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Event Sequences

* Time-ordered lists of discrete events
* Analyze to discover patterns or rare event paths

* But... real-world datasets are large and complex:
* Volume and length of event sequences

* High-dimensional event data
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|. Determining an optimal and adjustable level of grouping
events based on an informativeness score
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Dynamic Hierarchical Aggregation

|. Determining an optimal and adjustable level of grouping
events based on an informativeness score

2. Supporting navigation of the event type hierarchy with a
scatter-plus-focus visualization

3. Scenting to enable discovery of interesting event types

12



Informativeness Score

e Computed for each event type j in the event type hierarchy

* Measures the strength of the association between an
event type and the outcome

* [f this patient had outcome v, did they also experience event
type J!
* Based on the chi-square test statistic X]2

Algorithm: Optimal Grouping Level

* Goal: Determine the most
informative cut through the event
type hierarchy

* Recursively traverse event type

hierarchy X?=0.1

e Compare informativeness score
of parent with each child
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Algorithm: Optimal Grouping Level

R- — # of children more informative than parent
J total # of children

Add j to cut if: (else, recurse) N

X?=0.2

I. No more children (leaf)
2. Ri<R where 0 <R<1

R controls level of aggregation (larger = more aggregation)
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