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Abstract

Recent studies show that a negative shock in stock prices will generate more volatility than a positive shock of similar

magnitude. The aim of this paper is to appraise the hypothesis under which the conditional mean and the conditional

variance of stock returns are asymmetric functions of past information. We compare the results for the Portuguese Stock

Market Index PSI 20 with six other Stock Market Indices, namely the SP 500, FTSE 100, DAX 30, CAC 40, ASE 20, and

IBEX 35. In order to assess asymmetric volatility we use autoregressive conditional heteroskedasticity specifications

known as TARCH and EGARCH. We also test for asymmetry after controlling for the effect of macroeconomic factors

on stock market returns using TAR and M-TAR specifications within a VAR framework. Our results show that the

conditional variance is an asymmetric function of past innovations raising proportionately more during market declines, a

phenomenon known as the leverage effect. However, when we control for the effect of changes in macroeconomic

variables, we find no significant evidence of asymmetric behaviour of the stock market returns. There are some signs that

the Portuguese Stock Market tends to show somewhat less market efficiency than other markets since the effect of the

shocks appear to take a longer time to dissipate.

r 2007 Elsevier B.V. All rights reserved.
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1. Introduction

It is well known in the financial literature that stock market index returns are positively autocorrelated,
especially when dealing with high frequency data. This fact has been often attributed to non-synchronous
trading phenomena (see e.g. Refs. [1–3]), and to time-varying short-term expected returns, or risk premia in
the sense of Fama and French [4], and Conrad and Kaul [5]. It is also acknowledged in the empirical literature
that the unconditional distribution of returns appears to be excessively leptokurtic for many stock market
index prices. Hamao et al. [6], and Wei et al. [7], for example, found the presence of excess kurtosis in the
normalised residuals in virtually all mature and emerging stock markets. Mandelbrot [8] and Fama [9] define
excess kurtosis when the return series exhibit the fat-tailed feature and leptokurtosis when there is observable
greater excess kurtosis relatively to the normal distribution. Leptokurtosis may pose a number of problems
when trying to analyse empirically the dynamic behaviour of stock markets. In order to deal with these
e front matter r 2007 Elsevier B.V. All rights reserved.
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problems, several authors have attempted to use more general formulations of the distributions used in
empirical work (see for example [8–10]). However, the subject appears to be far from solved in a totally
satisfying manner.

There are several papers that are studying these topics by applying different ideas and techniques
[11–20].

Another issue obviously related to the previous one concerns the fact that short-term stock returns usually
exhibit volatility clustering. Links between information and volatility of financial assets are, of course, also
central to financial economics. Ross [21], for example, argued that volatility could be regarded as a measure of
the information flow. Moreover, as noted above, empirical researchers also report significant relationships
between flows and volatility.

Volatility clustering and excess kurtosis may arise in the context of asymmetric behaviour of price index
movements or their corresponding returns. Such asymmetry may depend on other economic and financial
factors or simply be the result of the time-path behaviour of the price index series itself. In the latter case, the
conditional variance may be an asymmetric function of past innovations raising proportionately more during
market declines. This means that changes in stock prices or returns tend to be negatively related to changes in
volatility (see e.g. Refs. [22,23]), i.e., the so-called leverage effect, where stock price declines increase the
financial leverage and, consequently, the degree of risk (volatility).

Authors such as Engle [24], inter alia, defend the idea that financial market volatility can be predictable. In
order to forecast the volatility, several methods have been proposed in the specialised literature, many of
which are based on regression-like models. Clearly, the classical regression model is unsuited when the
residuals exhibit features that depart from the basic OLS assumptions. Non-normality, autocorrelation, and
heteroskedasticity are some of the problems that are typically present in this type of data. In order to deal with
the problems of autocorrelation and heteroskedasticity, ARCH/GARCH specifications are usually well
suited. However, they assume that the conditional variance has a symmetric behaviour and thus may not fully
capture the issues of non-normality. In our context, we shall use threshold ARCH (TARCH) and exponential
GARCH (EGARCH) model specifications to assess the extent of non-linear dynamic behaviour underlying
the stock prices data of various markets. The models used in this paper belong to special classes of non-linear
models that usually generalise the more traditional autoregressive conditional heteroskedasticity (ARCH)
models.

ARCH models have been used quite frequently in applied financial research work. Among the most popular
extensions are the TARCH model proposed by Zakoian [25] and Glosten et al. [26], and the EGARCH model
proposed by Nelson [10]. Engle and Ng [27] indicate that these latter volatility models usually outperform
standard generalised ARCH (GARCH) models.

An alternative way for modelling the volatility of stock market returns is based on a vector autoregressive
(VAR) specification using other variables that may help to explain the behaviour of financial markets. In this
context we could observe e.g. Refs. [28–30].

A VAR system is a reduced form model that accounts for the effect of lagged values of the endogenous
variables on the dynamic behaviour of the whole system. Each variable is specified as a function of the past
values of the other (endogenous) variables but does not depend on their contemporary values. VAR models
are well suited to deal with situations where an error correction mechanism (ECM) can describe the behaviour
of the system. In this case, a corresponding vector error correction model (VECM) can be specified and fully
estimated using ML procedures. This is important when one needs to separate the long-run and short-run
components of the dynamic mechanism.

However, there are several criticisms with respect to VAR models. One is the likely loss in efficiency due to
lack of a priori information. Another problem relates with the large number of parameters to be estimated as
the dynamic structure of the system increases. This is especially relevant for small data sets. Other problems
may arise when dealing with impulse response analysys.

Since stock market returns and other macroeconomic variables may all be endogenous in the system, the
VAR specification is a quite satisfactory way for modelling the volatility. Testing for asymmetries in this
context entails the use of TAR and M-TAR tests of the VAR residuals (see e.g. Refs. [31,32]). It is important,
therefore, to obtain comparative results of the relative performance of these two alternative types of volatility
models, and this is the main aim of the present paper.
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2. Asymmetry and volatility models

The trade-off between risk and expected return is a foundation of modern financial theory, as can be seen in
the capital asset pricing model (CAPM), arbitrage pricing model (APT), Portfolio Theory, and Option Pricing
Theory. In all these models, volatility plays a central role in determining the fair value of a security. To
quantify the risk level, several researchers have used quantitative statistical indicators, where the standard
deviation is one of the most popular measures. This statistical measure, however, assumes a symmetric
variation of price levels. Yet, asymmetries are easily observed in time series of financial data, and already
constitute an important phenomenon.

For example, there are good reasons to believe that speculative financial asset changes have in general an
asymmetric behaviour. As mentioned above, the leverage effect was found in many empirical studies that
analyse the behaviour of stock returns. This circumstance highlights the need for using asymmetric models
when one is analysing data on stock market behaviour. Asymmetric behaviour in financial data can be
detected with relatively ease, since volatility raises more for negative shocks than for positive shock with the
same amplitude. In order to account for this phenomenon, two extensions of the basic GARCH model can be
used, among other possibilities: the TARCH and the EGARCH models (see Refs. [10,25,26]).

Additionally, this study also investigates the relationship between the volatility terms for index returns and
two macroeconomic variables: dividend yield (Dy) and the price earnings per share (PER). These variables will
be used for TAR and M-TAR tests based on a VAR model specification as explained above. This approach is
similar to that used by Gjerde and Saettem [33] and Rapach [34]. Note that the daily frequency of the stock
market returns variable imposes restrictions on the choice and availability of other macroeconomic variables
that could also be of relevance but are not available with such a frequency.

2.1. The data

The data used in this study consists of daily stock index closing prices for seven stock market indices over a
period from January 1993 until December 2002 (datastream database). Stock returns were computed as the
logarithm of the ratio of the index values at time t and time t� 1. We consider the following indices: the
Standard and Poors 500 (S&P500) to represent the whole US economy, the CAC 40 index for France, the
FTSE 100 for the UK, the DAX for Germany, the IBEX 35 for Spain, the ASE 20 for Greece and finally, the
PSI 20 for Portugal.

The exchanges of Paris, London, Frankfurt, and New York represent four of the world’s major centres for
the trading and distribution of both domestic and international equities with special interest for Portuguese
investors, and this justifies their inclusion in the analysis. Furthermore, France and Germany are viewed as
‘‘core’’ European economies, being members of the exchange rate mechanism since its inception in 1979, and
of the European common currency—the Euro—since 1999. The remaining stock markets are more similar to
the Portuguese stock market and we may expect somewhat similar results for the three southern European
countries.

2.2. Methodological issues and empirical results

The existence of important inter-relationships between the major financial stock markets gives support to
the use of VAR systems in the context of the analysis of volatility. There is the need to understand how shocks
and volatility in one market are transmitted to other markets. To this end, we need to look at the extent to
which multi-lateral interaction exists between these markets. Thus, after identifying the channels of interaction
we can observe the implications of volatility co-movements between different markets.

VAR models have been increasingly used in the analysis of the relationships between financial markets.
VAR models may be used with both stationary and non-stationary data. In the latter case, they provide
a convenient framework to test for cointegration using the Johansen methodology, but the methodology
is far more general and is also quite useful when the variables are stationary. On the other hand, ARCH/
GARCH type models have been widely used to test hypotheses concerning the conditional volatility of stock
market returns. Both methods can be employed to model volatility in the stock market. However, it is
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important to note that employing these different models, each one measures and captures different types of
volatility.

TARCH and EGARCH models are especially adequate to model the volatility measured in terms of error’s
variance in the context of asymmetry. On the other hand, TAR and M-TAR models systematise the volatility
of the dependent variables in a VAR system, captured from the corresponding residuals. The TAR and M-
TAR models based on VAR systems are especially designed to capture asymmetric multivariate effects in a
multi-equation framework, which certainly constitutes an important advantage over the single-equation
multivariate TARCH and EGARCH models. However, one important disadvantage of the former models is
that they do not account for conditional heteroskedasticity that may be present in the data.

The first step of our analysis consists of estimating univariate TARCHð1; 1Þ and EGARCHð1; 1Þ models in
order to assess whether our series exhibit or not some type of conditional volatility asymmetric behaviour. For
the TARCH model we use the following specification of the conditional variance:

s2t ¼ oþ a�2t�1 þ g�2t�1dt�1 þ bs2t�1, (1)

where the variance s2t is a function of the past squared residuals �2t�1, and of its own lagged values s2t�1. The
variable dt�1 is a dummy variable equal to one if �t�140, and equal to zero otherwise. o, a, g, and b are the
parameters of the conditional variance equation that will be estimated. The equation of the conditional
variance for the EGARCH model takes the following form:

log s2t ¼ oþ b log s2t�1 þ a
�t�1

st�1

����
����þ g

�t�1

st�1
, (2)

where the symbols are as described earlier. The results of the univariate TARCH and EGARCH models are
reported in Table 1.

As can be seen, the estimates of a are almost all significantly positive, except for the US and UK, where we
found no significant a coefficients when the TARCH model was used. In this model, we obtain good news
ð�tp0Þ and bad news ð�t40Þ. This means that the model has differential effects on the conditional variance—
good news has an impact on a, while bad news has an impact on aþ g. We say that the leverage effect exists if
ga0 and an asymmetric effect is observed if g40. The leverage effect expressed in �2t�1dt�1 is associated with
the parameter g in Eq. (1), and at the same time it must reveal statistical significance for both models in Table
1. In the EGARCH specification, the asymmetric behaviour exists if go0.

Another important result to note is that the estimate of b in the EGARCH model is less than one for
all the markets, which implies that all the moments of the relevant statistical distribution exist and that the
quasi-maximum likelihood estimators are likely to be consistent and asymptotically normal. Thus, relatively
to the results reported in Table 1, we may conclude that the leverage effect hypothesis cannot be rejected in
any case. Likewise, there is evidence of an asymmetric behaviour of the stock markets for all the countries
analysed.

A more detailed analysis of the results reported in Table 1 reveals that the coefficient a for Portugal is higher
than the corresponding values for the remaining markets, both for the TARCH and EGARCH models.1

These figures imply that shocks in the Portuguese stock market tend to have longer durations, or higher
persistence. As Bala and Premaratne [35] state, this circumstance implies that the effect of shocks in earlier
periods for Portugal tend to linger around for a longer period than it does in other stock markets. One possible
explanation for this result is that it may imply that the Portuguese stock market shows less market efficiency
than the other markets analysed, since the effects of shocks take longer time to dissipate.

However, one should note that this does not mean that the Portuguese stock market is not efficient. Our
results should just be analysed in relative terms and comparatively with other markets.

We turn now to consider the results of multivariate TARCH and EGARCH models where the Portuguese
stock market index is the dependent variable, in order to obtain the OLS residuals, and take the remaining
market indices successively as the independent market index for all possible relations established with the
Portuguese stock market. These results may bring new information relatively to the results of Table 1, since it
1Except for Greece in the EGARCH model, whose value of a is 0.2602, whereas for Portugal is 0.2349.
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Table 1

TARCHð1; 1Þ and EGARCHð1; 1Þ

Variable 1 Variable 2 Volatility Schwarz

information

criterion

o a g b

TARCH

Portugal US 0.0000** 0.0863** 0.0502** 0.8806** �6.8489

(1.44E�07) (0.007820) (0.008748) (0.006024)

Portugal UK 0.0000** 0.0916** 0.0490** 0.8806** �6.8164

(1.34E�07) (0.008022) (0.008552) (0.005748)

Portugal Germany 0.0000** 0.0918** 0.0490** 0.8792** �6.8158

(1.39E�07) (0.008191) (0.008797) (0.005910)

Portugal France 0.0000** 0.0888** 0.0502** 0.8816** �6.8160

(1.35E�07) (0.007919) (0.008685) (0.005764)

Portugal Spain 0.0000** 0.0873** 0.0526** 0.8807** �6.8236

(1.42E�07) (0.007789) (0.008876) (0.005924)

Portugal Greece 0.0000** 0.0939** 0.0473** 0.8751** �6.8468

(1.41E�07) (0.008758) (0.009595) (0.005785)

EGARCH

Portugal US �0.4798** 0.2351** �0.0326** 0.9681** �6.8534

(0.034851) (0.010874) (0.005485) (0.003187)

Portugal UK �0.4564** 0.2347** �0.0340** 0.9703** �6.8175

(0.031753) (0.010447) (0.005286) (0.002931)

Portugal Germany �0.4614** 0.2300** �0.0371** 0.9695** �6.8201

(0.033515) (0.010534) (0.005625) (0.003070)

Portugal France �0.4412** 0.2252** �0.0359** 0.9713** �6.8206

(0.032872) (0.010038) (0.005532) (0.003039)

Portugal Spain �0.4644** 0.2278** �0.0390** 0.9691** �6.8259

(0.033395) (0.010094) (0.005692) (0.003049)

Portugal Greece �0.4552** 0.2320** �0.0313** 0.9706** �6.8501

(0.032819) (0.010446) (0.005744) (0.003059)

Standard errors in parenthesis.
**Significant at 1% level.
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is quite likely that the stock markets establish interactions between them. We restrict our analysis to the
interactions between the Portuguese stock market and the remaining markets, successively, and we estimate
multivariate TARCH and EGARCH models. The results reported in Table 2 are very similar to those
reported earlier and lead in general to the same conclusions. The estimated coefficients, however, appear now
significant in all cases.

We are now going to test the possibility that an adjustment process occurs for different stock market price
index combinations with the Portuguese index, which have asymmetric cycles in the respective time series. For
this test we employ the methodology of TAR and M-TAR models, where the indices appear as endogenous
variables and the macroeconomic factors as control exogenous variables.

The basic starting point for this analysis is the long-run relationship between the relevant variables to the
model. The long-run equilibrium relationship between two time series zt and xt can be estimated as a standard
regression model zt ¼ aþ bxt þ mt, where a and b are the estimated parameters, and mt is a disturbance term
that may be serially correlated. The parameter b gives the magnitude of adjustment of z to variations in x, and
is the long-run elasticity of the two variables if they are measured in logs. If bo1, then shifts in x are not fully
passed onto z.

The second step of the methodology focuses on the OLS estimates of r1 and r2 in the following error
correction model:

Dmt ¼ I tr1mt�1 þ ð1� I tÞr2mt�1 þ �t, (3)
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Table 2

TARCH and EGARCH multivariate results

Variable 1 Variable 2 Volatility Schwarz

information

criterion

o a g b

TARCH

Portugal US 0.0000** 0.0863** 0.0502** 0.8806** �6.8489

(1.44E�07) (0.007820) (0.008748) (0.006024)

Portugal UK 0.0000** 0.0916** 0.0490** 0.8806** �6.8164

(1.34E�07) (0.008022) (0.008552) (0.005748)

Portugal Germany 0.0000** 0.0918** 0.0490** 0.8792** �6.8158

(1.39E�07) (0.008191) (0.008797) (0.005910)

Portugal France 0.0000** 0.0888** 0.0502** 0.8816** �6.8160

(1.35E�07) (0.007919) (0.008685) (0.005764)

Portugal Spain 0.0000** 0.0873** 0.0526** 0.8807** �6.8236

(1.42E�07) (0.007789) (0.008876) (0.005924)

Portugal Greece 0.0000** 0.0939** 0.0473** 0.8751** �6.8468

(1.41E�07) (0.008758) (0.009595) (0.005785)

EGARCH

Portugal US �0.4798** 0.2351** �0.0326** 0.9681** �6.8534

(0.034851) (0.010874) (0.005485) (0.003187)

Portugal UK �0.4564** 0.2347** �0.0340** 0.9703** �6.8175

(0.031753) (0.010447) (0.005286) (0.002931)

Portugal Germany �0.4614** 0.2300** �0.0371** 0.9695** �6.8201

(0.033515) (0.010534) (0.005625) (0.003070)

Portugal France �0.4412** 0.2252** �0.0359** 0.9713** �6.8206

(0.032872) (0.010038) (0.005532) (0.003039)

Portugal Spain �0.4644** 0.2278** �0.0390** 0.9691** �6.8259

(0.033395) (0.010094) (0.005692) (0.003049)

Portugal Greece �0.4552** 0.2320** �0.0313** 0.9706** �6.8501

(0.032819) (0.010446) (0.005744) (0.003059)

Standard errors in parenthesis.
**Significant at 1% level.
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where �t is a white noise disturbance and the residuals from the long-run equation are used to estimate Dmt. I t

is the Heaviside indicator function such that

I t ¼
1 if xt�1Xt;

0 if xt�1ot:

(
(4)

If in (4) xt�1 ¼ mt�1, then the model specification illustrated in (3) is called the TAR model. It allows for
different coefficients of positive and negative variations. A sufficient condition for the stationarity of mt is
�2oðr1;r2Þo0. This means that the long-run equation is an attractor such that mt can be written as an error
correction model similar to that given in (3). If r1 ¼ r2 then the adjustment is symmetric, which is a special
case of 3 and 4. Expression (3) can also contain lagged values of Dm. When mt is above its long-run equilibrium
value, the adjustment is r1mt�1, and if mt�1 is below its long-run equilibrium value, the adjustment is r2mt�1.

If in (4) xt�1 ¼ Dmt�1, then the model (3) is called the momentum threshold autoregressive (M-TAR) model.
The M-TAR model allows the decay to depend on the previous period change in mt�1. The value of the
threshold t, in our case, will be assumed to be zero in all models.

The TAR model is designed to capture asymmetrically deep movements in the series of the deviations from
the long-run equilibrium, while the M-TAR model is useful to capture the possibility of asymmetrically steep
movements in the series [31]. For example, in the TAR model if �1or1or2o0, then the negative phase of mt

will tend to be more persistent than the positive phase. On the other hand, for the M-TAR model, if for
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Table 3

TAR and M-TAR results

Market r1 r2 r ¼ 0 r1 ¼ r2 ¼ 0 r1 ¼ r2

t-max (stat) F F p-value

TAR

Portugal �0.970 �1.027 �34.406** 1.301435** 2.163 0.142

US �0.961 �1.035 �34.288** 1.301820** 3.560 0.059

UK �1.002 �0.994 �35.093** 1.294545** 0.047 0.829

Germany �0.993 �1.003 �34.818** 1.296500** 0.061 0.805

France �0.986 �1.015 �35.070** 1.302660** 0.546 0.460

Spain �1.031 �1.033 �36.021** 1.386449** 0.002 0.962

Greece �0.983 �1.009 �35.754** 1.289032** 0.436 0.509

M-TAR

Portugal �0.989 �1.009 �34.996** 1.298714** 0.258 0.611

US �0.946 �1.051 �34.108** 1.305079** 7.120** 0.008

UK �1.007 �0.989 �35.911** 1.294216** 0.203 0.652

Germany �0.975 �1.020 �34.566** 1.297368** 1.336 0.248

France �0.988 �1.014 �35.526** 1.301850** 0.443 0.506

Spain �1.034 �1.029 �35.849** 1.385974** 0.016 0.900

Greece �0.995 �0.995 �35.295** 1.288098** 0.000 0.996

**Significant at 1% level.
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example jr1jojr2j the model exhibits little decay for positive Dmt�1 but substantial decay for negative Dmt�1.
This means that increases tend to persist but decreases tend to revert quickly toward the attractor.

Finally, we can perform a number of statistical tests on the estimated coefficients (and also on the residuals)
in order to ascertain the validity of the error correction model outlined in (3), and subsequently if the
adjustment is symmetric or not. The relevant tests on the coefficients are H0 : r1 ¼ 0 and H0 : r2 ¼ 0, for
which we obtain the sample values of the t-statistics; and H0 : r1 ¼ r2 ¼ 0, for which we obtain the sample
values of the F-statistic. The restriction that adjustment is symmetric, i.e., H0 : r1 ¼ r2, can also be tested
using the usual F-statistic.

If the variables in the long-run equation are stationary, the usual critical values of the t and F distributions
can be used to assess the significance level of the underlying tests. However, if these variables are integrated of
first order, one can use the critical values reported by Enders and Siklos [32] to determine whether the null
hypothesis of no cointegration can be rejected. If the alternative hypothesis is accepted, it is possible to test for
asymmetric adjustment using the standard critical values of the F distribution, since r1 and r2 converge to a
multivariate normal distribution [31].

Table 3 contains the results of the TAR and M-TAR models. As may be seen, for the first two tests the null
hypothesis is rejected in all cases. Thus, we may proceed our analysis with the tests of symmetry and the results
are that the null hypothesis is not rejected in any of the models considered.
3. Conclusions

This paper presents a comparative analysis between four volatility models (TARCH, EGARCH, TAR and
M-TAR) in order to ascertain their power to capture asymmetric cycles in the underlying time series. Our
results indicate that while the TAR and M-TAR models do not identify the presence of asymmetry in any
market, the TARCH and EGARCH models have captured asymmetry in all cases under analysis.

Another relevant conclusion from the multivariate TARCH and EGARCH results is that the Portuguese
stock market appears to reveal higher a values than the remaining markets, for both models. These figures
imply that shocks in the Portuguese market, in the later periods, tend to have longer duration periods. This
circumstance implies that the effects of shocks in earlier periods tend to linger around for a longer period than
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it does in other stock markets. This means that for the Portuguese stock market the effects of shocks take a
longer time to dissipate.
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