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Abstract: This paper presents the basic concepts of negative association rules firstly. Then the characteristic of negative
association rules is analyzed and some algorithms are introduced. With a correlation coefficient measure and pruning strate-

gies, we present an efficient algorithm for mining both positive and negative association rules in databases. At last, we

point out the research object.
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FKBEHL M (Association Rules, AR)IE#E# R. A-
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R RERALI , X =FIE A& R RPN
M3 (Negative AR, NAR). BTN X=Y 28
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T4E X MISZFEE (support, fR1C 4 supp) BHEHE
FHETEE X NEFBEFREESFHEZL,iEH
supp(X), ERMZE P(X); N X=Y FEFHFEIE
FED PHXHFEREFETLIX MY MEEHK
S5MBEREREFHRZ, 12N supp(X U V), ERER
P(XU Y),B

supp(X U Y)=PXUY)=I{T:XUY
ST, TeDlI/1DI
He, | D BREFEERE D PFHEFEH

BN X=>Y EESHEED PHERE
(confidence, &304 conf) Ef5FIEE X flY W
ZHE56ES X WESHZH,IEH conf(X=Y),E
REMEE P(Y | X),H:conf(X=>Y) = P(Y |
X) = supp(X U Y) /supp(X).

1 I H ) Py 32 45 B RN B BE AT LA A I 6Bk
P B AL E Bk EN IR E BT .

(1) supp(= X) = 1 — supp(X);

(2) supp(X U Y) = supp(X) — supp(X U
Y);

(3) supp(7 X U Y) = supp(Y) ~ supp(X U
Y);

(4) supp(( X U 1Y) = 1 - supp(X) -
supp( Y) + supp(X U Y).

iR BFEENE X, RESS B f B K
BEETE .

(1) conf(X=7Y) =

supp(X) — supp(X U Y)
supp( X) ’

(2) conf(7 X=Y) =

supp(Y) —supp(X U Y)
1 — supp( X) ’

(3) conf(7 X=- Y) =

1 — supp(X) — supp(Y) + supp(X U Y)
1 - supp( X) )

B EREX AT HMFEINTRE:

@ conf(X=>Y) + conf(X=>7 Y) = 1;

@ conf(7 X=Y) + conf(q X=7 Y) = 1.
2.2 HXMMENEE
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supp(X U Y) 1)

supp( X )supp( Y)

corry,y WEA VAT ZFEAL .

(1) W5k corry, y > 1, A X MY IEHE, T
X HAMWBE E Y HHANBEE;

(2) AR corry,y = 1,04 X fY ME IS, T
£ Y WL ETE X XX;

(3) 1R corry,y < 1,H84 X Y futHk, Wik
X AL, HE Y BB

AR E X A TR e,

EE1 WRUE X AY EMEXL, IAEEN
FKEBMMER N . X=>Y 4 X=> Y.

EE2 WAL X MY fifx, BasEg
KB . X=> YE 1 X=>Y.
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(1) BT AEXFERTEB/DZFE (min _
supp) BYTREE (Ttemset ) , X LETEEFR A ST EIE L.

(2) MASE () LRI ETE L WERHRD
BfEE (min _ conf) A B H B XBRAM.
B . Xt F&E—1 L B L FiEESTEL, WER sup-
port( L) /support(/)=min _ conf B4 FA BB A 2 BE
MW 1=>(L - 1).
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