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Frequent Itemset Mining Parallel Algorithm Based on Chip Multi-core
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(School of Computer and Information, Anqing Normal University, Anging 246013 ,China)!
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Abstract The main work in association rule mining is how to find mining frequent itemsets efficiently. When the exis-
ting frequent itemsets mining algorithms are analyzed, it can be concluded that the computing scale will increase sharply
with the increase of data scale. So association rule mining in large data sets on PC platform is difficult to get desired re-
sult. Combining the advantages of Eclat and dEclat algorithm, PEclat, an efficient parallel frequent itemset mining algo-
rithm was presented. PEclat runs in the multi-core and shared-memory computing environment. It works as task-level

parallel and can process large data sets. The experiment states that better performance can be achieved regardless of the
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data density.
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PEclat(file, min_sup) {

initDataSet(T) ; // BB S IEANFE

genEclatCk1(Cy) ; //H4% Eclat /=4 1 TisE

compute(a) ; //{HERHHT

if(a>>0. 1) genDiffset(DiffSet) ;

for(K=2;Lg #®; K+ 4 {
parallelGenLk(Ly) ; /3477 K Wi
Lk=shuffle(Li1s***Lia) ;

}

}
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ArrayList{Eclatltem) tmpL1Set ;
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}

}

parallelGenLk( ){
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accidents 33, 8MB 340183 11500870 33.8 468 0. 75@0. 5
chess 334KB 3196 118252 37 75 0. 8@0. 6
pumsb_star 10, 7MB 49046 2475947 50.5 7116 0. 52@0. 35
retail 3.97MB 88162 908576 10.3 16469 0. 0035@0. 001
T1014D100K 3. 8MB 100000 1010228 10 999 0. 02@0, 01
T40T10D100K 14, 7TMB 100000 3960507 39,6 999 0. 087@0. 05
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# 2 accidents FER(s) # 3 chess &R (s)

¥#H Apriori Eclat PEclat ¥ K Apriori Eclat PEclat

0.5 800.9 HH  16.3 0.6 2781 36.7 310.2
0.55 386.3 W 8.9 0.65 85.8 541  49.4
0.6 202. 8 5 H 6.5 0.7 30. 4 7.1 7.9
0. 65 102, 8 13. 6 5.6 0.75 11. 8 1.5 1.4
0.7 51.8 8.6 4,7 0.8 4.5 0.4 0.3
0.8 14.9 4.7 4,3 0. 85 1.5 0.1 0.1
# 4 pumsb_star &R (s) %5 TIOIMDIOOK 4558(s)

¥ %% Apriori Ecdat PEclat ¥## Apriori Eclat PEclat

0.35 1377.9 #d 45.6 0.35 1377.9 @ 45,6

0.4 340.1  12.3 3.5 0.4 340.1 12,3 3.5
0.45 43.1 3.2 11 0.45 43.1 3.2 L1
0.5 14,9 1.4 L1 0.5 14.9 L4 11
0.55 7.8 Lo 0.9 0.55 7.8 1o 0.9

#6 retail R (s) 7 T40I10D100K &5 (s)

% ¥ % Apriori Eclat PEclat %¥% Apriori Eclat PEclat
0. 001 #ut 14,2 8.8 0. 05 641. 4 8.7 5.4
0. 002 # 4.7 3.0 0. 06 398. 8 58 3.8
0.003 1152.86 2.1 1.6 0. 07 240.9 4.4 3.3
0.004 425.346 1.3 0.9 0. 08 140.5 3.5 2.4
0.005 175,784 0.9 0.8 0. 09 89.1 2.5 2.4
0.006 113.006 0.7 0.6 0.1 52.2 2.2 1.7
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