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Abstract When train troubles occur, users of microblogs often post information about these troubles. Microblogs
often include more fine-graind information of train troubles than official information. Such information could make
out decision better. In this paper, we propose a method for extracting details of train troubles by analyzing Twit-
ter. We classify train troubles into suspensions, partial suspensions and other troubles, then detect whether these
troubles occur or not. Experimental results show that proposed method work well in case of suspencions and partial
suspencions. We also find that by analyzing twitter, we can know information which is not reported officially such
as congestion and recovery of train troubles.
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Table 1 The number of tweets including line name.

TR BIEOAE  BREERR CEEMAR BHILSRR L/ Ak mEdbsR BRPERR AR
2011 4£ 9 H 21 H | 3,492 3,205 3,385 2,459 4,771 2,805 2,810 8,763 4,031
2012 4E 4 H 3 H 1,165 333 538 667 549 434 8,524 446
2012 £ 5 H 10 H - - - - - - - 2,684 -
201245 H 21 H - 12,504 - - - - - - -
2012 49 H 30 H 602 209 - 248 - - 123 1,537 245
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Table 2 The result of labeling.
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Table 3 Example of positively and negatively weighted features
of SVM targeting 1.

Positive Features Negative Features

ohed R EA | e HA

By o 2.0251 | % —B -1.5174
ghEl k¥ o 2.0000 | HIF X< -1.2009
&5 ReEb¥E 17811 | B 720 -1.1436
g rFEo  1.6911 | HEIF FeAY -1.0931
BF AAY 1.6841 | Bh@EhE o -1.0883
%5 AbNw T 15479 | EIE TAr%A -1.0655
BlE AT 1.4419 | % B -1.0220
BhEl 2 FEL 14231 | %# BAAh -1.0018
i ER 1.2678 | &SR V% — -1.0000
FlF 7e¥ 1.2435 | @ fR 5 -1.0000
#F fF# o 1.2155 | #F (T-"="-") -1.0000
i AebE 1.2117 | 4 HI7HZ -1.0000
% & 1.1663 | % B®)] -1.0000
ghE  Eih 1.1407 | % X -1.0000
4 AE 1.0967 | £ [L0pa] -1.0000
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Table 4 Performance of classification.

Target Label Method Precision Recall F-value
FH 0.6966 0.6694 0.6827
T FEH) 0.4505  0.6616  0.5360
R—AF4¥ 01736 1.000 0.2958
ER ] 0.6067  0.5857 0.5960
T EEHE) 0.7267 0.3215 0.4458
NR—=ZF4Y 0.0922 1.0000 0.1688
FH) 0.5943 0.5386 0.5651
T3 M EE) 0.4416  0.1819  0.2568
R—ZAF4Y 01322 1.0000 0.2335
FH 0.7165  0.7171 0.7168
T+ 1> FEH) 0.8623 0.5403 0.6643
R—AF4Y 02658 1.0000 0.4200
SR 0.7711  0.7568 0.7639
T+ Te+T5 FHEHB) 0.9548 0.4392 0.6016
R=ZF4>Y 0.3980 1.0000 0.5694
o FH 0.6799 0.6280 0.6529
R—AZ4>Y 00656 1.0000 0.1231
FH) 0.7911 0.6793 0.7310
G R—ZAZ4>¥ 00368 1.0000 0.0710
T8 0.7596 0.6973 0.7271
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Table 5 The result of detecting train troubles.
Target Trouble Method — FUHAR EIFGLKR SERR EEMER HILAEE L/ N6 FEIERR SRPERR A 2EHTHR
2011 4£ 9 H 21 H

T Proposed 0.75 0.50 0.86 - 0.89 - 0.77 0.57 0.81
! Baseline 0.6290 0.40 0.73 - 0.73 - 0.62 0.39 0.56
T Proposed - 0.84 0.75 - 0.92 - 0.85 0.83 0.75
2 Baseline - 0.79 0.53 - 0.82 - 0.70 0.68 0.67
T Proposed 0.59 0.40 0.32 0.91 0.43 0.60 0.41 0.54 0.50
3 Baseline 0.57 0.42 0.49 0.95 0.50 0.75 0.62 0.60 0.57
T 4T Proposed 0.73 0.86 0.70 - 0.92 - 0.89 0.91 0.97
"7 Baseline 063 0.83  0.60 - 0.92 - 079 072  0.92
Proposed 0.81 0.74 0.77 0.93 0.71 0.65 0.85 0.89 0.71
Ty +T2+ T3 .
Baseline 0.80 0.78 0.78 0.95 0.74 0.75 0.90 0.95 0.76
201244 H 3 H
Proposed - - - - - - - 1.00 -
T
Baseline - - - - - - - 1.00 -
Proposed - - - - - - - 0.89 -
T
Baseline - - - - - - - 0.72 -
T Proposed 0.42 0.46 - 0.49 0.51 0.17 0.37 0.52 0.40
3 Baseline 0.81 0.27 - 0.64 0.53 0.37 0.53 0.58 0.47
4T Proposed - - - - - - - 0.95 -
e Baseline - - - - - - - 0.75 -
Proposed 0.77 0.39 - 0.50 0.50 0.19 0.39 0.92 0.42
T +T2+ T3 .
Baseline 0.81 0.27 - 0.63 0.53 0.37 0.53 0.95 0.47
2012 £ 5 H 10 H
Proposed - - - - - - - 0.84 -
T3
Baseline - - - - - - - 0.82 -
T 4T+ T Proposed - - - - - - - 0.83 -
! 2 3 Baseline - - - - - - - 0.82 -
2012 £ 5 H 21 H
Proposed - 0.60 - - - - - - -
T
Baseline - 0.67 - - - - - - -
Proposed - 0.81 - - - - - - -
Ts
Baseline - 0.70 - - - - - - -
Proposed - 0.69 - - - - - - -
T3
Baseline - 0.76 - - - - - - -
Proposed - 0.92 - - - - - - -
T+ 1> .
Baseline - 0.89 - - - - - - -
T 4Ty 4T Proposed - 1.00 - - - - - - -
! ? 3 Baseline - 0.99 - - - - - _ _
2012 £ 9 H 30 H
Proposed - - - - - - - 0.77 -
Ts
Baseline - - - - - - - 0.63 -
T Proposed 0.75 0.24 - 0.48 - - 0.44 0.50 0.47
3 Baseline 0.77 0.32 - 0.51 - - 0.52 0.52 0.54
Proposed - - - - - - - 0.74 -
T +T> .
Baseline - - - - - - - 0.63 -
Proposed 0.75 0.25 - 0.47 - - 0.53 0.77 0.41
T +Te+1Ts .
Baseline 0.77 0.32 - 0.51 - - 0.52 0.80 0.54
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