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Table 1 Results of estimation and diagnostic test to GJR model of four stock indexes
HS300 S&P500 NIKKEI DAX
Bo 0. 024 (0.000) 0. 008 (0.000) 0. 026 (0.000) 0.014 (0. 000)
B 0. 053 (0.000) 0. 029 (0.000) 0.017 (0. 000) - 0. 052 (0.000)
B 0.915 (0.000) 0. 929 (0.000) 0. 896 (0. 000) 0. 923 (0.000)
Bs 0.030 (0.000) 0. 181 (0. 000) 0. 109 (0. 000) 0.215 (0.000)
Yo -0.033 (0.013) -0.013 (0.397) 0.057 (0.021) -0.003 (0.937)
02 0.015 (0.039) 0.030 (0.050) 0.018 (0. 126) 0.053 (0.016)
Y2 0.597 (0. 000) 0. 621 (0.000) 0. 570 (0. 000) 0.265 (0.044)
Y3 0. 081 (0.000) 0. 063 (0.006) 0. 040 (0.004) 0.005 (0.058)
o 1.094 (0. 000) 1.026 (0. 000) 1. 450 (0. 000) 1.274 (0. 000)
oy 0.010 (0.037) 0.034 (0.016) 0.035 (0.022) 0.077 (0.000)
5, 0.476 (0.000) 0. 533 (0.000) 0.376 (0.000) 0.413 (0. 000)
03 0. 072 (0. 000) 0.032 (0.031) 0.024 (0.092) 0.036 (0.047)
InL - 1482.795 -703. 878 -1 006. 235 -922.746
Q(7) 11.153 (0.132) 9.865 (0.196) 11.641 (0.113) 9.737 (0.204)
4 GJRSK p InL
Q(7) Ljung-Box Q(7) ©,
Ljung-Box Q( m) m m
Tsay *! m = In( N) N 4 1200 N =1200
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Table 2 Results of unconditional coverage test of VaR failure rate for long position
q( %) GARCH | NAGARCH GJR GARCHS | GARCHSK |[NAGARCHSK| GJRSK
10 0.244 0.244 0.244 0.078 0.048 0.295 0.132
5 0.877 0.877 0.877 0.028 0.200 0.158 0.158
HS300 2.5 0.032 0.048 0.021 0.053 0.224 0.458 0.338
1 0. 006 0.003 0.003 0.085 0.186 0.190 0.076
0.5 0.004 0.004 0.004 0.028 0.143 0.057 0.008
10 0.429 0. 620 0.553 0.316 0.171 0.003 0.084
5 0.271 0.220 0.176 0.071 0.218 0.585 0.363
S&P500 2.5 0.001 0.014 0.021 0.379 0.124 0.236 0.014
1 0. 000 0.000 0.001 0.230 0.247 0.061 0.195
0.5 0. 005 0.001 0.012 0.025 0.270 0. 156 0.313
10 0.334 0.178 0.438 0.032 0.133 0.087 0.438
5 0.090 0.052 0.028 0. 150 0.215 0.346 0.284
NIKKEI 2.5 0.022 0.033 0.074 0.023 0.083 0.154 0.178
1 0.046 0.136 0.136 0.006 0.086 0.314 0.022
0.5 0.024 0.054 0.054 0.111 0.074 0.290 0. 000
10 0.750 0.586 0.946 0.351 0.041 0.104 0.396
5 0.373 0.309 0.309 0.104 0.197 0.127 0.480
DAX 2.5 0.217 0.478 0.217 0.217 0.397 0.176 0.028
1 0.063 0.035 0.019 0.102 0.034 0.010 0.311
0.5 0.031 0.031 0.005 0. 189 0.050 0.102 0.293
P P VaR
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Table 3 Results of unconditional coverage test of VaR failure rate for short position
q( %) GARCH | NAGARCH GJR GARCHS | GARCHSK [NAGARCHSK| GJRSK
90 0.446 0.388 0.388 0.204 0.131 0.151 0.476
95 0.346 0.422 0.221 0.076 0.441 0.183 0.464
HS300 97.5 0.449 0.449 0.449 0.018 0.358 0.184 0.386
99 0.865 0. 865 0. 865 0.261 0.051 0.04 0.514
99.5 0.383 0.624 0.383 0.558 0.755 0.394 0.301
90 0.235 0.028 0.028 0.278 0.395 0.434 0.25
95 0.148 0.113 0.244 0.204 0.561 0.717 0.389
S&P500 97.5 0.474 0.018 0.086 0.119 0.185 0.587 0.348
99 0.567 0.121 0.121 0.107 0.203 0.125 0.113
99.5 0.676 0.059 0.179 0.244 0.494 0.609 0.788
90 0.694 0.429 0.429 0.075 0.432 0.643 0.532
95 0.035 0.411 0.893 0.032 0.154 0.591 0.784
NIKKEI 97.5 0.073 0.169 0.073 0.158 0.317 0.793 0.251
99 0.028 0. 000 0.002 0.351 0.064 0.498 0.064
99.5 0.013 0.001 0.001 0.275 0.853 0. 198 0.642
90 0.134 0.366 0.479 0.069 0.184 0.155 0.412
95 0.579 0.335 0.214 0. 496 0.104 0.335 0.173
DAX 97.5 0.335 0.335 0.245 0.207 0.228 0.242 0.373
99 0.214 0.021 0.053 0.274 0.344 0.035 0.503
99.5 0. 440 0.056 0.011 0.042 0.403 0.223 0.425
p .p VaR
2 3 Backtesting 4
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4 ES  backtesting
Table 4 Results of backtesting ES for long position

q( %) GARCH | NAGARCH GJR GARCHS | GARCHSK [NAGARCHSK| GJRSK
10 0. 101 0.001 0. 000 0.002 0.075 0.257 0.145
5 0.017 0. 000 0. 000 0. 147 0.016 0.357 0.185
HS300 2.5 0. 101 0.001 0.003 0.020 0.207 0. 060 0.326
1 0. 106 0.009 0.007 0. 104 0.214 0.222 0. 186
0.5 0. 008 0.011 0.011 0.184 0. 165 0.143 0.301
10 0.201 0.114 0.020 0.338 0.553 0. 096 0.252
5 0. 100 0.007 0.017 0.254 0.136 0. 095 0.176
S&P500 2.5 0.013 0.010 0.011 0.429 0.676 0.118 0.206
1 0. 060 0.022 0.025 0.157 0. 101 0.067 0.047
0.5 0.050 0.014 0.015 0.265 0.185 0.241 0.039
10 0.102 0.216 0.001 0.098 0.335 0.032 0. 147
5 0. 105 0.057 0.083 0.272 0.114 0. 149 0.221
NIKKEI 2.5 0.169 0.060 0.039 0.255 0.046 0.195 0.029
1 0.041 0.039 0.038 0.361 0.436 0.403 0.312
0.5 0.061 0.039 0.003 0.346 0.024 0.030 0.172
10 0. 101 0.010 0.003 0.292 0.312 0.263 0.696
5 0.010 0.008 0.010 0.231 0.048 0.172 0.232
DAX 2.5 0. 007 0.002 0.003 0.098 0.299 0.448 0.111
1 0. 108 0.012 0.008 0.237 0.320 0.161 0.227
0.5 0.040 0.007 0.013 0.095 0.016 0.182 0.250

ES Backtesting p .p ES
5 ES  backtesting
Table 5 Results of backtesting ES for short position

q( %) GARCH | NAGARCH GJR GARCHS | GARCHSK [NAGARCHSK| GJRSK
90 0.496 0.472 0.495 0.288 0.702 0.590 0.467
95 0.291 0.314 0.237 0.313 0.207 0. 602 0.427
HS300 97.5 0.229 0.233 0.249 0.061 0. 857 0.966 0.694
99 0.255 0.255 0.248 0.367 0.228 0.095 0.618
99.5 0.293 0.296 0.298 0.247 0.772 0.618 0.727
90 0.763 0.935 0.811 0.420 0.328 0. 608 0. 607
95 0.496 0.993 0.968 0.200 0. 627 0. 682 0.521
S&P500 97.5 0.642 0.904 0.927 0.123 0.743 0.434 0.532
99 0.568 0.972 0.829 0.046 0.714 0.728 0. 608
99.5 1.000 0.743 0.853 0.241 0.557 0.584 0.783
90 0.259 0.293 0.399 0.244 0.365 0.720 0.711
95 0.013 0.046 0.017 0.001 0.028 0.143 0.279
NIKKEI 97.5 0.074 0. 159 0.247 0. 109 0.389 0.814 0.574
99 0.159 0.113 0.093 0.480 0.217 0.537 0.506
99.5 0.077 0.084 0. 100 0. 108 0.070 0.813 0. 664
90 0.443 0.895 0. 166 0.207 0. 668 0.596 0.490
95 0.872 0.985 0.035 0.360 0.661 0.264 0.777
DAX 97.5 0.833 0.997 0.091 0.379 0.467 0.520 0.514
99 0.195 0.456 0. 164 0.228 0.562 0.449 0.257
99.5 0.998 0.252 0. 101 0.124 0. 641 0.204 0. 829

ES Backtesting p .p ES
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Media coverage and IPO underpricing: Evidence from China’ s growth en—
terprise markets

HUANG Jun CHEN Xin-yuan
School of Accountancy Shanghai University of Finance and Economics Shanghai 200433 China

Abstract: The role of media coverage in the capital market has recently become a hot topic. This paper inves—
tigates the impact of media coverage on IPO underpricing by focusing on GEM ( Growth Enterprise Markets) .

It is found that media coverage increases IPO underpricing. This conclusion holds even for neutral news. That
is the media coverage of listed companies is positively associated with their underpricing on the 1PO date.

Further analysis shows that 1) for companies in the spotlight their IPO underpricing is more driven by media
reports; 2) when the security market is soaring media reports generate higher IPO underpricing. Finally the
analysis shows the effect of media coverage on IPO underpricing is temporary. For a long-term period after the
IPO the more media reports about the listed company the more its stock prices drop.

Key words: media; IPO underpricing; top news; market trend

( 45 )
Calculating VaR and ES based on volatility models with time-varying higher—
moments

WANG Peng

School of Finance Southwest University of Finance and Economics Chengdu 610074 China

Abstract: This paper extends prior studies on risk estimation of volatility models with time-varying higher-mo-
ments. With several important stock market indices we adopt a “from simple model to complex model” step
to estimate several volatility models with time—varying higher-moments and then we calculate VaR and ES val-
ues according to Gram-Charlier extension distribution. We also back-test VaR based on unconditional coverage
test and ES based on bootstrap. In spite of nice properties of the models with time-varying higher-moments
the backtesting results generally support models with static higher-moments.

Key words: time-varying higher-moments; value-at-risk; excepted shortfall; gram-charlier expansion distribu—

tion; backtesting



