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Abstract Twitter users use ‘Following’, ‘Retweet’ and so on to find tweets that they are interested in. However,
it is difficult for users to find tweets that are of interest to them on Twitter, which has more than 300 million users.
In this paper, we developed a customized tweet recommendation system to resolve it. First, we gather current trends
to collect tweets that are worth recommending to users and popular tweets that talk about trends. Later, to analyze
users and recommend customized tweets, the users’ tweets and the collected tweets are categorized. Finally, using
Web service, we recommend tweets that match with user categorization and users whose interests match.
Consequentially, we recommended 67.2% of proper tweet.
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Table 3. List of information that can be obtained
after Twitter login

Field Type Description
keywords String Interested Keywords
. , Check if analysis is in
is_analyzing Boolean
progress
get_tweets_count Number Number of Tweets
get_retweets_count Number Number of Retweets
id_str String Number 1D
name String Name
screen_name String D
location String Profile location
description String Profile description
url String Profile url
followers_count Number Number of follower
friends_count Number Number of friends
statuses_count Number Number of twit
lang String Language
profile_image_url_https String Profile image
access_token String Access Token
access_token_secret String Access Token Secret
created_at String Created day
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Fig. 9. Example of tweet analysis function in our

Web service
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