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Abstract This paper interpreted activity aggregation of business process model abstraction as a problem of semi-super-
vised clustering. It chooses appropriate activity sets as initial clusters based on a heuristic method to improve the quality
of abstraction. In order to satisfy the order-preserving requirement of the model transformation and the business seman-
tic integrity of the subprocesses, the control flow is further considered when classifying an activity to a cluster (candi-
date subprocess). A constraint function was designed with two parts: semantic distance and control flow conflict. The
first part computs semantic distance between activities and subprocesses by introducing virtual document to represent
them. In the second part,according to four ordering relations of behavioral profiles,a function is designed to show the
control flow conflict caused by activity classifying. The proposed method is applied to a process model repository, com-
paring to the traditional k-means based activity clustering, such as methods of randomly generating the initial clusters

and only based on semantics distance measurement, the proposed method is more closely approximating the decisions of

the involved modelers to cluster activities,
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