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Abstract:In recent years, sentiment analysis has become a core research direction in the field of natural language
processing. Traditional text sentiment analysis models can only capture the surface features of text,and lack generalization
ability in different fields or contexts,making it difficult to deal with long text and semantic ambiguity. In response to the
above problems, A Text Sentiment Analysis Model Based on Graph Neural Networks and Representation Learning
(GNNRL) is designed in this paper. Spacy is used to generate syntactic dependency tree of sentences, and graph
convolutional neural network is used for coding to capture more complex relationships between words in sentences.
Dynamic k-max pooling is used to further screen features,retain the sequence features of text relative position,and avoid
the problem of partial feature loss,so as to improve the feature extraction ability of the model. Finally,the emotion feature
vector is transferred to the classifier SoftMax,and the emotion classification is judged according to the normalized value.
In order to verify the validity of the GNNRL model proposed in this paper,two text sentiment analysis datasets OS10 and
SMP2020 are used for testing. Compared with HyperGAT, IBHC, BERT_CNN, BERT_GCN and TextGCN models, the
results show that by synthesizing accuracy, precision, recall and f1, the improved AM _DNN model in this paper is
superior to other models and has better classification performance in text emotion. Moreover, the influence of the selection
of different optimizers on this model is explored.
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Table 2 Experimental comparison results under six models

AR accuracy precision recall 1 R accuracy precision recall f1
BERT_CNN 0.73 0.69 0.65 0.67 HyperGAT 0.72 0.69 0.64 0.67
BERT_GCN 0.75 0.71 0.66 0.68 IBHC 0.83 0.77 0.74 0.76
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Fig. 5 Comparison chart of experimental results
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