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Table 1 Descriptive statistics for returns of four indices
SSEC S&P500 Nasdaq T-bond
Mean —0.000 688 —0.000 338 —0.000 435 0.000 129
Standard deviation 0.025 999 0.009 865 0.015 165 0.010 852
Skewness - 6.240 290 *** 0.092 406 ** 0.009 521 -0.391 599 ***

Kurtosis ( Excess)

156.968 9 ***

4.269 056 ***

5.999 766 ***

2.687 789 ***

B 4.216 2e + 6™ 3.104 8e +3*** 6.121 le + 3™ 1.332 7e + 3™
Q( 16) 65.415 7 27.575 8 49.716 9*** 40.893 3**
No ARCH 17.849 16 *** 338.316 95 *** 565.946 28 *** 151.717 16 ***
BDS 34.920 81 *** 19.902 18 *** 37.325 57 % 12. 154 69 ***
o 1% JB  Jarque-Bera Q(+)  LjungBox Q No ARCH  ARCH LM
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Table 2 Estimation results for FIGARCH model parameters
SSEC S&P500 Nasdaq T-bond
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3
Table 3 Descriptive statistics for standard return of SSEC
SSEC S&P500 Nasdaq T-bond
Mean 0.008 160 —0.000 583 0.001 266 —-0.010 784
Standard deviation 0.999 764 1.000 426 0.999 370 0.998 369
Skewness - 2.499 271 0.364 308" 0.397 6147 - 0.143 102**
Kurtosis ( excess) 40.610 6347 1.922 121 % 1.498 426 1.659 070
JB 2.846 9¢ + 5% 7.185 Oe + 27 4.893 2e + 2% 4.819 7e + 27
BDS 4,307 78 *** —2.675 247 0.237 29 —2.149 44**
no ARCH 0.220 14 3.571 10 6.766 72 4.340 84
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Table 4 Back-esting results for VaR measurement in sample
LR, LR, LR,

SSEC-EVT-GPD 3.170 5 1.386 6 4.557 1

SSEC-normal 11.450 8 *** 0.001 7 11.452 5%

SSEC-student—+t 4.248 9 1.078 6 5.3275

SSEC-SKST 4.130 9 1.076 5 5.207 4

S&P500-EVT-GPD 4.1050 1.467 2 5.5722

S&P500-normal 6.589 07 10. 834 3 *** 17.423 3%

S&P500-student— 3.934 0 4.5889 8.5229

S&P500-SKST 3.765 8 2.8732 6.639 0

NasdaqEVT-GPD 0.542 7 1.080 2 1.623 9

Nasdaq —-normal 16.275 27 10.576 7*** 26.852 0***

Nasdaq —student— 4.0580 0.022 8 4.080 8

Nasdaq-SKST 4.009 2 0.009 0 4.018 2

T-bond-EVT-GPD 5.272 0 0.392 8 5.664 8

T-bond -normal 11.439 6*** 10.396 1*** 21.835 7%

T-bhond student-t 6.106 6 0.000 4 6.107 0

T-bond-SKST 5.861 4 0.001 2 5.862 6

o 1%
1 000 Back-testing EVTFIGARCH
Back-testing LR, LR,, LR, VaR
EVT-GPD
EVT-GPD EVT+IGARCH VaR
5. 5
EVT-GPD

1%
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5
Table 5 Back-testing results for forecasting VaR out-of-sample
LR, LR, LR,,

SSEC 2.1725 1.346 6 3.519 1

S&P500 3.1250 1.437 2 4.562 2

Nasdaq 0.3427 1.180 2 1.5229

T-bhond 4.173 0 0.357 8 4.530 8

(D) 1% 6.635 ¥*(2) 1% 9.210.

Back-esting
EVT
SKST
£ (3) EVT  FIGARCH
N 500 N
FIGARCH 10
EVT
( back-testing)
« ”
. ( 1) “ ”»
EMH
1 (2)
SKST N
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Study on financial markets dynamic EVT-VaR measuring based on fated-tail
distribution and long memory volatility

LIN Yu'? HUANG Deng-shi® WEI Yu’
1. Business School Chengdu University of Technology Chengdu 610059 China;
2. School of Economics and Management Southwest Jiaotong University Chengdu 610031 China

Abstract: For stylized facts characteristics such as fat tail distribution and long memory of conditional volatility
for financial return series this paper used FIGARCH model to conditional volatility and then used extreme
value theory ( EVT) model extreme tail of standard returns to measure dynamic risk. We find that all condi-
tional return distributions and their standardized returns are skews and fat—ailed; Conditional volatilities of fi—
nancial returns are characters of long memory EVT are fit extreme tails of financial standardized returns. We
introduce EVT and FIGARCH model to calculate dynamic risk for different financial markets and applied
Back+esting to check measurement ability our result show that this risk measurement method is of accuracy
either in sample or out of sample.

Key words: fat-tail distribution; long memory; extreme value theory; dynamic VaR measure; robustness tes—

ting



