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Exponential Smoothing Temporal Association Rules for
Recommendation of Temporal Products

Kyeong-Ja Jeong *

Abstract

We proposed the product recommendation algorithm mixed the temporal association rule
and the exponential smoothing method The temporal association rule added a temporal
concept in a commercial association rule. In this paper, we proposed a exponential
smoothing temporal association rule that is giving higher weights to recent data than past
data.  Through simulation and case study in temporal data sets, we confirmed that it is
more precise than existing temporal association rules but consumes runming time.

» Keyword :Exponential Smoothing Temporal Association Rules, Association Rules,
Exponential Smoothing Method

FHR R EAR
« "y - 200501.12, MARHEY - 2005.02.28

»Zgdstn ARy 2

2 oTE SN DT RS0 o SYUS.



46 ®E AFHERES w05 3)

x
U

AEUle] B B 4] EokE dEUleR o]Fe]
e ogs st itk 2 gl daAQl e 7l
&3 eE AHUeR ojFols AAIAHN AxRle] 54
< AAE B AgEes R gtk 27] dAA Al
e i 2 L I L] s
A2El SRR Hok FiEo] wol JHUE 53 A

A7t vl At

Foodlw= QAEEl Z1d Alde] okgslel QEle] A
o o= QAEHE TS AN o] Bolrle F4
AAE] 47 o] Zulehe @ A¥eA o
2 ATt s A3 B At o]FeiAT gtk
AA = S B2 AR ARSI 4R R de
283+ CRM(Customer Relationship Menagement)S =
date] AuAE AFstu el dubdez  oiEe
AAGAEL CRME 93 238 AAE9e tere] zad
Adl dHolElol A¥ THA(Association Rule), S2EH
(Clustering), ~A173%HNeural Networks)5S 283k}
(] g e Fuy BAe Fad dojxe zloz
AR 71 EikelA A7 2 FEE 2 = HolH
ol'd 2] sho|ti{2].

F3AQ CRME 95t Ze dAdddres awg
EHelel BElehe nay mda 4ol tfdt ofoldl 7]
w melS Aggitt ololdl b mulld ofo|do] {3}
Azkell met g R7kelA el o5 malslE &

(Cross  Selling)
whoudE A

o
ol

[

£

=,
o,

F= %ol e 23] olgsln 94
El

&
A v & 9 ARNE Be 5E4Ee] A Holew
5 S TEetA Fely] WEd F
B2 A M £ gl dE 2o, [

dlol, 225, [slE do], A, [FZxsvks olB, A

JHBE B2 Aol AZHS usd ok g 14
Eo] AFHA B A2AE(lime-stamp) . AlA &
A AR A sl S 3R Giedic Association
Ries), 2ol 7migE < 72(Cdendar-based  Association
Rules), €17 fale] A4=E Az 7748 A8 & 7
AAM G e F714 FEHE waste] A EAS

o)

s
£
"
=l
)
o
ol
5
=
rlr
oL
&
offl
o,
>
i
32
=
o
o
£

B
H P AFEE AuE, 3gdAe A

“ S WP A
B9 A7 G FHS Aolahn BAl daelES Ak
T Aol 23 R W Bl A% WEwe 4

wek e

XY delgulolze] A F
Fohs Ads 35 AT V= A sk APl e
& omgith. A9 FA9) A AAR( support)sh A
H%( confidence)g ol&3dte] etgd< wdt24]

F

20 Azt oim 7

B9 2gus A woleziE o gE A4
A7) SAstel 719 Holel vlold male] thdt ofe]
7 AE 3 e8]

Ll
£8 o



AZE JEAQ AF FHL A% A HE Az AB 7 il
oyl 48 OB e FRAAGML AN e “
= 28 d# 7H(Caendric Association Rules)[9], 57
How HlEsl= FwE AF FE(Crlic Assodation Rules)4],
PE e UM o A(Patiiond Asccidion Rues)lg, 23 KT BEH
24 7% o9 7R(Progressive  weighted  Association IarA]l A 2y oy A(6)9 o] AFHE 7.
Rules)[5] 5] slom o1& QoFsty tlga 2tk
211 23 ozt 74 S, =ay,+(1-a)S, . 0<a<l &)
gdor 3d 5 54 el WS ologizhe] © V=AW tolMel & Bisgt it S = mr as
PANE BHI ZoR 2 270 Al st A HOEIS) et MES HMI= RATE ALY
72 AQ) 7 dk ¢lE B0 4=z 7|79 “Be the

of e agrol 245 AT wHolHe] Audon
= (6D, G, D, .G yD) () 7ABAE 2rh A59E A5 @ gel 2EE 0~1 Al

mw

(A>B) <d,d, . wd, > o A AEAE Y EaHY g olgdd o A%
o B Al pEsn ANARE go) WYk A

A W%Oﬂ B2 3T Hopd 2s] &

gH glom, Az
S EEEEE SRS

% H§3 o

= 22 XlAlo}S’ioﬂr AAIAY HelEell= }*4 ﬁﬁﬁ}ﬂﬂﬂ
o BT e, 371 ¢ = (Lo, 0=0=/ 22t g mep » qropis 24 gud o Be 1508
© 714 ddt F (A—>B)°1 At S S0l FE Rolshe AF A4EA A A7 FEL Askekn a4 o
Apdel Awz, walElRldlo]d] 228l 58 E 4 vk & duBL AMde
213 Zg A 7|dk it A1
TR Faate] Af AL " WHeR
22 A iolA eololdl Alo] Ao} Mg [ L), A F N, X[ "HE A|ZF ol 7&

H

fs A FHe AAsE Fow AR &3 Z7)
3l Wl Mzels} =4 a7, c=H
23 Ao =72 ©9l vlme] =)= AFs)

AL 7 QB s T4 JbE R AR 2ol W)
214 S8 J1E ozt 74 off A B¥FoA Aodth B9l 2d=d A o
TA7Rke.2 B} Ay W)= A2l U 2 g1y 5 p2 oje) Ansles et o 1 AGL
AEAE pofEhel, A g AQQ A AF AR pagn
7 (A U B) ™) &4t
k
] D= U DS B = [ DS, o 6)
PW _ S°(A U B) =1t =
S (AUB)_ Z|P|><W(P) “““ (3)
i i (% DS[v t: 1)2)”';1(7 }EJ'%‘;Q]@' {pl’.”’pm}

AEEa W()e Ade] Qg AW o A% A
davt 2 A ARA @k E 99 AT ol )

Asalae] QA o] sl 7+ DS ol tisle] A9 AAw( Jocal support) s,



48 ®E AFHERES w05 3)

AY NEw( local confidence ) ¢, Ddl k] H
AA%( global support) s, e PACI=S
( global confidence) c7t EA3t}.

H =R A¢kele A W8 A7 Ao AL A
3

o

3 W AX=( global support) s
A= ( global cESe) 74z At
g A3 A4 AAR ms, mcRt & RE 9F% ¥
o= Tt ol Aee} drh

Ao o= Al ¢ o tistel, BF W J=m &

W, AAze AHE s P2 ke Ame 5wy
&

confidence)

(py Dy 1D P )

p (sB9 cF59)
................................................................................ (7)
(g, 0<a<ld gistl s e 271 AR

g

k
glcmmt( {pPn Dyt .DS;)all—a)c *!
[ DI
= ms%

Kk
;: 1[ count( {pp," .yt .DS,)

k
21[ count ( {Dﬂ,'“,pt(,',l),])t(”1),"',1){,,,},[7;@{)

a(l-a)* %1

x
a(l—a)k- 141

32 X4 Ha A7} ot F& EA etpg|E

o= [y
o (" D2 313 Aol o3 ArEE Az 9d

Tae) Al ehaeizol.

procedure ES_Aprioi(DN,k,a,ms)
it D=2 and Nj k
sot(D) by transaction time
fot=110k
reacl in_partitonDSt €0)
ES cantlt) = averagelDSY)
Lisgen farge temsets(DSY
for(i=2; Lit= &; i++)
CF = Upmgope 1
for all candidates c€CG
ES count(t+l)
<—argen_count(c,DStHH{(1-a)ES_oount(0,)
end
end
end

sEW = c.count/ N
ES Awrion = {ce0d s ¥ =)
end if
return ES Apriori

D2/ 1. R B ES N oln 74| gneis
Fig 1. Association Rule Algorithm for Exponertial
Smocthing

41 A
B olxle Ak A% WS A8 A a7
Az} slEe] A R A, B Aol R TR

1 AA( kF12)oz 7RG & odd S AR ARt
St el A FES A
Analysis)el] 2J8] A7kl w2 FA4 WIS Zhe

3 FA7E G A AFem TRk AX % gk ¥
TOAAFIHMSEMean Squared Error)# AXRAIZRE 1]
3 ARE SYTh F4 F5E AE RS EFS & 4

gl sl 7% HZ=E T8 E(training) 22, 1A



A QEAQA HEF FAE AT A5 BE AL 4F A 8
D% 7AE(testing) 22 HA AA= gk 0.1~09 T3l
2 dlolefAlof wE MSE
4 Abe ARk o AR AFEE A AF A
JAVAZ F#ste] Adsiyrh 0.2000
hee 4 7o) BE MSE Hold Al BE MSE 01500 | B |
S ABFAAR), FEANEFHPWARY A5 B A7 ¢ 0.1000 —m—PWAR
ag FAE)E Hx AAEE 02 05 07 i 0.0500 —ATES
AEHOHG Anw mE FARE 49E Hh oF & 0.0000 ' ' '
A PR mE A% B Az an A9 e
7Fe ARE A Al et AL Aol Ad AAE
02 tig MSEZ}F (2" 2)9) 2k
J21 3 5 HolE Aol 2 MsE
Fig 3. MSE for Accumulated Data Set
(a7 Y& (g 99 Ansh fAEA A B 7
02000 —— o] AA dele Al disiAz Ads] te AP ARET
—&— PWAR ;g]g MSE= 7]_;(]U§1yq 7]_741— ;;qu_;qo]g H?}ﬂ'
0.1000 —&—ES
1:{]0]151 Je] =7l me ArEE A A3 TR 7]
0.0000 & A AAE (2" 49t o] vERT
ESTEY ESTES
2 2 AR A 220 W2 MSEms=02) | 70
Fig 2. MSE(ms:OQ) Comparison for Temporal rend . : §‘
3 50
ZAZE ghe Bl BENE ApioiH(AR), 1l 7} C o P M
ZH(PWARProgressive  Weighted  Association  Rules), £ Zg %A/Yi —a— s
AeEg A7t ABHE(ESExponential  Smoothig) & 7 10
o A7k dls- Aouk, FAt Qs AETO e A Do e o oo
BHEgHo] 714 Ze MSEE zh2-o=H 714 943 Hg
== Btk 22 4 G0l Ao mE AdAIZE H|w
DS1oRdE e~ 1249, Do 19~ Fig 4. Rurtime Comparison for Data Set
220d129),  DS3Q01E e~ 1249),  DSA001
W 1g~0md 129)7 A AEAloz 1Fe] A g maba, BoAgreld Aoglh A4&HE Al7E A 113 0]
O/ AnAll w2 Azt Q¥ el oY Al fa 1T AL R AR Ao, At WL tha
MSE Hlzdse (o 31 2ot A VERTE ole BF Aldl g A5HE dee] F7)
Arke s QI3 Avjeltt. o FAFEES waw s 7
A Hlge Fo4S wEeA] Werhy, Ag B8 A A
&+ TEE ALE mEEA e AT BEA dE
e A TAE AgsiAl o+ g4 4 slok %19 o
A dolxl AirAe dwk A gAARe) H s
B, ARME S A#A M folstn FFHc]
ot & 4 sivk



50 ®E AFHERES w05 3)

42 =g of
B Apold Adshe A4HY QB T QRFAL
2002 1€~202d 3E12587HA Bl B Bl

Adse 4F 2 4%, AREE W) B2 B A

AxETt £16723471 HlREE 12545700 FHET
41809712 AARgoz Raslo] 7|2 AP FAI A4H
G A7 A AR o8 Zi7 AES A3 F MSEE
<FE >3 Zo] el

% 13709 g Ao 7o) AJEe sl FAHEAE
AEte] FAE Zhe 729 9 FA7) g 50
Ao tiste] MSES Attt < 1>3} Zo|, FA7}
© TOPdEe] A9 A4S AzE A Rl AE A

FAuTt 29 438 100 5D - Yeg wolETh

¥e 1 o

I 1. AlZE FM0f ChEE o1zt TRl9| MSE(TH%)
Table 1. MSE o Association Rule for Temporal Trend

- _ - xrEE A2 o
oiz 73 41

i RE | MEE | ARz | MEE
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