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Fat-tails measurement and Value-at-Risk estimation and prediction of

Composite Index of Shanghai Stock Exchange

Peng Zuo-xiang™?, Li Shi*, Pang Hao®



(1 School of Statistics, Southwestern University of Finance and Economics, Chengdu, 610074; 2 School of

Mathematics and Finance, Southwestern Normal University, Chongqing, 400715)

Abstract: Based on extreme value theory and General Pareto Distribution (GPD), this paper analyzes and

describes the performance of the thick-tail of the high frequency financial time series data with tail index which

fitted by local fithess on tail distribution of the data. Both process, one is procedures of estimating and testing of the

tail index, another is estimating and forecasting methods of Value-at-Risk, are given systematically. The one-step

forward forecasting results of the Composite Index of Shanghai Stock Exchange by extreme value theory and

other well-known modeling techniques, such as ARCH/GARCH models, are empirically compared and contrasted.

The empirical results argue that GPD method is superior to GARCH models on estimating and forecasting of

Value-at-Risk.

Key Words: Value-at-Risk; Tail Index; Forecasting; Extreme Value Theory; Empirical Analysis.
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