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3) Ck=aproiri_gen (Ly;, min_sup);

4) for each transaction t D{ /3% D HTit¥

5) Ci=subset (C, t); /A3F] t KIFE, B
RARE
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8 }
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8 }
9) return Cy;
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Data mining algorithm of association rule was used to analysis basketball
matches technical-tactics

QU Jing-li, LI Da-yong, SONG Guo-giang
(Public Physical Education Department, Hebei University of Engineering, Handan 056038, China)

Abstract: This paper discusses the application of data mining algorithm of association rule in basketball match.

The process includes two steps. The first is data collection. Finding out the focal process of action transition
improves the speed of data collection, meeting the deamand of the instantaneity of of data coleection. The second
step is that the apriori algorithm is applied to find the association rules in the technical-tactics of the match to
provide a scientific basis for coaches’ guidance and decision.
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