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Research on Improved Apriori Algorithm Based on Compressed Matrix

LUQO Dan LI Tao-shen
(School of Computer, Electronics and Information, Guangxi University, Nanning 530004, China)

Abstract Aiming at the deficiency of the existing Apriori algorithm, an improved Apriori algorithm based on com-
pressed matrix called NCM_Apriori_1 was proposed. The improvements of this algorithm are as follows: (1) adding two
arrays to record the counts of 1 in the row and column, so that the number of scanning the matrix can be reduced during
compressing, (2) deleting the unnecessary itemsets which can’t be connected as well as the infrequent ones in compress-
ing matrix to minify the scale of matrix and improve space utilization, (3) changing the condition of deleting the unneces-
sary transactions to reduce the errors of the mine result,and changing the stopping condition to make the number of cy-
cle decreased. Algorithm performance analysis and experiments results prove that the improved algorithm can mine fre-

quent itemsets effectively and has better efficiency of computing than existing Apriori algorithms based on compressed
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matrix.
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Statolag 210 (0,801 12.4462)  (5.056 343.32) (0.2 3000)
Balance 22 (3362, 64 62.4015) (331857 102) (5 3000)
Wis 2-2 (10,0714 104.853)  (180.0 412.07) (0.2 3000)
Indata 22 (0, 4879 6. 4259) (0.3213.835) (0.3 5000)
#6 UCI¥ESEL 3 FrsmiisigE

L& SWLSSVM LSSVM SVM

Credit 89, 156 85, 627 88. 888

Cancer 95, 614 95. 3216 95, 609

Tonosphere 96. 022 92. 6136 87.73

Iris 100 98.7 100

Liver 69. 364 66. 438 68. 076

Statolag 80, 741 77.778 92, 682

Balance 96. 805 96. 4856 93, 617

Wis 97.193 96, 1404 96, 674

Indata 88 82 87. 888

FIh A ROC LR A B 3 -— 407, ROC R & 4R
B—RIRFEN 8 H R UEHERGE8ED PR,
TR PR (-5 B0 AR HI A B4R, ROC B4R R i
EE5RFEUERRFESEEE R, THHRBZ T RER
HERBURMER LR, AR T HEREX, A ERE; R
B BRI EE NN AR, RRE. R
SEBR A RE MR EENME., B2 48 T UCIEHESE
11y Ionosphere ##E A ROC iR, WX MBI LR REFE
SWLSSVM BB RMBE.
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