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(Figure 1) Ragged—edge Problem(2021:M4)
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T e AA ARERE JEE FESoF g} ojnff of] AAA R 1Fo 4
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AL A ol
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LA oRE WA 4 k. ofT HHE olgdtel 2 AYAHER FEY ol Z WeElA
dlolEAlo]aka Fhe. thl, 2 WIEX] YolElAe GDP 448 %A, 24, BHAeh 2e Hole
SAe wrgatx) groms A WEA deolEAT fol7t k.
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H, AE BSA7E e A ol ol8sto] Bl 2 AHE RIEA] HolHAl

GDP nowcasting®]| 220]= AFRE> I WA 2A(BE, Bridge Equation),
B3LE 7| (MIDAS, Mixed Data Sampling) 5 ©¢ WA mE3)3} 54921
X &(DFM, Dynamic Factor Model), ®EA}7]3] YR (VAR, Vector Auto
Regression) & UHle §4 HEom FREL 7} 2y ool Hles o
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dEier 289 4 Qlvks Adol Qo] Fa= FYSHANA EEE= A
7F 53 Qth 78 2 ol SHE dES 571422 GDP nowcasting 23S &
gojAlof FEskaL lomd), 7 AF HF FyhA A wjAlskal EFof ot
(Table 1) Use of GDP Nowcasting Models by Central Banks®)
Country GDP Nowcasting Model
India DFM
Euro Area(ECB) DFM, BVAR(Bayesian VAR)
Denmark DFM
Finland BVAR
Germany DFM, BE, MIDAS
Japan BE, MIDAS, factor-MIDAS
Canada BE, MIDAS, DFM, BVAR
Ireland DFM
Mexico BE, DFM

Notes: BE is Bride Equation, MIDAS is Mixed Data Sampling, DFM is Dynamic Factor
Model, and VAR is Vector Autoregressive Model
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oA ¥rmdt 3t 1A (working paper)S Fa13tgith Q%= Bhadury et al. (2020),
22|92 Banbura et al. (2014), Cimadomo et al. (2020), §lu}=+= Schmith and Grenestam (2021), ¥
=+ Itkonen and Juvonen (2017), &2 Eraslan and Schroder (2019), Kim (2019), Schumacher
(2014), dEo Chikamatsu et al. (2018), 7HYti+= Chernis and Sekkel (2017, 2018), ofYHE=+=
Liebermann (2014), ®]A|Z+= Galvez-Soriano (2018)2] A& ZF=3}ct.
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(Figure 2) Real—time GDP Nowcasting Process (2020:Q3)
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revisions revisions
Ad 4 F4% DFM A4ny =43 374 GDP AFE A5 Al&ste] A
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7t GDP nowcastingS 3§35t}
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Banbura et al. (2013), Bok et al. (2018) S-9]|A nowcasting AW RE 7o A
L5 o] Zt=a FF2YPolA &AM 511 ok EM garelEe At
RS o] §ste] WY AFAE BFE AY = E-stepdt Foi7 dHHs
o 5| I (likelihood)7} =t2tEl= en|HE 2= M-stepo 2 AT HA
FAAE 24, IHEA 52 o]83ste] DFM metu|E e 27|13 9% o
o] w7} FAFtH(local maximum point)O. 2 4~HE wW7tA] E-stepi}
M-step= HHEZICHY)
A
FAT thgoll= AGAIH 4 7Hee BE BSATL E
&sto] FE7] GDP A& oS3t Zuk JEF
i | 35290 Ay oAt £7]9]
59 wgel vy ) BE o
AFarehs). ol
A Aol ofiel, 2
o ofujict.

b AAIZE
DFM s}eju] e
el RIEA] HlolEAlE o
1} H&sKKalman filtering and smoothing)E
5lal, o]E o]&35lo] GDP A%
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].

A}
gl s A o 2

Al o] thes] 7] GDP AAE
A, eEY, 27 5 AR i

2 Banbura and Modugno (2014)& ZF=38let
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o] U],x]l:ﬂ— o o =27} gE7] GDP AAEo|t}

14) EM 2
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A ol T, 712 HlolE 44 Fol 9 A% o5 W WEX oy
Ag ol gsle] GDP 44E dZAE ulo|Est). ofstolAL o EAS
ol=sl Mge AN Ao

12 =7 sAHoA 7H83 WIER dlolg Alole} s, (A4 GDP A
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FE-S g, (AEONA ARG BE)9h 7]E &A1 2] Aol Fr2(news)?]
< Nzt oA wkel s+1XolA dlolEl7E SAEAY AT Y5EE A9
A2 BER goleAl £, ol ZAF AF GDP &A1l Ely? | [, ]2 ot

ou} o] |E cZHek A% FANY F K akm BT 4 gk

)
ot

Ely? | I = Ely? | I+ Ely? | N, ] 3)
At 2] 7| E A FA FAA

oA7\A 221 Flthe] el TAste] @AM o Z AL Thet Tol
vkl 4= glet.

k

N

Ely? | N, |=Ely’N W EIN NG ]TIN “4)

A (3), @2k TlolE 7t 7h-AIE RES wfErths ZHste] A& A cheat
o] FA(news)?] 7sto 2 e 4~ Qth

ol T, & sAlH] HEXoA W i} vpute R FRE AHE ou|sin,
HAuitt gole7t FEEE A-¥I AL 2] i 7, & #gol whet
th2ch ol groflA Awsigd dlolEMe] Bito] E4d4dHragged-edge)
A7E g ofuide. (x4 ’JEJS+1}L sHIAVEOI A A9 FEEH AL 47
g dlojele] Fghe vtk bR [wy, ow, o w2 S A@)el At
Zol Ely’N'  EIN,, (N (] 1ol oJef 2AHER o fee Favt
AF Aol F42, KA MEAo 4= JFEAE AX webA, F

U AYRYe AEste AJHolA GDP ASAE Al

16) Banbura et al. (2010)S F2 a5}t
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who] o2 SAX7L ol AAWSREE dAnht A wobd W
FogEA SAH0R 49T 4 gk o2 Sof, A GDP AHE ool

1 | 1%, 99 HBo] 55%2 e ZHck s o] A4
9% AlgIFol 5% WIEE| T, o|o] uhe} 347] GDP AHE AZH 7k AuE of
B 0.1%p ARFE 11%peta she, 99 Bl oA 0.5%p shaldel utel

o
GDP & AISA7F 0.1%p =4 E Joe= dd o St

DFM AR F ol &S F7lstr] sl bA A3k RIgA] glo|gAls o
&5to] A ARG ALAIRE A5 eAE ALbsEAT. dSext AlLbs
gk 7172 2017 18 7]15E 2021 327|744 197) &7]o|ch v £7] A4
F AL DFM s g E 243 v w5 589 7|ee s HEA| b
ol AlS FEotal £EAVE xE 7R Hit7] GDP AHES oS5 =
A2 AYPEch DFM AR Y AS3= odSX]ef SHA 9] Zpol= AL,
197 E7)of gt AYAIEE AlFLtHdAFF2LAHRMSE, Root Mean Square
Error)@} HHFZAHLZHMAE, Mean Absolute Error)S AARSE Aat= ol
<Figure 3>3} ZThH7,

<Figure 3>5 H W RMSEQ} MAE R AJ7to] A|dof we} oS @27} Zfof
A AA 7155 EASHE BEs Hth GDP s AWREg o] Wxnt=2
HPgor F= o]&HE= AR 49 A7 H(AR@) EPH HwE e A 2

A

2020 RIS ALl AA 717k A °ﬂ~22}7} 1%p Ul“P— l%’s}‘i‘it‘r.

17) RMSE:= \/%Z 2, —4HA)?, MAE: Z | A, —EBA | o 28 o] g3lo] A4t
= ni=1

e},
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(Figure 3) Model RMSEs and MAEs Throughout the Prediction Horizon
(DFM vs, AR(4))

<RMSE> <MAE>
1.6 1.0
1.4 0.9
0.8
1.2
0.7
1.0
0.6
0.8 0%
AR(4) AR(4)
0.6 0.4
==— DFM(flash GDP) === DFM(flash GDP)
0.4 0.3
18 -16 -14 -12 -10 -8 -6 -4 -2 -18 16 -14 -12 -10 -8 6 -4 -2

Notes: The horizontal axis represents weeks until flash GDP release whereas the vertical axis
represents forecasting error(%)

(Figure 4y Distribution of Absolute Nowcast Errors(2017:Q1~2021:Q3)

16
14
12
10

8

W flash GDP provisional GDP

0~0.5 0.5+1.0 1.01.5 1.5~2.0 2,0-25 2.5~8.0 (%p)

o N A~

Note: The horizontal axis represents size of nowcast errors(%p)

V. ML A¢=23

<Y &% S(input, hidden, output layer)©. = E/\P”P—E F2E AuiTdt. 2495
o] 27 ol =t AT 2R HoH= Held2 A=l AF2awt 1
A% 2t dE o dA A&t 283E AT H(<Figure 5>). ol2|gt
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{Figure 5) Deep Neural Network

Multiple hidden layers
process hierarchical features

e
LS

20
entify
combinations

light/dark or features

pixel value \3 Identify Identify Identify
edges combinations features
—— of edges ——7

2% BER wild ARF Hod

Note: This figure exemplifies a deep learning network for image recognition. The network
consists of an input layer, three hidden layers, and an output layer. Input layer consists
of nodes (the blue circles) storing the RGB values extracted from each pixel of the
image file. Each node of the first hidden layer is calculated by an activation function
with linear combination of the input layer nodes. The weight used for linear
combination (the line connecting each node) and the bias constitute the parameters of
the deep learning algorithm. Sigmoid, tanh, ReLU, etc. are used as activation functions.

Source: Waldrop (2019)
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AThel-El A, QIEAK-o| BT} o] glel-ehil Ao of2old HolE A T
5o o "JeEld dargsel 4 Aol wis) ths 2hiE SEskes utetvlE
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Z(Netflix, Youtube), QA5 H|A|(Alexa, Siri), AF&F3Y, eHHlA] 7wt ®ol,
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18) Yeld 2 shae 27 shelnlgE Qo AN ke, sl E g Agstel g
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Sojalth. dZexE olgdte] WellHE 2YsHe hEH ANZOE ARSI (gradient
descenne] Itk AA7t SiglolE|(UY + ehio] B gy mPS HFShH, TensorFlow,
PyTorch 5 714314 eoluegfeli AEOR 20X HAsste setg S Hofzt.
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=2 WA A R dloly A3 E40] sl FaAtdolA FE A
X (fraud detection), A}FAHA[E(asset allocation), F-=9] 3 (default risk) o= 5
& A7 3L Qdnk ofof] whell, BAECIW w8, et 22 AAEA
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o YUY S, HYE 5 AAXND Y () GDP HHE) 7T A
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7 WA 8012 AXEARS A5 "Held dagEs A48 W A4 He
714 ojg&olth. GDP AAE oSl AAdAAL, au- 54, 271 3 22
AR 2T BSERET oy} I ARpESE @A o8I ol o
BAMgE0] 4 F71E 2l =&k (business cycle), FA| g Foll A
T FAS AAE T e FEo R vgEe EHE Holr] ulelth FAM
FEo| Zh= olHe B4 19

al

(sequential data)ol] S34El Qe WelES oldaor sty

&2 glolelof EstE tjxA el gy dare]E& o2& RNN(Recurrent Neural
Network), LSTM(Long Short-Term Memory) 5°] t} ¢ ¢1zE&2 24
YELIE a0z AAste] AA AT} o] d4H ZFE(sequence)S 3}
shith RNNS 4] A1 AR Sleo} A4E o428 o8 A8 o4z
Ao E8ste WALR FolH o AZeAS Hhgdtth T8y, oFR YE
92 FROINE T4 AMelA AAE Auot ol BAE AX B AHew
HYEE Iel A AR Elo] ST & Qrho. ol wetels] 98 2ok

19) o] EA 2 2l “The cat, which already ate..., was full.”¥} ZFo] 71 FAFQ] QF thof7}(cat) E49)
SEE(was)7HA] G v|A= BSE sHEsh] o2 em(Ng, 2020) o= 56 AAIEAE JAl &
A7t At
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LSTM(Hochreiter et al., 1997)2 Z+ A|3 Y H0 ARV} o|F A|dor A
e ARE ur)ol AV|E o A AHY AR F A AHe A
of #redd A Aoz 7|dste] Ajdom W wAe] HJHE FA FAH
I o2 GEEEE It LSTM2 0|5 E3) RNN©o| Z+= vanishing gradient
EAA A Am7E Fadel= 2y oMol 1 gaFol Aol ¥t
ojF el Wt FA3] ARl FhHE ekt

(Figure 6) RNN and LSTM Algorithms

<RNN>

|
X¢-1

|
Xt+1

Note: RNN cell(square in the diagram) takes input x, and hidden layer /%, ,(containing past
information) and generates /,. Output at time / is calculated by a linear combination of
nodes in 7%,

Source: Amidi (2021)

<LSTM>
h
‘A
Cis (R .. N G
x) \*/ ’._ 1 ’
t (tanh )

fe itr-h:_*,r 0 r')(i:

(| l
g (4] tanh a h
hal 11 1 ) i

/

Note: LSTM cell (square in the diagram) takes input x, and hidden layer /%, ; and generates
hidden state %, and cell state C, at time /. Long-term information of LSTM cell at
time ¢ is passed on to the next LSTM cell by cell state C,. Output at time ¢ is
calculated by a linear combination of 7,.

Source: Olah (2015)

20) LSTM &ae)Zo] gt Al AWe “<i® 3> LSTM 2aela e 2zshe
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Fo FEol LSTM 2uel5e 488 A9z 4
g7 3o wlg} o] AFHHo YD),
ofe] ey atoluelst AE I GPU,
AL Aol B EA BAE, AF)

BAsH ofe] Niolq e AV B3 ek

2. GDP nowcasting

X oIl GDP nowcasting—% 9ot deyjd m3dog LSTM g1g|&2 o|&
shith LSTM de]&2 AA7HAE AFgAIE A RS & ohdet 3toflA o
|5 HEES 7:1%‘2‘%% HEolth. & dagES HlolE e ARE 25 iy
stEg ofg] FAMGY] AAE F2E wofstal T FAAEE Fi7] GDP
AEES dSstedl 28T + Utk 53], DFM AR oA AHE golH
= &8 e=N Ft7| GDP s A BAMee] HAE shastal AA
1 BAAAE | &8 4 ok LSTM date]s A% 9 8k52 Python 3.8 H

oA TensorFlow/KerasE ©]-8-3}o] =35} tt.

39 ShATThY. Quty R R Ll
F#(training) % A B(test) Ho]H = L}% u}%, FAYolE S o] 83}
o

£ FA3stal Al
A7) AT JAFAIE T %Li(%ﬂ%‘—iﬂr e 7H¢)9P 5 R(
W, &8l (epoch) 5)24 B sho|wu}2fn E (hyperparameter) 3lofl 4] of &2
A5 Aol geuEE 3 o R o] ol S5 LSTM A g o]
of| =8 S DFMo|| A9} ZHo] 201749 187]3E 20214 357|712 GDP AAE &1

21) 3470 €9 W= A 157Y7F BEAE o] 831 1007)] =2 TAE 2928 k= [STM ¢
TE=e 55141709 etulg g LA

22) H LSTME ©] 88 HAMS ol 5282 Hopp (2021)& Firslet

23) £ A7 DEM A3 Fold B4E U8 GDP JFES sigtlolelo] Zgslolrt. 9 GDP 448<
shGeloEollA] AQlg S R LSTM o}OMJJrE}UIEi HRA ojZo] Lol oz Lhehdr

24) "y "etnlg HAHshe Qutdos Hey duaZe] ey apHo] Ijolo] A4S Has)
o] 22 AXtela, &S 7t gatug ] s u]Este] AL gradiento] vlE|ste] Tatu]

£ A8k A2z o]fojItt. | epoch2 HA EddolE ol thel stetn|E 24L& 3 A 4

k= A& oujatct
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2] o] Ao xpe] RMSES MAER W 7hslglr)2s). sto|wufatn] el o 7] A
AZE AAALL] npxep AGAHS 7|20 2 AE0 A7l HAstEE e grid
search WJAlo 2 A3ttt o, o]y URE HZ(validation) Ho|E =

Uiro] dgmgo] aidolelo] waT(overfitting)s) 4] SH=E s1e7c}o).

(Figure 79 Real—time GDP Nowcasting Process with LSTM (2020:Q3)

Update forecasts Flash GDP
L release

f !
20.6.19(Fri) 20.6.26(Fri) 20.7.3(Fri) 20.10.23(Fri) 20.10.27

[ [ ) ([ [ (]
Estimate DFM 1t update of 2" update of ('I;r%/le;?zugr'\t/legr) Final update of
Train LSTM* DFM & LSTM  DFM & LSTM i : DFM & LSTM
Forecast 3Q GDP**  forecast and forecast and forecast and
using LSTM decompose decompose decompose

* This training uses monthly GDP growth rate estimates generated by DFM
** This forecast uses monthly estimates of economic variables generated by DFM

- 2
<Training Data’> <Predicting Data >

Vintage dataset(20206.19) | | Vintage dataset(2020.8.14) |

» Standardize Data
Estimate DFM
parameters(20.Q3) ‘

Filter-smooth
(Variables est.)

gdp cpi prod

20.3 -1.3 1055 1107

gdp cpi prod

Standardize Data

Filter-smooth
(Variables est.)

4 e - ez [ Data for prediction in LSTM

5 n/a 1047 96.2

1 n/a 1049 107.6

201 n/a 105.8 109.6

- n/a 1058 1055 | Training data for LSTM

gdp cpi prod

6 -3.3 1049 103.1

3 13 1055 1105 gdp  cpi  prod 7 na 1049 A 503 43 02 49
-104.9 - - J| mo | o R 4 28] 06 -66
5 n/a 1047 n/a 11 0.3 -0.6 0.7 9 n/a n/a n/a 5 24 02 -70
2 i3 @2 - 6 33 02 72

201 01 06

7 n/a 0.0 0.5

. -1.5
2 0.5 0.0- 8 n/a -0.1 -1.2
4.7

3 1.3 -02 9 n/a -0.1 -1.0

Notes: 1) The data spans the last month of the latest GDP growth rate. After estimating
dynamic factor model with a vintage dataset, Kalman filtering-smoothing are used
to estimate monthly GDP growth rate.

2) The data spans the last month of the target quarter. Kalman filtering and smoothing are
used to impute missing values. The lagged GDP includes the latest GDP growth rate.

2, uf B7] vpxet APA GDP AFE AE5X9 952 2HRMSE, MAE)E 243625 slo]T
gtgtu|E] & A Adl+= walk-forward validation(rolling base cross-validation)2 %]-8-3} %1 t}.

26) djolg] =79 v|s] TtetulE]$7) t] B2 EX(over-parametrization) &2 Q13 HEd 2
Arlolgo] /g W 2F S ShEotol(HAT) AlddolElo] gk &S H1 —E—%tﬂolﬂoﬂ
dhat elZele e 4 ok

25) AAG WS A B4 v 27] A2e HoleAS o] 8sle] AR AYmyS shadtA Ho
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(Table 2) Training Dataset for LSTM"
Input Label
(34 Variables®) (flash GDP Growth(%))
19:M10~20:M9 20:Q3
19:M7~20:M6 20:Q2
04:M7~05:M6 05:Q2

Notes: 1) The dataset from the past 15 years have been used to forecast the 21:Q1 GDP
growth rate, and lookback period was set to 12 months
2) Monthly GDP data generated by DFM is included in input(34) variables

of

3, LSTM o380l 8stel GDP AHES ol5% 1 ol 2 A &

_11)14

= R 4zt il AAESE oSl 8EA] AAs|oF 3tk & 7t WS
7]7H(lookback period)o]2}al shw, =7]7to] 1271€o]H, 20200 457 GDP
AAES A& of 20208 195E 20209 129712 9] 347] L9 AFAHE420)
BEAS ol gal Hrh. LSTM shesoll o §Ei= Hlo]E|A& ofg) <Table 2>9]
FE= A

#% LST™ %ﬂ‘%*Eﬁé 5ol AbgRl 2 Sto|wuletnE S <Table 3>of A ]3H3
t} WA, LSTM A= 3 o] #=7]7kKlookback period) 157|142 AA355ch
LSTM A9 ‘ﬂ% AT HIEYIE B=717F 15709 gi-8-8H= 157 LSTM
cell= o]FojZItk 7} LSTM cell slid o] A5 Wol =717} 10081 243 =
(hidden state)@} AAFef(cell state)E A5t o2 €2 LSTM cell2 AEs}H,
GDP AAE o ZX %= ulA|u}t LSTM cellof| 4] AE 2UZ0] e AP AT}
AAFET. shstolE= DEM(159) d2] A Hlo]EE o853l Ry a5
gt A5 diolg= Ed|olE 9] 20%2 A7t vpAure R Hey mtetu]

HodS arefste] w £7] 50071 LSTM A& shsstal, AARE A1
FollM= 2 AgE oA B/dE GDP AHE S5%] 500712] th3Egke o8-

ﬂi

27) 3478 4 AN % DFM AWmgoz A=7} % GDP HAEI ofe} ZulAA Fu(in],
T 5)E EFh. GDP AAES] 3, 6,9, 129 #EAE AA TR 1, 2, 3, 427] BEA o],
U] 717+ 4y J 51 4-H2sHKalman filtering and smoothing)2 3% Fholt}.

28) 9 AFAFGE F27F Badsta wiebulE 47 got stsAnrt glolE R & 3
L RAoR oA 9y E A3l 159 9 204 4=%to]%, X (recursive, H]O]E] AJZFAIE-E 2001
o2 1%) BAE 47 ALste] AFeasE Brkstilen, &t 7ht astE = AP
A esk Ak,

29) 9Ed-& 7] gEtE ke o] Aoy A s daeEat 22 ShaagolA el dol ol weEk

mio rL i



(Table 3) LSTM Hyperparameters
category Hyperparameters
number of nodes 100
activation function sigmoid
lookback period 15 Months
loss function MSE
optimization algorithm Adam Optimizer
dropout 0.0
epochs 3000
training data All data
validation data set 20% of training data
ensemble 500

um DFM3} 0] LSTM AA|7F AA AW AE A5 GDP 448 24

=3 o
% GDP A48 ol 5A9] Aol AW & 77 A7t FEE 7
E

wol WA A71550 WAL odfT 4 AP,

2T T5E AdSAE FEUSY 42 AdH webA By Ao SN 2= d5X9] ¥E
Ae g el & E7IdelAE 22 ol daed 2 E 2 AYRFS o]
Aetal, g AAIRE AgAleli= DEMoA] GE7] W7kA] ASAE H% ASdole s AH
LSTM A2 ge] A8ale] 2 AgAol tEREANDS A5t

30) LSTM ﬁ%‘ﬂf‘fé ST FE3] 2 (3000 epochs o4 dE2|9] Ht, FHEkE, ARG 52

SE A el 7Y A A5esE nol

31) LSTM wﬂw 3 74 HJE]XI glolE Al Al B W Hasls HaoR o33 WE
29g Hajd 4 Sl ol Sof 20204 89 7% o]F %_ Azt AujAETIA Sl A gl AR
FiEo] 144 MIElA]  do]EAl(2020-08-14.data)ol]  EFFEQIchH, 7Y HlE]X]  dlogAl
(2020-08-07.data)ol]] A5 FEX|YF Lt glo|EAl 2020-08-14-vl.dataZ} AH|AFE7IR]S FIEZ]
= 2315t 2020-08-14-v2.datad ASF] AA|7F AE 23t}
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DFMI} LSTM AW m &S o]93he] 20179 157]52E 20219 357]71%] 7]
Zrof] sl AA|ZF GDP nowcastingS AlA|8LaL AA] GDP AAE £HX 9 %
A tiH] &2 *HRMSE, MAE)E B7Ist 3 th(<Figure 8>). F+ 2y RF A%
AlFo] GDP HHE £HA gxdo tiidss dSeart doiAs Bags
Hth o]= DFM#} LSTM ARy T lod JEE as2or &3
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nowcasting®] o]zt EAS 1T o, <Figure 8>9] Ai}= F g o] Al

L Aog e £ Q). EF|, DFMY} LSTM A
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o] B £ AR Yepgth o= A AT viel ol ¢
7|9k LSTM Aol ¥4 7k v ‘3‘4 Az o= A
oF goldt Zogh= 7o Faet
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v A S2A7F FARE e YERH olof whsf, LSTM AWy o

Al A7155= & 22e)

AYAEN A A ] St SRRl Zexje] g ke 4
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A, FBolEd BAS 28] e e we et 246AE
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(Figure 8) Model RMSEs and MAEs Throughout the Forecasting Horizon
(2017:Q1~2021:Q3)

<RMSE> <MAE>

1.6 1.0

—=— DFM(flash) oo —=— DFM(flash)
14 = DFM(provisional) ’ = DFM(provisional)
12 —— LSTM(flash) 08 —— LSTM(flash)
10 LSTM(provisional) 0.7 LSTM(provisional)
’ 0.6
0.8

0.5
0.6 0.4
0.4 0.3
18 -16 -14 -12 -10 8 6 4 2 -18 -16 -14 -12 -10 8 6 4 2

Note: The horizontal axis represents weeks until flash GDP release whereas the vertical axis
represents forecasting error(%)
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{Figure 9) GDP Nowcasts (The First Half of 2020)
<2020:Q1>
2.0
LD
1.0
0.5
0.0
=0.5
-1.0
=15 u
Dec Dec Jan Jan Feb Feb Mar Mar Apr Apr May
13 27 10 24 07 21 06 20 03 17 oO01
—e— DFM Emm Prices Labor
—e— LSTM International Trade P Retail and Consumption
m flash Surveys = National Accounts

*  provisional B Manufacturing

<2020:Q2>

-4

Mar Mar Apr Apr May May Jun Jun Jul Jul Jul
13 27 10 24 08 22 05 19 03 17 31

—— DFM BN Prices Labor
—e— LSTM International Trade W= Retail and Consumption
m flash Surveys mmm National Accounts

* provisional mmm Manufacturing

Note: The solid dark blue line represent the DFM forecasts of GDP growth rate, the solid
purple line display the LSTM forecasts of GDP growth rate(%)(The horizontal axis
represents date of forecast, the vertical axis represents GDP growth rate(%)). The purple
dashed lines are the 5% and 95% quantiles of the 500 LSTM predictions. Bar chart

displays contribution of news to DFM forecast revision



(Figure 10) GDP Nowcasts (2020:Q83)
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GDP Nowcasting Model Specification
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Block Transf
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Note: Trasformation : 0 — raw data/ 1 — Ist differencing / 2 — log differencing
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Dynamic Factor Model and Deep Learning
Algorithm for GDP Nowcasting

Hyun Chang Yi*, Dongkyu Choi**, Yonggun Kim***

As economic uncertainty increases due to the COVID-19 pandemic and climate
change, indicators that can judge the economic situation in a timely manner are
becoming more important. Although GDP growth is a representative indicator of
the overall economic situation, there is a limit to quickly assessing the real-time
economic situation due to publication lags and the low frequency nature. In this
paper, we develop real- time GDP nowcasting system that updates the forecast every
week. In this system, Long Short-Term Memory(LSTM), which is specialized in
time series among deep learning algorithms, and Dynamic Factor Model(DFM) were
complementarily used to enhance forecasting power.

Both DFM and LSTM appropriately captured the actual economic situation. In
particular, the rapid decline in the GDP growth rate in the 2020:Q1~Q2 due to the
COVID-19 pandemic was detected early, and signs of a rebound in GDP growth
in the 2020:Q3 was also quickly captured. In addition, the LSTM showed relatively
high forecasting power in a situation where economic uncertainty has increased,

such as the COVID-19 pandemic.
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