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Recently, many researches focus on Twitter, which is a microblog service used by lots of people in the world.
Twitter has some features such as real-time communications, limit on number of characters, usage of unique
language on microblogs. Using these features, researchers have analyzed the links between users or the text users
tweeted. Furthermore, they estimated users’ preference or proposed the frameworks which can detect some event.

As mentioned above, there are various researches concerning Twitter.

However, there is no Twitter research

focusing on the profile images of users. The profile images may imply users’ sense of value, background, preference
because users can select their favorite image or photo as the profile image. Thereupon, we divided empirically the
profile images into 13 types, and researched the relationship between users’ behavioral characters and the type of

profile images.
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