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FA8Fa mpol| AR AXE Azure AnalyticsE o] £3fe] 17 o]l o=
ndgs st o]9k w3l Logistic Regression, SVM,
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A2 uA ol 9 #d A+
A 14 873 o]&
1. Measuring model performance
ndo Hdes FHrtsl] gald 2 AT = ol EF/(class O:
olgr class 1: &) e 4 d& HFstaAt sty 17 ol

of Qo] 7o HAL Class 0% 1 =, olgd A3} (&
3}

-

IS AEEA EHFst= Aotk o] 984 logistic regression

53 & binary classifiers do]g Ale] A&slo] 03} 1 Apo] <

¥ 2—1. Confusion Matrix
Predicted Class

Class O Class 1
Class O moFo ()N mo(1 — Fo(£))N
Actual [TP] (PN
Cl
T Class 1 T Fy (6N (1= Fy (O)N
[FP] [TN]

[ JAFo]o] True, False ~Z2] 1 Positive, Negative <Fo]Z FA]

o714 N& 2w 3715 Yellal, myg 3 m = classO ¥ 19
AP gEolth Fy(h) e Fi(H)e 7 S22 74 B3 < (cumulative
distribution function) & UYWEFHAT. myFy(t))N & true positive®
classifier7} 7ol o]&dt Zlojgty o|Setal HAZE o]gst 1A
5 Yerdt mF ()N + false positive® classifier7} 1740]

128 Zolgtn ASPANE AAZE JEsk u7 Foljr. iR

o

mo(1—Fo(®))N + false negative® classifier’} 7jo] r&=e
5 -':I'-\._i "':'._' 1_. .E



Zolgtal ASPA T AAZE olgdst 1A F (11— F ()N + true

negative® oS3 AA 25 ZEI 172 5 el o] & 7S]

=
F7IARE YERdE (2.1~4) 2 5l 4 9t
recision = - (2.1)
Recall = TP Rate = P 2.2
ecall = ate = o (2.2)
A _ TP+ TN 23
Y = TP Y FP+TN +FN (2:3)
F1 S = 2
core = I N I
precision = recall
precision X recall TP
precision + recall p 4+ LN+
2
Precision< classifier’} positive® 9|53 2 F AA Hg<l
B2 UERY Y Recalle AA| true ¢ A F classifier® 39S 4
Hl&olm & ZF2 trade off TAIE Zral vt Accuracye A 459
Fool dHoR ERsh &2 ARdA o4 Precision¥t #AFSEAIRE
FAROo g SRS HQorvF QIty. Fl scorex precision?}t recalld
WMAAE 18 23t B @S UERdTh

o

cutoff XJAE tHOEZHRE HHAHOF  classifierd AF
H71s7] Y38l ROC (Receiver Operating Characteristic) curve’} A5+
AREETH7]. ROC #=ZE wWes W HEPAO=E  true positive
rate (sensitivity = recall = Fy(t) )¢ false positive rate(l—
specificity= Fy(¢t) ) AF&stch ofgd] I3 2-123 ROC I1¥2ZE
eFe A Fd@eH ROC F3telAs dFolu A&l AeF5 ¢

Hold Aes etk a83x Curvert dizdel 79ds=
3

6 ] 21

-
=]
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FASE 5Feke A9 tha el7] Wil classifier 50 F4]
%t}t, ROC curved 319l 949 AUC(Area Under the roc Curve)+&
curveold & ol (H2]) oz 0oA1Ae]9] ke zh=t} ROC curveZf
@t st A2 QokstthAL &

AFste dEe BAN s

o= AUCY}F 83174 2201t}

9jed dl

2
HAlHY 2y 7y = B A oA A 83k Logistic Regression,
SVM, Decision Forest, Neural Network ©f sl Avg3s}a1z} sty
AA. Logistic Regression< linear regression® = fittingd}”]
EAE 4 & Y= wWHo g ow classtt WHFo] &£
FAsk= Aolth FAFow dald AE 4 fix) B WM x
7F of® classell £3 A& Yokl 7RgshE, Oddse Y7F dojd
7Fed o Y7 dojuAl o 7hsAel tigh vlES destth sk ul
Odds#k= 0%-El o7k Hiel 23 2 4 {17] wZel Oddsel 21&

Hall —o FH o7bA] AT 5 A "o oA logit Bﬂﬁ‘rola}j

fo @
I,
Mo
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HFEt odE =0 54 ¥H x 2 FT o] ARzt vty He=E

olgk sk ZiolA|o] thdt logit W3 (naturallog of Odds)S T3 ol
steEs FHE 9l et Jogistic REe Ao g ol
(2.5) ¢ o] =& & 4 Ql}(8]

logzt(Y)_ln(Odds)_ln(lf )=f(x)= ¢+ Bx (2.5)

pe 5% 9EH xE BT tlole] A7} ofwl Apxdo] e
SES Wit ol 5ol p olF classel £ &E FHAE
YL 1-p & ZE classol £ FE FAXE vepdd. ¢
(2.5) 402 8¥ logistic functions T > Aoz ¢ 3 4
o1t

o+ Bx
logistic funtion = Probability(Y|x) =p =T oo B (2.6)

B+ regression coefficient® YERATH
St logistic BEle] thE SYHWSE do] (2.7) 3 #Zo] FAeto]

= S A~
@ g 5 gk

ar f(x) 9 intercepto]il

L

ﬁp) =f(x) = a+ Bix; + B2x;

logit(Y) =1In (1

et B1x1+PB2x2
1+ea+ B1x1+B2x2 2.7)

THEN Probability(Y|x,,x,) =
7R 2 ai= f(x) 2] intercept©] il B;i= regression coefficient,
x; © FH¥MTES YHEdY Jd93n oo 9 B @ AFHo=
ML (Maximum Likelihood) W5 -& AF&3sto] -stA Hrt.
=4, SVM(Support Vector Machine)2 H|o]E]7} o]= classe]
&3 Z11A] stz B 2E A binary linear classification 22
Al Aok SVME S classE Ado® 23 gt diAl 7w mtﬂf‘a
g pa _'-..'2 r



53]
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v

2ds s o &9 HolEE AFESte] 919k 2 support vector:
ot AA dolHE AEetA HW F- tlolEH e tEA= AN
dolEl= 7|E A, SACE ¥HE dHolgrt AAle o JhkE
T S A ter Sod Tt Utk Ao Fo] Frod AR

© 2 E9oJ7} classification?] @ F7} LA
A= A F Qv webd AAY Fol HleTs Al 7Hkel Sl
ol 5 /T + As X7l 84 golAA @ w st & 9Y

e okl (2.8~2.9)FA o weEsiA 2AE 4 AHH[9].
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Tl

= Z a;yiXi
i

for maximizing a;(Lagrange multiplier) (2.8)

y;wW-x;+b) =1 for x; € FA&
with y; =1 for +, y;=-1 for + (2.9)

Zug AAX MEEO] linearly separabled 7ZF-$-zhd SVMo]
mj-¢- 2+ Z=2Z3A 9k non—linearly separabledt 7-$-ol= A& &7
2538 4= SQlE= linearly separabledt

Z
HeR AEEE HUE F I sl SVME AEske AE

MA - Decision Forest(Random Forest)+ 2AF A4 133
ANES EY F2E 24 sed Ed FERE 9d9 a3
Agoto] AAE dHolHe #¥85 dehy FE2 A 44 ELUt
RN bvod FEE HF JAEAS dgs HAon 4 ArE A
Egle dig] Aury e 2"y 7] nl§ dlA 7bedt
=g B3-S UEd 5 Qe EEE Aaksitke Zlojt Al

=
T
B 5 QAL o] e A%A Mg WEA s
7

L

=
Fofetrz o] 7Y MEg AddE dSeks v ¥ Adstd, 74
8 I

AghsbAl krH[11].
Eok EY stz AFEA el hole o] &
2-331} o] o]el Ex)E o8 /) 184 1 hole2

10 .__erﬁ-: _'-.i_ -l_-li



Decision Foresto]th. 817 (bagging) V& o] &3] T/ A ERESZ
TAY WY TYAEES SGete o S; A shG dolE
AeE ujsitl. S t WA 24 EgE g AlS 3 4=

AdEiE st HolEER, 5o A ol

h A - T

0
QO 0 0 0Q0 L0 ROQ
O 0060 60 QOO 000V0 00 OGO ]

0 00 00000000 0000 0000 0000

p(class|s;) p(class|s,) p(class|s;)

1% 2—3. Decision Forest 18X

A% o3 ARt BE Ed9 o3 AREe oz A
o2 sAow mAsh (21003 2Tk

_ 1
Decision Forest %5 F3* = TZ p(class|s,) (2.10)

Decision Forest?] 7F4 2 5% WA (randomness) o] 2]l

Efso] AR =54 uE 54& Zdets Aol o] SAS A
EFEY o550l HA#3I}(decorrelation) FHA s, AipH oz

A3t Ase FEA7IM dAFsts wol=7F xohd dlolE o ke

FAsHA v vk dHse 4 EdEe 1 AN APy HH,

D w7 (bagging)& bootstrap aggregating®] kA=, F-E»E @ (hootstrap) S
d 25 o= 34 dolgo Ul&) £dd 7% 277 (base learnen) 5%
3H(aggregating) Al 7]= WHolth, FE2E=o)g T F7d do]E ol A
& 385t 9 dolgAa 22 A7]9 HelgAE e A4S ddnt
11 2 A 2o &

==



A9 o5 dolE F& WHe ol&d = Srael WA A
=X #HZ3}(randomized node optimization) 7} A5 AFEFH T O]
7 S MR FAel AREEC dFs S4e de X A4
ATH12].

344k Decision Foresti= 7|74 8ol Z38t A2 7}x3 gl

53] FFE wdel oI JFAont, Holes} Holdrh wE i

(1 W~}

Zolgh @A JeEsACR FAE ot 4% ol mua
ZeAAY guds ZzAAe 53 fEgAeldd Af dw
Aol ABA WEel Eelel JEEAd 4P 1 Zols

A E A 5 Sdv[13].

olo]] Htal] Decision Jungles DAG(Decision Directed Acyclic
Graphs) ? WS Egste]l RE o shte] PFEw &8s
7129 gardd Eel g, gAY 429 DAGyE FECA Z
o] o2& oy HEE E&FSEA  Decision Forestt?]
generalizations 7WAdsks Aol RS Ads] A7 dor s
e HojFrH[13].

A, Neural Networks UAXAA 2 2] AA7]FoA 5t
NS 25 B4 7o, 7]E dHolEelA olEnt % RS
T ¥ U B (FLE WF e gE "o ") elA AR
s H

ol dh& A5 & vk I" 2-4= AAEE

55 HAFEU(11]. AA4EES FHEAI= AL 2 @99 dgel
7P AAS TheA o wy) & AAseE HAolw,  feedforward
YES A (Inputell Al Output H3F) e olg] gradientE: HAYS &3l

VE=AE AAAEE - S backpropagation (Outputel Al Input

2 DAG(Directed Acyclic Graph)= H|&3 @22 DAGY T Zo| M= =3k
st ApolEo]l E=AeH] ¢ar, o WEkd Tk Zhxith

12 é’x—-! . ':,3' ]



Active function

Input

Combination function

~

Output

Transfer function

1% 2—4. Neural Network® 7]& unit

H] A

1o #
| &eEAA

319 Al
Arkel pat= AleekA
selection®] o] ©A7} Q@
HAdE A A

classificationi= $-F3FA| gk 341 35}7]

L —

T

13

3ttt Hidden layer”}
Hyper—surfaces¥} dHd

3]

=

T W & Bofelr #F

PN
T

Al gt

St
Sl

2 o]t}

A& gk
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* Feature Selection

8587

H=

L T

kA
=

. g2og

ot

=

s YHEHLH= DHE &

x|t
QI3 M2 op| Y

* Profit Optimization

1% 2-5. 180lg o5 4 A viA"Y Work Flow

wEk] w2 JHHE AZE o dtth. CLV(Customer Lifetime
Value) = 2 W &3 A7I8E A7 FAAL 17 Shalgho] =&
WA AAre] AEE FulEty HE Hel WEe £ ojog ou),
= @ Wo nae] Ao EAGE 77 B wEo] Y o]
THAZ & g W AP =HES wFe Flo] oyt uAORA
el 7ol olele] EAE wed Aol oz nAT zA9
A 71l 3 mE vy dAF EFQ A AR FgEH s
Foly we aAS Adeta AV1How S48 e 2 nAe) A
AAE HAE F ot olde AFS FAHew 2113 ol
x2d @ 5 Udv15]
CLV = Lo(ﬁl’j))[f AC (2.11)
14 28 A&
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H A
customerID IAID
Gender A
SeniorCitizen IR o F
Partner AE o]F (Yes, No)
Dependents Hok7l= o F (Yes, No)
tenure A SF-7-A 71 7F
PhoneService A3} 719] o H- (Yes, No)
MultipleLines = 4y #d
InternetService AU &5
OnlineSecurity AEY 22}l Ht
OnlineBackup Ykl
InternetService AU &5+
DeviceProtection tjrfo] AR 1] of -
TechSupport 7= A] Y o5
Streaming TV AEYYTV7F]] o 5
StreamingMovies AE W FH| 7] o 5
Contract Aok &
PaperlessBilling A FH (Yes, No)
PaymentMethod ] & H-
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Microsoft Azure

Machine Learning Studio®] Logistic Regression, Decision Forest,
Decision Jungle, SVM, Neural Network ¢18]& RE2 83519
g5s AYsed dolg AEE FHE 80%, UHA 20%+=

Training experiment Predictive experiment Properties Projec

4 Evaluate Model

Experiment created on 2019. 4. 20. i —
E Q Feature Selection a i
y ¢ ¥ ND T 11372019

4 @ Machine Learning Fm Split Data v 2‘1 Summarize Data 23 00000000
4 Evaluate Finished
Task output

Cross Validate Model

was present
in output
Evaluate Model cache
Evaluate Recommend...
; ] @ Two-Class Logistic Regression v/ Two-Class Decision Forest v/ % @ THo:class Spgar g
4 Initialize Model
Anomaly Detection
4 Classification
v
Multiclass Decisio...
[;IX;] Train Model v @ Train Model v @ Train Model
Multiclass Decisio... 9 < Quick Help ¥
Multiclass Logistic.. / [ / \ / Evaluates a scored classification or regression
model with standard metrics
Multiclass Neural .. ore Model Score Model v @ Score Model I
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% 3-2. 293 A5 7t 29%

2d Accuracy  Precision Recall F1 score
Logistic 0.802 0.704 0.485 0.574
SVM 0.784 0.651 0.466 0.544
Decision Forest 0.774 0.733 0.284 0.409
Neural Network 0.789 0.678 0.451 0.542
Decision Jungle 0.738 0.813 0.067 0.124
AR il H 7ol 2 cutoff ghell wheh EEpA 7] wiel o
wdo] $49H dg FARORE waE] o oy A
cutoffgkel ¥l ROC 12 9 AUC FHXE F3 EIFUAES
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293 7 ¢ g RdE9 ROC 1IZE vusitt
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Deviance Residuals:
Min 19 Median
-1.8763 -0.6806 -0.2764

Coefficients:

(Intercept)

tenure
MonthlyCharges
TotalCharges
Dependents_Yes
MultipleLines_Yes
InternetService_Fiber.optic
InternetService_No
onlineSecurity_Yes
Techsupport_yes
StreamingTV_Yes
StreamingMovies_Yes
Contract_One.year
Contract_Two.year
PaperlessBilling_Yes

3
0.737

Estimate Std.
-2.
-1.
-0.
0.
-0.
0.
1.
-1.
-0.
-0.
0.
0.
-0.
-1.

0

Q

11146
42780
68967
70358
21816
29510
26113
35652
31815
32660
45932
45767
79791
35909
.40681

paymentMethod_Electronic.check 0.38493

Max

1 3.3770

Error z value
0.20745 -10.178
0.17978 -7.942
0.21010 -3.283
0.18966 3.710
0.09662 -2.258
0.10503  2.810
0.23100 5.459
0.21297 -6.369
0.10809 -2.943
0.11071 -2.950
0.11790 3.896
0.11560  3.959
0.13269 -6.013
0.20917 -6.497
0.08943  4.549
0.08280 4.649

Signif. codes: 0 ‘***’ 0,001 ***’ 0.01L ‘*’ 0.05 *.” 0.1 *

Pri=|z|)
< 2e-16
1.99%e-15
0.001029
0.000207
0.023947
0.004962
4.78e-08
1.90e-10
0.003246
0.003179
9.78e-05
7.53e-05
1.82e-09
8.17e-11
5.40e-06
3.33e-06

1

TR
el
e
ek k

i

dedek
dedd
e

i

ik
deded
R
kR
ek
Tk

13 3—4. Logistic Regression stepAIC 23} summary

of\
ko
o
pay
flo
re
2
-
N
)
>
<
0o}
ol

= ol A

A&7 QM= 7o aAEo] oy FE FAA

Aolty, & 159 olg &E o]l ouA #E Hof

o7t itk o]& f& W d¥S 3§ Logistic 28

AA 7,0327 1A AEeto] ol FEo FAsIA
7 A3 19 3-59 9% 19~ Normal

g5 e ArEEe A iy Sles ¢ T




Sample Quantiles

02 04 06 08

0.0

Normal Q-Q Plot o|¢ =& Boxplot

/ o

s
Lo |
o 1
1
|
i
© _| i
o 1
1
|
W 1
o
WS
- O
o
N—
o
Q'] -
/ o

Theoretical Quantiles

a9 3-5. AA 1A olgd & FHA A X <A ¥ boxplot

Frequency

T3 O 3-69] S|AEIRY UWE TJHZE B uAEe] o

50| °oF 0~20%°l 7H& ol "l e AEs & & 5 vk

1200

200 400 600 800

0

O|gt &5 3| AEDH Ol & E U

Density
00 05 10 15 20 25 30

[
0.0

1 T | | | | | | |
02 04 06 08 00 02 04 06 08

o|geg N=7032 Bandwidth = 003747

3% 3-6. A 1A oY T FHA9 HAETH

I
T
-

23 R e 1A



11 A

I3

R

2d A4

3571

Logistic regression 5
L

R

JEE

dgFoz
ol

1

[}

| —

R

w2}
pE 7t

Z]

[e)

©
A te]

=

o} oﬂ }\1

3

=

-
A4

o

)

L
fife)

oF
el

o

ol
)

S

(3.1)

TS vixet

A B

A
T

.

=
ok HE I a7l ol glv ORT Z VA=

T

x7} FAlA
o]

27
EFAE 7] b9 = p(retain|x) - v(x)

A 71
24

°©

=

=2 plretain] x),

s}
3z

= 7H3

O

wEbA FAAE el

U
= =
0

A A wekA

oH

o

]

=
ko=
pig

U=
(3.2)

=

R

Bl

TLHQ 7]1—41"/}:@: EptargetQP

OX]O

i

o]
(3.2)2H(3.3) =

7

=

ot target =

al

=

3

shaL, S|AR}
EP,
24

o]

0]
2]

P
T

4. B

cgtal s
wj e 7] oh

EPgrger = p(retain|x,target) - v(x) —c
EPnot target = p(retain|x,not target)-v(x) —c

#7b depelzta 71y

X=X

& & o]



BRI ejo] 7Hg wol Y AL EPgrger — EPnot target

ol 7bg 2 aAelth odd §S Mo BAAL JgEele

£ 3-3. 7Ide] Hdjst =4

Decision variables : p(r|x;,t), p(r|x;,nt), v(x;), c(x;) (i=123..,N)
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0 < p(r|x;,nt) <1
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Max|

Objective :

MY p(r|xt) —p(r X nt) - v(x) 1-

= Max[ X)L, ¥ Ap(x!) - v(a) 1— M YN e o]

Decision variables : xij (vi=1,23,..,N), =123..,M)

M yN
j=12i=1C" X

i

J

i

Subject to : 0<p(r|x/,t) <1
0< p(r|xij,nt) <1
Budget
- M
x] €{0,1}
E 4-2. 7|d=9] HZ st 249 271
71 % &
p(tlxl, ) 374 el A 27 A8 jiAl A A4S
Aol HEL FHE
p(r|x!,nt) a7 xoll A 1A Y-S 1A As s o
o] HES FHE
(=19 2% B9 SRS o 22T I8)
v(x;) IATEA] (B Abell = F79))
c-xij a7 x ol Al jHA A ESt= H§
Budget 3|ALE] 7HE A& 1] E
N AA 1A
M S AR A v AT Thest Sl
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¥ 4-3. 719 AH3 dugF
ALGORITHM: 71t 43} FRAMEWORK
Input:

c. cost

Inverse CDF: x

p(r|x/,t): prob_t

p(r|x/,nt): prob_nott
p(r|x/,t) — p(r|x/,nt): delta_p
v(x;): mcharge
argmax(revenue(x;)): n
71479} revenue_sum

C : cost_sum

repeat {

1: cost = 1000

2:  x<—qgnorm(prob_nott, mean=100000, sd=119000)
3:  prob_t<—pnorm (x+cost, 100000, 119000)

4:  delta_p = prob_t—prob_nott

5! revenue = delta_p*mcharge*1100%26

6: n = which.max (revenue)

7: mylistlj]l =n

8 j=j+1

9:  x<—gnorm (prob_nott[n], mean=100000, sd=119000)
10: prob_t[n]<—=pnorm(x+cost, 100000, 119000)

11: delta_p[n] = prob_t[n] —prob_nott[n]

12: revenue[n] = delta_p[n]*mcharge[n]*1100%26

13: prob_nott[n] = prob_t[n]

14: cost_sum = cost_sum+cost

15 revenue_sum = revenue_sum-+revenue [n]

16: if(cost_sum >= 1,000,000,000) break }

39 A =2 !':E



Aude WY = gE(prob_t), EHAE Hd%o zE gE
ZFol (delta_p), Lol 3Atell F&= A7FA] (mcharge), o= 1749
revenue’t 7Fg 24 & F e AEYXA(@), oA =

costE Awetil W F revenued FT3(revenue_sum) -s°| U

AeE Zgdn. =% Fes Py uAEE costd: AT

Fato] wAW dlgole Faht Bl (4-58), o wAle] g e
Nefsel e FEA (deltap @ol 24) ez Agsts @A (6-89),

Zlrelo] 7Hd =& aA Al HA| costE Aok ©A(9-123),
cost® AFHS 1M prob_tE prob_nott® HJH[O|Ed}I=
GHA(133), cost®} revenued T2 TS F3FaL costd 74 3ol
oAk WSl W AdEAe wet § S wAl wHEehE WAl (14—
168) = XAt o] F 7-83e] AFE mylist HAHS o=
A HH O] costE ATSAEA FAT F Q= count HTE
A= input WFE oy FAR coste AH Thed HA ©HHEA
1000902 AP revenuer LAY JHHE € HFdo=g
F7rstla, olE =W 7EXE Akt 98] g& 1100del ok 71k
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Abstract
Profit based model selection and

optimization
for customer retention

Jaeyeop Kim
Department of Engineering Practice
Graduate School of Engineering Practice

Seoul National University

The marketing costs of the three Korean telecommunication
companies are & trillion won per year and 2.3 times higher than their
operating profits (based on the audit data of the state administration
in 2018), which is waging a war without guns to attract customers/to
prevent them from going out of the company. In this study, various
machine learning techniques were applied to minimize marketing
costs to prevent customer churn and based on these methods, the
company conducted optimization experiments to maximize expected
revenue from the perspective of telecommunication companies.

IBM Watson Analytics, Guide to Sample Data Sets' Customer
Support files were utilized as a dataset (population: 7,043) and
machine learning showed the highest logistic modeling at 80.4%.
Assuming a carrier switching cost of approximately 105,000 won and
limiting the marketing cost budget to 100 million won, we found that
the expected return would be improved by 22% to 114% as a result
of benchmarking expected returns by using four different customer
retention marketing (i.e. subsidy payment, coupon, free data)

approaches (total budget/N, customer monthly rate ratio, and

5 . . -
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52 ) ';_'1_.| L=



customer monthly ratex*departure rate) to reduce the probability of
customer departure. In addition, experimenting with increasing the
cost budget to 1 billion won showed the highest expected return on
the application of optimization techniques. In particular, the actual
application may be difficult if optimized computational performance
time increases in the form of an index, but there was no problem with
the calculation in practice because the experimental results showed
that the complexity varies linearly with respect to the number of
samples or marketing costs.

Considering that an 'existing customer retention strategy' that
costs relatively less than number portability can continue to be
competitive while reducing marketing costs in the face of the low
influx of new subscribers due to smartphone market saturation, the
mobile communications marketing strategy/policymaker can use this
study to provide a strategic direction to prevent customers from

leaving the market while efficiently using marketing costs.

Keywords : machine learning, optimization, retention, marketing cost
Student Number : 2018—-20096
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