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Abstract

This paper investigates via a simulation study the effects of nonlinearities on several commonly used order
selection criteria. The most important finding of this study is that SIC, FPE, HQC and BIC perform considerably
well in estimating the true autoregressive order, even in the presence of STAR or TAR nonlinearity. Thus we
conclude that these criteria may be safely applied to determine the true order of STAR or TAR process.
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1. Introduction

There are ample of evidence on the presence of Smooth Transition Autoregressive
(STAR) (Granger and Terasvirta, 1993) and Threshold Transition (TAR) (Tong, 1990) types
nonlinearities in economics time series (Henry et a., 2001; Taylor et a., 2001; van Dijk et
al., 2002). The selection of autoregressive (AR) order p, normally based on certain selection
criteria (Brockwell and David, 1996), is an important process in the modeling cycles of these
nonlinear time series. The practicability of applying these criteria, which were originaly
proposed on the basis of linear frameworks, is of great interest as it has crucial implications
on the eventually selected models. Basci and Zaman (1988) and Liew and Chong (2003) have
done simulation study to see the effects of nonnormal and ARCH errors on various order
selection criteria However, to the best of our knowledge, the effects of nonlinearities on
these order selection criteria are yet to be determined. As such, the main objective of this
study is to investigate, via smulation study, the effects of STAR and TAR types
nonlinearities on the performance of some selected criteria in picking up the true
autoregressive order p.

The most important finding of this study is that SIC, FPE, HQC and BIC perform
considerably well in estimating the true autoregressive lag length, even in the presence of
STAR or TAR nonlinearity.

2. STAR and TAR nonlinearities and order selection criteria

The STAR process of aseries X, (t=1, ..., T) can be expressed as
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where c and ¢’s are constant and autoregressive parameters to be estimated, with asterisk (*)

stands for nonlinear parameters. G is a transition function of certain threshold vaues
((Granger and Terasvirta, 1993), taking values in the range of (0.0, 1.0) by construction.

g, arenormally distributed random error terms with a zero mean and afinite variance o°.

STAR process alows a variable under investigation to adjust smoothly every moment
within different regimes with the speed of adjustment depends on the size of the threshold
values. Meanwhile, TAR and AR are a special cases of STAR process, whereby in the former
case, transition function G takes discrete values of either zero or one and in the latter case, G
consistently equals zero throughout the series.

Note that the linear autoregressive order m and nonlinear autoregressive order nin (1)
are always unknown in real observations and have to be determined in advance. Practicaly,
empirical researchers mostly assume in priori that m=n= p, whereby pis determined by
certain order certain selection criteria developed based on linear AR framework. We are
interested to know the performance of these criteria in estimating the true order of the STAR
or TAR.

To accomplish our task, we simulate STAR and TAR processes of m= n = 2. We

generate ¢, and ¢ , i =1, 2 from a uniform distribution in the region (-0.25, 0.25)

respectively. The choice of this region allows us to avoid undesired nonstationary process.
Meanwhile c is generated from an arbitrary selected uniform distribution in the region (—
100,100). For STAR process, we generate values of G from a uniform distribution in the
region (0,1), whereas for TAR process, G takes the values of zeros and ones randomly. A
more specific case of STAR process, namely the AR process is simulated by equating G = 0.
We simulate data sets for various sample sizes. 25, 50, 100, 250, 500,1000, 2500, 5000,
10000 and 100000. For each combination of processes and sample sizes, we simulated 1000
independent series for the purpose of order estimation. The estimated order pcan be any
integer from 1 to 20.

The lag length selection criterion to be evaluated include (1) Akaike information

.
criterion, AIC,=In(62)+2p/T, where 62=(T—-p-1)") &7; (2) Akake's information
t=p

corrected  criterion,  AICC=T[In(62)]+T[1-(p—2)/TI™*[1+(p/T)]; (3) Schwarz
information criterion, SIC, = In(6§)+ [p In(M]/T; (4) Hannan-Quinn criterion, HQC, =

In(65)+2T_1p In[In(T)]; (5) the final prediction error, FPE;=G2 (T — p) (T + p) and (6)
Bayesian information criterion, BIC,=(T)

.
In[ (T - p) " To 21+T[1+n(v27 )]+ pIn[ p (D XZ ~T62)1. Interested readers are referred
t=1
to Brockwell and Davis (1996) and Basgi and Zaman (1998) and the references therein for

more details.

The probability of estimating the true lag length by each of these criteria is
determined. We aso investigate the distribution of the estimated order, so as to gain more
insights on the behavior of various criteria.



3. Simulation results

The probability of various criteriain correctly estimating the true order of the STAR,
TAR and AR process are tabulated in Table 1. Generally, Table 1 showsthat SIC, FPE, HQC
and BIC (but not AICC and AIC, which show identical results everywhere) perform
considerably well in estimating the true autoregressive lag length, in al cases. Table 1 aso
revealed that the performance of order selection criteria involved generally improves as the
sample size increases; this is not a surprising result. Perhaps, most importantly, Table 1
shows that there is no distinct difference in the performance of these criteria in correctly
estimating the true lag order p for all processes. For instance, the probability score of BIC in
correctly estimating the true order of are 90.2, 89.6 and 88.8, in that order, for AR, TAR and
STAR processes with T = 100000. A major implication of this finding is that these criteria,
which are originally proposed for the estimation of linear AR process, works equally well in
TAR or STAR types nonlinear process. Note that in similar studies, Liew and Chong (2003)
concluded that these criteria perform well even in the presence of heteroscedastic errors,
whereas Basgi and Zaman (1998) contented that these criteria are affected by kurtosis. Thus,
the current finding lends us empirical support on the use of conventional order selection
criteriain estimating the true order of nonlinear autoregressive processes.

Table1
Probability of correctly estimating the true order of various processes

Samplesizes, T
Processes Criteria 25 50 100 250 500 1000 2500 5000 10000 100000

AlICC 174 182 17.8 195 195 178 205 201 222 222
AlIC 174 182 17.8 195 195 178 205 201 222 22.2
AR SIC 62.8 66.1 658 680 692 722 776 826 821 86.4
FPE 675 690 677 722 733 754 746 792 785 84.0
HQC 690 715 703 731 754 769 802 858 845 88.6
BIC 70.7 731 715 752 76.6 788 814 864 858 90.2

AICC 190 186 180 174 187 172 185 176 197 214
AlIC 190 186 180 174 187 172 185 176 19.7 214
TAR SIC 649 663 643 657 672 732 789 810 840 85.8
FPE 708 729 695 722 681 727 779 789 812 81.6
HQC 706 724 69.2 714 722 781 820 839 879 88.2
BIC 73.6 758 724 749 736 792 838 86.2 889 89.6

AICC 197 174 174 182 195 18.0 183 203 20.1 21.0
AlIC 19.7 174 174 182 195 180 183 203 201 21.0
STAR SIC 645 658 654 656 69.2 738 800 824 835 85.0
FPE 68.0 69.6 68.7 675 746 726 787 794 80.0 81.0
HQC 706 721 701 700 742 768 828 854 86.7 87.4
BIC 722 737 708 723 780 792 842 870 883 88.8

An analysis on the distribution of estimated order for various criteria revealed that
AICC and AIC has severely over-estimated the true order in all process. For example, for
T=25, (Table 2) the last finding is true even if the sample size is practicaly large enough. In



contrast, SIC, FPE, HQC and BIC are found to have under-estimated the true order with a
probability of around one-third.

Table2
The distribution of estimated order for various criteria

Criteri Estimated order
a 1 2 3 4 5 6 7 8 91 1 1 1 1 1 1 1 1 1 2
0O 1 2 3 4 5 6 7 8 9 0
AlCC 40 19 6 5 3 4 4 4 3 3 4 2 3 3 3 3 3 4 5 7
7 4 0 6 5 3 4 5 3 5 8 2 5 4 8 0 6 4 1
AlC 40 19 6 5 3 4 4 4 3 3 4 2 3 3 3 3 3 4 5 7
7 4 0 6 5 3 4 5 3 5 8 2 5 4 8 0 6 4 1
SIC 35 64 4 0 0O O O O O O OO O O O O O o o o
1 5
FPE 2 68 5 2 7 6 1 2 1 0 00 O O O O O O o0 o
2 2 5 4
HQC 29 68 2 3 1 0 0 0O O O OO0 O O o O o o o o
0 6 O
BIC 2 71 3 3 2 1 0 1 0 O OO0 0 O 1 0 1 0 4 1
5 3 2 7 3

Notes: STAR process, T=25, B=1000. Results for other processes and sample sizes provide similar information
and hence are not shown.

The most interesting fact uncovered by Table 2 is that the mode of the distribution is exactly
the true order. This gives us the intuitive that it would be possible for one to correctly
estimate the order of a given series with a probability of one via bootstrapping, that is, the
order can be determined from the mode of the resulted bootstrap distribution of estimated
order. The authors currently undertake a research aong this direction.

To sum up, this study finds that conventional AR order selection criteria may be
safely applied the in determining the true order of STAR or TAR process.
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