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UARE ©2 vl go] 1 39 71X T
A4 O] FEA)| 8tk (De Bock and Van den
Poel, 2009). £3] =H}Y A= i FE2
AHEALE0] Ao 2 =351y Wi ATLES

B AE ke A 08 o oA n

A AHEARE Y] 2] EF W
] ©] Bl (clickstream data)= 3
SAER A5 282 F
=3 Eleonora(2013)9] AT WEd, FY~
ol =5E FEd AUl AHEAe] 22
9 Ko} ?J;L%ﬂ]l—gr”‘é BEE FHA ol
om FAHORE AHRAES YYAIE BAAL
2 AT AR W& #H o] A F(pageviews) =
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¥ S ol o

_I.z

st AWe dZalst 228 23l B
o)H7 Fool= FYrEY BHL EfjE &
29l A9 ARE F

AEA Sl A3 A77F 2
9HDe Bock and Van den Poel, 2009; Eleonora,
2013; Kim, 2011; Murray et al., 2000) =Ujoll:=
Ao) gl Agolth, A B AEA] &
2hel B9 Aol B T AT B Ain
A4 2 QEY ALY ATEASHC T
2l YT FAAY, 2ekel A9 YRE
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F3te QE ASAY ATEASHS 3
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ARl £2isl A9 AU ol g3lel ol A
8749 ATEASAE AFFHE Are AT
(Han et al., 2012; Kim et al., 2016).
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YAOlES &4
sk AAIZE 7H] AW o] 210lA )2 T(web
log) loVE] FENZ AR} AF&A HFE o
AZEYo]E AX|5t 3 'd(panel) 5] Wi B
HE gHshes 7|do=5E 3d bl o] (panel
dae] 95132 ol ek, H22 ole) ¥4
2Y2EY HolEdE BED Yroln F
Aane A A4 5 S5 e Qe A
g7pe) 2219l BE 7|20 U@ YuZo] T3
Hw o d vloly Feo] S 2EY HolE

© 22idl &F 7158 ol AR /1T
SASE AENA 23 SH2EH Ho]
Bl SlEld ALSAESY s Trkst YALolE
el ol FHEE FHSY olFAE HAE %
AU o] FHE R 3to] S-EEHH(Awad et
al.,, 2006; Bucklin. R, 2002; Park and Fader,
2004), 22491 £HE AgAe) ThE WE A 7
njo] -5 ¢ 53}=(Moe and Wendy, 2003) 5 TF
e gobe] AFol gHol ek

|

22 22121 ¥Rl 0|2et ATEAEY U
YAOIES 53 AAZE AAe Aol
EE ogshe A8AE UF ATEANA

EES}F AAL 7H7H°]°ﬂ 3 AE 85 93]
It Ofols B8t R AAE
< o AMEAEY ?J"}O]E W SFE E
= a3k B4 249 & 5 dvke A
A& 7T kAN SY2EY E4& T 5
E3 2811 F9] HRE o] &3t AHY ALE
Aol thgk AFTAELLE FE 7HsstH o]
of #g A+ TS <Table 1> 2}

UEY AREAY] 221l 9 HEE o]&3t
o ATBAEALE =3 AT AzxE

Murray et al.,(2000)2] A2 AE Yl AFEAE0]
7—]/\1101];(]51]. H]—t' 9@]31]0];(] %oﬂ/\-] 74AH-<‘5]- 7—1/\11
=g o83l Y AeAE Jest
o< dFAn olm AHER Lard]EL LSA
sh AWl =Y A% S3L sl =
(liftyS A8 T Baglioni et al.(2003)9] A+

ol

= UEY AREAZE WHE3F URLYY 238 o
o} WHE URLY TZ2HE &3 v gt
ARE FE3H T AR JEE A5
=t AFgEA T oS BdS s5elr] e &
F 71 o g2 A A A U F (decision tree)e] ¥l
& F SRl C4.59 k-HTH o] X(k-nearest

neighbors)S ARE3FATE EZH UolH Hjo|=
(naive bayes)E 7]F L& FFE(iHE o)Lt
k7t o & mde] A& St 4% 2
I, FEEE 102%E T4 @A SA4H0 o
ATFAE ol & dS 2P 85 Al AR A Rk
ARl duelES AHESY] WEelgta 2R
o A A8 oSl g ® & A=
Jones et al.(2007)°1 4= B AMEAE2] A
Z|NEvS AmHsE ARSSEIL SVM(support
vector machme) 57 71HS 4835te slld A
Zpe] AEE d &ttt

De Bock and Van den Poel(2009)= EHX2E
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(Table 1) Literature review Existing methods for predicting demographics

+ Variety of websites visited
+ Day and time of visit frequency

+ Marital status(2)
+ Presence of Children(2)

) ) . Auth
Independent Variable Dependent Variable Algorithms | Performance uthor
and year
+ Gender(2)
+ Age Under 18(2)
- Age 18~34(2)
+ Search Kengrd + Age 35~54(2) - LSA Murray and
+ Text Information for webpages - Age 55H(2) + Neural eIl 2000
visited + Income Over $50,000(2) Network ) ?
- Marital status(2) Lift
+ Some College Education(2)
+ Presence of Children(2)
+ Information of words, syntax and "4 Baglioni et al
. > Sym - Gender(2) - k-Nearest g N
semantics for URLs visited . 2003
Neighbors
+ Search Keyword
+ Text Information for webpagess + Gender(2) - SVM Jones et al., 2007
visited
. . + Gender(2)
g;eql;:zc}:nz:gl Intensity for time, | Age(6) + Random De Bock and Van
. Va};iet of websites visited + Education(5) Forest den Poel, 2009
¥ + Job(10) Accuracy
+ Preferences of website " Gender(2)
+ Age Under 35(2)
+ Ad exposures . ..
+ Ad clicks + Some College Education(2) - Logistic Eleonora. 2013
+ Income Over £ 50,000(2) Regression ?

4 HolEAA F&
| Eol tigh HER = (visit frequency)} HFA]

o

intensity) = Tk A
AP kar
(random forest)E
g, AF3Y, A4S 9%
A% B7HE 918 mAUCSH A BHE (accuracy) S

Mol ARz s

Sl

AFE3LA T Eleonora(2013)= ZH2E™ H9] EAEAS
Bl & AMgsle] Bal =% 7, B0 H3E F 2ds
T, T Al E ek, Azt 3 Jci%_maﬂ vy

W7 S (visit
HEE ARSI <
5 ZF 3l AREEHRE
o]-g3t] AgAEe] 4, 4
oZ =

gk 2Tl Y9 ARE AL W3l
A WHFE ARSI B3 2
3] A(logistic
(binary) 2.2 SAHH AR JIFFAE
o) 71 A

r_{

o]E

i

.

o %53

o o

* The figures in parentheses are the number of categories for each variable.
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SVM(support vector machine) A%, H]
< 7HA 3L HolHE &7 e 7
718 dele 2R ERE o 7
A7) B AA A yperplane) & 3
E;H og 6-].1—4. SVM-& 9___]H]-x«l o7 0]714_]
b Eo e AgE o

£3% SVM(multi-class support vector machine)=

— oE
o

du e i

rlr L

Y

(binary classification)

o] 83t et F-F(multinominal classification)

7Fs3ktk. Foody and Marther(2004)l 2]3}H
of2] 7|¢] o]&% SVMS 233t tHEd SVM
S FASE WO Z  one-against-all
one-against-one®] Ut SVM2 E&A[Zto] &
5 71l Hlsl =2 ARk A o] wlj-¢- Ho
Uil B33 A E RAZMAE 5 7Hs s
HA G A B 7hed =3 SH(Kim and
Ahn, 2015).

2.3.2 MZAneural network)

I‘E o o
_1_._01

Au

O

74" (neural networks)> A E3FH 4
> gaugFor ndo A
° Aot 7H o

AAW 282 o5 HA EE(multi-layer
perceptron, MLP) 7% 2 7} o] M2 A4 x|
£ Ao] EAo|tiRumelhart, 1986). 4173
28 dEgte] BSrE 5 2AsoF & vk

o= do] BT (complexity)=

=
— [e)
o) AF 8 FAY B

Z
5

Aol A g AAF EAE A7) SIsiA
o] dlo]HE o] &8t AH3 Y
g Aeste 4% 2 Aok gt

L

2.3.3 BX|AE 3|F(logistic regression)

22228 3]H(logistic regression)= YRFHO.Z
o|g ZA] 2~ 3|7 (binomial logistic regression)
£ omletH o]EY FEWTE skl #sl
AEEE FAZA 7ol AT et A 2F 3]
HA(multinomial logistic regression)E ©]-&-3}] ¥
F7F 370 o)l BHEE FEHTY ERE VL
S8ttt

2.3.4 AFHHLIR (decision tree)

S APA A UHi(decision tree)= 3fi4lo] §-o]a}
I o) o o] glo] &3] AT oAHE
A7t 88 F e &2k A 47t
A2 FE7s3H M 23 (segmentation), -,
d =, 2YSH4 2 WA Bl (dimensional reduction
and variable selection)©] o]l 3| F3c}. E3| 2}
2 9 WeAe e My go] S/} o

=4 <
mdo] A5 e s oAt
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AAUTFANA dF B FRES FE5t A
Ao E FEHEUT 3o & FE A= A
HHATES AEsl= WHolth(lee and Lee

2.3.5 FMEEM(principal component analysis)

A (principal component analysis)<

£l 7‘?§° Xﬂﬂﬂii ZNFE

4y
e ox,
n}

i
N —Ol F{E

R+ |
4
k)
0,

% OH p7ﬂ4 HEE

2.3.6 PEEM(cluster analysis)
T3 EA(cluster analysis)> 2+ A 2] FA
< A5 FA el =& AA7|E] JEE ¥
.]

dale Wl F2 AEE, o)A 'BA

(anomaly detection) ol ] /\}B-H 1’/]-(Cho and Park,
1‘&:513 %%0}04 ol 2 7H«] A&53 E'i“’? P/]’

o] BE5Y HrE FaAZ

m{m
ofr

AU AR QIFEAIEA
g APS <Figure 1> 2 ZEA2E
il Ed dolEdA FE5]
Ul AREARS] QIFBAEAE S 5T o A
H&= dolE s AR ZEIYE A9
Th A2 ZE29 e A ATE EYE &
22 B9 AR B3 64712 M ATFFA
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ITEAEY I8t CIXH DAES

8 Z2iAsg Ygjole ojolg

3.1 AF2%} Z=2I(profile) A

£ AFdAE APATE EE FEHAE
tlolH 2 5E AR&AL] 22l 39 HEe}
TEAER ARE FE39 AHEA 2291
AT 2 AT AgolA AMEEE A
A} ZZ 9L <Table 2>0l] QoF= o QlTh A}
2 R o] QB AREAPE A SA|EE
Eleonora(2013)2] A-ollA AFEH SIALOIE v
T Al W e Wegto g AHgA7} of
W 7HE AL o] Aol Ed A HESEAE
Uehdth Aol ES 22709 FlE|lngE &
star Z47ke] FHE e AREARe] Ho]A R/ H]
&3 ZHE g g W5 A T(coefficient of
variance) 2 A 22719 FHE| el 174/9]
gAY, 58/784) Farte SR EF
sttt ZH e HolAF HE-L 03} 14}0]
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glae]d Ho|A{ Bl&9] 32 10|tk 7HEH g
o gt HEATE FY2EH HolEHE 57
g 199 7|3F FRF AHEAE SiALOlE FHEH AL
g 2270 thall drput thFstA o] 85 3=
Ao g o2 i el e TFHX
HHOE Ui s ov|sty o] 45 5
YAl E FHE|eol] HF et s §Y
°|E 7lH| 1) & AEEte= AE vt o

oo o o o ol

o2 YAE ARR HHE o7 A AT(De
Bock and Van den Poel, 2009; Eleonora, 2013;
Goel et al., 2012)5 EUZ ALEA} 2 oW
AR, @ 2, o' ol H&e=Ad o
g Zloltt. F oA 3=, & e L, AIRE

o HolAH v, 2YE HolA K BlE, ¥

2 A oA Hl&, ARtdiol thit WHsAls, &
ol ozt AEAST, Lol i HEAT7E YA

PN
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o= AHg Ao AP F HolNH AE
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o
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>
i~ I
=
e
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o
D)
=/

[e)
e Z s HETE e
o i3 BT Asx .
o714 AZFE 24A17HE 00~054], 06~114],
12~17A], 18~23A] 472 FESIS A3
S99 79 adF 12709 €& AREst
ATh Az, 8., ol tig HsATE 29
2Ed HolHE £ 139 77t 5 A
27y Zhzrel A, 8, ol s drby o
FstA ol &= StA=A e 3 A= i 7k
S tig FFHAE FHOE UiE S 9
st ghol 245 54 AR, &Y, ol gk
22l o] gt AS ow|git)

A3 9]+= Murray and Durrell(2000)2} Jones
et al.2007)2] ATolA AR JAFFASEA
< A4S 9, T8 MV FS gIskATh
T3}, Gallagher and Parsons(1997)= QIE|Ul AR&-
ko] JITF-BAEE S AR A 2}o] & Kol
w E3] AHgALY] A¥o] 545 ¢ B2 A4
719 EE AHSste AE gt s &
ATolA AR A= JAEU AR
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(Table 2) Summary of User's Profile

Variable description and the number of variables Author and year
Pref Ratio of pagevews »
elerences for website category De Bock and Van den, 2009
of i Goel et al, 2012
websites o Coefﬁment' of 1 5
variation for website category
Total number of |
pageviews for website category
The total number
.. 1
of days to wvisit
Ratio of pagevews 4
B for time
¢ Ratio of pagevews
h for day 7 De Bock and Van den, 2009
a Usage Pattern - Eleonora, 2013
v Ratio of pagevews 1 Goel et al,, 2012
I for month
o Coefficient of |
r variation for time
Coefficient of
L. 1
variation for day
Coefficient of |
variation for month
Gallagher and Parsons, 1997
Search Behavior ng:hni?begrg: 1 Jones et al., 2007
A Murray and Durrell, 2000
Interest Ratio of p aAgeVews 12 Yoonjin Hyun et al. ,2015
for news website category
Baglioni et al., 2003
De Bock and Van den, 2009
Gender(2) 1 Eleonora, 2013
Murray and Durrell, 2000
Jones et al., 2007
De Bock and Van den, 2009
Demographics Age(5) 1 Eleonora, 2013
Murray and Durrell, 2000
. Eleonora, 2013
Marital Status(2) ! Murray and Durrell, 2000
Residence(13) 1 Eleonora, 2013
De Bock and Van den, 2009
Job(20) ! Eleonora, 2013

* The figures in parentheses

5 AN $2 =
e AEATE 1 B
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kAL &

are the number of categories for each variable.

A9 =

AT E Al E FH aLeE # o] A - Hl&
AEALT, 271k BABE 159 BA
Abel]l et B4 F27|AFS A8k al(Poindexter
et al, 2001) AH&ALS] JIF-FAEA | et A=




ITEAEY I8t CIXH DAES

E

Zz(~sg gibofgf ojold

St 7] Abel tigk FA7F B2 o] &
%= zo]7}F Itk(Ban and Kwon, 2007). T3+ Choi

B

[

=13=}]

A
- OoH

32 HxF

OIAlHALIEZ 0|25 HHASA
et al. (2015)¢] ATNAE SIE ALEAHS] T 321 SIMEBUTE Olgd HFSL
AHE 24 8 R4 W 1SS LS A% WS FAEE WS B Agus Fo
Shech Wt B AFelME ALgArY BAA A AdHoR FEuSe] 2 GFe MAE W
2 24317 93 A 57 F2A|ES FhE 1 TE TESte ot AgHge] £ &4
g oA F &S A3 AL Al EE o =x 2o AT H AA FAE st o
&0, A, A4 5 F 12709 g E B & 2d AREE ¥ 5 Jon dF Wy
st FoAolEe AEuE Aol AR v FLEE AT BHE 53 F sbs
£ 07} 1A}0)9) FHE 7MY ALY HERE & 3}cH(Lee and Lee, 2003; Genuer et al., 2010).
Asm 2 @} 7HAEE A el aee) o
Aol Eol] tigk Homrt Brhe RS ofvigich 322 FHEEMS 0188 HEEa
+ Q. E 3 -
= AN el AR ATAL JAEE L ) ga wyolnt. 2HREA oYY F59
Q'EYJ—E]-_ /‘6‘%’8‘ %XPQ]' O:]Z]'i 14"%]]:],}4'0]% ‘?‘}‘é%‘% 7]% Eﬂg’\_%_o/] ﬁ%?“g@'gi ;F/\B]E]Eq
107 W], 200, 307, 40tH, 50T o] & S0 smo) Zymoma HolHE My 2 97
20 n= 50 B 5 S N ~ - -
ORI AT ISR FIESE geg) na9l volee AUFsd) B
X Ll HEA = AL A =3 = = _ L
vtk =3 AFAE Ae, A7), 34 5 T 13 gogy EAWBoutmdls et al., 2008). s B
= A== ]o] O HFA &= L = -
A FHEE BN AL FFAGEEE gaggz wese Y F I FARE
294, A 5 2071 S22 LT ofof w ML o) g3ty
2 Ao AHSE A ZRAIe 2ol
F9 AEo AI 647l o] W AFFAEA 323 DEEMS #23 Bz
AR A3 5] HTE FAHHET
B AP AE FHRAS BT elolEe
Ve Category 22 ~
user_id R';I;agsctiie Mews media|Entertainment Travel égﬁ?ﬁgr Community user_id CT_Cluster
1 0.00 021 011 0.00 0.41 022 L clusterl
2 0.01 0.03 0.01 0.00 0.37 0.10 2 clusterl
3 0.00 0.03 0.01 0.01 0.69 003 3 cluster3
4 0.02 0.18 0.00 0.00 0.56 017 Cluster analysis 4 clusters
R 005 | 025 | 000 . v 055 ]| 005 |5 | Clusters
(2007 | To0e | Toas | oo T ooo | e v 2397 | clustern
4998 0.08 0.03 0.02 0.02 0.56 046 4998 cluster2
4999 0.00 0.06 0.00 0.02 0.36 0.10 4509 clusterd
5000 0.02 0.05 0.08 0.00 0.83 011 5000 cluster4
(Figure 2) An example of dimension reduction using clustering analysis
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SM | ek | Regiesson

Gender | 71.53(0.37) | 66.73(1.04) | 66.77(1.41)
Age 43.09(1.56) | 41.74(0.71) | 43.01(1.63)
l\;;rtizl 63.94(1.85) | 60.81(2.54) | 62.00(1.14)
Residence | 29.98(2.09) | 36.41(149) | 36.78(0.91)
Job 26.08(0.75) | 30.321.54) | 29.92(0.50)

* Figures in parentheses refer to the standard deviation and all
figures shows percentage.
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(Table 4) Result of Clustering

Variable no Summary for cluster Variable no Summary for cluster
1 Internet and Computer type 1 Sports news type
2 Education and Health type ) world news type
Ratio of pageviews for 3 Shoppin -
website category(22) PP g P 3 IT-Science news type
4 Community type . . 4 Column news type
5 Entertainment type Ratio of pageviews
X for news website 5 Preference that not news
Ratio of pageviews for Day type
bag - category 6 Life and Culture news type
time(4) 2 Night type (12)
7 Community news type
Ratio of pageviews for 1 Week type i P
day(7) 2 Weekend type 8 Hankyoreh news type
Ratio of pageviews for 1 Summer/Fall type 9 Entertainments news type
month(12) 2 Spring/Winter type 10 | Economic and Political news type

* The figures in parentheses are the number of categories for each variable.
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(Table 5) Accuracy for dimension reduction
based on clustering

SM | Nowork | Regression

Gender 63.132.04) | 64.02(1.96) | 64.34(1.91)
Age 34.67(1.56) | 39.19(0.86) | 40.36(1.35)
Marital Status | 54.34(1.87) | 60.90(0.49) | 59.67(1.85)
Residence | 2645(2.01) | 36.87(0.83) | 37.12(0.87)
Job 19.97(6.87) | 30.200.51) | 29.82(0.14)

* Figures in parentheses refer to the standard deviation and all

figures shows percentage.
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Abstract

Clickstream Big Data Mining for Demographics
based Digital Marketing

Jiae Park®:Yoonho Cho**

The demographics of Internet users are the most basic and important sources for target marketing
or personalized advertisements on the digital marketing channels which include email, mobile, and social
media. However, it gradually has become difficult to collect the demographics of Internet users because
their activities are anonymous in many cases. Although the marketing department is able to get the
demographics using online or offline surveys, these approaches are very expensive, long processes, and
likely to include false statements. Clickstream data is the recording an Internet user leaves behind while
visiting websites. As the user clicks anywhere in the webpage, the activity is logged in semi-structured
website log files. Such data allows us to see what pages users visited, how long they stayed there, how
often they visited, when they usually visited, which site they prefer, what keywords they used to find the
site, whether they purchased any, and so forth. For such a reason, some researchers tried to guess the
demographics of Internet users by using their clickstream data. They derived various independent variables
likely to be correlated to the demographics. The variables include search keyword, frequency and intensity
for time, day and month, variety of websites visited, text information for web pages visited, etc. The
demographic attributes to predict are also diverse according to the paper, and cover gender, age, job,
location, income, education, marital status, presence of children. A variety of data mining methods, such
as LSA, SVM, decision tree, neural network, logistic regression, and k-nearest neighbors, were used for
prediction model building. However, this research has not yet identified which data mining method is
appropriate to predict each demographic variable. Moreover, it is required to review independent variables
studied so far and combine them as needed, and evaluate them for building the best prediction model. The
objective of this study is to choose clickstream attributes mostly likely to be correlated to the demographics

from the results of previous research, and then to identify which data mining method is fitting to predict

* Dept. of Data Science, Kookmin University
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each demographic attribute. Among the demographic attributes, this paper focus on predicting gender, age,
marital status, residence, and job. And from the results of previous research, 64 clickstream attributes are
applied to predict the demographic attributes. The overall process of predictive model building is compose
of 4 steps. In the first step, we create user profiles which include 64 clickstream attributes and 5
demographic attributes. The second step performs the dimension reduction of clickstream variables to solve
the curse of dimensionality and overfitting problem. We utilize three approaches which are based on
decision tree, PCA, and cluster analysis. We build alternative predictive models for each demographic
variable in the third step. SVM, neural network, and logistic regression are used for modeling. The last
step evaluates the alternative models in view of model accuracy and selects the best model. For the
experiments, we used clickstream data which represents 5 demographics and 16,962,705 online activities
for 5,000 Internet users. IBM SPSS Modeler 17.0 was used for our prediction process, and the 5-fold cross
validation was conducted to enhance the reliability of our experiments. As the experimental results, we can
verify that there are a specific data mining method well-suited for each demographic variable. For example,
age prediction is best performed when using the decision tree based dimension reduction and neural
network whereas the prediction of gender and marital status is the most accurate by applying SVM without
dimension reduction. We conclude that the online behaviors of the Internet users, captured from the
clickstream data analysis, could be well used to predict their demographics, thereby being utilized to the

digital marketing.

Key Words : Big Data, Clickstream Data, Demographics, Online Behavior, Classification,
Variable Reduction, Accuracy
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