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Exponential Smoothing Temporal Association Rules for
Recommendation of Temporal Products
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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 running time.
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Exponential Smoothing Method
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(Clustering), 7% (Neural Networks)5 283t
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Rules)(5) 5ol 3lem o2 gokaid vhast 2k

2.1.1 23 odn pE

dzoz #d sled 53 Uo] TAske oozt
WAEE B8 Ao 28 A7)n 2(1)d) uislke) aF
78 4(2) 7t sk dE B0 ¥=7 7139 "Be the
Red!” Mz 50| 2 & ¢

2 T M.

R= (Gn:Dm Gn—-l:Dn—l’”‘
(A—B) <dyd,y,

2.1.2 318 ot i
Z714 542 23 Wske cloluize BANE 74

oz gdd Aoz 7 ¢c=(/,0), 00! & 2
Lt 273 437 2 (A—-B)o| it 48 B9 57
Abgel ez, wlelldole] 223 5 £ % vt
2.1.3 28 Ml 7|8t ozt &
F77te s Reslel dF 7AS 245 WHos
B3 4 oA k-ofojel Ale] Ao} wlet W3 Ly A &

¥ 3% Ch, A w1y LE A 38 gy Clol
sl A8 7L AAske Aog AIEY &3 Pt
oot 7kEA Ade gtk W deest 2A 27,
23 Ao} 271 vlQ WRe] 272 AR,

2.1.4 F7 7= ont 77

FYsztoe Basd 15 W(-)2 A2 o 2
AN E Bojaln] A 7tx A(3)9 FAH 12 a4
8 (AUB) Y] a8

SS(ALJB)

sTMAUB) = STP < W P)

AETE W(-)e) Aol dolgn, @) o 3¢ A
A57t 2 A% AYA gk =2 99l A2 Fgol ol
Aziialol tialA = sl4dol 2Esi)

S, =ay,+(1=a)S,.,, 0<e<]

(5 Yr= AR Foluel & Bz Bt Sos BIU, o=
Gloletel o HTE A XSHE AD)

agko] 245 HZ dojeld dHez 2
AFRE Fra e APL 0~1 Al
A AEAHCE 7P AFAQ @e ol8gT ol@ A
FEYL Aol st HURAERE Bol wgske A
A wEel Be 38 Folol 249 8 3lon, H2
of (7T)ellMe d¥3 o7 4 LaalFel ol & 24 ol
E% ANV, AAAN dHeolgee obF HEA
7h gtk mebd & dFelde A FHd o g2 7k

g Foste A5 /A AR A% FEE ARl 2
of g ¢uelEE ANNA

. X5 "Ha A

A
™

31

2

o 2hdd

=2
=2 = 3

=2l At
Ag ) A% 74
oF Mg B@Eozs Aot
ofel 4 DS Al Muglez @k ol o
=iy

2

2+ DS o) a3l A AA=( local suppord) Si AL
A2I=( Jocal confidence ) C:. Dol sk AL #A =



48 i A FEEREE HE(2005. 3)
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procedure ES_Apriori(D,N k,a,ms)
if D=2 and N) k
sort(D) by transaction_time
fort =Jtok
read in_partition(DSt<D)
ES count(t) = average(DSt)
Lt=gen large itemsets(DSt)
for(i=2; Lit=a: j++)
C° = Upmrzew L
for all candidates c€CG
ES count(t+1)
«a*gen_count(c,DSt+1) +(1-0)*ES_count(0,t)
end
end
end

s¥%= c.count/N

ES.Apriori = {c€CG| sE"=ms}
end if
return ES Apriori
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Fig 1. Association Rule Algorithm for Exponential
Smoothing
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Table 1. MSE of Association Rule for Temporal Trend
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p7.p5,p1—p12 | 6.63 2.06 6.49 1.63
p12—pl1 3.65 1.95 3.19 1.32
p5—piil 3.97 1.06 3.78 0.79
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p5,p11—-p12 4.30 2.24 3.3 1.50
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