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Fig. 1 The track of asset values of companies across industries
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Table 1 Dynamic default probability and poisson intensity across industries
1 2 3 236 237 238
P’ 1.604E -03 | 1.297E -03 | 1.243E -03 1.604E -03 | 1.297E -03 | 1.243E -03
600048. SH :
R’ 1.607E -03 | 1.299E -03 | 1.244E -03 4.411E-03 | 4.656E -03 | 5.134E -03
P 6.251E -03 | 5.358E -03 | 4.638E -03 9.777E -03 | 1.230E -02 | 1.241E -02
600077. SH
R 6.290E -03 | 5.387E -03 | 4.660E -03 9.874E -03 | 1.245E -02 | 1.256E -02
P 3.985E -03 | 3.655E -03 | 3.585E -03 5.782E -04 | 7.794E -04 | 9.436E -04
600162. SH
R 4.001E-03 | 3.668E -03 | 3.598E -03 5.785E -04 | 7.800E - 04 | 9.445E -04
P 2.326E-02 | 2.148E-02 | 2.213E -02 2.326E-02 | 2.148E -02 | 2.213E -02
600150. SH
R 2.382E -02 | 2.196E -02 | 2.264E -02 3.336E-03 | 5.137E -03 | 5.000E -03
P 1.156E -03 | 9.690E -04 | 7.421E -04 2.018E-03 | 2.283E -03 | 2.214E -03
600166. SH
R 1.158E -03 | 9.700E -04 | 7.427E -04 2.023E -03 | 2.289E -03 | 2.219E -03
P 4.647E -04 | 2.570E -04 | 2.359E - 04 1.387E -03 | 1.991E-03 | 2.138E -03
600169. SH
R 4.649E -04 | 2.570E -04 | 2.360E -04 1.389E -03 | 1.995E -03 | 2.143E -03
P 3.869E -02 | 3.784E -02 | 3.791E -02 2.539E -02 | 2.797E -02 | 2.766E -02
600000. SH
R 3.722E -02 | 3.644E -02 | 3.650E -02 2.475E-02 | 2.720E -02 | 2.691E -02
P 2.794E -02 | 2.641E -02 | 2.650E - 02 1.737E-02 | 1.892E -02 | 1.854E -02
600015. SH
R 2.717E -02 | 2.572E -02 | 2.580E -02 1.707E -02 | 1.857E -02 | 1.820E -02
P 3.719E =02 | 3.659E -02 | 3.674E -02 2.705E -02 | 2.758E -02 | 2.761E -02
600016. SH
R 3.583E-02 | 3.527E -02 | 3.541E -02 2.633E -02 | 2.683E -02 | 2.686E -02
P 3.963E -04 | 3.516E -04 | 3.026E - 04 6.761E -04 | 7.429E -04 | 6.347E -04
600368. SH
R 3.965E -04 | 3.518E -04 | 3.027E - 04 6.765E -04 | 7.435E -04 | 6.351E -04
P 1.311E-06 | 9.241E -07 | 8.986E -07 3.760E —10 | 5.379E -10 | 5.836E - 10
600561. SH
R 1.311E-06 | 9.241E -07 | 8.986E -07 3.760E —10 | 5.379E -10 | 5.836E - 10
P 4.167E -06 | 3.204E -06 | 2.829E -06 1.880E -05 | 2.316E -05 | 2.044E -05
002682. SZ
R 4.167E -06 | 3.204E -06 | 2.829E -06 1.880E -05 | 2.316E -05 | 2.044E -05

R
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Fig. 2 Dynamic default probability for companies in four industries
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min — max

R, =ay +a;NX, + a,NX, + ayNX; + ay,NX,

NX, = (X, = min( X)) /(max(X) — min( X)) (29
(28) 2
¥ w, ).
2
Table 2 Factor loading coeffiecients in mixed Poisson model
a; ) a ( ) a; ( ) ay ( ) Qi
600048. SH —4.458F -04" -8.581E -4 6.340E -03 -7.575E -03 3.561E -03
600077. SH —1.603E 04" —-4.550E -4 3.581E -04 -3.392E -04 4.781E -04
600162. SH —1.918F - 04" -8.177E -05 -1.777E -04 -3.850E -05 3.830E -04
600150. SH 2.628E -07 —2.906E -07" -3.718E -07 —-6.642E - 07 8.545E -07
600166. SH 1.366E —04 ~1.690E 03" 2.321E -03 -3.978E -03 3.000E - 03
600169. SH -2.379E -03 -8.370E 05" 1.279E -02 —-1.490E -02 5.141E -03
600000. SH -4.863E -03 8.413E -03 —1.458F -02" -1.724E -02 4.324E -02
600015. SH -2.566E —03 1.244E -4 -1.127E -02° -8.601E -03 2.856E -02
600016. SH 4.791E -03 -6.876E -03 -1.751E -02" 4.394E -03 3.474E -02
600368. SH 1.91E -04 2.824E -04 -2.127E -03 -1.09E -03" 9.138E -4
600561. SH 1.409E -07 -1.34E -06 2.854E -06 ~2.057E -06" 5.590E -07
002682. SZ -1.163E -05 -1.647E -05 -1.112E -04 —1.066F —04" 3.829E -05
2
; 3
90% 80%

(29)

50%
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3
Table 3 Measurement coefficients of regressions
R* >50% R* >60% R* >70%
(%) (%) (%)
20 16 80 12 60 8 40
20 18 90 14 70 10 55
25 18 72 14 56 9 36
20 15 75 11 55 7 35
4.4 (18)
Yi
(18) 1) X, :
2) (29) R i=12":"m;
3) Y, ~ Poisson(R,) ;
2012 10 1 2013 9 31 4) (18)
3
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Fig. 3 Loss distribution of asset portfolios across industries



2018

. 4
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Table 4 Default probability and its standard deviation under specific loss ratio
(%)
0.05% 0.09% 0.13% 0.23% 0.50%
P 0. 153% 0.141% 0.133% 0.120% 1.163E - 004
Std. ” 3.5E-004 | 3.1E-004 | 2.3E-004 | 1.7E-004 | 1.0SE-005
P 1.32% 1.28% 1.21% 0.71% 0.14%
Std. 6.81E -003 6.77E -003 5.47E -003 7.6E -004 2.21E -005
P 8.73E—-004 | 8.69E-004 | 8.04E—-004 | 6.27E-004 | 3.245E 005
Std. 2.17E - 004 3.16E - 004 2.81e —-004 2.11E -004 6.22E - 006
P o Std.
4.5 ma
Gamma
Gamma
3)
Monte Carlo ay =0.02 a; =0.002 ;=12
Monte Carlo 4) d =5
3 000
10 000
4
x 1072
0.07
o Simulation under IS
m =1 000 0.06 2 * MC Simulation
ml P(L >
ml) ;
1) s ¢; =0.02 +0.004 98
0.02 5.
2) X; ~ Gamma(o; B) 0750 60 70 80 90 100 110 120 130 140 150 160
o =1/6 B =6 X 1 6( BURBE
Credit Suisse *' 4
Gam— Fig. 4 Comparison of two simulation methods

CreditRisk *
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Carlo
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Monte

Table 5 Tail probability and variance ratio of loss distribution

based on important sampling

! P(L > ml)
0.065 5.28% 14.83
0.081 3.62% 25.87
0.105 2.45% 60.59
0.125 1.20% 96.55
0.145 0.49% 190. 42
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Monte Carlo

Monte Carlo
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Portfolio credit risk measurement based on mixed Poisson default intensity
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Abstract: This paper uses the Poisson distribution with a linear combination of Gamma distributions to capture
the dependence among the default indicators of different assets and then proposes a multifactor risk model for
portfolios credit risk based on mixed Poisson default intensity. Our model is based on the idea that dependence
among common risk factors can be transformed into the dependency among the default indicators of different as—
sets which broadens and enriches portfolio credit risk measurement models. By introducing important sam—
pling techniques to the model for effective numerical simulation this paper empirically examines the portfolio
credit risk in four industries of China’s financial markets. More specifically the classic structural model and
option pricing formula are firstly used to estimate the dynamic default probability of an obligor; the dynamic
Poisson strength of each asset under the mixed Poisson model is secondly obtained by using the dynamic default
probability of a single asset; then the factor loading coefficients of common risk factors are estimated to re—
flect the degree of dependence among different assets; finally the important sampling method is applied into
the mixed Poisson model in order to implement the efficient Monte Carlo simulation for the loss distribution of
the credit portfolio composed across different industries. The simulation results show that our algorithm is more
efficient than the ordinary Monte Carlo simulation and can greatly reduce the variance of the estimated loss
probability.

Key words: portfolio credit risk; mixed Poisson model; structure model; Monte Carlo simulation; important

sampling techniques



