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A mining association rule based on conceptual hierarchy and its applications
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Abstract; An association rule was explored on the conceptual hierarchy and the cognitive

uncertainty caused by users’ perception and subjective judgment was considered. The fuzzy partition

method and FP-Growth were combined to mine the association rules on the conceptual hierarchy. It

mainly consisted of two phases: the first was to find the high frequency fuzzy patterns by abstracting

data items in the order of the hierarchical structure and the second was to generate multiple-level

fuzzy association rules from those frequent patterns. Experiments and comparisons with other methods

show that the proposed method could improve the efficiency of the algorithm and shorten the compu-

tational time.
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Tab.1 Transcoding on Level 3

TID Items
| (112,5),(211,5),(212,7),(221,2),(311,9),
(422,8)
) (111,5), (121,6),(122,3),(222,7), (321,
10),(322,3)
3 (212,7),(222,3),(311,5),(322,6)
4 (111,6),(112,1),(211,5),(212,6),(311,7),
(321,3),(412,3),(421,1)
5 (111,3),(112,10), (211,2),(222,4), (411,
3),(412,9)
x2 EME 2 TR E R
Tab.2 Transcoding on Level 2
TID [tems
1 (11%,5),(20 % ,12),(22 % ,2) (31 *,9), (42
*58)
2 (11%,5),(12%,9),(22%,7),(32 % ,13)
30 (21%,7),(22%,3),(31%,5),(32%,6)
4 (11 ,7),(20 % ,11), (31 % ,7),(32 % ,3), (41
%.,3),(42% 1)
5 (11 ,13),(21%,2),(22%* ,4),(41 % ,12)
FR3 EME 1T ITHIREER
Tab.3 Transcoding on Level 1
TID [tems

I (1% #,5),(2%  ,14), (3% % ,9) (4% % 8)

20 (1% ,14) (2% % ,7),(3% *,13)
3 (2% % ,10),(3* = ,11)

4)
50 (L% ,13) (2% % ,6),(4%* *,12)
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Fig.3 Quantization membership function used in

this example
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Tab.4 Transaction data set used in this example

TID Items

( Milk-Chocolate-Dairland,5) , ( Bread-White-Old mills,5) , ( Bread-White-Wonder, 7) , ( Bread-Wheat-Old mills,2) ,

( Cookies-Chocoate-Present,9) , ( Beverage-Green tea-Nestle,8)

( Milk-Chocolate-Dairland, 5) , ( Milk-Plain-Dairland, 6 ) , ( Milk-Plain-Foremost, 3), ( Bread-Wheat-Wonder, 7) ,
( Cookies-Lemon-Present, 10) , ( Cookies-Lemon-77,3)

3 ( Bread-White-Wonder,7) , ( Bread-Wheat-Wonder, 3) , ( Cookies-Chocolate-Present,5) , ( Cookies-Lemon-77,6)

( Milk-Chocolate-Dairland ,6) , ( Milk-Chcoclate-Foremost , 1) , ( Bread-White-Old mills,5) , ( Bread-White-Wonder,6) ,

4 (Cookies-Chocolate-Present,7) , ( Cookies-Lemon-Present, 3) , ( Beverage-Black tea-Nestle,3) , ( Beverage-Green tea-

Linton, 1)
5 ( Milk-Chcoclate-Dairland , 3) , ( Milk-Chocolate-Foremost, 10) , ( Bread-White-Old mills, 2) , ( Bread-Wheat-Wonder,
4) , (Beverage-Black tea-Linton,3), (Beverage-Black tea-Nestle,9)
x5 BIXEEZPIREHBEHBIEME
Tab.5 Fuzzy sets transformed from the transaction data set
TID Items

(0.500/112.Small+0.500/112.Middle ) , (0.500/211.Small+0.500/211.Middle ) , ( 0.250/212.Small+0.750,/212. Mid-
dle) , (0.875/221.Small+0.125/221.Middle) , ( 1.000/311.Middle ) +( 0.125/422.Small+0.875/422. Middle )

(0.500/111.Small+0.500/111.Middle) , (0.375/121.Small+0.625/121. Middle) , (0.750/122.Small+0.250/122. Mid-
2 dle), (0.250/222.Small+0.750/222. Middle) , (0.875/321.Middle+0.125/321. Large ) , (0.750/322.Small+0.250/322.
Middle)

(0.250/212.Small+0.750/212.Middle ) , (0.750/222.Small+0.250/222.Middle ) , (0.500/311.Small+0.500/311. Mid-
dle) , (0.375,322.Small+0.625/322.Middle )

(0.375/111.Small+0.625/111. Middle ) , ( 1.000/112.Small) , (0.500/211. Small+0.500/211. Middle ) , ( 0.375/212.
4 Small+0.625/212.Middle) , (0.250/311.Small+0.750/311.Middle ) , ( 0.750/321.Small+0.250/321.Middle ) , ( 0.750/
412.Small+0.250/412. Middle) , ( 1.000/421.Small )

(0.750/111.Small +0.250/111. Middle ) + (0.875/112. Middle + 0. 125. 112. Large ) , (0.875/211. Small + 0. 125/211.

5
Middle) +(0.625/222.Small+0.375/222.Middle ) , (0.750/411.Small+0.250/411.Middle ) +( 1.000/412.Middle )
x6 EMTHE3IHERL FGTTFS
Tab.6 Table FGTTFS for items on Level 3
FG TT
Fuzzy grid FS
111.Small  111.Middle 422 Large t, t, te
111.Small 1 0 0 0 0.500 0.750  0.325
111.Middle 0 1 0 0 0.500 0.250  0.275
422.Large 0 0 . 1 0 0 - 0 0
1, D IURICRAE A& RIS AL B9k (3) MM S FF B (Fuzzy support, FS) : HAFHKL

JERE JI RS IS AR A BB S35 8, HH R T O T X
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FS(Ay ) =1 Zluf;,’;;%q,if) I/n - (2)
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Tab.7 Header table of Level 3

1-dim fuzzy grids Count
311.Middle 2.250
212.Middle 2.125
211.Small 1.875

111.Small 1.625
222.Small 1.625
112.Small 1.500

SR 8 AE AU A I i S B A A
WILE R, Qi &l 4 Fr o, HOA M 45 2 3% I Header
Table e HEF

*8 ME3HIEME
Tab.8 New fuzzy sets of Level 3

TID

Ttems

1 (1.000/7311.Middle) , (0.750/212.Middle) , (0.500/211.Small) , (0.500/112.Small )

(0.500/111.Small) , (0.25/222.Small )

[0 B N VS S

(0.500/311.Middle) , (0.750/212.Middle) , ( 0.750,/222.Small )
(0.750/311.Middle) , (0.625.212.Middle) , (0.500/211.Small) , (0.375/111.Small) , ( 1.000/112.Small)
(0.875./211.Small) , (0.750/111.Small) , (0.625/222.Small)

311.Middle
212.Middle 2125~
211.Small 1.875
111.Small 1.625
222.Small 1.625

112.Small 1.500

4 ME 3 B9 FP-tree
Fig.4 Fuzzy FP-tree of Level 3
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(2) KA A i AR X AR S R R AR
Tl AT T et e 1 e/ VO SR A

FEMLYE B B2 3 AR =t A (212.
Middle, 311.Middle) ({2 R T o, FF G ILAAE,
Wbt spy

AR DGR R I 422 1, e Bt 5 R 45 SR n 5% 3 B
N, ZIA R E A 2- 11, ol G PR 45 o0 (2
# % Middle, 3 * = Middle) W HEIE SP) B, 551
IR, 4 -4, HT%T 0, B EHZE
A THEAE , W00 BRI R i Bl

B2 4 h=2  WHEATES 2 B2 AR RO ASOR
ORHRFLAZ 48, Hogmb 5 45 Rk 2 R 2 5
REWIR 2-11, Hig G2 0945 Ry (21 =.
Middle, 31 * .Middle) 535753 SP; B, 55 2 By )2
ISR e, 35,4 h=3 M T 5 — B )2 280

x99 ME3MERBRMEATREER
Tab.9 All possible generated patterns of Level 3
JI A 3 A AT A2
{ (211.Small, 112.Small), (212. Middle, 112.Small), (311.Middle, 112.Middle), (111.Small, 112.

Small) , (212.Middle, 211.Small, 112.Small) , (212.Middle, 111.Small, 112.Small) , (311.Middle, 212.
Middle, 112.Small), (311.Middle, 211.Small, 112.Small), (311.Middle, 111.Small, 112.Small), (311.

PR 13 % SPY HL R RE (Y s A RE X
( Cy ) BAL e SC BRI ) L Cl e, —
C,., > TUBITAT A0 308 SC I KL D] F) ASORSH 135 85 2 2 phy
AT

1 2 AU

12 Small Middle, 212.Middle, 211.Small, 112.Small), (311.Middle, 212.Middle, 111.Small, 112.Small), (311.
Middle, 211.Small, 111.Small, 112.Small), (311.Small, 212. Middle, 211.Small, 111.Small, 112.
Small) |

22 Sumall { (111.Small, 222.Small), (311.Middle, 222.Small), (212.Middle, 222.Small), (311.Middle, 212.
Middle, 222.Small) }
{ (211.Small, 111.Small), (212.Middle, 111.Small), (311.Middle, 111.Small), (311.Middle, 212.

111.Small Middle, 111.Small), (311.Middle, 211.Small, 111.Small) , (212.Middle, 211.Small, 111.Small), (311.
Middle, 212.Middle, 211.Small, 111.Small) }

211.Small { (212.Middle, 211.Small), (311.Middle, 211.Small), (311.Middle, 212.Middle, 211.Middle) |

212.Middle { (311.Middle, 212.Middle) |

311.Middle ®

R10 ME 3 BIFAARENRE FGTTFS
Tab.10 Table FGTTFS for all paths on Level 3

FG TT
Fuzzy grid FS
111.Small 112.Small 311.Middle t, t, te
111.Smallx112.Small 1 1 0 0 0 0 0.075
111.Smallx211.Small 0 1 0 0 0 0.656 0.169
222.Small x311.Middle 1 0 1 0 0 0 0.075
. FS( CZ) 21 * Middle—31 * .Middle; 31 * .Middle—21
FC(Cy) = R p (3) :
FS(CdI’Cdz’“',Cz;,) *’Mlddle;

2 % # Middle—3 * * Middle;3 * = Middle
—2 * * Middle,
EATTRIRORI (5 615 {5 53 5 0.750, 0.708,

FEICE A L g 1 SCTRAL I 2«
212.Middle — 311. Middle ; 311. Middle — 212.
Middle ;
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0.694, 0.694, 0.611 5 0.660,
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H0.65, RERFE B EA A BORI SCIRAL I it
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S
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R AE I, I Bread White Wonder I 3K £ 4 1
S,

(3)# Bread White %14 3K 15 Sy v 45 5, 0]
Cookies Chocolate YIS ik Hh 45

(4)#F Cookies Chocolate FJ WK & Ay 1 45 i
A, W] Bread White B9 K & ok Hh 45

(5) #7 Cookies [ I 3K & hy b & 5 I, I
Bread MI4SE 0 Th A4
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T FH BRI AR Qi 3 B

W oo/ MR SRR BN O IS BL R, BT A 2
MEERIME N 512 Fm, £ 5L121
SLHGEE RN EL S T Hong 207736 5 Hu
AR BB R e, I RE & BB /M
B S B R AN T P A Y SR A £
TSI b BT 4 ) 07 5 B B A T Hang 55
Hu (197535, J0 3 fie /BRI S 45 1 /)N agf sk
B, Xt 8w A SO B O YA R FP-
growth 518 A& FGTTFS T 2488 F K 5=
TS A S OCIBHE I T, W] A 2% 1) 2 TH A 11
PATRCE , BBV MR S R B AR &
S E BT 7 IR R 2 T ]

GyAh AR A 7= B T, Hong 557
DR SRR T A A E M R R 5L
TR A — SRR 5 117 Hu 5905 555 5 0 2 %5 &
AT 1Y) A — R ORI A . 2 T A SCT 4R R 9
2, 0 IR P IGURE fL 45 G, TS T AR Y e AR
WS SR RETE H— R LB R A & BRI
FEEEIFREHL T A 11 15 A — AR A% A 3% AR (0 4%
i, PRI, BEARAFEAL I RLRE

R11 10 000 £X S HKH LR
Tab.11 Experimehtal results of 10 000 transactions

Hong S L 515 Hu $2H 07 % ARSI AR L Y 5 i
/MBI SRR —— — -

BATHT[E]/s Sk SEATHT ]/ s FRI % SEATHT ]/ s FRI %
0.02 653 813 426 1 065 364 1148
0.03 621 742 382 873 216 882
0.04 583 510 324 613 143 503
0.05 516 321 253 386 93 337
0.06 364 246 176 195 52 67
0.07 183 99 84 73 52 67
0.08 183 99 84 73 52 67
0.09 183 99 84 73 52 67
0.10 183 99 84 73 52 67
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Tab.12 Experimental results of 20 000 transactions
Hong 252 i1 1977 1 Hu #2 #7712 ARSI 7
R/ S —— - -
IBATIE]/ SWAE4 BTN A/ HL %L BTN A/ HL%L
0.02 1324 833 811 1015 666 1198
0.03 1289 722 784 852 394 857
0.04 1021 527 602 596 220 511
0.05 986 303 486 359 163 302
0.06 703 211 331 201 55 67
0.07 337 99 150 73 55 67
0.08 337 99 150 73 55 67
0.09 337 99 150 73 55 67
0.10 337 99 150 73 55 67
4 R &ﬁ RopE ,EAZZIK@T%%T%H% = S R R A
AR 1) S s 2 PR

E
ASSON FASEM 73517 5 FP-Growth 51 #9 T ARBIFEA L Z AL JESEAT I 20 1 T8 R E A %L

B AR — M B 2 A 8 FE Ok 4k SRR S I AL D]
(7 2 B A 4 i 7 20OFF 2 B A 004 —
G, SR 5 A IO 23 Rk F A 1 4EBOMIA% ,
i FP-Growth 53% , 7E45 2 #1053 T A2l i
WISCIERIIN . B )5, il 5 Hong 55 M Hu fYJ7
HEAT LU B A 5 22 A M, B T FP-Growth
ZRHETE T AN A A e T | ER 08 P 45 e
ARTE FP-tree W1, HCAS SCI) J5 A B AR I AT
HES

HR e nBoE b il HI# TR YE A &
0 P e e 2 el FH 22 36 ok T2 L0 1 1S 4K
K HIER, fn e 37 704 SRR SR T eR K, e AE S
A A F W LA AL, H Pedryez Hi42 2
TEROWI 240 T = MBS e sRBuE B S I

SE MK

S G350 BB B FGTTFS A% 1 1l
M), i BB, FG H5 25 2 1Y)
A 8] 252 5 55 i s B BUB Z ) TT Frik
SE B 23 [ OR . A7 RET 4 FGTTES BfEH]
23], b eI A AR BE IR T, E TR
SRRITFEEEE b, % T3 i FH 2 B 45 7 B S5
I, i85 (Genetic algorithm ) 1] 25 JEAE Sk H )
JOEE A SR TR X2l Tk AA A
ST AL, B TR/ SR L R AR
LR PE 1T E ALK, Hong %60 g0 AT
B AR RE B T 2Ok A SRS TR Sl
JE AR AR ST S A2 4 1) D7 R A % S Al [
M EES%
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