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Emotion Classification for Readers Based on Multi-view Multi-label Learning
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Abstract The traditional emotion classification for readers mainly focuses on the emotional polarity embodied in the
reader’s comments,which is from the perspective of sentiment analysis. However, the readers’ comments are occasio-
nally not collected due to some reasons, which tends to reduce the effectiveness and timeliness of emotional classifica-
tion. How to integrate the multi-perspective information, including news texts and readers’ comments,and to make a
more accurate judgment of reader’s emotions has become a challenging problem. In this paper,a multi-view multi-label
latent indexing (MV-MLSD model was proposed, which maps the multi-view text features from different perspectives
to the low-dimensional semantic space. Meanwhile, the mapping function among the features and labels was established,
and the model could be solved by minimizing the reconstruction error. The optimization algorithm was also presented in
this paper so as to make the effective prediction of reader’s emotion. Compared with the traditional model, the proposed
model can not only take full advantage of multi-view information, but also take into account the correlation among la-
bels. Experiments on the multi-view news text dataset demonstrate that the method can achieve higher accuracy and sta-
bility.
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