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Tab.1 Labeling criteria for the 5 labels in earthquake cases
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Fig.1 BERT model inputs
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Tab.2 Details about 5 earthquakes used in this study
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Tab.3 Examples of training data
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Fig.2 The numbers of 5 labels in the sample data
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Tab.4 The joint probability distribution of different label combinations

PR A Fr2EE G ER
(1,1,0,0,0) 2515 0.046
(1,0,1,0,0) 3516 0.065
(1,0,0,1,0) 14484 0.266
(0,1,1,0,0) 25 0
(0,1,0,1,0) 82 0.002
(0,0,1,1,0) 246 0.005
(1,1,1,0,0) 3746 0.069
(1,0,1,1,0) 2448 0.045
(1,1,0,1,0) 2291 0.042
(0,1,1,1,0) 10 0
(1,1,1,1,0) 2916 0.054
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Fig.3 Multi-label classification model network structure based on BERT pre-trained model
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(b)Accuracies of train set using different batch sizes
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Fig.4 Performance comparisons of different model parameters
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Fig.5 The results of the mode on training dataset after 30 epochs
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Tab.5 AUC scores for each single label in the test dataset
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Fig.6 Heat maps of the number and the probability distribution of each label over different
time periods
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(b)Distribution of different labels during 24-48h
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Fig.7 Spatial distribution of different labels in different time periods in the Menyuan earthquake
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Social media information classification of earthquake disasters based
on BERT transfer learning model

LIN Sen! LIU Beibei' LIJianwen' LIU Xu! QIN Kun? GUO Guizhen'

1. National Disaster Reduction Center of the Emergency Management Department,
Beijing 100124, China

2. School of Remote Sensing and Information Engineering, Wuhan University, Wuhan
430079, China

Abstract: Objectives: In recent years, extreme weather events have
increased and sudden disasters have occurred frequently, which puts
forward higher requirements for disaster emergency response. Once a
disaster happened, information collection is the key to decision-making of
response. With the rapid development of the Internet, social media
platform has become an important source of emergency disaster
information. However, social media platforms have a lot of duplication,
errors and even malicious content in a short time. Social media content
needs to be effectively screened through technical means to provide basis
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for accurate disaster emergency response. Methods: The development of
deep learning greatly boosts the accuracy and the efficiency of text task.
This study took earthquake disasters as an example, over 50K microblog
data in the 72 hours after 5 major earthquakes in China during 2013-2022
were obtained. A multi-label classification model was built by transfer
learning based on BERT pre-trained model. Each sample was manually
marked as one or more of five types of labels: hazards information, loss
information, rescue information, public opinion information and useless
information. Results: By fine-tune training, the classification accuracy of
the model on the training set and the test set reached 95% and 91%,
respectively. Single-label AUC score ranged from 0.952 to 0.998.
Conclusions: Both metrics proved the model is of high reliability. The
model can be applied to the emergency management in sudden disaster
events, which is conducive to rapidly assisting disaster judgment.

Key words: BERT; transfer learning; social media; earthquake; disaster
emergency response; multi-label classification
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