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Executive Summary 

This thesis analyzes asymmetric correlations between stock portfolios and the Danish stock 

market for the period of 1993-2009. The portfolios are sorted on selected firm and stock 

characteristics, which are often used by investors to evaluate investment choices. We apply 

two complementary statistical methods to test and measure the correlation asymmetry. The H-

statistics are used to analyze the difference between the empirical correlation and the 

correlation implied by a bivariate normal distribution. In addition, the symmetry test is used to 

analyze if there are any asymmetries in the data at all.  

We find significant correlation asymmetries between the stock portfolios and the Danish stock 

market. Our results show that the correlation is higher in periods of falling markets than in 

periods of rising markets. Furthermore, we find that correlation asymmetries are related to 

size, book-to-market value and momentum characteristics. The asymmetry increases with a 

decrease in the size of the company in the portfolio. Portfolios with high book-market value 

stocks (value stocks) have higher asymmetries than low book-to-market value stocks (growth 

stocks). For momentum, we find that portfolios of past losers stocks are more asymmetric 

than portfolios of past winner stocks. These findings are consistent with previous findings 

from the US stock market.  

The correlation asymmetries are also analyzed across sub periods in order to evaluate the 

persistence of the phenomenon.  We find that the asymmetries vary over time and are related 

to the magnitude of unconditional correlation between the stock portfolios and the market. 

Furthermore, we can find no evidence of correlation asymmetries in the absence of the 

possibility to sell stocks short.  

Different approaches to portfolio construction and asset pricing are presented to discuss how 

investment decisions can be made if correlations are asymmetric. We show that portfolio 

construction can incorporate downside correlation by optimizing either on downside variance 

or on the utility of a loss-averse investor. For asset pricing, downside beta or a downside 

correlation factor can be used to explain variation across stock returns due to correlation 

asymmetry.  

We evaluate the impact of different calculation choices on our statistical methods. While 

these choices have a low impact on the H-statistics, the symmetry test is less robust. The 

results of the symmetry test should therefore be considered with some criticism.  
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1. INTRODUCTION 

1.1 Background of the problem formulation 

Almost 60 years ago, Markowitz (1952) introduced the modern portfolio theory with his 

article “Portfolio Selection”. Modern portfolio theory studies the characteristics of risk, 

return, and correlation of portfolios of assets
1
. The theory has been the basis to many 

applications in asset pricing, portfolio selection and risk management. Markowitz (1952) 

introduced the concept of efficient portfolios, which either optimize return of an asset for a 

given level of return or minimize risk for a given level of return. This is realized by the 

diversification of the assets in a portfolio, which is achieved through the investment in a 

variety of assets with certain covariance properties. Covariance measures how two variables 

vary in relation to each other.  

The rational stock investor is seeking stocks with a low covariance in order to diversify its 

portfolios. This benefit materializes when a fall in one stock is offset by a position in another 

rising asset. Note that from the investment perspective, diversification is only desirable in 

falling markets. In rising markets, the investor rather desires a unified upward move of the 

stocks in his portfolio instead of offsetting effects. Put differently, the ideal portfolio would 

have low correlation among its assets in falling markets and a high correlation in rising 

markets.  

The value of diversification is questioned by empirical studies of correlation asymmetries in 

stock returns. Correlation is directly related to covariance, which provides a dimensionless 

measure of the covariance of two variables. This means that, unlike covariance, correlation 

can be compared to the correlation of other variables. Longin and Solnik (2001) document a 

higher correlation of international stock markets with the US stock market in falling stock 

markets than in rising markets. Ang and Chen (2002) find evidence of correlation 

asymmetries between stock portfolios and the US stock market. Hong, Tu and Zhou (2007) 

present an alternative test of asymmetries in data and also find evidence of asymmetric 

correlation in the data of the US stock market.  

These findings have important implications for investors, since they reveal the opposite 

correlation characteristics among stocks compared to what is desirable from the investment 

perceptive. The empirical results show that correlation is higher in falling markets compared 

                                                 
1 The concepts presented in this section are further explained in the respective sections of this thesis.  
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to rising markets, which means, that stocks fall jointly and thereby diminishing the benefits of 

diversification. Equivalently, lower correlation in rising markets means that stocks do not rise 

jointly and thereby diminishing portfolio returns. The value of optimal portfolio allocation in 

the sense of modern portfolio theory is therefore in question.  

Correlation asymmetry has also certain implications for asset pricing. One widespread asset 

pricing model is the Capital Asset Pricing Model (CAPM) of Sharpe (1964) and Lintner 

(1965). The key idea behind the model is that the market risk premium is the only risk factor 

that can explain variations across stock returns. The sensitivity of the individual stock to the 

market risk premium is measured by beta. However, beta assumes a (symmetric) normal 

distribution of stock returns. The expected risk premium of an individual asset therefore 

varies proportionally to beta. As Ang, Chen and Yuhang Xing (2006) (p.1192) point out, it is 

widely recognized that investors do care differently about losses and gains. Consequently, the 

existence of a higher correlation of assets during falling market periods would mean that such 

an investor demands a higher compensation for these assets. This would be expressed in 

higher expected returns than the one estimated by traditional asset pricing models like the 

CAPM. Literature like Ang, Chen and Yuhang Xing (2006) or Hong, Tu and Zhou (2007) 

therefore question the applicability of these models in the presence of correlation asymmetry. 

The implications of asymmetrical correlations in stock returns for popular financial models 

have motivated us to conduct an extensive empirical analysis of this phenomenon on the 

Danish stock market. To our knowledge, empirical research on domestic markets has been 

limited to the US stock market. The Danish stock market is different from the US-market, in 

particular in terms of the magnitude and distribution of market value. By analyzing the 

asymmetrical correlation on the Danish stock market, we are contributing to the existing 

literature by assessing if this phenomenon can also be document in a market of different 

nature. Our findings might have implications for investors who incorporate Danish stocks in 

their investment strategies. It might as well be of good interest for all other stock investors, 

because it might indicate that correlation asymmetries can also exist in other markets.  

To study asymmetric correlations on the Danish stock market, we are mainly following the 

research design of Ang and Chen (2002) and Hong, Tu and Zhou (2007). Both of these papers 

analyze the correlation asymmetry between the US stock market and portfolios sorted on 

selected firm and stock characteristics. In particular, the relation of correlation asymmetry to 

size, book-to-market-value, beta, momentum and coskewness is examined. These 

characteristics are important factors that have influence on the decisions of an investor. 
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1.2 Problem formulation 

The research objective of this thesis is to analyze asymmetric correlation of stock portfolios in 

the Danish stock market. The specific research questions are defined as the following: 

Research question 1 

Is there asymmetric correlation between stock portfolio returns and the stock market returns 

in Denmark for the time period 1993 and 2009?  

Research question 2 

Is asymmetric correlation between stock portfolios returns and the stock market returns in 

Denmark related to the certain firm and stock characteristics?  

 Size 

 Book-to-market value 

 Beta 

 Momentum  

 Coskewness 

Research question 3 

Do asymmetric correlations change over time? 

Research question 4 

How can investors make decisions in the presence of correlation asymmetry? 

1.3 Delimitation  

In order to answer the formulated problems with the resources available for this thesis, we 

have to delimit some aspects of our analysis. These delimitations are presented in this section. 

First, the data collected for the analysis is secondary data obtained from DataStream and 

Bloomberg. The use of secondary data is a common practice in stock market research, 

because it is very impractical to collect primary data for this purpose. This rationale is further 

explained in section 3.2.2. 

Second, our analysis of correlation asymmetries in Denmark is not conducted on a 

representative sample of the Danish stock market. We prefer to draw a purposive sample, 

which excludes the illiquid stocks in the Danish market. Illiquid stocks can have certain 

implications for our data analysis: Illiquid stocks can cause unwanted autocorrelation effects 
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in the sample due to an effect known as “non-synchronous trading”. Furthermore, a sample of 

liquid stocks does better reflect the investment opportunities of the average investor. Finally, 

the restriction to liquid stocks will ensure that we have enough variation in our sample in 

order to uncover correlation asymmetries. These rationales are more thoroughly explained in 

section 3.2.5.  

Third, we neglect the impact of transaction costs and taxes for our analysis. Transaction costs 

and taxes influence the return of the individual investor, but are very unpractical to 

incorporate in a data analysis. This simplifying assumption is common practice within stock 

market research and also holds true for all previous studies on correlation asymmetry. Refer 

to section 3.3.2 provides an elaborated discussion of the impact on transaction costs and taxes.  

Fourth, the discussion of investment decisions in the presence of correlation asymmetry in 

section 5 is limited to portfolio construction and asset pricing. Correlation asymmetries in 

stock returns have also implications for other disciplines, for instance on the effectiveness of 

hedging strategies within investments and risk management However, we consider portfolio 

construction and asset pricing as the most important disciplines of the investment decision 

process. Furthermore, the discussion is literature based and has not – or only to a limited 

degree – been developed out of the data on the Danish market.  

Finally, we assume that the reader has master-level financial and statistical knowledge. The 

most relevant concepts and those beyond the assumed level of previous knowledge are 

explained in section 2 and 3. 
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1.4 Structure of the thesis 

The following thesis is structured into six parts: Theory, methodology, analysis, discussion, 

conclusion and perspective & further research. This structure is illustrated in Figure 1.1. 

 

Figure 1.1: Structure of the thesis 

 

The theory section presents the relevant theoretical concepts and literature which are required 

for the understanding of this thesis. First, we explain the basic statistical concepts of the 

measures of dependency and distributional characteristics. Second, the theoretical 

implications of correlation asymmetry on popular models of portfolio construction and asset 

pricing are further elaborated. Third, the theoretical concepts and relevance of the selected 

firm and stock characteristics are presented. We end the section with a literature review of 

testing and measuring correlation asymmetries.  

The methodology section describes our data and research design applied to analyzing the 

correlation asymmetries. First, we describe and evaluate the collection of data and the 

formation of the research sample. Second, we present the methodological choices and 

decisions we made associated with the formation of the portfolios based on the research 
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sample. Third, we present the methods to test and measure the correlation asymmetry between 

the 25 sorted portfolios and the market (portfolio)
2
.  

We present the empirical results of measuring and testing asymmetric correlation in the 

analysis section. First, we evaluate the impacts of return frequencies on our methods. Second, 

we present the several summary statistics and of the 25 portfolios. Third, the empirical 

correlation between the 25 portfolios and the market are then analyzed based on both 

graphical and quantitative results. Fourth, the empirical correlations for certain sub-periods 

are analyzed by using the similar methods.  

The next section provides a discussion of how to make investment decision in the presence of 

correlation asymmetry. Based on relevant literature, we present several approaches to 

portfolios construction and asset pricing that can incorporate asymmetries in the correlation of 

stock returns. 

We answer the research questions of this thesis in the conclusion section. We also use this 

section reflect on the methodology to answer the questions. In a final section, we put our 

conclusions into perspective and present further research suggestions we obtained from our 

analysis.  

 

2 THEORY 

The theory section discusses the theoretical concepts associated with our empirical analysis of 

asymmetric correlations in stock returns. 

Financial models are simplified representations of reality. Therefore, these models make 

various simplifying assumptions about the participants (the investors) and the environment 

(the financial markets). One assumption that is popular among financial models is that of a 

symmetric correlation of stock returns. However, empirical studies find evidence that 

correlations between stocks in both a domestic and international markets are asymmetric. 

These studies almost uniformly document a higher correlation of stock returns in falling 

markets than in rising markets. This asymmetry of correlation with the market has 

implications for financial models that assume a symmetric correlation. 

                                                 
2 We sort the sample into quintile portfolio based on 5 different firm and stock characteristics, constituting to 

a total of 25 portfolios.  
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The first part of the theory section describes the basic statistical concepts which are essential 

for the understanding the thesis. We start by introducing the dependency measures like 

correlation, covariance and beta. Next, we present the concept of conditional correlation for 

both empirical correlation and correlation implied by the bivariate normal distribution. We 

also briefly introduce skewness as a measure of symmetry in a single distribution. 

The second part describes theoretical implications of asymmetric correlations for certain 

financial models. We focus hereby on popular financial models that rely on the assumption of 

a symmetric correlation between stocks: The portfolio optimization of Markowitz (1952) and 

the Capital Asset Pricing Model of Sharpe (1964) and Lintner (1965). These models are 

briefly introduced and thereafter, the implications of asymmetric correlations are explained. 

This part should clarify the motivation of our study.  

The third part describes the theoretical concepts of our selected stock and firm characteristics. 

We have chosen five popular characteristics, for which we analyze the asymmetries in 

correlation between the market and the portfolios sorted on these characteristics. This research 

design enables us to investigate how the characteristics and correlation asymmetries are 

related and consequently to answer the research questions outlined in section 1.2. The purpose 

of this part is to briefly introduce the theoretical concepts of these five firm and stock 

characteristics and the rationale for choosing them for our empirical research.  

The last part reviews the history and the current state of the research literature on measuring 

and testing asymmetric correlations in stock returns. The major contributions are presented 

and put into context of each other. We present how the prior studies have tested and measured 

the effect of asymmetric correlation and elaborate on their findings. 

 

2.1 Basic statistical concepts 

2.1.1 Dependency measures: Covariance, correlation and beta 

In the context of our thesis, the dependency between two random variables is defined by 

covariance, calculated as presented in Eq. 2.1. The covariance, denoted by       measures the 

extent in which random variables (e.g. asset returns) co-vary with each other. While variance 

measures the movement of one variable from its expected value (e.g. the historic return of an 

asset), covariance measures the co-movements of two variables from their expected values
3
. 

                                                 
3 Refer to Appendix 1 for definition of expected return, variance and standard deviation.  
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Similar to variance, covariance is dimensionless, and needs to be further divided by the 

product of the standard deviations of the two variables before it can be used as a comparable 

unit. This measure is called correlation and is calculated as presented in Eq. 2.2, denoted 

by    . Unlike covariance, correlation enables the comparison of the correlation between 

variable pairs. The range of dependency in terms correlation ranges from -1(perfect negative 

relationship) via 0 (no relationship) to +1(perfect positive relationship). It should be noted, 

that dependency does not imply causality. For example, the return of one stock   does not 

cause a return of stock  , although there is a relationship between the movements of both 

stocks in terms of correlation. 

Eq. 2.1 

                           

Eq. 2.2 

    
                     

    
 

   

    
 

Beta is another measure of dependency which is closely related to covariance. It measures the 

sensitivity of one variable relative to movements of another variable. In financial theory, beta 

is most commonly known as the sensitivity of an individual asset to the movements of the 

market. We therefore use this definition to explain the measure. As shown in Eq. 2.3, beta    

is calculated as the ratio of the covariance between individual asset x and market y     ) to 

the variance of the market   
 . A beta of 1 means that the asset moves exactly with the market, 

while a beta of 0 means that the asset returns are not affected by the movements in the market 

return. A beta of 2 means that the asset return varies twice as strong as the market returns, 

while a beta of 0,5 means that the asset returns vary half as much as the market return. 

Eq. 2.3 

    
                     

   
 
   

   
 

2.1.2 Conditional correlation 

We discuss conditional measures, like conditional correlation, conditional covariance etc 

throughout our thesis. “Conditional” implies measuring a variable with restrictions applied to 

the data. Eq. 2.4 presents the calculation of upside correlation, while Eq. 2.5 presents the 

calculation of downside correlation. These are correlations conditioned on the co-movements 
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between return of the market and the return of the different portfolio. The restrictive condition 

is set to returns (denoted   for portfolio and   for market) that are above or below a given 

exceedance level, where   denotes the exceedence level. The exceedance level is the distance 

from the mean measured in standard deviations, where the standard deviations are not limited 

to integer numbers. From now on, we use the term “downside correlation” (“upside 

correlation”) for a correlation between the assets and the market conditional on joint 

downside (upside) return movements. 

Eq. 2.4 

                              

Eq. 2.5 

                                

The conditional correlations are preset by parallel movements between the portfolios and the 

market returns. Since we are only interested in the correlation between the portfolios and the 

market when they are both either rising or falling, we impose the restriction of only 

considering cases where there is co-movement. Figure 2.1 displays the plot of observed 

values of x and y with an unconditional correlation of 0.7 (left), the observed values of x and 

y conditioned at exceedance level -0.5 (middle), and the observed values of x and y 

conditioned at exceedance level 0.5 (right). The conditioning depicted in the middle plot 

excludes all data above                  , following Eq. 2.4, while the conditioning in 

the right plot excludes all data below                , following Eq. 2.5. 

Conditioning correlation to the exceedance level   implies that the correlation is only 

measured on the observations of   and   when they are   standard deviations away from their 

means.  
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Figure 2.1: Illustration of exceedance conditioning 

 

2.1.3 Distributional characteristics 

One of the main assumptions of modern portfolio theory is that the returns of the assets follow 

a multivariate normal distribution. A multivariate distribution defines the probability of events 

in terms of multiple random variables. If the distribution defines the probability of events in 

terms of only two random variables, it is called a bivariate distribution. A bivariate normal 

distribution is a distribution of two variables where the probabilities of events are defined by a 

normal distribution. The bivariate normal distribution does therefore also define the 

dependency of these two variables. For the purpose of our thesis, we call the correlation 

between two random variables following a bivariate normal distribution “implied normal 

correlation”. 

As with the normal distribution, there are fewer observations in the tails of the bivariate 

normal distribution than there are observations closer to the mean. This implies that the 

dependency between the two variables will decrease as exceedance levels increase. Figure 2.2 

displays the exceedance correlation implied by the bivariate normal distribution at various 

levels of unconditional correlation (denoted  ). On the vertical axis the exceedance 

correlation is found. On the horizontal axis, the exceedance levels are displayed. The plot 

shows the exceedance correlation at different exceedance levels from the mean.   

In other words, Figure 2.2 displays the implied normal correlation of two variables at various 

levels of unconditional correlation. The lines of the conditional implied normal correlation are 

tent-shaped and gradually decrease as the exceedance levels increase.  
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Figure 2.2: Exceedance correlation as implied by the normal distribution  

 

In our analysis, we discuss a symmetry measure called skewness. Skewness assesses whether 

the distribution of return for a single asset is symmetric around its mean. Diagrammatically, 

this measure can be represented by the differences in length of the tails of the distribution. We 

distinguish between positive-skewed (or right-skewed) and negative-skewed (or left-skewed). 

As can be seen from Figure 2.3, a positive skewed distribution has a longer tail on the right 

side, while a negative skewed distribution has a longer tail on the left side of the distribution. 

Stock returns are in general negative skewed, with more extreme returns on the downside of 

the mean.  

 

Figure 2.3: Skewness 

Source: http://scianta.com/pubs/images/pos_negskew.gif  
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2.2 Theoretical implications of asymmetric correlations  

The main motivation for studying asymmetrical correlations in stock returns is its 

implications for popular financial models. We focus on the implications for the mean-

variance portfolio optimization of Markowitz (1952) and the Capital Asset Pricing Model of 

Sharpe (1964) and Lintner (1965) to explain the importance of the study of asymmetric 

correlations. To foster the understanding of these implications, we chose to introduce the 

basic concepts of these models. While this section focuses on the theoretical implications of 

correlation asymmetry for portfolio construction and asset pricing, section 5.1 provides a 

normative discussion of portfolio construction and asset pricing in the presence of the 

correlations asymmetry. 

2.2.1 Mean-variance efficient portfolios and diversification 

Almost 60 years ago, Markowitz (1952) developed a method to construct mean-variance 

efficient portfolios and thereby established the bedrock of Modern Portfolio Theory. By 

taking into account the risk, return and correlation of financial assets, the theory suggests a 

formal approach to construct efficient portfolios. Following Bodie, Kane and Marcus (2002) 

(p. 225), such an efficient portfolio is defined as one that either maximize expected return at a 

given level of risk or one that minimizes risk at a given level of excepted return. The 

diversification of risk for the financial assets is the central element in the construction of such 

portfolios. The idea of diversification is nothing new and can best be described by the wisdom 

of “do not put all eggs in one basket”. However, Markowitz (1952) was the first to develop a 

framework for the diversification of financial assets. To diversify the financial asset, Modern 

Portfolio Theory suggests combining stocks that do not perfectly co-vary with one another.  

To calculate efficient portfolios, the model requires estimates of expected return and variance 

of each asset found in the portfolio. These estimates are used to calculate the covariance 

estimates between each asset pair in the portfolio. By using mathematical optimization 

algebra, the optimal weighting of the assets in the portfolio is derived at which the expected 

portfolio return is maximized at any level of desired expected portfolio variance (or vice 

versa)
4
. 

Covariance is a symmetric measure of dependency (refer to section 2.1.1). However, as it is 

discussed in section 2.4, empirical researches find a higher correlation of stock returns in 

                                                 
4 Refer to Bodie, Kane and Marcus (2002)(p. 223- 229) for a detailed explanation of the portfolio optimization 

process 
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falling markets than in rising markets. Recall, that correlation is covariance transformed into a 

comparable unit. This phenomenon has been documented for both international and domestic 

markets. Chua, Kritzman and Page (2009) (p.26) mention that diversification in falling 

markets is desirable, while it is undesirable in rising markets. Consequently, a higher 

correlation of stock returns in the falling markets would decrease the effectiveness of 

diversification whenever the investor needs it most. The value of diversification is therefore 

questionable.  

2.2.2 Systematic risk and expected returns 

The theory of asset pricing is closely related to the construction of efficient portfolios. As we 

explain above, estimates of the expected returns are required by the portfolio construction 

model. Several asset pricing models have been developed to estimate the expected return of a 

financial asset. One commonly used model is the Capital Asset Pricing Model (CAPM) 

introduced by Sharpe (1964) and Lintner (1965)
5
.  

The idea behind the CAPM is that the market risk premium is the only risk factor that can 

explain variations across stock returns. The sensitivity of the individual stock to the market 

risk premium is measured by beta. The expected risk premium of an individual asset varies 

therefore proportionally to beta. For example, an asset with a beta of 2 (0.5) has an expected 

risk premium which is twice (half) as much as the expected market risk premium. A beta can 

also be negative whenever a negative relationship between the asset return and the market 

return is observed. Beta measures the risk that cannot be diversified away, because the CAPM 

theory assumes the market to be efficient. The un-diversifiable risk is called the systematic 

risk, while the diversifiable risk of an asset is called unique risk or unsystematic risk. This 

notion has an important implication for a diversified portfolio, such that the risk of the 

portfolio depends on the systematic risk (measured by beta) of its individual assets included. 

Similar to the expected return, the beta of a portfolio is therefore simply the weighted average 

of the individual betas of these assets (Brealy, Myers and Allan (2008) (p.213-217))  

The CAPM estimates the expected return      of an asset i as presented in Eq. 2.6. The 

expected return can be decomposed into the risk –free rate    and the risk 

premium                of asset i. The risk premium is the product of the expected market 

                                                 
5 Refer to section 2.3.1 for usage statistics of the CAPM 
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risk premium and the beta of the asset. The return of risk-free rate    is assumed to be 

independent to the market return, hence its beta is 0 and not displayed in Eq. 2.6. 

Eq. 2.6 

                        

Asymmetries in covariance have certain implications for asset pricing with the CAPM. Since 

the CAPM is a single-factor model, the estimated risk premium of an asset is proportional to 

beta, which is a symmetrical measure of dependency (refer to section 2.1.1). This implies that 

the estimated risk premium is the same for rising and falling markets. However, as Ang, Chen 

and Yuhang Xing (2006) (p.1192) point out, it is widely recognized that investors value losses 

and gains differently. Consequently, the existence of a higher covariance of an asset during 

falling market periods would mean, that the investors demand a higher compensation for 

bearing the risk of such an asset. The risk premium demand is therefore higher than the one 

estimated by CAPM model, ceteris paribus.  

This has implication for every financial activity using the CAPM to estimate expected asset 

returns. For example, the construction of efficient portfolios would be affected if the expected 

return of the individual underlying securities is estimated with the CAPM. Another example is 

investment valuation, in particular when the return estimate of the CAPM is used to discount 

the expected cash-flows of the investment prospect. However, it should be noted that the 

CAPM is not the only asset pricing model, although it is probably the most popular model. 

While the CAPM relies on beta as the single risk factor to estimate expected return, other 

asset pricing models, like the Fama-French Model, use different and/or multiple risk factors
6
.  

 

2.3 Rationale for the portfolio sorting criteria  

To investigating the nature of the asymmetric correlation, we chose a research design which 

tests the symmetry in correlation between the market and portfolios sorted on market value, 

book-to-market value, beta, coskewness and momentum (See section 3 for methodology). 

These five stock characteristics are popular factors in the investment decision process. For 

this reason, we find it interesting to analyze the exposure of these stock characteristics to 

correlation asymmetry. This section provides the theoretical concepts, and discusses the 

relevance of these characteristics for the investor. 

                                                 
6 Refer to section 2.3.2 for the Fama-French multifactor model.  
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2.3.1 Beta  

The theory of beta is explained section 2.1.1 above. We therefore focus in this section on the 

role of beta in the investment community. Beta is a popular measure of dependency, which 

can best be explained with its application in the CAPM.  

Brealy, Myers and Allan (2008) (p.218) state, that almost three-quarter of financial managers 

are using the CAPM, either as the sole estimator or together with other models. Bodie, Kane 

and Marcus (2002) (p. 382) state that the expected return-beta relationship has “been accepted 

in widely vary applications” and mention various examples from both the private and the 

public sector. However, the empirical validity of CAPM (or similar models using the 

expected return-beta) is a controversial topic in the literature. Bodie, Kane and Marcus (2002) 

(p. 383) point out that it is difficult to test the CAPM performance, because both the expected 

return of the asset and the exact market portfolio is unobservable. This is because the CAPM 

implies expected return, but the only observable return is the actual return. The most popular 

critics of the expected return-beta relationship are probably Fama and French (1992). They 

conclude: “In short, our tests do not support the prediction of the [CAPM], that average stock 

returns are positively related to beta” (P.449). In contrast to beta, Fama and French (1992) 

find that other characteristics like market value (size) and book-to-market have explanatory 

power for average return. 

2.3.2 Size & book-to market value  

Based on the findings of Fama and French (1992), Fama and French (1993) developed the 

Fama-French three-factor model, another popular asset pricing model. The basic idea behind 

the Fama-French model is that beta alone is insufficient to explain the risk embodied in a 

complex market. Therefore multiple risk factors should be used to estimate the expected 

return of a stock. 

Eq. 2.7 

                                         

Fama and French (1992) find, that companies with low market value and high book-to-market 

value (which is low market value relative to book value) are outperforming the market. 

Assuming efficient markets, these high returns can only be explained with a higher risk 

inherent in these stocks. Fama and French (1993) therefore argue that market value and book-

to-market value are good proxies for common risk factors in return; risk that is not captured 

by beta. Based on this argument, Fama and French (1993) extent the traditional CAPM by a 
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market value and a book-to-market value factor as it is presented in Eq. 2.7. The market value 

effect is captured by the SMB factor (“small minus big”), while the book-to-market value 

effect is captured by the HML factor (“high book-to-market value minus low book-to-market 

value”). The SMB (HML) factor represents an investment strategy of holding a long position 

in the stocks of the small companies (high book-to-market value stocks) and holding a short 

position in the stocks of the big companies (low book-to-market value stocks). These 

strategies should ideally yield a significant positive return. The sensitivity of the individual 

asset return to each of these factors (   for the SMB;    for the HML) can be determined by 

linear regressions. Fama and French (1993) also show that their three-factor model can 

explain differences in average returns across stocks better than the single-factor model 

CAPM. Note that the market risk premium factor is still necessary to incorporate, although it 

is insufficient to explain average returns when used as a single risk factor: 

“In short, the size and book-to-market factors can explain the differences in average returns 

across stocks, but the [market risk premium factor] is needed to explain why stocks are on 

average above the one-month bill. “Fama and French (1993) (p.38) 

Although the Fama-French three-factor model has gained a lot of recognition in the 

investment community, it is a controversial model. One critique is that the documented size 

effect has vanished after it has been discovered. Brealy, Myers and Allan (2008) (p.221) and 

Bodie, Kane and Marcus (2002) (p. 397) point out that small companies have outperformed 

the market just as many times as the market has outperformed small companies since the 

market value effect has been announced.  

2.3.3 Coskewness  

In section 2.1.3 we discuss that skewness is a measure of the asymmetry of the probability 

distribution and is a measure of the length of the tails. It is an indicator of whether the lengths 

of the tails of the distribution are equal. If the data is negatively skewed, there are more 

extreme observations on the downside of the mean than on the upside and vice versa. 

Coskewness is a risk measure of relative skewness in relation to that of the market. Kraus and 

Litzenberger (1976) are the first to incorporate coskewness into asset pricing models. They 

find that more of the variation in the CAPM model was explained by incorporating 

coskewness as an additional risk factor.  

Building on the findings of Kraus and Litzenberger (1976), Harvey and Siddique (2000) find 

that coskewness was economically important and investors should be compensated for 
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bearing the coskewness risk. The risk premium for coskewness risk was found to be 3.6% per 

year. In addition, they find that coskewness help explain the cross-sectional variation of 

returns in Fama-French models. Post, Vanliet and Levy (2008) later confirm the findings of 

Harvey and Siddique (2000), and find coskewness to explain much of the cross sectional 

variation of return that was not explained by beta nor the factors of size factor and book-to-

market factor of Fama and French (1992).  

As a critique to the findings of Harvey and Siddique (2000), Potì and Wang (2009) show that 

the effect of coskewness is now minimal. Investors might have already engaged in strategies 

to exploit the effect, similarly the small size effect after the publication of Fama and French 

(1992). 

2.3.4 Momentum 

Momentum describes the phenomenon that stock returns have a tendency to be driven by past 

returns. For example, if a stock rises, it has a tendency to rise even further over some period 

of time. 

Momentum indicators have been used by traders since the 1960‟s. They have technically been 

determining momentum by using for example a stochastic oscillator, Relative Strength Index, 

and Rate of Change. The most popular indicator is the relative strength index, which is an 

index measuring the strength of a stock based on its past performance. The notion of 

momentum is based on the investor behavioral perception is that investors have a tendency to 

overreact to information. 

Although traders have actively used momentum as a trading strategy, Jegadeesh and Titman 

(1993) are the first to empirically document such an effect in stock returns. By buying past 

winners and selling past losers, one can obtain abnormal returns. The phenomenon has gained 

much attention, and there has been several studies discussing it.  

By following this strategy, Jegadeesh and Titman (1993) yielded an excess return of 1.23% 

per month. On the basis of two previous analyses conducted on the Danish market, Nørregård 

(2008) and Pedersen (2010)the return of momentum portfolios are found to be 1.26% and 

between 0.91% to 1.47% per month.  

2.4 Literature review: Testing for asymmetric correlation 

Longin and Solnik (2001) are the first to address the issue of asymmetric correlation. They 

find that the correlation between pairs of international markets increase in falling markets. 
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This is in contrast to the traditional assumptions that stock returns follow a normal 

distribution which implies correlation symmetry. They use extreme value theory to study the 

dependence structure of international equity markets. On the downside, correlation of large 

negative returns does not converge towards zero; instead it increases with decreasing 

exceedance levels. On the upside, the correlation of large positive returns decreases with the 

increasing exceedance level. The correlation on the upside is therefore closer to what is 

implied by the bivariate normal distribution. As seen in Figure 2.4, on the downside, the 

correlation increases the further it moves away from the mean, while on the upside, it 

decreases the further it moves away from the mean on the upside
7
.  

 

Figure 2.4: Correlation between US and UK return exceedances.  

“This figure represents the correlation structure of return exceedances  between the United States and the 

United Kingdom. The solid line represents the correlation between actual return exceedances obtained from 

the estimation of the bivariate distribution (...) The dotted line represents the theoreticalcorrelation between 

simulated normal return distribution with parameters equal to the empirically observed means and covariance 

matrix of monthly returns. The value of the threshold θ used to define return exceedances ranges from -10 

percent to +10 percent (percentage points). For a given estimation, the same value of θ is taken for both 

countries: θ= θUS= θUK. The usual correlation using all returns is represented by a large dot on the vertical 

axis.” 

Source: Longin and Solnik (2001)(p. 667) 

 

Although the research from Longin and Solnik (2001) is the basis for most of the studies in 

the field of asymmetric return, they encounter critiques for their methodology. As seen in 

Figure 2.4, the exceedance levels used in Longin and Solnik (2001) is measured in absolute 

return from the average return. As argued by Campbell, Koedijk and Kofman (2002), the 

critique is due to their thresholds (or exceedance levels) being pre-set levels of return, and not 

                                                 
7  Longin and Solnik (2001) refers to exceedance levels as thresholds.  
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statistically determined from the data they analyze. This theoretical bias is corrected in Ang 

and Bekaert (2002) by using exceedance level measured in standard deviation from the 

average return of the different portfolios instead of pre-determined thresholds. In addition to 

this theoretical bias, Hatherley and Alcock (2007) also point out that Longin and Solnik 

(2001)‟s results are more associated with market trends than market volatility, due to their 

conditioning of data on absolute returns. The condition that results in bias is corrected for in 

the statistical tests of both Ang and Bekaert (2002) and Hong, Tu and Zhou (2007). 

Building on the findings of Longin and Solnik (2001), Ang and Bekaert (2002) find similar 

correlation asymmetries in their study of the US stock market. For their study, they sort 

portfolios based on certain characteristics to analyze the correlation with the market. Ang and 

Bekaert (2002) develop a statistic that can measure the difference between the observed 

exceedance correlation and the exceedance correlation as implied by the bivariate normal 

distribution. This measure is named H-statistic and is a percentage measure of this difference 

between the empirical and implied normal correlation. The mathematical formulation of the 

H-statistic is further explained in section 3.4. 

Ang and Bekaert (2002) find that downside correlations are generally higher than upside 

correlations in the US-stock market. They furthermore find that stocks of small companies, 

high book-to-market value stocks, low beta stocks and past looser stocks exhibit higher 

correlation asymmetry. They further find that other measures of asymmetry, skewness and 

coskewness, are fundamentally different than correlation asymmetry captured by the H-

statistic.  

Campbell, Koedijk and Kofman (2002) use a different approach in their study of correlation. 

They test the left-tail cumulative correlation for normality using the value at risk 

methodology. They address the value-at-risk whenever there is increased correlation in 

downside markets. According to Harper and Investopedia , the “Value-at-Risk” (VAR) 

calculates the maximum loss expected (or worst case scenario) on an investment, over a given 

time period and given a specified degree of confidence.” Figure 2.5 shows that the assumption 

of normality is breached at the tail of the distribution in the analysis of Campbell, Koedijk and 

Kofman (2002). This implies that under “normal” market conditions, the correlation is as one 

could expect from the underlying assumption. However when the returns of both tested 

portfolio and market is outside the 95% confidence interval, the correlation is not as implied 

by the bivariate normal distribution.  
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Figure 2.5: Left-tail cumulative correlation using VaR: S&P 500 and FTSE 100 

Source: Campbell, Koedijk and Kofman (2002)(p. 90) 

 

While Campbell, Koedijk and Kofman (2002) only find increased correlation in the tails, Ang 

and Bekaert (2002) find asymmetries in correlation when testing the data within the 

exceedance levels of -1.5 and 1.5. The interval from exceedance level -1.5 to 1.5 accounts for 

93.32% of all observations, following the probability of the bivariate normal distribution. 

Hong, Tu and Zhou (2007) develop an alternative test of correlation symmetry. They state, 

that Ang and Bekaert (2002)‟s H-statistic only explains asymmetry in relation to a pre-set 

model (in their case; the bivariate normal distribution). Based on the statistical framework of 

the H-statistic, they develop a symmetry test-statistic. Their test is independent of any specific 

distribution model. The implication of such a test is that if the data is rejected by the test, it 

cannot be modeled by any symmetric distribution. Another feature of Hong, Tu and Zhou 

(2007)„s test is that it can also be applied to test for symmetry on other parameters, like for 

instance covariance or beta, as well as correlation. The mathematical formulation of the 

asymmetry test is further explained in section 3.4.  

Hong, Tu and Zhou (2007) test the correlation asymmetry for portfolios sorted by size, book-

to-market-value and momentum. Their test rejects symmetry for the portfolios of stock of 

small companies, while none of the book-to-market- and momentum-sorted portfolios can be 

reject. However, the highest book-market-values portfolios have the lowest p-values. 
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Following Keller (2005) (p.333), "the p-value of a test provides valuable information because 

it measures the amount of statistical evidence that supports the alternative hypothesis." Hence, 

we know that the highest book-market-values portfolios are the least likely to accept the 

hypothesis of symmetry at the defined significance level. Note, that the p-value is not the 

probability that the null-hypothesis is true. The correlation asymmetry for the portfolio of 

stocks of the smallest companies is consistent with the findings of Ang and Bekaert (2002) 

For our tests of symmetry in the data, we apply the statistical tests of both Hong, Tu and Zhou 

(2007) and Ang and Bekaert (2002) on the data of the Danish stock market. In our opinion, 

the tests are compliments to each other, not substitutes. The H-statistic of Ang and Bekaert 

(2002) measures the difference between the observed correlation and the implied normal 

correlation, while Hong, Tu and Zhou (2007) present a model-free test for symmetry across 

the upside and downside correlation.  

 

3 METHODOLOGY 

This section explains and discusses the methodology for conducting the analysis of the 

correlation asymmetries between the market and portfolios sorted on the selected firm and 

stock characteristics. The first subsection outlines the research approach we follow to reach 

our research objectives. The data we conduct our analysis on is described and evaluated in the 

second subsection. The third subsection presents the methodology applied for the formation 

of the portfolios. In the final subsection we explain the two statistical methods we use for 

testing and measuring correlation asymmetry.  

3.1 Research approach 

As research methods are dependent on the objectives of the research study, given our primary 

objective to investigate the asymmetry of correlation in stock returns in Denmark, we adopt a 

mixed-method approach. The mixed-method study consists of a two-tier structure made up of 

descriptive and exploratory parts. 

The descriptive part is a quantitative time-series analysis of the correlation symmetry between 

stock portfolios and the market in Denmark. This part is the core of the study. First, we 

construct a sample of stocks based on secondary data provided by financial databases. 

Second, we form the portfolios by sorting the sample on the five different characteristics, 

which are often used by investors to evaluate investment choices. Third, we are formally 
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testing and measuring the asymmetry in correlation with the help of multiple statistical 

methods. This research design is similar to what have been developed by Ang and Chen 

(2002) and Hong, Tu and Zhou (2007) for their analysis of the US stock market, and is 

explained later in this section.  

Saunders, Lewis and Thornhill (2007) (p.134) argue that descriptive studies should not be 

used in isolation in business research. Therefore we provide a discussion of how to make 

investment decisions in the presence of correlation asymmetry. The discussion is based on an 

exploratory study of the literature and not – or only to a limited amount – based on the data of 

the Danish Market. 

3.2 Data  

This section discusses the data we use to analyze asymmetrical correlations in the Danish 

stock market. First, we define the population we draw our sample from. Second, we describe 

the source and methodology for collecting the data on the population. Third, we analyze the 

quality of the collected data in terms of reliability and validity. Fourth, we discuss and define 

the research period. Fourth, we present the rationale and methodology of creating the sample 

we use for analyzing the correlation asymmetries. We are summarizing the sample 

characteristics in a final subsection. 

3.2.1 Population 

We define our population as the stocks listed on the Copenhagen Stock Exchange 

(“Københavns Fondsbørs”). All stock classes listed (e.g. A-class or B-class stocks) of a 

company are included in this definition.  

Access to data of the complete market is often limited when conducting empirical research. In 

this case, the researcher needs to choose a proxy for the market. In order to proxy for market 

return, one option is to use the aggregated returns of the sample of stocks constructed for the 

analysis. Another option is to calculate the return from an index provided by exchanges or 

other financial institutions. A market index is in most cases constructed to proxy market 

performance. Well-known examples of stock indices are the Dow Jones and S&P 500 for the 

US market, the FTSE 100 for the UK market and the DAX for the German market. 

For our analysis we have chosen to use the aggregated return of our sample as the main 

market proxy. Section 3.2.5 describes the rationale and methodology of the construction of 
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the research sample. The OMX Copenhagen 20 Index has been chosen to assess the 

sensitivity of our results.  

3.2.2 Data collection 

The main source for our research is the DataStream database offered by Thomson Reuters. 

Unlike other financial databases like Bloomberg or Reuters Xtra3000, DataStream provides 

time-series data for both listed and delisted companies. In order to avoid survivorship bias, 

delisted stocks have to be included in our sample of the time-series analysis. Stocks can be 

delisted due to various reasons, such as bankruptcy, merger or privatization.  Therefore, a 

stock sample suffering from survivorship bias would be inappropriately used as a sample of a 

population it seeks to represent. Hence, DataStream is preferred. 

DataStream holds numerous lists of Danish stocks in its database. Unfortunately, DataStream 

does not provide a description on the methodology for constructing these lists. In an effort to 

find a sample of stocks which best represents the Danish stock market, free of survivorship 

bias, we have decided to download the “Copenhagen OMX” (holding 198 active companies) 

and “Dead Stocks DK” (holding 308 delisted companies) lists. The data has been collected for 

the period 1th January 1985 to 1th January 2010 at monthly, weekly and daily frequencies. 

Since it is unclear how these lists have been constructed, we have assessed the validity of 

these lists in the section below.  

Besides DataStream, we have used the Bloomberg database to obtain the CIBOR 1M Index as 

a proxy of the one-month local risk-free rate and the OMX Copenhagen 20 Index as a proxy 

of the Danish stock market (for assessing the sensitivity of our results). We used Bloomberg 

for these data series, because they were either not available in DataStream or not of sufficient 

quality
8
.  

An original description of the data series and types has been obtained from the respective data 

sources (whenever available) and is presented in Appendix 2 (DataStream) and Appendix 3 

(Bloomberg).  

3.2.3 Data validity and reliability 

The previous section describes the sources we used in the data collection process. It is crucial 

to note that the collected data is secondary data. Saunders, Lewis and Thornhill (2007) 

                                                 
8 CIBOR 1M index data was not available on DataStream. For the KFX index data, DataStream only provided 

a calculated index for our period, of which no description was provided.  
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(P.246) define secondary data as data which has already been collected for another purpose. It 

is opposed to primary data, which is data that has been directly collected from the population 

for a particular purpose.  

Using secondary data is a valid data collection method. Following Saunders, Lewis and 

Thornhill (2007) (P.257), secondary data should be used when it is impractical to collect 

primary data. In particular, this argument holds true for time series-based stock market 

analysis. Collecting this data from a database saves enormous resources, compared to 

collecting primary data. However, using secondary data has its disadvantages. Since the data 

has been collected for a different purpose, the data may be incompatible for the current 

research objectives. Furthermore Saunders, Lewis and Thornhill (2007) (p.265) state, that it 

may be difficult to assess the accuracy and consistency of the secondary data.  

In order to obtain valid and reliable results from the analysis, it is important to evaluate the 

validity and reliability of secondary data. This is particularly true for the data we collected 

from DataStream database, since the methodology for data collection is not enclosed. We are 

therefore evaluating the raw secondary data in the next two sections.   

3.2.3.1 Reliability of data 

Evaluating the reliability of secondary data can be a daunting task, since it is in many cases 

very difficult or even impossible to observe the actual (true) data. Saunders, Lewis and 

Thornhill (2007) (p.265) suggest evaluating the reputation of the data source for a quick 

assessment of the reliability of the data. Large and well-known sources have a higher 

likelihood of providing accurate data. The DataStream database is provided by Thomason-

Reuters, which can be considered as such a large and well-known source.  

However, relying only on good reputation of the data source does not guarantee reliable data. 

We are therefore evaluating the data by using simple descriptive statistics. For example, after 

the portfolios have been formed, we assess whether its mean (measure by the arithmetic 

average) and variability (measured by the standard deviation and market beta) are within 

“reasonable” expected boundaries. By using a similar approach, we discovered problems with 

the non-trading days in parts of the data. By default, DataStream excludes weekends from 

time-series data, but it does not exclude other non-trading days, which in most cases are 

official holidays. On a non-trading day, the return of stocks listed on the Copenhagen Stock 

Exchange is zero, because the exchange is closed and no trades can be executed. Figure 3.1 

illustrates the number of non-traded days for each of the years for which we have collected 
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data. We define non-trading day as a day with a return equal to zero, measured by the 

aggregated return of all the stocks we obtained from DataStream
9
. As it is illustrated in the 

figure, no non-trading days where measured in the period prior to 1989. For the years of 1990 

and 1991, we find numbers of non-trading days which are to be less than the numbers of 

holidays found in a regular Danish calendar. All subsequent years follow the normal pattern 

per the calendar. Since DataStream does not provide detailed information on the methodology 

for constructing their stock lists, we are not able to explain the lack of non-trading days prior 

to 1992. Consequently, in an effort to attain a high degree of data validity, we decided to 

disregard all data collected before 1 January 1992
10

.  

 

Figure 3.1: Number of non-trading days besides weekends in the period 1985-2009 found in the data 

provided by DataStream. 

3.2.3.2 Validity of data 

Saunders, Lewis and Thornhill (2007) (P.264) state that one important criterion for evaluating 

the validity of secondary data is the coverage of the secondary data in relation to the 

population it should represent. As we discuss in section 3.2.1, we define the population as the 

stocks listed on the Copenhagen Stock Exchange. The two lists obtained from DataStream 

should therefore ideally include all the companies listed on the exchange at any point in time 

within our analysis period. Pedersen (2010) (p. 11) provides in his work a list of companies 

listed on the Copenhagen Stock Exchange between 1973 and 2005. He uses this list to 

calculate a coverage measure in order to get an indication of how good his DataStream data is 

                                                 
9 We calculated an equal-weighted return. Refer to section 3.3.2 for a description of the return calculation 

methods used.  

10 Refer to Appendix 10 for a list of non-trading day which have been removed manually  

0

2

4

6

8

10

12

14

1985 1987 1989 1991 1993 1995 1997 1999 2001 2003 2005 2007 2009

N
o

n
-t

ra
d

in
g 

d
ay

s

Year



31 

 

representing the Copenhagen Stock Exchange. This coverage measure is defined as the ratio 

of the number of companies from DataStream and the number of companies listed on the 

Copenhagen Stock Exchange. The ratio is calculated as presented in Eq. 3.1. 

Eq. 3.1 

                
             

                            
 

We are using this ratio to analyze how our two DataStream lists are representing the 

companies listed at the Copenhagen Stock Exchange. The number of companies from 

DataStream               is the sum of companies of the “Copenhagen OMX” (active 

companies) and “Dead Stocks DK” (dead companies) lists as of the last trading date of every 

year t in the period 1985 – 2009. Similarly, the number of companies listed on the 

Copenhagen Stock Exchange                              is the sum of companies listed on 

the exchange as of the last trading date in the same period. This list has been constructed by 

Pedersen (2010) for the period of 1973 – 2005, based on the several material provided by the 

Copenhagen Stock Exchange. Using the same methodology, we collected a list of stocks for 

the period 2006-2009. 
11

. 

However, the coverage ratio can only be considered as an indication of how good the lists 

from DataStream are in representing the actual companies listed. The ratio provides insights 

into the coverage in terms of the number of companies. However it cannot determine if the 

companies are actually the same. Therefore, a high coverage ratio does not necessarily mean 

that the DataStream lists are of high representation. Nonetheless, we consider the coverage 

ratio as an approximate indication the representative power.  

The coverage ratios obtained from our analysis are presented in Figure 3.2 
12

. We find a very 

low coverage in the period of 1985-1988 with an average coverage ratio of 0,14. From 1989 

onwards, the coverage ratio gradually converges to full coverage. Full coverage is represented 

by the horizontal dotted line. It should be noted, that it is theoretically not possible to have a 

coverage higher than 1. However, we find coverage ratios slightly greater than 1 in several 

years. The higher ratio could be due to an error or inconsistency in the data from DataStream, 

in the data from the Copenhagen Stock Exchange or in our own methodology. We decided not 

to further investigate on this as the ratio is merely an indicative value. It should not be 

                                                 
11 Refer to Appendix 9 for a detailed description of the methodology.  

12 Refer to Appendix 9 for a detailed table with the respective values.  



32 

 

misunderstood as a precise measure. Pedersen (2010) (p. 11) does also find ratios higher than 

1 in some years and chooses not to further investigate this issue for the same reason.  

 

Figure 3.2: The yearly coverage ratio between 1985 and 2009. 

3.2.4 Research Period 

The main reason for limiting our time period for analysis is the low validity and reliability of 

data prior to 1992. As we explain in above, all data before 1992 is excluded from the sample 

due to the lack of non-trading days. In addition to that, we find a very low coverage of the 

DataStream data with the Copenhagen Stock Exchange in the approximately the same period.  

The length of the research period has a considerable impact on the explanatory power of the 

statistical analysis. The longer the period of the analysis, the more observations are included 

in the analysis and the stronger will be explanatory power of it. With regards to that, we 

decided to use the time period between 1 January 1993 and 1 January 2010 at daily frequency 

for testing the asymmetries in correlation. The period between 1 January 1992 and 1 January 

1993 is used for the initial estimation of beta and the coskewness with the market. The 

coverage ratios for the years 1992 (0.76) and 1993 (0.87) are considered as sufficiently high 

enough to justify that decision. 

3.2.5 Research sample 

The ideal situation for conducting the empirical research would be to include all stocks on the 

Danish stock market. However, whenever it is impracticable to analyze the entire population, 

sampling the population provides a valid alternative. Saunders, Lewis and Thornhill (2007) 

(p.207) discuss two main techniques for sampling data, probability (or random sampling) 
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sampling and non-probability (non-random) sampling. The key idea of random sampling is to 

create a representative sample of the population. Constructing a random sample facilitates 

statistical inferences about the population. Alternatively, using a non-probability sampling 

technique will create a sample that will still allow inferences to be made about the population, 

but it will not be on a statistical basis.  

3.2.5.1 Choice of sampling technique 

We chose to create our research sample with a non-probability sampling technique to satisfy 

the research objectives. Saunders, Lewis and Thornhill (2007) (p.231-232) call this 

“purposive sampling” and explain: 

“The logic on which you base your strategy for selecting cases for a purposive sample should 

be dependent on your research question(s) and objectives” 

The objective of our thesis is to study correlation asymmetries in stock returns. To fit this 

purpose we have decided to keep only the liquid stocks from the Danish stock market, 

because illiquidity can cause several problems in the analysis of correlation asymmetries. The 

next sections describe the rationale and methodology of restricting the sample to liquid stocks 

in detail.  

The purposive sample is drawn from secondary data, which are the two stock lists 

(“Copenhagen OMX“ and “Dead Stocks DK”) for the Danish markets available on 

DataStream. This constitutes a total of 506 stocks. From these 506 stocks, we excluded 43 

stocks as they have no return index, market value nor turnover by volume have been 

available. These stocks are of little value for our purposes, because return index, market value 

and turnover by volume are required to conduct the analysis. The resulting list of 463 of 

stocks is the considered as our initial sample and is further referred to as the “463 sample”. As 

mentioned in section 3.2.2, the delisted stocks are included in order to overcome the 

survivorship bias. The analysis of the 463 sample‟s coverage with the Copenhagen Stock 

Market indicates a high representative power with an average coverage ratio of 0.95 for the 

research period of 1993-2009.  

3.2.5.2 Rationale for sampling technique 

This section describes in detail the rationale for choosing a purposive sample with only liquid 

stocks of the market. Liquidity is typically defined as the degree to which a financial 
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instrument can be bought or sold without affecting the market price, following Investopedia. 

A high degree of liquidity is often characterized by a high trading activity.  

The first rationale for restricting the sample to liquid stocks is the non-synchronous trading 

effect. By using daily frequency in our analysis, there is a risk of non-synchronic trading, 

which refers to the lagged response of less frequently traded stocks to news. Campbell (1997) 

(p. 84) explains this effect with a simplified example of two independent stocks, where one is 

traded frequently in the market, while the other is traded less frequently. If there exists news 

that affect the overall market right before closing time, the frequently traded stock will adapt 

to that almost instantly, while the less frequently traded stock might first react to these news 

the following day(s). With different reaction times from the two stocks in the same portfolio 

such that the less frequently traded stock displays a lagged reaction, it can lead to 

autocorrelation to the portfolio return. Ang and Chen (2002) (p.456) state this non-

synchronous effect can create a bias in the estimation of correlation. 

Non-synchronous trading is of particular concern for the Danish market, because it closes 1 ½ 

hours after the New York Stock Exchange opens. The New York Stock Exchange has a high 

influence on other stock markets around the world. In the 1 ½ hour period, the Danish stock 

market is subject to possible shocks from the New York Stock Exchange. While liquid stocks 

are likely to adjust within that 1 ½ hours, illiquid stocks might first adjust in the following 

day(s). By limiting our sample of stocks to liquid stocks, we reduce the problems imposed by 

non-synchronous trading.  

The second argument for restricting the sample to liquid stocks is that we consider such a 

sample as more suitable to reflect the investment opportunities of an average investor. Due to 

the lack of a market of buyers and sellers, illiquid stocks are difficult to acquire or dispose for 

an investor. This would also mean that an individual investor can significantly affect the price 

by buying or selling the stock. In contrary, liquid stocks are easier to buy or sell and an 

individual investor cannot easily affect the price. As it is discussed in section 3.3, we are 

rebalancing our portfolios every month for the analysis of asymmetrical correlations. 

However, we are not able to account for the price effects of illiquid stocks. Including illiquid 

stock in the sample would therefore imply the assumption that there are no price effects 

involved with the transaction of these stocks.  

Third, a sample of liquid stocks will ensure that we have enough variability in our sample in 

order to uncover correlation asymmetry. Consider for example an illiquid stock that has only 
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two trades over the course of a month, while the market registers a high number of trades on 

each (trading) day. The variability of this stock would therefore be very low, while the 

variability of the market is high. Including illiquid stocks in the sample would therefore 

decrease covariance, and hence correlation between the portfolio and the market. However, in 

order to analyze asymmetries in correlation between these two variables, the variables need to 

correlate. By excluding illiquid stocks, we can get a clearer picture of the symmetry pattern of 

the liquid and hence more relevant stocks from an average investor.  

3.2.5.3 Methodology of sampling technique 

In order to restrict the 463-sample to the most liquid stocks, we construct a trade ratio that 

accounts for liquidity. The ratio is defined as the number of days has been listed to the 

number of days a stock has been traded. It is calculated as presented in Eq. 3.2 .  

Eq. 3.2:  

              
              

              
 

The number of days traded for each stock, denoted as               , has been calculated with 

the data type turnover by volume obtained from DataStream
13

. This data type reports the daily 

number of shares traded for a stock. A day is counted as a trading day of a stock i, whenever it 

has a turnover of at least one share. For the number of days listed                , the listing 

period is defined as in 3.3.  

We excluded stocks with a trading ratio below 0.95, which is every stock that has been traded 

less than 95% of the days it has been listed for. From the 463 stocks in the initial sample, 87 

stocks have trade ratio of at least 0.95 and is used as the research sample for our analysis
14

. 

 

                                                 
13 Refer to Appendix 2.8 for a description of turnover by volume data type.  

14 Refer to Appendix 6 for a comparison of variability measured by beta for the 463 and the 87 sample.  
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3.2.6 Summary of the sample selection 

The following bullet points summarize the property of our research sample:  

 The research sample consists of 87 stocks, constructed to represent the liquid stocks 

of the Danish stock market. 

 The research period is 1 January 1993 – 1 January 2010, producing 4261 observations 

at daily frequency. The observations at weekly frequency (887) and monthly 

frequency (205) are used for analyzing the sensitivity of our results. The period from 1 

January 1992 – 1 January 1993 is the estimation period for the initial market betas and 

coskewness. 

 The market proxy is the aggregated return of the 87 stocks in the sample. The OMXC 

20 Index is used for analyzing the sensitivity of our results. 

 

3.3 Portfolio formation 

This section discusses the methodology of forming portfolios out of the research sample. We 

first present how we sort stocks into portfolios based on the selected firm and stock 

characteristic. Next, the general choices in the calculation of return are outlined and 

discussed. This covers our methodology associated with return calculation, return frequency, 

listing and holding period of the individual stocks as well as the return weighting for 

calculating portfolio return. Finally, we present how size, book-to-market value, beta, 

momentum and coskewness is measured in the analysis.  

3.3.1 Portfolio sorting 

This section discusses how we sort our research sample into portfolios on the first trading day 

of every month within the research period. First, the magnitude of the particular characteristic 

is measured for all the stocks in the sample. Second, the stocks are ranked from highest to 

lowest based on the magnitude of the particular measure. Third, the ranked sample is sorted 

into quintiles portfolios. For example, the 20% of the stock with the highest beta value are 

sorted into the top quintile portfolio, while the 20% of stocks with lowest the beta value are 

sorted into the bottom portfolio. This result in five portfolios for every particular 
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characteristic analyzed. This task has been accomplished with the “Rank Method” of the 

“SAS Enterprise Guide” software
15

.  

We consider sorting the sample into quintiles as an appropriate choice for our analysis. Using 

bigger percentiles (e.g. quartiles) would fail to capture the desired effect. Using smaller 

percentiles (e.g. deciles) is also problematic, because we consider the sample (of 87 stocks) as 

too small for obtaining reliable results from testing smaller percentiles. Although, the two 

paper we base our analysis on, Ang and Chen (2002) and Hong, Tu and Zhou (2007), use 

quintiles and deciles, respectively, it is important to note that both papers are conducted on 

the US stock market. Unlike the Danish stock market, the US stock market bears a different 

market depth and composite. Hence, what is applicable in the two papers may not be exactly 

adaptable in our analysis 

3.3.2 Calculating stock and portfolio return 

This section discusses the various choices involved with the calculation of the stock and 

portfolio returns. The decision on the particular methodology used for the analysis is 

presented and explained by the end of the respective section.  

3.3.2.1 Calculation of stock return 

The stock return is calculated from the return index data type provided by DataStream. The 

return index “shows a theoretical growth in value of a share holding over a specified period, 

assuming that dividends are re-invested to purchase additional units of an equity or unit trust 

at the closing price applicable on the ex-dividend date
16
.” Using return index is preferred over 

stock price, because it provides us with a more realistic investment scenario that incorporates 

dividends as well as the changes in stock prices.  

There are two common ways to calculate the return, which is either continuous compounding 

or discrete return. The choice of calculation method is a tradeoff between the returns being 

additive through time or additive across stocks. While Eq. 3.3 holds true for discrete return, 

Eq. 3.4 holds true for continuously compounded return.  

Eq. 3.3 

               

                                                 
15 See Appendix 8 for the configurations of the SAS method.  

16 For more information on the data from DataStream, see Appendix 2  
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Eq. 3.4 

               

Since we form portfolios of stocks, we are dependent on the ability to add returns across 

stocks. We calculate therefore a discrete return for each single stock as presented in Eq. 3.5, 

where    is the return index from DataStream. 

Eq. 3.5 

   
         

     
 

We calculate return in excess of the risk-free rate. This is also considered the risk premium of 

investing in stocks. Risk premiums have been used throughout the literature on risky assets 

because the risk premium is more relevant for the investor than the certainty equivalent risk-

free investment.  

We use the one-month CIBOR provided by Bloomberg as a proxy for the risk-free rate
17

. 

Both Ang and Chen (2002) and Hong, Tu and Zhou (2007) approximate the risk-free rate with 

one-month US T-bill rate. The one-month CIBOR is therefore the most similar rate provided 

by our data sources. 

3.3.2.2 Return frequencies 

The data for our analysis is collected in three different frequencies; daily, weekly, and 

monthly. This section discusses the choices of frequencies for conducting time-series data 

analysis.  

Albuquerque (2005) (p. 2) states that there is a tendency in the academic circles to use data of 

lower frequencies even when higher frequencies of data is available. Researchers may have 

access to daily stock return, but still choose to use monthly or weekly returns. In their 

analysis, Hong, Tu and Zhou (2007) use monthly data, spreading from January 1965 to 

December 1999, with a total of 420 observations (p. 1557), while Ang and Chen (2002) use 

weekly data, spreading from July 1963 to Dec 1998 (p. 470). Ang and Chen (2002) (p.456) 

argue that using weekly data would best trade-off the number of observations with any bias 

caused by non-synchronous trading at daily frequency (see section 3.2.5). 

                                                 
17 Refer to Appendix 3 for a description of the risk-free rate.  
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Figure 3.3: Market return, three frequencies  

 

For our thesis, we choose to use daily data instead of lower frequencies. There are mainly two 

reasons that justifies this choice. First, we believe that by using lower frequencies data, there 

are severe losses in information. From Figure 3.3, we can see the loss of information using the 

different frequencies. The data selected for this figure spans the first six months of the year 

2000, but similar effects can be found for any other subperiod of the research period. As can 

be seen in the figure, there are market movements that are not captured when using lower 

frequencies than daily.  

Second, we have a higher number of observations by using daily data instead of weekly or 

monthly data. By using daily data, we obtain five times as many observation comapared to 

weekly data and aprroximatly 25 times as many observations compared to monthly data. For 

statistical reliablility, it is preferable to have more observations. This is of particular value for 

our analysis, because the number of observation is decreasing drastically with increasing 

exceedance levels.  

Note that we have reduced the bias caused by non-synchronous trading by resticting our 

sample to the most liquid stocks. However, we evaluate the sensitivity of our results to return 

frequency in section 4.1.  
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3.3.2.3 Monthly buy-and-hold strategy 

On the first of every month, we re-rank and re-sort the sample into the respective our 

portfolios. We are following the methodology of Ang and Chen (2002); Hong, Tu and Zhou 

(2007); Fama and French (1993) in mimicking a one-month buy and hold strategy. One of the 

strongest argument for a buy and hold strategy is the hypothesis of efficient markets. If stocks 

are correctly priced at a given time, there is no need for extensive trading. We therefore see a 

one-month holding period as the shortest holding period for reducing noise from interim and 

more volatile holding periods (see Figure 3.3 for an example of volatility of higher 

frequencies). These portfolios are held until the last day of the month, before the process is 

repeated again with a new portfolio formation process the following day. 

3.3.2.4 Stock delisting 

Whenever a company is delisted, DataStream reports the last value of the returns index and 

market value of the stock, instead of reporting a zero
18

. This methodology causes several 

problems for an accurate calculation of return. First, delisted stocks would be included in the 

size and book –to-market portfolios when its market value is not set zero. Second, the 

calculation of market-value weighted portfolio returns (of all portfolios) would be downward 

biased, because the zero return of delisted stock would still weigh its last reported market 

value. Third, whenever the delisting is a consequence of a bankruptcy, the return index needs 

to be set to zero or close to zero, because the investor might have lost all or parts of his 

investment. 

In an ideal situation, the exact date and reason for delisting has to be evaluated for each stock. 

However, due to resource constraints, to assess each stock individually may not be a practical 

approach. Therefore, assumptions are simplified to define a stock as delisted whenever the 

stock reports its last change in return. After defining a stock to be delisted, market value is set 

to zero. Note, that this method can only yield an approximation of both the true delisting date 

and return.  

3.3.2.5 Weighting of stock returns 

In the literature, there are two common ways to weigh the portfolios. The stocks in the 

portfolios can be weighted either equally or weighed by their market value. Equally-weighted 

portfolio return is calculated as presented in Eq. 3.6, where return portfolio return is a simple 

                                                 
18 Refer to Appendix 2 for an original description of these data types.  
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average of the individual stock returns in the portfolio. Market value-weighted portfolio 

return is calculated as presented in Eq. 3.7. The value weighted return is the weighted average 

of the individual stock returns in the portfolio, where the weights are given by the market 

value of the individual stocks at the end of the previous trading day.  

Eq. 3.6 

  
   

     
  

 

Eq. 3.7 

  
   

             
        

 

Fama and French (1993)(p. 10) favor the use of market value- weighted returns when 

analyzing the size and book-to-market value risk factors. They argue that value-weighting 

minimizes variance, given the negative correlation between variance and size. Moreover, 

using value-weighted portfolios “captures the different return behaviors of small and big 

stocks, or high and low [book-to-market] stocks, in a way that corresponds to realistic 

investment opportunities.”  

For our analysis, we therefore calculate value-weighted portfolios for the portfolios sorted on 

characteristics that are dependent on market value, which are the size- and the book-to-market 

sorted portfolios. Using equally-weighted portfolios for these portfolios would remove some 

of the effect we are trying to capture when testing these portfolios. 

The Danish market is highly dominated by a handful of large companies. As shown in Figure 

3.4, the concentration ratio of the four largest companies is fairly high. The concentration 

ratio is the accumulated market share of the largest companies in the market. Throughout the 

period we are analyzing, the average concentration ratio is 48%. This implies that market 

value-weighting will bias the portfolio return towards the largest stocks in the sample. We 

have therefore chosen to calculate an equally-weighted return for portfolios which are not 

sorted by size or book-to-market value. This allows us to analyze the relation of correlation 

asymmetries and beta-, momentum- and coskewness-sorted portfolios without being biased 

towards the largest stocks in sample. 
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Figure 3.4: Ratio of the market value of the four biggest companies to the total market value over time  

3.3.2.6 Transaction costs and taxes 

We neglect the impact of transaction costs and taxes in our data analysis, because they are 

impractical to incorporate. The exclusion of transaction costs and taxes is common practice in 

stock market data analysis and is also excluded in the literature we present in section 2.4. This 

section discusses the potential practical implications of transaction costs and taxes on capital 

gains and losses for the investor.  

When rebalancing the portfolios on a monthly basis, neither transaction costs, which are 

indirect costs of allocating/reallocating a portfolio, nor tax on capital gains are taken into 

consideration. In a practical setting, it is not the pre-tax, but the after-tax return that matters 

for the investor. Capital taxes not only reduce profits, but also shrink the capital losses. These 

costs reduce the wealth of the investor, and for each month, the investor need to consider the 

costs to rebalance his portfolio. 

The transaction costs are in most cases either fixed or variable. The optimization of the 

portfolios depends highly on the type of costs. Variable transaction costs are usually a 

percentage of the traded amount. With variable transaction costs, there is a no-trade region 

around the optimal portfolio where it is not feasible to reallocate the assets. When investors 

are rebalancing their portfolios, they trade to the boundaries of this no-trade region. For fixed 

transaction costs, the investor pays a fixed fee to allocate/reallocate his assets. This fee could 

be paid for reallocating all assets or being paid for each asset in the portfolio. With fixed 

transaction costs, the optimal reallocation of the assets will be to the optimal portfolio.  
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Although these costs have major implications on the asset allocation decisions of the investor, 

these costs neither affects the correlation between assets nor the asymmetries found in the 

correlation. Note that the reported return performance of our portfolios is gross of transaction 

costs and taxes and does therefore not represent the net return available to the investor. 

In summary, we calculate a value-weighted return for the portfolios sorted on firm 

characteristics (size and book-to-market) in order to be consistent with the methodology of 

Fama and French (1993). However, for portfolios sorted on stock return characteristics (beta, 

coskewness, and momentum) we calculate equally-weighted portfolios to obtain an unbiased 

assessment of all the stocks in our sample.  

The market return is weighted by market value in order to follow common practice in stock 

market analysis. The rational for that is idea that bigger companies affect the economy to a 

higher degree than smaller companies. Value-weighting accounts for this idea by assigning 

higher weight to the stock return of bigger companies. 

3.3.3 Measuring size 

The most commonly used measure of size in stock market research is the market value of a 

company. This figure is defined as the number of shares issued multiplied by its share price. 

Besides this market-based figure, a variety of accounting-based figures can be used to 

measure size (for example the book value of a company; see next section).  

We chose to use market value as a measure of size, because of the importance of the popular 

three-factor model developed by Fama and French (1993). As we discuss in section 2.3.2, 

Fama and French (1992) find that market value and book-to-market value are good proxies 

for common risk factors for return. We use the market value data type provided by 

DataStream, which is the share price multiplied by the number of ordinary shares in issue
19

.  

3.3.4 Measuring book-to-market value 

Book-to-market value is ratio of the book value of the stocks to the market value of the stocks 

of a company. There are several choices in the calculation of book-to-market value. The book 

value is the accounting-based value of common equity of a company divided by the number 

of shares. Given the limitations of using secondary data, it is not practically feasible to 

segregate preferred stocks from the common equity. Therefore, unlike Fama and French 

                                                 
19 See Appendix 2.6 for the DataStream description of market value.  
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(1993) (p.8), preferred stocks are included in our analysis
20

.Moreover our data sources 

provide only book values for 73 companies of the 87 companies in our research sample
21

. The 

market value calculated is defined above. The portfolios are sorted from growth stocks (low 

book-to-market value) to value stocks (high book-to-market value), where the top quintile 

holds the value stocks. 

The frequency of the book-to-market values re-calculation is dependent on how often book 

values are made public. While the market value is observable at daily frequency, book values 

of common equity can only be observed whenever it is announced by the company. We 

follow the methodology of Fama and French (1993) (p. 10) and calculate the book-to-market 

value by dividing the book value of common equity for the fiscal year t ending with the last 

market value of the same year t . Note that this definition assumes that all companies have set 

their fiscal year equal to the calendar year. This is not the case for neither the US (research 

market of Fama and French (1993) ) nor Denmark (our research market). Therefore, whenever 

the fiscal year was not the same as the calendar year for the particular company, we used the 

latest available book value at the end of the year. Appendix 4 shows that 75% (79%) of the 73 

stocks in the sample set their fiscal year equal to the calendar year by the beginning (ending) 

of their listing period. We follow Fama and French (1993) and assume that all companies set 

their fiscal year equal to the calendar year.  

Another decision has to be made on when to match the book-to-market value with the stock 

return of the stock. Ideally the book-to-market value has to be matched with the exact date of 

the book value announcement. However, this method is very impractical and therefore an 

assumption to simplify the method is required. Pursing the methodology of Fama and French 

(1993) (p. 9) and matching the book-to-market value (calculated by the end of year t) with the 

stock return in July of the following year t+1 ensure that the book value is known to the 

investor. Upon our request, an expert on the Danish stock market has also recommended the 

six month time lag for this purpose
 22

. 

3.3.5 Measuring beta 

Beta is a measure of the sensitivity of an individual asset to the movements of the market and 

explained in section 2.1.1. In the calculation of beta, two essential decisions have to be made.  

                                                 
20 See Appendix 2.7 for the DataStream description of book value.  

21 See Appendix 11 for a list of the 73 companies with book values.  

22 See Appendix 7 for a reprint of the dialogue with Christian V. Pedersen (Copenhagen Business School).  
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First, a proxy for the market has to be defined, because the variance and standard deviations 

of the market return are direct input parameter for the calculation of beta. We decided to use 

the aggregated return of our research sample as the market proxy. The return of the OMX 

Copenhagen 20 Index is used to assess the sensitivity of our results.  

Second, the estimation period and intervals for the beta value have to be defined. The 

estimation period refers to the time period used to estimate the variance and standard 

deviation. Similarly, the estimation interval refers to the time interval (daily, weekly, monthly 

etc.) used to estimate the variance and standard deviation. Choosing an appropriate estimation 

period requires an evaluation of a trade-off. On one hand, a too short period could result in 

unreliable estimates of variation. On the other hand, a too long period (or a too long interval) 

could cause inaccuracy in the beta estimate. Ang, Chen and Yuhang Xing (2006) (p.1193) 

state that market risk exposures vary over time and therefore causes noise in the estimate. In 

their analysis of downside risk, they suggest therefore to use one year of daily returns to 

estimate the beta. We consider this strategy as appropriate for our analysis and are therefore 

following the beta estimation methodology of Ang, Chen and Yuhang Xing (2006). 

3.3.6 Measuring coskewness 

This section explains the calculation of skewness and coskewness. Skewness, denoted   , 

measures how the observations of an asset are distributed on both sides of the mean. It is 

calculated as presented in Eq. 3.8.  

Eq. 3.8 

   
       

 

  
  

              
 

                 
 

Coskewness, denoted    , measures how the observations of the portfolio are distributed 

around the mean of the market. It is calculated as presented in Eq. 3.9.  

Eq. 3.9 

    
              

 

                 
 

Consistent with the calculation of beta, we use our calculated market index as a proxy for the 

market and use a use one year of daily data for the estimation of coskewness. The coskewness 

of the stocks with OMX 20 index is used evaluate the sensitivity of our results. 

3.3.7 Measuring momentum 
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There are several ways to calculate momentum. Eq. 3.10 shows that momentum can be 

calculated on the basis of past return in the formation period, where (t – n) indicates the 

beginning of the formation period. To our knowledge, this is the simplest and the most 

common way to measure momentum.  

Eq. 3.10 

  
  
    

   

For our analysis, we follow the methodology of Jegadeesh and Titman (1993) to calculate 

momentum as presented in Eq. 3.11. They find that the optimal formation and holding period 

is six months. This period would provide a monthly portfolio return of around 1% per month.  

Eq. 3.11 

   
    
 

 
    
 

 
    
 

 
    
 

 
    
 

 
    
 

 

For a six month holding period, 1/6
th

 of the return is from a portfolio formed six months ago 

and 1/6
th

 of the return is from the portfolio formed five months ago. This pattern continues for 

the portfolios formed four, three, two and one month ago. Both Ang and Chen (2002) and 

Hong, Tu and Zhou (2007) follow this holding strategy. 

As mentioned in section 3.3.2.4, we make use of a simplified assumption about return 

associated with the delisting of stock. Although is the assumptions affect all portfolios, we 

consider them to have most significant implications for the losing portfolios, where the risk of 

bankruptcies will be higher than in other portfolios. Since we only consider the last recorded 

return when a company is delisted, there is a risk of bias as losses from the investment are 

excluded from the analysis.  

 

3.4 Testing and measuring asymmetric correlation  

The mathematical explanation of the statistical tests used in this thesis is divided in three 

subsections. First, we explain the basic underlying concepts of the statistical tests we are 

using. Second, we describe the General Method of Moments (GMM), and third, we present 

the different statistical tests used in this thesis.   

We start by providing a mathematically explanation defining the difference between upside 

and downside and show how the exceedance correlation is calculated. We also explain how 
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we simulate the exceeding correlation implied by the bivariate normal distribution. These 

calculations are later used for the statistical tests presented in the following subsections. 

Second, the General Method of Moments (GMM) is explained. This subsection depicts the 

necessary framework for performing the statistical tests for asymmetric correlation. We start 

by introducing the criteria function for the tests before we explain the weighting matrix that 

minimizes the variance of the GMM estimator.  

Third, we present the different statistical tests used in this thesis. From section 2.4, we define 

the two statistical tests for asymmetric correlation, based on the framework of Ang and Chen 

(2002) and Hong, Tu and Zhou (2007). These tests are both derived from the GMM 

framework. This section should provide a more technical understanding of how the tests 

work.  

3.4.1 Calculating upside and downside correlation 

For calculating the conditional correlations, we first calculate the average return,    
     for 

portfolio and    
     for the market with Eq. 3.12 for exceedance level c.  

Eq. 3.12 

   
     

 

  
          

 

   

       

   
     

 

  
          

 

   

       

  
 is the number of observations at a given exceedance level. Recall that downside return is 

referred to as return below the average return and not the absolute downside negative return. 

As mentioned in section 2.4, the results would suffer from a theoretical bias if one tested for 

asymmetries defining falling market as all negative returns.  

The next step is to calculate the variance at exceedance level   for both the portfolio and the 

market with Eq. 3.13. 

Eq. 3.13 
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With both the average return and the standard deviation of the average return, we standardize 

the data for easier comparison, as from Eq. 3.14. Another reason for standardization is that the 

cross-sectional distribution of standardized return is stationary through time. This implies that 

the average is kept constant throughout our series.  

Eq. 3.14 

   
     

      
    

   
    

, and     
     

      
    

   
    

 

We standardize data separately for each exceedance level. That means that for the exceedance 

level of 1.5 we standardize on the average and the standard deviation for this exceedance 

level, while for the exceedance level of 0.5 we standardize on the average and standard 

deviation for this exceedance level. 

With the standardized data, we can calculate the conditional correlation as presented in Eq. 

3.15. The conditional correlation is the sum product of the standardized data of the portfolio 

and the market, divided by the sample size minus one.  

Eq. 3.15 

       
 

  
   

    
       

          

 

   

       

For all of the above calculations in this section, the same calculations are of course done 

conditioned to the downside as well.  

3.4.2 Calculating conditional correlation of bivariate normal distribution 

In the literature on asymmetric correlation, there are basically two methods to the calculation 

of the conditional correlation as implied by the normal distribution. The first method is to 

approximate the distribution by Monte Carlo simulation, as introduced by Longin and Solnik 

(2001). The second method is to calculate the conditional correlation from the density 

function of a bivariate normal distribution, as presented by Ang and Chen (2002). For our 

analysis, we chose the simpler method of using simulation to approximate the conditional 

correlations.  

We start by drawing two random samples (   and     of 10,000 observations each. The two 

series are independent of each other, and both follow a normal distribution with a mean of 0, 

and variance of 1. Since the two samples are independent, we need to simulate the co-

movements between the samples. For that, we use the Cholesky-decomposition to calculate 

the correlated samples.  
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Eq. 3.16 

   
   

          
  

Since we use two random samples, we use a 2x2 matrix for the simulation. Matrix   

presented in Eq. 3.16 is basically an extension to the covariance matrix between the two 

random samples where the covariance is calculated from the standard deviation of the random 

samples drawn and the correlation between them
23

. Based on Matrix A, we can calculate the 

simulated values of    in Eq. 3.17, and y2 in Eq. 3.18. 

Eq. 3.17 

        

Eq. 3.18 

                     

Since the random samples are standardized, the variance is 1, we can simplify Eq. 3.17 and 

Eq. 3.18 to Eq. 3.19 and Eq. 3.20.  

Eq. 3.19 

      

Eq. 3.20 

                 

By applying these formulas to the randomly drawn samples, we are able to simulate scenarios 

where we have two random variables with a given unconditional correlation. From these 

scenarios we calculate the conditional correlation as it would be implied by the bivariate 

normal distribution.  

Since the two variables drawn follow a normal distribution and are assumed to have 

symmetric correlation on the upside and the downside, we calculate with Eq. 3.21 the average 

of downside and upside and divide by two. By calculating the average between the upside and 

downside correlation we get a symmetric correlation. 

Eq. 3.21 

       
          

 
 

                                                 
23 See Marekwica (2010) for thorough explanation of the Cholesky decomposition.  
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There are however drawbacks to calculating the conditional correlation of a bivariate normal 

distribution through simulation. Even though we are basing the simulation on two variables of 

10,000 observations, the simulation only offers an approximation to the exact values. 

Following Ang and Chen (2002) and calculating the conditional bivariate normal correlation 

instead simulating the results would provide more correct values. For variables with lower 

unconditional correlation, there are fewer observations for the higher exceedance levels. 

Unfortunately, due to limited time available for the thesis, simulation of the results was the 

best feasible solution.  

3.4.3 Generalized method of moments (GMM) 

3.4.3.1 Explanation of the GMM framework 

The general method of moment (GMM) framework is an econometric method for measuring 

and testing statistical hypotheses. The GMM estimator is defined in Campbell (1997) as that 

parameter vector    that minimizes the “distance” between the sample moment conditions, in 

our case correlation, and their population counterparts. This can be compared to a simple 

linear regression, where estimating the line with the best linear fit. This line is then an 

estimation for the population based on the sample. This means that the GMM estimates the 

vector    that is closest to what is assumed to be the true value for the population on the basis 

of the sample data. Greene (2003) argues that the GMM framework is among the most 

applicable in the field of econometrics, and can be used to estimate a vast range of statistical 

models from least squares parameters (both linear and non-linear), and instrument variables, 

to the standard errors in a GARCH model. Due to its applicability, a large proportion of the 

recent empirical work in econometrics, particularly in macroeconomics and finance, has 

employed GMM estimators. For the purpose of our thesis, we use GMM to formulate a 

statistical test for symmetry in our portfolios.  

On a general basis,       is a non-linear function of  , which makes it necessary to use a 

numerical optimization technique to minimize the GMM criteria-function presented in Eq. 

3.22. 

Eq. 3.22 
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        is the stochastic process used as a basis for our test, which in our case refers to the 

historical return from our portfolios. A stochastic process is a statistical process involving a 

number of random variables depending on a variable parameter. 

 The GMM estimator       in Eq. 3.23, is a product of the transposed criteria-function 

(     ), a weighting matrix (  ) and the criteria-function. The criteria function is a vector 

that consists of the parameters/characteristics that we want to test. The weighting matrix is 

explained in the following section. 

Eq. 3.23 

                    

One of the major benefits with GMM, as pointed out by Ang and Chen (2002) and Hong, Tu 

and Zhou (2007), is that there are no requirements for linearity in the data. Hence, there are 

fewer assumptions that need to be fulfilled than for ordinary least squares models, among 

others. Campbell (1997)(p. 532) also point out that homoscedasticity is not required 

throughout the sample. While this is seen as a breach of the general assumptions in most 

statistical models, heteroscedasticity is not as significant in GMM estimator as it is in other 

models. Homoscedasticity means that the variance of the error term is constant throughout the 

observations, while heteroscedasticity means that the variance in the error terms is not 

constant. 

3.4.3.2 Weighting matrix 

The purpose of the weighting matrix is to minimize the variance of the GMM. The 

requirement for the weighting matrix is that it is positive semi-definite.  This assumption is 

necessary for the statistical tests. The implication of a breach of this assumption is that the test 

will not yield any results. 

The weighting matrix that provides the lowest variance is the weighting matrix in Eq. 3.24. 

Eq. 3.24 

                  

If there is no autocorrelation in the stochastic process,        ,    can be estimated as in Eq. 

3.25.  

Eq. 3.25 
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If the GMM model is correctly specified and the correct weighting matrix is applied, the 

GMM estimator follows a   distribution with     degrees of freedom.     is the number of 

parameters in the test. 

Eq. 3.26 

              

In relation to the GMM, there are two statistical assumptions that we want to address. First, 

we assume no autocorrelation and that the return follows a random walk. The second 

assumption is homoscedasticity. 

A random walk means that the return of one day is not dependent on the previous day. In 

Figure 3.5 we show a scatter plot of the return of the market at time t against the return of the 

market the following day. Since the return of the portfolios on average is positive, there are 

more observations in the top right corner of the figure where the return is above zero for both 

the return at time t and the return at time t+1 with 1326 observations out of 4259. For the top 

left corner and the bottom right corner of the figure, where one of either the return at time t or 

t+1 is positive and the following or previous day is negative, both have 973 observations 

each. For the bottom left corner of the figure, where both t and t+1 are negative, there are 987 

observations. Based on these observations, stock prices follow a random walk.  

 

Figure 3.5: Return of the market against the return of the market the following day 
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The second assumption is the assumption of no heteroscedasticity. While Campbell (1997) 

argue that heteroskedasticity is irrelevant for GMM, Newey and West (1987) see the necessity 

for a weighting matrix that is robust to autocorrelation and heteroscedasticity. While such a 

weighting matrix is used by Hong, Tu and Zhou (2007), Lund (2002) (p. 3) claims that 

“Generally, it is necessary to use a heteroscedastic and autocorrelation robust estimator like 

Newey and West (1987), but since we on a general basis will not encounter situations where 

this is necessary (in relation to GMM), we stick to the basic weighting matrix.”
24

  

 

3.4.4 Statistical tests and measures to analyze asymmetric correlation 

Based on the GMM framework, we present two different statistical tests for asymmetric 

correlation. First, we present a test developed by Hong, Tu and Zhou (2007). This is a test for 

symmetry in correlation between the constructed portfolios and the market. Second, we 

introduce the H-Statistic, which was developed by Ang and Chen (2002). The H-Statistic 

examines the difference between the observed exceeding correlation and the implied normal 

correlation.  

From past theoretical evidences, they show that we can discard the assumption of normal 

distribution from both the tests in cases where we reject the hypotheses. As explained in 

section 0, if the return follows a normal distribution, the correlation will be symmetric. For 

the H-statistic, the return follows a normal distribution if the correlation is equal to what is 

implied by the bivariate normal distribution. Although both statistical tests can be used as 

tests of symmetry in correlation, their applications are different.  

The test presented in Hong, Tu and Zhou (2007) is a general test for symmetry. It examines if 

the correlation on the upside is equal to the correlation on the downside. One of the benefits 

of the test is that it can be modified to examine several different measurements of symmetry, 

for example correlation, covariance, and beta.  

For the H-statistic presented by Ang and Chen (2002), we test whether the observed 

exceeding correlation is equal to the exceeding correlation implied by the bivariate normal 

distribution. The H-statistic is a percentage measure of the difference between the observed 

exceeding correlation and the normal exceeding correlation.  

                                                 
24 Own translation from Danish. We also interpret this section of the paper to concern autocorrelation and not 

heteroskedasticity.  
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3.4.4.1 The H-statistic 

While Hong, Tu and Zhou (2007) test if there is symmetry in the correlation in the data at all, 

Ang and Chen (2002) test for differences in of empirical correlation and implied normal 

correlation. As discussed in the section 2.4, they developed the H-statistic, which is a 

percentage measure of the difference between the observed exceedance correlation and 

exceedance correlation as implied by the bivariate normal distribution.  

We use the H-statistic to conduct a formal test of whether there is a difference between the 

observed correlation and the implied normal correlation. The three different hypotheses for 

performing this test are presented in Eq. 3.27. The first hypothesis states that the upside 

correlation is equal to the conditional correlation of the implied bivariate normal distribution. 

The second hypothesis states that the downside correlation is equal to the exceedance 

correlation of the implied bivariate normal distribution. Finally, the third hypothesis states 

that correlation of both the upside and the downside is equal to the implied bivariate normal 

distribution.  

Eq. 3.27 

      
          

      
          

               

 

The alternative hypotheses are presented Eq. 3.28 and conversely state that there is a 

difference between the observed and implied normal correlations for each of the three 

respective hypotheses. 

Eq. 3.28 

      
          

      
          

               

To test the hypotheses, we use the J-statistic from the theory of GMM.   equals the transposed 

vector of the difference between    and      . It is first multiplied by the vector of the 

difference between    and      , and then multiplied by a weighting matrix,  
  

. 

Eq. 3.29 
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At the different exceedance levels, we calculate the difference in correlation between the 

upside and the downside. Following Ang and Chen (2002), we use the following exceedence 

levels,                      , where the number of exceedance levels,    . From Ang 

and Chen (2002), we define    as   . Similarly,      is defined as    , and     is defined 

as    . The test statistics follow a    distribution with 4 degrees of freedom for the 

conditional tests and 8 degrees of freedom for the test of the combined upside and downside, 

as can be seen in Eq. 3.30. For all tests, we use a significance level of 1%.  

Eq. 3.30 

     
  

The disparity in correlation is given by a vector of the difference in upside and downside 

correlation at the varying exceedance levels as seen in Eq. 3.31 for the upside and Eq. 3.32 for 

the downside.  

Eq. 3.31 

           
              

 
              

  

Eq. 3.32 

           
              

 
              

  

Following Ang and Chen (2002), we take the square root of the different   ‟s to get a 

weighted percentage measure of the deviation between the empiric correlation and the 

correlation implied by the normal distribution. We refer to these values as H- for the 

downside, H+ for the upside and H for the combined upside and downside.  

3.4.4.2 Test of symmetry 

The second test we explain is the symmetry test of Hong, Tu and Zhou (2007). The main 

purpose of the test is to examine if there is any difference between the upside and the 

downside correlation. Therefore, we formulate the null hypothesis as in Eq. 3.33, which states 
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that the conditional correlation on the upside is equal to the conditional correlation on the 

downside. Hence, the null hypothesis implies symmetric correlation. 

Eq. 3.33 

      
        

The alternative hypothesis, Eq. 3.34, states conversely that there is a difference between the 

upside and downside correlation. Hence, the alternative hypothesis implies asymmetric 

correlation. 

Eq. 3.34 

      
        

To test the hypothesis, we apply the GMM framework presented in section 3.4.3 to our test-

statistic in Eq. 3.35. 

Eq. 3.35 

               
            

At the different exceedance levels, we calculate the difference in correlation between the 

upside and the downside. Following Hong, Tu and Zhou (2007), we test for symmetry at  the 

following exceedence levels,         and                      .  The first (       ) tests 

whether there is a difference between upside and downside correlation, while the latter 

(                     ) tests whether the difference between upside and downside 

correlation is consistent at higher exceedance levels. For future references, we refer to the 

symmetry test of         as symmetry 1 and the symmetry test of                       as 

symmetry 2. 

As presented in the previous section, the test statistic follows a    distribution, with   

degrees of freedom, as stated in Eq. 3.36. For        ,     and for 

                     ,    . As with the H-statistics, the significance level for this test is 

also 1%. 

Eq. 3.36 

     
  

The disparity in correlation is given by a vector of the difference in upside and downside 

correlation at the varying exceedance levels as seen in Eq. 3.37.  

Eq. 3.37 
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3.4.4.3 Weighting matrix 

Following the GMM framework, we use the inverse of Eq. 3.38 for weighting. This weighting 

matrix is applied in both the H-statistic and the symmetry test.  

Eq. 3.38 

            

   

     

 

There are two elements to the weighting matrix we use in the test statistic. The first is    

  , which we use to adjust the weights. We adjust the weights by a smoothing parameter of 

      . This is different from what Hong, Tu and Zhou (2007) use in their tests. For their 

test, they use a kernel function consisting of the number of lags divided by a smoothing 

parameter. Due to uncertainty of the methodology applied in their model, we decided to only 

use the smoothing parameter. The general purpose of the smoothing parameter is incorporated 

in the weighting matrix to smooth the data and reduce heteroscedasticity. We present results 

of using different smoothing parameters in section 4.3.2. 

Eq. 3.39 shows the second element to the weighting matrix,      the actual weighting matrix. 

The matrix is a positive semi-definite matrix. 

Eq. 3.39 

           
 

 
    

 

       

                

As we mention above, we assume that the returns follow a random walk. Therefore, the 

weighting matrix consists of the sum product of                , where         is the individual 

deviation from the observed conditional correlation. It is calculated as presented in Eq. 3.40, 

and is the difference between the individual observation and the observed correlation of 

upside and downside, at exceedance level  . 

Eq. 3.40 
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Following Hong, Tu and Zhou (2007) (p. 1553), we weight each observation with    
  . 

They applied this exponential weighting of the observations to reduce a small-sample bias. 

Reducing the small-sample bias helps the test to achieve better proportions. Put simply we 

apply higher weights to more extreme observations than to observations closer to the mean. 

This is done for the observations of both the upside and downside. 

Since the H-statistics tests distinct upside and downside correlation, separate weighting 

matrices are calculated for the H- and the H+ values. The difference between the H-statistics 

and the symmetry test can be seen in Eq. 3.41 for upside and Eq. 3.32 for downside.  

Eq. 3.41 

  
 
    

 

  
 
    

 
      

 
                   

 
    

Eq. 3.42 

  
 
    

 

  
 
    

 
      

 
                    

 
     

It should be noted that Ang and Chen (2002) (p. 466) choose not to use an efficient weighting 

matrix, like the one we present above. They argue that; “the reason we choose not to use the 

efficient weighting matrix is that each different model or distribution   implies a different 

weighting matrix.” and “Since each model implies a different set of weights, the H-statistics 

are not directly comparable across models.” However, we use efficient weights allow for 

variations in the samples we test. By doing so, it is possible to apply the tests to different time 

intervals, and most importantly, allow for variations between different portfolios. 

In summary, we use two complementary statistical tests to analyze asymmetry in correlation 

between the Danish stock market and the portfolios sorted by selected firm and stock 

characteristics. The H-statistic of Ang and Chen (2002) is used to test whether empirical 

correlation can be explained by the bivariate normal distribution. It measures the difference 

between the empirical correlation and the implied normal correlation. We use the test-statistic 

to measure the difference across both the downside and upside (H value) or separately for the 

downside (H- value) or the upside (H+ value). Another feature of the H-statistic is that it 

allows comparing the degree of asymmetry across the portfolios, returns frequencies and 

implied distributions. We use the symmetry test of Hong, Tu and Zhou (2007) to test whether 

the empricial correlation is asymmetric across the downside and upide. The test allows us also 

to evaluate whether the correlation is higher on the downside or the upside, but can not 

provide a comparable measure like the H-statitics. 
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4 EMPIRICAL ANALYSES 

This section is divided into five subsections. First, the empirical results from using three 

different frequencies of data (daily, weekly and monthly) are presented. This is done to 

evaluate the sensitivity of the H-statistic and symmetry test to the choice of frequency. 

Second, we present the return and other summary statistics for the 25 portfolios. These returns 

are calculated out-of-sample, and are representative to the return an investor would get by 

following these sorting criteria as an investment strategy.
25

 

Third, we present the analyses of correlation asymmetries. We start by presenting and briefly 

discussing the patterns in correlations as depicted in the exceedance plots. Next, we present 

the results of the H-statistics and the symmetry test. The results are also discussed in the 

framework of relevant literature on both asymmetric correlation and the sorting characteristics 

of size, book-to-market, beta, momentum and coskewness. 

Fourth, to see whether these findings are consistent over time, we divide the time-period into 

three sub-periods. The portfolios of the five sorting criteria are tested for symmetric 

correlation for all three periods. We then test if the relationship between unconditional 

correlation and asymmetric correlation changes over time. 

Finally, our statistical framework allows us to test for correlation in different settings. In 

2008, a ban of short-selling financial stocks was imposed in Denmark. We analyze if this 

short-selling ban have any effect on the correlation patterns. 

 

4.1 Impact of return frequencies 

In order to evaluate the impact of return frequency on our findings, we compare the H-

statistics and symmetry test p-values for the size-sorted portfolios calculated with data collect 

at daily, weekly and monthly frequency. Table 4.1 presents the comparison of the H-statistics, 

while Table 4.2 presents the comparison of the symmetry test p-values. Portfolios for which 

we don’t reject of the null hypothesis at the signficance level of 1 % is indicated with an 

asterisk (*).  

                                                 
25 Gross of transaction costs and taxes  
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Table 4.1: H-statistics for the size portfolios at daily, weekly and monthly frequency.  

 

Although the magnitudes of the H-statistics of the symmetry test vary, the patterns for daily, 

weekly and monthly frequency are approximately the same. Only the portfolio 3 of the 

monthly frequency breaks the monotonic pattern of increasing correlation asymmetry with 

decreasing size
26

. One explanation for this could be that there are simply too few observations 

to measure correlation asymmetry. As we explain in section 3.4.4, we put more weighting on 

higher exceedance level with fewer observations when we calculate these measures. This 

means that fewer observations can then substantially influence the measure at the higher 

exceedance levels. The problem caused by a low number of observations is one of the reasons 

why we decided to use daily frequency (see section 3.3.2.2).  

Table 4.2: Test of asymmetry p-values for the size-sorted portfolios at daily, weekly and 

monthly frequency. 

 

Turning to the p-values of the symmetry test in Table 4.2, we can see that the Symmetry 2 test 

is robust to the choice of freqeuncy, while the Symmetry 1 test rejects null hypthosis of 

symmetry for all quintile portfolios but the lowest quntile. Recall that Symmetry 1 tests for 

symmetry at the exceedance level     , while Symmetry 2 test at the exceedance levels 

                . 

WhileAng and Chen (2002) (p. 468) find no significant differences in their H-statistics when 

testing between the three different frequencies, Hong, Tu and Zhou (2007) do not provide this 

information for their study. For our analysis, we evaluate that choice of return frequency has a 

low impact on most of our test-statistics. Frequency has though a considerable impact on the 

                                                 
26 “Monotonic pattern” is defined as a stringently increasing or decreasing pattern.  

H- H+ H H- H+ H H- H+ H

Size-sorted portfolios

0 Small 16.8579 8.9305 13.4897 10.8092 9.4174 10.1372 14.1659 14.4040 13.9236

1 13.0776 9.5498 11.4504 7.8689 7.4342 7.6546 10.1744 10.9834 9.2953

2 11.1923 6.7726 9.2503 4.9157 5.2839 5.1031 6.1710 5.8743 6.4541

3 9.5879 8.0501 8.8524 5.3711 6.6584 6.0491 11.5450 6.9553 14.7714

4 Large 1.2821 * 1.5631 * 1.4295 * 0.7900 * 0.7536 * 0.7720 * 0.8722 * 0.8736 * 0.8709 *

Weekly MonthlyDaily

Symm. 1 Symm. 2 Symm. 1 Symm. 2 Symm. 1 Symm. 2

Size-sorted portfolios

0 Small 0.0000 0.0000 0.0000 0.0000 0.0008 0.0000

1 0.0000 0.0000 0.0142 * 0.0000 0.0032 0.0000

2 0.0069 0.0000 0.8895 * 0.0076 0.0004 0.0000

3 0.0019 0.0007 0.5221 * 0.0028 0.0000 0.0000

4 Large 0.8048 * 0.9976 * 0.9206 * 0.9988 * 0.7066 * 0.9885 *

Daily Weekly Monthly
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symmetry 1 test. The results of the Symmetry 1 test should therefore be considered with a 

certain degree of criticism.  

 

4.2 Summary statistics 

This section presents several summary statistics of the market portfolio and the portfolios 

sorted by size, book-to-market value, beta, momentum and coskewness. These statistics are 

displayed in Table 4.3. The first two columns present the average return and standard 

deviation of the portfolios. These measures have been annualized by multiplying the average 

daily excess return with 251 and the average daily standard deviation by     . The last 

column presents the unconditional correlation of the market portfolios with the portfolios. 
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Table 4.3: Summary statistics for the market and stock portfolios  

 

As discussed in 2.3.2, Fama and French (1992) find that stock of small companies and 

companies with a high book-to-market value (value stocks) outperform large companies and 

companies with a low book-to-market value (growth stocks). However we cannot see a 

similar pattern in our portfolios sorted by size and book-to-market value. Actually, the 

summary statistics reveal the opposite of what is expected from Fama and French (1992): The 

top two quintile size-sorted portfolio seem to outperform the lowest two quintile size-sorted 

portfolios and the lowest two book-to-market value-sorted portfolio seem to outperform the 

Unconditional

Portfolio Return Standard Deviation Correlation

Market portfolio (value-weighted)

0.1172 0.1820

Size-sorted portfolios (value-weighted)

0 Small 0.0183 0.2423 0.4401

1 0.1259 0.1838 0.6036

2 0.1025 0.2068 0.7391

3 0.1303 0.1847 0.8039

4 Large 0.1169 0.1997 0.9842

Book-to-market value-sorted portfolios (value-weighted)

0 Growth 0.1346 0.2070 0.9355

1 0.1070 0.2083 0.7533

2 0.0588 0.2114 0.7214

3 0.1087 0.1967 0.6580

4 Value 0.1075 0.2566 0.6233

Beta -sorted portfolios (equally-weighted)

0 Low 0.0343 0.2230 0.6327

1 0.0756 0.1902 0.7540

2 0.1038 0.1791 0.7115

3 0.1121 0.1883 0.7204

4 High 0.0613 0.2231 0.6811

Momentum-sorted portfolios (equally-weighted)

0 Losers -0.0212 0.2489 0.5544

1 0.0716 0.1903 0.7073

2 0.0452 0.1894 0.7432

3 0.1156 0.1799 0.7669

4 Winners 0.1855 0.2104 0.7024

Coskewness-sorted portfolios (equally-weighted)

0 Low 0.0734 0.1949 0.6334

1 0.1018 0.2051 0.7497

2 0.0821 0.1979 0.7443

3 0.0616 0.2056 0.7410

4 High 0.0685 0.1999 0.5946

Average Annual
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top two quintile book-to-market value-sorted portfolios. The unconditional correlations for 

both the size- and book-to-market value-sorted portfolios follow monotonic patterns. The 

small (large) size-sorted portfolio has the lowest (highest) correlation with the market 

portfolio. This makes sense, because the market portfolio is value-weighted. The fact that the 

four largest companies account for almost half of the total size of the market does also help to 

explain the pattern (see section 36). For the book-to-market value-sorted portfolios, the value 

(growth) portfolio has the lowest (highest) correlation with the market portfolio. This 

indicates that the value (growth) stocks are also the smallest (largest) stocks. This indication 

also helps to explain the pattern found in the standard deviation. The smallest size-sorted and 

the growth portfolio have the highest standard deviation, which makes sense, because the 

returns of bigger companies are generally more stable. 

Turning to the beta-sorted portfolios, we find that the top two quintile portfolios have higher 

returns than the two bottom portfolios. This pattern is in line with the beta-average return 

relationship promoted by Sharpe (1964) and Lintner (1965) with the development of the 

CAPM.  

The clearest return pattern is depicted in the momentum-sorted portfolios, where the past 

losers (past winners) yield the lowest (highest) average return over the research period. This is 

consistent with the momentum anomaly first documented by Jegadeesh and Titman (1993). 

Note that the return of the winner portfolio is with an average annua1 (excess) return of 18.55 

% the highest of all our portfolios. These return magnitudes are in line with previous 

momentum research conducted on the Danish stock market by Pedersen (2010) and Nørregård 

(2008). 

For the coskewness-sorted portfolio, we find that the two lowest quintiles portfolios have a 

higher return then the top two portfolios. This is in line with the findings of Harvey and 

Siddique (2000) which suggest that investors demand a premium for bearing coskewness risk 

(refer to section 2.3). They find that stocks with a negative coskewness have more negatively 

skewed returns than the market, which means that the risk of extreme downward movements 

is higher for these stocks than for the market. While Harvey and Siddique (2000) found that 

investors require a premium of 3.6% when investing in stocks with low coskewness, the 

difference between the averages of our top two and bottom two quintile portfolios is 2.25%.  
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The reported return performance is however subject to some criticism. First, the returns are 

gross of transaction costs and taxes as we explain in section 3.3.2.6. Second, the return 

performance is not robust across different sub-periods as we discuss in section 0.  

Table 4.4 presents the largest positive and negative returns movements of the market within 

our research period. The returns are of daily frequency and have not been annualized. Apart 

from one large movement during the 2008 stock market crash, the magnitudes of both the 

largest positive and negative returns are approximately the same. These results indicate that 

our data is not plagued by under-sampling of either negative or positive return movements at 

daily frequency.  

Table 4.4: Largest daily positive and negative movements of the market portfolio  

 

 

Ranking Date Excess Return

Largest positive moves

1 13.10.2008 0.0767

2 29.10.2008 0.0703

3 04.11.2008 0.0676

4 08.12.2008 0.0660

5 19.09.2008 0.0652

6 25.07.2002 0.0526

7 11.10.2002 0.0524

8 24.11.2008 0.0520

9 29.07.2002 0.0518

10 10.03.2009 0.0505

Largest negative moves

1 06.10.2008 -0.1023

2 24.10.2008 -0.0605

3 21.09.1998 -0.0592

4 14.01.2009 -0.0550

5 22.10.2008 -0.0548

6 10.10.2008 -0.0543

7 08.10.2008 -0.0535

8 24.07.2002 -0.0533

9 06.11.2008 -0.0526

10 22.07.2002 -0.0508
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4.3 Analysis of the correlation asymmetries 

The first part of this section presents and briefly discusses the empirical correlation as 

depicted in the exceedance plots. The second part presents the results of the H-statistics and 

the symmetry test. The results are also discussed in the framework of relevant literature on 

both asymmetric correlation and the sorting characteristics of size, book-to-market, beta, 

momentum and coskewness. 

4.3.1 Exceedance plots 

Figure 4.1 plots the empirical (exceedance) correlation between the market and the smallest 

and the largest size-sorted portfolios, along with the implied normal (exceedance) 

correlations. The implied normal correlation is depicted by the symmetric tent shape. If the 

stock portfolio and market portfolio returns are normally distributed, the empirical correlation 

pattern should display a similar symmetric tent shape. However, the empirical correlation of 

the small size-sorted portfolio and the market portfolio is clearly different from the implied 

normal correlation. The largest difference arises on the downside where the empirical 

correlation remains approximately constant given an increasing exceedance level. The 

empirical correlation on the upside is closer to the implied correlation, but seems to increase 

with increasing exceedance level. Put differently, the correlation between the small size-

sorted portfolio and the market seem to be asymmetric. The correlation of the largest size-

sorted portfolio and the market, however, seems to be symmetric and close to the implied 

correlation structure. Ang and Chen (2002) (p. 459) present exceedance plots with similar 

empirical correlations for the size-sorted portfolios of the US stock market. The difference 

between the empirical and the implied normal correlation is quantified by the H-statistics and 

is presented in the next section.  
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Figure 4.1: Exceedance correlation plot - Empircial exceedance correlations vs. exceedance correlation 

implied by the bivariate normal distribution at daily frequency.  

 

Figure 4.2 plots the empirical correlations between all portfolios sorted by size, and the 

market. The graphical results in the figure suggest that the asymmetries increase when the 

size is decreasing. We chose to exclude the implied normal correlations (tent shapes) from the 

presented exceedance plots for two reasons. First, the asymmetries in the empirical 

correlations are also visible without comparing it to the implied correlations. Second, the 

empirical correlations are above the implied normal correlations for all of our portfolios at all 

measured exceedance levels.  

The vertical gap at exceedance level      for the small size portfolio is due to the 

conditioning of the correlation on upside and downside movements. The correlation on the 

downside of exceedance level      refers to the correlation between the portfolio and the 

market conditional on both the portfolio the market having lower returns than average, 

denoted by                              . Conversely, the correlation on the 

upside of the exceedance level       refers to the correlation when both variables have 

higher returns than average, denoted by                              . A wide gap 

at exceedance level    , as seen in the smaller size-sorted portfolios, is therefore another 

indication of a high asymmetry. 
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Figure 4.2: Exceedance correlation plot of the size sorted portfolios with the market portfolio  

Figure 4.3 to Figure 4.6 present the exceedance correlation plots for the portfolios sorted on 

book-to-market value, beta, momentum and coskewness. The plots depict asymmetric 

correlation patterns for most of the portfolios. These are indicators that asymmetric 

correlation exists in the data. The next section presents and discusses the quantitative results 

of the correlation patterns shown in the exceedance plots. 
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Figure 4.3: Exceedance correlation plot of the book-to-market sorted portfolios with the market 

portfolio 

 

Figure 4.4: Exceedance correlation plot of the beta sorted portfolios with the market portfolio  
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Figure 4.5: Exceedance correlation plot of the momentum sorted portfolios with the market portfolio  

 

 

Figure 4.6: Exceedance correlation plot of the coskewness sorted portfolios with the market portfolio 
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4.3.2 Magnitudes and tests of asymmetric correlations 

To analyze the correlation asymmetry between the sorted portfolios and the market, we use 

two different methodologies. First, we measure the difference between the empirical 

correlations and the implied normal correlation in percentages by using the H-statistics. As we 

explain in section 3.4.4, the H- value measures the conditional difference of joint downside 

movements, while the H+ value measures the conditional difference of joint upside 

movements. The H value measures the difference in correlation of both joint downside and 

joint upsides return movements. Under the null hypothesis of a normal bivariate distribution 

with a unconditional correlation  , we test if these differences are statistical significant. 

Second, we test the asymmetries with a methodology which does not test the differences to a 

given distribution. Under the null hypothesis of symmetry, we test the empirical correlations 

across the downside and upside. Symmetry 1 tests if there is a difference between upside and 

downside correlation (at exceedance level     ), while Symmetry 2 test if the upside and 

downside correlation is equal at the different exceedance levels (                    . 

Table 4.5 presents the H-statistics for portfolios sorted by size, book-to-market value, beta, 

momentum and coskewness. In addition, portfolio values for measures of skewness, 

coskewness and beta are also presented in the table. We determine the p-values and reject the 

null-hypotheses for p-values that are less than the 1 % level of significance. The portfolios for 

which the test does not reject the null-hypothesis are marked with an asterisk (*).  
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Table 4.5: H-statistics, skewness, coksewness and beta 

 

From the H value presented in the fourth column of Table 4.5, we can see that only two out of 

the 25 portfolios fail to reject the null-hypothesis. Recall that the null-hypothesis states that 

there is no difference between the empirical and implied normal correlation across both the 

upside and the downside. Consistent with the results of Ang and Chen (2002) (p. 467) we find 

the following:  

Empirical Finding 1: The asymmetries in correlation lead us to reject the null hypothesis of 

normal distribution.  

Portfolio H- H+ H Skew. Coskew. β

Size-sorted portfolios (value-weighted)

0 Small 16.8579 8.9305 13.4897 -0.9980 -0.0705 0.5859

1 13.0776 9.5498 11.4504 -0.1044 -0.0356 0.6097

2 11.1923 6.7726 9.2503 -0.3503 -0.0490 0.8399

3 9.5879 8.0501 8.8524 -0.1375 -0.0215 0.8158

4 Large 1.2821 * 1.5631 * 1.4295 * -0.1210 -0.0227 1.0799

Book-to-market value-sorted portfolios (value-weighted)

0 Growth 3.7600 3.6379 * 3.6995 * -0.0820 -0.0141 1.0640

1 10.9754 7.4213 9.3684 -0.0344 -0.0022 0.8624

2 14.5146 7.9188 11.6915 -0.3200 -0.0481 0.8378

3 11.8055 9.5114 10.7200 -0.1196 -0.0045 0.7112

4 Value 14.4005 11.3545 12.9672 0.3451 0.0352 0.8788

Beta -sorted portfolios (equally-weighted)

0 Low 14.7295 10.6354 12.8466 -0.2211 -0.0882 0.7745

1 9.2321 6.0333 7.7985 -0.2762 -0.0433 0.7871

2 15.5208 7.3072 12.1304 -0.0043 -0.0117 0.6996

3 12.7082 8.9992 11.0110 -0.1663 -0.0439 0.7446

4 High 13.9831 5.9730 10.7518 -0.0071 -0.0323 0.8343

Momentum-sorted portfolios (equally-weighted)

0 Losers 19.0435 8.9451 14.8773 0.2440 -0.0505 0.7583

1 14.2447 11.5459 12.9657 0.0945 -0.0042 0.7397

2 11.1419 9.3398 10.2804 0.0190 -0.0286 0.7736

3 11.7840 7.1815 9.7580 -0.5956 -0.0455 0.7582

4 Winners 14.2068 5.4701 10.7646 -0.3413 -0.0584 0.8120

Coskewness-sorted portfolios (equally-weighted)

0 Low 15.8371 9.5120 13.0636 -0.5566 -0.0739 0.6777

1 9.8147 8.4342 9.1505 0.0908 -0.0114 0.8441

2 12.0545 8.7566 10.5354 -0.1722 -0.0202 0.8086

3 12.4484 5.9567 9.7582 0.0745 -0.0247 0.8364

4 High 16.2252 10.0171 13.4842 0.2392 -0.0538 0.6524

H-statistic
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For the H- value, we reject 24 of the 25 portfolios at the 1% level of significance and measure 

an average of 12.41 % across the portfolios. For the H+ value, we reject 23 of the 25 

portfolios and measure an average of 7.96 %. Similarly, the H value has been rejected for 23 

of the 25 portfolios and yield an average of 10.48 %. This leads us to the following finding: 

Empirical Finding 2: On average, the empirical correlation and the correlation implied by 

the bivariate normal distribution differs by 10.48%, conditional on both joint upside and 

downside return movements. Conditional only on downside movements, the correlations 

differs on average by 12.41%. 

These findings are similar to the finding of Ang and Chen (2002) (p. 469). They find averages 

H- = 11.61% and H = 8.48 %. However, in their analysis, the average for the set of H+ values 

is 3.0%, which is significantly lower than that in our findings. This indicates that the 

correlation in the US market is closer to the implied normal correlation for upside moves than 

the Danish market 

Table 4.6 presents the Symmetry 1 and Symmetry 2 tests for portfolios sorted by size, book-

to-market value, beta, momentum and coskewness. In addition, we present the differences in 

empirical correlation          at the respective exceedance levels c. The third column 

presents the difference in empirical correlation         for     , which is tested with the 

Symmetry 1 test. Similarly, column five through eight present the difference in empirical 

correlation         for                    , which is tested with the Symmetry 2 test. 

Again, we determine the p-values and reject the null-hypotheses for p-values that are less than 

the 1 % level of significance. The portfolios for which the test does not reject the null-

hypothesis are marked with an asterisk (*).  
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Table 4.6: Symmetry 1 and 2, skewness, coksewness and beta 

 

From the p-values of the Symmetry 1 and 2 tests, we can see that only three out of the 25 

portfolios fail to reject the null-hypothesis. Recall that the null-hypothesis for both symmetry 

1 and 2 states that the empirical correlation across the both the upside and the downside are 

symmetric. This leads us to the second empirical finding: 

Empirical Finding 3: The asymmetries in correlation lead us to reject the null hypothesis of 

symmetry. 

Hong, Tu and Zhou (2007) only reject very few of the null-hypotheses of symmetry in their 

analysis, while we reject most of our null-hypotheses. The most likely explanation for this 

Portfolio P-value c = 0 P-value c1 = 0.0 c2 = 0.5 c3 = 1.0 c4 = 1.5

Size-sorted portfolios (value-weighted)

0 Small 0.0000 -0.1988 0.0000 -0.1988 -0.1659 -0.1816 -0.1509

1 0.0000 -0.1241 0.0000 -0.1241 -0.1138 -0.2060 -0.2159

2 0.0069 -0.0886 0.0000 -0.0886 -0.0742 -0.1336 -0.1702

3 0.0019 -0.0843 0.0007 -0.0843 -0.1309 -0.1372 -0.1402

4 Large 0.8048 * -0.0070 0.9976 * -0.0070 -0.0091 -0.0087 -0.0041

Book-to-market value-sorted portfolios (value-weighted)

0 Growth 0.5081 * -0.0181 0.9773 * -0.0181 -0.0251 -0.0324 -0.0364

1 0.0026 -0.0745 0.0000 -0.0745 -0.0614 -0.0380 -0.0706

2 0.0000 -0.1390 0.0000 -0.1390 -0.1066 -0.0255 0.0759

3 0.0004 -0.0936 0.0000 -0.0936 -0.1651 -0.1515 -0.2740

4 Value 0.0020 -0.0854 0.0000 -0.0854 -0.0599 -0.0129 -0.1853

Beta -sorted portfolios (equally-weighted)

0 Losers 0.0000 -0.1159 0.0000 -0.1159 -0.0764 -0.0133 0.1096

1 0.0000 -0.1296 0.0000 -0.1296 -0.1024 -0.2015 -0.2467

2 0.1349 * -0.0446 0.0000 -0.0446 -0.0368 0.0311 0.0103

3 0.0001 -0.1283 0.0000 -0.1283 -0.1133 -0.1152 -0.1699

4 Winners 0.0000 -0.1623 0.0000 -0.1623 -0.1661 -0.1769 -0.1901

Momentum-sorted portfolios (equally-weighted)

0 Low 0.0000 -0.1350 0.0000 -0.1350 -0.0914 -0.0732 -0.1134

1 0.0085 -0.0870 0.0718 * -0.0870 -0.1087 -0.1311 -0.1393

2 0.0000 -0.1402 0.0000 -0.1402 -0.1513 -0.2074 -0.1021

3 0.0023 -0.0831 0.0000 -0.0831 -0.0440 -0.0018 -0.0637

4 High 0.0000 -0.1281 0.0000 -0.1281 -0.1072 -0.1245 -0.0801

Coskewness-sorted portfolios (equally-weighted)

0 Low 0.0000 -0.1464 0.0000 -0.1464 -0.1238 -0.0749 -0.0957

1 0.0011 -0.1025 0.0000 -0.1025 -0.1036 -0.1895 -0.1880

2 0.0001 -0.0982 0.0000 -0.0982 -0.0876 -0.1045 -0.2107

3 0.0000 -0.1267 0.0000 -0.1267 -0.1525 -0.1353 -0.1726

4 High 0.0000 -0.1496 0.0000 -0.1496 -0.1319 -0.1718 -0.1872

Symmetry 2Symmetry 1
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discrepancy is a methodological difference. As discussed in section 0, our H-statistic and the 

test of Hong, Tu and Zhou (2007) differs in calculation of the weighting matrix. For our tests, 

we use a smoothing factor of λ = 0.94. By decreasing the smoothing parameter, we also 

decrease calculated   values, and consequently the number of portfolios rejected. The    

values can be found in Appendix 18. This effect can be observed in Table 4.7, which shows 

the p-values for different smoothing parameters for the size-sorted portfolios. While we reject 

four out of five portfolios for         , none of the portfolios would be rejected at    

     . Hong, Tu and Zhou (2007) state that they use a fraction of a smoothing parameter 

divided by the number of lags. Since they do not provide further detailed information, it is 

very difficult for us to identify their smoothing parameter. However they report the p-values 

for the two symmetry tests when testing their size-, book-to-market value- and momentum-

sorted portfolio. We therefore focus on the patterns in the p-values instead of the hypothesis 

test results when comparing our findings to Hong, Tu and Zhou (2007). 

Table 4.7: Size portfolios with different smoothing parameter 

 

In order to determine if the empirical correlation is higher on the upside or the upside, we can 

use the results presented in both Table 4.5 and Table 4.6.  

For the H-statistics presented in Table 4.5, recall from the previous part that the empirical 

correlations are above the implied normal correlations for all of our portfolios at all measured 

exceedance levels. This notion is important, because the H-statistics alone cannot inform if 

the difference between the empirical correlations and the implied normal correlations is due to 

the empirical correlations being above or below the implied normal correlations (see section 

3.4.4). Hence, the average H- value of 12.41 % and average H+ value of 7.96% is solely the 

difference of the empirical correlation being above the implied normal correlation. By 

comparing the H- and H+ value we can therefore conclude that downside correlation is higher 

than upside correlation.  

The difference in empirical correlation        at the respective exceedance levels presented 

in Table 4.6 can also be used to determine if correlation is higher on the upside or the 

Size portfolios (value weighted)

0 Small 0.0000 0.0000 0.0002 0.0053 0.0259 *

1 0.0000 0.0000 0.0098 0.0640 * 0.1547 *

2 0.0000 0.0026 0.0859 * 0.2450 * 0.3952 *

3 0.0007 0.2190 * 0.5794 * 0.7514 * 0.8379 *

4 Large 0.9976 * 0.9998 * 0.9999 * 1.0000 * 1.0000 *

P-value

λ = 0.20λ = 0.40λ = 0.60λ = 0.80λ = 0.94
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downside. The differences are negative for all portfolios at all measured exceedance levels. 

These results lead us to the following findings 

Empirical finding 4: The asymmetries in correlation are greater for downward market moves.  

Ang and Chen (2002) (p. 469) and Hong, Tu and Zhou (2007) (p. 1558) draw the same 

conclusion for the US-stock market. Hong, Tu and Zhou (2007) also report negative 

differences in empirical correlation        for all of their portfolios at all measured 

exceedance levels.  

Table 4.8 presents the (unconditional) correlation among the three H-statistics, the two 

symmetry test   values, skewness, coskewness and beta of our 25 portfolios. The matrix 

suggests that H-statistics and symmetry tests   values are highly related, implied by high 

correlations among these statistics.  

Table 4.8: Correlation matrix of the correlation asymmetry statistics, skewness, co skewness and beta 

 

The results in Table 4.5 show a negative coskewness between all our portfolios and the 

market portfolio. Hence, all stock portfolios observe more extreme downside movements, 

relative to the market portfolio. In addition, we report that most of our portfolios (18 out of 

25) have negatively skewed distributions. These findings suggest a common component 

among skewness, coskewness and correlation asymmetry. However from the (unconditional) 

correlation matrix presented in Table 4.8, we can see little evidence of a relation between 

skewness and correlation asymmetry. For coskewness, the matrix shows that all of our five 

correlation asymmetry statistics (H- value, H+ value, H value, Symmetry 1 and Symmetry 2) 

have an (unconditional) correlation with coskewness of the portfolio return in the range of -

0.11 to -0.42. Ang and Chen (2002) (p.471) present a unconditional correlation between their 

H values and skewness (coskewness) of 0,243 (0,150) in their correlation matrix and conclude 

that “this finding indicates that H is capturing something that is fundamentally different from 

skewness or coskewness”. While our findings support that skewness captures something 

H- H+ H Symm. 1 Symm. 2 Skew. Coskew. β

H- 1.0000 0.8119 0.9782 0.7335 0.7821 -0.0310 -0.3371 -0.7681

H+ 1.0000 0.8661 0.6405 0.9413 -0.0328 -0.1113 -0.7123

H 1.0000 0.6568 0.8075 0.0265 -0.2568 -0.7909

Symm. 1 1.0000 0.7751 -0.3495 -0.4535 -0.6574

Symm. 2 1.0000 -0.1130 -0.1759 -0.6615

Skew. 1.0000 0.6009 0.2725

Coskew. 1.0000 0.3891

β 1.0000
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fundamentally different than our correlation asymmetry statistics, we cannot draw similar 

conclusions for coskewness. The results of the correlation matrix suggest that correlation 

asymmetry statistics capture some aspects of coskewness. Although our findings suggest that 

correlation asymmetry and coskewness are not fundamentally different, coskewness alone 

seems to be far from explaining correlation asymmetry. This might have interesting 

implications for asset pricing. If correlation asymmetry is risk, the coskewness risk factor of 

Harvey and Siddique (2000) might not be able to capture this risk. We return to that notion for 

the discussion of investment decisions under the presence of correlation asymmetry in section 

5. 

The results of each portfolio sorting are discussed individually, starting with the size-sorted 

portfolios. As depicted by the exceedance plots in the previous section, there is a monotonic 

pattern of size and correlation asymmetry for both the H-statistics. We observe the highest 

asymmetries with H value of 13.49% for the small companies. On the other end, the null 

hypothesis of symmetry is accepted for all three H-statistics and the two symmetry tests. 

These findings are consistent with both Ang and Chen (2002) (p.472) and Hong, Tu and Zhou 

(2007) (p.1558). Analyzing size portfolios, we find the following: 

Empirical Finding 5: The asymmetries in correlation increase with decreasing size. 

The book-to-market value-sorted portfolios also reveal a pattern in correlation asymmetry, 

although it is not perfectly monotonic. We observe higher correlation asymmetries for value 

stocks than for growth stocks. The null-hypothesis is accepted for two of the three H-statistics 

and both symmetry tests for the portfolio with the lowest book-to-market values. This pattern 

is consistent with the findings of Ang and Chen (2002) (p.472). While Hong, Tu and Zhou 

(2007) (p.1560) do not reject any of their book-to-market value-sorted portfolios, their 

reported p-values indicate that the portfolios of value stocks are less likely to be rejected than 

the portfolios of growth stocks. Analyzing book-to-market portfolios, we observe the 

following:  

Empirical Finding 6: The asymmetries in correlation are higher for value stocks than for 

growth stocks.  

These empirical findings of both size- and book-to-market value-sorted portfolios are 

interesting. In section 2.3.2 we explain that Fama and French (1992) find value premiums for 

holding stock of firms of a small size and with a high book-to-market value. Our results show 

that these stocks also have the highest correlation asymmetry. This finding suggests that there 
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might be a common component of correlation asymmetry and the size factor and the book-to-

market factor of Fama and French (1992). We consider this as an interesting notion and 

suggest it for further research.  

Another question is whether the observed effect of book-to-market value on correlation 

asymmetry is actually driven by book-to-market value or by size. The unconditional 

correlation of the growth portfolio with the market portfolio is very high (0.94) and decrease 

with increasing book-to-market value (hence correlation asymmetry).Similar patterns can be 

also found in the results of Ang and Chen (2002) (p. 457). This indicates that the observed 

book-to-market effect is driven by size. 

With the beta-sorted portfolios we are unable to establish a clear pattern of correlation 

asymmetry. Although Symmetry 2 test accepts the null-hypothesis of symmetry for the 

portfolio of the second lowest quintile, we were unable to draw any meaningful conclusion 

from it. Ang and Chen (2002) (p. 474) find that increasing beta decreases correlation 

asymmetry, also when controlling for size. Recall that our correlation matrix suggests such a 

negative relation between correlation asymmetry and beta. However for these beta-sorted 

portfolios, we are not able to identify this relationship with the correlation asymmetry 

statistics. Hong, Tu and Zhou (2007) do not analyze beta sorted portfolios. Note that the betas 

in the last column of Table 4.5 do not monotonically increase with the beta-sorting. This 

indicates that past betas fail to predict future betas in our data.  

For the momentum-sorted portfolios we find a higher correlation asymmetry in the past loser 

portfolios than in the past winner portfolios based on the H-statistics. This is consistent with 

Ang and Chen (2002) (p.472). The results of the two symmetry tests do not provide us with 

any meaningful information. This is consistent with Hong, Tu and Zhou (2007) (p.1561) who 

do not reject any of their momentum-sorted portfolios and report no discernable patterns in p-

values. However, based on the H-statistics we can conclude the following:  

Empirical Finding 7: The asymmetries in correlation are higher for past losers than for past 

winners. 

We find the momentum-sorted portfolios interesting for two reasons. First, our results suggest 

that momentum investment strategies developed by Jegadeesh and Titman (1993), where past 

winners are bought and past losers are sold short, are actually more profitable than expected 

under unconditional correlation. For extreme downside return movements, the loser portfolio 
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will lose more money than is expected under the assumption of symmetric correlation. 

Consequently the investor will earn even more from short-selling past loser stocks. 

Second, Table 4.5 shows the past winners are more negatively coskewed than past losers. 

This has also been observed by Ang and Chen (2002) (p. 471) and Harvey and Siddique 

(2000).Since Harvey and Siddique (2000) also find that coskewness risk is economically 

significant and suggest that the return premium of past winners stocks can be related to 

negative coskewness. However, the results from the correlation matrix in Table 4.8 indicate 

that there is no strong relation between correlation asymmetry and coskewness.  

The last set of portfolios analyzed is the coskewness-sorted portfolio set. Consistent with Ang 

and Chen (2002) (p.474) and the findings from our correlation matrix we cannot identify any 

clear patterns in the coskewness-sorted portfolios. The top-quintile portfolio is only slightly 

higher than the bottom-quintile portfolio. Hong, Tu and Zhou (2007) do not analyze 

coskewness-sorted portfolios. Note that coskewness, presented in the second last column of 

Table 4.5, does not monotonically increase with the coskewness-sorting. Again, this indicates 

that past coskewness fail to predict future coskewness in our data.  

All of the seven empirical findings presented in this section remain unchanged when we use 

the OMXC20 Index return as the market proxy and use equal weighting for the size- and 

book-to-market-sorted portfolios. These results are presented in Appendix 14.  

In summary, we find strong evidence for correlation asymmetry between stock portfolio and 

the Danish market. The empirical correlations are higher on the downside than on the upside 

and differ from the correlation implied by the bivariate normal distribution. Our results also 

show correlation asymmetry in the stock portfolios of small companies, value stocks and past 

loser stocks. However, it requires further research to determine if the asymmetries in value 

stocks are actually caused by a book-to-market value effect or by size effect. The results for 

beta-sorted and coskewness-sorted portfolios do not suggest a relation between correlation 

asymmetry and these stocks characteristics.  

By comparing our results to Ang and Chen (2002) andHong, Tu and Zhou (2007) we find 

many similarities to research finding on correlation asymmetries in the US market. 
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4.4 Correlation asymmetries over time 

Our empircial results reveal significant evidence of correlation asymmetries in the Danish 

stock market. From an investement perspective, it is crucial to understand if this anomaly is 

persistent as many anomalies discovered seem to disappear soon after they are reported. For 

example we mention in section 2.3 that there is some evidences that the size effect found by 

Fama and French (1992) has disappeared after the paper‟s publication.  

We consider correlation asymmetry as stationary if the asymmetry stays constant over time. 

Conversely, we consider the phenomenon as temporary if the asymmetries disappear over 

time. To evaluate whether the asymmetric correlation is stationay or temporary, we test and 

compare the results from three different time intervals; 1995 to 1999, 2000 to 2004, and 2005 

to 2009. In order to cover both falling and rising markets, we have analyzed the OMXC20 

Index return since the 1990‟s to determine the three specific time internals. Figure 4.7 further 

illustrates the rationale.  

 

Figure 4.7: Market index for the periods 1995-1999, 2000-2004 and 2005-2009 

The annualized average return for each the subperiods are presented in Appendix 13. We find 

large differences in the average annual return across the three subperiods for the 25 portfolios. 

The biggest difference lies in the sized-sorted portfolio 0, with returns varying from 21.16% 

to -21.98%. However, we rather focus on the differences in correlation asymmetry and 

therefore refer to the Appendix for more discussion of the descripitve statistcs. 

Figure 4.8 and Figure 4.9 plot the exceedance correlations over the three periods for the top and 

bottom quntile size-sorted portfolios. The exceedance plots for the portfolio 0 and portfolio 4 

from the other sorting criterias can be found in Appendix 14. As seen, there are variations in 

the patterns of correlation between the three different time periods. 
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Figure 4.8: Exceedance correlation plot of the size 0 portfolios with the market portfolios for three 

different time intervals 

 

 

Figure 4.9: Exceedance correlation plot of the size 4 portfolios with the market portfolios for three 

different time intervals 

For all portfolios except four, the downside correlation is higher than the upside correlation. 

These portfolios are Beta 1 for 2000-2004, Momentum 0 for 2000-2004 and 2005-2009, and 

Coskewness 3 for 2005-2009. When looking at the difference between upside correlation and 
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downside correlation at different exceedance level, the loser portfolio among the momentum-

sorted portfolios (0) sticks out. For this portfolio, there is a distinct difference in the 

correlation patterns from the first period to the two periods after 2000, with higher upside 

correlation than downside. In Appendix 14, the graphical evidence is presented, while the 

numberical evidence is presented in Appendix 15. What causes this distinct change in 

correlation patterns remains puzzling to us.  

Through the three different time periods, there are differences in how many portfolios are 

accepted as symmetric. For Symmetry 1, five portfolios are accepted as symmetric between 

1995-1999. For 2000-2004, 15 portfolios are accepted as symmetric, while 20 out of 25 

portfolios are accepted as symmetric in 2005-2009. For Symmetry 2, one portfolio is accepted 

as symmetric in 1995-1999, three portfolios in 2000-2004, and five portfolios in 2005-2009. 

These results can be found in Appendix 15, and leads us to the the following empirical 

finding: 

Empirical Finding 8: The asymmetries in correlation vary over time. 

It is however unclear whether this finding is due to increased correlation, increased volatility, 

or if these changes in correlation symmetry are random.  

There are commonalities for all the nine portfolios accepted as symmetric by Symmetry 2. 

These portfolios exhibit a fairly high unconditional correlation with the market. The average 

unconditional correlation for these symmetric portfolios and the market is 0.8731, which is 

above the average unconditional correlation of 0.7274 for all portfolios across all three periods. 

We find that for Symmetry 2, higher unconditional correlation among variables leads to higher 

probability that the unconditional correlation is symmetric. We further explore the relation 

between symmetric portfolios and correlation by running the simple regression in Eq. 4.1. 

Eq. 4.1 

                           

The main purpose of these regression tests is to examine if the patterns of symmetry are equal 

and not if each portfolio is equally symmetric or asymmetric. This regression describes the 

relationship between symmetry and unconditional correlation, where            is the GMM 

estimator from Symmetry 2 and              is the unconditional correlation between the 

portfolios and the market. The GMM estimator is used instead of p-values, because p-values 

by definition follow a bell shape. Figure 4.10 presents a graphical depiction of this relation 

over the three periods. It indicates that the measure of symmetry decreases proportionately 
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with an increasing unconditional correlation. Therefore, a change in unconditional correlation 

between different time-periods is likely to change the symmetry of portfolios accordingly. 

 

 

Figure 4.10: Market correlation against the measure of symmetry  

 

To test if there is a difference over these three periods, we perform a Chow-test (Eq. 4.2) for 

structural breaks. The Chow-test examines whether the parameters in the different regressions 

are equal at different times.  

Eq. 4.2 

  
              

                   
                    

where, 

                                 

y = -209.99x + 205.43
R² = 0.4275
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      is the unrestricted model. It is the combination of the residual sum of squares (RSS) 

over the three different periods. On the other hand,      is the restricted model, such that it 

contains all observations over all three periods, 75 in total. The null-hypothesis     is defined 

as equal regression coefficients, and the alternative hypothesis   , states that there is a 

difference in at least one of the regression coefficients. The critical value for the 1% 

significance level is 4.07. The ANOVA tables from these regressions can be found in Appendix 

16. 

Eq. 4.3 

  
                                          

                                  
       

We accept the     and conclude that the patterns of symmetry and unconditional correlation 

are the same over the three different periods, as          is lower than the critical value. 

Note that this test is not a test of difference in unconditional correlation for the different 

portfolios, but a test of whether the relationship between unconditional correlation and 

symmetry is unchanged over the three different periods. However, this leads to the following 

empirical finding: 

Empirical Finding 9: There is an inverse relationship between unconditional correlation and 

correlation asymmetries. 

In summary, we conclude that correlation asymmetry is neither a stationary nor a temporary 

phenomenon, instead it varies over time. From the findings we gathered, the variations in 

asymmetry over time seem to be depended by the unconditional correlation for the market. 

We find no evidence that the asymmetries are a temporary phenomenon. Consequently, if 

correlation asymmetries are of economic significance to the individual investor, they should 

also be considered as factor in the investment decision process.  

 

4.5 Correlation asymmetries and short-selling 

Our sample period allows us to evaluate if correlation asymmetries remain persistent under 

the absence of short-selling. When a stock is sold short, the seller borrows the stock from an 

investor, speculating on lower prices to subsequently buy back the stock he has borrowed at a 

lower price than he initially sold the stock at. On 10 October 2008, a law was passed to ban 

short-selling of Danish financial stocks in order to prevent trading induced aggravation of 
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vicious downward trend in the financial market. As regulatory discussion is beyond the scope 

of this paper, we focus our analysis on its impact on correlation asymmetry. 

The law was effective as of 13 October 2008. With our statistical framework, we can analyze 

if there is difference between the correlation patterns of financial stocks and the market for the 

period before and after the ban was imposed. Based on industry classifications per the FTSE 

Global Classification System obtained through DataStream, we filter for all financial stocks in 

the sample of 87 companies.
27

 In our analysis, industry classifications are deemed to be static 

and have not incorporated instances when a stock changes industry, given the low probability 

of a company from the financial sector changing industry, the analysis is still a fair one. 

Figure 4.11 presents the plots of exceedance correlation for the financial stocks in the periods 

before the ban (1 January 1993 – 12 October 2008) and after (13 October 2008 – 1 January 

2010) the ban of short-sales. While the period before the ban follows the same patterns as we 

have seen in several of the other portfolios we have presented, the empirical correlation in the 

period after the ban seem to be more symmetric. For both the upside and the downside, the 

correlations diminish as the exceedance levels increase. Furthermore, the gap in empirical 

correlation between upside and downside also seems to narrow. Note that it is not required for 

our statistical framework to test periods of equal lengths, and the tests account for higher 

variance for shorter periods. 

                                                 
27 Refer to Appendix 2.9 for a description of the FTSISCN datatype 
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Figure 4.11: Exceedance plot of financial stocks with the market 

From the graphical evidence it is obvious that the patterns of correlation from the period 

before the ban of short-selling of stocks to the period after have changed. The question is 

whether this change is due to the ban or to other factors like the selected time period or other 

abnormalities. To address this question, we compare these findings to our size portfolios. 

Figure 4.12 plots the exceedance correlations of the median size-sorted portfolio before and 

after the ban. The figure displays more symmetric features after the ban of short-sales than 

before the ban, although not as clear as the plot of financial stocks in Figure 4.11. 
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Figure 4.12: Exceedance plot of size 2 portfolio with the market  

The financial stocks represent approximately 1/3 of the total number of stocks in the sample 

both before and after the ban of short-sales. To see if the ban of short-sales had any impact on 

correlation, we remove the financial stocks from the size sorted portfolios. This allows us to 

compare the findings of a scenario where there is no restriction on short-sales to a scenario 

where short-sales are partially banned. Figure 4.13 shows the exceedance plot of the median 

portfolio with the market. For this figure, all financial stocks have been removed. What is 

apparent is that the gap between upside and downside is larger, with a difference in 

correlation of -0.088 for the portfolio including the financial stocks and -0.197 for the 

portfolio without the financial stocks. Slightly above exceedance level 1 on the upside, there 

is a leap in correlation from below 0.2 to above 0.5 for Figure 4.13. This leap is due to a 

decrease in the number of observations. 
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Figure 4.13: Exceedance plot of size 2 portfolio w/o financial stocks with the market 

Table 4.9 presents the symmetry measures of the size portfolios for the periods before and 

after the ban. For the financial stocks, the correlation with the market is symmetric before the 

ban. After the ban, according to Symmetry1, the empirical correlation with the market is 

statistically equal for upside and downside. However, for Symmetry 2, the empirical 

correlation is asymmetric. The main reason for this is; the downside correlation is 0.436 

higher than the upside correlation at exceedance level 1.5 as is visible in Figure 4.11. 

For the size-sorted portfolios, there is a distinct difference between the portfolios that include 

financial stocks and those that exclude financial stocks. For the portfolios that include 

financial stocks, five out of five portfolios are accepted as symmetric at a 1% significance 

level tested by Symmetry1. For the portfolios excluding the financial stocks, only three out of 

five are accepted as symmetric. For Symmetry 2, four out of five portfolios are accepted as 

symmetric for the portfolios including the financial stocks, while only two of five are 

accepted as symmetric for the portfolios excluding the financial stocks.  

From these findings, it is apparent that short-selling of stocks has an impact on correlation 

symmetry. Although other explanations of the phenomenon of asymmetric correlation cannot 
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be excluded, short-selling of stocks seem to be one of the explaining factors. We suggest this 

issue for further research.  

 

Table 4.9: Symmetry measures before and after the ban of short -sale of financial stocks 

 

In summary, the empirical correlation between the size-sorted portfolios and the market is 

more symmetric in periods without short sales than they are in periods with short-selling. We 

therefore conclude: 

Empirical Finding 10: The asymmetries in correlation are related to short-selling. 

This is an interesting finding, especially in an effort to find out why correlation asymmetries 

arise in the first place. However, since this question is out of the scope of our thesis, we 

suggest it for further research.  

5 INVESTMENT DECISIONS WITH ASYMMETRIC CORRELATION 

This section presents several approaches for making investment decisions if correlations are 

asymmetric. We find substantial evidence of correlation asymmetries among stock portfolio 

returns and the markets in our empirical analysis of the Danish stock market (Empirical 

Finding 3). The two symmetry tests (Symmetry 1 & Symmetry 2) reject the null-hypothesis of 

symmetry for 22 of our 25 portfolios. The H value results show that the empirical correlations 

Symm.1 Symm. 2 Symm.1 Symm. 2

Financial stocks 0.0009 0.0000 0.7860 * 0.0000

Size-sorted portfolios with financial stocks

0 Small 0.0000 0.0000 0.0144 * 0.0002

1 0.0000 0.0000 0.1242 * 0.0217 *

2 0.0000 0.0000 0.4276 * 0.1290 *

3 0.0000 0.0000 0.9944 * 0.7648 *

4 Large 0.9000 * 0.9860 * 0.9999 * 0.9985 *

Size-sorted portfolios without financial stocks

0 Small 0.0000 0.0000 0.0013 0.0003

1 0.0000 0.0000 0.1050 * 0.0012

2 0.0000 0.0000 0.0056 0.0004

3 0.0000 0.0000 0.9806 * 0.6157 *

4 Large 0.8840 * 0.9757 * 0.9998 * 0.9991 *

AfterBefore
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differ from the implied normal correlations for 23 of our 25 portfolios. The empirical 

downside correlations is on average 12,81% above the implied normal correlation (as 

measured by the H- value), while the upside correlation is on average only 7.61 % above the 

implied correlation (as measured by the H+ value). Furthermore the difference in correlation 

        is negative at every exceedance level, imply higher downside correlation. We 

therefore conclude that downside correlations are higher than upside correlations. (Empirical 

Finding 4). We also find that correlation asymmetries do not disappear but vary over time 

(Empirical Finding 8) 

These findings have important implications for the investment decision process. The leading 

question is how investors should make decisions if downside correlation is higher than upside 

correlation. Section 5.1 discusses portfolio construction with downside correlation by 

presenting two approaches found in the literature. First, we explain how portfolios can be 

constructed by optimizing on conditional downside measures within the framework of the 

mean-variance efficient portfolios. Second, we explain how portfolios can be constructed by 

optimizing on the utility of a loss-averse investor. Section 5.2 discusses asset pricing with 

downside correlation based. We present previous literature which discusses whether downside 

correlation is risk and explains how the risk can be captured by using conditional downside 

beta and downside correlation measures. Finally, an alternative approach to account for 

correlation asymmetries by using statistical methods is briefly presented in 5.3. 

The implications for the Danish investor of the approaches presented in this section should 

however be considered with a certain amount of criticism. The presented approaches have not 

been – or only to a limited degree– developed out of – or tested on – the data of the Danish 

stock market. Instead, we discuss the implications based on the research conducted on the US 

stock market. This decision has three main reasons: First, no relevant literature exists for the 

Danish stock to our knowledge. Second, the correlation profiles found by our analysis in the 

Danish market are similar to findings the US market, which have been obtained by using a 

similar methodology. Third, a formal test of the presented approaches on the data of the 

Danish stock market is not possible given resources available for this thesis. 

5.1 Portfolio construction with asymmetric correlation 

Our findings have also certain implications for the construction of stock portfolios. When 

stocks have a higher correlation in falling markets (downside correlation), the value of 

diversification of traditional mean-variance optimized portfolios is overstated. A higher 
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correlation in the falling market means that stocks fall jointly and thereby diminish the 

benefits of diversification. Conversely, lower correlation in rising markets means that stocks 

do not rise jointly and thereby diminish portfolio returns. This is exactly the opposite behavior 

of what is desired from an investment perspective (See section 2.2.1). Below we present how 

portfolios can be constructed if downside correlation is higher than upside correlation. 

Markowitz (1990) was one of the first to suggest an alternative way to optimize a portfolio. In 

his book, Portfolio Selection: Efficient Diversification of Investments (1959) he suggested to 

use semi-variance instead of variance when optimizing portfolios. Semi-variance is similar to 

what we call conditional variance, and it measures the variance of those values that fall below 

a given exceedance level. As he states in his Nobel Prize lecture from 1990;  

“Semi-variance seems more plausible than variance as a measure of risk, since it is 

concerned only with adverse deviations. But, as far as I know, to date no one has determined 

whether there is a substantial class of utility functions for which mean-semi-variance 

succeeds while mean-variance fails to provide an adequate approximation to estimated 

utility.” 

Campbell, Koedijk and Kofman (2002) acknowledge that there is increased dependency at the 

tails of the return distributions, and that optimal portfolios need to incorporate the asymmetry 

of riskiness. Similarly to Markowitz (1990), they propose portfolios to be optimized on 

conditional correlation, and find that portfolios optimized on conditional correlation rather 

than on the traditional unconditional correlation have a more conservative reflection of the 

riskiness of portfolio returns.  

To illustrate this example, we form two minimum variance portfolios. One using 

unconditional variance, and another using variance conditioned on downside. The portfolios 

consist of the 25 portfolios from our data and are formed from 1993 to 1999. We impose a „no 

short-sale‟ constraint. This example should not be interpreted as an illustrative example of the 

shortcomings of the assumptions of symmetry. The weights of these portfolios are found in 

Appendix 17. 

Figure 5.1 shows the efficient frontiers of the two portfolios optimized on unconditional 

variance and conditional variance. The return shown in the figure is the absolute return. There 

is a difference in the perceived riskiness of the two portfolios. For each given standard 
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deviation value, the corresponding return using conditional variance is much lower than those 

suggested by traditional mean-variance model (using unconditional variance).   

 

Figure 5.1: Efficient frontiers based on unconditional and conditional correlation  

 

To evaluate the performance of these minimum variance portfolios, we calculate indexes from 

the return of these portfolios from 2000 to see their performance out of sample. The return for 

the index is excess of the risk-free rate.  

Figure 5.2 shows the index of the unconditional portfolio. For a clearer visualization, we 

present the difference between the two indices rather than the index of the conditional 

portfolio. As can be seen, there are great similarities in the patterns of the index and the 

difference between the two indices. The difference increase in rising markets and diminishes 

in falling markets.  

The implication is that by optimizing the portfolio on conditional variance, the investor 

accounts for more risk to achieve the same level of return as the portfolio optimized on 

unconditional variance. Because the portfolio is optimized to minimize downside variance, 

the portfolio will perform better in falling markets. The drawback is that the portfolio will 

have a poorer performance when the market is rising. This is a trade-off investors must 

consider if they want to reduce their risk-exposure in falling markets.  
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Figure 5.2: Index of unconditional mean-variance portfolio and the difference between the indices 

calculated for unconditional mean-variance portfolio and the conditional mean-variance portfolio 

 

By optimizing portfolios on conditional variance, we are able to construct more conservative 

portfolios that perform better in falling markets. This finding is consistent with other findings 

in the literature. Campbell, Koedijk and Kofman (2002) (p. 92) find that the investor is better 

off using conditional mean-variance optimization to incorporate the increased risk in bear 

markets. Similar results have also been obtained by Chua, Kritzman and Page (2009)(p. 29), 

who claim that “conditional correlation lead to more conservative portfolios than 

unconditional correlation.” However, since most performance measures assume symmetry, it 

is difficult to get a proper picture of the riskiness and performance of these portfolios. 

Mean-variance optimization is however not the only method for portfolio optimization that 

can be used to incorporate downside correlation. As an alternative to such traditional 

approaches to portfolio optimization, Adler and Kritzman (2007) introduce full-scale 

optimization. Full-scale optimization is portfolio optimization on the basis of the individual 

investor‟s utility function, rather than optimizing on risk and return. For the optimization, they 

assume a kinked utility function which incorporates the investor‟s loss aversion. The concept 

of loss aversion is not new to financial theory. In The Theory of Moral Sentiments (1759), Adam 

Smith says that  
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"we suffer more when we fall from a better to a worse situation than we ever enjoy when we rise from 

a worse to a better."  

Kahneman (2003) find through experiments that investors were loss averse, and cared more 

about the changes in their wealth rather than their state of wealth. With this basis, Adler and 

Kritzman (2007) and Chua, Kritzman and Page (2009) take the utility function of the loss-

averse investor a step further and incorporate their full-scale optimization in context of 

asymmetric correlation. They do not exploit correlation asymmetry directly, but optimize 

portfolios based on the assumptions of investor‟s utility function. The kinked utility function 

is therefore used to reflect the implications of downside correlation. Given loss aversion, it 

puts more weight on losses than on gains. Although the relationship between increased 

correlation in falling markets and loss aversion intuitively makes sense, proving the causality 

can be difficult. What is apparent is that if the investor reacts differently for capital gains and 

capital losses, the distribution of return cannot be symmetric. Eq. 5.1 shows the utility 

function we use for portfolio optimization. 

Eq. 5.1 

      
            

                   
  

Chua, Kritzman and Page (2009) (p.31) explain this loss aversion with an example, such that 

the threshold     is the minimal level of wealth required to maintain certain standard of 

living. The quality of life might decrease dramatically if the investor‟s wealth falls below this 

threshold. The threshold could, for example, represent insolvency or a covenant breach on a 

loan. The steepness of the loss aversion function is then denoted by    
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Figure 5.3: Utility-function from Chua, Kritzman and Page (2009) 

 

Figure 5.3 illustrates the utility function derived. On the upside, the utility function follows a 

relative risk aversion, and display a marginal decreasing utility function. This implies that the 

investor‟s utility of one additional unit of wealth gets lower as his wealth increases. Figure 5.3 

is an visualization of Eq. 5.1, and shows an utility function where the kink is     and the 

slope of the loss aversion is    . The full-scale optimized portfolios are unique for each 

investor based on the individual risk preferences, and each investor would optimize the 

portfolios to fit their personal preferences. For a given representative investor, Chua, 

Kritzman and Page (2009) show that this approach leads to a higher diversification of returns 

on the downside and a higher unification of returns on the upside, compared to the mean-

variance framework.  

In summary, we present two approaches from the literature for constructing portfolios if 

downside correlation is higher than upside correlation. The first approach optimizes portfolios 

on downside variance in a mean-variance framework. We show based on our data that this 

leads to a more conservative estimation of risk and trades off downside protection with upside 

potential, compared to the traditional mean-variance optimized portfolios. The second 

approach accounts for downside correlation by optimizing the utility of a loss-averse investor.  
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5.2 Asset pricing with asymmetric correlation 

Asymmetries in correlation also have implications for asset pricing. Stocks with a higher 

correlation in falling markets can be considered as unattractive, because they tend to have a 

low pay-off in periods when the investors wealth is already low (falling market). All else 

being equal, an investor demands a premium for holding assets which have a high correlation 

with the market in periods of falling markets (downside correlation) Conversely, an investors 

will hold stocks with a high correlation in rising markets (upside correlation) at a discount, all 

else being equal. Traditional asset pricing models like the CAPM cannot capture the 

asymmetries in correlations between the asset and the market, because they assume a 

proportional relation between the market and the asset (See section 2.2.2). 

Our study to correlation asymmetry analyzes the correlation asymmetries between the market 

and portfolios sorted on certain firm and stock characteristics. However, since the 

methodology is designed to create portfolio of homogenous stocks (based on a certain 

characteristics) it is fair to assume that the stocks in these portfolios have similar correlation 

characteristics as the respective portfolio itself. For example, the individual small cap stocks 

in smallest size-sorted portfolio are likely to have the same high downside correlations as the 

portfolio itself.  

Our results show that we have in general a higher correlation in falling markets than in rising 

markets (Empirical Finding 4). Among the sorting criteria for the portfolios, only coskewness 

addresses the downside risk. Since negative coskewness also accounts some aspects of 

downside correlation, it is possible that the downside risk (of downside correlation) is already 

accounted for in the coskewness risk factor of Harvey and Siddique (2000). The correlation 

matrix in Table 4.8 shows that all of our five correlation asymmetry measures (H- value, H+ 

value, H value, symmetry 1 and symmetry 2) have a unconditional correlation with 

coskewness of the portfolio return in the range of -0.11 to -0.42. With a correlation between 

the H- values and coskewness of -0.34, this can be an indicator that coskewness captures 

some of the downside risk captured by H- values. This is different from the findings of Ang 

and Chen (2002), who find a correlation between the two measures of 0.12 and conclude that 

correlation asymmetry is unrelated to coskewness. Even though coskewness and the H- value 

is moderately (unconditionally) correlated, all coskewness-sorted portfolios have asymmetric 

correlation with the market. We see this as an indicator that coskewness captures some of the 

same downside risk of downside correlation.  
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From an asset pricing perspective, our findings raise the question how stocks should be priced 

in a market with higher downside correlations than upside correlations. We focus on the 

works of Ang, Chen and Yuhang Xing (2002) and Ang, Chen and Yuhang Xing (2006) in 

order to discuss how stocks should be priced in a market with higher downside correlations 

than upside correlations. Although there is available literature on downside beta, this is the 

only literature analyzing the pricing of downside correlation. 

5.2.1 Downside beta 

Since the CAPM‟s market factor cannot capture the asymmetries in correlations between the 

stock and the market returns, one approach would be to investigate whether conditional beta 

can account for downside risk. Bawa and Lindenberg (1977) suggest to extend the CAPM 

with downside and upside betas in order account that that investors care more about losses 

than about gains. 

Eq. 5.2 shows that downside beta, denoted      , is calculated as the covariance of the stocks 

and the market return divided by the return variance of the market whenever the market falls 

below the conditioning level  . The conditional level is defined by {Ang, Chen and Yuhang 

Xing (2002) and Ang, Chen and Yuhang Xing (2006) as the mean of the market excess return.  

Eq. 5.2 

      
            

          
 

Note, that this downside beta measure is conditional only on the market return movement, 

while the conditional correlation measure in our thesis is conditional on the both the asset‟s 

and the market‟s movement. There is a distinction between the conditions imposed for the 

tests of symmetry in correlation and the conditions imposed for the asset pricing. For the 

analysis of symmetry, we are mainly interested in the portfolios co-movement with the 

market. From an asset pricing perspective, it is more relevant to see how the asset is priced 

relative to the market. Therefore, when calculating conditional measures for the purpose of 

asset pricing, the condition refers to only the market movements. 

If downside beta can account for downside risk, then portfolios sorted by ex-ante downside 

betas should create variation across stock returns in an economy of loss-averse investors. A 

pattern of monotonically increasing patterns from low downside beta to high downside beta 

should be observable. While Ang, Chen and Yuhang Xing (2002) (p.6) find no significant 

difference between portfolios sorted by low downside beta and high downside beta, Ang, 
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Chen and Yuhang Xing (2006)(p. 1210) report a difference of 0.53 % of monthly return. It 

should be noted, that Ang, Chen and Yuhang Xing (2006) find no difference in returns sorted 

for upside betas. This finding has two implications for the investor. First, the difference 

between downside and upside beta indicates that downside beta captures the increased 

correlation in falling markets. Second, it indicates that stocks which co-vary stronger with 

upside market movements are not priced differently by investors.  

When tested out of sample, Ang, Chen and Yuhang Xing (2006) show that very high 

downside betas fail to predict future returns and point out a problem with using downside 

betas to account for downside risk. Both Ang, Chen and Yuhang Xing (2002) (p.7) and Ang, 

Chen and Yuhang Xing (2006) (p.1228) identify a shortcoming in the downside beta as the 

cause of the prediction failure. Eq. 5.3 shows that downside beta can be decomposed into the 

downside correlation with the market (denoted by     ) from Eq. 5.4) and the ratio of 

downside asset volatility to downside market volatility. This decomposition shows that high 

downside betas can only be produced by either high downside correlation with the market or 

by high downside stocks volatility.  

Eq. 5.3 

             
        

        
  

Eq. 5.4 

                    

Assuming constant     ), the lower returns have to be produced by high downside volatilities 

of the asset. In fact, Ang et al. (2006) find that stock with high volatility have low returns, 

although they fail to provide a consistent explanation of that anomaly. After removing the 

most volatile stocks, Ang, Chen and Yuhang Xing (2006) find the monotonically increasing 

pattern of average returns for the portfolios sorted from low to high downside beta when 

testing out of sample. Put differently, downside beta is able to predict future returns for non-

high volatility stocks and fails to predict future returns for a high volatility stocks, caused by a 

puzzling relationship between high volatility and low returns.  

5.2.2 Downside correlations 

Ang, Chen and Yuhang Xing (2002) (p.6) suggest using downside correlation (as calculated 

in Eq. 5.4) to overcome the shortcoming of downside beta. They argue that downside 

correlation is unaffected by stock and market volatilities. Furthermore, they (p.9) find that 
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past downside correlation is successful in predicting future returns. Their results show a 

monotonically increasing pattern of next month average returns for stocks portfolios sorted by 

realized downside correlation, where the portfolio of the highest realized downside correlation 

has the highest next month average return. The difference between the bottom and top 

portfolio shows a difference of 0.40 % of monthly return. The spread in downside correlation-

sorted portfolios stays also robust across separately tested sub periods. By using a series of 

regressions, Ang, Chen and Yuhang Xing (2002) (p.9-14) find that spread cannot be 

explained by beta nor size, book-to-market, momentum and liquidity effects. Under the 

assumption of efficient markets, these results imply that downside correlation is risk. Ang, 

Chen and Yuhang Xing (2002) (p.15) comment: 

“Lacking an economic model, we are reluctant to say that the high expected returns 

commanded by high downside correlation portfolios are due to risk. However, the standard 

risk factors cannot price, or even exacerbate, the expected returns of the downside 

correlation portfolios.” 

In order to capture downside risk in a model, Ang, Chen and Yuhang Xing (2002) (p.16) 

develop a downside correlation factor which they name “high correlation minus low 

correlation”. This factor is similarly constructed than the size factor (“Small minus Big”) and 

book-to-market factor (“High book-to-market value minus low book-to-market value”) of 

Fama and French (1993) in order to capture the size and book-to-market value effects (see 

section 2.3.2).  

Ang, Chen and Yuhang Xing (2002) (p.17) test the downside correlation factor in time-series 

analysis, and report that the downside correlation portfolios yield monthly return of 0.28 %. 

The premium remains positive and significant when the downside correlation factor is added 

to the traditional CAPM and to the three-factor model of Fama and French (1993). The 

premium remains also positive and significant if a momentum risk factor is added to the 

three-factor model. This shows that the downside risk can be successfully priced by the 

downside correlation factor.  

In summary, we present two approaches to price stocks if downside correlations are higher 

than upside correlations, based on the works of Ang, Chen and Yuhang Xing (2002) and Ang, 

Chen and Yuhang Xing (2006). While downside beta can capture downside risk for non-

highly volatile stocks, it fails to predict the stocks for highly volatile stocks. The second 

approach is to capture downside risk by the downside correlation measure. This measure is 
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unaffected by the changes in volatility and therefore, does not suffer from the shortcoming of 

downside beta. Ang, Chen and Yuhang Xing (2002) show that the downside correlation factor 

can capture risk which cannot be explained by the market factor, the size factor, the book-to-

market value factor, momentum factor and coskewness factor. This implies that, under the 

assumption of efficient markets, downside correlation risk is priced by investors (in the US 

stock market).  

5.3 Modeling and reproducing asymmetries in data 

An alternative approach to account for correlation asymmetries in investment decisions is 

modeling and reproducing of the asymmetric dependency. This approach has several 

purposes. The most important is to simulate performance. The problem with traditional 

simulation (like Monte Carlo and bootstrapping) is its failure to capture the increased 

correlation in falling markets.  

Cho and Engle (1999) makes one of the earliest attempts to capture asymmetry effects using 

the general autoregressive conditional heteroskedasticity model (GARCH). GARCH is a time 

series approach which models volatility as a function of both previous return and previous 

volatilities.
28

 While the authors argue that they are able to capture and model asymmetric 

correlation, both Ang and Chen (2002) and Campbell, Koedijk and Kofman (2002) claim that 

the effect they capture is the increased volatility in falling markets, and not asymmetric 

correlation.  

Hong, Tu and Zhou (2007) (p. 1548) states that if symmetry is rejected by their test, then the 

data cannot be modeled by any symmetric distribution. Ang and Chen (2002) (p. 481) tried 

several different statistical techniques to replicate and model the asymmetry which they found 

in the data. These statistical models (like GARCH, and Regime Shifting models) are used to 

capture stochastic variance, but found that none of these were able to replicate the data 

sufficiently.  

A method that has proven far more efficient to replicate the data is by using copulas. 

Investopedia defines copula functions as “a general way of formulating a multivariate 

distribution in such a way that various general types of dependence can be represented.” Put 

simply, copulas can be used to calculate the probability of return for two stocks. For example, 

Figure 5.4 shows the cross-distribution of dependency at different exceedance levels of both 

                                                 
28 For more information on GARCH, see Engle (2001) 
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the market and the portfolio. The top left contour-plot depicts the observed data of Hong, Tu 

and Zhou (2007)‟s size 1 portfolio, while the three other contour-plots are attempts to 

replicate the observed data. The top right contour-plot is a plot assuming the normal 

distribution, while the bottom left is the contour-plot of a Clayton copula. The Clayton copula 

is designed with the purpose to capture increased left-tailed dependency. What Hong, Tu and 

Zhou (2007) find as the best method to model the data as a combination between the Clayton 

copula and the copula assuming normal distribution. Similar results have been found by both 

Hatherley and Alcock (2007) and Okimoto (2008). They choose copulas to model the 

asymmetric dependency because copulas can capture dependencies in the data that are not 

pre-specified by any distribution. 

 

Figure 5.4: Copulas from Hong 

“The figure reports four contour graphs. The first, on top -left side, is the “empirical” contour graph of the 

observed standardized excess returns on the market and the smallest size portfolio, and those on the top-right, 

bottom-left and bottom-right are the theoretical countour graphs based on a fitted normal, Clayton, and 

mixture copula models, respectively.”  

Source: Hong, Tu and Zhou (2007)(p. 1563) 

 

From a practical point of view, copulas can better capture the increased probability of 

downturns than the multivariate normal distribution. Using copulas can potentially provide a 

more realistic simulation of portfolios, but mathematically challenging to incorporate. We 
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have therefore chosen to not discuss this procedure and rather refer to the relevant literature 

mentioned above. 

We presented above several approaches for making investment decisions in markets with 

asymmetric correlations. However, these approaches have been mostly developed out of the 

data on the US stock market. Although we find that the US portfolios and the Danish 

portfolios have similar correlation characteristics, we are cautious to conclude that these 

approaches can also be applied for the Danish stock market. To answer this question with 

more certainty, one needs to analyze to analyze the application of these approaches on the 

data of the Danish stock market. We cannot conduct this analysis given limited resources 

available for this paper and is therefore suggested for further research. 

6 CONCLUSION 

The thesis analyzes asymmetries in correlation between stock portfolios and the overall 

Danish stock market for the period of 1993- 2009. In order to conduct the analysis, the 

research sample is sorted into quintile portfolios based on size, book-to-market value, beta, 

momentum and coskewness. These firm and stock characteristics are popular factors in the 

evaluation of investment choices. The sorting constitutes to a total of 25 stock portfolios. The 

portfolios are rebalanced on a monthly basis over the course of the research period. The 

correlation asymmetry between the portfolios and the market is analyzed with two 

complementary statistical tests. First, we apply the H-statistics developed by Ang and Chen 

(2002) to measure and test the difference in empirical correlation to the correlation implied by 

the bivariate normal distribution. This difference is of interest to the investor, because many 

popular investment decision models assume normally distributed returns. Second, we apply 

the symmetry test developed by Hong, Tu and Zhou (2007) to examine if there are any 

asymmetries in the data. The correlation in the data cannot be explained by any symmetric 

distribution if the data is rejected by the symmetry test.  

In order to fulfill the research objective of this thesis, we answer the following research 

questions:   

Research Question 1: Is there asymmetric correlation between stock portfolio returns and the 

stock market returns in Denmark for the time period 1993 and 2009?  

The H-statistic results show that the empirical correlations are significantly different to the 

correlation implied by the bivariate normal distribution. Out of the 25 constructed portfolios, 

we cannot reject the null-hypothesis of bivariate normal distribution for only two portfolios. 
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The H value shows that the empirical correlation differs on average by 10.48 % to the implied 

normal correlation. By applying the symmetry test 1 and 2 to our data, we cannot reject the 

null-hypothesis of symmetry for only three out of the 25 portfolios. Combining the results 

from the H-statistic and symmetry test, we conclude that the empirical correlation between the 

stock portfolios and the Danish market is asymmetric. 

The H- value and H+ value reveal that empirical correlation differs from the implied normal 

correlation on average by 12.41 % conditional on only downside movements and by 7.96 % 

conditional on only upside movements. All of the 22 portfolios rejected by the symmetry test 

have higher empirical correlation on the downside than on the upside. Combining the results 

from H-statistics and symmetry test, we conclude that the correlation between the stock 

portfolios and the Danish market is higher in periods of falling markets than in periods of 

rising markets. 

Research Question 2: Is asymmetric correlation between stock portfolios returns and the 

stock market returns in Denmark related to the certain firm and stock characteristics? (Size, 

book-to-market value, beta, momentum, coskewness) 

Turning to the selected firm and stock characteristics, we find that correlation asymmetry is 

related to size, book-to-market value and momentum. The results do not suggest a meaningful 

relation of correlation asymmetry to beta and coskewness.  

For portfolios sorted by size, the results show that correlation asymmetry increases with 

decreasing company size. For those sorted on book-to-market value, the results show that 

correlation asymmetry is higher for high book-to-market value portfolios (value stocks) than 

for low book-to-market value portfolios (growth stocks). For the momentum-sorted portfolios, 

we find that correlation asymmetry is higher for past losers (low momentum) portfolios than 

for past winners portfolios (high momentum).  

Research Question 3: Do asymmetric correlations change over time? 

In order to analyze correlation asymmetry over time, we test three sub periods of our research 

period. These sub periods are chosen to cover both falling and rising markets. We find that 

correlation asymmetry is a neither a stable nor a temporary phenomenon. Instead, the 

magnitude of correlation asymmetries varies across the three sub periods. Our results suggest 

that correlation asymmetry is inversely related the unconditional correlation of the stock 

portfolio with the Danish market.  
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We apply the statistical framework to analyze whether correlation asymmetry can be also 

found in the absence of short-selling. We find no evidence of asymmetry during this time 

period, which suggests that short-selling and correlation asymmetries are related, and find that 

the patterns of correlation changed when the ban was imposed  

 

Research Question 4: How can investors make decisions in the presence of correlation 

asymmetry? 

Based on relevant literature we discuss how investment decisions can be made if correlations 

are higher in falling than in rising markets. The discussion focuses on portfolio construction 

and asset pricing.  

The mean-variance portfolio optimization framework can incorporate downside correlations 

by optimizing on downside variance instead of unconditional variance. This approach leads to 

a more conservative estimation of risk. An alternative approach is to construct portfolios by 

optimizing the utility of a loss-averse investor. Such a utility function reflects the implications 

of higher correlation in falling markets, because it puts more weight on losses than on gains. 

This approach should lead to a diversification of returns in falling markets and a unification of 

returns in rising markets.  

For asset pricing, downside beta or a downside correlation factor can be used to explain 

variation across stock returns caused by higher correlations in falling than in rising markets. 

While downside beta cannot be applied to price highly volatile stocks, downside correlation 

can be applied to all stocks because it is not affected by volatility.  

The methodology for analyzing the correlation asymmetries has been chosen after a careful 

evaluation of the relevant literature. We reflect on the methodology by evaluating the impact 

of several calculation choices. While these choices have a low impact on the H-statistics and 

Symmetry 2, Symmetry 1 is less robust. The results should therefore be considered with some 

criticism.  

7 PERSPECTIVE & FURTHER RESEARCH 

We consider our study as a relevant contribution to the literature on correlation asymmetries. 

The findings show that asymmetric correlation between stock portfolios and the market is not 

just a phenomenon exclusive to the US stock market. Although the Danish stock market is 
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different in terms of the magnitude and distribution of market value, the asymmetries in 

correlation are similar to the ones found in the US stock market.  

One of the most important similarities is that correlation in falling markets is higher than in 

rising market. Hence the applicability of financial models assuming a symmetric correlation 

across rising and falling markets is in question. Popular examples of such models are the 

traditional CAPM and mean-variance efficient portfolio optimization framework. We 

therefore present alternatives approaches, which are developed to incorporate higher 

correlation in falling markets. However, all of these models have to our knowledge only been 

tested on data of the US stock market. We therefore suggest analyzing if these models can 

also successfully incorporate the correlation asymmetries found in the Danish stock market. 

This could provide researchers with more valuable information for improving such models. 

Like all other relevant literature on correlation asymmetries, our thesis does not explore the 

sources of this phenomenon. One important challenge for further research is therefore to 

answer the question why correlation asymmetries exist in the first place. Fortunately, our 

findings suggest two starting points to asses this question. 

The first starting point is to analyze the relation between correlation asymmetry and the risk 

factors of Fama and French (1993). We show that correlation asymmetry is higher for 

portfolios of small-sized stocks and high book-to-market value stocks. This finding indicates 

a common component among correlation asymmetry and the size and book-to-market value 

effects documented by Fama and French (1992). 

Our results also direct to another aspect of that relation. We show that correlation between the 

lowest book-to-market value-sorted portfolio and the market is symmetric. This is also the 

case for the highest size-sorted portfolio. Both of these symmetric portfolios have a very high 

unconditional correlation with the market, while the asymmetric portfolios on the other end 

(small size and high book-to-market value) have a far lower correlation with the market. This 

raises the question whether asymmetries in the size- and book-to-market value-sorted 

portfolios are caused by two distinctive factors or by a common factor. In order to approach 

this question, we suggest analyzing the correlation asymmetries of book-to-market value-

sorted portfolio by controlling for size – or vice versa. Our finding that correlation 

asymmetries are inversely related to unconditional correlation between the stock portfolios 

and the market might provide another puzzle piece for that analysis.   
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The second starting point is to analyze the relation between short-selling and correlation 

asymmetries. We find that stocks of past loser portfolios have higher correlation asymmetries 

in falling markets than the stocks of the past winners portfolio. By short-selling past loser 

stocks, the investor will consequently earn even more than what is expected under the 

assumption of a symmetric correlation. Our results also show no evidence of asymmetries in 

the absence of short-selling. A more sophisticated analysis on the role of short-selling could 

provide valuable insights into the sources of correlation asymmetries. 

In an effort to answer why correlation asymmetry exists in the first place, we suggest to 

develop research questions in the context of both traditional and behavioral finance theory.  
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1 APPENDIX: DEFINITION OF EXPECTED RETURN, VARIANCE AND STANDARD 

DEVIATION. 

The following paragraphs define the statistical conceptions of expected return, variance and 

standard deviation. These definitions are based on Bodie, Kane and Marcus (2002) (p. 941-975) 

In the context of our thesis, return is defined as the return in percentage one earns for a investing in 

a risky asset. The return of a financial asset is the reward for bearing the risk associated with the 

asset. The expected return is then the expected reward of the investor earns from holding an asset 

with a certain expected risk. There are several models to estimate expected return, where the most 

popular ones are the CAPM and the Fama-French multifactor model. 

The risk of a financial asset is defined in our thesis as the expected deviation from the expected 

return of that asset. The most commonly used measures of risk in financial theory are probably 

variance and standard deviation. The variance is the expected squared deviation of the expected 

return, and calculated as presented in Eq. 1.1. The deviation from the expected returns needs to be 

squared because otherwise the positive and negative deviations would perfectly offset each other. In 

order to compare this measure to the expected return, both measures need to be in the same 

dimension, i.e. the unit of measure. By taking the square root of the variance, we transform the 

variance into the unit of percentage return. This measure is known as the standard deviation, 

denoted as     .  

Eq. 1.1 

                  

 

2 APPENDIX: DATASTREAM DATA DESCRIPTIONS 

The following paragraphs describe the data series its type from Datastream we used for our 

analysis. This information has been downloaded from Datastream 4.0 on 12 August 2010. 

 

The description of Return Index (RI) refers to Price (P) and Price Index(PI), hence we are also 

providing the descriptions of them. Note, that we are not directly using the data types Price (P) and 

Price Index (PI) in our analysis. However the Return Index (RI) (used to calculate the stock 

returns,) is based in the Price (P), which has a special definition for the Danish stock market. 
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2.1 Data series: LCOSEASH 

Copenhagen OMX (OMXC) (198 Companies)  

2.2 Data series: DEADDK 

 Dead Stocks DK (297 Companies) 

2.3 Data type: Return index – datatype (RI)  

A return index (RI) is available for individual equities and unit trusts. This shows a theoretical 

growth in value of a share holding over a specified period, assuming that dividends are re-invested 

to purchase additional units of an equity or unit trust at the closing price applicable on the ex-

dividend date. For unit trusts, the closing bid price is used. 

For all countries except the USA and Canada detailed dividend payment data is only available on 

DataStream from 1988 onwards. Up to this time the RI is constructed using an annualized 

dividend yield, as follows: 

 

Where: 

  = return index on day t 

  = return index on previous day 

  = price index on day t 

  = price index on previous day 

  = dividend yield % on day t 

 N = number of working days in the year (taken to be 260) 

From 1988 onwards (and from 1973 for US and Canadian stocks), the availability of detailed 

dividend payment data enables a more realistic method to be used in which the discrete quantity of 

dividend paid is added to the price on the ex-date of the payment. Then: 

 

except when t = ex-date of the dividend payment Dt then: 
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Where: 

  = price on ex-date 

  = price on previous day 

  = dividend payment associated with ex-date t 

Gross dividends are used where available and the calculation ignores tax and re-investment 

charges. Adjusted closing prices are used throughout to determine price index and hence return 

index. 

At this point the RI is calculated back to the base date. 

2.4 Data type: Price (Adjusted – Default) (P) 

Datatype (P) represents the official closing price. This is the default datatype for all equities. 

The „current‟ price on Datastream‟s equity programs is the latest price available to us from the 

appropriate market in primary units of currency (except in the case of the UK where price is given 

in pence). It is the previous day‟s closing price from the default exchange except where more 

recent or real-time prices are available, as listed in the Data sources & updating procedures section 

of this help system. 

The „current‟ prices taken at the close of market are stored each day. These stored prices are 

adjusted for subsequent capital actions, and this adjusted figure then becomes the default price 

offered on all Research programs. The actual historical prices can be accessed using the 

unadjusted price datatype (UP). 

 

Prices are generally based on „last trade‟ or an official price fixing. For stocks which are listed on 

more than one exchange within a country, default prices are taken from the primary exchange of 

that country (note that this is not necessarily the „home‟ exchange of the stock). For Japan and 

Germany , prices from the secondary markets can be obtained by qualifying the price datatype 

with an exchange code (see below for details).  

For Japan and Germany also see the „price-most traded‟ datatype PQ.  
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Certain exchanges publish alternative definition closing prices. See datatypes PX and PZ for 

details.   

Cyprus  

The price is a volume weighted average of all trades  

Denmark 

Default prices are average traded prices. 

Germany (floor trading)  

Default closing prices are taken from the Frankfurt exchange.  To obtain prices from regional 

markets, add the Datastream exchange code to the price datatype. For example, PSG will return 

closing prices for Stuttgart, where P is the datatype and SG is the exchange code. 

Regional exchange codes for Germany are: 

 BL  Berlin 

 DD  Dusseldorf 

 HB  Hamburg   

 HN  Hanover 

 MU  Munich 

 SG  Stuttgart 

 The default exchange is Frankfurt (FF)  

Hong Kong 

The "nominal" closing exchange price is used calculated as follow –  if the issue has been traded 

up to that time on the day: 

 (when the current bid price is greater than the last recorded price and there is at least one 

buy order on the primary queue), the current bid price; otherwise 

 (when the current ask price is less than the last recorded price and there is at least one sell 

order on the primary queue), the current ask price; otherwise 

 where both A and B above do not apply, then the last recorded price 

 For last trade, use the datatype PX. 

Italy 

Default prices are last trades from the Milan continuous market. To select „official‟ prices, use the 

datatype PZ. 

Japan 
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Default prices are taken from the Tokyo Stock Exchange. To obtain price from regional markets, 

add the Datastream exchange code to the price datatype. For example, POK will return closing 

prices for Osaka, where P is the datatype and OK is the exchange code. 

Regional exchange codes for Japan are: 

 FU Fukuoka 

 OK Osaka 

 NG Nagoya 

 SO Sapporo 

 The default exchange is Tokyo (TY) 

Russia 

Micex listing would be the default exchange for Russian Equities and the default currency would 

be Roubles. To obtain prices for other exchanges, the alternative price can be obtained by 

appending the exchange code to the datatype.   Eg: PMI will retrieve close prices from MICEX, 

P.RTUSD will retrieve USD prices quoted on RTS.   

South Africa 

Last recorded sales price, if  

 There is a higher buyer's price 

 There is a lower seller's price 

In that case either 'a' or 'b' whichever is appropriate will be the ruling price. 

Spain 

Primary exchange for Spain is Madrid SIBE. Other regional exchanges are Barcelona, Bilbao, 

Valencia & Madrid Floor. To obtain price from regional markets, add the Datastream exchange 

code to the price datatype. For example, PBJ will return closing prices for Bilbao, where P is the 

datatype and BJ is the exchange code. 

UK 

For shares traded on the London Stock Exchange‟s electronic trading system (SETS), the default 

price is determined by the closing auction. For shares not traded on the electronic trading system, 

the default price continues to be the mid of the closing bid and ask prices generated from the 

exchange‟s automatic quotation system. 

US 
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For listed US shares prices are „composite‟ in that they reflect the last trade on either the New 

York or American exchanges or one of five main regional exchanges (Chicago, Boston, National, 

Pacific, Philadelphia) plus NASDAQ Intermarket.   

For NASDAQ issues which are also traded under the Unlisted Trading Privilege (UTP) facility on 

the American, Chicago, Boston and National exchanges the closing price is also a composite last 

trade.  

MiFID 

To obtain prices from specific MiFID venues, add the Datastream exchange code to the price 

datatype. For example, PC9 will return closing prices for Chi-X, where P is the datatype and C9 is 

the exchange code.  

MiFID venue codes are: 

 A1        ABN London 

 A2        Citibank Glb Lon 

 A3        Citibank Glb UK Eq 

 A4        Credit Suisse 

 A5        Deutsche Bank 

 A6        Goldman Sachs 

 A7        Lehman 

 A8        Merrill Lynch 

 A9        UBS 

 B2         Markit 

 B3         EBBO 

 B5         London OTC 

 B6         Irish SE OTC 

 B7         Plus Market OTC 

 B9         Euronext OTC 

 C8        Chi-X OTC 

 C9        Chi-X 

 D1        Turquoise 

 D3        NASDAQ OMX Europe 
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 D2        BATS Europe 

See the Data sources & updating procedures section of this help system for full details of price 

sources and updating times. 

2.5 Data type: Price index – datatype (PI) 

The price index expresses the price of an equity as a percentage of its value on the base date, 

adjusted for capital changes. 

2.6 Data type: Market value / market capitalisation – datatype (MV)  

Market value on Datastream is the share price multiplied by the number of ordinary shares in issue. 

The amount in issue is updated whenever new tranches of stock are issued or after a capital change. 

For companies with more than one class of equity capital, the market value is expressed according 

to the individual issue.  

Market value is displayed in millions of units of local currency 

2.7 Data type: Book value per Share– datatype (WC05476)  

BOOK VALUE PER SHARE represents the book value (proportioned common equity divided by 

outstanding shares) at the company's fiscal year end for non-U.S. corporations and at the end of the 

last calendar quarter for U.S. corporations. 

Preference stock has been included in equity and the calculation of book value per share where it 

participates with common/ordinary shares in the profits of the company. It is excluded in all other 

cases, deducted at liquidation value for U.S. companies and at par value for all others. In Germany, 

special (tax-allowed) reserves have been excluded. In Finland, 100% of untaxed reserves are 

included prior to 1994 and are being phased out over subsequent years. Norway includes 100% of 

untaxed reserves prior to 1992. In Sweden, untaxed reserves adjusted by the reciprocal of the 

standard tax rate are included in the calculation of book value prior to 1991. 

For U.S. corporations, common and common equivalent and fully diluted book values are shown, 

when available. 

For companies with more than one type of common/ordinary share, the book value is based on 

combined shares adjusted for the par value of the share type identified in field 06005 -Type of 

Share. 
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This item is also available at the security level for 1987 and subsequent years and is shown per 

1,000 shares for Brazilian companies. 

2.8 Data type: Turnover by volume – datatype (VO) 

This shows the number of shares traded for a stock on a particular day. The figure is always 

expressed in thousands. 

 

Daily figures are adjusted for capital changes; non-daily figures are not adjusted. For stocks, which 

are traded on more than one exchange within a country, default volumes are taken from the primary 

exchange of that country (note that this is not necessarily the „home‟ exchange of the stock). For 

Japan and Germany, volumes from the secondary exchanges can be obtained by specifying the 

volume datatype with an exchange code. For example, to display volumes for Toyota Motor from 

the Osaka exchange use J:TYMO(VOOK) where OK is the exchange code for Osaka. See below for 

the relevant codes. The exception is for US listed shares where volumes are consolidated across all 

exchanges on which a share is listed. 

The precise definition of the values (for example, "sell side only") is dependent on the individual 

exchanges. 

http://extranet.datastream.com/User%20Support/PubDoc/Volumedefs.htm  

See also Volume, padded  

The Datastream exchange code to the price datatype functionality can be used for this datatype. 

Please see the definition of Price (Adjusted – Default) (P) for more information. 

2.9 Data type: Industry sector name - datatype (FTSISCN) 

The FTSE Global Classification System provides a clear structure for sector analysis across country 

boundaries. The classification comprises 10 economic groups, 39 industrial sectors and 102 industry 

sub-sectors. Each sub-sector is defined. You will also find the FTSE economic group, sector and 

sub-sector codes, and the Datastream codes for economic groups and industry sectors. 

2.10 Data series: CIBOR3M 

The CIBOR (Copenhagen Inter-Bank Offered Rates) is a reference interest rate for provision of 

uncollateralized liquidity in the inter-bank market to banks with a high credit rating. It is calculated 

on the basis of the 12 largest Danish banks' quoted rates at 10.30 a.m. each banking day. If there are 
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twelve or more CIBOR offerers, the Bank will omit the three highest and the three lowest rates 

before calculating a simple average of the remaining rates. If there are eleven or fewer offerers, the 

two highest and the two lowest rates will be omitted before calculating a simple average of the 

remaining rates. If there are fewer than eight offerers, the highest and the lowest rate will be omitted 

before calculating a simple average of the remaining rates. There are twelve CIBOR offerers: ABN 

Amro Bank, Barclays Capital, Danske Bank, Deutsche Bank, Fionia Bank, HSH Nordbank, Jyske 

Bank, Nordea, Nykredit Bank, Royal Bank of Scotland, Spar Nord Bank and Sydbank. 

3 APPENDIX: BLOOMBERG DATA DESCRIPTIONS 

The following paragraphs describe the data series and type from Bloomberg we used for our 
analysis. This information has been downloaded from Bloomberg on 7  August 2010. 

3.1 Data type: PX_LAST  

Last price of a security 

3.2 Data Series: CIBO01M Index 

 

Figure 3.1Screenshot of the description of the CIBO01 Index from Bloomberg  

3.3 Data type: TOT_RETURN_INDEX_GROSS_DVDS 
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Total Return Index (Gross Dividends). One day total return index as of today. The start date is one 

day prior to the end date (as of date).  Historically, this is the total return index from the provided 

start date to the provided end date. Applicable periodicity values are daily, monthly, quarterly, 

semi-annually and annually. Gross dividends are used. 

 

3.4 Data series: KFX Index 

 

Figure 3.2 Screenshot of the description of the KFX Index from Bloomberg  
 

4 APPENDIX: ANALYSIS OF THE FISCAL YEAR DEFINITIONS OF THE 

RESEARCH SAMPLE 

The section presents the fiscal year choices of the companies in our sample at both at the beginning 

and the end of their listing period.  
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Figure 4.1: Analysis of the fiscal year definition of the research sample. The “Month” row shows the calendar 

months coded in the range of 1 to 12, where 1 is January. The “Absolute” row shows the absolute number of 

companies which have their fiscal year end in the month prior. The “Percentage” presents this numb er in 

percentage of the 73 companies in the sample.  

 

5 APPENDIX: NUMBER OF STOCKS IN THE RESEARCH SAMPLE OVER TIME 

The figure below present the number of stocks included in our research sample during the time 

period 1992-2010. The DVD with the electronic version will hold information on the individual 

stocks included in the 25 portfolios (and the market portfolio) over the time period.  

 

Figure 5.1: Number of stock in the research sample over time  

 

6 APPENDIX: COMPARISON OF BETAS OF THE SIZE PORTFOLIOS FOR THE 

DIFFERENT SAMPLES 

Our results show very low betas for the Danish stock market compared to other stock markets. 

Table 6.1 illustrates the market beta for the 463-sample, 87-sample and the US stock market found 

by Ang and Chen (2002) (p. 462). It shows a large difference between the 463-sample market betas 

Beginning of listing period - Last BV change date

Month 1 2 3 4 5 6 7 8 9 10 11 12

Absolute 55 0 0 1 2 1 9 0 0 5 0 0

Percentage 75% 0% 0% 1% 3% 1% 12% 0% 0% 7% 0% 0%

End of listing period - Last BV change date

Month 1 2 3 4 5 6 7 8 9 10 11 12

Absolute 58 0 0 0 3 1 9 0 0 2 0 0

Percentage 79% 0% 0% 0% 4% 1% 12% 0% 0% 3% 0% 0%
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and the US market betas. As it can be seen from the 87-sample betas, restricting the 463-sample to 

the liquid stocks in the Danish stock market will clearly increase the beta for each size-sorted 

portfolio. It should also be noted, that the betas do not change much when the OMXC 20 Index 

instead of the full sample is used as the market proxy in the beta calculation.  

In a study about the momentum effect on the Danish stock market,Pedersen (2010) (p.62) also 

points out the low market betas compared to the German, UK and US stock market. He explains the 

low values mainly with low liquidity on the Danish stock market. He characterize as “a small 

market, with a big share of the market value is concentrated on a small amount of stock” Pedersen 

(2010) (p. 67)
1
. The impact of using a market-value weighted return as the market proxy for the 

Danish market is therefore resulting in low beta values
2
. Measuring market beta in markets where 

the market value is more evenly distributed would therefore yield higher beta values.  

Table 6.1: Comparison of the market betas of the 463- , 87-samples on the US market sorted on size.   
The full sample and the OMXC 20 Index return have been used for the market proxy. For the 463 - and 87-sample, the 

betas are calculated as an average of the daily betas over the period 1993 -2009. The estimation period for the beta 

values is one year of daily returns.  The beta values for the US stock market are calculated by Ang and Chen (2002) 

(p.462) using weekly returns and. All returns are value-weighted. 

 

7 APPENDIX: DIALOGUE WITH CHRISTIAN V. PEDERSEN ABOUT THE TIME 

LAG IN MARKET BASED ACCOUNTING RESEARCH. 

Question - Sent on 15 July 2010 

Hej Christian, 

our names are Thorben Andresen and Preben Hansen and we are currently conducting a time-series 

analysis on stocks in the danish market. 

We are interested in your estimate of how long it takes for danish companies to publish their book 

values after the end of their fiscal year. Fama & French (1993) assume 6 month before investors can 

                                                 
1 Own translation from Danish 

2 Refer to section X for a description of market –value weighted and equally-weighted returns. 

Large Small

Sample Market 4 3 2 1 0

Full sample 0.58 0.23 0.16 0.13 0.17

OMXC20 Index 0.81 0.28 0.18 0.12 0.12

Full sample 1.08 0.82 0.84 0.61 0.59

OMXC20 Index 0.95 0.74 0.64 0.49 0.50

US market Full sample 0.98 1.03 1.03 1.03 0.92

Size

87

463
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be sure to obtain the book values after the fiscal year-end in the US-market. (Although US 

companies are legally obligated to report after 3 month, Fama French assume that a lot of 

companies are reporting later, hence they assume 6 month). 

What delay would you estimate for the danish market over the last 25 years? 

Thank you - we appreciate your help 

Kind Regards 

Thorben Andresen (Cand.merc.ASC) 

Preben Hansen (Cand.merc.AEF) 

Answer - Received on 20 July 2010 

Hi Magdalena, 

According to Danish accounting legislation annual reports must be submitted to the Danish 

Commerce and Companies Agency (Erhvervs – og Selskabsstyrelsen) within 5 months after the end 

of the financial year. For Class D firms (listed companies) the time limit is 4 months.  

As companies do submit their annual report at different times (within the 4/5 months limit), market 

based accounting research often measure stock reactions to reported financial statements (annual 

reports) for instance 3, 4 and 6 months after fiscal year end. 

For further details please refer to the Danish Financial Statements Act (Årsregnskabsloven) section 

138. 

Hope, the answer is what you were looking for. I should stress that I point to current legislation, I 

do not know the time limit for submission of the annual report 25 years  back in time. You might 

want to call Erhvervs – og Selskabsstyrelsen to find out about this. 

Kind regards,  

Christian V. Petersen 

Professor, Ph.D  

E-mail: cp.acc@cbs.dkHomepage: http://www.cbs.dk/departments/aa/Address: 

Copenhagen Business School 

Department of Accounting and Auditing 



124 

 

Solbjerg Plads 3, C4 

DK-2000 Frederiksberg 

Denmark 

Phone +45 38152307 

Fax   +45 38152321 

 

 

8 APPENDIX: SAS ENTERPRISE GUIDE RANKING METHODOLOGY 

 

Figure 8.1 Screenshot of the SAS Rank Method used to rank the portfolio. The configurations shown are the 

one used to rank our data.  
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9 APPENDIX: COVERAGE RATIO METHODOLOGY AND TABLE OF RESULTS 

This section will outline the methodology and the results of the analysis of the coverage ratio 

presented in section 3.  

The list of companies listed at the Copenhagen Stock Exchange has been created by . Pedersen 

(2010) for the period 1985-2005. He states in his paper that he used the number of stocks listed at 

the last trading day of the particular day. This data has been extracted from several publications of 

the Copenhagen Stock Exchange, which can be found in the bibliography of his paper. However we 

think, that he was confusing the number of stocks with the number companies listed. We base our 

suspicion on the publication we obtained from the Copenhagen Stock Exchange in order to get the 

values for the period 2006-2009. The Nordic List from NASDAQ OMX Copenhagen (2010) 

presents the listing figures in various ways (e.g. sorted by industry sector), but all of these figures 

are based on the number of companies and not stocks listed. Furthermore, we perceive that this 

number is seamlessly extending the list constructed by Pedersen (2010).  

In order to make our stock list comparable with the list of the number of companies listed at the 

Copenhagen Stock Exchange, we need exclude additional stock classes (e.g. A-class or B-class 

stocks) of the same company. This has been done manually, and is therefore prone to errors to some 

degree.  
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Table 9.1: Presentation of the coverage ratio analysis. Column 2 and 3 show the number of companies for each 

year in our two lists from Datastream. Column 2(Active) is the “Copenhagen OMX” List, denoted by the 

Datastream code  LCOSEASH. Column 3 (Dead) is the “Dead Stocks DK” list, denoted by the Datastream code 

DEADK. Column 3 show the sum of the two Datastream lists. Column 4 show the number of companies for 

each year listed at the Copenhagen Stock Index. The last column shows the coverage ratio of each year.  

 

 

10 APPENDIX: LIST OF MANUALLY REMOVED NON-TRADING DAYS 

The following table presents the non-trading days we have removed manually from our analysis. 

Datastream does not exclude these days from its dataset. 

List of manually removed non-trading days 

26-12-1990 

31-12-1990 

01-01-1991 

24-12-1991 

Year Coverage Ratio

CSE

Active Dead Total Total

1985 16 32 48 327 0.15

1986 19 33 52 366 0.14

1987 20 33 53 355 0.15

1988 20 33 53 389 0.14

1989 78 113 191 361 0.53

1990 87 124 211 350 0.60

1991 90 126 216 342 0.63

1992 107 151 258 340 0.76

1993 110 163 273 313 0.87

1994 110 162 272 326 0.83

1995 114 151 265 314 0.84

1996 115 149 264 306 0.86

1997 120 143 263 300 0.88

1998 122 137 259 293 0.88

1999 128 137 265 285 0.93

2000 130 127 257 269 0.96

2001 136 110 246 244 1.01

2002 141 96 237 224 1.06

2003 141 69 210 215 0.98

2004 143 52 195 200 0.98

2005 144 47 191 189 1.01

2006 147 39 186 187 0.99

2007 161 30 191 198 0.96

2008 177 25 202 194 1.04

2009 181 22 203 187 1.09

Number of Companies

Datastream
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25-12-1991 

26-12-1991 

01-01-1992 

16-04-1992 

17-04-1992 

20-04-1992 

15-05-1992 

28-05-1992 

05-06-1992 

08-06-1992 

24-12-1992 

25-12-1992 

31-12-1992 

01-01-1993 

08-04-1993 

09-04-1993 

12-04-1993 

07-05-1993 

20-05-1993 

31-05-1993 

24-12-1993 

31-12-1993 

31-03-1994 

01-04-1994 

04-04-1994 

29-04-1994 

12-05-1994 

23-05-1994 

26-12-1994 

13-04-1995 

14-04-1995 

17-04-1995 

12-05-1995 

25-05-1995 

05-06-1995 

25-12-1995 

26-12-1995 

01-01-1996 

04-04-1996 

05-04-1996 

08-04-1996 

03-05-1996 

16-05-1996 
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27-05-1996 

05-06-1996 

24-12-1996 

25-12-1996 

26-12-1996 

31-12-1996 

01-01-1997 

27-03-1997 

28-03-1997 

31-03-1997 

25-04-1997 

08-05-1997 

19-05-1997 

05-06-1997 

24-12-1997 

25-12-1997 

26-12-1997 

31-12-1997 

01-01-1998 

16-02-1998 

09-04-1998 

10-04-1998 

13-04-1998 

08-05-1998 

21-05-1998 

01-06-1998 

05-06-1998 

24-12-1998 

25-12-1998 

31-12-1998 

01-01-1999 

01-04-1999 

02-04-1999 

05-04-1999 

30-04-1999 

13-05-1999 

24-05-1999 

24-12-1999 

31-12-1999 

20-04-2000 

21-04-2000 

24-04-2000 

19-05-2000 
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01-06-2000 

05-06-2000 

12-06-2000 

25-12-2000 

26-12-2000 

01-01-2001 

12-04-2001 

13-04-2001 

16-04-2001 

11-05-2001 

24-05-2001 

04-06-2001 

05-06-2001 

24-12-2001 

25-12-2001 

26-12-2001 

31-12-2001 

01-01-2002 

28-03-2002 

29-03-2002 

01-04-2002 

26-04-2002 

09-05-2002 

20-05-2002 

05-06-2002 

24-12-2002 

25-12-2002 

26-12-2002 

31-12-2002 

01-01-2003 

17-04-2003 

18-04-2003 

21-04-2003 

16-05-2003 

29-05-2003 

05-06-2003 

09-06-2003 

24-12-2003 

25-12-2003 

26-12-2003 

31-12-2003 

01-01-2004 

08-04-2004 
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09-04-2004 

12-04-2004 

07-05-2004 

20-05-2004 

31-05-2004 

24-12-2004 

31-12-2004 

24-03-2005 

25-03-2005 

28-03-2005 

22-04-2005 

05-05-2005 

16-05-2005 

26-12-2005 

13-04-2006 

14-04-2006 

17-04-2006 

12-05-2006 

25-05-2006 

05-06-2006 

25-12-2006 

26-12-2006 

01-01-2007 

05-04-2007 

06-04-2007 

09-04-2007 

04-05-2007 

17-05-2007 

28-05-2007 

05-06-2007 

24-12-2007 

25-12-2007 

26-12-2007 

31-12-2007 

01-01-2008 

20-03-2008 

21-03-2008 

24-03-2008 

25-03-2008 

18-04-2008 

01-05-2008 

12-05-2008 

05-06-2008 
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24-12-2008 

25-12-2008 

26-12-2008 

31-12-2008 

01-01-2009 

09-04-2009 

10-04-2009 

13-04-2009 

08-05-2009 

21-05-2009 

22-05-2009 

01-06-2009 

05-06-2009 

24-12-2009 

25-12-2009 

31-12-2009 

01-01-2010 

Table 10.1: List of manually removed non-trading days. 

11 APPENDIX: LIST OF STOCKS IN THE SAMPLE 

 

The following table provides an overview of our initial sample with 463 sample, our 87 sample (our 
main sample) and the 73 sample for the book-to-market values portfolios. The 87 and 73 sample 
are indicated by an “X” in the latter two columns of the table. Additonally, the list provides the 
Datastream identification code, the Datastream name and the trade ratio of each stock in our 
sample. 
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1 307082 INTERBANK DEAD - 19/04/95 - MARKET VALUE 0.352     

2 307087 FL BIE B - MARKET VALUE 0.281     

3 307089 DATALOG DEAD - T/OVER - 30713 - MARKET VALUE 0.145     

4 307106 UP IHAENDE DEAD - DELISTED - MARKET VALUE 0.091     
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5 307126 GREDANA PR. - MARKET VALUE 0.925     

6 307137 LYSKAER LYFA B DEAD - 12/12/94 - MARKET VALUE 0.553     

7 307139 NOBEL INDR. F (CSE) (TAKEOVER BY 912643) - MARKETVALUE 0.762     

8 307152 SN HOLDING DEAD - T/O SEE 755812 - MARKET VALUE 0.895     

9 307157 BALLIN & HERTZ (DELISTED-29/03/93) - MARKET VALUE 0.107     

10 307160 COMMERCIAL HOLD B (SUSP - 23/04/93) - MARKET VALUE 0.584     

11 307163 DI EJENDOMS INVEST - MARKET VALUE 0.185     

12 307165 EJENDOMS COPERNICUS DEAD - 23/03/95 - MARKET VALUE 0.408     

13 307166 EJENDOMS TYSKLAND DEAD - LIQUIDATED - MARKET VALUE 0.266     

14 307170 EURO INVEST FX - MARKET VALUE 0.318     

15 307174 JB WORLD INVEST DELISTED - 02/07/93 - MARKET VALUE 0.216     

16 307176 DGK INVEST (SUSP - 10/02/93) - MARKET VALUE 0.107     

17 307182 LANGESBANK - MARKET VALUE 0.000     

18 307208 BLOCH & ANDRESON DEAD - DELIST 10/11/94 - MARKET VALUE 0.100     

19 307209 BLOCH & ANDRESON B DEAD - DELIST 10/11/94 - MARKET VALUE 0.149     

20 307217 JULIUS KOCH A - MARKET VALUE 0.011     

21 307218 JULIUS KOCH B DEAD - DELIST.23/03/9 - MARKET VALUE 0.026     

22 307226 SYSTEMA B DEAD - T/OVER - 307210 - MARKET VALUE 0.088     

23 307227 VARO B DEAD - DELIST.23/03/95 - MARKET VALUE 0.089     

24 307309 HAFSLUND AF (CSE) DEAD - DELISTED - MARKET VALUE 0.242     
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25 307430 TSCHUDI & EITZEN TANKERS DEAD - DELIST 19/07/96 -MARKET VALUE 0.510     

26 307645 EJENDOMSINVEST B - MARKET VALUE 0.839     

27 308248 CEDERHOLM & VOSS A DEAD - MERGER 307158 - MARKET VALUE 0.157     

28 308376 ITH A DEAD - DELISTED - MARKET VALUE 0.192     

29 308409 BILSPEDITION B (CSE) DUPLICATE SEE 307088 - MARKET VALUE 1.000 X   

30 309338 BURMEISTER & WAIN A DEAD - DELIST 08/05/96 - MARKET VALUE 0.389     

31 309671 GIROBANK DEAD - MERGER 504525 - MARKET VALUE 0.991 X   

32 505483 BURMEISTER & WAIN 'B' DEAD - DELIST 08/05/96 - MARKET VALUE 0.928     

33 531870 VARDE BANK DEAD - 01/08/94 - MARKET VALUE 0.990 X X 

34 702948 NDSK. FJERFAB. A - MARKET VALUE #N/A     

35 729004 FISKER & NLSON.A - MARKET VALUE #N/A     

36 749885 COPEN.REIN. A - MARKET VALUE #N/A     

37 749892 SCS HOLDING B DELISTED 06/10/93 - MARKET VALUE 0.000     

38 755814 SADOLIN & HOLM.B - MARKET VALUE #N/A     

39 755815 SUPERFOS PREF - MARKET VALUE 0.000     

40 756291 HATTING BAGERI - MARKET VALUE 0.486     

41 772416 LEX INVEST DEAD - 12/12/94 - MARKET VALUE 0.206     

42 772417 COMMERCIAL LEASING B (SUSP - 24/03/93) - MARKET VALUE 0.224     

43 772419 D/S NORDEN DEAD - MERGER - 749887 - MARKET VALUE 0.295     

44 772422 DANCALL RADIO A - MARKET VALUE 0.000     
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45 772423 DANCALL RADIO B - MARKET VALUE 0.000     

46 772428 S DYRUP & CO DEAD - T/O SEE 772861 - MARKET VALUE 0.200     

47 772430 ESBJERG BANK - MARKET VALUE 0.000     

48 772444 GREDANA SHIPPING DEAD - 09/06/95 - MARKET VALUE 0.073     

49 772459 EURO-INDUSTRIES (SUSP - 01/03/93) - MARKET VALUE 0.732     

50 772464 KILDEMOES CYKELFAB B DEAD - DELIST 28/03/96 - MARKET VALUE 0.037     

51 772491 SYDFYNS DISCONTBNK - MARKET VALUE 0.000     

52 772493 TELLUS EJENDOM INVT.'B' DEAD - DELIST 29/02/96 - MARKET VALUE 0.892     

53 772506 WALTER JESSEN PFD DEAD - DELISTED - MARKET VALUE 0.266     

54 772507 WALTER JESSEN B PFD DEAD - DELISTED - MARKET VALUE 0.192     

55 912070 AKTIVBANKEN - MARKET VALUE #N/A     

56 929818 WESSEL &VETT PF. DEAD - T/O BY 930232 - MARKET VALUE 0.706     

57 929856 PRIVATBKN.KJOB. - MARKET VALUE #N/A     

58 929857 HANDBK.KJOB. - MARKET VALUE #N/A     

59 929891 DSK.SUKKERFABRIK - MARKET VALUE #N/A     

60 929895 DSK.PROVINSBANK DEAD - DEAD - MARKET VALUE #N/A     

61 997864 DSK.SPRITFABRIK - MARKET VALUE #N/A     

62 DK:19A D/S 1912 A DEAD - T/O SEE 944398 - MARKET VALUE 0.794     

63 DK:19B D/S 1912 B DEAD - T/O SEE 997863 - MARKET VALUE 0.991 X   

64 DK:2MI 2M INVEST DEAD - DELIST 01/08/02 - MARKET VALUE 0.998 X X 
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65 DK:ABF ALM BRAND - MARKET VALUE 0.966 X X 

66 DK:ABP ALM BRAND PANTEBREVE - MARKET VALUE 0.318     

67 DK:AFF AFFITECH - MARKET VALUE 0.995 X X 

68 DK:ALA ALBANI BRYGG. A DEAD - T/O BY 772435 - MARKET VALUE 0.168     

69 DK:ALB ALMANIJ BRAND FORMUE 'B' - MARKET VALUE 0.803     

70 DK:ALF ALM BRAND FORMUE B (NEW) DEAD - 12/06/06 - MARKETVALUE 0.750     

71 DK:ALK ALK-ABELLO - MARKET VALUE 0.945     

72 DK:ALM ALM BRAND B DEAD - MERGED 755803 - MARKET VALUE 0.972 X X 

73 DK:AMA AMAGERBANKEN - MARKET VALUE 0.933     

74 DK:AMB AMBU - MARKET VALUE 0.670     

75 DK:AND ANDERSEN & MARTINI - MARKET VALUE 0.322     

76 DK:AOJ BROE.A & O JHAE. - MARKET VALUE 0.558     

77 DK:ARK ARKIL HOLDING - MARKET VALUE 0.486     

78 DK:ASG ASGAARD GROUP - MARKET VALUE 0.222     

79 DK:ATA ATLANTIC AIRWAYS (CSE) - MARKET VALUE 0.325     

80 DK:ATL ATLANTIC PETROLEUM - MARKET VALUE 0.994 X X 

81 DK:AUR AURIGA INDUSTRIES 'B' - MARKET VALUE 0.991 X X 

82 DK:BAN BANKTRELLEBORG DEAD - 01/02/08 - MARKET VALUE 0.963 X   

83 DK:BAV BAVARIAN NORDIC - MARKET VALUE 0.958 X X 

84 DK:BER BERLIN IV 'B' - MARKET VALUE 0.661     
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85 DK:BHJ BHJ DEAD - 20/12/04 - MARKET VALUE 0.648     

86 DK:BIB BRONDBY IF 'B' - MARKET VALUE 0.928     

87 DK:BIM BIOMAR HOLDING DEAD - 22/04/08 - MARKET VALUE 0.816     

88 DK:BIO BIOSCAN DEAD - 21/02/07 - MARKET VALUE 0.811     

89 DK:BLV BLUE VISION - MARKET VALUE 0.358     

90 DK:BNO BANKNORDIK - MARKET VALUE 0.992 X   

91 DK:BO BANG & OLUFSEN 'B' - MARKET VALUE 0.996 X X 

92 DK:BOB BIOPORTO - MARKET VALUE 0.435     

93 DK:BOC BOCONCEPT HOLDING 'B' - MARKET VALUE 0.605     

94 DK:BRA BRANDTS VENTURES DEAD - 18/04/02 - MARKET VALUE 0.368     

95 DK:BRD BRD KLEE 'B' - MARKET VALUE 0.173     

96 DK:BRH BRODRENE HARTMANN 'B' - MARKET VALUE 0.898     

97 DK:BRI BRITANNIA INVEST - MARKET VALUE 0.062     

98 DK:BRL BERLIN III 'B' - MARKET VALUE 0.846     

99 DK:CAB CARLSBERG 'B' - MARKET VALUE 1.000 X X 

100 DK:CAP CAPINORDIC - MARKET VALUE 0.803     

101 DK:CAR CARLSBERG 'A' - MARKET VALUE 0.969 X X 

102 DK:CBR CBRAIN - MARKET VALUE 0.788     

103 DK:CHE CHEMITALIC DEAD - DELIST-08/05/03 - MARKET VALUE 0.747     

104 DK:CHM CHEMOMETEC - MARKET VALUE 0.821     
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105 DK:CIC CIC DEAD - DEAD 07/12/01 - MARKET VALUE 0.318     

106 DK:CIM CIMBER STERLING GROUP - MARKET VALUE 1.000 X   

107 DK:CIP COLUMBUS IT PARTNER - MARKET VALUE 0.954 X X 

108 DK:COD CODAN DEAD - 31/07/07 - MARKET VALUE 0.911     

109 DK:COL COLOPLAST 'B' - MARKET VALUE 0.993 X X 

110 DK:COM COMENDO - MARKET VALUE 0.724     

111 DK:CON CONSENTA HOLDING DEAD - 29/11/04 - MARKET VALUE 0.159     

112 DK:COP COLOR PRINT DEAD - 18/09/06 - MARKET VALUE 0.566     

113 DK:CUR CURALOGIC DEAD - 27/04/09 - MARKET VALUE 0.981 X X 

114 DK:CWO C W OBEL DEAD - DELIST 01/10/01 - MARKET VALUE 0.767     

115 DK:DAB DANSKE BANK - MARKET VALUE 1.000 X X 

116 DK:DAH DANTRUCK - MARKET VALUE 0.168     

117 DK:DAI DAI HOLDING DEAD - 29/01/02 - MARKET VALUE 0.693     

118 DK:DAN DANIONICS - MARKET VALUE 0.985 X X 

119 DK:DAO DANISCO - MARKET VALUE 1.000 X X 

120 DK:DAX DANTAX RADIO - MARKET VALUE 0.130     

121 DK:DEH DAN EJENDOMME HLDG. - MARKET VALUE 0.155     

122 DK:DEL DELTAQ - MARKET VALUE 0.560     

123 DK:DFD DFDS - MARKET VALUE 0.947     

124 DK:DIB DIBA BANK - MARKET VALUE 0.744     
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125 DK:DJU DJURSLANDS BANK - MARKET VALUE 0.674     

126 DK:DKA DANSK KAPITALANLAEG DEAD - DEAD 18/01/05 - MARKETVALUE 0.493     

127 DK:DLH DALHOFF LAR.& HORNEMAN - MARKET VALUE 0.762     

128 DK:DNK DANSKE BANK NYE DEAD - 24/11/06 - MARKET VALUE 1.000 X   

129 DK:DNO DMPKBT.NORDEN - MARKET VALUE 0.674     

130 DK:DNT DANTHERM - MARKET VALUE 0.472     

131 DK:DSA A P MOLLER - MAERSK 'A' - MARKET VALUE 0.757     

132 DK:DSB A P MOLLER - MAERSK 'B' - MARKET VALUE 0.977 X X 

133 DK:DSV DSV 'B' - MARKET VALUE 0.916     

134 DK:DTO TORM - MARKET VALUE 0.938     

135 DK:DTR DSK.TRAELASTKOMPAGNI DEAD - DELIST-17/07/03 - MARKET VALUE 0.941     

136 DK:EAC EAST ASIATIC COMPANY - MARKET VALUE 1.000 X X 

137 DK:EBS EITZEN BULK SHIPPING - MARKET VALUE 0.270     

138 DK:EDB EDB GRUPPEN DEAD - 03/11/08 - MARKET VALUE 0.821     

139 DK:EGE EGETAEPPER 'B' - MARKET VALUE 0.238     

140 DK:EGN EGNSBANK FYN DEAD - DELIST 24/05/02 - MARKET VALUE 0.442     

141 DK:EHH SELSKABET AF 27 NOV.2008 DEAD - DEAD 01/05/09 - MARKET VALUE 0.678     

142 DK:EHU EHUSET DEAD - 11/07/01 - MARKET VALUE 0.829     

143 DK:EIC EUROINVESTOR COM - MARKET VALUE 0.676     

144 DK:EIK EIK BANKI - MARKET VALUE 0.976 X   
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145 DK:ELB ARHUS ELITE 'B' - MARKET VALUE 0.484     

146 DK:ENO NORDJYSKE BANK - MARKET VALUE 0.695     

147 DK:ERR ERRIA - MARKET VALUE 0.677     

148 DK:ESI ENERGY SOLUTIONS INTL. - MARKET VALUE 0.782     

149 DK:EU0 EUROPEINVESTMENT DEAD - 04/11/08 - MARKET VALUE 0.341     

150 DK:EUR EUROCOM IND. DEAD - DEAD.19/08/04 - MARKET VALUE 0.624     

151 DK:EXP EXPEDIT 'B' - MARKET VALUE 0.121     

152 DK:EXQ EXIQON - MARKET VALUE 0.917     

153 DK:FAL FALCK DEAD - DEAD 23/02/05 - MARKET VALUE 1.000 X X 

154 DK:FE1 FORMUEEVOLUTION I - MARKET VALUE 0.348     

155 DK:FEB FE BORDING 'B' - MARKET VALUE 0.487     

156 DK:FFA FIRSTFARMS - MARKET VALUE 0.992 X X 

157 DK:FIO FIONIA HOLDING DEAD - 30/12/09 - MARKET VALUE 0.934     

158 DK:FIP FIRST INV.PARTNER DEAD - 13/07/04 - MARKET VALUE 0.480     

159 DK:FJI F JUNCKERS INDR. DEAD - 31/03/04 - MARKET VALUE 0.759     

160 DK:FLB FLSMIDTH & COMPANY 'B' - MARKET VALUE 0.993 X X 

161 DK:FLS FLSMIDTH & COMPANY 'A' DEAD - T/O BY 998064 - MARKET VALUE 0.237     

162 DK:FLU FLUGGER 'B' - MARKET VALUE 0.789     

163 DK:FOB FORSTAEDERNES BANK DEAD - 03/11/08 - MARKET VALUE 0.974 X X 

164 DK:FOI FORMUEEVOLUTION II - MARKET VALUE 0.563     
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165 DK:FOR FORAS HOLDING DEAD - 10/10/05 - MARKET VALUE 0.920     

166 DK:FPE FORMUEPLEJE EPIKUR - MARKET VALUE 0.992 X X 

167 DK:FPM FORMUEPLEJE MERKUR - MARKET VALUE 0.864     

168 DK:FPO FORMUEPLEJE OPTIMUM - MARKET VALUE 0.664     

169 DK:FPP FORMUEPLEJE PENTA - MARKET VALUE 1.000 X X 

170 DK:FPR FORMUEPLEJE PARETO - MARKET VALUE 0.853     

171 DK:FPS FORMUEPLEJE SAFE - MARKET VALUE 0.995 X X 

172 DK:FRE FR INVEST DEAD - 21/01/02 - MARKET VALUE 0.487     

173 DK:FUN FUNKI DEAD - 30/06/04 - MARKET VALUE 0.594     

174 DK:G4F GROUP 4 FALCK DEAD - 20/07/04 - MARKET VALUE 0.996 X X 

175 DK:G4S G4S (CSE) - MARKET VALUE 1.000 X X 

176 DK:GAB GABRIEL HOLDING - MARKET VALUE 0.326     

177 DK:GEM GENMAB NYE DEAD - 02/10/06 - MARKET VALUE 1.000 X   

178 DK:GEN GENMAB - MARKET VALUE 1.000 X X 

179 DK:GES GREENTECH ENERGY SYS. - MARKET VALUE 0.629     

180 DK:GFA G FALBE-HANSEN 'C' DEAD - DEAD 09/02/05 - MARKET VALUE 0.197     

181 DK:GFH G FALBE HANSEN 'B' DEAD - DEAD 09/02/05 - MARKET VALUE 0.060     

182 DK:GLJ GLUNZ & JENSEN - MARKET VALUE 0.656     

183 DK:GPB GPV INDUSTRI 'B' DEAD - 03/07/09 - MARKET VALUE 0.520     

184 DK:GPV GPV INDUSTRI 'A' DEAD - 03/07/09 - MARKET VALUE 0.039     



141 

 

185 DK:GR4 GROUP 4 DEAD - DEAD 19/01/05 - MARKET VALUE 0.977 X   

186 DK:GRO GRONLANDSBANKEN - MARKET VALUE 0.748     

187 DK:GSN GN STORE NORD - MARKET VALUE 0.991 X X 

188 DK:GWE GREEN WIND ENERGY - MARKET VALUE 0.567     

189 DK:GYB GYLDENDAL 'B' - MARKET VALUE 0.313     

190 DK:GYL GYLDENDAL 'A' - MARKET VALUE 0.144     

191 DK:HAB HAFSLUND B (CSE) DEAD - 19/07/04 - MARKET VALUE 0.687     

192 DK:HAF HAFSLUND A (CSE) DEAD - 19/07/04 - MARKET VALUE 0.072     

193 DK:HAR HARBOES BRYGGERI 'B' - MARKET VALUE 0.810     

194 DK:HEB HELLEBAEK FBRK.'B' DEAD - DEAD 01/02/05 - MARKET VALUE 0.044     

195 DK:HED HEDEGAARD DEAD - 25/11/08 - MARKET VALUE 0.559     

196 DK:HEL HELLEBAEK FBRK.'A' DEAD - DEAD 01/02/05 - MARKET VALUE 0.031     

197 DK:HHI H&H INTERNATIONAL - MARKET VALUE 0.751     

198 DK:HLJ HLJ INDUSTRI DEAD - DELIST 07/09/01 - MARKET VALUE 0.450     

199 DK:HOB HOJGAARD HLDG.'B' - MARKET VALUE 0.820     

200 DK:HOJ HOJGAARD HOLDING 'A' - MARKET VALUE 0.551     

201 DK:HOL HOLDINGSELSKABET AF 1958 - MARKET VALUE 0.536     

202 DK:HVB MAX BANK - MARKET VALUE 0.678     

203 DK:HVE SPAREKASSEN HVETBO - MARKET VALUE 0.339     

204 DK:HVI HVIDBJERG BANK - MARKET VALUE 0.429     
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205 DK:ICC IC COMPANYS - MARKET VALUE 0.983 X X 

206 DK:IDI I-DATA INTL. DEAD - DELIST 01/08/02 - MARKET VALUE 0.992 X X 

207 DK:IMA INTERMAIL 'B' - MARKET VALUE 0.438     

208 DK:INC INCENTIVE DEAD - 18/03/04 - MARKET VALUE 0.929     

209 DK:INT INVESTEA GERMAN HIGH ST II - MARKET VALUE 0.334     

210 DK:INV INVESTERINGSSELSKAPET DEAD - 08/09/05 - MARKET VALUE 0.258     

211 DK:IPB IPF B DEAD - DELIST 04/07/02 - MARKET VALUE 0.326     

212 DK:IPF IPF A DEAD - DELIST 04/07/02 - MARKET VALUE 0.231     

213 DK:ISR INVESTEA STOCKHOLM RET. DEAD - 18/01/10 - MARKET VALUE 0.096     

214 DK:ISS ISS-INTL.SER.SY. DEAD - 21/06/05 - MARKET VALUE 1.000 X X 

215 DK:JAM JAMO DEAD - DELIST 12/09/01 - MARKET VALUE 0.920     

216 DK:JEU JEUDAN - MARKET VALUE 0.487     

217 DK:JMI JENSEN & MOL.INVEST - MARKET VALUE 0.132     

218 DK:JUL JULIUS KOCH GRUP. B DEAD - 12/02/04 - MARKET VALUE 0.021     

219 DK:JYS JYSKE BANK - MARKET VALUE 0.998 X X 

220 DK:KAP KAPITALPLEJE DEAD - 01/04/10 - MARKET VALUE 0.810     

221 DK:KEN KEOPS NYE U/UDB - MARKET VALUE 0.665     

222 DK:KEO KEOPS DEAD - T/O BY 50879J - MARKET VALUE 0.576     

223 DK:KLM KLIMAINVEST - MARKET VALUE 0.688     

224 DK:KOB KOBENHAVNS LUFTHAVNE - MARKET VALUE 0.963 X X 
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225 DK:KOM KOMPAN 'B' DEAD - DEAD 18/05/05 - MARKET VALUE 0.650     

226 DK:KRE KREDITBANKEN - MARKET VALUE 0.363     

227 DK:LAS LAN & SPAR BANK - MARKET VALUE 0.683     

228 DK:LAT LASTAS 'B' - MARKET VALUE 0.587     

229 DK:LCP LIFECYCLE PHARMA - MARKET VALUE 1.000 X X 

230 DK:LIM FORMUEPLEJE LIMITTELLUS - MARKET VALUE 0.832     

231 DK:LIN LINDAB B (CSE) DEAD - DELIST 03/08/01 - MARKET VALUE 0.824     

232 DK:LLA LAND & LEISURE 'A' - MARKET VALUE 0.367     

233 DK:LLB LAND & LEISURE 'B' - MARKET VALUE 0.503     

234 DK:LOK LOKALBANKEN I NORD DEAD - 29/10/08 - MARKET VALUE 0.858     

235 DK:LOL LOLLANDS BANK - MARKET VALUE 0.445     

236 DK:LUN H LUNDBECK - MARKET VALUE 1.000 X X 

237 DK:LUX INVSTSSL.LUXOR - MARKET VALUE 0.553     

238 DK:MAC MACONOMY - MARKET VALUE 0.973 X X 

239 DK:MAR MARTIN GRUPPEN DEAD - 05/07/01 - MARKET VALUE 0.868     

240 DK:MCT MEMORY CARD TECH. DEAD - DELIST 21/09/01 - MARKETVALUE 0.972 X X 

241 DK:MID MIDTBANK DEAD - DELIST 23/07/01 - MARKET VALUE 0.950     

242 DK:MIG MIGATRONIC 'B' - MARKET VALUE 0.425     

243 DK:MII MIDTINVEST DEAD - 15/04/09 - MARKET VALUE 0.291     

244 DK:MND MONDO DEAD - 04/12/09 - MARKET VALUE 0.902     
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245 DK:MOB MONS BANK - MARKET VALUE 0.560     

246 DK:MOL MOLS-LINIEN - MARKET VALUE 0.851     

247 DK:MON MONBERG & THORSEN 'B' - MARKET VALUE 0.833     

248 DK:MOR MORSO BANK - MARKET VALUE 0.451     

249 DK:NAV NAVISION DEAD - DELIST 15/07/02 - MARKET VALUE 1.000 X X 

250 DK:NEG NEG MICON DEAD - T/O 679534 - MARKET VALUE 0.968 X X 

251 DK:NES N E S A DEAD - 30/05/06 - MARKET VALUE 0.426     

252 DK:NEU NEUROSEARCH - MARKET VALUE 0.999 X X 

253 DK:NHV NORHAVEN 'B' DEAD - 28/03/06 - MARKET VALUE 0.275     

254 DK:NKT NKT - MARKET VALUE 0.996 X X 

255 DK:NOD NORDICOM - MARKET VALUE 0.844     

256 DK:NOF NORDFYNS BANK - MARKET VALUE 0.474     

257 DK:NOI NORDIC TANKERS - MARKET VALUE 0.991 X X 

258 DK:NON NOVO NORDISK 'B' - MARKET VALUE 1.000 X X 

259 DK:NOR NORDEA BANK (CSE) - MARKET VALUE 0.997 X X 

260 

DK:NO

W NOWACO GROUP DEAD - 10/12/05 - MARKET VALUE 0.546     

261 DK:NRE NORRESUNDBY BANK - MARKET VALUE 0.674     

262 DK:NSA NORDISK SOLAR 'A' DEAD - MERGED 307100 - MARKET VALUE 0.240     

263 DK:NSB NORDISK SOLAR 'B' DEAD - MERGED 307100 - MARKET VALUE 0.454     
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264 DK:NTP NETOP SOLUTIONS - MARKET VALUE 0.883     

265 DK:NTR NTR HOLDING - MARKET VALUE 0.828     

266 DK:NUM NUNAMINERALS - MARKET VALUE 0.922     

267 DK:NZY NOVOZYMES - MARKET VALUE 1.000 X X 

268 DK:OBA OBJECTIVE A DEAD - 22/04/02 - MARKET VALUE 0.003     

269 DK:OBB OBJECTIVE B DEAD - 22/04/02 - MARKET VALUE 0.026     

270 DK:OLI OLICOM - MARKET VALUE 0.971 X X 

271 DK:OMX OMX (CSE) DEAD - 05/05/08 - MARKET VALUE 0.774     

272 DK:OSS OSSUR (CSE) - MARKET VALUE 0.756     

273 DK:OST OSTJYDSK BANK - MARKET VALUE 0.660     

274 DK:PER PER AARSLEFF - MARKET VALUE 0.753     

275 DK:POK POTAGUA KAPITAL DEAD - 28/08/06 - MARKET VALUE 0.995 X   

276 DK:POS POTAGUA FLS B DEAD - 03/08/06 - MARKET VALUE 0.929     

277 DK:POT POTAGUA 'B' DEAD - DEMERGER - MARKET VALUE 0.761     

278 DK:PRI PRIME OFFICE - MARKET VALUE 0.209     

279 DK:PSE PARKEN SPORT & ENTM. - MARKET VALUE 0.970 X X 

280 DK:RAD RADIOMETER B DEAD - 18/03/04 - MARKET VALUE 0.994 X X 

281 DK:RAH RANDERS REBSLAERI 'H' DEAD - DEAD 21/03/05 - MARKET VALUE 0.276     

282 DK:RAN RANDERS REBSLAERI DEAD - DEAD 21/03/05 - MARKET VALUE 0.068     

283 DK:RBR ROYAL UNIBREW - MARKET VALUE 0.862     
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284 DK:REL RELLA HOLDING - MARKET VALUE 0.932     

285 DK:REN RENEWAGY DEAD - 17/11/09 - MARKET VALUE 0.739     

286 DK:RIA RIAS 'B' - MARKET VALUE 0.375     

287 DK:RIF REGL.INVEST FYN DEAD - DELIST 07/04/03 - MARKET VALUE 0.337     

288 DK:RIL RINGKJOBING LANDBOBANK - MARKET VALUE 0.874     

289 DK:RIN RINGKJOBING BANK DEAD - 29/12/08 - MARKET VALUE 0.777     

290 DK:ROA ROCKWOOL 'A' - MARKET VALUE 0.554     

291 DK:ROB ROBLON 'B' - MARKET VALUE 0.417     

292 DK:ROC ROCKWOOL 'B' - MARKET VALUE 0.891     

293 DK:ROS ROSKILDE BANK DEAD - 05/03/09 - MARKET VALUE 0.762     

294 DK:ROV ROVSING - MARKET VALUE 0.971 X X 

295 DK:RRP RANDERS REBSLAERI PREF. DEAD - DEAD 21/03/05 - MARKET VALUE 0.246     

296 DK:RTX RTX TELECOM - MARKET VALUE 0.992 X X 

297 DK:SAD SAS (CSE) - MARKET VALUE 1.000 X X 

298 DK:SAL SALLING BANK - MARKET VALUE 0.614     

299 DK:SAM SAMSON GROUP DEAD - DEAD-27/06/03 - MARKET VALUE 0.101     

300 DK:SAN SANISTAL 'B' - MARKET VALUE 0.842     

301 DK:SAS SAS DANMARK DEAD - DELIST 11/09/01 - MARKET VALUE 0.994 X X 

302 DK:SAT SATAIR - MARKET VALUE 0.868     

303 DK:SBS SCANDINAVIAN BRAKE SYS. - MARKET VALUE 0.545     
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304 DK:SCA SCANDINAVIAN PRIVATE EQ. - MARKET VALUE 0.861     

305 DK:SCB AKTKT.SCHOUW & CO. - MARKET VALUE 0.859     

306 DK:SCD SMALL CAP DANMARK - MARKET VALUE 0.470     

307 DK:SCF SCF TECHNOLOGIES - MARKET VALUE 0.807     

308 DK:SCH SCHOUW & CO A DEAD - DELIST 24/06/02 - MARKET VALUE 0.436     

309 DK:SCN SCANDINAVIAN PROPS.B - MARKET VALUE 0.188     

310 DK:SCP SCHAUMANN PROPERTIES - MARKET VALUE 0.589     

311 DK:SDC DICENTIA DEAD - 25/03/09 - MARKET VALUE 0.643     

312 DK:SEA SE 2000 A DEAD - 11/12/01 - MARKET VALUE 0.032     

313 DK:SEB SE 2000 B DEAD - 11/12/01 - MARKET VALUE 0.868     

314 DK:SIF SIF FODBOLD 'B' - MARKET VALUE 0.408     

315 DK:SIM SIMCORP - MARKET VALUE 0.995 X X 

316 DK:SJA SJAELSO GRUPPEN - MARKET VALUE 0.927     

317 DK:SKA SKAELSKOR BANK - MARKET VALUE 0.663     

318 DK:SKI SKAKO INDUSTRIES - MARKET VALUE 0.714     

319 DK:SKJ SKJERN BANK - MARKET VALUE 0.683     

320 DK:SKN SKANDIA (CSE) DEAD - DELIST-29/05/03 - MARKET VALUE 0.734     

321 DK:SKO SKAKO B DEAD - DELIST-01/08/03 - MARKET VALUE 0.558     

322 DK:SNB SPAR NORD BANK - MARKET VALUE 0.999 X X 

323 DK:SOB SOPHUS BERENDSEN DEAD - DELIST 21/06/02 - MARKET VALUE 0.999 X X 
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324 DK:SOE SONDAGSAVISEN - MARKET VALUE #N/A     

325 DK:SOL SOLAR 'B' - MARKET VALUE 0.353     

326 DK:SOP SOPHUS BERENDSEN A DEAD - CONV-SEE 671922 - MARKET VALUE 0.769     

327 DK:SPA SPAENCOM 'A' - MARKET VALUE 0.429     

328 DK:SPB SPAENCOM 'B' - MARKET VALUE 0.250     

329 DK:SPF SPAREKASSEN FAABORG - MARKET VALUE 0.753     

330 DK:SPG SP GROUP - MARKET VALUE 0.347     

331 DK:SPH SPAREKASSEN HIMLD. - MARKET VALUE 0.851     

332 DK:SPL SPAREKASSEN LOLLAND - MARKET VALUE 0.729     

333 DK:SPN SPAR NORD FORMUEINVEST - MARKET VALUE 0.757     

334 DK:SPV SPARBANK - MARKET VALUE 0.852     

335 DK:SVE SVENDBORG SPAREKASSE - MARKET VALUE 0.473     

336 DK:SYD SYDBANK - MARKET VALUE 0.998 X X 

337 DK:SYS SYSTEMFORUM DEAD - DELIST 01/08/01 - MARKET VALUE 0.504     

338 DK:TAR TARM BANK DEAD - DELIST - MARKET VALUE 0.374     

339 DK:TDC TDC - MARKET VALUE 0.998 X X 

340 DK:THR THRANE & THRANE - MARKET VALUE 0.983 X X 

341 DK:TIV TIVOLI 'B' - MARKET VALUE 0.943     

342 DK:TKD TK DEVELOPMENT - MARKET VALUE 0.937     

343 DK:TON TONDER BANK - MARKET VALUE 0.475     
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344 DK:TOP TOPDANMARK - MARKET VALUE 0.973 X X 

345 DK:TOT TOTALBANKEN - MARKET VALUE 0.584     

346 DK:TOW TOWER GROUP - MARKET VALUE 0.398     

347 DK:TPO TOPOTARGET - MARKET VALUE 1.000 X X 

348 DK:TRE DK TRENDS INVEST - MARKET VALUE 0.691     

349 DK:TRI TRIFORK - MARKET VALUE 0.569     

350 DK:TRY TRYGVESTA - MARKET VALUE 1.000 X X 

351 DK:TSM TOPSIL SEMICON.MATS. - MARKET VALUE 0.759     

352 DK:UIE UTD.INTL.ENTS. - MARKET VALUE 0.614     

353 DK:UPA UNITED PLTNS.AFRICA - MARKET VALUE 0.431     

354 DK:UPN UNITED PLTN.(REGD CERT) - MARKET VALUE 0.516     

355 DK:VEB VESTFYNS BANK - MARKET VALUE 0.520     

356 DK:VEJ VEJEN TRAELAST DEAD - 18/12/03 - MARKET VALUE 0.098     

357 DK:VEN VENDSYSSEL BANK DEAD - MERGER 740636 - MARKET VALUE 0.383     

358 DK:VES VEST-WOOD DEAD - DELIST - MARKET VALUE 0.784     

359 DK:VET VESTJSK BANK DEAD - T/O SEE 307188 - MARKET VALUE 0.794     

360 DK:VEW VESTAS WINDSYSTEMS - MARKET VALUE 1.000 X X 

361 DK:VHK VIBORG HANDBOLD KLUB 'B' - MARKET VALUE 0.251     

362 DK:VIC VICTOR INTERNATIONAL - MARKET VALUE 0.123     

363 DK:VIN VINDERUP BANK - MARKET VALUE 0.245     
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364 DK:VIP VICTORIA PROPERTIES - MARKET VALUE 0.411     

365 DK:VJK VESTJYSK BANK - MARKET VALUE 0.833     

366 DK:VOR VORDINGBORG BANK - MARKET VALUE 0.392     

367 DK:VTH VT HDG. A DEAD - 07/05/02 - MARKET VALUE 0.156     

368 DK:WAL WALLS - MARKET VALUE 0.219     

369 DK:WDH WILLIAM DEMANT HLDG. - MARKET VALUE 0.998 X X 

370 

DK:WE

W WEWERS DEAD - 27/12/05 - MARKET VALUE 0.028     

371 DK:WVC WESSEL & VETT 'C' DEAD - DEAD 18/03/05 - MARKET VALUE 0.885     

372 DK:AAB AALBORG BOLDSPILKLUB - MARKET VALUE 0.774     

373 DK:AAR AARHUS LOKALBANK - MARKET VALUE 0.509     

374 DK:AAU AARHUS UNITED DEAD - T/O BY 31938W - MARKET VALUE 0.854     

375 N:ABB ABB 'B' (CSE) DEAD - DELIST 16/07/99 - MARKET VALUE 0.863     

376 N:ADAG AALBORG PORT.A DEAD - T/O BY 998064 - MARKET VALUE 0.663     

377 N:ADBG AALBORG PORT.B DEAD - T/O BY 998064 - MARKET VALUE 0.521     

378 N:ADPG AALBORG PORT.PF. DEAD - MERGER 982119 - MARKET VALUE 0.176     

379 N:ALBB ALBANI BRYGG. B DEAD - DELIST 30/05/02 - MARKET VALUE 0.689     

380 N:BADE BADEANSTALTEN DEAD - DELIST 04/10/99 - MARKET VALUE 0.006     

381 N:BAFJ BANKINVEST FJERN. - MARKET VALUE 0.775     

382 N:BLUK BLUCHER METAL DEAD - DELIST 26/05/99 - MARKET VALUE 0.200     
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383 N:BTLB BTL 'B' DEAD - DELIST 30/04/99 - MARKET VALUE 0.962 X   

384 N:CABG AARHUS OLIEFB. B - MARKET VALUE 0.775     

385 N:CALA CALKAS 'A' DEAD - DELIST 30/11/98 - MARKET VALUE 0.157     

386 N:CALB CALKAS 'B' DEAD - DELIST 30/11/98 - MARKET VALUE 0.451     

387 N:COD1 CODAN GUMMI SER 1 DEAD - DELIST 26/06/98 - MARKETVALUE 0.094     

388 N:COD2 CODAN GUMMI SER 2 DEAD - DELIST 26/06/9 - MARKET VALUE 0.319     

389 N:CPH CRISPLANT INDS. DEAD - DELIST 14/07/99 - MARKET VALUE 0.902     

390 N:CR@G FORD MOTOR CO. DEAD - DELIST 21/06/00 - MARKET VALUE 0.512     

391 N:CRIB CHRST.& NIELSEN 'B' DEAD - T/O BY 702947 - MARKETVALUE 0.042     

392 N:CRIS CHRISTIANI & NIELSEN DEAD - DELIST 16/06/00 - MARKET VALUE 0.185     

393 N:CS@G SUPERFOS DEAD - T/O BY 905342 - MARKET VALUE 0.995 X X 

394 

N:CU@

G TRYG-BALTICA FORS. DEAD - MERGER 505444 - MARKET VALUE 0.719     

395 N:CUBB CUBIC B DEAD - DELIST 27/10/00 - MARKET VALUE 0.460     

396 N:DAHH DAHL INTL. (CSE) DEAD - DELIST 19/04/99 - MARKET VALUE 0.975 X X 

397 N:DAM DAMGAARD DEAD - T/O BY 695866 - MARKET VALUE 0.997 X X 

398 N:DIES DG HOLDING DEAD - DELIST 07/10/96 - MARKET VALUE 0.515     

399 N:DKOG 

DANSKE KAUTIONFORSIKRING DEAD - T/O SEE 938573 - MARKET 

VALUE 0.757     

400 N:DLFA DLF TRIFOLIUM 'A' DEAD - DELIST 20/12/96 - MARKETVALUE 0.026     

401 N:DLFB DLF TRIFOLIUM 'B' DEAD - DELIST 20/12/96 - MARKETVALUE 0.024     
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402 N:DMK SOENDAGSAVISEN INVEST DEAD - T/O SEE 870963 - MARKET VALUE 0.232     

403 N:DVI DV INDUSTRI DEAD - DEAD-T/O 772505 - MARKET VALUE 0.756     

404 N:EJN EJENDOMSSELSKABET NORDEN - MARKET VALUE 0.910     

405 N:ELI ELITE SHIPPING DEAD - DELIST 28/04/00 - MARKET VALUE 0.426     

406 N:EPA EPA INVEST 'A' DEAD - DELIST 29/12/98 - MARKET VALUE 0.457     

407 N:EPAB EPA INVEST 'B' DEAD - DELIST 29/12/98 - MARKET VALUE 0.559     

408 N:FAKA FAXE KALK ORD. DEAD - DELIST 18/10/96 - MARKET VALUE 0.136     

409 N:FAKB FAXE KALK 'B' DEAD - DELIST 17/10/96 - MARKET VALUE 0.222     

410 N:FIH FIH DEAD - DELIST 14/01/00 - MARKET VALUE 0.927     

411 N:GNHC GN STORE NORD HLDG. DEAD - DELIST 23/12/97 - MARKET VALUE 0.588     

412 N:HOFF HOFFMANN & SONNER B DEAD - DELIST 30/11/00 - MARKET VALUE 0.740     

413 N:HTDA CONSENTA HOLDING A DEAD - DELIST 15/03/00 - MARKET VALUE 0.013     

414 N:INWR INWEAR GROUP DEAD - T/O BY 870921 - MARKET VALUE 0.983 X X 

415 N:ISAG ISS-INTL.SER.SY. A DEAD - MERGED 950988 - MARKET VALUE 0.337     

416 N:JBA JYSKE BRYG A DEAD - DELIST 27/03/98 - MARKET VALUE 0.313     

417 N:JBB JYSKE BRYG HLDG.'B' DEAD - MERGER 772435 - MARKET VALUE 0.385     

418 N:JHSA JACOB HOLM & SONNER A DEAD - DELIST 03/01/00 - MARKET VALUE 0.054     

419 N:JHSB JACOB HOLM & SONNER 'B' DEAD - DELIST 04/01/00 - MARKET VALUE 0.828     

420 N:JNVD ICOPAL DEAD - DELIST 07/11/00 - MARKET VALUE 0.705     

421 N:KALK KALKVAERKSGRUNDENE DEAD - T/O SEE 307690 - MARKETVALUE 0.272     
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422 N:KANS KANSAS WENAAS DEAD - DELIST 28/09/99 - MARKET VALUE 0.811     

423 N:KPBG ROYAL COPEN. 'B' DEAD - T/O BY 933956 - MARKET VALUE 0.212     

424 N:KRTN OSTSK.HANDELSHS DEAD - DELIST 05/02/99 - MARKET VALUE 0.496     

425 N:LF@G J LAURITZEN HLDG. DEAD - DELIST 02/03/01 - MARKETVALUE 0.863     

426 N:LOOI LOUIS POULSEN DEAD - DELIST 09/12/99 - MARKET VALUE 0.460     

427 N:MARI MARIUS PEDERSEN 'B' DEAD - DELIST 14/12/99 - MARKET VALUE 0.517     

428 N:MIKR MICRO MATIC HLDG. B DEAD - DELIST 14/04/00 - MARKET VALUE 0.945     

429 N:MOTR MOTORTRAMP B DEAD - DELIST 22/01/01 - MARKET VALUE 0.194     

430 N:NAMB NYCOMED AMERSHAM 'B' DEAD - DELIST 09/06/98 - MARKET VALUE 0.993 X   

431 

N:NAM

O 

NYCOMED AMERSHAM ORD. DEAD - DELIST 09/06/98 - MARKET 

VALUE 0.185     

432 N:NOME MECO HOLDING B DEAD - DELIST 06/06/00 - MARKET VALUE 0.244     

433 N:NSC NORDISK SOLAR 'C' DEAD - MERGER 702369 - MARKET VALUE 0.212     

434 N:NYAM NYCOMED AMERSHAM DEAD - DELIST 22/03/01 - MARKET VALUE 0.861     

435 N:OK O K HOLDING CO. DEAD - DELIST 07/10/96 - TOT RETURNIND 0.850     

436 N:ORIA D/S ORION 'A' DEAD - DELIST 06/07/98 - MARKET VALUE 0.028     

437 N:PH PHONIX DEAD - T/O SEE 756290 - TOT RETURN IND 0.110     

438 N:PHB PHONIX 'B' DEAD - T/O SEE 307147 - MARKET VALUE 0.289     

439 N:PHC PHONIX 'C' DEAD - T/O SEE 505365 - MARKET VALUE 0.611     

440 N:PROA D/S PROGRESS A DEAD - DELIST 10/11/00 - MARKET VALUE 0.144     
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441 N:PROB D/S PROGRESS B DEAD - DELIST 10/11/00 - MARKET VALUE 0.724     

442 N:RATA RATIN A DEAD - DELIST 27/07/00 - MARKET VALUE 0.837     

443 N:RATB RATIN B DEAD - DELIST 27/07/00 - MARKET VALUE 1.000 X X 

444 N:REAL REALDANMARK DEAD - T/O BY 929846 - MARKET VALUE 1.000 X X 

445 N:REEL REDERIET KNUD I LAR. DEAD - DELIST 26/04/99 - MARKET VALUE 0.860     

446 N:RLMU ROLEMU DEAD - 12/08/98 - MARKET VALUE 0.547     

447 N:ROSC ROYAL SCANDINAVIA DEAD - DELIST 07/02/01 - MARKETVALUE 0.523     

448 N:RVA RATIONEL VINDUER 'A' DEAD - T/O SEE 772477 - MARKET VALUE 0.036     

449 N:RVB RATIONEL VINDUER 'B' DEAD - DELIST 30/11/98 - MARKET VALUE 0.031     

450 N:SB8M SYSTEM B8 MOBLER B DEAD - DELIST 31/03/00 - MARKET VALUE 0.336     

451 N:SCAD SCHAEDES PAPIR DEAD - T/O BY 772505 - MARKET VALUE 0.356     

452 N:SILC SILCON 'B' DEAD - DELIST 01/03/99 - MARKET VALUE 0.822     

453 N:SMO SCANDIN.MBTY.INTL. DEAD - DELIST 29/09/99 - MARKETVALUE 0.991 X X 

454 N:SP@A SOPHUS BERENDSEN 'A' DEAD - DELIST 28/01/98 - MARKET VALUE 0.788     

455 N:SP@G SOPHUS BERENDSEN 'B' DEAD - DELIST 28/01/98 - MARKET VALUE 1.000 X   

456 N:SYDE SYDFYENSKE DEAD - DELIST 31/12/97 - MARKET VALUE 0.093     

457 N:TELE TELE DANMARK 'A' DEAD - T/O SEE 142402 - MARKET VALUE 0.308     

458 N:TIVA TIVOLI 'A' DEAD - T/O SEE 772496 - MARKET VALUE 0.669     

459 N:TT THRIGE-TITAN A DEAD - DELIST 22/03/01 - TOT RETURN IND 0.233     

460 N:TTB THRIGE-TITAN B DEAD - DELIST 22/03/01 - MARKET VALUE 0.524     
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461 N:UNDK UNIDANMARK DEAD - T/O BY 671068 - MARKET VALUE 1.000 X X 

462 N:VALU VALUTA-AKTIV DEAD - DELIST 17/12/98 - MARKET VALUE 0.588     

463 N:AARS AARS BANK DEAD - T/O BY 531866 - MARKET VALUE 0.631     

Figure 11.1: List of the 463-, 87- and73- sample 
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12 APPENDIX: EQUALLY WEIGHTED PORTFOLIOS WITH THE OMX 20 

  

 

 

Portfolio H- H+ H Symm. 1 Symm. 2 Skew. Coskew. β

Size Portfolios (Equally Weighted)

0 Small 21.0739 12.9975 15.9348 0.0000 0.0000 0.1453 -0.1167 0.4780

1 15.6162 11.4584 12.9628 0.0000 0.0000 0.0990 -0.0464 0.5317

2 12.4571 5.4228 13.1513 0.0000 0.0000 -0.5386 -0.0715 0.7217

3 10.5866 5.2535 10.2017 0.0000 0.0000 -0.1528 -0.0238 0.7322

4 Large 13.9728 13.1605 13.5727 0.8048 0.9976 -0.1496 -0.0267 0.9157

Book to Market Portfolios (Equally Weighted)

0 Value 4.1100 3.8098 5.6041 0.0069 0.0903 0.0293 0.0007 1.0634

1 11.2794 7.3057 13.4387 0.0000 0.0000 0.1036 0.0133 0.8621

2 14.6431 8.2047 16.7850 0.0000 0.0000 -0.1325 -0.0316 0.8346

3 12.7419 8.9664 15.5806 0.0000 0.0000 0.4328 0.0275 0.7161

4 Growth 15.4438 8.2201 17.4951 0.0020 0.0000 0.4640 0.0436 0.8770

Beta Portfolios (Equally Weighted)

0 Low 16.6084 11.9414 20.4557 0.0000 0.0000 -0.2696 -0.0944 0.7154

1 12.6535 7.8434 14.8872 0.0000 0.0000 0.2849 -0.0371 0.7386

2 10.7548 7.3977 13.0534 0.0000 0.0000 -0.2529 -0.0275 0.7449

3 14.1687 9.4408 17.0259 0.0000 0.0000 -0.0992 -0.0290 0.7768

4 High 12.7135 7.3347 14.6776 0.0000 0.0000 0.0432 -0.0235 0.8467

Momentum Portfolios (Equally Weighted)

0 Losers 18.8420 9.1004 20.9246 0.0000 0.0000 0.2440 -0.0497 0.7569

1 14.4911 10.7298 18.0311 0.0000 0.0000 0.0945 -0.0041 0.7382

2 10.8951 9.7902 14.6475 0.0000 0.0000 0.0190 -0.0313 0.7717

3 11.7405 7.5858 13.9779 0.0000 0.0000 -0.5956 -0.0471 0.7556

4 Winners 13.8878 5.3964 14.8994 0.0000 0.0000 -0.3413 -0.0610 0.8095

Coskewness Portfolios (Equally Weighted)

0 Low 17.0553 8.6297 19.1142 0.0000 0.0000 -0.5128 -0.0754 0.6850

1 9.6846 8.0222 12.5756 0.0000 0.0000 -0.1231 -0.0206 0.8178

2 11.9055 11.1794 16.3316 0.0000 0.0000 -0.1876 -0.0459 0.8347

3 12.1235 7.3313 14.1678 0.0000 0.0000 -0.0700 -0.0232 0.8326

4 High 16.7887 9.6354 19.3572 0.0000 0.0000 0.3857 -0.0372 0.6365
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13 APPENDIX: RETURN AND VOLATITLIY OF THE SUBSMAPLES 

Table 13.1 shows the proportional return in relation to the other portfolios sorted by the same 

criteria, over the three different periods. From these three proportions, we calculate the standard 

deviation. This standard deviation acts as an indication on the relative stability of the portfolio 

return. It should be noted that this is an ad-hoc approach to evaluate the relative stability of return. 

This method incorporates the fact that returns are a fairly unstable measure, and changes over time. 

It also tries to capture the stability of the investment strategy for investments into one of these 

portfolios. The lower the standard deviation, the more stable is the relative return. 

As it can be seen in Table 13.1, there are more stable returns from investing in larger companies (4) 

than in smaller companies (0). The returns from value companies (4) are slightly more stable, but 

yields in general a lower return than the growth portfolio (0). As for the beta-sorted portfolios, the 

return is more stable for the high beta portfolio (4), although the return is slightly higher for low 

beta portfolios (0). However, there is no distinct pattern in the return distribution for beta portolios, 

and the middle beta portfolio (2) have relatively high and stable return for all three periods.  For 

momentum portfolios, the return is both higher and more stable over time for the winner portfolio 

(4). When it comes to coskewness, the three portfolios with the lowest coskewness have both higher 

returns  and greater stability than the two portfolios with the highest coskewness. This is again an 

indicator that investors demand a higher return for accepting the extra skewness risk, as 

documented by Harvey and Siddique (2000). 

Table 13.1: Proportion of return 

The ratio presented for each portfolio is the ratio of the average annual return of the portfolio divided by the 

accumulated average annual return of the sorting criteria, ranging from portfolio 0 to portfolio 4. The 

deviation is the standard deviation of the three periods.  
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Period 0 1 2 3 4

Size (value weighted)

95-99 0.2312 0.1367 0.2059 0.1730 0.2532

00-04 0.0200 0.1702 0.1153 0.1163 0.0457

05-09 -0.2400 0.0322 -0.0111 0.1324 0.0852

Deviation 0.2360 0.0720 0.1090 0.0292 0.1102

Book-to-market (value weighted)

95-99 0.2873 0.1514 0.1242 0.0888 0.1271

00-04 0.0859 0.0010 0.0147 0.0956 0.1690

05-09 0.1012 0.1808 0.0187 0.1148 0.0229

Deviation 0.1121 0.0965 0.0621 0.0135 0.0752

Beta (equally weighted)

95-99 0.2124 0.2366 0.2163 0.3180 0.2473

00-04 0.2962 0.0148 0.1310 0.1408 0.1570

05-09 0.1550 0.1210 0.2295 0.1794 0.1176

Deviation 0.0710 0.1109 0.0534 0.0932 0.0665

Momentum (equally weighted)

95-99 0.2033 0.2296 0.2023 0.3011 0.3002

00-04 -0.0711 0.2403 0.1484 0.0775 0.2961

05-09 0.0777 0.3032 0.1410 0.1487 0.1402

Deviation 0.1374 0.0398 0.0335 0.1142 0.0912

Coskewness (equally weighted)

95-99 0.1389 0.2887 0.2064 0.2978 0.2976

00-04 0.2338 0.2619 0.2701 -0.0247 0.1527

05-09 0.1612 0.2014 0.1836 0.1719 0.1197

Deviation 0.0496 0.0447 0.0448 0.1625 0.0946

Portfolio
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14  APPENDIX: EXCEEDANCE PLOTS OVER TIME, PORTFOLIOS 0 AND 4 
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15 APPENDIX: SYMMETRY MEASURES OVER TIME 

 

P-value c=0 P-value c=0 c=0.5 c=1.0 c=1.5

Size-sorted portfolios

95-99

0 0.0000 -0.1885 0.0000 -0.1885 -0.0965 0.2377 0.3092

1 0.0000 -0.2576 0.0000 -0.2576 -0.1922 -0.1404 -0.0452

2 0.0090 -0.1284 0.0000 -0.1284 -0.0727 -0.0829 0.0025

3 0.0000 -0.1822 0.0000 -0.1822 -0.2264 -0.1908 -0.1788

4 0.6150 -0.0205 0.6996 -0.0205 -0.0265 -0.0443 -0.0982

00-04

0 0.0002 -0.0895 0.0000 -0.0895 -0.0110 -0.0025 -0.5583

1 0.9563 -0.0017 0.0000 -0.0017 0.0991 0.2525 0.3327

2 0.0345 -0.0709 0.0000 -0.0709 -0.0368 0.0771 -0.0153

3 0.6790 -0.0121 0.0000 -0.0121 -0.1084 -0.2219 -0.4110

4 0.8584 -0.0067 0.9353 -0.0067 -0.0142 -0.0133 0.0111

05-09

0 0.0000 -0.2742 0.0000 -0.2742 -0.1679 -0.0126 -0.0989

1 0.0001 -0.1883 0.0001 -0.1883 -0.2954 -0.3703 -0.4896

2 0.0254 -0.1198 0.0000 -0.1198 -0.1439 -0.1606 -0.3134

3 0.0889 -0.0857 0.0962 -0.0857 -0.0797 -0.0798 -0.1118

4 0.9549 -0.0029 0.9986 -0.0029 -0.0029 -0.0040 -0.0124

Book-to-market-sorted portfolios

95-99

0 0.3585 -0.0361 0.0007 -0.0361 -0.0933 -0.2223 -0.3974

1 0.0000 -0.2077 0.0000 -0.2077 -0.2404 -0.2413 -0.4125

2 0.0000 -0.2724 0.0000 -0.2724 -0.2275 -0.1569 0.0089

3 0.0000 -0.2430 0.0000 -0.2430 -0.2438 -0.0740 0.0944

4 0.0002 -0.1320 0.0000 -0.1320 -0.1962 -0.1066 0.2252

00-04

0 0.4948 -0.0251 0.7949 -0.0251 -0.0375 -0.0273 -0.0258

1 0.4272 -0.0235 0.0120 -0.0235 0.0142 -0.0456 -0.0904

2 0.0000 -0.1739 0.0000 -0.1739 -0.1928 -0.0605 -0.1240

3 0.0002 -0.1300 0.0000 -0.1300 0.0411 0.1342 0.1042

4 0.0002 -0.0895 0.0000 -0.0895 -0.0110 -0.0025 -0.5583

05-09

0 0.9652 -0.0022 0.9734 -0.0022 0.0063 0.0089 -0.0018

1 0.2117 -0.0555 0.0932 -0.0555 -0.0616 -0.0471 -0.1125

2 0.0157 -0.1021 0.0000 -0.1021 -0.0318 0.0317 -0.0008

3 0.0245 -0.1156 0.0000 -0.1156 -0.1821 -0.1480 -0.2454

4 0.0000 -0.2742 0.0000 -0.2742 -0.1679 -0.0126 -0.0989

Symmetry 1 Symmetry 2
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Continued. 

 

P-value c=0 P-value c=0 c=0.5 c=1.0 c=1.5

Beta-sorted portfolios

95-99

0 0.0000 -0.2150 0.0000 -0.2150 -0.1368 -0.1123 0.0914

1 0.0065 -0.1063 0.0007 -0.1063 -0.1477 -0.2264 -0.1556

2 0.1064 -0.0683 0.0017 -0.0683 -0.0561 -0.0656 0.0469

3 0.0000 -0.2181 0.0000 -0.2181 -0.2283 -0.2508 -0.5199

4 0.0002 -0.1207 0.0000 -0.1207 -0.1925 -0.3837 -0.5132

00-04

0 0.0026 -0.0838 0.0000 -0.0838 -0.1294 -0.1588 -0.2393

1 0.6007 0.0172 0.0000 0.0172 0.0052 0.1631 0.2525

2 0.0986 -0.0531 0.0000 -0.0531 -0.1191 0.0445 0.3213

3 0.1335 -0.0514 0.0000 -0.0514 0.0558 0.1124 0.3406

4 0.0000 -0.1703 0.0000 -0.1703 -0.1443 -0.1773 -0.4345

05-09

0 0.0214 -0.1025 0.0021 -0.1025 -0.1381 -0.2301 -0.2968

1 0.3656 -0.0499 0.0006 -0.0499 -0.0165 -0.0723 -0.1171

2 0.0143 -0.1082 0.0002 -0.1082 -0.0861 -0.0639 -0.1350

3 0.0000 -0.1528 0.0000 -0.1528 -0.1917 -0.3395 -0.3909

4 0.2853 -0.0492 0.0049 -0.0492 -0.0407 -0.0231 -0.1550

Momentum-sorted portfolios

95-99

0 0.0000 -0.2474 0.0000 -0.2474 -0.2066 -0.3667 -0.2737

1 0.3311 -0.0369 0.0000 -0.0369 0.0557 0.2476 0.2027

2 0.0003 -0.1393 0.0007 -0.1393 -0.1757 -0.1908 -0.3182

3 0.0002 -0.1497 0.0000 -0.1497 -0.1658 -0.2061 -0.0999

4 0.0054 -0.1045 0.0003 -0.1045 -0.1347 -0.1958 -0.3841

00-04

0 0.2262 0.0298 0.0000 0.0298 0.1137 0.1538 0.1636

1 0.0025 -0.0951 0.0000 -0.0951 -0.1035 -0.0575 -0.3054

2 0.0731 -0.0579 0.0000 -0.0579 -0.1122 -0.0588 -0.2423

3 0.6933 -0.0148 0.0034 -0.0148 0.0243 0.0460 0.1618

4 0.0000 -0.1712 0.0000 -0.1712 -0.1945 -0.1604 -0.1142

05-09

0 0.4931 0.0318 0.0000 0.0318 0.0607 0.1262 -0.1625

1 0.1714 -0.0596 0.0000 -0.0596 -0.0277 -0.0411 -0.2125

2 0.1752 -0.0573 0.0035 -0.0573 -0.0597 -0.0448 0.0956

3 0.0568 -0.0902 0.0057 -0.0902 -0.0891 -0.1562 -0.1972

4 0.0171 -0.1290 0.0000 -0.1290 -0.1039 -0.0597 -0.2281

Symmetry 1 Symmetry 2
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Continued. 

 

P-value c=0 P-value c=0 c=0.5 c=1.0 c=1.5

Coskewness-sorted portfolios

95-99

0 0.0000 -0.2241 0.0000 -0.2241 -0.2412 -0.3015 -0.0086

1 0.0100 -0.1042 0.0000 -0.1042 -0.0810 -0.2023 -0.2789

2 0.0018 -0.1157 0.0000 -0.1157 -0.1315 -0.2591 -0.0901

3 0.0000 -0.1730 0.0002 -0.1730 -0.2191 -0.2832 -0.2792

4 0.0338 -0.0849 0.0000 -0.0849 -0.1164 0.0199 0.0456

00-04

0 0.0000 -0.1506 0.0000 -0.1506 0.0658 0.3179 0.5570

1 0.0255 -0.0798 0.0000 -0.0798 -0.2024 -0.3546 -0.3198

2 0.1506 -0.0476 0.0002 -0.0476 -0.0418 0.0558 0.0097

3 0.0000 -0.1280 0.0000 -0.1280 -0.2173 -0.2986 -0.4325

4 0.3563 -0.0285 0.0000 -0.0285 0.0898 0.1715 0.2768

05-09

0 0.0020 -0.1382 0.0000 -0.1382 -0.1292 -0.2075 -0.1647

1 0.2087 -0.0660 0.0000 -0.0660 -0.0626 -0.1450 -0.0970

2 0.0360 -0.0880 0.0227 -0.0880 -0.0958 -0.1479 -0.1991

3 0.1245 0.0641 0.0000 0.0641 0.1538 0.2369 0.4504

4 0.0976 -0.0975 0.0059 -0.0975 -0.0859 -0.0078 0.0006

Symmetry 1 Symmetry 2



167 

 

16 APPENDIX: REGGRESSION OUTPUTS FOR SYMMETRY MEASURE AND 

UNCONDITIONAL CORRELATION 

16.1 Restricted model, Full period 

  

16.2 Unrestricted Model, 1995-1999 

 

SUMMARY OUTPUT

Regression Statistics

Multiple R 0.681288

R Square 0.464153

Adjusted R Square0.456813

Standard Error27.46489

Observations 75

ANOVA

df SS MS F Significance F

Regression 1 47697.94 47697.94 63.23301 1.73E-11

Residual 73 55065.37 754.3202

Total 74 102763.3

CoefficientsStandard Error t Stat P-value Lower 95%Upper 95%Lower 95.0%Upper 95.0%

Intercept 190.7379 18.5253 10.29608 7.24E-16 153.8171 227.6588 153.8171 227.6588

Correl -199.521 25.09088 -7.95192 1.73E-11 -249.527 -149.515 -249.527 -149.515

SUMMARY OUTPUT

Regression Statistics

Multiple R 0.653844

R Square 0.427511

Adjusted R Square0.402621

Standard Error26.72592

Observations 25

ANOVA

df SS MS F Significance F

Regression 1 12268.01 12268.01 17.17548 0.000393

Residual 23 16428.32 714.2749

Total 24 28696.33

CoefficientsStandard Error t Stat P-value Lower 95%Upper 95%Lower 95.0%Upper 95.0%

Intercept 205.4315 37.56662 5.46846 1.47E-05 127.7191 283.144 127.7191 283.144

Correl -209.987 50.66848 -4.14433 0.000393 -314.803 -105.171 -314.803 -105.171
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16.3 Unrestricted model, 2000-2004 

 

16.4 Unrestricted model, 2005-2009 

 

SUMMARY OUTPUT

Regression Statistics

Multiple R 0.59783

R Square 0.3574

Adjusted R Square0.329461

Standard Error35.75827

Observations 25

ANOVA

df SS MS F Significance F

Regression 1 16356.7 16356.7 12.79212 0.001599

Residual 23 29409.05 1278.654

Total 24 45765.75

CoefficientsStandard Error t Stat P-value Lower 95%Upper 95%Lower 95.0%Upper 95.0%

Intercept 181.4462 35.35322 5.132383 3.36E-05 108.3125 254.5799 108.3125 254.5799

Correl -190.281 53.20167 -3.57661 0.001599 -300.338 -80.2255 -300.338 -80.2255

SUMMARY OUTPUT

Regression Statistics

Multiple R 0.737919

R Square 0.544525

Adjusted R Square0.524721

Standard Error17.80251

Observations 25

ANOVA

df SS MS F Significance F

Regression 1 8714.503 8714.503 27.49669 2.55E-05

Residual 23 7289.372 316.9292

Total 24 16003.87

CoefficientsStandard Error t Stat P-value Lower 95%Upper 95%Lower 95.0%Upper 95.0%

Intercept 195.5993 32.18612 6.07713 3.37E-06 129.0172 262.1813 129.0172 262.1813

Correl -210.296 40.10429 -5.24373 2.55E-05 -293.258 -127.334 -293.258 -127.334
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17 APPENDIX: PORTFOLIO WEIGHTS FOR PORTFOLIOS  

 

 

 

Portfolio Mean-variance Conditional mean-var

Size Rank 4 0.0000 0.0761

Rank 3 0.1781 0.0051

Rank 2 0.0218 0.0082

Rank 1 0.0281 0.0073

Rank 0 0.0373 0.0290

B2M Rank 4 0.0335 0.0185

Rank 3 0.0195 0.0001

Rank 2 0.0671 0.0818

Rank 1 0.0197 0.0000

Rank 0 0.0001 0.0053

Beta Rank 4 0.0137 0.0572

Rank 3 0.0409 0.0411

Rank 2 0.0416 0.0759

Rank 1 0.0703 0.0730

Rank 0 0.0359 0.0384

Momentum Rank 4 0.1504 0.2295

Rank 3 0.0148 0.0000

Rank 2 0.0233 0.0076

Rank 1 0.0077 0.0046

Rank 0 0.0506 0.0561

Coskewness Rank 4 0.0000 0.0363

Rank 3 0.0616 0.0820

Rank 2 0.0347 0.0540

Rank 1 0.0274 0.0132

Rank 0 0.0221 0.0000

Weights
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18 APPENDIX: OUTPUTS FOR TEST OF SYMMETRY 

 

 

 

Portfolio χ
2

P-value χ
2

P-value

Size Portfolios (Value Weighted)

0 Small 57.8621 0.0000 147.4466 0.0000

1 21.9127 0.0000 88.8660 0.0000

2 7.2960 0.0069 54.4077 0.0000

3 9.6245 0.0019 19.1492 0.0007

4 Large 0.0611 0.8048 0.1416 0.9976

Book to Market Portfolios (Value Weighted)

0 Value 0.4380 0.5081 0.4601 0.9773

1 9.0730 0.0026 30.1932 0.0000

2 29.1414 0.0000 89.3609 0.0000

3 12.6413 0.0004 61.6271 0.0000

4 Growth 9.5637 0.0020 102.9352 0.0000

Beta Portfolios (Equally Weighted)

0 Low 22.1465 0.0000 94.4245 0.0000

1 6.9222 0.0085 8.6039 0.0718

2 34.7586 0.0000 92.9680 0.0000

3 9.3071 0.0023 65.2465 0.0000

4 High 24.0552 0.0000 74.9080 0.0000

Momentum Portfolios (Equally Weighted)

0 Losers 23.7177 0.0000 77.6443 0.0000

1 27.7235 0.0000 139.7506 0.0000

2 2.2353 0.1349 29.5629 0.0000

3 16.4082 0.0001 59.2314 0.0000

4 Winners 37.9715 0.0000 67.9318 0.0000

Coskewness Portfolios (Equally Weighted)

0 Low 24.7314 0.0000 72.9118 0.0000

1 10.6127 0.0011 66.6013 0.0000

2 15.1874 0.0001 51.8439 0.0000

3 20.3836 0.0000 37.5875 0.0000

4 High 38.1620 0.0000 95.5489 0.0000

Symmetry 2Symmetry 1
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