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Dynamic Risk Measurement under the Condition
of Biased Distribution and MRC-SPA Test

FANG Wei—zheng, ZHANG Wei—guo
(School of Business A dm inistration, South China University of Technology, Guangzhou 510640, China)

Abstract: Based on the characteristics of aluminum futures market in China, we introduce the Skewed-t distribution
combined with conditional extreme value theory to describe the thick tail, skewness and volatility clustering and use rolling
time window for different volatility models to forecast the dynamic out-of sample VaR. Then we choose the M RC-SPA
test, a new test for risk, to cover the inefficiency caused by traditional tests on different volatility models. The main
empirical results show that: EVT effectively improve the prediction accuracy for dynamic out-of-sample VaR and can
achieve a smaller deal of regulatory capital loss, what is more, GARCH-EVT -Skew ed—t is the best prediction model.

Key words: Conditional EVT; M RC-SPA Test; Skewed- Distribution; Rolling Time Window; Dynamic Quintile

Regression



