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(1) AR

SAHAG U (Decision Tree) = WFRP2 7 de] =3 HAy
A1 EF9] stHE AFA]F woF T TRt EopolA EF dSE 919
ga5]o] Zth(Elouedi, Mellouli, & Smets, 2000). JAFEZHUYTE= oJAHA
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Holw 11 e ofl <I¥ 2-Di gk 7EAog B mir(Root
Node), &7t vt (Internal Node), &€ vtt](Terminal Node), 7}FA|(Branch)
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vk AN 7oAl FAIEY p-# AY A4(Gini Index), IE=1]
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(2) SOM (Self-Organizing Map)

SOM (Self-Organizing Map)2 AFAALANN)S] F fdo=z 2
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e
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#|~E(Random Forest)7} Qlty. HE2 wiZ4x} of27 shte] Hojg AE
= oy 2YS ShFAI F 4 By AaE FR PAoE AEste] 3
& A& st Wiolth. HY2 =3 Ao wiet ot HYgi AXE
He WAow SFREC upxe BAE WAL el WS o]§5to] ofd
Hol shg& Adsty] eRE HApRoR Forh= WA oR HPS. FA
go] 71 dEHe nygor: JHHYAE HAE(Gradient Boosting), ol

A E (AdaBoost), XGBoost 5°] 3l

21 ¢ o[} | otarg 2R

. Ak 2 44 OGRS chel JHy BUSA A 2
SAlEhd N CRM 97 F4  Sholthera s, 44, 2012 Wen &

’

X 32l Ll*é wA4olu 7
*J%OH gt fujetsE =4S %‘8& ARAEt 4 A7t FE o] FIAHAE
B4, S, F2e, 2008; =AY, A¥, 2012), FZol= ofrfEolu
UEgA T FHAH| Ao HEH AYDEE 7S 8T g =4



Q77 Solu Q= FAlolch. §YBELe] &g Azt FA AFE o
g d4et VAR 5 A AAE o7 St RN 4
(Pham, Cao, Klamma, & Jarke, 2011; Wen & Zhou, 2012)7
Fou, FHZole dd ZEHP A" FAHS 55171 Ash

2749 Ae74S APT solnE g WY wedl g AT

H Y i
A1 QHESS, WA, 2011; 287, Y78 2017).

s

N
—_

(1) @4 ZH"(Collaborative Filtering)

N

= =9 5= d<YU(Collaborative), H-§ 7|9t (Content—based), <l
T 5 HF(Demographic), &8 7|§H(Utility—based)™} Zo] theFsiet. o]
F 99 WeDe A2 A FA0] QA7 Anold A gl A48En
fhe el B9 WeAde Az 2450 48 BT Beg e

]
]

(Memory based Collaborative Filtering)J/} A2y 1y d8sts =4
715t Q4= E]® (Model-based Collaborative Filtering) 22 FEE 4 Q1o
W Hie] 7 Jd ZEH"ES oA AR 71 dd E2E"EU

Collaborative  Filtering)¥  ofo]&l  Z[dF @< e " (Item—Based
Collaborative Filtering) 02 FES 4 it E¢ ZHPL At 2HA
ol AFE AAlC] digt AHE glo]k F3o] Zhestthe Aol AT Aj=

& @8 AL B AutE BAL glo] 245 ol
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L& #xo ToP10 2HZ

= aT 8 g
&= 17 S] A FA S Hlolg o
e, MR, k-meansg #-8ot1!
2004 HEEAT JIFAETS
g 1y o835 AAAESE Hd 9=
A AlEEE Fol ARE
77 70 Fasiths LS 57
A3} Seret, .
Verbraken z2d s St A==
Versailles’ SOM 719t 4 A3
Sto]HE]= | Baesens 2(,)12 AR ] o] 23 A&
Y
Liao, Chen, Liu, k-means®t PSO & a]=S
srest 2158 AR A3}
. o 1o o O > i
& Chiu, 2015 A 2e] Aot
Az oA olez 22kl EZ
ol | "y By | ©x9d A%, ALY MMORPG) A+
A= 2018 FEE 7o R olgg

dzate g A




Linear discriminant boosting
Xie & Li, (LD-Boosting)= &3k
2008 =@ HolE A
IS R=RE =S AR S
2 IPEEECEEREE
Kawale & FFHA Aldel izt 7HS1A
Srivastava, 2009 o & XAV ¢t
olgdEndE At
Tsai & Lu, S AHY 7H ER77]
ol =y EES 24T M=
2009 BgEgad 2de AT A
Xie, Li, Neai, AZolgd =S oot
T HH L AE(IBRF)HH
& Ying, 2009 Aok
o Dynamic item S&|AEH
4 Wen & Folugel =3 )
A2 Zhou, 2012 | 1% BHEHS FHASE
_5']-01_1:]_!_"45 Xﬂ il
Eﬁo:] o =] o S
Pham, Cao, AAYESa 48 B39t
Klamma, & AAEEHP ] S92HE B4
Jarke, 2011 A<t
AAIDEHAA Y cold-start
a5, WA, et glolg a4 ZAE
2011 sfastz] g T8 =4
A<t
A 24 nAoGdq=
1) 24 (Loyalty)
aAolge] dFit H2l= 2EEH AHFel oA & AHAR] o2 4
TElo] s P, Asd, 2012). 2dE(loyalty), =



Tojafefo] 2H PHA"E P52 2AE (Behavioral Loyalty)e} F+uf €129l

yHet HEA ofzto] BHH B4 = (Attitudinal Loyalty)= &%
g Qlew, o] & 7k 2AE S| ojakdA iAo whet 1AZO] o9l
og2A getdth(@da, 1294, 2015). S, F5H ZEEHY HEd =
7F 47y worda R AASY] oEfdE A Hobx|i, T i 2dEI}
HE &2 % AAolEE St H4AE Ho wEtA, F 7] 54
o] =EEE BT Aot FAZA OFE oYt o|FojrtH Kt
agdQl o7t st (P, AdE, 2015).

2) Aol =

3, FEASH 22 HAGYETE AFdEoIH 5 HE2YAAH |
AIARD AFHAZE EAISHA] b= AeAH dFol7] wiZol iAo|dolzt
+ PR 223 Aort EASHA o, ol olHold= HERt RxW
7t EASHA] ferng dxHor Loty wAlY ZWow siAsH|
AHAG(HP S, A5, 2012). °o] B¢ 179 Fujuid-g R sto] 24
o FujuidefA 4 F Hold S ool IHEsh= A o]
oS BygS Adshor (AR, AlEA, 2012; eAlE, ol2Xx, A
%, AR, 2018)

5 d9e 979 =2 A AAoldE Aot RS
AASIAGHG S, AEd, 2012), °olgds dSst= 232 HEstAY
(Nath & Behara, 2003; Kraljevi¢ & Gotovac, 2010), 12Zo]=ko] ojgt <l
WPAE AFSHAVERVSR, ®otg, 2004), 317“01 25 Qe S
AASH= ATF(HEFY, A2, A%, 2003) o2 42 & Utk 3
THHE WA 2Zold o AFe 7}’37151%—% 5 ASATHEA
Al ZHolug 24 BElS 83t uAold o
1 Qh(Xie & Li, 2008; Kawale & Srivastava, 2009). o]#gt HAl#y
HEo] A oS AGE HiEE o|gdFe] AYgEE io]ﬂ;q' }% 5
1= P

A2 7T Qo A F A 97 wgos

re

NoHu o

T
Z] 0]
I

of

—Ll
_r;
Yol



m__w G R=1 Ay T
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o o o | = T N
~o umo of w Z|ﬁ o) 71_
T o 8 T My
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K %o mo 3 _o
T g P o
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® = T R
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iy T r
Y5 MHL = B ‘aE _71_ <
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oo oy A e o
— —_—
~NH = Og ile) E % MM
5 RO o N
= e W = ol or
oF o o mk = fw X
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5 B = N
T ARS8 E R DE
WoE 2 O Y
T LI
o M T F o v
J W o K = T o

Aol

R

o

S

2

i
=
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A 3% 48 2 B

O X o
A 143 Y9 Jja
2 A= BHAT gEYA 7|&ESE 7] olgd S Ao HAE &
stz ojxbd  IAFAL  ANIHE  7|Wre] Jo|gdE ZFEAA
(CCP/2DL: Customer Churn Prediction based on Two—Dimensional
Loyalty segmentation)& AFstalzt ey, CCP/2DL Z2A| A= 1Z49] ¢F
A A 2EEE RdHoto] 221Y DA ESHE 49t

-
14 AIRES uAo|Ee] uet Age] 1RO A IFWs, 2

rr

=zo
AR, 2AAY 89, AYEAAE, TAUAE FAE, ofchia

19 3-1>2 o]yt A3t HWrAQl 552 HoJFEal it Scenario
12 AA 14& stue] daoz 7holal, oy Hlolg AESt HAE o

ol HNE=Z 23t R ShEstl WUlshe HEol2dS ZrA 20

71&s 6712 wAleY dieEE BF Agsto] 7MY et Ase Ho
F= AERIE Scenario 2= oW Qe IAPH HEES
= WA Algste] AHqt 4 a= 14S A&t

A& daelEs A8oto] Ao By

[2dS ZEALoln(eAlE, ol2x, ¢AY, HRA, 2018).
2 Scenario 3+ @A AW CCP/2DL TR2AMAE ou|stH, thE 4
EAACE VIR R 6714] S dAlE|Ee A8ste] ZF olguid 1

|

=
449 mge Jestgrt. olgdE 4se Wi

w
N 2 i
L Mo
N i) |
O H]I‘

%

il

LR I Y R o
I [0 o mX %
ek
f
<
e
1o

e

=)
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(Accuracy), AYIx(Precision), AME-&Recall), E°]Z(Specificity)2} T=0]
FUEet a0 ot gtor AUtSh= Fl-scores 7 HESHAH.

AlLt2|21: HE0|EofE Z2A|A

o

or

D
n WE‘
iz

AILIZI3 : O M|IHE 7)% O[EH0)S Z2AA
123 =X

A gHEEn 52 ZE| 7]t oltapE! EET EET —
——— Oxbe! A} 288 ouos oz}

19 3-1 97 =24

A 22 dolg 3 4944
1) A4 dHole

= 9ol 228 NGO T4 5 shuel AARe] 2o s 20199 3
A Al 472,00759] AA FLxE}F 2017 49 ~ 20199 3¢¥ 7]
FAeE 69,0682 sizzt HolHE 7Sl AEAPRE A|Asty
ArgatTh AFtolA ARESH AAF 117 dlojEfe] HuhEel A

3-D (2™ 3-2)¢F gt

= e
r
-+
[

IS,
I ol
(o]
2,
nE o

E:3

Mo
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(& 3-1) 117 dlo]H

Label Number Rate Total
Male 294,795 | 54.48%
Gender Female 200,248 | 37.01% | 541,075
Uncertain 46,032 8.51%
20s 91,499 16.91%
30s 98,686 18.24%
40s 158,465 | 29.29%
- i 541,075
Age 50s 118,428 | 21.89% ’
60s 53,348 9.86%
70s+ 20,649 3.82%
Not
472,007 | 87.2%
Churn | Churned ’ ° | 541,075
Churned 69,068 12.8%
A =X} OlolE| SHXIX} Cilo|E 218 hlo]Ef

o

20199 3EH 1Y AR 20174 4 ~ 20194 38 7|2
(19 3-2> A9 doly +4

e A LRIEGE
L 120709 W4E Awste] By Fao] Agaher
oFA

¢} A SFAS Q5 EA AE(Feature Selection)
_/’\_

N
o
o
2
=
1o
N
re
rE
>
b=}

7 Hlolge] gt
of fojujsirtal wety
15 olgASRgY £
o Apad 7R Agker
ol o] A8ty ol AEE 122709 ¥4 ofgff (E 3-2>¢F
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AlL2|22 : Z2{AET 7| 0[R0|5 Z2HA

O™ 3-4 Auzle 20 SYLHY 7HE ojgdS ZrA A

H o] Aok B &Sl Scenario 32] CCP/2DLL (18 3-4)8} o] 4
GAS] Z2AAR LA

AIL2[R3 - OfxF2! HIITHE 7] 0[H0|F Z24A

ot M | J8%
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Ok 12z | ([ ogme 4{@ 284 184

(O™ 3-5 A4zl 3: oJxbd AIIHME 7|9F oS ZeAl~
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26,7859 541,0759

1 (4.95%) (100.00%)
E‘ A .
5 2,888 41 8,222 42 6051 43 18,0613
(0.53%) (1.52%) (1.28%) (3.34%)
60—
16,2609 3! 22,8055 O 7,006 33 109
(3.01%) (4.23%) (1.47%) 1%)
30—+
6,523 &
(1.21%)
204
53659 19
(0.99%)
| } >
0 35 70 = 2HE|

T 12709 2EE AIHEC] dis) olgdider AIFSE S

TR
7 AaMES] 27 oRES AL, 12719 ATUE F A o2
o=

HolL NIHEES shte a8oz HIAA £ 479 uAIE
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o
g
=2 4 [184 r1E1
g 14172888 1 503/8222 42 502/6951 43
(4.88%) (7.21%) (7.22%)
60—
831/16269 °1 2307/22895 32 745/7946 °°
(5.11%) (10.08%) (9.38%)
30+ -
751/6523 23
(11.51%)
20 -
2007/5365 13
(39.09%)
| } >
0 35 70 Ex SHE|
(19 3-7) Step 3: olgmjdd B4 9 7535}

o 1EIE Fo) ASH 449 D50 heh A7t ol |5RFL
Adrsta Brpetedet. BE 28 dol 471 76T 649 fERge B
AT, 2 TFEE Y 94T 5 Holk BFS MUy X
FHo2 44T olgelz mYe] o) T olFUASFL 4Yst, 4
A olgEe AW AT olFNFEFO| £342 A oFEE RolA
ofge £/14H ATER AYT G Uk e & 5 ek
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Customer Churned Charp Btiain

Churn Score Churn Alerts Aot Level

# % # o
95~ . NELY 4481 | 277% 4406 21.72%  98.33%
Dangerous

80~95 . Dangerous, 9,727 6.02% 7957  39.23% 81.80%

50~80 Cautious 18,123 [11.21% 4236 20.88% 23.37%

20~50 Nee(.i 51,601 31.92% 2,922 14.41% 5.66%
Attention

~20 Safe 77,748  48.09% 763 3.76% 0.98%

Total 161,680  100% 20,284 100% 12.55%

(19 3-8) Step 4: o|g9d TEHE o|HE

A 3d FARY ¥

Hgolgds Z2ALe] F A8 HY2 dd ZY2EQeH, S22
Bl 7|HE ojgdS mEAAE 2719 A HE EAAET YA
el T3elA Oﬂﬁ‘r—‘:}iiﬂ A=A, oAbl IAFTAHE HIHE 7]
ojgd S meAA0] B e IAIFNM Y ZIHLETE YA
N 23~ EHEME oy mdo] AEE T 7 AluE|edz 2yl
e dFcl Sdl dole MEdeS 44 vEA st AuedE= F
SH JRYst s Avkel Bate AluE = vjusklr. ol E48%)
= (& 3-3)°0A AAISEL Ut

2 Ayzled ojgd s AIE okt Ay CCP/2DL, 2327 7Rt
ojgd %, 7|1 WHEolFAS rA20 £or ST Hold Jler

o Lol

uebgth CCP/2DL @2 5714 R H7IAE 5 A& (Recal)S ALl
47} 2| ZOA THE ]aoﬂé HHE H5] 53 A& HYoen, Fd
L9} Fl-score®] 7% vHlwd Z zfolg HAT} ot E4A¥= (IH

3-8 (& 3- 4>°ﬂ*1 AATSEL A



o 2 ATA A

<)

o]-g3sll Artst=

Fl-scoreZ7} tf& Z2A)
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(B 3-4) Ay=jed 43 Axt

Accuarcy Precision Recall Specificity Fl-score

13] 0.854 0.451 0.701 0.876 0.549

23] 0.854 0.451 0.701 0.876 0.549

| Hgolgra = 33] 0.866 0.483 0.798 0.876 0.602
Ho =T 43 0.857 0.462 0.748 0.873 0.571
53] 0.842 0.378 0.708 0.858 0.493

B 0.854 0.445 0.731 0.872 0.553

13] 0.879 0.520 0.733 0.900 0.608

) 2 23] 0.868 0.488 0.754 0.885 0.593
e e 33] 0.867 0.484 0.758 0.883 0.591

79t —

oo 2 473] 0.875 0.504 0.747 0.894 0.602
=1 53] 0.880 0.524 0.738 0.901 0.613
B 0.874 0.504 0.746 0.893 0.601

13] 0.921 0.678 0.720 0.950 0.698

3. o|xrd 23] 0.917 0.667 0.686 0.950 0.676
134 33] 0.916 0.667 0.679 0.951 0.673
H1HAE 7ute] | 43 0.921 0.679 0.728 0.950 0.702
V7 oletd = 53] 0.918 0.676 0.700 0.951 0.687
B 0.919 0.673 0.702 0.950 0.688
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Recall

g 3-9 Auzled Bd4ds vl

(B 3-5 Auyz|ed

B

e

L
[e)

Accuracy

Precision

Recall

Specificity

Fl-score

1. HEolgd=

0.854

0.445

0.731

0.872

0.553

2. EYAHH
7|8 o|gd =

0.874

0.504

0.746

0.893

0.601

3. CCP/2DL

0.919

0.673

0.702

0.950

0.688
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ABSTRACT

A Methodology of Customer Churn Prediction
based on Two—Dimensional Loyalty Segmentation

Hong, Seung—Woo

Major in Industrial & Management Engineering
Dept. of Industrial & Management Engineering
The Graduate School

Hansung University

Most industries have recently become aware of the importance of
customer lifetime value as they are exposed to a competitive environment.
As a result, preventing customers from churn is becoming a more
important business issue than securing new customers. This is because
maintaining churn customers is far more economical than securing new
customers, and in fact, the acquisition cost of new customers is known
to be five to six times higher than the maintenance cost of churn
customers. Also, Companies that effectively prevent customer churn and
improve customer retention rates are known to have a positive effect on
not only increasing the company's profitability but also improving its
brand image by improving customer satisfaction.

Predicting customer churn, which had been conducted as a
sub—research area for CRM, has recently become more important as a

big data—based performance marketing theme due to the development of
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business machine learning technology. Until now, research on customer
churn prediction has been carried out actively in such sectors as the
mobile telecommunication industry, the financial industry, the distribution
industry, and the game industry, which are highly competitive and urgent
to manage churn. In addition, These churn prediction studies were
focused on improving the performance of the churn prediction model
itself, such as simply comparing the performance of various models,
exploring features that are effective in forecasting departures, or
developing new ensemble techniques, and were limited in terms of
practical utilization because most studies considered the entire customer
group as a group and developed a predictive model. As such, the main
purpose of the existing related research was to improve the performance
of the predictive model itself, and there was a relatively lack of research
to improve the overall customer churn prediction process. In fact,
customers in the business have different behavior characteristics due to
heterogeneous transaction patterns, and the resulting churn rate is
different, so it is unreasonable to assume the entire customer as a single
customer group. Therefore, it is desirable to segment customers according
to customer classification criteria, such as loyalty, and to operate an
appropriate churn prediction model individually, in order to carry out
effective customer churn predictions in heterogeneous industries. Of
course, in some studies, there are studies in which customers are
subdivided using clustering techniques and applied a churn prediction
model for individual customer groups. Although this process of predicting
churn can produce better predictions than a single predict model for the
entire customer population, there is still room for improvement in that
clustering is a mechanical, exploratory grouping technique that calculates
distances based on inputs and does not reflect the strategic intent of an

entity such as loyalties.
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This study proposes a segment—based customer departure prediction
process  (CCP/2DL:  Customer  Churn  Prediction  based on
Two—Dimensional Loyalty segmentation) based on two—dimensional
customer loyalty, assuming that successful customer churn management
can be better done through improvements in the overall process than
through the performance of the model itself. CCP/2DL is a series of
churn prediction processes that segment two—way, quantitative and
qualitative loyalty—based customer, conduct secondary grouping of
customer segments according to churn patterns, and then independently
apply heterogeneous churn prediction models for each churn pattern
group. Performance comparisons were performed with the most
commonly applied the General churn prediction process and the
Clustering—based churn prediction process to assess the relative excellence
of the proposed churn prediction process. The General churn prediction
process used in this study refers to the process of predicting a single
group of customers simply intended to be predicted as a machine learning
model, using the most commonly used churn predicting method. And the
Clustering—based churn prediction process is a method of first using
clustering techniques to segment customers and implement a churn
prediction model for each individual group.

In cooperation with global NGO A, the company conducted
analysis and verification using sponsor data, and in conclusion, the
proposed CCP/2DL performance showed better performance than other
methodologies for predicting churn. This churn prediction process is not
only effective in predicting churn, but can also be a strategic basis for
obtaining a variety of customer observations and carrying out other
related performance marketing activities.

[Keywords] Customer Churn Predictive Model, Customer Relationship

Management, Customer Loyalty, Customer Bigdata, CCP/2DL
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