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Modeling attention dynamics with cooperative and competitive structures
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POl (point-of-interest)

Bx proposing a new machine Iearnin? framework for temporal event sequence
data in social media, we have constructed such mathematical models that extract cooperative
structure in a set of online items from a sequence of their share events, find spatio-temporal
influence structure among major sightseeing areas in a city from a visit event sequence for its
attractive places in the setting of continuous spatio-temporal space, and detect geographical
cooperative and competitive network structures in a set of POls (point-of-interests) from a visit
event sequence for them, respectively. Also, we have presented several applications of the obtained
mathematical models into social media analysis.
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