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Table 1 Descriptive statistics of operational risk loss events
/ / / /
87.190 3.511 3994 0.038 8.244 80.928 237
130. 653 3.466 2 600 0.001 4.370 26. 680 108
133.827 3.003 1 500 0.005 3.132 12.700 55
2.688 0.058 21 0.001 2.622 8.370 23
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Fig. 1 The histograms of losses and trend of annual loss events
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Fig. 2 The MEF plot and Hill plot of operational risk losses
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Table 2 The estimated parameters of Generalized Pareto and lognormal distributions
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Fig. 3 The fitting results to the empirical distribution by three methods
3 VaR ES
Table 3 95% and 99% VaR and ES measured by different methods
Alpha = 0.05 Alpha = 0.01
95% VaR/ 95%ES/ 99% VaR/ P%ES/
603. 3 1259.1 1564.8 2 766.0
Lognormal 644.6 6 529.4 4 673.4 26 097.1
Generalized Pareto 1739.9 1.5 x 10" 1.1 x10° 7.6 x 102
PSD-LDA 575.4 1377.3 1622.0 3265.1
BSPSD-L.DA 585.7 1415.2 1691.2 3419.7
: PSD-L.DA BS-PSD-HL.DA Bootstrap
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Table 4 The results of back-testing proposed by Kupice
95% VaR 95% ES 99% VaR 99% ES
N LR N LR N LR N LR
17 1.356 2 7 3.240 7 4 0.710 0 1 1.237 3
Lognormal 16 0.809 6 0 26.159 6" 0 5.1257 0 5.1257
Pareto 4" 8.538 4" 0" 26.159 6* 0 5.1257 0 5.1257
PSDLDA 18 2.0289 7 3.240 7 4 0.710 0 1 1.237 3
BS-PSD-LDA 18 2.028 9 7 3.240 7 4 0.710 0 1 1.237 3

LR 5% 1% 3.8415 6.6349. *
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Application of LDA based on Bootstrap sampling and piecewise-defined se—
verity distribution in operational risk measurement
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Abstract: The research of operational risk management among Chinese commercial banks is still preliminary.
Operational risk events are rare and data is hard to collect. This leads to very small data samples. Besides a
large number of empirical researches show that the distributions of operational losses are often skewed with fat
tails. To address these issues this paper puts forward a loss distribution approach ( LDA) based on bootstrap
sampling and piecewise-defined severity distribution ( BSPSD-LLDA) . The approach divides data samples into
two distinct parts ( high-frequency low-severity losses and low-requency high-severity losses) and fits the two
parts by lognormal distribution and Generalized Pareto distribution respectively. Using hand-eollected samples
of 426 operational losses in Chinese commercial banks during 1994—2010 we estimate the magnitude of oper—
ational losses using the BSPSD-LDA method. We show that our method provides a better fit than the tradition—
al parametric methods. Besides the method using historical simulation of nonparametric method seems to offer
a good fit to the sample as well. From the point of not only satisfying risk control requirement of the regulatory
authority but also ensuring the efficiency of funds’ utilization we think BSPSD-L.DA is advantageous.

Key words: operational risk; Bootstrap sampling; Basel II; lognormal distribution; generalized Pareto distri—

bution



