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Effects of Community Structure of a Social Network
on the Cascade Sizes of Tweets on Social Media
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We investigate how the community structure of a social network affects information diffusion on social media.
Empirical analyses using large-scale dataset of Twitter show that the community structure significantly affects the
sizes of information cascades on social media. More specifically, the results of our regression analysis show that the
number of retweets of a tweet spreading among different communities is significantly higher than that of a tweet
spreading within a single community. We also tackle a problem of predicting the future popularity of a tweet in
an early stage of its diffusion. We constructed prediction models of future popularity of a tweet using features
obtained from community structures of a social network as well as the tweet’s content. Through experiments,
we show that the features extracted from community structure of a social network are effective for predicting the

future popularity of a tweet.
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A tweet spreads among users in different communities.
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