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1 AR(1) -GARCH(1 1)
Table 1 Parameter estimation results of model AR( 1) -=GARCH( 1 1)
o €1 Bo B B2 v
2.00 x 10~* -0.026 6.40 x 1077 0.03 0.968 5.191
5.00 x 107* -0.026 5.45 x107° 0.097 0.893 7.071
225 2.00 x 10°* -0.067 8.08 x 10°°¢ 0.11 0.867 8.013
S&P500 1.20 x 1073 -0.078 3.15 x10°° 0.122 0.877 5.069
1 n (K icar ™" Baior 20
. Bl + BZ < 1 ( hi, t-n+l hi t-1 hi l)
GARCH . i
AR(1) <GARCH( 1 1) z,
Tivcnst = M imast Tion — Mo T = My
( Ziy-n+l t B B t) = ( = = = ( 24)
V hi t-n+l hi t-1 hi t
EVT 1% Ljune-Box Q( 20)
i.i.d. BDS ; BDS
. i.d
:z  BDS 2 POT
2
2
Table 2 Results of statistic tests for different standardized residuals
225 S&P500
L-BQ(20) 7.705(0.173) 5.411(0.368) 6.586(0.253) 2.797(0.731)
BDS -0.337(0.736) - 1.134(0.257) -1.077(0.281) —1.604(0.109)
LBQ  Ljune-BoxQ P
3.1.2  EVT DuMouchel * 10%
GPD
10%
u u GPD
u B 3 4
GPD ; u K-S BDS
EVT
3 GPD
Table 3 Tail threshold and GPD parameter estimation results
uy, 1 Bu Uy éu Bu
-1.275 0.059 0.668 1.129 0.051 0.498
-1.295 0.107 0.564 1.196 0.014 0.471
225 -1.358 0.181 0.514 1.193 -0.086 0.409
S&P500 —1.347 -0.065 0.783 1.087 -0.176 0.506
4 K-S BDS
Table 4 Results of K-S and BDS tests on marginal distribution model
225 S&P500
K-S 0.020( 0.775) 0.018(0.874) 0.016( 0.948) 0.018(0.843)
BDS 0.413(0.680) -1.564(0.118) —-0.180(0.857) -0.081(0.935)

p
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4 K-S BDS 3.1.3
1%
iLi.d. (0 1) 1.2 AR-GARCH-EVT
EVT 4
Copula Copula Copula
5
5 4 Copula-EVT AIC
Table 5 Comparison on AIC value of four time=varying CopulaEVT models
Gaussian Copula Clayton Copula ¢ Copula SJC Copula
EVT EVT EVT EVT
~ —-387.221 - 324.085 - 387.674 -367.075
~ 225 —-120.287 -122.988 - 126.727 -122.692
~ S&P500 —-53.607 —-47.295 99.723 —-44.601
~ 225 - 645.641 -576.209 - 665.787 - 646.128
~ S&P500 —-242.639 -219.804 —240.967 —-226.242
225 ~ S&P500 - 365.488 -317.198 - 368. 895 —-343.778
5 AlIC
t Copula£VT
t Copula£VT
6 N
SJC-Copula 1
6
SJC-Copula£VT . 3.2 ES
1
Copula-EVT
SJC Copula EVT N s 1 2.2
6 1 ES
ES
( backtesting)
(9)
) - x, O-ErSr (25)
6
Table 6 Dynamic extreme dependence between different stock indices
225
~ ~ 225 ~ S&P500 ~ 225 ~ S&P500 ~ S&P500
0.264 0.065 0.032 0.363 0.107 0.242
SJC-Copula-EVT 0.401 0.236 0.105 0.550 0.359 0.400
¢ Copulak VT — 0.543 0.321 0.223 0.659 0.440 0.522
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5

1 SJC-Copula-GARCH-EVT
Fig. 1 Fitted dynamic extreme tail dependence between different stock indices based on SJC-Copula-GARCH-EVT model
x, ES ). 7 8
Ry, ( exceedance residuals) . ES
McNeil — Frey ES backtesting
¥, 7 8
ES p
v, My, = 0.
Y, ( bootstrap) ES :
backtesting 1) 7 8
42 . backtesting 5%
backtesting Clayton Copula-£VT-ES
p backtesting
p ( 1%
B Clayton Copula-EVT-ES
)
: 2)
10% 1% q (1%
10% Copula-EVT-ES
) :
90% +99% q (99% p

90% 39
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ES p 3
7 Copula-EVT-ES Backtesting
Table 7 Backtesting results on time=varying Copula-EVT-ES models of dual portfolios
CopulaES
10% 1% 90% 99%
Gaussian Copula-£S 0.424 0.156 0.909 0. 664
Clayton Copula-ES 0.010 0.187 — —
~ ¢ Copula-£S 0.451 0.201 0.923 0.612
8JC-Copula-ES 0.041 0.213 0.404 0.791
Gaussian Copula-ES 0.087 0.195 0.940 0.856
Clayton Copula-ES 0.011 0.098 — —
~ 225 t Copula-ES 0.121 0.204 0.952 0.966
SJC-Copula£S 0.035 0.174 0.59%4 0.272
Gaussian Copula-ES 0.135 0.256 0.872 0.654
Clayton Copula-ES 0.021 0.178 — —
~ S&P500 t Copula-ES 0.183 0.194 0.832 0.881
SJC-Copula£S 0.029 0.302 0.822 0. 680
Gaussian Copula-ES 0.950 0.746 1.000 —
Clayton Copula-ES 0.310 0.303 — —
~ 225 ¢t Copula-ES 0.947 0.579 1.000 —
SJC-CopulaES 0.653 0.456 1.000 0.985
Gaussian Copula-£S 0.984 0.846 1.000 0.767
L S&PS00 Clayton Copula-£S 0.754 0.645 — —
¢ Copula-£S 0.985 0.838 1.000 0.781
SJC-Copula£S 0.941 0.597 1.000 0. 864
Gaussian Copula-£S 1.000 0.750 1.000 0.000
225 Clayton Copula-ES 0.796 0.768 — —
~ S&P500 t Copula-ES 0.998 0.746 1.000 —
8JC-Copula-E£S 0.975 0.936 1.000 1.000
8 CopulaEVT-ES Backtesting
Table 8 Backtesting results on time-~varying CopulaEVT-ES models of multi-asset portfolios
ES 10% 1% 90% 99%
Gaussian Copula-EVT-ES 0.544 0.252 1.000 0.748
Clayton Copula-EVT-ES 0.008 0.068 — —
¢ Copula-EVT-ES 0.555 0.39%4 1.000 0.759
SJC-Copula-EVT-ES 0.128 0.075 0.896 0.564
3) Copula ES 1
{ « 2
Copula-EVT-ES t Copula-EVTES
t Copula-EVT-ES Gaussian Copula-EVT-ES
2 SJC Copula

SJC Copula-£EVT-ES
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Comparative study on measurement precision of different time-varying
Copula-EVT-ESmodels

YU Wen-hua' > WEI Yu* KANG Ming-hui’
1. Commercial College Chengdu University of Technology Chengdu 610059 China;
2. School of Economics and Management Southwest Jiaotong University Chengdu 610031 China

Abstract: In this paper combined with extreme value theory ( EVT) four categories of time-varying Copula
models were constructed the dynamic extreme value contingency coefficients between stock indexes were fitted
and risk measurement was conducted on each portfolio. By means of backtesting analysis method a compara—
tive study on the precision of the risk measurement of different time-varying Copula-£VT-ES models was made.

The empirical results show that in the condition of extreme market volatility the time—-varying Copula-£S model
combined with EVT can effectively measure the extreme value risk at the tails of portfolios and the risk models
can get more precise measurements for short positions than long positions. The time-varying t Copula-£EVT-ES
model which is conducive to depicting the dependency of the fat tail extreme values of variables has a better
performance in portfolio risk measurement; in high risks time-varying SJC Copulad.VT-ES model is also wor—
thy of special attention especially for dual portfolios.

Key words: time-varying Copula; extreme value theory; expected shortfall; backtesting analysis; measure—

ment precision



