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1. Introduction

Time series models have been widely employed in the literature to explain
the dynamics of financial time series. Since its introduction 22 years ago,
applications of the Autoregressive Conditional Heteroscedasticity (ARCH)
model introduced by Engle (1982) or its extension GARCH by Bollerslev (1986)
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in finance have become commonplace (for a survey, see Bollerslev et al.
1992; Engle 1995). This popularity is evidenced by the incorporation of
GARCH estimation into major software packages (for a review, see, for
example, Brooks 1997; Brooks et al. 2001; McCullough and Renfro 1999).
Generally, this type of non-linear time series model is able to capture a spe-
cial type of non-linearity in the data generating process, known as multi-
plicative non-linearity, or non-linear-in-variance, in which non-linearity affects
the process through its variance (Hsieh 1989).

In the literature, the family of GARCH models has grown at a tremendous
rate. Engle (1995), Hentschel (1995) and Pagan (1996), among others, provided
an excellent account of the variations and extensions of GARCH models
over the years. However, in most applications, GARCH (1, 1) model is
found to suffice. According to Brooks (1996: 309), it is highly unlikely that
a GARCH model of order greater than one in the autoregressive and moving
average components would be required. This is because a GARCH (1, 1)
model implies an infinitely long memory with respect to past innovations.

The simple GARCH (1, 1) model for { y (t)} can be written as:
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To ensure a well defined process in the context of GARCH (1, 1) model,
the following customary constraints are applied to the parameters: α1 > 0,
β1 > 0 and α1 + β1 < 1 suffices for covariance stationarity.1 In equation (1),
εt is conditional on the information set ψt–1 and is normally distributed
with zero mean and variance ht. In the GARCH models, the variance is time
varying and this provides an alternative and useful measurement of volatility.2

For most financial data, one of the stylised features is that they do experience
volatility clustering; that is, there are stable periods with only minor adjust-
ments and unstable periods with large deviations for many consecutive days.
GARCH models have been popular because they are able to capture this

1 A time series xt is covariance stationary if (a) the mean of xt is constant over time; (b) the
variance of xt is also constant over time; and (c) the covariance between xt and xt + h depends
only on their time difference or lag, represented by h.

2 Earlier studies have used unconditional standard deviation or variance as the measure of
volatility and the limitations of such measure are well documented. See, for example, Jansen
1989; Pagan and Ullah 1988.
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clustering feature. Despite their popularity, the ARCH parameterisation of
the conditional variance does not have any solid grounding in economic
theory, but represents ‘a convenient and parsimonious representation of the
data’ (Hall et al. 1989).

Though the GARCH models have been known for more than two
decades, most of their applications are on the widely traded financial markets
of developed industrialised countries. However, there is a growing trend of
their applications in the Asian stock markets, for instance forecasting volatility
of stock returns (Choo et al. 1999), modelling the volatility of stock index
futures market (Tan 2001) and determining volatility spillover effects among
major Asia-Pacific stock markets (Hooy and Tan 2002). While these Asian
studies involved different applications of GARCH models, none of them
conducted a thorough investigation to determine the adequacy of the
GARCH models. This issue is of great importance to the field of finance in
view of the wide application of GARCH models in understanding the
relationship between risk3 and expected returns, particularly in the areas of
asset pricing, portfolio selection and risk management. Motivated by the
above consideration, this study contributes to the current literature by addres-
sing the fundamental issue of GARCH adequacy in characterising the behav-
iour of major Asian stock returns series.

In terms of methodology, various procedures have been utilised or proposed
in the literature to test whether the GARCH formulation represents an
adequate characterisation of the data. It has been suggested that the Brock-
Dechert-Scheinkman test (hereafter denoted as the BDS test) developed in
Brock et al. (1987, 1996) can be used as a general test of model misspecification.
Since the BDS test has reasonable power against the GARCH models, it
has been utilised as a diagnostic tool to determine the adequacy of GARCH
models for the detected non-linear structure. In this case, the standardised
residuals from the fitted GARCH model are subjected to the BDS test. It is
important to note that the null hypothesis for the test has now become ‘the
fitted GARCH model sufficient to model the detected non-linear structure
in the data’ against an unspecified alternative that it is not. If the BDS test
cannot reject the null using appropriate critical values derived from simu-
lation, then the fitted GARCH model is assumed to be an adequate character-
isation of the data. This procedure has been followed by various authors in
the literature (see, for example, Abhyankar et al. 1995; Hsieh 1989, 1991;

3 Volatility of returns is considered by researchers and investors to be a proxy for risk. In
this aspect, the GARCH estimates of time-varying volatility have been widely utilised in the
financial world.
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Krager and Kugler 1993; McMillan and Speight 2001; Opong et al. 1999).
The main reason the BDS test has been popular among researchers in the
earlier years is that the computer programmes for implementing the test
have been made available and distributed widely.4

However, the problem with using the BDS test in this manner arises be-
cause the asymptotic distribution could not approximate very well the BDS
statistics applied to standardised residuals of ARCH, GARCH and EGARCH
(Brock et al. 1991; Hsieh 1991). The Monte Carlo results from Brooks and
Heravi (1999) provided further evidence against the sole use of the BDS test
as a general misspecification test for GARCH models. Specifically, in the
simulation exercise, the authors generated samples of data by an AR(1),
MA(1), self-exciting threshold autoregressive (SETAR) and bilinear models
respectively. A GARCH model is estimated for each set of the generated
data. Subsequently, the BDS statistics are calculated on the standardised
residuals of this fitted GARCH model. As a whole, the results demonstrate
that the effect of misspecified GARCH filter is more pronounced when the
data generating process is non-linear, indicating that the BDS test could not
reliably discriminate among different types of non-linear structure (in this
case, the bilinear, SETAR and a GARCH model). Hence, the authors warned
that it might not be appropriate to use non-rejection by the BDS test on
the standardised residuals of a GARCH model as evidence that the GARCH
model ‘fits’ the data.

Some authors have suggested that the joint application of existing non-
linearity tests can provide deeper insight into the nature of non-linear gen-
erating mechanism of a time series (see, for example, Ashley and Patterson
2001; Barnett et al. 1995, 1997; Barnett and Serletis 2000). Following this
recommendation, Lim (2001) utilised the differing power of the BDS and
Hinich bispectrum tests (Hinich 1982) in detecting GARCH as an alternative
framework for determining the adequacy of the GARCH models in char-
acterising the behaviour of the series under study. In this case, the low power
of the Hinich bispectrum test relative to the BDS test for GARCH models
suggests that the bispectrum test is useful as a marker for the GARCH models.
However, this approach has not received much attention from other re-
searchers, possibly due to the concern raised by Psaradakis (2001) that there
is an increased risk of overstating the significance of non-linearity when
multiple tests are carried out using the same data.

4 For instance, the code written for DOS-based computers was first provided by W.D.
Dechert in his web page. Later, LeBaron (1997) shared the source code in the C programming
language and provided a brief description of the BDS algorithms. In a recent development, the
BDS test has been incorporated in the statistical package of EViews, starting from version 4.0.
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The Hinich portmanteau bicorrelation test (Hinich 1996; Hinich and
Patterson 1995), which was designed to detect episodes of transient serial
dependencies within a data series, is an alternative technique to check the
adequacy of GARCH models as valid data descriptions. From the Monte
Carlo simulations given in Hinich and Patterson (1995), it was demonstrated
that the bicorrelation test has better small sample properties and does not
have the stiff data requirements of many of its competitors, such as the
BDS test. Several recent studies (see, for example, Brooks and Hinich 1998;
Brooks et al. 2000; Hinich and Patterson 1995; Lim et al. 2003) have util-
ised the bicorrelation test to examine the validity of specifying a GARCH
error structure.

This study utilises the Hinich portmanteau bicorrelation test as a diag-
nostic tool to determine the adequacy of GARCH models in characterising
the behaviour of eight Asian stock markets. The focus of this article is on
the assumption of strict stationarity of GARCH models, which can be tested
using the bicorrelation test. This line of inquiry is highly relevant since the
issue of GARCH adequacy in these Asian stock markets has hardly received
a mention in the literature.

This article provides in the following section a brief description of the
data used in this study. Section 3 discusses the Hinich portmanteau bicor-
relation test. Section 4 presents the empirical results as well as the analysis
of the findings. Finally, implications and concluding remarks are given at
the end of the article.

2. The Data

In this study, the data consist of daily closing prices for eight major Asian
stock market indices: Bangkok S.E.T. (Thailand), Hang-Seng (Hong Kong),
Jakarta SE Composite (Indonesia), Korea SE Composite (South Korea),
Kuala Lumpur SE Composite (Malaysia), Nikkei 225 Stock Average (Japan),
Philippines SE Composite (the Philippines) and Singapore Straits Times
(Singapore). All these indices collected from Datastream are denominated
in their respective local currency units. The prices covering the sample period
from 2 January 1990–31 December 2003 are transformed into a series of
continuously compounded percentage returns, using the relationship:

)/ln(100 1−
∗= ttt PPr (2)

where Pt is the closing price of the stock on day t, and Pt–1 the price on the
previous trading day.
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3. Hinich Portmanteau Bicorrelation Test

This section provides a brief description of the Hinich portmanteau bicor-
relation test. A full theoretical derivation of the test statistics and a number
of Monte Carlo simulations to assess their size and power are given in Hinich
and Patterson (1995) and Hinich (1996).

Let the sequence {x (t)} denote the sampled data process, where the
time unit, t, is an integer. The test procedure employs non-overlapped data
window, thus if n is the window length, then the k-th window is {x(tk),
x(tk + 1), ... x(tk + n –1)}. The next non-overlapped window is {x (tk + 1),
x(tk + 1 + 1), ... x (tk + 1 + n –1)}, where tk + 1 = tk + n. The null hypothesis for
each window is that x {t} are realisations of a stationary pure noise process5

that has zero bicovariance. The alternative hypothesis is that the process in the
window is random with some non-zero correlations Cxx(r) = E[x(t) × (t + r)]
or non-zero bicorrelations Cxxx(r, s) = E[x(t) × (t + r) × (t + s)] in the set
0 < r < s < L, where L is the number of lags.

We can define Z(t) as the standardised observations obtained as follows:

x
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for each t = 1, 2, ... , n where mx and sx are the sample mean and sample
standard deviation of the window. The sample correlation is:
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The C statistic, which is developed for the detection of linear serial
dependencies within a window, is defined as:

∑
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5 A stationary time series is called pure noise or pure white noise if x(n1), . . . nN. A white
noise time series, by contrast, is one for which the autocovariance function is zero for all lags.
Whiteness does not imply that x(n) and x(m) are independent for m ≠ n unless the series is
Gaussian.
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The (r, s) sample bicorrelation is:
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The H statistic, which is developed for the detection of non-linear serial
dependencies within a window, is defined as:
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In both the C and H statistics, the number of lags L is specified as L = nb

with 0 < b < 0.5, where b is a parameter under the choice of the user. Based
on the results of the Monte Carlo simulations, Hinich and Patterson (1995)
recommended the use of b = 0.4 in order to maximise the power of the test
while ensuring a valid approximation to the asymptotic theory.

A window is significant if either the C or H statistic rejects the null of
pure noise at the specified threshold level. This study uses a threshold
of 0.01. In this case, the chance of obtaining a false rejection of the null is
approximately one out of every 100 windows. With such a low-level thresh-
old, it would minimise the chance of obtaining false rejections of the null
hypothesis indicating the presence of dependencies where these do not exist.

It is possible to use the bicorrelation test to examine whether a GARCH
formulation represents an adequate characterisation of the data. This is
achieved by transforming the returns into a set of binary data, where

0)(if1)(:)}({ ≥= tZtyty

0)(if1)( <−= tZty (8)

If Z(t) are generated by a GARCH process whose innovations {εt} are
symmetrically distributed around a zero mean, then the binary set { y(t)}
will be a stationary pure noise series. The justification for the binary



270 / KIAN-PING LIM et al.

transformation is that it turns a GARCH into a pure noise.6 Putting it
differently, a GARCH process that has symmetric innovations produces
independently distributed binary output. The binary transformed data have
moments that are well behaved with respect to the asymptotic theory.
Therefore, if the null of pure noise is rejected by the C or H statistics, then
there are statistical structures present in the data that cannot be captured by
GARCH models. The rejection may be due to serial dependence in the
innovations but this violates a critical assumption for GARCH models.

4. Empirical Results

Table 1 provides summary statistics for all the Asian stock returns series
under study. The mean values indicate that the daily returns for these Asian
stock markets are on average very small. Hong Kong Hang-Seng recorded
the highest returns of all with 0.04 per cent. In contrast, Bangkok S.E.T.,
Korea SE Composite and Nikkei 225 Stock Average performed poorly on
average, with negative returns being reported. This poor average performance
is associated with higher risk, especially for Bangkok S.E.T. and Korea SE
Composite, as indicated by higher values of standard deviations for these
two markets. Moving beyond the basic mean and standard deviation meas-
urements to higher order moments, all of the returns series, with only two
exceptional cases, exhibit some degree of positive or right skewness. On the
other hand, the distributions for all the series are highly leptokurtic, in
which the tails of their respective distributions taper down to zero more
gradually than do the tails of a normal distribution. Not surprisingly, given
the non-zero skewness levels and excess kurtosis, the Jarque-Bera (JB) test
statistics clearly indicate that all the returns series significantly deviate from
normality.

Table 2 presents the correlations (C ) and bicorrelations (H ) test statistics7

for the binary transformed data set { y(t)} covering the full sample period.
The results show that the null of pure noise is strongly rejected by both the
C and H statistics in all the eight Asian stock markets under investigation,
and hence violate the assumption of covariance stationary of GARCH
models. In other words, the GARCH models cannot provide an adequate

6 Though ARCH/GARCH is a martingale difference process, and thus white noise, it is
not pure noise.

7 Both the C and H test statistics in this study are computed using the T23 programme
written by the second author. The programme is available and any request should be directed
to hinich@mail.la.utexas.edu.
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characterisation for the underlying process of all the selected Asian stock
markets since there are statistical structures present in the data that cannot
be captured by this type of model.

The next step is to investigate the persistency of the underlying non-
stationarity. One approach is to apply the bicorrelation test to smaller sub-
samples, in which the whole sample period is divided into relatively shorter
equal length windows of time. In this regard, there is no unique value for
the window length. According to Brooks and Hinich (1998), the window
length should be sufficiently long to provide adequate statistical power and
yet short enough for the test to be able to pinpoint the arrival and disappear-
ance of transient dependencies, which is the main purpose of using a
windowed test procedure. In this study, we follow the choice of Brooks and
Hinich (1998) in which the data are split into a set of non-overlapping
windows of 35 observations in length, approximately seven trading weeks.
In fact, it was found that the choice of the window length does not alter
much the results of both test statistics.

Table 3 presents the results for the windowed testing. The third column
in Table 3 shows the number of windows where the null of pure noise is
rejected by the C statistic. In parentheses are the percentages of the total
number of windows where this rejection occurs. For example, for the
Bangkok S.E.T returns series, the null is rejected in 43 windows by the
C statistic, which is equivalent to 41.35 per cent. Similarly, the fourth column
provides the number and percentage of significant H windows. In those
significant windows, the rejection of the null is due to either a significant
C or H, or both. The statistics for total significant windows are provided in
the final column of Table 3. The results clearly show that the number of
significant windows for all the Asian stock markets is larger than the 1 per
cent one would expect purely by chance, given the nominal threshold level
of 0.01.8 More importantly, the findings from this windowed test procedure
demonstrate that the underlying returns series of all the Asian stock markets
under investigation are characterised by transient epochs of dependencies.
Specifically, these series can be described as a switching process, in which
for a long period of time the returns follow a pure noise, interspersed with
brief periods of highly significant linear and non-linear dependency
structures. Hence, these underlying features violate the critical assumption
of strict stationarity as required by the GARCH process.

8 In this study, the threshold level has been set at 0.01. The level of significance is the
bootstrapped thresholds that correspond to 0.01.
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Table 3
 Windowed Test Results for Binary Transformed Data

Total Total Number
Number of Significant C Significant H of Significant
Windows Windows Windows C or H Windows

Bangkok S.E.T. 104 43 62 62
(41.35%) (59.62%) (59.62%)

Hong Kong Hang-Seng 104 40 49 54
(38.46%) (47.12%) (51.92%)

Jakarta SE Composite 104 29 31 32
(27.88%) (29.81%) (30.77%)

Kuala Lumpur SE Composite 104 25 34 35
(24.04%) (32.69%) (33.65%)

Korea SE Composite 104 53 66 69
(50.96%) (63.46%) (66.35%)

Nikkei 225 Stock Average 104 32 54 56
(30.77%) (51.92%) (53.85%)

Philippines SE Composite 104 28 49 49
(26.92%) (47.12%) (47.12%)

Singapore Straits Times 104 22 36 36
(21.15%) (34.62%) (34.62%)

5. Implications and Concluding Remarks

The results from our econometric investigation using the Hinich port-
manteau bicorrelation test show that the null of pure noise is strongly rejected
by the C and H statistics. This implies that there are statistical structures
present in the data of all the eight Asian stock markets that cannot be captured
by the GARCH models. Further investigation via the windowed test
procedure reveals that the violation of the covariance stationarity assumption
as required by the GARCH process is due to the presence of transient epochs
of dependencies in the underlying returns series. These episodic transient
structures are also found in financial data of other stock markets (Ammermann
and Patterson 2003) and foreign exchange markets (see, for example, Brooks
and Hinich 1998; Brooks et al. 2000; Lim et al. 2003). It would be interesting
to investigate whether the violation of covariance stationarity in the earlier
studies of Pagan and Schwert (1990a, b) and Loretan and Phillips (1994) is
due to similar structures present in the data.

One plausible explanation about the occurrence of these transient epochs
of dependencies in all the Asian stock returns series is the market adjustment
to unexpected shocks. In fact, it is possible to identify those specific un-
expected events as the Hinich portmanteau bicorrelation test via the
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windowed test procedure permits a closer examination of the precise time
periods during which these dependencies, linear and non-linear, are occur-
ring. For instance, in the work of Ammermann and Patterson (2003), the
linear dependencies that occurred episodically are found to be directly
attributable to changes in the Taiwan Stock Exchange’s price limits that
were made during the years 1987 and 1988, even though the authors could
not identify any clear-cut driving factor for the non-linear burst of depend-
encies. On the other hand, the non-linear dependency structures in Brooks
et al. (2000) are found to be highly localised in time, and the authors referred
to two important events that occurred during their sample period—wide-
spread upsets in the currency markets and a change in US accounting pro-
cedures that affected US firms with businesses abroad. The explanation
given is that when surprises hit the market, they usually generate a pattern
of non-linear price movements relative to previous movements since the
traders are unsure of how to react, and hence they respond slowly. Further-
more, as Schatzberg and Reiber (1992) pointed out, uninformed traders
may delay their response to see how informed market participants behave
because they do not have the resources to fully analyse the information or
because the information is not reliable. Overreaction to bad news and under-
reaction to good news by investors and markets (see, for example, da Costa
1994; DeBondt and Thaler 1985, 1987), according to Antoniou et al. (1997),
and Joe and Menyah (2003), could also trigger non-linear feedback mech-
anism. However, pursuing a detailed examination of the events that affect
each of these Asian stock markets will be the subject of another article.

The episodic transient behaviour of dependencies detected in the returns
series of all the Asian stock markets would pose a serious challenge to re-
searchers attempting to model these series, especially after the popular
GARCH models are found to be inadequate. Brooks and Hinich (1998)
argued that even after modifications to the specifications of the GARCH
models—such as those by Booth et al. (1994) to augment the GARCH
equation with structural breaks in the mean, or those by Hamilton and
Susmel (1994) to generalise the model for parameters to be drawn from
one of several regimes—these dependencies could still not be captured. In
fact, Hinich and Patterson (1995) conjectured that these features are
responsible for the failure of non-linear models in providing superior out-
of-sample forecasting performance, a question that has been raised by
Diebold and Nason (1990) and further discussed by Ramsey (1996). Given
the prevalence of these episodic transient features across all the Asian stock
markets, coupled with the fact that their episodic occurrences are related to
events specific to the particular market under study, no conclusion can be
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offered with confidence at this stage on models for replacement. However,
Ammermann and Patterson (2003) are quite optimistic that some stable
non-linear models could be developed to adequately describe these features
in the data, though no recommendation has been offered.

On the other hand, since there is a growing trend of applying the GARCH
models in these Asian stock markets, researchers and investors should take
the findings in this study seriously. Specifically, the inadequacy of GARCH
models for these Asian stock markets has strong implications for the pricing
of stock index options contracts, portfolio selection, developing optimal
hedging techniques and risk management.

Briefly, the risk-returns relationship is the central building block of most
finance theory, for example the Capital Asset Pricing Model and Arbitrage
Pricing Model. Related to this, volatility of returns is considered by research-
ers and investors to be a proxy for risk. Earlier studies have used unconditional
standard deviation or variance as the measure of volatility and the limitations
of such measures are well documented (see, for example, Jansen 1989; Pagan
and Ullah 1988). Lately, the GARCH models have provided an alternative
and useful measurement of volatility due to their ability to capture the cluster-
ing feature found in most financial time series data. Specifically, the GARCH
estimate of time-varying volatility is a key input parameter for the pricing
of options contracts and portfolio decisions. The significance of GARCH
models is no less in constructing portfolio hedge ratios or modelling risk
premia, in which the hedge ratios and risk premia are assumed to vary over
time. Finally, most practical risk management decisions inherently rely on
out-of-sample volatility forecasts, and GARCH models have always been the
popular forecasting tools. However, the present findings indicate that the
GARCH models might not be appropriate for the Asian stock markets as
most of them are still categorised as emerging markets and have vastly
different characteristics from those developed stock markets (see, for example,
Bekaert and Harvey 1997).

To conclude, the present article provides empirical evidence against the
adequacy of GARCH models in characterising the underlying process of all
eight Asian stock markets under study. More importantly, the Hinich port-
manteau bicorrelation test reveals that the violation of the covariance station-
arity assumption is due to the presence of transient epochs of dependencies
in the data. In addition to that, this study highlights the importance of con-
ducting diagnostic checking, employing tests like the Hinich portmanteau
bicorrelation test to determine the adequacy of the GARCH models before
any further application in the financial world. Some possible extensions of
the present work have been offered as well. To reiterate, it would be fruitful
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for future studies to determine the prevalence of these transient episodic
structures in other financial markets, to conduct a detailed examination of
the events that trigger these features in each of the Asian stock markets and
finally to examine the candidates of models for such data.
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