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JIN Zhiwei, et al. Rumor detection on social media with multimodal feature fusion.
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JIN Zhiwei, et al. Rumor detection on social media with multimodal feature fusion.

A

R. RHCELM : AR TE5 72— | BE3KRA LBRE F T8 530N,

SHEDHET , IRNSIEASIEKEILL,

2014-3-11 1857 8 #418 weibo.com

Lo

hitp:/it crv8s77dsq| [ 5%k B

B2 B ERRE S IHE B, B S Tk AN SRR RHIE

Fig.2 A rumor example from Weibo,which contains content features and social context features
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Fig. 4 Detection features for rumor on social media
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Fig. 5 Different sub-events in the rumor “a kind girl in Shenzhen helps a homeless old man”
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Fig. 6 Structure of a 3-layer content network
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Abstract Social media,such as microblogs, has developed rapidly nowadays, which accelerates the information dif-
fusion on the Internet. However ,numerous false rumors fostered on social media are spreading widely on the social
network and can result in serious consequences.It has become a huge concern in research and industry areas to de-
tect rumors automatically on social media. Focused on the rumor detection task, this paper summarizes the
approaches of multimodal fusion on this problem.Starting from the basic concepts,we give formal definitions of ru-
mors and introduce the characteristics of social media. We summarize the studies on rumor detection into two major
parts, i. e., extracting effective multimodal features to identify rumors and constructing robust models to detect
rumors. For each of the research aspects,we give detailed introduction based on existing studies.This paper can be
served as a basic guidance to build state-of-the-art rumor detection models and a reference for future researches.

Key words rumor detection ;social media computing ; multimedia computing; deep learning ; multimodal feature fu-

sion ;news verification



