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Politician classification based on political problems extracted from Twitter Data
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In order to assist the decision making for political elections, in this paper, we propose a simple method to identify
political problems from Tweets by politicians. Furthermore, using cluster analysis, we discover hidden communities
among politicians by characterizing each politicians based on their attitudes on detected political problems.
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ID

1 0.07 0.03 0.07 0.00 0.22 0.06 0.00 0.00

2 0.14 0.15 0.14 0.04 0.17 0.00 0.16 0.08

3 0.07 0.13 0.00 0.63 0.22 0.19 0.00 0.54

4 0.14 0.09 0.41 0.04 0.00 0.06 0.16 0.00

5 0.18 0.19 0.18 0.11 0.11 0.13 0.32 0.15

6 0.12 0.06 0.07 0.04 0.17 0.13 0.26 0.15

7 0.20 0.20 0.11 0.07 0.06 0.31 0.05 0.08

8 0.09 0.13 0.02 0.07 0.06 0.13 0.05 0.00

1 0.15 0.37 0.00 0.00 0.35 0.25 0.05 0.23

2 0.01 0.03 0.00 1.00 0.20 0.00 0.00 0.23

3 0.15 0.15 0.09 0.00 0.05 0.00 0.00 0.00

4 0.38 0.08 0.05 0.00 0.15 0.00 0.00 0.00

5 0.00 0.00 0.00 0.00 0.00 0.25 0.84 0.00

6 0.01 0.24 0.00 0.00 0.05 0.25 0.00 0.38

7 0.10 0.02 0.82 0.00 0.05 0.13 0.00 0.15

8 0.20 0.10 0.05 0.00 0.15 0.13 0.11 0.00
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