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Table 1 Descriptive statistics of operational risk on banks
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Fig. 10 Diagram of estimating parameter of OpR'> under 95% confidence level ( dots for Bs)
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24.66% | &(xi) | sigma |lambda| OpVaRg os |OpCVaRy s
[0) (o) (o)
29.40% 23.17%  28.12%. 3.11]0.62 | 0.94 | 0.024 | 24.66 | 29.40
18.60%  22.20%; 2.89]1.00 | 0.77 | 0.02 | 23.17 28.12
2.74(3.29 [ 0.02 | 0.01 | 18.60 22.20
2 95% OpVaR, o  OpCVaR, o 3.15(0.34 | 0.75 | 0.02 | 13.39 16.46
(%) 2.12|-0.43[0.90 | 0.01 4.20 5.02
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Application of extreme operational risk measurement models for commercial
banks based on macroeconomics factors in stock markets

YANG Qing' ZHANG Liang-iang’ WEI Liin'
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Abstract: Operational risk is one of the most important risks in financial institutions however traditional
models couldn’ t measure it efficiently as a result of its fat-tail distribution and lacking of data on extreme fail—
ure events in practice. The paper introduces a Compound Poisson Process Model to measuring the aggregate
extreme operational risk of commercial banks both by General Pareto Distribution( GPD) and by Generalized
extreme value( GEV) distribution. Further it gets the operational risk data of six international banks using
multifactors Fama—rench model to reduce the impact of market risk credit risk and liquidity risk by consid—
ering macroeconomics factors and environments in stock markets. The results show that banks’ aggregate ex—
treme operational risk in terms of Conditional Value at Risk( OpCVaR) are higher than their Value at Risk
( OpVaR) in terms of Peak over Threshold( POT)  while Block Maxima Models( BMM) can measure the pos—
sible maximum value of the loss of banks per day during certain period. Also we find the aggregate exireme
operational risk of Chinese banks are lower than that of international banks if including the systematic crisis
but international counterparts have a better risk management than Chinese banks before the crisis.

Key words: extreme operational risk; Fama-¥rench model; operational conditional value-at—risk; peak-over—

threshold; block maxima models



