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& & CIFEo| o|F chAlZ|Ztof| Qlo] olZ2{o| 255t 2Ho| EXfjst= U=
LIEftEH], ol EREH ¢112|E(Boruta Algorism)S E3l 28t M2 =&

E HeE0kE il Ze|AEo| Mgsk= 20|k Giacomini and White(2006)
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I.AE
Stock and Watson (2010) & v]=ar E7MdGE d S|4 JolHs) 5 ddlh g
*“E_T;}‘ xﬂﬁ]?‘] Oi © 9] :_]: “6(:]_2_ 7;41-7]7]_ UH_,_ oiajq‘——, 7]'16 9}1\_—11, O‘IE;IE:S— Z’-_ﬂ_j%

=
& o] =R o) &lE At (Faust and Wright, 2013 %), &t} o]2igk 7]
& ATE2 FH g A&Ee viled 7MEe] oA ¥ Aok
Medeiros et al. (2021) < FRED-MDU dlo]e] A& 42 o] &3l
AAE 29 g oAl 7IHES A8st] nlw EVVSE

=, HlEY 7IHEe] dor3y, z]’ﬂﬁﬂﬁ% =9] WX u}= (Benchmark) &=
PHo} L3 K& AFIde AL BT 53] Medeiros et al. (2021) &
o & t)d7]7te] A4F Breiman (2001) Ay Y AE 2F9| oS o]

o] gt e
$5gE BYovl, ol AY Te2E RYo| W 7he] w4
ol
==

N
A
ke
ot
i
2
o)
fr

A ZH2E2 7|Roe dgfe dolEdA FEXER MES FEohe At
t, Jdd volHde 8440 54 FEXEf S AHEgth v
Medeiros et al. (2021) & AAES 7] W] dHY XHAEE HL3 o
Block Bootstrape AREEHTFaL =79 4,57 <] WHASIATE ol FHGAIAE
(Stationary Time Series) ] HEAE#& MZS FEI ul+= Moving Block
Bootstrap T+ Stationary Bootstrap 52] Block BootstrapS 283} Zlo] A4
do] oEGE sl v e oz defA A7) wEelth. 1y Azk
Y= A XY AEdA FAAY 5H FEXERS At
SN AR A T et AR =l HAE A &
° -

Y FEXEHS @Y FY 2B ARSIl ES SRSt & Aol A WA

o

D "] AXAA AFE 3 99 volE] MEZ St Louis WY A] dulo|EslH,
2 gMo] Eo|A] o] & 7153l https://research. stlouisfed. org/econ/mccracken/fred-
databases/

2) WY 2H2=Ex= w7 (Bootstrap Aggregating, Bagging) & 7|¥FO.2 a1 1] & £&
(Random Node Split) & 58] FEAEN FEA FHH 2% Ez] (Decision Tree) 52
JABAAZE A A (Decorrelate) 3t} AxpH oz EiHS W= Higlolt)

3) https://github. com/gabrielrvsc/
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715 AA FAAAL A2 A TP 2ES A48 o 57 FEXEN 4l
AAE 2]&EAE W3l Block Bootstrap= AFESh= Zlo] B39 of| S8 {2
gk 20| & oAl E AT EE Aotk ot & A AA SejuEtet vl
B7MIsE 59 #hE 5% Hl°1E1‘1&—E— o] g3le] o5 AmKH i 9lom, i
AIAIE cllZe] dWARl A8 Agss A7E sk 2 ogke HE ¥
25 staat gk

2 AT F WA 571 fEivet B7MSE G5 e VE drEe 1
23k Aie] = e 285 waled 7ol Algs o] 9lem, FRED-MD<}
o] Bt AAZEA/ 56 HolEHE Z-84 A Medeiros et al. (2021) A7 th
Fet valeld THES A4 A7t AAZA gloks doloh ZHts 9 (2021),
AE3}E - o]F2] (2005), AHASF(2015), o8] - YT (2014), FHA - T2 (2012)
T U EVMISE S5 8 AlAYE RIED dSET S ok Al

AARYES ndsiioy, Ay e ~E, XGBoost (Extreme Gradient Boosting) ,
LSTM (Long Short-Term Memory) 5 & AFolA &ds] of =) Al&EE= w2l
Y 7IHEL 38R €3 Ytk FTE Medeiros et al. (2021) #3F XGBoost
2ol LSTM 28 sk i vk F7k= & dFoxe 23 452
b dmel] aXE Aol opEl # AF FEoplA HFHOR AMED
Giacomini-White (2006) ¢ 772} Hansen et al. (2011) 2] Model Confidence
Set (MCS) A& Aldste] 29 o5 /0o TAXCE F9d A& A
Xz} gt
B oere 20049 995 E 20224 397K 0] 9 2R BARSRS 49
PR ARSI, o9 d5E 9l8] FRED-MD} 71& A58 Faske] F 93719
U] ANAA/ B HelHE F1/2-831%0th FANAE R Hget & 7 Wi
o} HEEoA] —7?“‘%?1 4789 FAE 8 2 (Principal Component Factor) & 1 4
AR 435} Az, 2z valey 2ol A-g-st
Z 3887071 =HQth EFAQL <S5 ARl 7ol % (Rolling
Window) ®< Ajelste] 170 12709 & F¥E 9] (Out-of-sample) ASX&

kL /]

4) Medeiros et al. (2021) & FRED-MD®] 12370 (20223 29 vintage 71%) W4¢} o] AFE
ZRE FEI 1Y /‘év‘i‘ 2 (Principal Component Factor) 59| I+AZLE (12}l A 417}
29 AAPS) & Egete] F 508709 YRS Abgsiith
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Ay TP ~E (Random Forest) o] AAE Ago] #Ag AL 4

. dofe] B BgAAL=S] Ht

—_

B A E 20049 993RE 2022 3€71A9] YW Ana} BIPISE (&H
A 7] A O] 2a3HE) & TEUTE ARSI AIJIEFo| 2 v
H]3) (St. Louis Fed) ¢ FRED-MDE T4k W5ER fAKE $2lvete] 74
A dlolelE Fska o] &stlied], FEmu AR (A%, £EE, A1) of
2004\ 8EHE o] g rhestnz 2axHE & HE 7|7ke] 20049 9L HE AlZs)
Al @t Figure 1)< ZE 7|71 E7PEsES Hola et &84 F4
(Stochastic Trend) 7} §lo] Hole AAT @9 A% Az A0 AAIE A

o= YEhyith

M

<

(Figure 1) Inflation Rate (CPI) in South Korea

0.0s

0.01

0005
0

-0.005

-0.01
= 2 2 2 B B 2 2 2 5 8 B = 2 2 = @ B
3 3 & % 5 2R EFFZ GG & 3
2 8 2 5 8 &8 2 =z 2 =z 2 2 =2 ==

Notes: The figure provides the log difference of CPI index (month-on-month growth rate) in
South Korea from September 2004 to March 2022.
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FRED-MD¥ 1277] (20221d 2€ vintage 715 o] AA/36 €9 dHolHz 74
o] glom, ANE/A5, weAl, FH A/ S/, FE/AE, =
/3Hg, 7HE, FAAE G F 8 HFe] B9l vlolEl S Eadith 2 4
sl gt FRED-MD2] 4 ¥ t$she felvale] AX/a6 A&
FHBATE ool Hall felvelt VMG E oS B 71E AFolA ARee ¥

_/{1

E2 F718t dlolH M E (Dataset) & 53} Z 5] Itz 9 (2021)
12+ &

A

-

=
2
il

oA g3 Z1E) QE oA, Zﬁwﬁﬂ

TS A0 SRS T 5 1Sl S ANRA S 0e
£308, (Table D& AR WHEL AN Yok

(Table 1) List of Variables Used for Korean Inflation Forecasting

Code Description Tcode
1 |PI_CA Capital goods Production index (seasonally adjusted) 3
2 |SL_CA Capital goods Shipment index (seasonally adjusted) 3
3 |ILCA Capital goods Inventory index (seasonally adjusted) 3
4 |PLI Intermediate goods Production index (seasonally adjusted) 3
5 |SLLI Intermediate goods Shipment index (seasonally adjusted) 3
6 |11 Intermediate goods Inventory index (seasonally adjusted) 3
7 |PI_CO Consumers” goods Production index (seasonally adjusted) 3
8 |SI.CO Consumers’ goods Shipment index (seasonally adjusted) 3
9 [IL.CO Consumers’ goods Inventory index (seasonally adjusted) 3
10 |[PLLW Whole country Production index (seasonally adjusted) 3
11 |[SLW Whole country Shipment index (seasonally adjusted) 3
12 |[ILW Whole country Inventory index (seasonally adjusted) 3
13 |PL MM Monthly surve?/ of Mining and Manufacturing Production index 3
(seasonally adjusted)
14 |SL MM Monthly SUI”VG?/ of Mining and Manufacturing Shipment index 3
(seasonally adjusted)
Monthly survey of Mining and Manufacturing Inventory index
15 |[II_MM . 3
(seasonally adjusted)
16 [PL MQ Monthly surve.y of Mining and Quarrying Production index 3
(seasonally adjusted)
17 1s1 MQ Monthly sur\'e.y of Mining and Quarrying Shipment index 3
(seasonally adjusted)
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Code Description Tcode
18 [1.MQ M<.>nth1y survey of Manufacturing Production index (seasonally 3
adjusted)
19 [pr MF Mc.mthly survey of Manufacturing Shipment index (seasonally 3
adjusted)
20 IS MF Mqlthly survey of Manufacturing Inventory index (seasonally 3
adjusted)
Monthly survey of Electricity, gas and steam supply
21 |II_MF .. . 3
Production index (seasonally adjusted)
oo o Monthly survey of Electricity, gas and steam supply Shipment
22 |SLE . . 3
index (seasonally adjusted)
23 |Unemployment  |Unemployment rate 2
24 |Act_pop_total Total Economically active population (Thousand Person) 3
25 |Employed_total  |Total Employed persons (Thousand Person) 3
J i i ork Less
9% [Unemployed 3mfs Unemployed persons by duration of seeking for work Less 3
than 3 months
97 Unemployed_3_6 |Unemployed persons by duration of seeking for work 3 5
mts Months and over & less than 6 months ’
2% Unemployed_6_12 |Unemployed persons by duration of seeking for work 6 3
mts Months and over & less than 12 months
] d persons by durati seeki k
29 [Unemployed ové Unemployed persons by duration of seeking for work 6 3
months and over
; - . . )
30 [Unemployed_ov12 Unemployed persons by duration of seeking for work 12 9
Months and over
31 |HousePrice House price index national 3
32 |HousePrice_S House price index - Seoul capitial area 3
33 |HousePrice_P House price index - provincial area 3
34 |BSI_BC National Future Tendency Business Condition BSI 1
35 |BSI_SG National Future Tendency Sales Growth BSI 1
36 |BSI_P National Future Tendency Profitability BSI 1
37 |BSLFS National Future Tendency Financial Situation BSI 1
38 |BSI_HR National Future Tendency Human Resources BSI 1
39 |PLP Index of all industry production Industrial production 3
40 |PLC Index of all industry production Construction 3
41 |PLSI Index of all industry production Service Industry 3
42 |PI_PA Index of all industry production Public administration 3
43 |MB Monetary Base (Average, SA) 3
44 |Currency_cir Currency in circulation 3
45 |CBLIAB_DC Central bank liabilities to depository corporations 3
46 M1 M1 3
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Code Description Tcode
47 |M2 M2 3
48 |CD CD rate (91 days) 2
49 |CP CP rate (91 days) 2
50 |YT 1 Yields of Treasury Bonds (1-year) 2
51 |YT 3 Yields of Treasury Bonds (3-year) 2
52 [YT 5 Yields of Treasury Bonds (5-year) 2
53 YT 10 Yields of Treasury Bonds (10-year) 2
54 |[CB_3_AA Yields of Corporate Bonds (AA-) 2
55 |BaseRate Bank of Korea Base Rate 2
56 |CB_3_BBB Yields of Corporate Bonds (BBB-) 2
57 IR House CBs and SBs Weighted Averages of Interest Rates Loans to 9
households (Houses)
58 |TB_spread Treasury Bonds spread (10year-lyear) 2
59 |[FX_US Won per United States Dollar (Basic Exchange Rate) 3
60 |FX_CH Won per Yuan (Basic Exchange Rate) 3
61 [FX_JP Won per Japanese Yen (100Yen) 3
62 |FX_EU Won per Euro 3
63 |[FX_BR Won per United Kingdom Pound 3
64 |[FX_CA Won per Canadian Dollar 3
65 |FX_SW Won per Swiss Franc 3
66 |CPI CPI: Finished Consumer Goods 3
67 |CPLF CPI: Food and non-alcoholic beverages 3
68 |CPI_C Consumer Price indices Clothing and footwear 3
69 lcPL H }(ifi;ei(l)llr;iil;?rii‘na};iiseh()ld equipment and routine 3
70 |CPI_HE CPI: Health 3
71 |CPLT CPI: Transport 3
72 |CPLE CPI: Education 3
73 |CPLLM CPI: Miscellaneous goods and services 3
74 |SPLR Domestic Supply Price index Raw materials 3
75 |SPI_I Domestic Supply Price index Intermediate goods and services 3
76 |SPI_F Domestic Supply Price index Final goods and services 3
77 |SPL_RI Domestic Supply Price index Raw & intermediate materials 3
78 [IP1 A Lrg?;)rg il;;cgui?jcx (Basic Groups) Agricultural, forestry & 3
79 |IPLB Import Price Index (Basic Groups) Bitnminous coal 3
80 |IPI_C Import Price Index (Basic Groups) Crude oil 3




AN ¥ 2~E (Random Forest) & A|AIE A g0l &3t AF 45

Code Description Tcode
81 |IPI_L Import Price Index (Basic Groups) Liquified natural gas 3
82 [IPL.M Import Price Index (Basic Groups) Manufacturing products 3
83 |EPL A Expf)rt Price Index (Basic Groups) Agricultural, forestry & 3
marine products
84 |[EPL_M Export Price Index (Basic Groups) Manufacturing products 3
85 |KOSPI KOSPI Index 3
86 [KOSDAQ KOSDAQ Index 3
87 [VKOSPI VKOSPI Index 1
88 |Expected_inf Expected Inflation 2
89 |LeadingCl El(;rili)osite Index of Business Indicators Leading Composite 3
90 |LaggingCl Composite Index of Business Indicators Lagging Composite 3
Index
91 |Oilprice Qil Price 3
92 |USCPI US CPI: CPIAUCSL in FRED MD 3
93 |USB_10 US 10-year bond yield 2

Notes: The column Tcode denotes the following data transformation for a series z: (1) no
transformation; (2) Az,; (3) Alog(z,).

AHASE ARCE AAIE HolH7E @92 7L oW o] & HAAAIE R
Hgslo] valgy 7IMES Aeeded, 99T A% A AW A A
stk w912 A% A3 VKOSPI Al 9] & #igEe] 5 g9 7He
Aoz FQFtl. FRED-MD2 "ol ¥g WhiS usle] HAAE=
571 flal Ad WFEe 2AAE, olAE MFES AR Wgsle] Te
S AAsKIT. Tk FRED-MDe] dlolg] ¥t uhiel| 2w /1Au4bse 20
OFAHES AAlSHEH], B dAellA melshe XE 7|7ke] JHEEHSE (Selug
2 %) & 2ol HES AAIE ek gle AoR e 2axEnks 3}

Atk (Table 1)¢] wiA|=} gol] 2k WS A AL R wHE7] 919 Hlo
HE AL
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A<= (from 1 lag up to 4 lags of all variables) &
T 13| A27HA] 9] AR AR Frketdnh. 18al F 9370 AA

A/ Fg Wk A o] 93 AXAA/ T WA FE23 ) FHELA
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(Static Factor) &) 1x}ellA 4x74R| ] AP Audez ¥3513E 5 o]l&
Medeiros et al. (2021) o] A&l HFAS a2 w2 Aolth, ulebr] Z+ waley
2o AlgEE A == F 38870 (97 x4) 7F AT

ReEx~EN HHH 2 AJA|F ] o]FA-S 118]3k= Block Bootstrap W o2 g
& £ Kiinsch (1989) ] Moving Block Bootstrap (MBB) B+ Politis
and Romano (1994) 2] Stationary Bootstrap (SB) ©|th. MBB+ Blocke] 2717} a1
A SB Block®] Z717F 2 =A] e flol&2 Fsixitke Atel7t glom,
o2 <& Ao FEo] FIMNALYL Wl MBBO o3 FEAER] FE2 M
(Stationary) ©]A] 221} SBel| €3t FEXER] FEL PgAelghs AL Politis
and Romano (1994) 7} 2$t}. Z12]4}, Lahiri (1999) & =€ Block FEXAE# 1
Ho| & A719 1xF A9 (First-Order Bias) 7} 12 Block 2717} 49 RE
2E@ "hHo] ¢ L 12} EAF(First-Order Variance) & 71 S-S HYth
o] MBB7} SBHU} Fojx FEA U 4 AL (Better Finite Sample
Performance) & 2Jn] 3ttt

o] oA o]E4 HES il A
gl wf AA| A[AE HolEle o = 3 s
A5 Atk 5Y FEXEFS o|&she WY IHAE, SBE o|&she Wl
9 ¥Y2E, MBBE ©l&3le= dd =
S FoA Awgt fElvet EVMISE dS @R tolHE olgst Ay
Medeiros et al. (2021) o] ©|- &3 v|= E7PI5E d5 =,
E BT AnEdth ¢4 feivet bl A AA 28 e F 21104
(2004. 9€-2022. 3¢) o™, FRtolT WS 48T o
Size) & 120714 (10:2) 2 A7 3tar f
713k Y 2RI 2 LR 1270 2 AAsITh oS tid71to] 270 ellA
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5) FARLATE P01 UL A8 u v Tavk A2 ek
6) Goehry (2020) = AAIE A5E A &3te dE T 2Ed #3 o| 24 AFE AFst 3

9.
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1270782191 Tha Al o 2 (Multi-Step Ahead Forecasting) 41 Medeiros et al.
(2021) ¢} Kim and Han (2022) & #o] #3 o= (Direct Forecasting) ]S o]&
siath ole AWWTEY dSAE HER 7 97} glthe HollA Heg
o olUg} o2 #E 7|E AFA] 2E 2AF (Model Misspecification) ©f] 7+
(Robust) 3lth= 430l e o2 A 7] welth. v= dolee] 2
Medeiros et al. (2021) ©] ©]-8-g+ Elo]€] (19604 2958 201513 129) <} AP of
=2 AzE a2 wgron o= 7])7ko] 1990~2000% (Subsample 1, 1-step ahead
FolE &A= 717k =Z71E 359) I 2001~ 20159 (Subsample 2, 1-step
ahead TolE AFA F4 7Ixte] 2= 491) %) F A4E BT stk
{Table 2)+ Gioacomini-White A% 2] EAXE A|AetEd], °o]& MAE 7=

ol FZZ%- (Unconditional) 7A°Ith? Y FEAES Algsl= A 2
_]
=

#E 33} SB e MBBY & AHESte dE EH4E RFo] U oSS
7EEA oPdAE H2ESk=E, SAATE 5 () 9 fe 7 5 FEXES
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Ul% dlolEl g Amun, ag ¥
A og $4g 58S 7Ivka Ueiyith 1990200085 o5 7Ikte s S
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uf (Subsample 1), 2] o=

7) A VAl Gioacomini-White 733 2] 2412+ Awo] AAE o] 9tk

8) Block®] Z7]%& Politis and White (2004) 7} AIF8FaL ©] 3 Patton et al. (2009) o 93 4%
H s Feaded, ZF M9 2F Block 27189 HYFES ol &3lsidh 7t wigee
#A Block 27159 HFE Blockd Z7&E A3 ASo|x AH o7 H|&=3 A E55
Qth. SBe 54 ste}nlE] (Tuning Parameter) & A&z A Block 2719 942 el &
Elsii=g
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MBBel| HiaixE AF7HE 717sta ﬁlﬂr. °
%ol MBBE AH&ste Akt gAHC® Pﬂ 43 o=
< ot 2001-201592 o= 7|3te2 4He W (Subsample 2) o= o
ol & 371 A =) #®E 7?%11:— o7 eyttt

W
i
ot
—[m
|
P
m
)

o1d Selerst VTl BAPISE o R AN R vl w2, AAD %
of Y FALEES T o) PEAEY WHE o] Block FEAEPOR W7
@ 89 glo] BHAY 5Y PEAESS Mg Zlo] BA} glod s
Block ¥EXEWS ST ) 520l i Lhibd S 918 & & ok m
S AV % D BHAN Y TAAE BPEo|E BF 57 PEAE

S AgalTh. BE oled AN AAD WAl B9 QU S gl
Felalo gk, TR 5 % d|Z @At 27 E ASolE o=@ Ao} e
2 Aoleta ¥ St fivk AY Fel2Ee] Qo wE B o| B =Ee)
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regression), WH ET#HAE, XGBoost, BS RF (Boruta Selected Random Forest,
HEEl dae| o od S8 W FE HFETS Ay TY2E A8 ol A
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FEL BSRF B A9stue wilad WS 283 /38 AAY A5
oA de] AHgsE Wiolth BE S tigh et AL (FE Do 371819
=3
BS_ RF 2&-& Kim and Han(2022) 3 3 - 3438]5=(2022) o] AF&-F
S=3kA @k 7FA] Ztole] gtk Kim and Han (2022) & H2E &g
(C

o
odt

o)
o W

2% (Cross-Validation) 18]3 WY Y| AEE B3 dSAE Z&ste W
& AL 1) o] Wilo] VIX A58 oS 1 o3 tibrIte] s 9
d32 7Rve AE B vk gioh A - @8] (2022) & felvet 24
Z7H8 o294 Kim and Han (2022) &) 28] 53 d&23 & 7IAgte= AS B
%tk BS RF 232 Kim and Han (2022) & WA xS $3l 27 W
of 5 AHshe WA st HFer daglFo] Fa% MR ER M
T2 BT ARESle] dE Y| 2Ed] A&ate Alo] SAolth ole dF WS
oAl obal WA T o2 Q1 ANt AlIREE ol Aol vk #a1e] TlolE
of 44 u BS_RF 2¥¥} Kim and Han (2022) 2] o] B]5:3 o SH & AT
st AL Itk e duelgel tigh AAgE Age (FF Dol 71
Aok
O BellA dgda BE oS5 B oS F7F T2 R ZEIAS o|&siqith B
et dauelEs 2ol 27 F/0E 714 (Package) E& /‘}%'3}9?\31, 53]
Medeiros et al. (2021) 9] ZE (https://github. com/gabrielrvsc/) @ Kim and Han

(2022) ] FE (https://github. com/bryank2242/Forecasting—VIX>TE_— F2 sty
ot =EolA ARESE HAlEY WPHES] oSl AEet stols I E (Hyper

11) A9 ¥y rEo Bgoz W %&E( Jarfable Importance) & 5783t WS thekeid,
Speiser et al. (2019) & 13702] tpeket W ES o2 tlolE A Ed] #&alo] B
% BFE dugFe Ase] Foe A w3tk

12) Kim and Han(2022) & BFE} gdag|Fo] 583 HFE FES WFE] Z-score &
WeAlEo R Fdsla 0|8 W F8% = =
ol T AR 52 AFETS o] 830y X 83t
(out-of-bag) MSE (Mean Squared Error) & AlAFelith W 2% 90 vz} 1 o}
&9lo] W42 sy %7}@%1 2}47ke] 73$- In-sample OOB MSEZ A4l o] % MSE
7F 7V e ] £E A Wl 2 Gt HEHCER W FawT B2 Wy
E5 HA HFY AT ALl dE X AE A8sla S E EEsheT, ol
AgER] e UmA] AHFELS 5 AAsty dd THAREE At
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Parameter) 52 WF Medeiros et al. (2021) 2} 24 A&t o, Ridge
regression, LASSO, Adaptive LASSO, Elastic Net, Adaptive Elastic Net &
Shrinkage ¥THd EFE9] o]y Iy A= wAESe B9 AT
Medeiros et al. (2021) & FE 71 714 A4 A17HS Zo]7] &)
AE AFsiioy, eyt tlolElo] 483 A3 wAHSS §3 W Adgo
BICHETH 243 Aoz Yepdth 19 LASSO & Shrinkage ¥ 239] 7$- A
TS Abole] thekel walgkal Aol Al 9 AR
sto] HAY WA 1EE 5 e, AHHTEY AFE ksl 4582 v
o A3 H|=gh 9] dEeats: veille A glsiith LSTM 232 &
2 (Epoch) & 10022 22|13+ ol A2 vlo|efe] A7] (Batch Size) &
sl &, Batch SizeZ 322 AU &4
S A7F YebdS SISkt

T AellAe F1tols Wie A8st T 1370 239 d5X5 Adstar, o
Z 9212 RMSE (Root Mean Squared Error) 2+ MAE (Mean Absolute Error) 2 H]1L
Sith IgelA A3t oS Aol wet 7 mge] dqSA5 44, d35e
A2 Blugk vy dSeat 7he Apolrt SAA R Fo3 A5 A el
Giacomini and White (2006) £ Hansen et al. (2011) 9] 7% WS &-831th
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U T2 BS_RF 289 o|58o] T2 B 5o vlg] FAKCR fos)
Al $YIAE Giacomini-White 82 MCS HAS ol&sld HAsIth
Giacomini and White (2006) & ZA5 o|=3 A% 9ES AAE9Ed, A7)

Be okelst Lk
H, :E[L(yt+}1’fl,t+lv(é ) — (yz‘+}:7f2f+h(é )| Gt]:

Q] 2o L« )& RMSEY MAES} 22 of| =9 213k (Forecast Loss Function)
ofW, y,.,E A7l RO AAR £ ,.,00)E R A 23] 7] & dSA,

o] d&4al, 74 7]7}—4 5’—7] 59 Aol ﬂad‘ﬂrh /‘V]o om] gt
Giacomini and White (2006) & 77 -2 7]¥<] Diebold-Mariano-West 7%
HPHH T 993y, o]+ Giacomini and White (2006) ] 7373 WhHo] n| & w3
£ (Non-Nested Models) 2} FZR2EE (Nested Models) & =5 T& 4 7] &

) =
ot} ¥hH Diebold-Mariano-West 74 W2 | ZZEIYES 93t Aoz ¥&
dEol 48 v FAAS AIEE7F FTH TR ofHgte A= Clark
and McCracken (2001) ©] .St}

(Table 5y BS RF 2383} 7]e} 23 7+e] Giacomini-White 7373 A= A A]
gt} Al A o2 FRAF Giacomini-White 773 A3t o, o Z9x)sh
T MAEE 7|22 ol%ia, 3 WA 29 f,& Al 2ol 7 ) =9 f,
£ BS_RF 2go g itk wabd (Table 5olr BAXZ} () 2 3 714
& BS_RF 26394 dZext Bl aEske A REET Yre 218 ov]s)
, SR BARZE 5 () 9] g2 7R AL Al 239 St Urie A
= onlgtt webA XGBoost Bl thafjA S tid713te] 9713} 11714

g

e e

&

14) "k G7F AIRE ol whet Wt A B3 (information set) o] 2HH 20K AAeH, G =
{@,0}olzP BxAR AAolt). FitolF &S AbgshiA 2R Giacomini-White
ARS AN AL AEAQ Diebold-Mariano A4 E5slth= 2L Giacomini and
White (2006) ©] E.IT}



Ay TP ~E (Random Forest) o] AAE AL A AL 55

TE AL YA BE 23 oS 7|3t thaix = Giacomini-White &
74]??]7} R F )9 #s 7
Giacomini-White 772 AF7MIS F B39 dS5go
92 7149t dE et W REo] SAF SR fofstA A E’%‘E‘:‘r o &
ol $-Fsitte AS gujgith. o& o 45 tid7|ite] 17R€Q] 75 LSTM
2y ALt BE o 2l sl AR F(+)

m
kv
e
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O
g
Y
_{
N
N

N

1Ztehe Aoz vehgEd], ©]& BS RF 23| LST 3
SRt SAFCE  foeA dSHo] feithe Ae dEkith
Giacomini-White $AIA7F & () & 7 A+ BF AF7HS 7148 + gle A2
2 Yehe=d, ol (M5 d5eat+ 2HEis) BS. 3
oM of|EEo] 3t B EABHA] fethe e 9v|dith

(Table 6y Hansen et al. (2011) &] MCS A% ZI= A|AIeHH, Medeiros et
al. (2021) I o] 5o 4= (Confidence Level) & 50% & %39 th  Giacomini-
White A3 F 239 d&8< gAEsI= d vk, MCS 4% WS ZE
L AN HiEshks AoR oFHo] P $e EFEo] Model
Confidence Setell 23Feth, MCS A% W2 Hansen (2005) ¢ Superior
Predictive Ability (SPA) 7373 HWHHES WbdA)7] Z o2, SPA ZHAA A& wlXxnl=
23-& Falok AT MCS AA el = 28 et gick (Table 6yl 2w =
€ oS U471l BS RF E3o] Model Confidence Setell E&=o] )
53] oS didvizte] oMdH 11EE Aele BE Z$ol BSRF EOUJOl
Model Confidence Setel] E3tx|o] of =2 o] —?*?"J 23S Heltlh, BSRF &
32 Alelsta BH, CSR B8 XGBoost 23 o] oS thd713te] 97142} 1170
29l 7% Model Confidence Setol] Egte|o] Sl

BS_RF 239 d=8o] 953 2L 1) Speiser et al. (2019) oA 81gl%o] B
FE dae]Fe] T8 Hg Al Hojuthes 4, 2) AdHE Fe wests Al
FYRE ARgste] EHQ3 o] = (Noise) & AIAS H, 3) HE ZH1E
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(Table 7) List of Selected Variables for BS RF Model
1Month 2Month 3Month 4Month 5Month 6Month
Act_pop._total Act_pop_total |Act_pop_total |Act_pop_total
1 CPLF (t-2 CPLF (t-1
(t-1) Fi2 F D) (t-4) (t-3) (t-2)
Empl otal Employed_total |[Employed._total |Empl al
5 mployed_total CPLF(t-1) BSL BC (1) mployed_tota m{p oyed_total |Employed_total
(t-1) (t-4) t-3) (t-2)
Employed_total |Employed_total
3 |CPLF(-3  |BSLBC(-3) |BSLBC(-2) [BSLBC(-1) | boved- ot bmpioyedtot
(t-4) (t-3)
Employed_total Employed_total
1 PLcn  [BSLBCH2) [ O CPLHE (-2)  |CPLEE(D) |,
(t-4) (t-4)
U loyed_3
5 |Oilprice (-1)  |BSLBC(t-1)  |CPI(t-1) CPLF(-2)  |CPLF(-1) femployed-
mts (t-4)
Employed_total i
6 |CPLF(t-2) CPI (t-2) factor2 (t-1) (1) CPLE (t-4) CPIL_HE (t-3)
Employed_total |[Employed_total
7 |Bs BCa) |cPLHEG) |CPLEEGS) |mctort (cp)  |mpioved-total {Employed tota
(t-2) (t-1)
Act_pop_total .
8 - CD(t-1) factorl (t-1) BSLSG (t-1)  |factorl (t-4) factorl (t-4)
Employed_total
9 |BSLBC(-3) (:]B VT factor1 (-2) BSLSG(1) |CPLE(-3)
Employed_ total
10 (tlj;ow T factor (2 |M2(t-1) PLPA(t3)  |BSLSG(-4)
HousePrice
11 |USB_10(t-1)  |factor2 (t-2) SPLF(t-1) (2) BSL BC (t-4)
A fal  |Employe 1 HousePrice_S
12 |BSLBC (1-2) ct_pop._tota mployed_tota ousePrice_S CPIHE (1-4)
(t-1) (t-2) (t-2)
Act total Unemployed_3 |Act total
13 SPIiF <t*1) factorl (t*S) Ct_pop_tota nemployed.. Ct_pop_tota
(t-1) mts (t-1) (t-3)
Employed._total
14 |factor2(t-3)  [SPLF (-2 (:11;; orecos PLPAG-2)  |PLPAG-2)
Act_pop_total
15 |CPI (t-4) (©3) SPLF(t-2) CPLE (t-4)
16 |factorl (t-3) CPLE (t-1)
Unemployed_3 |Employed_total
17
mts (t-1) (t-3)
Act total
18 |SPLEy [
(t-2)
19 |factorl (t-4) CPI (t-1)
20 |CD (t-2) CP (t-1)
21 |CPI(t-3)
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TMonth

8Month

9Month

10Month

11Month

12Month

Employed_total
(t-4)

Employed_total
(t-3)

Employed_total
(t-2)

Act_pop_total
(t-4)

Act_pop_total
(t-3)

Act_pop_total
(t-2)

Act_pop_total
(t-4)

Act_pop_total
(t-3)

CPLF (t-4)

Employed_total
(t-1)

CPLF(t-2)

CPLF(t-1)

CPI_HE (t-4)

CPL_HE (t-3)

Act_pop_total
(t-2)

Employed_total
(t-4)

Employed_total
(t-3)

Employed_total
(t-2)

Employed_total

(t-3)

Employed_total

(t-1)

CPI(t-4)

CPLF (t-4)

CPIL(t-2)

CPIL(t-1)

Employed_total
(t-2)

Employed_total
(t-2)

BSLFS(t-2)

Act_pop_total

(t-1)

HousePrice_S
(t-2)

HousePrice_S

(t-1)

CPL_HE (t-2)

BSL_FS (t-3)

CPL_HE (t-2)

BSLFS(t-1)

Employed_total
(t-2)

Employed_total

(t-1)

Act_pop_total

t1)

CPL_HE (t-1)

Employed_total
(t-4)

CPI(t-3)

Act_pop_total

(t-1)

Act_pop_total

t1)

HousePrice_S

HousePrice_S

Act_pop_total

8 |BSLFS(t-4) |factorl (t-2) () t3) 2 SPLF (t-4)
9 BSLBC (- Employed_total CPI HE (1-1) Employed_total BSLFS (1-1)
(t-1) (t-1)
10 Act_pop_total  |Act_pop_total |Employed_total |Unemployed_3
(t-4) (t-4) (t-3) mts (t-2)
1 A?tité,)pop,total Zzit:;)pop,total factor] (t-1)
12 CPLF (t-3) factorl (t-1)
13 CPLE (t-4) BSI_BC (t-1)
14 factorl (t-3)  |BSLSG(t-1)
5 Unemployed_3 |Employed_total

mts (t-2)

(t-3)

Notes: The table provides explanatory variables used for the BS RF model. For each forecast
horizon, we select variables that are confirmed to be important by using the Boruta
algorithm. Next, we use the selected variables in a random forest model for each
forecast horizon, which is the procedure for the BS_ RF model. See Table 1 for code and
description of each variable. Factorl~factor4d are principal component factors extracted

from 93 variables.
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AEAPE A (BSLFS) o] 7-1071€ 7} 1271 €el] AE=|Qieh, =3t o & g id717to]
578l AS FHuful7FA A A= (HousePrice) ¥ %3 (HousePrice_S) ©|
FE A=, 912710 FHuu)7AR14 %A (HousePrice S) #Ho]
Ao] 5otk

(Table 8 7t

3L

of| & t/d717PE 2 Adaptive LASSO 2& 0| 23|

FEe AMSkE, o8 EFE daelge] a3 HMgsR ERT AYussd

H|wal7] & F718k9th (Table 8)< Atujww

Tl

AukA o

i

(Table 8) List of Selected Variables by Adaptive LASSO Model

1Month 2Month 3Month 4Month S5Month 6Month
1 |CPI(t-1) CPLF (t-1) CPL F (t-1) CPIHE(t-2) |CPI_HE(t-1) |CPI_HE (t-3)
2 [CPLE(1) [CPLF(t2  |CPLHE(3) Iarigloy‘%d—“’ml CPLHE(t4) |CPLHE (t-4)
3 |CPLF(t2  |[CPLHE(4) [CPLM(t-2 |BSLBC(-1) i?;loyedf“’tal ]E:f;loyedftoml
4 |CPLF(3)  [M2(t-2) IPLAG3)  |factor2(t-1) Unemployed 3
mts (t-4)
5 |SPLF (t-1) BSI_BC (t-3) M2 (t-1)
6 |Oilprice (t-1)  |factor2 (t-3) factor2 (t-2)
7 IM2(t-3)
8 Act_pop_total
{t-1)
9 Employed_total
(t-1)
10 |BSI_SG (t-4)
11 |BSI_BC (t-4)
12 |USB_10(t-1)
13 |factorl (t-4)
TMonth 8Month 9Month 10Month 11Month 12Month
1 |CPLHE(t-2) |CPLHE(t-1) |CPI(t-4) CPI(t-3) CPI (t-2) CPI(t-1)
9 I?tr?i;h)yed,total CPL HE (t-3) l?:;p)loyed,total I?trillp;oyedjotal
3 Employed_total
(t-3)

Notes: The table provides explanatory variables selected by the adaptive LASSO model. See
Table 1 for code and description of each variable. Factorl~factord are principal component
factors extracted from 93 variables.
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1. 2FE &12|

ol

Kursa and Rudnicki (2010) 7} &703F H5€} dug|=L Ay
2 T8 HAFES HH o MEss 7Y 4
(Permutation Importance Measure) & 1 EFHAIE Uro] A= Z-scoreld) =

45 e AEw Agdth e %31111%% thew e w2 A
¥l 4
s

AV

e W BARES Ftste] dlo] E (Dataset) & gHeith

F7H WEES 4ol (Shuffle) %%LL@M FHBAE AAGT (12

Shadow Attributes2t 3.

3) FHFE Hole] AEE o|&sle] dY XY 2EE Agsta 7F WrEe]
Z-scores T3

4) Shadow Attributes®] Z-score & ZHAZk(Maximum Z-score among Shadow
Attributes, ©]8} ‘MZSA) & T3+ &, MZSART Z-score’} & EE ¥
3|EZS & (assign a hit) 3T}

5) 4ol siFelA] eFe W] 75, MSZAO thak 4= 5574 A% (Two-Sided
Equality Test) & 433},

6) MZSART} Z-score”} 3 ZHe M-S FQ351R] & HE4g 7HEesln
tlole] AEcA =7 A7 gt

7) MZSAET} Z-score”} fel8HAl & WAFE F$93 HFE 753t

8) EE Shadow AttributesZ A A 3tch

9) EE Wgd Fo=r Y AY e WY XY AES] FHu A S5 =
=gy

72 9] ARE kel

1)
2)

fl

15) Out-of-bag A= AT
ANy FH|AEoAM Z+
Bag Mean Squared Error) &} 3 1?_2_}94 ]38} (Random Permutatlon) st Aksk
OOB MSE®] #o|Z o]gdle] 23dta, 2 W2l Z-scorex ©] zole] it (Kim and
Han (2022, equation (5) %)< ZFHAZ pro] AXtsi)

T 2E A E%EZ\.E%J HEF A Al AES ofn|dth
sy

t-of-bag AMZelA AXFE OOB MSE (Out-of-
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dlole] AEd 23td ®e] 7 gonl Hie dudss 438 o 2E

v
P FAAT TS BE F TAR 299 Ralune Fad A

(Confirmed Important), S838FA] &< ¥ (Confirmed Unimportant), 27 3}7] &
£ W4 (Tentative) 5 Al 7} 12 E5Ech HFE due|29 R 71X = g =

g ~E Ao HgY 39 71 (Defaut)% 10002 Fsta Y= ﬂ o] A% ug
Eﬂ]é)ﬁ% IOO‘i’i ’Q?_fﬂ‘é}oﬂ _/] /- SCOI"G-J Jﬂﬂ- 3-,&73/{- 6; _/_": 9\}]\];]‘

2. Shrinkage Methods

Ridge regression, LASSO =¢] Shrinkage Methods+ OLS F% 3} Zo] zkz}
o] AFe] e FHaislste AolARE a3 22 A2ke] F71Ee] 9l
Bshrinka,gc = argminﬁ Z (yli‘szﬁ)_l_p(ﬁv)\)

1

o] oA X& m/je] AHALE E3el= HEolth, AWHLES BT F73)
(Standardize) 3t AL3t9E p(B, M) AF <= (penalty function
Shrinkage methodvtt}h Th2A] 7 o] €t

Ridge regression< Hoerl and Kennard (1970) ol 2J8f] A7l=lem o3 2

< L, Al%s +

~—
o
=
N

p(BA) =236

A+ Tuning-parameter ¥+ Hyper-parameter©]™ BIC 59| Information Criteria
U wAH S-S Bl 433t Eae 2E Shrinkage Methods] Ae w258
ol gstien, BICE &al 24 wole dAom fALG oS527F 47 %
golsldh

LASSO+ Tibshirani (1996) o] &J&ll 2= e, -3 22 L, AkS Eo)
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p(BN) =205
i=1

Adaptive LASSOE Zou (2006) ol 28}l A=l em, A oF el 73] w7t 5
7Fe o 28 AlRE =k

p(ﬁv)\): )\_lewj|/3j|
j=

w;E= OLS, Ridge regression, LASSO 5& &3l A @Al 7& 27] FHAE
ol 88 w; =1 Bipiiar; | = AFBR=E], EaollA= Medeiros et al. (2021) 7 2
°] LASSO FHAE o143 w; = (|B,4550, | +1/vVn) ' 2 F3IATh

Elastic Net& Zou and Hastie (2005) o] 2J8] 2/lEllew, o3 22 1,3

Lo AT AFL E

m

p(BN) =2 {apt+ 1 —a)l g}

ji=1

E oA += Medeiros et al. (2021) 2} 20| o =0.5% DA}y T3 Adaptive
Elastic Net® a#{g&d], Adaptive LASSOONA AMHEE w, = (I B,4550, |

+1/Vn) & AHgsidinh
3. Complete Subset Regression(CSR)
CSR< Elliott et al. (2013) o] 98] A7) A whio g &=

m7
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k=4% A%t CSRe A6tk EaoM e o] 22 WS wsith

4. Random Forest 28

>
1%

=] = Breiman (2001) o] <J&] ZlEew, AF E# (Decision
Tree) = 7]¥ko g 3= Bootstrap aggregation (Bagging) = #-Ako] Zlolx] =2 Jjf

gt olth, FEXAEY MER A% Els Y ) 2% Eflo EE e
(Split> uit} ol 2 Held YRGS uEste s ol=tl, ol FEAEF MZ
A e X e AF ETEE AR AAARIA THEa1 (Decorrelate) A3A o072 FAF
= HA2A7A dok

5. XGBoost 2

m
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Random Forest for Stationary Time Series:

The Case of Forecasting Inflation in Korea

Heejoon Han™

Abstract

This paper first investigates whether adopting the stationary bootstrap or the
moving block bootstrap, instead of the usual independent bootstrap, in the
random forest method improves forecasting of stationary time series. It is
shown that the block bootstrap procedures adopted in the random forest method
do not make any statistically significant improvement in Korean or US inflation
forecasting. Secondly, we consider inflation forecasting in Korea using 93
macroeconomic/financial variables and various machine learning methods. The
samples are from September 2004 to March 2022. Comparing total 13 models,
one model outperforms the rest models for most forecast horizons, which is a
simplified method of the model proposed by Kim and Han (2022). The method
consists of the following two steps: 1) Select important variables based on the
Boruta algorithm, 2) Using only those selected variables, implement the
random forest and produce a forecast. The tests by Giacomini and White (2006)
and Hansen et al. (2009) show that the model provides significantly better
forecasts for most forest horizons. In particular, the Boruta algorithm selected
total economically active population, total employed persons, BSI, house price
as important variables for Korean inflation forecasting.
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