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Minimal Association Rules Mining Based on Itemset Dependency

MENG Jun WANG Peng ZHANG Jing WANG Xiu-kun
(School of Computer Science and Technology,Dalian University of Technology,Dalian 116024, China)

Abstract There are excessive and messy rules produced by traditional association rule mining, many of which are not
relevant to users’ interest, Minimal association rules mining algorithm was represented based on the concept of minimal
association rules-set and strong dependency between items. Not only avoiding checking whether every non-empty subset
of one frequent itemset can form an association rule, but also simplifying the traditional rules set by deleting those ex-
cessively complex and reduplicative rules. The support and confidence degree of most redundant rules can be derived
from minimal association rules set, which achieves a nearly lossless representation of the traditional rules set, The re-
sults based on four benchmark data sets from UCI repository show that the number of rules generated by proposed

method is reduced greatly and those rules in rules set are more briefly without reduplicative information. This provides

a better way to find minimal association rules.
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ERITBIFE BAR K 2B T A B 50 A B SR ML = dn
Al R BUE A B AELAS 72 A LA R P[RR (D X T ITAR M
WA R S5 TP B B AR A R 5 (2)
A5 DRGSR B IR R RN EE R =
AERBEIURK EENGEL METHPEH. TRl
[ R, A SCHE i IR 22 JB) BB E R 32 HH e/ DR R AR
WS BBE, R A SCIZIRE . RBE BRI ER
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H BN BCE R AR L T8 2% 3R 5 0 AL 4R B R A
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2.1 FHER

B I={i,iz i ) RESBWE D PRATNES,
WABNFS  HAFE TR, BWE (=1, — KX
W ralR/R R X=>Y HERX.XCLYCIHEXNY=0, &
Sup(XDFKR D HEE X FE MG AKLBKN r. X=>Y
i SRR 8 SCR - Sup () = Sup(XUY) , BAFBE & S A : Conf
(MN=S8up(XUY)/Sup(XD. CEHIMZ M EER L X FF
EHEERES K TFHSERENRNIERE « MB/NE
EEEEME ¢ M, A3CH 2RI\ REMNES,
B 9= {r. X=Y | Sup(r) =e, Conf(mn) 29, XCLYCI H XN
Y=0},» KRR L= |X|+1YI|,
2.2 BNEBHW

A SCE LT A TRER AR B8 X 45 f H0 000 i 5 4k 0
HMEEG T EIT, AT RIS/ N B NEE . B/ B
BORM R R AR E HE B RX BRI, HEEL
TR B /0 B R 2 125 A U 60 R 20 61 R U R i B )
EHMEN. 4 Conf(r: X=YV)ZA(-BFR T <A<l HA
BB RFTEETHET DEL AN » BRI
Y &AM X ZIRFETE— R R IR OC R, ZHERT
EAVAR R B AR T AR, XA SCRAR R R
MEEE AN —NTEIEHGRRBITCRHRNEEES 2L
PR A5 B S T IR AR AL I AR ) — RO U TR Rk Ty
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EX 1 Y r.M=>N,2 Conf(») 22, MFRTLE N 5170

B M AEAESEARRIE R T re M~ N, BT A SR R b
IR RE . B9 Fm T PETE KR m H5RIK
BXRR W B={lr€% HLG) =m}, Hpm=2,-,
nsm O G PRARIKBIC R EE .

AEEH, % PREBEBEASNF A BIEHN .

EX2 WY rXo>YERE T M—>NEG HKE
LGO<<L(») FEHBIT 3#FERL . (DMUNCEX; (DOMUN
CY;(OMSX HNCY AF 1 #gar, Wikh r B—KITRK
ECHLI

EFE1 BHMNXYCLWERHWAZ S HEE
M-2=N€ Gy B4 B 4 MNX=Y, X=>MNY, MX=>
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NY F1 MX=N BN B9 2 %5 5 #0 8 {5 B 4 50 70 BB i MX =
Y, X=>MY,MX=Y il M=>N B i1 & 45 Ao 50 00 0 = o B8 R &
fBHESH.

WE . T M >N 774E, B8 4 Conf(M=>N) = Sup(M
UN)Y/Sup(M)=a, H a1, ‘" RAE TR H4#EET. B
. Sup(MUN)Y=Sup(M) . (DXFFHM . MNX=Y, Sup
(P =Sup(MUNUXUY)=Sup(MU XUY) = Sup(MX=>
Y);Conf(»)=Sup(MUNUXUY)/Sup(MUNU X)=Sup

(MUXUY)/Sup(MU X) =Conf(MX=Y), B, M—>N
T, A MX=Y KEE R U MNX=Y f#RNETT
AR, HZREAEEETHESER. S0 X=>MNY fi MX
S>NYRIAMEEEE B, (O XTI MX=>N, e Sup
(MX=>N)==Sup(MU XU N)<{Sup(M=>N) =Sup(MJN);
Conf(MX=N)=Sup(MU X UN)/Sup(MU X) = Sup(M U
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S A EAS R TT pl R oMU B SO A B A3 B LU R L
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B/ SR B BIE o B/ NER BE B 7 AITARAK R BE I
{8 551K 3/7,6520%0 10006, MK 2 B8, B MAUKE: « A0
BT EER Y 18 AR (# 1~ £ 18), SAR Wi i 14
FRAU Ctf 1~ 4 14) , TIASCIUH ] 9 e/ N RERBLIN (4 1~
F9. Cx TFRRBRFMMFINFFERIKBIC R, # 10~ #18
HTCAR KRR, 377 8 S5 —F bR i TOA R AT e B0 2 5 B0
HFHE . PR L, B/ANRBRANELERE LA SAR JF
BB HMNE D, 3 B R BREAR TR

2 HME R B/ MRS

SIS RS2 BTN JURY Y

FE%  ®RAAN  FE  NARN XEF

#1 A=>B #10 AB=E* << #6 B>E

#2 A=D #11 AE=B* < #7 E=>B

#3 A=>E #12 BD=E* <K #6 B>E

#4 B=D #13 BE=D <  $#4B>D=H #9E=D
#5 D=B #14 DE=B* <« #7 E=>B

#6 B=E* #15 A=>BE <«  #1A=>BX #3 A=>E
H7 E=>B* #16 B=ED < #4 B=D

#8 D=E #17 D=BE <  #5D=>B#& #8D=>E
#9 E=D #18 E=BD < #9 E=D

3 RMKBEMIZIEEZ
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SIE 1 F I R—AFERTE,NNT F WEEES
HETHEBEMEN.

TER AR RITEE I W52 Sup(I") e, W] I REANEM,
HHAESITE I FMBIRE I ER @ Ur)H=0,0 1 A7
BELL I BEAE M., G, Sup(P)<le, B I* AT BER IR
., HEEMEEREA, T 1 BRI,

512" 4 X,Y,ZCI, HFBMARA N4, WD)
Sup(X=>YZ)=Sup(XY=>Z2)=Sup(XZ=Y); (2) Conf (X=>
YZ)=Conf(X=Y) * Conf(XY=2Z) =Conf(X=2) * Conf
(XZ=Y),

W (DB RERE L RPA B Sup(X=>YZ) = Sup
XUYU2D)=Sup(XY=>2)=Sup(XZ=Y); DB BIEEF
S, Conf(X=YZ)=Sup(XUY U2 /Sup(X)=(Sup(XUY)/
Sup(X)) * (Sup(XUY U 2)/Sup(XUY))=Conf(X=Y) *
Conf(XY=>2) % Y,Z HIA A IE Conf(X=>YZ) =Conf(X=>
Z) * Conf(XZ=Y) .,

EE3 BAF R—MAEE-TEGR=3), M F BR
RIB/N KBNS R : (DENTF B~ Hh m=2, -,
k=1, R'={r:i={l—1}| I#0,ICI B Conf(rn=y};(2)

HIAR=0, A FHEREMN nC€ {m+1,-k— 1}, B7#OD, I
AR ={ ri={t—0LICIF,m<|1|<k—1 H Conf(») =7},

UER X FAR O (D), ABEHEBR AR TR B0, RS 4 T
BRRITEME, TFRIER. BB RIS (FE
SERKBIL, HAHIB TR . BT R=0,4V 0 CF, K5
LR RAER; EXHERE I RN m KR AR
WETTR MR BV r = {2 — 1) €, 0 C i BT

B IR 1T —21™ €T {8 1T I CLR LT S
— VBT CU& T Sl — U e R T (e =B — 1) |
(FQ HICE N, i FHAE - 5 CLR{(m—1}
C{E—0L,BMER Tl C{t— DRIt Ci&li-C
{0 =D, W] r DAARTTAY, AR HIMT; () BAS BE/NTF 7, 8K
FHEHTE. WEES nl=>{F -1 IF0,I1CF A
[} <<m} A IRM, 35 5] 3 2 BT 40 Conf ({={# — {}) = Conf
(I=1) % Conf (U} = {—1—1')), 4 1|+ 11| =m,
Conf(I=>1 )<z, # Conf(I={* —I}) <7, BB HIBT X BEH T
8 WMFES (= =D I1FQ,CE Bl =m yhHR
W, TS UEH Conf(D [l 7 BIR/NK T, BB Z AW & I
BANT m HEFERE T LUE KA,

1 B #HAD,BRAQD,H=0 B ABCDE B—1 4
Y5-I, HEFEREABZMFEM BRI,
A=BCDE, AB=CDE,ABC=DE 1 ABCD=E Bl & %
T BB, GMAR kM REE, g FIUAM RS

B =0 58 A=BCD £ A —~B BB TUA MM, HE AR
PEE S 2 A, R A0 35 A R, £R R TT A 5 1 T
WBEEEL /NS A =0, WX FIRE 4304 G ABCDYFE
AT — 4B 7, Conf () <7, #B 4 Conf(A=>BCDE) =
Conf(A=>BCD) * Conf(ABCD=E)<(y. #M| AB=>CDE
ABC=DE F#F[iE. X80 ABCD=E, NgEHIdrH &5
BS g R ERE 3 Fritaaree, RE Bk & TR/
F 4 ETERT.

ETULEEX K EH, GMAR B R Apriori 1k &
KBNS IR 4 AT %

(DRBFAWER/DXRE RE « WMETNE, &3
FIRASCHk (13 ]88 H Az E AR 8 B s Apriori Bk,
ANEIT BRPMEERE, B2 T E R 3RHE, A
Pt EE Bt 1R T AR E TR IRR,

OB/ EBERNGE . T E—IRE k& 1, F)
FIEH 3 FINT T E— BN r HITABMBGE. &
EAETUA H Conf(») =q 19, WA r B—F /N RERHLI ,
3.2 GMAR &if#i

GMAR B 5T S BRI T .
B E SRR D, BN R B o B/NVE 15 B B o AUKEE X

FIRME A
B BN BRI,

Begin
U m=1; //RBETREREE, KEMW 1 5
(@) Li={l} | 1} (T,Sup(1)=e, IG5 //50% 19518

(3) for(k=2; L1 #Q; k++) {

(4) C=BitGrC _apriori_gen(Ly—1); //M&% k-Th4E

(5) Li={cE€Ck| Suplcrzze}; //IME k-TRELEEG

(6)  AS=MinAR(Ly,; //FKKER k FB/NRBEMN S 7L
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(7> for each r& &

(3 if(Conf(r)Z21) then add r to #; //RBUKHIE R

(9 i (FH==0) then m=k; //HTHEBREBFRBINKE
F ik

10) By = U T, s = U uT; / / HAB BT USRI 5% TR/ MHLIU

End

Hr, BitGrC_apriori_gen J7 ¥ J& — R R LR R 1 3
HIALER INE H R Apriori_gen R 2, IR AL AR B T4 12
P80 FIEV R , X AR A SR A B A A IO R 458 s MinAR
FHF EE 3 MRFEAW T8, ANl e —ERE L
BRI R BT AR RROR . R R A
MinAR (Li,n) //3K BN k BB/ TR RIS 25
(1) for each 1€ Li{

(2)  if(m==1) then

3 T={1] 1Z0,ICI%}; //$45 Az B8

(4)  else then

5> T={1| 0, ICE, ||| Zm); //KERANT m s HTE

(6) foreachlE€T

N ril=>{lk—1}; / /3R — AR

(8 if(Conf(r)Z2) then //W BB {5 HEK

€ if (IsMinimum(r,%p) = =true) then add r to #%;//T04&
el

(10) return %;

MinAR J5 ¥ H i) IsMinimum J5 8 5] F 914 2 [8) ) 38 4K
BOC R  NITTAR RN A EE R, S xR XA 2 BRI
ARH BRI -

IsMinimum (r:1=> ("1}, %) //36F r BITARE

(1) flag=true; //¥F/RA5E : true-B /MY, false-JEB/INY

(2) for each rd;1+—D>1* €9

3 AT or (FImC{k—1}) or (ITC1 & I C{x—1D)
then

[€)) flag="false, break;

(5) return flag;

X GMAR B HEAE RN H 24 T (R B AT 1L 72 (1 T 40
RERANXER ) B A UAT R A R B, T EL AT LA BR KL
T4 H TR BRI DA TS S5 B/ G IR ML RO S 4
3.3 HEikiERESH

BEE DR, N AEH BB w AFEF WL TR, N
GMAR By RIZREFEHLUT 5 MHRRE . F K
HiEAR R RHRIFF A 6 :ON « w) ; HIF BWER+,
Lo B C BEILL | RERRE, BRERREF -2
DAHEE LR 1 O 55 Lo BE, T R B ) I ) T 85 28 2, - OCCk
=1 % | Li— D sARIEER SCRREEFI W i Bt 18] TR 46 O 2. OCC)
B/ e, XFF Le P EHE k- O BAREE
8 3 AT AR NI, 2 i L FF 58 1, OCS
Ch % [La | % [T | b m R IT AR 30T 6 T SR AC BE 5 RIBUR
B R IES R T 25 : O % D . R, GMAR BB 0.6
st fa) 2 24 B R . On +k§2(tz st t)) .

SRR, KBNS B RSB RE X,
B9 | #9533 R B H5 X 28 e+ BB KTF o+
t5 o R, GMAR 75 5 R0C% 3 2 AU RIS 9 0 7 [ e
X SUAKLEET Apriori 78— B U HE 19K
AR R R EL AR FUR — TR S B O+ 2 (e +
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1)~ 0 + 3 (1)) AR AT E % 09 W, (A
GMAR ik e U ERL TR ARSI & B AT 697 4.
E MinAR Jr ik ERAF RS T 695220518 O

k=l
(G * Lo | % (9 DFN O(;CZ * [ Ly | * 190 D95 H%s

H BB R 7 T P AR T A B AN (EA5 Hh 0 AL B i 15
S T BT LUHERR K BB TTAR M .

4 XBRHEREFN

AR SCFTR SCE BAE Windows XP &4%.2. 19GHz BE & 4t
PRERAN 2G NAEIRE T AT, IR ARIBR R R AL B B E &
#1753 R H Java S8 Apriori, SAR fil GMAR B ¥, HEH
UCLHEy 4 MRS TR, Ik 3 Fisl, Hh, W T a
dult B3E4 , i TR PHEERE R EE RN B, R4
CHEIR Occupation 25 11 B B a1, FE1EFERT 27,039 4%
iR .

£3 BAREHER
Database #Items Avg Record Length # Records
mushroom 120 23 8,124
chess 76 37 3,196
Nursery 32 8 12,960
Adult >2100 11 27,039

B 1B T # TR RN MALE B K Apriori, SAR Al
GMAR FHEFEARR SR E T AERMN AR H. HA chess,
mushroom il adult ¥ 27 p=0. 8,A=0, 95 HER T IHEHN.
Tii%f Nursery SR LE 7 i i i, Apriori J7 42 #i tH ) HLI
AMEFT SAR J R4 48 B WA BULF R, N T B T X
43> SR PRGBS BE BE, B = 0. 5,2=0. 9,

OB HO7 e Apriori LOE+05 [ ——Apriori
— == SAR ~ ——SAR
€ 1og10sh = GMAR £ 10E+04 | ~d=GMAR
S LENS M——""M 5
ﬁ l—_"___l_,,.._.-A--—-l---—""' % 10E+03
22 10E+03 =
= ot 8 10E402
P N ek
LOE+01 n L . i ! L s OFA0: ' | ' 3 L Lot
OOl "90 B B8 & 8 B w04 42 40 B 3% M 2 B
BB p- T &59:4¢)
(a) Chess $#4 (b) Mushroom ¥iE4
2000 4000

e ApTiOTE

~#—SAR

riori
— P
= —#—SAR
£ 3500 b ogmGMAR %3000 et GMAR
a7 1000 Y2000
= =3
500 = 1000

0 i L L I i J '
35 383 31 29 27 25 23 21

Rob B R THEO
(o) Nursery ¥4 (&) Adult ¥
B 1 Apriori,SAR F1 GMAR s A8 e3¢
R T B4 H R I GMAR J7 335 R BHE B 500 1) 29
AR, F 4 FIH T Adult FHREEWA R E T ARKE
Wl [:oNe 22tk S
F 4 Adult FNAERPEAT LR

3 27 24 2 18 15 12 9 7

Number of rules with n length
2 3 4 5 6 7  Total
Apriori 84 439 891 964 576 161 3115
7% SAR 84 404 684 561 231 43 2007

Method

Min_sup

GMAR 8 358 535 352 91 0 1420

Apriori 19 46 50 22 ) %} 118
30% SAR 19 36 24 5 0] o 84

GMAR 19 30 16 0 () 9] 65

(F#% 217 7))



2 % X

[1] Dempster A P, Studies in Fuzziness and Soft Computing [M].
Berlin: Springer, 2008:73-104

[2] Gottlob G,Leone N, Scarello F. A Comparison of Structural CSP
Decomposition Methods [C]//Proc of the 6th Int Joint Conf on
Artificial Intelligence, California: Morgan Kaufmann, 1999, 394~
399

[3] ZBE, @ YRMERFAD] 83hib2iR,2007,2(33):17-
23

[4] Pearl J. Causality: Models, Reasoning, and Inference [M], Cam-
bridge: Cambridge University Press, 2000

[5] ButzCJ,Yao H,Hua S. A join tree probability propagation ar-
chitecture for semantic modeling [J]. Journal of Intelligent In-
formation Systems, 2009,33(2):147-158

[6] Dechter R. Bucket elimination: A Unifying Framework for Rea-
soning [J]. Artificial Intelligence,1999,113(2).41-85

[7] Lepar V,Shenoy P P. A comparison of Lauritzen-Spiegelhalter,
Hugin and Shenoy-Shafer architectures for computing marginals
of probability distributions [C]//Proc of the 14th Conf on Un-
certainty in Artificial Intelligence, California; Morgan Kauf-

mann, 1998 328-337

[8] Park J D,Darwiche A, Morphing the Hugin and Shenoy-Shafer
Architectures [C] // Proc of the 7th European conference on
symbolic and quantitative approaches to reasoning with uncer-
tainty, LNCS 2711, Berlin; Springer, 2003 :149-160

[9] Fargier H, Vilarem M. Compiling CSPs into Tree-Driven Au-
tomata for Interactive Solving[ J]. Constraints, 2004,9(4),263-287

[10] WK, kM, b E B, %, S8 0L - W 2% o 4 18 A4 i 4k
U] BB 5 & B, 2003,40(8) : 1230-1237

[11] {35 bayes M4 K HAE BRI b B B[ D]. A0,
BRI KA, 2004

[12] Cozman F G. Generalizing variable-elimination in bayesian net-
works[C] // Proc of the Workshop on Prob reasoning in Baye-
sian networks at SBIA/Iberamia. 2000;21-26

[13] Kask K,Dechter R. A general scheme for automatic generation
of search heuristics from specification dependencies [ J]. Artifi-
cial Intelligence,2001,129(1/2):91-131

[14] Kask K, Dechter R, Larrosa J, et al. Unifying Tree Decomposi-
tions for Reasoning in Graphical Models [J7]. Artificial Intelli-
gence, 2005,166(1/2) : 165-193

[15] http://www. norsys. com

[16] Ide J S. BNGnerator, Version 0. 3{EB/OL]. http: //www. pmr.
poli. usp. br/ltd/Software/BNGenerator/,2010-07-17

(L85 186 7

T AP YE/NTRER THE BRETERKER 7,
B 2B T KEMBA; MR/ RER 30700, B A%
WMEKERS. ‘ORRAGFEZKERIEME, ‘0 Fm
B T SRR = A W B DRI BOR

ML ESER AHER W A SCER 1 GMAR ik BB R K,
AHMEE . M SAR gk, FISH L KR o A —
M EHERIFTMBRE, BEEXKENITTA EEW, I
2 SAR J5 I A BEA A vl #0005 B F0HE AT R0 IR AR 1Y
fHifk. GMAR FEHRR T X — s, BEA MU ER®N. T

TURHHNES .
HRIE A SCE MG RBAMNIZ IR I 7 A 32

BT R PR A R , 2 H 2T IR AR 2R 50 B/ SCBR AL
WA BB B SEBL T IR AR AL 4R B — R i
AT FR ;- H B SAR FFIk T = » A 3CHR 897 ik e
— B KB, DT H B0 S 67 38 9 AU T BT AR S
AR ETORTE KA. AT, b T B AT R E
TETR £ T R B ED %7 1 IR E TR
PR BB 0 00 1 9 7 S Bk AL ) 2 4 36 DRt L
8, THANEE T R IR AT

£ % X W

[1] Agrawal R, Imielinski T, Swami A N. Mining association rules
between sets of items in large databases[ C] // Proceedings of
ACM SIGMOD International Conference on Management of
Date. Washington DC,1993.:207-216

[2] LooKK,YipC-I,Kao Ben,et al. A lattice-based approach for I/
O efficient association rule mining [ J]. Information Systems,

2002,27(1):41-74

[3] Lin TY, Hu Xiac-hua, Louie E. A fast association rule algo-
rithm based on bitmap and granular computing[ C]J// Procee-
dings of IEEE International Conference on Fuzzy Systems.
2003:678-683

[4] K, REFH, BEH. —MEGHF SURZHALTEE
B EHIRE, 2010, 37(12)  145-148

[5] Stanisic P, Tomovic S. Apriori multiple algorithm for mining as-
sociation rules[ J]. Information Technology and Control, 2008,
37(4):311-320

[6] Aouad L M,LeKhac N A,Kechadi T M. Performance study of
distributed Apriori-like frequent itemsets mining[J]. Knowledge
and Information Systems,2010,23(1):55-72

(7] BRTH . INEHEE, X8, %, B/NTROTMABRIMNERALT]. A
bR, 2008, 34(12) : 1490-1496

[8] Geng Liqiang, Hamilton H J. Interestingness measures for data
mining:a survey[ J]. ACM Computing Surveys, 2006,38(3):1-
33

[9] Christian H W. Statistical mining of interesting association rules
[J]. Statistics and computing,2008,18(2);185-194

[10] Li Gui-chong, Hamiltion H J. Basic association rules [C]// Pro-
ceeding of the 4% SIAM International Conference on Data Mi-
ning. Orlando, USA, 2004 :166-177

[11] Chen Guo-qing, Wei Qiang, Liu De, et al. Simple association
rules(SAR) and the SAR-based rule discovery[J]. Computers
and Industrial Engineering,2002,43(4):721-733

[12] Mohammed ] Z. Non-Redundant Association Rules [J]. Data
Mining and Knowledge Discovery,2004,9(3):223-248

[13] Louie E,Lin T Y. Finding association rules using fast bit compu-
tations machine-oriented modeling[C]// Proceedings of Interna-
tional Symposium ISMIS2000, Charlotte, North, Lecture Notes
in Artificial Intelligence, 2000;486-494

» 217 -



