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Bot-or-Not: social bot detection
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|. Detecting social bots VI. Demo: truthy.indiana.edu/botornot

Front-end: HTML5 /Javascript — Back-end: Python/Flask — Interface: D3.js —
Authentication: Twitter API
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Check User

Hello Clayton Allen Davis and welcome to BotOrNot.
Here is the report you requested.

Can we verify the authenticity of users who participate in
discussions and produce content in social media?

Our system detects with 95% accuracy (measured by AUC)
whether a user is a bot or not, by exploiting over 1K features that
capture user meta-data, social contacts, diffusion networks,
content, sentiment, and temporal patterns.
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