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Multi-feature topic sentiment analysis based on BERT-Attention-BiLSTM
MA Liigian

( School of Computer Science and Technology, Zhejiang Sci—Tech University, Hangzhou 310018, China)

Abstract; Currently, paying attention to Weibo users’ emotional tendencies towards events will help the platform understand users’
voices, and can also provide reference and direction for decision makers in handling public opinion. However, most of the current
microblog sentiment analysis research is still based on text, ignoring elements such as expressions and pictures. In response to the
above problems, this paper proposes a multi-model fusion sentiment analysis model, which integrates sentiment lexicon based on the
BERT model, and uses two—way LSTM to obtain text features, effectively connects context, and introduces an attention mechanism.

At the same time, a calculation method of emoji expression features is proposed, and a multi—feature topic sentiment analysis model

with more accurate classification is proposed.
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Fig. 1 Model framework diagram of MFTEA
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Table 2 Experimental results of emotional analysis model %
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SEHAR Y P R F1 Ace
BiLSTM-Attention 88.07  84.86  86.43  87.71
BiGRU-Attention  92.46  90.58  91.52  90.89

CNN-BiLSTM  86.59  81.02  83.71  84.61
BERT-TextCNN  80.94  78.13  79.51  80.64
MFTEA 93.41 9627 9481  95.27
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