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Abstract: This paper focused on the task of news topics extraction from large-scale short posts of microblogging
service. Microblog is very different from traditional blog. First, it is consisted of from several words to dozens of
sentences. That is much shorter than the traditional blog. Second, it can be posted in real-time by mobile phone,
instant messaging software and so on, which results in a huge number of posts in a very short period. For the
shortness and sparseness of the microblog text, traditional VSM(Vector Space Model) using words or terms as
characters can not reach desired accuracy. So, in this work, hidden topics discovering was performed on the
whole dataset to reduce the sparseness and make the data more topic-focused. For the large-scale of posts, we
first selected the microblogs which are most likely to talk about news events. Then a two-level
K-means-hierarchical hybrid clustering method was chosen to cluster all the selected tweets to different news
topics. Experimental studies show our method works well on large-scale microblog dataset.
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Tab.2 Top scored 5 tweets in the biggest cluster on March 8
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Tab.3 Top scored 5 tweets in the biggest cluster on March 8

fE& tweet LA
SilkCharm Trivia: Kathryn Bigelow won Best Movie/Best Director for Hurt Locker. Her ex
Husband James Cameron, director of Avatar, did not #oscars
LAmovieexaminer  ‘Precious’star Mo'Nique wins Best Supporting Actress Oscar at the 82" Academy
Awards: http://bit.ly/bc5joW #Oscars

Cocacy My predictions in the six big categories: Jeff Bridges, Meryl Streep, Mo'Nique,
Christoph Waltz, Avatar; kathryn bigelow #theoscars
skynewsbreak Kathryn Bigelow wins Best Director Oscar for The Hurt Locker - the first woman in
history of the Academy Awards to win the accolade
prayoonko RT @TwitBreakinNews: Christoph Waltz and Mo'Nique have taken the best

supporting actor and actress Oscars at the 82nd Academy Awards in Hollywood.
B E AR — LS 45 B . IR R R IAT B R K — A28, AN 43
gy tweet VIR S ARSI . R 4 2EHPETRIASER, TUEH, X
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Tab.4 The top scored tweet of the biggest cluster in some days

H = tweet LA
Feb. 25 avivao Dog fight. Lamar claims Obamacare will raise premium prices. Obama
claims prices will go down 14-20%, per CBO. #HCSummit #HCS #HCR
Feb. 27 Infidel007 RT @BreakingNews: 54th major aftershock, magnitude 5.0, centered off

coast of Bio-Bio, #Chile - U.S. Geological Survey

Mar. 03 NewTechBooks  FAA puts two air traffic control employees on admin leave after teen directs
aircraft over JFK: CBS News has repor... http://bit.ly/b8pUwH

Mar. 07 vhernandezcnn  Major development RT @CNNworldgirl: Sr Pakistan officials tell CNN they
have arrested Adam Gadahn, the American-born spokesman for al Qaeda.

Mar. 11 vivekmadan Suicide blasts kill 45 in Pakistan's Lahore: Two suicide bombers targeting
the Pakistani military killed at least... http://bit.ly/bbofZA

Mar. 15 troyjensen Plane kills jogger in SC beach emergency landing; http://j.mp/dzTwWh -

Damn, that is one series of terrible events!
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