creative
comimons

C O M O N S
& X EAlI-HI el Xl 2.0 Gigel=
Ol OtcHe =2 E 2= FR0l 86tH AFSA
o Ol MHE=E= SN, HE, 8E, A, SH & &5 = AsLIC

XS Mok ELICH

MNETEAl Fots BHEHNE HEAIGHHOF SLICH

Higel. M5t= 0 &

o Fot=, 0l MEZ2 THOIZE0ILE B2 H, 0l HAS0 B2 0|8
£ 2ok LIEFLH O OF 8 LICEH
o HEZXNZREH EX2 oItE O 0lelet xAdE=2 HEX EsLIT

AEAH OHE oISt Aele 212 WS0ll 26t g&
71 2f(Legal Code)E OloiotI| &H

olx2 0 Ed=t

Disclaimer =1

ction

Colle


http://creativecommons.org/licenses/by-nc-nd/2.0/kr/legalcode
http://creativecommons.org/licenses/by-nc-nd/2.0/kr/

g
4
oF
Tor

al

b A AT

)

=
=

20223 84

g A

-Tf) 8 3w

.
Ly
1
T
=

v ,ﬂ



_& I
N\

F4E =i 79 7}

"

Bo

A+
E
IH

o

3

e

2022

Al

7

TR
N
o7
ol
pR
M)

oF
o

Col

o)

—

H

L0

o

8

e

2022

z 4

7]__}

()

ol

ol

A 2o &k



xi]l’é}. }\-]% .................................................................. 1
A1, AFY HITG et 1
1.1 HI H B Z] 1

A27%. Hybrid FQMAES & &3 543 718 =) A

A EnE 718 o SHE G AT e 4

ATA, AT HJZ covrerrrrereee 4
A2A . o 2 HFHLE et 14
21. c-jﬂ% Er_r:j__] Ei*ﬂi ............................................................ 14
ABE, BA] ZFE et 20
A, FA] ZLT] o 23
41 %fl: }d?(g (Feature SeleCtIOH) Z_ijil. ................................. 23
42. dZ29 H7FForecasting evaluation) s wweeesesseesess 25

A|3%d. BMA¢t PSOE &&3F 8822 HAE &3 A

AL, AT HJ T corerererereeeeii 32
A2A. =l BAE FE AT DA AFAFLT 36
21, U BAFE GE AR e 36
29 A odsuw\].o]jrd. ....................................................................... 38
A3A, BA A8 2 EA R E 40
3.1, FA]D AR e 40
3.2, FA HEl 43
:l'l



44

51

AT 2E

A 47

o

B

_,AO

¥

A2

14,

51
52

oy

3

J} o

vA.O

A3

24,

o3
o4

2 Z (Appendix)

JFuEEH 2

=z

A5%.

.

)
al7

e

638

63
70
79
83

-
it

N S CIEa e

1-?‘% B. H*FQMA ;ﬂ% %74] Ho}%

i)

0

o

o

N

!
oy

;OH
B

wr
il



xE

ri

o

Agoistm Q4 ey o
FAAANI G AGAR AF
49 )

o
NAE Fxs 2 2430 Ad Al FHHD 9

WA o5 4% xAd Bed A4 63 Aus 9 v
W F wslolm, A gel hE 4 o3 29 Aol B
& golth 9 EvjAF EVIE 44 o3 md AR 99

(2 po & T W i o ui rfz
’ g
g
>,

q, e W =
o =

W At AAE BEASAT. o2 7]€ FQMA(Factor
quantile model averaging)dl W4 XA (Feature selection) Y3}
F7HAQL A e A&3 /N E Hybrid FQMAH-FQMA)E
Aokt & olo] g oF MHeS HrIsAY. H-FQMAE o=
oA o & Z 3 (Forecasts combination)d] 39 %= ®Ho|d),
o Z32 w9 TE 7HE dF dFdAE A8 WET ST
kil 9l FAlolth. H-FQMAS] ¢& 4% MAPE 71+ i
112% %5 71531909, A8d Wxny] 2dS J3|sts odF de
< 71 &3
FAE 7 =4S 9% T G EAALET A= T F
% Sl A AAtE S A" A=
ATE gt B A oA A A A
S HA3t FAE e 4o A
A gl R EF8t defel] wel stetewjAlg TbAe] WEeAds &
+ 9 719 (Web based)®] E=7 el ok A7) oA
¢Jal BMA(Bayesian model averaging)S 2+
&8l A dFAF G T8 =AY EntE QEQ] o] JhE R uf Al

i)
o2l
XN
(o
H oy
-
N
i3
o



EntE JH4e wAE dEgHE S
PSO(Partical swarm optimization) S %] &3

Mo
® fu
Ktorlr

WA el ol Fge £E FEde AL Awsgh
o ARE FFA P /W AAAYAAETE AL AR

Ae] @4 WS Anasich.

T89 : FQMA, 9= =%, EnlE, F4E 7H4
BMA, PSO

4

3t ¥ . 2016-30388



A1 A &

A1d. 59 w3

1.1. ¥} 73

7ol A

B/

3
il

3
il

T

(Machine learning)ol] 33t

= >~
EIasy

717

=i
=

tle] g wlolyd(Data mining)

i)

i)

Fob, whebA, A

3|

ol
=]

SR

oA xla

o
o
il

B
Y
aig

%

)

s

o
A

ar

Gl

il
a

A

)l

el

F w9l Aloke] F2 o]Fojqu luk

1A

9]

Ad AAw

SER=8

-

A7 ol

9]

5

ojn
or

o

Al TS Al

[e13
=

Wo

N

o]
_er

[e]
e fFEE

=
o

(KREI) 94 #= ARE 9 d9s ATt 9o,

o
o

—

NI



ol

wK

it

—
file)

Mo
Mo

o)
Hel

el

A

or

o

W s7h

X
ar

_rO
0|
Ay
oa

ToR

3

hSS

|
—_

fIfe)

ole) Fujs)

7o)

itk webd, olE FAE fE =

)|

AL
;.OO

Mo WA bgEuAgel T EvlE 717 o

Gon)
22!

—_
file)

T, A

& A

Mo AGEnAg FE EvtE 717

o uel

(Target variable), <

T

PN
T

Aol A BE NI} oA

=
=

A

7}
o] = Z ¢ (Forecasts combination) ® 2 &

e

I =
- ¢}

Ny

B

il

0

=

3

=

=

=

I H-FQMA~7} <

o5 2% WHOo= Model
[€)

% vha

sdth. H-FQMAS] o
=]

[¢

F T

stacking 7]%¥+ FQMA (Factor quantile model averaging)
[e)

IS

Q.

7h
2]

=

=

1A e W= 2% ®

o

_CH

Hybrid FQMA(H-FQMA)

7}

|
2%
!
Gs

]
P Ry

ﬁo

bt

el
JJjo

155

=]
=

avsolute
SIS(Step
7N

=

=

’

iy

MAPE(Mean

deviation),

square
MZ(Mincer and Zarnowitz)

o

=

mean
F 9AA A A A =7 (Decision making support tool)

J|

=
=

indicator saturation)

RMSE(Root
percentage error),



H

Asleol

= A4

K
_Iu

A}, WA,

A

3

(¢}

Azl Aol

B

gEmA g EvtE 7AS Fx

91

=
=

olt}. ol

el

ok

¢

—

N

No

o
o

B

R

¢

B

oF

wr
H

3k,

48

Aol

"o

R PR

489

=
=

2 2 29 wujA Ao EulE ukelak Fn

el Al

1
.

Fetenh A AhA ol Srhsts

] 719+ (Web based) oJAFZ A #]

)]
H

T2

o
(]

m
ﬂ.ﬁ



A27. Hybrid-FQMAE &8&3
4 A=A EvtE 713
AE2d AT

A1, 59 w3

H U s f§% AGdAe EvfE S35 dF9Y F840]
Zolxal vk Ul EntE A4S 20199 7] 358580 E(t)o
2 S7HAE ents el Holedou, WA dHrt A3y
WA MR o5 o8] =2 A&olth(Kim et al, 2016). <X
3 tolojEof #Ao] HFTHEI e v, =& ¥bpy us B
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RMCFS(R-Monte carlo feature selection)®} BMA(Bayesian model
averaging)®} #2 W4 A4 (Feature selection) WH S FQMAY
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Gl 2Ee 9g FA RdS oS &83% ZE on| gt
M7 OLS(Ordinary least squares), GLS(Generalized least
squares) & 3|7 WS AL TAE HE dF A7 Hx W
ol gk oS W] dugo] a4E A &89 At BoRL
et al.(2010), Li et al.(2012), Gargano & Timmermann(2014), Onour
& Sergi(2011)). A AL 24 HHo|A = ECM(Error correction
model)°] FE ZE&HJT. WE I FUAH #4EY F FAE
(Co-integration)©] =Ast= Aoz 7HAT Al Qa4 AEdo] &8
¥ o] ¢th(Ahumada & Conrnejo, 2016; Sharifuddin et al.2013). 7]
AdHEsS g3 Gy 2de ANN(Artificial neural network),
SVR(Support  vector  regression), LSTM(Long  short-term
memory)°] T2 Z&¥ArH(Nasira & Hemageetha, 2012; LI et
al,, 2013; Jeong et al., 2017). Al 7}A] WHE €} Eof o= Ao
N =& Hlzz &85 3 vl Chen et al(2021), Yuan &
Ling(2020)2 LSTM, SVR, ARIMA & 5719 7|AIgts 2 AA<E

o

PR AEgoR Hgd AR A4S 428 F 43 4%

h 84

iin

Zal<l (Sequentlally) Bol Wi S
T AAH AAHAAM 5EAH WHF

%/\E Val-Eels ,—E_X-] o
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g
ok
o{n Mo o ooxl ot

e, EE
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HU

2

TE =
s ‘jé T = #3l(Decomposition) 7]
&3 ST 2o HAH AEES dF ¥UFE 83t
o] HhHo]l EA3t}. Zhang et al.(2018)2 RBF(Radial based
function) ANN<e| wj7fH4 g 24
SGD(Stochastic gradient descent)E 7
A-&3tAth Shin et al.(2009)> Folxl o & W GAE A &3
7t Fo WEes B3 WHeE AT F ANNY
CART (Classification and regression tree)ol #8399t Zhang &
&3 o= W

=

o] GA(Genetic algorithm)¥}
ol ubA AMdsl= WHES

ftlo
e >0

Na(2018)+= FIG(Fuzzy information granulation)



TE sk, MEA=Z Zu}7]® 5 (Hyper-parameter) & 3 4 3}k
SVR 2d& A&3 o Rds /dstdt. AAYE By 1k 4%
S B RIS fEd A% EA3TE Xiong et al.(2015)
VECM(Vector error correction model)oll Al A3t TAst @&
SVRY| da¥sz &8 4 S5 A& 7H4 S d5stes 29
= dTetdth o] e ¥ FAikE VA ®WE A (Volatility) ol
oA Hidden markov switching®} HAR(Heterogeneous
S A3 AHEE o (Luo et al, 2022).
oS 2% dd R A HA Tl AP Ee] Hestr] g
= 74 o5 dAFdAE AEHA Fon,
H 5o dF 2%ES Axske A7 ey v 95 =%
wdle] BA F e 7 Rl AbEE e A TbEAE F
ofaf HA o FAE AEste AR FE &= W] 2d
oA A= NE ARG i, TS, VteET 55 A&se
Aolti(Wang et. al, 2019; Blanc & Setzer, 2016; Hsiao & Wan,
2014). ol®Bt} =3yl HH oz BA(Bayesian averaging),
Boosting, Bagging &2 WHo] o dATeA &&Ho] o] o
Z9 v dk(Barrow & Crone, 2016; Graefe et al, 2015;
Petropoulos et al., 2018; Bennett et al.,, 2014). &, oj& 2o
Al U2 dESXE A §A R4l o FHsE AL Model
stacking®™ <At B A A2+, RF(Random  forest),
SVR, GARCH(Ganeralized ARCH model) SolA] At&% o=x=
Al ANNell F¢3s d+5 #S & AvH(Ramos-Pérez et al,
2019).

.

I

b

FALE HAd S AFdA Y dF 23 ATE A HEWE, Kyriaz
et al.(2019)2> ©==o AAD WA AEE dF5AE =FE F
A AE A= xS 7Hle R o= W4EE Z2ASE ‘Adaptive
learning’¢l gt oS 7S AEste] 107 1 7k SE 7}
2 AFE dFednh o] FAHAA v wRF AAd UHE

— 10 -



jLa s
i

MEAQ dF oxE AFES L, olE & HFT A5

7hRral it Wang et al.(2019)i= VMD(Variational mode
decomposition), EMD(Empirical mode decomposition) 2] 3 7]
He Z&d WaEE ®ald F, ARIMA, SVR, RNN(Recurrent
neural network), GRU(Gated recurrent unit), LSTM & TAl 714

29 B3 AE NSNS AEHAL. AFAE 2Fee P
o = S
R =

)
o

oRE W Fite] ohd HH3 /W F sl ABC S
F83 9 A5 YY}3

S EAE LA dF AT AAD Wl 22 BEHE AF
2 wol: Ytk WHA2005)L ARIMA B 28d 49 %7
72 % mdg ATagli, ¢%E & 92015 ARDL ¥
Me B8 | g3t bAel da Wd o

VAR(Vector
F AAE W
ARIMAE WA o =® A& Qo] EntE v 7pZAo g &
= 2dS AT FEU(2016)2> BSTS(Bayesian structural
time series)®t VARS &&3] €4 w5 7H4 & dS5ste 22
ATskalaL, o]¥ 4 £(2017)2 BVAR ¥ ECMS 83 vls 714
of digt €W 714 2eg st

autoregressive), AlAlE ®AF HF
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S AT ] we] ATE BAE MY B MBAd 0w
e P Agel vAd AFolth FAE A o Fe] gy
= FYAI7) ARAE dF 2% L Quantile AEe] HE H
Hgol Wasith wad Fu AT FF ATe|AE Fd w9l v}
74 dZo] aFgAE W¥ o3 A7 drRelrh o AHA
U AR HE dE Pe) MeE T 5 o ARe Py
o #go] Pasit

A2d. Q5 YHE

21. o= BY ma A

HoAFoA Aotst= H-FQMAE o= 2 249 T Model
stacking®ll 3P H T} Model stacking= o= =g WUWH <+ sty =E,
T2 WEAdo]l =2 FAANF 714 dSoly AU 78 dF A

oA Fgx e W oltH(Ramos-Pérez et al, 2019). Model
stackingl 7@ ER A A X5 o W5 (Predictor) =
A= &gl B3F WS (Target variable)S thA] o =38l= Wy ot}

T8 Ador JdE nd 7+ EAX(Degree of
disagreement)E AF & 4 ArtHMendes-Moreir et al., 2012). t}<=
o Rdw B Wy g dFAE AT uf, 59 WIFo]
% Ao 29 (Homogeneous models)¥, o]& Aol =
(Heterogeneous models)Z -+ % ™ (Wang et al., 2019; essmann &
Vob, 2017), Maciejowska et al.(2016)> ©] & 1183
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Nowotarski & weron(2014)9l 2] Al¢td QMA(Quantile model
averaging) & WHAIZATH Tt dHH AIAE Edox HAys
o) & PCA(Principal component analysis)& &3] ojzj7]2 A
o7 F9Fgt & o]E t}A] Quantile regression®l| # &3 A7
= Fote dF 2 BRdS AMEe 3 Ass dFet
t}. . o= Maciejowska et al.(2016)2] R2lS wlglo g Ak
%EHH?Mﬂ%‘W&4H%ﬁ°m}Qﬂ tely wholyd & 7|
A

T g Zwlf 7 W 71 B}
w s AAD
AR - Lag 178
ARX - Lag 178
TAR - Lag 178
NAR * No. of layers & hidden nodes Lag 178
SNAR - Lag 1”8
Ant 3]
OLS -

* Transformation of the target

Ridge variable Grid search
* Regularization parameter

Lasso " Grid search
* Optimizer methods

GAM Grid h
* GCV penalty & Model type fid seate

doly viold & 7] Aehs5




Rprop+ ANN

Rprop—- ANN
GD ANN
Adam ANN
AdaGrad ANN

RBF SVR

Linear SVR
Poly SVR

CART

kNN

* No. of layers & hidden nodes

* Threshold & Learning rate Pareto opt.
! Pareto opt.
! Pareto opt.
! Pareto opt.
! Pareto opt.
* Cost & €-insensitive loss
i Pareto opt.
* Sigma & Tolerance
! Pareto opt.
! Pareto opt.

* Min. obs per leaf node .
. Grid search
* Pruning trees

* No. of neighbors & Model type

Grid h
* Values by distance fd seare

* No. of trees & Node size
Random forest Pareto opt.
* No. of max nodes
* No. of t
GBM o0 r?es Grid search
* No. of min nodes
of = W4 HAA o= BMAS RMCFSE A &3ttt 7H =A%
EvE A ohFd WMO(FR EvAg A, wd P 5ol o)
geks WS 4= 9th(Zhang et al, 2018; Baffes & Haniotis, 2016).
= =

1. AR 127 2%
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T8 oF ®EF A4S 98l BMAS RMCFSE  &&3h3dth
3 (Prior distribution) 7F4g ¥} ¢ dle] E(Update) &

Hlo] x| Qk © 719k W A wbHow wdl 234 (Model
uncertainty)e] #& ©AZA dATte] &3 Wolth(Forte et al,
2018). RMCFS+ E@|(Tree) 7wk W A ubd
& Koronacki(2018)7} 7] MCFSE 1%:=3}3 "
A
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© =, Draminski
olth o] %3
2l

R
W e

o8}
=
=
il
offt
%
2
o
i,
(E
>
i)
o
=
=
O
>y
w
Ll
offt
gl_g‘

A A 5 Al 7K

oy
1
D)
3.
o,
w0
(@)
Q
=
(@)
=
i)
H,

d ¥ # 4 3}(Pareto optimization) & &3 WS &3 v
W <= (Hyper parameter) Stsr2 Tlo]E = B
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week,Pgamk,t:t*n’Pdae,t: L‘*n’Pbuban,t:t*n’Pbumn,t:t*n’
X= anmk,t:z‘*n’Qdae,t:t*n’ Qbuban,t:t*n’Qbuum,t:t*n’ (1)

thtz'o,t: t*n’Pgamkr,t = anmkr,t t—n

N ERAG AA) AN AE Py, . DTEETEGAG 7}
4 AR WE P, TACEWAG A AR we
Popant:t—m AT EIANG 7EA A @ B, ZHETEE
A LR AR B Qpanri— TR T EVIAIE QI RE AL A}

H ©
AT Quuepiy—py TATFA AL WS AR W Qpgis e T



AT E A AT AR BT Qi DA EVIAE W
F ARERAG wE] B AL BE Qe HEETAG
el g wskEY TR kg - g an it el g
/\]i]— fA Pgamkr,t:t*w 7]_% Kl

H
WYF - Y A% FE HAP A AR A Qs

_]_ T H O
T olE T HHEwAE e 9 viAle F8 S WMSsE
4@zl 913 BMA, RMCFS, NOW & Al 7b# wig= ks A4

AT (2).

FSbma = [Xl,bma’XZ,bnm""’Xn,bnw]
FScfs = [Xl,cfs’XZ,cfs’""Xn,cfs] (2)
FSnow = [Xl,now’XZ,now’""Xn,now]

FS, = RMCFSE £8) 448 Fa o3 Ws 4%, FS,, = ¢4

W2 e 4Fe oudd. HFQMAAE % 6379w
AgHch 639 ARA e olalsh 4 ()3 el Helwch

- [ml,m@mg,...,mn]i:l:&

sl 9 A wAg BnE 717 Prb oS,
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univ, m;,t

=6, +2¢9P ;T RQ_trWite

i=1
Pbma,ml-,t <F5bmam r +€bmam t

P >) (4)
e

univ, m;,t

cfs,m,-,t < cfs,m, t cfs m;,t

P

now,m;,t ( now, m; b € now, m;,t

Puniv,mi,t}‘f
RMCFS, P, /= % A4 dF2 A48 sy 34 7
A dFAE ougtt. @ AAE R A 8 W Qo
Wb ZART A4E 2 oA 79 AgwEeAd ke

N BE AEE F 9 dEdE dF wus X2 288,

SWE NG Wy, B, BMA, P, =

tE =
yml,l' ymﬂ,l
e B = )
yml,n' ymﬂn
HegwuA g 78 b Bel dZxQ P = wy o] bl o

= vk W oS WAl wet nohe] A

ATk Xl SVD(Singular value

2
decomposition)Z 245, X=Po. Q79 7o) Ra=HEr};. o714
Po = 2 (6) o] AHojdrt

A=P-=P- QTQ=XQ (6)
A7, X=AQT and QTQ=1



F= 2935 (Factor score)S &n]alm, 7jd

H dEFX7F e AR PC,E FHAS w, 2+ A& PC7F 7b
A= Aot A= gE AR PGS PC+= do AHw
(Orthogonal) Al o1 (Cov(PC, PC)=0), £93F Ax XQ= 73
e =, X= A B)dA XE ovlsm, Q= 891 A A F(Factor
loading)& oW gtth. SVDE &3 Ab&=% a0 AA= Q7F X9 4
et 298¢ AV AEH I, ol H94d 7+ AR PCE 9|
doh PGE AR o5 i X, 2 UEhdT, Quantile regression
of A& H-FOQMAES % =

X7} ArEEh

]:o

A2

rok
N
g

=
T

=AY BEvtE 714

N

Py = f(chl-; @(q)>

A N [(g=1) ¢ (P~ flz,30,,) ifP, < f(X, 0 ) D
0 _ . n n'Y(q n pe Y (q)
(0 = a8 mlnﬁ(,,)nzl[ q-* (Pn _f<xn;0(f1)))

2 (NE &3 449 = @l o8l = 7 EvfA Y EvtE
747 o227t AR 9 Quantile ¢ ¢=(0,1) 2 FHw, P

A% W5 X0 o o 2AR PAREGSE F gl X,)E o

Aol &8 AA delE 71k 20151 1352kl A 2021



13F 2744, o714 2015 152tell A 20189 105727k 4] = 8
t o] B} (Training set), 2018 11FxFollA 20199 20525 A=
o] ¥ (Validation set), 2019%d 21F=}o A 2021 13F=27MA & H 2=
E fo]H(Test set)® Tttt 7HEmA S 233 Fa L
7tAL kgd 7HAY) 5, dS7tA R kst o, RS EF
kg T E Sttt 7HA 2 Wi Qo Af THE o=
ATE g Ye et al.(2005)9] A& Faste] 7+4 9 Rk
i3] HAE YEtd = A W st(Relative change) ¥
g8 dF ¥ FHRIoRE [AASEY. 4 VR MeE
AlZHE 1710077105 )74 A st 19 2.+ 54 7}
A EvtE g9 74 Fols: yERAL vk 20154 ol A
2021 13FA7HA1 ¢ EntE 71AS 4
o7 wWolm, 2020d Aol w47 7t4 A
o] F3tF A7 HA YA THKREL 2020).
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anmk,,l:,m t—17t— 1052k 7FS = A vkl 2k (kg)

Qdaef—lzr—lo t=17t= 1052 oS- mvf Al kel EOk(kg)
(95 t—=17t— 1072k FAH T mj Al wES) 2 (kg)
t—1:t-10
Qyaom, ., ., F—17E— 1053 BT A S 0] FHkg)
Qutio t—17t— 1052k AA Zujrdel A 7hetmufa]d wkelsk vl&
tratio, ., 1
Pg‘”’akrt—l:t—lo t—=17t— 1052 7F =i g 74 g4 tﬂi}‘%k(kg%}, )
Quraty, . 1= 17— 1057 A=A BdF FU4 8 kg)

A4A. 24 A3

4.1. ¥4 M A (Feature selection) 2

BMA &&ddAe ALt HeAdo] =& Zellner(1986)e] g-prior i

25 A BER AEslen, 1000008  ¥HES F3
PIP(Posterior inclusion probability)”7} =2 30712 =2 W45 A
ot WA o® Mgttt PIP7F &5 S5 W] did o
geo] =SS oustH, PIP7F 50 ©]73¢ MFE HF oS HERE
A A3 A tHForte et al, 2018). RMCFSE 283k W4 AA oA,
AE R A 150H o] Tad Wer ¥3hE wWevks &5
T2 A9 o1 Rl(Relative importance, 4585 A5)7F 1.0
ol WEE HF A5 €WeE AASA T (Draminski &

Koronacki, 2018).
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H-FQMAES %33 & 47] mdo] o= Aso] HuEgow 47
Rae Al W *@%(BMA RMCFS, Now)ell ujg} &=
T 1670 EHEo o5 Aso] HluwE Sl

#7914 H-FQMAE %33 167) 2de] /s veha
H-FQMAE & AFoA AlgtstE =™, Mean model> 7I¥ Wi

L2 =2

o 5| A A SAE H A 3, OMA+ Model stacking ¥}

OLS WwW<& &3 W2 QMAE Model stacking® Quantile
regressions 33k Whalolt} AlE BEiFolA thA] ARS TS A
AE RS 83 dS5AE AT o=

8 = A4 % =24 BM2 Al
9 Wy 9] BMAE W4 A4el 289 4% 23 29, RFE A
A WY s ROMCFSE W4 A4 288 % 2¢ 29,
NOWE t—n Al 858 Alold ¢ A4 a3 Wewe 288 o
% 2% =9e v

H
I }{]-;: LH%
AR - g A Ad + PCA + QRM
A3 7A/DM & ML(¥4 A4 BMA)
BM  BMA
+ PCA + QRM
H-FQMA Qw3 7/DM & ML(#Z A 4: RMCFS
Q RF RMCFS ﬂ‘_fq/D ( T Pe} )
+ PCA + QRM
Q193] 7)/DM & ML(<]Z= ¥ NOW)
NOW - 4] IS 5
+ PCA + QRM
S AAE + HT AP
AH3] /DM & ML(H< A3 BMA)
BM BMA OO T ©
+ H A g
Mean 3145 /DM & ML(®4 44: RMCFS)
model RF RMCFS _ _
L HE A
A3 /DM & ML(9= ¥ NOW) +
wow | dws MLCAE s
A Az




AR - s AAE + OLS

BM BMA A W3] 7 /DM & ML(#H4 A4 BMA)
+ OLS
OMA A3 7]/DM & ML(H S A74: RMCFS)
RF  RMCFS . OLS
NOW ) A3 /DM & ML(¥ 5 A4 NOW)
+ OLS
AR - gHF AAE + QRM
BM BMA A3 7 /DM & ML(#5 A4 BMA)
+ QRM
QMA RE RMCES A3 7/DM & ML(#4 4: RMCFS)
+ QRM
NOW ) A3 /DM & ML A4 NOW)
+ QRM

QRM: Quantile regression model
PCA: Principal component analysis

DM & ML: Data mining & machine learning

mdd o= AT Hrl AEEZ RMSE(Root mean square
deviation), MAPE(Mean absolute percentage error), R-squared,
MZ # < (Mincer-Zarnowitz test), SIS(Step indicator saturation) &
Ol 7HA] A RS &t MZ A5 AAgel gk o =39
HAo(Bias) AES EAH R FAeE WHOR o,,=8,+80,4,
RdolA B, =08 =10 g 7Hd HAES FPST GrHdo] 7
ZhE A g o oS A= AAgel Wi WYUF (= AR Add
T St (Ahumada & Cornejo, 2016). SIS+ A|AIE Edo|A FZx
W 3} (Structural break) % Lo W& w7 ¥H 4 (parameter) WIHE
FAY W AAgets WHOR oF EddA s ofFAd g nd
o gg AEE HNE F = A Eo|H(Pretis et al., 2021). o=

SAE 7o AAE 2dS A
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Agt & B A A o] W O AA kel o] A& vl ush=
WAook, B AFo A= AAGe oA A4 VEoeE AujA=
521 (Chebyshev inequality)S &-g&3low olo] wal AL thn)

2 o

SEEo] 41.92 o] E= -34.92 o]stold o] A= HAA AT

¥ 82 E AFdA At H-FQMAE x3sst 167 o
RMSE, MAPE, R-Square 5X& X+ dth. H-FQMA<S] o=
Aol vE AAnE Ed di¥] e AoE YERT
H-FQMA9|A AR =2 RMSE, MAPE, R-squared:= 77+
429(Won), 13.2%, 0.814%2 A== A, BMA W HAAFS &85
BM & 29 RMSE, MAPE, R-squared= 22+ 356(Won), 12.5%,
0.872% uEtskth. RMCFS ¥4 A4S &83% RF 229 RMSE,
MAPE, R-squared= Z+7} 325(Won), 11.1%, 09172 167) =4
7ML dS s BT (A o F HMaTEs &83 NOW
md o] RMSE, MAPE, R-squared:= Zt7} 422(Won), 1389%, 0.818
= 7153k

o

J

G HS FH3 Mean modele UhE g giH] 7P e o=
45S 7123590 Mean model AR =@¢ RMSE, MAPE,

R-squared+= 2+7}F 495(Won), 15.3%, 0.753, BM =92 531(Won),
16.2%, 0.742, RF =49 494(Won), 15.0%, 0.789, Now X2
545(Won), 165%, 0.761= A=Atk OMA AR 2 9¢ RMSE,
MAPE, R-squared:= Z}7Z} 431(Won), 13.6%, 0.809% Ab&% it}
BM &2 RMSE, MAPE, R-squared= Z+Z} 441(Won), 14.2%,
0802, RF =49 423(Won), 136%, 08172, NOW XxHL&
465(Won), 14.5%, 0.7794& 7153ttt QMA= H-FQMA t&o =
2 95 AT 7IE5¥ Y. QMAS AR 249 RMSE, MAPE,
R-squareds Z+7} 448(Won), 12.9%, 0.796% AF&% itk £3] RF
wdo A RMSE, MAPE, R-squared’} ZtZt 392(Won), 12.66%,
08452 71 =& A 5S 71E351%



£ 8 167) =Ee) o 4%
2 RMSE(Y) MAPE(%)  R-Squared

AR 429 13.2 0.814

BM 356 125 0.872

H-FQMA

RF 325 11.1 0.917

NOW 422 13.8 0.818

sl 383.0 12.7 0.855

AR 495 15.3 0.753

BM 531 16.2 0.742

Mean model

RF 494 15.0 0.789

NOW 545 16.5 0.761

o 516.3 15.8 0.761

AR 431 13.6 0.809

BM 441 14.2 0.802

OMA

RF 423 13.6 0.817

NOW 465 145 0.779

s Kl 455.3 14.3 0.802

AR 448 13.2 0.796

BM 445 13.1 0.799

QMA

RF 392 12.6 0.845

NOW 435 13.7 0.807

3 435.0 13.2 0.812

aY 3. 75 EEd oF A4S TH=ZE vag ygolt

500

450

RMSE(H)

400

300

H-FQMA Mean
WAR ®BM mRF NOwW

OMA

3

a9 31670 BEe] dF As =i

QaMA

(RMSE 7]%)




MAPECS)

WAR EBM ERF mNOW

a9 41670 2de o As =E(MAPE 71%)

H-FQMA Mean OMA QMA
W AR mBM mRF mNOW

a% 5. 1670 B o F A5 =3 (R-squared 7]%)

9.& MZ(Mincer-Zarnowitz) A< oS3k o] 4A] &4
= SIS AFel digk A3%5 BT v MZ H5dA
71Zh = #] Febd, AAg S5 1 "YUt gl A
= ATk Mean model®] BM, RF, Now <] 97}4do] 7

gtk SIS 4TS sl E HAE Am 7oz o
v B wHoeE Add F U= 712}01 AAR ook g} &
stow, HAE AR
TgoR AAHH 7| 20199 3654 20199
2, 20206 267%F, 20200 305==F, 20201 325
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2k, 20200 3553, 2020 38FA= e T H-FQMA<C RF =
dojr = F 8719 F58 717 5 3702019 365F3F, 2020 30F
2k, 20200 38FF) 7]7to] A& EAth Mean model BM =@l A
QMA RF ZdoA zkz} 278 7]13+20200d 30F%F, 20204 384},
2019 39F%F, 20209 1952H)S dSsAch 4] 37 2l 9]

5
A mde A G5 gy £Ee e Ao BAuU

3 9. MZ % SIS s 2%

n= Hol—l]ﬂj
==
=% MZ
A= SIS(1%)
AR 0.712 S52019.40, S2020.07, S2020.18, S2020.38, 52020.42
H- BM 0.854 S2019.40, S2019.47, S2020.18, S2020.38, S2020.42

FQMA RF 0932 S2019.36, S2020.30, S2020.33, $2020.38, $2020.42
Now  0.760 S2019.37, S2020.03, S2020.17, S2020.37, S2020.42

AR 0490 52019.40, S2020.07, S2020.18, S2020.39, S2020.42
52019.37, S2019.47, S52020.20,
$52020.30, S2020.38, S2020.42

RF  0.000 52019.40, S2019.47, S2020.20, S2020.36, S2020.41

Now  0.000 S52019.37, S2020.20, S2020.37, S2020.42

Mean BM  0.004

model

52019.40, S$2020.03, S2020.19,
52020.36, S2020.39, S2020.41
52019.40, S2020.03, S2020.20,
52020.37, S2020.46, S2021.04
RF  0.754 52019.40, S2020.20, S2020.36, S2020.39, S2020.41
Now  0.655 52019.40, $2020.20, S2020.36, S2020.39, S2020.41

AR 0.578

OMA BM 0658

52019.40, S52020.03, S2020.18, S2020.20,

AR  0.722
S2020.36, S2020.39, S2020.41
S2019.40, S2020.03, S2020.20,
BM  0.756
QMA $2020.35, S2020.39, S2020.42
REF  0.790 $2019.39, S2020.19, S2020.36, S2020.41
S2019.40, S2020.07, S2020.17,
Now  0.640

52020.20, $2020.37, S2020.42
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System dynamics, Agent based model, LP(Linear programming)
5o WHoel 2 FE&H 3 JH(Teimoury et al, 2013). System
dynamicsE& 83 QA AAGX P ME A9 A FAE A
1 #HE, e 8 S mE E7F wj ol # /\]Eiﬂo]ﬁ A=
T Jidto]  tiR-Eojtl(Tako & Robinson, 2012). Kumar &
Nigmatullin (2011)+= =3 A dA AFAFo] =2 2ol figh A
T e 2 T dsAdol FAE FH Y (Supply chain)dl WA=
deS System dynamicsE &3] H7FSATE Ozbayrak et
al.(2007)2 &2t= F35%Y U EYZ(Supply chain network)E AlE
do]A3dt7] 98] System dynamicsES &3 WHS Attt o
T2 E3] WIP(Work In Progress) &3, & &% Ao 5, 17
s 5 e #d A AxE SAS

al.(2013)= ol W AMA FALFS

et
S Atk ol& f&l WA ol FAE FE TERE AFYSA
1, A2 W 2 FA(agent) = @-’F e = Gt A g
2 @94?: 71E dEEY dE3 l‘%v‘i"jﬂr System dynamicsE &

gk A (Calibration) X‘]’ﬁ’i =83l
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3.2. ¥4 »d

3.2.1. BMA(Bayesian model averaging)
BMA©°| 3t o] 24 w42 F= Bol Ao

3.2.2. PSO(Particle swarm optimization)

PSO+ Kennedy & Eberhart(1995)0] o]af 7R & ony Afjw =
= warldet 22 Aeed oA 835—0— THo R Sar (A
3 & A%, 2008). =, PSO+= A=A 39 P52 dEEA &
ZE! ama—a Az o r MY Ao ®(Zhu et al, 2020), ¢
wob o5 9 HAE AFdAE T2 A7 JF5H A HGarcia, et
al., 2016; Yu et al, 2016). PSOE GA(Genetic algorithm)2] %13}
Tz A, PSO°l A 7lE 3= particle, 3l &S swarm o =
ekl g lom, Aol FAFSHA Zb particle HA dE 3V
old) Aeoled TS WEW 53 FH £H A4 ARE L3
HA Y7 o)lFa THAAE & A%, 2008).

D7l 9] 2 (Dimension)< 7+ @940 & Z+(Domain space) ¢l
nNel particled X=(X,X,....X,) 39S 7H48 24 Jd o
7} particle Attt 1A 2 £RE 747} )(Z':(xipxz‘Z’--"xiD)Tl}
V= (0,130 20;p) T2 Q) E T particle 9] HA 93, HEo o
& AA BRES AL B=(pbiobin) s P = (baobgr b))
= xddv AA3E AAAA  particlee]  f1Aet HE7F A
(Update) = =tl, 2 (2), ()3} #Zo] ZHHT

N

X,=X,+X,d=12,...D, i=12,....,n) (2)

2

Vz'/;zH: wvfﬁw’ii(ﬁﬁ _X )+C2”2 z(P X;;) (3)



21 (3ol wE #A 75 A (Inertial weight), k& - WhE 3]
&, a7 e 7FE AS(Acceleration coefficients, > 0), 7 .2t 7

-

=071 #7He &9 4% (Random values)E 2] m| 3k},

HoodFo M= BMAR AA4d 52 A9 W F t—u A3 A
2 AE7E obd ¢ AlFe] v WF(A AFAE T A 2 =) F
b, 7 EmiAlg Wbl o]l RV Bed Fer A"
Attt AA PSO A& Aols AAHE T2 Ay W4 &8 A%
W 54 Ar|(FE = EwAY EvE JHA)E H A sske
weko w7zt

A4, +4 A3

H
d

HA BMAE 83 B4 9 Wy A4 Ades 3 2.9 2
BMAC] A+ PIP(Posterior inclusion probability)E 7]% 2

CR
M g AW s Fowg frra PIPe 44 e 0~
o]

1002.%, 50 o) FAE 7AW F8 T Wy dAsant
(Forte et al., 2018). PM(Posterior mean)> = 6,0 gt A% 3

e o g,

¥ 2. BMAE 283 748 7MY EvtE 7hA 34 Bd A

HE W A PM PIP
=31 e ¥

1 Qyrat, t;;!;‘ 5;1(;;’ 00007861 100.0

2 k. tgul}?;;ijg Alj 09178  100.0

3 Qe TR TR REAAT G oese o

o EvtE vkl (kg)

.__;rxﬁ-! k ':'::| _



4 Quu, t_éi;} zz’;;ﬂ; T oowees3 870
5 p— ;iii;i;ﬂ A]j 02706 8438
6 o, ;ﬂg}?t;i;fg 01356 709
8 Quaw, Zzigizgig T ooz 510
10 Quo PRA A dEAdE -37.52 50.2

' =) EatF o2 175)

AR Fo AW WSS PIP 22 Ydatd (53 7t e
=23
-

W = (PIP=100.0, PM=-0.0007861), ¢t —1Fx} 7}t =wjA1 % 714
(PIP=100.0, PM=09178), t—1F2 WFSFFE=vjA%  HkQ=F

(PIP=93.1, PM=-0.002889), t—152} 7}et=uj Al uk¢] 2(PIP=87.0,
PM=0.000666), ¢—2F2F 7Fetew] Al 714 (PIP=84.8, PM=-0.2706),
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o] mwj A& Wkl #H(PIP=51.0, PM=0,0001982), ¢tz A AgAL ¢
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Algorithm. Max P warak, using PSO pseudo-code

1 Inputs: 7,C = f is formula (11) above, C are control parameters
2: P« finitialization(C) = set initial swarms such as position, velocity
3 B« best(Pf)

40 1«0 = number of Iterations of the method

5. while termination_criteria(P,fC,i) do

6: for each particle x = (s,v,p,])E P do

7 v < volocity(s,v, p,1) = calculate new velocity for x

8 s<—s+tuv = move particle to new position s(mutation)
9 s < confinement (s, C)

10: if f(s)< f(p) then p<—s = update previous best
11: end if

12: x < (s,0,p,0) = update particle
13: if f(s)< f(B) then B+« s = update best value

14: end if all constraints were satisfied

15 end for

16: s<—s+tuv

17: end while

18 Ouput: B = best solution for P, .

PSO° A g5+= Ao & (Domain set) =, DAY particle
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B.l. @ = A A¥Y R (Univariate time series models)
AR EE2 AAE el 71 7]Ee] H= WHo=z ofge}
2ol 1349 4 AUtk

8
F,=0,+ Zelpz‘fi—’_gét@*l T MW, +e, , (B1)

=1

=

P 39 RwEnAY ERHE JbA, 6,8 AW, g 94 WE

0

(Exogenous variable) t—1Fx 7} =mjAld EvtE 9h¢] 2o
gk A5 (Coefficient), 7= 9/F ¥ AFE on st} A xH(Lag)
T % 1782 AAgoen, o4 Wl MR ErvkE kgl
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Abstract

Seoul National University, CALS
AGRICULTURAL & RESOURCE ECONOMICS

Minje Jeong

The purpose of this study is to develop a forecasting model for
weekly tomato price of Garak wholesales market, which is the
largest agricultural wholesale market in Korea, and a
decision—-making support tool for agricultural products distribution
organization. In the agricultural market shipments of domestic
agricultural product distribution organizations(e.g. NH), weekly
contracts are predominant. in addition, transaction prices with
retailers are being formed with reference to Garak wholesales
market. Therefore, forecasting information required for these
distribution organizations is weekly, not monthly, and it is
necessary to develop a forecasting model for weekly tomato price
of Garak wholesales market. In order to develop a forecasting
model in the weekly Garak wholesales market, first, a literature
review 1s conducted on the statistical methods for forecasting
prices of agricultural products in foreign and domestic markets.
Through the above review, the status of statistical methods
applied in foreign studies and gaps with domestic studies were
analyzed. Next, Hybrid FQMA improved by applying a feature
selection method and additional statistical methods to the existing
FQMA (factor quantile model averaging) was proposed, and then
the forecasting performance was evaluated. Hybrid FQMA is a
method corresponding to a forecasts combination in a prediction
method. The frequency of application of forecasts combination is
also increasing in overseas researches for forecasting agricultural
product price. The forecasting performance of Hybrid FQMA
recorded the highest 11.2% based on MAPE, and exceeded other
benchmarking models.

In the development of weekly decision-making support tool for



an agricultural product distribution organization, research is
conducted using internal data of the Gangwon Association, one of
decision—-making organizations for the market shipment within the
NH, and data from the wholesale market. The purpose of this
study’s decision support tool is to develop a web-based tool that
enables an agricultural product distribution organization with
market influence to analyze the price movement of Garak
wholesales market, according to market conditions and internal
shipping strategies. For the development of the decision support
tool, BMA(Bayesian model averaging) was used to estimate the
influence of tomato imports from the Gangwon Association and
major wholesale markets on tomato price in Garak wholesale
market. Next, a model that extracts the number of cases
maximizing price of Garak market in a given environment is
developed by applying PSO(Partical Swarm Optimization). Using
these results, a web-based decision support tool was developed
to enhance the practical use of the research.

Keyword : FQMA, Forecasts combination,
Agricultural products price, BMA(Bayesian model
averaging), PSO(Particle swarm optimization)

Student ID : 2016-30388
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