Operations Research and Fuzziology 2% 5#12%, 2021, 11(4), 387-399 Hans Y
Published Online November 2021 in Hans. http://www.hanspub.org/journal/orf
https://doi.org/10.12677/0rf.2021.114043

ETARIMA-GARCHIER!
B EntE

& 55

SR S G0, Bt SR

RMEFEHHZA

Wk H i 20214F9H18H; FHHM: 20214F10818H; KA H#: 20214E10H26H

=

TR, NER T ORBAETE. MLEMTTFEA R R BB SRR B, R, ROFH
FEH YR INE & FHHBEIE. A, BITEEDRAGARERINE R R F5]
K fgtam, FHIRAE MmN EEIRIERERES MR, &EAKREREERATTBLEFRE. B
S AT 0 BE OB AR AR AR, RATB AL Et 5 E T RSN A & K SGED 3 1 KRS
ARIMA-EGARCHBI - TRIAERY SR 23 47 T A0 5 e s 3 e 5 B P EE AR s (RIS S SRS 1) B SRR
B ENEREE. SRR, SZERAAN RIS TInE R ks R, EEFRFHH
WBR, TR ENAERYAMN BRI —MESF T TR

Xiid
GARCHIER, ["SURZEMG, WS, SHL, BIET

Study of Cryptocurrency Market Volatility
Based on the ARIMA-GARCH Model

Xiangin Hou

School of Mathematics and Statistics of Guizhou University, Guiyang Guizhou

Received: Sep. 18", 2021; accepted: Oct. 18", 2021; published: Oct. 26™, 2021

Abstract

Recently, cryptocurrencies have become other financial investment assets of great interest to in-
vestors, practitioners and researchers. However, few studies have focused on analysis to predict
volatility in cryptocurrency markets. In this paper, we examine the distribution structure of five
representative cryptocurrency yield sequences showing that they are biased and present a peaked
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thick-tail distribution, and are also characterized by yield aggregation and leverage effects at the
same time. By analyzing the data distribution characteristics of cryptocurrency, we finally chose
the modified variable parameter ARIMA-EGARCH dynamic prediction model based on the SGED
distribution of the rolling time window to analyze the inherent law of predicting the cryptocur-
rency yield sequence; at the same time, the problem of overfitting is avoided by rolling the time
window. The results show that the model relatively well fits the change law of cryptocurrency
yield, and has a good predictive effect, which can provide a better predictive tool for investors and
related institutional personnel.
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Table 1. Cryptocurrency types and codes
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Figure 1. Time sequence diagram of daily closing price and daily return rate of the five cryptocurrencies
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Table 2. Description statistics for the yield of each cryptocurrency

2. EMELEMERERO#EERT

I 15 m A BTC ETH ADA BNB uSDT

Min. -0.497278 —0.589639 —0.537199 -0.581308 —0.057470
1st Qu. —0.011534 —0.022060 -0.030014 -0.023277 —0.000900
Median 0.002219 0.000620 0.000000 0.001557 0.000000
Mean 0.002464 0.002640 0.000529 0.003860 0.000009

3rd Qu. 0.018201 0.028583 0.030128 0.029331 0.000800
Max. 0.227602 0.258599 0.348770 0.530561 0.045290

Std. 0.040558 0.056739 0.049632 0.051692 0.004708
Skew -1.005017 —0.614857 —0.204967 0.679906 0.042062
Kurt 18.101690 12.21712 15.912980 29.800640 33.515070

X-Squared 18,229.9963 5937.2747 2200.043 13,010.4444 28,948.7261
8 P Value 2.20E-16 2.20E-16 2.20E-16 2.20E-16 2.20E-16

323, MEBETHHEPRIERE
Sk B R RS B 5% TR I TRAPEA 0% 3, (kP /T 0.05, MAEAH LM ALIRI
BB, FUIE SO0 HACT R, 5 T A A T RN T 1

Table 3. Stationarity test of yield of each cryptocurrency
3. BMELEMWmRTFRMEE

I e mACAS
BTC
ETH
ADA
BNB
usDT

Dickey-Fuller

-11.281

—10.703

—9.5109
—8.699
—13.46

Lag Order
12
12
10
10
11

P-Value

0.01
0.01
0.01
0.01
0.01
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Figure 2. Graphical analysis of the BTC yield
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Figure 3. Test of memory and heteroscedastic of BTC yield
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B,

Table 4. ARCH effect test of the yield of each cryptocurrency
4 BMEBLEMEEZE ARCH ML

ez 5 mARY Chi-squared df P value
BTC 37.642 12 0.0001757
ETH 76.973 12 1.55E-11
ADA 35.082 10 0.0001209
BNB 166.14 10 2.20E-16
USDT 310.66 11 2.20E-16

ZE L, B ARIMA Fifisk GARCH MRS G IX LRIl 35 RAB—ANTE 0, 5 B0k o 4 Al kit
AT
3.3. AT
3.3.1. ARIMA 5 EGARCH &£ %19 E

ARIMA(p,d, o) S 55 . Horb, p RoRFHIEMKMERL, q RoaFslm B MRS d
T AE SR IS B 3 4108 B R BT 75 10 22 0 OB, IO AT B HE A TR B REAG 58 4% N 25 1% i s 3
IRk, LRI 45 J A, e Mikas 75138, W d=0, UL ARIMA(p,0,q) % 45
[+ ARMA(,qIEAL. KT p. g ZEER, ACEE py q MKEGEREQ, 5), i@t AIC 5 B
% tH REAE AIC (B /MUY S 4 py g MIME, DAMERE AR R [16]

EGARCH(p,q)f I S84 15 i o 8L R IR Ge i 148 A 8 5 7 51 A P Ra itk . SRR, &
B UG JE JR E  AEE ARCH RIS 2 BH S AT AT 38087 o A 8 3k S 1, @it L e 43 #7 7T 75 EGARCH(p,q)
PR R AR S 40 s, DSR2 0% T H ACaE 2R 1 S i shila 35

3.3.2. ARIMA-EGARCH {&&SLiF 574

%5 WoR T & InE % MIEE 3R ARIMA+EGARCH RS R il B 4h B, DA E R, 5 0% 08 i i i
MAAR, SPECAAME IR &5 S ) B i e /s o SRl B % AR () T PDL 5 3520, R i
Ja— ML T MR R, o, WARES EUE AR RN P {H. 75 5% EE AT, i
IS BLTY ARCH K825 S 1, BNB 28K ARCH RURLIE ¥ 5E 4 bR, FER 0t MBS RAF1E ARCH
BN BRIEARERZE T GARCH 17 MK Ljung-Box FG56 %1, 5% 2577 RIF ARAELE 7 S M oG, B K57
LA R Rl ST R B e E PR 36 (Nyblom stability test)&ll, BA IEYE R IR R A Fa &, W
TR AT FF XU (Sign Bias Test), FHAGIESS FLIK PR, A U R A TEA I FRRON s B e IR R 4 A
AR, ETH Al ADA IR IEZ A, 1 BTC. BNB Al USDT AMRMIEZ S Aifis. &%
F, ARIMA-EGARCH A4 2 il % 02 18 A Wi e i sh i 24 T A

3.3.3. FMER—LL BTC. ADA Kl

1) [ A T4 R

I AT 50 25 I pr 2l (R 3 22 B rT & 18] 4 W) BTC 765 50 K IR Bl s i shieh, Bt
TR (i 25 e SR AT T 0, 4] 5 % W) ADA 7EJ5 50 K [RIx 3k 25 8 HA — € Mk shia s, (|
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Table 5. Estimated results of the ARIMA + EGARCH models for each cryptocurrency yield
=5 BMMBEHUEZE ARIMA + EGARCH ##RI i+ 45 R

BTC ETH ADA BNB UsSDT
ARFIMA(p,d,q) (0,0,2) (5,0,2) (4,0,3) (0,0,2) (4,0,5)
Mu 0.0016 0.0016 —0.0007 0.0006 0.0000
Arl 0.8072 —2.0801 1.7149
Ar2 0.1815 —2.1549 —1.2856
Ar3 —0.0306 —1.1547 0.4075
Ard -0.0028 —0.0955 0.1123
Ar5 0.0195
Mal —-0.1061 -0.9235 2.0099 —0.1044 —-2.1258
Ma2 0.0042 —0.0430 2.0204 0.0293 1.8624
Ma3 1.0001 —-0.7519
Ma4 —0.0848
Ma5 0.1075
Omega —-0.1162 —-0.3122 —0.3192 -0.1606 —0.1794
Alpha 0.0291 0.0132 —-0.0201 0.0233 —0.0308
Beta 0.9827 0.9469 0.9438 0.9727 0.9855
Gamma 0.2214 0.2322 0.1949 0.2213 0.3546
Skew 0.9999 1.0474 0.9780 0.9913 1.0213
Shape 0.8246 0.8933 1.0407 0.9678 0.8971
Log-Likelihood 3871.1180 2932.0530 1706.6890 1930.2270 6756.6570
Akaike —-4.0977 —-3.2137 —-2.9311 —-3.1835 —-9.5274
Bayes —-4.0713 -3.1713 —2.8698 —3.1455 —9.4680
Shibata —4.0978 —3.2138 —2.9314 —3.1836 —9.5277
Hannan-Quinn —4.0880 —3.1981 —2.9080 —3.1692 —9.5052
1.8384 5.0727 1.6356 7.5175 0.3391
ARCH(5)
(0.5081) (0.0989) (0.5574) (0.0262) (0.9297)
0.0551 0.1718 0.0057 0.2705 0.3087
Ljung-Box
(0.8144) (0.6785) (0.9396) (0.6030) (0.5785)
Nyblom 3.2989 2.3118 1.4958 1.7605 4.3008
1.1766 0.9289 0.8062 1.8177 0.6616
Sign Bias
(0.2395) (0.3531) (0.4203) (0.0694) (0.5084)
Goodness Fit 0.0020 0.2039 0.4518 0.0074 0.0090
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Figure 4. Prediction effect of the forward 50 steps of BTC
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