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Abstract

Recently, the volume of online shopping market continues to be fast-growing, that is important to provide
customized service based on customer behavior evaluation analysis. The existing systems only provide analysis data
on the profiles and behaviors of the consumers, and there is a limit to the processing in real time due to disk based
mining. There are problems of accuracy and system performance problems to apply existing systems to web services
that require real-time processing and analysis. Therefore, The system proposed in this paper analyzes the web click
log streams generated in real time to calculate the concentration level of specific products and finds interested
customers which are likely to purchase the products, and provides and intensive promotions to interested customers.
And we verify the efficiency and accuracy of the proposed system.

Keywords

customer behavior evaluation, web logs, stream mining, big data stream, data analysis, target promotion

=AMt e Fstat - Received: Sep. 17, 2018, Revised: Dec. 04, 2018, Accepted: Dec. 07, 2018
- ORCID: https://orcid.org/0000-0001-5192-4973 + Corresponding Author: Wonsuk Lee

* Fokn|gitf st ZAFEAZE Y o] Fsta} Dept of Computer Science, Yonsei University, Seoul, Korea,

- ORCID: https://orcid.org/0000-0002-6446-9081 Tel. +82-2-2123-2716, Email: leew02001@gmail.com

e QAIISEL AT LA
- ORCID: https://orcid.org/0000-0002-4341-3839


https://crossmark.crossref.org/dialog/?doi=10.14801/jkiit.2018.16.12.1&domain=http://ki-it.com/&uri_scheme=http:&cm_version=v1.5

2 AARE Y270 2EYHOIHE ol 83 DAYEHA 2T 7

.M 2
HIT AL 739 A HEseF e g
2 2ER] A3PFEF Fv FR9 IR Y 23
S B3 AYPdE ARTFE[IE 20169 11,890
gty JFRAA 20179 12,3509 BEFRE wd
BHHOZ 4% AAES Holu Yot Fak3] B
A= doly 2EYS BT 48 AN A

SRS

=T
¥ 2 A9 g A
< Ia_o 3& =

2 AlgAeh 12 A At f'i
AEE AlFslok sheHl, 49 FRe &

= 3 Aok uA g /‘WV\ A&l 0%?4
& Ao] SAIY. T A TAHE =1
gloleloll thet A28 FANATE DA7HA
&0z APHI k. o] T FelM 22
= 7ol ek AARE A" Aol A% A
7= 8ol ddsofen ot A+ et
ddd 1A4=S9] F5e olsfst Fﬁ*ol —TLUHQ
AJA #Qlshe AL B2 7olM Fa3 B4

—_
1

FAs1E Y11, 29

o 8 oA W75 210 EAshs ndd &
A= olgstel 1Ae) THlE dSSIE A4,
51 AR, V1 ATES 1AS A8d Y5
vof hA] Fshal, peoR Fejshs 2kl A
TRl olEHol|s), i A thFk &4
= Bl AA Ao diste] dnishd AH{7)E S
T WAl EAYT B ATelAe AR
AR ) 39 2O 2EYS o83, 54 1
A9} 4E AN ATEet AA T e BA8)
Fom Aol EAFF U JAF=E st
sl AL BRelY, BHIACE £FE 1
Ase] A B4 A I e AxEde
AQERIT. & Aol ARS-E HolEl= 20161 195

B 2017 019714 9 °F 63719 =71 o
ole ¢t of 37T AYYE X3 21 Y ST
713 5 Bk 193049 T 235 285k, &

4are eRekn, 44 2Asl Tohest 2407
o FIEE Eistel, 45 YFE /0 B )
AAZ B AA 1A ol o Ee FuleS B
Y % 9t B YA, 1% B GF A7
oA AF ol P e DAL Al 3
FHY &S AL F UE AR A%

=
E 28] 7 Ao® gt

w AToA Agksle WHE 2
= ¢ Y 21 2EY HolHERY A F
g% A Yol the HrE Bl AF 23
3 AE HATEE of8ste] AAzter 1 #HF
< ek, A= gt w2 aAse Tl

A f‘a 17-’1°i T }04 '8H% A A
= £

g 7le A5E 712 2R 4
Bk 8 Pl AEeE, By Anel AN
2 AABE B BB B4 Uge @ 4

Y=g Pk

§ 27 gloE rlold HolE F477} #4
FARE WA A7 A BA VER g7
okollA 23] e glow A &4
TI4E 2-g3te] 2ukdst pCollA TEE= 4
5 BA &ulA YA ATB)E Y
Atk =7 dHoly B4 #¥ A= 4
HolA ASAE B5e RAste] AHgAte] Aol
e o)A s} ‘ﬁ—% ANskH, Sdash
A SHlE Haststel ANzt w5 HolE
Ao 44 8l Holg 7} e F& Az o
ol A= FHE ol wlol'd EokiM T4

< HE ot
=



Journal of KIIT. Vol. 16, No. 12, pp. 1-11, Dec. 31, 2018. pISSN 1598-8619, e[SSN 2093-7571 3

A= AellA ARt 40l
At —'?“_]'5] HYEE 29 21
gate] sig HlolEdl W WA
o= Téo}ﬂ AaAe v
sfloFgict. AMA|, wlojg 2
Aol g wf o ghie
U= AJAs|of ok T H
s AHHE= SAe F_E%‘SH
e HEe % Woell A A2 s ofgie. Aﬂ‘?ﬂﬂﬂ, A
w4 e ERMAnT 7hed wEA viold
gAE ?fﬁoﬁok dta, g 2E] gk HAe
A= A= AFdfordit.

ol AT AR Sk SR wholyd

> =2
m S
—znﬂ Ao
o

BN

o 1y

o,
ST /R TS N A S

=
(2
>

13
o my i

N o

i
(m tjo

R

lud
o

N
N
= P oA T

[
2
o
o

L

?
=
[
m
o
flo
frs 1 ol

j=i

do
. o
0
SE
]o

i
71

ﬁﬂroﬂ QAL 23HETh AMEARS] T AdE I)

otstz] ¢l ARENR 71E A7 Y 2O
rﬂOlEiE g4t gt f39 dF HFE 1
Ele ?vﬂﬁgioﬂ FFE F= Q5SS 17
ATsAT, WEAe] YukARl Y ~EY] P57
I QT 5A 5% 13 2 ) P
o ZE3h=tl oA thekdt Mo Mg ARESHA
ATk 3AZQ HolH MES 7|2 s, 1A
B9 Aol "ojAH, dF 1A P55

P& o] &xu] JA dlolElel| =g
o] oA Aws 84 A AFE offe A
o] EAgch AF A&S 3] fs 1A
ZHC20)9] AFUAld B9 4 9 #4S A
AT =22l AFUEd 7158 1459 F
o Qs BAste, AE USRI 5 35S
gt SHE Fos & A-bE gE FFel s
T 7Fsde dEstd, BHAQ 1A ) 2
s 299 Sty AR AA| Fulgo] s)d
St ofeidEol tiste] E4srlole AFY SR
7b &0 o2 7R 04 g FES Tl s &7
ol sEg Fujgs Hole APdE W5H7t

2 Flg SIS WA g
239l 43 DAY T FEE B,
A% AT F5e NES 288 14 35 9

Aol HshA sk
&

9 23 242 9 221l vHAE A
2"Ho| B3 AF6|E Y AIE BEARY PES
FR5] Y8 9 2o BAS 18 S, 1749
P5e BAste] 19 4E, o), A, AY F
& 13 174 =2 71& AL 18
U AA , P!

AIZE oY & A Ao, T RIETE @
ool tigk 14 dF Bt AlaEedes A
o}Xl °—‘E}

2 vo] &
7}511131% R =s %Xof& AT9[10]=
QAT AATE 2EF EAF SAHQ )]

Hobe AR o] 4813 <
83 A5 Yaa 7 lﬂLﬂ EﬂolEMH %
Brog a7

t-&ol oHt= A —fh Hf‘&ﬁ}.

oZi

OEﬂ
) mlo
¢
:f’)g
24
i
lo
lm
=
Iy
&

e

M
i

-3

>

rr

e

>

g

é

>

=3

o=

in

rr
Bl
1

—melojtiﬂ%a%wulﬂ o |
O e
R RN
ﬂiw‘gﬁmgm_}
w8
e xF
(R
é o
o
| o
i
o 1y ﬁ
il
o ﬁ
55 ©
ox

ox
bl
rr
[
o
o



4 ANZ 20 2EYHOEE o] &3 uARTH 2 73

[ Product view log ] [ Web click log ]
I 1]

| Log base stream |
1 Pipe

Real-time CEP engine

Interested customer
classifier Interested customer

behavior history

Interested product classifier

Interested customer monitoring and real-
time purchage ratio analysis GUI

i Historical § | Interested

i customer

Real time
rchase ratio

:LEI 1. —17_|H I.AlAE-II s5= |:

T ==
OC)

Fig. 1. Customer behaV|or evaluation system
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Mar.~Oct. Precision, Recall, F1-Score
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Nov.~Feb. Precision, Recall, F1-Score
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Fig. 10. Precision, recall, f1-score (November~Febuary)
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