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Breaking news! Over 60% of vaccinated
women experience fertility issues, yet
the government dares not reveal the
truth!

This piece of misinformation can evoke people's
emotions regarding their pursuit of health,
thereby attracting users to click and spread it.
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[Emotion] The emotions conveyed in this
- information are excessively intense.

! " [Cognition] If | don't know much about vaccine
— = safety, the data might seem shocking at first—but
= then I'd wonder, 'How come no one around me
Reader seems to be experiencing this?’ It seems to be a

normal COVID-19 vaccine.
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