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Abstract High correlation rules are more practical than traditional association rules, but existed correlation rule mining
algorithms are almost apriori-based. This results in the difficulty of finding correlation rules with low support but high
correlation. In this paper a new algorithm called MNI is introduced to use the lower bound of Phi correlation coefficient
to generate all candidate negative correlation items and reduce explosive search space. Both the completeness and cor-
rectness of MNI are proved. Negative correlation rules are mined using reliability measure without directly counting the
number of negative correlation pairs. Experiments on real datasets show that the algorithm is quite efficient in negative

correlation items mining.
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KNI A T I R A S BB F M A A &
KR, HMZRBEELHAIT T EHRR, KPR IELD
Pk 2 apriori WA fp-tree HE , BE, A FE-
BEREEROXBEANZSEYFELUTRE. RE A=>B
REGR/PIHE BREEEROERMAN,HE A BKEY
LR B9 (BREAM ), BV EMZIE KR LA (HRD
FOMKME, MR 7S [3] BB, B b Fl
R Y #TBEEME, BFEB P(AAB)/(P(A) » P(B) %
¥l A5 B ZIEFERIE SUMXHE. A B RSHFEMMEX
HREREATRFENT HE GESXFE-H XM : Low
Low,High-Low. High-High.Low-High, L-L ®1BA& AR T
X N E, H-L MNFFENRTALR Bk A, H-H RR %
MERE,L-H WEEFHEEFEFTATREROKLER
FHBRYMUMHEME R Z [ KT KR, WXL E
Sr3&rp QYRT LR RIZ M A B0 B R IE K & B IR s 51 an A
BPHMEHGLRZAEMXR. REZEEHCHERN(H-H
L-H &) HASH B R ALE RA LB L.

XFFE-BREEERR L EALE k1 SR ER E ™
A kARRITBOM, 2RVE R apriori #EFX RETUHAT BYBL B
BEHH L™ kR, B BRENEBRER .
EFETRER EAAREERERIUIN. RAZRSHIR
HBIR AR Apriori-Like # 3k, (B R ZKW & AR T2
H-H st H-L B30, TT A 888 T4238 L-H B0, B4
— B /N SR B B SRR AR, WU BB ) A S R Rk 1K
B, BRI K RS EE LA RE A KT I ERE
K

BB XN IZEE L REA FRT Apriori-
Like 35k (030 , — MR AEIS 0 k-BURTUERY En E 5
XM, W3X[3)FR pXFFEE X T BB EM,
(417 LS5 B _E 554 U0 YA 400 J0U 6 P 45 4 1 5K K
B, X[SHTe T YHEKRRT 2X2 At ¥ it FERNR
B R —Fh T RN AT R R, (BRI B A R 5
BRI . L6107 A AR FIE AL B9R 8 A AL 589
kS M INAERE_E DA B/ 68 B BE B o9 9 i AR A8 , SO
SRR B R (kST — (ke BRI R kRS
W, {E 2 kI ENRER k—1 FRNDARBHEHN, HitH

OXXHRERSERRLERICRAG XS B TREBAR T 7 BRI 4L 30 5 1 B2 8 (B 445 20030487032) ¥t B, &K= 1§
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#AIRETF Support-Confidence ERZEW. X[7IRMEF
ST BORIE I, ok BAE kAR L SR I RY bl s MK
RERAEHRHIET.

MR R I apriori Z{UUHE I, BT A HI M 25
FRIR—THL. EEREAM apriori #F W, B4R
HIE AN B9 R M AE TR 2 A AR YE B K (8178 Naive 2L
FRTFT. X[8]HEM L RME—IE Apriori-Like 8, B i1
T 4%t SRR TXT A2 TR 4 R AT Phi HE BB
R MG FRS A B E R T REMHETT B E .
FEESBARE S, XN B RBFRT TREF SRS
SHAKE S S —LH 5, Hlin 68% K T s E R A E
ML oEr. AHGNHR T RN R EE 4, 5
FHELMUAAFREEEMNE X, HXFEHEHN, fH
EMNSIE VA, KRR EFESREET REAEE
ML THARS, TRSEIEBERENTH AR5, X8
ST 2 T 6 BRI

A3 S ZE A Phi M6 R0 T RE8/MIUH LT X 4038
275 (8], AT R A PO A PR P78 26 B0 SRR 26 0T %, B ok
S BRAGHIE R S BLIE A0 UM LN, ZE R T FT SR BE FE B
MHIETUR SR AR A , 41 X B H 4T S0UH 26 %+ 3
S ) [T , 382 HH— i S0 I 26 T B — S AL R TE I
P IRIE oy

XS T 55 2 AL HH LS, B 3BWANER
GBS, 55 4 TR4PXT I o5 A0 58 2 0 A B 447 4F
91,55 5 MR M ERER, BE VAR TERE.

2 \EXE|

B I={5L, L, -, In} & m NAREIM (items) HIEAF .
BE—NBHFWEE D, P E 1 FEFH T(transaction) J& I th
—HMAMNES, B TSI, TR, {UERBIT A.B ZH
MER,A€l,Bel,

A& 1 Tablel =% % ¥4k

B —B Row Total
A f11 fl0 fl+
—A fol 00 fo+
Column Total f+1 f+0 N

148 X B (Item Correlation) {3 X (A, B), HHXHE
EXLNR .

— foo S — for f10

vy ey vy e

M X #§ 8 (Item Support) I A BZHER D FEFE
BWMA B, s(A)=PA); W3 (A, BYR X FEHR D +H
FEIWMAMBRENE S, s(A,BY=P(A,B),

N TT M BE(Rule Reliability) St A=>B,a[$§ ¥
RBET A HBUERT B HBLH SR 4 ¥ B Bk 3 A9 K
E2ZRENEE,(A=>B)= P(BIA)—P(B).

iE48 X 3 A (Positive Correlation Rule) £ X A=>>B
RIEREHN, ZEOW T (A, B) RIFHXBY, B} ¢4,5=> min-
corr; QN A=>>B RAT$EH), B} (A=>>B)=Zmin-reli,

148 3£ # W (Negative Correlation Rule) EX A=>
—B R AHEERN,EFOTXF (A, B) R HHEH,BP dap<<—
mincorr; QMW A=>—-B BAT £ M, B r(A=>—-B)=

min-reli,
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3R SR 8 min-corr 1 min-reli 4310 P EHE
JNHIEEE BN $R B, B min-corr>>0,min-reli >0,

3 SUEXARNHEE

3.1 ¢HXRMHTR
BEHXRY da5  HIEEMELE, 748,
!oo fu— Zol fio — (N—foa _,[mf—fn ) fu _fm

¢, =

-8 V f+o f+1 for fr+ V f+o fe1 for fr+
Su_fafir

N NN _ s(A,B) —s(A)s(B) D
[frofrr1for frv  V/s5(As(BYA—s(A))(1—s(B))
N NNN

X[BIHE LR T ZMEXRBAFELR, FHTLURER
WEHXEMXM W ESE., SOCHEBZHXREEFEET
.07 LSRRI M RS A .

HAEEDR A :sA)  s(BYB{0, 1} Byt 65, (DB S5
4 0,84 Fdh 0(RRK(2)) . HERSTF s(A,B)—s(A)

*»s(BYRBRT A,B—2HBLMEEM A f1 B S0 H B AHK
BZER MARMAMSHLRER —MIRANER B4
AR AR E AR, T RS E.,
s(A,B)—s(A) » s(B)=
s(A,B)—0=0—0=0,5(A)ors(B)=0
{S(A,B)—S(B)=S(B)—S(B) =0,s(A)=1 (¢))]
s(A,B)—s(A)=5(A)—s(A)=0,s5(B)=1

ERT SHXRBMTRAESAB=0HER,H

Neeve ) &
vV (1—s5(A))(1—s(B))

HE8E AR R AR, RATAEE A BFEEML, M s
(A,B)>s(A)s(B) s $a s >0 RZ & AB AR AL, U 5
(A, B)<s(A)s(B)» $4,8<<0; & A.BARHIX, W s(A,B)=s
(A)s(B) s$4,5=0.

HF 0<Cs(A, BY<Xmin(s(A) ,s(B))
0—s(A)s(B)

$a,5=>
V5(A)s(B) (1—5(A)(1—s(B))

Vs(As(B)
v (A—s(A)A—s(B))

3.2 OHXRETANSHGREANREA

TE2 RGP, IR s(A)BEE, M lower($a.5)BE s
(BYWI KTIR/A .

iE BB : lower ($,4,5) = —

SA 1

vV1—s(A) \/ 1
——1
s(B)

T Bl.B2 X RFEHREUT AER:0<s(BD,s
(B2)<1,

# s(B)>s(B2),H

1 1

Vian! Vidp!

NIXTHF Y s(A) , lower($a,m )<< lower($ g

EE3 BF s(B)>s(B2), MiNE lower($a,m)> —
min-corr, W (A, B2 REHRHXH,

EEE i EHE 1 AT M1, $a.; == lower($a,m ) » $4,5 = lower
($a.m2)0

lower($a,p)=—

s(A)s(B) - —
vV {(1—s(A)(A—s(B))
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e 2 fTa, S RRE s(A), ¥ s(B>s(B2), K
lower($s,52) > lower($a,) .

IR lower($a,p )>>—min-corr, 5S4 EM 1 M EH 2 7]
.

ba,p2 = lower ($a,p; ) > lower ($4,5 ) > — min-corr, M T
(A, B REHRXH.

4 apriori ¥ A B8 TR XS BT BT , 3F & A m A
WM S L m=1000 i€, FIEEER 2-HXTEH C=m
* (m—1)/2=499500 %t , £ K 3-HXMNAH Ci=m* (m
—1) % (m—2>/(3 » 2)= 166167000 F# 0 &,-. HTZ
FIRFESHRH L ST EX 2 SHEHWHER KL
5%, FATHE 3 RMNITUBRSBRAELTTHM. B
iR A m AL, L, -, L}IEBEMRIEENE
FHEF BRI E (la, o, oy 1a.), M lay TR KRS
HE (Iays Iay) - (lays Iam ) 3 ( lag,y Ias) = (layy Ian)s e
Uam-1+ Iam) . ZEFEFANY Ia (i=1,2,,m— 1D R B M
BTN, IR I G+ 1< <<Km), {18 lower($la;, Ia;) > —
min-corr, WRE E 3 3, L BHITXF (Jai » Ta;+1 ) EBA AT HEAL,
R FUREST AT LA B SRS TN RSB A P HEBR . XM
—A 7 BRI La; #9681k &K (stop point) .18 st,

3.3 GHEXMUAFRETH .

FIXF (A, B) 2Z () F74E SR 26 56 7 » U AT B A 40 W 72 =X
H A=>—B,—A=>B.B=>—A.—B=A &, HK
BERETREXBEHANMGIESEG. REEREN
RERNESGHE  MRETE p(A), p(B), p(—A), p(—B),
p(A,—B), p(—A,B), p(B,—A), p(—B, A), Btk
B p(=A)=1—p(A), p(—=B)=1—p(B), p(A,—B)=p
(=B, A), p(—=A,B)=p(B,—A) JiREEITH A.B.(A,
—BYM(—=A,B)MZ R . MRTSCHrE, fImxt &3 E
ETERESHEERFBREREREMt A4S, BELE. 0
R A B WERFECA WRBAK s(A, =B = s(A)
—s(A,B),s(—=A,B)= s(B)—s(A,B) , XA{UFk T ATt
R R, T HAG (A, —=B) MI(—A, B IFAN X ES
—FB R AB KM IZRFE. BEBU L, RIS TR
BEHEARIT

AA=>—B)= P(—B|A) —P(—,B>=L(;}—(';;—B) —»

_s(A,—=B) 5B

s(A)

s(A)—s(A,B)
s(A)

s(B)—s(A,B) __

(—=B) s(=B)=

R, (—A=>B) BB _ g,
r(B=>—,A>=@)—S_(§;‘—’m—(1—s(A))
e _s(A—s(A,B)
rH—B=>)=SB =SB _ 4

3.4 fEXENEENE
3.4.1 $iA0% MR N MNI

NegCand=¢; NCP=1¢; // NegCand ¥y {& 1k fi I X} £
4 NCP Rfa xS
scan database to get supports of all single items;
VEC=ssorted items vector (Ia;, Ia;, *** , Ian)according to
descending support values of items;
for i=1tom—1 do
VA—s5a:))A—san))

lower('ﬁ» Ia;, Ia,)=—
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if (lower($, Ia;,Ia, )<< —min-corr) then
for j=i+1tomdo
NegCand= NegCandUJ {(la:, Ia;)};
endfor
else
st= BinSearch(i, VEC); //binary search the stop
point for Iu;
for j=i+1 to st do
NegCand= NegCand J {(Ia;, Ia;)};
endfor
endfor
scan database to get supports of all possible negative pairs
(Ia;, Ia;)in NegCand;
for each (la;, Ia;)in NegCand do
sla; s Ia;) —s(la;)s(1a;)
V's(Ia;)s(Ia;) (1 —s(Ia;)) (A —s(Ia;))
if ($u,, hj< — min-corr)
then NCP=NCPJ{(la:, Ia;)};
endfor
return NCP
3.4.2 fiAmXMR A % MNECR
NCR=$¢; //NCR R XHANMES
for each (Ia;, Ia;)in NCP
if (r(la;=>>— Ia;)= minrelD)
then NCR=NCRU{ Ia;=>— Iq;};
if (r(—=lIa;=>> Ila;)= minreld)
then NCR=NCRU{—Ia;=>> Ia;};
if (r(Ja;=>>— Ia;)= min-relD)
then NCR=NCRU{ Ia;j=>>— Ia;};
if (r(—lIla;=>> Ia;)= minrreli)
then NCR=NCRU{—Ia;=>> Ia;};
endfor
return NCR

4 ®E MNIELHR EREIER

EeWH LTI LS N S, #EdHEk MNI KEH
WXIEEA KR S2,

seetE PV =(A, BYES],H =€8S2,

iF: R, B I BAMAAXRMNX,Y)ESL A
(X,Y)¢82,

MBE MNI 7] L8 A, X (Ja;, Ia;) € NegCand, J1 R
¢hl.. hj < —min-corr, Dlﬂ’ﬁ (Ian Iaj) 6 529 Ehlﬂﬁﬂ'ﬁ] SZQ
NegCand, & FRBEPHHHEXM(X,Y) € S, B (X,
Y) & S2, Al X3 (X,Y) & NegCand,

HISR(X,Y) & NegCand, lIl- 43473 & 7T LA B15E , b #H 56
Xﬂ'ﬂ‘f{&ﬁ?%% NN= { (Ia;s Iag+1), (1ais Ia;-m ),y (Taisy
Ia,)}(i=1,2,-,m—1), BEBRBEH 3 RMNELMHE, 5
4 NN i E— TR R AN, X 5BEFE.

E#HHEIEB Yz =(A, BYES2,H z€S51.

iE: XtV zx =(A, B) €S2, BIEBENH Pas<<—minr
corr, M BHRAXHE X, (A, BYRHAMHEX, B z€ 51,
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1 #9538 R A4 nCandPairs B IBEE MNIREEF4AK
Bk S LT, WS FR BT AT E LT .
pruneRate=

nCandpairs
(nltems—nBoundItems) (nltems—nBoundItems—1) /2

5.1 WiER#ERXEIRE

BT RS AREE BT BB, KXt
RN, AL RATLHIRSE. FERAMHBEESE T, Chess,
Mushroom, Connect #3E4#3% 8§ IBM, Pumsb, Pumsb Star
BB K B UCI Repository!', #¥IBEMIFLEINE 1 BT
Ro LA PentiumlV, RAM512M #L£% F @1, OS N
Windows2000,

A1 BBEEHER
¥{B%E Data Set | T #Item | TR # Record
Chess 75 3196
Mushroom 119 8124
Connect 129 67557
Pumsb 2113 49046
Pumsb Star 2088 49046
5.2 #MY=E

ME 1 FIE 2 FTLAE W, RE A M RERNRIT A
AR, BREEE B/ MEX R BRE RIS A, RITRE A L H
£ 50l o) < E
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B2 UCIBERRBIBFE

5.3 EfTHE

Connect, Pumsb, Pumsb Star #iE4 F WS M BT
B (B bR i 3.4.5 Fim. RBTRATRLE1TES RIER A Bah
S BEEXRINE XHFTHELR, MR /E 89S 1766 B
ER/PEXEREMMKTGREI TP . Chess 1 Mush-
room ¥UESE R MR KR, BB FRIBELXD,
BN EEETHE LR EARAE, EHAENY.
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REREREI/NTF 0.3 57, FEHT] 89 A XTI B0K18
g gt4IE, AT 0. 3 Ja B S A RN B4~ B Wi >
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BOAEE R/, # FEOF B AR A B B AT A

HRBRHRELE A CRHKFEEN phi X REH
TR SR X MR 6 ARLHIBR EHXE
R, RV RBEE B/MAX RBRE SR TR, BBV /E 1
BATH AR T SR BYBT A9 B 1T B 1B K 4840, T EL X FPR %
FEREREE B/ XRBORARKM TN, SR,
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1;banana 7 400 MIZREEAR, 4900 M TIRAEAR, 2 HE8 AL 58
Hi 4B 2 1;Breast Cancer Data Set # 200 PMillghie &, 77 4
WRAEER ALK E O M BHE 1. XEHIBAHF 100
HINGAFEARF 100 HIE AL, XBEEE—A#TTEY
IR,

HRRAX7T]HH KR T O ER %N
Bt QPMSVM, REFRAARITHR MR T 89k 2%
By (LPMSVM) #1433 3 (LPDMSVM) # 175 L L 1 .
SRR W FRB R M=/ PR E, R RE R
BAERAMBEY , BEBRBR K EAW AR L.

# QPMSVM 1, | C=5,4=0.3, ZEXXHFHH
WP RAHRIA S8, H b, German (38 #11 breast-cancer
AR B C=5,5" =0. 0001, banana FIBHE C=5,,=0. 3,
ZRHEENSRERINE 3 FIR. ARPFATUER,XXH
MEEIRR T RIFNAEEE, TARFETHRE L K
HMUATHEEEFTEEARGEE, LRI R B BT HEE
B,
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it FURE-RSRBA BT —METRER
B RF XA ERHABIER . AT = RIEL LRI
BHOTELRBREZVR T M BT HRER, WHEAE
RIFRIFIIIME . LN KBRS 5 2 R RT , 7T A
RASMEERERE. B EXHHEBRRELT —MeEE
R, A UE—ERE b RERAH—AEEWH,
BERY AT LU L BE K /D0 4 B AT M .
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