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B Abstract &

As the blockchain technology attracts attention, interest in cryptocurrency that is received as a reward is also
increasing. Currently, investments and transactions are continuing with the expectation and increasing value of
cryptocurrency. Accordingly, prediction for cryptocurrency price has been attempted through artificial intelligence
technology and social sentiment analysis. The purpose of this paper is to develop a deep learning ensemble model
for predicting the price fluctuations and one-day lag price of cryptocurrency based on the design science research
method. This paper intends to perform predictive modeling on Ethereum among cryptocurrencies to make predictions
more efficiently and accurately than existing models. Therefore, it collects data for five years related to Ethereum
price and performs pre-processing through customized functions. In the model development stage, four LSTM models,
which are efficient for time series data processing, are utilized to build an ensemble model with the optimal combination
of hyperparameters found in the experimental process. Then, based on the performance evaluation scale, the superiority
of the model is evaluated through comparison with other deep learning models. The results of this paper have a practical
contribution that can be used as a model that shows high performance and predictive rate for cryptocurrency price
prediction and price fluctuations. Besides, it shows academic contribution in that it improves the quality of research
by following scientific design research procedures that solve scientific problems and create and evaluate new and
innovative products in the field of information systems
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(Georgoula et al., 2015; Karalevicius et al., 2018;
Matta et al., 2015; Stenqgvist and Lénno, 2017).
e ag AFellA] &8 Ado] H(NLP) 7]
&2 daste Aol ARl 22ol= AEA Bofe 9
vl o} Wehs AestAl jhdatA] Xgvke A7 A
o A Y/ Hed Vs &
29 7ke] A5 vlag B3 AT7F Jes]e] gk
(Sin and Wang, 2017; Yang et al.,, 2019). I
ANE9 AEEE 40~70% AteloA, s /i
o] I 2&}tKStruga and Qirici, 2018). ®3} #7]
2Rl AIZE Thej ] o & AT A, freide] F 4%
she| Al 2 &-5}7]0l= A o] ATk
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71(24A17H) F7F &S A% HEld GHE B
Deep 4-LSTM Ensemble Model(D4LE)S
staal ghth HFE TES S T 2d
& Age: 9 A sHoverfitting) o] 3k &
< Bty d& A4gst dSo] v} Lk
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2.1 etz st

o+ 3 3} (Cryptocurrency) & EZA4¢1 7]& 7]
1] ‘b5 3Hcrypto) 9}, & 3Hcurrency) 2] A+ 4
A& 183 WS ovshe ‘sl'E ¢ o
A9 g & ofn i (iE Y, 2018). EstH =
dlolE & 4k H2lslhs 4t Y3 (Distributed Led-
ger) 7S 3 BE AR HEE Al A
YHEAE Bied
< AYE Alojatar 418 =
Vs 71E w8 A" gE2A AfEva &
T AtHEEZE, 2019).

Fo dEstRE vESR] olHels, #E]
Rom 2 A= o)y & (Ethereum, ETH)
of Uist 714 dF Bas 53 20154 v e
3 Fel9(Vitalik Buterin)o] 7§13k ojdg]&-&
Ethereum FoundationoA] A|)38}al & 24
2~ ZRAERA HEFRIY o] T HAR s
Atk AA 7)5E Q= HEFII = T2, oy
g5 AvlEA K (smart contract) 7]&S 7]y
o2 AAE HES e BoflA FREHES
aQtE|o] 24t tsshHeka EE] L QItHWood,
2014). S+ss}, Aksl HAsh Fol Bl dANE



Development of Deep Learning Ensemble Modeling for Cryptocurrency Price Prediction 133

IThOd 3, 2018).
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ak)Z “olt g F °H'§‘{%9] °§ FEES M A
ghal Agsh oldE]wo Al 7|tz B
CHblockinpress, 2018). %3+ Liu and Tsyvinsk
(2018)° M2 daside F3) AE, AANBA
28Rl 24 Aol =EEA el AAA 7HA] 3
717t S A k] wiitell, tEstH AlgRke]
QAER F9 o o] 7hsat, ElAGe] ety
A A9 Gs FA ¥ 0w wEAlh &,
A58l vlolEl= 71 oSl QoA dsstd 2|
o] AAEA Aol Fa38tA dFE v ZItHRaju
and Tarif, 2020). o]oll, & 3}d 714 o=
o] A Aol A AAE AR 7uke® 7
%o} gt Greaves and Au, 2015; Madan et al.,
2015.; Spilak, 2018). zg]ate] E Aol A HE3E A
AF 45 A doled tigk &4 &2
LSTME 7|Hte g 3t e s 53}

4

FE3 714 dlE3 B A ATE AL

dolelol ue 37b4 WelE BHS F Ak 1)
YAE lold e $83 AT, 2) vaed/Ped
& 283 AT YA2E violds} v Y/
d BT 389 ATE BRE 5 Ao

A WAZ BAE vleld e BET Ha Aol
A, F2 2Av] 9 7L ARERY daE
dolelg FEste] Y BAS B9 gEal 7
7 e|Zo] ARt olefF ATES WK
B4 dlol8 AARTHE AXZ) Folit 514

A 2 A
ER YeEhl= 4E7E o F&3ithe MHE
4 377} Atk Abraham et al., 2018; Bollen et
al, 2011; Matta et al.,, 2015). &=3F ElAE )49
A E7) v Algeic Ao vkgete Jwt

kA

ru1o

N

g} dukslr) o grhE EAl7F dth(Karalevicius
et al., 2018).
T HAZ Ay 245 283 A ool A

=, WA wAlyY e ged 2d HjuE 5
gk tE sty ol So] e rHGreaves and Au,

2015; McNally et al., 2018; Struga and Qirici,
2018). 53], 55 A AAIGA SA4 3 v]AdE A
HEAS 58] fel Held Rdo] AMgEE
T7F EhdkebAl FaE A Qv Jed REe o]
at7] ol ExAdolA ndg A ey s5s =
=3l A8 ol Fo] 7hssithe Aol lthKhare
et al., 2017). Greaves and Au(2015)+ Support
Vector Machine} Neural Network 5 M4124
duElEs &8 duste t49 g sk
o] Aol gt oS3kt &, McNally et al.
(2018)9} Struga and Qirici(2018)= &4 2
Y& LSTMS &8ato] d53id 7149
g F& AEsitt 7S A5 4]
@99 71 dSe] AlRHSloH, S
AZLEE= 40~70% FFo2 we Holr)
Ao 2 g ~Ento|y i mAled/Held &
A BE 83l dpE0 9

12

=

_l

Sh 42&

du e =
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(Georgoula et al.,
2015; Pant et al., 2018; Yang et al., 2019). o] &1

FEE BrEvloly BN dAHoR F 3

5
O ARE FEate maled 248 stk e
ATES BA7IYE 1] PFES AEd Ao of
24 A3 ko] AEAQL v aEA ks vk
SHAHE 7HA AL gk Eok dest] 71E oSl
H2~E wlo]yd BARTE vl g/ Held 4
g dAE AAActs A7} 2tk(Jain et al

29 Awd A7E AYPHe), 744 WEAol
2 okasl 54 Wil 60% olse] Aemehe
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51} 7] (coinmarketcap.com) &

SEE B AR
Esh FAAE] gol

2 , 45
7 2 7V A7) FolE hssty
HaEe] 7HA& ﬁéﬁé}‘ﬂ Azt £ Aol A
F3l 20159 % 8¥FH 2020
ol %(ETH) 74
CAE dolEE £ 1,624Y
tlojg o]tk 744 wolEl= A
#HDate), ] 7HOpen), 127HHigh), A7HLow),
Z7HClose), A #H(Volume) &2 67] 2 4] ¥ o]
ATHZHA 715 =el])). HlolE= 24A1Kke} A%
wof I Aol dekaiat sk @] 714 oS
(24NZE F) 748 A5l 71 A gsirial wdstack

1o
s
nj
AC)
\j{o
S
m s

<E 1> 7379 dely e 7le FAFeIth £
7Fe] Hit-& 20356 o], H4EghS 043€# 0]
m HUgke 1396429 e ofth. EEHA= 242.26
gelz f540] daths AL ¢ 4 AT AdD
2 S5 Hit o 239 A A= A A 22
AFAE oul gt
3.2 o4 EHx}

2 A3 = ArA 28 (Information Systems)¥}

7AFE %8 Computer Science)S §3Hate] A+

G5t 7HA diolE & &8skt AR £ st YAl Aleld s A7 A E(Design
500071 o]/de] dastd AHF thgst AlA Ho] Science Research Methodology)< 7]9to. & 3shc}
H, Adla E AdF 55 A 7= g ¥ (Hevner et al., 2004).
(E 1) O|C{2|2(ETH) HIOlE] 7|& EAH
A17HOpen) 317H(High) A 7HLow) Z7HClose) A ZFH(Volume)

Mean 20351 210.93 195.10 203.56 2.30E+09

SD 242.26 252.88 229.60 242.09 3.14E+09

MIN 0.43 0.48 0.42 043 1.02E+05

25% 11.33 11.67 11.01 11.34 1.56E+(07

50% 146.40 150.26 14277 146.61 1.17E+09

75% 287.24 29553 27769 287.43 3.05E+09
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A= HAR] Abe]dd s ZEAAE Vo R 4)djely E&o|t}.
SEe buAl o] AAE At A WA A=, A HA R dH(daily) & TAE dolg Ax 2
71E T8 AFolA ZLENY VHES nfgo R o](Sequence length)E 3022 A|Asle] 309
Aol digh AL AT 545 Zeth 7 A 919 wleoly ZHQ) wiE=Z A (Matrix) = A48
AARE 71 sl 7ML Sl Bl dAHE Aok MAR HolE A A= A5 g
NAsL A MAE BHolE & e M2 82 < A3 98 doly 5 null gtolv 002 &
g 5S tARletal AAl gt Al WA AR A AlE dolEE Hifgh(mean) o2 thAlSHATE o
Asg 71V g ey s 2ds it 20151 % dlojEe] A olfglgol EA1E A7
& AR ol fA AR oA 5 RS 2A A 2d s 98 022 A
o] AE Felgh), vix|uto olE] Ft& AlQ)sArk Al WAE weoly A3t
5

3!
i)

(2 g of
1
o

3 B Ee RE S

12 358 09} 1 Ajo]e)
o

ghe.

Aol A Alts) 1 = Wdsigith. vpAto R dely #£3 AAS
o}t [19 1] 2 A7) o AR #3849 oldEls AA doleE ¥ 7:3 |
2 AT ARE AT Aol 22 v} 77 dolE(34 HolE)E Zd
ghpol 283t 359 HolH(BAE dlolH))
3.3 H|o|E| Xz = HEEE 93 &89k & dlelglrt Al
A2 FAH QoA #AE 1EdE, H2E b
2 A= oy dAeE Pythons €83t olEl&= o] Hlo|HRE Attt 1gal 3§
of th&3 Zo] M Atty. WA= F 4DAZE, 9 v}2bv])E (Hyper-parameter) 5 3435 9]
1) Raw Hlo|HE dlel8 2z ¢l(Data frame)o 3 2&H 729 g5 HolEHE 822 5
= W7, 2) vloly AA|, 3)dlely A tsl, 12laL AT FREOE UrAlL
i Our Study E E @ CoinMarketCap i
| 1 I 1
i Problem & Objectives e E Time Series Data i
! . Literature Review ' ! l J' !
i l E E Customized Data Preprocessing Data Preprocessing E
! Design & Suggestions [ Cleani N lizi .
| . Suggested Algorithm | : eaning ormalizing Scikit leain package :
| ! ' : i
i Development & Build E g Deep Learning Deep Learning
! : Deep Learning Ensemble ! ! Build DALE Model . 1
! Technology Lo (Deep 4-LSTH Ensemble) Build 4 Type Nodel |,
SN SR B i ______________________________________ ;
e R T s R i
| v P !
| Demonstration :___"| Price Prediction Price Prediction H
¢ : Apply model H T J S P ——— 4
| e e e
momTmmmmmTTm e ;T - ! Compare & Evaluation Compare & Evaluation i
i Evaluation ' E DALE Model RNN, 1-LSTM, 2-LSTM, 3-LSTM E
i : Comparative Analysis E_’: 7 7 !
| | 1
1

1
1
! Model Selection & Discussion
1
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4.1.1 d2d ¢

. °

e (Ensemble) 8h450]

Holom, el malse AvE 23] 93 A
S2 UE PAAT, B Ao a4 o
29 9% "o PR wde )9 LSTM

Hidden Layer

Output Layer

(Long Short Term Memory) 228 Z§slo]
Aglom o]& "Deep 4-LSTM Ensemble(D4LE)
model, g} o},

LSTM 3417 % (Recurrent Neural Net-
work, RNN) W4 & shjolt), &3 2442 7]
o3l Ael AH(Hidden state)ES &g
(Recurrent) 7% % <4(Sequence)”} U
EE 223K Connor et al,, 1994). A =
o] o] HESYA Ui 719& F43t= 7
HHEE 3 U ES A o= o4 HAZE 8.9
B} =t AFE(Chain) 2 2o] HHEE = Y EY
A5 7MAaL 9or g A4H oHE B A3t

TEE 7R,

o
¢
0

Mo rlr
ol o &
O 1 O

i)
o

Ensemble Layer Final Layer

Input: Pre-processed Data
Output: Final Predicted Data

For t=>1to T

do Learn LSTM1 with input data
End
For t=>1to T

do Learn LSTM?2 with input data
End
For t=>1to T

do Learn LSTM3 with input data
End
For t=>1to T

do learn LSTM4 with input data
End

...continue

For t = 1 (asendig

For t = 1 to each M odel

do predicted datal = LSTM1 result
predicted data2 = LSTM2 result
predicted data3 = LSTM3 result
predicted data4 = LSTM4 result
End
order )
do learn weight*predicted datal
weight*predicted data2
weight*predicted data3
weight*predicted data4

End
For t > 1 (asendhg order )
do final = (W*p1)+(w*p2)+
(WHp3)yH(w*p4))/4

End

[32! 2] Deep 4-LSTM Ensemble Model &12|&1 +=x
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LSTM-= Hochreiter and Schmidhuber(1997)
7} Agest ey gug]Eo® RNNY 37) o&
A ¥A4(Long Term Dependency)S 12 3}7] 9
3 MEE QAT 7] oEA] AT At Bel &
de el e} A dolEl o] 914 Ae]7}
Z=E1A gEoiA = FHE 9y
gt Hochreiter and Schmidhuber, 1997). LSTM
& w7k Alo]E(Forget gate), Y& Alo]E(Input
gate), =2 Alo]E(Output gate), 98 Z4d Alo|E
(Input modulation gate)?t ds 2802 Ae] A
(Cell state)& B atal #ejdtet. 4709 Alo|ES
238 71¢7] 24 ¥4 (Vanishing gradient)Z %
A8k 4= AK(Sak et al., 2014). LSTM< A7

delg o] 47 Aug A4S 7] el +
NS 28 F§ B S =2 AT

oItk (Heaton et al., 2017). 58 Al tigt o2

mlo
JIN > ff o

&5 (Ensemble Layer), 235 (Final Layer) 5

N Fog FARET LSTM Edof glolert 9
=& &9 %017} Wil 2709 24 S(Hidden
layer)% 3 &5 A Pk g3 o3 A%

F& & e Bk 4719 LSTM &
% 9 o= ARge 7o E=s 1
ek °o“o*f‘%"o°ﬂ*1“ % 2AULST™ 1~4)

412 29 g5 H HEE

B Ao A= DALE 29 74 F, A% A5
£ 913 LSTM 2&e] sto]w siepn|e] 23} 374
S AYPPK<3E 2> Fx). 12F B4 5781 (Neuron)
MNg2} <5 39 (Epoch)E& ©AEth LSTM &
2 e 278 2 oY) i R AET 2

< Ya HHdS Hes dPgAFUt A Fol, Ao M= 7w 5 16, 32, 64, 128 20022 )
B3¢ 8 5SS HEA oS 2d gy H7baA Adapsit ®, g 3l 10, 30, 50,
3t A58 B tHJia, 2016; Raju and Tarif, 1002.2 vty 7bdaA Adstgt). g5 357 YT
2020 Ao wd dho] & wA| edal St UF B
PP REE 296 Dile RY TS (00 oW 4T BAVE AR, 28408 e 5
2]¢ 71%\3} Utz E 37 485 (Input Layer), = 3270, <5 AgE 50U AS AT vl d%
24 Z(Hidden Layer), % %(Output Layer), % A7t 7P A Ukt .
(# 2> Z4YE M3tz 510l mf2ti|E et Hs Hlw Lot
Hyper-parameter single RNN single LSTM 2-LSTM 3-LSTM DALE
Hidden Layer 1 2 2 2 2
Neurons 256 128 64 64 32
Dropout Ratio 0.25 0.25 0.25 0.25 0.25
Gate Activation tanh tanh tanh tanh tanh
Recurrent Activation - sigmoid sigmoid sigmoid sigmoid
Batch Size 2 2 2 2 2
Epochs 150 100 50 50 50
Window Size 7 7 7 7 7
Sequence Length 30 30 30 30 30
Output Dimension 30 30 30 30 30
Optimizer adam adam adam adam adam
Loss Function mse mse mse mse mse
Accuracy 62.25% 18.77% 86.21% 8.57% 87.36%
RMSE 18.74% 8.56% 6.89% 7.05% 6.20%
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2% Ao HAY A% A7|(Window size)
2y é fdr sh~(Activation function)ol ot 24
= A3 22F A 1AF A HAEE 57
12 329 5002 wAF A oA
: A7](Window size)= E@o] gy
Ao A ARl B o] d HlolH ME
£ A3 10, 7, 5, 3 A2 Zol7PiaA
degnt, &4l 34(Activation func-
tion)-> LSTM wj¥-9] 27]9] &Y Zo A &S
ZEgto R Wdse s oneth &3 g
(Recurrent activation)i= AWH4 02 ARE-E= A
IR olE=(Sigmoid) TS IUE AMRFon A
o|E #4(Gate activation)S 47F4] &2 tanh,
rely, linear, softmaxs ®]x F4J35}30c) 23} 4
o] AxtE 9% 7] 7, AE &4 2 tanh ¢
o 2o R FASHE W HF doly o5 4
37/]_7]. A% 27 Utk 1, 23 A8 4L AH
F7HAR1 stol mhebuly A 2SS
L ol H]-&(Dropout ratio)< #2438 WA= -‘H
3 7 Aboldl dAH RE QA F 4EE 99
A B &S s, & A= 0.25F A
Astdtk. A7 Z7](Batch size)= AA dlolEE
U A 53 & v UEAY dATE &S
omjgit}, =717t S5 ANH WEYE ol A
437 Hol B AFdAE 22 Xkt HAp
Zo)(Sequence length) 9t 22 29 (Output dimen-
sion)< 30¢ ©¥l® AR 2e]al FE| vkl A
(Optimizer) = Adam< AHE-sIA T =4 84(Loss
function)& MSE(Mean Squared Error)E AMg
k.

)
O_u

- o

o “"
it >

o
rr
3

Mo 1o gl Xyt to
o2,
)
e}

1
filo Lii
S

Ol
o)

42 24 ds ot

ARl Ato]ds A Ale] mpA et dAlR 2 A
Toll A g Held G4E 29 Deep 4-LSTM
Ensemble(D4LE) 3} t}& Rdlzlo] A5S vl
B7rgict v al ot %L%Q—E Hy mdd &

et a

[¢)
4=, A3 AH(McNally , 2018; Spilak,

2018)e 4 &-g31d simple RNN, simple LSTM
7} 27118] LSTM .2 4% /& EH(2-LSTM),
3719 LSTMCe. 2 FA% ArE 2d(3-1LSTM)
ojtt, &gl 7ke] A wlal F7HE flE YAt oR
Zy mehd H Ao sto]H upebnE 23O R A5t
A= o] s Hlaastal o]AH o2 DALE 29
I} 22 stoly R FASEES W 45
Hasth A H7F dx2E &% 32 (Confusion
matrix)S &3 A% (Accuracy) 2 RMSE(Root
Mean Squared Error)E ARt &% 332 (Con-
fusion matrix)> -5 Zdo]A AREE A H7t
HERA & AP e dasis 71 S gig

il

B A% FAE A&7 98 289tk True()
= 24 gho] % gt AABHE A9, False(0)

Al 7 S kol ‘?a'i]’s}x] o 0%3 S
S (Accuracy)E AHEs1SH
S HA 7 FolA &ntEA aﬂéﬁ Hl&2
99 oA Truez &3 v|&S 9n|s}
w 1o 7745 Zvta I3t Foody, 2002).
RMSE(Root Mean Squared Error):= 3t A5
Qs oulstH FA o5 2l gd 4EeE
FHS o) Fo A AF2 AHEECHWillmott and
Matsuura, 2005). 5% 3k} AA| ko] Zpo] Al
S BF gate] Auds A g e e
FA7L FerE AYET) o gegit)

12 vlal J7He 918, 470 vljal REhd A o
stol¥ FEpn|ElE 7] 93 & A4S AT
Single RNN# Single LSTM 29& ¢ 2dlg
A e e Hall 7wl epoch 5 2 256
7} 150, LSTM- 1287} 100714 &3tk 2-LSTM
% 3-LSTM 22 270 LSTM+} 37§¢] LSTM
o2 FAE HE REEA 5 IS Y8l
# 64, epoch T 5002 Ayt HEA o7 A
4 mdd stolg mhEw|E ¢ RMSE Hlal %7t
Aibs <F 2>9 2tk DALER D9 714 52 &
F 7159 A xE 87.36%, one day lagel 715

al

)
=

oo B
o
il
N
AN
o
fru
o
J&%

RMSE A8HE 620062 $5% A58 nelF
2ee AT 5 9
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(@ 3) sYst 71| 2Y M5 HIT W}
Parameter single RNN single LSTM 2-L.STM 3-LSTM DALE
Hidden Layer 1 2 2 2 2
Neurons 32 32 32 32 32
Dropout Ratio 0.25 0.25 0.25 0.25 0.25
Gate Activation tanh tanh tanh tanh tanh
Recurrent Activation - sigmoid sigmoid sigmoid sigmoid
Batch Size 2 2 2 2 2
Epochs 50 50 50 50 50
Window Size 7 7 7 7 7
Sequence Length 30 30 30 30 30
Output Dimension 30 30 30 30 30
Optimizer adam adam adam adam adam
Loss Function mse mse mse mse mse
Accuracy 51.16% 70.67% 80.71% 84.41% 87.36%
RMSE 20.75% 11.31% 9.69% 7.12% 6.20%
Uhgo s vl RAES 5 22 sto|v met skl 7HA A& AlRstslov, BEe AR o]
MEE TARE A REE 4 Aelg A3 EAPh 92E vholds BEF ATES 955
Ak 14k vl Grtell A i RdEe] s = ¥ #E 7 52 e R A A4S Ak
o] S8l AolE FAW Frel ok oher R el B B4 Ashurks AN Folut 5
R5 sdstAl aAstdeh. 1 A3 12} vlal ot A AIS HeEbl= HolE7E 74 oS o &
w9} mpR7IA 2 DALE B =

o2

4o 2
o

%

s A9 B2 RRG 2447 999l b o
A=l

=0 0o]s]l o
Ze 9%

e,
A AT
e Ao

FEFS A WPHEA FAE S tH(Abraham
et al., 2018; Bollen et al., 2011; Jain et al., 2018;
Matta et al,, 2015). 22]aL wAleld B ged 7]
S 283 ATER 9 Hiley Eas gEgo
= A== 40%~T70% FFo= Mol H
tHGreaves and Au, 2015; Heo et al., 2018).
AT o]y e A9 BAdS vlEOE Deep
-LSTM Ensemble(D4LE) =2 7ietgich DALE

o

]:O:E,ﬂl
2

e 3

I

mRe AAY A5 AFF LSTM 29 44
2 PR w49 S|y stehile g
27) 918 4L AR, AuE wde 94
G7keb] 915) A A7l BEE w3k LSTM
23 N4 vhE PPE masde i 242
S § 57 w9 1ke] 4 7} Ak, DALE
welo] 7} 943 Aohe welHk DILE v
Eshl 44 Seb wRel oje JEE 87.36%,
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