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and Cryptocurrency Price:
An Econometric Analysis with Big Data
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2017-11-01 https://twi XF7| % 9|7 THel B E Q1 M OBHE ALX|BE_ " #Bitcoin $BTC #H|EH 2l
2017-11-01 https://twi [H|ER Q1] 2 AEH2{ 20| A 2{2H0] 4 http://slownote. kr/221131047527
2017-11-01 https://twi 2 HEZH0] 1087} § HIER QI Sile c o |
2017-11-01 https://twi' HIE 321 800THY = 24|,
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2017-11-01 https://twi#E| ER 2 HLCE 71 S:ididg9so#H| ER QI HL|ChH|ER QI 1 U#H| ERQl Thofe M T A Tol# o S 0f#2t S S AL
2017-11-01 https://twi #8| EDB QIRAE] = r49q0m5f1 [ZOICH 1#E|ERQIZHEF ACI0H #H| ER QI H ST #H|ER QI #H|EB QI A4 #H|E
2017-11-01 https://twi #8| EZ 212 0t Ta3j9q2pm18 ?H|EZ Q122 ACI0|H #H|E3 Il Folofb] 48| ERQIAIAN_BCI0IH 48| =301 48| =230
2017-11-01 https//twi #&7EFHETHE #8B|ERQl Z 47t EAPRUTIBRO|E G 48 L E7IE 2 B EDQ 70| #&H ERCIZLEFOH #3F #&t
2017-11-01 https//twi S0H3HH S 0H3401 800 THO[H| O[X... H| E 910] A DAICH
2017-11-01 https://twi HHE T QIS AHEHO{ OFSH ...
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Date Link Text
2017-11-01 https://twi BIER QL.
2017-11-01 httpsi//twi Xt7| HZE o TH 'B|E Bl AO{8FEl REX| Bt
2017-11-01 https://twi [BIER M) 2 &2 Hai 20l M2 4 http://slownote ki/221131047527
2017-11-01 https://twit 2 A THO| 1087+ F B ED QI Ghle o
2017-11-01 https://twi | E 32l 800THY H QL.
2017-11-01 httpsi//twi HHIER QI gooCHY ETF T 7 FHAIZ HY 27|02
2017-11-01 https://twi BIER QI X| 2 0|2tz AtotsH=ZT}
2017-11-01 https://twi HHER QI7FA H A LS oHE 2t 252|321 http://blog.naver.com/sealove0721/221131040433 ...
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2017-11-01 https://twi St Sak3#0f gootto|U| O A...B| EZ 210] A 2 A|CH
2017-11-01 https://twi BIE B 218 ApEtO{OFa} .
2017-11-01 https://twi: I E A 10| THStQI7t? AtES M A0 MOl Mg O 0 M B EJ QI ATHAD.
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2017-11-01 https://twi A ZEM] HEI|~ Q142 HEAQ 1580 &X'
2017-11-01 https://twi BE2 24AIZHH0| S=F0|QLE 102t BIEDQIFHAIC] QOigtoH @5 XHo2 ~17| 23 2g UM #HEACI
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2017-11-01 https://twi BIER L H7F TIX[SHA D RIHE mf oldof S8 QQln FH O HejHEa=aa=a=
(&l 4) Filtering Data Set
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Date Link
2017-11-01 https//twi BIEZ 2!

2017-11-01 https://twit AH2| HFE O|F TH H =301 A0{6HTl Y|t

2017-11-01 https//twi HIE T2l 2 HZH 2201 A H2Hojl 4
2017-11-01 https://twi DETHO] HiZH F H{E 3 QI THA2  CiA
2017-11-01 https://twi' BIE R 21 St = Qi

2017-11-01 https;/twi H|E2 01 Dl ETH T8 FEAIT
2017-11-01 https//twir HIEZ 2l X2 0|2t AOFSH=27)
2017-11-01 https:/twi BIEZ 21712 TL Aol HMH 25030
2017-11-01 https://twi 5}2 ¥ H{EZ QI 0|0f7| B=AHZS HERQI
2017-11-01 https:/twi Of HIEZ QI A% 22| TR 2 0[R2

=]

0] 7|1

P

2017-11-01 https:/twit SIAH S0HSHOf BHO[H| O B|EZ Q10| A 0 A|Ck

2017-11-01 https://twi BIEZ 212 AHSHO|OF}
2017-11-01 https://twi H| E 3 210] CHEIQIT} AFESA AO
2017-11-01 https:/twi' BIER 2l L{7F =0t 9
2017-11-01 https//twi LI HIEZ Qo= =4
2017-11-01 httpsy/twir 2ZEHT TE2|~ QI

ol

A

10
e
m o>
=]
i
g 2
I

Cl+Z HER
2017-11-01 https://twi BF2 A|ZHH 0| =50 % H Ot HIE
2017-11-01 https://twi HIER QI A|ZHE £4
2017-11-01 https://twir H{E R Q1 &7t FIX|6FA DQUSHE [ QIAoff

B dAFoMe mA EQEAAN 538 o
Eﬂ £ CSV(Comma Separated Values) & 2]2] dk
Y T2 WMAAZ7] 98l shte] ES WE-

=2 AYsIAthA s = 5, 2014). A4 &
A= A& FA7F 5017 ESIE sl HlolH
2 JAAEARE CSV F oM e = T HolH
Q12137 ool o]e} o] A HAgolA
v @S glole Aol "ﬂoé}‘jr. o] 2]
RO A replace $<2F HF R4S AHE-sHH
esiA AR 4 Atk 1 thadll 22 YrlE
7}137‘]“} Zokg(ﬂ AREEAY T2 FEHE "}*O“

G 5SSt FEE Tk dE
01 A wFp, v I go] ok dolE l
JOW Xz w| P, ‘HEFARIMNAP, ‘BIES
JEEr9 22 AP o 2EOHA WEYA
EF, EEL SNT 5 04d ez A8 &
ol ‘AHOJHAYEYIAEZ] Y3 og BY
Al7lE Aot rR7IA 2 F77 34} o3 %
d=2 dHE FLMFAh AT 2= URL
I EFEA, A 5 AASI E44 Zagt
tlelg et FAFAT el o]FA HH 7t £
o HlolH = ¥
o THYL 32 st

oz HE

o o

_IZ

rlo mN o

Text

oH o5 HYo= AT7| PR UE YB+YYH HERAY Oj

a17] flal Shrell A 71 B2 sl FARE
o] o] &3t= Aefi AC|ER] ‘B I} ‘HHIEE
}dx%o]_oﬂq o]—Eﬂ_J:]] }\]x_‘% }_\1 }\]X]—;‘({Fg }\]Zl-
o] A A AA ¥l 24A17F AHEo] Jlorg
HIE Q] 714 o bt dlolEl= 4ol A4
HIAN 3L QB E V) ATl 2712 7|Z2o0=7 3
|, BIL 1 7o) AP, HHIEE oA

F7IE F8A1Y Fo AR F2 A
Ao AFS FLS

o

N

i
7F4(BBP), YHIE HIE ] 7}Z(UBP), T H
F(NEU), 5] F(POS), #7401 F(NEG), L=
3] Z4=(KOSPI)7} ¥t}

(E 1) Variable and Definition

Variable Definition

Individual cryptocurrency market
(Bithumb, Upbit)
t Calendar time in days(1, 181)

BBP Bithumb Bitcoin Price

UBP Upbit Bitcoin Price

NEU Neutral Words

POS Positive Words

NEG | Negative Words
KOSPI | KOSPI Index

i
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4.2 HEjA 2

2 B4 $9817] YaMe 94 Fea
EXE B3 Bod FHLETN FHFolor &
o FEAT £ /AT e Ao g o
dolm, Fejx BHL #A T #4L oA
B B2 FEete Witk B AT
REW Tol A AAXNA ge EHH
tolE 9] EAS 183l 71Y=r) He WAL
W Belshs WAL 9k o8 §18) Ry
ol gl W0 e NEA Feja B4
3712191 AL 5eh(Kkma), 55 HKomoran), it

& (Hannanum), 18] 31 7173 # 2ol 7]2-E RHINO

THA] A H Aesto] vl
£ RHINOYA 717
ol Ag s AAEYE

W Bttt 1 Ay HA
[gst FyEeng
vk dlolE oF 109+ 79

He A& E48 ) A3 dista vld o]
AFAE A 7kst RHINO £-4171% ) 11,2005+
AHE FAYPoZ FAS BEXE EHS

(& 2) ofHRI7 IS

Of7relctof chet HEfA &4 oA

BE A Ao ARrrt 501, <3 2>9 o]
OE FeHi 24715 @ Hojr] @47t
obd EH ol ghe AsE AAGER Ho Hat
AFs ds 5 Ak

4.3 4 =4

23143l vlo]yd(opinion mining)©|2} T &)
= 34 BAL grEd] Uit S 17
olvf A, FHA & BHste Aol A
(Natural Language Processing, NLP) 7]& |t} u}
2l Bl AE 9 FA R BAET} o3l AL

Ueh 3 lertel 248 93 Basof s
A S E83tH VB HoE F4 e #
ol o\ ANE 2ta A=A HET £ Jom
2 44 B4 24 rgodA] HAEE o
H, & 248 78S E43ted #-838 digte] #
thAYGR 5, 2014)

Kkma Komoran Hannanum RHINO
ol Z] | NNG | oA 7P e E01714Ith | NNP|  opR|7hgeE017)F | N o}¥ 7] | NNG
714 | NNG o] /I 7} | JKS
o / JKM Atk [ E W | NNG
Eoi7} | VV o / JKB
Al | EPH 5/ VV
vt} / EFN o] /| EC
7} | IKS
2 VvV
t} | MAG

Sentiment
Lexicon

Inner_join

Data Cleaning &
Morphological Analysis

Text Data —————— Tidy Text

Group-by
summarize

Count Summarized
Text

(12! 6) Sentiment Analysis Process
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315# Eﬁﬂ Aw, A4, 8%, g8, 84

2

s 1
h, B, B9 | U W, R, R, i
g}
%a} uhﬂ u}z
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A, 9, A, A, 2R, A

2
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28 2T ol J1 2ol T 24

I:IO

ol 2} olFlel F4 2 WA g Fofslok ke,
ojuj 2 Manning et al(2015)¢] A|A|$+ TF-IDF
(Term Frequency, Inverse Document Frequency)
HE o] AHg-H) TFIDF= 5% ©ol7t ¥4 U]
oA ekt AF SHHEA Bole wEs 2
842 A A2 o 2 wpgolt). s
Qe WA FEte) Jje e skl ] ol
TRIDFE #4837 33713, o144, 2018)
EHOE FHY FoAAL. Y R 3

o] B 24 e BE ATA E 20919 9
AL wdste] AAEQPom, HEHoz FH
2827H, 78 0] 7947K, S HOl 21,5497 7F == H
At =EE FHS} T - FAHAY A=
<3 3>of YEhgich

4.4 Hl2 A¥

24 g HERR] 7HA ke F5E B
£ A7) Hof WA @92 278 (unit root test)
S &3] 7+ AAD dloEl e A4 (stationary) ]
ne stolstgich. gheF wglze] ZA3HE non-

stationary ¢+ A| A€ HIo|HE 12 AME-8HH 4
FABA7} gl HpTtol = vl 7t A7}
A= AAH Kol 714 3] F(spurious regression)
FA7L BT 5 Q7] wEolh

341 @9 A% W oll= DF(Dickey-Fuller),
ADF(Augmented Dickey-Fuller), PP(Phillips-Perron)
77w o] 1, Dickey and Fuller(1979)7} A4 &
ADF(Augmented Dickey-Fuller) A7 0] 714 H#H 7
ol Z AFolME o]E o]§dt @l HA

2 AT,
4.5 37|24

SPUGA Fho) 5, 390 7, ¥4 57}
FE0 WESS) 7o) HHE AukEe
BAE AR d3te] HARNS ABHA

BitcoinPrice; = (,+3,NEU+ 3,POS+ 3, NEG;
+3,KOSPI+e,,

o] 714 thcoznPrzcem_ tAI ol A iAZ 49 ]
E]l /M S YEi L, g yERS 9|3t
Uz B, B, BT TAHE (A the T4
of &, 3] F, 780 FolH, p,= FART
24 tA13 9] KOSPI A5=olt}. ¢, & tA - i7
B B I il 1=

4.6 Granger Causality Test

Granger(1969)° 2]8] HZ & A|¢+E Granger
Causality test= 7+ §15= Atool] A2#A 7} EA)s}
A& AR 7IMolth Maso] AL U=

&3 YA T ofH W7 Q] WSrolal of |

'C = A
WS A% WA BERE 49 AHSEn
B AT FALHE B vhe Aot &
WA w2 MERQ JHAo Rt

8} M= 9l 120 A BAY e
o 948 St gk MER 126 sl 4
Pog Qa we AgEe] MEZAS =5
He 2AE S7kshs 99 Jﬂr%ﬁm =k
& 97) WEolT. Wep vzl 1A o] 44
3] vlel 9 HALA, o 24
Aol W3l HEFR 714 WEo] JES ulH]
A& A3 H 7] 913} Granger Causality testS
AN 9 HKim er al, 2015). °] & F 3] AL
o7 Uehld ok 2rh

Y, =20 00X, +ZI'):15'X— it en

Xy =2 Y 2 —jtey

o714 y= HIERS] 7S YL, x= 5

T, 54 7, 40 5 47 ﬂ%‘%ﬂo}%‘i‘:‘r.

2231 A2 241 A SAIRRA] A A e Tt
S APRa HFHOoE SAAE HAYsAh
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V. ¥4 Az

5.1 £eI2 A4 2o

>

Z AAE HelHES B9l 4 oRE I}
ost7] 918l t2h 2] ADF 274 e AR
ko] whel A ST

(E 4) Unit Root Test

(3 b) Regression Analysis(BBP)

FE&HAT| 59WEST | Co eff. t P
14331.1
Constant (65430.0) 0.219 0.827
443.8
NEU (100.7) 4.455 | 0.000
POS 48335 1) 305 | 0.022°
BEP (2096.5)
-4942
NEG (698.0) -7.080 | 0.000
-4714.3
KOSPI (3024.4) -1.201 | 0231
EA% |R?*=0.227, F=14.17, p=0.000

e AAAE AEAA L

t P t P
BBP | -2.05 0.56 -12.70 | 0.00™"
UBP -1.98 0.58 -11.54 | 0007
NEU | -3.53 004" | -1527 | 000
POS -4.32 0017 | -16.95 | 000"
NEG | -3.90 002" | -16.78 | 000"
KOSPI | -2.46 0.39 -14.52 | 0.00™"

<& 4>9 @92 A AHE B, 1% FolF
oM EE AAgo] B9ZE THAE AeE
YEh 2 AJA 0] nonstationary st A o] Q1%
Atk ool wet AALEE Aol B AAE
2 W3t 39747} Granger Causality testol]
Aash ol BAAE VEATI] 9% 7
ol 7] 91al RY forecast H7| A& AHE-
ot 1 Ad, FEHSR HIESR] 7R =
T Hol 7, 54 &, 740l &, 1
Q1 KOSPI A&+ B gho] 12 o}
13 27 A0 e A AR 49 E S

5.2 2|7E4 21}

<3t 5>= =g A

o
N3
X
1o
=3
m
> M
e
N

A Bl HESQ FHF o] 4
Z

[
s, $44Q o] Z7hsH9 wAe) HE
7

(3 6) Regression Analysis(UBP)

TS| S-S | Co eff. t p
13834.0
Constant (72094.7) 0.192 | 0.848
61.27
NEU (111.0) 0.552 | 0.582
POS U72134 5 074 | 0.000™
UBP (2310.0)
-3567.8
NEG 769.0) -4.639 | 0.000
-6911.5
KOSPI “324.0) -1.598 | 0.112
EA% |R?*=0.187, F=11.30, p=0.000
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<k 6> HHIE HEFR 714 tig 3]
2 Adtolth. WA | AAGTE AHEH, B H]
EzQl 7H R oA et o] g4 5 F]
FEF FS € F Utk F S| EY
ol HHIEFQlol| e T4 qdES Hol &
g QHIE S RIEFQ] 7HA L AFsgitt vl
Z AbgEe] ESfE RIEAI O tief #8#)
JAE T HRIE HIEFR] 7H4 -2 fetst
o webd ESEA Y &8 o] HIEQ]
7HA e G WA XS olgks AT
717,

W Y0l SE AT foinlg
7 R, ol 94 WSl ME=Y A B
oA Fho) 77 felshA Jere 2% o
2 A8 Hol Asfeltk. A% SUH /4 W
2 Mol PEs Ao S olst 2
A3e w3 7 Adiold AT F7)
2 5o Bty e F7ke A%,
Frke 9 oekE S melsE, v
ERIREDEEDRER)
B Azko] Aol wek Aeka

o
ok
x0, I‘lO =
o n_., O{N

A AN Ak 2, viE o] e

FRol 4, 390 &, 2| 5o ol vE

=9 /b WE WA ke e 84
7

ausality test=
218 T30l - 3R] 4, 49 & 4
2 AR JIAAA7E A=A

Sl 7}—11_ —LE A A}l A ‘IT’]O]'%\‘:]’ 0]?4 7;:334
= F9Ho] 49} vl v E QI 71A 7T AA

(E 7) Granger Causality Test(NEU & BBP)

lags | Null Hypothesis | Obs F P
NEU = BBP 2063 | 0.153
' " eer = neu | Y7 [T10s16 | 0.001°
NEU =+ BBP 2929 | 0.056
2 BB 5 NEU | 1 | 5519 | 0.005°
NEU = BBP 2.600 | 0.054
S eepoNEU | 7 5.053 | 0.002"
NEU = BBP 2.850 | 0.026
* "BBP & NEU e 4665 | 0.001"
NEU = BBP 2.815 | 0.018
> BBP # NEU 169 4.034 | 0.002"

(E 8) Granger Causality Test(POS & BBP)

lags | Null Hypothesis | Obs F p
POS = BBP 8.084 | 0.005"
Y Bep = pos | 77 [11203 | 0.0007
5 POS == BBP 175 5.426 o.oosi"
BBP = POS 4237 | 0.016
POS == BBP 3.787 | 0.012°
3 BBP # POS 173 3.172 | 0.026
POS = BBP 5.121 | 0.000"
* "BBP =+ POS 7 2742 | 0.030"
5 POS = BBP 169 4287 | 0.001"
BBP = POS 1.979 | 0.084

S0l Fof vl BIE S]] 714 Atold Q17
HAZE EAT=A dotr 7] $18td Granger
Causality testE A A|3] <3 8>° QeFsttt @
A Aol 5 B IAARH SAAHA] A5
fFrofngt FE S RS & 7 e, o

7

244 3ol e MER

9 7b210] G P A o9 4
=
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SRk ek A7) dtkar & 4 <3 10> “‘Granger Causality testtNNEU & UBP)’
Eoxe AR B, FEAF &, 7S E
(% 9) Granger Causality Test(NEG & BBP) < HojFETh o] & BH <3k 7>9] Bl HE S
VA3 F4o] 7ol ek G Causality test
lags |Null Hypothesis| Obs F P 7}:# o ;L:L]/\EH r;:lgzr = ausa;yze;ﬂ
| | NEG#BBP | | 2740 | 0.100 427 fAH s 2 IH= Tl
* ==
BBP + NEG 5472 | 0.020 T HHIE HIERQ 7hA o 3AAEE o9
o | NEG #BBP | o | 4061 | 0.019 A7 HAZQT, YulE vERQ /1E =3
BBP == NEG 3.094 | 0.048 QAZPEE SARLA| BAA o2 Rttt w
; | NEG #BBP | | 398 0.009" 2tA ol= 7Hd E A A|ske 2y & 4 Qlok
BBP = NEG 2.653 | 0.050 thul JH|E 71F o g RE o] 7o) oty
4 NEG + BBP 171 3.575 0.008* A7} 2Po] 2 HE PHE 714079
BBP 7 NEG 3283 | 0013 Anck 287] wEe o] Mol vhal o Bast
NEG # BBP 3.039 | 0.012 o1
5 169 8 ATt
BBP # NEG 2.765 | 0.020
< > Bl Zop WA HIESSl A1A A} (¥ 11) Granger Causality Test(POS & UBP)
o]9] CIFAAE HA3 AyFoltt AHZES lags | Null Hypothesis | Obs F p
B & ko], B = AS 143 A] 1 POS ¥ UBP 177 1.791 | 0.183
= HA B EFC 71Z 4 g8ke nx)x] Faiuh UBP =+ POS 0.137 | 0.712
NARY ASH o 1A W] TS F g [P TUBR | gy | 1450 10289
041;], le_ ‘EHE1 Oﬂ}‘i/] /\/g 71 é-‘j} H]Ei(ﬂ UBP -+ POS 7.453 0.000*”
V N POS == UBP 6.160 | 0.000
744 Atol QA #A 7 EATE Aotk = 7} 3 173
Ao zarglA wa DS AT 344 UBP = POS 8.139 | 0.000
Smone T Af o POS = UBP 4.930 | 0000
£ Astae 1A2REH A& SAHeRZ 4 UBP = POS 171 5960 | 0.000°
o o]lEl APNE ) B o3 [e) . - P
frelg 272 %011 Ao} & = 39 A=A POS = UBP 5.805 | 0.000
= YEoE W] vk & 5 ok > usp»rpos | ' [2472 0000~

(E 10) Granger Causality Test(NEU & UBP) S 11> ZHo] ok Slu|E WE Q] 747

lags |Null Hypothesis| Obs F p ©] Granger Causality test A5 HoFr} A
, | NEU = UBP | __ | 1476 | 0226 ZH0] 2 R 1 2 AAE AHE 7120
UBP # NEU 0.001 | 0.977 BUE Qake v XA EET 3RS 19
NEU # UBP 1.595 | 0.206 =
> [usp = nev | ' [eo22 | 0001 lT]:] - :J;j Z_iﬁfﬂi&i; iéii ji}éq
3 |[NEUZUBP | | 4108 0'008:; ol ;}; t;p:].oﬂ QS H)AG= AL E=ah) 5
UBP # NEU 8.465 | 0.000 v /AR o=
, | NEUUBP | _ | 309 0.017?' A9k 2A A HE QHIE S HIE S]] THAE 3
UBP # NEU 6253 | 0.000" o ol 1% fFelFEAA AFBAT} e AL
s | NEU UBP | | 5145 0.000:: 2 Yehyty] wio o) dutake] <lutdA 7}
UBP # NEU 5391 | 0.000 o}y oprako] <lu AR Blolsit).
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(¥ 12) Granger Causality Test(NEG & UBP)

lags| Null Hypothesis | Obs F P

NEG =+ UBP 4534 | 0.035

! UBP # NEG 177 2975 | 0.086
NEG = UBP 2413 | 0.093

2 UBP =+ NEG 173 1.895 | 0.153
NEG = UBP 4271 | 0.006"

3 UBP # NEG 173 2534 | 0.059
NEG = UBP 3.434 | 0.009”

! UBP - NEG 7 3.306 | 0.012
NEG =+ UBP 5917 | 0.000™"

> UBP # NEG 169 2686 | 0.023"

<X 12> FAo] ¢ QHE HEF]] 714

o] QB{FA A AFolt). o 33k npel o]
gol 71 QHIE 714l WA= FEFo] 143}
H Aoz {osigint. oj¢f 22 Aie
AZA A FAo] F7 AHIE 7HAH L 4
HEAE B A dAghe At & 5 Ak
Hkt) o] 73991 JHIE HEFQ 714 & 3427t
Ae FAo| Fofl F3S v|AA] Fhrt 4413
o} 5A1AL A BAIHCE fFojn|gk ARE e
WUtk 22 H0 2 7o B Fu GHIE
o 714 WEd dFS vA s et A
£ Rol|A|uh A} A7) Al whet YHIE 7}
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and Cryptocurrency Price:
An Econometric Analysis with Big Data

Sangyi Ryu" - Jiyeon Hyun™" - Sang-Yong Tom Lee

Abstract

Around the end of 2017, the investment fever for cryptocurrencies —especially Bitcoin —has started
all over the world. Especially, South Korea has been at the center of this phenomenon. Sinceit was
difficult to find the profitable investment opportunities, people have started to see the cryptocurrency
markets as an alternative investment objects. However, the cryptocurrency fever inSouth Korea is mostly
based on psychological phenomenon due to expectation of short-term profits and social atmosphere rather
than intrinsic value of the assets. Therefore, this study aimed to analyze influence of people’s social
sentiment on price movement of cryptocurrency. The data was collected for 181 days from Nov 1st,
2017 to Apr 30th, 2018, especially focusing on Bitcoin-related post in Twitter along with price of Bitcoin
in Bithumb/UPbit. After the collected data was refined into neutral, positive and negative words through
sentiment analysis, the refined neutral, positive, and negative words were put into regression model in
order to find out the impacts of social sentiments on Bitcoin price. After examining the relationship
by the regression analyses and Granger Causality tests, we found that the positive sentiments had a
positive relationship with Bitcoin price, while the negative words had a negative relation with it. Also,
the causality test results show that there exist two-way causalities between social sentiment and Bitcoin
price movement. Therefore, we were able to conclude that the Bitcoin investors’behaviors are affected
by the changes of social sentiments.

Keywords: Bitcoin, Cryptocurrency, Social Sentiment, Sentiment Lexicon, Sentiment Analysis,
Opinion Mining, Granger Causality test
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