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Increasingly, problems do not rule out practice, but support it. Instead of finding that practice 
is too difficult and that we have too many problems, we see that the problems themselves are 
the jewels, and we devote ourselves to be with them in a way we never dreamt of before. 
Charlotte Joko Beck, 1995. “Nothing Special: Living Zen”. HarperCollins. 

 
 
1. Introduction 
  

Analysis of securities frequently follows the approach wherein security prices are 

functionally related to a firm’s financial variables and various macro statistics. Since 

security prices are often the product of a complex psychological and economic process, 

other explanatory variables could be easily omitted from the model specification. For 

this reason, the focus of our attention is on the end-result of investor judgments - 

security return and its conditional moments. By ‘conditional’, we mean conditional on 

having obtained the best forecast possible for security return. 

 Moments1 of the return distribution – mean, variance, skewness, and kurtosis - can 

reveal the pertinent information that describes its shape. In seeking the importance of 

conditional moments in investor’s decision-making process, the natural focus would be 

on the case where the conditional moments connect to risks, where risks influence 

returns, and where the interactions between moments count. 

 Traditional portfolio theory establishes the aversion to variance by rational 

investors, where variance is equated to the perception of risk. Supportive evidence for 

skewness suggests that skewness is inversely related to risk (Alderfer and Bierman 

(1970)), since positive skewness offers windfall gains and provides downside protection 

from excessive losses. Kurtosis measures both peakedness in the center and weight in 

the tails, it could be either risk reducing because of the moderate losses with low 

probabilities (peakedness) or risk enhancing because of the large losses with small 

probabilities (tail weight). The exact relation between kurtosis and risk awaits 

verification. 

Having established the connection between distribution moments and the 

perception of risk, the remainder of this text is concerned with the dynamic impact of 

these risk parameters, in particular, variance, on stock returns, and the interactions 

between them. 

                                                
1 We focus on the first four moments, since moments beyond four are regarded as uninterpretable of the 
information contained in the first four moments. 
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2. How the perception of risk impacts stock returns 
 

The Rational Valuation Formula (RVF) sets the current stock price as a function of 

all future expected dividends and all future expectations of the discount rates. Poterba 

and Summers (1988) linearise the RVF formula to the following approximation: 

�+++= +++++++++ )()()( 332122111 ttttttttttttt DEDEDEP δδδδδδ ,   (1) 

where )1/(1 ttt rpr ++=δ , tr = risk-free rate, trp = risk premium, tP = stock price, tD = 

dividend. According to this representation, stock prices may vary if future expected 

dividends are revised or if the discount factor changes. The “volatility puzzle” by Shiller 

(1981) and others, however, states that the volatility of future dividends is rather small 

relative to the volatility of stock prices.  Since the growth in future dividends is fairly 

predictable, the very sharp movements in stock prices actually observed could hardly be 

attributable to changes in dividends, but rather to changes in the discount factor.  

The discount factor tδ  depends on a risk-free rate plus a risk premium that 

represents changing perceptions of the riskiness of a stock. If investors thought this risk 

premium would increase (decrease) next period, then the stock price next period would 

fall (rise) according to equation (1).  If the perceived change in risk premium is 

persistent, then it could cause a large change in stock prices through the workings of tδ  

for many future periods. Thus the Poterba – Summers model shows that stock prices can 

be highly volatile if news in the current period altered investors’ perceived risk 

premiums for many future periods. 

The link of risk premium to the conditional variance is indicated by Merton’s 

CAPM (1973 and 1980): 

ttttttt rprErRE +=+= ++
2

11 σλ ,      (2) 

where =λ  the market price of risk, =+
2

1tσ  the conditional variance of forecast errors, 

and 2
1+= ttt Erp σλ . Given a measure for the conditional variance, the CAPM indicates 

that the risk premium on the market portfolio is proportional to the conditional variance 

of forecast errors2, by interpreting conditional variance as the measure of uncertainty. 

                                                
2 Invoking Rational Expectations, we have for equation (2) 

111 +++ += tttt RER ε , and the conditional 

variance of the forecast errors is ).()()( 2
1

2
1

2
11 ++++ ==− tttttttt EERERE σε  
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The model gives no indication of how the conditional variance might evolve over time, 

i.e., it remains to describe the time path of the conditional variance.  

The ARCH (Autoregressive Conditional Heteroskedasticity) (Engle (1982)) model 

makes the conditional variance of forecast errors predictable. It assumes that a good 

statistical representation of changes in variance is that variance tomorrow is some 

weighted average of the variance(s) in earlier periods.   

The ARCH model is formulated to mimic the clustering of large deviations in 

returns. It has applications in numerous and diverse areas, including tests of CCAPM 

(Consumption CAPM) (Lucas (1978)) and the APT (Arbitrage Pricing Theory) (Ross 

(1976)), the modeling of risk premia, the flows of information across countries and 

markets, and option pricing, etc. Hence the ARCH type model can be a good candidate 

measure for the conditional variance. There are a few survey papers on ARCH, for 

example, Bollerslev, Chou and Kroner (1992), Poon and Granger (2003).  

The CAPM plus ARCH models then make the expected return on stocks depends 

on a time-varying risk premium. This is similar in spirit to the ARCH-M model 

proposed by Engle, Lilen, and Robins (1987) where the conditional variance of an asset 

directly influences its conditional mean through the variance-in-mean specification. The 

GARCH (1, 1) -M process3 is given by 

ttt hy εγγ ++= 10 ,       (3) 

),0(~1 ttt hN−ψε ,        (4) 

11
2

110 −− ++= ttt hh βεαα ,      (5) 

where ty  is the excess return, th  is the conditional variance, 00 >α , 01 ≥α , 01 ≥β . 

Therefore, the conditional variance can be equated to the risk of an asset, and in 

equilibrium the expected return depends on this risk. The time-varying risk premium 

can then be conveniently defined as a linear function of the conditional 

variance: tt h10 γγθ += . The ARCH-M formulation is attractive because it defines a risk 

and return relation while jointly estimates the return and variance process. 

Hence, if the perceived risk premium on stocks is adequately measured by a linear 

function of the conditional variance that is modeled as a GARCH process, then the 

                                                
3 Despite its various extensions, the GARCH (1, 1) is quite robust and is able to represent the majority of 
financial time series (Bera and Higgins (1993)); hence we use it as a representative. 
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future risk premium will be predictable if the conditional variance is highly persistent 

and predictable. It follows that an increase in the conditional variance will increase the 

perceived risk premium in many future periods (via the GARCH-M specification). 

Persistence in risk premium could lead to changes in the discount factors, which in turn 

causes large changes in stock prices (via RVF). 

 

3. Issues in Estimating the Conditional Volatility Using ARCH Models 
 

Despite its vast applications and its ability to capture some stylized facts, ARCH 

models are restrictive. The assumption in (5) sets volatility as a deterministic function of 

past returns, i.e., conditional on time t-1 information set 1−tψ , there is no variable that 

can capture the unpredictable part of volatility at time t, such as shocks to the economy. 

In view of this, the paper “Systematic Conditional Market Volatility (SCMV)” 

examines how far the conditional volatility of asset return depends on its own past 

volatility and also on the volatility of market return that implicitly incorporates the 

volatility of other economic variables such as real output and interest rates. The 

application here is to industry return, and market volatility turns out to represent a small 

portion of industry volatility. 

Nelson (1991) points out that if the distribution of conditional errors of a model is 

symmetric then the change in variance tomorrow is conditionally uncorrelated with 

excess returns today. The assumption in (4), as in most applications of the ARCH 

models, uses a symmetric error distribution. This restriction contradicts the empirical 

observations that return distributions are asymmetric and fat-tailed, which would be a 

potential problem in obtaining a true mean and variance relation using the ARCH-M 

model. The paper “Mean/variance Relation and the Conditional Distribution” examines 

the relations between conditional mean and variance under three conditional 

distributions: normal, GED (Generalized Error Distribution), and skewed Student’s t-

distribution. The skewed Student’s t-distribution is proposed by Hansen (1994), it 

generalizes (4) to 

),(~1 ttt f θηψε − ,       (6) 

where the parameters tθ  determine the shape of the conditional density and are made a 

function of the elements of the information set 1−tψ . The use of an asymmetric 
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conditional distribution seems to result in more cases of significantly positive mean and 

variance relations than that with a symmetric distribution. 

Engle (1982) suggests that one interpretation about the ARCH regression model is 

that it could be an approximation to a more complex regression that has non-ARCH 

disturbances. The ARCH specification might then pick up the effect of variables 

omitted from the estimated model. If this is the case, some unresolved issues about 

ARCH effects are whether such effects are stable over time and are explained by the 

inclusion of other variables that represent trading conditions (e.g. trading volume) or 

economic conditions (e.g. interest rates). If those unspecified variables accounts for the 

persistence in the conditional volatility that is modeled as an ARCH process, then in 

general ARCH effects are really measuring the effect of those unspecified variables that 

can be attributable to information about market or economic conditions. The 

information hypothesis thus relates ARCH effects to volatility, and to changes in asset 

prices that measure market participants’ reactions to new information. The paper – 

“ARCH effects and the Conditioning Information Variables” – is formulated in such a 

manner as to give insight to the information connection of ARCH effects and a selected 

sample of information variables.   

 

4. Issues about higher moments in the determination of stock returns 
 

The three most common empirical observations of stock returns are all aspects of 

departures from the normal. These include leptokurtosis, skewness, and volatility 

clustering. While ARCH models are able to capture some of the stylized facts, excess 

kurtosis and skewness are still present after ARCH modeling. Additionally, a number of 

mispricing anomalies are left unexplained in the mean-variance framework. Hence 

moments of higher order might contain information other than those in the first two. For 

example, it is frequently observed that riskier stocks do not appear to generate returns 

commensurate with the level of associated risk. The return behavior of riskier stocks 

might be interpretable if higher moments are included in the framework of analyses, 

namely, investors in the riskier class are also likely to take more risks for increasing 

portfolio skewness that offers large gains with small probabilities. Beedles (1984) offers 

supportive evidence for the tradeoff between the second and third moments of return 

distribution, that is, investors substitute greater variance (a welfare reducing effect) for 
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increased skewness (a welfare enhancing effect) at the cost of reducing the 

diversification of their portfolios. An earlier study by Samuelson (1970) shows that 

higher-than second moments do improve the solution to a general portfolio selection 

problem, and the mean-variance result can approximate the true solution only if “risk is 

quite limited”, i.e., as 0→σ . 

Moments of return distributions are closely related besides the similarities in their 

functional form. Excess skewness is a phenomenon of extreme tails, and the asymmetry 

in tails leads to the asymmetric effect on conditional variance. Nonstationarity of the 

mean and variance parameters can result in skewness and kurtosis nonstationarity, 

respectively. The paper – Higher Moments and Asset Pricing – emphasizes the 

importance of higher moments in the determination of stock returns and investigates the 

interactions between them.  

 

5. Prior Empirical Findings 
 

The literature on conditional moments has appeared in many places and in many 

different settings, it’s almost impossible to provide a comprehensive review. The aim of 

this section is to give a brief account of some most influential findings that relate to the 

issues examined in our papers.  

 

A. The existence of a mean and variance relation 
 

The GARCH-M models jointly estimate the conditional mean and variance while 

defining a constant mean and variance ratio that represents the risk and return tradeoff, 

i.e., the price of risk. This mean/variance paradigm is challenged by a number of studies 

using a variety of specifications and function forms. Glosten et al. (1989) obtain a 

negative mean and variance ratio by explicitly including nominal interest rate in the 

conditioning information set. Backus and Gregory (1988) argue that the relation 

between mean and variance can be nonlinear, while Harvey (1989) finds the ratio non-

constant and counter-cyclical. Those that support a positive mean and variance relation 

are Chou (1987), French et al. (1987) among others. In sum, the results for the mean and 

variance relation are mixed and demand a closer look at various specifications and 

assumptions that led to different estimates.  
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B. Specifications of non-normal conditional distribution 
 

The implied unconditional distributions of estimated ARCH models are not 

sufficient to represent the empirical distributions of returns. Bollerslev (1987) uses a 

conditional t-distribution to account for the excess kurtosis in return distribution. Nelson 

(1991) employs a Generalized Error Distribution (GED) with his EGARCH model and 

concludes that the tail area of the estimated GED is not sufficiently thick to account for 

the large number of outliers in the data. Hsieh (1989) finds that a GARCH (1, 1) model 

with either conditional t or conditional GED cannot adequately represent daily returns 

on British Pound and Japanese Yen. Harvey and Siddique (1999) use a non-central t-

distribution and find that conditional skewness is important. Hansen (1994) proposes a 

skewed Student’s t-distribution that allows for both skewness and kurtosis in the 

conditional density function. In principle, the asymmetric distribution should be the 

preferred one in situations with severe return asymmetry and heavy tails.  

 

C. ARCH effects and conditioning information variables 
 

While there is no study that explicitly examines the connection of ARCH effects 

and the conditioning information variables, similar approaches are available. Glosten, 

Jagannathan and Runkle (1993) (GJR) use a GARCH-M model modified by allowing 

seasonal patterns, nominal interest rate, etc in volatility, and examine their impact on the 

relation between mean and variance. Their general conclusion is that these information 

variables affect the mean and variance relation and the asymmetry on volatility.  

The studies on the informational aspect of ARCH effects and the conditioning 

information variables are extensive. Diebold and Nervole (1989) report that ARCH 

reflects the time dependence in the information arrival process, while Brock and 

LeBaron (1996) suggest that it is the agents’ slow adaptation to information that leads to 

the documented ARCH effects. The study by Lamoureux and Lastrapes (1990) uses 

volume as a proxy for the rate of information arrival, and finds that volume adjusts the 

pattern of uneven rate (i.e. changes the serial dependence structure) of information flow. 

Copeland (1976) reports that the sequential arrival of new information to the market 
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generates trading volume and price movements; meanwhile, price and volume are found 

to change contemporaneously to new information (Epps and Epps (1976)).  

The risk-free rate is also found containing information about future stock volatility. 

GJR find that interest rate in variance reduces the persistence as measured by the sum of 

GARCH parameters. Giovannini and Jorion (1989) have also examined the ability of 

nominal interest rates to predict changes in volatility of stock returns and foreign 

exchange rates. 

 

D. Tests of higher moments in asset pricing 
 

Since the early works of Arditti (1972), the empirical studies on higher moments 

have become extensive. Kraus and Litzenberger (1976) test a linear three-moment 

pricing model that uses co-skewness as a supplement to the co-variance risk to explain 

asset return. Homaifar and Graddy (1988) derive a linear four-moment pricing model by 

incorporating co-kurtosis along with co-variance and co-skewness into the pricing 

equation. Cook and Rozeff (1984) find that co-skewness is really a manifestation of the 

dividend yields effect. Friend and Westerfield (1980) suggest that investors are willing 

to pay a premium for assets which have positive co-skewness with the market if the 

market portfolio is positively skewed. Skewness and kurtosis are also found to be non-

diversifiable simply by increasing the size of the portfolio (Arditti (1972)). On the 

whole, the evidence for and against skewness preference is inconclusive, and that for 

kurtosis preference, is scant and awaits verification.  

 

6. Summaries and central findings of the papers 
 

This section summarizes the four papers included in this thesis and provides results 

as well as their implications and contributions. 

 

A. Paper 1: Mean/variance Relation and the Conditional Distribution 
 

This paper examines the relation between the expected return and the conditional 

variance using three conditional error distributions: 1) the conditional normal error 

distribution, 2) the Generalized Error Distribution and 3) the skewed Student’s t-
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distribution. Furthermore, the first two distributions are assumed constant and 

symmetric whereas the third one is allowed to be time-varying and asymmetric. The use 

of different distributions is to see how the assumptions of different conditional 

distributions affect the mean/variance ratio controlling the functional form and the 

information set. This is in response to the rather conflicting findings regarding the 

existence and sign of the mean/variance ratio.  

The relation between the conditional mean and variance is found to be positive and 

significant under the time-varying skewed Student’s t-distribution; additionally, there is 

a substantial reduction in volatility persistence. Hence both the time-varying aspect and 

the asymmetric aspect of the assumed distribution can affect the estimates of the 

mean/variance ratio, because the conditional mean and the conditional variance 

processes are themselves time-varying under the model specification, the parameters 

that control for the skewness and kurtosis should be time-varying as well. 

There is an intimate relation between the expected return, conditional variance and 

conditional skewness. The inclusion of conditional skewness influences the persistence 

in the conditional variance and contributes to the significance of the relation between 

the expected return and conditional variance. The conditional skewness process thus 

plays the role of smoothing out the conditional mean and conditional variance process, 

analogous to correcting for heteroskedasticity to obtain efficient estimates. 

The contributions of the paper are as follows: firstly, it recognizes the importance 

of having a time-varying asymmetric error distribution to be consistent with a time-

varying asymmetric return process. Secondly, the time variations in skewness are shown 

to have impact on the conditional mean, and this in turn through the updated shocks 

affects the conditional variance process and kurtosis. Finally, it points out that the 

coefficient linking the conditional variance to the conditional mean relies on a correct 

specification of the conditional variance equation, and the latter depends in turn upon 

the combination of a correct functional form and the use of different conditional 

distributions for different samples.  

 

B. Paper 2: Systematic conditional market volatility 
 

This paper tests the notion that industry volatility is driven by the volatilities of a 

systematic market factor and an industry specific factor. This is done through 
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conditional volatility decomposition, with aggregate market volatility as one embracing 

factor that captures risks in the aggregate like the volatility of economy-wide factors, 

the idiosyncratic volatility then represents risks from asset specific factors. 

 Market volatility is found systematically responsible for a rather small share of 

total industry volatility; the share has been fairly stable for U.K. and declining for 

Germany. All the volatility measures tend to move similarly in pattern, and market 

volatility appears to lead industry volatility in the case of U.K. 

The findings of a positive and significant mean and variance tradeoff support the 

volatility feedback story of volatility asymmetry. Compared to the conflicting findings 

related to this mean and variance tradeoff, our evidence also pinpoints the importance of 

having a correct variance specification and a flexible conditional error distribution. 

Since different variance specifications can affect the in-mean parameter estimates that 

give different fitted values of standardized residuals, leading to different fitted values 

for the next period, and so on, hence different estimates for the mean/variance ratio. 

There is also significant evidence that the dynamic market premium is priced, and 

it constitutes one of the determinants of time-varying industry risk premium. 

Additionally, GARCH-generated market risk premium appears to capture to a great 

extent the predictable variations in industry risk premium; in comparison, the 

conditional market volatility explains a rather small portion of total industry volatility. 

Apparently, the market risk premium series consistently capture those extreme 

fluctuations that slipped the systematic market volatility; those differences between 

them imply that market imperfections, in particular, preferred habitats, could be 

significant and are reflected in both the market risk premium and individual asset risk 

premiums.  

This paper contributes to the literature in a number of important ways: first, it 

includes in the conditional volatility specification a concurrent unpredictable volatility 

component (conditional market volatility) that captures shocks to the market, this is 

considered more flexible compared to the standard GARCH variance specifications 

where conditional volatility is made a deterministic function of past returns. Second, it 

uses an asymmetric conditional distribution that in principle supports a relation between 

conditional mean and variance and facilitates the finding of a true mean and variance 

relation by capturing the excess skewness and kurtosis in the return series. Third, 
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market imperfections find their role in explaining the market and industry risk premium 

and can be part of the link between them. Finally, this paper fills the void by examining 

the relation between market volatility and industry volatility that previous studies have 

not touched.  

 

C. Paper 3: ARCH effects and the conditioning information variables 
 

  This paper explains the heteroscedasticity in stock returns by the ARCH process 

supplemented with a set of conditioning information variables, that is, trading volume, 

interest rate, seasonal dummies and skewness. The understanding is that if the ARCH 

regression model is an approximation to a more complex regression that has non-ARCH 

disturbances, then the ARCH specification might pick up the effect of variables omitted 

from the estimated model. If this is the case, the inclusion of other variables that 

represent trading conditions or economic conditions might reduce the presence of 

ARCH effects. These issues are examined using the information interpretations of 

ARCH effects and a sample of variables that have been documented as having 

information content for the volatility process.  

The forms of heteroscedasticity represented by the conditional variables are found 

to be complementary to the ARCH-type heteroscedasticity, this is further justified by 

them serving as information proxies. The results also imply that the heteroscedasticity 

in stock returns is more general and allows for several forms of heteroscedasticity that 

include deterministic changes in variances due to seasonal factors, random adjustments 

in variances due to market and macro factors, and ARCH processes with past 

information.  

It is also found that GARCH modelling is still needed even after conditioning 

volatility on these information variables. The asymmetry in volatility and the 

mean/variance ratio are raised to a higher level, whereas the non-normality of return 

distributions is reduced to a great extent. This is because the conditional information 

variables interact with volatility in some important ways: first, as information proxies, 

they adjust the pattern of uneven rate of information flows, which in turn leads to 

changes of the serial dependencies in conditional volatility; second, as representations 

of a specific type of heteroscedasticity, in many instances they play complementary 

roles in the ARCH modelling process; third, they reduce the relative frequency of 
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extreme observations, thus making the tail observations less outlying; this further affects 

the measure of volatility asymmetry and in turn changes the relation between 

conditional mean and conditional variance.  

The conclusion is that the omission-of-variables interpretation of ARCH effects is 

only partially supported by the above observations, a complete story of the ARCH 

effects cannot be written upon these information variables, either the selection is limited 

or that ARCH effects are too complex to be subjected to any single aspect of 

interpretation.  

 This paper makes the contribution by directly examining the nature and 

interpretations of ARCH effects in the presence of other information variables. It uses 

the information hypothesis to relate ARCH effects to volatility, and to changes in asset 

prices that measure market participants’ reactions to new information. 
 

D. Paper 4: Higher moments and asset pricing 
 

This paper examines the role of two non-beta factors – skewness and kurtosis – in 

determining the expected returns. It extends investors’ preferences over the first four 

moments of return distributions and uses the conditional versions of skewness and 

kurtosis in the estimation process. The paper also disaggregates conditional variance, 

skewness and kurtosis into a market component, an industry component, and an 

idiosyncratic component. 

 The expected return is shown to be related to total skewness and total kurtosis for 

large cap companies in UK and Germany. The findings are consistent with some reports 

employing the static risk measures in US studies and challenge those that advocate co-

skewness and co-kurtosis as the relevant risk parameters in asset pricing.  

From the decomposition of skewness and kurtosis, it is found that they are costly to 

be diversified in the sense that their asset-specific parts are not subject to diversification, 

since investors will deliberately choose not to diversify when the cost of diversification 

outweighs the benefit of diversification4. The diversification issue thus needs to be 

                                                
4 The cost of diversification, for skewness, is to reduce the desirable part of positive skewness, and for 
kurtosis, to reduce the ‘peakedness’ in the center of return distribution. The cost of diversification can 
also mean frequent adjustments of asset weights due to the highly sensitive nature of higher moments to 
differencing intervals and different samples. Any diversification scheme based on them might not sustain, 
this in turn might partly explain why higher moments are of limited use in practice. 
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reframed when skewness and kurtosis are concerned and should be recognized 

especially when contemplating total versus systematic risk measures.  

It is found that higher beta assets tend to have higher total skewness. This indicates 

that more positively skewed assets are also riskier. 

 Skewness and kurtosis display a negative intervaling effect, that is, average 

skewness and kurtosis tend to decrease as the differencing interval is lengthened, and 

the effect is more evident in kurtosis. Kurtosis is also more sample dependent and time-

varying than skewness.  

This paper recognizes the varying nature of higher moments, thus utilizes their 

conditional counterpart as opposed to the static measures used in other studies. The 

decomposition of higher moments into attainable parts gives insights about their 

structure and the influential factors they subject to. It also offers an explanation of why 

skewness and kurtosis are not diversifiable simply by increasing the size of portfolios. 

 

7. Concluding remarks 
 

Focusing on return moments implicitly assumes that prices are the ultimate catchall 

elements in investors’ information set. While it would not be a matter of surprise that 

financial ratios or macro statistics can indeed provide some important information on 

security return, the inattention of which does not disqualify our paper either. Since there 

is no such thing as a fool-proof method of analyzing security return or a possibility of 

testing all sorts of methods from every conceivable angle, the focus on return moments 

has its own merits and has indeed paid dividends – more profitable than using other 

factors like hopes and fears and guesses and moods that defy analysis and for which no 

statistics are available. Nevertheless, the knowledge and judicious application of return 

moments do provide insight about investor behavior and can have implications beyond 

the fundamental variables that they themselves cannot justify the existence of many 

empirical puzzles5. 

                                                
5 For instance, many authors, including Cochrane (2003), document the “equity premium puzzle” which 
says that the slope of the historical mean-standard deviation frontier is much higher than what reasonable 
risk aversion and consumption volatility suggest. Friend and Blume (1970) find that Jensen’s alpha, 
which is supposedly a ‘risk-adjusted’ performance measure, is strongly inversely related to the level of 
beta risk. Banz (1981) and Reinganum (1981) report that stock returns are negatively related to firm size 
after controlling for the effect of beta risk. 
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Abstract 
 
This paper examines the relation between the expected return and the conditional variance using 
three conditional error distributions 1) the conditional normal error distribution, 2) the 
Generalized Error Distribution, and 3) the skewed Student’s t-distribution. Using a GARCH-M 
model modified by allowing skewness in mean, we find support for a significant and positive 
mean/variance relation when the skewed Student’s t-distribution is used. Our results show that 
the time variations in conditional skewness influence the dynamics of the conditional mean and 
conditional variance, as reflected by the reduced volatility persistence and a significant 
mean/variance relationship. This further stresses the point that there is an intimate relation 
between return, volatility and skewness; within the GARCH-M framework, conditional 
skewness plays a role analogous to heteroskedasticity by smoothing out the conditional mean 
and conditional variance process. 
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1. Introduction 

 

There is general agreement among researchers that the assumption of risk-averse 

individuals implies a positive relationship between risk and return at a given point of 

time. Most researchers also agree that the positive relationship should be found across 

time. Using stock market volatility as a proxy for risk implies that in times of higher 

volatility higher expected returns will be required. However, Glosten et al. (1993) argue 

that this might not be the case. Precautionary savings may arise when riskier times are 

expected, thereby increasing demand and price for risky assets if no risk-free investment 

is available. They also argue that individuals may be better able to bear certain types of 

risk under certain periods. If these periods coincide with periods of higher stock market 

volatility, the mean/variance relationship may be negative. 

Empirical studies on the return and volatility relationship over time have produced 

very mixed results. The tool most commonly used to empirically test the relationship 

between the expected returns and conditional variance is the GARCH-M model and its 

various extensions. The major advantage of this model is that it allows the conditional 

expected return and the conditional variance to be estimated jointly while it also makes 

the conditional expected return explicitly dependent on the conditional variance or 

standard deviation.  

 Many studies including Campbell (1987), Nelson (1991), Chan et al. (1992), 

Campbell and Hentschel (1992) fail to find a significant mean/variance relationship6. 

French et al. (1987) find a positive relationship and Pagan and Hong (1991) and Glosten 

et al. (1993) find a negative relationship. Most of these studies have assumed a 

symmetric conditional distribution. The ARCH specification can capture some of the 

excess kurtosis observed in stock returns, but excess kurtosis is often found in the 

residuals of an ARCH-type model especially when high frequency data is used. Besides 

excess kurtosis, it is also necessary to account for the asymmetry typically found in 

stock returns. Nelson (1991) and Glosten et al. (1993) use asymmetric variance 

specifications to capture the asymmetric effect of positive and negative shocks on 

volatility. Since symmetric distributions are used in both studies, the response of return 

                                                
6 A summary of previous studies on the mean/variance relationship is given in Table 1. 
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shocks to future volatility will in principle still be symmetric. This contradiction 

between model specification and distributional assumption could potentially bias the 

coefficient estimates of volatility asymmetry.  Additionally, the two studies assume 

constant conditional distributions that could be restrictive in the presence of time-

varying means and variances.  

Hansen (1994) introduces a skewed Student’s t-distribution that allows for time-

varying shape parameters in the conditional distribution. The Hansen study shows that 

there are significant time variations in the third and fourth central moments of the 

distribution when fitted to U.S. T-bills and the Dollar/Swiss Franc exchange rate. 

Hansen lets the degrees of freedom (tail thickness parameter) vary between 2 and 30, 

since 2 is a mathematical lower bound for the density distribution and the upper bound 

is chosen because when the degrees of freedom reaches 30, the distribution is very close 

to normal. The parameter that controls skewness is constrained to lie between –1 and 1. 

Hansen’s study shows that it is important to capture the time variations in skewness and 

kurtosis when trying to model the conditional mean and variance. Few studies have used 

these findings to model the mean/variance relationship, Harvey and Siddique (1999) 

being one exception. Harvey and Siddique (1999) introduce a non-central t-distribution 

with time-varying parameters for skewness and kurtosis. Skewness is modelled in the 

same spirit as the variance process (see equation 3), which means that Harvey and 

Siddique implicitly assume that skewness exhibits clustering and time variations. They 

find that the time-varying conditional skewness is important and that the inclusion of 

conditional skewness influences the persistence in conditional variance. 

There are several explanations for the mixed empirical results regarding the 

mean/variance relation. First of all, the conditional variance equation might be 

misspecified since the true volatility generating process is unobservable. The ARCH-

type model also represents a strict subset of the real conditioning information available 

to investors. If skewness were indeed priced according to the findings of Harvey and 

Siddique (2000), then prior studies that have used under-specified mean equations 

would result in biased parameter estimates if skewness were omitted. Another 

possibility is that volatility could be an imperfect proxy for risk, and the mean/variance 

relation may not be equivalent to the positive risk/return relation as postulated by 

economic theory. 
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Despite various arguments and techniques advocated, whether there is a positive 

and significant mean/variance relationship remains a debated question. Previous studies 

have attacked this issue from various angles, including assigning nonlinear or time-

varying mean/variance relationship, incorporating other variables in the conditioning 

information set, and specifying different functional forms for the conditional mean and 

conditional variance equations. Though some studies have viewed the problem from the 

conditional distribution’s aspect, few of them considered time-varying conditional 

distribution; even fewer tried to link time-varying conditional distribution to the 

mean/variance relationship, or to infer the impact of time-varying skewness on the 

conditional mean and conditional variance functions, not to mention its associated 

interpretations.  

In view of this gap, we set out to investigate the mean/variance relationship using 

three different conditional distributions, namely the conditional normal error 

distribution, the Generalized Error Distribution (GED) and the skewed Student’s t-

distribution. This enables us to approach the problem in two important ways: first, the 

procedure is comparative in settings. The first two conditional distributions - normal 

error distribution and GED are restricted to be constant, while skewed Student’s t-

distribution is allowed to have time-varying shape parameters. Second, the procedure is 

progressive with respect to the shape of the distribution. The conditional normal error 

distribution assumes symmetric and normal shape, the GED allows for fat tails but is 

still symmetric, the skewed Student’s t-distribution allows for both asymmetry and fat 

tails. Through this set of comparisons, we intend to detect whether and how different 

distributional assumptions affect the conditional mean and conditional variance process, 

and whether the use of a more flexible conditional distribution is related to the existence 

of a mean/variance relationship. The applications are on daily value-weighted returns 

for three market indices: the S&P500 Index, the DAX Index, and the FTSE100 Index, 

and the sample period is from 1990 to 2000. 

The paper proceeds as follows: section 2 further details the relationship between 

the mean/variance ratio and the conditional distribution; section 3 gives the empirical 

data set; section 4 presents the empirical results under various distributional 

assumptions; section 5 provides the diagnostic test for the results; finally, section 6 

concludes the paper. 



  

   25 
 
 

 

 
Table 1 Prior Studies on the Mean/Variance Relationship 

 

Study Mean/variance Relationship  Sample Model Distribution Comments 

Campbell (1987) Negative but insignificant  

 
NYSE: Monthly returns, 
May. 1959 to Aug. 
1979; and Sep. 1979 to 
Nov. 1983 

 

GMM on a 
linear pricing 
equation 

- 
Results sensitive to the choice of 
instrument variables included in the 
estimation 

French, Schwert 
and Stambaugh 

(1987) 

Inconclusive for the ARIMA 
model, positive and significant 
for the GARCH model 

 
S&P: Daily Composite 
returns, Jan. 1928 to 
Dec. 1984 
 

ARIMA and 
GARCH-M 

Normal 
Distribution 

Tries to account for observed skewness by 
log transforming the standard deviations 

Nelson (1991) Negative but insignificant  
 
NYSE: Daily, July 1962 
to Dec. 1987 
 

EGARCH-M 
Generalized 

Error 
Distribution 

Accounts for volatility asymmetry and 
thick tails in distributions 

Campbell and 
Hentschel (1992) Inconclusive 

 
NYSE and ASE: 
monthly and daily 
returns, 1926 to 1988 

 

QGARCH Normal 
Distribution 

Accounts for skewness and kurtosis 
generated by volatility feedback 

Glosten, 
Jagannathan and 
Runkle (1993) 

Negative and significant 
NYSE: monthly data, 
Apr.1954 to Dec.1989 

 

Bivariate 
GJR-GARCH-
M 

Normal 
Distribution 

Allows for asymmetric volatility 
responses to signed innovations;  
Incorporates seasonal dummies and 
nominal interest rates in conditional 
variance 
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Table 1 Continued  

 
Pagan and Hong 

(1991) 
Negative and significant 

 
NYSE: monthly returns, 
Jan. 1953 to Dec. 1984 

 
 

Non-parametric 
model  The significance of the results depends on 

an arbitrarily chosen parameter 

Chan, Karlyi and 
Stulz (1992) 

No significant results 
 

S&P-500: Daily returns, 
Jan. 3, 1978 to Dec. 31, 
1989 

GARCH-M Normal 
distribution 

Chan et al. speculate that the insignificant 
results may be due to price measurement 
errors 

Harvey and 
Siddique (1999) 

 
 

US daily data: Insignificant; 
German daily data: Positive 
significant for GARCH-M and 
GARCH-M with skewness; 
Japanese daily data: Positive 
significant for GARCH-M, 
negative and significant for 
EGARCH-M; 
US monthly data: Negative 
significant for GARCH-M, 
GARCH-M with skewness. 

 

NYSE: Daily, weekly 
and monthly data, Jan. 
1951 to Dec. 1995; 
Dax 30 (Germany): Jan. 
4, 1975 to Dec. 31, 
1997; 
Nikkei 225 (Japan): Jan. 
4, 1980 to Dec. 31, 1997 

GARCH-M 
with skewness; 
GJR-GARCH-
M; 
EGARCH-M; 
GARCH-M; 

Non- 
central t 

distribution 

No results reported for weekly data and 
not for monthly data on Germany and 
Japan. 
Allows for time-varying skewness and 
kurtosis 

The ‘Results’ column reports what is found for the relation between the conditional expected return and the conditional variance.  The ‘Model’ column reports what 
statistical model is used to generate the conditional expected return and conditional variance. The ‘Distribution’ column tells what underlying distribution is assumed 
for the conditional errors when estimating the model. 
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2. The Mean/variance Relation and the Conditional Distribution  
 

It is reasonable to characterize a linear and positive relation between the expected 

return and the conditional variance of excess return on stocks. An expected increase in 

volatility raises the required return on equity, consistent with the theme that investors 

demand higher returns for bearing more risk. Many attempts for measuring this trade-

off between mean and variance have led to conflicting results, mainly from studies 

using the standard GARCH-M model. Various techniques have been tried to resolve this 

conflict. For example, Glosten, Jagannathan, and Runkle (1993) incorporate dummy 

variables in the GARCH-M model to capture seasonal effects; Chou, Engle and Kane 

(1992) introduce time variations in the relation between risk and return; Pagan and 

Hong (1991) use nonparametric techniques to estimate the first two conditional 

moments. Despite the volume of research on this issue, no general agreement has been 

reached on a conclusive relationship between the expected return and the conditional 

variance within the GARCH-M framework. 

The standard GARCH-M model (Engle, Lilien, and Robins (1987)) assumes 

normally distributed errors and explicitly makes the expected return linearly dependent 

upon the conditional variance. This dependence, however, will diminish if sampled 

returns are indeed conditionally normally distributed as assumed by the model. Since a 

normal distribution is symmetric in shape, and the symmetry implies a zero correlation 

between the expected return and volatility. Despite the normality assumption, the 

unconditional distribution of ARCH process has been shown to have tails thicker than 

the normal distribution. Even with this property, the ARCH type models with 

symmetric distributions are unable to represent the asymmetric feature of empirical 

return distribution, and the residuals can still be skewed and fat-tailed. Therefore the 

inability to model return asymmetry could result in spuriously correlated mean and 

variance, this partially explains why empirical returns that can be modeled as GARCH-

M processes more often support a non-zero mean/variance relation in practice despite 

the associated normality assumption. 

That return distributions are often asymmetric and highly leptokurtic directly 

questions the normality assumption underlying the standard GARCH-M model, because 

the excesses in skewness and kurtosis could potentially create spurious dependence 

between conditional mean and variance. That skewness and kurtosis are time-varying 
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also renders constant distributional assumptions unrealistically restrictive. Thus, a 

desirable extension is to explicitly consider time-varying shape parameters in the 

conditional distribution, like the case in Hansen (1994). This naturally enables us to 

accomplish two purposes: first, the more flexible distributional assumption allows 

returns to be correlated with future volatility, which in principle supports the notion that 

there is a relation between the expected return and conditional variance; second, 

including skewness in the modeling framework allows us to test whether the time-series 

skewness has a significant impact on the conditional mean and conditional variance 

process. 

The following specification makes the expected return dependent on the 

conditional variance and skewness: 

     tttt shr εβββ +++= 210 ,      (1) 

    12
2

110 −− ++= ttt hh αεαα ,      (2) 

    12
3

11 −− += ttt ss γεγ ,       (3) 

where the dependent variable tr  is the excess return, defined as the return on stock over 

and above the risk-free interest rate; the conditional variance of excess return, th , is 

defined in equation (2) as following a GARCH (1, 1) process; ts  is the conditional 

skewness of excess return, it is also autoregressive as the conditional variance process 

but without an intercept, this in effect forces 1γ  to be the same as unconditional 

skewness; tr  is assumed to be distributed as skewed Student’s t (Hansen (1994)) 

variables. 

The density function for the skewed Student’s t (Hansen (1994)) is given as 

follows: 
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where tttrz σµ )( −= . The parameters η  and λ control the shape of the conditional 

distribution, with ,2 ∞<< η  and 11 <<− λ . The degree of freedom parameter, η , 

controls tail thickness, while the non-centrality parameter, λ , controls the asymmetry of 



  

 29 
  

return distribution. When 0=λ , the skewed Student’s t-distribution reduces to the 

Student’s t-distribution. The constants a, b, and c in the density function are given by 

)
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To allow more flexible probability densities, the laws of motion for the shape 

parameters tη  and tλ  are specified as in Hansen (1994) 

2
11 −− ++= ttt cba εελ ,        (8) 

which is a function of lagged errors 1−tε , and 
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which is a logistic transformation of tλ ; the parameter tη  is constrained to lie in the 

region [L, U] as in equation (9), where L and U denote the lower and upper bound of the 

degrees of freedom parameter, respectively. The specifications in (8) and (9) allow the 

shape parameters to be time-varying7. Hansen (1994)’s simulations show that the 

degrees of freedom parameter tη  typically fall in the region [2, 30], with a mode value 

around 5.  

 It should be stressed that our tests for the distributional assumptions in relation to 

the mean/variance ratio are not limited to the specific choice of the skewed Student’s t 

density function; alternative specifications might have better properties. 

 To see how the conditional distribution with time-varying shape parameters 

performs relative to other types of distribution, we estimate two other GARCH-M 

models using conditional normal errors and Generalized Error Distribution (GED) 

(Nelson (1991)), respectively. The GARCH-M specification for the condition variance 

is given by 

                                                
7 The time-varying specifications for the dynamics of tλ  and tη  are not restricted to equations (8) and 

(9), other possible specifications like specifying both shape parameters as quadratic functions of 1−tε  are 
also given in Hansen (1994). 
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ttt hr εββ ++= 10 ,       (10) 
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where tr  is normally distributed when conditional normal density is used, and a GED 

variable when the conditional GED is used. The density function for the normal 

distribution is written as 
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and the density function for a GED (Nelson (1991)) distributed random variable 

)1,0(~tu , where tttt ru σµ )( −=  is given as 

{ }
υ

υ

υβ
βυ

/112)/1(

/2/1exp
)( +Γ

−
= t

t

u
uf , ∞<< υ0 ,    (13) 

with 
2/1

/2

)/3(
)/1(

2 �
	



�
�



Γ
Γ= −

υ
υβ υ . 

For υ  = 2 the GED is identical to a normal distribution and for υ  < 2, the kurtosis is 

greater than 3. 

 The rationale for having different distributional assumptions for the GARCH-M 

specification is as follows: Firstly, the conditional normal distribution implies 

uncorrelated mean and variance, as well as zero excess skewness and kurtosis. Also the 

fat-tailed and symmetric properties of the ARCH process that models conditional 

variances are inadequate to capture the excess skewness and kurtosis in empirical 

returns, the excesses could in turn lead to spuriously correlated mean and variance. Thus 

empirically we might expect a zero (if returns are indeed normally distributed) or non-

zero (if returns are not normally distributed) mean/variance ratio for returns modeled as 

ARCH processes. Secondly, the Generalized Error distribution allows for kurtosis but 

not skewness and includes normal as a special case, the symmetric property also implies 

that in principle excess returns are conditionally uncorrelated with changes in 

conditional variance, same as the case with normal distribution. The difference lies in 

possible reduction in the tail weight due to the explicit modeling of the kurtosis 

parameter. Thirdly, the skewed Student’s t-distribution allows for both kurtosis and 

skewness; such explicit consideration of asymmetry and fat tails gives us reason to 

expect significantly correlated mean, variance and skewness, that is, priced volatility 
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and skewness. In sum, different distributional assumptions can lead to very different 

mean/variance relations, ceteris paribus. 

More fundamentally, if a positive mean/variance ratio can be linked to investors’ 

risk preferences8, then the inclusion of skewness adds another possibility: a negative 

mean/skewness ratio induced by asymmetric risk preferences, i.e., for negatively 

skewed portfolios, investors demand higher expected returns.  

 

3. Data 
  

The data sets in this paper include daily continuously compounded value-weighted 

returns on the S&P500 Index (U.S.), the DAX Index (Germany) and the FTSE100 

(UK). The samples are from Jan. 2, 1990 to Dec. 29, 2000, for a total of 2869 

observations9.  

Table 2 presents the summary statistics for daily returns on S&P500, FTSE100 and 

DAX. The summary statistics show that S&P500 and DAX are left-skewed while 

FTSE100 is right-skewed. All else equal, FTSE100 is more desirable to hold as a 

portfolio, since on average there is a larger probability to get positive returns than 

negative returns of a given magnitude. The opposite is true for S&P500 and DAX. All 

series have excess kurtosis compared to normal, and overall the Jarque-Bera normality 

tests show strong departure from normality. Hence, the asymmetric and fat-tailed 

feature of the data provides support for us to proceed with the skewed Student’s t 

density assumption. The Ljung-Box Q-statistics show strong first and second moment 

effects, suggesting that the sources of autocorrelation could be time-varying risk 

premium and time-varying conditional variance, which is among the issues that we 

intend to examine. 

                                                
8 That is, if variance is a proper risk proxy, then a risk-averse investor will demand a higher expected 
return for a given risk, postulating a positive relation between mean and variance. In this sense, investors’ 
degree of risk aversion can be measured by the mean/variance ratio. 
9 We use the log returns of S&P500, DAX and FTSE100 in the estimation process; this essentially 
assumes that the risk-free rate of return is zero. Our purpose is to preserve the distributional 
characteristics of the original indices. This is in response to the fact that the returns on the risk-free 
proxies have distinctly different distributional characteristics as the returns on indices.  
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Table 2 
Summary Statistics for Daily Returns (in Percentage) 

 

 S&P500 
 

FTSE100 
 

 

DAX 
 

Mean 0.0459 0.0329 0.0274 
Median 0.0181 0.0000 0.0200 

Maximum 4.9887  5.4400  4.6600 
Minimum -7.1127 -4.1400 -10.710 
Std. Dev. 0.9319 0.9273 0.8292 
Skewness -0.2902 0.0172 -1.3241 
Kurtosis 7.9595 4.9633 17.342 

Jarque-Bera 2980.6 460.92 25429.0 
Probability 0.0000 0.0000 0.0000 

    
Qstat(5) 11.883 22.285 43.207 

Qstat(25) 55.927 67.137 79.114 
Q2stat(5) 261.43 283.55 193.39 
Q2stat(25) 708.97 1106.4 256.90 

    
The summary statistics are for continuously compounded value-weighted returns on the S&P500 Index 
(U.S.), the DAX Index (Germany) and the FTSE100 (UK). The samples are from Jan. 2, 1990 to Dec. 29, 
2000, a total of 2869 observations.  Ljung-Box Q-statistics for return level (Qstat) and return squared 
(Q2stat) are in all cases significant at 5%. Jarque-Bera Normality tests show strong departure from 
normality for all series. 
 
 
4. Empirical Results 
 
 Our estimation procedure is multi-step: first, the standard GARCH-M specification 

(10) and (11) is estimated using respectively the conditional normal distribution and the 

Generalized Error Distribution (GED); next, equations (1), (2) and (3) are estimated 

using the skewed Student’s t-distribution. The three classes of models roughly 

characterise each type of conditional distribution. To reach global maximum, good 

starting values are essential for estimating the skewed Student’s t model. We obtain 

estimates from the conditional normal GARCH-M model and use them as reference for 

setting the starting values. The iterative optimisation algorithm for the maximum 

likelihood function is Berndt, Hall, Hall, and Hausman (BHHH) (1974). 

Table 3 presents the results for S&P500 daily returns. In the conditional normal 

GARCH-M model, the relation between the expected return and the conditional 

variance, as measured by 2β , is positive but insignificant. Thus the S&P500 returns 

modelled as ARCH processes still display excesses in skewness and kurtosis, these 
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excesses could result from inconsistent distributional assumptions and lead to a nonzero 

2β . In the GED model, the coefficient linking the conditional variance to the expected 

return 2β  is also positive and insignificant, suggesting that simply allowing for thicker 

tail itself does not contribute to explain the mean/variance relation in this case.  

The results for the skewed Student’s t model are quite telling. The mean and 

variance trade-off, the GARCH-M parameter 2β , is now positive and significant at 1%, 

that is, volatility is priced and of the correct sign. Thus the asymmetric feature that 

distinguishes the skewed Student’s t-distribution from the other two symmetric 

distributions could be the cause for this significant mean and variance relation. This 

finding says that periods of high volatility are generally associated with high returns. 

The GARCH term 2α  in the conditional variance equation is persistent in all cases, 

though the degree of persistence declines from 0.953 (GED) to 0.686 (skewed t). This is 

consistent with the notion that the ARCH process depicts a specific type of nonlinear 

dependence that leads to predictable changes in volatility. Since volatility is priced and 

persistent, an anticipated increase in volatility would raise the expected return thus 

lower current stock prices, which supports the volatility feedback story of volatility 

asymmetry, i.e., changes in conditional volatility induce return shocks. The intercept in 

the conditional variance equation, 0α , is larger for the skewed Student’s t model than 

that in the other two models. Since the time-varying skewness is more transient in 

nature it explains more of the conditional dynamics of returns, the skewed t 

specification models a substantial portion of the time-varying conditional variance or 

smoothes it out such that there is a lesser degree of heteroskedasticity in the conditional 

variance (i.e. lower 21 αα + ), the unconditional variance10, as measured by a multiple of 

the intercept 0α , is expected to reflect this difference in its components, i.e. larger value 

of 0α  is accompanied by a lower multiple translated from a lower level of persistence 

21 αα +  . 

Another distinctive feature of the skewed Student’s t model is that it allows time-

varying shapes in the conditional distribution. This is in direct contrast to the other two 

models—the conditional normal and GED GARCH-M; these two models share one  

                                                
10 The unconditional variance of a GARCH (1, 1) process is derived as ))(1()( 210

22 ααασε ε +−==tE , if 

121 <+ αα . 
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Table 3 
Model for S&P500 Daily Returns 

 

Model Parameter 

GARCH  
Estimate  

           (t-Statistic)       

GED  
Estimate 

 (t-Statistic) 

Skewed t  
Estimate  

(t-Statistic) 
     

0β  0.022 0.023 0.098 
 (0.918) (1.149) (3.707)*** 
1β  0.039 0.006 0.016 
 (1.939)* (0.319) (67.37)*** 
2β  0.053 0.031 0.039 
 (1.559) (1.091) (3.795)*** 
3β    -0.081 

Conditional 
Mean  
Equation 

   (0.000) 
 

0α  
 

0.005 
 

0.003 
 

0.746 
 (4.358)*** (2.059)* (20.39)*** 
1α  0.052 0.044 0.068 
 (11.78)*** (6.501)*** (3.887)*** 
2α  0.944 0.953 0.686 

 
Conditional 
Variance 
Equation 

 (198.2)*** (135.5)*** (61.04)*** 
 

1γ     
-0.028 

   (0.000) 
2γ    -0.698 

 
Conditional 
Skewness 
Equation 

   (-186.3)*** 
     

Likelihood  -3540.9 -3446.4 -2235.5 
     

The results presented in this table are obtained using models under different distributional assumptions. 
GARCH model uses Normal Error Distribution; GED stands for Generalized Error Distribution, which 
permits thicker tails but still assumes symmetrical shapes; Skewed t uses Skewed Student’s t-distribution 
that permits both thicker tails and asymmetric shapes. The sample includes continuously compounded 
value-weighted returns on the S&P500 Index from Jan. 2, 1990 to Dec. 29, 2000, a total of 2869 
observations. 
 

Conditional Mean Equation:   
ttttt shrr εββββ ++++= − 32110
,  

where 1−tr is the lagged one period return, included to 
account for the effect of non-synchronous trading. 

Conditional Variance Equation:  12
2

110 −− ++= ttt hh αεαα , 

Conditional Skewness Equation:  12
3

11 −− += ttt ss γεγ . 
The t-Statistics are reported with * denoting significance at 5%, **denoting significance at 3% (this 
significance level is used here as it more clearly distinguishes the significances of the results in this 
paper), ***denoting significance at 1%. 
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common assumption, namely constant conditional error distribution. Comparing the 

estimates from different models, we speculate that the assumption for constant versus 

time-varying conditional distribution could also affect the significance of the 

mean/variance relationship, for the fact that the mean and variance processes are also 

time-varying.   

In the conditional skewness equation for the skewed Student’s t model, the 

unconditional skewness parameter 1γ  is insignificantly different from zero; the 

autoregressive parameter 2γ  is significant and negative (-0.698), suggesting that period 

of high skewness are followed by period of low skewness. The skewness-in-mean 

estimate 3β , is negative and insignificant, implying that investors might have 

asymmetric risk preference but on average do not systematically acknowledge large 

return surprises of either sign. Harvey and Siddique (1999) argue that the time series 

variations in conditional skewness can be viewed as analogous to heteroskedasticity. In 

that case, the inclusion of skewness in the conditional mean equation plays the role of 

correcting for heteroskedasticity, this might indirectly contribute to the significance of 

the mean/variance ratio 2β  and explain the insignificance of the mean/skewness ratio, 

i.e., changing skewness has no permanent effect on the level of expected return.  

Finally, the log likelihood function value is substantially improved, from –3540 

(GARCH) to –2235 (skewed t). Overall, the time-varying specification of skewness and 

kurtosis in the skewed Student’s t model appears sufficient to account for the 

asymmetry and heavy tails in S&P500 returns. 

In tables 4 and 5, the results for FTSE100 and DAX11 show similar pattern to 

S&P500. When the skewed Student’s t-distribution is used, 2β , the parameter for the 

relation between the expected return and the conditional variance, is positive and 

significant. French, Schwert, and Stambaugh (FSS) (1987) note that the traditional 

GARCH-M model seems to have too high predictions of expected excess returns, 

almost twice the average realized excess returns. This could be the case resulting from 

assuming normally distributed errors or applying constant parameter restrictions on 

skewness and kurtosis when, in fact, they are both non-normal and time-varying. As 

                                                
11 A dummy variable is included in the mean equation for the DAX index, as the index return on August 
19th, 1991 is considered an outlier. The coefficients for the dummy,

4β , take on large negative values as 
expected. 
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such, some part of the dependence between mean and variance can be spurious due 

either to the presence of excess skewness or to the variations in sample moments. FSS 

suggest that a model allowing for skewness might correct the overestimates of the 

expected returns in the standard GARCH-M model. Our results seem to be consistent 

with FSS’s argument.  For negatively skewed S&P500 and DAX and positively skewed 

FTSE100, use of skewed Student’s t results in smaller 2β  than that from conditional 

normal GARCH-M model.  

Additionally, skewness seems to cause a substantial decline in persistence in 

variance, as measured by 2α , when comparing across the conditional variance 

equations. This indicates that the conditional skewness appears to affect the dynamics of 

the conditional variance, which in turn influences the conditional mean equation, as 

evidenced by the significance of the variance-in-mean parameter. The skewness-in-

mean parameter 3β  is negative and insignificant in all cases, suggesting that skewness is 

not priced with this particular set of models and distributions. Using an alternative 

specification—the three-moment conditional CAPM, Harvey and Siddique (2000) find 

that systematic skewness is economically important and commands a risk premium of 

3.6% on average.  The autoregressive parameter in the conditional skewness equation 

2γ  is significant but positive (0.078) for FTSE100 and negative (-0.477) for DAX. 

Finally, the log likelihood function values indicate that the skewed Student’s t model 

outperform the conditional normal GARCH-M model and the Generalized Error 

Distribution (GED) model in all cases. 

Overall, use of different conditional distributions does seem to have an impact on 

the model performance. Both the normal error distribution and Generalized Error 

Distribution12 restrict the shape parameters to be constant over time. The allowance for 

skewness and time-varying shapes in the skewed Student’s t density makes it applicable 

beyond the constant symmetric conditional distribution; in particular, this exploration 

reduces the spurious dependence between mean and variance that is doomed to be weak 

and ambiguous under constant and symmetric distributions. Accordingly, two notable 

results are found: a significant mean/variance ratio and reduced volatility persistence.  

                                                
12 The degree of freedom parameters in the GED distribution are 1.23, 1.58, and 1.34 for S&P500, 
FTSE100, and DAX, respectively. They are all less than 2, indicating highly leptokurtic distributions for 
the three market indices. 
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Table 4 
Model for FTSE100 Daily Returns 

 

Model Parameter 

GARCH 
Estimate 

(t-Statistic) 

GED 
Estimate 

(t-Statistic) 

Skewed t 
Estimate 

(t-Statistic) 
     

0β  0.008 0.013 0.055 
 (0.256) (0.434) (6.319)*** 
1β  0.058 0.045 0.073 
 (2.971)*** (2.328)** (194.9)*** 
2β  0.046 0.037 0.025 
 (1.080) (0.939) (5.449)*** 
3β    -0.199 

Conditional 
Mean 
Equation 

   (-0.003) 
 

0α  
 

0.008 
 

0.007 
 

0.251 
 (2.812)*** (2.748)*** (2.980)*** 
1α  0.049 0.048 0.016 
 (5.325)*** (6.531)*** (3.454)*** 
2α  0.942 0.943 0.865 

 
Conditional 
Variance 
Equation 

 (89.32)*** (108.2)*** (19.60)*** 
 

1γ     
-0.033 

   (-0.003) 

2γ    0.078 

 
Conditional 
Skewness 
Equation 

   (15.92)*** 
     

Likelihood  -3641.5 -3619.0 -2946.2 
     

The results presented in this table are obtained using models under different distributional assumptions. 
GARCH model uses Normal Error Distribution; GED stands for Generalized Error Distribution, which 
permits thicker tails but still assumes symmetrical shapes; Skewed t uses Skewed Student’s t-distribution 
that permits both thicker tails and asymmetric shapes. The sample includes continuously compounded 
value-weighted returns on the FTSE100 Index from Jan. 2, 1990 to Dec. 29, 2000, a total of 2869 
observations. 
 

Conditional Mean Equation:   ttttt shrr εββββ ++++= − 32110 , 

  where 1−tr is lagged one period return, included to account  
for the effect of non-synchronous trading. 

 
Conditional Variance Equation:  12

2
110 −− ++= ttt hh αεαα , 

Conditional Skewness Equation:  12
3

11 −− += ttt ss γεγ . 
The t-Statistics are reported with * denoting significance at 5%, **denoting significance at 3% (this 
significance level is used here as it more clearly distinguishes the significances of the results in this 
paper), ***denoting significance at 1%. 
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Table 5 
Model for DAX Daily Returns 

 

Model Parameter 

GARCH 
Estimate 

(t-Statistic) 

GED 
Estimate 

(t-Statistic) 

Skewed t 
Estimate 

(t-Statistic) 
     

0β  0.035 0.019 0.034 
 (1.683) (-0.913) (16.76)*** 
1β  0.112 0.109 0.094 
 (3.887)*** (6.119)*** (308.4)*** 
2β  0.029 0.047 0.014 
 (0.723) (1.215) (7.167)*** 
3β    -0.030 
   (0.000) 
4β  -8.561 -8.778 -8.991 

Conditional 
Mean 
Equation 

 (-2.900)*** (-42.09)*** (-21.23)*** 
 

0α  
 

0.036 
 

0.029 
 

0.252 
 (4.471)*** (4.576)*** (14.156)*** 
1α  0.148 0.124 0.112 
 (4.901)*** (7.949)*** (6.784)*** 
2α  0.796 0.829 0.715 

 
Conditional 
Variance 
Equation 

 (24.10)** (38.79)*** (37.10)*** 
 

1γ    
 

-0.012 
   (0.000) 

2γ    -0.477 

 
Conditional 
Skewness 
Equation 

   (-2.637)*** 
     

Likelihood  -3112.8 -3044.9 -1524.4 
     

The results presented in this table are obtained using models under different distributional assumptions. 
GARCH model uses Normal Error Distribution; GED stands for Generalized Error Distribution, which 
permits thicker tails but still assumes symmetrical shapes; Skewed t uses Skewed Student’s t-distribution 
that permits both thicker tails and asymmetric shapes. The sample includes continuously compounded 
value-weighted returns on the FTSE100 Index from Jan. 2, 1990 to Dec. 29, 2000, a total of 2869 
observations. 

Conditional Mean Equation:   ttttt dumshrr εβββββ +++++= − 432110 , 

  where 1−tr is lagged one period return, included to account 
for the effect of non-synchronous trading. Dum=1 if it is 
8/19/1991 and 0 otherwise, the dummy is included to 
account for the outlying return on this date.  

Conditional Variance Equation:  12
2

110 −− ++= ttt hh αεαα , 

Conditional Skewness Equation:  12
3

11 −− += ttt ss γεγ . 
The t-Statistics are reported with * denoting significance at 5%, **denoting significance at 3% (this 
significance level is used here as it more clearly distinguishes the significances of the results in this 
paper), ***denoting significance at 1%. 
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The findings further point out that the coefficient linking the conditional variance 

to the conditional mean relies on correct specification of the conditional variance 

equation that in turn depends upon the combination of a correct functional form and the 

use of different conditional distributions for different samples.  

The results also suggest that including conditional skewness in the specification 

might impact the dynamics of the conditional volatility and conditional mean. This is 

because that the time-varying conditional skewness possesses the characteristics of 

heteroskedasticity (Harvey and Siddique (1999)), and the inclusion of skewness is 

analogous to modeling heteroskedasticity to obtain more efficient estimates. Turning to 

another interesting perspective, Campbell and Hentschel (1992) note that the volatility 

feedback effect can become extremely important during periods of high volatility and 

can have significant impact on the conditional skewness of returns. The above 

arguments point out that there exists a relationship between the conditional mean, 

conditional variance, and conditional skewness. The volatility feedback effect links the 

conditional mean to volatility, and volatility is less persistent and priced when 

conditional skewness is included in the modeling framework. 

Our results also have economic significance. The significant and positive mean and 

variance trade-off suggests that an anticipated increase in variance risk will change 

investors’ prices of risk and raise the required return. The conditional skewness captures 

the asymmetries in returns, which implies a negative skewness and return trade-off. The 

finding that conditional skewness is time-varying and not priced, however, indicates 

that the return surprises at the extreme ends do not lead investors to permanently revise 

their return expectations.  

 
5. Diagnostic Tests 
 
 We focus the diagnostics on the properties of the standardized residuals. The 

Ljung-Box Q-statistics investigate serial correlation in the first and second moments. 

Provided that the models are well specified, they should produce residuals that have 

standard normal distribution implied by the underlying econometric theory. The Q-

statistics in tables 6, 7 and 8 clearly shows that there is no evidence of second order 

dependence in all the three indices and for different models. The case is different for the 

first moment test. For daily returns on S&P500, conditional normal GARCH and 
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skewed t show no dependence in the standardized residuals, but the standardized 

residuals for GED is serially correlated at 3%. For daily returns on DAX, it turns out 

that first order dependence still exists for all the three models. Since we have restricted 

our specification to the standard GARCH-M model, the diagnostics for DAX suggest 

that there might be other economic variables important in driving the expected return of 

DAX, or simply, there is a lot of noise in the data. Evidence for FTSE100 in Table 7, on 

the other hand, shows that the model is robust against both the first moment and second 

moment tests. 

 Next, we compare another set of statistics of the standardized residuals, namely 

skewness and kurtosis. For daily returns on the S&P500, the skewness of the 

standardized residuals ranges from –0.443 (GED) to –0.334 (skewed t) and kurtosis 

shows a steady decline from 5.498 (GARCH) to 3.941 (skewed t). That is, the skewed 

Student’s t-distribution sees the most reduction in both asymmetry and fat tails, and is a 

better description of the data-generating process. This is also the case for FTSE100. In 

comparison, the statistics for DAX in Table 8 shows that the standardized residuals for 

the skewed Student’s t model are more negatively skewed though less thickly tailed 

compared to the other two models. 

 Figures 1 and 2 graph the behaviour of conditional variance13 and skewness for 

FTSE100 returns. Figures 1A and 1B show rather persistent clustering of conditional 

variance for the conditional normal GARCH-M and GED models, respectively; the two 

plots demonstrate quite similar pattern, consistent with our parameter estimates. The 

inclusion of time-varying shapes in the skewed Student’s t-distribution smoothes out the 

conditional variance function as shown in Figure 1C, characterised by higher constant 

unconditional variance but less clustering and time variations in conditional variance. 

Figure 2 illustrates the substantial time series variations in conditional skewness, 

confirming its heteroskedastic nature. 

Overall, the GARCH-M model using the skewed Student’s t-distribution performs 

the best in some important ways. It survived the two conditional moment tests for the 

standardized residuals as measured by the Ljung-Box Q-statistics, and produced 

residuals that exhibit substantial reduction in asymmetry and fat tails. This suggests that 

there is little evidence of misspecification (as suggested by this particular set of 
                                                
13 The higher level of volatility occurred during the late 1990s could be explained by the irrational high 
valuation and active trading of high tech companies during that period. 
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diagnostic tests) using skewness and time-varying shapes in the conditional distribution. 

The time-varying shape parameters are allowed to vary as a function of conditional 

errors, as in Hansen (1994). Hence, any implications might be restricted to the specific 

set of parametric specifications.  
 
 
 

Figure 1. A, B, C 

A. Conditional Variance from the Standard GARCH-M Model  
Using Conditional Normal Distribution for Daily FTSE100 Returns 

 

 

B. Conditional Variance from the GARCH-M Model 
Using Generalized Error Distribution for Daily FTSE100 Returns 
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C. Conditional Variance from the GARCH-M Model  
Using Skewed Student’s t-distribution for Daily FTSE100 Returns 

 

Figure 2. Conditional Skewness from the GARCH-M Model  
Using Skewed Student’s t-distribution for Daily FTSE100 Returns 
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Table 6 
Diagnostic Tests for S&P500 

 
Ljung-Box  
Q-statistic 

 
Standardized Residuals  

 
Standardized Residuals Squared 

Number of Lags GARCH GED Skewed t  GARCH GED Skewed t 
        
5 10.621 16.148*** 3.643  4.385 5.026 0.204 

10 14.922 21.330** 10.542  6.818 7.700 3.183 
15 24.450 30.958*** 19.064  13.875 14.535 5.647 
20 27.867 34.588** 24.107  19.790 20.965 7.071 
25 34.130 40.539** 31.098  22.675 23.755 11.213 
        

Skewness -0.435 -0.443 -0.334     
Kurtosis 5.498 4.566 3.941     

        
The diagnostics are focused on the properties of the standardized residuals. We report Ljung-Box Q-
statistics for standardized residuals and standardized residual squared. The Q-statistics for standardized 
residuals are insignificant at 5% level for GARCH and Skewed t models, but significant at 3% level for 
GED. The Q-statistics for standardized residuals squared are in all cases insignificant at 5%. Skewness 
and Kurtosis for standardized residuals are presented below the Q-statistics. 
The t-Statistics are reported with * denoting significance at 5%, **denoting significance at 3% (this 
significance level is used here as it more clearly distinguishes the significances of the results in this 
paper), ***denoting significance at 1%. 
 
 

 
Table 7 

Diagnostic Tests for FTSE100 
 

Ljung-Box  
Q-statistic 

 
Standardized Residuals  

 
Standardized Residuals Squared 

Number of Lags GARCH GED Skewed t  GARCH GED Skewed t 
        
5 3.886 4.611 1.449  3.220 2.254 3.065 

10 11.386 12.242 6.122  7.622 6.107 4.723 
15 17.779 18.934 9.353  14.096 12.617 7.829 
20 24.348 25.627 10.556  19.953 18.903 8.913 
25 27.242 28.678 15.166  32.247 29.635 11.327 
        

Skewness -0.049 -0.049 0.008     
Kurtosis 4.178 3.586 3.650     

        
The diagnostics are focused on the properties of the standardized residuals. We report Ljung-Box Q-
statistics for standardized residuals and standardized residual squared. The Q-statistics for standardized 
residuals and standardized residuals squared are in all cases insignificant at 5%. Skewness and Kurtosis 
for standardized residuals are presented below the Q-statistics. 
The t-Statistics are reported with * denoting significance at 5%, **denoting significance at 3% (this 
significance level is used here as it more clearly distinguishes the significances of the results in this 
paper), ***denoting significance at 1%. 
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Table 8 

Diagnostic Tests for DAX 
 

Ljung-Box  
Q-statistic 

 
Standardized Residuals  

 
Standardized Residuals Squared 

Number of Lags GARCH GED Skewed t  GARCH GED Skewed t 
        
5 30.852*** 33.739*** 29.400***  6.421 8.964 0.532 

10 38.051*** 41.307*** 36.898***  12.573 15.562 6.132 
15 47.547*** 51.459*** 44.186***  15.425 17.773 7.756 
20 52.226*** 55.865*** 52.049***  16.759 19.214 8.656 
25 56.284*** 60.124*** 56.220***  18.695 20.623 9.944 
        

Skewness -0.313 -0.309 -0.411     
Kurtosis 4.689 4.219 3.602     

        
The diagnostics are focused on the properties of the standardized residuals. We report Ljung-Box Q-
statistics for standardized residuals and standardized residual squared. The Q-statistics for standardized 
residuals are in all cases significant at 1%, while the Q-statistics for standardized residuals squared are 
unanimously insignificant at 5%. Skewness and Kurtosis for standardized residuals are presented below 
the Q-statistics. 
The t-Statistics are reported with * denoting significance at 5%, **denoting significance at 3% (this 
significance level is used here as it more clearly distinguishes the significances of the results in this 
paper), ***denoting significance at 1%. 
 
 
 
 
 
6. Conclusions 
 
 When skewness and time-varying shapes are incorporated into the conditional 

distribution of the GARCH-M model, there is a positive and significant relation 

between the conditional mean and conditional variance of excess return on stock; in 

addition, there is a substantial reduction in persistence in volatility. The findings support 

the volatility feedback story of volatility asymmetry, namely an anticipated increase in 

volatility raises the expected return and lowers current stock prices. We have shown that 

the conditional normal distribution is often violated in the standard GARCH-M model, 

and the Generalized Error Distribution that permits thicker tails does not fare better. 

Alternative specifications that allow for time-varying shapes in the conditional density 

outperform the constant parameter conditional distribution. 

 There is also evidence that conditional skewness is time-varying (consistent with 

Harvey and Siddique (1999)) and has significant impact on the expected return and 
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conditional volatility. There seems to be an intimate relation between the expected 

return, conditional variance and conditional skewness. The inclusion of conditional 

skewness influences the persistence in the conditional variance and contributes to the 

significance of the relation between the expected return and conditional variance. 

Following the spirit of Harvey and Siddique (1999), we suggest that conditional 

skewness plays the role of smoothing out the conditional mean and conditional variance 

process, analogous to correcting for heteroskedasticity to obtain efficient estimates. 

 The estimation of time-varying moments also puts to test asset-pricing models that 

impose higher moment restrictions, and is important in understanding the return, risk 

and skewness feature of different assets. It also provides us some insights as to whether 

asset returns should include a component attributable to the higher moments. 
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1. Introduction 
 
 

Factor models assume that asset return is governed by a market factor, an industry 

factor, or some macro factors like money growth and industrial production. If asset 

return has such a factor structure, then its return volatility should be related to the 

volatilities of those factors.  

Many researchers have sought to analyze the effect of economy-wide factors, 

industry factors or firm specific factors on the volatility of asset returns. Empirical 

evidence suggests that financial variables such as interest rates, corporate bond return 

volatility and financial leverage are related to stock return volatility (Breen, Glosten and 

Jagannathan (1989), Black (1976), and Christie (1982)).  

On an aggregate level, stock market volatility is related to economic activity 

(Schwert (1989)), financial leverage (Christie (1982) and Schwert (1989)), and real and 

nominal macroeconomic volatility (Officer (1976) and Schwert (1989)). 

Macroeconomic volatility is further related to interest rates (Mascaro and Meltzer 

(1983), and Lauterbach (1989)). It follows that aggregate stock market volatility 

incorporates most of the economy-wide factors that also affect individual asset return 

volatility. Since market volatility is the volatility experienced by holders of individual 

stocks or index funds, the question naturally arises of whether the aggregate market 

volatility could be used as one embracing factor in explaining the volatility of asset 

return. 

Based on the static Capital Asset Pricing Model (CAPM), Campbell et al. (2001) 

decompose the stock return volatility into such factors as market volatility, industry 

volatility, and an idiosyncratic volatility that captures firm-specific information; they 

find that over the period from 1962 to 1997, market volatility accounts for about 16 

percent of total volatility of an average firm, industry volatility accounts for about 12 

percent, and firm-level volatility 72 percent. Since it is a commonplace observation that 

stock market volatility changes over time, a natural variation would be to analyze the 

association between aggregate market volatility and total asset volatility in a dynamic 

setting. ARCH (Autoregressive Conditional Heteroskedastic) (Engle (1982)) models are 

among the most popular techniques to capture time variations in the second moments. 
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Specifically, the time-varying total risk of an asset could be decomposed into an asset 

specific risk component and a systematic risk component that relates to the aggregate 

market volatility. This systematic volatility component implicitly embodies most of the 

macroeconomic effect in the conditioning information set, such as the use of interest 

rate as in Glosten, Jagannathan and Runkle (1989). 

In the CAPM theory of risk and return relation, where risk is measured by the 

covariance risk of an asset with the market, stock market volatility is the relevant 

concept as idiosyncratic risks can be diversified away. In defining the mean/variance 

relation however, asset risk is equated to its own variance, and the total volatility of an 

individual asset is more relevant. Hence in the GARCH-M parameterization, the 

mean/variance ratio measures investor’s preference for this total variance risk, and the 

expected return depends on this risk price; persistence in volatility then implies that the 

risk premium could change in a predictable way. If an asset’s conditional volatility 

process could be disaggregated into a systematic market volatility component and an 

asset specific component, then subsequent in-mean estimation could give risk prices 

attributable to sources from the systematic market volatility component and from its 

idiosyncratic counterpart. The existence and sign of this mean/variance relation, 

however, have been questioned by empirical studies. For example, Campbell (1987), 

Nelson (1991), Chan et al. (1992), Campbell and Hentschel (1992) fail to obtain a 

significant risk and return relationship. French et al. (1987) find a positive relationship 

and Glosten et al. (1993) find a negative relationship. Possible responses to these 

conflicting findings are speculated as follows: first, the conditional error distributions 

are in most studies assumed symmetric, which might be restrictive and result in biased 

volatility estimates if the true return distribution is asymmetric in shape. Second, the 

functional form assumed by the variance equation is important and could directly 

influence the in-mean parameter estimates. Third, the relationship between risk and 

return itself could be nonlinear (Backus and Gregory (1993)), or time-varying (Chou, 

Engle and Kane (1992)). This paper focuses on exploring the first two possibilities 

while restricting the risk and return relation to be linear.  

The purpose of this paper is then to consider a conditional volatility decomposition, 

with aggregate market volatility as one embracing factor that captures risks in the 

aggregate like the volatility of economy-wide factors, the idiosyncratic volatility will 
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then represent risks from asset specific factors. Additionally, the expected risk premium 

of individual asset can be represented parsimoniously as being proportional to its own 

variance and to the market risk premium. This tests the notion that asset risk premium is 

not merely a function of systematic risk but also depends upon asset own variance risk, 

where the parameter for the latter would not be significant if the conditional CAPM 

holds. With knowledge for this risk preference measure, the assessment for the scale 

and evolution of asset risk premium would be more tractable and complete. The 

estimation will use a more flexible conditional distribution - the skewed Student’s t-

distribution14 (Hansen (1994)) - to account for both return asymmetry and fat tails. The 

combination of these three would produce a parsimonious conditional volatility 

representation, a mean/variance tradeoff for an individual asset, and a measure for the 

systematic risk of an asset. In this paper, we use daily data on value-weighted returns on 

the FTSE100 and DAX market index, and three industry indices from each of the two 

markets, covering the period 1990 to 2000, which is a time series of 2869 observations. 

There is a close relation between the expected risk premiums and volatility. 

Malkiel (1979) and Pindyck (1984) suggest that stock market volatility induces 

fluctuations in risk premium that is in turn responsible for a significant part of price 

variations. Studies by Baillie and Bollerslev (1990), Engle, Ng and Rothschild (1990), 

and Nelson (1991) use ARCH-M variations to tie risk premium to time-varying 

conditional variances of asset returns. Ng, Engle and Rothschild (1992) and Koutmos 

(1997) use more complex multi-dynamic factor models to obtain a relationship between 

excess return, market risk premium and conditional second moments. Despite the 

                                                
14 Since the excesses in skewness and kurtosis could potentially create spurious dependence between 
conditional mean and variance, the use of symmetric distributions would be inadequate to capture the 
asymmetry and fat-tailed feature of asset return, thus affecting the true mean and variance relation. A 
more flexible distribution like the skewed Student’s t-distribution is thus used in this paper to 
accommodate the asymmetric feature of return distributions.  
The density function for the skewed Student’s t-distribution (Hansen (1994)) is given as follows: 
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possibility that theory can generate a variety of relations between risk premium and 

conditional second moments—increasing, decreasing or u-shaped (Backus and Gregory 

(1993)), we follow the monotonically increasing function form employed by most 

studies15 (Ng, Engle and Rothschild (1992) and Koutmos (1997)) and focus instead on 

the specific issue of whether the time-varying market risk premium could account for a 

significant portion of individual asset risk premium. This idea is in response to some 

empirical findings that the market factor is not priced in tests of static factor models 

(Chen, Roll and Ross (1986)). 

This paper proceeds as follows: section 2 presents the conditional variance 

decomposition model, discuss its features and its interpretation, section 3 gives the data 

and reports the main empirical results, and section 4 concludes the paper. 

 

2. A Variance Decomposition Model  
 

 The following specification makes the expected return dependent upon its own 

conditional variance and a time-varying market risk premium: 

   titpmitiiiti rhr ,,,21,,1,0, εααα +++= − ,      (1) 

     =i  1, . . . . . N, 

where tir , is individual stock excess return, defined as the return on stock over and above 

the risk-free interest rate; tpmr ,  is time-varying market risk premium; 1, −tih  is the 

conditional variance of individual stock excess return at time t-1. Equation (1) suggests 

that the risk premium of a risky asset is related to the market risk premium as well as to 

other variables (including asset specific, omitted or unspecified), the latter is 

represented by a monotonic function of the asset’s conditional variance tih ,  that is 

defined in equation (2) as 

1,1,2,1
2

1,,21,,1,0, −−−− ++++= tmtitmtiitiiiti hhh ηεγγεβββ .  (2) 

Equation (2) says that the conditional variance of individual stock excess return tih ,  is 

decomposed into an asset specific factor that follows a GARCH (1,1) process, and a 

market factor that represents the contemporaneous systematic relationship between the 

                                                
15 Since expected risk premium is related to predictable volatility, different functional forms for them can 
imply different market risk premiums, in turn leading to different relations with individual asset risk 
premiums under the conditional CAPM model. 
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individual asset conditional variance tih ,  and market conditional variance tmh , . Since the 

standard GARCH specification can be restrictive in that conditional volatility is made a 

function of past prediction errors, the inclusion of tmh ,  here is to capture the current 

market-wide unpredictable component of volatility at time t.  The cross product term is 

of the lagged innovations in asset 1, −tiε  and lagged innovations in market 1, −tmη ; it 

measures the time-varying co-variations between asset and market innovations, and is 

updated each period using revealed surprises in last period’s asset and market returns.   

The market conditional variance tmh ,  is also time-varying as  

2
1,,21,,1,0, −− ++= tmmtmmmtm hh ηβββ .     (3) 

The market excess return assumes a GARCH-M form; it is given as  

tmtmmmtm hr ,1,,1,0, ηαα ++= − .       (4) 

The maintained hypothesis for market risk premium is that it can be expressed as an 

increasing function of its conditional variance16, as in Merton (1973): 

      1,,1,0, −+= tmmmtpm hr αα .       (5)  

Risk aversion implies that 0,1 >mα ; the term m,0α  is included to account for market 

imperfections such as preferred habitats and tax effects. The returns tir , and tmr ,  are 

assumed to be distributed as skewed Student’s t (Hansen 1994)17 18 variables.  

The completely specified system (1) to (5) can in principle be estimated using full 

maximum likelihood. However, the number of parameters can be large, we thus employ 

Ng, Engle and Rothschild (1992)’s two-step estimation procedure: in the first step, 

                                                
16 Here the market risk premium is made a function of lagged one-period conditional variance 1, −tmh . 

According to the GARCH specification in equation (3), the forecast of tmh , is a weighted average of 2
1, −tmη  

and 1, −tmh . The lagged one-period shock 
1, −tmη  in turn enters the individual asset variance representation 

in equation (2). The use of 1, −tmh in the market risk premium representation is to explicitly account for any 

co-variations between the market and industry volatility and to avoid potential bias in the estimates due to 
the simultaneity problem, i.e., including tmh ,  both in the mean and in the variance equations. 
17 The skewed Student’s t-distribution is a skewed generalization of the Student’s t-distribution. It can 
handle both skewness and excess kurtosis in a parsimonious way, thus it should be the preferred 
specification in situations like severe return asymmetry and heavy tails. Hansen (1994) also details a 
time-varying version of the skewed Student’s t-distribution; in this paper, we use constant shape 
parameters in the conditional distribution. 
18  MacDonald and White (1993) show that estimators of a flexible distribution form that can model some 
salient features of the data  (such as skewness and excess kurtosis) generally outperform robust estimators 
in having lower standard errors. 
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equations (3), (4) and (5) are used to obtain conditional market variance and market risk 

premium; in the second step, the estimated conditional market variance and market risk 

premium could be used as predetermined variables in equations (2) and (1) respectively 

to obtain estimates for asset conditional variance and risk prices. There is one merit in 

using the two-step estimation procedure, namely, once market risk premium and 

conditional market variance are estimated, they can be used to obtain estimates for sets 

of assets with no need to re-estimate the whole system; this might sacrifice efficiency 

but consistency is maintained (Ng, Engle and Rothschild (1992)). To reach global 

maximum using the skewed Student’s t-distribution, good starting values are essential. 

We obtain estimates from the conditional normal GARCH-M model and use them as 

reference for setting the starting values. The best initial guesses for the shape parameters 

are the corresponding sample distribution statistics. The iterative optimisation algorithm 

for the maximum likelihood function is Berndt, Hall, Hall, and Hausman (BHHH) 

(1974). 

 
 
3. Data and Empirical Results  
 

Previous studies typically examine the effect of market volatility on individual 

stock volatility rather than the effect of market volatility on industry volatility, our 

empirical test aims to shed light on the issue of whether market volatility helps to 

explain industry volatility and to what extent. The data sets in this paper include daily 

continuously compounded value-weighted returns on the FTSE100 (UK), the DAX 

Index (Germany) and six industry groups19: CGD (Consumer Goods), IVC (Investment 

Companies), ISR (Insurance Companies), BAZ (Banking & Financial Services), UTZ 

(Telecom & Utilities), ELZ (Software & Technologies). The samples are from January 

2, 1990 to December 29, 2000, for a total of 2869 observations. FTSE100 and DAX are 

used as the market index for U.K. and Germany, respectively. The risk-free proxy is 

                                                
19 Ideally we would choose the same set of industries for each country. Sacrifice is made here due in part 
to the lack of standardization of data, i.e., we do not have the same industry indices with similar 
definitions. However, the choice of different industries for different countries is justified by the following 
reasons: U.K. and Germany are close in geography and are both Europe’s economic powerhouse, the 
openness of their economy and the globalization of companies could subject similar industries in these 
two countries to similar influences of industry-wide economic shocks. Additionally, the purpose of this 
empirical test is rather to give a more diversified look at the role of market volatility in the evolution of 
industry volatility, under this model specification, than to compare between countries. 
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one-month European Interbank Offer Rate (EURIBOR) rate. Daily excess returns are 

calculated using the rate of returns minus the risk-free rate.  

Table 1 reports the summary statistics for the excess return series. Apparently, all 

series exhibit asymmetry and heavy tails compared to normal, and the Jarque-Bera 

normality tests show strong departure from normality. The Ljung-Box Q-statistics 

(Q(10), Q(25)) for 10th-order and 25th-order serial correlation in the return levels are in 

all cases significant at 5% level, and those for the squared returns (Q2(10), Q2(25)) show 

strong presence of ARCH effects; these are symptoms of time-varying risk premium 

and time-varying variance, which are among the issues yet to be examined. 

Estimation of the model given by (1) to (5) is computationally burdensome, 

especially with the skewed Student’s t-distribution. Consequently, we restrict our 

sample to two major European markets, each with three industry groups that could be 

most representative of last decade’s economy.  

 
  

 

Table 1 
Summary Statistics for Daily Excess Returns (in Percentage) 

 
 

 
 

FTSE100 
 

CGD IVC ISR 
 

DAX 
 

BAZ UTZ ELZ 

Mean 0.014 -0.010 0.013 -0.001 0.008 0.009 0.0242 0.038 
Median -0.008 -0.012 0.036 -0.016 0.001 -0.009 -0.008 0.017 

Maximum 5.395 7.105 5.765 9.749 4.627 8.640 10.180 10.519 
Minimum -4.182 -5.890 -5.200 -9.809 -10.739 -10.889 -8.989 -9.669 
Std. Dev. 0.927 1.071 0.788 1.407 0.829 1.367 1.596 1.658 
Skewness 0.020 0.365 -0.441 0.276 -1.325 -0.059 0.033 -0.181 
Kurtosis 4.944 8.046 8.697 7.385 17.327 8.482 7.722 7.758 

Jarque-Bera 452.3 3107.9 3974.4 2335.3 25380.0 3595.1 2666.8 2721.9 
Probability 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 

         
Q(10) 40.733 100.23 86.021 58.489 53.231 27.147 25.518 29.021 
Q(25) 67.075 125.76 115.04 88.808 81.274 58.079 51.954 48.801 
Q2(10) 509.52 304.71 480.68 394.04 208.48 657.28 922.92 1069.7 
Q2(25) 1109.0 697.11 670.80 941.86 254.79 1060.9 1959.2 2214.5 

         
The summary statistics are excess returns on continuously compounded value-weighted FTSE100 Index 
(U.K.), the DAX Index (Germany) and six industries: CGD (Consumer Goods), IVC (Investment 
Companies), ISR (Insurance Companies), BAZ (Banking & Financial Services), UTZ (Telecom & 
Utilities), ELZ (Software & Technologies). The samples are from Jan. 2, 1990 to Dec. 29, 2000, for a 
total of 2869 observations.  Q(10) and Q2(10) are Ljung-Box Q-statistics applied to return level and 
return squared, respectively. They are in all cases significant at 5% level. Jarque-Bera Normality tests 
show strong departure from normality for all series. 
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Table 2 provides the empirical results for UK daily excess returns. As expected, the 

contemporaneous relationship between total conditional industry variance and 

conditional market variance, as measured by 1γ , assumes a positive sign and is 

statistically significant at 3% level in two out of three cases, namely IVC (Investment 

Companies) and ISR (Insurance Companies). This suggests that for industries—IVC 

and ISR, the conditional market variance is systematically responsible for a portion of 

the total conditional variance of industry returns, though the scale is small, 0.065 for 

IVC and 0.108 for ISR. The remaining share of the total risk could be attributable to 

risks from other (omitted or unspecified) variables, in particular, industry specific risk.  

In table 2, the measure for the cross product term 2γ  is mixed, negative and 

significant (-0.011) at 5% level for CGD (Consumer Goods Companies), negative and 

insignificant for IVC, and positive and insignificant for ISR. The cross product term 

would reflect whether an asset is moving with or against the market, and provides a 

measure for the sign effect of this cross product term on industry volatility. Hence if 2γ  

is positive and significant, then moving with the market means that this asset would 

experience higher volatility in response to large market shocks.  

 In the conditional mean equation, the mean/variance trade-off, the GARCH-M 

parameter i,2α , is positive and significant at 3% level in all cases, that is, volatility is 

priced and of the correct sign. This, coupled with a significant and persistent conditional 

variance term i,2β , supports the volatility feedback story of volatility asymmetry, 

namely, an anticipated increase in future volatility would raise the expected return thus 

lower current stock prices. A significant and positive mean/variance trade-off also 

contracts with the findings of a negative relation between mean and variance found by 

some researchers (Glosten et al. (1993)), but agrees with the findings by Chou (1987), 

and French, Schwert, and Stambaugh (1987).  

The significance of the mean/variance relation in this case might be attributable to 

the combination of a different functional form and a more flexible conditional 

distribution assumption. Different variance specification tih ,  can affect the in-mean  
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Table 2: Results for UK Daily Excess Returns 
 

 

Market Index  Industry 

 
 

FTSE100 
(t-statistic) 

 CGD 
(t-statistic) 

IVC 
(t-statistic) 

ISR 
(t-statistic) 

      

m,0α  0.042 i,0α  0.103 0.085 0.863 
 (1.243)  (2.840)*** (2.077)** (10.35)*** 
m,1α  0.049 i,1α  0.116 0.118 0.043 

 (2.461)***  (5.773)*** (5.654)*** (2.212)*** 
m,2α  0.099 i,2α  0.149 0.168 0.270 

 (2.297)***  (4.646)*** (2.423)*** (6.743)*** 
  i,3α  0.872 1.088 2.220 
   (2.454)*** (2.084)** (1.717)* 
      

m,0β  0.008 i,0β  0.003 0.009 0.041 
 (2.889)***  (1.571) (1.816)* (3.163)*** 

m,1β  0.050 i,1β  0.040 0.135 0.026 
 (6.600)***  (7.678)*** (5.637)*** (3.676)*** 

m,2β  0.940 i,2β  0.958 0.728 0.888 
 (104.1)***  (174.0)*** (21.99)*** (39.28)*** 
  1γ  0.0003 0.065 0.108 
   (0.064) (3.660)*** (2.436)*** 
  2γ  -0.011 -0.011 0.023 
   (-2.108)** (-0.534) (1.494) 
      

Log likelihood -3509.7  -3694.0 -2904.0 -4732.6 
      

Q(10) 11.161  10.813 16.250* 17.043* 
Q(25) 27.276  27.112 33.332 34.161 
Q2(10) 7.220  4.284 3.124 11.495 
Q2(25) 31.859  14.240 13.320 32.682 

Skewness   0.491 -0.360 0.359 
Kurtosis   4.770 4.739 3.480 

      
The results presented in this table are obtained using models under Skewed Student’s t-distribution. 
FTSE100 is used as the common market index for three industries: CGD (Consumer Goods), IVC 
(Investment Companies), ISR (Insurance Companies). The sample includes continuously compounded 
value-weighted returns on the FTSE100 Index from Jan. 2, 1990 to Dec. 29, 2000, for a total of 2869 
observations. Q(10) and Q2(10) are Ljung-Box Portmanteau test statistics applied to standardized 
residuals and standardized residuals squared, and they provide a test for autocorrelation and ARCH 
effects, respectively. Skewness and Kurtosis for the residuals are also provided at the bottom of the table. 

Conditional Mean Equation:   
titmitiitiiiti rhrr ,,,31,,21,,1,0, εαααα ++++= −−
, 

tmtmmtmmmtm hrr ,1,,21,,1,0, ηααα +++= −−
, 

Conditional Variance Equation:   
1,1,2,1

2
1,,21,,1,0, −−−− ++++= tmtitmtiitiiiti hhh ηεγγεβββ , 
2

1,,21,,1,0, −− ++= tmmtmmmtm hh ηβββ .  

The t-statistics are in parentheses. They are reported with * denoting significance at 10%, **denoting 
significance at 5%, ***denoting significance at 3%. 
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parameter estimates that give different fitted values of standardized residuals, leading to 

different fitted values for 1, +tih , and so on, hence different estimates for the 

mean/variance ratio. Since a conditional error distribution that allows for both skewness 

and excess kurtosis would generally have lower standard errors (MacDonald and White 

(1993)), in situations like severe return asymmetry and heavy tails, the specification 

used in this paper in principle should be a better one. 

Figure 1A presents graphically the time path of both systematic market volatility 

and total conditional volatility of ISR. It is important to recognize that there are many 

similarities and differences in the way the two conditional volatility series behave over 

time. For example, there is a tendency for total industry volatility to rise dramatically 

during world event turmoil like the Russian currency crisis in September 1998; in 

comparison, the systematic market volatility experiences a small but noticeable 

increase. In general, the total industry volatility follows a time-varying pattern that 

might depend upon the volatility path of the market index. There are times the market 

volatility seems to lead or coincide with the time structure of total industry volatility; 

more often the latter displays small random fluctuations that are independent of the 

market influence. Note that the vertical scales of the two volatility series are different, it 

is clear that the share of systematic market volatility remains small and stable, 

disclosing that the huge rise in total industry volatility occurred from industry specific 

factors rather than from the market. Overall, the volatility measures tend to move 

together, especially at lower frequencies. The diagram confirms the estimates that the 

systematic market variance explains a small portion of the total industry variance, the 

rest might be due to industry specific factors, seasonality, etc. The result agrees with 

Campbell et al. (2001)’s findings that the market variance is stable and shares only a 

small portion of total stock variance. 

The risk premium of individual industry could be interpreted as the expected excess 

return of equation (1). The relationship between individual industry risk premium and 

market risk premium, or market beta i,3α , is positive in all cases, and significant at 5% 

level for CGD (0.872) and IVC (1.088), at 10% level for ISR (2.220). A positive and 

significant market beta implies that holders of this industry funds will demand higher 

returns for large quantities of market risk premium. Note that the conditional market 

betas are several times larger than the risk aversion measure for industry risk i,2α , 
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Figure 1A. 

Total Conditional Volatility and 
Systematic Conditional Volatility 
For U.K. Daily Excess Returns 

—ISR (Insurance Companies) &FTSE100 

Figure 1B. 
Market Risk Premium and 

Systematic Conditional Volatility 
For FTSE100 Daily Excess Returns 

 

 

suggesting that the industry’s time-varying risk premium is more responsive to the 

GARCH-generated market risk premium, this contrasts with the role of systematic 

market volatility in total industry volatility. In other words, time-varying market risk 

premium captures more predictable variations in industry risk premium than what the 

systematic market volatility does in total industry volatility. As an illustration, Figure 

1B plots a time series market risk premium and systematic market volatility; the two 

series are of the same vertical scale. Apparently, the market risk premium series 

captures those extreme fluctuations that the systematic market volatility slipped; those 

differences in scale between them imply that market imperfections like preferred 

habitats ( 0α  in equation (5)) could be significant and be reflected in both the market risk 

premium and individual asset risk premium. In particular, the scale is large during 

periods of high and clustered volatility.  

To see whether the volatility measures help to forecast each other, Table 3 reports 

the p-values for the Granger Causality test. For the whole sample, the causality effect 

for U.K. is mixed and varies with industries. The conditional market volatility Granger 

causes industry volatility at high significance levels in two out of three cases (ISR, 

IVC), and industry volatility Granger causes market volatility for CGD and ISR. The 

results for Germany in most cases suggest that market volatility and industry volatility 
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do not Granger cause each other. The samples are then divided into two sub periods—

low volatility period (01/10/1990-12/29/1996) and high volatility period (01/02/1997-

12/29/2000). During both sub periods, U.K market volatility tends to Granger cause 

industry volatility more than the effect of industry volatility on market volatility. For 

Germany, market volatility Granger causes industry volatility in all cases during low 

volatility period, but the effect diminishes for high volatility period. Overall, market 

volatility appears to lead industry volatility for the majority of cases in U.K. and for 

Germany only during low volatility period.   

 

Table 3. Granger Causality Test 

  

 

1/10/1990- 
12/29/2000 

1/10/1990- 
-12/29/1996 

1/01/1997- 
12/29/2000 

 
 

Null Hypothesis: Probability Probability Probability 
U.K.     

 FTSE does not Granger Cause CGD 0.142 0.355 0.537 
 CGD does not Granger Cause FTSE 0.006 0.179 0.158 
     
 FTSE does not Granger Cause ISR 0.000 0.009 0.017 
 ISR does not Granger Cause FTSE 0.000 0.001 0.017 
     
 FTSE does not Granger Cause IVC 0.000 0.010 0.021 
 IVC does not Granger Cause FTSE 0.061 0.506 0.085 

GERMANY     
 DAX does not Granger Cause BAZ 0.268 0.017 0.685 
 BAZ does not Granger Cause DAX 0.000 0.621 0.004 
     
 DAX does not Granger Cause ELZ 0.114 0.001 0.383 
 ELZ does not Granger Cause DAX 0.193 0.759 0.248 
     
 DAX does not Granger Cause UTZ 0.612 0.002 0.988 
 UTZ does not Granger Cause DAX 0.182 0.810 0.139 
     

This table reports the p-values of the Granger-causality VAR tests. The null hypothesis is one series does 
not help to forecast the other series. FTSE and DAX represent the systematic conditional market volatility 
for UK and Germany, respectively. The industry indices are: CGD (Consumer Goods), IVC (Investment 
Companies), ISR (Insurance Companies), BAZ (Banking & Financial Services), UTZ (Telecom & 
Utilities), ELZ (Software & Technologies). The tests are run for the whole sample 1/10/1990 – 
12/29/2000 and for sub-samples 1/10/1990 – 12/29/1996 and 1/01/1997 – 12/29/2000. 
 

 For Germany daily excess returns, Table 4 shows that the systematic variance 

coefficient 1γ  is in all cases positive but insignificant, while the product of lagged 

innovations 2γ  is unanimously negative and significant at 3% level. The first-order  
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Table 4: Results for Germany Daily Excess Returns 
 

 

Market Index 
 

 Industry 

 
 

DAX  BAZ UTZ ELZ 
      

m,0α  0.736 i,0α  0.418 -0.975 0.438 
 (26.19)***  (1.090) (-2.116)** (1.256) 
m,1α  0.001 i,1α  0.014 0.001 0.024 

 (0.067)  (0.879) (0.085) (1.455) 
m,2α  0.074 i,2α  0.249 0.168 0.196 

 (3.946)***  (16.55)*** (18.09)*** (18.76)*** 
m,3α  0.480 i,3α  0.815 2.665 0.936 

 (15.04)***  (1.622) (4.500)*** (2.088)** 
      

m,0β  0.055 i,0β  0.027 0.017 0.016 
 (6.688)***  (2.829)*** (1.393) (1.921)* 

m,1β  0.066 i,1β  0.056 0.065 0.045 
 (10.99)***  (8.820)*** (9.248)*** (9.032)*** 

m,2β  0.782 i,2β  0.903 0.903 0.935 
 (40.99)***  (91.03)*** (103.8)*** (142.5)*** 
  1γ  0.035 0.047 0.033 
   (1.319) (1.332) (1.398) 
  2γ  -0.037 -0.038 -0.035 
   (-3.419)*** (-2.984)*** (-3.939)*** 
      

Log likelihood -3051.3  -4546.0 -4661.6 -4919.0 
      

Q(10) 10.777  6.768 6.947 12.805 
Q(25) 21.836  23.479 27.535 38.156** 
Q2(10) 1.161  3.022 5.736 6.223 
Q2(25) 1.503  7.561 17.166 20.879 

Skewness   -0.413 -0.302 -0.500 
Kurtosis   10.718 5.144 6.004 

      
The results presented in this table are obtained using models under Skewed Student’s t-distribution. DAX 
is used as the common market index for three industries: BAZ (Banking & Financial Services), UTZ 
(Telecom & Utilities), ELZ (Software & Technologies). The sample includes continuously compounded 
value-weighted returns on the DAX Index from Jan. 2, 1990 to Dec. 29, 2000, for a total of 2869 
observations. Q(10) and Q2(10) are Ljung-Box Portmanteau test statistics applied to standardized 
residuals and standardized residuals squared, and they provide a test for autocorrelation and ARCH 
effects, respectively. Skewness and Kurtosis for the residuals are also provided at the bottom of the table. 

Conditional Mean Equation:  
titmitiitiiiti rhrr ,,,31,,21,,1,0, εαααα ++++= −−
, 

tmtmmtmmtmmmtm hrrr ,1,,32,,21,,1,0, ηαααα ++++= −−−
, 

Conditional Variance Equation:  
1,1,2,1

2
1,,21,,1,0, −−−− ++++= tmtitmtiitiiiti hhh ηεγγεβββ , 

2
1,,21,,1,0, −− ++= tmmtmmmtm hh ηβββ .  

The t-statistics are in parentheses. They are reported with * denoting significance at 10%, **denoting 
significance at 5%, ***denoting significance at 3%. 
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autoregressive parameters 
i,1α  are all insignificant at 10% for the German market, which 

contracts those cases for UK where the AR parameters are significant at 3% level, 

suggesting that under this model specification the UK returns are still first-order auto 

correlated. Figure 2A serves to explain the insignificant share of systematic market 

volatility. It is clear that systematic market volatility is rather small in scale, and it 

behaves stable over time thus fails to capture what appears an upward trend in the total 

industry volatility in recent periods. Figure 2B further confirms that market risk 

premium differs consistently from the systematic market volatility, and the difference 

could be attributable to market imperfections. Similar to U.K., results for Germany also 

report significant and positive mean and variance trade-off in all cases, and significant 

and positive market betas in two out of three cases. Estimates of the conditional 

variance equation show that the conditional industry volatilities are persistent, the 

implied half-life of volatility shocks ranges from 6.793 to 10.313 months (in 

comparison, the implied half-life for UK ranges from 2.183 to 16.154). 

 
 

Figure 2A. 
Total Conditional Volatility and 

 Systematic Conditional Volatility For 
Germany Daily Excess Returns—ELZ 

(Software & Technologies) & DAX Index 

 
Figure 2B. 

Market Risk Premium and 
Systematic Conditional Volatility 
For DAX Daily Excess Returns 
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 Figure 3 further plots the share of systematic volatility in total industry volatility 

on a yearly basis. The three series in Figure 3B clearly trend downward, suggesting that 

market volatility becomes less and less important in determining industry specific 

volatility in Germany. The case for FTSE100 (Figure 3A) is different. The proportional 

share of market volatility is fairly stable over time, consistent with Campbell et al. 

(2001)’s observation that there is no deterministic trend in industry and market 

volatility20.  

 
Figure 3A. The Proportional share of Systematic Conditional Volatility 

In Total Industry Volatility For U.K. Daily Excess Return— 
IVC (Investment Companies) and ISR (Insurance Companies)21 

 
Figure 3B. The Proportional share of Systematic Conditional Volatility 

In Total Industry Volatility For Germany Daily Excess Returns—BAZ (Banking & Financial 
Services), UTZ (Telecom & Utilities) and ELZ (Software & Technologies) 

 

                                                
20  Campbell et al. (2001) only investigates the effect of industry and market volatility on individual stock 
volatility, the relationship between industry and market volatility is left unexamined. 
21 The share of systematic market volatility in total industry volatility for CGD (Consumer Goods) is 
rather small but behave stably around 1%, so it is not plotted here. 
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 The diagnostic tests are focused on the properties of the standardized residuals; 

they are reported at the bottom of tables 2 and 4. The Ljung-Box Q-Statistics test for 

serial correlation in the standardized residuals and ARCH effects in the squared 

standardized residuals. The Q-Statistics are in most cases insignificant; the exceptions 

are the 10th order serial correlation (significant at 10% level) in the standardized 

residuals of IVC and ISR, and the 25th order serial correlation (significant at 5% level) 

in the standardized residuals of ELZ. The skewness of the standardized residuals ranges 

from –0.360 to 0.491 for U.K. and -0.500 to -0.302 for Germany, differing from normal 

by over 6 asymptotic standard errors. Meanwhile, the residuals exhibit substantial 

reduction in kurtosis that ranges from 3.480 to 4.770 for U.K. and 5.144 to 10.718 for 

Germany, different from the normal value of 3 by over 5 asymptotic standard errors. 

This suggests that a model allowing for skewness could change the mean of the 

residuals, which in turn might affect the probability mass of the tails. The distribution of 

the standardized residuals is still asymmetric and thicker tailed than the normal, 

implying that omission of variables or misspecification could still be a problem like 

those in other ARCH type models. 

Overall, the evidence for the systematic market variance component is not strong. 

Systematic market variance accounts for a small share of total industry volatility 

(averaging 6 to 9 percent for U.K. and 2 to 3 percent for Germany); the rest remains 

industry specific. Market volatility as a whole has been fairly stable, while industry 

groups exhibit massive volatility and have the tendency to trend slightly upward during 

the latter part of the review period. Additionally, market volatility appears to lead the 

industry volatility series for U.K., and during tranquil period for Germany. The 

significant and positive mean and variance trade-off also contributes to explain its 

existence and sign in empirical studies. Our results suggest that it is important to 

recognize the joint effect of a correct functional form for the variance equation and a 

flexible distributional assumption. Finally, the conditional market beta is priced and 

dominates the industry specific risk and reward ratio. 

Our results also have economic significance. The variance decomposition approach 

provides a convenient way in assessing asset total risk and its risk components. The 

significant mean and variance trade-off makes a case for investors’ relative risk aversion 

that may not be easily inferred otherwise, this measure further explains why different 
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assets offer different risk premium. The market risk premium plays a critical role in 

estimating equity hurdle rates by practitioners; the significant linkage between the time-

varying market risk premium and industry risk premium suggests that investors modify 

their required returns in response to perceived market-wide changes. Since the market 

factor is capturing, the significance spreads economy-wide. 
 

 

 

4. Summary and Conclusions 
  

The conditional industry volatility is decomposed into a systematic market 

volatility component and an industry specific volatility component; both components 

are assumed to be time-varying. The systematic explanatory power of the conditional 

market volatility is not strong and varies with different market indices.  In general, 

systematic market volatility is only responsible for a small share of total industry 

volatility. The proportional share has been fairly stable for U.K. and declining for 

Germany. Industry specific volatility, on the other hand, accounts for the greater share 

of total industry volatility and displays huge variations over time. It is also observed that 

market volatility tends to lead industry volatility for U.K. during tranquil and turbulent 

markets, and for Germany only during low volatility period.   

The findings of positive and significant mean and variance tradeoff support the 

volatility feedback story of volatility asymmetry, namely, an anticipated increase in 

future volatility raises the expected return thus lowers current stock price. This evidence 

also pinpoints the importance of having correct variance specification and flexible 

conditional error distribution.  

There is also significant evidence that the dynamic market premium is priced, and 

it constitutes one of the determinants of time-varying industry risk premium. This, 

together with a significant industry risk and reward ratio, indicates that investors adjust 

their required returns in response to both market-wide and industry-wide changes. 

Additionally, the industry risk premium is quite responsive to the predictable variations 

in GARCH-generated market risk premium; in comparison, the total industry volatility 

appears to be less sensitive to changes in conditional market volatility. The lack of 

resemblance between the role of conditional market volatility in industry volatility and 

the role of market risk premium in explaining industry risk premium is consistent with 

the observation that market risk premium captures those extreme fluctuations that 
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slipped the conditional market volatility, and those excesses (i.e., extreme fluctuations, 

and the consistent gap as in Figure 1B and 2B) between them can be attributable to 

market imperfections like preferred habitats. 

A direction for future research would be to explain individual stock conditional 

volatility via industry volatility, market volatility and stock specific volatility 

components. 
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Abstract 
 
The heteroscedasticity in stock returns is explained through examining the behaviors of the 
conditioning information variables in relation to the ARCH effects. The information variables 
interact with time-varying volatility in some fairly interesting ways: 1) change the structure of 
serial dependencies in conditional volatility; 2) accentuate the asymmetry in volatility and raise 
the mean/variance ratio; 3) share and complement the properties of ARCH process, while differ 
by their type and degree of heteroscedasticity across stocks. The results also imply that the 
heteroscedasticity in stock returns allows for several forms of heteroscedasticity that include 
deterministic changes in variances due to seasonal factors, random adjustments in variances due 
to market and macro factors, and ARCH processes with past information. In particular, volume 
plays a fairly important role and is positively correlated with returns and volatility. The 
associations between volume and price changes are stronger in periods of more news and high 
return volatility, and can be asymmetric in that large volumes are often accompanied by large 
price increases than price decreases. The evidences support the information flow hypothesis of 
conditional volatility, and justify the role of the conditioning variables as information proxies.  
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1. Introduction 
 

The Autoregressive Conditional Heteroskedasticity (ARCH) model has seen 

spectacular developments since its inception by Engle (1982). Its various extensions 

have proven to be very useful in capturing some empirical features observed in financial 

data, such as thick tails of the distribution, changes in return variances, clustering of like 

returns in magnitude, and the asymmetric responses of conditional variance to return 

shocks. It is therefore not surprising that several interpretations have been offered for 

the existence of ARCH effects. One is that ARCH reflects the time dependence in the 

information arrival process (Diebold and Nerlove (1989)). Another relates to the agents’ 

slow adaptation to information (Brock and LeBaron (1996)). An additional explanation 

based on the notion of time deformation is the mixture of distribution (MD) hypothesis 

by Clark (1973) and Tauchen and Pitts (1983). The MD hypothesis assumes that asset 

returns are generated by a mixture of distributions in which the rate of daily information 

arrival is assumed to be the stochastic mixing variable. Hence, according to the above 

interpretations, ARCH effects are frequently viewed as measuring the persistence in the 

arrival of new information. 

A few financial variables reportedly account for the persistence in conditional 

variance that is often equated to the rate of information flow. Lamoureux and Lastrapes 

(1990) (LL) use volume as a proxy for the rate of information arrival, and find that 

volume adjusts the uneven rate of information flow22 and explains much of the non-

normality of the unconditional distributions. Other studies also find that volume reduces 

the persistence of conditional volatility and the relation between volume and conditional 

variance is positive (Montalvo (1999), Omran and Mckenzie (2000)). Empirical tests 

generally accept volume as a mixing information variable and support the MD 

hypothesis (Karpoff (1987)).  

The association between volatility and volume could be traced to their common 

ties—the rate of information flow to the market. Ross (1989) demonstrates that return 

volatility is related to the rate of information flow to a market in a no-arbitrage 

economy; the autocorrelation in the rate of information flow further leads to the time-

series dependencies in conditional volatility (Chen et al. (2001)). Volume, meanwhile, 

                                                
22 That is, volume changes the pattern of serial dependence in conditional volatility. 
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reportedly provides data on information about past returns (Blume, Easley, and O’Hara 

(1994)) and expected future returns (Wang (1994)), and plays a significant role in 

disseminating market-wide information (Chordia and Swaminathan (2000)). 

The volatility/volume relation arises because the sequential arrival of new 

information to the market generates both trading volume and price movements 

(Copeland (1976), Jennings and Barry (1983)), price and volume change 

contemporaneously to new information (Clark, Epps and Epps (1976)), and 

disagreement among traders in response to private and common information leads to 

large trading volume and large price changes (Wang (1994), Harris and Raviv (1993)).  

Following the role of volume in variance, several authors have proposed alternative 

proxies as information variables. The risk-free rate is found containing information 

about future stock volatility. Glosten, Jagannathan and Runkle (GJR) (1993) find that 

interest rates in variance reduce the persistence as measured by the sum of GARCH 

parameters. Giovannini and Jorion (1989) also examine the ability of nominal interest 

rates to predict changes in volatility of stock returns and foreign exchange rates. 

The link between stock return volatility and interest rates can be attributed to a 

number of macroeconomic variables--the state of the economy, monetary policy, real 

financial risk, and business risk. Officer (1973) relates stock market volatility to the 

volatility of macroeconomic variables; macroeconomic variables are further shown to 

be related to interest rates (Mascaro and Meltzer (1983)). GJR and Christie (1982) argue 

that nominal interest rates are a good predictor of future volatility, to the extent that they 

embody expectations about future inflation. Several empirical studies (Schwert (1989), 

Fama and French (1989)) emphasize that stock market volatility (interest rates) is 

usually high (low) during recessions than during expansions. Schwert (1989), however, 

finds that there is weak evidence between monetary growth and stock volatility and that 

financial leverage affects stock volatility to a small extent. 

Following the last explanation of the information-volatility interactions, two other 

variables are proposed to have impact on the process of conditional volatility. The first 

variable - seasonal effects - is found to have impact on the behavior of the second 

moments. GJR report that seasonal dummies have the ability to remove some 

deterministic patterns in stock volatility and are often statistically significant. The 

second variable - skewness - is related to variance in a number of ways. First, the 
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association between variance and skewness is linked by the concept of risk. Cooley 

(1977) provides validating evidence that dispersion and asymmetry capture most of 

what is perceived as risk and that variance is a reasonable risk surrogate; meanwhile 

evidence that exists for skewness suggests an inverse relationship between skewness 

and risk (Alderfer and Bierman (1970), Simonson ((1972)). It follows that variance and 

skewness are negatively related through the common underlying variable - risk. Second, 

the outlier effect forms the link between volatility and skewness. Gallant et al. (1992) 

find that the conditional variance function of price changes is symmetric over most of 

the range of data, but asymmetric in the extreme tails where outliers reside. Thus the 

manner in which variance and skewness interact is consistent with the latter also being a 

tail phenomenon. Balke and Fomby (1992) provide support that accounting for the 

outlier effects in financial series leads to a reduction in volatility persistence. Third, the 

time-varying process of skewness can be viewed as analogous to heteroscedasticity that 

adjusts the process of conditional variance. Harvey and Siddique (1999) report that 

when including skewness in the modeling framework, conditional variance is less 

persistent and the leverage effect seems to disappear. 

Engle (1982) suggests that the ARCH specification might pick up the effects of 

variables omitted from the estimated model. If this is the case, the presence of ARCH 

effects might be reduced by the inclusion of other variables that represent market or 

economic conditions. If these information variables can account for the persistence in 

conditional variance that is modeled as an ARCH process, then ARCH effects are really 

measuring the persistence in the arrival of information. This is consistent with the 

information interpretation of ARCH effects, and in principle links ARCH effects to 

those information variables. The following questions thus remain to be resolved: 1) to 

what degree are these information variables associated with the documented ARCH 

effects; 2) to what extent can the predicative power of these information variables be 

attributed to them serving as information proxies; 3) how do they interact with the 

conditional volatility process, 4) what do they differ by their heterocedastic nature? 5) 

More importantly, can these picked-up variables verify the omission-of-variables 

interpretation of ARCH effect? While answering these questions might not provide an 

explanation for the intriguing presence of ARCH effects, it is to the understanding of 

ARCH effects we turn our attention in the following sections. We examine these issues 
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using daily data on six Finnish large stocks and their respective trading volume, the 

interest rate used is daily one-month EURIBOR rate from 1990 to 2001, which is a time 

series of 3001 observations. 

The remainder of this paper proceeds as follows. Section 2 describes the data; 

section 3 documents the ARCH effects in stock returns in the presence of various 

conditioning information variables; section 4 explores the associations among these 

information variables and provides the implications; section 5 examines the information 

flows in the second moments of volume and price changes; finally, section 6 concludes 

the paper. 

 

2. The Data 
 

The sample consists of daily returns and volume data from January 2, 1990 to 

December 28, 2001, on six large stocks in the Helsinki Stock Exchange. The risk-free 

proxy is one-month European Interbank Offer Rate (EURIBOR) rate. Volume of trade 

is the number of shares traded for a particular stock on a particular day. All data come 

from DataStream. The high frequency and large trading volume in these stocks reduce 

the measurement error and nonsynchronous trading problem. Daily excess returns are 

calculated using the rate of returns minus the risk-free rate. Table 1 provides the 

descriptive statistics for excess returns on the six stocks, with volume effect removed23. 

The statistics for each time series include mean, standard deviation, skewness, kurtosis, 

Jarque-Bera normality test, and the Ljung-Box Q-statistics for the return level and 

return squared.  

The evidence indicates significant fat tails and asymmetry compared to the normal 

distribution for all individual stocks. The kurtosis statistic ranges from 5.144 to 12.533 

and appears more prominent than skewness which varies from -0.573 to 0.042. Given 

these properties, the null hypothesis of normality is strongly rejected by the Jarque-Bera 

statistics. The Ljung-Box Q-statistics imply strong autocorrelation and 

heteroscedasticity in the return series. In sum, the sample contains all previously 

                                                
23 As there is a strong contemporaneous correlation between volume and returns (Karpoff (1987)), 
including volume in variance could potentially bias the estimates due to the simultaneity problem 
(Bollerslev et al. (1992)). To avoid this problem and make it consistent overall, we decide to use the 
excess returns series with the volume effect taken out, i.e., using the residual series from a regression of 
the excess returns on their respective volume series. 
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documented characteristics of stock returns that could be justified by our model 

specifications below. 

 
 

Table 1. Summary Statistics for Daily Excess Returns 
 

 
 

NOKIA 
 

SAMPO KONE OUTO KESKO RAUTA 

Mean 1.02E-6 -1.15E-6 1.39E-5 8.62E-6 -2.61E-7 -3.27E-6 
Median -0.234 -0.041 0.005 0.111 0.023 0.074 

Maximum 20.79 18.18 10.49 15.59 14.50 12.16 
Minimum -24.93 -23.16 -17.17 -16.88 -19.91 -12.12 
Std. Dev. 3.027 2.788 1.935 2.448 1.873 2.391 
Skewness -0.145 -0.088 -0.573 0.042 -0.101 0.013 
Kurtosis 8.860 10.52 11.06 7.289 12.53 5.144 

       
Jarque-Bera 4303 7077 8296 2301 11365 575 
Probability 0.000 0.000 0.000 0.000 0.000 0.000 

       
Q(5) 4.699 9.428 24.46 13.16 38.26 18.22 
Q(15) 24.15 30.67 36.33 27.28 48.79 31.81 

       
Q2(5) 107.2 306.4 223.2 118.1 66.31 110.2 
Q2(15) 180.4 498.5 314.6 220.6 150.4 156.3 

       
This table presents the summary statistics for continuously compounded excess returns for individual stocks. The 
excess returns were filtered to have the volume effects taken out, i.e., they are the residual series from a first run 
regression of the respective return series (log returns over and above the euribor risk free rate) on their respective 
volume series. The sample covers six large cap companies from Finland; they are Nokia, Sampo, Kone, Outo 
(Outokumpu), kesko, and Rauta (Rautaruukki). Q(5) and Q2(5) denote Ljung-Box Q-Statistics for fifth-order 
correlation in excess returns and excess returns squared, respectively. The data are from Jan. 2, 1990 to Dec. 28, 
2001, for a total of 3001 observations.  
 

 

3. ARCH Effects and the Conditioning Information Variables 
 

The ARCH model assumes that the information set of investors and the 

econometrician coincide. In our empirical investigations, we employ the GJR (1, 1)-M 

model, which is the GARCH (1, 1) model modified with a term for asymmetry. 

Empirically, the GARCH (1, 1) process is able to represent the majority of financial 

time series; and the GJR-M specification is demonstrated as the most likely return-

generating process for individual stocks (Kim and Kon (1994)).  

In actual estimations, we include in the information set the following selected 

conditioning variables: 1) the volume of trade, 2) the nominal interest rate, 3) seasonal 

dummies for the January and Weekend effect, and 4) the time series skewness of stock 
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returns. The justifications for using these variables have been provided in the 

introduction.  

Next we consider the GJR (1, 1)-M specification for individual stock excess returns 

tir , , as given by Model 1: 

     titiiitir ,
2
,1,0,, εσββ ++= ,       (1) 

1,
2

1,2
2

1,1
2

1,1,0,
2
, −−−− Ι+++= titititiiiti gg εεσαασ ,    (2) 

where [ ] 01 =Ε − tt ε  and [ ] 2
1

2
1 −− =Ε ttt σε ;  1, −Ι ti  is an indicator variable that takes the value of 

one when 1, −tiε  is negative and zero otherwise, it measures the asymmetric impact of 

lagged squared residual 2
1, −tiε  on conditional variance 2

1, −tiσ . This model makes the weak 

assumption that agents’ information set consists of only past return innovations. It is 

plausible that economic agents have access to other types of information, public and 

private, when making investment decisions. Therefore, in what follows, we relax the 

weak assumption about past return information, and expand the information set to 

include other variables that reflect current market and economic conditions as the 

unpredictable components in the volatility process. Including the volume of trade in 

variance leads to Model 2: 

     1,
2

1,2
2

1,1,2,
2

1,1,0,
2
, −−−− Ι++++= titititiitiiiti ggV εεασαασ ,    (3) 

where tiV ,  is the contemporaneous trading volume, measured in millions of shares 

traded24 25. The volume series were first adjusted by removing the systematic seasonal 

effects (the January and Weekend effect) as suggested by Gallant et al.26 This act also 

makes it possible to obtain a separate effect of volume versus seasonal dummies on 

conditional volatility. The association between volume and volatility is positive 

according to Clark and Epps and Epps (1976)’s explanation, and empirical examinations 

generally support this positive, contemporaneous relation (LL, Omran and Mckenzie 

(2000), Karpoff (1987)). 

 Model 3 introduces the interest rate in variance 

                                                
24 Trading volume was detrended whenever an obvious time trend is present, such as the case with Nokia 
and Sampo. 
25 LL considered volume of trade to be weakly exogenous in the sense of Engle et al. (1983), which 
implies that the parameter estimates on volume is inconsistent, while inference about the volatility 
persistence of the GARCH model is still valid. LL did not remove the contemporaneous correlation 
between volume and returns, which is what differs from this paper. 
26 The systematic effects are removed by first running a least squares regression of the volume series on a 
January dummy and a Weekend dummy. 
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1,
2

1,2
2

1,1,2,
2

1,1,0,
2
, −−−− Ι++++= titititiitiiiti ggIR εεασαασ ,    (4) 

where tiIR ,  is the nominal risk-free interest rate. The effect of interest rate on volatility 

could vary signs by specifications (GJR) or could be positive (Campbell (1987), 

Shanken (1990)). Another potential addition to the conditional variance equation is a 

January dummy to represent the January effect and a Monday dummy27 for the 

Weekend effect. When these seasonal dummies are included in variance, we obtain 

Model 4 

1,
2

1,2
2

1,13,2,
2

1,1,0,
2
, −−−− Ι+++++= tititiiiiitiiiti ggMonJan εεαασαασ ,  (5) 

where iJan  and iMon denote the dummy variable for January and Monday, respectively. 

Model 5 adds the seasonal dummies to Model 2 and gives the separate effects of 

deseasoned volume and seasonal dummies on conditional volatility. Combining models 

2 to 4 gives Model 6 that measures the joint effect of these variables on the conditional 

heteroscedastic volatility process. Finally, the time series of stock return skewness is 

used in Model 7 as an explanatory variable for conditional variance: 

1,
2

1,2
2

1,1,2,
2

1,1,0,
2
, −−−− Ι++++= titititiitiiiti ggS εεασαασ ,    (6) 

where ( )3,,, ˆˆ tititiS σε=  stands for the time-series skewness28. The skewness parameter is 

expected to have negative signs as skewness and risk are inversely related (Alderfer and 

Bierman (1970), Simonson (1972)).  

 The above models are estimated using maximum likelihood, assuming 

conditionally normally distributed errors. As the GARCH-M models are sensitive to the 

specification of the information set and to the functional form for the conditional mean 

and conditional variance equation, we experimented with different specifications, such 

as standard deviation ti ,σ  in mean, lagged volume 1, −tiV  in variance, the log specification 

of the risk-free interest rate )log( ,tiIR  in variance, and so on. The AIC (Akaike 

Information Criteria) and SC (Schwartz Criteria) are used to select optimal 

specifications; various diagnostic tests, like the residual skewness and kurtosis statistics 

and Ljung-Box Q-statistics for standardized residuals and residual squared, are 

                                                
27 The January Effect is documented for Finnish stock returns in Grinblatt and Keloharju (2000), while 
the weekend effect is documented in Kallunki and Martikainen (1997). 
28 The series 

ti ,ε̂ and 
ti ,σ̂ are from a first-step estimation of the standard GARCH (1, 1) model on the 

respective returns. 
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examined to determine whether the models are properly specified; meanwhile the log 

likelihood values are made sure to reach their global maxima.  

 Tables 2 to 7 present the estimates for the six Finnish stocks using models 1 

through 7. A comparison of Model 1 and the other five models reveals the restrictive 

nature of the information set used for the GJR (1, 1)-M model, namely, information 

about the realizations of past returns does not give the best model performance. Take 

the results of the stock - Kone - in Table 2 for example. Model 1 is the standard GJR (1, 

1)-M model, the leverage effect is captured through the term 1,
2

1, −− Ι titiε , and a positive 2g  

implies that negative return innovations would result in upward revisions of the 

conditional volatility. For Kone, the estimate for 2g  is positive but insignificant in 

Model 1. The conditional volatility is highly persistent, as measured by the coefficient 

for 2
1, −tiσ . Also, periods of large return variances tend to be associated with large returns 

as reflected by a positive mean/variance ratio 1,iβ , though the relation is weak and 

statistically insignificant at 5% level.  

Models 2 to 7 examine respectively the effect of volume, interest rate, seasonal 

dummies and skewness on conditional variance. Model 2 includes volume in variance. 

Note that there is a lot reduction in volatility persistence; the estimated half-life is 

around 2 days, compared to 9 days in Model 1. That volume can help to explain the 

persistence in volatility is consistent with the trading behavior hypothesis. That is, the 

interaction among informed traders, liquidity traders and market makers leads to 

patterns in price changes, these patterns result from buy and sell volume being 

concentrated to a few distinct periods.   

The mean/variance relation remains insignificant at 5% level. Model 2 captures the 

asymmetric response of volatility to return innovations ( 2g  positive and statistically 

significant at 5% level). The coefficient on volume itself, 2,iα , is positive and highly 

significant, consistent with LL and Omran and Mckenzie (2000)’s findings. Thus higher 

trading volumes are in general associated with more volatile markets. As volatility is 

high when there are many pieces of news (Montalvo (1999)), large amount of news can 

generate large volume and price movements, and their response to news is 

contemporaneous. The old Wall Street adage that ‘it takes volume to move prices’ thus 
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has great empirical content. The skewness and kurtosis statistics, at the lower part of 

Table 2, remain severe after volume is included.  

Overall, if ARCH effect is a manifestation of time dependence in the rate of 

information flow, then volume does adjust the uneven rate of information flow by 

mitigating the impact of more distant shocks on current volatility (lower 1,iα ) while 

emphasizing the recent ones (higher 1g ), and by interacting with the asymmetry ( 2g ) in 

volatility. The reduction in volatility persistence results mainly from the strong 

association of volume and conditional volatility in the timing of innovational outliers 

(i.e., larger volume coincides in time with higher return volatility), such that the relative 

frequency of extreme observations are reduced; this interpretation is also based on the 

notion that both volume and the ARCH process could reduce some of the tail weights in 

return distributions. 

In Model 3, interest rate is added to Model 1. For Kone, interest rate reduces the 

persistence in return volatility by a significant amount; the estimated half-life is less 

than one day. The association between return and variance remains positive and 

insignificant. Interest rate also affects the asymmetry in volatility, as witnessed by the 

positive and significant 2g . The effect of interest rate on volatility is significantly 

negative, consistent with the inverse behavior of volatility and interest rate in relation to 

the business cycle. The level of skewness and kurtosis has been reduced compared to 

that in model 1, though the null hypothesis of normality could still be rejected at 

conventional significance level. 

In Model 4, seasonal dummies are included as explanatory variables in the 

conditional variance equation in Model 1. There is less reduction in volatility 

persistence but the mean/variance relation turns significant at 10%. The coefficient for 

volatility asymmetry 2g  remains insignificant in this case. The January and Monday 

dummy in volatility are highly significant, though the signs vary, positive for January 

and negative for Monday. Thus seasonal dummies are able to capture the deterministic 

part in conditional volatility, and through the volatility process indirectly impacts the 

conditional mean.  

Model 5 includes both volume and seasonal dummies in the conditional variance 

equation. The parameter estimates are similar to those in Model 2 where only volume is 

included in variance, and the log-likelihood function value is slightly improved. The  
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Table 2. Impacts of Information Variables on Conditional Volatility--Kone 
 

Variable Model 1 
 

Model 2 
 

Model 3 
 

Model 4 
 

Model 5 
 

Model 6 Model 7 

 
 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

1,iβ  0.017 0.017 0.023 0.026 0.020 0.009 0.032 
 (1.070) (1.235) (1.368) (1.790)* (1.555) (0.680) (1.896)* 

0,iβ  -0.058 -0.067 -0.072 -0.087 -0.085 -0.082 -0.006 
 (-1.170) (-1.505) (-1.183) (-1.801)* (-1.983)** (-1.738)* (-0.118) 
        

0,iα  0.041 0.432 2.033 0.174 0.453 1.879 0.102 
 (10.33)*** (15.91)*** (57.31)*** (7.963)*** (12.74)*** (43.99)*** (13.01)*** 

1g  0.064 0.198 0.172 0.134 0.203 0.186 0.063 
 (13.59)*** (13.02)*** (9.524)*** (13.11)*** (12.84)*** (10.67)*** (7.583)*** 

2g  0.002 0.070 0.067 -0.010 0.076 0.115 0.020 
 (0.357) (3.063)*** (2.607)*** (-0.818) (3.081)*** (4.990)*** (1.642) 

1,iα  0.927 0.687 0.456 0.850 0.687 0.472 0.885 
 (381.0)*** (52.08)*** (26.66)*** (126.7)*** (51.98)*** (28.76)*** (168.7)*** 

)(2, Viα   30.088   31.825 18.73  
  (10.49)***   (10.98)*** (5.500)***  

)(2, IRiα    -34.932   -28.10  
   (-5.150)***   (-250.0)***  

)(2, Janiα     0.166 0.277 -0.109  
    (7.905)*** (8.846)*** (-4.216)***  

)(3, Moniα     -0.298 -0.262 -0.869  
    (-3.204)*** (-2.918)*** (-14.87)***  

)( ,2, tii Sα        -0.064 
       (0.000) 
        

Half-Life 9.1 1.8 0.9 4.3 1.8 0.9 5.7 
Log L -5928.7 -5911.7 -5945.6 -5924.6 -5900.2 -5917.5 -5958.0 
AIC 3.956 3.946 3.968 3.955 3.939 3.952 3.984 

        

Skewness -0.619 -0.805 -0.618 -0.696 -0.746 -0.534 -0.626 
Kurtosis 9.140 11.02 9.923 9.953 9.963 8.978 7.047 

Q(5) 3.009 3.133 7.096 3.191 3.001 2.455 3.578 
Q(15) 15.10 15.38 18.70 16.31 16.65 17.61 15.21 
Q2(5) 21.14*** 4.174 7.753 8.800 5.365 1.803 9.596 

Q2(15) 27.19** 5.795 43.06*** 12.58 8.010 10.90 13.08 
        

The results presented in this table are Maximum Likelihood estimates of GARCH-M specification under the 
assumption of normally distributed errors. The specifications differ by the conditioning information variables. Model 
1 is the original GJR GARCH-M specification (TARCH). Models 2, 3, 4, and 6 are the GARCH-M specification 
expanded respectively with Volume, Interest Rate, Seasonal Dummies, and Skewness in the variance equation. 
Model 5 includes three information variables--Volume, Interest Rate and Seasonal Dummies--in the variance 
equation. The expanded GARCH-M model is:  

titiiitir ,
2
,1,0,, εσββ ++= , 

       
1,

2
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2
1,1,2,

2
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2
, −−−− Ι++Ζ++= titititiitiiiti gg εεασαασ ,  

where 
ti ,Ζ  represents Volume, Interest Rate, Seasonal Dummies, or Skewness.   

The t-statistics are in parentheses. They are reported with * denoting significance at 10%, **denoting significance at 
5%, ***denoting significance at 1%. (Half-Life = log(0.5)/log(

1,iα )) 
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seasonal dummies estimates take the same sign as those in Model 4 but with a larger 

January effect and a slightly smaller Monday effect. 

Model 6 adds volume, interest rate and seasonal dummies to Model 1. This takes 

into consideration the possibility that seasonal patterns in conditional volatility might 

blur the real association between volatility and other information proxies. As expected, 

the persistence in volatility is sharply reduced, and the coefficients for these variables 

are all highly significant. This specification also captures the asymmetry in volatility, 

though the variance-in-mean term remains insignificant. Furthermore, there is a lot 

reduction in skewness and kurtosis. The combined specification produces largely 

consistent though somewhat different estimates than those taken individually; this 

implies that the characteristics of heteroscedasticity in volume, interest rate and return 

volatility could have some commonalities though distinctive differences remain. Their 

associations are among the issues we will examine later.  

Finally, Model 7 directly includes skewness in the variance equation of Model 1. 

The time series variations in skewness also dampen the GARCH effects; but in this case 

do not relate to the asymmetry of conditional volatility in a significant way, in other 

words, the asymmetry in skewness and volatility could represent very different 

measures or the asymmetry is too weak to be easily detected. The mean/variance 

relation now turns significant at 10% level and the kurtosis statistic sees the most 

reduction among all the models. The skewness-in-variance term is insignificantly 

negative, suggesting that skewness is more likely to be associated with mean non-

stationarity rather than volatility non-stationarity. Thus, if the time-series variations in 

skewness result mainly from changes in conditional means, then the skewness-in-

variance specification could affect the in-mean parameter estimates, which gives 

different fitted values for the standardized residuals, and through variance also changes 

the kurtosis measure. The above evidence largely confirms those hypotheses concerning 

the interaction between skewness and volatility, that is, the relation is negative, the 

outlier effect captured by skewness leads to the reduction in volatility persistence, and 

the time variations in skewness is heteroscedastic. 

Overall, the Akaike Information Criteria and the maximized likelihood value 

suggest Model 5 - the GJR (1, 1)-M model with volume and seasonals in variance - is 

most satisfactory among the seven models, while the skewness and kurtosis statistics 
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indicates that model 6 – the combination of volume, interest rate and seasonals in 

variance - is more properly specified, as evidenced by the sharp reduction in both 

skewness and kurtosis evident in excess returns. The Ljung-Box Q-statistics for 

standardized residuals and residuals squared suggest that all the models are properly 

specified, except models 1 and 3 where ARCH effects are still present. 

Tables 3 to 7 at the end of this paper are the GJR (1, 1)-M results for the remaining 

five Finnish stocks. Examinations of the different specifications across all the 

companies lead us to conclude that 1) skewness in variance tends to cause the most 

reduction in excess kurtosis, compared to other conditioning information variables 

considered thus far; 2) volume and seasonals, or the combination of volume, interest 

rate and seasonals leads to the most reduction in persistence in volatility; 3) volume, 

interest rate, or skewness in variance tends to accentuate the leverage effect in volatility; 

accentuation occurs because the conditioning variables can distinguish the relative 

influence of the negative tail29, the estimators thereby detect more asymmetry in 

volatility that mostly exists in tails; 4) the relation between conditional mean and 

conditional variance is positive, and mostly significant when the combination of 

volume, interest rate and seasonals is in variance; 5) the volume-volatility relation is 

mostly positive and highly significant; 6) interest rate and volatility are in the majority 

cases inversely related; 7) the diagnostic tests favor the volume-in-variance and 

skewness-in-variance specifications in that no evident ARCH effects are left in the 

residuals. 

As even the most satisfactory model displays excess skewness and excess kurtosis, 

we also estimated the GJR (1, 1)-M models using the predetermined lagged trading 

volume in variance that obviates the exogeneity problem considered by LL, the 

coefficients on volume are much smaller in scale but remain largely consistent and are 

not reported here. The log specification of interest rate and standard deviation in mean 

were also tried, though the specification tests do not favor these alternatives. 

                                                
29 This can be interpreted as follows: large sell volume tends to depress prices because of the increased 
amount of supply of stocks in the market, lower prices lead to higher debt-to-equity ratio, resulting in 
higher leverage effect. Higher interest rates cause higher cost of debt and depress earnings, leading to 
higher leverage effect. Large negative skewness is equivalent to large negative returns, the lower equity 
value also results in higher leverage. It is therefore argued that these three variables can accentuate the 
leverage effect. 
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To summarize, the omission-of-variables interpretation of ARCH effects is 

partially supported by the above evidence and the interpretation can differ across 

different information variables, a complete story of the ARCH effects cannot be written 

upon these selected information variables, either the selection is too limited or the 

ARCH effects are too complex to be subjected to any single aspect of interpretation.  

 

4. The Associations between Volume and other Information Variables 
 

Among the conditioning information variables considered thus far, volume appears 

to interact with volatility in some fairly important ways: it (or its combination with 

other information variables) causes substantial decline in persistence in variance, raises 

the significance of the parameter values for GARCH-M and asymmetric variance, and 

adjusts the effects of past return shocks on current volatility. The remaining variables 

are also shown to have impact on conditional volatility, though the extent varies. Their 

combined effect on volatility (especially when volume is included) proved to be more 

satisfactory than those taken individually, the results remain largely consistent though 

occasionally the signs and significance for interest rate and seasonal dummies alter. The 

question thus naturally arises whether volume, interest rate, seasonals and skewness 

demonstrate different characteristics of heteroscedasticity or share a common subset of 

the heteroscedasticity in returns. We address this issue by having the following 

specification: 

tttitititi MonJanIRSSVV ηδδδδδδδ +++++++= +−
− 654,3,21,10, ,   (7) 

where the dependent variable (
tiV ,
) is the detrended trading volume; −

tiS ,  and +
tiS ,  are 

respectively the negative skewness ( )3,, ˆˆ titi σε −  and positive skewness ( )3,, ˆˆ titi σε +  series30; tIR  

denotes the risk-free interest rate; Jan  and Mon  are the January dummy and Monday 

dummy, respectively. 

 OLS estimates of equation (7) are given in Table 8. The results provide direct 

evidence of a relation between volume and other information variables, several 

regularities stand out. First, volume is far more significantly related to positive 

skewness than negative skewness, the exception being Nokia where negative skewness 

                                                
30 The positive skewness series is the product of the original skewness series and a dummy series taking 
the value of 1 for positive values, and 0 otherwise, and vice versa for negative skewness. 
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has a stronger association with volume. This evidence implies that trading volume is 

relatively high at large price increases, consistent with the finding of a positive 

correlation between volume and price changes per se by Epps and Epps (1976). An 

intuitive view is that large trading volume could be a result of informed trading, with the 

reward derived from abnormal gains in returns.  Second, volume and interest rate 

demonstrate a reliable negative relation that supports their inverse impact on conditional 

volatility as documented in section 3. Since tight monetary policy often coincides with 

economic recession and during recessions market activities are typically low, volume 

and interest rate are thus inversely related. Third, trading volume tends to be lower on 

Mondays, as suggested by the significant negative coefficients on Monday dummy.  

Overall, the centered R2 ranges from 0.046 for Kesko up to 0.742 for Nokia. For 

one thing, this suggests that the other information variables share with volume a 

common subset of the characteristics in heteroscedasticity in returns, the scope of which  

 
 

Table 8. The Associations Between Trading Volume and Other Information Variables 
 

 Nokia Sampo Kone Outo Kesko Rauta 

 
 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

       
        

0δ  1.129 0.118 0.006 0.123 0.111 0.183 
 (7.230)*** (10.70)*** (13.51)*** (23.43)*** (14.68)*** (24.09)*** 
1δ  0.824 0.490 0.339 0.274 0.135 0.192 
 (86.19)*** (30.73)*** (19.77)*** (15.98)*** (7.471)*** (10.80)*** 
1000*2δ  -131.1 -0.177 -0.012 -0.331 -0.001 -0.586 
 (-20.83)*** (-0.475) (-0.794) (-1.272) (-0.008) (-0.976) 
1000*3δ  52.72 0.419 0.179 2.746 1.218 3.403 
 (4.343)*** (0.567) (4.293)*** (11.62)*** (4.914)*** (5.824)*** 
4δ  -27.62 -3.124 -0.098 -3.161 -2.107 -4.724 
 (-4.196)*** (-6.579)*** (-4.867)*** (-15.07)*** (-6.515)*** (-15.55)*** 
5δ  0.028 -0.026 0.001 0.024 0.015 -0.006 
 (0.105) (-1.340) (1.368) (2.899)*** (1.138) (-0.504) 
6δ  -1.271 -0.024 -0.002 -0.022 -0.009 -0.030 
 (-6.932)*** (1.833)* (-3.778)*** (-3.942)*** (-1.056) (-3.712)*** 
       

Centered R2 0.742 0.274 0.141 0.233 0.046 0.164 
       

The results in this table are OLS estimates of the following specification: 

tttitititi MonJanIRSSVV ηδδδδδδδ +++++++= +−
− 654,3,21,10,

, 

where 
tiV ,
is trading volume; −

tiS ,
 and +

tiS ,
 are negative skewness and positive skewness, respectively; 

tIR  denotes the 

risk-free interest rate; Jan  and Mon  are respectively the dummy variable for January and for Monday. 
The t-statistics are in parentheses. They are reported with * denoting significance at 10%, **denoting significance at 
5%, ***denoting significance at 1%. 
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varies by their heteroscedastic nature across stocks (as suggested by different R2); for 

another, the unexplained portion (of the regression) indicates that different variables can 

very well represent a specific type of heteroscedasticity that does not totally agree with 

the ARCH effects inherent in stock returns, this also explains why GARCH modeling is 

still needed after conditioning variance on these information variables. Additionally, it 

is very likely that other variables other than those considered here are important in 

explaining volume, or there could simply be substantial noise in the data.  

 
5. Information Flows between Volume and Price Changes 
 

Existing studies have documented a positive relation between trading volume and 

price changes (Epps and Epps (1976), Harris (1986)), a causal relation between trading 

volume and price changes (Hiemstra and Jones (1994), Campbell et al. (1993)), and a 

positive relation between trading volume and conditional volatility (LL). Information 

about volume thus improves forecasts of both price changes and return volatility. We 

have demonstrated that volume explains a substantial amount of the ARCH effects in 

returns; this is possible if volume also has a serially correlated (and heteroscedastic) 

error term that reflects the temporal dependence in the rate of information flow to a 

market. As such, knowledge of how the conditional volatilities of volume and price 

changes are related can be important in that the second moment is directly related to 

information flow. The aim of this section is then to examine information flows in terms 

of the second moments of volume and price changes, that is, whether the volatility of 

volume and price changes reacts to the same set of information, and how they interact 

with each other over time conditional on this information set. To achieve this end, we 

use the bi-variate BEKK model of Engle and Kroner (1995), the conditional mean 

equation in matrix form is given as 

ttt RR ε+Φ′+Θ= −1 ,      (8) 

where the parameters Θ , Φ , and tε  are 2 x 1 matrices, with ( )ttt H,0~1 ΝΩ −ε . The return 

tR  is the logarithmic difference of stock prices and trading volume31, respectively. The 

conditional variance equation expressed in matrix form is as follows 

ΒΗΒ′+Α′Α′+Ω=Η −−− 111 tttt εε ,      (9) 

                                                
31 We take the logarithmic of (1+volume) since volume can be zero in times of no trading.  
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where Ω , Α , Β  are 2 x 2 diagonal matrices32, with Ω  symmetric and positive definite. 

The conditional covariance equation can be written as 

jtijijttiijtij bhbaah 1,11, −−− ′+′′+= εεω , for all ji ≠ ,  (10) 

where ijω  is the ij-th element of Ω ; the weights ia  and ja  come from the i-th and j-th 

columns of the Α  matrix in equation (9); the weights ib  and jb  are the i-th and j-th 

columns of the Β  matrix33.  

The above model is estimated by maximizing the log likelihood function, the 

selected algorithm is Berndt, Hall, Hall and Hausman (BHHH) (1974). In selecting the 

optimal lag lengths for the autoregressive terms, the Akaike Information Criteria and 

maximized log likelihood values are used as major criteria. Results for the bi-variate 

GARCH model are given in Table 9. The estimates for volume changes in Panel B 

demand some attention. In most cases, volume changes are far less persistent in 

volatility than stock returns in Panel A, but the impact of last period’s shocks on current 

volatility is stronger in volume than stock returns. In other words, the volatility of 

volume changes is more responsive to recent shocks than more distant ones. Apparently, 

volume and price changes display very different structures of serial dependences in their 

conditional variances that have been modeled as GARCH processes, the source of this 

difference can be directed to varying autocorrelation patterns in the rate of information 

flow. Note also the conditional volatility of volume changes in all cases does not change 

deterministically as suggested by iiω  being significant and close to zero. Finally, the 

likelihood ratio that compares the individual equations with the bi-variate version 

favours the latter at 1% level in four out of six cases.  

Figure 1 plots the time-series covariance between volume and price changes in 

relation to the conditional variance of stock returns. There is substantial variation in the 

conditional covariance series tijh , ; and during periods of higher stock volatility, volume 

and price changes tend to be more strongly related, in either direction. That is, large 

price increases and decreases are often accompanied by large volume increases, though 

on average large price increases tend to be more strongly associated with large volume 

                                                
32 The co-variances of the A and B matrices are restricted to be zero for simplicity during the estimation. 
33 Note that these nonlinear restrictions on parameters imply that the co-variance and variance processes 
are partially driven by the same parameters. 
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Table 9. Results for the Bi-variate BEKK Model 
 

 Nokia Sampo Kone Outo Kesko Rauta 

 
 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

Stock Returns 
tsR ,
       

sθ  0.134 0.069 -0.025 -0.005 -0.023 -0.011 
 (1.604) (0.782) (-0.825) (-0.106) (-0.700) (-0.222) 

1, −tsϕ  -0.002 -0.040 -0.025 0.047 -0.079 -0.062 
 (-0.081) (-1.292) (-1.645)* (2.555)** (-4.675)*** (-2.872)*** 

sω  0.053 0.414 0.173 0.030 0.081 0.074 
 (7.542)*** (5.998)*** (17.67)*** (8.127)*** (23.21)*** (7.688)*** 

sa  0.036 0.048 0.049 0.034 0.050 0.037 
 (17.95)*** (8.566)*** (40.75)*** (18.47)*** (25.13)*** (15.15)*** 
sb  0.962 0.902 0.946 0.962 0.928 0.949 
 (693.5)*** (72.84)*** (862.4)*** (502.8)*** (357.8)*** (280.2)*** 

Volume
tvR ,
       

vθ  0.003 0.004 0.000 0.008 0.002 0.004 
 (0.366) (0.954) (2.551)** (3.896)*** (1.883)* (1.429) 

1, −tvϕ  -0.364 -0.583 -0.646 -0.447 -0.370 -0.556 
 (-16.39)*** (-17.25)*** (-40.94)*** (-17.31)*** (-22.71)*** (-20.56)*** 

2, −tvϕ  -0.219 -0.359 -0.461   -0.278 
 (-9.933)*** (-9.379)*** (-18.95)***   (-12.47)*** 

vω  0.000 0.001 0.000 0.002 0.006 0.006 
 (3.176)*** (13.17)*** (30.03)*** (12.55)*** (43.87)*** (23.79)*** 

va  0.014 0.178 0.112 0.307 0.681 0.239 
 (17.24)*** (13.47)*** (58.86)*** (34.97)*** (66.80)*** (16.57)*** 
vb  0.984 0.739 0.907 0.538 0.133 0.406 
 (924.2)*** (45.37)*** (829.5)*** (58.51)*** (16.01)*** (18.61)*** 
       

Log likelihood -4103.5 -1660.7 4501.3 -2813.8 -3485.6 -3070.5 
LR 24.65*** 2.264 12.06*** 23.01*** 8.804*** 3.421* 

Q2(5) 13.99** 3.352 19.41*** 7.755 1.297 2.117 
Q2(15) 21.91 9.518 25.56** 10.88 0.238 11.71 

       
The results in this table are estimates from the bi-variate BEKK model of Engle and Kroner (1995). 
The conditional mean equation in matrix form is 

ttt RR ε+Φ′+Θ= −1
, where Θ , Φ , and 

tε  are 2x1 matrices, with ( )ttt H,0~1 ΝΩ −ε . 

The conditional variance equation in matrix form is 
ΒΗΒ′+Α′Α′+Ω=Η −−− 111 tttt εε , where Ω , Α , Β  are 2x2 matrices, with Ω  symmetric and positive definite. 

The covariance equation is 

jtijijttiijtij bhbaah 1,11, −−− ′+′′+= εεω , for all ji ≠ . 

The return 
tR  is the logarithmic difference of stock prices and trading volume, respectively; and 

tε is a vector of 

residuals that follows a bi-variate normal distribution with mean zero and variance-covariance matrix 
tΗ .  In the 

covariance equation, 
ijω  is the ij-th element of Ω ; the weights 

ia  and
ja come from the i-th and j-th columns of the 

Α  matrix; the weights 
ib  and 

jb are the i-th and j-th columns of the Β  matrix. 

The t-statistics are in parentheses. They are reported with * denoting significance at 10%, **denoting significance at 
5%, ***denoting significance at 1%. 
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increases. This feature also agrees with the finding of accentuated volatility asymmetry 

in section 3 when volume is introduced into the variance equation. The above evidence 

suggests that information flows to the market affect both volume changes and price 

changes; and the relation between volume changes and price changes can be asymmetric 

and greater when there is more information and at times with higher risk (coinciding 

with high trading volume).  

To sum up, the conditional information variables - volume, interest rate, seasonal 

dummies and skewness – have significantly dampened but not completely eliminated 

the ARCH effects, accentuated the asymmetry in volatility and raised the mean/variance 

ratio. These changes are made possible because the conditional information variables 1) 

share a common subset of the heteroscedasticity in stock returns, while retaining their 

specific types of heteroscedasticity that is not captured by the ARCH process for 

returns, 2) adjust the serial dependence in the rate of information flow that has led to the 

GARCH effects, 3) interact with extreme events to uncover the asymmetry in volatility 

and reduce the non-normality of returns.  

In particular, volume has a heteroscedastic second moment that can be modeled as 

GARCH process; this suggests that both volume and its conditional volatility have 

information content. Additionally, large volume increases are closely related to large 

price increases and decreases, and the association is stronger in periods of more news 

and high volatility. Thus volume can be uncovered as a variable for market condition in 

the conditional variance specification. The overall evidence thus supports the 

information flow hypothesis, in that the conditional heteroscedastic volatility reflects 

the modeling temporal dependence of the rate of information flow and that new 

information generates both large price and volume changes.  

Since the sample stocks experienced dramatic firm specific news or large economic 

shocks, the realized returns contain many outlier observations, such that the kurtosis of 

their return process reflect the frequency of those information released about the firms 

or the economy. To the extent that all the conditioning variables considered in this paper 

have led to the reduction in kurtosis of estimated errors, they are most likely subject to 

be a subset of the information set reflecting the firm and economic conditions for a 

particular return process, this is possible if the conditioning variables are themselves 

proxies for information flows. 
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Figure 1. 

 Time-varying Covariance of Volume and Price Changes in Relation to Return Variance 
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6. Summary and Conclusions 
 

The heteroscedasticity in stock returns is explained by the ARCH process 

supplemented with a set of conditioning information variables, they are respectively 

trading volume, interest rate, seasonal dummies and skewness. The forms of 

heteroscedasticity explained by the conditional variables are complementary to the 

ARCH-type heteroscedasticity, this is further justified by them serving as information 

proxies. The results also imply that the heteroscedasticity in stock returns is more 

general and allows for several forms of heteroscedasticity that include deterministic 

changes in variances due to seasonal factors, random adjustments in variances due to 

market and macro factors, and ARCH processes with past information.  

After conditioning volatility on these information variables, GARCH modelling is 

still needed though the persistence in volatility sees a sharp decline; further, the 

asymmetry in volatility and the mean/variance ratio are raised to a higher level, whereas 

the non-normality of return distributions is reduced to a great extent. This happens 

because the conditional information variables interact with volatility in some important 

ways: first, through acting as information proxies, they adjust the pattern of uneven rate 

of information flows, which in turn leads to changes of the serial dependencies in 

conditional volatility; second, as representations of a specific type of heteroscedasticity, 

in many instances they play complementary roles in the ARCH modelling process; 

third, through interacting with the extreme observations, they reduce the non-normality 

of return distributions thus make the tail observations less outlying, this further affects 

the measure of volatility asymmetry and changes the relation between conditional mean 

and conditional variance.  

The return-volume relationship is further validated, in that more news leads to large 

volume increases together with large price increases or decreases. This also justifies the 

use of volume as a proxy for the rate of information flow. 
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Table 3. Impacts of Information Variables on Conditional Volatility--Kesko 
 

Variable Model 1 
 

Model 2 
 

Model 3 
 

Model 4 Model 5 
 

Model 6 
 

Model 7 

 
 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

1,iβ  0.030 0.042 0.091 0.024 0.031 0.030 0.032 
 (1.437) (2.503)** (3.279)*** (1.157) (1.806)* (1.740)* (1.246) 

0,iβ  -0.106 -0.159 -0.375 -0.084 -0.116 -0.115 0.000 
 (-1.587) (-2.978)*** (-5.310)*** (-1.288) (-2.178)** (-2.135)** (0.000) 

2,iβ  -0.094 -0.122 -0.105 -0.098 -0.121 -0.122 -0.075 
 (-5.098)*** (-5.515)*** (-7.266)*** (-5.141)*** (-5.544)*** (-5.540)*** (-4.180)*** 
        

0,iα  0.169 0.345 0.242 0.171 0.171 0.135 0.501 
 (12.56)*** (15.32)*** (20.94)*** (8.518)*** (4.805)*** (3.121)*** (14.77)*** 

1g  0.080 0.098 0.032 0.095 0.099 0.101 0.070 
 (10.93)*** (7.769)*** (11.56)*** (10.29)*** (7.847)*** (7.794)*** (5.682)*** 

2g  0.024 0.121 0.021 0.026 0.110 0.111 0.061 
 (2.188)** (5.187)*** (4.765)*** (2.078)** (4.968)*** (4.938)*** (2.987)*** 

1,iα  0.864 0.658 0.865 0.840 0.697 0.697 0.709 
 (92.74)*** (36.60)*** (118.5)*** (84.13)*** (45.61)*** (43.88)*** (39.93)*** 

)(2, Viα   3.883   3.495 3.675  
  (16.97)***   (17.34)*** (17.03)***  

)(2, IRiα    -2.007   1.495  
   (-20.40)***   (1.544)  

)(2, Janiα     -0.130 -0.170 -0.178  
    (-3.678)*** (-3.581)*** (-3.750)***  

)(3, Moniα     0.228 0.551 0.496  
    (2.988)*** (5.893)*** (4.513)***  

)( ,2, tii Sα        0.002 
       (0.000) 
        

Half-Life 4.7 1.7 4.8 4.0 1.9 1.9 2.0 
Log L -5938.2 -5895.0 -6017.1 -5933.7 -5887.9 -5887.5 -5990.7 
AIC 3.965 3.937 4.018 3.963 3.933 3.934 4.006 

Skewness -0.415 -0.521 -0.324 -0.365 -0.496 -0.495 -0.384 
Kurtosis 12.67 14.15 12.34 12.25 9.758 9.649 10.37 

Q(5) 3.168 5.592 4.442 3.051 4.843 4.794 4.267 
Q(15) 10.39 13.23 11.57 11.26 12.66 12.58 11.60 
Q2(5) 0.942 2.445 5.140 1.094 1.002 1.051 1.208 
Q2(15) 11.08 17.29 23.64* 12.12 19.08 19.67 22.79* 

        

The results presented in this table are Maximum Likelihood estimates of GARCH-M specification under the 
assumption of normally distributed errors. The specifications differ by the conditioning information variables. Model 
1 is the original GJR GARCH-M specification (TARCH). Models 2, 3, 4, and 6 are the GARCH-M specification 
expanded respectively with Volume, Interest Rate, Seasonal Dummies, and Skewness in the variance equation. 
Model 5 includes three information variables--Volume, Interest Rate and Seasonal Dummies--in the variance 
equation. The expanded GARCH-M model is:  
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where 
ti ,Ζ  represents Volume, Interest Rate, Seasonal Dummies, or Skewness.  

The t-statistics are in parentheses. They are reported with * denoting significance at 10%, **denoting significance at 
5%, ***denoting significance at 1%.  
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Table 4. Impacts of Information Variables on Conditional Volatility--Nokia 
 

Variable Model 1 
 

Model 2 
 

Model 3 
 

Model 4 
 

Model 5 
 

Model 6 Model 7 

 
 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

1,iβ  0.011 0.012 0.012 0.013 0.013 0.006 0.018 
 (1.029) (1.134) (1.167) (1.161) (1.184) (0.583) (0.928) 

0,iβ  -0.097 -0.119 -0.111 -0.110 -0.125 -0.070 -0.005 
 (-1.133) (-1.387) (-1.326) (-1.274) (-1.477) (-0.884) (-0.034) 

2,iβ  0.064 0.069 0.065 0.064 0.067 0.065 0.033 
 (3.557)*** (3.170)*** (3.606)*** (3.563)*** (3.100)*** (3.016)*** (2.012)** 
        

0,iα  0.088 5.760 0.114 0.139 5.926 5.606 1.711 
 (6.493)*** (15.80)*** (6.604)*** (1.999)** (16.16)*** (15.22)*** (11.74)*** 

1g  0.017 0.075 0.015 0.015 0.073 0.084 0.037 
 (4.195)*** (4.121)*** (3.803)*** (3.876)*** (4.022)*** (4.488)*** (2.387)** 

2g  0.053 0.200 0.055 0.047 0.201 0.193 0.103 
 (8.356)*** (6.065)*** (8.914)*** (7.900)*** (6.058)*** (5.696)*** (3.647)*** 

1,iα  0.948 0.207 0.950 0.954 0.208 0.169 0.638 
 (283.6)*** (4.841)*** (283.0)*** (294.7)*** (5.052)*** (4.669)*** (23.86)*** 

)(2, Viα   0.697   0.717 0.985  
  (10.25)***   (9.990)*** (9.578)**  

)(2, IRiα    -1.265   57.02  
   (-3.048)***   (6.291)***  

)(2, Janiα     -0.116 0.724 0.662  
    (-3.972)*** (2.342)** (1.798)*  

)(3, Moniα     -0.248 -0.978 -1.024  
    (-0.742) (-3.510)*** (-3.482)***  

)( ,2, tii Sα        0.006 
       (0.000) 
        

Half-Life 13.0 0.4 13.5 14.7 0.4 0.4 1.5 
Log L -7317.4 -7234.6 -7315.7 -7314.1 -7230.8 -7219.9 -7431.1 
AIC 4.885 4.830 4.884 4.884 4.828 4.822 4.967 

Skewness -0.024 0.150 -0.033 -0.013 0.151 0.127 -0.194 
Kurtosis 6.599 5.202 6.623 6.442 5.136 4.775 5.045 

Q(5) 3.150 5.051 3.192 2.924 5.039 5.914 5.485 
Q(15) 25.38** 31.02*** 25.41** 25.34** 31.85*** 32.60*** 24.00* 
Q2(5) 5.767 12.10** 6.658 7.265 13.58** 22.67*** 1.887 

Q2(15) 11.81 57.70*** 11.76 13.42 63.35*** 78.03*** 15.39 
        

The results presented in this table are Maximum Likelihood estimates of GARCH-M specification under the 
assumption of normally distributed errors. The specifications differ by the conditioning information variables. Model 
1 is the original GJR GARCH-M specification (TARCH). Models 2, 3, 4, and 6 are the GARCH-M specification 
expanded respectively with Volume, Interest Rate, Seasonal Dummies, and Skewness in the variance equation. 
Model 5 includes three information variables--Volume, Interest Rate and Seasonal Dummies--in the variance 
equation. The expanded GARCH-M model is:  
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where 
ti ,Ζ  represents Volume, Interest Rate, Seasonal Dummies, or Skewness.   

The t-statistics are in parentheses. They are reported with * denoting significance at 10%, **denoting significance at 
5%, ***denoting significance at 1%. 
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Table 5. Impacts of Information Variables on Conditional Volatility—Outokumpu (Outo) 
 

Variable Model 1 
 

Model 2 
 

Model 3 
 

Model 4 
 

Model 5 
 

Model 6 Model 7 

 
 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

1,iβ  0.020 0.023 0.025 0.014 0.003 0.028 0.028 
 (1.217) (1.389) (1.583) (0.941) (0.211) (1.813)* (1.466) 

0,iβ  -0.115 -0.132 -0.146 -0.102 -0.013 -0.164 -0.029 
 (-1.311) (-1.496) (-1.707)* (-1.367) (-0.158) (-1.991)** (-0.258) 
        

0,iα  0.084 0.077 0.044 1.647 4.016 0.357 0.613 
 (7.572)*** (6.931)*** (3.703)*** (46.60)*** (16.21)*** (8.638)*** (9.205)*** 

1g  0.040 0.037 0.037 0.081 0.064 0.038 0.070 
 (8.107)*** (7.779)*** (7.546)*** (13.88)*** (9.183)*** (7.491)*** (4.251)*** 

2g  0.011 0.012 0.014 -0.044 -0.053 0.010 0.061 
 (2.132)** (2.282)** (2.453)** (-6.510)*** (-6.354)*** (1.702)* (2.411)** 

1,iα  0.941 0.945 0.944 0.815 0.494 0.944 0.799 
 (191.0)*** (194.3)*** (193.7)*** (101.0)*** (14.63)*** (191.3)*** (46.15)*** 

)(2, Viα   -0.126   4.487 0.245  
  (-2.729)***   (9.990)*** (2.862)***  

)(2, IRiα    2.007   2.558  
   (5.980)***   (5.356)***  

)(2, Janiα     -0.294 -1.041 -0.027  
    (-14.37)*** (-11.91)*** (-1.052)  

)(3, Moniα     -4.633 -4.745 -1.606  
    (-37.69)*** (-3.200)*** (-8.941)***  

)( ,2, tii Sα        -0.061 
       (0.000) 
        

Half-Life 11.4 12.3 12.0 3.4 1.0 12.0 3.1 
Log L -6771.1 -6770.2 -6765.6 -6889.3 -6978.7 -6750.5 -6794.6 
AIC 4.518 4.518 4.515 4.598 4.658 4.507 4.542 

        

Skewness -0.112 -0.110 -0.146 -0.283 0.074 -0.207 -0.107 
Kurtosis 7.255 7.138 6.809 7.930 8.636 6.621 3.948 

Q(5) 6.667 6.707 6.308 6.562 12.09** 6.425 7.257 
Q(15) 20.35 20.38 19.90 20.51 25.82** 19.04 22.75* 
Q2(5) 13.23** 14.15** 14.64** 17.72*** 34.11*** 14.95** 7.594 

Q2(15) 18.17 18.97 19.34 27.70** 90.66*** 19.69 14.73 
        

The results presented in this table are Maximum Likelihood estimates of GARCH-M specification under the 
assumption of normally distributed errors. The specifications differ by the conditioning information variables. Model 
1 is the original GJR GARCH-M specification (TARCH). Models 2, 3, 4, and 6 are the GARCH-M specification 
expanded respectively with Volume, Interest Rate, Seasonal Dummies, and Skewness in the variance equation. 
Model 5 includes three information variables--Volume, Interest Rate and Seasonal Dummies--in the variance 
equation. The expanded GARCH-M model is:  
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where 
ti ,Ζ  represents Volume, Interest Rate, Seasonal Dummies, or Skewness.   

The t-statistics are in parentheses. They are reported with * denoting significance at 10%, **denoting significance at 
5%, ***denoting significance at 1%. 
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Table 6. Impacts of Information Variables on Conditional Volatility—Rautaruukki (Rauta) 
 

Variable Model 1 
 

Model 2 
 

Model 3 
 

Model 4 
 

Model 5 
 

Model 6 Model 7 

 
 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

1,iβ  0.060 0.060 0.058 0.067 0.068 0.066 0.095 
 (2.618)*** (2.611)*** (2.638)*** (2.978)*** (3.012)*** (3.412)*** (2.912)*** 

0,iβ  -0.334 -0.334 -0.324 -0.375 -0.380 -0.379 -0.523 
 (-2.709)*** (-2.701)*** (-2.746)*** (-3.092)*** (-3.131)*** (-3.812)*** (-3.044)*** 

2,iβ  -0.066 -0.067 -0.068 -0.067 -0.068 -0.082 -0.072 
 (-3.347)*** (-3.288)*** (-3.365)*** (-3.384)*** (-3.314)*** (-3.704)*** (3.783)*** 
        

0,iα  0.305 0.477 0.314 0.450 0.693 1.499 0.935 
 (5.952)*** (6.105)*** (5.272)*** (5.656)*** (6.689)*** (7.223)*** (5.966)*** 

1g  0.062 0.085 0.075 0.059 0.089 0.184 0.057 
 (7.851)*** (7.292)*** (7.078)*** (7.579)*** (7.049)*** (6.693)*** (2.671)*** 

2g  0.019 0.014 0.018 0.022 0.016 0.002 0.036 
 (1.697)* (0.992) (1.339) (1.955)* (1.052) (0.062) (1.019) 

1,iα  0.875 0.825 0.845 0.875 0.807 0.313 0.747 
 (63.09)*** (39.96)*** (44.13)*** (61.93)*** (35.37)*** (7.128)*** (20.49)*** 

)(2, Viα   0.318   0.395 9.585  
  (2.263)**   (2.445)** (10.31)***  

)(2, IRiα    5.585   82.208  
   (3.488)***   (10.15)***  

)(2, Janiα     0.107 0.156 0.430  
    (1.717)* (1.751)* (1.510)  

)(3, Moniα     -0.713 -0.756 -0.488  
    (-2.760)*** (-2.883)*** (-2.221)**  

)( ,2, tii Sα        -0.048 
       (0.000) 
        

Half-Life 5.2 3.6 4.1 5.2 3.2 0.6 2.4 
Log L -6768.6 -6767.8 -6764.2 -6765.9 -6764.9 -6732.2 -6781.9 
AIC 4.519 4.519 4.516 4.518 4.518 4.497 4.533 

Skewness -0.072 -0.074 -0.074 -0.077 -0.079 -0.207 -0.053 
Kurtosis 5.147 5.148 5.175 5.074 5.047 4.749 2.013 

Q(5) 0.428 0.459 0.428 0.514 0.541 0.856 0.794 
Q(15) 12.35 12.59 12.23 12.53 12.80 20.74 13.39 
Q2(5) 0.558 0.367 0.505 0.906 0.462 18.70*** 3.358 

Q2(15) 6.245 6.209 7.534 7.173 7.400 53.58*** 15.15 
        

The results presented in this table are Maximum Likelihood estimates of GARCH-M specification under the 
assumption of normally distributed errors. The specifications differ by the conditioning information variables. Model 
1 is the original GJR GARCH-M specification (TARCH). Models 2, 3, 4, and 6 are the GARCH-M specification 
expanded respectively with Volume, Interest Rate, Seasonal Dummies, and Skewness in the variance equation. 
Model 5 includes three information variables--Volume, Interest Rate and Seasonal Dummies--in the variance 
equation. The expanded GARCH-M model is:  
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where 
ti ,Ζ  represents Volume, Interest Rate, Seasonal Dummies, or Skewness.  

The t-statistics are in parentheses. They are reported with * denoting significance at 10%, **denoting significance at 
5%, ***denoting significance at 1%. 
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Table 7. Impacts of Information Variables on Conditional Volatility--Sampo 
 

Variable Model 1 
 

Model 2 
 

Model 3 
 

Model 4 
 

Model 5 
 

Model 6 Model 7 

 
 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

 

Coeff. 
(t-statistic) 

 

1,iβ  -0.006 -0.006 -0.005 -0.002 0.008 0.003 0.002 
 (-0.567) (-0.584) (-0.446) (-0.218) (1.862)* (0.297) (0.163) 

0,iβ  0.040 0.040 0.028 0.005 -0.366 -0.045 -0.048 
 (0.596) (0.606) (0.410) (0.087) (-17.11)*** (-0.778) (-0.496) 
        

0,iα  0.294 0.330 0.373 0.532 4.637 1.068 0.848 
 (17.48)*** (14.09)*** (9.326)*** (18.62)*** (200.8)*** (23.31)*** (14.71)*** 

1g  0.113 0.116 0.115 0.108 0.146 0.136 0.093 
 (14.00)*** (13.95)*** (14.26)*** (13.58)*** (37.94)*** (14.05)*** (5.319)*** 

2g  0.068 0.068 0.073 0.063 0.008 0.083 0.112 
 (5.767)*** (5.681)*** (5.899)*** (5.742)*** (0.940) (6.059)*** (3.789)*** 

1,iα  0.831 0.823 0.823 0.846 0.488 0.781 0.758 
 (136.3)*** (123.6)*** (125.7)*** (130.7)*** (193.4)*** (88.08)*** (61.24)*** 

)(2, Viα   0.264   1.369 0.306  
  (2.543)**   (16.14)*** (2.410)**  

)(2, IRiα    -2.585   -6.896  
   (-2.883)***   (-7.700)***  

)(2, Janiα     0.077 0.706 0.109  
    (1.534) (18.15)*** (1.606)  

)(3, Moniα     -1.512 -8.263 -2.297  
    (-11.21)*** (-3.200)*** (-7.100)***  

)( ,2, tii Sα        -0.076 
       (0.000) 
        

Half-Life 3.7 3.6 3.6 4.1 1.0 2.8 2.5 
Log L -6978.7 -6977.0 -6977.7 -6968.3 -7261.6 -6963.2 -7006.5 
AIC 4.656 4.656 4.656 4.651 5.087 4.649 4.683 

        

Skewness -0.179 -0.179 -0.176 -0.154 0.139 -0.215 -0.155 
Kurtosis 9.454 9.351 9.226 9.037 18.96 9.374 5.686 

Q(5) 4.658 4.506 4.481 4.265 1.054 3.491 3.703 
Q(15) 8.867 8.751 8.807 8.714 11.63 8.718 8.879 
Q2(5) 2.051 1.819 1.752 3.786 1.955 1.953 1.685 

Q2(15) 10.22 9.921 9.617 12.32 11.53 7.789 14.82 
        

The results presented in this table are Maximum Likelihood estimates of GARCH-M specification under the 
assumption of normally distributed errors. The specifications differ by the conditioning information variables. Model 
1 is the original GJR GARCH-M specification (TARCH). Models 2, 3, 4, and 6 are the GARCH-M specification 
expanded respectively with Volume, Interest Rate, Seasonal Dummies, and Skewness in the variance equation. 
Model 5 includes three information variables--Volume, Interest Rate and Seasonal Dummies--in the variance 
equation. The expanded GARCH-M model is:  
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where 
ti ,Ζ  represents Volume, Interest Rate, Seasonal Dummies, or Skewness.   

The t-statistics are in parentheses. They are reported with * denoting significance at 10%, **denoting significance at 
5%, ***denoting significance at 1%. 
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1. Introduction 
 

Moments of return distributions are related to the perception of risk. Based on the 

earlier work of Markowitz (1952), Simonson (1972) associates variability risk with the 

second moment and speculative risk (the vulnerability of returns to downside extremes) 

with the third moment. The fourth moment, though not coined with any risk terms, was 

viewed as either risk reducing (because of the “peakedness” of return distributions) or 

risk-enhancing (because of the “fatness” of tails in the distribution), the role of which 

awaits empirical verification.  

The dire need of a risk and return relation that defines the role of these risk 

parameters in asset pricing has generated a large body of empirical work. The 

pioneering two-moment Capital Asset Pricing Model (CAPM) postulates a linear 

relation between return and the co-variance risk (non-diversifiable variance) of risky 

assets. This basic paradigm, though prevalent and intuitively appealing, was called into 

question by the “equity premium puzzle”, along with other anomalies emerged from 

research on the validity of CAPM. Meanwhile, the importance of higher order moments 

was increasingly recognized. Arditti (1967, 1972) examines the empirical relation of ex 

post returns to total skewness by using the third moment along with the second moment 

as determinants of the required rate of return. A subsequent noteworthy study by Kraus 

and Litzenberger (1976) (hereafter K&L) test a linear three-moment pricing model that 

uses co-skewness (non-diversifiable skewness) as a supplement to the co-variance risk 

to explain asset return. More recently, Homaifar and Graddy (1988) (hereafter H&G) 

derive a linear four-moment pricing model by incorporating co-kurtosis (non-

diversifiable kurtosis) along with co-variance and co-skewness into the pricing 

equation.  

The two-moment CAPM has been closely scrutinized for decades, and financial 

communities have long accepted the notion that co-variance risk is the relevant risk 

measure for portfolio risk. Tests of the three-moment CAPM, on the other hand, have 

produced mixed results and led to methodological criticisms. The first issue relates to 

the proper measure of skewness to include in empirical models of investor behavior, 

namely, whether total skewness or co-skewness (systematic skewness) is the concept 

relevant to asset pricing. Studies that advocate total skewness as proxy for skewness 
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preference include Arditti (1967, 1972), Francis (1975), and McEnally (1974). Those 

that argue for co-skewness are K&L, Conine and Tamarkin (1985), Lim (1989) and 

others. The issue of a skewness measure was further questioned in papers by Beedles 

(1984), Friend and Westerfield (1980), and Cook and Rozeff (1984). The second issue 

proposes that co-skewness is really a manifestation of the dividend yields effect (Cook 

and Rozeff (1984)) or other anomalies like the small firm effect (Booth and Smith 

(1987)). The third issue considers conditional skewness rather than unconditional 

skewness as the alternative measure of skewness preference (Harvey and Siddique 

(2000)). Compared to the role of the third moment in asset pricing models, the fourth 

moment has received little attention. H&G, and Fang and Lai (1997) are among the few 

that have tried the fourth moment. On the whole, the evidence for and against skewness 

preference is inconclusive, and that for kurtosis preference, is scant but promising.  

The intuition for including skewness and kurtosis in the asset-pricing framework 

can be read from the shape of return distributions. Positively skewed distributions tend 

to offer small probabilities of windfall gains while limit large downside losses. Thus, all 

else equal, investors will prefer positively skewed portfolios (for the upside potential 

gains offered by them) to negatively skewed portfolios (Harvey and Siddique (2000)), 

and they would be willing to deduct a premium for assets that have positive co-

skewness with the market if the market portfolio is positively skewed (Friend and 

Westerfield (1980)). Excess kurtosis reflects either large frequency around the center 

(low probabilities of moderate loss) or in the tails of the distribution (small probabilities 

of larger losses). Thus kurtosis could be either risk reducing or risk enhancing 

depending on the tradeoff between the “peakedness” and “tail-fatness” of return 

distributions. The general assumption is that investors have preferences for odd 

moments (mean and skewness) and dislike even moments (variance and kurtosis) (Scott 

and Horvath (1980), H&G).  

That skewness and kurtosis cannot be diversified by increasing the size of portfolio 

(Arditti (1971), Fielitz (1976), and Gibbons, Ross, and Shanken (1989)), as opposed to 

the apparently diversifiable variance, raises the question of whether total skewness and 

total kurtosis versus co-skewness and co-kurtosis should be the relevant concept in asset 

pricing. A test of formulations based on these two sets of risk measures would directly 

address the above expressed concerns and challenge the arguments favoring one 
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assumed risk preference measure to another. Thus, our first objective would be to 

provide a proper measure of skewness and kurtosis to include in empirical pricing 

models, by explicitly examining the relation between returns and various risk 

parameters.  

That the shape of return distributions changes over time (Hansen (1994), Harvey 

and Siddique (1999)) and over differencing intervals (Hawawini (1980)) also cast 

doubts on the plausibility of static skewness and kurtosis measures in the existing 

literature where the shape of return distributions was implicitly assumed to be constant. 

Our second objective in this paper is therefore to recognize this restriction and use the 

conditional measure of skewness and kurtosis in the estimation process. A side issue is 

then to assess the association between the risk parameters and see whether one risk 

measure tends to move with or offset another, that is, whether investors tend to 

purposively trade some types of risk for other desirable features like increasing portfolio 

skewness.  

A final issue is directed towards understanding the sources of different risk 

measures, and to extend the existing studies to investigate industry effects. This issue 

involves decomposing total variance, total skewness and total kurtosis into a market 

component, an industry component and an idiosyncratic part. These disaggregated 

measures would have implications for the level of risk diversification, and reveal 

information about abnormal-event related return behavior. 

To address the above issues, we use daily data from 1990 to 2000 for six large cap 

companies, three industry indices and one market index, respectively from UK and 

Germany. The remainder of this paper is organized as follows. Section 2 describes the 

skewness and kurtosis preference of a risk-averse investor; section 3 clarifies the notion 

of time-varying shape of a distribution and the intervaling effect of skewness and 

kurtosis; section 4 examines the effect of co-skewness and co-kurtosis on asset returns; 

section 5 empirically tests the relation between total skewness, total kurtosis and asset 

pricing; section 6 gives a decomposition of variance, skewness and kurtosis, and forms 

a linkage between the sources of these risk measures and their roles in investor’s 

decision-making process; finally, section 7 concludes the paper. 
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2. The Skewness and Kurtosis Preference of A Risk-Averse Investor 
 

 Under the assumption that investors’ utility function for terminal returns )
~

(WU  is 

not restricted to the quadratic or cubic class, but depends upon the first four moments34 

of the probability distribution of one-period returns, Scott and Horvath (1980) (hereafter 

S&H) show that a Taylor series expansion of W
~ about the mean EW  gives  

!4)
~

(!3)
~

(!2)
~

()
~

()()
~

( 4
4

3
3

2
21 EWWEWWEWWEWWEWUWU −+−+−+−+= φφφφ ,  (1) 

where 
nφ  is the nth derivative of the utility function, and the right-hand side of equation 

(1) is an approximation of the expanded Taylor series of the left-hand side. Taking the 

expected value of both sides of equation (1) yields 

   !4)(!3)(!2)()()
~

( 443322 WMWMWMEWEUWEU φφφ +++= ,   (2) 

where )(WM n
 is the nth central moment of the return distribution. According to S&H, 

the signs of the consecutive derivatives of the utility function alternate from positive to 

negative, ,01 >φ  ,02 <φ  ,03 >φ  and ,04 <φ  implying that rational investors prefer the odd 

moments and dislike the even moments of the distribution. 

Based on the work of S&H, H&G go further to derive a four-moment model, the ex 

post form of which is  

    
iiiifi ubbbbRR ++++=− δγβ 3210
,        (3) 

where the parameters 
iβ (co-variance), 

iγ (co-skewness), and 
iδ (co-kurtosis) are the 

regression coefficients from the cubic market model 

    
titmitmitmiifti RRRRR ,

3
,

2
,,, εδγβα ++++=− .     (4) 

The market premiums for the systematic risks 
iβ , 

iγ  and 
1δ  are denoted in equation (3) 

as 
1b , 

2b  and 
3b , respectively. Assuming a preference for odd moments and an aversion 

for even moments, 
1b  and 

3b  should be positive and 
2b  has the opposite sign of market 

skewness. This means that the higher the co-kurtosis with the market, the greater is the 

systematic kurtosis risk contributed by the asset, like the covariance risk, investors 

should be compensated with higher expected rate of return. Conversely, a greater co-

skewness (positive 
iγ  in equation (4)) with positively skewed market portfolio implies a 

                                                
34 Samuelson (1970) shows that when risk is limited, i.e., as 0→σ , the optimal portfolio weight to the 
quadratic mean-variance utility function approaches the true solution, but as risk increases, the 3-moment 
cubic solution has higher contact with the true solution. 
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greater chance for participating in market upside gains; investors are thus willing to 

forgo some expected returns (negative 
2b  in equation (3)) for this benefit35. 

The existing studies that argue for co-skewness and co-kurtosis as the relevant 

pricing measure typically go from estimating beta (
iβ ), co-skewness (

iγ ) and co-

kurtosis (
iδ ) using equation (4) in the first stage to obtain final estimates for market risk 

premiums 
1b , 

2b  and 
3b  in equation (3). As such, these estimated risk premiums 

1b , 
2b  

and 
3b  might be biased and inconsistent, as the estimation could be affected by the 

errors-in-variable problem, co linearity among 
iβ , 

iγ and 
iδ , the sensitivity of the OLS 

estimators to extreme observations, and the joint normality distributional assumption. A 

generalized method of moments (GMM) (Hansen (1982)) approach that departs from 

strong distributional assumptions and allows returns to be correlated and heteroscedastic 

could avoid the sensitivity and distribution problems, and is thus employed as our 

estimation method.  

As the evidence for co-skewness and co-kurtosis in asset pricing is not convincing, 

the question remains whether the concept of co-skewness and co-kurtosis are indeed 

relevant to empirical models of investor behavior. The empirical sections would 

therefore first focus on this issue, then move on to examine the role of total skewness 

and total kurtosis in the pricing models, and then provide evidence based on the sources 

of these risk measures. The immediate section would be devoted to the time-varying 

nature of return distributions, the recognition of which would justify the use of 

conditional risk preference measures as opposed to the static ones typically used in 

previous studies. 

 

3. Time-Varying Shape of Return Distributions and the Intervaling Effect  
 

To demonstrate the time-varying nature of skewness and kurtosis and their 

sensitivity to the length of differencing interval over which returns are measured, we 

present first a statistical description of the returns in table 1. The data set include: for 

UK, three industry indices --Bank & Financial Services Industry, Oil & Gas Industry, 

Food & Drug Retailer; two representative large cap companies from each industry--

                                                
35 Note that this statement is based on the notion that skewness and kurtosis can be diversified, as 
indicated by the co-skewness and co-kurtosis measures formulated in equations (3) and (4). 
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Abbey and Barclays (Banks & Financial Services Industry), BP and Shell (Oil & Gas 

Industry), Sainsbury and Tesco (Food & Drug Retailer). For Germany, three industry 

indices-- Bank & Financial Services Industry, Chemical & Pharmaceuticals Industry, 

and Automotives Industry, two large cap companies selected from each industry-- 

Allianz and Deutchebank (Banks & Financial Services Industry), Bayer and Schering 

(Chemicals & Pharmaceuticals Industry), and BMW and Volks (Automotives Industry). 

The samples are from Jan. 2, 1990 to Dec. 29, 2000, a total of 2869 observations. 

FTSE100 and DAX are used as the market index for U.K. and Germany, respectively. 

The risk-free proxy is one-month European Interbank Offer Rate (EURIBOR) rate. 

Daily excess returns are calculated using the rate of returns minus the risk-free rate.  

 

Table 1. Summary Statistics for Daily Excess Returns 
 

 
 Mean Median Max. Min. Std. Dev. Skewness Kurtosis Jarque-Bera Prob. 

UK          
ABBEY 0.066 -0.014 10.430 -8.938 1.807 0.236 6.376 1388.7 0.000 

BARCLAYS 0.055 -0.012 14.331 -9.972 1.917 0.220 6.393 1398.8 0.000 
BP 0.038 -0.014 9.430 -15.108 1.555 -0.051 8.157 3179.4 0.000 

SHELL 0.044 -0.010 10.311 -6.073 1.069 0.895 14.558 16346.5 0.000 
SAINSBURY 0.009 -0.014 10.003 -13.946 1.721 -0.342 9.346 4867.5 0.000 

TESCO 0.045 -0.014 8.191 -8.159 1.718 0.164 4.823 410.1 0.000 
BANK 0.046 -0.008 10.079 -6.057 1.445 0.325 5.995 1122.2 0.000 

OIL&GAS 0.015 -0.010 9.254 -5.512 1.281 0.380 6.409 1457.3 0.000 
FOOD&DRUG 0.015 -0.010 6.266 -6.273 1.206 -0.074 5.154 557.0 0.000 

FTSE100 0.014 -0.008 5.395 -4.183 0.928 0.020 4.943 451.6 0.000 
          

GERMANY          
ALLIANZ 0.034 -0.016 13.795 -15.688 1.754 0.125 11.058 7766.8 0.000 

DEUTBANK 0.016 -0.012 12.763 -11.982 1.667 -0.044 8.395 3479.3 0.000 
BAYER 0.037 -0.010 8.628 -10.079 1.567 0.051 5.708 877.7 0.000 

SCHERING 0.039 -0.014 8.257 -9.894 1.554 0.174 6.256 1281.1 0.000 
BMW 0.040 -0.011 11.323 -15.992 1.941 -0.013 8.814 4039.6 0.000 

VOLKS 0.012 -0.010 12.465 -14.672 1.912 -0.240 7.418 2359.6 0.000 
BANK 0.009 -0.009 8.644 -10.890 1.368 -0.060 8.485 3596.9 0.000 

CHEMICAL 0.024 -0.009 7.353 -9.407 1.189 -0.174 6.828 1766.0 0.000 
AUTOMOTIVES 0.004 -0.008 9.174 -12.243 1.459 -0.357 8.663 3893.2 0.000 

DAX 0.008 0.000 4.629 -10.734 0.829 -1.327 17.341 25419.6 0.000 
          

The summary statistics are for continuously compounded value-weighted excess returns.  The samples 
include twelve large companies from UK and Germany; they are Abbey and Barclays (Banks & Financial 
Services Industry), BP and Shell (Oil & Gas Industry), Sainsbury and Tesco (Food & Drug Retailer), 
Allianz and Deutchebank (Banks & Financial Services Industry), Bayer and Schering (Chemicals & 
Pharmaceuticals Industry), and BMW and Volks (Automotives Industry).  FTSE100 and DAX are the 
respective market index. The samples are from Jan. 2, 1990 to Dec. 29, 2000, for a total of 2869 
observations. 
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The skewness and kurtosis statistics in table 1 are equivalent to the static total 

skewness and kurtosis measure used in some empirical studies. There are pieces of 

evidence that skewness and kurtosis are sample dependent and vary by differencing 

interval (Fogler-Radcliffe (1974), Smith (1978)). These reports would render estimates 

from the static risk measures insufficiently robust to justify any conclusions about the 

effects of these risk parameters on returns demanded by investors. To illustrate this 

point, Table 2 produces the skewness and kurtosis statistics measured over daily, 

weekly and monthly intervals and for different sample periods. Apparently, skewness 

and kurtosis vary over time and over differencing intervals, the extent of which differs 

by companies and by markets. There seems to be a negative skewness intervaling effect, 

namely, average skewness tends to decrease as the differencing interval is lengthened. 

About 57% of the sample display smaller or more negative skewness with returns 

measured over monthly interval than over weekly and daily intervals; 36% of the 

weekly returns have skewness smaller than monthly and daily returns, while only 7% of 

the daily returns show more negative skewness than monthly and weekly returns. This 

observation is consistent with Smith (1978)’s report. The negative intervaling effect 

appears much stronger for kurtosis. Monthly returns demonstrate the lowest excess 

kurtosis for 79% of the sample, compared to 14% for weekly returns and 7% for daily 

returns. One clue to the negative intervaling effect is the fact that returns measured over 

lower frequencies tend to average out those extreme observations present in returns of 

higher frequency. Hawawini (1980) demonstrated that the higher the moment’s order 

(kurtosis vs. skewness), the more sensitive it is to the length of the differencing intervals 

over which returns are measured. The skewness and kurtosis statistics in table 2 

acknowledge this point and suggest further that kurtosis can be more sample dependent 

and time-varying than skewness. In brief, the time-varying nature and intervaling effect 

of skewness and kurtosis could result in misleading conclusions drawn from empirical 

studies based on these risk parameters. The proposed alternative is to use time-varying 

skewness and kurtosis in the estimation process, the detail of which will be documented 

in the next section. 
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Table 2. Time-varying Shape and The Intervaling Effect 
 
 

Company Shape 
 

Daily Frequency 
 

Weekly Frequency Monthly Frequency 

  
1990-
1995 

1996-
2000 

1990-
2000 

1990- 
1995 

1996- 
2000 

1990- 
2000 

1990- 
1995 

1996- 
2000 

1990-
2000 

           

ABBEY Skew 0.59 0.10 0.24 0.98 0.05 0.34 0.42 -0.46 -0.18 
 Kurt 6.77 5.24 6.38 8.95 6.11 7.57 3.42 3.92 4.11 

BARCLAYS Skew 0.31 0.15 0.22 0.58 0.02 0.21 -0.65 -0.79 -0.71 
 Kurt 8.51 4.92 6.39 6.39 4.90 5.75 3.29 6.69 6.70 

BP Skew -0.71 0.32 -0.05 -2.36 0.29 -1.01 -1.25 0.15 -0.53 
 Kurt 13.26 5.16 8.16 23.81 4.02 13.47 8.19 2.56 5.41 

SHELL Skew 0.38 1.13 0.90 0.18 1.00 0.65 0.54 -0.24 0.10 
 Kurt 6.32 16.88 14.56 4.16 22.90 16.13 2.67 3.53 3.30 

SAINSBURY Skew -0.39 -0.30 -0.34 -1.33 -1.38 -1.46 -0.51 -0.64 -0.64 
 Kurt 6.68 8.40 9.35 13.52 11.09 13.69 3.58 3.70 4.17 

TESCO Skew 0.12 0.17 0.16 0.54 0.34 0.45 -0.35 0.00 -0.08 
 Kurt 4.12 4.93 4.82 4.35 5.28 5.11 3.58 2.70 3.18 

FTSE100 Skew 0.26 -0.13 0.02 1.01 -0.48 0.08 -0.07 -0.80 -0.38 
 Kurt 5.73 4.17 4.94 8.29 3.68 5.38 2.72 3.90 3.08 
  

         

ALLIANZ Skew 0.08 0.10 0.13 0.01 -1.93 -1.59 -0.97 -0.60 -0.73 
 Kurt 7.97 9.90 11.06 4.00 25.50 27.06 4.62 4.74 4.74 

DEUTBANK Skew -0.37 -0.02 -0.04 0.01 -0.02 0.08 -0.95 -0.48 -0.39 
 Kurt 9.69 6.12 8.40 4.76 4.61 5.87 4.96 3.44 4.43 

BMW Skew 0.07 -0.06 0.05 0.02 -0.24 -0.12 -0.37 -0.60 -0.46 
 Kurt 9.09 6.67 5.71 5.68 4.80 5.71 4.50 3.13 3.73 

VOLKS Skew -0.13 -0.32 0.17 -0.41 -1.17 -0.94 -0.78 -0.25 -0.37 
 Kurt 8.68 6.20 6.26 3.49 12.79 11.61 4.18 2.57 3.28 

BAYER Skew 0.16 -0.03 -0.01 -0.08 0.09 0.11 -1.22 -0.55 -0.56 
 Kurt 7.00 4.48 8.81 3.82 2.87 3.48 6.32 2.95 4.05 

SCHERING Skew -0.06 0.21 -0.24 0.22 -0.15 0.05 0.10 -0.44 -0.12 
 Kurt 6.50 5.24 7.42 3.86 5.64 5.36 3.57 2.99 3.08 

DAX Skew -1.75 -0.96 -1.33 -0.37 -2.73 -1.67 -0.73 -1.30 -0.98 
 Kurt 28.38 8.09 17.34 6.78 25.67 17.86 4.80 6.51 5.46 
           

This table presents skewness and kurtosis statistics varying by sample and by differencing intervals. The 
time-varying aspect of skewness and kurtosis is examined by calculating the statistics at three sample 
periods, namely the whole sample period 1990-2000, two sub sample periods 1990-1995 and 1996-2000. 
The intervaling effect is reflected through statistics measured at different frequencies, namely on a daily, 
weekly and monthly basis.  

 
 

4. Co-skewness, Co-kurtosis and Asset Pricing 
 

 K&L persuasively argue that expected return is a function of both the asset’s beta 

and the asset’s co-skewness, making the assumption that investors have a preference for 
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positive return skewness in their portfolios. H&G later show that co-kurtosis is another 

non-beta factor that can be related to capital asset pricing. Just as investors are averse to 

higher variance in their portfolios, higher kurtosis poses a cost to investors and should 

therefore be avoided. The K&L’s report is scrutinized by Beedles (1984), Friend and 

Westerfield (1980), among others. For the most part, the sign and significance of the 

market premium for co-skewness are sensitive to the time period covered and the 

estimation method employed. Fang and Lai (1997) later empirically test the H&G result 

and show that market risk premium for co-skewness and co-kurtosis are in some cases 

significant and have the expected signs.  

The task of this section thus stems from the mixed effect of co-skewness on asset 

returns and the scant empirical support of co-kurtosis in tests of the pricing models. 

Specifically, we formulate a conditional four-moment model that makes the asset’s 

expected excess return dependent upon its conditional co-variance, co-skewness and co-

kurtosis with the market portfolio. The use of conditional moments is to recognize the 

fact that skewness and kurtosis are time-varying and sensitive to the time intervals over 

which they are measured. For the empirical work, we test the conditional version of the 

cubic model as defined in equation (4) 

titmitmitmiifti SRRR ,,
2

,,, εδσγβα ++++=− ,      (6) 

where ,2
,tmσ  

tmS ,
 are the conditional equivalents36 of 2

,tmR  and ,3
,tmR  respectively.  

The GMM estimates of co-variance, co-skewness and co-kurtosis for UK are given 

in Table 3.  Panel A provides estimates of the conditional cubic market model, and 

Panel B gives the estimates obtained from the cubic model with conditional industry 

moments replacing their corresponding market counterparts. Note that this cubic market 

(industry) model tests only whether there is a relation between returns and the risk 

parameters—variance, skewness and kurtosis, the association of which is measured by 

co-variance, co-skewness and co-kurtosis. One reason for not proceeding with the 

estimation of market risk premiums is to cater to the focus on a proper risk measure—

total skewness and total kurtosis versus co-skewness and co-kurtosis. A second account 

relates to the small sample we have—12 companies, such small sample is prone to large  

                                                
36 The series ,ˆ 2

,tmσ  is the variance series from the GARCH (1, 1) model of market returns, and 
tmS ,
 is the 

cubic of (
tmtm ,, ˆˆ εσ ), where 

tm,ε̂  is the residual series from the same model. 
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Table 3. GMM Estimates of Co-variance, Co-skewness, and Co-kurtosis -- UK Daily  
 

 

Industry 
 

Banks & Financial Services Oil & Gas Food & Drug Retailers 
 

Company 
 

ABBEY BARCLAYS BP SHELL SAINSBURY TESCO 

Variable Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

 

Panel A. 
titmitmitmiiti RR ,

3
,

2
,,´, εσδσγβα ++++=  

 

iα  0.026 -0.043 -0.001 0.097 0.036 0.010 

 (0.574) (-0.357) (-0.013) (2.847)** (0.593) (0.173) 

iβ  1.023 1.213 0.858 0.325 0.620 0.784 

 (22.58)** (26.18)** (16.90)** (8.128)** (13.19)** (13.29)** 

iγ  0.047 0.092 0.029 -0.078 -0.034 0.022 

 (0.878) (0.619) (0.232) (-1.962)** (-0.486) (0.312) 

iδ  0.014 0.004 -0.023 0.001 0.007 -0.014 

 (2.987)** (0.987) (-2.474)** (0.256) (1.367) (-1.143) 
       

Adjusted R2 0.312 0.373 0.204 0.078 0.123 0.150 
J-statistic 0.000 0.001 0.000 0.001 0.000 0.001 

p-value 0.35 0.26 0.99 0.19 0.81 0.28 
Skewm 0.008 

Kurtm 5.029 
 

Panel B. 
titinditinditindiiti RR ,

3
,

2
,,´, εσδσγβα ++++=  

 

iα  0.014 0.005 0.046 0.017 0.029 0.001 

 (0.341) (0.105) (1.914)* (0.601) (0.559) (0.036) 

iβ  0.832 0.989 1.151 0.290 1.129 1.235 

 (22.43)** (38.45)** (53.27)** (8.551)** (31.03)** (45.98)** 

iγ  0.011 0.001 -0.012 0.014 -0.011 0.017 

 (0.572) (0.043) (-0.919) (0.736) (-0.272) (0.599) 

iδ  0.005 0.014 -0.016 0.020 -0.012 -0.007 

 (0.871) (2.525)** (-2.248)** (1.765)* (-1.863)* (-1.161) 
       

Adjusted R2 0.460 0.604 0.834 0.166 0.596 0.719 
J-statistic 0.001 0.002 0.000 0.000 0.002 0.000 
p-value 0.41 0.11 0.36 0.59 0.17 0.40 
Skewind 0.305 0.364 -0.082 
Kurtind 5.872 6.388 5.133 

       

The results presented in this table are GMM estimates of co-variance
iβ , co-skewness iγ , and co-kurtosis 

iδ ; they 

correspond to measures for market and industry where applicable. FTSE100 is used as the common market index for 
estimates of beta 

iβ , co-skewness 
iγ , and co-kurtosis 

iδ  in Panel A. Two large representative companies from three 

selected industries are used in the estimation; they are Abbey and Barclays (Banks & Financial Services Industry), BP 
and Shell (Oil & Gas Industry), and Sainsbury and Tesco (Food & Drug Retailer). The corresponding industries are 
used as the industry indices to obtain estimates of the co-variance, co-skewness, and co-kurtosis measures with 
industry in Panel B. Skewm (Skewind) and Kurtm(Kurtind) are market (industry) skewness and kurtosis, respectively. 
The J-statistic tests the null hypothesis that the over-identifying restrictions are satisfied. The p-values of the test 
statistics are computed below. The t-statistics are in parentheses. They are reported with * denoting significance at 
10%, **denoting significance at 5%. 
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sampling errors and therefore it is not that useful to make conclusions based on the 

estimates for risk premiums. 

As expected, the estimates for betas in table 3 are in all cases significant and have a 

positive sign, consistent with the measure of systematic risk in CAPM studies. The 

estimates for co-skewness, on the other hand, are for the most part insignificant with 

inclusive signs. This raises the question whether it is meaningful for some empirical 

studies to proceed with the risk premium estimates even if there is a possibility that the 

first-step estimates are highly insignificant. Despite this unwelcome message, the 

insignificant co-skewness measure provides strong support for us to consider an 

alternative risk measure, namely the concept of total skewness as in the next section. 

The estimates for co-kurtosis do not appear to be satisfactory for the cubic pricing 

model, either. The co-kurtosis measure is significant at 5 percent level in four out of 

twelve cases, but the sign remains undecided, i.e., whether the excess return of an asset 

is systematically related to the market kurtosis or in which direction demands 

verification.  

The results for co-variance and co-skewness in Table 4 for Germany largely agree 

with the analysis of those estimates for UK, namely significant and positive co-variance 

but insignificant co-skewness. The co-kurtosis measure though demands separate 

attention; they are for the majority of cases significant at 5 percent level, though the 

values tend to linger around zero and the signs alternates from positive to negative. 

On the whole, the cubic model tends to have higher adjusted R-squared when 

tested against the industry portfolio than against the market portfolio, for both UK and 

Germany. The GMM estimation method effectively takes out the first order dependence 

among the regressors through the prewhitening option and avoids any multicolinearity 

problem. The J-statistic tests the null hypothesis that the overidentifying restrictions are 

satisfied, and the associated p-values show strong support for the models in all cases.  

 That the estimates of these risk measures might be influenced by the intervaling 

effect drives us to obtain co-skewness and co-kurtosis estimates for weekly and monthly 

returns. The results are presented in Appendix 1 and 2. In brief, monthly co-skewness 

estimates tend to have more consistent signs than weekly and daily estimates, though 

the significance differs by markets and still represents a minority of cases. Weekly  
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Table 4. GMM Estimates of Co-variance, Co-skewness, and Co-kurtosis -- Germany Daily 

 
 

Industry 
 

Banks & Financial Services Chemicals & Pharmaceuticals Automotives 
 

Company 
 

ALLIANZ DEUTBANK BAYER SCHERING BMW VOLKS 

Variable Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

 
Panel A.

titmitmitmiiti RR ,
3

,
2

,,´, εσδσγβα ++++=  
 

iα  0.029 -0.010 0.064 -0.004 0.054 0.000 

 (0.819) (-0.295) (2.365)** (-0.114) (1.563) (-0.002) 

iβ  1.195 1.125 1.032 0.784 1.280 1.342 

 (20.15)** (23.27)** (22.42)** (15.31)** (18.56)** (27.94)** 

iγ  -0.015 0.007 -0.069 0.042 -0.041 -0.003 

 (-0.345) (0.154) (-2.451)** (0.833) (-1.188) (-0.100) 

iδ  0.000 0.000 -0.001 0.000 -0.001 0.000 

 (-3.684)** (-3.367)** (-9.493)** (-3.706)** (-4.178)** (-2.291)** 
       

Adjusted R2 0.312 0.303 0.299 0.174 0.292 0.339 
J-statistic 0.000 0.000 0.002 0.001 0.001 0.001 
p-value 0.78 0.64 0.13 0.29 0.42 0.42 
Skewm -1.534 

Kurtm 20.74 
 

Panel B. 
titinditinditindiiti RR ,

3
,

2
,,´, εσδσγβα ++++=  

 

iα  -0.010 0.024 0.026 -0.068 0.056 0.042 

 (-0.245) (1.467) (1.438) (-1.660)* (1.496) (1.453) 

iβ  0.773 1.135 1.202 0.758 1.027 1.111 

 (19.88)** (66.23)** (71.71)** (26.64)** (40.60)** (60.56)** 

iγ  0.016 -0.014 -0.012 0.062 -0.014 -0.020 

 (0.653) (-1.443) (-1.052) (2.112)** (-0.757) (-1.699)* 

iδ  0.007 -0.001 -0.002 0.001 -0.001 0.000 

 (2.905)** (-6.185)** (-3.226)** (0.964) (-5.109)** (-0.986) 
       

Adjusted R2 0.297 0.834 0.822 0.343 0.604 0.715 

J-statistic 0.002 0.001 0.001 0.000 0.002 0.000 
p-value 0.50 0.66 0.15 0.89 0.22 0.29 
Skewind -0.045 -0.264 -0.377 
Kurtind 9.182 6.651 9.231 

       

The results presented in this table are GMM estimates of co-variance
iβ , co-skewness iγ , and co-kurtosis 

iδ ; they 

correspond to measures for market and industry where applicable. DAX is used as the common market index for 
estimates of beta 

iβ , co-skewness 
iγ , and co-kurtosis 

iδ  in Panel A. Two large representative companies from three 

selected industries are used in the estimation; they are Allianz and Deutchebank (Banks & Financial Services 
Industry), Bayer and Schering (Chemicals & Pharmaceuticals Industry), and BMW and Volks (Automotives Industry). 
The corresponding industries are used as the industry indices to obtain estimates of the co-variance, co-skewness, and 
co-kurtosis measures with industry in Panel B. Skewm (Skewind) and Kurtm(Kurtind) are market (industry) skewness 
and kurtosis, respectively. The J-statistic tests the null hypothesis that the over-identifying restrictions are satisfied. 
The p-values of the test statistics are computed below. The t-statistics are in parentheses. They are reported with * 
denoting significance at 10%, **denoting significance at 5%. 
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cokurtosis estimates tend to have more cases that are significant and different from zero 

than those for daily and monthly returns. To conclude, one should be aware of the 

sensitivity of skewness and kurtosis to sampling intervals and their substantial 

dependence upon the methodology and data used to test the model.  

 

5. Total Skewness, Total Kurtosis and Asset Pricing 
 

Arditti (1967) tests investor preference for positive skewness by including the third 

moment along with the second moment as a determinant of the required rate of return. 

Skewness preference is found significant and negative, and Arditti concludes that 

investors like positive skewness in an asset by forgoing some required returns, whereby 

he assumes that realized return is a reasonable approximation to expected return. 

Subsequently, Francis (1975) notes that the skewness measure is generally significant, 

and often carries a positive sign. The total skewness parameter in both these studies is a 

dimensionless static measure, plausible under the assumption of constant return 

distribution.  The evidence in section 3 undoubtedly questions this static risk preference 

measure and leads us to consider an alternative time-varying version. Combining S&H’s 

finding and Arditti’s (1967) cubic equation yields the following regression model 

    
titiitiitiiifti KbSbbbRR ,,3,,2,

2
,1,0,, υσ ++++=− ,      (6) 

where ,2
,tiσ  ,,tiS  

tiK ,
 are measures for total conditional variance37, total conditional 

skewness and total conditional kurtosis of asset i, respectively. Total skewness and total 

kurtosis are defined in this paper as ( )3,,, ˆˆ tititiS σε=  and ( )4
,,, ˆˆ tititiK σε= , respectively; ti ,ε̂  and 

2
,ˆ tiσ  are the residuals and conditional variances extracted from the corresponding 

GARCH (1, 1) process with the mean effect taken out. By adopting ,2
,tiσ  ,,tiS  

tiK ,
 as the 

conditional measures of total variance, total skewness, and total kurtosis, we aim to 

avoid using the improper static risk measures and see whether an asset on average offers 

a higher return for higher risks where the risks are defined as the conditional moments 

of an asset.  

The results in tables 5 A. and B. are intriguing. The coefficients for total skewness 

are unanimously significant at high level and of the positive sign, therefore total 

                                                
37 The use of total conditional variance instead of market beta is mainly because that beta is a static 
measure of systematic risk, which is inconsistent with our time-varying formulation.  
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skewness is considered as an important risk factor, and increasing the skewness of an 

asset seems to increase its risk as indicated by the higher returns offered by the asset. 

A significant and positive total skewness coefficient, in contrast to the insignificant 

co-skewness estimates, implies that total skewness rather than co-skewness is an 

important risk parameter in investors’ decision-making process, and that abnormal 

returns tend to be asset related rather than be associated only with market-wide events. 

This notion is consistent with the empirical observation that skewness is not 

diversifiable simply by increasing the size of the portfolio. The first likely explanation is 

that the act of diversification is too costly to eliminate the asset-specific part of 

skewness, since the third moment of asset return is a manifestation of extreme tail 

behavior relative to its mean, and the common sense of diversification could be 

distorted by the small probability of extreme observations. This should be a warning 

against equating skewness diversification in the usual sense with the second moment. 

The second account is that investors with positive skewness preference could 

deliberately choose not to diversify by taking on the risk since it might destroy the 

desirable part of a positively skewed distribution. The third account relates to the highly 

unstable nature of higher moments over time and across samples. Any diversification 

strategy would not likely sustain and require frequent adjustments of portfolio weights. 

The coefficients of total variance are only significant and positive in three out of 

twelve cases. This, compared to the highly significant systematic variance estimates in 

section 4, indicates that co-variance dominates total variance as the relevant risk 

measure in asset pricing and that the variance risk of an asset is diversifiable.  The 

coefficients of total kurtosis are in most cases significant though the sign remains 

undecided, suggesting that investors dislike those assets distributed with more returns in 

the extreme tails and prefer those with relatively more peakedness around the center, 

and the net effect depends on the tradeoff between the tails and peakedness. The more 

significant coefficient for total kurtosis also has the implication that kurtosis risk is non-

diversifiable or investors choose not to diversify when the cost of diversification 

(become less peakedness) outweighs the benefits of diversification (become less fat-

tailed), the significance of which is yet to be verified in the next section. In general, the 

adjusted R-squared for models using total risk parameters are much higher than those 
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Table 5 
A. GMM Estimates of Total Variance, Total Skewness and Total Kurtosis – UK 

 
 

Industry 
 

Banks & Financial Services Oil & Gas Food & Drug Retailers 
 

Company 
 

ABBEY BARCLAYS BP SHELL SAINSBURY TESCO 

Variable Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

 

titiitiitiiifti KbSbbbRR ,,3,,2,
2
,1,0,, υσ ++++=−  

0,ib  -0.453 -0.138 0.257 -0.125 -0.333 0.021 

 (-2.706)** (-0.917) (1.547) (-1.312) (-1.519) (0.137) 

1,ib  0.109 0.021 -0.019 0.089 0.061 -0.003 

 (3.629)** (0.902) (-0.445) (1.202) (1.056) (-0.096) 

2,ib  0.241 0.451 0.361 0.039 0.218 0.240 

 (8.078)** (7.648)** (11.21)** (9.291)** (15.69)** (6.466)** 

3,ib  -0.017 -0.012 -0.056 0.002 0.021 0.008 

 (-1.655)* (-0.489) (-7.377)** (2.002)** (4.997)** (0.600) 
       

Adjusted R2 0.488 0.548 0.221 0.533 0.447 0.510 
J-statistic 0.001 0.003 0.003 0.005 0.004 0.001 
p-value 0.47 0.45 0.67 0.27 0.39 0.55 

       

B. GMM Estimates of Total Variance, Total Skewness and Total Kurtosis -- Germany 
 

Industry 
 

Banks & Financial Services Chemicals & Pharmaceuticals Automotives 
 

Company 
 

ALLIANZ DEUTBANK BAYER SCHERING BMW VOLKS 

Variable Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

 

titiitiitiiifti KbSbbbRR ,,3,,2,
2
,1,0,, υσ ++++=−  

0,ib  -0.242 0.215 0.217 -0.304 0.225 -0.177 

 (-1.258) (1.205) (1.721)* (-2.560)** (1.453) (-1.332) 

1,ib  0.064 -0.016 -0.036 0.076 0.001 0.037 

 (1.712)* (-0.444) (-1.201) (2.161)** (0.029) (1.763)* 

2,ib  0.165 0.344 0.324 0.161 0.387 0.322 

 (4.771)** (7.584)** (7.304)** (5.919)** (5.972)** (9.522)** 

3,ib  -0.017 -0.041 -0.042 0.017 -0.056 -0.005 

 (-3.867)** (-6.871)** (-2.519)** (2.826)** (-4.097)** (-0.368) 
       

Adjusted R2 0.422 0.527 0.332 0.434 0.505 0.516 
J-statistic 0.004 0.000 0.005 0.005 0.002 0.007 
p-value 0.38 0.96 0.49 0.25 0.55 0.29 

       
The results presented in this table are GMM estimates of total variance

iβ , total skewness 
iγ , and total kurtosis 

iδ . 

( )3,,, ˆˆ tititiS σε=  and ( )4
,,, ˆˆ tititiK σε=  are conditional skewness and kurtosis of individual company i, respectively; 

ti,ε̂ and 2
,ˆ tiσ  are residuals and conditional variances extracted from the corresponding GARCH (1,1) process. The J-

statistic tests the null hypothesis that the over-identifying restrictions are satisfied. The p-values of the test statistics 
are computed below. The t-statistics are in parentheses. They are reported with * denoting significance at 10%, 
**denoting significance at 5%. 
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using systematic risk measures, and the J-statistics provide good support for these 

models. 

There seems to be a close association between betas and total skewness, Figures 

1A and 1B illustrate this point. For the majority of the examined companies, higher beta 

assets tend to have higher total skewness38. Therefore, positively skewed assets are also 

riskier on average. K&L observes a monotonic positive relation between their estimates 

of betas and co-skewness measure; in section 4, the betas and co-skewness estimates for 

UK seem to support their report but do not demonstrate a similar pattern in the case of 

Germany. Furthermore, there do not exist any observable relation between the estimates 

for total kurtosis (or co-kurtosis) and other risk measures like betas and skewness. 
 

Figure 1A. The Relation Between Beta and Total Skewness--UK 

 

Figure 1B. The Relation Between Beta and Total Skewness--Germany 

                                                
38 Barone-Adesi et al. (2002) find that coskewness is positively correlated with size, i.e., portfolios of 
small (large) firms have negative (positive) coskewness with market. Our findings on the positive relation 
between beta and total skewness are not explained simply based on the criteria of size. We rank the size 
of these companies based on their market capitalizations published respectively by London Stock 
Exchange and Deutsche Börse, their rankings are as follows: BP > Shell > Barclays > Tesco > Abbey > 
Sainsberry (in Figure 1A), and Bayer > Deutbank > Volks > Allianz > BMW > Schering (in Figure 1B). 
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6. Variance, Skewness and Kurtosis Decomposition 
  

The decomposition of higher moments into attainable components is usually the 

first step to comprehend an otherwise abstract concept; the gains are more often some 

unexpected insight or desirable properties derived from the process. In the two-moment, 

three-moment and four-moment CAPM, the market portfolio is an important reference 

index; it is likely that the higher moments of an asset are also highly correlated with 

their corresponding market counterparts. Additionally, there are pieces of evidence that 

assets in different industry groups are subject to the influence of their respective 

industry-specific factors. It is thus natural to relate the higher moments of the industry 

and the market to the corresponding moments of an individual asset. To gauge the 

independent effect of these elements, we decompose the conditional variance equation 

as  

titmtindtiti ,
2

,3
2

,2
2

1,10
2
, ησβσβσββσ ++++= − ,      (7) 

where 2
,tiσ ,  2

,tindσ  and 2
,tmσ  denote the conditional variance of asset i, the conditional 

variance of an industry portfolio and the conditional variance of the market portfolio, 

respectively. The lagged conditional variance 2
1, −tiσ  is included to capture the persistence 

in variance. The residuals capture much of the omitted asset-specific component of the 

conditional volatility. The conditional skewness and conditional kurtosis are 

disaggregated likewise 

     titmtindtiti SSSS ,,3,21,10, ωγγγγ ++++= − ,      (8) 

titmtindtiti KKKK ,,3,21,10, υδδδδ ++++= − ,      (9) 

where ( )3
,,, ˆˆ tjtjtjS σε=  and ( )4

,,, ˆˆ tjtjtjK σε= ,  j = i, ind, m, where i, ind, m represent 

individual asset, industry, and market portfolio, respectively; tj ,ε̂ and 2
,ˆ tjσ  are the 

residuals and conditional variances extracted from the corresponding GARCH (1,1) 

process with the mean effect taken out. 

 The OLS estimates are given in Table 6 for UK and Table 7 for Germany. The 

conditional variances for both markets are highly persistent, as reflected by the 

coefficient 1β ; and in most cases, they are more closely related to their market 

component than the industry component, in other words, the volatility of an asset is 
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more sensitive to the change in market-wide volatility. The adjusted R-squared ranges 

from 94% to 99%, this coupled with highly significant 1β , 2β  and 3β , suggests that the 

sources of the total volatility of an asset could be attributable to its persistency, its 

sensitivity to industry-specific volatility and market-wide volatility.  

The coefficients for conditional industry skewness and market skewness are also 

highly significant for both UK and Germany, though the industry effect appears to 

dominate the market effect. In other words, the distribution of an asset is more 

positively (negatively) skewed in time periods when the distribution of the industry 

index is more positively (negatively) skewed. The market skewness, on the other hand, 

does not carry an as important effect as the industry skewness does. This might partially 

explain why studies examining co-skewness with the market portfolio arrive at mixed 

results. The conditional skewness is non-persistent as suggested by the lagged skew 

coefficient, implying that portfolio strategies based on selecting positively skewed 

stocks are not likely to work consistently. The adjusted R-squared is relatively lower 

than that for the conditional variance equations though the extent varies by market and 

by company. Hence the effect of unobservable abnormal-event related factors could be 

large.  

The industry effect also dominates the market effect when it comes to the 

conditional kurtosis estimates. As opposed to the above two cases, the intercept term are 

highly significant and of a larger scale than the other components. Since extreme 

returns are often triggered by news, they are most likely subject to herding behaviour 

or speculative trading, resulting in higher persistence in volatility and higher kurosis. 

The lower R-squared also indicates that individual asset kurtosis may be expressed as a 

positive weighted combination of the industry, market and idiosyncratic kurtosis, and 

the latter can be large in the variations of kurtosis for some assets. The strong evidence 

for total kurtosis suggests that investors value total kurtosis more than co-kurtosis in 

their decision making process; although a significant portion of kurtosis is asset 

specific, they do not choose to diversify because that the average cost of diversification 

outweighs the benefit or that the diversification strategies might not work consistently 

due to the lack of persistence in kurtosis.  
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Table 6. Variance, Skewness and Kurtosis Decomposition--UK 
 

Industry 
 

Banks & Financial Services Oil & Gas Food & Drug Retailers 
 

Company 
 

ABBEY BARCLAYS BP SHELL SAINSBURY TESCO 

Variable Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

 

titmtindtiti ,
2

,3
2

,2
2

1,10
2
, ησβσβσββσ ++++= −

 

0β  0.028 -0.081 0.073 0.012 0.017 0.094 

 (1.442) (-2.044)* (6.022)** (3.272)** (1.510) (7.375)** 

1β  0.941 0.855 0.939 0.982 0.981 0.934 

 (75.07)** (41.08)** (99.52)** (287.9)** (201.7)** (122.6)** 

2β  0.160 0.346 0.079 0.004 0.093 0.143 

 (4.239)** (3.972)** (4.420)** (2.700)** (4.114)** (7.251)** 

3β  0.194 0.722 0.092 0.008 0.046 0.119 

 (3.860)** (5.554)** (5.059)** (2.553)** (5.268)** (6.383)** 
       

Adjusted R2 0.964 0.962 0.978 0.976 0.993 0.985 
F-statistic 25743** 24374** 41729** 39570** 127179** 64656** 

 

titmtindtiti SSSS ,,3,21,10, ωγγγγ ++++= −
 

0γ  0.000 0.058 -0.112 0.246 -0.509 0.127 

 (2.571)** (0.551) (-0.484) (0.896) (-1.323) (1.427) 

1γ  0.135 0.009 -0.007 0.010 -0.003 -0.008 

 (10.10)** (0.932) (-0.425) (0.546) (-0.168) (-1.016) 

2γ  0.000 0.670 1.555 0.478 1.231 0.766 

 (26.33)** (4.331)** (35.70)** (9.300)** (26.31)** (5.409)** 

3γ  0.001 0.342 0.123 0.213 0.190 0.134 

 (44.34)** (5.184)** (3.886)** (5.684)** (3.615)** (5.666)** 
       

Adjusted R2 0.491 0.398 0.310 0.039 0.197 0.644 
F-statistic 922.0** 632.2** 429.9** 39.75** 235.1** 1732** 

 

titmtindtiti KKKK ,,3,21,10, υδδδδ ++++= −
 

0δ  1.869 3.749 6.066 8.659 8.769 4.474 

 (3.184)** (7.424)** (2.834)** (5.095)** (2.199)** (10.60)** 

1δ  0.004 -0.009 0.000 -0.001 0.000 0.002 

 (0.532) (-0.571) (0.008) (-0.066) (-0.012) (0.692) 

2δ  0.496 0.571 3.087 0.418 2.069 0.847 

 (8.581)** (32.74)** (26.91)** (4.613)** (20.85)** (4.329)** 

3δ  0.685 0.169 0.020 0.128 0.056 0.033 

 (4.384)** (12.72)** (0.355) (2.846)** (0.526) (3.142)** 
       

Adjusted R2 0.636 0.300 0.201 0.009 0.131 0.693 
F-statistic 1673** 411.3** 241.5** 9.798** 144.9** 2155** 

       

The results presented in this table are obtained using the conditional moments of individual companies regressed on 
their industry and market counterparts. ( )3,,, ˆˆ tjtjtjS σε=  and ( )4

,,, ˆˆ tjtjtjK σε= ,  j = i, ind, m, where i, ind, m represent 

individual companies, industries, and market portfolios, respectively; 
tj ,ε̂ and 2

,ˆ tjσ  are residuals and conditional 

variances extracted from the corresponding GARCH (1,1) process. The t-statistics are in parentheses. They are 
reported with * denoting significance at 5%, **denoting significance at 3%. 
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   Table 7. Variance, Skewness and Kurtosis Decomposition--Germany 
 

Industry 
 

Banks & Financial Services Automotives Chemicals & Pharmaceuticals 
 

Company 
 

ALLIANZ DEUTBANK BMW VOLKS BAYER SCHERING 

Variable Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

 

titmtindtiti ,
2

,3
2

,2
2

1,10
2
, ησβσβσββσ ++++= −

 

0β  0.063 0.118 0.053 0.332 0.310 0.054 

 (1.843) (2.766)** (0.687) (5.019)** (7.782)** (2.796)** 

1β  0.939 0.903 0.879 0.838 0.795 0.938 

 (82.64)** (54.73)** (39.05)** (37.41)** (30.44)** (87.27)** 

2β  0.072 0.146 0.203 0.204 0.365 0.069 

 (3.016)** (4.124)** (3.192)** (4.660)** (5.854)** (2.360)** 

3β  0.191 0.231 0.628 0.386 0.291 0.146 

 (4.007)** (4.412)** (3.360)** (5.258)** (5.815)** (3.626)** 
       

Adjusted R2 0.973 0.980 0.947 0.970 0.967 0.954 
F-statistic 33801** 47494** 17205** 31031** 28165** 19862** 

 

titmtindtiti SSSS ,,3,21,10, ωγγγγ ++++= −
 

0γ  0.380 0.264 0.219 -0.125 0.138 0.094 

 (1.736) (2.064)* (1.633) (-0.757) (1.751) (0.667) 

1γ  0.008 0.000 0.011 0.000 -0.007 0.005 

 (0.697) (0.076) (1.241) (-0.009) (-0.902) (0.338) 

2γ  0.735 1.148 1.056 1.176 0.941 0.388 

 (25.63)** (68.52)** (39.14)** (35.41)** (72.59)** (16.63)** 

3γ  0.145 0.293 0.130 0.223 0.069 0.055 

 (62.79)** (217.9)** (92.36)** (128.4)** (83.78)** (36.84)** 
       

Adjusted R2 0.616 0.948 0.778 0.861 0.811 0.363 
F-statistic 15339** 17395** 3355** 5917** 4096** 544** 

 

titmtindtiti KKKK ,,3,21,10, υδδδδ ++++= −
 

0δ  6.262 5.129 5.120 4.781 4.585 5.094 

 (4.062)** (5.180)** (7.241)** (3.907)** (12.23)** (8.139)** 

1δ  -0.001 0.000 0.001 0.000 -0.001 0.003 

 (-0.059) (0.028) (0.432) (-0.035) (-0.163) (0.229) 

2δ  1.021 1.400 1.264 1.491 0.847 0.313 

 (24.57)** (52.43)** (4.013)** (25.11)** (58.75)** (13.04)** 

3δ  0.075 0.193 0.064 0.134 0.027 0.020 

 (79.46)** (318.4)** (458.8)** (179.1)** (119.3)** (53.13)** 
       

Adjusted R2 0.707 0.973 0.889 0.919 0.861 0.511 
F-statistic 2306** 34715** 7657** 10909** 5898** 997** 

       

The results presented in this table are obtained using the conditional moments of individual companies regressed on 
their industry and market counterparts. ( )3,,, ˆˆ tjtjtjS σε=  (skewness) and ( )4

,,, ˆˆ tjtjtjK σε= (kurtosis),  j = i, ind, m, 

where i, ind, m represent individual companies, industries, and market portfolios, respectively; 
tj ,ε̂ and 2

,ˆ tjσ  are 

residuals and conditional variances extracted from the corresponding GARCH (1,1) process. The t-statistics are in 
parentheses. They are reported with * denoting significance at 5%, **denoting significance at 3%. 
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  In general, conditional variance is highly persistent, while conditional skewness 

and kurtosis are not. The market component of conditional variance tends to dominate 

the industry component; the role switches for conditional skewness and kurtosis. 

Contrary to the usual sense of diversification in variance risk, skewness and kurtosis are 

costly to be diversified or the diversification strategy would not work consistently. Thus 

total skewness and total kurtosis seem to be the relevant non-beta risk factors in asset 

valuation. The results also imply that in seeking an improved model for asset pricing, it 

is important to understand the sources of the associated risk parameters. 

 

7. Summary and Conclusions 
  

 By allowing investor preferences over the first four moments of return distribution, 

expected return is shown related to two non-beta factors—total skewness and total 

kurtosis—for large cap companies in UK and Germany. The results are obtained using 

the conditional version of skewness and kurtosis in the estimation process. The findings 

are consistent with some reports employing the static risk measures in US studies and 

challenge those that advocate co-skewness and co-kurtosis as the relevant risk 

parameters in asset pricing.  

 Using a disaggregated approach, we show that skewness and kurtosis are not 

subject to the usual act of diversification in the sense that their asset-specific parts are 

costly to be diversified or the diversification strategy does not work consistently. The 

total skewness and kurtosis of an asset tend to be larger when industry- and market-

skewness and kurtosis are larger. The diversification issue thus needs to be reframed 

when skewness and kurtosis are concerned and should be recognized especially when 

contemplating total versus systematic risk measures. This evidence further indicates that 

total skewness and total kurtosis rather than co-skewness and co-kurtosis are the 

relevant risk concept in asset valuation. 

 In general, higher beta assets tend to have higher total skewness. This indicates that 

highly skewed assets are also riskier ones. 

 There is a negative intervaling effect for skewness and kurtosis, that is, average 

skewness and kurtosis tend to decrease as the differencing interval is lengthened, and 

the effect is more evident in kurtosis. Kurtosis is also more sample dependent and time-
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varying than skewness. These observations should be of awareness when making 

conclusions of estimates based on higher moments.  
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Appendix 1 A. GMM Estimates of Co-variance, Co-skewness, and Co-kurtosis -- UK Weekly  
 

 

Industry 
 

Banks & Financial Services Oil & Gas Food & Drug Retailers 
 

Company 
 

ABBEY BARCLAYS BP SHELL SAINSBURY TESCO 

Variable Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

 
Panel A.

titmitmitmiiti RR ,
3

,
2

,,´, εσδσγβα ++++=  

iα  0.054 0.033 0.036 0.021 0.003 -0.006 

 (2.483)** (1.192) (1.388) (1.088) (0.087) (-0.216) 

iβ  0.968 1.296 0.902 0.612 0.781 0.862 

 (13.04)** (16.77)** (10.54)** (10.61)** (8.229)** (9.578)** 

iγ  0.117 -0.021 -0.064 0.047 0.058 0.110 

 (2.355)** (-0.234) (-0.930) (0.524) (0.511) (1.116) 

iδ  0.147 0.080 -0.029 -0.021 -0.099 -0.067 

 (6.771)** (2.803)** (-1.118) (-0.687) (-2.511)** (-2.026)** 
       

Adjusted R2 0.438 0.502 0.250 0.230 0.152 0.187 
J-statistic 0.007 0.002 0.001 0.001 0.003 0.007 
p-value 0.13 0.63 0.68 0.79 0.39 0.12 

 

Panel B.
titinditinditindiiti RRRR ,

3
,

2
,,´, εδγβα ++++=  

iα  0.033 0.015 0.039 0.022 0.044 -0.008 

 (1.499) (0.721) (3.078)** (1.512) (2.481)** (-0.510) 

iβ  0.712 0.986 1.181 0.638 1.126 1.210 

 (15.55)** (22.25)** (30.81)** (9.737)** (23.79)** (25.72)** 

iγ  0.017 -0.037 -0.056 0.018 -0.085 0.088 

 (0.685) (-1.292) (-2.158)** (0.408) (-2.044)** (3.236)** 

iδ  0.037 0.017 -0.020 -0.045 -0.018 -0.038 

 (5.193)** (2.548)** (-1.032) (-1.594) (-0.695) (-2.375)** 
       

Adjusted R2 0.549 0.692 0.841 0.440 0.740 0.744 

J-statistic 0.004 0.001 0.001 0.000 0.004 0.004 
p-value 0.28 0.75 0.82 0.85 0.36 0.13 

       

The results presented in this table are weekly GMM estimates of co-variance
iβ , co-skewness iγ , and co-kurtosis 

iδ ; 

they correspond to measures for market and industry where applicable. FTSE100 is used as the common market 
index for estimates of beta 

iβ , co-skewness 
iγ , and co-kurtosis 

iδ . Two large representative companies from three 

selected industries are used in the estimation; they are Abbey and Barclays (Banks & Financial Services Industry), BP 
and Shell (Oil & Gas Industry), and Sainsbury and Tesco (Food & Drug Retailer). The corresponding industries are 
used as the industry indices to obtain estimates of the co-variance, co-skewness, and co-kurtosis measures with 
industry. Skewm (Skewind) and Kurtm(Kurtind) are market (industry) skewness and kurtosis, respectively. The J-statistic 
tests the null hypothesis that the over-identifying restrictions are satisfied. The p-values of the test statistics are 
computed below. The t-statistics are in parentheses. They are reported with * denoting significance at 10%, 
**denoting significance at 5%. 
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Appendix 1 B. GMM Estimates of Co-variance, Co-skewness, and Co-kurtosis -- Germany Weekly 
 

 

Industry 
 

Banks & Financial Services Chemicals & Pharmaceuticals Automotives 
 

Company 
 

ALLIANZ DEUTBANK BAYER SCHERING BMW VOLKS 

Variable Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

 
Panel A.

titmitmitmiiti RR ,
3

,
2

,,´, εσδσγβα ++++=  

iα  -0.015 -0.027 0.047 0.016 0.037 0.015 

 (-0.528) (-1.023) (1.879)* (0.640) (1.348) (0.510) 

iβ  1.051 1.081 0.942 0.857 1.389 1.311 

 (12.26)** (17.18)** (13.80)** (9.883)** (12.27)** (15.06)** 

iγ  0.174 0.149 -0.125 -0.001 -0.038 -0.081 

 (1.557) (1.686)* (-1.618) (-0.010) (-0.435) (-0.874) 

iδ  0.107 0.009 -0.061 -0.004 -0.062 0.011 

 (3.523)** (0.418) (-3.376)** (-0.151) (-2.440)** (0.438) 
       

Adjusted R2 0.501 0.384 0.329 0.273 0.366 0.464 
J-statistic 0.004 0.003 0.002 0.003 0.000 0.001 
p-value 0.35 0.43 0.33 0.23 0.89 0.36 

Panel B.
titinditinditindiiti RRRR ,

3
,

2
,,´, εδγβα ++++=  

iα  0.019 -0.009 0.001 0.018 0.034 0.010 

 (0.933) (-1.145) (0.084) (0.672) (1.621) (0.551) 

iβ  0.839 1.131 1.209 0.801 1.131 1.077 

 (15.63)** (36.00)** (34.85)** (14.94)** (18.66)** (32.16)** 

iγ  -0.037 0.031 0.039 -0.033 -0.013 -0.015 

 (-1.249) (2.110)** (1.309) (-0.390) (-0.281) (-0.560) 

iδ  0.040 -0.019 -0.047 0.025 -0.025 0.004 

 (4.202)** (-5.540)** (-4.111)** (0.858) (-2.914)** (0.884) 
       

Adjusted R2 0.606 0.881 0.852 0.423 0.690 0.778 
J-statistic 0.001 0.007 0.001 0.001 0.001 0.005 
p-value 0.72 0.14 0.44 0.71 0.71 0.24 

       

The results presented in this table are weekly GMM estimates of co-variance
iβ , co-skewness iγ , and co-kurtosis 

iδ ; 

they correspond to measures for market and industry where applicable. DAX is used as the common market index for 
estimates of beta 

iβ , co-skewness 
iγ , and co-kurtosis 

iδ . Two large representative companies from three selected 

industries are used in the estimation; they are Allianz and Deutchebank (Banks & Financial Services Industry), Bayer 
and Schering (Chemicals & Pharmaceuticals Industry), and BMW and Volks (Automotives Industry). The 
corresponding industries are used as the industry indices to obtain estimates of the co-variance, co-skewness, and co-
kurtosis measures with industry. Skewm (Skewind) and Kurtm(Kurtind) are market (industry) skewness and kurtosis, 
respectively. The J-statistic tests the null hypothesis that the over-identifying restrictions are satisfied. The p-values 
of the test statistics are computed below. The t-statistics are in parentheses. They are reported with * denoting 
significance at 10%, **denoting significance at 5%. 
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Appendix 2 A. GMM Estimates of Co-variance, Co-skewness, and Co-kurtosis -- UK Monthly  
 

 

Industry 
 

Banks & Financial Services Oil & Gas Food & Drug Retailers 
 

Company 
 

ABBEY BARCLAYS BP SHELL SAINSBURY TESCO 

Variable Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

 
Panel A.

titmitmitmiiti RR ,
3

,
2

,,´, εσδσγβα ++++=  

iα  0.027 0.039 0.029 0.019 -0.014 0.029 

 (0.897) (1.443) (2.074)** (1.106) (-0.477) (1.071) 

iβ  1.097 1.224 0.796 0.525 0.066 0.436 

 (4.239)** (3.892)** (6.725)** (2.929)** (0.267) (1.537) 

iγ  0.579 0.007 0.071 0.274 0.726 0.291 

 (0.868) (0.017) (0.328) (0.824) (1.695)* (0.578) 

iδ  0.107 2.014 0.525 1.667 2.369 2.238 

 (0.039) (1.180) (1.111) (1.208) (1.507) (1.093) 

       
Adjusted R2 0.331 0.497 0.284 0.250 0.018 0.169 

J-statistic 0.000 0.001 0.006 0.007 0.003 0.003 
p-value 0.87 0.72 0.66 0.31 0.84 0.53 

Panel B.
titinditinditindiiti RRRR ,

3
,

2
,,´, εδγβα ++++=  

iα  0.008 0.000 0.023 0.023 0.022 0.014 

 (0.358) (-0.003) (2.059)** (1.924)* (1.432) (0.978) 

iβ  0.758 0.990 1.107 0.770 1.266 0.935 

 (6.956)** (6.146)** (18.75)** (8.649)** (11.85)** (13.76)** 

iγ  0.326 0.072 0.045 0.139 -0.388 0.263 

 (2.039)** (0.351) (0.230) (0.662) (-2.366)** (3.226)** 

iδ  0.102 0.181 -0.373 -0.312 -0.907 0.566 

 (0.250) (0.376) (-1.156) (-0.877) (-3.164)** (3.379)** 

       
Adjusted R2 0.507 0.682 0.822 0.572 0.641 0.740 

J-statistic 0.006 0.001 0.004 0.000 0.018 0.015 
p-value 0.66 0.95 0.48 0.86 0.29 0.38 

       

The results presented in this table are monthly GMM estimates of co-variance
iβ , co-skewness iγ , and co-kurtosis 

iδ ; they correspond to measures for market and industry where applicable. FTSE100 is used as the common market 

index for estimates of beta 
iβ , co-skewness 

iγ , and co-kurtosis 
iδ . Two large representative companies from three 

selected industries are used in the estimation; they are Abbey and Barclays (Banks & Financial Services Industry), BP 
and Shell (Oil & Gas Industry), and Sainsbury and Tesco (Food & Drug Retailer). The corresponding industries are 
used as the industry indices to obtain estimates of the co-variance, co-skewness, and co-kurtosis measures with 
industry. Skewm (Skewind) and Kurtm(Kurtind) are market (industry) skewness and kurtosis, respectively. The J-statistic 
tests the null hypothesis that the over-identifying restrictions are satisfied. The p-values of the test statistics are 
computed below. The t-statistics are in parentheses. They are reported with * denoting significance at 10%, 
**denoting significance at 5%. 
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Appendix 2 B. GMM Estimates of Co-variance, Co-skewness, and Co-kurtosis --Germany Monthly 
 

 

Industry 
 

Banks & Financial Services Chemicals & Pharmaceuticals Automotives 
 

Company 
 

ALLIANZ DEUTBANK BAYER SCHERING BMW VOLKS 

Variable Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

Coef. 
(t-statistic) 

 
Panel A.

titmitmitmiiti RR ,
3

,
2

,,´, εσδσγβα ++++=  

iα  0.031 0.039 0.067 0.026 0.097 0.042 

 (1.054) (1.645) (3.451)** (1.027) (5.046)** (1.448) 

iβ  0.890 1.035 0.835 0.837 1.286 1.338 

 (5.247)** (4.943)** (5.773)** (6.697)** (7.988)** (11.59)** 

iγ  -0.099 -0.814 -0.796 0.112 -1.363 -0.859 

 (-0.280) (-2.295)** (-2.997)** (0.320) (-3.159)** (-1.800)* 

iδ  0.445 -0.546 -0.438 0.297 -1.269 -0.792 

 (0.791) (-0.923) (-1.002) (0.626) (-2.307)** (-1.443) 

       
Adjusted R2 0.435 0.386 0.370 0.380 0.447 0.421 

J-statistic 0.002 0.005 0.001 0.023 0.028 0.018 
p-value 0.61 0.41 0.66 0.23 0.18 0.31 

Panel B.
titinditinditindiiti RRRR ,

3
,

2
,,´, εδγβα ++++=  

iα  0.028 0.002 0.006 0.024 0.050 0.002 

 (1.295) (0.197) (0.477) (1.013) (2.589)** (0.085) 

iβ  0.776 1.241 1.104 0.823 0.951 1.110 

 (6.088)** (17.20)** (13.42)** (6.964)** (8.822)** (19.08)** 

iγ  -0.072 -0.007 0.095 -0.155 -0.119 -0.024 

 (-0.592) (-0.074) (0.488) (-0.617) (-0.723) (-0.192) 

iδ  0.200 -0.177 0.157 -0.058 0.124 -0.009 

 (1.028) (-1.413) (0.548) (-0.159) (0.613) (-0.071) 

       
Adjusted R2 0.532 0.886 0.865 0.408 0.674 0.752 

J-statistic 0.001 0.000 0.007 0.014 0.001 0.007 
p-value 0.93 0.87 0.35 0.4 0.66 0.62 

       

The results presented in this table are monthly GMM estimates of co-variance
iβ , co-skewness iγ , and co-kurtosis 

iδ ; they correspond to measures for market and industry where applicable. DAX is used as the common market index 

for estimates of beta 
iβ , co-skewness 

iγ , and co-kurtosis 
iδ . Two large representative companies from three 

selected industries are used in the estimation; they are Allianz and Deutchebank (Banks & Financial Services 
Industry), Bayer and Schering (Chemicals & Pharmaceuticals Industry), and BMW and Volks (Automotives Industry). 
The corresponding industries are used as the industry indices to obtain estimates of the co-variance, co-skewness, and 
co-kurtosis measures with industry. Skewm (Skewind) and Kurtm(Kurtind) are market (industry) skewness and kurtosis, 
respectively. The J-statistic tests the null hypothesis that the over-identifying restrictions are satisfied. The p-values 
of the test statistics are computed below. The t-statistics are in parentheses. They are reported with * denoting 
significance at 10%, **denoting significance at 5%. 
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