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3.1. 9= AA

ARDL(Auto Regressive Distributed Lag) H<*HolA A& #AAE &<Ast7] 93] Pesaran and
Shin(1999)3} Pesaran et al.(2001)°l ]3] #|otE ARDL-bounds HAWS AAIE A&7F [()S WE
] ARgs = 9l WEQAFA RS (Vector Error Correction Model, VECM)ell H|&| 5o
0=d=<1g W2s FEAEE AAdAE AREo] 7hsatrh kA 2k WFEe] Bdds 99

sl7] $1% ADF 7% (Augmented Dickey-Fuller Test)Z} PP 77 (Philips-Perron Test)s A] &) 3tc}. ©h
&+ AR A3 7)12H\5MHDD, CDD)E A&d RE MErt (HHE5YdS gt 7ewss B1
A MR ofd Mk 12) B 1 ol w HEEo A FUTh

32. 38 % 7AA (ARDL-bounds AA)

. — — — — — — — 2~ O I1 1=} (23
H : ag=ag=ay=a; =ap =a;3=a, =0, HFELS FHEFUA] T}
o
T

Hl @ ag#ag=ay#a =a,#ay=a, =0, U575

Wy F AR AL glths AF7PES F-EAISS o83 AT & k. g Apolo] %
717 AEBAT EA8e HS F-EA%] 43S Zhupper bounds critical Value)i\:‘r At} 3kt
(lower bounds critical value) ¥ T} F-5A|Zo] ztom HE/IHEMH0)S 7124+et = $lthPeseran et al.
1999). T A& #AE HWH KAUIS, KAUL7, KAU21olA A& BA7F A Hstal A9 KAUIS,
KAUI18, KAU19, KAU20 W 3 7] daaA7E EAshA] okt

Table 1. Test results for ARDL model of K-ETS carbon price

Variable Period of observation F-statisic
KAU15 2015.10.07-2016.06.23 5.18
KAU16 2016.07.04-2017.06.30 1.56
KAU17 2017.02.06-2018.08.09 3.82
KAU18 2018.09.05-2019.09.30 1.46
KAU19 2019.05.21-2020.09.11 2.07
KAU20 2020.03.31-2021.08.10 1.59
KAU21 2021.07.28-2021.12.28 3.76

Note : upper bounds critical value is 2.27, lower bounds critical value is
3.28 at 5% level.
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A9 0 A6l SR oA +ask Rastel W AHAel adlor sk olele )
= vt A71esAA 5% AuAZtAe] gamEd JHgel 2 v H A & AA
gt w9, A7 A1 KAULTO wiEd ZHAel dlsl G+l duaAE Btk 27149 @
ol BAAZESE 7]2A F= KAULSS WAsE Alojshd XE A, 7Rkl $A4 4
2 A Behs Ao ekt
Table 2. Estimated long-run coefficients of the K-ETS carbon price.
KAUI1S5 KAUl6 KAU17 KAUI8 KAUI19 KAU20
KO 30.22 -4.84 18.11* -1.56 -71.91 -66.15
KEL -585.82* 7.30 16.38 111.61 637.89* 27.53*
KBSI_ELEC -344.82 223.13 -43.56 687.12 327.82 444.49
KBSI_IDUS -391.77 60.23 -51.88 424.99 673.22 -40.07
HDD 21243 168.15 19.50 57.02 55.74 -84.28
CDD -1955.43* 106.79 -76.34 561.18 -635.03 -154.75
C 105520.50* -2205.27 17931.03 -78970.87 -45222.93 26058.46

Note : An asterisk(*) indicates significantce at 5% level.
34. D7)BA FA

@] #A A el wet Adolst AXE B duA st Ae AR A BE A
o 3l ow wr] BAE EAEA &kt A 7R AL KAULS, KAU20, KAU219 A 5%
TolA BAHCE fFojgdon Fr|AAL} FAA FH FHE Btk AA Az A
KAUI15, KAU17, KAU199 A &= B E 2] A xd W=7}, KAUL6, KAU20, KAU219| A= Lyt

T AFATA I o 55T FEE AT S AAth LAAFT Y AFAGAFE S
gs 2ol g ube] ANk Fe A AEAE g D} A ()9 d#s Bided oe &
2uEE A F Feart 9t Az AR TS BAYGES Ao Wi EEE AnE B
olt}. 7|4 A$ WA 4= KAULS, KAUL6, KA 2101]*1 frojglon WA= KAUIS,
KAU17, KAU18, KAU2IIA o3t & W4 2% KAUL6S 7]Ho® wWihideo] A9 &9
A Fhe o, WG A Fe] FHeA S dHor Wate dHs B
Ak ol WA et WA 7S E gt oE gAEE AE 719 oEs
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P55 9msict
4. AE

A @ wEAAUA AE ddeR al gaulEd 7hAe] 8 SR F



79 W] ARRAE AFEAsdth 3714025 KAUISIA A8 FAKEDTe] o3
oz $Ao|n YRom AAAEY ALATE WED A0 414 g vAn B 5
ek BaNEE AdAE S NE BES BHoR HaENS A%S B Adshs
Amoleh, 7t /19e AT BauEA D Sl el BEAS AU e 2 A7 2

References

Banerjee, A., Dolado, J.J., Mestre, R. (1996). Error-correction mechanism tests for cointegration in a single-equation
framework, Journal of Time Series Analysis, 19, 267 - 283.

Pesaran, M.H., Shin, Y. (1999). An autoregressive distributed lag modelling approach to cointegration analysis. in:
Strom, S. (ed.), Chapter 11, Econometrics and Economic Theory in the 20th Century: The Ragnar Frisch
Centennial Symposium, Cambridge University Press, Cambridge.

Pesaran, M.H., Shin, Y., Smith, R.J. (2001). Bounds testing approaches to the analysis of level relationships, J.
Appl. Econ. 16, 289 - 326.



Proceedings of the Korean Data Analysis Society
July 7-8, 2022, pp. 5-8

AF A AHE T A

ﬂ\_o’
aj
X
i
()
ol
-y
Y
of
oSy
Mz
1%

rke

2
B
=

-
rlr

$7hE 2 ol gHolEE olgstel mELE 19 % AL AUALF Aol A
#e B ARAAF ATLE AF2 JR Folt 9
PaES B4 B4 dFUL FASA

He =5 @ 4 A%tk A WA, A2 1

B
=
=
Y

N
il
:
%
i
rlt
mio of
o
ofo
ofr
r -
@ 4
=Y
=
ol -
=
.
z o

ojN 2
v
rir N
i
v
dlo
O
o,
=)
30
[
iy,
[
4 H
il o
RO
>

oAy o 32 AN
2
.l
b1
=)
S
_\‘U_,
[
o

2o ofN rr

1

o
b
=
ﬁ
o
2L
L
ful

Ir
poy

lo

o
oY
)

i

B

o] F9tk. A A (temporary) A5 E
w37 ﬂt?(]z"“ S AF=
9] FIEAEZNS AdALT Aw Age] Uxd
iE o] Z71E AFRT ALde] F7hsle] 7 tiaS
HAF v T Z AFY AdAYs 4 & A A AFETY 7l=4] F

?ﬂ W, BRE A Jf=An ] S7rad7t b Addse] YeRytt) ol

o] zolo A 7|R1gE TMeAE HAFE SR AT &

f
1
ﬂ —1N
it}
N
%0,
rir
=
N
1o,
ojl
ui
ol &

i
Nt
A
[y
[
=
=2
An
riu
of
o
o

e
24
4N
>

2 3o 4 b
=3
b oo mx

o
ruzﬁﬁ‘;z
2 oo

N
N
2
¥ e

T 1 o
oUN to BN ol Jit XL 1o N

B 20 HN oox af

-

ofl

AT

32 od

7RE0] AR, AFAGA LT, AFSEAA L, 7h=4H]

1. A&

s FAsk7] s 2 B
ZE A gsjzt FAE flgk #
48& 3 Aol gigk AAH g¥E FAskax
IRl 9} . 3] HE Baker et al.(2020), Coibion et al.(2020) 5°] L
1.2020), 54 <] 2912021) F°] UTh ¥ A= A AEA LT xh}%} 7=

FAAE WEoE e YTt AT AdAdT AFEHE GMMS
|3te] FA5FaL, WE 2}7] 8] 28 (Vector-Auto-Regressive model) W28 o]&3lo] AdA U+
wol AT Anlo] nX= A g3E SAE o)

)
tjo
o
=)

2
T o
o2
o

ﬁd
Y
rlr rTz
g2 Hl

10 ﬂllo oxl
B

J-‘.J
=
=2
A
m{%rlr
= &
o, B
L g

>4

‘o] =R 2219 E 45 dFEu *J%‘Iﬂ%l A7H] Aol eJste] ATE S
125457 FQ% 5N 5317 7, 8l J|8hu} 234, E-mail: soo62@gwnu.ackr
’63147 AFEREAAE AFA] ol 53 AFATY v Hae)- HEATE AYAT. Bmail: yjkang@iri.re.kr



2. AR

w Aol AbgE AR FA I 7=y, A AdA

A5 712 AT £ A= Table 29 k.
2,060 vHI o2 Y=l U 7}=0]8- 9 (CARD_LAN)
ey W=l dd Fh=ol gl Azl 359k o 2 AFET dd l=o]8d Al
2519Rkl BTy oF 178 A etk AT YA 95 (SUBIEN)S 20209 49 2195 E AT
So Al Aol AlAEAAL, 8EEA] F 4129 90] AFHJLE AHE A A F(SUB_NAT)
220201 5€ 8UFH AFEWOA Aol AlFER A, €A 1,819% o] AwH AT Ul
W=rel #3374)/(TOUR_DOM) 4= 3t 26,518 0] a1, HHAZHE 492199 o]t}

= 01:0
2,

=

M\

EL

Table 1. The description of the raw data

series name Unit Definition

CARD_JE] 100M KRW / day Daily BC card usage amount by Jeju residents in Jeju area

Daily BC card usage amount by Koreans in Jeju area, excluding Jeju

CARD_LAN 100M KRW / day residents

Daily amount of first disaster aid paid to Jeju residents by local

SUB_JEJU 100M KRW / day government

SUB_NAT 100M KRW / day Daily amount of first disaster aid paid to Jeju residents by central

government
TOUR_DOM person / day Number of domestic tourists who visited Jeju by day
c19_tot_inc person / day Number of daily COVID-19 cases
rain_day mm | day Daily precipitation

Table 2. Basic statistics of raw data

series Unit Mean Std.dev Min Max Summation
CARD_JEJ 100M KRW |/ day 2,060 251 984 3,787 502,586
CARD_LAN 100M KRW | day 1,359 435 712 2,465 331,714
SUB_JEJU 100M KRW | day 169 791 0 8,136 41,241
SUB_NAT 100M KRW |/ day 746 3,668 0 27,691 181,941
TOUR_DOM person | day 26,518 9,287 0 49,219 6,470,487
¢19_tot_inc person | day 86 112 2 586 15,724
rain_day mm | day 4 12 0 114 878

note) sample period : January 1, 2020 ~ August, 31, 2020
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2 M A AFES ARE NFAEAd Tl AFERY = AHle] vX e JEgS
GMM(Generalized Method of Moments)S ©]-83}o T&38 o] F WE2}7] 8] 7] &3 (Vector-Auto-Regressive
model, ©]3} VAR) &S o] &35t AdAdw A+ o] ol g g NhES FH
o Amit
— 1 P
GMM : J(8, W) = — u(8) Wy u(B) (1)

X3+, y =7, X, =1 4™ yiis rs ni™ 011, B2 (6 1) coefficient vector, w,: error- term,
E(Zu,(3)) =0
VAR:y, =vy+vit+Ay,  +..+ Ay, + By +u, )]
= (gt Tyl ), el CARD_JEIU, y": CARD_LAN, 7, : SUBJEJU, 7., ;: SUB_NAT,
A;: (4 4) coefficient matrix, y" = [n{"? p;*"]", n{™: c19_tot_inc, p;*": rain_day, B,: (4 < 2) coefficient
matrix, v, = (1/,...3) : intercept vector, v, = (v1,...,v})": constant trend vector, u, = (ult,.“,um)’: (3x1)

white noise vector, £(u,) =0, E(uu,) =X, Eluu,) =0 for s =t

Table 3014 GMM FAAN}E AW R, 147 Jte A&, AR AFE AdAds 5
bl thal BEAR R St AFEW AFAA e F=au7F 2k AL FHold 4 919
Z7h} g F7be AFENY Ft= o] &S FovlE

o whe Awe) mEu B34 5
29+ 182 Yria .

Table 3. GMM results (adjusted sample: 4/21/2020~7/15/2020)

Variable Coefficient Std. Error t-Statistic Prob.
gl 0214 0.034 6.346 0.000
Yo 0012 0.004 3.069 0.004
Yrnat. 0014 0.002 6.278 0.000
et -0.050 0.012 -4.149 0.000
P -0.004 0.001 2.921 0.007

constant 5.998 0.252 23.838 0.000

notel) GMM estimation weighting matrix: HAC (Bartlett kernel, Newey-West fixed

note2) Instrument specification: ¢ (-1), y/**" (-1), nf*® (-1), /" (-2), ¥/*""(-2), ni™ (-2), cje]u( 3), 4" (-3),
n?(3), AT, Y, n (@), TES), S, n es), n g e

note 3) J-statistic (Prob.): 10.854(0.541)

S o] 83 FZukS-(Impulse Response) 4] 23}, AFER o] 7t= Au|AL A 13} A
Ak Q53 Zﬂb}x] deo =5 ok9] FFS = FoZ et AlLA Al
J 2UAHRE 4 Al FAA R
A A, AFER] e AH[HS

ue,
_}\i_,
N
W
e
o
O
19
=
X
ol -
_wﬁ
2_‘
r1r
Hﬂ of
T
o
)
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Response to Cholesky One S.D. (d.f. adjusted) Innovations Response to Cholesky One S.D. (d.f. adjusted) Innovations
?2 analytic asymptotic S.E.s ?2 analytic asymptotic S.E.s
Response of LNCARD_JEJ_SA to SUB_JEJU Innovation Response of LNCARD_JEJ_SA to SUB_NAT Innovation
04 04
02 02
00 /& 00 \/\
1 2 3 4 5 6 7 8 9 10 12 3 4 5 6 7 8 9 10
Response of ¢/“" to yf;ju,t Response of ¢ to y! .,

Figure 1. Results of impulse-response analysis

B AFE GMM VAR R3S o 8stel meu 19 #4142 ANAAF AFo] AFEY
o F1= zle] A JF& BAFGON Aok heel FOB Foh AA, = By o)F =
2110 AF A A4 59 Frhe AFERY A o g w
W wAe] Asolgel FAks At AFY D AP AUAAF AFE 47 AT
HEAZGS FAMOR F TR vToR

ATl AFEN 207k B F74HoR L 07 W
AN AT FUAoR Adslel Lt ek got 9B A% e AFYR
o A7) ek,

)
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A& (Real Option) B7HEE & 883 &£ (Ohlson Model) AZEH

=<(Ohlson)®] ZFpo] R L S|AGE W] ARE 7vtow 24 7IXE d9stazt &
= 71977 2ot} Ohlson R 02 F715 dstazl & u] %3}o] 2 (Residual Income,
RDE Aoste] mefuldS oS5sta olo] J&s A= H3A AR W47t 2asdtd, e o
TAEC] HIFA AR WFE Gosr] g ATE A&t Stk & =EolA= Ohlson 23
of 223 v 4R WFE HEFA(Real Option) 7Hx W4 A&ty 229 7|4 Ay
o2 A% dAsdth 1 A% AA, Ohlson 23 #A xo]<o] WAstaL = -F7|H %
SA7IFel i Aol o HArg 3 % ABetA] = 71g el tisiA
Aol A 7] Ohlson E3& o

p
= e

2aha | FA7b Rpe Ays) FE 202 ek 53 Zjoloe] w4
(ﬁ J o L

ot
r.

EZH AFE Ohlson(1995)2 A7 9
S WM de 2dE, B
= AolA 97t itk Ohlson R%
& Z3}oloe] o=, o] wlE] o]z} =7}
Abel oSS Sm (A 7], 2003). SHAIRE, mlef ol 3t EAREE Aer] flel @Al ARl o] o]
| Wl ob# sejo] WASHA| = WA 7oy HAVIHe] 747 Bkl 3

ot

A7E 3

w3k, w2 2Folofo] FakE WA= 7|t HISARESY A9 3k vE 7] A% B2 A7t
FHE I ek Ao E mAY g oE vl Z2Folds Hestes Fho] obd FAbEe]
7196l Zldeks “wo] AR 7Hgstal AFEAS AT TRk el A71E S5 Sl A
= AEFAH7IHROV: Real Option Valuation)S =931 TE ROV R  Stewart Myers(1997)

102450 A&EHEA FHET olER 107 g=relsroltstal tished A4 g shat whAlaA.
E-mail: yooinsong @gmail.com

17035 A7) % &AA AT REAF A2 81 womoluista S AEg o wr
E-mail: ywlee@hufs.ac.kr

QAR 30019 MESEAAA AEZ 2511, Lejvistal B d|o]Ejate] A 2sHE Zhak
E-mail: ybcho@korea.ac.kr
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7F FANAE ALEL] S8 aE el AES 83 /ldeR 19731 Black and Scholesoll 2
sto] #|A]¥l OPM(Option Pricing Model)oll Bl +i1 9)©™, Luehrman(1998)2 ROV E¥HE
g3to] dAA R e F gl 79 HHES A SFATHFE E, 2011).

olo

Ohlsone] W] ojshal 7197bE @A RS ve Ztolels] @AM oz vt
B2 4 qlek vle) Zsto]ofe oo} gFow ANEw, 7eh w5 AR
o7k Z3hollo] g mATh

=
ot
2
)\
rlo
oﬁ
N
SN

Vi =BV, + oy RBL+ oy, oY)

dEaA A7l sgaAel He d8Az ed 5 35 558 AMgsha 9l
w2 A5 ool BASHA = 27] 719l TIvHl= Aee] et weba] B ATl
Mz ool BASA o= 7I9ES THE bl ARE ThedtES ofdflel 22 WME dEA=
AHg-3 A

K
OV=38+ Nld)) = — = * Nd) ©)
(&
In () + (ry+ 21
d, = dy=d, — o/t
1 oVt 2 1 o/t
o714, oV = FAUF
5= 53744
K = FEAEH
o = VLT ES] FFAA x V250
rp = T Aol
t =54
B AFolME 719 540 uhE Ohlson R3] AWeE AT, ove: A8T RIS AT
=45t7] s A)~HQ)E vt 2L EPoR dAssith
InF, =Gy + BInBPS;, + ByInRI, + €, (1)

InP, =3, + B,InBPS;, + BInRIL, + B4ln OV, + ¢,
InP, =, + B InBPS;, + B,In R, + 3,ln OV,
+B,n DPS,, + B,In(B/ M) ,, + Bsln Leverage ;, + 3;Beta,, + ¢,

I T
ofl
S

—~
ok
)

&

3. A

of\
Mo

SEE!

B AzB 6= 20070 A 2021 22T 7198 o vdadd gdgolHE A5
oh duk 7193} AFA RS AolE Holw w8, B P dAud, vE ¥ A # Anjag
T 38 ¥4 452 AYstd e, A2 FolAY AYAA T 714, 9% dolHE FUtel



=54 (Real Option) B7HEHE 283 &=%%(Ohlson Model) 524 11

HAGAQ dgS = 5 Ao A9tk 4 2 12531709 714, A% ©HolHE REoRE
AAsid. dddolE = =g i 1% AR A VI Ul GEAAE 71l
wje} $-27) ) Bluechip), =771 %] (Midsize), HiH 719 (Venture) 3 Bl L7 })(Tech) o2 58F31 Tk
o BAVIZE 3 QEERIL 9AE 199 A9 dely 59 A o8] AFARY dERF
NEE WG, EE, Sl A 719 5t G 1% el Rie /195 R 02§

2 Z52 ZA7} Ohlson 23& %104010401 WA e 8714, SA71Y, WA= 7
ol F71= & At g Ao® vehdth 3 BPS W4E 7Y BF 2 FoA o)
FEglol T & Addstar gtk kAR W Aol Fa% HAVIHY RUVF 2570 $97]
A 2 WH71Y2 Ohlson 2¥o] F7H5 & Adsia A £ Aoz Yepgon, RIZF 552
FA7199] A 2389 ng]r 7k AV 9 ATHEAZE Yl S, Ohlson 232 A
F7zol o]l A 7|dEd el F7F AiEe] e v, A o] A g V1Y
o geideE 7 & *m'aw Zohs SHAAS BT

H] 3]

ARRE FARES A% R A, & B 2AE e, olF 57
37 9% WFE ove F/kstel AFEA @ Astelnt 1 A3 RE ANYGRFAN 0Vt

=l

& & Adstes Adow vewton, Rsquare ©3F A EHAT =, 7]E Ohlson oA F-=3
FHaue e weE £ ok W vl RS BelFa gtk
Table 3= FAl@yre] AHES F7F ASs] f& 71 B2 ASAT A ARENE Wes
& kgl A4 HAES FA8 Adol BE QRFEAA oV 7% fjuld oo
FABAE HolFa e Ao yswth E3, ZIqrEet AV JHEAE HEde
B/ ML o] d FuaAE BolFa vk
Table 1. Fixed effect coefficients results of Model 1
RI+ RI-
Bluechip Midsize Venture Tech Bluechip Midsize Venture Tech
BPS 0.6715%**  0.5056***  0.3740%**  (0.6745***  0.7782*%**  (0.5338*** (0.4793*** (.3407***
RI 0.1292%**  0.0605***  (.0398** 0.0783 0.0177 -0.0229**  -0.0063 -0.0024
R2 0.4610 0.2989 0.1448 0.3719 0.4197 0.2661 0.1989 0.1182
Note 1: BPS is Book value per share. RI is residual income and is based on per share. All variables are taken
natural logarithm.
Table 2. Fixed effect coefficients results of Model 2
RI+ RI-
Bluechip Midsize Venture Tech Bluechip Midsize Venture Tech
BPS 0.4488***  (0.2137***  (.1399*** 0.1185 0.3249%**  (0.1048***  0.0531  0.1473%**
RI 0.0714***  0.0273***  -0.0047 0.0808 0.0095 -0.0070 0.0031 -0.0031
ov 0.4788***  0.4730%**  0.4762*** (0.7005%**  0.5890*** 0.6139*** (0.6498*** (.6867***
R2 0.6556 0.5432 0.4241 0.7015 0.7055 0.6133 0.6183 0.6632

Note 1: BPS is Book value per share. RI is residual income and is based on per share. All variables are taken
natural logarithm.
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Table 3. Robustness test results

RI+ RI-
Bluechip Midsize Venture Tech Bluechip Midsize Venture Tech
BPS 0.7312%**  0.4389%**  (.3646*** 0.1000  0.7136%**  (0.5224*** 0.5101%** (.2831***
RI 0.0101* -0.0073  -0.0265**  0.0939* -0.0012  -0.0127**  -0.0000 0.0059
oV 0.2096***  0.3184***  0.3135%**  0.5208***  0.2134***  (0.3546*** 0.3573*** (.5095%**
DPS 0.0098*** 0.0024 0.0076 0.0606 -0.0144*  -0.0099* -0.0087 -
BM -1L1132%%*  -0.8744%**  0.8747*** -1.3745%* -1.0316*** -0.9736*** -1.1455%** -1.6858***
Leverage -0.0223 -0.0064 0.0027 0.0689 0.0232 0.0366** 0.0257 0.0128
Beta 0.1516***  0.2290%**  (.2555%** 0.2515 0.0816**  0.1440%**  (.1536*** 0.1623***
R2 0.8565 0.7627 0.6874 0.7548 0.8897 0.8326 0.8354 0.7904

Note 1: BPS is Book value per share. RI is residual income and is based on per share. DPS is Dividends per
share. B/M is Book to Market ratio. Leverage is calculated as Leverage = (Total Liabilities / Total Assets) X 100.
Beta is the systematic market risk index. All variables are taken natural logarithm except for Beta.
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12 = o, 1 = = O~ =
AEEE w29 EUE w2 A3 & By £ A3 AT
oq!

Q oF
2= 8 FAANGE Qo R dto Bl d4o] YElUEAE 24Eth 53], &
FEE T2 TG 2 dFelA Euld e A4S vasith FUIE Al A4S
o 2ue dAo] o ZAetA YeltEAE st A58 AoE gokshd v
AR, 42 FAANGN A= Brlle FeAo] okstA YEwth &4, d555 w29 & W
ko] w2 mud $9ES E4% AI, Celiker, Kayacetin, Kumar, Sonaer(2016)2] Z¥}<}

g stellA mulel 237t o AskA yEisith AlA,
el dgke] #deo] 9 =A YERt Cooper, Gutierrez, Hameed

Fegol: BAY SoE, 21HY WE A3 23, ATEE w2, FUE w4 AR

> = bl

sk

1. A&

malE Aol EAo] #aEtolE Jegadeesh, Titman(1993)ell ¢jato] 2 4w ¢t} Hong, Lim,
and Stein(2000)> W|=r FAAI G A= Rl @] AF-EA17F S(analyst coverage)’l A2 719
A FEshA vEbdtia B st Zhang(2006)> U E BlEd 2 dEEE MEo] 2545
maE ool ¢ =vle AL Ho] FAth Cooper, Gutierrez, Hameed(2004)= W|=r 524 A 4o
A mag d@ado] A& Agle| 7|Qsttta sH4th & Aol AEv|d A4S mu" g3t 7

o
= pE
Fgathe AL wol FUG AFE FAANFANE wule Ao tehdths Abao] 3
= %. Z

¢

N

A5tk Chui, Wei, Titman(2000)< @=7, &3, J7FEE 5 opro} FAAGE Z4do2 3
AL FFIRAYAZZRA vleo] w2 719, HEF 22 71]), BAdEe] w2 VIdelM e 2ulE

Aol oJte] o)Al oS FEshe S HoFUTh Jung, Ryu(2021)9} Ohk, Lee(2020)+
a5 AFATRE AA G

Chui et al.(2010)2 7HIF¢] Ag3Fo] wre Folrlopel At FAAG M= alle] Hefe] 59
Aol EAeA] =t SFSATE Asness, Moskowitz, Pedersen(2013)> U2 F2AA| G| A= EulHE
f9le] foHolx] gFral s9t) o] gt V& AFEAM T B FAANG A= Bule Z ek

o3t fFo)AQl Fols A& F fve A5 2AE Kol FUh
Celiker, Kayacetin, Kumar, and Sonaer(2016)= Campbell(1991)9] Z1-A3 wWEl 27]3]9 =

)
o] gslo] o71x] K AAFYES AFEE 72 (cash-flow news, CF)2} 2918 72 (discount-rate

o2

kel
=

148513 FAFAA g 8A4F 45, AU S2HEALAFEE F 04 E-mail: wuming0530@pknu.ac kr
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news, DRIZ #3417 372 3 (states) St A 2WE Zahel dolo] vhaf wAjstedeh. 1EL )
FANFAAE FAY R BFEE ook G W, B wAE Foge] EAdh: A

S Ho] Fh ol A= Campbell(1991)3 Celiker, Kayacetin, Kumar, and Sonaer(2016)°l <]

atof, A& FAANNA A7]H] B AT ES duEFE 7o e 2R Edfeta 74
729 el wE Euld A4S Ak vastaat vk e RdE A s o
B FAAEe] BN AeA aol® dwgith. F7FE Cooper, Gutierrez, Hameed(2004) 4 % A7
4571 2ulgl @ide] FslskA veheAE gRigth A B4 A v 2ok A
A, & FAAGNA = 2l d@Ae] oAl e ASS & F Atk EA, d5sE 7
of g o A8 w2 Bulyl FoES A% A, Celiker, Kayacetin, Kumar, Sonaer(2016)
o] Aol W HFEE w2t B0E 72 A st Eud g3t o siAl dErs
ok A, A Aol derld W e Aol ool ¥ At vEhdte As o 5 4
t}. o] Cooper, Gutierrez, Hameed(2004)2] -+ A2 A A3l 2 A4 A7) o] FAAE
2 3] 4(overconfidence)dl= ko] Holw o7 <lg mulE] &S WAA|ZIt= Zlolth

B = vEd A 540l E dE FANGS SR sto] dEEE vk E9E
T2 gl mald Ao folds HluEdlal, A AdE di FAAE AEA zpo]e}
A B0 Austditks dodl lojA ke oolE it

Fol A ARgEHE ARSI PRl A
Ao e B oATe] AR BRoldh

2
®)
Rl m
o Mo

92
N
0
£ e

21 Ad7AR

R oERe B5 FAANAY oA SUANL AP FAES A7 dgen o] w2
& shell A o] mulE FolES EAsklth BRI 19979 19 EH 20194 69 7HAI T ]
a3 duvligo] wdH 4 /b 9 AZEE9) dlolE = DataStreamoll Al FEE3ith AEEE
iradh AR s 7] 915kl DataStreamol| A A4} E(TOPIX A159), wid=2E 2 17}
4 duae volHE FET Table 12 ATEE 729 AAE 725 Fop7] fldke] A
dEd AFFIETOPIX A5 $oE, RM), dAAEe] WidsdEDY) ¥ duH FoE

3

(relative rate, RR) & WAWMITES 7% FA o).

Table 1. Descriptive statistics

Mean Median Max. Min. Stdev.
RM 0.0015 0.0054 0.1297 -0.1898 0.0512
RR -0.0001 -0.0002 0.0077 -0.0041 0.0015

DY 0.0147 0.0158 0.0285 0.0055 0.0059
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22. HE

22.1. 2243 #E 27|39 23 (log-linear VAR model)

Campbell(1991) 2714 ol WE 2737 By ddstq o7]A X3 74 $gs
A58 7ok AE 722 BaeAnh 2 AFdA ARS-S Campbell(1991)9] Z1-43 23
< U 2o

Ty —Etry = (Bt+1- Et)ZPIAdHHJ (Et+1- Et)ZPITHH—J
=
=Negi1~ Nogata

re e 1RO A Bl Bt tdolA e Tt ol p= W ' Wsted 2ol Eol
ek dES gulstal 4,2 t+19 W] AR g yEnh of A2 Y wjge] 7
WA 7F S7kskH o712 FgE grejo] MAYsAIRE wE =S YAV FUlekd 7] A] g
Edo] MAZTE AS yEth Campbell(1991)2 vl ¥l Aol MeS duss o
N, ME FE 71gA e ¥E5S WG T2V, R Btk e1e 3 WA 247} 19]
T A7k 02l Wtk A pr(7-pr) 'S Wbtk o7]A e @9l Ee el I A

_ ’
Npgiv1 = el Aug i

Nepio = (el’ +el')\)ut+1

Celiker et al.2016)0] ©]3te], B ATo|A = AFsE Foash Tg F2o 4F dex 2
o] Aelakint. 3 12709 oom w4 AFEE Fah FL A e Ae AT 4%
(Up_CF states) 0.2, 5(Y 45 t22 32 w35 & Down_CF states)©.Z goJgtr}, Wt 7}
A AE B9 FH FAE ok FHY A4S 9 45 TA8 FB(Up DR states) O 2, &
OY A9 492 3 398 3 Down DR states) O % A oJdt) E AFoAE mulE Fo4S
F437] §18te] Daniel, Moskowitz(2016)¢] W& AH&3IATh o] £ Aol AFsE i
o} golg Fro g wE wy YEZI0 FIES Z4ste mud d4e) g FHd
=

3.1 Rulg o4

Table 2014 w22 A#S ueeA &
Moskowitz(2016)°] ¢]&to] 43 muly TEZ
-5k eI 9B FANG A BiY digo] s
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Table 2. Momentum returns
Loser 2 3 4 5 6 7 8 9 Winner WML
1.459% 1.035% 0.909% 1.002% 0.834% 0.875% 0943% 1.026% 1.160% 1922% 0.463%
(6.178)  (5.605) (5.208) (6.540) (5.497) (5.654) (6.234) (6.378) (6.513) (8.068)  (1.882)
32. W& A3 wE Rag £94
Table 3> FAwEF 729 QS 724 A4S stollA A2 FAAE EdE 58S B F
i 9tk Panel Av 5 _dusw 48 R ot _dusE A ot RulE o HAAE
UER AL Panel B 45 _SR1& A st o0& el 2uld 985 HiAE UEd
o Pancl ANME 5 @FEE 4NN BWH Azl £ojyo] EARE A2 RolFa 9
t}. Panel BolA & g5 _2R0E& F8olA mule d4o] EAS HolFE ] Panel A% BE H| 13|
£ ) Celiker, Kayacetin, Kumar, Sonaer(2016)2] A¥}o} W2 dAF3F jrAaRU A& 2 A
& atold mag mah o el Uedths A% SRl 5 otk w3 4% guR s
o] A WA AE Hastrlo] wide] Mgt Aeta, Bikd AfdE FERE 7P 9
of ARu|H dido] Asith Egk FA| v EE WUl FAAES & FARU AF5EE 7
zof B WEE & Ak SAw AR 4§ el iR BergE MY Ae WA 3
T3 2FE F2E 7 oy BA vEx = o]gfg Al BA SlolA B T
N FAARES 288 Q& oo t WA & Qla ARG 2 A shellA] mule d4
of © ZstAl vEbd & Stk
F7IE E AFoA e Eud Foo] A sl wet o9 tgEAE A #A 12
MY ste 4 AP Ee] 01T AW (98 AsVIE Atk 4 Azt w2, Al
4%7) dol maE Azke] Felgol o Avks A& % & ATk (Table 4 42H
Table 3. Momentum returns conditional on cash flow and discount rate news
Panel A. Cash-flow states
Loser Winner WML
Up_CF states 1.333% 1.899% 0.566%
(5.334) (6.090) (1.755)
Down_CF states 1.670% 1.961% 0.291%
(3.517) (5.344) (0.770)
Up-down -0.337% -0.062% 0.275%
(-0.628) (-0.128) (0.554)
Panel B. Discount-rate states
Loser Winner WML
Up_DR states 0.652% 2.090% 1.438%
(2.385) (4.999) (3.414)
Down_DR states 2.095% 1.790% -0.305%
(5.897) (6.610) (-1.114)
Up-down -1.443% 0.301% 1.743%
(-3.217) (0.603) (3.469)
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Table 1. The effect of the mandatory retirement age extension on the child’s marriage

@ @ 3

Treated*2006 0.0269(0.0472) 0.00535(0.0678) 0.0460(0.0643)
Treated*2008 0.00427(0.0405) -0.00731(0.0588) 0.0326(0.0542)
Treated*2010 0.0265(0.0387) 0.0456(0.0560) 0.0201(0.0520)
Treated*2014 0.0428(0.0365) 0.132**(0.0550) -0.0316(0.0475)
Treated*2016 0.0216(0.0373) 0.182***(0.0563) -0.106**(0.0484)
Treated*2018 0.0517(0.0388) 0.266***(0.0591) -0.112**(0.0499)

Treated*2020 0.0830** 0.278*** -0.0778




$mel Aol Aol Eelol MAE 9% 23

Table 1. The effect of the mandatory retirement age extension on the child’s marriage(continued)

(O] () (©)
Age of the parent 0.00938+(0.00506) 0.0118(0.00777) 0.00762(0.00622)
1 if at most parent enrolled -0.0266(0.0298) -0.0307(0.0449) -0.0378(0.0372)
from high school
1 if at least parent enrolled -0.0275(0.0250) -0.0608(0.0393) -0.00328(0.0299)
in college
1 if the parent lives in cities 0.0139(0.0272) -0.00650(0.0403) 0.0194(0.0350)
Net wealth of parent -0.000151(0.000255) -0.0000213(0.000348) -0.000463(0.000369)
(unit : 10M won)
1 if parent owns house 0.0239(0.0244) -0.0298(0.0384) 0.0598**(0.0304)
Age 0.0483***(0.00354) 0.0609***(0.00565) 0.0324**%(0.00436)
1 if at most enrolled from 0.201**%(0.0418) 0.175%**(0.0634) 0.220%**(0.0543)
high school
1 if at least enrolled in -0.0273(0.0328) -0.0567(0.0470) 0.0429(0.0442)
college
1 if frist born 0.0177(0.0234) -0.00990(0.0357) 0.0393(0.0286)
1 if working -0.0902%**(0.0154) -0.200%**(0.0216) 0.0514*%(0.0222)
1 if women 0.120%**(0.0212)
Constant 1.590***(0.221) 1.765%%%(0.340) 1.244%%%(0.271)
Observation 3,065 1,367 1,698
Number of child’s id 524 241 287

The dependent variable is an indicator variable having value 1 if the child is married. Standard errors are in the
parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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21. AFEF
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TFoR T4 -RA As & A s 48 AT =E Ak AREEkalth 53 Likert
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AR FEANY FAAE 27 Ao oo Hro] Ao dS WA A Erh(Wildes, Miller,
Majors, Ramirez, 2009). f'4%; 3hxfe] &ho] Ao #A3t AGE AHHW AH A545F 244, 4

= A 9 h Y

MA 75S I8t 55, oA vZ &34, Bl 5ol #te] dol 9ES vA= Aoz e
S UHPark, Jun, Lee 2018; Park, Hong, 2017). 4% x5 4te] Ao J&s vjxe= ¥ #
3 = R %ﬂﬂé@% Ao grojz] ARt RAA AES 258 dAHSRE A sta
T3ty AFsl= 4 AE Ao Z YEF)t(Jang et, al. 2013; Park, Jun, Jung, 2013). ©]¢]
ATtE FHE %Jﬁ?&%"&ﬁ} A=E ol g3ty Ul fFuked ek oA ge] 4he] Heo GFgS w|A
= 89 oigk B FAE st FHToREA Y A o] Hhe] A S A%
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22.9FYA 9 2353

TGS A1871(2019~20200) Aol B Sk A Ol 1546978 0 4L, 15 oA
2 8326W 0, & AT = FHds AT o4 1018S FeR 34

¢

23.94%

AFAISY 4L A, ALY, Wg5E, AAY BF, ATAES o §39n AYHY
Egont 77, 2ULE, FALLE, ARAR, $&, FTAIFRE, &F, FY, SRS
o -3t giet.

232, F38 A7, 2EA 2 A, AAFA 5

Qi AAskaL Sl *E‘v’ﬂi AA = “tids] @ol Ao A] «A <]
Ea Ea

A gt 4 HER TRAGR, A5 525

233. 4] A

¢ 4L EuroQol-5 Dimension (EQ-5D)< ©]& &}t EQ-5DE 4to] A& =A 3
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3.1.94+2%
3.1.1. WA AFEH S ulE e A xlo

ARt AFEY  EAo] mE ahe] A AHF=6.151, p=.001), ZE’FE|(F=13.547,
p=001), R&FF(F=3.301, p=.021), &4 Z5(t=2400, p=017)°1x EAZOE F3 2o]7} U=
AO R YT

3.12. QAR AFREA w2 ko] A x}o)

el AREAG W2 el A AR (=2.000, p=046)T S-2(t=2310, p=.022)% 4] E7|
How frolgk xfol7} vhebyk

3.13. djdAe] arel A, F43 A7, 2EHX AAAE 9 ALERF

opte] abe] A =4 A7 BQSD Indexi= 14 ubdlol] 093:01274 0% vhEbka, thalale] o
A AZAEE 53 Dol 31920807, 2EH2 AAAEE 43 w6l 2900857, ADFAF
= Tt 24.09+3.53% 0| AT

3.14. Ao FaH A8, ZEAX A B ARAZFR o de] A 7] Aad

42 T84 A7 8 @=-0.413, p<.001), A FAF1=-0247, p<.013) )9} EAH o= {2t
FHBATE e AoE YERT
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CNN 3 Grad-CAM 7]ike] AW 72 ojvjzx £752 +5 2 34

o] TR, WA’ AN

>

eslole] 4 W ArA s1&ol F748 wASHA ¥4 volHe] Azl @ X 2E
o $ Hlo] Z7HAL AT o)F A% T AFAE oPlHAEe] AR gow, md
o oA #AARe] ANFFFALE FoluwA 2 4B Mol elFolAn 9T el
B9 md PRE QT A3 A4 §ol9e AR Faw Ule] Hul, mY 45
W SEohs wel AW 5 daids A5l Hul Agelth AY A

2l ,
XAl(eXplainable Artificial Intelligence)= ¢ & FAS s)Zsl7] 3 SAsIgon, mdo
q

EdutAE o) 7bed FEoR st A Tt B AFE Aae EE Sl
ol A]&= CNN(Convolutional Neural Network) T2-S A}-g3lo] AW 7Hd ojujx] EF &4
Hoetgon, HEHoR A Rde oF 97% 7Y AYEE HArh o]F R4 MIE

A D A e s 98] XA 7IH 5 31l Grad-CAM(Gradient-weighted Class Activation
Mapping)& Hgatgon, o]2 B T3 Rwdo] HEFZH wHds WYy Fo3 gg%
g ojuAe] 54 495 gtot 1]

Tiol HA ol FFE A e AF % 54 AAY uid ot -Zrﬁd 9_1‘%%‘ %JQ

2 A0

72897 : CNN, Grad-CAM, XAL.
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Self-supervised classification for functional data”
A, AEA, A D, A, £, F3A°

2 o

HeolE = HAdvid] fake] Age] wE Ao G Frret] fls

$Hr3 (functional) AR TZXE 7H] BPHO]EHE HEAl, ARk WE o&EA St
dago] gtk & AFAE HZ & H92E o v8& ZE Al dordd] FE351i,
AARES Y dHolH A &&ste R4 WEE AALA drh Ag AR
EZES £AE Shgete Wi 23HQ o, gigke 4% e ANAdS e
B2 olg Z&AOE It FF4uHel Fasith dAFelA e Y dolHE ¥
sto] o} mElo] iHowa EZ /ds Aosta, ol 7|Rke ARk dhas Fa ¢
Ty dlolHo ZX & Shgate Wehs Al ofg, Ad Adojr e dag veoHE &
HEHE WetO R trend filteringS 53 Ho|EE T4t 7IWHE Aokdtth w3, dad zhse}
SAE AR gH|E T FSZFA W (noise contrastive estimation, NCE)S =413}, +4
o EEAS Eolv AMTFYHS Ateth AA RAAEE F AHeHE o] o] g e
TAehal AR SAAIHE Ao 9 oETS A ¢ e, HR2ER AU WA
whe] 320 575 AR ERAET S IS ERlskth

72§97 . BERT, trend filtering, data augmentation, NCE.
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Forecasting Tail Risk of Time Series with Weighted Scoring Rules

Sungchul Hong', Jong-June Jeoif

Abstract

In resource management or financial field, extreme events such as downpour, drought
or bankruptcy are main research topics since they may incur severe problems. Many studies
have built on tails in distribution of resource and return to forecast future events for a
provision plan. This study especially focuses on tail risk such as Value-at-Risk(VaR) in time
series to predict resource exhaustion. Using weighted continuous ranked probability
score(CRPS) as loss function we impose larger weights to lower quantiles. To tackle
intractable integral in loss function we exploit monotonic linear splines which parameterize
the qunatile function and it gives rise to closed form of the integral. In our methods, deep
learning models like transformers return the parameters of monotonic linear spline that allow
for quantile estimation. In numerical studies, we compare probabilistic forecasters and their
property in lower quantile estimation with real-world time series datasets.

Keywords : Probabilistic forecast, Quantile estimation, Value-at-Risk, Deep learning.
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Q oF
A FAS FFcke AL ¢uEFY T8 (faimess) s EAAsHAY, WIS AR fE
1] g3} (debiasing) S A Ast= dlol Fo3ITE R V& AdFELS EHAS U8 Y4
HAQl FATFH oEshARE, AdA e AdEor B4 FHAARS A A
o2 dHA glon, o= dHoly xHE IAALY FY Alole] #HE A & Ak & AT
M= X dxd HolPe At s T3 34 #d fFoldhs MEE AW FarconVAE
£ A|9ts}H, FarconVAEE d|o|Elo] ®3d ] &k A srol Wzt FR] #g 3 ] Rzt

o] Ao B3 FRow RyHAF 3tk I F, FarconVAEE A %3
FgozA v U GANE E7] 2 7WMX1C% AT 1z F AN E7)

i) rBL
rlr
1
fitl
ili=)
2

A, g Wz A e v U3k AANHE7EE A2 oA A AT £ AT &
¥ gz 58 Yl 720k (Gaussian) A2 AFHEt(Student-t) AERREE G7S W A
=2 A s ds 5

= o=

& FRe) Uz SAFFE ol2AA 24T} P Altele, dlolE FAe] 2e)E
171 - 1.3k-2) 7+ (swap-reconstruction) A& F7HH 02 &8-3it) Hol&, o]
2 E = thekst AYmAE dolE S ulg FAA Bt AlAsks 2l vjHeks)l, )

o Awsh HYEAA FarconVAEE $58 45& 1S Felshgy

== 7 )=l A=) oy o)
TFRE TR, B, BY g, gz

oy

Holy S ElFT.
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1. A&
#++ mAl2]Yd(machine learning) &ale]H Eohe Aol Qo] Absl e theFgt EokolA

=
o]E{ 7]k oJALAA A ~El(data-driven decision makmg system)S =Ykl Qlow, M Fol Al
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)% pe) xS el S ol Wl v
= A (Bengio et al. 2013)9] LA ST A, Q13bel

Eo] HlE &l == thgst telEAl
Sole= B = 2o Fad #AF AAlH AWE Qo BF Q3 w-o]E(noise)L} W3 Sl
“J X (sensitive information) 5-°] E3tH oI9S 4 oM, oY x| F& HAREC I B¥A
(invariance) S 7MAIWA = 4] 23 #AHE doJE o] A 5EA4S & XSt BdS T

AL AT T8 FAR U7 gtk
9o ¥ 38} 5(representation learning)oll TE3ICa d# A don, ANAHToZHE 8
2 1A Y& delHEd dste uAlE dAdARES & SSAIZ A
T ok olye AAYI I HHELS oW (He et al. 2016), El~E(Devlin et al.
2019), HolEtolE(Xu et al. 2019) 59 BE ZrdEoA foudt AT FA4S HAFoL),
HIATEAA AAEEe] 3G 2 2l dukstE @Adste dldd AHwS 4
ZTHArjovsky et al. 2019, Sarhan et al. 2020). ©]= A7 o] 8455
H T8 ARES doly xdel XA Bnk ol Riztek A
Fet7] o, sk dloly xddl EAlshs ol YA &
& oAPAA Al&Rlol A BEE e g5 fFEstA, HolE e #X
A EHkE o 5S Fste dd AsE 5 Qo
Ay Edo A Wizt AH 52 9 FAAAE AAS] g B WHEEC] AL
ojgtom, Aujx w3t %(adversanal representation leamning) W2lo] tjEA Q1 HT n
= doll Bl SA4o] gk AR Hdgor HEsA
FEE HAS SRR dFete T 54 AS AdHeR HAglee W
T Ass HolFu, s RYo] B st %XSO] AT
i (disentangled representation learmng)ol Romn, doly nd WEEY 7
4 shupe] SANRS MASEE HERHE TS %E](dlsentanglement)O}b W 2 0] UH(Creager
et al. 2019). 12} W2 HEE Ay WHEES 1d By 549 2A4S 94
A4 ghg A4S d8ata 9lom, of Al T el EAAS oplgth oo
HE al

(Arjovsky et al. 2019, Sagawa et

FH:
k2
&
2
g,
3
=3
g
ox
&
=2

=
o)
)
FM

of W3 7

E1> rE

O rr e

T
=3
B
<

r |

& (invariant representauon learning)

o, o5 9A] SgHE Bd N S $ Juk TFAA G2 Aol wFe gk
2 AT, 4] 71Ed 1E PEESY RE FASS dushe R gads v
98 FAT FAL AT PHEL AN, o2 A8 AY e AR BEOx L4
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Distribution Contrast for Disentangled Fair Representation*

Changdae OHN', Heeji Wort, Junhyuk S0, Taero Kint,
Yewon Kin?, Hosik Chof’, Kyungwoo Song

Abstract

Learning fair representation is crucial for achieving fairness or debiasing sensitive
information. Most existing works rely on adversarial representation learning to inject some
invariance into representation. However, adversarial learning methods are known to suffer
from relatively unstable training, and this might harm the balance between fairness and
predictiveness of representation. We propose a new approach, learning FAir Representation
via distributional CONtrastive Variational AutoEncoder (FarconVAE), which induces the
latent space to be disentangled into sensitive and nonsensitive parts. We first construct the
pair of observations with different sensitive attributes but with the same labels. Then,
FarconVAE enforces each non-sensitive latent to be closer, while sensitive latents to be far
from each other and also far from the non-sensitive latent by contrasting their distributions.
We provide a new type of contrastive loss motivated by Gaussian and Student-t kernels for
distributional contrastive learning with theoretical analysis. Besides, we adopt a mnew
swap-reconstruction loss to boost the disentanglement further. FarconVAE shows superior
performance on fairness, pretrained model debiasing, and domain generalization tasks from
various modalities, including tabular, image, and text.

Keywords : Fairness, Disentanglement, Invariant Learning, Contrastive Learning,
Variational Autoencoder.
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EXoN: EXplainable encoder Network

SeungHwan An', Hosik Chof’, Jong-June Jeor

Abstract

We propose a new semi-supervised learning method of Variational AutoEncoder(VAE)
which yields a customized explainable latent space by EXplainable encoder Network(EXoN).
Customization means a manual layout design of latent space for specific labeled data. The
EXoN provides two useful guides for customization of VAE by a conceptual center and a
multi-modality of the latent space. The latent subspace produced by EXoN can be easily
investigated by a simple measure. To improve the performance of our VAE in a
classification task without the loss of performance as a generative model, we employ a new
semi-supervised classification method called ‘SCI(Soft-label Consistency Interpolation). It is
found that both the classification loss and the Kullback-Leibler divergence play a crucial
role in constructing explainable latent space and the variability of generated samples from
our proposed model depends on a specific subspace, called ‘activated latent subspace’. Our
numerical results with MNIST and CIFAR-10 datasets show that EXoN produces an
explainable latent space and reduces the cost of investigating representation patterns on the
latent space.

Keywords : Variational AutoEncoder, explainability, customization, semi-supervised
learning.
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Neural Temporal-Filter Network:
AAD A% ARE F4E AT AA% 72

AR, AR

s O

2 o

B AFE AAE oS FAA oS AYEE A7) 98] Neural Temporal-Filter
Network(NTFNet) @} E2lE AJZ2¢ AAE AAw F22 XHOP%D} NTENetol] 3 W ESH

3 Aol Wi Fxo= Variational Mode Decomposition(VMD) 712 S8 92w A|AL dHlolH
£ &35t Temporal-Filter?t ©]& &3l Z3i€ @& ol "]Z“ﬂ St 24 A oke] W)
£ &%317] 913 Temporal-Attention Gate® -4 o] ITh A|0F3F NTFNet 9 A5S 2157
Al D AAE dolE B v dolHE ol &t Bl AFS FaAstrh 1 A o
Soll 289 oy Held WHED vasas W dr] 2 A7) A BE dE 15% T
o8 Aol FAHENSS Helrh

FR2&0] . AAIE o=, Y&, Neural Temporal-Filter Network.

1. A&
AAE oS EA= dolE &4 dodA ol 7|7 FF vRolxl A FAlolth (Karim et
al., 2020). dF24 2= Auto-regressive Integrated Moving Average (ARIMA), Vector Auto Regression
(VAR) ¥} 22 SA1A FWol Bo] &850 g, < AeAs 7% ¢34 37 Recurrent
Neural Network (RNN), Long-Short Term Memory (LSTM), Gate Recurrents Unit (GRU)9} 722 H#
d 7bke] & W EEo] 95| Aoty 1 Ut} (Hua et al, 2019).
AAG o ZFo] ofe]E olfr dFstaal sk F& W] g SHHs
Woollel, s EHWgEel F
2020). ol=lg ol E H AAE o
Tel (Kamal, et al. 202007 ZA121 A|AE dlolHE 3]
s Wi” B Eo] ARSIl QY (Huang et al, 201).
= A9 dREg g oA AAD d5o A% 34S 9ldl Neural Temporal-Filter Network
(NTFNet)a}ﬂ Bos A2 HEYA F2E A Add MEYAGE AAE dolgs £
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B E | SAREANL 2 ARENZ I AGA5FENAAUA (GrandICT ATAE) A
o] ArAFE 3 E]S{i%(IITP 2022-2020-0-01791).
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3|3l Temporal-Filter <} &
GateZ o] Sl

olojA] 7]&d B =g FAL o3 2l 2= AdE UEYA F2E Ayt 3
T 4ol ARS A% doly Avist A WS Afsta A Aol disj drdith
npA o 2 5= AT AR F7F AARel dlalA =gt

2. Al V| EYa +%

B odto| A A|otsl=Neural Temporal-Filter Network(NTFNet)Zt1 &2l AMEZ UEHYA F+%
& Albgtrh ASFE NTENet tAA 9] AAIE vlolH o] EAleks AAlE Hd(x)e= E3)at
= Temporal-Filter?} ®3E A|AE w€(x)¥ 2 AALE dEe st 294H (H7,_) <9
HAE 3HF3st7] $1¢ Temporal-Attention Gate= /3 =] 31Tt NTFNet®| 72+ Figure 13} Zth

Y

Tanh

Softmax

I
Temporal Filter

EL 2K I )

Xe

Figure 1. Cell Architecture of Neural Temporal-Filter Network

Temporal-Filterel A= 18 E AAL vlo]HE ke ARor Rafets 93-S 83t} ol
o € A AAG Holedl wAlE 54 Y deE 22 He HolHE on|dth AlAd
dolHE 54 dd g9z #asty] $dl, 2 AFol|A= Varational Mode Decomposition(VMD)
WS #8319tk 5 Temporal-Filter?] 98 #h2 t A9 =€ AAIE HolHE st t
Aol ZaE AAL wolE X, =zl 4% ..,2f 7} L

Temporal-Attention Gatel| A= t A1 9= dlolHE ojd To= Z&st AALE 23
(X)) t1 AFA 5 2YdEekm,_)o BAE gEstr] g AlolEo|tt ojw &
SR Softmax M-S 83t X, 9 H _ Alole] BAE sk, A (1)F 2] & ;_;}.

1

ik

=
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o_>|:
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hiipd

a = softmaz( Wy X, + WyuH,_, +b,) (1)

il

HTHo2 ke AAE dlelEHZ #3l¥ X, 9 Temporal-Attention GateE T3 g5H o& 9]
&38te] o= RS 2YAE(H)E SEstv, A @9 2ol SsEd 91714 © = Hadamard

product A4kAFe] T},

Ir =l

H = tanh ( Wy, X, + Wypla®H,_ ) +by) )
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2 AAY dle]E(UTDI,
st WA 2719
= WA Y LA

Hooo A Aoksl= NTENetd] A%5S vlashz] 9aiA, 2719 v
UTD2) ¢} 270¢] thd ek AlAE 9 o]E{(MTD1, MTD2) thalA] W]l *E‘@%
9 dolHe sl okl Auke]l A7FAS AA3H) %%H 45

ol &

Al &5t BDI HloJE o} frife] EdAA =04 Algshs ‘?ﬂf}é A dolHE o
Gatity. tpiE AAE delgd 3 ds Hlal dYS H“HH & AellM e oFF-atol vl
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Table 1. Results of prediction of univariate time-series data

UTD1 UTD2
g 2
1-Step 6-Step 12-Step 1-Step 6-Step 12-Step

RMSE 21.09 (0.030) 95.08 (0.045) 163.5 (0.059) 0.690 (0.006) 1.515 (0.009) 2.375 (0.019)
NTEFNet*

MAPE 1613 (0.002) 6.802 (0.004) 11.47 (0.009) 1911 (0.022) 4.320 (0.034) 6.868 (0.051)

RMSE 30.62 (0.081) 118.1 (0.078) 210.1 (0.152) 0.868 (0.010) 1.901 (0.014) 2.824 (0.026)
LST™M

MAPE 1984 (0.006) 8.172 (0.018) 15.01 (0.059) 2.291 (0.035) 5.401 (0.055) 8.531 (0.082)

dZoxte BT (EEAD
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Table 2. Results of prediction of multivariate time-series data

) MID1 MTD2
2d HE

1-Step 6-Step 12-Step 1-Step 6-Step 6-Step

19485.1 213199

- RMSE 97.55 (2.180) 230.53 (3.347) 430.03 (4.57) 9945.1 (434.1) (6188) (755.1)
MAPE 091 (0.004) 1.951 (0.008) 4.04 (0.026) 5.22 (0.18) 9.31 (0.30) 11.69 (0.57)

12696.1 28092.3

LST™M RMSE 20298 (6.540) 618.04 (28.50) 814.05 (40.12) 462.3) 27641 (935.6) (12945)
MAPE 2011 (0.190) 6.301 (0210) 831 (0.790)  7.99 (0.28) 15.33 (0.90) 16.78 (1.04)

10256.3 20738.9 22021.5

LSTNetA RMSE 10691 (3.590) 247.19 (5.650) 440.16 (8.76) (545.9) (698.0) (945.1)
MAPE 1.11 (0.120) 2.19 (0.250) 3.81 (0.254)  5.34 (0.20) 9.45 (0.41) 12.01 (0.60)

10159.0 19690.5 213162

DSANet RMSE 105.34 (3.200) 245.21 (5.540) 432.7 (6.01) (504.6) (648.4) (886.6)

MAPE 1.05 (0.101) 2.00 (0.150)  3.73 (0.290) 5.30 (0.19) 941 (0.33) 11.99 (0.59)
dxostel B (EFAA
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Different Perspectives on Learning Statistics

Taeyoung Kint, Seungbae Chorf’

Abstract

At the most graduate schools of education around the globe, students are required to
take basic Statistics courses for their future research including thesis and dissertation even
though some of students do not have any background of Statistics. The current study
investigates how do they narrate and reflect upon challenges to study Statistics via
qualitative methods. Considering different strata, international and native, this study examines
how they differently react to this issue. In-depth interviews were used as the primary data
collection and a focus group interview with international students was further employed.
Preliminary results suggest that the international students’ most challenging factor is
language issue rather than the subject itself, while domestic students are more interested in
how the subject is taught.

Keywords : Quantitative methods, In-depth interview, Statistics education, Statistical
literacy, Language barrier.

1. Introduction

One of the founders of modern Statistics, Karl Pearson, said “Statistics is the grammar of
science.” As this popular statistical quote, Statistics is taught in almost all research-based
schools around the world. Even though some of them don’t have independent “Statistics
department”, basic statistics courses are provided as a general requirement or an elective. Like
Mathematics and Science literacy, statistical literacy has also been emerging field. Former
American Statistical Association(ASA) President Katherine Wallman defined statistical literacy
as “including the cognitive abilities of understanding and critically evaluating statistical results
as well as appreciating the contributions statistical thinking can make”(Wallman, 1993). Also,
in the era of big data, the need for Statistics is growing as a tool of dealing with big data.

Accordingly, Statistics education recently emerged as a field that puts emphases on the
teaching and learning of statistics at all level, and in both formal and informal educational

'Research Professor, Dignitas Institute for Liberal Education, Dong-eui University, 176 Eomgwang-ro,
Busan, Korea, 47340. E-mail: tkim33@deu.ac.kr

?Professor, Industrial Management & Big Data Engineering Major, Dong-eui University, 176, Eomgwang
-ro, Busanjin-gu, 47340. E-mail: csb4851@deu.ac.kr



64 Taeyoung Kim, Seungbae Choi

settings(Garfield & Ben-Zvi, 2008). Also, there has been a strong need for research on
statistics education which are designed to offer implications for instruction and future research
across several disciplines such as psychology, mathematics education, educational psychology,
and statistics(Garfield & Ben-Zvi, 2007). To keep pace with this change, a couple of
institutions opened a graduate program that provides a degree track in statistics
education(University of Minnesota(http://www.cehd.umn.edu/EdPsych/Programs/QME/stats - intro.html),
and University of Florida(http://feducation.ufl.eduystatistics-educationy).

Adding to prior research conducted with participants of graduate students in education,
psychology or social sciences(e.g. Finney, 2000; Earley, 2001), this paper presents the
experiences of graduate students, who are required to take introductory statistics courses for
degrees and their future research including thesis and dissertation even though some of them
do not have any background of Statistics. For those cases, this study wanted to listen to their
voices in terms of challenges to take the courses and to understand statistical concepts.

2. Literature review

The demand for learning Statistics has been increased. Mills(2004) mentioned that “the
teaching and learning of statistics has impacted the curriculum in every level of education. The
NCTM Principles and Standards(NCTM, 2000) includes a content standard that emphasizes
statistical reasoning for Pre-K through grade 12 and as a result, many states now include and
emphasize statistical thinking in their statewide curriculum guidelines. Student enrollments in
AP statistics courses are increasing each year and there are many ASA-sponsored programs
and workshops to support K-12 teachers and administrators(i.e., BAPS, Adopt-A-School).” In
postsecondary education, many students are required to take a statistics course, irrespective of
their major. Therefore, the basic understanding of statistical concepts and has become
increasingly important for them(Mills, 2004).

There has been a change on how to teach statistics, to students of different ages as well
as in a wide range of fields(Mills, 2004). In 1992, for example, the American Statistical
Association(ASA) and the Mathematical Association of America(MAA) made a joint committee
to study the instruction of introductory statistics. The key recommendations were to emphasize
statistical reasoning and notions less theoretically, and to foster active learning(Cobb, 1992).
According to Moore(1997), a shift on the teaching of statistics calls for researchers and
teachers to focus on the synergy between content, pedagogy, and technology. That is, content
and pedagogy should be highly affected by technology as well as students should be dynamic
participants allocated with organized activities that emphasize statistical concepts and ideas
which are not mathematical in nature.

In relation to affective factors concerning statistics education, a lot of efforts have been
made to explore what impact a student’s statistical performance. Mills(2004) lists a variety of
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surveys designed to measure student attitudes: Statistics Attitude Survey(Roberts & Bilderback,
1980); Attitude Toward Statistics Scale(Wise, 1985); Statistics Attitude Scale(McCall, Belli, &
Madjidi, 1990); Multifactorial Scale of Attitudes Toward Statistics(Auzmendi, 1991); Survey of
Attitudes Toward Statistics(Schau, Dauphinee, & Del Vecchio, 1995). In more recent years,
Fullerton and Kendrick(2013) sought to measure attitude towards statistics with a nationally
representative sample of students of advertising majors with Students’ Attitudes toward
Statistics Scale(STATS)(Sutarso, 1992).

In addition, another body of literature talks about the students’ anxiety towards statistics
and quantify how anxiety influences performance using different measures(e.g. Revised
Mathematics Anxiety Rating Scale(Plake & Parker, 1982); Statistical Anxiety Rating
Scale(Cruise, Cash, & Bolton, 1985); Statistics Anxiety Inventory(Zeidner, 1991)). From prior
research, Hopkins, Hopkins, and Glass(1996) found that students’ attitudes toward statistics
consist of anxiety, cynicism, fear, and contempt.

Also, Bui and Alfaro(2011) argued that “particular concern for many professors of
statistics is anxiety associated with taking a course in statistics. Studies that have examined
statistics anxiety have shown that a student’s competence and success in a statistics course is
influenced by their attitudes toward the course(Kottke, 2000).” Baloglu(2004) indicated that
“statistics anxiety is a relatively new construct and is related to but different from math
anxiety.” Although both mathematics anxiety and statistics anxiety accompany the stress that
students feel when coping with mathematical reasoning, Baloglu(2004) states that “statistics
anxiety is distinct in that students also have apprehension involving the verbal reasoning and
manipulation of the mathematical symbols that are required in understanding statistics.”

The findings from prior research introduced above display that statistics education has
been continuously emphasized and it created much discussion on the teaching and learning of
statistics in every level of education. Also, a number of research demonstrated students’
affective domains involved in learning statistics such as statistics anxiety and attitude toward
statistics, and attempted to measure those constructs using a variety of measures.

Although there have been much prior studies in relation of statistics education, most of
them followed quantitative approach and the participants in the studies were mainly
undergraduates from diverse majors. Filling the research gap, this research sought to perform
an in-depth study through a qualitative method with participants of graduate students by
involving the use of the interview as the primary method and listening to their stories. It
comprises a preliminary descriptive examination of the perceptions and experiences of students
in the graduate school of education an Association of American Universities(AAU) institution.
Also, with a few exceptions(e.g. Bell (1988)), not much literature have compared the different
aspects of international and domestic students when learning statistics. In this respect, the
current research allocated the participants into either international or domestic groups. Finally,
to further examine the difference within international students, a focus group interview followed.
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Predicting the Effect of the Fear and Greed Index for Digital Assets and
Stocks on the Trends of Apartment Sales by Artificial Neural Network

Hyun-Wook Park, Sung-Hyeon Bac

Abstract

The psychology of stock buyers and sellers greatly affects stock prices, and fluctuating
stock prices affect another asset, real estate prices. In addition, since the current
cryptocurrency market is becoming huge, it is necessary to analyze the real estate market
psychology with the psychological index of cryptocurrency. In this study, an artificial neural
network model was implemented to predict the trend of apartment sales supply and demand
in Korea based on the digital asset fear and greed index and the stock fear and greed index.
The model is implemented in a form that minimizes the mean squared error by using a
multi-layer neural network(Activation function: Swish).

Keywords : Fear and greed index, Apartment sales trend, ANN, Swish;
1. Introduction

Historically, changes in the stock market have had an impact on real estate asset
management, and those two are closely related. In particular, changes in the stock market,
such as the IMF, Lehman, and COVID-19, have caused major changes in the situation and
price of real estate sales in Korea. In addition, the current market capitalization of domestic
cryptocurrencies was estimated at 55.2 trillion won as of March 2022, which is similar to
55.53 trillion won of NAVER, the 4th largest stock market capitalization in Korea as of
January 2022. Accordingly, the purpose of this study is to investigate the effect of the fear
and greed index, which indicates investment sentiment and investment trends in the stock
market and cryptocurrency market, on the trend of supply and demand of apartments in Korea.

2. Data and Methods

In this study, the digital asset fear and greed index of Dunamu Datavalue and the fear
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’B.S. in Computer Education, Sungkyunkwan University. 25-2, Seonggyungwan-ro, Jongno-gu, Seoul,
03063, Korea. E-mail: sunghyeon86@gmail.com



68 Hyun-Wook Park, Sung-Hyeon Bae

and greed index of CNN Business were selected, and the period is 2021.01~2022.05. The
trend of supply and demand for apartment sales by the Korea Real Estate Board was used as
a dependent variable, which is an indicator of the superiority of supply and demand in the
apartment sales in Korea. CNN’s fear and greed index is set based on 7 indicators (Market
momentum, Stock price strength, Stock price breadth, Put and call options, Market volatility,
Safe haven demand, Junk bond demand). Dunamu’s index is calculated using the Upbit market
index, Volatility-Volume score, and Momentum score. The apartment sales supply and demand
index of the Korea Real Estate Board ranges from O(high supply) to 200(high demand), so the
value was adjusted to 0~100 to match the previous fear and greed index. Market volatility
(VIX), an important indicator of the fear and greed index, represents the expected price
movement sentiment over the next 30 days. According to ‘Factors Affecting the Days on
Market of Residential Real Estate in Seoul’, the cumulative contract rate for apartments in
Seoul is 58% on the 30th day. Therefore, we assumed that the sentiment on stocks and digital
assets will affect the supply and demand for real estate sales in about one month. Therefore,
we matched the fear and greed index of stock and digital assets with the trend of apartment
sales supply and demand one month later.

The model was implemented through a multi-layer neural network with Tensorflow and
1
1+e*
activation function. Two or three hidden layers and their accompanying units and proper

Keras. Swish(f(z) = z, f(z)=f(z)+sigmoid(x)(1—f(x))) was used for the

epochs were determined through the loss test below, and the final selected model summary is
as follows.

Table 1. Fear and Greed Index

Extreme Fear Fear Neutral Greed Extreme
Greed
Digital Asset 0~20 20~40 40~60 60~80 80~100
(Dunamu)
Stock
0~25 25~45 45~55 55~75 75~100
(CNN)
Apartment 0~50 50~100

(Korea Real Estate Board)

Table 2. Loss test of each model

First hidden layer units 16 32 32 64 64 64 128 128 16 32 64 128 256

Second hidden layer units 16 32 64 32 64 128 64 128 16 32 64 128 256

Third hidden layer units N/A N/A NJA N/A NJA NJA NJA NA 16 32 64 128 256

Loss 827 798 749 7.65 7.70 7.63 791 824 8.09 7.57 745 729 7.56
% (Loss: Mean squared error, Activiation function: Swish, Validation_split: 0.3, epochs: 1,000)
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Table 3. Model Summary

Layer(type) Output Shape Param #
Input layer (None, 2) 0
Dense (None, 128) 384
First hidden layer Batch Normalization (None, 128) 512
Activation (None, 128) 0

Dense (None, 128) 16512
Second hidden layer =~ Batch Normalization (None, 128) 512
Activation (None, 128) 0

Dense (None, 128) 16512
Third hidden layer Batch Normalization (None, 128) 512
Activation (None, 128) 0
Output layer (None, 1) 129

Total params: 35,073
Trainable params: 34,305
Non-trainable params: 768

3. Results

As a result of performing deep learning with the above model, model prediction became
possible. The above model predicted the trend of apartment sales supply and demand in Korea
through the digital asset fear and greed index and stock fear and greed index in
2022.04.19~2022.05.02. The comparison between the predicted value and the actual value is as

follows.

Table 4. Predicted and actual value of trends in the supply and demand of apartment sales in Korea

Date 05-17 05-18 05-19 05-20 05-23 05-24 05-25 05-26 05-27
Prediction 482827 48.2277 48.1850 47.9241 47.9028 47.7621 47.5350 47.7563 47.7362
Actual  47.0310 47.0262 47.0214 47.0165 47.0117 46.9998 46.9879 46.9760 46.9642

4. Conclusion

In this study, we analyzed and predicted the trends in the supply and demand of
apartment sales in Korea through the multi-layer neural network analysis of digital asset fear
and greed index and stock fear and greed index. Although there are some errors, the trend
predicted by the artificial neural network model and the trend of the actual data were similar
with a downward trend. As a result, if there is a longer period of fear and greed index, and
a more sophisticated deep learning model, it will be possible to roughly predict the trend of
supply and demand of apartment sales in Korea one month or a certain period from the time
of the investigation. Although this study focused on investor psychology, it seems necessary to
add and analyze various factors that affect real estate sales, such as changes in policy and

interest rates.
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Decomposition of the Dividend Model:
from the Perspective of ESG and Firm Characteristics

Su-In Kiml, Injoong Kinf

Abstract

Over the past decade, firms of good ESG ratings, B+ and above, have shown
consistently higher propensities to pay dividends compared to the poor ESG firms. The
counter factual decomposition of Maarten(2010) decomposes the dividend difference between
the good and the poor ESG group into the part that is attributable to firm characteristics
and the residual part that is contributed by the pure ESG group effect. Our results indicate
that there exists a significant difference in dividend payments between the two ESG groups
that can not be explained by the traditional dividend model of Fama and French(2001).
Good ESG firms are generally more mature, larger, profitable and less risky firms, all of
which are the typical firm characteristics of dividend payers. Our hypothetical decomposition
result suggests that the explanatory power of the firm characteristics is 87.6% and the
remaining 12.4% is the ESG group effect. In more recent years, this portion of the ESG
group effect has increased to 18.4% and particularly, the ESG group effect is most
pronounced for the KOSDAQ firms for which the ESG group effect occupies 45.9% of the
total effect. This suggests that acquiring good ESG ratings can make noticeable difference in
adopting more shareholder friendly dividend policy.

Keywords : dividend, ESG, decomposition, firm characteristic, KOSPI, KOSDAQ.
1. Introduction

Environmental, social, and governance(ESG) criteria are a set of non-financial standards
for a company’s behavior and they are becoming more important in recent years. This paper
investigates the pure effect of the ESG ratings on dividend policy by decomposing the mean
difference in dividends into the part that is contributed by the firm characteristics and the
residual part that is attributable to the pure ESG group effect.
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2. Empirical Method

This study analyzes ESG rated firms’ dividend payments for the period of 2011-2021
based on the following Jann (2008) and Maarten’s (2010) mean decomposition technique.

E[Y,| = B[ Y] = {B[X4] — B Xp] } 5%+ B[ X4] (84— 5%)+ E[Xp] (5%~ Bp) D

The first term on the right hand side of the equation represents the portion contributed by
the heterogeneity of firm characteristics and the remaining terms capture the ESG group effect.
The base line dividend forecast model of Y=Xj3+¢, in which the dividend predicting
explanatory vector X contains the following firm characteristics, is based on the traditional
dividend model of Fama and French(2001).

Pr(Payer =1) = Logit(a + B,Size + B, Profitability + 3,M/ B+ 3, Risk+ B,RE| TE) +e¢ 2)
3. Main Results

Figure 1 plots the proportion of dividend payers for the good ESG and the poor ESG
group over the period from 2011 to 2021. Firms of higher ESG ratings, B+ and above, show
consistently higher propensity to pay dividends compared to the poor ESG counterpart.

an1n a1 a1 an1e m 0 A
2010 2012 2014 2016 2018 2020 2022

Figure 1. Proportion of dividend payers

The systematic difference in dividend payments in Figure 1, of course, will be largely
influenced by the difference in firm characteristics of each ESG group. Table 1 summarizes
the average of firm characteristic variables from the traditional dividend forecast model and
tests the statistical difference between the two groups. As we expect, firms that belong to the
good ESG group are more mature, larger, profitable, and less risky firms, all of which are the
typical characteristics of dividend payers.
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Table 1. Means of firm characteristic variables in each ESG group

Dividend Size Profitability M/B Risk RE/TE
Good ESG 0.852 21.926 0.049 1.552 3.325 0.558
Poor ESG 0.694 19.715 0.032 1.559 3.863 0.408
Total 0.728 20.201 0.036 1/557 3.745 0.441
Good — Poor 0.158* 2211%* 0.017* -0.007 -0.538* 0.150*
P-value (<0.001) (<0.001) (<0.001) (0.897) (0.005) (<0.001)

T-tests for the mean difference between the good and the poor ESG group are reported.

Table 2. Logistic regressions of Good/Poor ESG group

) All Sample Good ESG Poor ESG
Predictors
Coefficient Std err Coefficient Std. err. Coefficient Std. err.

Intercept -6.614* 1.045 -3.995* 1.573 -5.970* 1.247

Size 0.226* 0.027 0.092* 0.037 0.293* 0.040

Profitability 13.993* 0.922 19.473* 2.747 13.025* 0.981

M/B -0.080* 0.027 -0.180* 0.057 -0.049* 0.020

Risk -0.244* 0.030 -0.134* 0.051 -0.241* 0.032

RE/TE 2.539* 0.116 2.170* 0.301 2.632* 0.130

Log likelihood -2,550.7 -756.2 -2,050.8

Note: The market to book ratio, M/B represents the growth opportunity and the retained earnings
over total equity, RE/TE measures the lifecycle of a firm.

Table 3. Factual and counter-factual proportions of dividends

Entire sample KOSPI KOSDAQ
chmif;listics Poor ESG  Good ESG Poor ESG Good ESG Poor ESG Good ESG
Poor ESG 0.694 0.756 0.701 0.757 0.575 0.656
Good ESG 0.862 0.852 0.871 0.851 0.683 0.857
Table 4. Decomposition of ESG and firm characteristic effect
Panal A. Log odds ratios

Entire sample KOSPI KOSDAQ

Estimated Bootstrap Estimated Bootstrap Estimated Bootstrap

coefficient  Std. error  coefficient  Std. error  coefficient  Std. error
Total effect 0.929* 0.071 0.891* 0.077 1.489* 0.430
Firm characteristicl 0.616* 0.102 0.606* 0.090 1.146* 0.437
Residuall 0.313* 0.115 0.285* 0.103 0.344* 0.148
Firm characteristic2 1.011* 0.077 1.055* 0.074 0.465* 0.125
Residual2 -0.082 0.059 -0.164 0.090 1.024* 0.401

Panel B: Proportions of firm characteristics

Method1 0.663* 0.114 0.680* 0.107 0.769* 0.279
Method2 1.089* 0.108 1.184* 0.116 0.312* 0.117
Aggrerate 0.876* 0.089 0.932* 0.092 0.541* 0.176

ESG group effect 0.124 0.068 0.459
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Table 2 presents the link between dividend payments and firm characteristics. The logit
regression results are consistent with the previous findings. Firm size, profitability and the
lifecycle measure(RE/TE) are positively related with dividends, while risk and the investment
opportunity are negatively related with dividends. Over the whole sample period of 2011~2021,
the actual proportion of dividend payments is 85.2% for the good ESG group and 69.4% for
the poor ESG group, respectively. Table 3 decomposes the difference in the dividend payments
into the effect of firm characteristics and the residual effect of the ESG ratings. We mainly
focus on the ESG effect(horizontal movement) and the most dramatic effect of ESG can be
observed for the KOSDAQ subsample, where the dividend probabilities increase from 57.5% to
65.6% and from 68.3% to 85.7% for the poor and the good ESG firm characteristic group,
respectively.

Table 4 measures the contribution of the ESG group effect by decomposing the mean
difference of dividends between the good and the poor ESG group. For example, based on the
equation 1), out of the 0.929 total effect, the difference in firm characteristics explains
0.616/0.929, or 66.3% by the method 1 and the residual portion 0.313/0.929, or 33.7% is
attributable to the residual part. In the actual estimation of the equation 1), the unobservable
ideal vector 3 is replaced with the observable vector ' =73, and 3" =j,, for the method 1
and 2. The average of the two methods, 87.6% is attributable to the difference in firm
characteristics and the remaining 12.4% is the ESG group effect.

For the subsample of the 2017~2021, the above ESG group effect increases to 18.4%,
10.8% and 46.0% from 12.4%, 6.8% and 45.9%, respectively.

4. Conclusion

Our results suggest that there exists systematic difference in firm characteristics between
the good and the poor ESG firms. Good ESG firms are at the mature stage of firm lifecyle,
and they are generally larger, more profitable and less risky firms compared to the poor ESG
counterparts. The systematic difference in firm characteristics explains 87.6 % of the dividend
difference and the remaining 12.4% is the role of ESG ratings. This figure increases to 18.4%
for the more recent year sample. It is likely that non-financial ESG criteria can drive firms to
adopt more shareholder friendly payout policy.
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Table 1. Estimated results of unconditional variance difference between Kospi and Kosdaq

Indexes @_pi_120 (D_daq_120 D_pi_240 (D_daq_240
1998. 03. 02. -0.67(0.11) *** -0.05(0.05) -0.34(0.12) *** 0.49(0.49)
1998. 05. 25. 1.17(0.49) *** -0.12(0.37) 0.00(0.01) -0.55(0.15) ***
1998. 12. 07. 0.43(0.32) * 1.47(0.67) ** 0.17(0.31) 4.53(1.47) ***
2005. 03. 28. -0.10(0.31) -0.61(0.10) *** -0.30(0.12) *** -0.38(0.18) **
2015. 06. 15. 1.40(0.53) *** 2.83(6.26) 1.13(0.34) *** 1.67(0.85) **

Note : This table is for the Kospi and Kosdaq, the sampling period is divided into 120 days (60 business days
before and after the limit) to 240 days. D was estimated by the Delta method, standard errors in
huber/white/sandwich estimator are in parentheses. and ***  ** and * are significant at the 1%, 5%, and 10%
significance levels, respectively.

Kospioll A #|gtZo] Sthe 1998.03.02. AlalS HAMH Kospid] F+27H #4k 2hol= - 0.679)
A 5% ol oA SAFCRE oo, Kosdaqe] F2AF #4F zHoli= -0.0504 F7
Ao frostA| ool AgFo] e Kospi® FEAF A zpol7b vlwA AAl vEpyith E
3k Kospioll Al oh¥ 1998.12.07. At} Kosdaqell Al S 1998.05.25., 2005.03.28. Al#o] A%
ARAE-g 2T A S Bl s Ae AlSE S AldE A ek FAld vlE] 7FA A
Z SE AlgE FAA T WEAe] AdA R TS Btk ol BEUIHE £1208 &
T AAME T FFoz YERyh

Table 2. Robustness results of unconditional variance difference between Kospi and Kosdaq

port D_pi_120 (D_dag_120 D_pi_240 (D_dag_240
1,1 -0.85(0.04) *** -0.95(0.71) * -0.76(0.14) *** 1.18(5.35)
1,2 4.3E+13(4.6E+16) -0.69(0.10) *** 0.19(0.58) 1.77(5.36)
1,3 -0.21(0.19) -0.78(0.28) *** -0.31(0.64) -0.10(0.19)
2,1 -3.7E-5(5.3E-5) -0.62(0.11) *** 0.05(0.17) -0.63(0.40) *
22 0.43(0.96) -0.80(0.19) **+ 0.40(0.66) 0.19(0.37)
23 4.99(29.99) -0.69(0.10) **+ -0.64(1.66) 021(0.27)
3,1 -0.40(3.84) -0.38(0.15) *** -0.49(0.08) *** -0.86(0.82)
32 -0.15(0.72) -0.80(0.05) *** -0.11(0.45) -0.56(0.11) ***
33 L0.67(0.19) **+ 0.39(0.56) 0.55(1.17) -0.02(0.06)

Note : This table is for portfolios in a Kospi and Kosdaq on March 28, 2005, the sampling period is divided
into 120 days (60 business days before and after the limit) to 240 days. Portfolio is [i=Firmsize, j=B/M,
1=low, 3=high], D was estimated by the Delta method, standard errors in huber/white/sandwich estimator are
in parentheses. and ***, ** and * are significant at the 1%, 5%, and 10% significance levels, respectively.

Table 2914 Kim, Limpaphayom(2000), Kim Liu and Yang(2013) =39 7|45A¢] HEA
FFE = 7 JoBE AL SR gk 7 FAE TEZYL F WsA 2 AfHEA W
of AT 19983 €132 710 H|E] QAA ZZo] AUjHoz ML 2005 03. 28. Alde]
A stk A A7} Kosdaq oA Yl port 3359 A&7 2 wl§- e LEZZCE
31 port_1,2, port_1,3, port_2,1, port_2,2, port_2,3, port_32°14 < Kosdaq®] #|3+Zo] &30l
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Table 3. Estimated results for unsystematic risk in Fama-French 3 factor model

port @_pi_120 (D_daq_120 D_pi_240 (D_daq_240
1,1 -0.47(0.08) *** 1.15(13.06) -0.82(0.20) *** -0.45(0.51)
1,2 1.7E-4(7.1E-5) -0.67(0.09) *** 5.9E-5(4.7E-5) 0.29(0.43)
1,3 -0.71(0.59) -0.02(0.13) 9.3E+4(1.6E+7) 0.32(0.39)
2,1 -0.35(0.15) ** 9.3E-4(2.8E-4) *** -0.12(0.11) -0.39(0.11) ***
2,2 -0.71(0.12) *** -0.67(0.20) *** -0.37(0.13) *** 0.12(0.18)
23 -1.00(0.02) *** -0.75(0.44) ** -0.27(0.25) -2.3E-3(0.03)
3,1 -0.46(0.36) * -0.66(0.09) *** -0.04(0.16) -0.34(0.17) **
3.2 -0.47(1.34) -0.73(0.08) *** 2.1E-5(3.6E-5) -0.65(0.11) ***
33 -0.73(0.06) *** 0.15(0.51) 0.22(0.23) -0.07(0.23)

Note : This is the result of comparing idiosyncratic volatility within the three-factor model proposed by Fama
and French. (D was estimated by the Delta method, standard errors in huber/white/sandwich estimator are in
parentheses. and ***, ** and * are significant at the 1%, 5%, and 10% significance levels, respectively.
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302 y|=u, Table 29} Table 3 A7E vfgo @ AAA 959 Al niebs 44, ATE
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o

e
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2, FEY 63} gl tha) thg o 9318 F IR E (Twoway fixed effect model) F74%
Agatol ggiolole] Ml tidk 7t Hlg G VA BAem, WE £38 TANE 2k

A71A ¢t t= ZF 719 ARE 9W|stal, j& j={Inrermediate inputs, Operating expenses} 2] H|-&-
FES Uebdth ¢, & SA&olm, 5,9 4, 27 7193 AR A g ol AT FAA =
ddelele] ®istel gk 7 {3 nl§ ©@EAAS onlsin, Fojxl ggiolele] Wstd gk 7t
7190 2 7 v §o ARl wstE FASL Table 12 F3iole] Mgt w7} v]& F3

Table 1. Elasticity of each cost type to change in operating income

Dependent variable: In(Intermediate inputs) In(Operating expenses)
. 0.9914%** 0.4323%x*
In(Operating income) (0.019) (0.009)
fixed effect Two-way fixed effect Two-way fixed effect
N 3106 3933

Note. The number in parentheses means the robust standard deviation, and *** in the estimate indicates that the
estimate is statistically significant under the significance level of 0%
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Table 2. Operating leverage descriptive statistics

Mean SD Min P25th P50th P75th Max
Intermediate inputs 0.3116 0.022 0.1608 0.2993 0.3146 0.3268 0.3883
Operating expenses 0.6805 0.028 0.5847 0.6614 0.6768 0.6968 0.8350
Weighted leverage 0.4959 0.132 0.2418 0.3850 0.4385 0.6291 0.8008

Note. The weighted average of operating leverage was calculated by weighting the book price of intermediate
inputs and operating expenses in the financial statements and income statements

24 23 BEdS R

2007958 20397449 2 F§91719] ATES HolHE A}
0, 748 592 A8stel 2020 5] Ashsh AQRANRL S Pk L AT
A5y e vhg A3} o] F4H,

25',
E
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e
o
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b1 ooxt

Cash;, Capital,;,
Erpenditure,, |, Assets;,_,

Pr(y =1)= f| GrOpIcome,,, ,OL},_,,Control,,_,|,

Table 3. Logit model of bankruptcy during 2007-2013

Pr(y,,) =1, if the firm is out Average marginal effects
of business during 2007-2013 @) ) 3 “4) )
Growth Operating incomeit -0.163%** -0.144%** -0.167%** -0.190%** -0.179%**
(0.046) (0.041) (0.039) (0.010) (0.044)
Cash/Total expensesit-1 -0.062 -0.075 -0.075 -0.054 -0.043
(0.055) (0.065) (0.055) (0.040) (0.040)
Capital Adequacy ratioit-1 -0.075%** -0.063*** -0.056%** -0.043%* -0.053%**
(0.019) (0.017) (0.017) (0.018) (0.017)
Intermediate inputsit-1 -0.195 0.227
(0.409) (0.456)
Operating expensesit-1 1.807%** 1.689%**
(0.351) (0.384)
Weighted averageit-1 0.240%**
(0.067)
In(Assetsit-1) -0.058*** -0.036%** -0.020%* -0.037%** -0.048%**
(0.010) (0.008) (0.008) (0.010) (0.010)
Id(Seouli) -0.005%* -0.060**
(0.023) (0.010)
Id(Gangwoni) 0.070%** 0.066**
(0.025) (0.008)
Pseudo R2 0.142 0.102 0.142 0.197 0.185
AIC 584.67 635.7 608.86 555.96 562.28

Note: The number in parentheses means the robust standard deviation, and ****** in the estimate indicates that
the estimate is statistically significant under the significance level of 1%, 5% and 10%
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Table 4. Firm survival and failure for 2007-2013

Observed

Survive Failure Total
Survive 776 131 907

(93.61%) (71.98%) (89.71%)

Prediction  Failure 53 51 104

(6.39%) (28.02%) (10.29%)
Total 829 182 1011

(100%) (100%)

Accuracy: 81.80%

Pearson chi-squared(1)=73.323

p-value=0.000

Note: The number in parenthesis is proportion(%) in terms of observed.

32 COVID-19% <13 719Als) 2 7145429137 A5
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Table 5. Firm failure and risk for 2021-2022

2021-2022

Forecasts

Count

None Failure or risk Total
143 100 243
(58.85%) (41.15%) (100%)
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0.43
-0.15
0.52
0.59
Exp(5)
1.388
286
1.286
063
1.713
394

0.42
-0.14
0.52
0.59

Significance
level
.001
.001
.007

0.42
-0.13
0.52
0.59

1
1
1
1
1
1

df

0.42
-0.13
0.52
0.59

043
-0.13
0.52
0.59
Wald
13.183
11.826
18.098
73.970
12.044
7.268

0.43
-0.13
0.52
0.59
S.E.

090
364
059
322
155

.345

043
-0.13
0.52
0.59
328
-1.253
251
-2.767
538
-931

0.45
-0.13
0.52
0.60

Variable
co_nstant
co_nstant
co_nstant

0.47
0.00

0.52

snow_max_3hr

snow_max_lhr
snow_max_lhr

Table 2. Logistic regression analysis results of regional snowfall and traffic accidents

holiday
weekday
before
holiday
holiday
last_
holiday

Pyeongchang

Gangneung
Chuncheon
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g & £ & 57} gk o]l AMEEA BE FYaTol
Fol7k Yed shobsh # Wask k. mepd, B ATIAE theot 2 ATEAE ANG 5
o

, “EAE A £} & s8Hor gAgsta sertrelth 24, “of
gk PR AP A8 A AEE sdstAl FAEA deThrelth AlA, <AujEAEE
2 GFgY L o7t lertrelty ATt AES digtE AAsEd, AhTE A AN
Ao 2§58 2 7HE ko] Tasty, FdAMAE A JTETE i =AAN SFE 7
A e A WE Fo| A7) it 7HE WEAdd A5 MEAde] A7|(HAA 9, 2016)
wj-o] o},

2 7N 2 ATy
ATNES FENEHY ks L5 s Tkelw, A9 ik 530078 0] AAE AT A
A FAE ASERAF dETHe] A A digh A EAE 98 dE AR o] w7t
b A Bdr15 diolHet FRsbE RAMRE S WA A94E & A4 A5
Q1 vk 2018 E 2020 1A 213 0] A5 EAF tid s R AAE] AR A
= T, 20184 639, 2019'd 717, 2020 799 etk AEHEE B, A 449, G 427,
BAEE 9, dehdE 761, XJ_EH = 4278 0|tk
Table 1. A9 ZAFRAAL &3
metropolitan n metropolitan n metropolitan n
A= 44 73*&-:15 9 e e 2
BN E 2 Hebd 76 A 213

F T TS JEE A9 A5 TS

AR A AR AR s AweE, 2 kgL B 27doli, uin AuAd
Pt 19dolth. = ANWAL FF 50,07Imolx, = b Au|HEAL 30971m, iy} AAH
13257m'olth. & ik A AE Frow BH, 1thmeldt 651, 3%tmiolst 779, 3%kt 7
otk B Wzt WHAZRS Hit 2641702 e

e
L
ke
L

A
4

[y

Table 2. AR} A A &, AviAEZ 7] 2EA =
@9l : o, m, AR

item n min max m sd

A & 95449 200 3 52 27 12

B i AQuj g 200 3 48 19 10
Z BAAHA 213 1,980 263,010 50,071 44,449
A EH u} AuiEH 213 1,650 231,000 30,971 34,283
EH I JAHA 116 990 66,000 13,257 12,649

WA ZE 52 2 231 26 50

BAuR o SpSS 21.0 EA97|AE &85t
] (SIS =
[e}

a,
AoldTE A, ATEAE A8 Ad LS st
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2 fous Aanks BHE tga 2o WA, de A
2019\ 2,831,026¢, 20201 3,511,4590. 2 2}o|(F=6.578**)E, Hujdr}= 2
897, 20201 1,1919 02 X}o|(F=7.996***)Z KT} WA, 2o} 7
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o
e TAHSE fFost ztolE Koz g9kt AulqFEe] wE ZolE v‘i“—if?i ﬂr °ﬂﬂl
(F=7.604**), AAFR](F=9.046*+*), <==](F=5455**)0] z}lo]& Holal Ut} AHAH|:= F(1,515,924
) 2(1,369,07090)- th(1,119,470%)), A= 2(3,137,8259)5(2,667,303¢)- t(2,016,105%)), =5+
& (948,816 ) 5(447,294 ) 2~(113439¢) £o 2 ANt vk As & &
Table 3-1. A%, AujFEe] wE £J4 A FxY BAEY A3
No item m F item m F
189 % 2,929,019 17hmro] 3H(4) 3,251,264
Z49] 199 = 2,831,026 6.578%* 39m' o) 3HE) 3,114,597 0.856
209 % 3,511,459 3%k’ 2 () 2,964,921
189% 1,043 159hm’ o] 3H(4y) 1,051
@47t 199% 897 7.996%%* 3%km' o] () 1,101 0931
2095 1,191 3%k m' 22 996
189 % 1,307,571 15k’ o] 3H(4y) 1,369,070
73 n) 199 = 1,308,039 0.435 39m' ol 3H(E) 1,515,924 7.604%%*
2095 1,392,302 3%k m' 22 1,119,470
189 % 2,418,848 15k’ o] 3H(4y) 3,137,825
RNl 199 = 2,438,314 1.840 39m' ol 3H(E) 2,667,303 9.046%*
209 % 2,862,521 3%k’ 2 () 2,016,105
189 % 510,171 15k’ o] 3H(4y) 113,439
+=49 199 = 392,712 0.534 NRES) 447294 5.455%%*
2049 648,938 3%k m' 2 Z(d) 948,816

F1. #p<0.050, **p<0.010, ***p<0.001
T2 7, 25 BAMOR Fo1](p>0050)5te] AHAF

AT AAA A7 AR dFAAE L8] el A=A
A AAsgTh &= dig AuE s YEAT e

G R
SAROE Fon|(3=0.204, t=3.007**, R*

=0.041)3}31, AE7|7k0} AGH] 1H BAHOR {2 H](B=-0.234, t=-3491%*, R?=0.055)3}1L, A%
Hleh F49) e SAHCRE FoW(B=0451, t=7.332%*, R?=0203)3}3L, T Y 25 1+ A
Ao 7 fou(B=0.867, t=25256**% R>=0751)3til, £5¥ &5 He AR Fov

=0.462, t=7.563*** R*=0213)3}1, 7 ot F AwpHEZ 7+
t=2.922%*  R?=0.039)5}A] LtEFSITE @A e w2 wg 7
AXoZ fFostng g w959 dAE F2E JAsta dota

o
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independent dependent B B t F R? adj R?

Z digt AeiEd A2z 0.001 0.204 3.007%* 9.039 0.041 0.037
A E7)17F 73 g1 -638,513 0234 -3.491%+* 12.189 0.055 0.050
kil 59 0.902 0.451 7.330 %% 53.756 0.203 0.199
79 25 0.775 0.867 25.256%**  637.873 0.751 0.750

AE 59 0.614 0.462 7.563%%% 57.191 0213 0210
=79 ;ﬁt Hﬁtﬂj”; 0.004 0.198 2.922%% 8.536 0.039 0.035

TEE @Aske A Fotety] ol A A el weh dAE 2 7 G
i T HAA F AuEAT AL F5 T oAEA ke 9%
A, A A AE7) F QR o] SAH SR fFofshA] ke (p>0.050), L A=
O2 oW (p<0.050)3tA WrEbsh AuiE A} Afz7]gke] Fojul gt o] f=

S o R sgl7] WMo R Ay o] U SAA SR Fo1(p<0.050)e AN

9 FFYLS F(B=0.598, t=6.374*** R>=0.358)-TH(B=0.438, t=4.074*** R?=0.192)-2(3=0.250,
t=2.068*, R%=0063), Z=TUI A5 (3=0.945, t=24.250%** R?=0.894)-2(3=0.932, t=20.591%**,
R?=0.869)-5(3=0.768, t=10.244***  R*=0.590), 253} 42 t)(B=0.552, t=5.546*** R?=0.305)
2(B=0.498, t=4.594*** R?=0248)-5(3=0.393, t=3.650*** R*=0.154) <2 JFAAZ Kol g
},

[o
f
)

e

M

Table 3-3. A AE A5 GHAE F% 7+ AgAA

3]
independent dependent area B B t F R? adj R*
A -593,566 0.276 2.300% 5.288 0.076 0.062

A7) 7 73 gn = -866,062 0.241 2.121* 4.501 0.058 0.045
] -48,390 0.027 0.224 0.050 0.001 0.014

A 0.686 0.250 2.068* 4275 0.063 0.048

k] 79 = 0932 0.598 6.374%%% 40.623 0.358 0.349
] 1.332 0.438 4.074%%* 16.594 0.192 0.180

A 0.909 0.932 20.591%%% 423994  0.869 0.867

74 = = 0.616 0.768 10.244 %%+ 104937  0.590 0.584
] 0.856 0.945 24.250%%*  588.074  0.89%4 0.892

A 0.662 0.498 4.594% %% 21.102 0.248 0.236

25 =79 = 0.554 0.393 3.650%** 13.322 0.154 0.143

] 0.631 0.552 5.546%** 30.753 0.305 0.295
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Yo ~ My,se(y)?), o7 ~ 1(0.01,0.01), o2 ~ 1(0.1,0.1)

A 289 7} B4 fls HE3FE(Gibbs sampling) ¢ilE] S-S o] &35k F435F9 T

Aok wEe] AewstE 9js] AFAARE AR @ wF ~Zekol A A7, AAY
He Mangown o gageh A A4 R 9717 aukig®) auokrige TFE ol §3tel F
dete] AEoR A, A%% BHE R A7 neuralnetE o] §3tol HFHe
= o dstel 7t wy Wz FAL zre 2|7} 8,

o] *#l RMSE(root mean squared error)9] Hi H|WE F
& o]Folxomn, 7k ®¥o] RMSES] Hire Uk Table 13 2T}

Table 1. mean of RMSE by methods after cross-validation with 200 iterations
model

variables sample size of - Bayesian penalized penalized spline ordinary kriging deep neural network

Train dataset spline

8 0.2947 0.3189 0.3077 0.4189

As 12 0.2958 0.3105 0.3051 0.3857

16 0.2929 03129 0.3067 0.3532

8 0.2760 0.2935 0.3037 0.3499

Cu 12 0.2515 0.2582 0.2899 0.3254

16 0.2476 0.2479 0.2669 0.3092

8 0.1833 0.1994 0.1874 0.2453

Ni 12 0.1720 0.1820 0.1856 0.2101

16 0.1693 0.1703 0.1767 0.1980

8 0.1812 0.1967 0.1882 0.2429

Pb 12 0.1685 0.1809 0.1835 0.2168

16 0.1640 0.1705 0.1776 0.2062

8 0.3139 0.3234 0.3310 0.4325

Zn 12 0.3097 0.2948 0.3271 0.3916

16 0.3162 0.2964 0.3169 0.3691
ool AdgtelA A mye] Aol B o] UF F7k AF A HE 2L AES B
58] B olFe] 29 FAG AR A7t HL4% e RS g Ak wFe] 5ol
Fo Aoz vehdh o, obdle] Yatel FUE Az 277} 12, 1691 A% B myel u)s
B2k 30 Aol BX %S Ao UBtd, ol ATESSAY ARE o] §ke] 77
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Ensemble Variable Selection Using Genetic Algorithm

Seogyoung Lee, Martin Seunghwan Yang, Jongkyeong Kang, SeungJun Shin'

Abstract

Variable selection is one of the most crucial tasks in supervised learning, such as
regression and classification. The best subset selection is straightforward and optimal but not
practically applicable unless the number of predictors is small. In this article, we propose
directly solving the best subset selection via the genetic algorithm(GA), a popular stochastic
optimization algorithm based on the principle of Darwinian evolution. To further improve the
variable selection performance, we propose to run multiple GA to solve the best subset
selection and then synthesize the results, which we call ensemble GA(EGA). The EGA
significantly improves variable selection performance. In addition, the proposed method is
essentially the best subset selection and hence applicable to a variety of models with
different selection criteria. We compare the proposed EGA to existing variable selection
methods under various models, including linear regression, Poisson regression, and Cox
regression for survival data. Both simulation and real data analysis demonstrate the
promising performance of the proposed method.

Keywords : Genetic Algorithm, Ensemble Learning, Generalized Linear Model, Cox
Regression.

1. Introduction

Variable selection has become of great interest in supervised learning, such as regression
and classification in various applications. Suppose we are given a pair of random variables
(Y;X) ~ Fyx where Y is a univariate response, X = (X, m,Xp)T is a p-dimensional
predictor, and £,y denotes their joint distribution. The goal of variable selection is to identify
an index set S defined as

S= {j |FY‘X Sfunctionallydepends on X, j =1, -~-,p}

where Fy,x is conditional distribution of ¥ given X.
Variable selection often assumes the relationship between Y and X is completely
determined through a linear function of X, ie., 87X where 8= (8, --,3,)" is a parameter of

interest. To be more precise, we assume

'Department of Statostics, Korea University. E-mail: sfamily4 @korea.ac.kr
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Y1iX|8Tx

where L denotes the statistical independence. The assumption above covers a wide variety of
models, including linear regression, generalized linear model, Cox regression, and single index
model, to name a few. Under the assumption above, S is equivalently written as

S=j |ﬁj;¢0,j:1,...’p

In this article, we focus on the parametric models under(1.2), and let £(83;Y,;X) denote a
log-likelihood function of the model. In population level, it is natural to assume that the true
model with informative variables in S achieves the optimal efficiency. That is, we have

where wv,=v; [je U” for a given vector v = (v, ~-~,vp) € R? and an index set
U< {1, -.p}. Given a set of data (y,,x,;),i =1, --,n, the best subset selection § solves an
empirical version of (1.3) given as follows.

1 ¢ ~
S = arg{max}gzé(ﬁgyi,ww) —-C-l9,
i=1

Sc i1, -p

where G, denotes the maximum likelihood estimatorMLE) of By, ie, G5 = argpaxizf(ﬂs;yi,xi‘s).
Bs i=1 '

We remark that the second term is necessary to prevent over-fitting in the sample level. Here,
C is a non-negative constant, and the popular choice of ¢ include logn and 2 which are
known as Bayesian Information Criterion(BIC) and Akaike Information Criterion(AIC),
respectively.

Although it seems straightforward, BSS is a combinatorial problem and thus infeasible
unless p is restrictively small. To tackle this, one can solve Best subset selection objective
function sequentially. Sequential variable selection methods include forward selection and
backward elimination and have become greatly popular in practice due to their simplicity.
However, the sequential methods are inevitably sub-optimal since they cannot search the entire
space of the model.

In the meantime, the penalization has been another canonical approach of the variable
selection since the seminal least absolute shrinkage and selection operator(LASSO) proposed by
Tibshirani(1996). The penalized variable selection solves the following problem to seek a

sparse estimator 3.
N 1 n
,8 = arggnaxzxf(@y,;,xi) - EPA(WJD
£ i=1 j

where p,(3) denotes the sparsity-pursuing penalty function with A\ being a non-negative tuning
parameter that controls the degree of sparsity. Popular choices of the penalty function include,
but not are not limited to LASSO, elastic net(Zou and Hastie; 2005), group lasso(Yuan and
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Lin; 2006), smoothly clipped absolute deviance(SCAD, Fan and Li; 2001) penalty, and
minimax concave penalty(MCP, Zhang; 2010) penalty. The penalized approach estimate S as
{j |§j =0,7=1, -, p} where Bj denotes the jth element of 3. The penalized variable
selection is also closely connected to the best subset selection. It is well known that Z;
-penalized variable selection is equivalent to the best subset selection, and all the
aforementioned penalties can be viewed as a continuous approximation of the L -penalty.

Our work is motivated by the following question: Can we solve best subset selection
directly? In this paper, we propose to solve BSS via genetic algorithm(GA), a popular
stochastic search algorithm motivated by the principle of Darwinian evolution. GA is an
effective tool for solving NP-hard optimization problems such as the best subset selection. See
for example, Leardi and Gonzalez(1998); Broadhurst et al.(1997) and Niazi and Leardi(2012).

In the meantime, Zhu and Chipman(2006) proposed to parallel version of GA-based
variable selection to enhance the variable selection by running multiple GA with several initial
values and then synthesizing the multiple results. One can notice that their idea can be viewed
as an ensemble variable selection.

The success of the ensemble variable selection depends on the diversity of base selectors
to be aggregated for the final result. There are two ways to introduce the diversity in the
ensemble variable selection. First type is generate randomness from the data by using
resampling method like bootstrap or subsampling. See Zhu and Fan(2011); Wang et al.(2011),
and Meinshausen and Biihlmann(2010). Another way to introduce the diversity is to use a
stochastic base selector. The parallel version of GA-based variable selection proposed by Zhu
and Chipman(2006) is a canonical example for this type. See also Xin and Zhu(2012) and
Zhang et al.(2006).

In this article, we extend the idea of Zhu and Chipman(2006) to more general models,
parametric models that satisfy \eqref{eq:linear} such as the generalized linear model, and
cox-regression for censored responses as a special case. Although our proposal is the same as
Zhu and Chipman(2006), except for extension beyond the linear regression, we focus more on
the ensemble aspect of the method instead of the GA aspect. Namely, Zhu and Chipman(2006)
understand their algorithm as a variant of GA, but we regard it as a version of ensemble
variable selection. From our point of view, GA is not essential, and any stochastic variable
selection method can be used as a base selector, which brings a natural extension of our
method. For this reason, we call the method ensemble variable selection on the genetic
algorithm(to be referred to as EGA hereafter) instead of the parallel GA algorithm named by
Zhu and Chipman(2006).

The proposed EGA has a clear advantage in practice due to its conceptual simplicity. We
demonstrate its promising performance through a simulation study and real data analysis under
various models beyond the classical linear regression.

The remainder of the paper is organized as follows. In Section 2, we introduce GA and
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describe how to solve the best subset selection problem using GA. In Section 3, the ensemble
extension of the GA-based variable selection is described in great detail. Simulation studies to
evaluate the finite sample performance of the EGA are conducted in Section 4, and illustration
to real data examples is given in Section 5. Concluding remarks follow in Section 6.
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Application of the Conway-Maxwell-Poisson Hidden Markov models for
analyzing traffic accident’

Hee-Young Kini, Hyo-Jin Baé’, Su-Hyeon Kin’

Abstract

This paper documents the application of a hidden Markov model with Conway-
Maxwell-Poisson(CMP) ~state-dependent  distribution. The CMP distribution originally
delevoped by Conway and Maxwell(1962) for modeling ques and service rates. And recently
CMP has been re-introduced by Shmueli et al.(2005) for analyzing count data subjected to
over- and under-dispersion. Over the past half centry, Hidden Markov Models(HMMs) have
become increasingly popular tools for modeling time series data where, at each point in
time, a hidden state process selects among a finite set of possible distributions for the
observations. We model the distributions of the traffic accident covearing the period 2020,
compring T=366 ovservations in total, using CMP-HMM and Poisson-HMM, which allows
for overdispersion and serial dependence. Our results indicate two-state CMP-HMM is
improvement on the two-state Poisson-HMM by AIC and BIC. Also we present the full
array of the conditional distributions, i.e., the distribution of X, conditioned on all the other

observations at all times other than t.

Keywords : Count data; Time series modeling; Conway-Maxcwell-Poisson distribution;
Hidden Markov model.
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Bayesian Approach for Eliminating User Influence and Item Popularity
Biases in User-Item Bipartite Networks”

Hohyun Jung'

Abstract

User-item bipartite networks consist of users and items, where edges indicate the
interactions of user-item pairs. We propose a Bayesian generative model to the user-item
bipartite network that can measure the two types of rich-get-richer biases: item popularity
and user influence biases. Furthermore, the model contains a novel measure of an item,
namely the item quality that can be used in the item recommender system. The item quality
represents the genuine worth of an item when the biases are removed. We apply the
proposed model to Flickr user-tag and Netflix user-movie networks to yield remarkable
interpretations of the rich-get-richer biases. We further discuss genuine item quality using
Flickr tags and Netflix movies, considering the importance of bias elimination.

Keywords : Bayesian inference, bipartite networks, item recommendation, rich-get-richer,
social network.

1. Introduction

In this study, we propose a Bayesian generative model applied to the communities with a
user-item bipartite network structure, focusing on the elimination of rich-get-richer biases. The
main contributions are summarized as follows:

1) The model measures the sizes of user influence and item popularity in the community
to understand the rich-get-richer mechanism. To the best of our knowledge, this would be the
first work to analyze the rich-get-richer by considering the conjunction of the two factors. A
community with a high user influence effect would show more social interactions, while a
community with a high item popularity effect would have an internal community structure that
provides sufficient information about items, for example, item rankings and trending items.

2) The model measures the genuine quality of the item after user influence and item
popularity biases have been removed. Influential users such as highly-subscribed YouTubers

“This research was supported by the National Research Foundation of Korea
(NRF-2021R1G1A109410312).
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can easily publicize their favored items, and those items will receive benefits. The genuine
item quality could be useful in determining key items that can be loved by users for a long
time. In addition, by recommending qualitatively excellent items, overall user activity would
increase in the community.

3) We apply the proposed model to the Flickr user-tag and the Netflix user-movie
networks to analyze the characteristics of the rich-get-richer mechanism and the item quality

considering rich-get-richer biases.
2. Methods

We denote the time-series user-item bipartite networks by B, B, ---,B;. The edge
connection probability 6,, of item ¢ at time ¢ is given by

0, = sigmoid(By+ B,q;+ 0,7, , +Bs;,), t=1,2,,T

where the item quality ¢, of item ¢ is assumed to follow the standard normal distribution
g ~N(0,1), the item popularity r,, of item ¢ at time ¢ is set to recent degree increase of
items, and the user influence score s,, of item 7 at time ¢ is set to recent degree increase of
users. The coefficients 3, and 3, measure the size of rich-get-richer biases corresponding to
item popularity and user influence, respectively.

We employ Bayesian inference using diffuse priors for model parameters and standard

normal priors for item qualities.
3. Results

Flickr is an image hosting service as well as an online community created in 2004. We
use crawled datasets(Gorlitz, Sergej, Steffen, 2008) from January 1, 2004, to January 1, 2006.
Netflix provides internet entertainment services for watching movies and TV shows. The
Netflix data(Bennett, Lanning, 2007) are obtained from November 11, 1999, to December 31,
2005. We consider the data up to January 1, 2005, as initial data for both data, and construct
Flickr user-tag and Netflix user-movie bipartite networks with a time interval of 28 days and
T=12. Also, we analyze the users and items with at least 100 connections at the last time
point t=12. We have 29,798 users and 14,231 items on Flickr, and 236,117 users and 16,795
items on Netflix.

Table 1 and Table 2 show the parameter estimation results and high-quality items for
each data.
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Table 1. The parameter estimation results of the proposed model on the real data.

Network Posterior Statistics B, B, B, B,
Mean (Estimate) -7.2091 0.9676 0.0614 0.0789
Flickr Median -7.2093 0.9675 0.0615 0.0788
Standard Deviation 0.0053 0.0018 0.0006 0.0013
Mean (Estimate) -8.7172 1.9734 0.0596 0.2780
Netflix Median -8.7168 1.9729 0.0596 0.2780
Standard Deviation 0.0038 0.0026 0.0001 0.0006

Table 2. High-quality items for each data.

ank Flickr Netflix
R Quality Degree Increase Quality Degree Increase
1 stem stem 1675 9810
2 sharp sharp 4754 11713
3 vega vega 13526 15356
4 batteries timer 10105 4918
5 timer batteries 13508 2087

4. Conclusion

We apply the proposed model to Flickr user-tag and Netflix user-movie bipartite networks.
It turns out that the rich-get-richer effect caused by item popularity and user influence is
clearly operative in both networks. Flickr turns out to have small rich-get-richer biases. The
effect of user influence in Netflix is estimated to be large. We estimate the genuine item
quality considering rich-get-richer biases. Top 5 Netflix high-quality and high-degree-increase
items show significant differences since the degree increase of movies watched by influential
users could be overrated. The item qualities can be useful when recommending items to the
interested users, and we believe that it would help community growth.
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ODIM: a method to identify inliers via inlier-memorization effect of deep

generative models

Dongha Kint, Jaesung Hwang’, Yongdai Kint

Abstract

Identifying whether a given sample is an outlier or not is a significant issue in various
real-world domains. Many trials have developed outlier detection methods, but they mainly
presumed no outliers in the training data set. This study considers a more general situation
where training data contains some outliers, and any information about inliers and outliers is
not given. We propose a powerful and efficient learning framework to identify inliers in a
training data set using deep neural networks. We start with a new observation, called the
inlier-memorization effect, that when we train a deep generative model with data
contaminated with outliers, the model first memorizes inliers before outliers. Exploiting this
finding, we develop a new method called Outlier Detection via the Inlier-Memorization
effect(ODIM). The ODIM only requires a few updates; thus, it is fast and efficient. We also
provide a data-adaptive strategy to find the optimal number of updates, which makes the
ODIM applied to real domains at ease. We empirically demonstrate that our method can
refine inliers successfully in both tabular and image data sets.

Keywords : Aanomaly detection, inlier-memorization effect, importance weighted
autoencoders.

1. Introduction

Outlier(also anomaly) is an observation that differs significantly from other observations,
and outlier detection(OD) is the task of identifying whether a given sample is an outlier or
not. OD is used as a preprocessing step in supervised learning to filter out anomalous training
samples which may degrade the performance of a predictive model. Also, OD itself has
various applications such as fraud detection, fault detection, and defect detection in images.

Many researchers have devoted to OD, and various methods for OD can be roughly
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categorized into three categories: 1) Supervised outlier detectio (SOD) requires label
information about whether each training sample is inlier(also normal) or outlier(also abnormal)
and solves the two-class classification task. 2) Semi-supervised outlier detection(SSOD) refers
to methods which assume all training data being inliers and construct patterns or models for
the inliers. SSOD can be interpreted as the one-class classification task since any information
of outliers is not used during the training procedure. 3) Unsupervised outlier detection(UOD)
deals with training data including some outliers but no label information about anomalousness
is available. Most anomaly detection tasks in practice are related to UOD since existence of
outliers in massive data are unknown in advance. Thus, in this study, we concentrate on
developing a UOD learning framework.

We start with finding a new and interesting observation that deep neural networks
memorize inliers first and outliers next in a training phase. When we train a deep generative
model with training data that includes outliers, the reduction of inliers’ loss wvalues is
prioritized to outliers at early updates. We call this observation the inlier-memorization(IM)
effect. The IM effect occurs simply because, in the early learning stage, decreasing the loss
values of inliers rather than outliers is a more beneficial direction to reduce the overall loss
function, which will be explained more rigorously in the subsequent section.

From the IM effect, we propose a novel and simple but powerful method called Outlier
Detection via the IM effect(ODIM) to identify inliers from a given training data set.

We train a deep generative model with a log-likelihood-based approach such as
VAE(Kingma and Welling, 2013) and IWAE(Burda et al., 2016) for a few updates and based
on per-sample loss distribution, data with small loss are regarded as inliers.

Here, the key to our method’s success is choosing the optimal update number to utilize
the IM effect to the max since the IM effect is sensitive to how long the training proceeds.
To do this, at each update, we fit the Gaussian mixture model with two clusters to the
per-sample loss distribution and evaluate the Wasserstein distance to measure how apart the
two clusters are distributed. We chase the distances as the update goes on and find the
optimal update point.

Our method has several advantages over existing OD methods. First, ODIM is simple and
efficient in terms of computational time and resources because it requires only few iterations
in the training phase to identify inliers. Thus, even if we get multiple loss scores from models
trained with different initializations to achieve the ensembled score, it would not take much
time. Second, ODIM is agnostic to the types of data. Note that most existing methods
specialize in a specific data domain as tabular or image. Our method does not require specific
data types and hence can be applied to areas such as medicine, finance, and production
processes without any hamper, which allows our method to be utilized in many real-world
industries. Third, our method is generally more accurate in identifying inliers than other
baseline methods. With extensive experiments over about 20 data sets, including tabular and
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image data, we show that ODIM is competitive or superior to other proposed methods.

There is a study that utilizes a phenomenon similar to the IM effect. Wang et al.(2019)
suggested a method utilizing so-called inlier-priority effect via the self-supervised learning
framework. Generating more than a hundred artificial classes with a pre-specified annotation
strategy, they succeeded in identifying inliers with high accuracy. The method in Wang et
al.(2019) works well, but it can not analyze tabular data since the way it annotates the
training data using a self-supervised learning method is specialized for image data. It can be a
critical drawback considering that most practical domains handle tabular data. Moreover, there
exist image data domains, such as wafer data in the semiconductor industry, that are hard to
generate labels with existing annotation techniques.

The key contributions of this work are: 1) We find a new finding called the IM effect
that deep generative models memorize inliers prior to ourliers at early learning stages. 2) We
provide a simple but powerful UOD learning framework called ODIM to identify inliers from
a given unlabeled training data mixed with anomalous samples. 3) We empirically demonstrate
the superiority and efficiency of our method by analyzing various benchmark data sets.
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3. ¢4 2%
Table 12 358 AES 54 @d 7 daugFo] g3 7]# &7 7|(Base Classifier)®] 3
S5 103 WA HFor Jre AdE HolE.
Table 1. Performance of base classifiers
Algorithm Accuracy Precision Recall F, score
Logistic Regression
(Lasso regularization with penalty = 0.01) 0.785 0.860 0.681 0.760
Naive-Bayes 0.514 0.738 0.288 0.247
Random Forest (Trees = 100) 0.775 0.828 0.695 0.756
Random Forest (Trees = 1000) 0.781 0.841 0.695 0.761
Support Vector Machines
(Radial basis function kernel with cost = 0.25) 0.502 0.501 ! 0.668
Support Vector Machines
(Polynomial kernel with cost = 0.25) 0.734 0.717 0.776 0.745
2E7 PFE mae 7 9 BRIV 5% A0E zgd 449 A%E mEs g
St A4S AR olwf Aatst AL T dFol Vv v 9d ERU= HE Bl
Aol A2}, Table 2 2t dae]lE M2 285 A4S 59 71F Hold A% 19l 5709
Rdlo] 2| e RAS AT o] ofgA SEEHJEAE BAF= Aot F 1570
o @ w57l BE F shite] LR BE, 7 e RF EE, 1e]an shte] SVM RHlo] A
e HE B Bl wE oFF & 9FE HAIL dsol e
Table 2. Stacking coefficients of algorithms
Algorithm ID Hyperparameter Coefficient
IR 1 Penalty = 0.000695, Tokens = 3,000 0
LR 2 Penalty = 0.00113, Tokens = 3,000 0.564
Logistic Regression IR 3 Penalty = 0.00183, Tokens = 3,000 0
IR 4 Penalty = 0.00298, Tokens = 2,000 0
IR 5 Penalty = 0.00483, Tokens = 2,000 0
RF 1 mtry = 10, min_n = 6, Tokens = 3,000 0
RF 2 mtry = 10, min_n = 2, Tokens = 5,000 497
Random Forest RF 3 mtry = 10, min_n = 3, Tokens = 5,000 6.84
RF 4 mtry = 15, min_n = 6, Tokens = 5,000 0
RF 5 mtry = 10, min_n = 5, Tokens = 4,000 0
SVM 1 Cost = 0.0131, Tokens= 1,000 0
SVM 2 Cost = 0.000977, Tokens= 1,000 0
Support Vector Machine SVM 3 Cost = 0.000977, Tokens= 5,000 0.701
SVM 4 Cost = 0.000977, Tokens= 2,000 0
SVM 5 Cost = 0.000977, Tokens= 4,000 0
Table 3-> ~Ej7 e Rdo] mE ofF 7ol &89 9o dugs Rl A5 37 4
Folty, Ao wol F AT VFoE P T2 A S BT RF 9 AdEdd Slof & +
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7 garglsoel HlE) "olA= Aes Btk Lo vl LR 29 Adse 4 o ¢ A
S Btk olgld Aye ofF il Slo] vd dugFor 74" Rd] dAE HoleEtt
RF 293 A48 44 ooyl g ddol 4F2 22 BRUE Ade 40 o5z »
FRloloF o= HSES BAE EFsherl sk AbElZE LR el Hls @e Zlo]7] mjiol
oh W LR e RF 2] Hls) ooy Qi 9ES ofER BRI e Alds AAA,
fEz $RE 9T F oeldo] gl Yol LY FEo| Arke BA dldHth
Table 4= T daels RS 233 He 27718 ol &8 H7H8 AES HiZdlA &S
BRG A% 1 %S AvE Aveld. wd SueZe JNd ofF BF 2de 4Fol 3
7 AEA weh vhe FEe BEAY 9 ¥R/ 2d0) A3 AAE g5 20 PP R
2 ALz AFeo Slo] M2 FHs A5 2AE dsngdosn Aot /g
A 7F daph FgEles A o b= ofF Eiel glo AR AdE T o= F
of B S5e 9el BF R @AT FHehe Yorom 2uy 4B o] F4E 5
J&e BolFErh
Table 3. Performance of each algorithm in stacking ensemble model
Algorithm Hyperparameter Accuracy Precision Recall F, score
LR 2 Penalty = 0.00113, Tokens = 3,000 0.779 0.779 0.776 0.777
RF 2 mtry = 10, min_n = 2, Tokens = 5,000 0.798 0.862 0.707 0.777
RF 3 mtry = 10, min_n = 3, Tokens = 5,000 0.791 0.857 0.695 0.768
SVM 3 Cost = 0.000977, Tokens= 5,000 0.763 0.782 0.725 0.753
Table 4. Performance of stacking ensemble model on testing dataset
Algorithm Accuracy Precision Recall F score
Stacking Ensemble 0.809 0.839 0.762 0.798
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Q oF

B AdTE 59 2EYY ZYEA AHP 7S &85t o] &atEe] &9 2EYY &Y
F A9 Al nHskE 2945 Foste] AFgstart 59 2EHY FAE AUEH T 1A &
Ao kA, TR, ARA, A, /AR FESACH, 74 o8] els A=" 54, =
eholul AL, Wl 2el S, Holw Aolols, U &, A AuolE, &4, A W, A4 )%,
We| uel s, S FA Auz, wite] AYRRoR RS B ATE B3 F S
UL 7195 AUsE Y QS SEse ) BEE E 4 S Aow g,
@ 59 AEeY FUF Y Aol wshs dAAYRYE ® e 4Pl A niehu st

L AE
A2 AREA /1% 3 2 duielzo] BHOR Q8 A AAHOE obule 4Fsa 9
o REAIE WEe Sob Auls o § W oxelel WAdA ekl WHOR vy

ojoll wie}, o] &AtEe] o 2EYTY ZUES AYE wf oW 21S FoAG=A Lol

whebA] A= Eservice, o9 2E2WI d¥E 7€ ATES HES] o84 &4
2y ZYEY] $a A9 9d5S FE8HL AHP VWS 288l AEaglEe] iy Ta=
romn oAbdd IellA 8T ¢ e A AdES EESITE & dTE nEeR
2B ZRES] BAY FHop gl o] 85 A A Eee & Ao Vit
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2. o| 24 WA

2l FYMHlaE JHUS B 59 2EYYUY ‘jroit WA o AFeh AR AR
10| th(Gang, Uhm, 2010). ~Eg|go], A vlo|HE o}

E
A3 HOJHE thal 1A —GE:]T_' s Al *}%ﬂ T s

FzE ] AakE Aol ol ¢ g
I HiolHE A& R e Ao th(Park, 2015). &Y /\EE]‘% MU 2aE ARFAT7]EY
PO AN Baol PAA BT BT F 2ol I BAE SH B Aol AT FIAL
ARG 2A 45Tk R Lokl SNz E A4 W, KPOPY HF, 4F orA
Z el g Qukl o] Soke] Ak Avle] o) SANG R Srjsglon, 53 =
vhEs)7le) Wi SEOR Q1% wikel £oF A9 e 29 FE TRE TEAOD WA

7131 Ath(Lee, 2012).
22. A4 7 (AHP)

AHP(Analytic Hierarchy Process)™ Thomas L, Saaty /5ol ]3] 1970\ At 7idkel SJAAA WHE
o2 AY, B4 dgEs A $AsHE ddsy] A oz gAdd WHE | TH(Saaty,
1987). AHP 4] 7|2 A4 940w ofye} AAAR] 847k B AusE 5 9l
wopell A de] AREH AL Qi (Park et al, 2017). HF Aiularh Theste, v wAAbe] o
A wredgtowa Hoh ARAl Wb Thssitke Aol Atk ol EE HluA & i
S5 1 EAE desA7aL, dA R ALY AAEE TAE A

AHP 4 7]%-2 E-service %ﬂr?ﬁ_ AFo = AHEH At Seo2015)= ol 2
Tt A wgrE ojdl MEgQls FRASH=A 1 AbolE EAE] ¢
t}. Choe, Kim(2015)> Kano R 3} AHPE &-835l0] 24 #vse] A
A& Tttt s th Park et al(2019)2 28191 FAN ZYFo A
s AHP 71WHS AFEEFSITE Oh, LeeR021)E AANADY &7 A~

Tpotstr] 9l AHP 7S &-&atqith oefzto] & ATolA = AHP
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b A t]#}ol A H A Ay Mers
R F A B PR e O o Ld
AH) 2~
f A YddelE s A s
= EefolHiA| - mojut
o] o}-5- L . HE bl A . U
A E =

4. A A
BT Ay d7E ngor o9 2E¢Y FUE AY Ao ngrE 2905 EEdt
AZsetAnh A7 7€ dFeke 2 5 2EY SUE A9 Al wAse oAb
e O A A v R skt AolA vt Aok e o &9 2EW A
o Aol ABEE AAHAA, Ff S FAE /195 AdsE oA A% FUske o)
Eed & T A
FFol A &9 Y FAF o|$AES UPoE HERANE A AZHN 54
ol dig 7eAE BAst FATHE getd Aot webA S 2EfW EFYE A" A
M FRF 2903 F9) 8eF0] B FAAT & QJov), A, A AT BHsu
Shet
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g, 2o AGqakse] A W st A J}*EQL JdZiEETEi %EH@DP. AL3l o] AAA wE =
1

ARER Bl 1Eo] BAT
o

sobilst pE AY AT SHH0 ;—zfaw. ARAAE AR L4 BASE A9
o g3 ge AAH 3, AFAN ge Beld B4 =y, 49 AFHES APk A
AuAel BA 5 R ARA ABES EHAT AAGAL Ho B SR ehd 9l
3, olel @ WAL FAA AAEE AAR ARFeAe] £EA A ANE] BAS EASL o

A ALz ] BN A E = BT B dF Hold EStelgta & 4 itk &
Sdgh shFate] IS Fulsobst sk Sl A AlEEY] a2 BgAgor HAY Sy gl
AL, e B0 S 259 SrellA b S At abell wiEjEo] Sl Bkl S
= AdA o m AP ] At e "ot

aEuA o “A}3] Qb X477 Social Security/Safety Index?

QbH e AbdA Aol kst ko] "ot ol jlar ARdARILZE A 91710l §lo
A% Zlolt), Heke o2 FAREE o' ofF o] itk Alolal 2T A2 243 2tF
olz] gtk W& siME 4= vk & e U EA ‘security’®] oJvlE FAVFREH HolA o
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34

71 o] EObS HAsE 4 vk o= H
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291), ¥ *=RINIE(OECD 3= 5 19]) So] EAlgtt
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9Fd 2] 4*(Korea Security Index 2021)"= F-2]AF&]ol| A AL|Qbd olgb= F=AI7F on] QA =904 &
UEE ARBIRbAS FAsteta SAstaat gtk 548 ALs|dstR Qla] v efol \‘41'5} E3H g ol
AR L, o2 3] /WAL & hdE At EeraddEo]l FUketa Qlth olelgk A,
“ALE]QFA A (Korea Security Index)” UIgHl= wlo] Aolrl= X GALs] 9] ALs|bd e} FRIE
of Bt A& zdeta, Bt dAE Hd wvbel AR GA Y] AES 2ty Al 718
Atk olF $3l, “AFs] <t A F=(Korea Security Index)”= ARS|QEA 2] /S A, Ao, 1A7H
A, AT 5o d9o=2 st FAsA Ndststd AgstE ARk “ARs|Qbd A

]_
(Korea Security Index)”®] 7} 3= F48H 9 A4, Fa7|delA dxd §4 2 2AF AR
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#HA Aol w2 A& ofvlek=d], ¥ Aol A Chronbach’s a= 853Utk A7|F14 Shss
HE Lee 5(2003)°] WEdt =42 F 4550w, 54 ARE Hevt moH AVIFEA g
SHol =& S dqvishedl, & A7 Cronbach's a=94°l9{th X 4712542 Kims}
Park(2001)°] 7R3t =42 F 28% oW, 54 AL M7l =245 g4 Arjasyel =
&S gnalEt), E Ao Cronbach’s a=.921th
3. A4

B oATE e g A9e 2114900, oshgol 1488 (87.1%)°11H]. 44 ‘g
& 1177(68.8%), ‘94%63’ 539 (31.2%)°1 L, A AL F 987 (57.6%), A 33ﬂﬂ(1 ), 3
397(229%) °1aL, SHHRHLEE w817 (47.6%), ‘HE 869(50.6%) S = LFERTE ;3}%

FERPE A 12FOLHAT. WA QUS4 wE dYH AEFEe
(t=4.05, p=.007), A3 (t=-5.35, p<.001), 342 E(F=7.32, p=001), &7} I= 5 (F=12.52, p<.001),
Mo she 58 (F=14.65, p<.00D)l A EAAHLZE 23 fo]7t U THTable 1).

Table 1. Differences of Critical thinking, Self-directed learning ability, Academic self-efficacy by
General Characteristics

Self-directed learning
ability
t or F(p)
Scheffe

n(%) Critical thinking
Categories or
M(SD) M(SD)

o Academic self-efficacy
Characteristi

Ccs

t or F(p)
Scheffe

t or F(p)

M(SD) Scheffe

M(SD)

Age(yr) range 19-44  21.1(3.21)
Male 22(12.9)  3.82(0.46) 2.72% 3.69(0.51) 2.486*  3.45(0.65) 4.05%

Gender Female 14887.1) 357(040)  (007)  341(049) (O014) 294053  (007)
Personality Introverted  117(68.8) 3.52(0.39)  365¢ 333045 4488 287047) 535
Extroverted  53(312) 3770042 (<001) 369052 (<001) 333(0.63) (<.001)
Well 33(194) 375037)  s588% 366045 11473¢ 320055  730%
achsiglvlggem Average 98(57.6) 3.62(043)  (003)  3490.52) (<001) 3.06(0.60)  (.001)
Poor 39229) 3420035  ab> 315036 ab>  274039) ab>c
. Satisfactiona 81(47.6)  3.71(041) 6.11% 3.62(0.50)  11.436* 3.22(0.53) 12.52%
Satlifg;rion Moderateb  86(50.6)  3.50040)  (003)  327(044) (<001) 2.81(0.54)  (<.001)
Dissatisfactionc ~ 3(1.8)  3.46(0.51) a>b 3.48(0.78) a>b 3.21(0.37) a>b
Lecturea 122(71.8)  3.53(0.40) 3.35(0.47) 2.87(0.43)
o ﬁaemf 2129) 402043 o 396048 8343 378065 1465
Residential — (<001) — (<.001)
Form  Pproblembased 00 3 mg3g (CSOD 50055 bed, 325057 boa,
learningc d>a cd>a ——— ab>d
discussion-based 155 1y 3 60041 3.44(0.50) 3.22(0.55)

learningd

AT A A A7 Ee A v AR E (r=.64, p<.001) ol A FHEATE AR
o, A7|FEH S5 (r=78, p<.001) (toll= AH A#BATE A THTable 2).

Aol At S A ATl Es el vAle GEke dopry] ol duky 5
[e] 3o 3

Hoz fod Aok AU SHANAD MW AT, NFEY g5
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Pt & FIARAE AAE A 94 Ar)as el 9 v
58(B=.78, p<.001)Z EFITHTable 3).

rir

891e AFES 3

oy

Table 2. Correlation of Critical thinking, Self-directed learning ability, Academic self-efficacy

Critical thinking Self-directed learning ability ~ Academic self-efficacy
Critical thinking 1
Self-directed leaning abilit 15 1
— (<.001)
. 64% 78%
Academic self-efficacy (<.001) (<.001) 1

Table 3. Factors Influencing Academic self-efficacy

Variable B SE B t P AdjR? F P
Self'dlrzctfﬁﬁylemng 0.89 0.056 78 16.25 <001 609 26396 <001

4. =] 2 A

B ATaA G98 ANEEEel Mg e 9 nAE Lont ANFER GgsEo
2 uehgek ol Aake Bl pEnshel SeivE F4e e TR sy
o] ez, o8 Puske WEAY L) G HEEZIY Aol DY Ao ARH
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g712001)7F vt HAdS e R AlFEe BEEE HEe £ 2

Atk AR ETEHS Fetalr] fdE 2 AdFoA = Navian(1967)0] F-H-oJAlrSs HAE $18) 7
15k PCI(Primary Communication Inventoryo)®] Ul-8-& #-22004)¢] A & 25¢d9 =&
AH&-sH ATt

3. A+2F

=+ A Ay didAte] AR dA 317 (14.0%), 1A 1918 (86.0%)°1 1L, HldAke] Shd e ]

o ofN 1ok

d 704 (31.5%), 28d 58”1(26 1%), 3313 66™8(29.7%), 48Hd-& 289 (12.6%)°]13th £ o= =
w7b e AL 13478(604%) 0= Wokal, Sk e A 878 (39.2%) 01Utk Al
= 189‘3*(851%)01 o P Bk, 179(7.7%)°0] A, 16(12%)°] ‘8 o= uUEhkt) oA
A2%E WHFE 1568(70.3%)°] WIS e Aol 9l 667(29.7%)0] e Aol fivkal &)
o, dFAFAT ] e WA= 1239(554%), DEEFEDC] Je A= 997 (44.6%)°1 AU
thooldAbe] S ElA 1429(64.0%)0] ‘T, 628(27.9%) 7Y, 18B.1%) B TOoE
S H5F S th(Table 1).

Table 1. Differences of Self-awareness, Oher-awareness and Communication Ability by General Characteristics

Self-awareness Oher-awareness Communication Ability
Characteristics ~ Categories t or F t or F t or F
M=SD Scheff(e?’) M=SD Scheff(e?’) M=SD Scheff(e?’)
Ist 70  3.28+.28 1.29(.278) 3.28+.47 1.53(.206) 3.44+.38 2.59(.053)
Gtade 2nd 58  3.33+27 343+43 3.40+.37
3rd 66  3.37+.33 3.45+.59 3.54+41
4rd 28  3.38+.25 3.32+.47 3.60+.38
Gender Male 31 322423  -242(016) 327£50  -127(205) 32341 -3.99(<.001)
Female 191 3.35+29 3.40+.50 3.52+.37
Religion Yes 87  341+.30 3.06(.002) 3.44+.58 1.27(.230) 3.55+.41 2.21(.028)
No 134 3.29+.28 3.35+.44 3.43+.37
High 17 342+32 1.02().362 344+43 .12(.882) 3.51+.40 .18(.830)
Economic state Moderate 189  3.33+.29 3.38+.52 3.48+.40
Low 16  3.29+.18 3.38+.39 3.43+.30

E"ltfgigczm Yes 156 337+28  252(012)  342+52  194(053) 351+39  1.54(.124)
communication

No 66  3.26+.29 3.28+.44 3.42+.48
course
Clinical Yes 99 338+30  2.19(.029)  341+56  .67(.502)  3.55+40  2.54(.012)
practice
experience No 123 3.30+.28 3.36+.44 342437
Well 62 344527 O 3u8i49 2310100 354447 131(270)
School a>b
achievement  Average” 142 3.30+.28 3.36+.51 341+.34

Poor* 18  3.26+.32 322443 3.40+.41
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Table 2. Correlation of Self-awareness, Oher-awareness and Communication Ability

Self-awareness Oher-awareness Communication Ability
Self-awareness 1
Oher-awareness ( <‘(3)(2)1) 1
Communication Ability (<‘(3)(9)1) (<‘(2)(6)1) 1

& ATAT A7 ERIQIA S FAMOR froldh o] =32, p<00)E HERGO.
B, 719143 eakas e o AeAlE=39, p<.0017F A= Ao YERTH. B9 ERQIQIA
JALAE L ool AATA(r=26, p<.001)7} 4= A S Z UEETH(Table 2).

2ol 47145 Bl 2 oAAEEEE AR gl JRRAT A Aow U
G, olele 2318 oz dEoede] AEEAE A AN LEREgel
FAT 5 Q€ PHe Al Bes, 4194 FAS EFF A9
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23. AFEF

A5 Wong@F Law(2002)7} 71eet =5 Fung(2006)°] Wetste] =43 =42 F 1673
TAH ty, ~EH 2~ HEE Cohen, Kamarck®} Mermelstein(1983)0] 7|33t 2| 7td ~E

A5 Park?} Seo(2010)7} Wetste] 4 =3 A 7tel 2EHA HEw F

o] oty 2E# 2~ %8S Folkman? Lazarus(1985)7}F 7H#3 & =A% ~E

%5 Song? Chae(2014)7} Wkl =2 F FFo & 5] 9]

D oox D‘ lo

31 wgAe] ke 5o we zhe

R
ofr
>
eN

S ZEg XA AEH X YH5E

AT didAbe] dubd EAe g AT AFUEE(=5.60, p=.004)9} 717 El(t=3.00,
p=049)0 W} ztol7} Qe Ao vyt AEdA AEE AW=173, p=049)°l wa} o3
Aol B, 2EH A A5 HS ATV (=340, p=036)°] we} xFo]7l AU ThTable 1).

32. AT & 2EALS} 2EY X A TY T AAJA

HEEge AR I AEY A Er=-449, p<001), 2Edx Hro ~EYA AT
Ho(r=-232, p=047) F2% 2o AAAAE B, AT ST 2EHL AT H@=520,
p<00D)S g Fo] FHAATE e Ao R e THTable 2).

33. ZAA 5 $£F4) & 2EYL 2D 2EFX YA 5E

AL A TS AHEYFE 7Fo 2 A25%CHAHEA ) 49 3 3H9125%(LAHE 9 5)
Ql 49 o= 1%%01 2E 29 2B 2 giAgA e AolE AuE Aif, AT FEol 49
25%%21 ~EH 2~ = AAS 8H9l 25%<1 St el wtAl JERSTh(t=4.81 p<.001) ~E#H 2~
oA 2] ol ‘ow-t— TAFAL AT T AR UssE A9 25%9] BAF ~2EG A )
A &9 25%2) sHAol wle) E=A UERAL(t=-6.41 p<.001), A FTA AEHA A A T
3 A9 25%= 39 25% B} A UERSTR(t=-5.49 p<.001)(Table 3).
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2 A7 HsgFAE] A S 2Ed2s 9 gix s da fotsta ols 1hHe]
A S IRlste] adigtle] ~EY 2~ A il AAS T FEs v 229
o] 7|2ARE ATstnA AEHAY & AT7AY st A FE, 2EdA AR,
zEYs YATE ol fold AuaAE ugly, YA FEo ne sEds 4ug o
8 xS Aol7t e Aow ustwmth web FF i AEY] AATE ol 2EY
25 FoAY dddvd e FAZZIINE 9 O g9E HIeke A9 22 o
2 Aledth

Table 1. Differences of Emotional Intelligence, Stress Level,
Stress-Coping Ability by General Characteristics (N=194)
(%) Emotional intelligence Stress level stress-coping ability

Variables Categories or t or F(p) t or F(p) t or F(p)

M(SD) M(SD) Scheffe M(SD) Scheffe MGD) Scheffe

Age(yr) 21.58(4.12)

Female 15780.5) 3670055 139 21200550 173 343034 _1s56

Gender y —_— . —_— y

Male 37(19.5) 3540460 (199 230058 (049 334034 (875
1 72(36.4)  3.51(0.48) 2.30(0.55) 3.32(0.33)
Grade 2 64328 364054 0% Taas060) OB 34037 LA
: i\ (462) =200 (933 22D (309)
3 58(29.8)  3.56(0.41) 2.25(0.58) 3.35(0.31)
Relia Yes 64(32.8) 352045 .93  225054) .31 335035 _15
eligion —_— —_—
& No 130(67.2) 3.59(049) (384 228059 (267) 336033 (567
Aptitudes and
ot 6030.8)  3.66(0.51) 2.21(0.60) 3.41(0.36)

Reason to Parent or teacher’s

choose the  recommendation 61(31.4)  3.58(0.47) 1.88 2.22(0.54) 091 334032 1.32

X : (138 ——— (435 ———— (269)
nusing - High employment6)31.8)  3.49(045) 237(057) 335(030)
Etc 115.6)  3.38(0.51) 2.29(0.65) 3.21(0.44)
Satisfactiona 42015 371038) s 211054 347033) 549
Satisfaction livb : 2.61 .
of major Usually 1400718) 352048 (004 230057 (o 332032) (036)
Dissatisfactionc ~~ 12(62) 339059 2 247(0.79) 334044) Ded
Gooda 102(523) 364045 5o, _218056) 3.36(0.32)
Health status  Usuallyb 83(42.6) 347(048) (049)  237(0.57) (2633) 334036) 121
Bade 046) 365066 U 230069 351029 (309
Table 2. Relationship Emotional Intelligence, Stress Level, Stress-Coping Ability (N=194)
Variable Emotional intelligence Stress level Stress-coping ability
1(p) (p) (p)
Emotional intelligence 1
Stress level -449(<.001) 1

Stress-coping _ability .520(<.001) -232(.047) 1
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Table 3. Stress Level, Stress-Coping Ability by Emotional Intelligence Level (N=98)

391 25% 1§ 49 25% 1%
Variable (n=49) (n=49) t(p)
Mean(SD) Mean(SD)

Stress level 2.51(0.69) 1.73(0.44) 4.81(<.001)
Stress-coping ability(problem focus) 3.06(0,38) 3.66(0.30) -6.41(<.001)
Stress-coping ability(emotional focus) 3.01(0.36) 3.61(0.37) -5.49(<.001)

Reference

Wong, C. S., Law, K. S. (2002). The effects of leader and follower emotional intelligence on performance and
attitude: An exploratory study. 7he Leadership Quarterly, 13, 243-274.

Jung, H. Y. (2006). Effectiveness of emotional leadership and emotional intelligence of food service employees on
organizational performance in contracted food service management company. Unpublished doctoral
dissertation, Yonsei University, Seoul, Korea.

Cohen, S., Kamarck, T., Mermelstein, R. (1983). A global measure of perceived stress. Journal of Health and Social
Behavior, 24, 385-396

Lee, H. K. (2003). A study on stress and coping method of nursing students. Journal of Korean Academy of
Psychiatric and Mental Health Nursing, 12(4), 586-593.

Folkman, S., Lazarus, R. S. (1985). If it changes it must be a process: Study of emotion and coping during three
stages of a college examination. Journal of Personality and Social Psychology, 48, 150-170

Song, J. E., Chae, H. J. (2014). Differences in stress and stress coping strategies according to emotional intelligence
in nursing students. Journal Korean Acadamic Soc Nurs Educ, 20(4), 502-512.

Han. M. H,, Bae. S. M. (2015). A study on the relationship between college adaptation, academic achievement, and

admission type in one nursing School. 7he Journal of Korean Academic Society of Nursing Education, 21(1),
46-53.
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AFol S WAL, A7 E TS (F=145, p=228)> 2|3k 2Fo]7} 1A thTable 2).
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33. 3}aq, 2EAX dA5Y, AV 23 T WA

Pr=-413, p=023), ‘2727 A5 (r=-.584, p<.001)
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p<.001)E X % TH(Table 3).

W ety e Siads 2Ed s UASE, AV RS AR sefsn &
o Aadh gL sS Fe AT WS vhdsaA AR & A7Ed s
o g9z, 2EHE giAeH, AV|Eed el Fo3 JadAE B, shdel wet ghela
A3 gASHe Aol7h A Ao Ve weld @ davsase) s 213 ~Ed
2 e, Sugd 48 FFE T FAZEIINE 2 O Z9E HSeke A 288 A
o Atmdr

Table 1. General Characteristics of Participants by Grade (N=203)
Total Freshmen Sophomores Juniors Seniors
Characteristics ~ Categories n(%) n(%) n(%) n(%) n(%) x2
or or or or or or Fp)
M(SD) M(SD) M(SD) M(SD) M(SD)
Age(yr) 21.1942.58  19.6012.12 20.56+2.45  21.95+2.73  22.77+2.20 (igd(z)(l))
Gender Female 171(83.2) 42(84.0) 45(83.3) 40(85.1) 44(84.6) 455
Male 32(16.8) 8(16.0) 9(16.7) 7(14.9) 8(15.4) (:302)
Health status Very good 16(36.4) 5(10.6) 4(7.1) 3(6.2) 4(1.8) 6.79

Good 162(34.4) 37(78.8) 45(80.6) 40(83.3) 40(76.9) (:3%5)
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Table 1. General Characteristics of Participants by Grade (N=203)(continued)

Total Freshmen Sophomores Juniors Seniors
Characteristics ~ Categories n(%) n(%) n(%) n(%) n(%) x2
or or or or or or F(p)
M(SD) M(SD) M(SD) M(SD) M(SD)
Bad 22(14.6) 5(10.6) 6(10.7) 4(8.3) 7(13.4)
Health status 6.79
Very bad 3(13.6) ) 1(1.6) 1(0.2) 1(1.9) (:395)
Well adjusted 20(9.8) 6(11.3) 3(6.1) 5(10.6) 6(11.1)
. Adjusted 147(72.4) 38(71.6) 34(69.3) 35(74.4) 40(74.0)
Academic ; 9.75
adjustment _ Unadjusted  26(12.9) 7(13.2) 8(16.3) 5(10.6) 6(11.1) (098)
U“adJ:ﬁted & 049) 23.9) 4(8.3) 2(5.4) 2(3.8)
Table 2. Comparison of Academic Burnout, Self-Efficacy, Stress-Coping Ability by Grade (N=203)
. Freshmen Sophomores Juniors Seniors
Variables Toeal (1=50) (1=54) (1=47) 1=52)
M+SD M+SD M=SD M+SD M+SD F p

Academic burnout  3.25+0.32 3.11+0.43 3.05+0.50 3.30+0.65 3.49+0.50 7.68 <.001
self-efficacy 3.24+0.20 3.22+0.22 3.20+0.29 3.19+0.45 3.33+0.32 1.45 228
stress-coping

3.31£0.34 3.29+0.33 3.28+0.31 3.34+0.44 3.48+0.32 2.76 043

ability
Table 3. Relationship Academic Burnout, Stress-Coping Ability, Self-efficacy (N=203)
. Burn out Stress-coping ability self-efficacy
Variable r(p) r(p) (p)
Burn out 1
Stress-coping_ability -.584(<.001) 1
self-efficacy .768(<.001) -.413(.023) 1
Reference

Cho, H.,, Lee, K. Y. (2016). Self esteem and career identity of nursing students, Journal of Korea Academy of
Public Health Nursing. 28(2), 136-173.

Lim, Y. J. (2017). The impact of nursing students’ emotional labor and clinical practice stress on burnout, Journal
of Learner-Centered Curriculum & Instruction, 17(6), 461-474. http:f/dx.doi.org/10.22251/jlcci.2017.17.6.461

Lee, D. Y., Park, J. K., Choi, M. Y. (2017). The relation between stress of clinical practice and burnout among
nursing students: The mediation effect off spiritual well-being, 7he Journal of Korean Academic Society of
Nursing Education, 23(3), 300-308. http://dx.doi.org/10. 5977/jkasne.2017.23.3.300

Park, H. J, Sun, S. I. (2010). Stress, depression, coping styles and satisfaction of clinical practice in nursing
students, Journal of Korean Academic Society of Nursing Education, 16(1), 14-23, DOL http://doi.org/10.5977/
JKASNE.2010.15.1.01

Jeong, Y. J., Koh. C. K. (2016). Effects of personality and coping behavior on clinical practice stress among one
college nursing students, 7he Korean Journal of Stress Research, 24(4), 1668-2234, DOI: https://doi.org/
10.17547/kjsr.2016.24.4.296

Whang, S. A. (2021). The Influence of Major Satisfaction, Academic Self-efficacy, and Clinical Practice Stress on
College Student Burnout among Nursing Students, Journal of Korean Society for Simulation in Nursing, 9(2),
73-85.
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2. A7
ATE T8 BEA A, B2 T EElE 2 28 AR doew, 24
of FFE AL 20E Aoy AT HEA @M%om AT A G el o
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oh odAk 4 A4 G power 3.1.9.2 Ei:z%l% o] & 6}0:] _8_44—27] 15, Sol42 05, A4
E g AFES A9 Ha 1841oldth 9 E 10-20% 2 ﬂ#o}fﬁ 21785 e
2 *g%xl% vl 58k 1, 21755 84 6} D} o] = %%i—t‘ﬂ A5 1555 A9t F 20295

Ao ARSsATE ¥ AR SPSS/WIN 260 FAZZ 1S 01 sto] Rlw B 7]eE
, ANOVA, t-test, Pearson Correlation Coefficient, Step wise Multiple Regression Analysis, A7 52
Scheffé test® 413131t}

3. 4727
oAy duks EAo) w2 AR TS A (F=272, p=.046), -5 EJ(F=2.65, p=.009),
T8 7 BEadd9E AESAH(t=205 p=042), TFHEA(F=4.16, p=.007), =5732(F=533,

p=.001), 91&([F=723, p<.00D)oIA FAHOZ FoJgt Aol7} Ty FAEZYL LHFA(F=3.38,
p=.019), <57 (F=2.83, p=.040), <5 Elj(t=2.25, p=.025), -5 7+ (F=32.86, p<.001)°lA FA%
o2 fog zolE HTHtable 1). FAFA 4 Ay AAATE T35 7 SR-mH PN @=24,
p<.001)9} 2= (=225, p<.001)F} <Fet o] FHAAT d= ASZ YENSITHtable 2). 24 EH
o gt AT AY HARLYELS FANSRE oA YEFS ST (F=21.79, p<.001), 2= el

S VA= HFE ST USE_EUES(E=38)° 1 AT(B=24), LFHEE_TE(B=150°]
olgt M2 YERGTHp<.001). AA AHEe 237%% E‘r(table 3).

Table 1. Differences of Emotional intelligence, Peer group caring interaction behaviors, Organizational commitment
by General Characteristics

. s Peer group caring Organizational
Characteristi Catesori n(%)  Emotional intelligence .\ o behaviors commitment
aracteristics ategories or t or F(p) t or F(p) t or F(p)
M(SD —= B —— —==b
(SD) M(SD) Scheffé M(SD) Scheffé M(SD) Scheffé
Gender Male 7(35) 341055 t657.00 4.61+0.73 + 55800 2.67+043 t 387.00
Female 195(96.5) 3.50(046)  (867)  435+0.53 (412) 300058 (076)
Single 134(66.3) 3.50(0.45) 441+051 205  2.96%0.54
Marital status 27 (042) -109
Married 68(337) 348(050)  (786)  425:057 7,0 305063 (279)
Relision Yes 71(35.1)  3.54(0.53) 89 4.41%0.55 95  3.02¢054 53
il No 131(64.9) 347(043) (37D 433053 (344 2983060 (599
Medical warda  39(19.3) 3.37(0.42) 4.30£0.51 2.8520.55
Surgical wardb  99(49.0) 3.57(047) 272 429+056 416 2943060 338
Work 7 ensive care or (.046) (.007) (019)
department Fmergency unitc 30(149) 337050) oy 4315043 Gy 3045059 g

etcd 34(16.8)  3.54(0.44) 4.65+0.51 3.2510.44
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Table 1. Differences of Emotional intelligence, Peer group caring interaction behaviors, Organizational commitment
by General Characteristics(continue)

I i ety M e
aracteristics ategories or t or F(p) t or F(p) t or F(p)
M(SD) M(SD) Scheffé M(SD) Scheffé M(SD) Scheffé
Turnover Yes 134(66.3) 3.49(0.48) -46 431:056  -177  295+057  -1.52
experience No 68(33.7) 3.52(045) (649)  445:049 (079) 308+0.59 (130)
<3a 75(37.1)  3.50(0.50) 4.53%0.50 3.0120.58
Work career 3<7b 47(23.3)  3.50(0.44) 136 4.26+0.55 (5(5(3;?) 2.87+0.60 (2(52(3))
o) 7<10c 31(153) 335047) (255 _412¢053  ~ _° 285048 |4
>10d 49(24.3) 3.57(0.43) 4.34+0.52 3.16+0.57
Non shift work 56(27.7) 3.63(050)  2.65 4484052 | 3142063 225
Work P it work  146(72.3) 3.44(0.44) (ffj) 4314054 (050)  2.93+0.54 ('t(,)f:)
<3400a 58(28.7) 3.43(0.49) 4.10%0.50 2.89+0.52
Salary 3400<3700b  71(35.2) 3.51(0.50) 72 4.50+0.53 (<762031) 3044063  1.83
3700<4000c  42(208) 350038)  (544) 443053 4 4 292054 (143)
>40000d 31(153)  3.58(0.45) 4.42+0.49 3.16%0.58
Work Satisfactiona __38(188) 3.580.57) 8 4524060 is1 3262052+ 3286
satisfaction ' U'sualb. 144(71.3)  3.47(0.44) (645) 4.330.49 (105) 3.02£.050  (<.001)
Dissatisfactionc ~ 20(9.9)  3.51(0.42) 4.27+0.72 2294063 c<ba

+ : kruskal wallis test statistics(n>3), mann-whitney test statistics(n=2).

Table 2. Correlation of Emotional intelligence, Peer group caring interaction behaviors, Organizational commitment

Peer group caring

Emotional intelligence interaction behaviors

Organizational commitment

Emotional intelligence 1

Peer group caring
interaction behaviors 24 (p<.001) 1

Organizational commitment 25 (p<.001) 14 (p=.041) 1

Table 3. Factors Influencing Organizational commitment

Variable B S.E B t p AdjR® F p
Constant 2.00 27 7.44 p<.001 237 21.79 <.001
Work satisfaction_dissatisfaction -74 12 -.38 -6.16 p<.001
Emotional intelligence 29 .08 24 3.84 p<.001
Work satisfaction_satisfaction 22 .09 .15 2.34 p<.001

4. =2 2 A

2 AT4% ZYASE B T BRG] R 2AEYS GO ARWAF 9dE AR 1
Ehda, 242G 92 VAL Lomt YHAEH TRREE} P WAL adlow
dehgth B8, SRUSE Fo)A BREe] 24BYd 4L VA Lo0 I2]
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TAES =B F4 A% BE 2PN MEAD 24

AR, W), uha

1. A&
ojgto] Hjekzol wbyow AWt 9@ x|t ﬂ7FW§L‘$£%@lﬁfﬂW¢<ﬂ%
oA WA AARA7| T A= 20508 A AlAl 604 o] w9l AF} ¢k 2190 oS Ao R oA

SFITHWHO, 2021). ol#]dt FA% w9l S7he w3heh e A 7k oujstn, o=
AH7A] AZFEA 7Y EH—,—Q.L % tHJana & Chattopadhya). 53] 7= 25 A o WAIE (Centers for
Disease control ad Prevention: CDC)oll A= m]=+ A 219] 204%¢) 53w 7leko] Wt ESES 71X a1

Aom OF 8% TooE YALS shA XIvhar Rausilth wekA wdESS et
Helske AL =0 g do Fagk EAg & gk

7P e A% FHAelal des] B g QAR ™, AR QM B4 2 ASSE
Hoh AbE v 4] dy 22 A% 298 dSshe AEd d3AAR 95 E o A(Linn and
Linn, 1980, Mossey & Shapiro, 1982, Idler, 1993, Dowd & Zajacova, 2007, Atherton et al., 2012) 7|<%]
o] AukA 17 (overall health)S &1 = Q= F2 Axet & 4 ATHLI et al,, 2006; Lundberg
& Manderbacka, 1996; OCAMPO, 2010).

VAW WHEFH FRY AYAA BF A% A%E 45T 5 g€ 290w, ¥ AT
T 7 a9lel HAAN AZE RiFH Y Ch(Reyes-Gibby et al, 2002, Mantyselkd et al, 2003,
Siedlecki, 2006). L]t} o] AFEL T F ale] BAYTl A2 Y] wEel] & Aol
AE REFS P w0 WEoR FEY APt 14g9e] wAF Avn, o|F ¥

[SI=1
3 WgeT =99 AGSAS A% V|2ARE AlestaAt .

2.1 AFgA

WoAfE FadddzRA T 571(2010-201219)9F 671(20139) 3355278 2] H kA T w644

ol 6117% FollA thaell sfdats A AFelA AYatdk 1) Tl ZAMEA 2 A

(n=605); 2) F¥A AALHE SHoA FRAY “He ol FHe A n=2,902); 3) 500kcal
CRLES

o3} =& 5000kcal ©] HH S ARN=435); 4) Aoz 20| HaetE A n=797);

ofy

=]
H
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5) okl A m=392); 6) Ao A sto] Y= Y AHn= 1229)
AHn=679). WeEtA 1,680 S FHE AR AAGsRon, o 5 W
AT olF o] 5] TJ&@ 174wt F50 9 ‘b}:’—:‘?—’zi WAREFBE] 4744 14,
FHA AN F5/15FS 3 =

S/ ETUH(GPN), T4 1714 U FSUSBPN)CE AREFasith ek HEHoE
GPY 196, BPY 404", GPN 759™, BPN 3307 o] 3]t}
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o
olN
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U do
: B
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N
)
)
Y
oy
r [
= 1>
i

22 AREAEY

715242 SAS ver. 9.4(SAS Institute Inc, Cary, NC, USA)S o|&3}3lon, Awag|iio] =nl
NARBYA AR o] &A1 7o) we} 7hEeAE Abgate] BPREEA S At s
FHA ARG ESY) 2 W EFo R (Yes/No) S watate] 4702 ekl 7k giaAt
59 gt SAS wAEA R A5 ool w3t AR AHARE nlasty] flske
WAREALS AT rRA o2 47e] A9t RS AU ESARTA 0 E A Z4s)
Evi=g

b “wEE A “EE7H O PR
2) A%

“HT HUEL 309 o) P
oq cco]q_” uo—]q_” % :‘]-;\“;\_O__Eq
CEEEE]

3) AABL Y

“Alamada 78] T7HA A7 H]
FA, &5, oA Aoz AAS AT HFAdS FA 4 ¢l
ﬁ%"Xl B AE, w7 A Tl AY A 1d o] F 23] vte® 5% A4, A
F2 ofAlo}RlE 9Je H]TH7]5(World Health Organization for Asian Population : WHO)S A=
BMI 185 kg/m® ©]/ 25 kg/m* ®|RtO.2 S}qith AAGFHS aFF TAIZE o] F~8AITKS] A9, F
S T 150801} sk Ay, obAAE F 573 AFdhs S, 9L F 43 olstz 9
Aate 452 7d7&6£$4i g o]stct.
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31 BAEST FRHARAA
YAk-0lo]l 749 GPNo] 609%% 71 =ko ™, o]ojA, BPN 21.6%, BPY 9.5%, GPY 8.1% <

o2 Yehytth ojzke] 749 GPNo| 43.7%= 7F¢ =9kom, o]o]A BPY 24.1%, BPN 21.1%, GPY

Male Female
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o
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Al 2 F3H A7 e A3 Ad A 2 see N Aol S Bt

T4, bAoA BAHR folgk Apolzb QURUth HIEFA 1A W&

GPY 85.8%, BPY 67.6%%= ¥4 A7 e7F £& 49 Hgd vl&o] A Yelsthp=.015). o}

A2 S Bk HE2 GPY 91%, BPY 714%= T34 A7t £2 A9 o dAALE sk ]

&o] YR Thp=.003). WHH =91 ofAb= FE 140l w2 1389 AHAE] Aolrt fre
ShA] ekt
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4. AE

2 dATe MEES =908 udem T3 A7 e w2 A Ad dYHs 245
TH4 AEE 7ite g o AR Ad #EE YT VEAREE vhEstaA AREHAG
04 A7 =AY Ggol w2 A A dido] YA vlszdk oz UEbyt
ouf, A% 84 A7) AdES FxRle] AolE HAh ¢k, =9l @AY A9 T3
A A 2 A vE, obH AL ALl AAnjgo] =okth e v Fdd ofH 2
A AR BT S AP A BAAoR e A%ds] A4 Hdde 1@
W, %S wele] Al Y w7t Basvl, 58 @A wele] A4S wFAn oA A
A9l g AFA0ln JFA FA7F BaFS AA@)
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th 2019 19 1936 20208 129€9 31Y7HA Y 7R B BT 2pEolA

slo U3 74332518 BA5IATE $34 EAES A2 9 A5 tis|A

AR AL(P<0.001), SFA AMAAZFS 2020130] 20193 KU} 1398 ZA et 94
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ARV 22 AF A 32 gEord it 2A e xdsta, SERAANE
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At das ok 74 F32 20099 AF AESFAAL 20159 FEEE7]S T (Middle East
Respiratory Syndrome, MERS), 20201 Z2u19 522 5~6d F7|= WAstal v} 214199
ARgE MERSO A &= Z271d18-9] HA), 3&e A9 Toz 79 A9 &5 f9oz 54 2
S et SUFEHA Han, $EAe] g duke] AR Agske A4e EAE Ade vk gtk
(Lee, Khang, Lim, 2019).

F29 FHAF JF5eHA, SaA B 8 FX, BE FTEEEA 78 AF T &
ofZA AL Wi ZF WHEE S, &4 Ak &2 201999l H]E] 20201¢] 21.8% 7HAs)
SATHNEMC, 2020, 2021). A4 4%, HE£53 F5 40 dulshe 3d) S5 dBe &34
2g A= 3= st Ao R FFYs AMulx A5 AS Frieta #eEshe o 1
oA g7t AAE HE Atdolu} Ak Fols A HE FAAA JFS 7 W hBack, 2013).

gy 224199 A FEeEEAte] A Al dist Aaks S5357] HsMeE F
SoFeA 2 9 SFEMHA o] WEE AFT el k. 53] 299 2 7y
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2. A7

20199 1€ 1978 2020 129 319744 €] =7F8-w % 874 B W (National Emergency Department
Information System NEDIS)«] Z}E oA, A7A o= E A AL E F(Korean standard classification
of disease)E © 2 M Z(1210~1219)3 =] Z%(16300~164, 1610~1629,
I600~I609)% FEeoth 1‘“45—’ TN AN TTE AL 09 vNkel H-E ALEsle] B4

o
ol
£
w
=
o[o
il
-
ot
-0,
jubad
ru
oM.
=

Z , T, A=, Yl 55
g3ty A-e 0~184, 19~354), 35494, 50~644], 654] ©]
12 A9SHBAEHY A9 &HemAHz Yeith e
oA 9=, 7gE FEEE T, HYFTL 1197533}, 78

o} %

T &5 J‘:rL(Korean triage

and aculty system, KTAS)ol E}E]r 155w oR st on, Susdds A7E A9, 49, A
W, 7182 ek S AEAE SuA ld é’\]ﬂ' B LA 7HA] 9] X}O] %-‘Hi Al

o H
dakggon, JAdSE 37

SRR A FHAAA7AA ] 2ol 9= YERITH

SHFA dvtd EAI dmol nluoAE Wlkel H&S yehfo] wWAHEAQ FlolAlF
(Chisquare) AR A8, 34 AN AR 7148 AAE T EAEA S
IBM SPSS Statistics 27 (IBM Corp., Armok, NY, USA)S AF&3}] o, p-3te] 0.05 vwkel 4=
SAACE Fefsitiar f&%o}ait‘r. AT E TSR Ye] AFaEAds] HeE Fsh
SYHAE AT ATHNMC-2022-04-033).

3. d74%

3.1. A A9 dukd EA4

Table 104 AFoiaatE & 743,325710]90 3L, 201919S 392,62771(52.8%), 202011 350,69871

@72%) 2.2 201994 H|3)] 41 92974(108%) Aaskdtt 30 S5 aAse] digh dnky 54
Aol gt #ol7F ANTHp<0.001). A2 654 ©14d47.4% vs. 492%)°] 7Fg =A YEpom,
Ao M FAH57.5% vs. 584%)7F AAAH42.5% vs. 41.6%) Bt =A Uebdth SFol g 4
e AGLHFIBAME (37.5% vs. 36.9%)HTt A DeFo)BAE (62.5% vs. 63.1%)7F =7 e
o, AR AHNYA(T55% vs. 76.7%)°] 7} =A YeElga 2FolA HA(22.9% vs.
215%)3 QoA 9F(1.6% vs. 1.8%) w0 & Yebdth Wdsde s 119 FHAH43.8% vs.
469%)7F 7V =A debgka 71 A5 2439.9% vs. 38.0%), 71EF TH2H15.8% vs. 14.5%)] O
2 Yehyton, S35 BFA3o A= KTAS 3(49.5% vs. 51.6%), KTAS 4(24.8% vs. 21.9%), KTAS
2(193% vs. 20.1%) wo.2 YERRTh 181 SEXEATE AV AY672% vs. 69.8%)°1 7HF
Sokal ATME 24% ©]14H262% vs. 243%)E VFERR:

it
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Table 1. Comparison of characteristics by year
Year (yr)
. Total 9
Variables (N=743 325) 2019 2020 x orT p-value
? (N=392,627) (N=350,698)

Age 433.27 <0.001

0-18 27,385 (3.7)) 15,511 ( 4.0 11,874 ( 3.4)
19 - 34 60,561 (8.1) 32,658 ( 8.3) 27,903 ( 8.0)
35 - 49 97,554 (13.1) 53,213 (13.6) 44,341 (12.6)
50 - 64 198,987 (26.8) 105,068 (26.8) 93,919 (26.8)

> 65 358,838 (48.3) 186,177 (474) 172,661 (49.2)

Gender 53.57
Male 430,603 (57.9) 225,891 (57.5) 204,712 (58.4)

Female 312,722 (42.1) 166,736 (42.5) 145,986 (41.6)

Type of ED 31.79 <0.001
REMC 276,579 (37.2) 147,263 (37.5) 129,316 (36.9)

LEMC 466,746 (62.8) 245364 (62.5) 221,382 (63.1)

Path of ED 253.85 <0.001
Direct 565,336 (76.1) 296,306 (75.5) 269,030 (76.7)

Transfer from other hospital 165,227 (22.2) 89,945 (22.9) 75,282 (21.5)
Request of outpatient 12,592 (1.7) 6,285 ( 1.6) 6,307 ( 1.8)
Other 170 (0.0 91 ( 0.0) 79 ( 0.0)

Visiting method of ED 761.83 <0.001

119 ambulance 336,470 (45.3) 172,039 (43.8) 164,431 (46.9)
EMS ambulance 112,856 (15.2) 61,874 (15.8) 50,982 (14.5)
Other ground transport 290,041 (39.0) 156,760 (39.9) 133,281 (38.0)

Other 3,958 (0.5) 1,954 ( 0.5) 2,004 ( 0.6)

KTAS grade 972.83 <0.001
KTAS 1 25,379 (3.4) 12,939 ( 3.3) 12,440 ( 3.5)

KTAS 2 146,024 (19.6) 75,640 (19.3) 70,384 (20.1)
KTAS 3 375,275 (50.5) 194,280 (49.5) 180,995 (51.6)
KTAS 4 147,163 (23.4) 97,295 (24.8) 76,868 (21.9)
KTAS 5 22,484 (3.0) 12,473 (32 10,011 ( 2.9

Results of ED 716.30 <0.001
Discharge 188,140 (25.3) 102,912 (26.2) 85,228 (24.3)

Transfer 39,654 (5.3) 22,479 ( 5.7) 17,175 ( 4.9)
Admission 508,869 (68.5) 263913 (67.2) 244,956 (69.8)
Death 5,450 (0.7) 2,736 ( 0.7) 2,714 ( 0.8)
Other 1,212 (0.2) 587 (0.1) 625 (0.2)

LOS of ED, min 288.7 + 6457 2822 * 487.6  296.1 £ 785.7 -8.99 <0.001
Myocardial infarction 370.7 £ 6179  369.6 + 545.1 3719 + 686.9 -0.50 0.614
Stroke 3379 + 4373 3203 + 4424  347.1 + 4316 -9.82 <0.001
Severe trauma 2524 £ 7269 247.1 + 4952 2584 + 9249 -5.12 <0.001

LOS in hospital, day 15.3 + 202 152 + 20.1 154 + 203 275 0.006
Myocardial infarction 72 £ 123 72 + 124 72 + 123 -0.22 0.823
Stroke 16.7 + 22.8 164 + 225 17.1 + 23.0 -6.45 <0.001
Severe trauma 16.7 = 20.0 16.8 + 20.0 16.7 + 19.9 -1.36 0.174

Values are presented cases (%) or mean + SD.
SD: Standard deviation, ED: Emergency department, REMC: Regional emergency medical center, LEMC: Local

emergency medical center, KTAS: Korean triage and acuity scale, LOS: Length of stay.
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Table 19] 3t FZ-&wAdte g 54 AAARINAE A, HEF, T5A40 3 A=
ol > §o]8k zo]7F 9IS Thp<0.001). HAE 201913 0] 282.230] 3L 2020 3_% 2961502
Ehton ¥E3Fe 20191 0] 3293%-0]1L 20209S 347.1%- 02 yERoH, 20208 201910l H]
& 17.8% 27 vepsith 28a 5 2019 0] 247.130] 11 20201 258.4% 0 & LFERREO
), 20201 2019 Bl3] 1131 ZA e dhddae dAS HEFS AR ﬂléﬂ*ﬂ
m¢- Fol gk 2ol 7k QA thp<0.01). A Yol A 20201 20190l HIS 029 AA
a1, ¥ EZO)A 202002 2019 vl 0.7Y AA LpeERT

& AR7] 98, 3d F58
2| ol Saaldd s 3u TF
10.8% 7rAstdlon, Ao Ity B4 3219 d$e A
T F5Y4E 2219 oA 2019 Rt} 20201

< 2020l o AA e olef 2 7%%

=
gt TRUH9 T2 AT 2 AAel A57E 8T 5 A upA] = ib‘rl9
el it T, HEd osAld Ao R 9T HTA ad uwEt 54 W AAE S
¥ Yol HATHSung et al., 2021).

o

=}

AgHor :R 9 F3L 30 TF
=i A

o
57} AAdHA BEE SHYEA
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FAEA2 SAS ver 9.4(SAS Institute Inc, Cary, NC, USA)E O]
A7 GEF2AL AR o] &R we} TFeAE ARgste] 5§
of mE RS 54 Fotslr] el AR S BASt WA
Ao} oA} E o] A ST

23 3AE

FNAGGSEZA] ANZAL 5 BMIE [ (kg)/ A Fm)2] o]&3te] A&t A4l B77]
T-(World Health Organization)®] 7]=el w2} BMI= ofAJofQlS 98k H]¥E 7]F(World Health
Organization for Asian population)S 738}, 18.5 kg/m®* W|RHE “AH A%, 185 kgm?® o] 25
kg/m* PIEHS <A, 25 kgim® oS “H|RPo® EREFATH10]). HFHIREY] V]FEo R = thEh]
HEks|[1]el A e F2F 90 em, 1At 85 cm oS HFH[WIO R AsHGltt
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31 e e BE Qe 54

AdFA et sYsd s 7T BRe v §32 @2 A, ADFAFBMDY FEE
Eﬂ(WC) B A 97} 53%(0=3,373), BMYWC7} 25 Hwkel 797} 29.6%(1,927), WC7} H]
Tl Z4-7F 33%(244), BMIZF HlREel 797} 141%(899)5:; UEltom, ojzbe] A9 BMUWC X
HlUPOl ohd A$7} 71.4%(@=5,757), BMWC7} 25 Hlukel 97} 16.8%(1,502), WC7} H] Wkl 73
7} 3.1%(284), BMI7}F BIREQl 971 8.7%(727) = urﬁ}wu} Aolojzlzh AoldAirt) nluke] of
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Table 1. Participants’ Work-Life Balance, Nursing performance and Happiness index (N=161)

Variables Range Mean+SD min max
Work-Life Balance 1~5 329 +0.54 1.87 4.80
Work-Home Balance 1~5 3.76 +0.65 1.80 5.00
Work-Leisure Balance 1~5 3.15 +0.76 1.00 5.00
Work-growth Balance 1~5 2.95 +0.76 1.40 5.00
Nursing performance 1~5 3.73 +0.47 2.65 5.00
Happiness index 1~5 3.37 +0.55 1.82 4.82

32, AR EAFe] GFE wHE g2l

Table 2. Factors Influencing Happiness index (N=262)

Variables B SE B t p

(Constant) 0.55 0.35 1.55 0.12

Sex *Male=1 0.50 022 0.14 223 0.03

. GSb 020 0.11 0.13 1.79 0.08
Asilg&egdﬁard ICU, ER, ORc  0.04 0.09 0.03 042 0.67
Eted 0.21 0.11 0.17 1.93 0.05

Salary (ten thousand won) 301~400b 0.27 0.13 0.23 2.19 0.03
* <300=1 >400c 0.26 0.10 024 2.53 0.01
Work-life balance 0.49 0.07 0.48 6.75 0.00

Nursing performance 0.23 0.08 0.20 2.92 0.00

R2=.436, Adj. R2=.407, F=14.709, p<.001
*Dummy variables processing

4. A2 2 A

4»
o
H
o
oy
[ms
[Rs
X,
N
—\f“_l‘
12
rot
iin3

oA AR A3t ake #d, ey, AR

I 7hEALe] FEAFE A3} o] 78 (=591, p<.001), FEHFA THr=.396, p<.001) 7tell Frol
Fol ARAATY A= Ao® YEstal, heARe] fRAge] S nAE 890 A &l o
P (B=48, p<.001), 75T 4008Hd o] (B=24, p=.01), 301~400%F(B=.23, p=.03), LT AT}
=20, p<.001), AEollA FAKB=14, p=03)= UEtom, FuAFo] gk o5 WMo A
40.7% % LFEFSITH

O



192 g, A

o YuALE Eol7] Aa Y AYAA AEAS RAHA, 94
vt 2 WHg 7Y, A ot 79, 4 A4
o] a4 AN

References

Cho, Jeonghwa. Mediating Effect of Organizational Culture Supporting Work-Life Balance on the Relationship
between Work-Life Balance and Quality of Nursing Service in Clinical Nurses. Korean Journal of
Occupational Health Nursing Vol. 30 No. 3, 79-89, August 2021

Organization for Economic Cooperation and Development. (2014).0ECD Better Life Index. Retrieved March 1, 2019,
from http://www.oecdbetterlifeindex.org/countries/korea/



Proceedings of the Korean Data Analysis Society
July 7-8, 2022, pp. 193-196

F2hoR A% U4 P AF W5 ¥4

A ME 2021 AR RALE FAE A 5
WelE BReta fEsiste], £41S B8 Z2U9E 3
nAE 8R0s Fetetaat sk B AT AE S8 AEe 9714 dEa A |

A A=k ] =

- =

3

g A 2918 3
sl e AMBoRA AGAsle Na PBe Byebl FHsel o WAL W o
S 9% AR5rgel ARZ 25T & AS o AR, 44T de A Py 99

1. A&

F2U9% 2019 12€e]] whdste] 20221 6431 AAZMA] o]oiA WA A AAl AlRES] &S
e A7 ek A AA ZEUY192 9% ApgA e 5wk WS dojl o v (WHO,
20222), $-#uEtE 20229 1Y 2398 V]Fo® 654099 APdA7E A A th(Korea Disease
Control and Prevention Agency, 2022). ZZUW9% <13k AL3]| 4 Ar|F7|= ols) 2 A|7}55 ol
gt 29, AZTE e Y, s 09 £ B4 HArk

2ol ASEAE FHOE & Jduve nuhom A% 94 9 @F NsE Bh
sha fPshatel, BAS Fol muhoz AP Auuvel Y % AF s & vAE
291% sekstad) ek bk Algle] 1714 st jl W] wAE AvRoRs A
g9 sk P4 BUSH FYsel Yo WAT WSHE olalsa, tulshs A wge]
2 &,

2.4

ol
of
23

A T AR ZAbol A= uid AAEhE A AR 2/ Z2 U192 st A
Ewle] dAg st 9 s WstE 2AbellaL, B w=dolde AEEnle ARy Qg
) sle] Tz Aelaal dthGyeongnam, 2021). 2 =ollA] A&
B 2ol 2021 Bl A AN AFS] 2AF AgolH, AE A &4 70

195 £
g, 29 T 27 B3 FESH] 242 AAEth

M 2L g8 of

151140 ' LA 93T FAEtE 20 FHFAN Sl FrstalsA o83} ZFAL E-mail: shumy@changwon.ac.kr



194 A5 A
Table 1. Analysis variables
Sequence Section Variable Type
1 City and county classification Categorical type
2 Gender Categorical type
3 Age Categorical type
4 Demographic characteristics Type of residence Categorical type
5 Residential form Categorical type
6 Degree of education Categorical type
7 Marital status Categorical type
8 Child care Likert-type 5-point scale
9 Domestic work Likert-type 5-point scale
10 Changes in Using digital devices Likert-type 5-point scale
11 daily life Leisure activity Likert-type 5-point scale
12 Religious activity Likert-type 5-point scale
13 COVIDI9 M'eetlng act1v1.ty L%kert-type 5-po%nt scale
14 Refraining from going out Likert-type 5-point scale
15 Cancel Meeting Likert-type 5-point scale
16 Change in Refrain from using public transportation Likert-type 5-point scale
17 behavior Wearing a mask Likert-type 5-point scale
18 Washing hands Likert-type 5-point scale
19 Periodic indoor ventilation Likert-type 5-point scale
4 23
A wste] o7 =@l ke 89 A4S AAsklen, 1 A= Table 294 2t
Table 2. Factorial analysis results (Changes in daily life)
. Factor loading
Factor name Survey question
Factor 1 Factor 2
Child care 0.833
Factor 1 Domestic work 0.866
Indoor activity
Using digital devices 0.669
Factor 2. Leisure activity 0.851
Outdoor Religious activity 0.849
activity Meeting activity 0.800
Eigen value 2473 1.562
Percentage of variance 41.224 26.028
Percentage of cumulative variance 41.224 67.251
KMO value = 0.689, Bartlett‘s p-value = 0.000
cheow Q4 Walsh A% M t@ 89l B4 A% et 4714 9 2uEE
F5 U3}, AN E Ashol gt ASASE SAel I Aol
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Table 3. Difference analysis results (changes in indoor activity)
. Standard
Variable Category Average deviation torF p value
L City 3.39 0.76
Residential area County 325 0.57 0.000 0.000
Male 333 0.69
Gender Female 13 0.68 0.745 0.456
Below 30s 3.64e 0.80
40s 3.56d 0.74
Age 50s 3.27c 0.68 624.268 0.000
60s 3.17b 0.60
Over 70s 3.13a 0.49
Detached house 3.22a 0.60
Type of residence Apartment 3.45¢ 0.76 332.584 0.000
Townhouse and multi-family house 3.37b 0.69
One’s own house 3.31a 0.67
cy . Chartered house 3.44c 0.76
Residential form Monthly rent house 3.35ah 070 20.961 0.000
Free of charge house 3.36b 0.74
Elementary school graduation and 313 0.50
below
Degree of education Middle school graduation 3.22b 0.61 487.960 0.000
High school graduation 3.3lc 0.71
University graduation and higher 3.55d 0.76
Single 3.53d 0.80
. Married and Spouse 3.33¢ 0.68
Marital status Bereavement 31la 0,49 242.788 0.000
Divorce 3.26b 0.62

*a, b, c, d, e is the post-hoc result.

)

o U4 Ws 2 P sl dstel kWT TH BALS AN
Pato] U £ VA~5AZ Aol LML ANt

Table 4. Two-means cluster analysis results

. . Standard
Section Sub-factor Variable group  Average deviation t p-value
Child care Lgroup 374 084 27.063 0.000
2 group 2.68 0.99
. . 1 group 3.63 0.82
Indoor activity Domestic work 2 group 250 092 29.767 0.000
1 37 0.8
Changes in Using digital devices group X > 47.201 0.000
i 2 group 1.92 091
daily life | goup 146 0.60
Leisure activity 2 group 208 0.63 -122.553 0.000
Outdoor .. .. 1 group 142 0.59
activity Religious activity 2 group 206 0.68 -106.689 0.000
1 1.27 0.47
Meeting activity group 56535 0.000

2 group 302 0.94
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Table 4. Two-means cluster analysis results(continued)

. . Standard

Section Sub-factor Variable group  Average deviation t p-value

.. . 1 group 2.12 0.57
N . Refraining from going out 2 group 356 0.58 -171.668 0.000

(CTperso 1 202 0.78
quarantine Cancel Meeting group ' ’ -193.225 0.000

behavior 2 group 3.66 0.51

Refrain from using public 1 group ~ 2.08 0.86
. -176.370 0.000

Change in transportation 2 group  3.70 0.54

behavior

Wearing a mask I group 399 009 68.260 0.000

P i 2 group 3.00 0.57

ersonal

1 3.97 0.16
quarantine Washing hands group 249.393 0.000

behavior 2 group 2.86 0.56

P I 1 group 3.87 0.33
Periodic indoor ventilation 2 group 260 0.58 215372 0.000

= “I—% = A
WY 44 A, W55 44 nelstel CART QulEe AHgdle] UT 28 4459
W, w9 FO5ES 0052 AYT Ak U AFE 0 AFsdrk

Group % N
increase  89.9 4797
decrease  10.1 536

Total 1000 5333

| age

30's or younger, 40's, over 70 50's, 60's
Group % N Group % N
increase 915 3772 increase 847 1025
decrease 85 351 decrease 153 185
Total 773 4123 Total 227 1210
education level division of city and county
less than elementary school, college or higher middle school, high school city area } county area
Group % N Group % N Group % N Group % N
increase 927 2624 increase 888 1148 increase  83.0 650 increase  87.8 375
decrease 7.3 206 decrease 112 145 decrease  17.0 133 decrease 122 52
Total 531 2830 Total 242 1293 Total 147 783 Total 80 427
age
30's or younger, 40's over 70
Group % N Group % N
increase 893 1089 increase 797 59
decrease 107 130 decrease  20.3 15
Total 229 1219 Total 14 74

Figure 1. Decision tree analysis for indoor activity change
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Multinationality, Portfolio Coordination, and Downside Risk

Sangcheol Song'

Abstract

We take the multinational operational flexibility perspective anchored in the real
options theory and examine how multinational corporations’ coordinative factors at the
portfolio level affect downside risks of multinationality. We extend the Tong and Reuer’s
(2007) study of the curvilinear relationship of multinationality to downside risks by testing
downside risk reduction effects of those portfolio factors that facilitates effective coordination
over foreign subsidiaries. By employing the Tobit two-stage model on a large sample of
Korean multinational corporations, we also find a U-shaped relationship between
multinationality and downside risks. We present a new finding that a broader existence of
intra-firm trade, key expatriates, or regional headquarters among foreign subsidiaries curbs
downside risk, shifting the minimum in the U-shaped curve to a higher multinationality
level. These findings imply that a well-crafted configuration and coordination of dispersed
operations across countries is essential for retention and actualization of the real options
value of multinationality.

1. Research Methodology

For empirical testing, we utilized a panel dataset of 345 Korean MNCs that were publicly
listed and active for at least five years on the Korea Stock Exchange during 1985 to 2014
and had presence in 71 foreign countries. We followed the methods employed in Tong and
Reuer’s (2007) study for downside risks as the dependent variable of this study. These studies
commonly measured downside risks of multinationality based on the difference in annual return
on assets (ROA) between an MNC and its reference group (i.e., other MNCs in the same
two-digit industry). The squared difference term between industry average ROA (IROA) and a
firm’s ROA was summed in the form of a second-order root lower partial moment over past
five years (see formula below). By the definition of downside risks as the indicator of real
option performance, only below-target performance is counted in a Tobit model.

Multinationality: We calculated the logarithm of 1 plus the number of countries in which
an MNC had its foreign subsidiaries in order to remedy the significant positive skew that was
evident for the pre-transformed count measure.

'Distinguished professor of China Technology & Business University, China & Associate professor of Saint
Joseph’s University, USA. E-mail: ssong@sju.edu
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Intra-firm trade: We measured this variable at the MNC portfolio level. We computed the
ratio of the number of foreign manufacturing subsidiaries with intra-firm trade with other sister
companies (mainly with headquarters) to the total number of foreign manufacturing subsidiaries.
For each firm’s intra-firm trade information, we referred to audit reports from the database of
the TS2000 Warehouse and the Data Analysis, Retrieval, and Transfer (DART) System.

Key expatriates: We computed the ratio of the number of foreign subsidiaries in which
subsidiaries had home national boards to the total number of host countries. A higher ratio
indicates a broader existence of key expatriates across host countries.

Regional Headquarters: We measured this variable as a ratio of the number of regional
headquarters (RHQs) to the total number of foreign subsidiaries. A higher ratio implies more
RHQs in the MNC network. For the information on RHQs, we referred to the same sources

as key expatriates.

2. Results

Table 1. Estimates for the Tobit models with selectivity

Model Model Model Model
Models Model 1 Model 2 Model 3 AHI) 5(H2) 6(H3) 7(All)

0.051 0.072 0.101 0.143 0.124 0.150 0.201
(0.118)  (0.114)  (0.112)  (0.114)  (0.118)  (0.115)  (0.115).

Intercept

-0.213 -0.281 -0.260 -0.244 -0.263 -0.245 -0.281

Firm size 0.047)  (0.047)  (0.044)  (0.04])  (0.045  (0.046)  (0.041)

-0.565 -0.542 -0.563 -0.546 -0.563 -0.583 -0.562

Firm performance (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

-0.144 -0.162 -0.164 -0.164 -0.186 -0.182 -0.185

R&D intensity 0.052)  (0.051)  (0.048)  (0.049)  (0.049)  (0.046)  (0.046)

-0.085 -0.088 -0.107 -0.104 -0.102 -0.122 -0.108

Organizational slack 569, (0069) (0065 (0065 (0065  (0.064)  (0.062)

-0.061 -0.064 -0.072 -0.082 -0.073 -0.063 -0.094

International experience  ng0)  (00o4)  (0.094)  (0.086)  (0.089)  (0.089)  (0.802)

Portfolio ownership ~ -0.14 0100 -0106 0104 0108 0112 o 00
stake 01200  (0.114) (0116  (0.113)  (0.112)  (0.115) :

0.055 0.052 0.052 0.067 0.085 0.044 0.064

GDP/capita range 0.126)  (0.122)  (0.126)  (0.120)  (0.118)  (0.114)  (0.106)

Low labor cost 0.126  -0.144  -0155  -0.188  -0.165 0209  -0.225
correlation 0.044)  (0.040)  (0.046)  (0.042)  (0.040)  (0.036)  (0.036)
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Table 1. Estimates for the Tobit models with selectivity(continued)

Model Model Model Model
Models Model 1  Model 2 Model 3 AHI) 5(H2) 6(H3) 7(All)

Firm dummies Included Included Included Included Included Included Included

Year dummies Included Included Included Included Included Included Included

Industry dummies Included Included Included Included Included Included Included
-0.271 -0.236 -0.252 -0.279 -0.260 -0.259

Multinationality (0.000)  (0:.000)  (0.000)  (0.000)  (0.000)  (0.000)
Multinationality(squared ] 0160  0.178 0.142 0.138 0.189
) (0.006)  (0.006)  (0.008)  (0.008)  (0.006)

-3.960 -3.840 -3.769 -3.910 -3.879 -3.819

(1) Intra-firm trade 0006)  (0.006)  (0007)  (0.007)  (0.008)  (0.008)

(2) Key expatriates -1.129 -1.154 -1.135 -1.118 -1.139 -1.146
(0.051) (0.048) (0.044) (0.051) (0.046) (0.044)

(3) Regional -2.212 -2.260 -2.183 -2.244 -2.308 -2.329
headquarters (0.134) (0.130) (0.136) (0.138) (0.134) (0.138)
Multinationality * (1) (3 6‘0%3) (5’ g&%
Multinationality(squared 1.342 1.442
) * (1) (0.008) (0.007)
Multinationality * (2) ('5‘3&7) ('é‘(%‘)
Multinationality(squared 1.148 1.246
) * (2) (0.007) (0.008)
Multinationality * (3) ('3'3391) ('égg;‘)
Multinationality(squared 1.461 1.742
) * (3) (0.006) (0.006)
Correction for -0.140 -0.129 -0.130 -0.119 -0.126 -0.130 -0.142
self-selection (0.042) (0.040) (0.046) (0.048) (0.042) (0.042) (0.038)

142.45 156.34 163.67 180.44 176.25 174.90 186.84

Wald 2 (0.000) (00000  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)

p-values in parenthesis

Downside 01 Downside
Risk 0.09 Risk 3

0.08
0.07 0.06
0.06
0.05

.07 T

Low intra-firm

0.05 + ratio

004 LA
00 0.03 +
o 0.02 + High intra-firm
001 ratio

0 f f f f f { 0.01 +

0 0.2 04 0.6 0.8 1 12
0 t t t t t {
0 0.2 04 0.6 0.8 1 12
Multinationality Multinationality

Figurel. Graphic presentation of non-linear relationships
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Figurel. Graphic presentation of non-linear relationships

3. Discussion

Our finding regarding the mnon-monotonic relationship between multinationality and
downside risks indicates the coexistence of the positive and negative effects of multinationality
at differing levels. Unlike the traditional multinational operational flexibility perspective (MOF)
aligned with real options theory (ROT) that argues for upside potentials and limited downside
risks, this finding implies that excessive multinationality can adversely affect firm performance.
This adverse impact of excessive multinationality is supported in some real options studies that
tried to specify some organizational conditions for higher real option value. For example, Song
et al. (2015) tackle the problematic assumption that the traditional MOF perspective is based
on. Considering that MOF can be retained and actualized with appropriate control and
coordination of scattered operations across countries, they argue for the positive impacts of
intra-firm trade connections and controlling ownership stakes on the real options value of
multinationality or breadth of FDI.

This study is based on the Tong and Reuer’s (2007) study and is aligned with other real
option studies. However, it makes new contributions to the literature on multinational
operational flexibility anchored in real options theory. Compared to the studies that mainly
focus on upside potentials as real options value as reflected in Tobin’s q for instance, this
study focused on the other aspect of real options value, that is, downside risk reduction.
Examinations of downside risk reductions of real option investments should be done further for
more complete understanding of the real options value of an investment. While the Tong and
Reuer’s study examined only the pure effects of multinationality (curvilinear: negative to
positive), cultural distance (positive), and portfolio ownership (insignificant) on downside risks,
this study investigates the interactive relationships between multinationality and four
organizational coordinative factors to assess how those factors moderate the non-linear

relationship of multinationality to downside risks.
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Dynamic Portfolio Using Association Rules

Hyeon-Jong Jung

Abstract

We provide dynamic portfolio strategy capitalizing on the time-varying association
rules. We set the moving observation window and employed changes in the number of
negative rules as a signal for portfolio weights. The back-testing result shows that increasing
number of negative rules reflects newly formed negative linkages between Korea stock
market and related variables. The result suggests that as a proxy for systemic risk measure,
signal from association rules can be an effective tool for portfolio risk management.

Keywords : association rules, equity investment, portfolio risk management.
1. Introduction

Association rule or association rule mining is an unsupervised learning method to detect
and extract useful information from large transaction data. The objective of association rule is
to find meaningful association rules by analyzing relationship between set of items in
transaction. Association rule stems from data mining and is called market basket analysis as it
analyzes consumer behaviors in ratail market. As the number of items in transaction grows,
the number of set of items(itemsets) increases exponentially. And the number of possible
association rules which describes the relationship between itemsets even grow faster. For
example, with 10 items, we can generate 1,023 itemsets excluding null itemset and over
50,000 association rules. Thus, it is infeasible to evaluate every rules generated by association
rule analysis. Effective association rule discovery was first proposed by Agrawal, Imielinski,
Swami(1993) and association rules in database has received much attention recently(Wu, Zhang,
Zhang, 2004; Lim, Lee, Cho, 2010).

In finance filed, existing researches mainly focused on investigating relationship between
stock markets or industries using association rules. And in relatively few literature, association
rules are employed to forecast asset returns(Paranjape-Voditel, Deshpande, 2013; Na, Sohn,
2011). In this paper, we try to forecast stock market returns using association rule analysis.
Also, we provide dynamic portfolio strategy capitalizing on the time-varying association rules.

'Korea Investment & Securities Co. Ltd. 88, Uisadang-daero, Yeongdeungpo-gu, Seoul, Korea 133-791,
E-mail: hyeonjong.jung @gmail.com
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The rest of the paper is organized as follows: Section 2 presents data and methodology.
Section 3 summarizes the test results. Section 4 discusses key findings and provides

conclusions.
2. Data and methodology

In association rules, let ={ij,i,,...,i,} be a set of n items and let D={¢,,t,,...,t,} be a set of
mtransactions. Each transaction in D contains a subset of the items in 7 An association rule is
defined as the form X— Y where X,YC 7 and XNY=J. X and Y are called the antecedent and
the consequent, respectively. Association rule analysis uses measures of support, confidence and lift
to evaluate effectiveness of the rule. Support of the rule X— Y is the proportion of the transactions
containing XU Y in the set of transactions D. Confidence is an estimate of conditional probability,
P(Y]X) that is the probability of observing Y given X. Support measures the frequency of the
occurring rules and confidence implies the strength of the rules. Usually interesting association rules
are selected based on the minimum support and the minimum confidence. If we set too low
minimum threshold, resulting rules will include accidental rules. On the other hand, too high
threshold will result in obvious but non-interesting rules. Lastly, lift is defined as the support of the
rule X— Y devided by support of X and Y, respectively. Lift is interpreted as the deviation of the
support of the rule from the support expected under independence given the support of both sides.

In an empirical test, time-series data are from Factset and Quantiwise. The data are collected
for the time period January 2000 to May 2022. We used weekly frequency data to construct
investable portfolio. In the rule X— Y, Y is the sign of Korea Composite Stock Price
Index(KOSPI) return. X, the variables or itemsets used in forecasting the sign of KOSPI return
include the growth rate of KRW/USD, VIX, WTI futures, S&P 500 Index, US 10 year treasury
rate and US treasury spread(10 year -2 year). We discretize the antecedents into binary variables,
U(upward) or D(downward) depending on the sign of the growth rate, making total number of
antecedents 12. All antecedents are 1-week lagged variables to forecast the sign of KOSPI returns.
Then, association rules which meet the minimum support and confidence threshold are selected
using the apriori algorithm(Agrawal, Srikant, 1994). With appropriate criteria to select the rules,
association rule analysis would find out frequent itemsets and strong relationship between them. We
set the minimum support of 5% and minimum confidence of 50% in the test.

3. Test Results

For the test period, number of resulting association rules which met the criteria is 251. The
number of rules with lift above 1 further diminishes to 174. We call rules of the form X— Y
positive rules when Y is KOSPI(U) and negative rules when Y is KOSPI (D). It is worth noting
that the lift of the negative rules is higher with average of 1.18 than the lift of the positive
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rules(1.02). The results imply that association rule is stronger in down market than in up market.
Maximum number of variables in X was 5. The most frequent variables in X include S&P 500(U),
WTI(U), VIX(D) and US treasury rate(D). Frequent association rules reflect dynamics of market
movement with time lag. For example, the rule forecasting decrease in KOSPI return with the
highest lift is associated with S&P 500, WTI and US treasury spread. {S&P 500(D), WTI(U),
SPREAD(U)} — {KOSPI(D)}. The rule shows that Korea stock market is negatively influenced by
bearish US stock market. Also, it suggests that increasing oil prices and downward business cycle
reflected in flattening US treasury yield curve might put pressure in KOSPI. Confidence of this rule
is 0.58, which means conditional on the left hand side of the rule, KOSPI declines with probability
of 58% in the following week.

To test the forecasting ability of association rules, we construct dynamic portfolio which
invests in Korea equity and fixed income asset simply based on the number of rules. In dynamic
portfolio strategy, we select association rules with minimum support of 5%, minimum confidence of
50% and lift measure above 1. To identify changes in direction and strength of the rules, we used
moving observation windows. Small window has an advantage of providing swift signal at the
expense of increasing noise. We count numbers of negative rules and normalize them using
min-max normalization. Weight of equity(17] ;) and fixed income(17] ;) in the portfolio at time ¢,

varies with the normalized number of negative rules, N,_; ,.,€1[0,1] as follows,

1,neg

W, p=06+S5(2xN,_,.,—1) D
Wp=1=Wp @

where S is the span of the portfolio weight and is set 0.2, which means weight of equity asset in
the portfolio dynamically changes from 40% to 80% according to the normalized number of rules.
In back-testing, we used 7 years of moving window and weekly time-series data since January
2000. Benchmark portfolio comprises of 60% of equity and 40% of fixed income assets. We used
total return index of KOSPI and KIS bond aggregate index as a proxy for equity and fixed income
assets. Table 1 compares the performances of portfolio. Figure 1 shows the normalized number of
negative rules and weights of assets in dynamic portfolio.

Table 1. Summary of portfolio performances

KOSPI Benchmark Portfolio
Annualized return (%) 7.8 6.1 7.0
Annualized risk (%) 20.0 11.9 124
Return/Risk 0.39 0.51 0.57
Skewness -0.62 -0.61 -0.48
Maximum drawdown (%) -52.9 -34.2 -33.2
Value at Risk (95%) -3.91 -2.35 -2.54

Benchmark is the static portfolio with 60% of equity and 40% of fixed income. Portfolio is the
dynamic portfolio rebalanced weekly according to equation (1) and (2). Value at risk is at the 95%
confidence level.
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—Number of negative rules (LHS)  (pt) (%) ™=Eauity weight = Fixed income weight
1.0 - —KOSDPI(RHS) - 6,000 100

1 5,000 .
N 4,000
60
1 3,000
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1 2,000
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1,000

0 0

0.0

06 08 10 12 14 16 18 20 06 08 10 1214 16 18 20
[A] Number of negative rules and KOSPI [B] Portfolio weights
Figure 1. Number of rules and weights in dynamic portfolio

4. Conclusions

We provide dynamic portfolio strategy capitalizing on the time-varying association rules.
Finding obvious association rule such as “If US stock market declines, Korea stock market follows
suit” is not useful in portfolio management. To identify time-varying frequencies and strength of the
rules, we set the observation window and employed changes in number of negative rules as a
signal for portfolio weights. Equity weights in the dynamic portfolio decrease in market downturn
such as sub-prime mortgage crisis in 2008, chinese stock market turbulence in 2015 and COVID-19
recession in 2020. Dynamic portfolio using association rules achieves higher risk-adjusted return of
0.57 compared to static benchmark portfolio(0.51). Annual excess return is 0.9%p which is
statistically significant with p-value of 0.04. The back-testing result shows that increasing number of
negative rules reflects newly formed negative linkages between Korea stock market and related
variables. The result implies that as a proxy for systemic risk measure, signal from association rules
can be an effective tool for portfolio risk management.
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Figure 1. The flowchart of the proposed method
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Figure 3. The flowchart of unsupervised anomaly detection

3.2.2 Unsupervised Anomaly Detection
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Table 1. Summary table of results

All features Selected features
Previous study Our study Our study
Isolation OC-S5VM Isolation LOF AutoEncoder Ensemble OC-SVM Isolation LOF AutoEncoder Ensemble
" OC-SVM .. LOF p T . 7 . 5 = . 5 B
Metric Forest-grid -grid  Forestgrid -grid -grid -grid -grid  Forestgrid -grid -grid -grid
Accuracy 0.563 0.874 0.653 0875 0875 0729 0384 0.875 0903 0.868 0625 0854 0917
F1 Score 0308 0874 0.286 0.25 0.308 0.367 0.343 0182 0462 0387 0.206 0.364 0.5

*0] A 5ol A Isolation Forest-gride Micro &7 Ao 2 A&EH FX| o]t}

[ele] ] T 0 = h L
T WAL 5 e Uk AT

483 dlolgAle] Rt F[7F dA Aol FARol Yo, B =i AFANE 7l
2 FF A4 7109 AR delEE e Guste $4 A7 1YY Aol
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3. A+2F

3.1. A7]x919] NISSe| wE A

Table 1. Cross-analysis according to NISS of the early elderly
NISS(=25 & Total

Classification NISS(1-8) NISS(9-24) Dead) 123625 X2(p)
Gender Male 1061(64.4) 481(29.2) 106(6.4) 1648(100.0) 66.618
Female 1488(75.3) 442(22.4) 47(2.4) 1977(100.0) (<.001)
Emergency 1150(56.8) 741(36.6) 134(6.6) 2025(100.0)
5d?§jt:sigxfl Outpatient 1388(87.7) 179(11.3) 16(1.0) 1583(100.0) E‘g&%
Other 11(64.7) 3(17.6) 3(17.6) 17(100.0)
> 1 week 913(82.8) 145(13.2) 44(4.0) 1102(100.0)
> 2 week 660(74.7) 194(22.0) 29(3.3) 883(100.0)
Length of stay > 3 week 445(66.8) 206(30.9) 15(2.3) 666(100.0) (221090813)
> 4 week 241(61.5) 136(34.7) 15(3.8) 392(100.0)
< 4 week 290(49.8) 242(41.6) 50(8.6) 582(100.0)
NHI 1692(69.9) 630(26.0) 100(4.1) 2422(100.0)
Type of TA 597(73.1) 185(22.6) 35(4.3) 817(100.0) 5466
insurance (.243)
Other 260(67.4) 108(28.0) 18(4.7) 386(100.0)
Metabolic 1 328(63.6) 167(32.4) 21(4.1) 516(100.0)
syndrome <2 157(60.2) 93(35.6) 114.2) 261(100.0) (32:8(7)?)
disease No 2064(72.5) 663(23.3) 121(4.2) 2848(100.0)
Intention of  Unintentional 2530(70.3) 916(25.5) 151(4.2) 3597(100.0) 598
injury Other 19(67.9) 7(25.0) 2(7.1) 28(100.0) (.742)
Falling 1307(68.0) 550(28.6) 65(3.4) 1922(100.0)
Mechanism of TA 770(70.8) 260(23.9) 57(5.2) 1087(100.0) 49.087
injury Other 388(80.5) 71(14.7) 23(4.8) 482(100.0) ( <.001)
Unknown 84(62.7) 42(31.3) 8(6.0) 134(100.0)
Homej/residence 415(62.2) 220(33.0) 32(4.8) 667(100.0)
Place of injury Street/ highway 850(70.4) 301(24.9) 57(4.7) 1208(100.0) 44783
Other 413(69.9) 142(24.0) 36(6.1) 591(100.0) (<.001)
Unknown 871(75.2) 260(22.4) 28(2.4) 1159(100.0)
Everyday life 358(64.2) 184(33.0) 16(2.9) 558(100.0)
Activity at Move 442(70.2) 159(25.2) 29(4.6) 630(100.0) 35.877
injury Other 744(68.8) 273(25.3) 64(5.9) 1081(100.0) (<.001)
Unknown 1005(74.1) 307(22.6) 44(3.2) 1356(100.0)

note) TA : Traffic Accident

7191 NISSel we 542 Table 13 2l oA Y BF A5 Wxrt 7 =
I, %, 5 oAk 49 ARE AT dUE1I%), SHG68%) w0, FEFANE &
(36.6%)°] H&o] =itk ALLFE AE 15 ol HE28%)7 THE B3, ALY RS
Hgo]l 2FH AAL, FEZS 4F &

2.9l Aghe

o] 41.6%)°] 7V =1, APLFI} 7
wolxith ARt 89l
=

AZ A thAIEZ o] §18(72.5%), T55 270 ©14(35.6%),
171(324%) o2 =l 714 ASolA 7eF SRS, $5, M 5)°] 80.5%°] 1,

Toow M AS] Aol 38.6%= A UEMET &4 2 Fhes 4SS v Al 2/

Y
b
b



2(704%), oo TAAB30%)7t w9k, EFA 2 4TE olET(702%), T L
A F(33.0%)°] = HERL

32. 37]x919] NISSol wE A

Table 2. Cross-analysis according to NISS of the late elderly
NISS(=25 & Total

. . 2
Classification NISS(1-8) NISS(9-24) Dead) - 4368 X(p)
Gender Male 696(49.8) 582(41.6) 120(8.6) 1398(100.0) 94.526
Female 1741(58.6) 1155(38.9) 74(2.5) 2970(100.0) (<.001)
Route of Emergency 1226(43.8) 1397(49.9) 174(6.2) 2797(100.0) 462908
oute ol X X
adonission Outpatient 1203(77.4) 332(21.4) 20(1.3) 1555(100.0) (< 000)
Other 8(50.0) 8(50.0) 0(0.0) 16(100.0)
> 1 week 792(71.7) 24021.7) 72(6.5) 1104(100.0)
> 2 week 674(64.4) 344(32.9) 28(2.7) 1046(100.0) 381501
Length of stay > 3 week 449(52.3) 390(45.5) 19(3.6) 858(100.0) (<.000)
> 4 week 221(41.7) 290(54.7) 19(3.6) 530(100.0) '
< 4 week 301(36.3) 473(57.0) 56(6.7) 860(100.0)
Tome of NHI 1840(54.8) 1382(41.2) 135(4.0) 3357(100.0) 26510
ype o .
e TA 298(56.0) 193(36.3) 41(7.7) 532(100.0) (<001)
Other 299(62.4) 162(33.8) 18(3.8) 479(100.0)
Metabolic 1 391(48.9) 371(46.4) 38(4.8) 800(100.0) e
syndrome <2 156(45.1) 173(50.0) 17(4.9) 346(100.0) (< 001)
disease No 1890(58.7) 1193(37.0) 139(4.3) 3222(100.0)
Intention of  Unintentional 2415(55.7) 1730(39.9) 194(4.5) 4339(100.0) 5.197
injury Other 22(75.9) 7924.1) 0(0.0) 29(100.0) (.074)
Falling 1518(51.8) 1312(44.7) 103(3.5) 2933(100.0)
Mechanism of TA 386(52.4) 287(39.0) 63(8.6) 736(100.0) 206.473
injury Other 362(82.6) 58(13.2) 18(4.1) 438(100.0) (<.001)
Unknown 171(65.5) 80(30.7) 10(3.8) 261(100.0)
Home/residence 706(48.9) 676(46.8) 61(4.2) 1443(100.0)
. Street/ highway 490(53.1) 368(39.9) 64(6.9) 922(100.0) 132.433
Place of injury Other 294(49.2) 272(45.6) 31(5.2) 597(100.0) (<.001)
Unknown 947(67.4) 421(29.9) 38(2.7) 1406(100.0
Everyday life 577(47.8) 577(47.8) 53(4.4) 1207(100.0)
Activity at Move 292(50.0) 256(43.8) 36(6.2) 584(100.0) 78731
injury Other 595(57.4) 394(38.0) 48(4.6) 1037(100.0) (<.001))
Unknown 973(63.2) 510(33.1) 57(3.7) 1540(100.0)
note) TA : Traffic Accident
F7]%219] NISSoll wE 542 Table 29} 2t} AHolA W % A3 H=rt 7B =9
i, %, o woldth Y AEE BF JUT74%), §H@3.8%) oI, TEEolAE 7IE
(50.0%), 5 (49.9%) =L & H|&o] =t AAdLdr= FF 17 o|W(71.7%)7F 7Fd =31, Aldd
F7t S7FEE HlEo] g TAFNEA, e 47 oldG7.0%) 0l 7 =11, AYLTTL
a2 njgo] YolArk BE §38S AFS AEARF(56.0%)°], 5 A7 5.3 (41.2%)

8 TEe 3
Zo A HAFESETo] §18(58.7%), FE55L 27] ©]/4(50.0%)
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