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“to turn event data into insights and actions
in order to improve processes”
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“The use of
Relational Databases
to pre-process event data
can accelerate process mining
while maintaining its scalability”
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Thank you

Alifah Syamsiyah
Email: a.syamsiyah@tue.nl
Project website: https://www.win.tue.nl/ais/doku.php?id=research:projects:delibida
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