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MOTIVATION : Robust Model Estimation of Heavy-Tailed Data

Financial and macroeconomic time series:
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2. Robust methods cannot handle traits simultaneously.2. Robust methods cannot handle traits simultaneously.
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MOTIVATION: Tail Trimmed GMM (Hill and Renault 2008)

Asymmetric GARCH without parameter restrictions : QARCH (Sentana 1995)
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MOTIVATION: Tail Trimmed GMM (Hill and Renault 2008)

Asymmetric GARCH without parameter restrictions : QARCH
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________________________________________________
L. Hansen (1982) - GMM.

Hall and Yao (2003) - QML : Covariance stationary GARCH, E[2] < .

Jensen and Rahbek (2004) - QML : ARCH(1) with non-stationary solution.

Ling (2007) - E(t
2) <  and E|xt|p = , fixed quantile trimmed QML.

Ling (2007) - E(t
2) <  and E|xt|p = , symmetrically trimmed QMLE.

Franc and Zakoïan (2004) – QML : ARMA-GARCH, E[4] < yet E|xt|p =

Ling (2007) - E(t
2) <  and E|xt|p = , symmetrically trimmed QMLE.
.
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Linear GARCH.Linear GARCH.
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MOTIVATION: Tail Trimmed GMM (Hill and Renault 2008)
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MOTIVATION: Tail Trimmed GMM (Hill and Renault 2008)

Asymmetric GARCH without parameter restrictions : QARCH
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MOTIVATION: Tail Trimmed GMM (Hill and Renault 2008)
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Requires a general CLT for (asymmetrically) tail-trimmed sums.



The Kernel Self-Normalized, Tail-Trimmed Sum for Dependent, Heterogeneous Data, with an Application to Robust Least Squares

Jonathan B. Hill, Dept. of Economics, University of North Carolina – Chapel Hill

9

TAIL TRIMMED SUMS FOR NON-IID DATA

Let {yt} be a sequence of random variables with distributions {Ft}.
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TAIL TRIMMED SUMS FOR NON-IID DATA

Under “general conditions”:
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

w(-) = kernel function (Bartlett, Parzen, and Tukey-Hanning, …)

n = bandwidth.
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TAIL TRIMMED SUMS FOR NON-IID DATA

Under “general conditions”:
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Mixingales, mixing, mds : linear and nonlinear ARFIMA (switching, …)

: linear and nonlinear GARCH (IGARCH, QGARCH)

: Stochastic volatility
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TAIL TRIMMED SUMS FOR NON-IID DATA

General Conditions :

1. Thin or thick probability tails :
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Mixingales, mixing, mds : linear and nonlinear ARFIMA (switching, …)

: linear and nonlinear GARCH (IGARCH, TGARCH)

: Stochastic volatility
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LITERATURE

o Trimmed or truncated, tail or fixed-quantile trimmed sums
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IID : vast majority (Bickel 1965, Stigler 1973,…)

Mixing : Finite variance (Hahn, Kuelbs and Samur 1987)

Linear distributed lags : fixed quantile (Wu 2005)

Domains of attraction : iid (Griffin and Pruitt 1987; Hahn and Weiner 1992)

Nothing on non-parametric variance

Csörgő, Horváhth and Mason (1986), P

Csörgő, Haeusler, and Mason (1988), P

Hahn and Weiner (1992).
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estimation…
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EXAMPLE : Tail-Trimmed Least Squares : AR(1)
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EXAMPLE : Tail-Trimmed Least Squares : AR(1)
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Tail Trimmed Least Squares :
Kolmogorov Smirnov Tests of Normality
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.39 .49 .59 .69 .79 .89
= n^d = # trimmed tail ob.'s


