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Table 1 Descriptive statistics of SSE composite index and SZSE component index returns

10

JB P
0.027 0.074 9.401 - 10.437 1.759 -0.325 7.512 2941.53 0.00
0.032 0.063 9.530 - 10. 627 1.941 -0.313 6.703 1996. 45 0.00
1
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Fig. 1 Sample distribution of SSE composite index and SZSE component index returns
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Table 2 Estimation results of risk measure CVaR

0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09 0.10

7.012 | 5.870 | 5.200 | 4.701 | 4.323 | 4.029 | 3.792 | 3.595 | 3.426 | 3.278

4.660 | 4.230 | 3.962 | 3.762 | 3.600 | 3.464 | 3.346 | 3.241 | 3.146 | 3.059

7.569 | 6.451 | 5.733 | 5.198 | 4.767 | 4.435 | 4.167 | 3.941 | 3.748 | 3.579

5.140 | 4.666 | 4.369 | 4.149 | 3.971 | 3.821 | 3.690 | 3.574 | 3.469 | 3.374
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Table 3 Kernel estimation value of risk measure CVaR
0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09 0.10
6.404 | 6.041 | 5.736 | 5.464 | 5.211 | 4.985 | 4.782 | 4.603 | 4.441 | 4.296
A 8.558 | 7.348 | 6.582 | 6.064 | 5.656 | 5.313 | 5.021 | 4.771 | 4.552 | 4.360
6.639 | 6.259 | 5.938 | 5.653 | 5.388 | 5.151 | 4.938 4.75 4.581 | 4.428
A 8.862 | 7.636 | 6.835 | 6.325 | 5.928 | 5.607 | 5.340 | 5.107 | 4.897 | 4.706
4.2 CVaR CVaR A
CVaR 0 1 0.001
A A 1 000 A A
A A CVaR CVaR  MCVaR
5% CVaR 5.
CVaR.MCVaR ( 4) . CVaR
CVaR CVaR MCVaR
MCVaR
CVaR CVaR
2
1%
4 CVaR
Table 4 Risk optimization results based CVaR
o 0.01 0.02 0.03 0.04 0.05
A 0.512 0.538 0.542 0.540 0.537
A 0.488 0.462 0.458 0.460 0.463
MCVaR1 5.887 5.138 4.682 4.359 4.089
MCVaR2 5.887 5.138 4.682 4.359 4.089
CVaR 5.887 5.138 4.682 4.359 4.089
: MCVaR1 CVaR A MCVaR2 CVaR A
® A A 2.74% 2.62% A
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Table 5 Results of minimizing CVaR based search method (« = 1%)
A MCVaR1 MCVaR2 CVaR
1 0.000 0.229 8.759 8.759
2 0.001 0.234 8.761 8.753
3 0.002 0.242 8.779 8.762
534 0.534 6.100 5.554 5.845
535 0.535 6.097 5.524 5.830
536 0.536 6.155 5.562 5.879
1 000 1.000 8.558 ~0.206 8.558
CVaR
107
—(CVaR -----MCVaR1- - - MCVaR2
9k Cornish-Fisher
8 6 A (a = 5%)
Y Table 6 Risk hedging performance of Wanke A stock (o = 5%)
E z_ 'w‘\ CF
S N\ -0.0462 | -0.0164 | -0.0208
3l J \\ CVaR| 4.2824 4.2670 4.250 2
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Risk management based on the CVaR kernel estimator

HUANG Jin-bo' LI Zhongfei’ YAO Hai=iang’

1. Finance Department Guangdong University of Finance & Economics Guangzhou 510320 China;
2. Sun Yat-Sen Business School Sun Yat-Sen Universtiy Guangzhou 510275 China;

3. School of Informatics Guangdong University of Foreign Studies Guangzhou 510006 China

Abstract: Conditional Value-at-Risk ( CVaR) model developed recently is a powerful mathematical tool to
measure financial risk. By constructing on the risk optimization and risk hedging models based on the CVaR
kernel estimator and designing an optimization algorithm to solve these models this paper accomplishes the
goal that financial risk estimation and risk management are implemented at the same time. These models are
applied to Chinese A stock market and the following conclusions are obtained: nonparametric kernel estima—
tion method can capture the tail feature of the risk factor distribution and give more accurate risk estimation re—
sults. The risk optimization model based on CVaR kernel estimator can find out the true minimum risk and
corresponding portfolio. Compared with Variance-Covariance method and Cornish-Fisher expansion of CVaR
the risk hedging effect based on CVaR kernel estimator is the best.

Key words: conditional value-atwisk ( CVaR); nonparametric kernel estimation; risk optimization;

risk hedging



