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Political Opinion Mining from Article Comments using Deep Learning
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Abstract

Policy polls, which investigate the degree of support that the policy has for policy implementation,

play an important role in making decisions. As the number of Internet users increases, the public is

actively commenting on their policy news stories.

and offline surveys. Collecting and analyzing policy articles is useful in policy surveys.

Current policy polls tend to rely heavily on phone

In this study,

we propose a method of analyzing comments using deep learning technology showing outstanding

performance in various fields. In particular, we designed various models based on the recurrent

neural network (RNN) which is suitable for sequential data and compared the performance with the

support vector machine (SVM), which is a traditional machine learning model.

For all test sets, the

SVM model show an accuracy of 0.73 and the RNN model have an accuracy of 0.83.

» Keyword: recurrent neural network, opinion mining, semantic analysis
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Table 3. accuracy by model, where <n> denotes the dataset index in tablel
model <1> <2> <3> <4>
SVM + unigram 84.5 91.6 65.1 67.9
SVM + bigram 84.6 91.6 67.2 67.7
LSTM + onehot 86.4 85.3 71.3 70.3
GRU + onehot 86.8 87.3 71.7 70.4
bidirectional LSTM + onehot 90.2 91.3 73.3 71.6
bidirectional GRU + onehot 90.4 91.3 73.4 72.3
bidirectional LSTM + word2vec 88.7 91.4 73.1 69.7
bidirectional GRU + word2vec 89.2 91.3 72.5 70.3
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V. Experiment
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Table 4. Learning and testing time (s)
model train test
LSTM + onehot 1,132 79
GRU + onehot 1,017 77
LSTM + word2vec 217 34
GRU + word2vec 205 33

V. Conclusions
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