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both Twitter and Blog Accounts and Utilizing User Homophily
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Abstract We propose a new method for estimating the profile attributes of a Twitter user from the contents
(profile document and tweets) generated by the user and the user’s social neighbors, i.e. those whom the user
conversed with (mentioned). The method first finds the users who have both Blog and Twitter accounts. It then
uses the attributes that a user specified in his/her Blog as true labels of the training data in Twitter about the
user. It also utilizes the profile documents of the user and the user’s social neighbors. Experiments conducted on
estimating four attributes (gender, age, occupation, and interests) show that our method achieves higher accuracy
than the conventional methods that use manually-labeled tweets.
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