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ABSTRACT

STAR MODELS: AN APPLICATION TO TURKISH INFLATION AND

EXCHANGE RATES

YILDIRIM, Dilem
M.S. in Economics

Supervisor: Associate Prof. Dr. Nadir OCAL

December 2004, 85 pages

The recent empirical literature has shown that the dynamic generating mechanism of
macroeconomic variables can be asymmetric. Inspiring from these empirical results,
this thesis uses a class of nonlinear models called smooth transition autoregressive
models to investigate possible asymmetric dynamics in inflation and nominal
exchange rate series of Turkey. Estimation results imply that variables under
consideration contain strong nonlinearities and these can be modeled by STAR

models.

Key Words: Smooth transition autoregressive (STAR) model, Inflation, Nominal

exchange rate, Asymmetry, Nonlinearity.
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YUMUSAK GECISLI OTOREGRESSIF MODELLER: TURKIYE

ENFLASYONU VE DOVIZ KURU UZERINE BiR UYGULAMA

YILDIRIM, Dilem
Yiiksek Lisans Tezi, iktisat Anabilim Dali

Tez Yoneticisi: Dog. Dr. Nadir OCAL

Aralik 2004, 85 sayfa

Son yillarda gelismekte olan ampirik yazin, makroekonomik degiskenlerin
dinamigini olusturan mekanizmanin asimetrik olabilecegini gostermektedir. Bu
ampirik bulgulardan esinlenerek, bu tez yumusak gecisli otoregresif modelleri
kullanarak Tiirkiye’'nin enflasyon ve nominal doviz kurlar verilerindeki olasi
asimetrik dinamigi arastirmaktadir. Tahmin sonuclari, analiz edilen degiskenlerin
giiclii dogrusal olmayan yapilar icerdigini ve bu yapilarin yumusak gecisli

otoregresif (STAR) modellerle modellenebilecegini gostermektedir.

Anahtar Kelimeler: Yumusak gecisli otoregresif (STAR) modeller, Enflasyon,

Nominal doviz kuru, Asimetri, Dogrusalsizlik.



ACKNOWLEDGEMENTS

I express my sincere appreciation to my supervisor Associate Prof. Dr. Nadir Ocal
for his invaluable guidance and patience throughout this work. I would also like to
thank the examining committee, Associate Prof. Dr. Yilmaz Akdi and Assist. Prof.

Dr. Elif Akbostanci for their helpful comments.

My gratitude is extended to the staff of the Department of Economics and to the

staff in the Dean’s Office for their support before and during this study.

vi



TABLE OF CONTENTS

Page
PLAGIARISM. ...ttt s iii
ABSTRACT ... e iv
OZ. oo, v
ACKNOWLEDGEMENTS.......cociiiiiiiintcenteece ettt vi
TABLE OF CONTENTS ... vii
LISTOF TABLES. ... X
LIST OF FIGURES. ... e xi
CHAPTER
1. INTRODUCTION......ouiiiiiiiiiiiiii e 1
2. NONLINEAR TIME SERIES MODELS...........c.cocoiiiiiiinnnn 6
2.1 IntrodUCtioN. .. .c.veit it 6
2.2 Treshold Autoregressive Models............c..cooiiiiiiiiiin 7
2.2.1 Representation of Basic TAR Model........................ 7
2.2.2 Modelling TAR Models.........ccccoviiiiiiiiiiiiiin... 8
2.3 Markov Switching Regime Models...........c..c.ooooiiiiiiiinn, 12
2.4 Smooth Transition Autoregressive Models........................... 15
2.4.1 Represantation of Basic STAR Model......................... 16
2.4.2 Modelling Cycle of STAR Model ...................coooeee. 19

vii



24.2.1

24.2.2

2423

24.24

24.2.5

Specification of a Linear Autoregressive Model... 19

Linearity Test Against STAR Model................. 20
2.42.2.1 Test Against LSTAR..................... 21
2.42.2.2 Test Against ESTAR..................... 22
2.42.2.3 Application of Linearity Test........... 23

2.42.2.4 Determining the Transition Variable... 24
Choosing Between LSTAR and ESTAR Models... 24
Estimation..........ocooiiiiiiiiiiiiiiii 26
Evaluation..............cooiiiiiiiii, 28
2.4.2.5.1 Testing the Hypothesis of No Error

Autocorrelation..............c.oooeeeenen.. 28
2.4.2.5.2 Testing the Hypothesis of No

Remainig Nonlinearity.................. 30
2.4.2.5.3 Test of Parameter Consastancy......... 34
2.42.5.4 Autoregressive Conditional

Heteroscedasticity (ARCH) Test...... 36

Smooth Transition Regressive (STR) Models............ 37

2.4 Comparision of Three Nonlinear Time Series Models................. 39
2.5 CONCIUSION. .cuutiiiiriiieiieitet ettt ettt 41

. EMPRICAL INVESTIGATIONS. ..ottt 42

3.1 INtrodUCtioN. ...o.viei e 42
3.2 STAR Modelling for Consumer Price Index............................ 42
3.3 STAR Modelling for US Dollar.............c.oooiiiiiiiiiiiiiiin. 54
3.4 STAR Modelling for British Pound.........................o. 66
3.5 CONCIUSION......timtieiiiiieiientert ettt e e 76

viii



4. CONCLUSION

REFERENCES.....

1X



TABLES Page
3.1 Statistics of seasonally adjusted CPIL...................oiiiiiiiia, 45
3.2 Estimated linear models for CPI................o.ciiiii 46
3.3 Linearity test results for CPL........ ... 47
3.4 Estimated nonlinear models for CPI.................cocoii. 48
3.5 Regime analysis statistics of CPL.................oooiiiii . 52
3.6 Comparision statistics for linear and nonlinear models for CPI............. 53
3.7 Statistics of seasonally adjusted TL/$ ... 57
3.8 Estimated linear models for TL/$ .........coooiiiiiiiiiiiiiiii, 57
3.9 Linearity testresults for TL/$ ... 60
3.10 Selected STAR model for TL/$ ..o 61
3.11 Regime analysis statisticS for TL/$ ......ooiiiiiiiiiiiiiiieenes 63
3.12 Comparision statistics for linear and nonlinear models for TL/$ ............. 65
3.13 Statistics of seasonally adjusted TL / £..........c.oiiiiiiiiiii 68
3.14 Estimated linear models for TL / £..........c.coiiiiiiiiiiiiiiiiiiiieen. 69
3.15 Linearity test results for TL /£........cooiiii 71
3.16 Selected STAR model for TL /£.. ..ot 72
3.17 Regime analysis statistics for TL/£........ ... 74
3.18 Comparision statistics for linear and nonlinear models for TL/£............ 75

LIST OF TABLES



LIST OF FIGURES

FIGURES Page
3.1 Logarithmic form of CPL........ .. ... 44
3.2 Differenced form of CPL............oiiiiiii 44
3.3 Seasonally adjusted form of CPL...................ooiii 45
3.4 Transition function for CPL...............o.c i 51
3.5 Forecastresults for CPL...........c.ooi i 54
3.6 Logarithmic form of TL/$........coooiiiiii e, 55
3.7 Differenced form of TL/$.....cooiiiii 56
3.8 Seasonally adjusted form of TL / $.........coiiiiiiiiiiiiiiiee, 56
3.9 Transition function for TL /$.........oooiiii 62
3.10 Forecast results for TL/$.. ..o, 66
3.11 Logarithmic form of TL/£.. ... i, 67
3.12 Differenced form of TL/£.. ... 67
3.13 Seasonally adjusted form of TL / £...........cooiiiiiii i, 68
3.14 Transition function for TL / £........o 73
3.15 Forecastresults for TL /€., 76

X1



CHAPTER I

INTRODUCTION

Modeling of business cycles is a key feature of macroeconomic time series analysis.
Recent empirical literature has shown that the business cycle is asymmetric in the
sense that the economy behaves differently during expansions and recessions. It has
been established that downturns in the business cycle are sharper than recoveries in
key macroeconomic variables. For example, output and employment fall more
sharply than they rise. Following this feature, the unemployment rate is likely to rise
sharply in recessions and than slowly decline to its long-run value in expansion
periods, implying that dynamic adjustment of the unemployment rate depends on the

phases of business cycle.

Cyclical asymmetry is actually a nonlinear phenomenon, therefore it can not be
represented by linear models with symmetric error distributions because such models
can only generate realizations with symmetric fluctuations and they are incapable of
generating asymmetric cycles, which seems to be the characteristics of business

cycle data.



Recently several nonlinear models have been suggested in the literature to capture
observed asymmetries. A common feature of these models is that they assume the
presence of different regimes, within which the time series under scrutiny can have
different means, variances and (auto-) correlation structures. Threshold
autoregressive (TAR) models, smooth transition autoregressive (STAR) models and
Markov-switching regime models have been the most popular nonlinear models in
applied literature. Threshold autoregressive model is a set of different linear AR
models, changing according to the value of threshold variable(s) relative to fixed
threshold(s) and indicating different regimes. Although the process is linear in each
regime, the possibility of regime switching means that the entire process is nonlinear.
In the smooth transition autoregressive (STAR) model, the fixed thresholds of a
standard threshold autoregressive (TAR) model are replaced with a smooth transition
function, which needs to be continuous and non-decreasing. The Markov-switching
regime model imposes entirely stochastic breaks for the model while other two have
exogenous breaks. In the Markov model, the inferences are drawn on the base of
probabilistic estimates of the most likely state prevailing at each point of time during

the observation period.

This study aims to provide a review of these three nonlinear models with emphasis
being on the application of the smooth transition autoregressive models. The study
concentrates on STAR models since they are flexible enough to allow several
different types of dynamics that could be observed in macroeconomic time series.
For example, a STAR model with a logistic transition function can describe an
economy with its dynamic properties in expansion being different than that of

contraction, whereas with an exponential transition function it represents an economy



where the contractions and expansions have rather similar dynamic structures, but
the middle ground can have different dynamics. Moreover, while the Hamilton type
Markov switching models and threshold models imply that the economy can only be
in two different regimes, namely recession and expansion. STAR models allow a

continuum of regimes between these two extremes.

These models have been employed to analyze not only economic variables used to
examine business cycle fluctuations but also to investigate the possible nonlinearities
in the financial variables such as exchange rate and interest rates. We also wanted to
examine macroeconomic variables but because of sample size problems we consider
monthly inflation and nominal exchange rate data of Turkey with sample period
January 1987-June 2001. The first reason of selecting these variables is the sufficient
length of the sample. Secondly, the studies concerning PPP hypothesis suggests that
as a consequence of nonzero transaction, transportation costs and other impediments
to trade, deviations from the PPP should contain significant nonlinearities. The
empirical studies in this field contain Liew et al. (2003), Sarno (2000), Taylor and
Peel (2000) and Baum et al. (2001). They find strong evidence of nonlinear behavior
of real exchange rate and characterized the data by smooth transition autoregressive
(STAR) model, a type of nonlinear time series model that allows the real exchange
rate to adjust smoothly every moment in between two regimes, which may be either
appreciating and depreciating or undervaluation and overvaluation regimes. Sarno,
Taylor and Chowdhury (2004) test empirically the validity of the law of one price.
Using threshold autoregressive (TAR) models, they find significant nonlinear mean
reversion in deviations from the law of one price. The other empirical studies follow

the same procedure are Micheal et al. (1994), Obstfeld and Taylor (1997) and Taylor



(2000). Sarno (1997) finds evidence of nonlinearity in real exchange rate of Turkey
but does not provide any information about the possible source of nonlinearity that
can be observed either one of the component series or both. In our study, to examine
the source of this possible nonlinear structure in PPP hypothesis we decided to
analyze the component series, namely inflation and nominal exchange rate,
separately. The nonlinear structure can be a result of only one variable or both. This
is important because if one does not consider the source of nonlinearity one can
make wrong inferences about the dynamics of variables. Therefore, the first step of
modeling cycle for transformed variables such as real exchange rates, TL / $ should
be to uncover the source of nonlinearity. We estimate STAR models for inflation,
TL / $ and TL / £ series and examine their dynamic properties and forecast
performances. Adequacy of these models is checked by a group of misspecification
tests. Our findings indicate that STAR models adequately describe the dynamics of
the variables. This implies that possible asymmetric dynamics of these variables

should not be neglected when they are used in macroeconomic modeling.

This study is quite important on the following grounds. First, it indicates that if the
data show significant nonlinearity, than the use of linear models will not be
appropriate and the constructed nonlinear model will probably give better forecasts.
Second, the identification of nonlinearity will be quite useful in determining
macroeconomic policy changes. That is the effectiveness of macroeconomic policies
may change from one regime to another. Other implication of this study is that if the
data follow nonlinear process, than the dynamic structure may change according to
the regimes and this may cause a nonlinear stationary process to be taken as a linear

nonstationary process.



The plan of this study is as follows. Chapter two discusses the main properties of
three nonlinear models. The modeling cycle of smooth transition autoregressive
model, the data and evaluation of empirical findings are provided in Chapter three.

Finally, Chapter four gives an evaluation of the study.



CHAPTER 11

NONLINEAR TIME SERIES MODELS

2.1 Introduction

The assumption of linearity has long been dominating macro econometric model
building. If linear approximations to economic relationships had not been successful
in empirical work they would no doubt have been abandoned long ago. However, in
the last three decades, the adequacy of linear model in capturing the dynamics of
business cycle data has been debated very often in the literature. It has been observed
that the business cycle is asymmetric in the sense that the economy behaves
differently during expansions and recessions. A wide variety of linear models have
been employed to model business cycle features, but linear time series models with
symmetric error terms cannot capture asymmetric dynamics. To describe such

dynamics one needs nonlinear models.

In the last two decades, many nonlinear models have been suggested, though only a
few commonly applied in economics. These models are the threshold autoregressive
(TAR) model due to Tong (1983), the Markov switching model used by Hamilton
(1989) and Engle and Hamilton (1990) and the smooth-transition autoregressive

(STAR) models promoted by Terdsvirta (1994) and his co-authors as a smooth



generalization of TAR models. The main objective of this chapter is to provide a

brief review of these models.

This chapter is organized as follows. In Section 2.2, the threshold autoregressive
model is introduced and modelling procedure is explained. Markov-switching
models and two different approaches for this model are provided in Section 2.3.
Section 2.4 considers the main topic of this study, smooth transition autoregressive
models. Finally, the last section is devoted to the comparison of nonlinear time series

models.

2.2 Threshold Autoregressive Models

The threshold autoregressive model was first proposed by Tong (1978) and discussed
in detail by Tong and Lim (1980), Tong (1983) and Tsay (1989). The procedure
proposed by Tong and Lim (1980) is quite complex. It involves several computing-
intensive stages and there were no diagnostic statistics available to assess the need
for a threshold model for a given data set. Because of these reasons their estimation
procedure has not received much attention in applied studies. Tsay (1989) suggested
a simple method to estimate TAR models. The simplicity of the procedure comes
from the usage of familiar linear regression techniques. Potter (1995) and Tiao and
Tsay (1994) used this modeling procedure to describe US real GNP and found good

results in favor of TAR specification.

2.2.1 Representation of Basic TAR Model
A TAR model is a piecewise linear autoregressive model in the space of the

threshold variable. A simple TAR model of a time series Y; with the threshold



variable 1.4 is defined as follows, where r; is a stationary variable from inside or

outside of the model and d is referred as threshold lag. Partition the space of r 4, the

real line, by —oo =l<Ai<............ <Ag<Agp =00

Then a TAR model of order p for y; is defined as

Y= 0"+ 0 "Y e, + @MY+ e for Api<ria<in .1
Ene~ iid(O,cz) h=1,...g, g: number of regimes in the model

where Ay,’s are referred to as the thresholds and g is the positive integer.

In a two-regime case, the model becomes,

Oy 0, Y e oY, , +€, if rg>7

Y. = (2.2)
Olyy + 00, Y, F i o, Y, , +&,, if 1<t

where 1.4 is the transition variable, d is the delay parameter and 7 is the threshold

parameter

On one side of the threshold, the Y sequence is governed by one autoregressive
process and on the other side of the threshold, by another AR process. Although Y, is
linear in each regime, the possibility of regime switching implies that the entire
sequence is nonlinear and therefore TAR model is said to be a piecewise linear
autoregressive model. This property of these models allows modeling asymmetric

behavior observed in empirical data.

2.2.2 Modeling TAR Models

Modeling procedure of threshold autoregressive models contains five steps.



In the first step an appropriate AR model is selected, for the all data points in use to
construct a basis for nonlinear modeling. AR order p can be selected either by
considering the partial autocorrelation function (PACF) or some other information
criteria such as Akaike information criteria (AIC) or Schwarz Bayesian criteria
(SBC). However, PACF is more preferable over other information criteria because if

the process in indeed is nonlinear than the information criteria could be misleadingl.

Second step of TAR modeling is threshold nonlinearity test and finding the threshold
variable. To detect nonlinearity and the threshold variable, arranged autoregression
procedure is applied. An arranged autoregression is an autoregression with cases
rearranged, based on the values of a particular regressor. For the TAR model,
arranged autoregression becomes useful by arranging the values of the variables
according to ascendingly ordered values of the threshold variable. This arrangement
effectively transforms a threshold model into a change point problem. That is the
data points are grouped in such a way that all of the observations in a group follow

the same linear AR model.

The procedure to be applied in the third step can be summarized as follows. An
arranged autoregression based on the threshold variable r.4 is constructed. This
rearrangement procedure is done for all possible values of the delay parameter, d. To
start threshold nonlinearity test, predictive residuals are obtained from the each

arranged autoregression. These predictive residuals play a crucial role in this step,

'See, Tsay (1989)



because if the appropriate model is linear than standardized predictive residuals and
regressors will be orthogonal. Based on this, an auxiliary regression is constructed by
regressing predictive residuals on the regressors. After estimating the auxiliary
regression, LM test is applied. Then, for all possible variables and delay parameters
auxiliary regressions are constructed and LM test is applied. The variable having
smallest p-value (maximum power) is selected as the optimum threshold variable for

the TAR model.

After detecting threshold nonlinearity and specifying delay parameter, the next step
is to determine location of threshold value and the number of regimes. For this
purpose, scatter plots of the standardized predictive residuals or ordinary predictive
residuals versus determined threshold variable or the scatter plots of t-ratios of
recursive estimates of an linear AR coefficient versus the threshold variable can be
used. The use of a scatter plot of recursive t-ratios of an AR coefficient versus the
threshold variable has two functions. Firstly, they show the significance of that
particular AR coefficient. Secondly, if the process is linear and the coefficient is
significant, t-ratios gradually and smoothly converge to a fixed value as the recursion
continues. However, if the process is nonlinear the predictive residuals will be biased
at the threshold value and the convergence of the t-ratio will be destroyed. This
biasedness and convergence destruction indicates the location of threshold value and

major changes in the slope of the t-ratio suggest regime partitions.

Chan (1993) introduced a similar technique for finding the consistent estimate of the

threshold. His method is also heavily based on the concept of arranged

autoregression. In that technique, the sum of squared residuals from any TAR model

10



are thought as being a function of the threshold value used in the estimation.
According to this technique, the smallest value for sum of squared of residuals is a
sign of being close to the true threshold value. Hence, sum of squares of residuals
should be minimized at the value of the threshold. The true threshold value is
captured in the trough of the graph of the sum of squared residuals and if the graph
has several minima, than this means that the model has several thresholds and several
regimes. One difficulty with this approach is the fact that one has to estimate a TAR

model for each possible threshold value and variable.

Having found the appropriate AR order, threshold variable, possible threshold value
and the number of regimes, the modeling cycle of the TAR model comes to the
estimation stage. Since TAR model is a locally linear model, ordinary least squares
techniques are useful in studying the process. TAR model can be estimated with two
available least squares estimation techniques. According to the number of regimes,
the series is divided into the groups and OLS technique is applied for each group. A
single regression is constructed for the whole series with indicator functions given by
the single index multiplying lags of the time series. Second method is useful when
there is a need to impose a restriction of equality of certain estimated coefficients
across regimes or to use exogenous variables, which might have same or different

coefficients across regimes.

Having estimated the TAR model, validity of the model must be checked. First check
is the location of the threshold value. The only limitation is that a threshold should
not be too close to the Oth or 100th percentile. For these extreme points there will be

not enough observations to provide an efficient estimate. To decide the adequacy of

11



the model a battery of misspecification tests must be carried out and these are tests
for no residual autocorrelation, heteroscedasticity, remaining nonlinearity, skewness,
kurtosis and normality. Final evaluation criterion is post-sample forecasting and size
of the combined error variance. To be able to choose the TAR model over linear AR
model, TAR model should be statistically adequate, should have better forecast
performance and smaller combined error variance. Otherwise there is no need to use
this complex modeling cycle. Post-sample forecast performance comparison can be
based on the comparison of the mean squared error of forecasts. In combined error
variance case there is a quite important point. A reduction in the combined error
variance obtained from the TAR model does not always indicate a better
performance of the TAR model. There can be two reasons for this reduction, real
improvement or just over fitting in the sample. In order to decide, linear and
nonlinear models should be estimated recursively and the correlation between
recursive forecasts and actual data should be obtained. If the correlation is at
maximum in the TAR model, than the reduction is actually because of real

improvement.

2.3 Markov Switching Models

The interest in Markov switching models in describing business cycle data has risen
following the study by Hamilton (1989) and Filardo (1994). Hamilton type Markov
models allow for two states to exist with a series of shifts between the states
occurring in a probabilistic fashion. Thus, the shifts occur endogenously rather than
being imposed from outside. In the Markov regime switching process, the probability
of being in a particular state is only depend on the state of the process in the previous

period. It is assumed that the probabilities of switching from one regime to the other

12



are fixed over time. The Hamilton two state Markov switching regime AR(1) model
is as follows
Yt:“st+ast+8t (23)

where ¢ (is N(0, 67 )

It is assumed that that regime path (.1, St.2,...) follows a first order Markov process
with time homogeneous transition probabilities,
P(si=jlsci=1)=pij,

foriandj=1,2.

Thus pij is equal to the probability that the Markov chain model moves from state i at
time t-1 to state j at time t. In application to business cycle data s, =1 can be thought
as recession regime and s = 2 can be thought as expansion regime. This Hamilton

process is completely described by the following constant transition probabilities:

P(sc=11sci=1)=pu
P(sc=21sci=1)=pa=1-pu
P(sc=21sc1=2)=pn

P(s;=11s.1=2)=pra=1-pxn

So pi; is the probability of continuing in recession regime, py; is the probability of
switching from recession to expansion, py; is the probability of continuing in
expansion regime and finally p;; is the probability of switching from expansion to

recession.

13



The regime path process s; depends on regime path s; only through previous value of
regime path s.;. The unconditional probabilities, found by Bayesian method, of the

stationary distributions that the process is in each of the regimes are given by

| .
Pls :H:———Ji;—umm

[
N _
<= Pn—Pan

Pls, =2)= an .

=
<7 Py T Pa

To obtain estimates of the parameters and the transition probabilities governing the
Markov chain of the unobserved state, one needs an iterative estimation technique.
Estimates of parameters for the two most likely regimes are calculated using
maximum likelihood estimation techniques. The likelihood is calculated for each
possible state, and the probability that a particular state is prevailing is obtained by

dividing the likelihood of particular state by the total likelihood for both states.

One important shortcoming of Hamilton process is fixed probabilities. This is
important because it is assumed that, for example, the probability of moving from
recession to expansion fixed irrespective of whether the economy is at the beginning
or end of the recession. As a solution to this drawback Filardo (1994) extended the
Markov chain component by allowing the transition probabilities to fluctuate over
time with movements in an indicator variable, x,. He uses a single indicator

specification of the logistic form:

14



1

Pi1 =Prob(S;=11S¢.1= 1, Xx¢k1) =
L+exp{=(B,, + B, %, x)}

1
1+exp{—(fy, + 1601xt—K0)}

Poo = Prob(S; = 1IS.1= 1, Xcko) =

where f,and [, give rise to constant transition probabilities for regime 1 and
regime 0 respectively when x = 0, while f,,and £, are the regime 1 and regime 0

coefficients on the (respective) lagged value of the leading indicator. Thus, the
probability of remaining in a regime is conditional on the lagged value of the leading
indicator, X, as well as the lagged regime S.;. Although Filardo’s approach provides

a flexible modeling we do not consider this method due to its complexity.

2.4 Smooth Transition Autoregressive Models

Smooth transition autoregressive (STAR) models are, due to their flexibility, have
been frequently used for modeling economic data. The term ‘smooth transition’ in its
present meaning first appeared by Bacon and Watts (1971). They presented their
smooth transition model as a generalization to models of two intersecting straight
line with an abrupt change from one linear regression to another at some unknown
change point. They also apply the model to two sets of physical data. One year later,
Goldfeld and Quant (1972) generalized the so-called two-regime switching
regression model by using the same idea. Goldfeld and Quandt (1972) and Chan and
Tong (1986) both proposed that the smooth transition between regimes be modeled
by using the cumulative distribution function of a standard normal variable as the
transition function. Bacon and Watts (1971) used the hyperbolic tangent function.
Luukkonen, Saikkonen and Terdsvirta (1988) proposed the logistic function, which is
a popular choice in this field. Following these developments, Terdsvirta (1994)

devised a data-based technique for specification, estimation and evaluation of STAR

15



models. This modeling technique has been applied to several economic time series in
Terasvirta and Anderson (1992). The STAR models are discussed in detail in

Granger and Teridsvirta (1993), Terdsvirta (1998) and Potter (1999).

2.4.1 Representation of the Basic STAR Model

In the smooth transition autoregressive model, the fixed thresholds of a standard
threshold autoregressive (TAR) model are replaced with a smooth function, which
needs to be continuous and non-decreasing. This implies that STAR models are more
flexible than TAR and Hamilton type Markov Switching regime models and

therefore preferred in this study.

A two-regime STAR model of order p is given by

P P
Y, =7, +Z7T1iYH +(6y +202th—i) FEQY,_57.0) €, (2.4)
i=1 i=1
or
Y =n'w,+0'w *F(Y,_,;7,c)+¢& (2.5)
with 7 = (7g5eee0s7T1,)' s 0 =(Oyg5ee06,,) and @, = (L, y, 5eeeee Vi)

that is E(g,1Q, ) = 0. Also it is assumed that the conditional variance of &, is
constant, E(&°1Q,_,) = 6°. An extension of STAR model, which allows for a change

in variance, that is autoregressive conditional heteroscedasticity (ARCH) is

16



considered in Lundbergh and Terésvirta (1998). In this study any ARCH effect is

tested by Engle (1982) ARCH test.?

F(,_,;7,c) is the transition function that is bounded between 0 and 1. The extreme
value 0, corresponds to regime 1 with coefficients 7, 1 = 0,1,....,p and the other
extreme value 1, indicates regime 2 with coefficients z,, + 6,,, i = 0,1,....,p.

Intermediate values of the transition function define situations in which the process is
a mixture of two linear AR(p) processes of regimes 1 and 2. Hence STAR model
allows for a ‘continuum’ of regimes, each associated with a different value of

F(,_,;7,c) between 0 and 1.

Different choices for the transition function F(Y,_,;¥,c) give rise to different types
of regime-switching behavior. There are two popular choices for the transition
function, logistic function and exponential function. The first-order logistic function
18,

Fi(y. )= +exp(=7,(y, 4 —c,)) ", 7,>0 (2.6)
where y.q is transition variable, y, is transition or smoothness parameter and cy, is
threshold parameter.

STAR model with this function is called logistic STAR (LSTAR) model. The
parameter ¥ determines the smoothness of change in the value of the logistic
function and, thus, the smoothness of the transition from one regime to the other. As

7 becomes very large, the logistic function F, (y,_,) goes to the indicator function

*See, Lundbergh and Terésvirta (1998)
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I(y,, >c,) defined as I(A) = 1 if A is true and I(A) = O otherwise, and,
consequently the change of F,(y,_,) from O to 1 becomes instantaneous at
v,_, =c,. Hence the LSTAR model goes to the self-exciting TAR (SETAR) model,
discussed in Section 2.2. When y —0, the logistic function approaches a constant
(equal to 0.5) and when ¥ =0, the LSTAR model reduces to a linear AR model with
parameters 7, + (¥2)68,,, 1 = 0,1,.....p. In the LSTAR model, the two regimes are
associated with small and large values of the transition variable y,_, relative to c,
and this permits business cycle expansions (F,(y,_,)= 1) and contractions
(F,(y,_,)=0) to have different dynamics. This type of regime switching can be

convenient for modeling, for example, business cycle asymmetry where the regimes

of the LSTAR are related to expansions and recessions.’

In certain applications it is more convenient to specify the transition function such

that regimes are associated with small and large absolute values of y, , relative to

the threshold value. This can be achieved by using the second popular choice for the

transition function, the exponential function,

Fy(y, ) =1=exp(=7; (y,s —¢;)°) , 75>0 (2.7)
and the resultant model is called exponential STAR (ESTAR) model. The
exponential function has the property that F,(y, ,) goes to 1 both as y, , goesto oo
and -oo, whereas F,(y, ,) =0 for y, ,= c,.In the ESTAR model, only the distance

from the location parameter is important, so that the regimes are effectively

3See, Terdsvirta and Anderson (1993) and Skalin and Terasvirta (2001)
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defined by values close to ¢, and far fromc,. For either y —0 or y — o, the
exponential function approaches to a constant (equal to 0 and 1, respectively). Hence,
the model collapses to a linear model in both cases. The resultant exponential STAR
(ESTAR) model has been applied to real (effective) exchange rates by Michael
(1997), Sarantis (1999) and Taylor (2001), motivated by the argument that the
behavior of the real exchange rate depends nonlinearly on the size of the deviation

from purchasing power parity.

2.4.2 Modeling Cycle of STAR Model
Following the procedure suggested in Terdsvirta (1994), there are five steps in

modeling procedure.

2.4.2.1 Specification of a Linear Autoregressive Model

In the first step an appropriate linear AR model is constructed to obtain a basis for
the nonlinear model. To specify a linear AR(p) model, one can employ an order
selection criteria such as AIC (Akaike 1974) or SBIC (Rissanen 1978; Schwarz
1978). However, SBIC, which is dimension-consistent, sometimes leads to too
parsimonious models in the sense that the estimated residuals of the selected model
are not free from serial correlation. In that sense, AIC may be more preferable. The
procedure using AIC for order selection is as follows. To select an appropriate AR
model, an AR model with 24 lags is considered and the maximum order of lag is
restricted by AIC. However, it is important that the use of any model selection
procedure should be accompanied by a proper test for residual autocorrelation, like
the Portmanteau test of Ljung and Box (1978). This is important, because omitted

autocorrelation can detoriate the remaining steps of modeling cycle.
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2.4.2.2 Linearity Test Against STAR Model
Testing linearity against STAR model constitutes a crucial step towards building
STAR models. The null hypothesis of linearity can be expressed by the equivalence

of the autoregressive parameters in the two regimes of the STAR model in (2.4).

The testing problem is complicated by the presence of unidentified nuisance
parameters under the null hypothesis. Formally, the STAR model contains
parameters, which are not restricted by the null hypothesis, but nothing can be
learned from the data when the null hypothesis holds true. The null hypothesis of
equivalence of two regime parameters does not give a restriction on the parameters
of transition function, ¥ and c. An alternative way to illustrate the presence of
unidentified parameters in this case is to note that the null hypothesis for the linearity
test can be formulated in different ways. In addition to the equality of the AR

parameters in the two regimes, the alternative null hypothesis H,": =0 also
indicates a linear model for each choice of the transition function. If H,' is used, the

location parameter ¢ and the AR parameters of two regimes will be unidentified

parameters.

The problem of unidentified nuisance parameters under the null hypothesis was first
considered by Davies (1977; 1987). His solution is to derive the test statistic by
keeping the unidentified parameters fixed. The main consequence of the presence of
such nuisance parameters is that the conventional statistical theory is not available
for obtaining the asymptotic null distribution of the classical likelihood ratio,
Lagrange Multiplier and Wald statistic. Instead, these test statistics tend to have

nonstandard distributions for which analytic expressions are most often not available,
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but which have to be obtained by the help of simulation. Luukkonen, Saikkonen and
Terdsvirta (1988) encountered the same problem in an alternative way. Their

proposed solution is to replace the transition function F,(y, ,;7.c) by a suitable

Taylor approximation. In the reparametrized equation, the identification problem is

solved and linearity can be tested by means of Lagrange Multiplier (LM) statistic
with a standard y* distribution under the null hypothesis. This technique has two

main advantages. First, the model under the alternative hypothesis need not be
estimated and standard asymptotic theory is available for obtaining asymptotic

critical values for the test statistic.

2.4.2.2.1 Test Against LSTAR

Consider the LSTAR model,
P P

Y =7, + ij.lth—i (0, + ZgziYH' VEF, (Y _3V.c )+ E (2.8)
1 1

Luukkonen suggests approximating the logistic function
Fi(y. )= +exp(=7,(y, s ¢,
with a first-order Taylor series approximation around ¥,= 0 and obtained the

following auxiliary regression
P P

Y, = 160 + ZﬁliYH +Z ﬁZth—th—d te, (2.9)
1 1

The parameters 5, B, ;i=1,...... ,p in the auxiliary regression are functions of the
parameters in the LSTAR model such that the restriction p, =0 implies
B, #0,6,#0 and B, =0 fori=1,...... ,p- Hence, testing the null hypothesis

H,'" 7, =0 turns to testing the null hypothesis H,": #,, =0 fori=1,...... .p-
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However, this auxiliary regression does not have good power in situations where
only the intercept differs across regimes. A test which does have power against this

situation is constructed by approximating the transition function F,(y,,;7.c) by a

third-order Taylor approximation. The resultant auxiliary regression is
p p p ) p 3

Yl = Bo + ZBlth—i +ZBZth—th—d + ZB3th—iY t—d +ZB3th—iY A (2.10)
i=1 i=1 i=1 i=1

Again, B,,, B, and B, fori=1,.....,p are functions of the parameters in the LSTAR
model such that the null hypothesis H,:y, =0 now corresponds to
H,": B, =8, =0,=0,i=1,.....p. This type of approximation is more general and

more applicable.4

2.4.2.2.2 Test Against ESTAR

Consider the ESTAR model,
P P

Y =7, + zzlth—i +(6, + zezin—i) FE (Y Ve Cp) TE, (2.11)
i=1 i=1

Saikkonen and Luukkonen (1988) suggest testing linearity against an ESTAR model

by using the auxiliary regression

P P P
Y, = :Bo +Zﬁ1iYH +Zﬁ2th—th—d +Zﬁ3th—thfd2 +e, (2.12)
im1 i=1 i=1

Equation (2.12) is obtained by using first-order Taylor approximation for the

exponential transition function. The restriction p, =0 corresponds with

B =0,=0,i=1,..... ,p-

4See, Terdsvirta (1994, 1998) and Granger and Terésvirta (2001) for more detail.
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Escribano and Jorda (1999) claim that a first-order Taylor approximation of the
exponential function is not sufficient to capture its characteristic features, the two

inflection points of this function in particular. They suggest that a second-order
Taylor approximation is needed. Using second-order Taylor approximation causes

extra variables in the auxiliary regression.

Since this effect is neutralized by the increase in the dimension of the null
hypothesis, neither of the approximations dominates the other in terms of power and

first-order Taylor approximation becomes more applicable.

2.4.2.2.3 Application of Linearity Test

The linearity test is carried out by using LM test. The procedure for obtaining LM
statistic is as follows. First, the model is estimated under the null hypothesis of
linearity by regressing y, on (1,y,,,....,y,_,) and the residuals ¢, are obtained.
Then, the auxiliary regressions are constructed by using ¢, as dependent variable.

For the LSTAR model equation (2.13) and for the ESTAR model equation (2.14) are

used.

P P P P
& =P+ ZBlth—i +ZBZth—th—d + ZBmYn-int—d +ZB4th—iY3‘_d v, (2.13)
i=1 i=1

i=1 i=1

P p p
e, = Bvo"'z B Yo, +Z B Y Y  + 26'31 Yt—iYZ"d +v, (2.14)
i=1 i=1

i=1

The null hypotheses and corresponding test statistics are
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H,=8,,=8,=8,=0, i=1,.....p; LM3 for LSTAR model

H =p,=p§,=0, i=1,.....p; LM, for ESTAR model

The test statistics have asymptotic y° distribution. However, in small samples it is
recommended to use F versions of the LM test statistics, because these have better

size properties than y* variant, which may be heavily oversized.

2.4.2.2.4 Determining the Transition Variable

If linearity is rejected, the next objective is to select the appropriate transition
variable. Even though, the LMj3 statistic was developed as a test against the LSTAR
alternative, it has power against ESTAR alternatives as well. An intuitive way to
understand this is to note that all variables in the first-order approximation to the
ESTAR model in (2.13) are contained in (2.14). This means that the appropriate
transition variable can be determined, without specifying the form of the transition
function, by computing LMj3 statistic for various choices of delay parameter, d =
1,....,p, and selecting the one with smallest p-value. The logic behind this procedure
is that if the correct transition variable is used, than the test should have maximum

power

2.4.2.3 Choosing Between LSTAR and ESTAR Model
The selection between LSTAR and ESTAR is based on testing a sequence of
hypothesis in equation (2.13), using the selected transition variable Y4 from step 2.

The sequence of hypothesis tested is

Hy:5,=0
H, :ﬁai = 0|ﬁ41‘ =0
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Hy: B, =08, =B,=0 wherei=l,...... .p

These hypotheses are tested by ordinary F tests. The decision rule is as follows: If

H,, is rejected and H j, not rejected, then appropriate model is ESTAR. If H, is
not rejected and H ; is rejected, then LSTAR model is preferable. However, it is

better to compare relative strengths of the rejections. Then the decision criteria is as

follows: If H, has the minimum p-value ESTAR model is chosen and if H  has

the minimum p-value LSTAR model is more preferable. However, if the p-values
corresponding to F3 and F, or F,4 and F; are close to each other in relative terms, both

LSTAR and ESTAR models should be considered.

Discrimination between these models can also be done by using the structure of the
data. If the observations are symmetrically distributed around the transition value,
than ESTAR model is selected correctly almost without exception. If most of the
observations lie on one side of the threshold value, LSTAR and ESTAR models give
similar implications and they can be used as close substitutes. So ESTAR models
provide a good approximation to LSTAR models if most of the observations lie on

the right hand side of threshold.

Recent increases in computational power have made these decision rules less
important in practice. It is now easy to estimate both LSTAR and ESTAR models
and selection between them can be implemented by misspecification tests. Therefore
we prefer to estimate both type models and leave model selection to post-estimation

stage.
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2.4.2.4 Estimation
Once the transition variable y, ,and the transition function F(y, ,;7,c) have been
selected, the next stage in the modeling cycle is estimation of the parameters in the

STAR model. The estimation procedure is carried out using nonlinear least squares

(NLS). The parameters,

0=(7,,7,,60,.,60,,7.c) i=1,..... ,p can be estimated as
o :argminQT(Q):argminZ(y, —F(y, e A )]
4 6 =1
P P
where F (Y, ¥,i0)= Tg+ 2 Y, + (63 + D 0,V )V¥F(Y,_,17.0) +€,
1 1

However, this high dimensionality of NLS estimation can cause computational
problems. To simplify this estimation problem, Leybourne, Newbold and Vougas
(1998) suggested concentrating on the sum of squares function. When parameters ¥
and c in the transition function are known and fixed, the STAR model is linear in the
autoregressive parameters of two regimes. In this case the estimation of
autoregressive parameters become conditional upon ¥ and c and this reduces the

dimensionality of the NLS estimation problem considerably.

Terédsvirta proposed a different approach. As a first step of estimation procedure,
Terdsvirta suggested to standardize the exponent of F(Y,_,;y,c) by division the
sample variance and standard deviation, respectively for the estimation of ESTAR
and LSTAR models. The logic of this scaling procedure is to make the smoothness of
transition variable approximately scale-free, and this provides easiness in

determining a set of initial values for this parameter. The initial values for remaining
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parameters should also be determined. To obtain the initial values, an extensive two-
dimensional grid search for pairs of ¥ and c is constructed. The set of grid values for
7 is ranged between 1 and 150, and if the minimizing value for ¥ is found close to
150, the range is extended. A reasonable set of grid values for the location parameter
¢ may be defined as sample percentiles of the transition variabley, ,. This
guarantees that the values of the transition function contain enough sample variation
for each choice of ¥ and c. The combination yielding the lowest residual sum of

squares is used as starting value for all parameters. However, at least 30 different sets
of initial values, selected from the grid search, are used as an attempt to find the

global minimum.

The only problem in estimation procedure can be seen in estimation of transition
variable ¥ . When the value of ¥ is very large, than it may be difficult to obtain an
accurate estimate of this parameter. This is due to the fact that for such large values
of 7, the STAR is similar to a threshold model, as the transition function turns to be a
step function. To obtain an accurate estimate of 7, one then needs many observations
in the immediate neighborhood of c, because even large changes in ¥ only have a
small effect on the shape of transition function. The estimate of ¥ may therefore be

rather imprecise and often appear to be insignificant when judged by its t-statistic.’
This should, however, not be thought as evidence for weak nonlinearity, as the t-

statistic does not have its customary asymptotic t-distribution under the

>See Bates and Watts (1987, 1988)
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hypothesis that ¥ = 0, due to the identification problem discussed in Section 2.4.2.2.

In this case, the causes of a large standard error estimate are purely numerical.

Besides, large changes in ¥ have only minor effect on the transition function; high

accuracy in estimating ¥ is not necessary.

2.4.2.5 Evaluation

After estimating the parameters in a STAR model, the next stage is model evaluation.
First of all, the location of threshold value is important. If threshold value is far
outside of the observed range, then the estimated model is not satisfactory. Secondly,
high standard deviations of the parameters, except that of the transition parameter
and threshold, indicate redundant parameter problem in the model. If the model does
not have these problems, its adequacy should be checked by a set of misspecification
tests. These tests are test for skewness, kurtosis, normality, heteroscedasticity,
autocorrelation and parameter instability. Moreover evidence of unmodeled
nonlinearity should be examined. Eitrheim and Terédsvirta (1996) design several tests
for testing the evidence of autocorrelation, parameter consistency and additive
nonlinearity where the residuals are that of a STAR model and these are discussed

below.

2.4.2.5.1 Testing the Hypothesis of No Error Autocorrelation

The general residual autocorrelation test, the customary portmanteau test of Ljung
and Box (1978) is inapplicable because its asymptotic null distribution is unknown if
the test is based on estimated residuals of a STAR model. Eitrheim and Terésvirta
(1996) proposed a test procedure for STAR type models. The procedure is as follows

A STAR model can be defined as
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vy, =G(w, ,¥Y)+u,, where
Gw ¥)=G(w,;x,0,y,c)=n'w, +0'w, *F(y,_,;7,c)
with 7 = (7,550, 7 ,)' s €= (055, 6,,) and @, = (L, y, 5. Vi)

The procedure of no residual autocorrelation test is as follows:

i) The STAR model is estimated by NLS under the assumption of uncorrelated errors

and the residuals are obtained

ii) Following the logic of LM test, the derivatives g—g are computed. Because of the

structure of nonlinearity, the regressors, essential for the test, are obtained by using

derivatives® . If the model is a LSTAR model, the derivatives are

3—7/ =g,(0) = (1+exp(=F(y,_, =) > exp(=F(y, 4 =Ny, 4 —€)0'®,

G R R o ~ -
a_(c; =g, ()= 7 +exp(=7(y,_, =) exp(=¥(y, , —)8'®,
G

Fy g, () =0,

G _
%:a)tF(yt_d;y,c)

In the case of ESTAR model, the derivatives become

oG _ _ _ 25
e 8, (N =exp(=7(y,, =) )y, =)' 0'®,

oG _ _ _ R
a_C = c(t) = Zyexp(_ﬂyt_d _C)z)(yt—d _c)ze'a)t

%See Eitrheim and Terisvirta (1996) for more detail
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G
E— g,,(f)— @,
oG 5 e
" s =0 F(y,,;7.¢)

iii) After that, residuals obtained from step i are regressed on q lagged residuals,
g,(1), §.(t), g,(t) and g,(¢) and ordinary LM test is applied. This is actually a
generalization of the LM test for serial correlation in an AR(p) model of Godfrey

(1979), which is obtained by setting G(&,,¥) = 6'w, .

2.4.2.5.2 Testing the Hypothesis of No Remaining Nonlinearity
To discuss this test it is appropriate to introduce multiple regime (two-transition)
STAR models. Single-transition STAR model (2.4) cannot accommodate more than

two regimes, regardless of the specific functional form of the F(y, ,;7,c). Even

though two regimes might be sufficient in many applications, it can be desirable to

allow multiple regimes.

An obvious extension of the STAR model in equation (2.4) is to include two additive
transition functions. The resulting model permits more than two underlying regimes
and its equation can be given as

Y=n'w, +0'w *FY,_,;;7.c)+dw *F,(X,_,;7,.¢,)+u,, (2.15)

u,~ iid (0, o)

This extension leads to additive STAR model. The model has been parameterized in
such a way that F; and F, are logistic or exponential functions as appropriate.
Moreover, F; and F, are specified such that the location values satisfy ¢; < ¢, in

order to separately identify the two transition functions. It may appear that the
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extension to two transition functions allows the possibility of four regimes, as first
the function F; changes from O to 1, followed by a similar change of F,. While it may
technically be possible to distinguish four regimes in this way when d and e take
different values, when they are same then y, , determines both transitions and at

least one of the four extreme cases will be ruled out.” As an example, assume that
over a range of y, , the two extremes F; = 0,1 are possible while F, = 1 through this
range. Then the distinct values for c; and ¢, (which allow F; = 0,1 while F, = 1) must

logically rule out F; = F, = 0 because F, = 1 in the range of y, , where F; =0

Another way of obtaining a four-regime model is ‘encapsulating’ two different two-
regime LSTAR models as follows:

Y=(r'w,+0'w,*F(Y_;;7,c)+ (@@ +6aw *FY,_;57,c))

(2.16)
*E,(Y, . 7,.c)+E,

with @ = (@,g,eemeene.. $,,)" and 6= (Oygsrrnen. 6,,)

The effective relationship between y, and its lagged values is given by a linear
combination of four linear AR models, each associated with a particular combination
of F,(Y_,;7,,c,) and F,(Y,_,;7,,c,) being equal to O or 1. This is so-called multiple

regime STAR (MRSTAR) model and it is discussed in detail in van Dijk and Franses

(1999). The MRSTAR model in (2.16) reduces to a (SE)TAR model with four-

regimes determined by two sources when the smoothness parameters y, and ¥,

"See, Ocal and Osborn (2000)
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become very large, such that the logistic functions F; and F, approach indicator

functions I(y, , >¢,) and I(y,,6 >c,), respectively. The resultant nested TAR

(NeTAR) model is discussed in Astatkie et al. (1997). It is now appropriate to

discuss additional nonlinearity test in detail.

Eitrheim and Terésvirta (1996) develop an LM statistic to test the two-regime
LSTAR model against the alternative of an additive STAR model defined in (2.15).
However, it is well known from the linearity test part of the modeling cycle that the
LM test has also power against the case of exponential transition function. Consider
the additive STAR model:

Y =nmw +0'w *F Y, _,y.,c)+d'a *F,X,_,;¥,,c,)+u,

The null hypothesis of a two-regime model can be expressed either by H,:y, =0 or

H,:0=¢. Evidently, this testing problem suffers from a similar identification
problem as encountered in testing linearity against a two-regime STAR model, see
Section 2.4.2.2. To circumvent this identification problem, the transition function
F,(Y_,;7,,c,) is replaced by a Taylor series approximation around }, = 0. Hence, it
is assumed that F, is logistic and replaced by its third-order Taylor approximation

about p, = 0. After some reparametrizations, equation (2.15) takes the form:

' 1 " " 2
yt :ﬁ() a)t +(9 a)t)*E(yt—d;yl’cl)+ﬁlwtyt—e +ﬂza7tyt—e (2 17)
+IB'3wtyt—e3 +rt
where @,=(y, ,....., yt_p) and the parameters £, , i = 0,1,2,3, are functions of the

parameters 7,6,4,y, and c,. The null hypothesis of no additional nonlinearity
H,:y, =0 translates into H,": 5, = 8, = 8, =0. The test statistic can be computed

as nR? from the auxiliary regression of the residuals, which are obtained from the
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estimated model under the null hypothesis of y, =0, on the partial derivatives of

regression function with respect to parameters in the two-regime model, 7,6,9,7,

and cj, evaluated under the null hypothesis and auxiliary regressors (ﬁtyi —~,1=1,2,3.

The partial derivatives with respect to the parameters 7,6,¢,%, and c; used in the
auxiliary regression are same with the derivatives used for no error autocorrelation
test for LSTAR case, see Section 2.4.2.5.1.1. The derived test statistic has an
asymptotic x> distribution with 3p degrees of freedom and the degrees of freedom

in F test are 3p and T-n-3p, respectively.

Note that in deriving the test it is assumed that the delay parameter e in the second
transition function is known. Because the value of e might be unknown, the test
should be carried out for various values of e and to be able to use the two-regime
STAR model, the null hypothesis should not be rejected for all possible values of e.
Carrying out the LM test for all possible values of e is helpful in checking that the
delay parameter d in the two-regime model is correctly specified. In other words, it is
useful to check whether y.q is an appropriate transition variable for the single-
transition STAR model. If the result of the test requires constructing an additive

STAR model, the functional form of F, is selected as discussed in Section 2.4.2.3.

In the case of MRSTAR model, van Dijk and Franses (1999) derive an LM test for
testing the null of the two-regime LSTAR model against the MRSTAR alternative

given in (2.16). The null hypothesis can be expressed either H,:y, =0 or

H,":7m=¢,6=09.In the case the transition function F,(Y,_,;%,,c,) is replaced with
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a third-order Taylor approximation, the result of the corresponding approximation

can be written as

Yt = el'wt + (92'('0{)*Fl(yt—d;YI’Cl)+B1'mtyt—e +B2'mty2t_e +B3'mty3t‘e

(2.19)
+(B4'thL—e +B5'mty2‘—e +Bﬁ'mty3t_e )*Fl(Y1—d;Yl’C1)+et

The null hypothesis can be reformulated as H,": 5, =0,1=1,...6.

The resultant test statistic is asymptotically y* distributed with 6p.8

2.4.2.5.3 Test of Parameter Consistency
Because STAR models are estimated under the assumption of constant parameters,

parameter stability test is important in checking the adequacy of the model.

To test consistency of parameters, it is assumed that the transition function has

constant parameters, whereas both 7,8 are subject to changes over time. Consider
the following nonlinear model

Y =7nt)w, +0t)w, *F (Y,_,;¥ .c )+u,

The time varying parameter vectors are

@) =T +AH;(t;Y,c)) » where 4, is a (k*1) vector

6(t)=6 + LH (t;7.¢) where A, is a (£ *1) vector

8See , Eitrheim and Terésvirta (1996) for more detail
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The null hypothesis of parameter consistency is Hy: H j(t; 7,,¢;) =0 (or H j(t; 7,¢,)

= constant). Lin and Terdsvirta (1994) use three functional forms for H;. They are

H,(t;¥,,¢,)=(+exp(=y,(t—c,) ™" —=0.5 (2.20)
H,(t;7,,¢,)=1—exp(-y,(t—c,)?) (2.21)
H,(t;7,,¢,) = (1 +exp(=y,(t* +c,t> + ¢, t+¢,)) " —0.5 (2.22)

where ¥, >0 and c; =(ci, C11, €12)’. So, the null hypothesis of parameter consistency
may be indicated as Hyp: » = 0. Transition function (2.20) postulates a smooth
monotonic parameter change. Function (2.21) represents a nonmonotonic change

which is symmetric about t = ¢ and (2.22) is the most flexible function allowing both

monotonically and nonmonotonically changing parameters.

General test statistic for parameter consistency is derived for testing Hy with Hj as
the alternative, the tests when either H; or H, is assumed under the alternative will be
special cases of this test. As the first step of testing procedure, the STAR model is
estimated under the assumption of parameter consistency and residuals are obtained.

After that, an auxiliary regression is constructed by regressing residuals on

A

%

(LW, , W, F(y,_4:7.6),8,(),§.(1)) and

2~ 3~

(W W, W, W F(y,_ 3 7,0,6°W, F(y,_ 3 7,0),6'W,"F(y,_,;7.¢))  where

v,
w, is the vector of including lags, after insignificant ones are excluded.

If the alternative is specified to be (a), than £'Ww," and £*w,'F(y, ,;#,¢) regressors are
excluded from the auxiliary regression and if monotonic change in parameters,
defined in (c), is allowed, tsz/t‘ and IZWI'F (y, 43 7-¢) are also eliminated from the

regression

35



2.4.2.5.4 Autoregressive Conditional Heteroscedasticity (ARCH) Test
The LM tests assume constant (conditional) variance. Neglected heteroscedasticity
has similar effects on tests for nonlinearity as residual autocorrelation, in that it may

lead to spurious rejection of the null hypothesis.

For testing the ARCH effect, the Lagrange Multiplier test of Engle (1982) is used,
and the procedure is as follows:

i) The STAR model is estimated by NLS under the assumption of no
heteroscedasticity (homoscedasticity), the residuals and square of the
residuals are obtained.

i1) An auxiliary regression is constructed by regressing the square of the
residuals on the g-lagged values of the dependent variable. Ordinary LM
test is applied on this auxiliary regression and LMarcu(q) statistic is

obtained.

Wooldridge (1990; 1991) developed specification tests that can be used in the
presence of heteroscedasticity, without need to satisfy the form of the
heteroscedasticity explicitly. These procedures may be readily applied to robust the
tests against STAR nonlinearity, see also Granger and Terdsvirta (1993). However,
Lundbergh and Terésvirta (1998) present simulation evidence suggesting that in
some cases this robustification removes most of the power of the linearity test, as a
result existing nonlinearity may not be detected. If the aim of the analysis is to find
and model nonlinearity in the conditional mean, robustification therefore cannot be

recommended.

36



After carrying all these tests the soundness of model is assessed. First, estimated
values have to be examined. Large standard deviations of the estimated coefficients
(except ¥, or 7, ) indicate that the model includes redundant parameters.
Furthermore if the estimated threshold value does not lie within the observed range
of Y, then the model is not satisfactory. The next step is the interpretation of the
individual parameters. Although the interpretation of them is very difficult for STAR
models, the roots of the associated characteristic polynomials are quite informative
about their dynamic properties. The roots can be calculated for various values of F.,
and Fg, but roots of polynomials corresponding to the extreme regimes (F and Fg =
0,1) are particularly interesting ones for describing the local dynamics of different

regimes.

2.4.3 Smooth Transition Regressive (STR) Models

STAR models, analyzed in this thesis, are especially a special case of smooth
transition regression (STR) models. They are straightforward generalization of
univariate smooth transition autoregressive models to a multivariate framework.
STAR models capture nonlinearity in a univariate context by modeling the transition
between states or regimes as a function of a lagged value of the variable of interest.
However, these univarite models cannot predict regime changes; they can only

respond to the signal given by a past value that the regime has changed.

A STR model gives the opportunity of examing the effects of one variable on another
within a nonlinear, asymmetric dynamics framework. In this context, the single

transition STR model can be defined as:

37



P q P q
Y, =0 +Z¢liyt—i +z51jxt—j + F(r,_4)(@y +z¢2iyf—i +Z§2jxt—j)+gt (2.23)
i=1 = i=1 =

where €, ~1.1.d (0, 02) and 1.4 is the transition variable (leading indicator) and d is the

delay parameter. Transition variable 14 can either be a lagged term of the dependent
variable or a lagged term of the exogenous variable. The transition function F(.)

satisfies all properties mentioned in Section 2.4.1.

In the context of modeling nonlinearities between two variables, y; and x,, there are
two possibilities, both of which are plausible. That is, a change in y, may contribute
to regime changes in x. or the effects of the former differ over the regimes in the
latter, and vice versa. Combining this with the fact that no priori assumptions
regarding the form of the transition function and the possible transition variable are

made, suggests eight models. These models are:

P q ) q
Yo =Pt Z¢1in' + Z 51jxt—j +F(x,_)(@y + Z¢2iyt7i + 252j'xt—j )+, (2.24)
=l j=1 i=l j=1
P q ) q
Yo =Pt Z¢1in' + Z 51jxt—j +F(y,_0) @y + Z¢2iyt—i + 252j'xt—j )+, (2.25)
=l Jj=1 i= j=1
P q ) q
X, =@+ Z¢1in' + Z 51jxt—j +F(y,_0) @y + Z¢2iyt—i + 252j'xt—j )+, (2.26)
=l Jj=1 i= j=1

P q ) q
X, =@+ Z¢1in' + Z 51jxt—j +F(x,_ )@y + Z¢2iyt—i + 252j'xt—j )+, (2.27)
=l Jj=1 i= j=1

where F(.) represents either the exponential or logistic function.

By using y.q and x.4 as the transition variables in models (2.24)-(2.27), it is

considered that regimes for both variables are defined either in terms of past values
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of the dependent variable or past values of the leading indicator. Models (2.24) and
(2.26) implies that transition between different regimes in the variable of interest is a
function of a lagged value of the leading indicator and therefore define the situation
that one variable impose a regime change in the other variable. Models (2.21) and
(2.23), on the other hand, describe the transition between different regimes as a
function of a lagged value of the variable of interest with the other variable having
different effects in these different regimes. As a result, they imply that the effects of

one variable change over the regimes in the other variable.”

The method for specification and estimation of STR models is based on Terésvirta
(1994; 1998) and almost same with STAR model, the only difference is that at each
step the second variable, x;, is also taken into the account. Although a brief review of

these models is presented, they are not considered in this thesis.

2.4 Comparision of Three Nonlinear Time Series Models

The first distinction among the discussed nonlinear models is seen in their empirical
applications. While STAR models do not assume a sharp switch from one regime to
the other, TAR and the Hamilton’s Markov switching regime models indicate a sharp
change. Smooth transition seems to be more appropriate for macroeconomic time
series because it is unlikely that economic agents change their behavior
simultaneously. Hence, as Terdsvirta (1994) notes, for aggregated processes the

change in regime may be smooth rather than discrete. Although TAR and the

9See, Sensier, Osborn and Ocal (2002), and Ocal (2002, 2003) for empirical
examples
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Hamilton’s Markov switching regime models differ from STAR models by
indicating a sharp switch, Filardo’s Markov switching regime model shows a similar
structure to smooth transition. Filardo’s approach allows for smooth change under a

Markov switching framework and therefore may be more appropriate for modeling
macroeconomic variables than Hamilton’s modeling approach. However, the theory
and application procedure of this approach is quite complex and not considered here.
It seems that smooth transition autoregressive models are very flexible and easy to

implement and therefore employed in this study.

The second feature that discriminate STAR model from TAR and the Hamilton’s
Markov regime switching models is the state of economy determined by the models.

In the Hamilton” Markov switching and TAR models the economy must be within a
single regime in each time period. However, the smooth transition model allows the
possibility that the economy may be in an intermediate state between, say, recession
and expansion. Filardo’s Markov switching model indicates again similar
implications with STAR model by allowing the probability of remaining in a regime

to be conditional on the lagged value of the leading indicator and lagged regime.

Another nice feature of the STAR models over other nonlinear models is that they
nest linear regression model, and we can thus use linear Lagrange Multiplier (LM)
tests for testing the null of linearity before fitting any nonlinear model. We can also

use LM tests for choosing between the alternative STAR specifications.

Although STAR models are flexible and easy to implement it is difficult to reach a
conclusion regarding the performances of nonlinear models in practice. One

approach could be the use of all nonlinear models for the same data set and find out
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which one best fit the data. However, this procedure is very time consuming and we
will only employ STAR models to examine the evidence of nonlinearity in our data.

Next chapter discusses empirical findings.

2.5 Conclusion

Recent empirical econometrics literature has shown that economic variables may
contain asymmetric cycles in their generating mechanisms. To capture this
asymmetric behavior some empirical models have been developed. In this chapter
the most prominent ones, Markov- switching regime model, threshold autoregressive
(TAR) model and smooth transition autoregressive (STAR) model are briefly
explained. In the Markov-switching models, the regimes associated with business
cycle expansions and contractions and the switch between regimes described by a
probabilistic fashion. Threshold autoregressive models specify the switch as a
function of past values and STAR models are the smooth transition generalization of
TAR models. We put more emphasis on STAR models in this chapter. This is
because of the fact that STAR models are more flexible than TAR and Markov-
switching models. In contrast to TAR and Hamilton type Markov-switching models,
STAR model allow the possibility that the economy may be in intermediate states.
These features make smooth transition models more appropriate for macroeconomic
time series. Therefore, this study focuses on STAR models and the next chapter

contains applications of them to certain financial variables.
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CHAPTER 111

EMPRICAL INVESTIGATIONS

3.1 Introduction

This chapter provides the empirical modeling of our data set using STAR models.
We have considered three macroeconomic time series of Turkey which includes
consumer price index (CPI) and nominal exchange rates; TL/$ and TL/£. All series
are seasonally unadjusted monthly series and taken from the Central Bank of Turkey.
As mentioned before there are two reasons to select these macroeconomic variables.
The sufficient length of the sample size is the first reason and second is to analyze
whether the variables used to examine PPP hypothesis contain nonlinearity. This is
important because nonlinearity found in real exchange rate could be due to each of
the component series or both. Sarno (1997) finds evidence of nonlinearity in real
exchange rate of Turkey but does not provide any information about the possible

nonlinearity in component series. Our objective is to close this gap.

The plan of this chapter is as follows. In Section 3.2, consumer price index of Turkey
is analyzed and estimated STAR model is examined for its adequacy in all
perspectives. The same analysis is performed for US Dollar, in Section 3.3 and for

British Pound in Section 3.4.
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3.2 STAR Modeling for Consumer Price Index

There are lots of studies concerning Turkish inflation rate. One of these studies is
presented by Erlat. He tested whether inflation is stationary but exhibits long-
memory and found a significant long-memory component. Other studies on Turkish
inflation concerns the possible impacts of inflation and construct multivariate
models. Onis and Ozmucur (1990) explore inflationary dynamics in Turkey with a
VAR and a simultaneous equation model and find supply-side factors seem to have
significant effects on inflation. Metin (1995) finds that fiscal expansion dominates
Turkish inflation from 1950 to 1988. Diboglu and Kibritcioglu (2002) show terms of
trade, monetary and balance of payment shocks figure prominently in the inflationary
process. Unlike the recent literature, however, we believe that inflation indicates

nonlinear behavior and constructed a STAR model for the data.

The series we consider in this section is the logarithmic form of the consumer price
index (CPI) of Turkey, at the monthly frequency covering the period January 1987 -
June 2001. The series, which is shown in Figure 3.1, show nonstationary behavior
and requires a differencing procedure. After taking first difference of the logarithmic
form, as shown in Figure 3.2, stationary is approximately obtained. Figure 3.2
indicates that the inflation data contains a pronounced seasonal pattern. Typically,
inflation rate is above its average value during the winter, late summer and fall
(January-March, July-December) and below average during spring (April-June). We
assume that structure of seasonality is deterministic and the systematic component of
seasonality can be adequately captured by monthly dummy variables, which are

denoted as S si 2 S= 1,...11. Where S 50 = 1 if observation t corresponds to month s

and S,= 0 otherwise. In the light of the assumption of deterministic seasonality,
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seasonally adjusted data is obtained as the residuals from the regression of

differenced data on a constant and S, , s = 1,....11. Final form of data, which is used

in modeling procedure, is shown in Figure 3.3.

LCPI
Los]
1

UL L L L L L D D P U D B
1987 1989 1991 1993 19895 1997 1999 2001

Figure 3.1: Logarithmic Form of CPI
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Figure 3.2: Differenced Form of CPI
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Figure 3.3: Seasonally Adjusted Form of CPI

Table 3.1 presents various statistics of seasonally adjusted inflation rate. The results

show that the distribution is skewed, exhibits excess kurtosis and does not satisfy

normality.

Table 3.1: Statistics of Seasonally Adjusted CPI

Sample Mean -0.000 Significance
Standard Error 0.021 Levels
t-statistic -0.000 1.000
Skewness 2.772 0.000
Kurtosis 20.076 0.000
Jarque-Bera 3127.048 0.000

The seasonally unadjusted data indicates that, Turkey is a high inflation country but
the inflation in Turkey is not hyperinflation. In other words, it does not reach large
three-digit levels but remains around a figure which is, consistently, greater than fifty

percent but never goes beyond a hundred percent except for a couple of months in
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1994. The extreme values are, located especially in 1988:1, 1994:4 and 2001:4, the
result of economic crises experienced in Turkish economy. Common explanations of
these episodes in inflation rate are devaluations, oil-price shocks, balance-of-
payment crises, public sector deficits, the Persian Gulf crisis in 1990-1991, financial
crises at home and abroad and recent earthquakes. If the determination of outliers is
carried out statistically, that is, if we take the values above and below three standard
deviation from its mean as extraordinary values, than 1987:4, 1988:1 and 1994:4
values are outliers. Because the extraordinary structure of 2001:4 value is not
supported by standard deviation rule, we continue modeling cycle both with and

without 2001:4 dummy variable.

Following the modeling cycle as outlined in Section 2.4.2, we start by specifying a
linear AR model. AR model is parameterized by allowing for a maximum of 15 lags,
p=L,...... ,15. According to the minimum AIC and SBC criteria and misspecification
tests results, the best linear model contains only the first and fifth lagged term and

the estimated equation is given in Table 3.2.

Table 3.2: Estimated Linear Models for CPI

Z, =—0.0009+0.3307Z, , +0.1299Z, , +0.0783D881+0.1523D944
(0.350) (0.000) (0.006)  (0.000) (0.000)

+0.0316D20014 + €, (3.1)
(0.013)

6.=0.012 SK = 0.631 EK = 0.096 JB = 0.209 Q(12) = 0.831

AIC =-1457.96 SBC =-8.680
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where p-values are given below the parameter estimates, € denotes the regression

residual at time t, &, is the residual standard deviation, SK is skewness, EK is excess

kurtosis, JB is the Jarque-Bera test of normality of the residuals, Q(12) is the Ljung-
Box Q-Statistics for no residual autocorrelation. The results of these tests show that
the estimated model passes basic diagnostic tests. There seems to be a weak evidence

of excess kurtosis but very negligible.

The next stage of modeling cycle is to test linearity against STAR type nonlinearity

using LM statistics, see Section 2.4.2.2. The results of linearity tests with and

without dummy variables are reported in Table 3.3.

Table 3.3: Linearity Tests Results for CPI

Frs-test (p-values)
. With
Variable d Without With Dummy
Dummy Dummy (88:1,
(88:1, 94:4) 94:4,2001:4)
1 0.214 0.054 0.056
2 0.159 0.055 0.056
Z 3 0.590 0.048 0.046
4 0.930 0.812 0.792
5 0.760 0.104 0.108

Test results clearly show how outliers may affect linearity test results. As long as the
results with dummies considered there is evidence of nonlinearity at first, second and

third lag of the variable of interest. Whereas when dummy variables are excluded,
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than there remain no evidence of nonlinearity and STAR type nonlinearity is rejected
for all possible values of delay parameter, d. Although according to results with
dummy variables third lag seems to be optimal delay parameter, first and second lag
can also be taken as delay parameters since they also provide significant p-value
lower than 10%. We do not make model selection tests and estimate both ESTAR

and LSTAR models to be able to see results of different specifications.

Twelve nonlinear models are estimated according to the procedure explained in
Section 2.4.2.4. All nonlinear models are initially specified with maximum lag orders
five, and then insignificant lags are deleted one by one (starting with the least
statistically significant one according to the t-ratio) provided that such deletions
reduce Akaike Information Criteria (AIC). Misspecification tests are applied to the
estimated models as described in Section 3.4.2.5.1 and finally following adequate

nonlinear models are obtained.

Table 3.4: Estimated Nonlinear Models for CPI

LSTAR Model:

Z, =—0.0058+0.459Z,_, —0.292Z,_, +0.133Z,_, +0.0765D881+0.148D944
(0.281) (0.000) (0.107)  (0.005)  (0.000) (0.000)

+0.0274D20014 + (0.058 —0.771Z,_, —0.287Z, ;)

(0.028) (0.058) (0.010)  (0.070)
*(1/(1+exp((~1.60/0.0188) * (Z,_, —0.031)))) (3.2)
(0.071) (0.000)

AIC =-1457.32 SK=0.993 KU =0.048 LMarcu(12) =0.879 Fac(12) = 0.333 Fpc =0.326
FNL,l = 0662 FNL’Z =0352 FNL,} = 0084 FNL,4 = 0690 FNL,S =0390 OA.NL = 001 17
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ESTAR Model:

Z, =-0.002+0.471Z,_, —0.063Z,_, +0.075D881+0.150D944
(0.109) (0.000)  (0.233)  (0.000)  (0.000)

+0.026D20014 + (0.0127 —0.724Z, )

(0.041) (0.107) (0.005)  (0.070)
*(1-exp(=0.204/0.00035) *(Z,_, +0.007)%) (3.3)
(0.170) (0.077)

AIC =-1473.28 SK =0.305 KU =0.004 LMagrcu(12) =0.836 Fuc(12) =0.166 Fpc =0.936
FNL,l =0.409 FNL,2 =0.190 FNL,3 =0.170 FNL,4 =0.594 FNL,5 =0.229 OA.NL =0.0120

LSTAR Model:

Z, =—-0.006+0.475Z, , —0.345Z,_, +0.129Z, . +0.076 D881+ 0.148 D944
(0.312) (0.000) (0.092)  (0.007)  (0.000) (0.000)

+(0.065—0.796Z, , —0.2307Z, )
(0.057) (0.009)  (0.056)

*(1/(1+ exp((—1.503/0.0188) * (Z,_, —0.032)))) (3.4)
(0.074) (0.000)

AIC =-1455.21 SK=0.973 KU =0.077 LMagcu(12) = 0.552 Fc(12) = 0.328 Fpc =0.281
FNL,I =0.542 FNL,Z =0.084 FNL,3 =0.099 FNL,4 =0.633 FNL,S =0.305 6NL =0.0119

ESTAR Model:

Z, =—-0.002+0.487Z,_, —0.140Z,_, +0.142Z, . +0.072D881+0.146 D944
(0.046) (0.000)  (0.012)  (0.003)  (0.000) (0.000)

+(0.023-0.872Z, )
(0.033) (0.002)

#(1 - exp((=0.152/0.00035) * (Z,_, +0.008)))) (3.5)
(0.103) (0.028)

AIC =-1462.24 SK=0.886 KU =0.068 LMarcu(12) =0.505 Fac(12) =0.228 Fpc =0.215
FNL,I = 0227 FNL,Z =0106 FNL,3 = 0226 FNL,4 = 0649 FNL,S =03173 6NL =001 18
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According to the minimum AIC criteria and misspecification test results the final
model which best fits to the data is an ESTAR with d = 2. The estimated equation

and the result of diagnostic tests are given in Equation 3.3.

We start to analyze the estimated nonlinear model with interpretable coefficients,

which are transition parameter ¥, and location parameter cg. Estimated threshold

value ¢, is equal to -0.007 and this means that, estimated model is in the middle
regime (moderate inflation) when the transition variable, Zy.,, is about -0.007 and in
the outer regime (low or high inflation) when Z;, value goes to far away from this
value. In other words, the closeness of the two month lagged value to the value -
0.007 determines the state of economy. The other important point to notice is that
there are many observations lying on both sides of location parameter¢, = -0.007,

which is shown in Figure 3.4, and this creates a symmetric and U-shaped transition
function, supporting the ESTAR model without any doubt. Moreover small values of
Fg are more common than large ones implying the possibility that the usual state of
economy is the moderate inflation period. Indeed, with a few exceptions, Turkey has
never experienced a very high or low inflation periods compared to the periods

represented by the middle regime.
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Figure 3.4: Transition Function for CPI

To highlight the dynamic behavior of the ESTAR model, the models corresponding
to Fg = 0 and 1 need to be analyzed. In our model, middle regime refers to moderate
inflation case and outer regime means high and low-inflation period. The

corresponding linear models for Fg =0 and Fg =1 are

FE =0;
Z, =—-0.002+0.471Z,_, —0.063Z,_, +0.075D881+0.150D944 + 0.26 D20013

FE = 1;
Z, =0.0107-0.253Z, , - 0.063Z, , + 0.075D881+ 0.150D944 + 0.26 D20013

As seen, although same variables contained in both linear models corresponding to
different phases, the coefficients show great differences. For example, the coefficient
of Z.; shows a change not only in size but also in sign, implying asymmetric
behavior of inflation rate. This means that the dynamics of inflation differs according

to the period in which the economy is in.
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Table 3.5: Regime Analysis Statistics for CPI

Variable Regime Fr FL Root Modules

-0.288 0.288
CPI Middle 0 —

0.379F 0.273i | 0.467

0.503 0.503
Outer 1 —

0.125%0.3311 | 0.354

The roots of the characteristic equations corresponding to each regime or linear
model are presented in Table 3.5. The mid regime contains a pair of complex roots
with modulus 0.467 and one real root, which is smaller than one in absolute value.
So, the mid-regime is locally stationary. The outer regime indicates the same
dynamic with a real root and a pair of complex roots having modulus 0.354. This
implies that to move inflation from one regime to another a big external shock or a
sequence of minor ones with same signs are necessary.

To compare estimated linear and nonlinear models, we first check the reduction in

the estimated residual variances. As shown in the Table 3.6, the nonlinear ESTAR
model provides lower residual variance, &,,° /&,” = 0.998. So the gain of the model

over its linear counterpart in terms of residual variance is 0.2 %. This gain is not very
high but this is not surprising considering linearity test results. That is there is a mild
or no evidence of nonlinearity in inflation rate. This may be because of the fact that
CPI is an aggregate variable and this aggregation procedure may smooth the
nonlinear structure. That is the component series of CPI may contain nonlinearities

and aggregation may have smoothed out these nonlinearities.
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Table 3.6: Comparison Statistics for Linear and Nonlinear Models for CPI

Forecast Performance

Nonlinear/Linear

6y 16,° Nonlinear RMSE Si(p-value)
RMSE

0.966 0.0169 1.096 0.875

We also compare forecast performances of the specified linear and nonlinear models.
For this purpose, we use 18 months as the forecast period. The models are specified
using the whole sample period, but the forecasts are made by recursively re-
estimating the models as each observation is added during this period. The forecasts
are evaluated according to the two criteria, the RMSE and the test of equal forecast
accuracy due to Diebold and Mariano (1995). The test of forecast accuracy considers
a sample path of a loss-differential series, d={g(ei.)-g(e; )}, for rival forecasts i and

j, t=1,.....,T. We use the mean-square error as the Standard of forecast quality; that

. A2 A2
1S, dg=é"1r —e2;.

Table 3.6 provides the RMSE of the 18 months forecasts for linear and nonlinear
models and the results for the null hypothesis of equal forecast accuracy between
linear and nonlinear ESTAR models. As expected from the linearity test results,
nonlinear models do not provide any forecast gain over the linear model. The
forecast equality test also suggests that there is no evidence of nonlinearity in terms
of the predictive performance of the nonlinear model. The reason for this outcome
could be the fact that forecast performance of nonlinear models depends on the

period in which forecast was made.! The other important point shown in the Figure

ISee, Granger and Terasvirta (1993) and Ocal and Osborn (2000)
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3.5 is that ESTAR model seems to be capturing most of the turning points while
linear model continue as a straight line during the forecast period. This means that
nonlinear model may signal turning points, while linear model does not. As seen
from the Figure 3.5, nonlinearity is needed mainly to capture the periods indicating
high price changes and forecast periods include only a few such data points. To
summarize we may conclude that nonlinearity is needed only to capture several high
inflation period and therefore does not provide big substantial improvement over the
linear model. Nevertheless, the estimated ESTAR model may be suffering from over

fitting and a longer sample may help to remedy this.
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Figure 3.5: Forecast Results for CPI

3.3 STAR Modeling for US Dollar

In this section we analyze the logarithmic form of the TL/$ series with sample period
January 1987 to June 2001. As seen from the Figure 3.6, like consumer price index,
logarithmic form of the exchange rate indicates nonstationarity. To solve this

nonstationarity problem, differencing procedure is applied and stationarity is
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obtained, as indicated in Figure 3.7. After this procedure, seasonality effect on the
data appears evidently. It is assumed seasonality is deterministic and
deseasonalization procedure is applied by regressing differenced data on a constant
and Sg;, s = 1,.....11. However, the regression results indicate that only S; and Sy
monthly dummies are significant, therefore the regression is run once more with only
these dummy variables and seasonally adjusted data is obtained. Final form of the

data that will be used in modeling is shown in Figure 3.8.
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Figure 3.6: Logarithmic Form of TL/$
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Figure 3.8: Seasonally Adjusted Form of TL/$

Combining Figure 3.8 with the statistics in Table 3.7, it is obvious that the data in use

have significant skewness, excess kurtosis and normality problems
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Table 3.7: Statistics of Seasonally Adjusted TL/$

Sample Mean -0.000 Significance
Standard Error 0.046 Levels
t-statistic -0.000 1.000
Skewness 4.345 0.000
Kurtosis 30.830 0.000
Jarque-Bera 7396.475 0.000

Like the case of consumer price index, exchange rate series suffers from abnormal

values. The values being outside of the three standard deviation band, are taken as

outliers. The data points are April 1994, March 2001 and April 2001 and these

correspond to the economic crises in the economy.

The modeling procedure applied is as follows. Firstly, a linear AR model is specified

to construct a basis for STAR type nonlinear model. We start with a maximum of

Pmax = 15 lags of variable of interest and restrict the general model according to the

AIC and SBC values. Misspecification tests results of the residuals are also

considered and three suitable linear AR models are obtained, and these are given in

Table 3.8.

Table 3.8: Estimated Linear Models for TL/$

Z, =0.0002+0.382Z,
(0.940) (0.000)

6,=0.042

= 0.000

AIC =-1080.19 SBC=-6.28

0.000 JB

0.000

(3.6)

Q(12) = 0.990




Z, =—0.0039+0.2030Z, , —0.1620Z,_, +0.379D944 +0.2130D20013
(0.056) (0.000)  (0.001) (0.000)  (0.000)

+0.149D20014 + €, 3.7
(0.000)

6.=0.026 SK = 0.001 EK = 0.000 JB = 0.000 Q(12) = 0.001

AIC=-1226.92 SBC=-7.170

Z, =-0.003+0.211Z,_, —0.186Z,_, +0.030Z,_, +0.004Z,_, +0.0169Z, . (3.8)
(0.099) (0.000)  (0.003)  (0.629)  (0.948)  (0.794)

~0.061Z,_ +0.025Z,, +0.026Z, , +0.381D944 +0.212D20013
(0.351)  (0.699)  (0.026)  (0.000) (0.000)

+0.150D20014 + &,
(0.000)

6.=0.026 SK = 0.001 EK = 0.000 JB = 0.000 Q(12) = 0.001

AIC=-1161.77 SBC=-7.040

The first model is constructed without considering outlier effect and the other two are
specified with dummy variables. As seen all three models’ residuals have skewness,
excess kurtosis and normality problem. In addition to these problems, second and
third model have a significant autocorrelation problem. Two reasons for the poor
results could be the treatment of outliers and deseasonalization procedure. The
treatment of outliers is an important practical problem in nonlinear economic
modellingz, but since they are not central of interest to this study and they are on
their own a very comprehensive topic, we removed them directly by using

corresponding dummy variables.

*See van Dijk et al., 1999
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Second, deseasonalization is applied in the light of the deterministic seasonality
assumption without being supported with any test result. However, the
autocorrelation problem, shared by the models with dummy variables, can be the
result of the necessity of a nonlinear structure. Linear autoregressive models
constructed with dummy variables up to order 24 continue to exhibit autocorrelation
which is significant at 5 % level and this points out that residual autocorrelation
problem is not a simple consequence of order misspecification but may be a

consequence of neglected nonlinearity.

If we ignore misspecification problems for the present, according to the minimum
AIC criteria, the best linear model seems to be second model. However to have a
flexible modeling, we decide to take third model as our base linear model.
Nonlinearity test is carried out for all possible delay parameters d = 1,....,8. The
results of linearity test with and without dummy variables are reported in Table 3.9.
It should be noted that although we selected a maximum lag length of 15 for linear
modeling, an AR (8) is preferred for nonlinear specification simply due to possible
degrees of freedom problem in nonlinearity tests. Moreover, as noted before, high
orders do not bring solution to the autocorrelation problem observed in linear

models.
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Table 3.9: Linearity Tests Results for TL / $

Frs-test (p-values)

Variable D Without Dummy | With Dummy
1 0.000 0.000
2 0.000 0.000
3 0.000 0.000
4 0.000 0.000

Z
5 0.000 0.000
6 0.004 0.001
7 0.001 0.001
8 0.000 0.000

Table 3.9 shows that there is strong evidence of nonlinearity irrespective of outliers.
This evidence of nonlinearity is found at all possible delay parameters d = 1,....,8.
Therefore, we search for a suitable nonlinear STAR model for all possible lagged

terms.

Following the procedure discussed in Section 2.4.2.4, thirty-two STAR models are
estimated. More specifically, eight models are constructed with logistic transition
function and eight with exponential transition function and these models are analyzed
both with and without dummy variables. The general case of these models is
constructed with maximum lag order of eight, than insignificant lags are reduced one
by one (starting with the most statistically insignificant one according to the t-ratio)

provided that such reductions decrease AIC value. The adequacy of reduced models
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is checked by misspecification tests, mentioned in Section 2.4.2.5.1. However, most
of the reduced models are eliminated because of the residual autocorrelation and
additional nonlinearity problem. The reasons of these poor diagnostics could be
handling of outliers and deseasonalization procedure as discussed in the previous
section. Nevertheless, another important reason could be the fact that a multiple
regime model may be necessary to capture the dynamic structure. If we do not
consider these problems, the most suitable nonlinear STAR model according to AIC
is an ESTAR model with d = 2 and its equation is provided in Table 3.10. The only
problem with the selected model is additional nonlinearity for delay of seven month,

skewness and excess kurtosis in the residuals.

Table 3.10: Selected STAR Model for TL / $

ESTAR Model:

Z, =—0.001+0.683Z,_, —0.154Z,_ +0.189Z,_, +0.393D944 +0.217D20013
(0.709) (0.000) ~ (0.034)  (0.028)  (0.000)  (0.000)

+0.058D20014 + (—0.022 - 1.693Z,_, —0.487Z,_, +1.739Z,_, —2.965Z, )

(0.034) (0.238) (0.000)  (0.012)  (0.005)  (0.002)
*(1-exp(=0.121/0.0019) *(Z,_, = 0.018)*) (3.9)
(0.000) (0.002)

AIC =-1240.41 SK =0.002 KU =0.000 LMagrcu(12) =0.138 Fac(12) = 0.742 Fpc = 0.931
FNL,I = 0.187 FNL,2 =0.216 FNL,3 = 0.210 FNL,4 = 0.195 FNL,S =0.846 FNL,G =0.878

A

Fni7=0.035  Fyg=0.107 O, =0.0205

According to the estimation results, the switch between two regimes, transition from
middle to outer regime, occurs at the value of 0.018. The middle regime applies for
values of the variable about 0.018 and the outer regime is for values far away from

this value. Combining Figure 3.8 with Figure 3.9, we see that most of the
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observations are below the threshold value and the ones greater than the value belong
to the crises periods. This nonsymmetrical structure of the transition function may be

the sign of the need of a second transition function, namely a two-transition STAR

model.?
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Figure 3.9: Transition Function of TL/$

To be able to see the different dynamics corresponding to two distinct regimes, two
extreme cases of the transition function is considered. These cases correspond to two
different linear AR models, one for middle regime (Fg = 0) and second for outer

regime (Fg =1). The models are

3See, Ocal and Osborn (2000) for a discussion
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FE = O;
Z, =—-0.001+0.683Z,_, —0.154Z,_ +0.189Z,_, +0.393D944 +0.217D20013
+0.058D20014

Fe=1;
Z =-0.023-1.010Z,_, —0487Z, , +1.585Z,_, —2.776Z,_, +0.393D944
+0.217D20013 +0.058D20014

Comparing these two linear models, it can be obviously seen that the estimated
coefficients show great differences. Moving from the mid-regime to the outer
regime, the coefficients of variables, Z», Zi6, Zs, change both in size and in sign.

So, exchange rate series exhibit different dynamics in different phases.

Table 3.11: Regime Analysis Statistics for TL / $

Variable Regime Fr F. Root Modules

0.87 0.87

0.72F0.48i1 0.86

CPI Middle 0 — 0.08F 0.83i1 0.83

-0.54F 0.53i 0.76

-0.69 0.69

-1.18F0.12i 1.19

-0.66F 1.061 1.25
Outer 1 —

0.41+ 1.041 1.12

0.928+0.371 | 0.99

Table 3.11 provides the roots of the corresponding equations. The mid-regime with
Y2 =cg =0.018 and Fg = 0, contains three pairs of complex roots and two real roots.

According to the modules and absolute value of real roots, the mid-regime is locally
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stationary. Unlike the mid-regime, outer regime with four pairs of complex roots
shows nonstationary behavior with high modules. This suggests that when the
process is in the outer regime it moves on to the middle regime very quickly but not
vice versa. This is an expected behavior of exchange rate data. Such that if we
consider the location parameter as the equilibrium point, one way or another the
process has to turn this value. That is a highly appreciated or depreciated currency
will have to move its equilibrium value. At that point nonlinearity indicates its
importance once more. Ignoring nonlinear behavior of US Dollar series may result in
wrong conclusions about stationary properties of the series. These conclusions may
be due to the fact that the variable exhibits distinct dynamics in different regimes.
That is we may have nonstationary and stationary regimes but overall a stationary

model.

To make a comparison between linear and nonlinear models, we first inspect the

reduction in the estimated residual variances. In Table 3.12, it can be seen that
nonlinear model gives lower residual variance with the ratio of &,,”/6,” = 0.628

and the gain obtained from using nonlinear specification is 37.2 %, which is quite
large. It is worthy of note that although our nonlinear model has poor diagnostics, it
provides a better characterization of the data. This might suggest that considering
multiple regime models may not only improve the diagnostics but also description of
the data. However, we do not consider multiple regime models considering the large
number of parameters to be estimated and sample size. Moreover these poor

diagnostics may be a result of highly erratic structure of data.

64



Table 3.12: Comparison Statistics for Linear and Nonlinear Models for TL/$

Forecast Performance

Nonliear/Linear

6y 16,° Nonlinear RMSE Si(p-value)
RMSE

0.628 0.01697 1.0955 0.848

The forecast performances of the estimated linear and nonlinear models are also
considered. As in the consumer price index, 18 months period is used for this
purpose and the forecasts are evaluated according to the RMSE and the test of equal

forecast accuracy results.

According to the Table 3.12, the forecast equality test result indicates that there is no
gain in using nonlinear structure for prediction purpose, linear model is adequate.
However, the estimated nonlinear ESTAR model gives quite lower residual variances
and better forecasts in crises periods, see Figure 3.10. This may be because of the
fact that nonlinear model exhibits a better forecast performance for the periods
showing unexpected behavior and forecast period does not contain such periods
frequently. Also change points seem to be better described by the estimated ESTAR
model. This is an important point because the identification of the appropriate
nonlinear dynamics of exchange rate is crucial as exchange rate may serve as one of
potential intermediate policy tools in the economy. Moreover, additive nonlinearity
test results show that there is a need for two threshold model with second delay
parameter being d = 7. So, two-threshold model may be needed. However, two-
threshold models contain more parameters to be estimated and therefore need larger

samples. As a result, we assume that poor diagnostics and evidence of additional
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nonlinearity could be due to the highly erratic structure of the data as can be

observed in exchange rate data.
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Figure 3.10: Forecast Results for TL/$

3.3 STAR Modeling for British Pound

British Pound series with sample period January 1987 to June 2001 is examined in
this part of the study. Similar to other two applied series, logarithmic form of the
TL/£ is nonstationary and needs a differencing procedure to be able to reach a
stationary series, as indicated in Figure 3.11 and 3.12. After that, to remove
seasonality effect, an auxiliary regression is constructed with constant and significant
seasonal dummies, as mentioned in Section 3.2 and 3.3. Final form of the data that

will be used in modeling procedure is shown in Figure 3.13.
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Figure 3.11: Logarithmic Form of TL/£
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Figure 3.12: Differenced Form of TL/£
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Figure 3.13: Seasonally Adjusted Form of TL/£

Table 3.13 contains some statistics of the seasonally adjusted British Pound series

and we see that there is significant skewness,

excess kurtosis and normality

problems. The other important point to be mentioned in the structure of the data is

outlier problem. According to the band constructed with three standard deviation

from the mean, the values April 1994, March 2001 and April 2001 are abnormal and

dummy variables are used for these data points.

Table 3.13 : Statistics of Seasonally Adjusted TL/£

Sample Mean 0.000 Significance
Standard Error 0.047 Levels
t-statistic 0.000 1.000
Skewness 3.450 0.000
Kurtosis 23.519 0.000
Jarque-Bera 4330.678 0.000
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Modeling cycle procedure is started with specifying a suitable linear AR model.
Again we start with a maximum of pn.x = 15 lagged of variable of interest and
impose restrictions to the general model with considering AIC, SBC values and
misspecification tests results of the residuals. Three linear AR model is obtained as
shown in Table 3.14. First model contains no outlier effect and constructed without
dummy variables, while other two are specified with suitable dummies.
Misspecification tests results indicate that excess kurtosis and normality problems
are common features of all three models. Skewness problem is present in the first
model and residual autocorrelation problem is significant in the second and third
model. As mentioned in Section 3.3, the reasons of poor diagnostics may be the
treatment of outliers and applied deseasonalization procedure. However, linear AR
models constructed with dummy variables up to order 24 continue to have significant
residual autocorrelation problem, this may be due to the nonlinear structure. If we
ignore these problems, the best linear AR model to use for STAR type modeling is

model 3.12 in Table 3.14.

Table 3.14: Estimated Linear Models for British Pound

Z, =0.00012+0.372Z, (3.10)
(0.972)  (0.000)

6.=0.044 SK = 0.000 EK = 0.000 JB = 0.000 Q(12) = 0.586

AIC =-1069.24 SBC =-6.22
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Z, =—0.004+0.219Z,_, —0.162Z,_, +0.360D944 +0.2109D20013
(0.080) (0.000)  (0.003)  (0.000)  (0.000)

+0.1404D20014 + €, (3.11)
(0.000)

6.=0.0297 SK = 0511 EK = 0.000 JB = 0.000 Q(12) = 0.000

AIC =-1191.57 SBC=-6.927

Z, =-0.004+0.237Z,_, —0.212Z,_, +0.923Z,_, +0.023Z,_, —0.0153Z,
(0.113) (0.000)  (0.001)  (0.172)  (0.739)  (0.826)

~0.0499Z,_, —0.005Z,_, +0.028Z,_, +0.359D944 +0.216D20013 (3.12)
(0.481)  (0.936)  (0.658)  (0.000) (0.000)

+0.142D20014 + €,
(0.000)

6.=0.0298 SK = 0.741 EK = 0.000 JB = 0.000 Q(12) = 0.000

AIC=-1123.96 SBC=-6.81

Nonlinearity test is carried out for d = 1,...,8. As noted before this order is selected
due to degrees of freedom considerations. Moreover, the evidence of autocorrelation
in linear model is not a result of short lag length since an AR(24) model does not
solve the problem. The use of dummy variables does not cause a significant change
in the test results. There is a significant nonlinearity for all possible values of delay

parameter and therefore all alternatives are considered.
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Table 3.15: Linearity Tests Results for TL/£

Frs-test (p-values)

Variable d Without Dummy | With Dummy
1 0.000 0.000
2 0.000 0.000
3 0.000 0.000
4 0.000 0.001

Z
5 0.014 0.019
6 0.003 0.006
7 0.037 0.048
8 0.031 0.027

Thirty-two STAR models are estimated. Following the model reduction procedure as
in  Section 2.2.4, the most parsimonious model is  obtained.
The most suitable nonlinear model is selected according to the misspecification tests
results and AIC and SBC values. However, like US Dollar case, most of the
estimated models suffer from residual autocorrelation, which may be the result of the
deseasonalization procedure, handling of outliers and the need of additive
nonlinearity and/or highly erratic structure of the data. Among the estimated models,
the one which best fits the data is an ESTAR model with d = 2 and its estimated

equation is presented in Table 3.16.
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Table 3.16: Selected STAR Model for TL/£

ESTAR Model:

Z, =-0.007+0.5725Z,_, +0.236Z,_, —0.321Z,_, +0.366D944 +0.208 020013
(0.765) (0.000)  (0.007)  (0.002)  (0.000)  (0.000)

+0.082D20014 + (0.00004 — 0.7656Z,_, —0.417Z,_, +0.792Z, , —1.166Z,_,

(0.012) (0.998)  (0.000) (0.000)  (0.000)  (0.027)
+2.174Z, ) * (1-exp(=0.202/0.00207) * (Z,_, — 0.001)) (3.13)
(0.029) (0.053) (0.818)

AIC =-1195.74 SK =0.761 KU =0.114 LMagcu(12) =0.055 Fac(12) = 0.069 Fpc = 0.638
FNL,I = 0.023 FNL,2 =0.465 FNL,3 = 0.694 FNL,4 = 0.241 FNL,S =0.164 FNL,G =0.426

A

Fae7 =0.419  Fy s =0.804 06, =0.02492

The estimation results indicate that, second lag of variable of interest is the transition
variable of the model. Model diagnostics show evidence of autocorrelation,
heteroscedasticity and there is evidence of additive nonlinearity at d = 1. The
transition from middle regime to outer regime occurs about the value of 0.001. So,
when the growth rate is about zero we are in middle regime and values far away from
zero represents the dynamics of outer regime. The estimated value of transition
variable is 7,= 0.202 / 0.00207 and the data points are equally spreaded around the
estimated threshold value, as seen in Figure 3.14. This implies that exponential form

provides an adequate description of the data.
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Figure 3.14: Transition Function of TL/£

In the third stage, we analyze the dynamic structure of the selected ESTAR model.
ESTAR model indicates two different linear AR models according to the two
extreme values of the exponential transition function, first for middle regime (Fg = 0)

and second for outer regime (Fg = 1).

These models are as follows,

FE = 0;
Z, =—-0.0007+0.572Z, , +0.236Z,_, —0.3213Z,_. +0.366D944 +0.208D20013
+0.082D20014
Fe=1;

Z, =-0.000069—0.193Z,_, —0.417Z,_, +0.792Z, , —0.930Z,_, +1.853Z,
+0.393D944 +0.217D20013 +0.058D20014

As seen, the linear models corresponding to different phases differ from each other in
the number of regressors, size and sign of the coefficients. While middle regime is
constructed with Z., Zi4 and Z_s, outer regime includes additional variables, Z, and

Z.3. Moreover, the coefficients of variables show great differences. Switching from
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the middle to outer regime, the coefficients of Z,; and Z4 turns to be negative and

the coefficient of Z, s becomes positive and this indicates that different phases have

different dynamic structures.

Table 3.17: Regime Analysis Statistics for TL / £

Variable Regime Fe Fo Root Modules
-0.78 0.78
CPI Middle 0 — -0.07¥0.781 | 0.78
0.75F0.32i | 0.82
0,31F0.98i 1.027
Outer 1 — 1.02 1.016
-091F0941 | 1.31

According to the Table 3.17, the middle regime with one real and two pairs of
complex roots having modules 0.78 and 0.82 is locally stationary. On the other hand,
the outer regime with modules 1.027 and 1.31 has locally explosive structure. This
means that a highly appreciated or depreciated currency cannot last forever, the
process one way or another move to the middle regime represented by the values
about the threshold value cg = 0.001.

To be able to compare the estimated linear and nonlinear models, we use estimated
residual variance values and forecast performances. We first inspect the reduction in
the estimated residual variances from the estimated ESTAR model. Table 3.18

indicates that, nonlinear model gives lower residual variance with the ratio

A

6y’ 16,7=0.699 and the gain obtained over the nonlinear specification is 30.1 %.

Secondly, we compare forecast performances of the estimated linear and nonlinear

models by using RMSE values and the test of equal forecast accuracy result.
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According to the Table 3.18, the RMSE value of the ESTAR model is higher than the

estimated linear model. Also test of equal forecast accuracy result says that there is

no significant difference between the forecast performances of these two estimated

models.

Table 3.18: Comparison Statistics for Linear and Nonlinear Models for TL/£

Forecast Performance

Nonlinear/Linear

6y 16, Nonlinear RMSE Si(p-value)
RMSE

0.699 0.01697 1.0955 0.835

However, the estimated nonlinear ESTAR model gives lower residual variances and

lower RMSE value in especially crises periods and seems to imitate the wrinkles in

the data. This supports the fact that the forecast performance of nonlinear models

depends on the forecast period. The nonlinear dynamics captured by our model may

not be exhibited during the forecast period and therefore these poor results might be

arising. This can be supported with the fact that while linear models can be adequate

for normal periods, for crises periods nonlinear models are more preferable, which

can be seen also from the Figure 3.15. Moreover, the additional nonlinearity test

results show that multiple regime models may be needed but short sample size does

not allow to specify such a model with large number of parameters.
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Figure 3.15: Forecast Results for TL/£

3.5 Conclusion

Our examination of nonlinearity in the three monthly seasonally adjusted Turkey
macroeconomic series showed that while consumer price index series does not seem
to be exhibiting nonlinear behavior, exchange rate series contain nonlinearity in their
generating mechanisms and they can adequately be characterized by STAR models.
The results show that exchange rates series can be represented by ESTAR models
and does have similar dynamics in the outer regimes, with middle ground having

distinct dynamics.

In general, the estimated models provide substantial improvements over the linear

counterparts. Therefore, we conclude that STAR models are more adequate than

linear models for describing the characteristics of variables considered here.
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CHAPTER IV

CONCLUSION

Over the last fifteen years, the interest in nonlinear time series models has been
steadily incresing. The reason behind this rising interest is the inadequacy of linear
models in capturing the observed asymmetric in macroeconomic data in practice.
Therefore, in applications to economic time series, models which allow for state-

dependent or regime switching behaviour have been most popular in the literature.

This study provides a survey of most prominent nonlinear models in the literature.
These are Markov-switching regime model, threshold autoregressive (TAR) model
and smooth Transition autoregressive (STAR) model. In the study the emphasis is on
STAR models because they are more flexible than TAR and Hamilton type Markov-
switching models and therefore more appropriate for modelling macroeconomic
variables. We attempt to model three monthly macroeconomic variables of Turkey
which includes consumer price index (CPI), nominal exchange rates; US Dollar and
British Pound. There are two main reasons behind this selection. Firstly, nonlinear
modelling requires a large sample and these varaiables are appropriate for modelling
with large number of data points. Secondly, inflation and nominal exchange rate are

the forming variables of PPP hypothesis. Recent literature indicates that deviation
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from the PPP should contain significant nonlinearities. To pinpoint the source of
nonlinearity we decided to examine the component variables seperately. The
logarithmic form of the series with sample period January 1987 to June 2001 is
considered. Under the deterministic seasonality assumption, all series are

deseasonalized.

The conclusion for consumer price index gives the evidence that there is a mild or no
significant nonlinearity. However, the estimation results indicate that the selected
nonlinear model is as good as the linear one. The most appropriate model which best
fits to the data is an ESTAR model. The estimation results show that the dynamics of
inflation differs according to the period in which economy is in. Altough same
variables contained in both linear models corresponding to different phases, the
coefficients show great differences both in size and sign. High and low inflation
periods are represented in one regime and moderate inflation period in other regime.
Both regimes are locally stationary, which implies that to move inflation from one
regime to another a huge external shock is needed. According to the estimation
results, ESTAR model seems to be more preferable than the linear one because it
gives low residual variances and better forecast performance especially in abnormal

periods and imitating the fluctuations in the data.

The empirical results for TL / $ and TL / £ series show that there are strong evidence
of nonlinearities and the most suitable models are ESTAR models. According to the
estimation results, the series exhibit different dynamics in different phases. That is a
highly depreciated or appreciated currency shows a nonstationary behaviour.

However, if the process is near to its equilibrium point, it does not tend to move to
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outer regime unless there is a big external shock or a sequence of minor ones with
same signs. Ignoring nonlinearity can result in a conclusion that exchange rate series
are nonstationary. However, the dynamic structure of ESTAR models indicate that
the series can be stationary or nonstationary depending on the regime in which the
currency is in. The need for nonlinear models is also supported with lower residual
variances obtained from the nonlinear specifications. Moreover, the estimated
ESTAR models give better forecasts than their linear counterparts in crises periods

and change points.

To sum up, we conclude that the variables under consideration have nonlinear
structures in their generating mechanisms. This is important on the following
grounds. First, if one use linear models than it is very likely to have poor forecasts
compared nonlinear ones. Second, since these variables contain different regimes,
one should argue the effect of macroeconomic policies in the different regimes.
Because unlike linear models, the impulse response function is allowed to be time
varying. In other words, a current shock will have a different impact on future
observations depending on the sign and/or magnitude of this shock, as well as, on the
past observations. This implies that there is no room for fixed fiscal and monetary
policies. Third, it is now heavily discussed in the literature that a nonlinear process
may be identified as a nonstationary process. This in turn may lead to misleading
inferences about the dynamics of data. Fourth, if economic variables are nonlinear,

economists should consider nonlinear economic models.
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