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1) AHEA 249 Axd 729 57X b8 S7H(V)2] Zol(X-V)& Alitws 4
HEAo] et =85 Qjulste Aotk HHIEA Y] Y gk 7Y F7RitE A
< % HAHER Gfjo] figh Yol wobdE Aulste W, )9 2 THte AL FF
MH|ER} ofglo] Aoz w2 JgYe Uehd.

2) F2AE A 4(News sentiment index, NSD&= $H-280f| A 7itsto] Al gdh= A|$rolt}. FA|Z o7,
FA7IAF 5 AA| Bolol] sfgoks 714 HAEE ¥ AT W (Web scrapingls ©l-&5t] 5k,

°o]& A}Ao] A&](Natural Language Processing, NLP) 7| HO.2 E43510], AAME 485t o]
ot =23 AA BAALRECOSPIA 9 9 g AaS ATt Utk
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(a8 3) 2=2 GDP CHH| ZHISAKI H (OY 4) 72 EUE HO[EQ HH|EXet

SAE HHIEXK|R SAE 2H|IEXK|e
ool MAS7|], % ©Ql: 7I&X1=100, 2015=100, S.A
120 160
100 140
80 120
60 100
| 40 {ff # 80
1
-20f 20 60
AL 0.94

-30 0 40

05.1/4 11.1/4 17.1/4 231/4 05 07 09 11 13 15 17 19 21 23

[— GDP MHIEXt — HHIEXKIE | [— 72 E3E HEXES) EE MHIEXXR(SS) |

Kz st=2d, SHE. Xz F2Google), SHA.

QREQODE ) AHEAT} GDPo 714 2 Jake won], AjHoz =
Y AuEAe] et AL Aol A4 Qi AL Selsist

o]
o 2o Eyste] BAORN 71 5L 450t 22

S,
4
pac)
jujfe)
filo
kr
o
rir
re
e

\
g
S
o,
u
2
2
10
£
B
rd

N,
=
=3
N
—n
e
)
S
)
)

o
=
e
~
(@)
(=
N
o
A
[
4
ol
N
E
=
N
=
ol
ol
el

E e BT A - Y
2017} F7FE dISste dl o1, AAGA AR} i HlAE HoEE 2
T B HAE 239 59| dEe BA
2 dFolAE AollA dget 7€ A 2, Sa%t A F il
AR E St | Ao d=239] e, 72 EFJE HolHE
EZsle HAE HolEE &850 AS5HE /AT + e £4saAE &
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7¥sto] Au|ERL] gt &8-S AL ¢ YA BT
2 =89 4L o3t L} Aol A=
HE AAsta, AlFgolAs HAley 7o) 7]§k8t Adaptive LASSO, Ridge

2 ol g3to] R4S AE AN 7, Ar|RAjo] that oS AnE L4k
vpRero R, ANANE 2 B S ANT
I. A3 4 dolH

1. @Ry U 45

ol
o2t

£ ATOIAE vl 7ol Furste] AXFA WAE A3t B sk

Neural Networks E38Hs Thorst m3e 345te] ulsa} el a4 of
of el lwsla EAlgicrs)

7}. Adaptive LASSO 23

LASSO(Least Absolute Shrinkage and Selection Operator= ZAAFHY &=
Z5Hro] W™K Penalty term)}= 713t Penalized regression modelZ, Tibshirani
(1996)°1 9Jsf| AZFOo =2 AAIEU}. ISA|Hh A7 gAY dgiss
7+ S 344 (Multicollinearity)o] =0t S| HAS2] 7574 (Overestimation)®]
$HE A ARESte Eyolth JAAIS AlekE AAgste] 8% A71E

3) & AFoHe g ARiert AEES7] HlEo] 2 o] El(High dimensional data)2] A+
Z2~(Dimension shrinkage)ol] 9-83F Adaptive LASSO2} Ridge Regression2 &-83t}. 31, Random
Forest®} Deep Neural Network RE-2 A& 3]AHEA 9 7ol QA &, tffst LS &
Alof| Z2fstHA] HloE] 7He] BAE Eot foHA 2EE &= Qltke AHE 7HA L Q7] wiEo] £
Aol A A4S s L83l
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FAA71T BFHES RSP 31, ol A% WelBiagE S8 Al
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J J

Z
@)
1o
I
2
k
1>
rir
1o

o Zrom N AA lolg 9 & i= Tlol§ 9] QlEA
£ o A0 S ehick AEY 330, - Do, 2 A B
()T AZgk 7] Zo]Ql ZkAte] Al FgHResidual Sum of Squares, RS
el & HA T2 = " g¥(Shrinkage penalty)Z %8 24XTuning
parameter)Ql 12] Z7]°] w2} H'dE|(Penalty)?t BeHAIH, A7F 05 ©2 1
dE7} Foj=He A7} 01 %ol sidE7t AletA AP 3] A(Linear regression,
Z Ordinary least squares, OLS)@r 22 Ao] H1, 77t ALSE idE7E AA
Ao 223 = 00] Hth 24 HS 19 g2 S B2 Ha
Slol= grog AAEm, dubdoE k-Fold WAFIZE(Cross validation, CV)X<
Eo ZHHth. Adaptive LASSO= LASSOS] -3 (Penalty function)oll 71
A(wyg A-&sto] 7122 TASSOE 7JARE XP O = Zou(2006), Bithlmandt van

de Geer(2011)0] SJ5t0] TQHE| ST}, B|7A 271287 2] ol = %mm

175‘] HE|w)2 2717F 25 A, 7171 a5 8ol S4H7] gzl

271F4A7E 0o 7herE HEEE o gl F "o ol &9 71E
LASSO HgH HO|Biag)E WFHA AS47E &Y + Ate Ade M
AL IR 2 Aleuit 7REAIE FofoF stER YRS Aol H V1€ BIE
o AlZto] 23 A-itks ©o] k.

A

N
ﬁalasso _ arggmin E(%—E@%)Q —+ )‘ij| ﬁ]| 5 A >
i=1 J J
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el

with w=

g Aol 7FEA(w)= Medeiros et al.(2021)9] WHEC] wet

1 .
w; = [ AM8elel 2Asiglon, 24 B Ak BIC VRS
+ [

VN

5ol A5kt
. Ridge Regression

Ridge Regression Hoerl and Kennard(1970)°]] 2J3] 119t 7|®HO 2 [LASSO
9} o] E&3(Objective function)oll *BHHPenalty term)& F7}3F Penalized
regression model® T34 (Multicollinearity)e] ot 3]HATY HAFH4
(Overestimation)°] ¥-#2 7% ARt ZEolrh & 2F2 ol Hk Ho
(Bias)E o1-&-ok= thAl E4KVariancere AAAIA &9 AYE=E =0t &
ol Sltt.

LASSO+= 3|HAI=2] izt HHS Fakol= ¥, Ridge Regression 3
AATL Aol A2 FaRetth= Alolgo] Attt B 83 M4E 008
e [ASSO9F &2 Ridge RegressionS B Q35F LS 0o ZARIEE 24
A717] dizo] e WS IE6HA|TE SAlo] BE HaeEo] Bl ZolE o
S| Aof ofzfFo] Slth= ©ido] U

‘ N
ﬁ”dge = arggmin E(%—E@xz‘j)g +)‘Eﬁ?
i=1 j J

Ridge Regression®] 543 919 Zom N2 A glojg 9 &, i fo]

N
B9 AYAE, i ofZuse] AUAS vepith, AT Yy YA, )P

i=1 j
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AR TEFH ) ASEE 7Y Apol)l ZAke] Al FHResidual Sum of Squares,
RSOS HEHY, F ¥4 &2 45 d¥(Shrinkage Penalty)® Z4 HF
(Tuning parameter)?! 12| Z7o] wzh Hdel7t geizich. A7} 08 4% A%
3] (Linear regression, < Ordinary least squares, OLS)} 2+ 4]o] EH, A7}
Fo(0)d BF 5 g ol AXA =™, Ridge Regression 2|77
9] AL 00 LHH Hrt

t}. Random Forest

Random Forests= AFEA Y (Decision tree) Y& HIHOE AE
(Ensemble) 71" 2835 BAHORE, o 7§ JAEA UFE st
7t Ui(Tree)7} A&et 235 Sdsto] 71&9 AbEd Uio] w2 7iAdst
zgolh. AFEA Ur(Decision treefe= H3A%H 70l "R §lo] Az
A £27t HEr= AHE AYATE "ole7t 279 HHol= A3} vHy
I B HOverfitting)°] LAY rk= @S Adoh. ol& 7fAS 2F<Q
Random Forest= 12| 719 B9 W=1! 7} 239 &3S Sk HHA
WIE 7182 2851, FIE 71 5 sl ¥ Bootstrap aggregating, Bagging)
= A& Wi FEAER(bootstrapys &9 AASH AL ®E, A4 O
o[EoflA HUFEE 3l o2l /MY MES WL, THEolRl 77| A& 7
HH0 2 By ShFAIXIL o|FA T=ojdl A UREY A& 6t
o] F of|&0o| o]FojA|H, Random Forest:= Z}zHe] QAbAY YRS F2}
(Randomly)= A5t =H2Q1 AEAS At of2] U] Axprf £
7] gZol 71& A U] A A7 siad 4 ok (18 5)9le
Random Forest 9] 9AMAA #}go] Lpebt It Randm Forests= W4 7+
o HAIE FAstA AL o= o] HAE BAE dSshe H fEsit= A
= AYARL A5 @ Al7to] AQ % AXprF A5 Zom sfj4o] oy

= @31 Adohd

—_

al

—_

g o

)

4) B AFo|A Y Tree)?] = 50070, Splitd 4= w7 (Bagging)2] 1/391 52 A3}ch.
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(J2 5) Random Forest 23

/N /N /SN N

Decision Tree—1 Decision Tree-2 Decision Tree-N

Result-1 Result-2 Result-N

Majority Voting / Averaging I‘

Final Result
2}. Deep Neural Network

QA Artificial Neural Network, ANNR Q17F] &1 (Neuron structure)
ekoto] THE d#d(Deep Learning) ¥118]E5 02 th52] Perceptron®]

= FHjoltt. <IH ool AAIE Hkel 2ol A7 H(Neural Network}> U35
(Input Layer), &4%(Hidden Layer), %ﬂﬂ.%‘—(Output Layer) 02 A& o] Qith.
PH HolHe YEF — 24T —~ Y52 AXHA dSgeE HelE=
g, gol87F A=W 7+ = =(Node)2 d‘iﬂ. I 7EEA7E TRl ghol HAbE]
2 Z/get(Activation function)E &3 2E A¥gro] & H= X0l U
ol A=E Aot 243olA= AA TEFALt 2F dlEA|9 ZJol& 4
sfste 7HSAE ET AAte] doluA| Hedl, S=igte] AAIRl -5t =S

il

mﬁ

Tie v kT 19 7 Ast, fYRR 9 T4 £k 7RA
U SF FollA dolvf= Akt AXE & 4= glof 243t &
Aot 834 e 4TE ol EEH 3ol UevA 9o A3AAET 1
B2 HAE BAE St H 5T 2HS0] BoldaE ikl F
7}ska] A|7ko] @ AQE 1 IASHOverfitting) FAI7F 9 4= 9lon, 2y
o] A|AJsh= Axtol et MEES] AATAE A8 & 1ol Ap7F GAsHA|
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(a3 6) AMZAI(Neural Network) 23

Input Layer Hidden Layer Output Layer

Uk SEE Adoh

ST AFollA = AFTAETANN)T 2ol Y5 S85= AUAT 24
(Hidden layer)®] 47} 27} o}AQ1 415417 KDeep Neural Network, DNN) %.&
SR, 24959 71 BoldE vs Bt Alite] 7hsst, Aol HIA
B9 F£2E o|FA Hrh. ASAEFDNN) an_,] 2 3k(Activation function)
2 ReLU(Rectified Linear Unit)& ARE0FH oM, 24952 H= sfal 2 24&
o] JAER ek 247 3270, 1670, 8702 A3 9ict. Egh, ¥HESH5(Epochs)
< 10002 HAs5k3t

2. GOl

FTEHEHUSE HHFEAAS SAS R AAsHlon, dYHsREs TAR, &
S5 9 HE 5A 7]&(Information & Communications Technology, ICT)
AUEAR] S, AR EALS] APA RS = 714 5 a97} 224 WaeEst
WA 3L S5} HE 52 1Bt on o]ejoe AP AFYAEAL Al
T 5= SIS YA AREA A a5 HlFZ AAoh= HIEA|
AL 71AF, s, A 3387] 52 Agstled, nlg 3719 552
9g3l= OECD 77| A$(Composite Leading Indicator, CLDE 37153 ch
71 AP RE ol MR 3923 BSI(Business survey 1ndex) 7 3}0113}
BSk= 7147871 AR 2 AAIEET Z7]00 gt 7199 e, A

s
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T8 7) NxY YE ¥ ZH|EX BSI (a8 8) o= FAH2[XIE(NS])
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(J¥ 9) 72 EHIE HOJE: XtSAt (J2 10) 2 EIC C|0JEf: Y|

= 2015=100, S.A =9 2015=100, S.A
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[— SHERRRES) — RSFHSD) | [ HHEXXFES) — HERHESD) |

(I 1) HolH FA0M “EHI'E 7|¥EZ 56t Word Cloud

5 M) F 2
Al LA Myl E

EdEod sAF 2 A 295, (OF 102 T 2 A% 495 5
oEth?) (¥ 1) 202249 1€ 19578 202349 3¥ 3147HA] Hlol¥ w29
A dEE HAGE B9 Uehd= 71AF AlEollA 8071 oY e TolE B
of Ui HEA7E 583 71¥E F studlE g1 &

F7179] 4715 17837 AHolA AlEE olEst ASXE Aok 4t
0]%(Rolling window) W& ARSSITE AA 2O F7]= 2005¢ 1€oA
20239 397HA] 21971019, 374 717F2] Z7](Window size)= 1207H€(104), 4]
= 717 10, 370, o, oI, 1270 EE AAskeltt. AF HolEt A
|3 A9t HAE HolHE VIR BEE Uiro] E4Z Aldsteler, A%
QA= AXKl7] Y3 RMSE(Root Mean Squared Error)E ©]-8-81itt.

6) 20059 193] 20238 37K 7 Wigeo] Tt EEWAE AEANS 181, 71A% 178, 2573
o] 21101 2543 5 A5l 7l eSS 242 1049 35200k

7) HE'E AR AAstel vl Al ANGAS W WA % e o BAE 9=
7} Hldisl] et AL SHelg 5 g
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H 1) QHIEX 0F0] ARSE Ha
! et =~ et
MH|EXfK| Alog BSIF2f Alog
7|A1gH|R AHIEXK]g Alog HICH| M1/ Eothlg Alog
PEEH| HH|EXKR Alog IR HIZSEH| -
ICT 25 HH|IEXK| Alog SEX YA -
KHEXH LhEotK| Alog A57| U -
Az EH3Y) Alog A8F Qjo8 -
OECD CLI log Google Trends HH=A| Alog
A DO K| log e N N log
M MAK| Alog Google Trends AIZX} Alog

[iE:

T

rlo

Q.

A 717k 20059 195-E 2023\ 3¥7MA = H7gsted OECD CL % 3=

9 waAEARTt olg7kse AEel 20059 AIRHOR AHSISL,

ADF(Augmented Dickey-Fuller)?} PP(Phillips-Perron) Tl HA HAE (unit
root tests) g Al&ste] ()91 HEE E(log) A S0f HFZARI AAER

s (B D2 240 ARS8 Al B 9 A AAER

7] {1 Al Eloly ek HojEr

7t 4% dloleler AHg3t 2
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E 2) ¥ HO|ET AISet 32

239 RMSE(%) Hlx

F2 E=(BoldAR
RMSEGFS 7HA = 232 %
ALgste] A& AlgS 4

HEAEO] 9loH, BE

ke He e e 1274

Adaptive LASSO 3.977 3.951 4.087 3.978 3.975

Ridge Regression 4.846 3.978 4132 4.769 5.203

Random Forest 3.775 3.848 3.972 4.000 4.017

Neural Network 5.203 5.865 5.455 5.283 5.455
2 OIS 70Tt J1E 22 RMSERE 7= 2H2 E(BoldMZ BAIZI0] A2, ZE OIS0k 717 LioilA]

TH S2 RMSEZS Tl 2ES S52M SC(Bold)HE HAISO QI

(J3 12) 2% FHZHOISHY 712 174E)
Adaptive LASSO Ridge Regression
010] | w i ‘\ | 0.10 “ ) | ‘
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Random Forest Neural Network
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Abstract

Forecasting Facilities Investment using Machine
Learning: The Role of the News Sentiment Index and
Google Trends Data”

Dooyeon Cho™ + Bohyun Hwang™*

Since facilities investment is regarded as one of the important factors
that determines a country’s production capability, it appears to be necessary
to implement a proper policy which helps understand patterns and trends
and vitalize facilities investment through an accurate prediction. This study
analyzes the predictive power using the Bank of Korea's News sentiment
index (NSI) and Google Trends Data in addition to a variety of macroeconomic
variables. We compare the predictive power of the model for forecasting
facilities investment using macroeconomic variables only to that of the
model including the Bank of Korea's NSI and Google Trends Data in addition
to various macroeconomic variables. We employ Machine Learning-based
models such as Adaptive LASSO, Ridge Regression, Random Forest, and
Neural Network to compare predictability for facilities investment. The

estimation results reveal that predictability is improved with the model
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using the Bank of Korea's NSI and Google Trends Data in addition to various
macroeconomic variables compared to the model using macroeconomic
variables only. Our study suggests that it would be possible to improve
the accuracy of prediction through the use of news-related data and a
web-based search trend besides structured data and be useful for policy

implementation.
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