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MRECclat: new algorithm for parallel mining frequent itemsets

ZHANG Zhigang, JI Genlin ', TANG Mengmeng
(School of Computer Science and Technology, Nanjing Normal Universitys, Nanjing Jiarngsw, 210023, China)

Abstract: Aiming at the problem that the memory and computatienal eapability is insufficient while using Eclat algorithm
to mine frequent itemsets from massive dataset, a parallel mining algorithin basedeen Map/Réduce framework, called MREclat
(MapReduce Eclat), was proposed. Firstly, MREclat algorithm ‘converted the¢horizéntal database into a vertical one.
Secondly, it redistributed the converted dataset according to the furkt itemgof each frequent 2-itemset and load-balance was
taken into consideration while distributing datasets. Then{ _all>the frequent ttemsets prefixed by the same item were computed
in each computing node. Finally, MREclat algorithm collesied thefresuli/of each computing node and generated the whole
frequent itemsets. In this paper, the idea of MRE&lat)was introdficed“and the performance of the algorithm was studied. The
experimental results show that MREclat algoxthm i€ twice as%efficient as PEclat algorithm, and the speedup performance of

MREclat algorithm is 64% higher than tha of PEclat.
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Bottom-Up(F) |

1) foralll; € F,
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2) Fipy = @;

3) foralll; e F, i <j

4) N=LnI;

5) if N. sup = min_sup then
6) Fk+1=Fk+1UN;
7) end

8) end

9) end

10)  if F,,; # then
11) Bottom-Up(F,.{) ;
12)  end
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