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Fig 1 Returnsof four stock indices
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Table 1 Descriptive statistics for returnsof four stock indices
SSEC S&P500 FTSE100 N IKKE 1225
(M ean) Q 000 739 Q 000 362 Q 000 230 - 0 000 215
(std ) Q 027 739 0 010 313 Q 010 496 0 014 679
(9 60024 -01015"" -00759" 0 0958""
(k) 144 2595 38891 2903077 20778
J-B 2919288""" 2251°"" 1262°"" 634"""
L - BQ(36) 89 07""" 81 43" 105 95" 39 52
5% 1% (2) )
: k ;3B R Z :
JarqueBera , (unconditional return)
R
LB R =5 (4)
L jungBox Q o
1 1 1 (unconditional variance)o *
4
1 . — 2
) o? :N—lz (R, - R) (5)
5 (4) (5
). , SSEC ! ' c
RI ’ RI
(s= 6 >0)), (k= 2
o]
144 > 0): ,N IKKE 225 ’ H: '
. S&P500 ' H
AR (p)
FTSE100 , 2
ARMA (p, q) . (O ,
_ ' ' ARCH /GARCH (o]
L jungBox Q ., NIKKEI225 ] (18]
(stochastic volatility) ™.
’ L wn AR (1) -GARCH (1, 1)
(autocorrelation)
2 EVT , |
(leverage effect) 2. ,
21 ,
, o’
(leverage) GARCH (1, 1) ,
R =M, +€, =H, +0 7 (2)  AR(1)LGARCH(1,1) e
My (conditional mean) , M, =PR.: (6)
o’ (conditional variance) , o; =w +0ags, +01 €5, +Bo7, (7
(innovation) z 0, 1 (7) ,LGARCH (1,
(iid) 1) GARCH (1, 1)
(conditional return) 01 €54,
- 1, €, <0
th - R -M, (3) l, = ' (8)
o, 0, €. 20
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Table 2 Estimation results for conditional volatility parametersof four stock indices returns
p w a B 0
SSEC 00525 9 073E-6 02325 0 759 5 0 096 8
S&P500 0 007 1 8 215 E-7 Q0 0031 0 9405 01014
(0 680 6) (0 693 8)
FTSE100 00144 1 073 E6 00114 0 9353 0 086 3
(0 403 8) (0 105 4)
N IKKE 1225 -00251 3 559E-6 0 0230 0 916 0 0 090 6
(0 151 6)
) p 1%
SSEC re turns and {
0.8 T T
0.6 ‘
g 02f ||, J 1
0 femm #*‘M ' ﬁ%ﬁww‘fmﬁwmnﬁwww
-Q2 1 1 B 1 e 1
0 500 1000 1500 2000 2500 3 000 3500
0.04 . . , o
0.03 ‘
!
5 0.02"
0.01 al
TN |,
ob—J (L PN T T ARV
0 500 1000 1500 2000 2500 3 000 3500
2
Fig 2 Returnsof SSEC and its conditional volatility
2 , " (  SSEC
C
o, R; . 5% , 24
3 “
3 :1)
c (ARCH)” .4)JB
t 1, ,
0 2)L jungBox Q
. 5% , 24 -3
“ QQ



— 82 — 2008 2
3 4
Table3 i i d testsfor conditional returnsof four stock indices
SSEC S&PS00 FTSE100 N IKKE 225
(M ean) 00253 0 0345 00221 - 00233
(std ) 1 080 1 002 1 000 1 002
(9 33142 -03913 -01267 -00452
(k) 60. 658 8 1 918 5 1 005 6 1 809 8
JB 540 672 639 160 477
LB Q(24) 94, 22 33 86 23 12 18 53
(0. 000 0) (0. 067 2) (0 453 8) (0 727 6)
F-Test of 0 055 6 0 649 8 1 019 0 6727
no ARCH (24) (1 0000) (0901 7) (0.4351) (0 882 2)
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Fig 3 QQ plotsof unconditional and conditional returns of SSEC
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4 4 EVT Hill
Talbe 4 Hill estimation results for EV T distribution of conditional returns of four stock indices
SSEC S&P500 FTSE100 N IKKE 1225
1 546 1441 1 550 1674 1641 1 596 1 680 1 545
c 0 219 0125 0 194 0 565 Q 359 Q 458 Q 414 0 234
g Q 296 0 399 0 324 0 213 Q 252 Q 212 Q 245 0 282
(0. 065) (0 087) (0. 069) (0 083) (0 077) (0 042) (0 057) (0 038)
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5 VaR  Backtesting
Table 5 Backtesting results for V aR on different distribution assumptions
SSEC S8.PS00 FTSE100 N IKKE 225
(3486) (3575) (3585) (3493)
5% VaR
VaR 174 179 179 175
AR(1) -LGARCH (1, 1) -nomal 128 (0._000) 159 (0. 122) 177 (0 863) 181 (0 624)
AR(1)1GARCH(1,1)-t 176 (0. 898) 172 (0. 599) 179 (0. 985) 193(0 161)
AR(1)1GARCH(1,1)-BEVT 175(0. 918) 177 (0. 889) 179 (0. 985) 176 (0. 917)
1% VaR
VaR 35 36 36 35
AR (1) L GARCH (1, 1) -nomal 40(Q 394) 48(0 051) 41(0 398) 48(0 035)
AR (1) LGARCH (1,1) -t 28(0 226) 36 (0. 968) 35(0 886) 37(0 727)
AR(1)-LGARCH(1,1) -EVT 38(0 599) 32(0 520) 34(0 754) 36 (0 856)
0 5% VaR
VaR 17 18 18 17
AR (1) L GARCH (1, 1) -nomal 27(0 033) 29(0 016) 29(0 016) 25(0. 090)
AR (1) L GARCH (1,1) -t 19(0 711) 18(0 977) 20(0 630) 14(0 389)
AR(1)1GARCH(1,1)-BVT 18(0. 865) 17(0 834) 18(0. 986) 12(0 165)
VaR Backtesting P-value
Backtesting
5 , JEVT
Backtesting P ,
1) SSEC 5% 4) ( 5% ),
nomal Ho 4 BEVT ( )
‘ " t ; (
1% Q 5% ), BVT t
, 4 )
, B acktesting , VEVT t .
, , EVT Hill
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; ( 1% 05%) VeaR
, 5%Hiill BVT
2) ( 1% (bias) , VaR
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EVT rik measuresand its backtestng n stock markets

WEI Yu
School of Econamics & M anagement, Southwest Jiaotong U niversity, Chengdu 610031, China

Abstract: By meansof enpirical statistical testsof SSEC and several other mportant siock indices, thispaper
proves that Extreme V alue Theory and its tools provide more accurate description of extrame wolatilities and
risk conditions in actual markets Through detailed illustrations of VaR calculation and its B acktesting under
different distribution assumptions, this pgper al® proves that, relative to many other popular assmptions of
return distribution, such as, conditional Nomal or t distribution, BV T distribution is superior in describing
extrane events and rik conditions in sioock markets The accuracy and gpplicability for different distribution
asamptions at different significance levels are al9 tested

Key words extrane value theory; GARCH models tail paraneter; risk measures backtesting



