DEIM Forum 2013 B1-3

~ AT gIZBT5H7 T ALY T HEHINO R

S E O ORERT OBl BT gl i

T BRI R LR EBAE WA ZE R T 432-8011 # i I e i vh KAk 3-5-1
Tt R R FRNER AN K FPE T 432-8011 # il W A i o X3k 3-5-1
TH B RAAE AT T 432-8011 # ] W ke a i o (Kb 3-5-1
E-mail: tgs11304@s.inf.shizuoka.ac.jp, t1dgs11538@s.inf.shizuoka.ac.jp ,
T11{yokoyama,ishikawa} @inf.shizuoka.ac.jp

HoFEL ITFE, Twitter iTRERSNLIvA 2770l B3 ERL, £ Da—FZL> TREOHENLEDFLFN~
AT a7 IZEBRINTWD, TaZIlEENLLEELKR LT, ZNH60DRFIL, VT AZA LEREY. i
LOFEIL, 120X FEOLTHENDRN L, BFICHEENLIHBORTRENNZL N2 L, /A4 XD L5
ENLZNZEBREBE L THITOND. 201D, TXANMIKT LN FAZ ) VT REE~vAAI/nTr s
WZHEH L7e8a, TaBERGLNRWGENH L. AR TIE, ZHICHOWTILES Twitter DY A — D27 7
AZ Y TIZHWBND Z E3EH D LDA, Bisecting K-means, %i@ﬁ%@@@iﬁ?ﬁ%‘: Twitter > A — MZiEA L,
g 5.

F—J—F ~Aruvurn, Twitter, 7 FAZ VT

A Comparison of Clustering Techniques on Microblog

Lijun SUT, Masaharu HIROTAT", Shohei YOKOYAMAT' and Ishikawa HIROSHIf

T Graduate School of Informatics, Shizuoka University
3-5-1 Jouhoku, Naka—ku, Hamamatsu, Shizuoka, 432-8011 Japan
1T Graduate School of Science and Technology, Shizuoka University
3-5-1 Johoku, Naka-ku, Hamamatsu-shi, Shizuoka, 432-8011 Japan
11T Department of Computer Science, Shizuoka University
3-5-1 Johoku, Naka-ku, Hamamatsu-shi, Shizuoka, 432-8011 Japan
E-mail: tgs11304@Qs.inf.shizuoka.ac.jp, t1dgs11538@s.inf.shizuoka.ac.jp ,
T11{yokoyama,ishikawa } @inf.shizuoka.ac.jp

Abstract Microblogging services such as Twitter have spread out recently. A huge amount of short texts are
posted to these services by users. Compared with traditional documents like a blog, a feature of short texts is more
high real-time property than those documents. However, it can also be listed as its features that it is short and
noisy and its words and grammars tend to be informal. As these features, it is difficult to get a sufficient accuracy
when we perform common clustering techniques to documents in microblogs. Focusing on this point, this paper
presents the experimental results on clustering microblogs.
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