RA70O0707h5DEEDET N TILRERE

& & U D

Detecting Occurrences and Continuation Statuses of Train Troubles
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Abstract:
troubles immediately.
than official information. Such information could make our decision better. In this paper, we try
First is detecting

When train troubles occur, users of microblogs often post information about these
Microblogs often include more fine-graind information of train troubles

to extract two types information about train troubles by analyzing Twitter.
train troubles’ occurrences. In cases of whole line suspensions and troubles including whole line
suspensions and partial suspensions, about 70 percent of train troubles were detected within 500
seconds by using real-time burst detection method. Second is estimating times when train troubles
end. To predict remaining time of train troubles, we build some regression models. We find that

regression models which take account of past information work better.
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