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Abstract: Based on the emotion datasets of the
this paper proposes to preprocess the data by @8ing too

y using the Term Frequency—Inverse Document Frequency (TF-IDF)

drawing word clouds, and text features are extrac

ch as Chinese word segmentation, removing stop words and

algorithm. Then, machine learning class catiovnd recognition models based on Support Vector Machin (SVM) and Naive

Bayes algorithm are established re

character emotion. The results,

SVM classification model.

Naive Bayes algorithm is ¢ 0%.

The two proposed models are applied to the recognition and analysis of script
e recognition effect of Naive Bayesian classification model is better than that of

n, when the Laplacian smoothing coefficient o = 0.2, the classification accuracy of
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Tab.3 The effect of removing stop word
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Fig.1 Word cloud of positive sentiment datasets
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Fig.2 Word cloud of negative sentiment datasets
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Tab.4 Accuracy of two classification models

KB SVM Naive Bayes
1 0.7064 0.6985
2 0.7064 0.7015
3 0.7251 0.6847
4 0.6874 0.6736
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Fig.3 The accuracy box chart of classification models
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Fig.5 Confusion matrix of training datasets
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