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Abstract

This paper summaries two main directions of frequent subnets mining on workflow nets, including constructing

workflow nets and subnets from 1-dimention log processes data, and mining sub-structures from 2-dimention work-

flow nets. The advantages and disadvantages of these approaches are discussed. Due to the complex networked data

structures and complete semantics that are contained in workflow nets, the issues of applying frequent pattern min-

ing algorithms on workflow net mining are thoroughly analyzed. Furthermore, some typical applications of mining

frequent subnets on workflow nets are presented, including anomalous pattern detection, cross-organizational varia-

bility analysis, and so on. Finally, some challenges and potential future directions concerning frequent subnets

mining on workflow net are discussed.
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