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How do we detect spammers? Who are the spammers?

» Datasets: Tweets from 9 most popular URL

» Problem: 9%-15% of Twitter accounts are spammers. , ,
shortening services.

» Goal: Identify Twitter spammers using shortened URLs and duplicate

content.
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> Results: Percentages of spam tweets vary
Good(Twitter, FB) from 3% to 27% among 9 datasets, with an
average of 10.51%.

Real Time Twitter Stream URL Top100 . .
i » Click bait is the No.1 source of spam.
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Real time top URLs on Twitter Stream, shortened URLs are the most popular.
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What do spammers look like? Who do they follow?

» Spammers have human-like, deceptive profiles.
» Spammers have various social network patterns (graphs below).
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