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Using SVM Method Optimized by Improved Particle Swarm Optimization to Analyze Emotion
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Abstract In recent years,with the increasing number of network users, the number of user comments has also increased explo-
sively,accompanied by a large number of information that can be used for reference and deep excavation. Text sentiment classifi-
cation arises at this historic moment, the prediction accuracy and the execution speed of classification model are the keys to mea-
sure the quality of the model. Traditional algorithm by using SVM for text sentiment classification is simple and easy to imple-
ment,and its model parameters determine the classification accuracy. In this case, this paper combined the improved particle
swarm optimization algorithm with the SVM classification method,used the SVM method optimized by improved particle swarm
optimization to analyze the emotion of the movie and TV drama review. Firstly, Douban movie review data are obtained by inter-
net crawler. Then the text information is vectorized by weighted word2vec after pre-processing, which becomes the recognizable
input of support vector machine. Adaptive inertia decreasing strategy and crossover operator are used to improve particle swarm
optimization algorithm. The loss function, penalty parameter and kernel parameter of SVM model are optimized by improved
PSO. Finally.the text is classified by this model. Experimental results on the same data show that this method effectively avoids
the shortcomings of traditional affective dictionary method affected by word order and different contexts.and solves the problem
of gradient disappearance or dispersion caused by convolution. It also overcomes the possibility that PSQO itself is easily trapped in
local optimum. Compared with other methods,the proposed classification model performs faster and improves classification accu-
racy effectively.
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