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Algorithm 1{CF_X AR).

Input : D(A Set of Trees), min_sup.

Output : FS(Set of all frequent HILoP).

WFS—F—C¢o

(2) maxDepth +— maxDepth(D)

(3) for i — 0 to maxDepth

(4) Given D, Make the PairSet[P] layer by layer.

(5)FS « CrossFilter{[F],[C].min_sup )
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Algorithm 2(CrossFilter).

Input : FrequentPairSet[F), CandidatePairSet[C],
min_sup.

Output : FS(Set of all frequent HILoP).

(1) for d:=0 to depth

(2) Separate PairSet[P]? into [F]¢ and [C]¢ in accor-
dance with min_sup

(3) FS:=FSul[F)?

(4) for d:=1 to depth
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in (€], [C1*-1)
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