Daniel Straumann

Estimation in Conditionally
Heter oscedastic Time Series Models

*f] Springer c



Contents

Introduction. . .. ... ... 1
11 A Veay Brief History of Financial Time Series .. ... ... .. .. .. 1
12 Contents of the Monograph .. ... .. ... ... ... ... . ... ... 3
121 Parameter Estimation in a General Conditionally
Heteroscedastic Time SeriesModd. .. ... ... ... ... 4
122 Whittle Estimation in GARCH(L,2). . ... . ... . ... . .. 10
13 Structure of the Monograph .. ... .. ... ... ... .. .. .. .. .. .. 11
Some Mathematical Tools .. ... .. .. ... ... ... ... . .. . ... 13
21 Stationarity and Ergodicity. . ... ... 13
22 Uniform Convergence viathe Ergodic Theorem . ... . ... .. . 17
221 Bochner Expectation ... ... .. ... ... 19
222 The Ergodic Theorem for Sequences of B-valued
Random Elements . ... ... ... ... ... ... .. 22
23 Matrix Norms . ... 23
24 Wesk Convergencein C(/f,R™). .. ... ... ... .. ... .. .. ... . 24
25 Exponentialy Fast Almost Sure Convergence .. ... ... . ... .. 26
26 Stochastic Recurrence Equations ... ... ... ... ... 29
Financial Time Series. Facts and Models .. ... . . | 37
31 Sylized Facts of Financia Log-return Data .. .. ... ... .. .. 39
311 Uncorrelated Observations ... ... ... ... . ... ... . .. 39

312 Timevarying Volatility (Conditiona Heteroscedasticity) 41
313 Heavy-tailed and Asymmetric Unconditional

Digtribution .. ... ... 41

314 Leveage Effects .. ... . ... ... ... 43

32 ARMA Modds . ... ... 44
3.3 Conditionally Heteroscedastic Time Series Modds = .. 48
331 AGARCH Modds .. ... ... .. .. ... . . ... ... ... ... 48
332 EGARCH Modds . ... ... ... . ... .. . ... ... .. 60

34 Stochastic Volatility Modes



X
4

Contents
Parameter Estimation: An Overview .. .. .. . .. .. . . . . 63
41 Edtimation for ARMA Processes . . . . . .| 63
411 Gaussan Quas Maximum Likdihood Estimation = = . . 63
412 Least squares Estimation ... ... ... . ... .. ... ] 68
413 Whittle Estimation ... ... .. ... 69
42 Edtimation for GARCH Processes . ... .. . .. . . .. 72
421 Quas Maximum Likdihood Estimation ... ... == . 73
422 Whittle Estimation .. ....... ... .. ... ... ... 79
Quasi Maximum Likelihood Estimation in Conditionally
Heteroscedastic Time Series Models: A Stochastic
Recurrence Equations Approach. ... ... ... ... ... ... ... . . 85
51 Ovaview. ... ... 85
52 Stationarity, Ergodicity and Invertibility. ... ... .. .. . .. ... 87
521 Exigtence of a Stationary Solution .. ... ... ... ... .. 83
522 Invertibility. .. ... ... 92
523 Dsdfinition of the Functionb™ . . . 97
53 Condstency ofthe OMLE .. .. .. .. .. . .. .. ... .. .. . 9
54 Examples. Condstency. ... ... ... ... ... ... ... ... 102
541 EGARCH . .. ... 102
542 AGARCH(pQ). ... ... ... .. 105
55 The First and Second Derivativesof hhand h. .. ... ... ... ... 110
56 Asymptotic Normality of the QMLE ... ... ... ... . ... . ... 116
57 Examples: Asymptotic Normality. ... ........ ... . ... .. . .. 120
571 AGARCH(p,Q) ... ... .. .. .. 120
572 EGARCH .. ... .. . . . ... 124
58 Non-Stationarities ... ... ... ... ... 131
59 Fitting AGARCH(1,1) to the NYSE Composite Data .~~~ . 131
510 A Simulation Study. . . ... 1R
Maximum Likelihood Estimation in Conditionally
Heteroscedastic Time Series Models ... ... .. ... ... ... . . 141
6.1 Consgsency of the MLE ... ... .. ... . ... ... ... 143
611 ManResult ... ... ... 143
6.1.2 Consstency of the MLE with Respect to Student t,
Innovations . ... ... ... 146
6.2 Misspecification of the Innovations Density. .. .. .. ... ... .. 148
6.21 Inconsstency of the MLE . ... . ... ... .. ... . . ... .. 148
6.22 Misspecfication of V in the GARCH(p,g) Modd. . . . . .. 14
6.3 Asymptotic Normality of the MLE ... ... ... . ... ... . ... .. 157

64 Asymptotic Normdity of the MLE with Respect to Student
t, Innovations . ... ... .. 165



~

Contents

Quasi Maximum Likelihood Estimation in a Generalized
Conditionally Heteroscedastic Time Series Model with
Heavy—tailed Innovations . ... .. .. .. . .
7.1 Stable Limits of Infinite Variance Martingale Transforms . . . .
7.2 Infinite Variance Stable Limits of the OMLE . .. ... ... ... ..
7.3 Limit Behavior of the QMLE in GARCH(p,g) with
Heavy-taled Innovations . ... ... ... ... . ... .. . . ... .. ..
74 Veification of Strong Mixing with Geometric Rate of (Y*) in
GARCH(P,). . - oo

Xl

8 Whittle Estimation in a Heavy-tailed GARCH (1,1) Model 187

References

81 Introduction .. ... ... ... ...
82 Limit Theory for the Sample Autocovariance Function
83 ManResults . ... ... .. ... ..
84 Excursion: Yule-Waker Estimation in ARCH(p)
85 Proof of Theorem 8.3.1
86 Proof of Theorem 8.3.2



