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False information dissemination from the perspective of computing:
content,subject and pattern

Wu Ye*,Li Yongning®,Zhang Lun®
(a.School of Journalism and Communication; b.School of Arts & Communication,Beijing Normal University, Beijing 100875, China)

Abstract : The spread of false information affects the normal operation of society in many fields such as politics and econ-
omy.It is a common research goal of communication, political, computer science and other disciplines to deeply understand the
communication mechanism of false information and curb its spread.Based on the record of false information content and digital
trace by social media, as well as the wide adoption of computing algorithms related to information spreading, communication is
able to conduct an empirical and in-depth discussion of false information spreading at the current stage.Based on this, this study
will systematically review the advancement of computing methods in the study of false information spreading from the perspec-
tives of false information content characteristics, communicator characteristics and dissemination patterns of false information,
and explore the feasible interdisciplinary cooperation mode in the future.

Keywords: false information;calculation method; content features;user portrait;dissemination-pattern
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