                                                                                  ARE NON - LINEAR DYNAMICS A UNIVERSAL OCCURRENCE?

                                                                                                           FURTHER EVIDENCE FROM ASIAN STOCK MARKETS

                                                                    Kian - Ping Lim
a*
, M. Azali
b
, M.S. Habibullah
b
 and Venus Khim - Sen Liew
b

a
     Labuan School of International Business and Finance, Universiti Malaysia Sabah, P.O.Box 80 594, 87015 W.P. Labuan,

            Malaysia.

b
     Department of Economics, Faculty of Economics and Management, Universiti Putra Malaysia, 43400 UPM Se rdang,

            Selangor, Malaysia.

* Corresponding Author.  Tel: +6087460513  Fax: +6087460477  E - Mail: kianping@ums.edu.my

ABSTRACT

                                               With abounding e vidence of non - linearity in stock markets of developed markets, this

                                               study attempts to narrow the gap in the litera ture of Asian countries by providing

                                               further empirical evidence to the issue ^are non - linear d ynamics a universal

                                               occurrence?~. The results from the Hinich bispectrum test indicate stron g evidence of

                                               non - linearity in all the Asian stock markets under investigate -  Japan, Hong Kon g,

                                               Singapore and Mala ysia. These findings furthe r add to the empirical support that non -

                                               linearity is a salient feature in stock market time series data and have important

                                               implications for works on marke t efficiency, modellin g and pricing and hedging

                                               strategies in derivatives marke ts.

                                               Key Words : Non - li nearity; Data generatin g process; Hinich bispectrum test; Asian

                                               stock markets

                                               JEL classifications:  G12

I.  INTRODUCTION

It is an accepted fact that financial economics has been dominated over the past decade by linear

paradigm, which assumes that econo mic time series conform to linear mo dels or can be well

approximated by a linear model.  For example, empirical tests of market efficiency, purchasing power

parity, tests of causality and many of the empirical models of asset pricing have implicitly assume d

that the underlying d ynamics are in linear form or can be made linear by a simple transformation.

However, there are ample empirical e vidence against the linear paradigm. Theoretically, there is no

reason to believe that economic systems must be in trins ically linear (see, for e xample, Pesaran and

Potter, 1993; Campbell et al. , 1997; Barnett and Serletis, 2000). Empirically, there are a great number

of studies showing that fina ncial time series e xhibit no n - linear dependencies (see, for e xample, Hsieh,

198 9, 1991; Scheinkman and LeBaron, 1989; De Grauwe et al ., 1993; Abhyankar et al , 1995; Steurer,

1995; Brooks, 1996; Barkoulas and Travlos, 1998; Opong, et al.,  1999). With this development, the

subject has now moved to a new direction. This new direction is , of course, the stud y of non - linearity.

In the words of Campbell et al.  (1997: 467), ^A natural frontier for financial econometrics is the
modelling of non - linear phenomenon~. A good testimon y of the growing interest in non - linear studies
would be the fou nding of a  specialized international journal entitled Studies in Non - linear Dynamics
and Econometrics. . The main driving force behind this shift is the developments in the mathematical
and statistical analysis of dynamics systems, which has the ability to uncover a more complex form of
dependencies in a time series that appear to be random.

Over the past decade, numerous studies have documented the existence of non - linear dependencies in
stock markets (see, for example, Scheinkman and LeBaron, 1989; Hsieh , 1991; Abhyankar et al ,

1995, 1997; Barkoulas and Travlos, 1998; Opong, et al.,  1999). Much of this evidence has been
drawn from the widely traded financial markets of well - de veloped countries, such as the New York

Stock Exchange and London Stock Exchange . Though more efforts are now being directed towards
the Asian stock markets in light of their increasing importance to the investment world and the world
economy, to the knowledge of the writers, there is no study which utilizes recent advances in non -
lin ear dynamics and chaos to examine the data generating process of the Asian stock ma rke ts. Thus,
this leads to a number of important questions concerning the unive rsal applicability of those findings
from de veloped markets. Motivated by the above considerat ions, this study attempts to address the
question: ^are non - linear d ynamics a universal occurrence?~ by providing fu rther e vidence from
major Asian stock markets.

This paper is organized as follows: Se ction II provides a brief discuss ion on non - linearity ,
with a focus on the underlying concept and its  relevancy to the world of economics and
finance. This is followed by a brief review on the methodology commonly used in non - linea r
studies. Section IV then describes the da ta and the Hinich bispectrum tes t u sed in this s tudy.

Sec tion V presents th e empirica l results as well as the analys is of the  findings. Finally,
concluding remarks are given at the end of the paper.

II.  A BRIEF DISCUSSION ON NON - LINEARITY

It would be appropria te at this sta ge to clearl y de fine the terms `non - linearity´. In the literature, there
is no generally agreed definition for `non - linearity´. From the definition given by De Grauwe et al.

(1993: 244), a system X
t

 = h (
W
t

,
a

) is called a  non - linear system if it is not possible to re generate X
t
by one linear model:

                                                                                           å

                                                                                           ¥

                                                                                            =

-

                                                                         =

                                                                                                     0

0

                                                                                                              �

                                                  X

                                                                                      i
i
t

                                                                                                                      i

                                                              t

  and
e
 is white noise and

                                                                                        å

                                                                                       ¥

                                                                                        =
                                                                                                 0

                                                                                  t

                                                                                                                   i

 is such that
å

¥

=

¥

<

0

�

t
t

                (1)

According to De Grauwe et al.  (1993), the definition of non - linearity stems from the ne gation of

linearity. This leaves a lot of other possibilities open for a so - called non - linear system. For example,

Hsieh (1989) divides the realm of non - linear dependencies into three categories. Additive non -

linearity, a l so known as non - linear - in - mean, enters a process through its mean or expected value, so

that each element in the sequence can be expressed as the sum of zero - mean random element and a

non - linear function of past elements

1
. With multiplic ative non - linearity , or non - linear - in - va riance,

each element can be expressed as the product of a zero - mean random element and a non - linear

function of past elements, so that the non - linearity affects the process throu gh its variance

2
. The final

category is known as hybrid d ependence, in which non - linearity enters through b oth the mean and the

variance

                                                 3
                                                     .

Researchers in economics and finance have been interested in testing fo r non - linear dependence in

financial time series data for more than a decade now, though the focus is on financial markets of

developed countries. With abounding evidence of non - linearity in these markets, further works on

non - linear studies have e xperienced a tremendous growth. Since this line of study has commanded

considerable attention from researchers , one might wonder its significance and relevancy to the world

of  economics and finance. The motiva tion for this line of inquiry are at least threefold.

First, the evidence of non - linearity in a retun series implies the potential for re turns predictabili ty. If

investors could have profitably operated a trading rule (net of all transactions costs) which exploits

those non - linearity,  this would be at odds with the weak - form efficient market hypothesis. Following

weak - fo rm efficient market hypothesis, even n on - linear combinations of previous prices should not be

useful predictors of future prices (Brooks, 1996; Brooks and Hinich, 1999; McMillan and Speight,

2001).

Second, the test for non - linearity can be viewed as ge neral tests of model adequac y for linear  models

(Hinich and Patterson, 1989). If there is still dependence in the residuals of linear model (of an albeit

more complex form), the original linear models can no longer be viewed as an accurate representation

1
     The non - linear movi ng ave ra ge model, the  threshold a utore gre ssi ve mode l and t he bili nea r model a re exa mples

of a dditi ve depe nde nce.

2
     The ARCH - t ype models are e xa mple s of mul tiplicati ve depende nce.

3
     The ARCH - in - t he - mea n a nd GARCH - in - t he - mea n a re examples of h ybri d de pe nde nce.

of the data. The prevalence of non - linear ity in financial time series data has prompted researchers to
consider alternative models that take into account the underlying non - linear dynamics of the data
generating process. For e xample, non - linear models such as Generalized Autoregressive Conditiona l

Heteroscedasticity (GARCH) model and Smooth Transition Autoregressive (STAR) model are widely
emplo yed in the literature to explain the dynamics of financial time series. Other related developments
alon g this line are non - parametric cointe gration test du e to Bierens (1997a), non - linear sta tionarity
test (Bie rens, 1997b), non - linear causality test (Baek and Brock, 1992), non - linear adjustments
towards purchasing power parity (see, for example, Sarno, 2000). The rationale for the phenomenal
growth in this a rea is that if the underlying process is non - linear in nature, then it would be
inappropriate to employ lin ear methods.

Finally, for finance academics and practitioners involved in the pricing of derivative securities and the
development of dynamic h edgin g stra te gies, the potential implications of securities followin g non -
linear dynamics are no less dramatic. The assumptions that the stochastic process generating securities
returns are o f primary importance in designing hedges and pricing de rivative s. Howe ver, if the
assumed stochastic processes do not adequately dep ict the full complexity of the true genera ting
processes, then any derivatives in question may be mis - priced. This implies that investors and
institu tions may have imperfect hedges, which expose  them to unwanted risks.

III.  A REVIEW ON METHODOLOGY

There are wide variety of tests employed in the lite rature to detect non - linearity, just as there is no
commonly a greed definitio n for non - linear system. Accordin g to Barnett and Serletis (2000), th ose
non - linearity tests that are widely employed in the literature are the correlation dimension test

(Grassberger and Procaccia, 1983), the BDS test (Brock et al. ,  1996), the Hinich bispectrum test

(Hinich, 1982), the White test (White, 1989) and the Kapl an test (Kaplan, 1994). Among these non -
linear tests, the BDS test is by far the most popular
4

 (see, for example, Scheinkman and LeBaron,

1989; Hsieh, 1991; De Grauwe et al. , 1993; Steurer,  1995; Abhyankar e t al ., 1 995; Brooks, 1996;

Opong et al. , 1999; Ma hajan and Wagner, 1999) However, the BDS test does not provide a direct test
for non - linearity because the samplin g distribution of the BDS test statistic is not known, either in
finite samples or asymptotically,  under the null hypothesis of non - linearity.  The rejection of the null
of independent and identical distribution (i.i.d. ) in the BDS test can be due to non - white linear and
non - white non - linear dependence in the data. Thus, the effects of linear serial dependencies have to be
filtered out before the  BDS test can be applied to detect an y non - linear departure  from the i.i.d. null.

However, there is always the concern that the rejectio n of the null by the BDS te st could be due to the

possibility of imperfect pre - whitening.

Another popular non - linear t est is the Hinich bispectrum test. Unlike the BDS test, the Hinich

bispectrum test provides a direct test for a non - linear generatin g mechanism, irre spective of any linear

serial dependencies that might be present. Thus, pre - whitening is not necessary in u sing the Hinich

approach. Even if pre - whitening is done anywa y,  the  adequacy of the pre - whitening is irre levant to

the validity of the test. Ashley et al.  (1986) present a n equivalence theorem to  prove that the Hinich

linearity test statistic is invariant to linear filtering of the data, even if the filter is estimated. Thus, the

linearity test can be applied to the original re turns series, or to the residuals of a linear model with no

loss of power.

IV.  METHODOLOGY

The Data

In this study, the data con sist of daily closing prices for four major Asian stock market indices:

Tokyo Nikkei 225 (Japan), Hong Kong Hang - Se ng (Hong Kong), Singapore Straits Times

(Singapo re) and Kuala Lumpur Composite Index (Malaysia). The prices covering the sample period

from 2 January 1990 to 31 October 2001 are transformed into a series of 3087 continuously

compounded percentage returns, using the relationship:

                                               r

                                                    t

                                                         = 100* ln(P

t

/P

t - 1

)                             (2)

where P

                                               t

                                                  is the closing price of the stock on day t, and P

t - 1
the price on the previous trading day.

Hinich Bispectrum Test

Hinich (1982) laid out a statistical test for determining whether an observed stationary time series

{ x (t)} is linear. It is possible that { x (t)} is linear without being Gaussian

5
, but all o f the sta tionary

Gaussian time series are linear.  The Hinich bispectrum test involves estimating the bispectrum of the

observed time series, which is the double Fourier transform of the th ird - order cumulant function.

4
     The growing popu larit y of the BDS test  ha s wi tne sse d its i nc orporati on i nto c omme rcial statist ical packa ge of

E - Vie ws ve rsi on 4.0.

5
     When the distributi on of { x ( n

1

),�. x ( n

N

)} is multi va ria te normal for all  n

1

, �, n

N

, t hen the series is ca lled

Gaussia n.

In  this section, we present a brief description of the testing procedures presented by Hinich (1982).

Let { x (t)} denote a third order stationary time series, where the time unit, t, is an integer. The third -
order cumulant function of { x (t)} is defined to be
)]

(

)

(

)

(

[

)

,

( txmtxn
t
x

E
n
m

C
xxx

+

+

=

 for each

( m ,n ) when E[ x (t)] = 0, in which n <  m and  m = 0, 1, 2,�

Since third - order cumulants are hard to interpret, and their estima tes are even harder to fathom, the
double Fourier transform of the third - order cumulant fu nction (called the bispectrum) is calculat ed.

The bispectrum at frequency pair (f

1

, f

2

) is the double Fourier transform of
)

,

( n
m

C
xxx

:

å å

¥

-¥

=

¥

-¥

=

+

-

                                                                                                                   =
n m

xxx

                                                            x

n
f
m
f
i
n
m

C

                                                                                             f

                                                                            f

                                                  B )]

(

�

2
exp[

)

,

(

                                                                                                          )

                                                                                      ,

                                                                   (

2

1

                                                                                                       2

                                                                                1

                    (3)
assuming that |C

                                                                                                     xxx

                                                                                                                   ( m,n )| is summable. The symmetries of C
xxx

( m,n ) translate into symmetries of

B

          x

              (f

                        1

                            ,f

                                     2

                                         ) that yie ld a principal domain for the bispectrum, which is the triangular set

}

1

2

,

                                                                                                                ,

                                                                                                      2

                                                                                          1

                                     0

                              {

2

1

1

2

                                                                     1

<

+

<

                                                                               <

                                                <

                  =

  W
f
f
f
f

                                                                f .

Since the spectrum of { x(t)}is

2

)

(

2

1

)

( f

A
u

f

S
x

=

 , it follows that:

1

)

(

)

(

)

(

)

,

(

                                                                                                              )

                                                                                         ,

                                                                      (

                                                     %

6
u

2

3

2

1

2

1

2

2

1

                                                                                                        2

                                                                                    1

                                                                2 =

+

                                                                                                                        º
f
f

S
f

S
f

S

f
f

B

                                                                                                  f

                                                                               f
x
x
x

x

                        (4)
for all f

                                            1

                                                 an d f

                                                                                  2

                                                                                       in
                                                                                                         W

                                                                                                                     , where

å

¥

=

-

=

0

)

�

2
exp(

)

(

)

(
n

fn
i
n
a
f

A . The left hand side of Equation (4) defines
the square of the skewness function of {x(t)},
y

(f

1

, f

2

).  Linearity and Gaussianity of  { x(t)} are tested
throu gh the null hypotheses that
y

(f

1

,f

2

) is constant over all freq uencies and that
y

(f

1

, f

2

) is ze ro ove r
all frequencies respectively using the estimated bispectrum.

The test statistics for both h ypotheses are reduced to

                                                                                 å å

                                                             =

                                                                                      m n

2
n
m,

X

�

                                                                         2

                                                 S

                                                  �

                         (5)

at the frequency pair ( m,n )  where

)]

(

�

)

(

�

)

(

�

[

]

/

                                                                                                     [

)

,

(

�

                                                        �

2

1

2

1

2

                                                                        ,

n
m
x
n
x
m
x
x

                                                                           n

                                                                m

g

S
g

S
g

S

M

                                                                                                            N
n
m

B

                                                   X

+

                                                                                       =

     (6)

Under the null hypothesis of Gaussianity,

S

�

 is distributed chi - squared with 2P degree of freedom,

with P being the number o f squares whose centres are in the principal domain. Hinich (1982) shows

that, asymp totically, the tra nsformation of

S

�

 is well approximated by a normal distribution with zero

mean and unit variance. Thus, the significance of the test statistics is readily determined from standard

normal tables.

On the other hand, i f {x(t)} is linear but not Gaussian, the sample dispersion of

2

,

�

2

n
m

X
should not

diffe r sign ificantly from the population dispersion of

)

�

,

2

(

$

2 l
, where

{ }

2

/

�

�
-

=
P

S
l
 . Linearity test

statistics examine whether the samp le dispersion is significantly diffe rent from that of

)

�

,

2

(

$

2 l
. The

distribu tion of the standard normal is used to produce a one - sided test, in which the null is rejected if

the test statistic is greater than the critical value at the chosen  level of significance.

It is important to note that this dispersion can be measured in many wa ys. We used the 90 percent

quantile of the empirical distribution in order to ge t a more plausible result

6
. Another important

consideration in the implementat ion of the bispectru m test is the parameter M,  the frame size. The

choice of M go verns the trade - off between the bias and variance of the estimato r. In this respect, the

larger (smaller) the M, th e smaller (large r) the finite sample variance and the large r  (smaller) the

sample bias. Owing to this trade - off, there is no unique M that is appropriate to use. In this study,  we

set M equal to 30

                                                                                                    7
                                                                                                         .

V.  EMPIRICAL RESULTS

6
     In a personal co mmunication,  Hinic h rec ommends the use of the 90 pe rcent quantile.

7
     Hi nic h recommends a fra me size of 30 for our sa mple sizes in order to improve the power of t he test.

7

FIGURE 1:  Contour Plot of the E stimated Bispectrum f or Asian S toc k Return Se rie s

0 - 0 . 2 0 . 2 - 0 . 4 0 . 4 - 0 . 6 0 . 6 - 0 . 8 0 . 8 - 1

F r e q u e n c y ,  f

1

F r e q u e n c y ,  f

 2

0 - 0 . 2 0 . 2 - 0 . 4 0 . 4 - 0 . 6 0 . 6 - 0 . 8 0 . 8 - 1

F r e q u e n c y ,  f

1

0 - 0 . 2 0 . 2 - 0 . 4 0 . 4 - 0 . 6 0 . 6 - 0 . 8 0 . 8 - 1

F r e q u e n c y ,  f

1

0 - 0 . 2 0 . 2 - 0 . 4 0 . 4 - 0 . 6 0 . 6 - 0 . 8 0 . 8 - 1

F r e q u e n c y ,  f

1

Tokyo Nikkei 225

Hong Kong Hang Seng

Singa pore Strait Ti mes  Kuala Lumpur Composite Index

V.  CONCLUSIONS

The outcomes of our econometric in vestiga tion usin g the Hinich bispectrum test provide strong support for

the presence of non - linearity in all the Asian stock marke t return series. It is important to no te that the

rejection of the null of line arity in the bispectrum test is a stron g support for the presence of non - linearity

(Barnett e t al. , 1997). These results add to the empiric al support that non - linearity is a salient feature in stock

marke t time seri es data.

As we mentioned earlier, the evidence of non - linearity has profound implications on weak - form ma rke t

efficiency. The validity of marke t efficiency in these Asian stock markets is questionable since the evidence

of statistically significant non - l inear components implies the potential for returns predictability. However, it

is still an open question whether the detected non - linear structure can be profitably e xploited. On the other

hand, with the prevalence of non - linearity in stock market series, it is now time to relax the assumption of

linearity in our empirical work, which is so dominant in the era of linear paradigm.  Future works in Asian

stock markets on the area of modelling, market inte gration, causal relationship, asset pricing, hedging

st rate gies of derivatives, amongst others, should take note of the underlying non - linear dynamics in the data.

To conclude, the prevalence of non - linearity in fina ncial time series, particularly in stock market data of

Asian countries, should be taken seri ously and not to be neglected. To researchers in developing countries, it

is time to embrace the shift to non - linearity, which offers both great excitement and challenges. Though the

mathematical ideas involved are more complex than those of linear models,  once the complexity is

identified, the frontier of these non - linear models is quite fascinating. It is exciting in a sense that it will

provide a better understand ing of the underlying dynamics of financial time series. On the other hand, they

reveal how much work still remains to be done, especially on financial markets of Asian countries.

REFERENCES

Abhyankar, A.H., Copeland, L.S. and Won g, W. (199 5). ^Nonlinear Dynamics in Real - Time Equity Market

                        Indices: Evidence from the United Kingdom~. Economic Journal,  105, 864 - 880.

Abhyankar, A.H., Copeland, L.S. and Wong, W. (19 97). ^Uncovering Nonlinear Structure in Real Time

                        Stock - Market Indexes: The S&P 500, the DAX, the Nikkei 225, and the FTSE 100~. Journal of Business

                        and Economic Statistics, 15, 1 - 14.

A shley, R.A., Patte rson, D.M. and Hinich, M.J. (1986). ^A Diagnostic Test fo r Nonlinear Serial Dependence

                        in Time Series Fitting Errors~. Journal of Time Series Analysis,  7(3), 165 - 178.

 9

Baek, E. and Brock, W. (1992). ^A General Test for Non - Linear Grange r C ausality: Bivaria te Model~.

                        Workin g Paper. Iowa State University and University of Wisconsin at Madison.

Barkoulas, J. and Travlos, N. (1998). ^Chaos in an Emerging Capital Market? The Case of the Athens Stock

                        Exchange~. Applied Financial Economics,  8, 231 - 243.

Barnett, W.A., Gallant, A.R., Hinich, M.J., Jungeilges, J., Kaplan, D. and Jensen, M.J. (1997). ^A Single -

                        Blind Controlled Competition among Tests for Nonlinearity and Chaos~. Journal of Econometrics ,82,

                        157 - 192.

Barnett, W.A. and Serletis, A. (2000) . ^Martingale s, Nonlinearity, and Chaos~. Journal of Economic

                        Dynamics and Control,  24, 703 - 724.

Bierens, H.J. (1997a). N̂onparametric Cointe gra tion Analysis~. Journal of Econometrics,  77, 379 - 404.

Bierens, H.J. (1997b). ^Testing the Unit Root with Drift Hypothesis against Non - Linear Trend Stationarity,

                        with an Application to the U.S. Price Level and Intere st Rate~. Journal of Econometrics, 81, 29 - 64.

Brock, W.A., Dechert, W.D., Scheinkman, J.A. and LeBaron, B. (1996). ^A test for Independence based on

                        the  Correlation Dimension~. Econometric Reviews,  15, 197 - 235.

Brooks, C.  (1996). ^Testing for Non - Linearity in Daily Sterlin g Exchange Rates~. Applied Financial

                        Economics,  6, 307 - 317.

Brooks, C. and Hinich, M.J. (1999). ^Cross - Corre lations and Cross - Bicorrela tions in Sterling Exchange

                        Rates~. Journal of Empirical Finance,  6(4), 385 - 404.

Campbell, J.Y., Lo, A.W. and MacKinla y, A.C. (1997). The Econometrics of Financial Markets . Princeton:

                        Princeton University Press.

De Grauwe, P., Dewachter, H. and Embrechts, M . (1993). Exchange rate theory: chaotic models of foreign

                        exchange markets.  Oxford: Blackwell.

Grassberger, P. and Procaccia, I. (1983). ^Characterization of stran ge attractors~. Physical Review Letters,

                        50, 346 - 349.

Hinich, M.J. (1982). ^Testing for Gauss ianity and Linearity o f a Stationary Time  Series~. Journal of Time

                        Series Analysis,  3, 169 - 176.

Hinich, M.J. and Patterson, D.M. (1985). ^Evidence of Nonlinearity in Daily Stock Returns~. Journal of

                        Business and Economic Statistics,  3(1), 69 - 77.

Hinich, M. J. and Patterson, D.M. (1989). Evidence of Nonlinearity in the Trade - By - Trade Stock Market

                        Return Generating Process. In Economic complexity: chaos, sunspots, bubbles and nonlinearity -

                        international symposium in economic theory and econometrics, ed. W.A. B arnett, J. Geweke, and K.

                        Shell, pp.383 - 409. Cambrid ge: Cambridge University Press.

Hsieh, D.A., (1989). ^Testin g for Non - Linearity in Daily Foreign Exchange Rate Changes~ Journal of

                        Business,  62, 339 - 368.

Hsieh, D.A. (1991). ^Chaos and Nonlinear Dynamics : Application to Financ ial Markets~. Journal of

                        Finance,  46, 1839 - 1877.

Kaplan, D.T. (1994). ^Exceptional Events as Evidence for Determinism~. Physica D,  73, 38 - 48.

Mahajan, A. and Wagner, A.J. (1999). ^Nonlinear Dynamics in Foreign Exchan ge Rates~. Global  Finance

                        Journal,  10(1), 1 - 23.

McMillan, D.G. and Speight, A.E.H. (2001). ^Nonlinearities in the Black Market Zloty - Dollar Exchange

                        Rate: Some further Evidence~. Applied Financial Economics,  11, 209 - 220.

Opong, K.K., Mulholland, G., Fo x, A.F.  and Fa rahmand , K. (1999). ^The Be havior of Some UK Equity

                        Indices: An Application of Hurst and BDS Tests~. Journal of Empirical Finance,  6, 267 - 282.

Pesaran, M.H. and Potter, S.M. (1993). Nonlinear Dynamics, Chaos and Econometrics: An Introduction. In

                        Nonlinear dynamic s, chaos and econometrics , ed. M.H. Pesaran and S.M. Potter, pp vii - xiii. New York:

                        John Wiley & Sons.

Sarno, L. (2000). ^Real Exchange Rate Behaviour in High In flation Countries: Empirical Evidence from

                        Turkey, 1980 ˘  1997~. Applied Economics Letters , 7 , 285 ˘ 291.

Scheinkman, J. and LeBaron, B. (1989). ^Nonlinear Dynamics and Stoc k Returns~. Journal of Business,  62,

                        311 - 337.

Steurer, E. (1995). Nonlinear Modeling of the DEM/USD Exchange Rate. In Neural networks in the capital

                        markets,  ed. A.P. Refenes, p p 199 - 211. New York: John Wiley & Sons.

White, H. (1989). ^Some Asymptotic Results for Le arning in Single Hidden Layer Feedforward Network

                        Models~. Journal of the American Statistical Association,  84, 1003 - 1013.