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ABSTRACT

Recently, Mining negative association rules has received some attention and proved to be useful. Negative
association rules are useful in market-basket analysis to identify products that conflict with each other or
products that complement each other. Several algorithms have been proposed. However,
questions with those algorithms, for example, misleading rules will occur when the positive and negative
rules are mined simultaneously. The chi-squared test that based on the mature theory and Correlation
Coefficient can avoid the problem. In this paper, We proposed the algorithm PNCCR based on chi-squared
test and correlation is proposed. The experiment results show that the misleading rules are pruned. It

suggests that the algorithm is correct and efficient.
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Association Rules Generation based o
Chi-Squared and Correlation)

Input TD, minsupp, minconf, and corr |
respectweiy Transactional Database, minimum
support, minimum confidence, correlation.

Output AR: Positive and Negative Association
Rules.

Method:

g?{ PAR=@; NAR=O; [*positive and negative
sets*/

5:2) scan the database and find the set of
requent 1-itemsets (L)

Algorithm : PNCCR(Positive and Negative
n

(3) for (k=2, Lia#0, k++){
(4) Ci= L1 P94 Lia
(5) foreach i & C; {
(6) s=support(TD,i)
/*support of item i is computed*/
7) if s=minsupp then
8) Ly < LU {i} /*item i is added to Li*/
9) foreach X,Y (i = XUY, XNY=2 ) {
10) corr=correlation(X,Y)

= sup(XUY) / (sup(X)sup(Y))
(11) if corr>1 then
( ) if X2> X21,0_05 then
(13) if sup(X->Y)-sup(X)sup(Y)>0 then
(14) if confidence(X—Y)= minconf then
(15) PAR<— PARU{X—Y}
(16)
(17)
(18)

P

if confidence('X—Y)=minconf then
NAR < NARU{X— Y}
if corr<l then

(19) if X2> X21_0_05 then

(20) if sup(X->Y)-sup(X)sup(Y)<O then
(21) if confidence(X— Y )=minconf then
(22) NAR<NARU{X— Y}

(23) if confidence( "X—Y)=minconf then
(24) NAR<NARU{ XY}
(25)
(26)
(27)
(28)

N

5 }
2
27
28

©))

}

return PAR, NAR
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