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FP-array-based Improved FP-growth Algorithm
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Abstract In FP-growth algorithm, two traversals of FP-tree are needed for constructing the new conditional FP-tree. A
novel FP-array technique was presented that greatly reduced the need to traverse FP-trees. A improved FP-growth al-

gorithm was presented which uses the FP-tree data structure in combination with the FP-array technique efficiently. Ex-

perimental results show that the new algorithm works especially well for sparse datasets.

Keywords FP-growth algorithm, FP-tree, Sparse databases, FP-array
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#1 FHRYHHRER

M 35 BAERAE MEEARX REEHE FHEHE HiEms)
100% o 000 100% o rogl 220
2lcn 100%) 100%(99%) 100%) 99%(98%) 61D
3553 99% 99% 99% 95% 332
(99%) (98%) 99%) 93%) (464)
sdou 100% 98% 100% 96% 136
P 100%)  (97%)  (100%)  (94%) (252
shouii 9% 100% 100% 95% 253
! 99%)  (100%)  (100%)  (95%) (374)
net 9% 100% 98% 95% 152
o 99%)  (100%)  (98%)  (95%) 231

#2 HSRYKHRZER

3% HEEAE MEEAE DEFEHAL FAEE  HE(ms)
chaolong 100% 100% 100% 9% 71
chinawj 100% 100% 100% 97% 164
Wib2b 98% 9% 100% 94% 126
wujin, xd55 100% 99% 100% 96% 207
cn, easthardware  99% 98% 100% 95% 54
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