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We developed an interactive data exploration environment to such a design-generate-
visualize-analyze-optimize process.

» Design: statistical characteristics (distribution), association pattern, sequence pattern
» Generate: produce a dataset that contains predefined attributes and patterns
} » Visualize: extract simplified workable information from generated dataset

» Analyze: verify the differences between generated dataset and expected dataset
Proposed Approac (TN NN @ T W~ Opeimize: refine input parameters
Algorithm: dataset-generator
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2 for each empty attribute ay in ¢, do begin

provides an interactive exploration 23

call function Fi to assign random value vitto ¢

0 5 5 24 end for A slice of generated event dataset for 4 users where the average events per user per day is 20.
enV|||_'tonnFent fort ;'Zu?l atnaIyS|s of the 2 miwr Users U-1 and U-4 are selected for insertion of 3 behavior patterns B1, B2 and B3, which are
quality ot generated datasets. 27 endfor highlighted with different colors.
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— Frequent action sequences
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