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Abstract

Abnormal groups can be found in a wide range of areas. Together with clustering and outlier detection, their goals
are all to partition a data set according to data similarity. However, abnormal group mining (AGM) is different in
problem definition, algorithm design and applications. To the best of our knowledge, the abnormal group mining
problem was investigated systematically. The differences among AGM, clustering and outlier detection were
analyzed. The formalized definitions on AGM and a framework algorithm were presented, and several interesting

applications were particularized.
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