plays an important role in sentiment analysis. Various satire detection methods are based on machine lear-
ning classifiers,in which the training of classifiers is mainly based on simple words or dictionary features. The purpose of this
studyis to establish an unsupervised probabilistic relationship model to identify satirical themes according to the sentiment distri-
bution of words in microblog. The model estimates the related sentiment based on the topic level distribution,evaluates the senti-
ment related words appearing in the short text,and gives the sentiment related labels. Experimental results show that the model is
superior to other latest baseline models in satire detection,and is very suitable for satire prediction of short text.
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Table 4 Evaluation of comprehensive and sentiment related topics

(for satirical microblog)
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Table 5 Topics evaluated by the model
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Table 8 Topics evaluated by the model in the complete corpus
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Table 10  Probability of topic sentiment label
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Fig. 3 Distribution of positive sentiment words in microblog Tags
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Table 11 Comparison of this model with other methods in
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