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In the election campaign, modern political parties utilize social media to advertise their policies and candidates
and to communicate electorates. In the latest election, the 48th general election for the Lower House in Japan
2017, social media, especially Twitter, was actively used. In this paper, we perform a detailed analysis of political
tweets of users who retweeted offical political party accounts during the election. Our aim is to obtain how political
party followers differs from each other. The results indicate that the largest two political party accounts’ followers
are quiet similar from view point of political tweets.
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1:

1 Official Accounts - 6

2 OA’s Tweet 2017/9/27-10/23 2790

3 Retweeted Users 2017/9/27-10/23 84043

4 Users’ Tweet 2007/04/10-2017/11/14 197,267,467

4.

4.1

9500

SVM[Vapnik 63]

[Cox 58] CNN[Kim 14]

SVM, TF-IDF

BugOfWords CNN Tweet

FastText

4.2
3 70% 30%

3

CNN

11,635,182

(9 28 10 23 )

1

5.

5.1

�

����

���

	
��

��

����

���

����

���

�

� !"#$

%&'()*

+,-./0

123456

789:;<

=>?@AB

CDEFGH

IJKLMN

OPQRST

UVWXYZ[

\]^_`ab cdefg hijklmno

1:

4

•
•

70%

5.2

• (TW)
• (RT)
• (PT)
• (PRT)

• (RT/TW)
• (PT/(TW-RT))
• (PRT/RT)

2

The 32nd Annual Conference of the Japanese Society for Artificial Intelligence, 2018

1E3-05



2: 9/28-10/23 Follower,Friend 11 10

Tweets Retweets Followers Friends

jimin koho 280 110685 134595 322

cdp2017 904 506432 191011 77

kibounotou 410 21559 13529 152

komei koho 289 31072 76743 1259

jcp cc 347 48203 42508 253

osaka ishin 281 13163 15999 177

3:

SVM 0.671

0.727

CNN 0.839
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[Adamic 05] Adamic, L. A. and Glance, N.: The politi-

cal blogosphere and the 2004 U.S. election: divided they

blog, in LinkKDD ’05, pp. 36–43 (2005)
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4:

0.101 0.032 0.104 0.035 0.033

0.043 0.021 0.022 0.148 0.005

0.187 0.285 0.093 0.110 0.056

0.222 0.110 0.034 0.042 0.023

0.070 0.708 0.038 0.040 0.009

0.380 0.131 0.111 0.126 0.050

5:

RT/TW PT/(TW-RT) PRT/RT

C1 0.304 0.402 0.835 1991

C2 0.332 0.110 0.167 7662

C3 0.421 0.576 0.391 4690

C4 0.825 0.094 0.159 8772

C5 0.844 0.425 0.391 9081

C6 0.865 0.809 0.498 6204

C7 0.951 0.032 0.564 6617

6:
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