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OCC-model-based text-emotion mining method
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Abstract ; Opinion mining, also called sentiment analysis, as one of the core research areas in the network-oriented
social media analysis and mining domain, has important practical and research significance. Due to the weaknesses
and limitations of traditional opinion mining methods, in this study, we designe and implemente an OCC emotion
model-based opinion mining method for extracting emotion types from text. First, we adopte a statistical method to
construct an emotion dictionary, based on candidate sets collected by the WordNet dictionary, as well as several
syntactic dependent relationships and a small amount of annotated data. Next, we refine the constructed emotion-
dimension dictionary to improve its quality by filtering out non-emotional words as well as emotional words that have
conflicting syntactic or orientation. Lastly, we generate six main emotion types based on the obtained emotion—
dimension dictionary combined with the corresponding relations between emotional dimensions and the different
emotion types identified by the OCC model. Experimental results show that the proposed method has obvious
advantages with respect to flexibility of usage, interpretability, and effectiveness.
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Table 1 Three emotional dimension variables and their

corresponding emotion types
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Table 3 Emotion-dimension dictionaries before and after

refinement
BBt D U P B
REM(FEER) 20331 6219 10903 4108
KIGJE (a=0.3,8=0.65) 1307 1467 794 895

2.3.2  FEixit
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TR .
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2 - precision - recall

F value = 5
- vae precision + recall (5)

A . F value /R F fﬁ, precision RN B recall
FIRA B,
233 ZWAEZXR
KGR R F SRR R 4
B .
F4 TWHER

Table 4 Experimental results

155 Rk YL i PR 1 PR 2 S {H
i 0.596 0.647 0.622
Al 0.393 0.408 0.400
F1g 0.470 0.495 0.482
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