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1 Sy
Table 1 Each warrant and the closing price S of corresponding underlying stock
Sy
580013 CWBI1 600005 2007 -04 - 17 | 2009 —04 - 10 | 9.58 1 6.48
580014 CWBI 600548 2007 - 10 =30 | 2009 - 10 -23 | 13.48 1 5.53
580016 CWBI 600104 2008 -01 -08 | 2009 —12 -31 | 26.97 1 6.5
580017 CWBI 600269 2008 - 02 -28 | 2009 —-02 - 16 | 20.53 1 8.94
580018 CWBI 600428 2008 - 02 —-26 | 2009 —08 — 19 | 40.38 0.5 7.41
580019 CWBI 600028 2008 -03 -04 | 2010 -02 -25 | 19.68 0.5 8.44
580020 CWBI1 600018 2008 - 03 - 07 | 2009 —03 - 02 8.4 1 4
580021 CWBI1 600600 2008 - 04 - 18 | 2009 — 10 - 13 | 28.32 0.5 20.2
580022 CWBI 600795 2008 - 05 -22 | 2010 - 05 - 17 7.5 1 6.02
580023 CWBI 600518 2008 -05 -26 | 2009 -05 -19 | 10.77 0.5 8.66
580024 CWBI1 600019 2008 - 07 -04 | 2010 — 06 — 28 12.5 0.5 5.62
580025 CWBI1 600068 2008 —07 - 11 | 2010 -0l —-04 | 9.19 0.5 9.3
580026 CWBI 600362 2008 - 10 - 10 | 2010 - 10 - 04 | 15.44 | 0.25 13.26
1S, 13 2008 12 10
2 Delta.Gamma. Theta
Table 2 Delta Gamma and Theta values of corresponding warrants and degrees of freedom of the underlyings
Delta Gamma Theta
CWBI1 0.3120 0.106 4 -1.713 6 5.249 3
CWBI1 0.1879 0.069 2 -0.608 5 4.9363
CWBI 0.1196 0.035 4 -0.536 0 4.959 1
CWBI 0.002 7 0.003 3 -0.0499 5.0272
CWBI 0.1959 0.048 3 -1.140 3 4.999 6
CWBI 0.079 8 0.042 7 -0.2153 5.1612
CWBI1 0.023 7 0.041 7 -0.159 3 5.0263
CWBI1 0.109 6 0.028 7 -0.7314 5.294 7
CWBI1 0.603 6 0.069 0 -0.7856 5.2795
CWBI1 0.067 9 0.058 8 -0.3246 5.0597
CWBI1 0.1155 0.078 1 -0.160 3 5.0429
CWBI 0.389 8 0.091 7 -0.765 1 4.900 2
CWBI 0.347 8 0.080 6 -0.475 4 5.089 3
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3 A
Table 3 The values of diagonal elements in the diagonal matrix A
Ay Az A3 A4 As A6 Ag
0.014 765 0. 002 631 0. 001 891 0. 001 253 0.001 071 0. 000 786 0. 000 67
As Ag Ao A A Az
0. 000 531 0. 000 402 0. 000 282 0. 000 237 0. 000 149 0. 000 081 9
A Ay A, Fa b=l A (i=1 - 13)
3 e (8) & 1 VaR 4 1
2x10° k=5 1 1 13
13 t
> Al =1.6749e 006 < & =2 x107°
i=k+l1 ( )
5 I VaR
13 13 t
Monte Carlo 50 000
VaR 1 VaR
t 5 3
MATLAB7. 6 . Monte Carlo
90 % 91 %192 %93 % .94 % .95 %96 % - VaR
97 % 98 % 99 %
4 3 1 VaR
Table 4 Comparison of the obtained one — day VaR of the current position of warrants portfolio using three methods
t t t Monte
(5 ) (13 ) Carlo (13 )
1 -90% VaR -10.199 - 10. 196 -10.192
1 -91% VaR -10.238 -10.234 -10.233
1 -92% VaR -10.281 -10.278 -10.279
1 -93% VaR -10.33 -10.326 -10.332
1 -94% VaR - 10.386 -10.382 -10.389
1 -95% VaR -10.452 - 10.448 -10.454
1 -96% VaR -10.533 -10.53 -10.531
1 -97% VaR - 10.638 -10.635 -10.632
1 -98% VaR -10.789 -10.786 -10.792
1 -99% VaR - 11.058 - 11.054 - 11.056
: 2048 - 18 18 ; Monte Carlo VaR 50 000
5 VaR 4 1 t
Table 5 Comparison of the run time to calculate the VaR of
, o N Monte
warrants portfolio with three methods
/s Carlo VaR Monte
t 2.964 Carlo
t 37.16 A
t Monte Carlo 123.37 Monte Carlo 3
Lenovo Thinkpad T400 A Monte Carlo
200G 16 Monte
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Fig. 1 Comparison of the obtained VaR using projection dimension reduction technique fast convolution method and

Monte Carlo simulation method

6 95% Kupiec
Table 6 Index value of Kupiec test under 95% - confidence level
(LR)
t (5 ) 1. 407 707"
t (13 ) 1.407 707"
t Monte Carlo (13 ) 0. 636 401"

% 0s(1)  3.8415.
6 3 Ku- piec
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Nonlinear VaR model of options portfolio based on projection dimension re—
duction technique

CHEN Rong-da'*> LV Y7’
1. School of Management Zhejiang University Hangzhou 310058 China;
2. School of Finance Zhejiang University of Finance and Economics Hangzhou 310018 China

Abstract: To obtain VaR of options portfolio with many dimensions the calculation time and effort increases
rapidly when market risk factors increase. For this reason the paper introduces a projection dimension reduc—
tion technique to compute VaR of the options portfolio which uses a few risk factors to explain the total risk of
the options portfolio with many dimensions. Moreover the paper combines it with a fast convolution method
and establishes nonlinear VaR model of options portfolio based on projection dimension reduction technique
with market risk factors having heavy-tailed distributions. As a result the computation time and effort have
been largely reduced however the information of the change in the options portfolio value has almost not been
lost. Numerical results show that computational accuracy using projection dimension reduction technique is
slightly different with that of fast convolution method or Monte Carlo simulation method. However projection
dimension reduction technique is more efficient than the fast convolution method or Monte Carlo simulation
method of calculation as its computation time and effort are significantly reduced.

Key words: options portfolio; nonlinear VaR; projection dimension reduction technique; fast convolution

method; t distribution



