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Abstract:Many problems exist in the multi-dimensional association rules mining algorithm based on [Apriori.The I/O

load is too heavy,the size of the candidate set is increased exponentially,and the optimization algorithm is random and easy

to fall into the local optimal solution.Accordingly,the paper proposes a multi-dimensional association rules mining algorithm

based on Upper Triangular Matrix-Tree Union (UTMTU).The algorithm filters and maps the original coding data to the

upper triangular matrix,and then maps it into the frequent item sets.In the whole process,UTMTU only scans the database

once and does not generate the candidate item sets,which reduces the time and space cost to the minimum.The utilization

rate of memory and I/O is improved by using the number of effective attribute layers.Compared with the algorithm based

on IApriori,the efficiency and accuracy of the algorithm based on UTMTU has been effectively improved.Consequently,the

UTMTU-based algorithm is more suitable for multi-layer and multi-attribute MARP.

Keywords:multi-dimensional association rules;upper triangular matrix;frequent item sets tree;the effective layers of

attributes
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UTMTU (Upper Triangular Matrix—Tree Union
association rules algorithm)&yE, BN E SRR ik
JEWET R E =M, PR IR AR, AR R
FE— BB, 1 B R R0 25 ) B A R R e 3 1K
2 ZHERBMNAEZRENIR(The basic knowledge

of multidimensional association rules)

MARPH I H 19 & A =Ix Ix P, BIL={(x,l,u)|x €],
lePueP,/<x< P} s (xnLuel )FRXBUEEIMuZ [,
HorhEtk&Ed, PAHEBIES, M TEMMX T,
attribute(X) = {x|(x,L,u) € X},

2 TR Y(x L) e X 3xv)el , Hli<y<y, FRHESF
I(TeD)H7X (X 9,

E X222 RN R Y =y, XL, Yl
Hatribute(X) narrtibute(D=¢, NEDHHs%FESL L XxUY, H
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3 UTMTU S %4 F B3 M) & £ 43R (The algorithm

description of UTMTU multidimensional
association rule)
3.1 UTMTUEZZIEHIR
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R BB TLINZEREER, FRXHEGEE T, Rr4s
B —4i5 4 count[DimensionValues], FH{&EHEF2—-2, ¥
RNETLIWIE L,

C. HZ BA RUZ WA BT REL 1 i J2 0B A 2 SR
FERERAT RS ARSI B icount[DimensionValues]it 554 ,JE
nx(n-Count (D) L=k RHEMHE, #A,>0, (,/)H
FIRE2IEE, sup=A;, ABERATFRR:

> Count(x, y) , #p Count(x, y)>minsup
A — i=l i=1

ij

0 , #Y_ Count(x, y) <minsup
i=1

d. BRIMELIEL(k>2): Oigroot(=) WARF A @
AR E=AEE R FI &, fFFIARi{EAroot 17
&, value=0; ®#iflifT, if A#0HJ € DD, ~count(D,)
RAEXT R HID,), WG AR R 75 mivalue=A;; @ &5
1, HHBIA,>0, WA/RIEEIImE, j, kI “HizH
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Fig.1 UTMTU algorithm flow chart

3.3 UTMTUEZRAREENT

A ZHEARED, /R EMinsup;

. D RTA S IIEELK

(D& n Mg, S EPEZE KA attrib_sum(i) 4

for i—1 to n(HAKJEIERZEE)

layernum = ni: attribsum(i) + orinum

(GEHEATRIEREL, Bk <minsupfy

for i—0 to EJRMEEL

for j—0 to Z&H%

entnum[srcfi][jl-114++;

if(cntnum(i])<Minsup)throw)Z1;

() EFTREIL H RS RS B A4

if(count(J&1#:1)<Minsup)

delete(&H @M 4% H HifrTE L&)

delete(/Z= B MR H Y JE D)

(A4 BB =R I i L2

Findmax&min(EH & 1 J& M 2 D)

Sort(attrib(i)) (/b2 2 EHEJE1E)

RN RIEER(E =A%)
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IE(FAME<Minsup) HAH —0

()AL Z A BN EnIfE

for i—0 to OfE ] & EE 4L

for i—0 to LUEMHRENEZH

{AddNode(); //#ethe) " B fe ik

Recordtimes(); / /5% J& 14 H LK EL

Parent(); / /&35 s AT L}

BuildTree(){

Traverse(_F = f5E[4F)

If(mat2[il[j7>0){addNode()

Traverse(mat2[jl[*])} }

for i<0 to MaxNum_Tree

Search(k); kHfi %1

Search(){If((length==n) && (min(times))>Minsup)
Return result;}
4  32{5]43#7(Case analysis)

mEIPFR, E-—FHYREEFFELIOCAN HFH
PD={Tili=1,2,-,16}, BAFYX ¥ 1EH%EE
A={Aili=1,2, -}, AIZSNEEZER, 45021, 2. 3; A2
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B, el 20 35 A2R1—3/34, A3R1—5I151,
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14,15,16}, BUIOMERERINT
K3 MIREEREE

Tab.3 The boolean vector matrix

1 2 3 4 5 6 7 9 8 10
Tl 1 1
T2 1 1 1
T3 1 1
T4 1 1 1
TS 1 1
T6 1 1
T7 1 1 1
T8 1 1
T9 1 1 1
T10 1 1
T11 1 1
T12 1 1
T13 1 1 1
T14 1 1
T15 1 1
T16 1 1
count 3 5 2 2 4 6 6 1 4 4

QEFEINE 2L

WG E LI-1HBALAERBE R NS, A2, A3, A4
N3, WAL, A3 A4, ALFEHIER2, 535
count[DimensionValues] (i=1—7)f) 4%

Countl[8410,15,2=4, Count5[7,12,16,4]=2,

Count2[6,11,14,1]=3, Count6[6,2]=1,

Count3[7,12,16,5]=3, Count7[7,16,5]=1,

1 EYKIEE Count4[6,11,15,3]=2,
Tab.1 Transactions database QMR HfHcount®, #HMEIT4586,7,8,10,11,12,14,15,
Al A2 A3 M Al A2 @ A3 & 16,1,2,3,4, 5813454 %16,7,8,10,11,12,14, 15, L6/)F 12
Tl 5 2 4 3 T9 2 3 2 2 . . . B
™ ) | | s | Ti0 s 5 . ; O+ 1400 = f R RER4, (1, 11) BRI 4, sup=>5,
T3 1 1 3 1 | T 4 2 4 3 =4 F=AEMEE
T4 2 3 2 2 Ti2 3 y 3 2 Tab.4 Upper triangular matrix
Ts 1 1 3 1 | T3 2 3 2 2
6 7 8 10 11 12 14 15 16 1 2 3 4 5
T6 4 2 4 3 Cma 1 3 1 p 5 T 3 5
T7 2 3 2 2] T15 s 2 4 3 7 5 6 5 4
T8 5 2 5 3 Tie 3 1 3 2 3 4 4 4
e 10 4 4
- f)l)}%ﬁéﬁﬁ%ﬁﬂ: gy =M+ |42 +2, AIFRZSER 302 3 2
UL, Wal0=a+b+2=5+342=10s 12 5 2 3
=2 RBIWEHEIRE 1‘5‘ 3 .
Tab.2 The encoded data 16 4
Al A2 A3 M Al A2 A3 M @R ERGEL (k>2): RIF2. 45 = H L0 40 &
Tl 5 7 12 16 | T9 2 8 10 15 ) L .
T2 2 6 9 17 T10 5 7 12 16 2, WEHERA, W6, 7. 8FmE N0, MPK6, 7. 8EAroot
T3 1 6 1 l4 )T 4 7 12 16 F A, value=0; #if] “6” X—17, 11, 14, 15X M YA,
T4 2 8 10 15 | T2 3 6 11 15 X .
TS 1 6 11 14 T13 2 8 10 15 ¥=0HED,, KF1l, 14, I5VE RO/ FT L, value=5,3,2, [A
T6 4 7 12 lo | T4 1 6 1 14 FRARTRIS T s EIRSE114T, $REI(11,14), Suplagna, na,)22,
T7 2 8 10 15 | T15 5 7 12 16 X i L . .
TS 5 7 13 16 | Ti6 3 6 11 15 M14H11F A, FEEZEEMEN 7R Zif(l4,1),

()1 F T4
OEARMEIELL . KRER2WG /R ) B A R3 .,
WEAT “HisET , B9, 13, 1TANEUNT2, AR

Fh Support(a e, A2 A2 2 2FF L LA T4T45 4, BLAEE ol € 4,
FF LA LI H T35 2, 0454 40 BB R 0 e,
(6,11,14) 2N E3Wi4E, sup=3, (6,11,14,1)2ME4Ti4E,
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Fig.2 The tree of frequent item sets
BB 58874y (Results comparison and
performance evaluation)
UTMTUS & R — BRI, 2% FE AR A
B, RiAEdgE, LAmA, 7 A m—nAs, B i

MBI HRRSUE 2 R, M R
JE H0() , 7 1R T 1 2 AEYT A priori B 451 H0(2°) (k
B TREMNYERD), B AR R RN, ARBEBIL,
E3—E 553 B e/ DR . HEY R 4E R =4
5T % 2T ApriorifTUTM T U B3 (g Ab PR . it 254 %4
M, TApriori#ERFH#IE A, UTMTUMGIESEE, BRI
seIAPrioriff)2—3f%, FEWEGEIMBCR S HEHE., Mminsup
BN, UTMTURCGE B, B HX R 4E 8y, Pk
KYEANSPNTAEBER, LHEGREIRE L, HEm—
4, TApriorifEht MAEEOEM, B84 Jah &It ILlES,
UTMTUIRZ: %, HA44E )5/ NF1Apripri,

—&— |Apriori
0.06 - *— UTMTU

E— T T
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minsup
B3 7R Ry R T 6 B0 x b B
Fig.3 Comparison of time under different minimum support
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Fig.4 Comparison of time in different transactions
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Fig.5 Comparison of time in different dimensions

6 #5it(Conclusion)
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