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NFT Coins and Cryptocurrency: Price Dynamics and Prediction
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Abstract With the advent of the Metaverse virtual world, non-fungible tokens have been recently
introduced in the cryptocurrency market. Subsequently, NFT coin prices have soared and plunged. In
this study, we analyzed the price dynamics of NFT coins that differ from traditional cryptocurrency, and
compared the future price prediction performance through machine learning algorithms. The following
empirical results were obtained. First, MANA and ENJ showed strong Granger causality with Ethereum.
Second, the quantile analysis results showed that the association with Ethereum was the highest in the
large price drop quantile. Third, in the COVID-19 pandemic phase, the price change of NFT coins was
highly correlated with that of Bitcoin. Fourth, the feature importance of MANA and ETH was high. Fifth,
the Random Forest algorithm showed the best results in predicting the future price after 1 day of NFT

coins. Sixth, the NFT coins have low correlation with Metaverse index.

Keywords : Non-Fungible Token, Granger Causality, Quantile Regression, Feature Importance, Machine

Learning Algorithms
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NFTE A&4Ql a5y} 242 gt 7[aF
o A= w FAFSITH3]. HIEPHAL] 74 Al A A
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2 A" A (economic governance)2} HERHA A
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(digital currency)?l MANAES 53] tRE EXA]
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Maouchi et al.(2022)2 COVID-19 #d9] 7|71
Al NFT Q13 AFH 453 7Ho tAd AE
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I FHol Aog  WHSITHE].  Wavelet
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Q1 ds3pHel NFT 9 7HA Q4 (value
determinants)E B|WsIATHI]. B] 273
(intrinsic value)7t g0z &5k ARIAIA] &S
Aolgk= FAAEY A8 WiH{collective faith)o] 7+
A& A ok, NFTE SAEA 738 E=
T FAFR 7S ATt ks HollA & At
ol& HRITH9]. 1 HE2el A5hHe} NFT 2
TAE Y A
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9] smart contracts®l] 2Jsto] SFEHEZE olrfEE
71A1ke] TAGE B3 7AIgRs daEES 59
NFT njef| 7440l thgt ol& ZTE =AR
Aok AFOlA NFT FZQIEQ] 7Hdo] @7zt
108 o} Z251 Z&Z otiA FAAEY & TS
gk AgolA] 259t NFT 2919 ¥4 A die
o] o]Folx| 1 YA NFT ZR19] 714 T A=
A7 = Agtdoltt, B A= HAGRAC 2 A9
NFT #2919 7}4 98Kprice dynamics)S EA45}11,
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2.1 CloJE| A4

B oA e A TH NFT ZUL2 A7
tlolg gX 7ts 717HE 1Esto] WhHMANA), AlEt
(THETA), AXFIEN)CE AHSIATHS]. 54 &
33hle NFT Z2EZO] 27191 o5 #:(ETH;
etherium)¥ %9 43 3sho]x} Y5 shH A4
FEFEo] 7P} & HIEFIBTC; bitcoin)e A5
ok NFT 391, 423k ¥ JHet 714 ¥ vloE]
= AlA o dEskE ZE Al AR AR
(coinmarketcap)ollA] F£3}3oH, 3] 7|7k &1 7}
5 717+ 1Este] 201849 1€ 179%H 20224 9¥
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o ofeld ARE sl olfER 7o g vhE 453}
HE2A )= ENJoIth

ol AA FZFHQ etherg 7H E5YIF}
A% EEAA AlAdolnt o 5shE o EHEoR
ZE3=t] smart contracte O|H & ZEoA A
Pzlo] thBE NFT9Q smart contract GA|] o|HZF
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Fig. 1. Google search trends on NFT and Metaverse
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Relative Price Trend
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Fig. 2. Price trends on NFT coins

Fig. 19 YEFE NFTQ} metaverse©] tigt AFHES
P (attention)E WA 2021958E Z71617] AlZH]
I ek Metaverses= 20219 10%, NFT= 20229 1
4 S 715 o]F HE S8 IAET) sl
U= & S Utk Fig. 2= ZF NFT 2914 20184 1
4 179 7HEE 715714 12 of= 71 Fol& HoF
I o} THETAZF 20219 4€, MANASE ENJ+= 2021
| 11¥€0] ks 715518t a7t 715 ool
SHEEAE ASSHL Atk

Table 1 NFT %19 &8 211 X& Alo]9] A3t

AGE HolFal Qi

Table 1. Correlation coefficients

Crypto MANA | THETA | ENJ BTC ETH

MANA 1 0.4971 | 0.6194 | 0.5580 | 0.5773

THETA 0.4971 1 0.5481 | 0.5679 | 0.5836
ENJ 0.6194 | 0.5481 1 0.5659 | 0.6005
BTC 0.5580 | 0.5679 | 0.5659 1 0.8363
ETH 0.5773 | 0.5836 | 0.6005 | 0.8363 1

A= o] A 712l THETAE oltlel=it 4o
A7t 718 =A UeFaL, MANAS}E ENJ= A2 A
o] 7V & AWE HojFal vk AEA dasiHl
HIEFRIF o]t g% Aol A= 0.83032 715

Sto] As] w2 dEAS HojFal Sk dAzes
B HEA dsstdlel NFT 291 7H Alo]9] g
= 221l £49] Aolo= &kl JFI] w2 A
TBAS HolFal itk

2.2 24 2y A
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QR(quantile regression), rolling correlation, 1]
I 71ASKs: X9 Bof 7H4 9 IAE melota
NFT #9159 vl 7S &3l

NFT Q1% 42 ohd9] 49182 Eq. (1)3} Zo] =
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Where, r;, is i coin return on day t, ¢, is ¢

i

coin price on day t
VAR 282 Eq. ()<} &t}

yt:OﬁLﬂﬂh—l+ﬂ‘zyt—2+"'+5pyt—p+€t 2
Where, y, is return vectors of length 5 on day t,

o, Bare constants, €, is error term vectors

VAR HE3Z B W Al T3A A3A
AT 5 Qo

and Bassett(1978)2 OLS(ordinary
least squares)°]l 7|5kste] FHok= AFIARLS &
] 204 K 207 B2 FY0%=
Aol SleE A &5t &9 4= IAEA QRE ARt
SIITHI1]. &9 4= IARF S o]8olH THHF BX
9] H(tail) FES FotA AP 4= lojA o]EH
9l 3+&(heteroskedasticity)o|t Y= (skewness)S 2+
F7h dEsiel 22 AF Hold BA9 384
A0 A%t A3 HojEth QR 232 Eq. (3)
i gd e )

(Granger causality)&

Koenker

Qy(T) = XﬁT
Where, @,(7)= infly: F}(y) > 1}
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NFT 2%19] 714 o5& I3 71Asks 23
I 22 AAE A=Y dFolA 5% kg Ko
XGBoost(XGB), Random Forest(RF), Support Vector
Regression(SVR), Long Short-term Memory(LSTM)
28g ggeith12-16]. XGB @S B3 NFT Z<l
744 o At AW AH S8 E4E 5
S oj® 9] Aol A HA=AE A
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3.1 VAR &AM
NFT I &53HE Ato]9] VAR
AlZHoptimal lag)e 8% WERHTE
Table 2+ YAEZDAE=2] MANAC] 43t HE 2}7]
3 AR AaE HoF1 ok

21t
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A3t 57

Table 2. VAR estimation result on MANA

Independent BTC ETH THETA ENJ
L1 0.0415 | _g1p34" | -0.0282 | 0.0536
L2 0.0407 0.0814 | _gos42" | 0.0150
L3 -0.1333 | 91666 | 00119 | 0.0442
L4 -0.0084 | -0.0024 | 0.0188 | og76""
L5 01759 | -0.1646 | 00278 | 00651
L6 -0.1260 | 0.0712 | -0.0051 | 0.0252
L7 -0.1244 | 0.0467 | -0.0212 | 0.0144
L8 -0.0252 | -0.0150 | -0.0029 | 0.0195
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¥
. significant at 5%, : significant at 10%
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Table 3. VAR estimation result on THETA
Independent BTC ETH MANA ENJ
L1 0.0525 | -0.0771 | 0.0254 | 0.0304
L2 0.0168 0.0228 0.0084 | .0668
L3 01561 | -0.0223 | -0.0260 | -0.0155
L4 -0.0285 | -0.0640 | 0.0254 | -0.0190
L5 01343 | -0.0436 | -0.0168 | -0.0016
L6 -0.0496 | 0.1009 | 0.0366 | -0.0140
L7 0.1157 | 9104 | -0.0460 | 0.0460
18 0.0465 | -0.0987 | 0.0077 | qqoeas”

kK *
. significant at 5%, : significant at 10%

THETAS ENJZhe] 2204 Qlapado] 27 vepdet.
T HlEsQlolt ojd ek okt el et
sk 3] MANASKS 1304 Qlzbo] vehuA] esk
o

Table 4% ENJol Tt #e] 7] 2l7] e
g BojEm 9tk

R

Table 4. VAR estimation result on ENJ

Independent BTC ETH MANA THETA
L1 -0.0207 | -0.0301 | -0.0073 | -0.0028
L2 -0.0472 | g1271""" | 0.0184 | -0.0154
L3 0.0955 | -0.0156 | 0.0086 | 0.0060
L4 0.0087 | -0.0115 | -0.0011 | go4g1 "
L5 0.0941 | -0.0490 | 0.0304 |_go482""
L6 -0.0532 | gogo1” | 0.0085 | -0.0072
L7 -0.0535 | 0.0204 | -0.0313 | -0.0331
L8 0.0498 | _ggogo” | -0.0014 | -0.0024

ook

k% *
. significant at 1%,  : significant at 5%, : significant at 10%

ENJ&= o5 g&19] labgdo] ZetA vehtal 3lx
THETASH] QIHI%= &4 yehgt:. 18y HEFS]
I MANASK:= Qlabdo] Yehtr] ot

oltg]29] smart contracts] &J5t] EEEE T
AEZGRE MANASL AHZQ] ENJ&= oldg&3te] 1
WA Aol =4 UEhdaL §loy THETAE ol e
+1+9] J3A Qlabdo] WA Ueht, THETA= MANA
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3.2 Quantile Regression 241 ZAu}

Quantile Regression E4o4+= NFT Z<Q 714 4
o] £9 +HE FEol] FJARMS B9 BoH
#Ao| ofd BA $9lE &9 oMY IFHS £
A3t}

Table 5= oltjgl&ol o3t £9] &= IARFY &

29] SolA9] dgee HolFy gtk

Table 5. Pseudo R-squared of quantile regression
on NFT coins

Quantile MANA THETA ENJ
0.2 0.2811 0.2657 0.2944
0.4 0.2550 0.2320 0.2542
0.6 0.2218 0.1916 0.2039
0.8 0.1718 0.1362 0.1529

* Bold letters mark the highest results.

o= MANA, THETA, ENJ 2% #91
o] 7 W2 B9 FeollA] FQl Ato]] A
o] 7Kg E3ton, 3Rl FollAe olHEe] AW
o] 7Fg &4 UElth Table 5= oltjglgof oJgt
NFT ZRIES &9 4= 3AEFY £9] 48 A¥ES
ZF1 9lom, AA NFT ZRlojA 7K &

0.2014 Aol 71 =4 Yehdth
F2o] Egsl= HolA olEfg&Fo] JF
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ejgo] %

9 oA f8 ol
Dias et al.(2022)2} @AJ3ttH18]. &4
| & 302 ZE ojgy
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3.3 Rolling Correlation

FAAA Afo]9] 7t BXE= FUP Bk W
oA o it f9 1270 8 FAAF Atol9] 7t
X8 A4S BY 2 200899 224 289171
oA ZeHAl VERETH19]. Shi(2022)= = F4]
AT} ofAJof FAIA Ato]S] F7ME BATH A
=3t F= Ato]9] B9 Z5olut 202092 COVID-19
g LAY 22 ol E ¥hAlo] wE F7} 512t =
oA x5} @ido] F7FoHe Bolal QitH201.
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Fig. 3. 60-day rolling correlation between THETA
and BTC

A4zo] B 717t A NFT F3} HEFQI Aol
rolling correlation 22 & W&t 3om, Fig.
39] THETAS} HIEFRI Ato]9] 60U FH doASE
T4 WAE & B Qlrh 59, 20209 3¥ WHO
9] COVID-19 #d9 AHAS AFsie A7t
+0.5 oJstollA] +0.9 oo & oA 1L 9lom, XA W
oa] 7|7kl I Spitke] ol wheh ZEU FE
7t 371t AAE BHESHAA AT 71 A
oloj7}a Qlth. AAH oL FZL; WAy oA ARA
$7} @olx|tir} WA o] Folls F7oks EAS BHolE
k. NFT FQ1¥} vlEFRIS] 24 #Q] ooz &+
SkaL S84 7] oA 7HE 9] FxET 4t
313 Qlth= M2 NFT FQlo] £714 zpatoza g

ol § AA1L

ol gtel

Table 6. Feature importance on MANA

Target MANA | THETA ENJ BTC ETH
Cl 0.2931 | 0.1066 | 0.1278 | 0.2052 | 0.2673
C2 0.3045 | 0.1264 | 0.1629 | 0.1871 | 0.2191
C3 0.2814 | 0.1043 | 0.1497 | 0.1450 | 0.3195
C4 0.2742 | 0.1007 | 0.1906 | 0.1858 | 0.2486
C5 0.2770 | 0.1102 | 0.1811 | 0.1923 | 0.2393

* Bold letters mark the highest results.
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Table 6 NFT #91 MANAS] gt E4 #H40] &
[EE HojFa Q.

MANAS] EA ¥4 £QToAE 39 39| 714 o
Zo|| A o|gjg]go] 7 a3t JsE et A
T3 Yz GEof tigh o= MANA 244 W
9 F8%7t 7P =4 YEd

Table 7& NFT 39l THETA] o
=5 HoF1 gk

5

54 W50 5

Table 7. Feature importance on THETA

Target MANA | THETA ENJ BTC ETH
Cl 0.2571 | 0.1351 | 0.1873 | 0.1453 | 0.2751
C2 0.2617 | 0.1425 | 0.1743 | 0.1431 | 0.2784
Cc3 0.2324 | 0.1476 | 0.2252 | 0.1187 | 0.2761
Cc4 0.2645 | 0.1255 | 0.1949 | 0.1733 | 0.2417
C5 0.2645 | 0.1430 | 0.2016 | 0.1787 | 0.2417

* Bold letters mark the highest results.

Q]

THETAS] &4 W4 F8&oA= 1Y, 24, 3Y
o] wlgf 714 dEoxle olb g & FR =7 7S
A veptod, 493 54 39wl 7HA oS04
MANAS] 38%7 7MY &2 Z3E HoF3rh

Table 82 NFT #<Ql ENJol tigt &4 H39] 54
g HojFa Qi

fF Hie o

Table 8. Feature importance on EN]J

Target MANA | THETA ENJ BTC ETH
Cl 0.2775 | 0.1306 | 0.1538 | 0.1762 | 0.2619
C2 0.2385 | 0.1098 | 0.1849 | 0.1652 | 0.3016
C3 0.2413 | 0.1049 | 0.1654 | 0.1744 | 0.3140
C4 0.2631 | 0.1006 | 0.1908 | 0.1800 | 0.2655
C5 0.2080 | 0.1333 | 0.2014 | 0.1863 | 0.2710

* Bold letters mark the highest results.

ENJO] B4 94 FREOAE 192 Ao o)
29 F9E} b B Uehgon, 19 59 714
oS4 MANAS] 87} 74 %71 hehaet,

Table 9% NFT 31919 g 54 W40] Z0%8
Hstol s
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Table 9. Feature importance averages on NFT coins

Target MANA | THETA ENJ BTC ETH
Cl 0.2759 | 0.1241 | 0.1563 | 0.1756 | 0.2681
C2 0.2682 | 0.1262 | 0.1740 | 0.1651 | 0.2664
C3 0.2517 | 0.1189 | 0.1801 | 0.1460 | 0.3020
Cc4 0.2673 | 0.1089 | 0.1921 | 0.1797 | 0.2519
Cc5 0.2498 | 0.1288 | 0.1947 | 0.1858 | 0.2507
All 0.2626 | 0.1214 | 0.1794 | 0.1704 | 0.2681

Support Vector Regression®] A7} 714 &4 L}E}
ol AAF o 2= Random Foresto] 95k 19 &
7H8 A& Q37 0.04892 71 <sict.

Table 11 NFT %l THETA®] tigt 7+49] o=
ALE HojFa Qi

Table 11. Prediction performance on THETA price

* Bold letters mark the highest results.

NFT 291 AAo] tfgt 54 ¥4 F250) Haghe
H MANA®H ETHO $8%71 7F =4 Uehta,
THETA, ENJ, BTCO] 225 Arjs oz v veht
t}. E3|, H|EFQIQ] ¥dfo| Az oa A Vet
ML NFT Felo] A5#9l 4Edluol= e 714 3

25 Ho|I S & 4 Utk 19, 24, 49 39 1]
2 712 d&oAE= MANAY] Jaeo] 71 =11, 39,

59 9] vlg} 74 clZelE: ETHY FRE7 743
¥ vt A el ETHE] deas 34
w7 VY RS ARE HoiFg

3.5 NFT Z2I9| 7P—1 o =

FR19 714 &S 93t dYHSE=
A JR ThE 3R h—]‘ HEFQI, o]tjz]Z9]
&5l X ?19] nY F9 740l 714
&38EL2 Random Forest, XGBoost, Support
Vector Regressiond} LSTM=S &835}910H, d& A
9] @7 #EE RMSE(root mean square error)s
A&t

Table 10 NFT =
AIE HoFa Qich

VS|

=
=

i

/\L_i

)l MANAY| gt 7}49] =

Table 10. Prediction performance on MANA price

Target RF XGB SVR LSTM
Cl 0.0489 0.0784 0.0658 0.2347
C2 0.0721 0.0803 0.0508 0.3601
C3 0.1209 0.1197 0.0783 0.4726
Cc4 0.1461 0.1479 0.0881 0.5420
C5 0.1684 0.1746 0.0838 0.4559

* Bold letters mark the best results.

MANAS] vz 72 gt
Random Forest, 204 54
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Target RF XGB SVR LSTM
Cl 0.0505 0.0532 0.0856 0.0788
C2 0.0760 0.0804 0.0824 0.0993
C3 0.0813 0.0782 0.0860 0.1371
C4 0.0850 0.0802 0.0857 0.1325
C5 0.1042 0.1161 0.0920 0.1853

* Bold letters mark the best results.

THETAS] v]2f 7FAo] gt oll& A= 19, 29 &
+ Random Forest, 3¥, 4¥ %9 717 AZA=
XGBoost, 59 #9] 7} d&oA= Support Vector
Regressiond] AZ7F 7F &4 Uetth ZAAHo=2
& Random Foresto] oJgt 1¥ 39| 714 d& A7}
0.05052 7P $<=d}tt.

Table 12+ NFT 2<1 ENJol| gt 7HA 9] ol Azt
£ HoFa itk

Table 12. Prediction performance on ENJ price

Target RF XGB SVR LSTM
Cl 0.0596 0.0859 0.0982 0.0855
C2 0.0960 0.1272 0.0751 0.1041
C3 0.1191 0.1459 0.0764 0.1056
C4 0.1493 0.1562 0.0851 0.1466
C5 0.1752 0.2084 0.1047 0.1997

* Bold letters mark the best results.

o
jal

ENJ9] " 7HEo] gt A& e 19 3=
Random Forest, 29914 54 o tigt 7H4 o5 4
T}+= Support Vector Regression®] 437t 7F &7
et AA 4o 2= Random Foresto]l 2Jgt 1€ &
9] 714 d& A3} 0.05960.2 7 @A ekt
NFT 21 7H4o] tigt ©7] &< 19 £ 7+ 4
Z A3t= Random Forest9] ol& A3} 71 <=5}
L, dl& 717ko] ZAojAH SVRO|U XGB 239 A&
237t 955H et Iy oS 717e] dojd
45 SVROY XGB 239 95 24 RMSEZt #AAl=



NFT 213 423 714 it A%

gA40] Yehtn 9lo), 47] olEHrhe Random
Forest 0|83 The do] 714 cl&o] §840] 14
ackn & 4 9t

4. HIEHHA X|5=2] NFT 32! 714 o= 7HM

S&P Global> B3 F738A 71%(extended
reality technology)& ol-8stc] E24 MA L 7Hde]
AA7L &t Aol SEEE ANTZAAHEE HEkH
A AHojeta, HEtA I R4 7HEE9] Y
2 A5slsto] HEMHA R4(metaverse index)S T
St QtH21]. & Aolde S&P Global®] S&P
Kensho Metaverse IndexZ ©]-&3to] NFT <! 714
9 A& ALE ML & UA=AE BEAUTE S&P
Global& 2018\ 5¢¥ 3195 E dE= dwepHA 25
£ ISt ot

Table 132 20184 5€ 31¥°5¥E 2022 9€ 30
G712 9] 7|7to| 4] Random Forest &g 9] AHH
FE WA (5E F716k= 49, NFT 291 7149
A% 4IE st Hojsa Slth

Table 13. Prediction improvement on NFT Coin Prices
with Metaverse index as feature variable

MANA THETA ENJ

Target

without | with |without| with |[without| with
Cl 0.0414 | 0.0407 | 0.0512 | 0.0519 | 0.0661 | 0.0641
c2 0.0633 | 0.0637 | 0.0683 | 0.0662 | 0.0798 | 0.0828
C3 0.0718 | 0.0729 | 0.0777 | 0.0785 | 0.1096 | 0.1188
C4 0.0804 | 0.0808 | 0.0844 | 0.0869 | 0.1185 | 0.1304
C5 0.0844 | 0.0849 | 0.0977 | 0.1009 | 0.1271 | 0.1372
depA JE 7IdEe] M 2AHYS HEske

S&P Metaverse Index® YHHFE F7lok= H¢
Random Forest 289] NFT %! 714 di& A= %
@71 &2 AQstd 1 /i B3 YEhA] o=

MANA®} ENJS] 2@7] A& Aot 97 7= A
o2 Uehdtt e A 34 7|dEe] FF 2393
NFT 31 714 Ato]9] o] 4] 3& Hojs1
Utk NFT #Q1& wepA T AAlo|HAE st
HAH LA A= B4 AEHQ d5stH ek
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5. 22

7MoY SHFAE QEEE HEH A AA 9
502 fAG Aol oA ok Qich. wEt
H A9 B2 A5l AollA NFT 2819 714 J
SO UEhitt

[0

¢

N
=
0

e

9= NFT 7919] 714
= #A5k= Aol NF
o] MANA, AEtS] THETA,
U 714 ARE o]8sto 1
H d& Gae A5 245 AT 24 2
ohS} 2t} A, MANASH ENJ= o]H ]
WA Aol FotA Uttt EAl, 29 5 B4
Tt NFT 2R19] 714 sfeto] & 28] fo|A HEZ
sheQl olejElate] Aol 7 A vErTth A
7, COVID-19 Wd=] ZHolA NFT 219 7+ &
2 ABA G5t Ql v EFIT] J/go] ZA Yet
ot A, 7|AsREEEE 53 NFT 2 71 o3
A= MANAS} ETHY] B4 ¥4 S857F A Yehs
o}t AR, NFT 2919 19 &9 ]2 7k thgt o
Z A3M= Random Forest &1l&]&o] 7 =51 2
5 HolFeth oA, dEpA B 71959 7t
oto] FAGL AriF oz WA Yefta it} NFT &
Q12 wEpHAL} ES FRIIHAE ot Tt T2
84 dssi Mo FFE o Aot we 54
Hart

£ A= ok 7R A7t Wol o]FolA] ok
A E7Fs B2l tigh 7+ d5hat d&S A=k
e Aol % NFT ol tigh 7]o=7F Fvkar &
5tk B3], 215 A%HQ gasi AelA =
gt 74 JFES PAEI HEFRIS JF=o] NFT
Q1 7HAo A= AlgHE o2 el whet 541 oF
SobH|9F NFT Z919] 23k B9t ZEE] Q9] BAE
2} 7Hs3E BARRECA AAst. Ty 2 AT
= NFT 299 g8 A72 45191 £4 W A
gHgolehe SAEE 7L ot FF AFelAe o
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