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Deep Learning—Based Sentiment Analysis of Disaster Events on Social Media

LIU Xi, YAN Ye
(North China Institute of Science and Technology Campus , University of Emergency Management ( Preparatory) , Beijing 101601, China)

Abstract: When traditional BERT models deal with complex social media texts, there are some problems such as insufficient local semantic
dependency modeling and insufficient multimodal information fusion capability. To this end, a new emotion analysis model (BERT-GAT-
Transformer) that combines the Graph Attention Network (GAT) and Transformer is constructed. By enhancing the ability of text semantic as-
sociation modeling and long—distance dependency capture, the emotion classification accuracy of disaster event related texts is improved , and
data driven technical support is provided for emergency decision—-making. First, we capture the bidirectional semantics of text through BERT
coding layer, and use GAT to dynamically construct word relationship graph to enhance local context dependence ; Secondly, the features of
long distance sequences are optimized through Transformer’s global self attention mechanism. The experiment shows that the BERT-GAT accu-
racy is 81.7% and F1 value is 81.6% for short text, which is slightly worse than the BERT-GAT-Transformer model; For long texts, the accu-
racy of BERT-GAT-Transformer model is 84.6% and F1 value is 85.1%, which is better than the benchmark models BERT and BERT-GAT.
It can accurately analyze the emotions in data, providing an effective method and model basis for social media emotion analysis for intelligence
researchers.
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Fig. 1 BERT-GAT-Transformer model framework
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Table 3 Experimental results of three models

#=3 3MRBIMLIGER (%)
A iRES FL{
BERT 78.9 79.3
BERT-GAT 81.7 81.6
BERT-GAT-Transformer 82.1 82.4

Table 4 Experimental results of three models when only comparing

post datas
R4 ITRBL LB FHIRM SR AR (%)
B IRTES F1{H
BERT 79.1 79.2
BERT-GAT 82.3 82.0
BERT-GAT-Transformer 84.6 85.1

4 ZiE
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