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[ Abstract] In order to improve the prediction accuracy of speech personality, this paper proposes a method of speech
personality prediction based on random forest model. The candidate prosodic feature set for speech personality prediction
is selected,and the prosodic feature set is sampled by bootstrap method. According to the Gini coefficient, the optimal
prosodic feature set is selected for each decision tree node,and the random forest model corresponding to each dimension
personality is constructed to achieve speech personality prediction. The results of experiment on open source speech
personality corpus show that this method has better performance in terms of prediction accuracy than other speech
personality prediction methods.
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