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complex and numerous, then all kinds of rumors and false information may be generated easily. Rumors on social
media influence netizens’ understanding of events and shake the stability of society. Therefore, how to accurately
and efficiently detect rumors has become an urgent problem to be solved. Existing Transformer based social media
rumor detection models ignored the text location information. To effectively extract text location information and
make full use of text potential information, a rumor detection model in social media was proposed and it was based
on the enhanced Transformer. This model enhanced the traditional Transformer from two aspects of relative position
and absolute position. It captured the direction information and distance information of the text using learnable
relative position coding and mapped words from different positions to different feature spaces using absolute
position coding. Experimental results show that, compared with the best benchmark model, the accuracy of the
proposed model on Twitter15, Twitterl6 and Weibo datasets is enhanced by 0.9%, 0.6% and 1.4%, respectively.

Experimental results verify the effectiveness of the proposed location coding. And the enhanced Transformer based

on location coding can significantly improve the effects of social media rumor detection.

Keywords: rumor detection in social media, enhanced Transformer, position information
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Table 2 Results on Twitter15 datasets
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Table 5 The ablation study results on the Wei-
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