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Forecasting Cryptocurrency Prices in COVID-19 Phase:
Convergence Study on Naver Trends and Deep Learning
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Abstract The purpose of this study is to analyze whether investor anxiety caused by COVID-19
affects cryptocurrency prices in the COVID-19 pandemic, and to experiment with cryptocurrency
price prediction based on a deep learning model. Investor anxiety is calculated by combining
Naver’'s Corona search index and Corona confirmed information, analyzing Granger causality with
cryptocurrency prices, and predicting cryptocurrency prices using deep learning models. The
experimental results are as follows. First, CCI indicators showed significant Granger causality in the
returns of Bitcoin, Ethereum, and Lightcoin. Second, LSTM with CCI as an input variable showed
high predictive performance. Third, Bitcoin's price prediction performance was the highest in
comparison between cryptocurrencies. This study is of academic significance in that it is the first
attempt to analyze the relationship between Naver's Corona search information and cryptocurrency
prices in the Corona phase. In future studies, extended studies into various deep learning models
are needed to increase price prediction accuracy.
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435 (cryptocurrency)x= WEH T4 Q] kA
g AHE Al E5AQ 7€ ol&sto dHE dX
g sho|(digital currency)e]tH1]. 2009 H]|EFQI
(Bitcoin) Q.2 el AJZHE Qtosle= df S 749
ohgeh Aot 7t 'Skl on, ol e stE A4
£ SHCE EUsHA A= ok S| ZH4EO 2 A
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£ 20204 2¢¥ 259 1002 71=8tEA 24717 F
HigtS HolFleh (9] dlojw I2u HA A5
(Naver Search Index)= NSLZ HA|SIt},
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20209 % FHx A A o]F F2 IR
(confirmed cases)= AH8|4 78] F7] 59 W9z
o} Holulol2| A 5] ¥ Aol we} F71et 4
HHESAL Qloh. SR} fasitt oA 55k 4
A9 B EE #ord Aotk Kim(2021)
U Z2Y X2 IS S| mE A=Y 3
ZAFE KOFI(Korean COVID-19 Fear Index)&
Algesletal, =AMl 7o tiet FFEe AT
A3 7oAl R FaFe WAL USZ HHEHB2L

Y Z2Y AR AHE= ourworldindata.orgoll
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Sh= 20209 29 2095H 20219 12€ 31974119
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2 d7olMe FAAES COVID-199] Higt 53t
ARl A=A FE AFES7] Ysto], vlolH A2y AM
Al4= NSI®H KOFI A4F Z¥sh= CCICOVID-19
Composite Index)S 24 (1)7} Zo] AokstcH32].

ANSI, + AKOF],

ACCL = ——————, 1)

where ACCIL =1In(CCIL,) —In(CCI, _ ),
ANSI, =1n(NSL) —In(NSI, ),

NSI, is Naver Search index on day t,
AKOFI, =n(KOFI ) —In(KOFI, _ ),

CF,
KOFI, = —————— |

> CF_ /14
k=1

CF, is COVID—19 confirmed caseson day t,
CCI, =100.
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Fig. 1. CCl and COVID-19 Confirmed Cases Trend
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2 AFoAE =W AaolA A= e RS
o] 53kl HEFQI(Bitcoin), ©|E Bl{Ethereum),
gto]EFQI(Litecoin), E&(Ripple)Tt ZAH F717A]
$(KOSPI index)& &4 diifo=oi, 247t A&
2 BTC, ETH, LTC, XLP, KSPZ HA|tt}, Gz sl
7ML 9] A Q] ASIHAHAA G EAH
A(https://upbit.com)oA F3RL ZAT F7HA]
= A a(https://krx.co.kr)ollA 20203
202199 4 714 AmE Folsich A= 717HofA
Aot HEFRIQ 71A WE Fol= Fig. 29} Atk
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Fig. 2. Bitcoin Price Trend
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R,=In(C,)-In(C, ) @)
where C., is crypto i and
KOSPI index price on day t.

Table 12 H|EF?], o|fg, Fo|EFQ, 29
A LolEo] gt 7| 2FAFoltt

Table 1. Daily Return Statistics on Cryptocurrency(%)

Statistic BTC ETH LTC XRP
Mean 0.234 0394 0.112 0.167
Std. Dev. |  3.709 5.005 5.406 6.787
Skewness | -1.790 -1350 | -1.028 0.209
Kurtosis | 21.852 16.327 8513 14.012
ADF 2683 | 674" | -11.67° | 256977

Std. Dev.: Standard Deviation
ADF: Augmented Dickey-Fuller test statistics

Table 1914 & Bt $E2 °lH &0 0.394%

2 7F &0kon, 080 EFHAR 5= WE
A(volatility) #&0°] 7P & 6.787%5 UEl1
itk g, H]EFQL, ol g, golEXQI, BE BF
$989 BE= 2 Ak(kurtosis)E HolH, £94&
E3x0] G14L 7175k k. ADF BAFS HER
Ql -26.83, olHgl% -6.74, Bo|EFQI -11.67, Y=
-25.692 YEh} B%E 1% ROl AR/
Qlo] &S 712513ict. webA HEAR, o]F
2, ZolEXQ, 2E $YE2 A (stationary)¥]
AAE A2dE HogF

3.2 & dA
3.2.1 J3K QIMEAIE 0188t CCI XHS| S|
7t I 24

Ut o w A AA |, a6 At 7 24
A} 22 A2 o] 2474 71|, sjAlFo|EQF &
22 WgEo] HEFQS E3TH
ook 7HA9] A4 RASE dEA Utk 15t
AS B4 432 d5sh o 247 o= 7
AE(price bubble)o] &}, o]o we} FAAA
718 A3} B2 JAE 5 A9 gQlo] e st
¥ 7HAo] {2021 S nXAL S Hela Atk

B Ao AE 20209 % TS COVID-19 H
9 AgolA ZEY SME Fxet HESRS FEY 7
A Ack(shutdown)oll 2J5t A 978 W47 &
S3f ZHHo] mFl JFES EAStA ek
COVID-19 w9} ghito] wha} ExAE9] &9kl
7t Aot 45 Mo JFFS wE & qirh
FEY # FAREY AgA42l CCl 249+ 9l
&5to] hashH o] ve 7149 & wf Aol &
o=t A5 flste] 1A QA HE
(Granger causality model}& £A43it} 7|& 4F
TAEY A Aol et FAAY] F7F A U9
FFHE A Hoto] T:A AATA =P F
AHeg2 IA0 F7E]4(KOSPI index)?] $=IES
283t OWA QA A |9/80] veRdTHd
vlol HAR| R} A2} GRIA} F=o0] FHI} 453}
H 9] f=olEo] 1A Qo] EAE Telm, F
A AFH ZHAA 2 Ao AobE FARE AR
9 842 It & 4 Qo
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CCI X 29| 455l A g0 et T3HA Axht
Al AL ()3 Zt.

Ry =wy+ 2 Ryt tﬁi,ACCIt—k 3
k=1 k=1
Y AKSP, te,
k=1

where ACCL = ln(CCIt)*ln(CCIt,l),

(KSP,— KSP,_,)
KSP,_,

KSP, is KOSPI index on day t.

AKSP, =

Hy: 811 =842 = =Fiy—p=0

A B)elA EgdsE | 4ostH 9 p-lag $IE
ANAL AR, CCl A49) p-lag 21 A& AAG =}
&, 393 3A3 989 p-lag AAE A=olH,
FTEHPE | G2 Y £ AAE AR 1
AaA =P9 AFHE Hy& CCl HMEd
57 B oold, A4gol AF 24 An A7
Mg 714t B 224 AEAeel CCrt
A3t 714 HEH Aol glon o] o]&stH
AdsslE 714 & FJRadyt e vl

AN o
)

ox

i
filo
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3.2.2 CCI-LSTM &2 0185t Azt 717 ol%

E2 A= AR CCZF 3std| 7HAo 1A <
o] Yeht= AL CCl A#9}F LSTMS S35t
A5 s 9] vl 1AL A&ttt CCl A&t 453}
H9] 7}4E AR of= HEd BY LSTMS &
o dssh 714 59 S AT 4 Qi
Fig. 32 A33h 714 59 A% A9 YL 2o

F7 9k
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Fig. 3. Experimental Design of LSTM

2 A 92d 239 358 tlo|E(train data)=
AA 71749 70%°l sfdst= 20209 29 2195
20219 6¥ 109704, #A54 dlolH(test data)=
20214 69 1195H 202149 12€ 3197149 713t
oty ¥ A9 A2 Python 3.85 THoA
Tensorflow 2.4.13} Kerasg ©|-&sto] gttt
G55k 714 &S At ded 22 dssh vt
At 22 AAE Atz o] §31d LSTME 28§
51, A3} ¥ wE 98 <= RNN(Simple RNN) 2%
T FAR ded 239 A3} ¢aE]E2 adam,
243} g4+ hyperbolic tangent, Ax=8<52
2008714 Agstoict. sk HolHo| XA3tH
LSTM 23& Zo} A58 HlolE oA thx 2ol =
sk A& M4 S Ao, AR dEst 7HE e &
0|t AAFst= RMSE(root mean square error)=

ol g3sto] % HIE H|wstct.

4. uH

mx
]

)
4.1 KN QA 2ol M ZAu 24
COVID-19 W9 70412 COVID-19 & H|
o] A4} 2 P XA frof] 7] x5}o] A|
AbslE KOFI A8 23St CCl A9 gsshd 4
Qg tigt QAL A RE T;A QATA
A (33 ol&sto AT EASTH

Table 2= A AFBAY H& Al XHoptimal
laglet =HW4 CCIY 7t AlA}e] Hist 24 A&
Hoja Q.

HI

Table 2. Granger Causality Estimations on Cryptocurrency

Lags BTC ETH LTC XRP
Optimal 4 4 4 1
0 CCl -0.028""" -0.023" -0.019 -0.022
KSP 0.038 0.084 0.041 0.100
L Lo 0022 | 002777 | 0,025
KSP -0.091 0.026 -0.031
L3 CCl -0.014" -0.013 -0.007
KSP 0.054 0.157 -0.042
L cCl | o017+ 0.009 0.019
KSP -0.006 0.133 -0.024

Independent variables: CCI, KSP(KOSPI index)
Optimal lags based on HQIC
T significant at 1%, 5%, 10%
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Table 20041 34| QAaTA0] et HH A=
HQIC(Hannan-Quinn Information Criteria) 7|5
of ofste] A4kt A A= BIEFQL, olHg
=, HO|EFRIY A= 4, P& 1E UEHTh

J3A A3kA 4] (3)9] 24 A3 BAHEseel
A3 F7HAE 82 Ala 1 (LDOA (9] JFE

Hol1 glovt BAH {94 yeA] edgtth
H, CCI A &= AR 1(L1)oNA ()2 FTFHo] yet
o HEFZ 1% Fo5EolAl §94<Q1 1A
JUITAE HAIL, o] R} Fo]EFRIL 5% 7+
FolA FYHQ1 A LA et B4
A Mgl CCI7F F71shd HIERC, o|E 2, &
O|EFQI9] &L thy & stetel o]F Fol= o
Al BHsoke 44 HolFa Slt £9], HETQILR
FEAAL AgA4=Q1 CCI 7} A3} 4717 = 2141
WA 1ol YERAL glof HIEF RIS H|E 429
of tigt Aol FstA yehtal Slch

9 2E2 f93HQ JITAE 2 5+ gtk
Mensi et al.2021)2 ¥=5sH 714 WHEA Ao|Y
BT AL BAS A3 HIEZC, o|H R, FolER
A2 7H w549 A9 ransmitten)® HEsh=
A 21E2 7H MEAY 4R Kreceiver) AT
St A0 E EA6ITH33]. HIERRL, oHEZ, 2to]
ESIQlo] £714 dashy T4} A4roE QIAEIIQL
= 5, gE2 99 g5 Eoe 7199 &
Ao, EALL o] w2, 7HHSHA|, AEsH &5
Shs 2e HHoR wheoll A TREZEA g
=8718s0] &S A% B FA2PY7 24 ol
EAQ1 SWIFT(Society for Worldwide Inter-bank
Financial Telecommunications) 5= &3 24 4
dozZ &8EY ot 20219 T V|EeR gE 1 2
Adg 7L 1,02090.2, HIEFHQI 56,784,000¢, ©]
922 4,500,5009, 179,1009€2] 0.002%, 0.023%,
0.57% +&% Aot} AA A Assh A=k
HEZAfo]n] FTolE APFolA JFHo] T
Grayscale Investmento] £A3}1 Q& 45 sy &
EEZ7Q {AEdE HEZ], ol5EE, ZolEFY
o] AT gE2 FASHAL QA fof, TE A3t
HErhs 2lE&o] FARLY] TiolA Za Hlofd & QL
oh & A At £4 7I7teA HIERR] 71HE 23
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Table 3. RMSE on Cryptocurrency Prices Prediction

Model Period BTC ETH LTC XRP
ANN Train 0.0579 0.0315 0.0480 0.0429
Test 0.0838 0.0690 0.0721 0.0734
Train 0.0167 0.0239 0.0235 0.0285
LST™M
Test 0.0283 0.0341 0.0291 0.0349

Table 3914 ©<= RNNEH= LSTMY] dl& 24t
RMSE7} HIEZQ], o]H 2}z, SolEXS, & 7]
A 2 g2 HofFal glof desh 9l ts ¢ 7t
2 5] Aol ¥ ¥25 € & 3 o] dd=
St5-8 HlolE et 458 HlolE RFolA AEHA
Eht. s 7H4 Q) AIAE 5400 71 71 £
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Fig. 4. LSTM Predicted Price and Actual Price
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