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Abstract: The expectation heteroscedastic mixture transition distribution (EHMTD) model first introduced by Berchtold
is further studied in this paper. First, the stationary conditions and tail behaviors of the model are derived. The estimation
of parameters is easily performed via expectation conditional maximization (ECM) algorithm. The variety of conditional
distributions of the EHMTD model makes the model capable of modeling time series with asymmetric multimodal or
heavier tail distribution. The model is applied to simulate real data sets with satisfactory results. The EHMTD model is
easy to model and potentially useful in modeling nonlinear time series.
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¥ (The parameter estimation of the EHMTD
model and the model selection)
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Fig. 1 Simulated time series of model (3)
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Table 1 Results of the simulation study with model (3)

Qg Pg,1 ©g,2 04,0 04,1 Qg ©g,1 ©g,2 04,0 04,1
g 2504 R A S004MKEA
EH  0.7000 0.3000 0.2000 0.5000 0.3000 0.7000  0.3000 0.2000 0.5000  0.3000
1 % 06785 0.2937 0.2013 0.4961 0.2895 0.6885 0.2985 0.2007 0.4998  0.2981
FREZE 0.0883  0.0986 0.0621 0.1405 0.2044 0.0546 0.0644 0.0414 0.0877 0.1353
B 03000 1.1000 —0.4000 5.0000 0.3000 1.1000 —0.4000 5.0000
2 WM 0.3215 1.0358 —0.3686 4.6326 0.3115 1.0694 —0.3913 4.8851
bREZE 0.0883  0.2552 0.2421 1.0476 0.0546 0.1706 0.1523 0.7966
5 524145 T (Real example) K 74T HA

IR K L A il sk A (1821~1934, JL1T 114
AN WA 2 5 A% 22 BT 97 3 FH AN R ASE 78 43 A 3ot 1)
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21 09ER105) A 22 W 43 AT [P AF LR R RFAE. 1245
JE P 51 28 G 507 48t i i I P 5 e 2 .

Y

3 1 1 1 1 1
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Pl 2 AR (3) o K L A e 2 A 40 ) i P
Fig. 2 Time plot of the common logarithm of

the Canadian lynx data
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Fig. 3 One-step predictive distributions of the
series(t = 85 ~ 90)
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Table 2 Empirical coverages of the (1 — a)100%
prediction intervals for the series

iRl 95% 90% 80% 70% 60% 50%

EHMTD 95.18 89.29 81.34 70.63 62.50 51.96

AR 92.86 88.61 75.89 68.75 58.93 50.00
SETAR 95.33 90.65 81.83 69.16 56.07 44.86
GMTD 95.54 91.96 81.25 72.32 59.82 45.54
MAR 96.43 88.39 82.14 70.54 63.39 52.68
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6 %58 (Conclusions)
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