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ABSTRACT

In consequence of expansion of internet users, electronic commerce is becoming a new prototype for
marketing and sales, and most of electronic commerce sites or internet shopping malls provide a rich source
of information and convenient user interfaces about the organizations customers to maintain their patrons. One
of the convenient interfaces for users is service to recommend products. To do this, they must exploit
methods to exfract and analysis specific pattemns from purchasing information, behavior and market basket
about customers. The methods are association rules and sequential patterns, which are widely used to extract
correlation among products, and in most of on-line electronic commerce sites are executed with users
information and purchased history by category-oriented. But these can’t represent the diverse correlation
among products and also hardly reflect users’ buying patterns precisely, since the results are simple set of
relations for single purchased pattern. In this paper, we propose an efficient mining technique, which
allows for multiple purchased patterns that are category-independent and have relationship among items in the
linked structure of single pattern items.
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[Fig. 1] The schematic diagram of on-line mining
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[Fig. 2] Structured tree (above 6% support)
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