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2 89 tlx"d A% (Digital Transformation)©] &3]
AgHe wet, 3§ 455 st 145 FEFELE AFES Ao
oAtk olel, 8EAF e 1A F7](Online Review) 7}
FEAE S7HAE Reolx S, # AFelAs oy A (Text)
FH S 3715 FA| (Topic) BE F3ghetal B4 O Z=N, ofH FA|7}
a4l 7 (Sentiment) & otslst=A qrstaar ok A4S 9l
=89 U 37FA FQ A FAAY, AlgItE 9 A EA Ak,
S A oz AP, 37H4 Ak delA Z+zE 5~10719]
o

A

Lok

TeEAES AT H, T 20/ SEHESHFOEFE oF 109
1 /&5 I o] Latent Dirichlet Allocation
(LDA)E A8t B mdds Aldgste] @i FAE wisha,
Long Short Term Memory(LSTM)<S A&3 7AAEAMS T3] 2zt
YH2 S ST

AT Ay 37HA AT B HA Y FA Aee 8712 e
a9 AY, “BATH-FIF AEr, caAAY o] g, < HEH o),
“Alg MAJASA 5 ol #s ZH7E EAZgen, 3o 35,
“AFA FF-AAAJS, “AgolA-&o 7}
AT ALt 9 A EHES co|ME Fro] "l ¥QIE
AR, “FEARG-ERI, <HAAA T A %2
etttk tEo] B d7E A E LDAE F 9 8719 FA
HlFo] 7ol ZHdel fenst AaAAE A¥eAE BAFToEHA,
od ZRFAZ AL TS oststAY AstslexE wdoew,
A FAL A HHATE NE SHFEE AZsHE T

= A9 a2 AA 2o oEgeE AT tdelA FA
WA A SFo] HAE g RE 4 oz A o],
A+ AFAT] Hl& = S§5EHEF AFe Ko AREAO
AT A 1 oor) o B B A FEEHF S

= A

-

Hogk o 9AE gf{E gl S 8= EFol ¥E VOC (Voice
of Customers)E FAEE {3, 7 FAERZ FAHAEHS
Agdomn Ao AMuA RS dFe vA= IY edds

ArdeEE g

FQ0] : Big data, online review, voice of customers, sentiment
analysis, topic modeling, financial market
8 W :2018-21167



A1 FZA B et e eer——era e aeanaeeesaraaeaennreeannes 1
A 2 A O1IZA HIT oo e e e 4
A1l A EF 2 (Topic MOeling) wuveeeeeeeeeeeeeeeeeeeee e 4

A 2 A 7A 22X (Sentiment ANalySiS) oveeeeeeeeeeeeiieeeeeeeieeeeeeennn, 5

Al 3 A BT B e e e e e e e e 8
A1 A dolE 3 D A A 8

Al 2 A LDA &% W HA A NS A 8
A3 A FAEA W FAE BAEA 9

A 4 A BA BIF e 11
Al L & T A e 11

Al 2 A B 14

A 3 A TEEAL 18

A 5 % 4 B ettt ettt et taet e tan e tant it et aaanransannns 22
A1 A AT A Q0F W OAAFE e 22

A 24 AT A W FFT ATIA e, 24

BE LT ettt ettt e et e s et e e e e e eneeeane 25

= 23
T L= L] ettt ettt 11
L3 L= 2] ettt ettt 12
LB L3 oottt ettt 13
L3E 2= L] oottt ettt ettt 15
LI 27 2] oottt ettt 16
LI 273 oottt ettt 17
TE B L] oottt ettt 18
LI B2 oottt ettt 20
LI B3 oottt ettt 21
I Exb
TR Lo 1] oottt ettt 12
[ A 2 O TR P PRSPPI 14
LT 27 L et et 15
LT 27 2] oo ettt ettt 18
(I A T T SRR PUR PO 19
[ A T TR ROPPRPT 21
1
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A1&ZA E

HL F8499 txd A (Digital Transformation)©] 7F3% 11 Q)
of 230 wnld W SFEALY] MTSS 2H ojtnlo]A & &&
2 F2), AlgTtEALe] FHE 7INE (EAA AulA 5, S5 Ak

tere TAY Au AT EA

Technology (SST) okellA trFojzl w ok, FAALS] A9, v]&-
Aok(cost saving), AlZF Aok(time saving), %A% (behavioral
control) & 1o (A& Esk FAuu] Al gkl F2Auu] AjH] A

& o] &3tA wEE 4l @<lojth(Ding, Verma & Igbal, 2007). 23
o] AL &84 (perceived usefulness), AF2 YA (perceived ease
of use), H<t(security)> o] @kl AH|A thal, 2l I§
B AS S te= FQ Q¢lo|t}(Jahangir & Begum, 2008).
o)A H TEAY el AL exeRel Au|A o] g thal ekl AjH]

FalE Qo] Ba ATES AR EASh), w9 2§

Ridol, el of3, J3} A SolA 1A ZHFE o] 8H TS 2
AN HAE giro] Agst= dEAe 7IWoR I s vy o]
2t} (Homburg, Ehm & Artz, 2015; Kim & Song, 2016; Phillips,
Barnes, Zigan & Schegg 2017; Guo, Barnes & Jia, 2017; Lawani,
Reed, Mark & Zheng, 2019;). 53] & 3l ofditgje] A5, H2E

5 g3 By TP (Topic Modeling) 9-1590] o]FoF =4,
Guo et al.(2017)= Q1 T€ 2lqpold WA e Muls el 3

3 415 LDA (Latent Dirichlet Allocation)S A-&3] F=3J 1, A
1



FAlet H¥He &89 A7 A% (perceptual map)E =4 Ed
Park et al.(2021)> =dl 545 € =0 HEA 2R
DMR (Dirichlet Multinomial Regression)& g8, 17212 H3o] of
| QRlef] 7|IF=7e Wt

Pt A FAFEH FHE TS gAE ZH doleE Ay 9l
of, 7 gl et cheket WHEA AUt A gHo] gt 53], o
Lokl M= ol 3 A shelE TR Fuwd AR oS0 g,
#H o= Naive bayes, random forest %, 7152 7418 <5 (machine
learning) 71%F WRIEolA oy, Hed 7nke] BwHES 489 2
A A A7 AgE gtk BE 9HE F, CNN(Convolutional

Neural Network) ¢ LSTM (Long Short Term Memory)E& X33t &

i

glo] 7]%9] Naive Byes, Support Vector Machine 52| 7|48+ &
dut ¥ 53 Ass R A- A4 4, 2019).

Rbde], S5AYS HAE Aol o] Folxl Az Y] wiEel, =

2hel e HolE 7l FREA ot MAE el Jure £ wago
WHRA TN AT} 3 B0 o] FoiAA RYh gk, AT T
Adsbgel wel, FFERE AEF Pl @ A

>
Y
o
_;::i
Il
N
LU

rr
of
M
il',
J 0
-

RTE o], ¥ AFeME FEEAFY 9AE i EFRUEDES
Agsto] 2l A gNATE HAdeta, aeERL sk 1
o] A& FAEE FAstuA vt olgd AqAIE= uA A
otsl H= Ayt Folel VIR ETHE #otd ¢ e T2 ARV
2 7 glor, AFA= olyd ARE vt er 17 VOC (Voice of

Customers) & Ao 2 F33}s 4 o}
=

& A7e VM Fad oo Adu AAR, I3t A7 EA sk
A<
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A 2 F olE2H WA

Al 12 Y 29 (Topic Modeling)

FAA FAE
]_

.

£ 29 (topic model) o]t TA] Hgte|A F =3t
7] g duEFo R, A FE 2E FAe wet Estal, 1
FAZE od doj2 FAAEAEAE Ak 7S 7Ieke] W Eo
t} (Han, Mankad, Gavirneni and Verma, 2016). 7}&, “7», «“119Fo]”,
“ARAP, <717 5o] w@ol7t 9 TSk wA S, <TIER, <dRb, <E
g «Bgr 5o wort 9 TSk wAE BEY RdES 485
H, 918 EAES “TEvel w3t FAE AW A9 «goprel wet F
AE Ad 2AZ d g ot olys By Bdy dugFe
71 &3] &85+ LDA(Latent Dirichlet Allocation) & 498 52
AbEl el Fopell M= % WA Z8" ®F ItH(Tirunillai & Tellis,
2014; A=A F T, 2017; o]Fz ol H AT AP E-0l
Wang, Feng & Dai, 2018; & 99 -HKF, 2019; 9
2021).

LDAYE EE EA4F FA¥ 4 (atent topics)e F2¢ =3
(random mixture) &2 Yebd F 53, 72 FA= doj5e] #x=
548 4+ 5 7HE%t(Blei, Ng & Jordan, 2003). LDA|A = o

= 2 e FARE Fe AAA AAg F, wojxet FEES &85
F7HA AFE R332l P(topicl document), P(word|topic) S AW 3=
AAEE F27F AU R 1955 (maximized log likelihood) ZH&% &
et =, LDAE woldts A dHolHE dEd2ds 49 Hol
B2 Wslato], Zb A2 AujAQl FA9L FAlo] 29 dolge FE
Fogm, A7t tFe Aol Forst ARE U= F QA

o]2]3t LDAS] #F8A4L H viAY stAlol %= AL-% <) Tirunillai
4
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(dictionary) AZH2 o7 Aatrt B4 Ao 7HAAPALS 2HA] st A
OE A2 e AR S 838 gl A9 ol el AR ¢

el

=
A8t oo wiFow 2R N E (Valence) & Sk W
o]t} (Berger and Milkman, 2012; Lawani, Reed, Mark & Zheng,

o_>|:

2017; A9A-A%9 2018; FUA-HA 4 d 2019, 493-103H,

2019). Dave et al. (2003) Clnet®} Amazon®| 2lHE &8l Seed
listg ¥ F 2 A {FYol/RteolE  tixste] AN
(Valence) & AAsta, dojd AFolE ksl gfdE s 43
o} Tirunillai et al. (2012) 2 @ EARL o] @lol & Aol AAR AR
= 9o (market specific data) & AFdel 23] At} o]k v
W ATAre] o=l w2l YEhve 18 S B du
st S8 Avke Aol oy, AAe A Aol A=
WGHo] itk vk, A Al HA A (Pang & Lee, 2005, 2008;
Ordenes, Ludwig, Ruyter, Grewal & Wetzels 2017; dr& -7 A,
2019; ¥rd5-Aarsd 202D 2 A7 52 s HASbehe &
e zka ok o] WAL A def AR APdE g8k At
HA (rating) = 7|¥te® A4 7]Fe] wet YRE S FHoE U
A, EAe AdE VhEAE wobe T, HAE R HAS 9
gggorA i vehvs 1A e SAST HiS vHY
Aok aHAATNN  FF O OUH
(Kronrod & Danzinger, 2013; Ludwig et al., 2013), A3 " XE n}o]
3 ATelA e HAo] A FEo #sl ZFHAIE GE-F v (Pang
& Lee, 2005, 2008). ¥ dA7-olA= e ARAS 98, B

$eE AT 34 PAS A9y

>

ZHAE-X o= Naive Bayes, Random Forest, kNN, SVM (Support
Vector Machines), Ht] AEZI T ohekst Wiy dagFo] &4
o] gktk(Appel et al., 2015). H FAAEA L] FdS =ol7] 9
W o s deyyd IRk dauglgo]l =3 gl Park et al.(2019) <
CNN (Convolutional Neural Network) 2 LSTM(Long Short Term

=

6
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A3 F AT WY

Al 12 doly £3 & Ao AHF

gl FAAY, A8TtE 9
AN, 37FA AR dlell A
AQs FH, & 2079 =%
gl gRE ST Yie
9] Selenium 71 A S &3 %2 =% (Dynamic Crawling)
Aoz AY FAPL, 2010d8FH 2021d Atolel AAE HRE
Google Playstoreo| A 3 gt}
Aol A Hog AEstd YHES AFES] dEl, 98y
Aol Ay #H7IAR]D khaiis: &8RN, FHT EE #HY
FEI. 28y FEEd AAe HFflel #HrANEES
, B3 oulE Ad o] (e.g., ¥, AZ, ofZgA M)
THEAR 22993, 9n] gle E8o (stop words) 7}
AT AHE FolustA wETh wEbA, IRER oE
T @ E e FEHE FYste ZEAYS FHE,
AHE AFE BEAE AAS H, khai #HTIAE
& FEToEMA, 72t R EE5X (Corpus) &

ol &L ol N A
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N e
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dr oo M S 19 o
lo o St
of,
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ox i pE offt TL oml 1Y of N
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32
nt

Al 22 LDA S & HF FA A5 A9

Mallet” 7|45 Ao Z&ct 4 A3 FHFagoez FAd 4
W 2 AL AFANE AT I RS fFARE FAE =ESHE WAL,
E A7, “ApsolAl-Far, “F4 wiuirel & Zb Al

TAE EFs7I= Ao HALY FAl Jhgre dold 43
(Coherence) ol wet A Fch 2 A olA = Roder et al.(2015) ol A
Abgre] AR FALEE Wizl A 7P fARSE A9E BES O o
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A 43 AT 2

A 12 Fa4 84 2%

Topic 1 | Topic 2 | Topic 3 | Topic 4 | Topic 5 | Topic 6 | Topic 7 | Topic 8 | s_score
count 41338 41338 41338 41338 41338 41338 41338 41338 40715
mean | 0.125118 0.124827 0.124955 0.125074 0.124963 0.125347 0.124985 0.124731 0.349322
std 0.018257 0.014474 0.016272 0.019952 0.017734 0.021758 0.022663 0.015312 0.425765
min 0.056306 0.067869 0.06068 0.065578 0.064203 0.066724 0.062364 0.064433 0.000447
max | 0.389918 0.283991 0.283088 0415588 0.387963 0421775 040812 0.320195 0.999406

X1-1> SAAF MTS g&F 4 &7 42 719= &

= 1099702 Z=3dAF MTS (Mobile Trading System) Z#3Zo] tf st
gitel B3 RS Ags] £ A3, 8780 FAI7F H A9
M VERsEIL, ofel tigh T <a"1-1>7 #ZTh 242 96
TA MFE 55H 1474 3o R o], T4 43S
P, 8] FAlelA 7Hd =2 FA A3 (0.57) 0] HERsTh
g7 e FAA ZEsdl 7 FA= <AAFEH-FIE AET, MTSH
UX(User Experience)”, <224l o]g» «qi H&EA e)” “MTS
UI(User Interface)”, “Al& 7NA-Q15A 55>, “YHo|E o]F UX”,
2 owerE EREHAT FA 2R 2 719E FE 2E <#E1-2>9

7o}

11
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5
B 032 1
051 4
030
049
T T T T T
B 8 i 12 14
Mum Topecs
<Z1#1-1> Coherence Score vs. Number of Topics
Topic Number Topic Title Representative Top 10 Keywords
= L A i
1 HAZE . Z=KE 5= 7Is XE =k 2
SE =7t +=3 Z3 =
o =LA FIW 2t My 7
2 MTS UX = = f Lof < N E" |
Z|of 2| PSE=) = 5tF
= H S5
3 T2ME 0|8 e =z ikl 7h M kel
EXt o1& oA A MIE
4 wysmy BT SR A A4E @S
NS 23| = HE R
A2 =0 SIH H o My
st 2| = AR ER HH|
6 Amje-azyss AN =18 BS Be 88K
= HI ks e Q14
HAMIO|E  AlsH = S| =
7 gooz oz yx SUI0IE @4 s=  @HE
AP si4 ol 2|3 Z2Y
8 =4 ojo A ey 240l o = o=

2 oy ®m #

%
#1-2> BEubed WA ZRE 2 A w5 2 VI E S =

LDAE &3 =3 MTSE FAl= a8EAF A9 813 MTS
HE Vsel A FAR FAH AS5S & F Uk FELE A
291 (Ding, Verma & Igbal, 2007)°l 33k AsiA o] v 2 F4|
ol iy, tE V|YER «E=r, ¥, “Edr T Ad <] 5%
o FAE Y727 (cost saving) 29¢lef] 3lo] MTS ZE ] AMu)A

AAE Guighey ek, «qin, «Hopr, «2xer]r, <29 5o i 79

12



=

s Ad

“MTS UX” FA = A
AE AH| Ao A S YERd 4

L

O]"/]’ ch:]]j/]” “Z‘] En “JJ On 7]%

Fjz MH|AE AFEE

9lo], AH] 2]

87A1 8] FAjoll A ofd

SR S i s R R R b=y

3}7]

Ao u

37 0
s

e S

FavSES -

P
T

ofw) g,

AN

T2 Fgs ©

EE2I]H(F=669.7, p<0.001).

sl sh,

-

7Hd e

FAZE LAY &

“37&}\1 o=

-

o}
e, <&

A]

A,

1:1_0_
=

= o

Y “MTS UTI”

2
% A7 (Behavioral Control) £.219f

wfjul]” F=A (bs=—0.18, p>0.05)F A<t
oju) gk g

(time saving) £.¢lo] o]
H? 719 =5 XY

TFA =

7

15}

iz
=
p

£

==

A (b.=—2.34, p<0.001, bs=3.32,
p<0.001, b:==2.35, p<0.001, bs=5.12, p<0.001, bs=—1.16, p<0.001,
b-==2.12, p<0.001) & AW &4 A= <E1-3>7 2
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Abstract

Recently, it is usual for customers to use financial platform
because of the digital transformation in financial industry, and the
number of online reviews about the platform is increasing faster
than ever. This study analyzes the text formed reviews, trying to
categorize the topics of reviews and discover the topics that
deteriorate customers’  sentiment. For studies, this research
selected three major financial industries, which are securities, bank,
and credit card, chose 5 to 10 major platforms from each sector,
and collected more than 100,000 reviews from 20 financial
platforms. With the data, Latent Dirichlet Allocation (LDA) is used
to categorize the topics of customer reviews, and Long Short Term
Memory (LSTM) is applied to measure the sentiment of those
reviews.

The result of studies discovered that the reviews are well
explained with 8 topics. The topics of reviews in securities sectors
were “Watchlist and chart” , “Access error of an App ,

“Accounts opening and a certificate enrollment” , “Customer
services” , etc. The topics of reviews in banks were “A certificate
enrollment and biometric authentication” , “Automated transfer” ,

“Open banking” , etc. Finally, the topics of reviews in credit card
were “Participation of an event” , “Coupons and discount” ,

“Digital payment” , etc. This research also found the topics which
worsen or reinforce customers’  sentiment and visualized the
customers’ sentiment of each topics by individual platform.

Current research chose text reviews written in Korean
language which were excluded from previous research. This is quite
meaningful because current research tried to describe Korean
financial platform more realistically than previous research. Also,
this research categorized voice of customers (VOC) about financial
platforms with the large text reviews data and defined the factors

that explain customers’ satisfaction by applying sentiment analysis.

Keywords: Big data, online review, voice of customers, sentiment
analysis, topic modeling, financial market
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