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Abstract: Emotion cause detection of text, as a new and difficult research direction, plays an important role in the
field of text emotion analysis. In this paper, combining with a convolution neural network for modeling sentences,
this paper puts forward a new emotion cause detection method based on ensemble convolution neural network.
This method fully combines the semantic information by operations such as word embedding, convolution,
pooling, and it uses multiple CNN integrations to reduce the impact of data imbalance on emotional reasons
detection, and it gets rid of the tedious processes, such as rule-making, feature extraction, feature dimension
reduction and so on. The experimental results show the proposed method has a good effect, and it also has a
directive function in terms of emotion cause detection.
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