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Recent Technique Analysis, Infant Commodity Pattern Analysis Scenario
and Performance Analysis of Incremental Weighted Maximal
Representative Pattern Mining
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ABSTRACT

Data mining fechniques have been suggested fo find efficiently meaningful and useful information. Especially, in the big data
environments, as data becomes accumulated in several applications, related pattern mining methods have been proposed. Recently,
instead of analyzing not only static data stored already in files or databases, mining dynamic data incrementdlly generated in a redl fime
is considered as more interesting research areas because these dynamic dafa can be only one time read. With this reason, researches
of how these dynamic data are mined efficiently have been studied. Moreover, approaches of mining representative patterns such as
maximal pattern mining have been proposed since a huge number of result patterns as mining results are generated. As another issue,
fo discover more meaningful patterns in real world, weights of ifems in weighted patftern mining have been used, In real situation, profits,
costs, and so on of items can be utiized as weights. In this paper, we analyzed weighted moaximal pattern mining approaches for data
generated incrementally. Maximal representative pattern mining techniques, and incremental pattern mining methods. And then, the
application scenarios for analyzing the required commodity patterns in infants are presented by applying weighting representative pattem
mining. Furthermore, the performance of state-of-the-art dlgorithms have been evaluated. As a result, we show that incremental weighted
moximal pattern mining technique has better performance than incremental weighted pattern mining and weighted maximal pattern mining.
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2.1. 7=} didt ofel ool
(Weighted frequent pattern mining)

AEAQ W el mel (L, 5, 9]lA shte] sidE,
P = {ij, i, I3, -, ir}= St e 1L o] FLT o}l
HER pAch Ee o & dE, P AMEA £
A AR E YA F(Minimum support threshold), min_sup
7} Fo]A W, P Sup(P) = min_supo| ™, Wk SE[L, 5]
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2.2. MA|Y CHE i ojo|Y
(Maximal frequent itemset mining)
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(Incremental pattern mining)
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(Table 1) An example of transaction database and
weights of items (M[&&, s: 0.8)

TID Transaction [tem Weight
1 ABD A 0.95
2 ABCDEFG B 0.55
3 CDEGH C 0.85
4 BCFGH D 0.6

E 0.7
F 1.0
G 0.5
H 0.75

3. A7 7HEs B HE vholid
(Incremental Weighted Maximal
Pattern Mining)
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2 A8,

@ FuFFe Ee 7P @ 2r9] 3 ofolel s
Ze] 2 prefix) S AL, 54 7HEsh A
E (Overestimate weighted support) %5 3171 ¢
3 & o Sl FHd 7FEskgk (Maximum Weight)
& ARFE wkef of Fho] Froixl Ha AAE ¢
A%k, min SUPED} A, Fgshe 4 g
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2 bottom-up 4]0

© @3l Eel, T AR A A n Gk, 2
Ze Ze)gas 1o ofolRES §7 Fu A
2 23 o] FuAUS WAY 54 BEaeA

Input: an incrementa datebase, DB;
an incremental product database, DB+;
item weight information, W;
a given minimum support threshold, s.
Output: a set of WMFIs, R.

Main_procedure

01. for each item, i in T.table //bottom-up order
02. add i to pref;

03. if (T is the globa tree)

04. calculate MaxW for i;

05. if (Owsup(pref) < s) //pre-pruning

06. delete pref.last;

07. go to line 01 and continue;

22 7hsst WA Hfuls
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oA 9] AA 78} A EE(Weighted support)”}
AR 2AY 22 7Hesh WAE dads
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08. €dse 1) oL 2Eo lujsl= A »
09. if (T has a single path) véJ: s u]_] } ;Eah HloTE o]l <]
10. candidate WMFI, CWMFI R pref E T; dE HEES FEE 48 AvE e g8l A g
11. if (check wbset(C\NMFI C) is true); B Do A=msle a6 A B X
5 delete preflast o}, & LL::I J .oo H7he Aaek A A real) o] 1 A
13. go to line 01 and continue; 9] o & E¥E(retail) HIOJE|ZA uf vlo]E|Ae] tia)A
14. ese o]y 71MOe A EalA ol ol FEL ==
15, if (WSUp(CWMFI) 3 5) i”" ]HEOE@E °°Hii];“fhe o
16. insert CWMFI into R T A E S8 AU T fobsel ek s 2
g dusgdaﬁe SC with CWMFI; E5 FoAM T2 BESS Qolstn old U 715A
19, call extract_sub WMFIS(CWMFI, SC); 2 Agalm ool tis] HHL (ZF) vlolElHlo] 2o A
20. delete pref.las, on] Q= B AUS 2 Adeles A2 B 5 9

21. 0 to line 01 and continue; = . . e -
22, elgse /IT has multiple paths ol folEo] ASslY Q8= sk EEde frofus
23. construct conditional IM_WMFI-tree for L% Golws A o} of Go} BE Golg Axy]

ref, T'; = = _

on call INLWMFI_growth(T', SC, pref) 7), ok A B AT A, EolulE, 7147), A
llrecursive call W, ok, EEr, ool AT, FEAL FiEET

25. delete pref.last; o rlokal o = = gZc=o
+ OF B2 ofeldlEe] AL o] BFES UMY
@g 1) IM WMFI 23215 el A ot AAINA HArfskar olek WA QTEUlelA
(Figure 1) IM_WMFI algorithm Fujsh= o]5 BEESL 714 (price) I 0] S(profine] i
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(E 2) tlole] Alo| S
(Table 2) Characteristics of datasets

Dataset Size # of Trans. # of ltems Avg. Trans. Size

Chess 0.326MB 3,196 75 37

Retail 3.97MB 88,162 16,470 10.306

T1014D100-1000K 3.83-38.3MB 100k-1,000k 1,000 10

o= 10009 BEH-E HMAE 1008Hde] W& fold 283tk
AFEE) BES0) Unk o]5 /AL 2yton BEE
o] 7bER 9] 23] THEAE AL o2 AiTEE B 4.2. Mgt&(threshold) H2l0f| M2 Al3YA|Ztn}
3 94 slel 7FEA 9l weight range) 2 24 & 5 HZ2l &5 @I}
Stk ol %, A4 AREE 2oz AEA Wl A
o] F0.2 7153} WIS (weighed suppor) S AAHEE = Q) B Hol A= 4 o8 Chess 2} Retail Hlo]EAle] o]
T EEEY o JFEs MEs @R olgse) s 1 AU RS ASYE Hassta 1 2nE
¥ o} El(weighted froquent patiem) 3} o5 % o] Ajels T UER 1 23,4, 52 F HClE L] AAE welw
S g% 3 4 Q= 7lEd) O dEe 233 4 9lo UoH xFol| A Ad 4 (minimum threshold)E S ¥l ™
v o] spEelEe AAlfol BF doleuolzolx e HSSE RLHATS BT Agadel Feisel o
nelehs B0 BEE T ek AU vhelgate] ¢ o o) DEWMRL SaelEe) 9 )
ob5g 9Isl 2ol neld UE ol sy Fojg Ao LT Sl ol BN AT A o
B4 spen] AR i £, FEE o ey 00 S B AEEE AERSE T ki
b A9 el THEe] G clolune o opome 7 TEOIT ML) BAEdA dueidel £auE F
el Gl Sl A a8 2 ol e ) vime) g nolw Qlom o) Ashe oy

WA e 7S 48w v

& al = Gl
oy duE]Ee e 4S9 IMWMAL LaE)sE [16],
IWFPs [3), IWFPwa [3], L2]3 MWHIM &are]Z [13]0] ek
e BANeditt  HAE 342 Intel Core, 333GHz,
3.00GB RAM, Windows 7 OSo]H, BE U125 C++10]
2 FEHk AP S8 FE whold ‘ool dg]
20l FIMI(Frequent Itemset Mning) |3}2] EE]
(http://fimi.ua.ac.be/data/) ol 4] Chess, Retail Hlo]E A&
ol g3t} w3t A FrkshE Al dist 45 v~
EE 98 IBM Hlo[EAl BA7]E S3l (hitp://www.
almaden.ibm.comy/software/projects/hdb/resources.shtml)
AR EWAA 7F Zrhshes 7P vlolE Al Z1F of
olglSo] Wglate= 7MY dlolHAES Ao 7t
FIE Y3 7FSAE 05-1.0 Aol Fo = JheR HE

ekl iAol o gal YueBEe] HAE

Chess
50 —
@ IM_WMFI

40— m IWEP_FD
m IWFP_WA
230 - = MWFIM
[ 7]
E
€ 20
=]
o

10 -

D .|

50% 55% 60% 65% 70%
minimum threshold(%)

(3% 2) M do[EAloM HStMo|| e aAZE
(Figure 2) Runtime according to thresholds in Chess dataset
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2E2 Ho[H X2|E

(3% 3) M HolefAlolM HMSH| 2 oi=Z2| A2
(Figure 3) Memory usage according to thresholds
in Chess dataset

Retail

M WMF [

= IWFP_FD
- 25 +— —
] = IWFP_WA

= MWFIM

0.2% 0.4% 0.6% 0.8% 1.0%
minimum threshold(%)

(Ol 4) 2[HY dlo|e{AloliA XSt 2 S=34A 17t
(Figure 4) Runtime according to thresholds in Retail
dataset

T IM_WMFI gy Zo] A
2% a}ea} ol
dzuc BAAADZ Ao 58
&L 8] wEolth MWEIM €3 ej52 A2 7]
o]7] ol AEL tolE7t FAH oz Fold wujrt
shold e ASVE tAl AF sfokw SHE
IM_WMFIL 2725 Bt} 4] dojx7] o,

e

4.3. G|O|E{HOlA
4587t

St e AA|IZEe =22

43 Aol M= dolEuo| 2 A7 AR H o2 AR
w4719 A FEY] AP R AMEE
H2AES 272 Ho|Z It 19 6,7, 8, 9= 47 &1
2 EEE Chess9 Retail HoIEHAS A E35le] B AES]
At

ox

2/t olgjojxE WE otold J|Eel Y R 45 BM
Chess 200 Retail :m;!!’::l
50 IWFP_WA
= IM_WMFA = MWFIM
= IWFP_FD
40 = IWFP_WA — 150
— = MWFIM @
gE‘)CI ‘E"
T £ 100
£20 E
= 2 50
S ol il ol |
o (O olRd olRR ol Al o I I DAEn I D
50% 55% 80% 65% 70%
minimum threshold(%) 0.2% %?‘l{’lmum tgresholgf%liﬁ 1.0%

(O3 5) 2lHY co[EAlolM xSt me olZ2| ArZ2E
(Figure 5) Memory usage according to thresholds
in Retail dataset

IIM WMFI
®IWFP_FD

Chess

-IWFP _WA
 MWFIM
- 25
o
L 20
g 15
E10
® 5
0
25% 50% 75% 100%
Database size(%)
(ag 6) A cllo|E{Aloi|A Hio|Ef#H[o]A Z7 o] 2 =3
Alzt

(Figure 6) Runtime according to database size in
Chess dataset

Chess
50
= IV WIMFI
— 40 BIWFP_FD
E = IWFP_WA
u MWFEIM
“E 30
<1
£ 20
[
o muill m il |I
75%
Database size(%)

(38 7) A2 Hlo]E{Alol|AM Hlo|E{Ho|A T2 1ol| thE H|=2|
A=zt
(Figure 7) Memory usage according to database
size in Chess dataset
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£EZ! H0[Ef X2|E ffet 0l2{0]M2 HE Ofold 7|29 £ I ds =4
1 Retail o T1014DxK
| mIM_WMFI 50 | @ IM_WMFI
"310 B IWFP_FD = IWFe_FD
Q § || wIwFP_WA - Saq | |mweewa
T = MWFIM 2 = MWEIM
E 6 230
=t =
é 4 520 |
2 10 |
0
0 !
20% 40% 69% 80% 100% 100K 200K 400K 600K 800K 1000K
Database size(%) Number of transactions

(32 8) I8 Hio|EfAollA ElolEfo]A F7jof we 4=
AR
(Figure 8) Runtime according to database size in
Retail dataset
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| MWFIM
§ 100
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= .l ol o ol 2
20% 40% 60%  80% 100%
Database size(%)

(3% 9) 2|E|Y dlo|e{AloflA Ho|E{Ho|A F7 o] e ol
2a| ArsE
(Figure 9) Memory usage according to database
size in Retail dataset
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