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Abstract

This paper examines the asymmetric behavior of conditional mean and
variance. Short-horizon mean-reversion behavior in mean is modeled with an
asymmetric nonlinear autoregressive model, and the variance is modeled with
an Exponential GARCH in Mean model. The results of the empirical investi-
gation of the Nordic stock markets indicates that negative returns revert faster
to positive returns when positive returns generally persist longer. Asymme-
try in both mean and variance can be seen on all included markets and are
fairly similar. Volatility rises following negative returns more than following
positive returns which is an indication of overreactions. Negative returns lead
to increased variance and positive returns leads even to decreased variance.
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1 Introduction

Already in 1914, Bachelier brought forward a theory for the behavior of changes

in security prices, known as the hypothesis of random walk. Fama continued on

these thoughts in 1965, and could bring forward results supporting the random walk

hypothesis in that price changes had no memory (Lendasse et al., 2000).

In the existing literature of financial time series, there are evidences suggesting

that the conditional variance is asymmetric. Most of the literature does in that

take into account the variance following shocks. The asymmetry, also known as the

leverage e!ect, has contributed to a number of extended versions of the autoregres-

sive conditional heteroscedasticity (ARCH) model introduced by Engle (1982). A

definition of asymmetric behavior in variance in financial time series is that large

changes in the negative direction, generally lead to increased variance, whereas when

the change is positive, the increase is smaller, or even decreased variance can be ob-

served. It seems like financial time series reacts in a more volatile manner following

negative returns than following positive returns. This asymmetric behavior in the

variance can be captured by versions of ARCH type models. However, it may be that

also the mean reacts asymmetrically, and in that asymmetric models are also needed

for the estimation of the mean. Some researchers have investigated the asymmetric

relationship in both mean and variance; among others Koutmos (1998) and Nam

et al. (2001).

Many studies have documented positive and negative autocorrelations over dif-

ferent intervals. Negative autocorrelation indicates a mean-reverting behavior in

stock prices. According to Kim et al. (1991) changes in the stock price usually tend

to be followed by predictable changes in the other direction during the following

period. This would in turn be an indication that the random walk hypothesis not

completely works. Usually, tests of mean-reversion are done with variance ratio tests.

With variance ratios, the autocorrelation is indirectly the interesting coe"cient to

look at, so is the case in this study as well.

De Bondt and Thaler (1987, 1985) first presented the overreaction hypothesis.

According to them, investors, or actors on the market reacts irrationally to di!erent

kinds of news. Patterns in the returns, containing both positive and negative jumps

could be observed in the study. If these kinds of patterns can be observed, it also

could be profitable to use contrarian type strategies. After the articles by DeBondt

and Thaler, many articles about the hypothesis have been published.

The concept of contrarian-type strategies often is referred to patterns where

prior loser-stocks outperform prior winner-stocks, and studies have indicated that

stock returns generally revert more quickly following negative returns, than follow-
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ing positive returns. The logic in this is that if stock returns revert faster following

negative returns, one can expect positive returns following negative returns. So, the

contrarian strategy exploits the intrinsic asymmetric reverting process. Asymmetry

in the mean-reverting process is in that highly of interest. Many studies have inves-

tigated the asymmetry, referred to the leverage e!ect, and in that investigated the

e!ect returns in either direction have on the volatility. (See for example Sentana

and Wadhwani (1992)) This study will however, according to that investigate the

asymmetry in the response in volatility of the variance process with a nonlinear

asymmetric model for the mean equation. Further, the overreaction hypothesis can

closely be related to mean-reversion, and the behavior might contribute to contrarian

profitability. This possibility will be investigated in this paper as well.

The purpose of the study is to examine the asymmetric mean-reverting behav-

ior of both mean and variance on the Nordic stock markets, including Finland

(HEX), Sweden (OMX), Norway (OSEBX) and Denmark (KFX)1 with a version

of an ANAR-GARCH ; an ANAR-EGARCH-M model. The study will survey the

asymmetric patterns possibly present in the returns and variances thereof. The

study contributes to the existing literature in several ways. First, the tests are done

on data from the Nordic stock markets. No literature capturing the asymmetric

mean-reverting behavior on these markets has been found. Second, this study uses

daily data when most of the studies in this area are done on weekly or monthly

observations, and generally not on smaller stock markets. Further, only one study

using an Asymmetric Nonlinear Autoregressive (ANAR) model has been found. The

asymmetry in the variance is further measured with the Exponential generalized au-

toregressive conditional heteroscedasticity in Mean (EGARCH-M) model.

The empirical results generated in this study shows that negative returns have

stronger mean-reversion patterns than positive returns or shocks of the same mag-

nitude. Negative returns also tend to contribute to higher volatility, meaning that

negative returns tend to be seen as giving higher risk than positive returns of the

same magnitude. Asymmetric patterns should naturally be considered both in the

mean and the variance when modeling financial time series data.

2 Summary of the Literature

A number of ARCH and GARCH type models have been extended for taking into

account the asymmetry in the variance. The Exponential GARCH model by Nel-

son (1991) is maybe the most known asymmetric model for the variance. Other

1Iceland excluded due to lack of data and problems with thin trading.
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commonly used models are the Threshold ARCH and GARCH by Zakoian (1990)

and Rabemananjara and Zakoian (1993), and the GJR-GARCH by Glosten et al.

(1993). The Smooth Transition GARCH by González-Rivera (1998), and the Volatil-

ity Switching GARCH by Fornari and Mele (1997) can also be mentioned as good

models for handling the asymmetries in the variance.

To avoid misspecification in the conditional variance, the mean should also be

correctly modeled. Usually, models do not take into account non-linearity. Many

models for time series generally ignore the behavior of the first moment (mean), and

only concentrate on the second moment (variance). Models for taking into account

asymmetry and non-linearity in both the mean and the variance have also been

presented; some of the studies are discussed below.

Li and Li (1996) use a Double-Threshold ARCH (DTARCH) model. Both mean

and variance have threshold structures, which imposes many possibilities for the

model. The model is rather flexible since many other models are included in the

model as special cases. The results from empirical work employing the model in-

dicated that asymmetries could be seen in both the mean and the variance. These

asymmetries could be seen as so significant, that they should be accounted for when

modeling financial data.

Hagerud (1996) discovers two Smooth Transition models; one logistic (LSTAR-

GARCH) and one exponential (ESTAR-GARCH). In the models, non-linearity is

considered. Both models are in a way complements to each other. Both asymmetry

in the sign and the size of the error term is taken into account in the models; in

the logistic model, the signs of the residuals are considered, and in the exponential

the absolute size of the residuals are considered. From the logistic model, it can be

concluded that large negative residuals contributes to increased variance, more than

is the case for positive residuals. From the exponential model, it can be observed

that large residuals are too heavily weighted in the basic ARCH models.

Lundbergh and Teräsvirta (1998) use a Smooth Transition Autoregressive (STAR)

model for modeling the mean, and a Smooth Transition GARCH (STGARCH)

model, which is a modification of the GJR-GARCH, for the variance. The model is

good for characterizing high-frequency time-series and the STAR-STGARCH model

used also captures the nonlinear behavior in both the conditional mean and the

conditional variance. The results of the modeling indicated that it is important to

use models that can capture asymmetries and nonlinearity in the first moment (the

mean) as well as in the second moment (the variance).

González-Rivera (1998) further develop the Smooth Transition GARCH (ST-

GARCH) model. In the model, the asymmetry in the variance response is modeled
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by the smooth-transition mechanism. High- and low-volatility regimes are treated

and a large advantage of the model is that also the threshold model is nested.

Koutmos (1998) use an Asymmetric Autoregressive Threshold GARCH (asAR-

TGARCH) model. The model can take into account asymmetries in the mean

and the variance. The model has many similarities with the ANAR model used

in this study. The results indicated that both the mean and the variance reacted

asymmetrically. Further, as has been proved by other studies, negative returns

reverted, according to the results more quickly than positive returns.

Nam (2003); Nam et al. (2002, 2001) use an Asymmetric Nonlinear Smooth-

Transition GARCH (ANST-GARCH) model. The model is constructed for measur-

ing the mean-reversion and taking into account possible asymmetry in both mean

and variance. As for other models, the asymmetry in the variance is referred to as

the leverage e!ect, but the asymmetry in the mean is referred to as the reverting

property of return dynamics. The results from the investigation confirmed that neg-

ative returns generally reverted faster than positive returns. The dimension of the

reversion seemed as well to be larger for negative returns.

Brännäs and DeGooijer (2004) combine an asymmetric moving average (asMA)

model for the mean equation with an Asymmetric Quadratic GARCH model for the

variance equation. This model (asMA-asQGARCH) allows the response to shocks to

behave asymmetrically. The results from the investigation indicated that both con-

ditional mean and conditional variance behave asymmetrically to past information.

For changes in the positive direction, the conditional heteroscedasticity reacted neg-

atively, and to negative changes the reaction was positive; the volatility increased.

3 Asymmetry in the Serial Correlation Coe"cient

Linear autoregressive models restrict the serial correlation coe"cient in that the co-

e"cient must remain constant. Using linear models with a constant serial correlation

coe"cient, the reaction of stock returns have to be the same for both positive and

negative shocks (Nam, 2001). Such linear models can not handle the asymmetric

reverting patterns in the return dynamics. Studies have, however presented results

against the statement that returns react the same way to both positive and negative

shocks or returns. Asymmetry also in mean can in that be seen as an important fac-

tor when modeling financial time series data. To incorporate this asymmetry, Nam

(2001) presented an Asymmetric Nonlinear Autoregressive (ANAR) model. In the

model, the serial correlation coe"cient is allowed to react in a di!erent manner to

positive and negative shocks that occur. This model will be presented and employed
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later in the paper.

For the understanding of the e!ect of the serial correlation coe"cient, a model of

price behavior presented by Amihud and Mendelson (1987) will be scheduled here.

The model includes the logarithmic price, p at time t and t"1, the logarithm of the

real value (intrinsic value) v, an adjustment coe"cient !, and a noise term ". The

return is calculated as,

pt " pt!1 = ![vt " pt!1] + "t. (1)

The adjustment coe"cient gives the reversion of the price toward the real value. If

the coe"cient (!) is one, the price is completely adjusted. The model then becomes,

pt = vt + "t. (2)

If the coe"cient (!) is zero, there is no reaction to value changes. This case is

however somewhat unrealistic. If the coe"cient is between zero and one, a partial

price adjustment can be seen, and if the coe"cient is larger than one, it can be an

indication of overreactions.

To explore this, and allow the stock returns to behave asymmetrically, the non-

linear autoregressive model can be used2;

rt = µ + !!rt!1 + "t!1, if rt!1 < 0, (3)

and,

rt = µ + !+rt!1 + "t, if rt!1 # 0. (4)

In the equations above, |!!| < 1 , and |!+| < 1 for the stationary condition of rt

to hold. The serial correlation of the returns is captured by !! for negative returns

(rt!1 < 0) and by !+ for positive returns (rt!1 > 0), and measures the reverting ten-

dencies. The hypothesis states that the serial correlation following a negative return

is less than following a positive return. This asymmetry property can be illustrated

as; !+ > !! . This hypothesis, proved in the studies by Nam (2003); Nam et al.

(2002, 2001), further states that the reverting behavior of shocks or returns with

negative signs, do in fact revert faster to positive returns, than do positive returns or

shocks. The reverting magnitude also seems to be greater following negative returns.

As pointed out, !+ and !! measures the reverting tendency and also the reverting

magnitude for the returns. Considering the reverting behavior, it can be noted that

the coe"cients for both positive and negative returns can be positive. If !+ > !!,

2Following the setup by Nam et al. (2002)
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and both these coe"cients are positive, this means that a negative return shock on

average is less persistent than a return shock of the same size, but positive. Also

if !! is negative, it would mean that the reverting tendency would be stronger for

negative returns than for positive. When considering the reverting magnitude, it

can be stated that when the condition !+ > !! holds, the reverting magnitude of

negative returns or shocks are larger than of positive.

The condition that will be tested in this article is indirectly; !+ > !! . If this

condition is true, then negative returns or shocks generally revert more quickly than

do positive returns or shocks, and contrarian strategies may be profitable. If on the

other hand, !+ < !!, then positive returns revert more quickly. Of course, it may

also be that !+ = !!. This would imply that there is no asymmetry in the reverting

behavior, and in that, the serial correlation is constant.

4 Modeling the Asymmetric Mean-Reversion Behavior

As argued in the previous section, one important point in the modeling is to capture

the asymmetry in both the conditional mean equation and conditional variance

equation to generate correct estimates of the return reversals of the mean, and

response in volatility. It will be interesting to look at both the reverting behavior,

but also at possibilities to take advantage of the asymmetries with contrarian type

strategies.

As noted in the introduction, there are both arguments for and against the over-

reaction hypothesis. According to some, the hypothesis does not involve complete

predictability. Instead, there have been theories saying that what goes up, must

come down, and the other way around. For the overreaction hypothesis to hold

however, price changes must be negatively correlated for some holding period. If

there are overreactions present at the market, it can be profitable to use a contrarian

portfolio strategy. This kind of strategy exploits the negative serial correlation, or

dependence and one should purchase securities that have performed poorly in the

past, and sell (possibly short) securities that have performed well. According to the

theory, current losers are likely to become future winners and current winners likely

to become future losers. If the reactions are large enough, this selling winners and

buying losers strategy, would earn positive expected profits.

Positive earnings using contrarian portfolio strategies must however not be be-

cause of overreactions as the earnings may as well come from positive cross- au-

tocovariances across securities. If there is positive cross- autocovariance, contrar-

ian portfolio strategies may contribute to positive earnings. According to Lo and
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MacKinlay (1990), over half of the expected profits are generally due to cross e!ects,

and not to negative autocorrelation in individual security returns. According to Je-

gadeesh and Titman (1995) however, short-horizon contrarian strategies can make

substantial profits. The reason for these profitable strategies mainly lies in the fact

that prices tend to overreact to information, and in that, the strategies works. Lo

and MacKinlay (1990) did point out another possibility for the reactions. According

to them, some stocks react more quickly to information than do other, or put an

other way, when the returns of some stocks lead the returns of others.

The univariate first-order Asymmetric Nonlinear Autoregressive model (ANAR

(1) model) by Nam (2001) will be used as starting point in the empirical investigation

of possible asymmetric patterns on the Nordic stock markets. This model is used

for modeling the mean equation, and captures the asymmetry in mean. The ANAR

(1) model has the following setup,

rt = µ + [! + #D1 (rt!1 < 0)] rt!1 + "t. (5)

D1 in equation 5 is an indicator factor (or dummy) that will be 1 if rt!1 < 0 and

0 otherwise. The serial correlation coe"cient (given by !+ and !! in Section 3), is

here given by ! following positive returns (rt!1 # 0), and ! + # following negative

returns, (rt!1 < 0). For the measurement of the asymmetry, the coe"cient # can

now be observed, and in fact if # < 0, since !+ > !! in Section 3 above, is the same

as ! > ! + # in the ANAR (1) model above, which gives the same as # < 0 for the

asymmetry according to the hypothesis.

To the basic model in equation 5, an ”in mean” coe"cient; $, and the variance,

%2
t is included in the mean equations. The ANAR model above is now modified to,

rt = µ + [! + #D1 (rt!1 < 0)] rt!1 + $%2
t + "t. (6)

The model is similar to the basic ANAR model in equation 5, except the fact of the

introduction of the ”in-mean” parameter ($%2
t ) from the variance equation. In this

model, only one time period is included. The asymmetric reverting pattern will be

investigated for three more quotations or changes in the same direction (negative).

For two periods of decline (in this case two days following each other), the ANAR

(1) model gets the following specification (equation 7),

rt = µ + [! + #D2 (rt!1 < 0, rt!2 < 0)] rt!1 + $%2
t + "t. (7)

For three and four periods (days) of decline, the models are specified as (equation

8 and 9),
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rt = µ + [! + #D3 (rt!1 < 0, rt!2 < 0, rt!3 < 0)] rt!1 + $%2
t + "t, (8)

and,

rt = µ + [! + #D4 (rt!1 < 0, rt!2 < 0, rt!3 < 0, rt!4 < 0)] rt!1 + $%2
t + "t. (9)

D2 to D4 in the models above takes the value of one if the returns for the given days

are all negative, and zero otherwise. However, the case that the returns are negative

three and four days at a stretch can be rather rare.

To build the framework for the contrarian investment strategy, negative price

shocks, and reactions to such will be investigated. An advantage of the ANAR (1)

model used is that it is flexible in that it is easy to include requirements in the

dummy variable. The shocks or overreactions are in this case measured as a change

in the daily standard deviation (of the returns) with two units. The model will be

obtained as a modification of equation 6;

rt = µ + [! + #D1 (rt!1 < "2%)] rt!1 + $%2
t + "t, (10)

for one period. Still, the interesting parameter is the autocorrelation coe"cient #.

ARCH and GARCH models are very popular for modeling the volatility in fi-

nancial time series. The basic ARCH models are symmetric and in that, the size of

shocks does matter, but not the sign, (Nelson, 1991).

In the basic ARCH and GARCH models, the mean equation is generally modeled

by an autoregressive process (AR(p)). In that, the series is regressed on past values.

The variance equation in the ARCH case, is regressed on lagged values of the error

term (squared) from the AR(p) process (the mean equation), and a constant. When

considering the GARCH model, the variance equation is a function of the squared

error term from the mean equation, and also on its own values. However, as already

mentioned, the basic models fail to capture asymmetry and non-linearity. With

this in mind, the modeling of the variance equation is best done with asymmetric

models.

As observed, it is commonly known, due to many studies, that volatility reacts

asymmetrically to the sign of the shocks. Financial time series generally contain non-

linearity, and in that traditional linear ARCH and GARCH models are not capable

of modeling such data. Many studies have proved this statement that financial time

series are non-linear, and asymmetric in variance.

The well-known and commonly used GARCH model by Bollerslev makes the
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variance a linear function of past conditional variances with squared residuals. The

variance depends on the size, but not on the sign of the error term (Bollerslev et al.,

1992);

%2
t = & +

q!

i=1

"
'i"

2
t!i

#
+

p!

j=1

"
(j%

2
t!j

#
. (11)

The simple GARCH model is useful for modeling financial time series, since it

can handle such things as thick tales and volatility clustering. The leverage e!ect,

here referred to as asymmetry (in variance), occurs since changes in stock prices

tend to be negatively correlated with volatility. Simple ARCH and GARCH models

require that the variance is constant, and do not take into consideration the leverage

e!ect. Di!erent models that handle the asymmetry have been presented. The Ex-

ponential GARCH by Nelson (1991) and the Threshold GARCH by Rabemananjara

and Zakoian (1993) are commonly used models that can incorporate asymmetries

in the volatility. Other popular models are the GJR-model by Glosten et al. (1993)

and the Quadratic GARCH by Sentana (1995).

The Exponential GARCH model by Nelson (1991), in which the variance is an

asymmetric function of past errors can be defined as,

log
"
%2

t

#
= &+
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$
(jlog
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+
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With the exponential model by Nelson (1991), the variance can behave asym-

metrically since the logarithm of the variance is used. The asymmetry and leverage

e!ect is captured by the parameters ' and ) . The direct parameter for the asymme-

try is '. If the parameter ' is negative, (' < 0), then the volatility is automatically

asymmetric in the way that negative shocks generate higher volatility than positive.

If the parameter ' equals zero, (' = 0) then the volatility is symmetric. The other

way asymmetries are seen is to look at the leverage e!ect parameter ). When the

parameter ) is positive () > 0), leverage e!ect is present, which means that returns

and future volatility will be negatively correlated. This gives that when returns

are negative, the volatility will rise. If on the other hand, the parameter ) equals

zero, () = 0), no leverage e!ect is seen, and in that no negative correlation between

return and volatility.

The exponential model will be used in this study. The EGARCH is extended

so that the conditional mean is a function of the conditional variance. The model

(ARCH-M) was first presented by Engle et al. (1987), and includes the conditional
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variance as a function in the conditional mean. 3 This gives the EGARCH-M model

for the variance. With an exponential GARCH in mean model, (EGARCH-M), the

problem with time-varying volatility e!ects a!ecting the asymmetric pattern can be

reduced. This application has widely been used when modeling stock returns, and

in that also index returns.

The model above can, as discussed handle the asymmetry in the variance, and

positive and negative shocks do not have the same reaction pattern. In that, the

asymmetry is captured in both the variance and the mean equation.

For the stationary condition to hold, the sum of the (:s must be smaller than

one;
+p

i=1 (j < 1. For the estimation, the Generalized Error Distribution will be

used. This distribution is preferred, since it can handle both thick and thin tails;

financial time series data is usually characterized by fat tails. Further, the GED

contains the normal distribution as a special case, as well as other distributions;

both thin and thick tailed (Nelson, 1991).

The density function for the GED distribution is,

f (z) =
*exp

$
"

"
1
2

#
|z/+|!

%

+2(1+1/!)# (1/*)
, "$ < z < $, 0 < * % $, (13)

where the gamma function is expresses as # (.), and

+ =
$
2(!2/!)# (1/*) /# (3/*)

%1/2
. (14)

* is the parameter that measures the thickness of the tail. If the parameter has

a value of two, (* = 2), then z is normally distributed, and if the parameter is

smaller than two, (* < 2), then the tails of the distribution are thicker than for the

standard normal. If * > 2, the tails of the distribution are thinner than for the

normal. (Nelson, 1991).

The number of lags included in the variance equation will be selected with the

Schwarz criterion. This method for the selection was chosen because it has been

shown to be a better selection criterion than for example Akaike information crite-

rion, since noise can be better handled by Schwarz criterion.

5 Data and Summary Statistics

The data included in this paper consist of index returns from the Finnish, Swedish,

Norwegian and Danish stock markets. The sample period reaches from January

1996 to December 2004, and includes in that nine years of daily observations, or

3The ”in mean” coe!cient already included in the mean equations; equation 6-10.
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2250 daily observations for the Finnish, the Norwegian and the Swedish indices, and

2245 for the Danish index. In the modeling, log returns of the indices are used.

From Table 1, the descriptive statistics for the Nordic markets can be seen. The

Finnish, Norwegian and Danish series are skewed to the left, whereas the return

series for the Swedish market is slightly skewed to the right. Especially the Finnish

and the Norwegian series are highly leptokurtic, but also the other two markets,

the Swedish and the Danish, show excess kurtosis, indicating fat tails and in that

supporting the use of the Generalized Error Distribution. This in fact, does support

asymmetries toward the negative side. The Jarque-Bera statistics is highly signif-

icant for all the four series, and in that the normality can be rejected. To further

try to forecast the results from the examination with the di!erent versions of the

ANAR-EGARCH-M model, Table 2 presents the number of observations, positive

and negative as well as the number of positive and negative returns following each

other.

For all four indices it can obviously be seen that the number of positive returns

are higher, and that for positive returns, it can be seen more observations at a row

than for negative returns. This means that positive returns more often are followed

by other positive returns, than is the case for negative returns4. A prediction that

can be made from this is that positive returns are more persistent whereas negative

returns tend to revert to positive returns faster. This already give the hint that

returns are asymmetric, and positive returns are more persistent when negative

returns on the other hand reverts quickly. For the Norwegian market, the di!erence

between the number of positive and negative observations is largest. The smallest

di!erence between positive and negative returns can be seen for the Swedish market.

This can possibly give an indication that most significant asymmetries in mean-

reversion could be seen on the Norwegian market, whereas less significant results

could be seen for the Swedish market. If this is the case, then the Swedish market

can be seen as more e!ective than the other Nordic markets.

To test the unit-root hypothesis of the series, an Augmented Dickey-Fuller Unit

Root test is carried out. The hypothesis is rejected for the four series. The most

preferable number of lags for all indices were according to Schwarz criterion one for

the ARCH e!ect, and one for the GARCH e!ect; EGARCH-M(1,1).

4This after correcting for the fact that single negative observations are not as many as positive
observations.
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6 Empirical Results

The models are estimated with the maximum likelihood function, and the optimiza-

tion algorithm used is the Marquardt algorithm. The mean equations (ANAR);

equation 6-10 will be estimated with the same variance equation; EGARCH-M, and

the results of every model will be presented separately below.

As described in section 4, the interesting parameters to look at from the estima-

tions are the values of ! and #, and the sum of both of these. The serial correlation

for prior negative reactions is given by ! + #, and for prior positive reactions the

serial correlation is measured by !. If ! > 0, this implies that positive prior re-

turns are relatively persistent. The most interesting and telling parameter # alone

measures the asymmetric reverting pattern, and if # < 0 and ! > 0, the serial corre-

lation for negative returns are smaller than for positive. Further, ! + # < ! implies

that positive returns show persistence, while negative returns show strong reverting

tendencies. If this is the case, then negative returns revert faster to positive returns

than do positive revert to negative. This in turn, leads to profitability for contrarian

trading strategies in that prior ”loser-stocks” will outperform prior ”winner-stocks”,

and the asymmetry can be exploited.

Results from the estimation of equation 6 and 7 (for mean equation), and

EGARCH-M model (for variance equation), can be seen in Table 3. For the one

period model; panel A, it can be seen that the serial correlation parameter for pos-

itive returns ! is positive and significant for all the included indices at least at a

significance level of 5 %. This means that positive returns generally are persistent.

The parameter for measuring the reverting pattern, # is negative and significant at

a significance level of 10 % for the Finnish and Norwegian indices, and negative

and significant at a level of 1 % for the Swedish and Danish indices. From this

follows that the returns are asymmetric in mean in that positive returns generally

are followed by more positive returns, and negative returns revert to positive returns

faster than positive revert to negative. This directly means that the autocorrelation

for prior negative returns is smaller than that for positive returns (! + # < !), and

negative returns therefore show tendencies for quicker reversion. The asymmetric

patterns in the mean process are stronger for the Swedish and Danish markets, than

for the Finnish and Norwegian markets.

For the two period model, the results are not that convincing as for one period.

The results from the two-period model can be seen in panel B. The parameter

for the mean equation for positive returns is still positive and significant for all

indices except the Swedish, meaning that positive returns show persistence, and the

parameter for negative returns is smaller than that of positive, (! + # < !). For the
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Finnish market, the parameter for the measurement of the asymmetry is negative

and significant at 1 %, which indicates that for that span, the returns are very

asymmetric; while positive returns persist, negative returns reverts. The Danish

index also shows a significant and negative coe"cient at a level of 10 %. For the

Norwegian and Swedish markets, the asymmetric parameter is negative, but not

significant which means that no asymmetry can be seen in mean.

The GARCH-M parameter ($), is negative for both models and all included

indices, but significant only for the Finnish market, at 5 %.

The leverage e!ect parameter for the variance equation ()) is positive and sig-

nificant at a level of 1 % for the four indices and for the both models. This means

that there are negative correlation between volatility and return, indicating that the

volatility is asymmetric, and rises following negative returns. The direct asymmetry

parameter ' is negative for all indices and both models; however the parameter for

the Finnish market is not significant. The parameters for the Norwegian, Swedish

and Danish markets are on the other hand negative and significant, indicating that

the asymmetry in variance is really strong, and that negative shocks or returns in-

crease the variance, when positive returns actually reduces variance. The parameter

for the tail-thickness, * is significant smaller than two for all the four indices, and

both models, indicating that the distribution is characterized by thick tails.

In Table 4, the results from equation 8 and 9 are found. Panel A gives the results

for the three period model, and the results are similar to those of two days. For all

markets except the Swedish, the correlation parameter for positive returns is positive

and significant, but the asymmetry parameter is significant only for the Finnish

market indicating that the returns are asymmetric. The parameter is negative,

but insignificant for the Swedish and the Danish market, and even positive for the

Norwegian market, indicating no asymmetry in the mean reversion behavior. Similar

results in the mean reversion behavior can also be seen for four periods; in Panel

B, where the asymmetry coe"cient for the mean is negative and significant for the

Finnish and the Swedish markets, and negative but insignificant for the Norwegian

and the Danish markets.

The GARCH-M parameter, $ is significant only for the Finnish market when

three periods are included, but insignificant in all other cases.

The leverage e!ect parameter for the variance equation for the three and four

period models is again positive and significant at a level of 1 % for all four in-

dices indicating negative correlation and rising volatility following negative returns.

The asymmetry parameter ' is negative and significant at a level of 1 % for the

Norwegian, Swedish and Danish markets, but insignificant for the Finnish market.
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However, the variance of all indices is asymmetric. Again, the tail-thickness param-

eter is significantly smaller than two, and the distribution characterized by thick

tails.

Of the four models above, it can be noticed that the most significant results for

asymmetry in mean could be seen for the one period model. Over all included in-

dices, significant results were obtained for this model (Table 3, Panel A). Significant

asymmetry in the variance can be seen for all the four markets under investiga-

tion. This indicates that negative reactions increases volatility more than positive

reactions do.

The results from equation 10 can be seen in Table 5. In that model a restriction,

or requirement on the standard deviation is included in the dummy variable. For

all indices except the Swedish, the correlation coe"cients for positive returns are

positive at the significance level of 1 %, indicating persistence in positive returns.

The parameter for measuring the asymmetry in mean is insignificant in all cases,

and even positive for the Norwegian and Swedish markets. The slightly negative pa-

rameters for the Finnish and Danish markets indicates that negative returns reverts

faster to positive when the shock is greater, and the slightly positive parameter for

the Norwegian and Swedish markets indicates that returns reverts slower to positive

following larger negative shocks. However, the results are not significant.

The parameter $ is negative and significant (at a level of 10 %), for the Finnish

market, and negative but insignificant for the Norwegian, Swedish and Danish mar-

kets.

The leverage e!ect parameter for the variance is as for the other estimated mod-

els, highly significant for all the indices under investigation, indicating asymmetric

volatility. The asymmetry is stronger for the Norwegian, the Swedish and the Danish

markets since the asymmetry parameter is significant. The distribution is charac-

terized by thick tails, as is expected for financial time series data.

According to the expectations, the results should have been most significant for

the model where the change in standard deviation was included as a restriction. As

can be seen from the presented results, this was not the case. Instead the results

were most significant for the one- and two-period models. Contrarian strategies

would therefore be most profitable for these models; where current losers are likely

to become future winners, and investments should be done at that stage. Since these

losers revert to zero or positive earnings relatively fast, earnings could be possible.
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7 Diagnostic Tests

To test the robustness of the models used in the investigation, diagnostic tests are

conducted. The robustness is tested for both the mean and the variance equation.

Diagnostic test are done with the Ljung-Box Q statistics. With this test, the serial

correlation in the normalized residuals is tested (for the mean), and if the time-

varying volatility is well handled with the model for the variance. The Ljung-Box

Q-statistics will be calculated up to 30 lags. The Q-statistics are presented separately

for the di!erent indices.

From Table 6 to Table 9, the Q-statistics for the four included markets can be

seen. The Q-statistics for Standardized Residuals measure the serial correlation in

the first moment (mean), and the Q-statistics for the Squared Standardized Resid-

uals measures the serial correlation for the second moment (variance). The results

are insignificant for every model, for all the four indices and all measures. No serial

correlation can in that be seen, which indicates that the estimated models are good,

and do not have to be corrected in any way.

8 Conclusions

This study suggests that asymmetry can be found, not only in variance, but also in

the conditional mean. Negative returns generally are mean-reverting with a greater

magnitude, than positive. This means that positive returns are more persistent.

The results agree with other studies made, among others Li and Li (1996); Hagerud

(1996) and Koutmos (1998).

The presented hypothesis seemed to be accepted, in that the serial correlation

coe"cients for positive returns were positive, and significant, and the coe"cients for

negative returns in almost all cases were smaller than the coe"cient for positive. The

asymmetry parameters for the mean varied. For the Finnish market however, the

coe"cient was always negative, and asymmetry in mean reversion an irreproachable

fact. The asymmetry coe"cient (for the mean) was negative and significant only in

one of the estimated models for the Norwegian market. Although the asymmetric

pattern in mean equation can not be seen for the Norwegian market for other models

than the first one, this does not exclude the fact that the returns are asymmetric.

For the Swedish and the Danish market, the parameter was significantly negative in

two of the estimated models, indicating some degree of asymmetry in mean.

The leverage parameter turned out to be significant for all the estimated mod-

els and all four indices, indicating negative correlation between return and future

variance. This means that negative returns generates higher volatility, and in that
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asymmetry in the variance. The direct asymmetry parameter showed significant and

negative estimates for all the markets, except the Finnish. The asymmetric pattern

in variance is stronger for the Norwegian, the Swedish and the Danish market, but

still asymmetric behavior in variance is present at the Finnish market as well.

The results indicated that it could be profitable to use contrarian type strategies

and overreactions, and take advantage of the fact that also the returns reacts asym-

metrically. However, to measure the shocks with a change in standard deviation

with two units, would not be the most profitable way.

One reason for asymmetric patterns in mean and variance that is often considered

is that participants on the market react di!erent to positive and negative changes in

prices. The participants react faster to downward movements, and bad news than

to good news.

The results from this study indicate that both asymmetry in mean and variance

should be accounted for when modeling financial time series data. The results

further indicate that negative returns generate higher volatility, which means that

negative reactions are related with higher risk. In that, investors are more sensitive

to bad news. However, negative returns reverts quicker to positive or zero returns,

indicating that the behavior following the bad news tend to be characterized by an

”overreaction behavior”, which is followed by a fast correction towards zero. The

conclusion of this is that the behavior on the market reflects the positive correlation

between risk and return.

For further research it could be interesting to look closer at the autocorrelations,

and trends in the autocorrelations to try to find a method for forecasting the auto-

correlations. This could give a possibility to forecast if contrarian type strategies or

trend following strategies could be profitable.
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Table 1: Summary Statistics for Daily Market Index Returns
HEX OSEBX OMX KFX

Mean 0.0006 0.0004 0.0003 0.0004
Median 0.0014 0.0010 0.0007 0.0006

Maximum 0.1456 0.0618 0.1102 0.0497
Minimum -0.1742 -0.0718 -0.0853 -0.0626
Std. Dev. 0.0224 0.0121 0.0164 0.0116
Skewness -0.4441 -0.5380 0.1025 -0.2761
Kurtosis 8.7169 6.7461 5.5839 4.9866

Jarque-Bera 3138 1427 630 398
Probability <0.0001 <0.0001 <0.0001 <0.0001

The summary statistics are for daily logarithmic returns on the HEX index (Finland), the
OSEBX index (Norway), the OMX index (Sweden) and the KFX index (Denmark). The
sample reaches from January 2, 1996 to December 31, 2004. Jarque-Bera normality test
show departure from normality for all indices.

Table 2: Summary Statistics for Negative and Positive Returns
HEX OSEBX OMX KFX

Total observations 2250 2250 2250 2245
Negative observations 1043 1012 1076 1069
Positive observations 1207 1238 1174 1176

Two negative observations 523 485 550 540
Two positive observations 686 709 647 646

Three negative observations 260 245 290 261
Three positive observations 392 401 342 370
Four negative observations 133 129 148 126
Four positive observations 216 216 176 215

The statistics are for daily logarithmic returns on the HEX index, the OSEBX index, the
OMX index and the KFX index. The statistics shows the total number of observations
and the number of negative and positive observations following each other.
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Table 3: Results of the Estimation of the ANAR-EGARCH-M (1; 1, 1) for the One and
Two Period Models

Parameter / Index HEX OSEBX OMX KFX
Panel A

One period
µ 0.0015 0.0010 0.0007 0.0006

(3.5063)*** (2.8330)*** (1.6344)* (1.8711)*
! 0.0960 0.1123 0.0902 0.1216

(2.4731)** (2.7859)*** (2.7096)*** (4.1388)***
" -0.1083 -0.1287 -0.1325 -0.1334

(-1.6997)* (-1.6953)* (-3.0129)*** (-3.1194)***
# -2.8469 -5.6267 -0.8932 -0.2207

(-2.1085)** (-1.6330) (-0.4484) (-0.0729)
$ -0.1332 -0.5546 -0.3498 -0.3725

(-7.3023)*** (-6.4940)*** (-5.7553)*** (-5.4513)***
% 0.9956 0.9589 0.9760 0.9757

(529.50)*** (112.59)*** (160.99)*** (149.01)***
& 0.1278 0.2321 0.1838 0.1925

(9.2723)*** (9.0093)*** (7.5711)*** (8.0532)***
' -0.0126 -0.0699 -0.0876 -0.0435

(-1.1982) (-4.3991)*** (-7.2897)*** (-3.2351)***
( 1.3674 1.5118 1.8369 1.6330

(36.4818)*** (24.8563)*** (24.8889)*** (26.9596)***
Panel B

Two periods
µ 0.0015 0.0011 0.0008 0.0007

(3.7697)*** (3.2385)*** (1.7802)* (1.9152)*
! 0.0979 0.0633 0.0285 0.0853

(3.9939)*** (2.3964)** (1.0654) (3.2233)***
" -0.2189 -0.0222 -0.0472 -0.1057

(-4.2650)*** (-0.3716) (-0.8048) (-1.7950)*
# -3.0321 -2.6914 -1.6011 -2.1649

(-2.5018)** (-0.8674) (-0.7512) (-0.6749)
$ -0.1268 -0.5621 -0.3004 -0.3608

(-7.0717)*** (-6.5114)*** (-5.5849)*** (-5.4680)***
% 0.9958 0.9583 0.9807 0.9768

(550.63)*** (111.40)*** (185.81)*** (154.62)***
& 0.1225 0.2352 0.1713 0.1896

(8.8637)*** (9.0537)*** (7.4837)*** (8.1186)***
' -0.0123 -0.0703 -0.0726 -0.0408

(-1.2070) (-4.3787)*** (-6.5066)*** (-3.1253)***
( 1.3660 1.5115 1.8518 1.6520

(35.8617)*** (24.7220)*** (25.1579)*** (26.9551)***
The table presents the results of the estimation of conditional mean equation and condi-
tional variance equation for the HEX index, the OSEBX index, the OMX index and the
KFX index. The sample reaches from January 2, 1996 to December 31, 2004.
Conditional Mean Equation, one period model: rt = µ+[! + "D1 (rt!1 < 0)] rt!1+#)2

t +*t.
Conditional Mean Equation, two period model: rt = µ +
[! + "D2 (rt!1 < 0, rt!2 < 0)] rt!1 + #)2

t + *t.

Conditional Variance Equation: log
"
)2

t

#
= $ +

+p
j=1

,
%jlog

-
)2

t!j

./
+

+q
i=1 'i

,-
"t!i

#t!i

.
+ &i

-))) "t!i

#t!i

)))" E
))) "t!i

#t!i

)))
./

.

The z-statistics are reported with significance levels 10% (*), 5% (**) and 1% (***) in
parenthesis.
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Table 4: Results of the Estimation of the ANAR-EGARCH-M (1; 1, 1) for the Three and
Four Period Models

Parameter / Index HEX OSEBX OMX KFX
Panel A

Three periods
µ 0.0016 0.0011 0.0008 0.0006

(4.1532)*** (3.2704)*** (1.8251)* (1.8876)*
! 0.0603 0.0576 0.0290 0.0645

(2.7801)*** (2.4224)** (1.1961) (2.7328)***
" -0.1194 0.0082 -0.0744 -0.0600

(-1.9944)** (0.1186) (-1.1187) (-0.8950)
# -1.9158 -2.3632 -1.6797 -0.7600

(-1.6540)* (-0.7784) (-0.8070) (-0.2454)
$ -0.1332 -0.5656 -0.3013 -0.3616

(-7.2022)*** (-6.5455)*** (-5.6095)*** (-5.4548)***
% 0.9956 0.9580 0.9806 0.9766

(525.96)*** (111.18)*** (186.55)*** (153.84)***
& 0.1279 0.2365 0.1717 0.1892

(9.1675)*** (9.0905)*** (7.4989)*** (8.1152)***
' -0.0129 -0.0709 -0.0727 -0.0415

(-1.2419) (-4.3923)*** (-6.5017)*** (-3.1858)***
( 1.3684 1.5111 1.8554 1.6552

(36.4430)*** (24.7272)*** (24.9248)*** (27.0208)***
Panel B

Four periods
µ 0.0017 0.0011 0.0008 0.0007

(4.2599)*** (3.2299)*** (1.8841)* (1.9219)*
! 0.0555 0.0604 0.0304 0.0625

(2.6848)*** (2.6060)*** (1.2993) (2.7690)***
" -0.1331 -0.0169 -0.1373 -0.0942

(-1.6856)* (-0.2027) (-1.7141)* (-1.1732)
# -1.5455 -2.4688 -1.8137 -0.8391

(-1.3372) (-0.8238) (-0.8837) (-0.2735)
$ -0.1254 -0.5647 -0.3015 -0.3479

(-7.3228)*** (-6.5381)*** (-5.5976)*** (-5.4491)***
% 0.9959 0.9581 0.9807 0.9776

(560.37)*** (111.19)*** (186.52)*** (160.01)***
& 0.1214 0.2360 0.1726 0.1829

(9.3090)*** (9.0868)*** (7.4995)*** (8.0927)***
' -0.0129 -0.0709 -0.0728 -0.0402

(-1.2773) (-4.4007)*** (-6.5183)*** (-3.1461)***
( 1.3821 1.5111 1.8606 1.6580

(36.3511)*** (24.6893)*** (24.7578)*** (26.8489)***
The table presents the results of the estimation of conditional mean equation and condi-
tional variance equation for the HEX index, the OSEBX index, the OMX index and the
KFX index. The sample reaches from January 2, 1996 to December 31, 2004.
Conditional Mean Equation, three period model: rt = µ +
[! + "D3 (rt!1 < 0, rt!2 < 0, rt!3 < 0)] rt!1 + #)2

t + *t.
Conditional Mean Equation, four period model: rt = µ +
[! + "D3 (rt!1 < 0, rt!2 < 0, rt!3 < 0, rt!4 < 0)] rt!1 + #)2

t + *t.

Conditional Variance Equation: log
"
)2

t

#
= $ +
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j=1
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%jlog
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t!j

./
+

+q
i=1 'i

,-
"t!i

#t!i

.
+ &i

-))) "t!i

#t!i

)))" E
))) "t!i

#t!i

)))
./

.

The z-statistics are reported with significance levels 10% (*), 5% (**) and 1% (***) in
parenthesis.
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Table 5: Results of the Estimation of the ANAR-EGARCH-M (1; 1, 1) with a Change in
Stddev with 2

Parameter / Index HEX OSEBX OMX KFX
Observations 304 296 296 300

µ 0.0016 0.0011 0.0008 0.0006
(4.0764)*** (3.2476)*** (1.8529)* (1.8668)*

! 0.0694 0.0592 0.0071 0.0635
(3.1314)*** (2.6043)*** (0.3051) (2.7758)***

" -0.0690 0.0374 0.0441 -0.0258
(-1.2470) (0.2268) (0.6194) (-0.3464)

# -2.1605 -2.4611 -0.6112 -0.6322
(-1.8672)* (-0.8373) (-0.3019) (-0.2083)

$ -0.1338 -0.5654 -0.2996 -0.3650
(-7.2457)*** (-6.5322)*** (-5.6722)*** (-5.4434)***

% 0.9955 0.9580 0.9807 0.9764
(521.47)*** (110.99)*** (188.87)*** (151.86)***

& 0.1284 0.2362 0.1705 0.1907
(9.2427)*** (9.0852)*** (7.5433)*** (8.1444)***

' -0.0147 -0.0710 -0.07226 -0.0420
(-1.4004) (-4.4041)*** (-6.4245)*** (-3.1809)***

( 1.3736 1.5118 1.8448 1.6585
(36.4160)*** (24.6810)*** (25.0292)*** (27.0103)***

The table presents the results of the estimation of conditional mean equation and condi-
tional variance equation for the HEX index, the OSEBX index, the OMX index and the
KFX index. The sample reaches from January 2, 1996 to December 31, 2004.
Conditional Mean Equation: rt = µ + [! + "D1 (rt!1 < "2))] rt!1 + #)2

t + *t.

Conditional Variance Equation: log
"
)2

t

#
= $ +
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j=1
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%jlog
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t!j

./
+

+q
i=1 'i

,-
"t!i

#t!i

.
+ &i

-))) "t!i

#t!i

)))" E
))) "t!i

#t!i

)))
./

.

The z-statistics are reported with significance levels 10% (*), 5% (**) and 1% (***) in
parenthesis. Observations refer to the number of observations where the change in the
standard deviation is two units.
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Table 6: Diagnostic Tests for the Finnish Market
Standardized Residuals Standardized Residuals Squared

Mod 1 2 3 4 5 1 2 3 4 5
Lag
5 1.7236 2.0947 1.6555 1.5129 1.4594 4.4575 3.1236 3.9330 5.5424 4.3402
10 2.9833 3.2583 2.9434 2.7853 2.7498 6.5369 5.0973 6.0480 7.7336 6.5631
15 6.6576 7.4783 6.7786 6.4352 6.4737 8.5911 6.9379 8.0680 9.7921 8.6538
20 7.7222 8.0652 7.5987 7.3079 7.4165 9.8995 8.4419 9.4995 11.425 9.9826
25 10.064 10.573 10.069 9.7148 9.7824 13.597 11.933 12.954 15.065 13.526
30 13.267 13.535 13.197 13.432 12.906 16.820 15.179 16.130 18.411 16.636

Ljung-Box Q-statistics reported for standardized residuals and standard residuals squared.
Mod 1-5 refers to the ANAR-EGARCH-M models estimated earlier. Model 1 is the one
period model, model 2-4, the two to four period models, and model 5 is the model that
included a change in standard deviation in the dummy.
The Q-statistics for standardized residuals and standardized residuals squared are all in-
significant.

Table 7: Diagnostic Tests for the Norwegian Market
Standardized Residuals Standardized Residuals Squared

Mod 1 2 3 4 5 1 2 3 4 5
Lag
5 6.1273 6.4443 5.8667 6.1454 5.8717 4.0890 4.0552 4.1216 4.0756 4.1428
10 9.0220 9.7116 9.1630 9.4237 9.1819 16.849 17.057 17.114 17.017 17.141
15 13.990 15.039 14.511 14.758 14.481 22.471 22.958 22.997 22.888 22.985
20 20.366 21.509 21.030 21.263 21.021 25.526 26.269 26.394 26.267 26.366
25 24.253 25.679 25.208 25.443 25.191 29.498 30.493 30.563 30.450 30.493
30 27.490 29.099 28.677 28.898 28.629 31.711 32.585 32.675 32.544 32.616

Ljung-Box Q-statistics reported for standardized residuals and standard residuals squared.
Mod 1-5 refers to the ANAR-EGARCH-M models estimated earlier. Model 1 is the one
period model, model 2-4, the two to four period models, and model 5 is the model that
included a change in standard deviation in the dummy.
The Q-statistics for standardized residuals and standardized residuals squared are all in-
significant.
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Table 8: Diagnostic Tests for the Swedish Market
Standardized Residuals Standardized Residuals Squared

Mod 1 2 3 4 5 1 2 3 4 5
Lag
5 2.7900 3.1098 2.5606 2.3364 3.2266 0.7855 0.5283 0.4947 0.4796 0.4738
10 8.3419 8.3277 7.7847 7.7719 8.2915 2.5338 2.2550 2.1866 2.2918 2.2789
15 21.059 20.560 19.816 19.501 20.922 5.9689 5.7679 5.6421 5.8828 5.8150
20 24.009 23.504 22.737 22.498 23.765 13.878 10.745 10.821 11.079 10.622
25 36.512 35.802 34.864 34.892 36.369 15.274 12.682 12.846 13.235 12.541
30 37.620 36.855 35.927 35.929 37.472 16.249 14.460 14.684 15.196 14.226

Ljung-Box Q-statistics reported for standardized residuals and standard residuals squared.
Mod 1-5 refers to the ANAR-EGARCH-M models estimated earlier. Model 1 is the one
period model, model 2-4, the two to four period models, and model 5 is the model that
included a change in standard deviation in the dummy.
The Q-statistics for standardized residuals and standardized residuals squared are all in-
significant.

Table 9: Diagnostic Tests for the Danish Market
Standardized Residuals Standardized Residuals Squared

Mod 1 2 3 4 5 1 2 3 4 5
Lag
5 2.7059 2.3343 3.1775 3.3976 3.1477 2.3653 2.0912 1.9978 2.1668 2.0005
10 4.8525 4.0909 5.0106 5.1698 4.9793 3.4070 3.1878 3.0536 3.4974 3.1113
15 12.706 12.134 13.090 13.168 12.956 5.2583 4.4208 4.4122 4.7564 4.4516
20 17.716 16.864 17.810 17.762 17.728 20.697 17.926 18.238 18.706 18.582
25 20.622 19.774 20.861 20.738 20.837 24.665 22.380 22.455 22.865 22.770
30 24.024 23.187 24.293 24.124 24.261 26.997 25.068 24.982 25.341 25.187

Ljung-Box Q-statistics reported for standardized residuals and standard residuals squared.
Mod 1-5 refers to the ANAR-EGARCH-M models estimated earlier. Model 1 is the one
period model, model 2-4, the two to four period models, and model 5 is the model that
included a change in standard deviation in the dummy.
The Q-statistics for standardized residuals and standardized residuals squared are all in-
significant.
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