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« MAHAALAXE= AHX FOjOFZ 6l 4 EZ Z(funnel model)= HEdl=
(Hoban and Bucklin, 2015; Howard and Sheth, 1969; Vakratsas and ambler, 1999)
v 2212 AUl E 0|52 I6H, 4/0/X/ FBellman et al., 1999), A/FA/ZALin et al., 2010),
&S/ #=A{Gundiz & Ozsu, 2003; Lo et al

, 2016), &4 CFSFA(Goldstein et al., 2017;
Chan et al,, 2014), 22 =& &&(Guo and Agichtein, 2016)2 &+

« MSI Research Priorities Tier 1(2020-2022):

What is the most effect way to
conduct account-based marketing in the face of new online technologies?”

1.

CHEE 7240/Echun) O|&0 ™S &=

A2 2 (e.g., Burez and Van den Poel 2009;
Vafeiadis et al., 2015), T+O{ 04| =0f| Cif et A= Aot

2. =l Fojol =0l Mot b/d/e/ g 2 20] FARAX|0 2ol S0 =2lE Al BE
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- H|XHO| 22t F4 AEF HOHe 74 &2 7t AAE FE PEXHC

32N Sof 243

Ol=SH ALK}

A& Al « Bellman et al.(1999), Johnson et al.(2004)

[O|X| & Huang(2009)

A4 210 « Johnson et al.(2004)
A T « Goldstein et al.(2017)

OFRA A3E |« Guo and Agichtein(2016)

« Clark et al.(2006), Montgomery et al.(2004), Ting et
= al.(2007),Ting et al.(2009)

- OiiiegE 28% 2ete 2HA A 052 HAME0 o S25] ST

UQF S (Gupta et al., 2020; Labai et al., 2020)




. "GNFOE ZE IO HYET YOLE HEE AAE SEY + Uk 552

A& el= 812" (Samuel, 1959)
v HAl2d &0 58N 2= = FEE0| 7 M0 S (Agrawal et al., 2018)

dTAE2 HAlelds &80t0] OtAH E XS S ZotLAt &

[ot

v O 28 & 9ZHe.g., Cui and Curry, 2005; Vermeer et al, 2019), £4 &=
(Netzer et al., 2008; Tirunillai and Tellis, 2014), 7/Z 24 &f4/(Netzer et al., 2012; Trusov

et al, 2016), A/ && 2 4(Hauser et al., 2009; Schwartz et al., 2017)0| &t

v B ZHO|M= SUMSupport-vector machine; Cui and Curry, 2005; Evgeniou et al,,
2005), £ % & 2 g/(Topic modeling; Tirunillai and Tellis, 2014), 245 E2/
(Ensemble trees; Guo et al., 2018; Yoganarasimhan, 2018), &/7/&/Ballestar et al,

2018; Li et al,, 2019; Liu et al., 2019; Zhang et al,, 2017) 5= X &%
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v Cui and Curry (2005)= SVMO| Cigt 2R 2 ECF 4toF FO|LCH= H2 Hg

- Oild 220 0|55l dit= Of@ f-otX| 2t 2 H0f o 520 7t 2A S 23
gltts et E S A Ne

v Luo(2016)2 fuzzy SVM (Lin and Wang, 2005) & & &
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- Ef ~E S O|0JX| HIO|EHE =40 &2 HE

— H|XE}HH|, Zhang et al.(2017)2 O|O|X| 7} Airbnbl| &8 =Q0] O|X|= TS 2A T,
CNN(Convolution neural network)2 AFE5I0 O|0|X[E 1EE E= NEHE 2FICH 1 &
A AMRIO] a0 =8 FI7HAZICHs Z4HE = olg

v/ Hartmann et al.(2019)= HAEQ| S EFS= HHEOZ HA
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= 2 E 5719

(@]
g2 Hluweh(SVM, Random forest, Naive Bayes, ANN, KNN)
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S&tE (Ensemble) — H|EL

("Ensemble model is one of the most robust and widely used algorithm’, Maik and Hussain, 2020)

Ho 2 AEfZ(Stacking), B Z (Bagging), 2 &l (Boosting)O|
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GITER1: 22t AH|X} TONE I SSHEG THE H DAY 2YL?

- MUMATE SUMSupport-vector machine; Cui and Curry, 2005; Evgeniou et al,,
2005), £ & & 2 Z/(Topic modeling; Tirunillai and Tellis, 2014), & E E£2/
(Ensemble trees; Guo et al., 2018; Yoganarasimhan, 2018), &2/ 5/(Ballestar et al,,
2018; Li et al,, 2019; Liu et al., 2019; Zhang et al, 2017) s= M &%

Unsupervused : Clustering

/ ~ Learning
Machine | i' ——===== |
Learnin |
9 % , " ﬁ Classification | |
Supervised I )

Learning ! %— j‘— ————— ) -

Regression
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S =
20, 20 HIoO|He| 4% o|=-d1t7} 5t2heh(Garca-Pedrajas et al., 2010)
v HO|H E0dS 2tstste WO 2 Lf& & 7z/Znt 0| E0f Lot o/ &L/
H

L o=
A&l (Sun et al,, 2007; Garca and Herrera, 2009; Freund and Schapire, 1996)

. MIZZ| HIHO _E/‘[//_Eé/(over-sampling)l'f ﬂ/ﬁ&E@’(Down-sampling)EE TEE

Oversampling

Copies of the [N
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Undersampling
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-\ Samples of

- majorty class
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;. e ———

—— ——
Original dataset

Original dataset
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« Cui and Curry (2005)0| X|H
HAE s Mst= ol o2 =z0] U

M
o
oo »Y
i)
N
©
=
=
T
oC
Ho
i
rlo
=2
%
rE
o
my
I

v ol 7tsdol EMe= HAl2 0 Ciel ALE ALl 2|0 ™A 0l ForS O|X|H,
Hil2d oS A0 ZE0| = FOo|7t El(Rai, 2020)

v Hilgldol gdne|E2 #x A st A L|§O| =Eotd] sfA5HY| ofefz A0l Y
MO, O 24t | F 20} 28 TS 0] 284St (Hall and Gill, 2019; Du et al., 2018)

BLACK BOX MODEL

INTERPRETABLE MODEL

L

Local model 1 Local model 2 Local model 3
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OrAE dS2H0 Halgids HEet A+ & =2 Aol Hlw
om | MET [ ol
ALK} Hl'-E, UH | /e8| 2E =8 A
| oHE | Mg
Cuiand . AES Sof 1S O E oS EH0A HEXS 05
Curry - - - SVM DEEC MY 7|82 SYMO| O Z 1t} FHO{LICH=
(2005) AE d5e
* Fuzzy SWM= &8l =8¢t Sd2| MF0f et 28|Xte
ng?ggfé) - - | Q| deE 2N+ s T AYAE F et adaptive
decompositional framework)
Jacobs et DA |° LDA(Latent Dirichlet allocation)2F MDM(Mixtures of Dirichlet-
o 2016) | - - | von | Muttinomials)g 283101 1240| 0|20f OfH K ZE
' TONEX| O & = A= YHES HA[S
Miguéiset | Voo | Random |- o3 A9l2 CjArO 2 Cro|2E OpAH|Eo) Cifsh AH|X}
al. (2017) Forest HS 0l =0f CHell MEF 2ol Chot ot H| g g
+ Multilayer Perceptron (MLP) Artificial Neural Network
B?"ezs(t)?; etl i i W | (ANNS 28310 E{DiA 28 YEQAS oz 1
) 019 23g oz
Hartmann s7kx| | HAEO Z4d= 050s YHELE Hildd 23
etal. Yes - - oo 57tX| & H| 1 EHSVM, Random forest, Naive Bayes, ANN,
(2019) = KNN)
87Ix| |. 2zfol o of=of HA LS M2 uf 7}x Mstst
AT | Yes | Yes | Yes | ooy | oo yEZaabd ArESA ol 52 RME




| O] &
T= HAECIO|= AE0Q| HO|H (2016. 8~2018. 4)

« 7= HELOIZ= 2E0 & H MA 28[AHS £40t0] Litet g + s 214

&= O Metet(e.g., Kakalejeik et al., 2019)
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Google Home  Special Request -y [ Basket
Holiday Pre Order New Apparel v Lifestyle ~ Stationery ~ Brands v~ Sale Marketing Bundies Q
Home / New
Newest First v
https://shop.googlemerchandisestore.com

2016.8.1.-2018.10. 15.

25 Aax ezt s s
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AT - VS =mmEam N w | F 8
® ASAHEEABAY) @ ABRH(HATHLUT HME)
150,000
100,000
50,000
Va: c X
N 20174 20182
£41.50 £67.00 B New Visitor Bl Returning Visitor
NER T BER Hg NEBRE M EESTEY a7t wE M
SE AER SE 4R BE AR SE AER
1,655,529 1,653,705 2,250,073 1.36
A —— o — e~
HEp7 s s a7t g Has a7t g His
41,446 18,946 49,872
A | e P - —
HOIR| & 5= B2 HEAIZE olEE
25 427 = 48
e Notification We use Cookies to gather information that will help us provide the best e epting ourCo 9'5361652 7.
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HO|E £
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7|2 HIAO|E 2o FYUER0 WE AEX} At
7|2k 2016.8~20184 XAl 759,171 =9 $9,203,274.38
AHE X} 1668539 | A4M0|C|0 363,521 Mzts 2.29%
M AFE XL 1,648,685 A MEE 281,996 el == 51,498
MM 2250,073 FHULE 184,878 ZHERT} $178.71
AFE XS MM 2= 1.35 HA 44,078
MIME I 0| K| = 422 | C|AEg 0] 40,635
O|EHE 4723 O{ZzZ|YO|E 35.926
H MM AlZE 28 27X 7| Ef 105
Do H|E 27.59% A 3,448,502
B New Visitor M Returning Visitor
AFETRE Al HER M4 AFERIE M = oS AER a7t e T MM
DEAMEXR DE MEX DEMEX DEAEX
1,655,529 1,653,705 2,250,073 1.36
I e T S I Sy
He7H LT A LT L e L Hef 7 LT A
41,446 18,946 49,87 1.20
| S ——— N | | T —
Ho|x 5 5 AT oo x5 B M4H AL OIEE
2E ABR 2E ABA 2E MER 2E ABR
9,536,652 424 00:02:28 47.20%
-/"‘\H_..._._..—--/"‘-m-.ﬂ-—---—-\ T —— e — R e
Hef7h g g Hefh Sus AL A7t 2T S Hef7h g A
1,089,722 21.85 00:14:41 0.00%
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M4 E48 7|2t AF%XFOHHIH LYo 428 e X3(0 He
A& X} £ 7|12H0| 2HIEE x=2|5t7 Lt 0| 8% 7HE C|HFO| A (AFEXD)Q|
At AFER} = £ 7|2t0] 22 %!ArOIEOﬂ HF 2ot ARSI =
A-EXHE MM = A-EXHE ot B Mol =
M43 | O] K| == M ot W Ifjo|X| &3]
O|EE H[O|X|2] 2= H|O|X|=0f CHsl MM <2| OFX|O[AUE H|=
Tt MM AZE B= MAe TN AZHEZ)E MR Lz &
S HFY HIE AM-EXL T ZHHY C|HO|AE ALESHO] &0t AFEXIC| H|Z
RpcHZ A AMATINN 72 07} ol CHE B9 = SE510 H&5l= 8%
240/ 0of 24U ESA MH[AE Sl RRE= 8%
PSPt Efgxtﬂ :}'iﬁﬂl‘z URLS| O|EES EetRXA0| YStAHLE FOIAE Sl AO|
THEE CHE AO|E 22 SEEAE 8o 7Rkls 42U ERA M)
dada AMANE 2510 &5t 89
ClAZego] &n ClAZg o] 0 E &5 H&55t= 849
O{EZ|00|E HE oA EE S §&T 8%




|0 £

Hlo[E £4

HF H| Mgt et F
AE 76 39 14,600**
=2l 2.31 4.02 616.1**
| O X| 7 3.44 26.91 281,045+

MHFAIZHZ) 113.99 1,022.44 129,741*
N2 43 29 1,398*
AM0|C|of 20 01 4,531 %
A e 15 18 58.17**
FH YR 11 46 20,192**
AM Z3 .02 .03 98.06**
C|AZ20f .03 01 230.7**
o Ee|00]E 01 .00 334.5
7| Ef 8.048395e-05 5.388221e-05 162




AH|XH {H =3 - CDJ(consumer decision journey; Anderl et al., 2016)
Ha= Min Max Mean Standard Deviation

et 75 0 1 .05 31
e Sl 1 456 5.71 18.93

| OfX| & 0 500 5.45 9.30
NNE ZE 0 100 3.59 12.59
HF AIZHEE) 0 19,017 223.50 520.13

0 21 02 16

Organic Search, Social Direct, Referral, Paid Search, Display, Affiliates, Other 87}

Chrome, Safari, Edge, Samsung internet, Opera Mini, Muffin, Ye & 3371

Macintosh, iOS, Chrome OS, Windows, Tizen, Samsung, Xbox, Nintendo Wii & 197}

ClHO|A~ & Desktop, Mobile, Tablet & 37H
HE=7h United States, Canada, Philippines, Mexico, India, Japan, Israel, Austria & 1967}
HEZA| New York, California, Massachusetts, Gujarat, Taipei City, Tokyo & 4217}

N He
K| o] Ef

=~ . 68671, G|O|E{ =: 374,7497|
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AM2(Y 45 F7h gy
- RIZE, EO|%, PPV(Positive predictive value), NPV(Negative predictive value),
Prevalence £ (Esuli and Sebastiani, 2010; Vermeer et al., 2019)
o AN FH@EHS P = THTH A2l TP(True Positive)
- AN SHHTEHZ dEez et B2l FP(False Positive)
- 22 SE2E Bt Z22 FN(False Negative)
- YHEZ S22 T3 322 True Negative(TN)
TP
o n|7|_ ege o
ol & = (Sensitivity) TP+ FI w 100
T
N Eo oge o et
£ 0| &= (Specificity) FEr T 100
. TP+ TI¥
. X3}
S 2 (Accuracy) TP T FP T FN TN w 100
« PPV(Pose Pred Value) TP+ FIV e 100
Precision TP+ FP+FN+ TN
- NPV(Neg Pred Value) ™ 1o
Recall FN+ TN
TE+TN 100
. Prevalence TP+ FP+ FN T
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CARET(classification and regression training) - &8t 2H(0f CH
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S (K-fold cross validation)
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CIHZ2A1: 222l &H[X} 0| E o Sot=0 7t Mt Hildd &322

Ho Male{d ¢n2E ROC Qe S0l
1 Classification tree(TREE) 8133 7030 8419
2 Artificial neural network(NNET) 8367 6744 8815
3 k-nearest-neighbor(KNN) 8323 6913 8332
4 Logistic regression(LOGIT) .7386 7410 7113
5 Support vector machine with linear kernel(SVML) 8318 6881 8542
6 Random forest(RF) 8544 7017 8702
7 Gradient Boosting Algorithm(GBM) 8640 7356 8451
8 eXtreme Gradient Boosting(XGB) 8643 7235 8560

ROC : receiver operating characteristic; 2 2 EIX|O| 20| M /WL E X HE LZE =& CfH| HF =



NMNET
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TREE
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CIHEH2: 222l &H[X SO E o Sot=0 7t Mt MEE Y22

. _ Ci|O|Ef ==
H AHZ=Z2| H}HH
- "=eer o] el IRE
1 2= §|o|g 262,324 6,303 256,021
2 Ct2MEE 12,606 6,303 6,303
3 QM= 2I(SMOTE) 264,726 132,363 132,363
' ________
Data /=G| 0|E Ct2 ME2l I QH MEH
Accuracy 7348 7324 I 7417
(95% Cl) (7322, 7374) (7298, .7350) | (7391, .7442)
o|ZtE 7320 7296 I 739
Solg 8501 8444 : 8430
Pose Pred Value 9950 9948 I 9949
Neg Pred Value 0714 0704 | 0727
Prevalence 9763 9763 I 9763
Detection Rate 7146 7123 : 7217
Detection Prevalence 7182 7160 I 1254
Balanced Accuracy 7910 7870 I 7911
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SIHEH3 - Hilgd fFZ2aE ofide =+ UA=71?

v XGBoost 22 0|A 7§ E #=0f Ml o] 271 O HS 2= o= 40 &

=
S EX 2L =(log odds)E 24 4= AU

0.01
-0 ﬁ-m_ poa 003 goz 002 001 001 001 DO

= i e B -0.02
-0.05 Tos 2 -0.03

ol 7tset HAE'd HE (HH=1, 6lI5=89.38%)

: . .
S 7 S = & o ad dF @
FLFEFTEST T L LTSS E TSI LT TS S
FFe T SRS Y SR
& A & e & F & & M S
© & § .g:r&
&



F7HEM - 2|Ef 21 Y (Re-targeting) 2100 & 715

« Display &1 & ot M=H0|=
Data SMOTE Sampling
Accuracy 1147
(95% ClI) (.7120, .7173)
Ozt 7143
Eo| 71276
Pose Pred Value 9908
Neg Pred Value 0581
Prevalence 9763

% 2 Sl 18,340702] MA| H|IO|E{E 7.3 £ ZF, Train data set 12,8387110f SMOTE
Test data set2 5,5027H &
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v MSIS| ATRLH “What is the most effect way to conduct account-based marketing
in the face of new online technologies?' O 2

v 2212l O|= Fofef = tilald A0 Lol Aot ArY-e| 710 =

SEEPON:

. 2 OTE 2010 RHOISS I3 DAY el JH0|EE BEY + AUS

v 22191 FR0j0|Z0= XGB D2} SMOTE AME2] 20| MAMSHH, Mol HhH ol
MAEEHE 50| 7t H2 Aoz 24 E
. HAlZH RS S5 2240 OHAH E EXte| ROIE 7hMe &= US
v 2IEtAE &0 5 MXAE OtAE 7|8Ho 2t0EE Sl ROIE 52 = /U S
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