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Abstract 
 

 The current study investigates the relationship between analyst coverage and the 

moments of the return distribution.  Results are presented to support a time-varying pattern in the 

premiums associated with the higher moments of returns, particularly for the fourth moment of 

the distribution.  In addition, evidence is presented to suggest that there exists some ex-post and 

ex-ante forecasting ability based on the use of the higher moments of the return distribution as 

stock selection criteria.  In the second half of the study, results show that as the number of 

analysts following a firm increases, the third and fourth moments of the return distribution are 

impacted, with the former being reduced and the latter increased.  In addition, the initiation and 

discontinuation of analyst coverage are both found to be related to the higher moments of the 

return distribution.  The initiation of analyst coverage is associated with a reduction in skewness 

and an increase in excess kurtosis, while the discontinuation of coverage results in an increase in 

both of the higher moments of the distribution.   

Taken together, the results of the two main questions in the current research study 

suggest that investors seeking higher distributional moments of returns may favor neglected firms 

over their followed counterparts, particularly in periods of heightened market volatility.  In 

addition, the results show that the two main competing hypotheses concerning the causes of non-

normal security returns, namely firm information structure and security liquidity, both impact the 

higher moments of the return distribution. 
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Chapter 1 
 

Introduction 
 
 
 

The assumption that security returns are normally distributed is a long-standing one and 

has paramount implications for academics and market participants alike.  The assumption of 

normality impacts the main testing techniques used by finance academics, including in particular 

the commonly used Ordinary Least Squares and related regressions.  In addition, the entire mean-

variance portfolio selection criteria developed by Markowitz (1952), as well as many asset 

pricing models including the Capital Asset Pricing Model of Sharpe (1964) and Litner (1965), 

rely nontrivially on the assumption of normally distributed security returns, or restrictive 

assumptions concerning the investor’s utility function.  However, while the assumption of 

normality is often employed, empirical evidence strongly supports the argument that returns are 

not normally distributed. 

A large body of literature, dating back to the 1960s, has investigated the non-normality of 

stock returns and has also proposed alternative distributions which prove to be more 

economically tractable.  However, despite the plethora of research to suggest otherwise, as well 

as many statistical techniques that have been developed to deal with the failure of the assumption, 

most academic and market researchers continues to assume that returns are normally distributed.  

As such, continued study into this subtle, yet vital, area of finance is warranted. 

The first half of the current study offers an interesting perspective on the time-varying 

behavior of not only the individual moments of the return distribution but also the market 

premium associated with these moments.  Looking first at the time-varying nature of the 

individual moments, this line of research is important for it has long been argued that, despite the 

popularity of mean-variance selection and conventional asset pricing models, investors value the 

higher moments of the return distribution (e.g., Scott and Horvath (1980)).  As such, gaining a 
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better understanding of the time-varying behavior of these higher moments is essential to more 

clearly understanding investor preference for securities.  In addition, the current economic 

environment, specifically the heightened market volatility, offers fruitful conditions for studying 

this time-varying nature of the return distribution.   

This part of the current study also investigates the use of the higher moments of the return 

distribution as potential stock selection criteria.  This investigation into the time-variation in 

premiums that investors place on the moments of the return distribution sheds additional light on 

their use as portfolio selection criteria.  In particular, this line of research highlights additional 

risks and considerations associated with portfolio selection techniques that utilize the higher 

moments of the return distribution. 

The study of return normality has branched into two general areas of research, the first 

being the identification of why returns are not normally distributed and the second being the 

identification of more realistic return distributions.  The second half of the current study adds to 

the body of research concerning the causes of return non-normality, and is the first body of 

literature that looks extensively at the relationship between sell-side security analyst coverage and 

the distribution of stock returns. 

The two most studied factors in the causes of non-normality of security returns are the 

information structure surrounding a firm and the liquidity of the stocks under consideration.  

However, despite the empirical research to support analysts’ impact on both of these factors, an 

extensive study of the relationship between analyst coverage and the moments of the return 

distribution has yet to be performed.  The second half of the current study offers an interesting 

perspective into these two competing hypotheses concerning the potential causes of return non-

normality, as the testing undertaken distinguishes between the two potential impacts.  That is, by 

controlling for security liquidity, the current study is able to jointly investigate the impact of both 

it and changing information structure on the return distribution associated with a change in 

analyst coverage. 
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Taken together, the two halves of the current study establish a relationship between the 

time-dependent moments of the return distribution and analyst coverage.  As such, the current 

study offers a clearer understanding of the relationship between security analysts and the 

distribution of security returns and, in particular, the changing nature of this relationship during 

extreme market downturns. 

The current study also offers explanations for prior contradictory results in literature.  

Included are the often mixed results on the performance of firms followed by security analysts as 

opposed to those firms not followed by analysts (also known as neglected firms).  In addition, 

evidence to explain the contradictory literature on the premium associated with highly skewed 

securities is offered.  Both of these potential explanations center around the time-varying nature 

of both the moments of the return distribution as well as the premium associated with these 

moments. 

Overall, the current study directly links the relationship between analyst coverage and the 

moments of the return distribution.  It also indirectly establishes the relationship between analyst 

coverage and the ability to identify abnormal returns.  The indirect approach is taken, for the 

current study is concerned with the relationship between higher moments and the identification of 

abnormal returns rather than the overall impact of analyst coverage on the identification of 

abnormal returns.  This distinction is important, as a large body of prior literature has explored 

the direct relationship between analyst coverage and abnormal returns, a relationship that is 

impacted by a firm’s information structure, stock liquidity, and potential premiums for changing 

higher moments of the return distribution.  However, by investigating the link between the return 

moments and the identification of abnormal returns, and then subsequently investigating the 

direct relationship between analyst coverage and these moments, we are better able to distinguish 

between the various factors that may impact the analyst and return relationship.  In short, the 

current study investigates the impact that the moments of the return distribution have on the 

identification of abnormal performance, and subsequently relationship between these moments 
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and analyst coverage.  Also, by studying the impact of analyst coverage on the moments of the 

return distribution, we potentially identify a sub-segment of securities that are better 

approximated by the normal distribution (e.g. followed versus neglected firms). 

This study proceeds as follows.  Chapter 2 offers a complete description of what is meant 

by a normally distributed random variable.  Chapters 3 and 4 offer reviews of the academic 

literature concerning return normality and analyst coverage, respectively.  Chapter 5 presents the 

theoretical priors of the current study, while Chapter 6 presents that data and methodology used.  

Chapter 7 provides results for the investigation into the time-varying nature of the higher 

moments of the return distribution, as well as the results concerning the use of higher moments as 

portfolio selection criteria.  Chapter 8 offers the results of the investigation into the relationship 

between analyst coverage and the moments of the return distribution, while Chapter 9 provides 

the results of robustness testing.  Chapter 10 concludes, followed by the Appendix. 
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Chapter 2 
 

The Normal Distribution 
 
 

 
In order to fully investigate the distribution of security returns, it is first necessary to have 

an understanding of the long-assumed normal distribution.  As such, this chapter introduces the 

mathematics of the normal distribution, as well as a number of properties that make the normal 

distribution an attractive alternative in finance. 

2.1 The Normal Distribution 

A continuous random variable is normally distributed if its probability density function 

(pdf) is 

1
√2 σ

μ
σ                                                         1  

where  

∞ ∞ 

In the pdf,  represents the mean, or location of the distribution, while  represents the 

variance, or level of dispersion.  It should be noted that if the random variable is normally 

distributed, then the mean coincides with the median.   

The normal distribution is drawn from the Gaussian function, which is of general form 

                                                               2  

The normal distribution clearly aligns with the Gaussian distribution where the following 

parameters exist 

1
√2 σ
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In fact, the terms normal distribution and Gaussian distribution are often used interchangeably 

throughout the literature. 

The normal distribution, diagramed in Panel A of Figure 1, is characterized by the 

familiar bell-shaped distribution function, with approximately 68 percent of the area under the 

normal curve lying between , approximately 95 percent of the area lying between 

1.96 , and approximately 99 percent of the area lying between 2.58 .  Implicit in the 

distribution and resulting confidence intervals is that the distribution is symmetric about its mean.  

This symmetry implies that the third central moment, skewness, is zero.  In addition, the 

distribution exhibits zero excess kurtosis or, equivalently, a raw kurtosis value of 3, and is said to 

be mesokurtotic.   

Figure 1: The Normal Distribution 
Panel A: Normal Distribution Curve 

This diagram represents the probability density function of a normal distribution.  The mean 
value used to create the distribution is 0.0 and the standard deviation is 0.50. 
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Figure 1: The Normal Distribution (continued) 
Panel B: Negatively Skewed Distribution  

This diagram represents an approximation of the probability density function of a negatively 
skewed distribution (solid line).  The normal distribution of Panel A is provided (dashed line) for 
reference. 
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The remainder of the Panels in Figure 1 demonstrate deviations from the normal 

distribution.  Panel B represents a negatively skewed distribution.  As is obvious from the figure, 

negative skewness is characterized by the left tail of the distribution extending farther than the 

right tail, an indication of asymmetry in the distribution.  This implies that there is a relatively 

low frequency of a left tail, or low value, event as the mass of the distribution is concentrated on 

the right side.  This often, but not necessarily, implies that the mean is less than the median of the 

distribution.1  Panel C of Figure 1 represents a positively, or right, skewed distribution.  An 

examination of Panel C indicates that the distribution has the opposite properties as those of the 

                                                 
1 One exception to this observation is evident in a bimodal distribution. 
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negatively skewed distribution, in particular a low probability of a right tail, or high value, event 

with the mass of the distribution being concentrated in the left tail. 

Figure 1: The Normal Distribution (continued) 
Panel C: Positively Skewed Distribution 

This diagram represents an approximation of the probability density function of a positively 
skewed distribution (solid line).  The normal distribution of Panel A is provided (dashed line) for 
reference. 
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Panels D and E of Figure 1 represent distributions that differ from the normal distribution 

in terms of the fourth moment, or level of kurtosis.  Panel D represents the more common 

leptokurtotic, or ‘fat-tailed’, distribution.  This distribution is characterized as being more peaked 

around the mean and having a larger portion of the probability in the tails of the distribution, and 

hence the resulting ‘fat-tail’ label.  The more peaked the distribution is around the mean, the 

lower the probability of an event outcome being close in value to that of the mean.  The excess 

portion of the distribution in the tails implies that leptokurtotic distributions are characterized by a 

larger probability of an extreme event outcome. 
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Figure 1: The Normal Distribution (continued) 
Panel D: Leptokurtotic Distribution 

This diagram represents an approximation of the probability density function of a leptokurtotic 
(fat-tailed) distribution (solid line).  The normal distribution of Panel A is provided (dashed line) 
for reference. 
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In contrast to Panel D, the platykurtotic distribution in Panel E is less peaked at the mean 

than the normal distribution, indicating that there is a higher probability of an event outcome 

close to the mean value than allowed by the normal distribution.  In addition, the platykurtotic 

distribution is characterized by ‘thin-tails’, indicating that there is less probability of an extreme 

event outcome than allowed in a normal distribution.  Finally, it should be noted that in both 

Panel D and Panel E, the distributions are symmetric about the mean, indicating that the skewness 

value in each case is zero. 
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Figure 1: The Normal Distribution (continued) 
Panel E: Platykurtotic Distribution  

This diagram represents an approximation of the probability density function of a platykurtotic 
(thin-tailed) distribution (solid line).  The normal distribution of Panel A is provided (dashed line) 
for reference. 
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In addition to expressing the distribution of a random variable by the probability density 

function, the behavior and properties of the distribution can also be completely described by its 

characteristic function.  As such, the expectation of a continuous random variable can be 

expressed as , which is defined as the characteristic function of X given by 

∞

∞
                                              3  

where  is an arbitrary real-valued parameter and  is an imaginary number, √ 1.  As discussed 

in Fama and Roll (1971), the normal distribution is drawn from a family of symmetric stable class 

distributions which have a log characte c n
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The location parameter, , is equal to  for the normal distribution while the scale parameter, , 

is equal to /2.  Perhaps the most important parameter in the normal distribution is the 

characteristic exponent, .  Limiting distributions, namely the Cauchy and the normal 

distributions, restrict the range of  to 1 2.  Two interesting properties of the characteristic 

function, with respect to the characteristic exponent , exist.  First, finite first moments (mean) do 

not exist for 1, and as such the range of α with finite mean values is 1 2.  Second, and 

more important to the discussion of the normal distribution, is that finite second moments, namely 

variance or dispersion of the distribution, do not exist for values of 2.  It can thus be seen 

from the characteristic function that finite mean and variance distributions exist only for 2, 

which corresponds with the normal distribution.  In addition, it should be noted that, as 

documented in Fama and Roll (1971), a decreasing  from a value of two results in the 

distribution exhibiting ‘fat-tails’, or too high a probability of an extreme outcome. 

For completeness, it should be noted that the characteristic function of a normally 

distributed random variable, in non-logarithmic form, is  

1
√2 σ

∞

∞
                        5  

2.2 The Central Limit Theorem 

Of powerful practical importance to the discussion of distributions is the normal 

distribution in light of the Central Limit Theorem, or the Second Fundamental Theorem of 

Probability.  In general terms, the Central Limit Theorem states that if a sequence of  random 

variables is independent and identically distributed (i.i.d.), with each having finite mean  and 

finite variance 0, then as the sample size  increases, the distribution of the random 

variables approaches the normal distribution with mean  and variance / .  This convergence 

is irrespective of the original distribution of the random variables.2   

                                                 
2 A formal statement of the Central Limit Theorem is presented in the Appendix. 
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More formally, let , , …,  represent  independent random variables, all with the 

same probability density function having finite mean  and finite variance 0. If the sample 

mean is represented as  

/                                                                     6  

then, as  increases to infinity,  

~ ,                                                                       7  

The result of the Central Limit Theorem is of great practical importance to academics and 

market participants alike.  It implies that, regardless of the underlying distribution of the random 

variables, so long as they are independent and identically distributed and the sample size can be 

increased sufficiently, the distribution will approach the normal distribution.  Given the oft used 

assumption that stock returns are normally distributed, as well as the implicit assumption of 

normally distributed variables in a large portion of the statistical testing used in finance, this 

theorem is of paramount importance to finance academics.  The importance of both the market 

and statistical assumptions of normality are discussed in detail in Chapter 3.  

2.3 Properties of the Normal Distribution 

The normal distribution has a number of useful properties that makes it appealing in 

various statistical situations.  This section briefly touches on these properties. 

Conversion to the Standard Normal Distribution 

The first property of the normal distribution is one of convenience.  Any normally 

distributed random variable can be converted into a random variable with a standard normal 

distribution, which is often easier to work with in a statistical and econometric sense.3  If 

~ ,                                                                         8  

                                                 
3 A standard normal distribution is a normal distribution with a mean of zero and a standard deviation of 
one. 
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then  

~ 0,1                                                                    9  

Normal Distribution is Invariant to Linear Transformations 

A second useful, closely related, property of the normal distribution is that the underlying 

distribution is unchanged by linear transfo Armations.  ssuming that  and  are real numbers, if 

~ ,                                                                       10  

then 

~ ,                                                       11  

Addition and Subtraction of Normally Distributed Random Variables 

A third property of the normal distribution deals with the addition or subtraction of two 

or more normally distributed random variables.  It can be shown that the combination of normally 

distributed random variables is also normal bly distri uted.  As such, if 

~ ,                                                                   12  

and  

~ ,                                                                   13  

then  

~ ,                                               14  

The above result holds for the difference of two normally distributed random variables as well, as 

shown below   

~ ,                                               15  

This property of the difference between normally distributed random variables being normally 

distributed implies that the normal distribution is infinitely divisible. 

Cramér’s Theorem 

An additional property of the normal distribution is attributed to Swedish statistician 

Harald Cramér.  According to Cramér’s Theorem, if two (or more) random variables have a 

13 
 



summation that is normally distributed, then each individual random variable must be itself 

normally distributed.  That is, if 

                                                                       16  

and  

~ ,                                                                     17  

then  

~ ,                                                                    18  

and  

~ ,                                                                    19  

It is important to note that while the above properties are illustrated with two random 

variables, the general results hold for  random variables.   

The Average of Normally Distributed Random Variables is Normally Distributed 

Finally, and closely related to the Central Limit Theorem, is the fact that the average of 

independent, normally distributed random variables is itself normally distributed.  For instance, if 

each variable in a set of independent, normally distributed random variables has mean  and 

variance , that is  

, , … ~ ,                                                         20  

then  

~ ,                                                                 21  

2.4 The Normal Distribution: Conclusion 

The normal distribution is a mathematically tractable alternative that has long been 

assumed for stock returns.  However, as will be shown in the following chapter, while normally 

distributed stock returns are the assumption of choice for finance academics, empirical support 

for this distribution is limited at best. 
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Chapter 3 
 

Literature Review: Distribution of Security Returns 
 

 
 

The current study focuses on two broad topics in finance: the distribution of stock returns 

and the relationship between analyst coverage and this distribution.  As such, the literature review 

is divided into two chapters, with the first focusing on return distributions and the second 

focusing on the impact of analyst coverage on returns.  Neither section on its own truly 

encompasses the relationship between analyst coverage and the distribution of returns, as this has 

proven to be a neglected area of finance research. 

3.1 Stock Return Normality 

Chapter 3 addresses a number of issues concerning the normality of security returns.  

Specifically, this section examines prior literature concerning the normality of individual security 

and market portfolio returns.  Later sections present theoretical and empirical arguments as to 

why the assumption of normality is important in asset pricing models, theoretical arguments as to 

investor preference towards higher moments of security returns, and, finally, empirically 

supported alternative distributions are presented.  

Normality of Stock Returns 

The idea of normally distributed security returns dates back over a century, to the time of 

Louis Bachelier.  Bachelier (1900) was one of the first to study financial mathematics, and argued 

that asset prices may be modeled as a yet-to-be-named stochastic Weiner process, which is the 

stochastic process that underlies Brownian motion.  In short, Bachelier (1900) argued that prices 

of financial assets follow a normal distribution.4   

                                                 
4 A variable that is subject to arithmetic Brownian motion has a normal distribution, while a variable 
subject to geometric Brownian motion has a lognormal distribution. 
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In its simplest form, Bachelier (1900) argues that the distribution of price changes for 

stocks and other commodities is sufficiently approximated by a normal distribution.  More 

formally, let   represent the price of a stock or commodity at the end of period .  Then, under 

Bachelier’s (1900) framework, which relies on the Central Limit Theorem, successive differences 

in independent, identically distributed finite variance prices, namely 

,                                                         22                           

produce an independent random variable that is normally distributed, with mean zero and 

variance proportional to the differencing interval, .  One of the main attractions of the 

assumption of normally distributed prices/returns is that, for any value of , ,  is a normally 

distributed random variable, with the only component changing for varying values of  being the 

standard deviation, or variance, of  , .  That is, if normally distributed returns have a 

standard deviation of  , the change in   over an interval of   will have a standard deviation 

of / . 

Bachelier’s (1900) assumption of normally distributed asset prices went relatively 

unchallenged until the 1960s.  At this time, a number of research contributions began to argue 

against the normal distribution of security returns, based on the empirically supported argument 

that returns are often more peaked and have fatter tails than a normal distribution would allow.  

Evidence of stock return normality, however, is offered by Kendall (1948), who examines weekly 

price changes in British stocks and concludes that the distribution is approximately normal.  In 

addition, Moore (1962) presents a graphical representation of first differences in weekly log price 

changes for eight New York Stock Exchange (NYSE) listed stocks and concludes that the 

distribution is approximately normal.    However, while both authors conclude that the 

distribution is reasonably well approximated by a normal distribution, both also observe that the 

distributions display at least some level of leptokurtosis, thus providing, at best, only weak 

support for return normality.   
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The Stable Paretian Distribution 

The cornerstone of the argument against return normality was offered by French 

mathematician Benoit Mandelbrot.  While perhaps best known for his work in fractal 

mathematics, Mandelbrot’s earlier works have had a significant and lasting impact on finance, 

and on economics in general.  Mandelbrot (1963)5 argues that rather than following a normal 

distribution, price changes, measured in log form, follow what he terms a ‘stable Paretian’ 

distribution as first introduced by Lévy (1925).6  Lévy’s (1925) characteristic function, in the 

notation offered by ro Mandelb t (1963), is  

∞
∞ | | 1 | | tan                       23   

where the four parameters in the distribution, defined below, typically correspond to the first four 

moments of the distribution of  : 

  is the scale parameter, or variance, of the r i 0 

  is a form of location parameter; 0 

dist ibut on; 

  is the skewness index of the distribution; 1 1 

  is the measure of ‘peakedness’, or kurtosis, of the distribution 2 ; 0

It should be noted that, strictly speaking, the property of stability requires that 0.  However, 

 is added to the characteristic function to introduce location.   

As outlined in Fama (1963), the two main assertions of Mandelbrot’s (1963) alternative 

distribution of asset returns, based on empirical evidence, are: (1) the variance of the distributions 

beh2ave as if infinite and (2) the distributions are best approximated by Mandelbrot’s (1963) 

stable Paretian model.  Clearly, the assumption that the distribution is characterized by an infinite 

variance has significant implications.  As argued by Fama (1963), if the population variance is 

                                                 
5 An earlier extended edition of this work titled “Researc te NC-87” was issued in March of 1962 by 
the Research Center of the Interna n ss Machin ora
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under addition.  For example, if  ~ 1,  {that is, 2 and 0}, then 2 ~ 2,2 , with no 
change in the third or higher moments of the distribution.   



infinite, then the sample variance is a meaningless measure of dispersion.  In addition, major 

testing techniques, including Ordinary or Generalized Least Squares which rely on a finite 

variance within the distribution, will produce misleading results.   

Perhaps the strongest appeal of the stable Paretian distribution, and the limiting case of 

the normal distribution, is the fact that it is stable or invariant under addition.  This implies that 

the skewness ( ) and kurtosis ( ) parameters are unchanged by the addition of two or more 

independent and identically distributed random variables.  This allows for price changes of 

different time intervals to be constructed from price changes of smaller intervals.  To draw on the 

example used by Fama (1963), if daily price changes are normally distributed, with mean  and 

standard deviation , then the weekly price change will also be normally distributed, with mean 

5  and standard deviation of √5 .  While the normal distribution is used for illustration, it is 

important to note that the general invariance under addition result follows for any of the infinite 

variance distributions in the stable Paretian class of distributions as well.  The general concept 

also works in reverse, in that “so long as the effects of individual bits of information combine in a 

way which makes the price changes from transaction to transaction asymptotically Paretian with 

exponent  … the price changes for longer intervals will be stable Paretian with the same value 

of ” (Fama (1963), p. 426). 

A number of interesting properties are contained in the characteristic function of the 

stable Paretian distribution.  First, if β 0, then the distribution is symmetric and   is the 

median of .   Also, if 1,  represents the mean or expectation.  However, when β 0, there 

is no obvious interpretation for 0 1.  In addition, it can be shown that both the normal and 

Cauchy (1853) distributions are special cases of the stable Paretian distribution, with the former 

corresponding to the limiting case where 2 and the latter corresponding to the case where 

1 and 0. 
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Of particular importance in assessing the stable Paretian distribution, relative to the 

normal distribution, is the kurtosis parameter , which determines the total probability contained 

in the tails of the distribution.  While the normal distribution is represented by stable Paretian 

characteristic function with 2, a deviation from this extreme value, towards the opposite 

extreme value of zero, results in an increase in the portion of the probability that is found in the 

tails of the distribution.  The main consequence of this is that unless the value of 2, the 

variance of the distribution will be infinite.  In addition, for values of 0 1, the mean of the 

distribution does not exist.  The main hypothesis of Mandelbrot (1963) is that the returns follow a 

stable Paretian distribution with 1 2, such that the first moment exists, but the variance is 

infinite.   

Fama (1963), argues that while one can attempt to bracket the true value of the  

parameter, without the true density function an exact estimation of this parameter is problematic 

at best.  Using three different techniques, including range analysis, sequential computation of 

variance, and the at-the-time popular double log graphing technique, Fama (1963) estimates the  

parameter for the daily log price changes of Dow Jones Industrial Average (DJIA) stocks.  He 

finds that in every instance the distributions are ‘fat-tailed’, or leptokurtotic, and he consistently 

finds empirical values of  to be less than two, indicating that daily stock returns are non-normal.  

Fama’s (1963) results support those found by Mandelbrot (1963), who finds the daily log price 

changes of cotton prices to have an empirical  value of around 1.7, and concludes that the 

second moment of the distribution continues to be erratic for sample sizes up to 1,300, a 

prediction of the stable Paretian model.  Additional support for the stable Paretian distribution is 

offered in Mandelbrot (1962), an unpublished extended version of his 1963 work, in which he 

finds that the stable Paretian distribution is also applicable to a variety of other assets, including 

wheat prices and rail stocks. 
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In an extended version of his 1963 paper, Fama (1965), in addition to outlining the results 

of his earlier study, provides additional empirical testing on return independence and distribution.  

Fama (1965) shows that for all 30 Dow Jones Industrial Average listed stocks, the distribution of 

daily log price changes is more peaked in the center and has longer tails than allowed under the 

normal distribution. He concludes that, for extreme values beyond three standard deviations from 

the mean, the data presents evidence that the number of observations at such extremes is between 

two and eight times greater than predicted by the normal distribution.  Fama (1965) concludes 

that while the value of  is close to two, with an estimated value of near 1.9, it is nevertheless less 

than the value necessary to support a normal distribution argument for returns on DJIA listed 

securities.  The author also rules out competing hypotheses for why returns may be normal, but 

with additional considerations.  Specifically, Fama (1965) considers both a mixture of normal 

distributions, with higher variance on weekends and holidays, as well as non-stationary normal 

distribution with a changing mean value.  However, he rules out both alternative explanations in 

favor of the stable Paretian distribution of returns.  Finally, in a prelude to the efficient market 

hypothesis, Fama (1965) concludes that successive price changes are independent of one another 

and thus independence as a valid assumption in the random walk theory is born. 

There are a number of implications of returns being stable Paretian distributed, with 

2, as opposed to normally distributed.  The stable Paretian distribution implies that security 

prices will tend to jump up and/or down by large amounts more often than allowed under the 

assumptions of the normal distribution.  Thus, securities would be more risky under the stable 

Paretian distribution than under the normal distribution.  In addition, due to the sudden and 

significant price changes allowed under the stable Paretian distribution, it becomes difficult, if not 

impossible, for investors to protect themselves from losses with ‘stop-loss’ type orders, as the 

price change is too drastic and too quick for such orders to be fully executed during a dramatic 

price decrease.  Finally, the statistical implications of a stable Paretian distribution are numerous 

and include the inability to describe risk using variance or standard deviation, which precludes 
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the use of Markowitz’s (1952) mean-variance portfolio selection criteria.  A stable Paretian 

distribution, with 2, also results in the inability to use popular Least Squares regression 

techniques, which implicitly assume that the variables are normally distributed.  These 

implications stem from the fact that stable Paretian distributions have an infinite variance.  While 

Fama (1965) presents a number of statistical techniques to use in dealing with this infinite 

variance issue, these techniques have received little, if any, attention in the literature, with 

academics and market practitioners continuing to favor the assumption of normality.   

While the above examples represent potential issues with markets represented by stable 

Paretian distributed stock returns, there are also a number of benefits to the use of this 

distribution.  The first benefit is simply that the distribution is a better representation of real-

world data.  In addition, the stable Paretian distribution is better able than the normal distribution 

to explain sudden, significant price changes that are evidenced in markets.  With the assumption 

of return normality, attempts to explain these drastic price changes often relying on casual 

observations rather than evidence grounded in theoretical or empirical reasoning.   

While Fama (1963, 1965) and Mandelbrot (1963) find empirical support for the stable 

Paretian model, others have empirically rejected the model.  A number of authors, including Hsu 

et al. (1974) and Hagerman (1978), present evidence that the characteristic exponents in the stable 

Paretian distribution rise as the number of return summations increase in the sample.  This 

implies instability, or that the distribution is not invariant under addition, and is thus direct 

evidence against the stable Paretian distribution of returns.   

3.2 Empirical Evidence of Return Normality  

A large body of literature has been designated to the study of the distribution of stock 

returns, and in particular whether this distribution is normal.  As outlined in this section, the 

overall conclusion from this body of literature tends to support the conjecture that returns are not 

normally distributed. 
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Empirical Evidence of Higher Moments 

One of the earlier examinations into the skewness of stock returns was offered by Fielitz 

and Smith (1972).  Examining 200 NYSE listed stocks for a period of roughly five years, ending 

in November 1968, the authors conclude that the returns exhibit a nontrivial number of instances 

of skewness.  They argue that while a non-normal, asymmetric stable distribution is statistically 

unattractive, it unfortunately appears appropriate for stock returns.  One omission by the authors, 

however, is that they fail to account for the cross-sectional dependence of the 200 securities under 

investigation. 

Officer (1972) further investigates the normality of security returns.  He concludes, 

consistent with prior literature, that the distribution of returns has ‘fat-tails’ relative to the 

hypothesized normal distribution.  Using a sample of 39 randomly selected stocks from the 

Center for Research in Security Prices (CRSP) database for the period of January 1926 through 

June 1968, Officer (1972) first documents the non-normality of monthly returns.  In order to test 

the stability of the distribution, the sample period is divided into halves, and the distribution of 

the market model residuals is analyzed.  Examining the returns in the different subsample periods 

is hindered by the dependence of the stock returns with the market portfolio.  In order to address 

this dependence, the returns are first regressed on the market model, and the distribution of the 

residuals of said model is examined.  From the property of stability, if the security returns are 

generated by the same stable process, then the residuals of the market model will belong to the 

same distribution as the original security returns. 

Officer’s (1972) results suggest that the distribution of the residuals is not consistent 

between the two sub-periods, indicating that the distribution of the returns is also not consistent.  

To increase testing power, the author examines the daily returns of 50 securities for the period of 

1962 through 1969, and concludes that the return distribution is highly stationary in the 1960’s.  

This indicates that the change in distribution during the original sub-periods was not the result of 

continually changing distributions.  Officer (1972) concludes that while the distribution of 
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monthly stock returns appear to be reasonably stable for up to five-month intervals, the same 

cannot be said for the daily returns, thus providing evidence against the stable Paretian 

distribution of returns and return normality in general. 

The distribution of returns, as a potential explanation for the relatively poor performance 

of high-risk stocks, is examined by McEnally (1974).  For the sample period of 1945 to 1965, 

McEnally (1974) selects 545 common stocks listed on the NYSE to comprise his research 

sample.  These stocks were divided into five portfolios based on the rank of their standard 

deviation of returns.  McEnally (1974) observes that, consistent with prior literature, the portfolio 

comprising the highest standard deviation stocks underperforms other portfolios composed of 

lower-risk securities.  However, the author also observes that while the skewness of the returns 

only doubles between Portfolio 1 (the lowest standard deviation stocks) and Portfolio 4, the 

skewness again doubles between Portfolio 4 and Portfolio 5 (the highest standard deviation 

stocks), an increase that is shown to be statistically significant at conventional levels.  The author 

argues that these results are consistent with the hypothesis that investors are willing to accept 

lower expected returns in exchange for the opportunity to gain extraordinarily large returns in the 

future.  McEnally (1974) further argues that this return anomaly associated with high-risk stocks 

cannot be explained by diversification of portfolio-related risk measures, as the beta of Portfolio 5 

is larger than that of all other portfolios, therefore suggesting that Portfolio 5 should afford a 

higher, rather than the observed lower, expected return. 

The validity of McEnally’s (1974) findings, however, is investigated in Beedles and 

Simkowitz (1978).  The work of Rosenberg and Houglet (1974) stresses that data errors in the 

Compustat database determined the skewness and kurtosis observed in studies of returns using 

this database.  Extending this work, Beedles and Simkowitz (1978) consider the potential 

implications of such data errors on the findings of McEnally (1974), arguing that the significant 

age of McEnally’s (1974) database leaves it susceptible to similar data errors.  The authors find 

that McEnally’s (1974) results, when corrected for erroneous holding period returns, are impacted 
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only modestly.  They also conclude that the statistical variances are relatively unchanged. 

However, they find that the largest impact is in Portfolio 5, with the variance and beta each 

falling by roughly one-half.  Despite this adjustment, however, both values remain statistically 

different from the values found in Portfolio 4, reinforcing the general results of McEnally’s 

(1974) study, while simultaneously increasing confidence in the data used. 

Beedles and Simkowitz (1978) extend their examination of McEnally’s (1974) findings 

to remove the impact of large, but correct, holding period returns.  They find that the majority of 

the skewness in Portfolio 5 is driven by four very large, but correctly reported, holding period 

returns.  However, when the impact of these four returns is removed from the sample, the 

variance of Portfolio 5 remains statistically different from that of Portfolio 4, while the beta of the 

two portfolios is now statistically equivalent.  Based on these observations, the authors confirm 

the casual observation that extreme values have a greater impact on higher moments of the return 

distribution.  However, given the nature of McEnally’s (1974) original study, they provide little 

to no justification for removing these extreme, but correct, observations.  This is particularly 

troubling given that the underlying foundation of McEnally’s (1974) study is based on the total 

distribution of returns, which clearly encompasses, and is greatly impacted by, such extreme 

values.   

For completeness, it is necessary to investigate the finding of Rosenberg and Houglet 

(1974), and in particular the impact of data errors on the moments of security returns, for while 

their work is now dated, their general results remain applicable.  Rosenberg and Houglet (1974) 

conclude that data errors in Compustat, in particular stock price information, are prevalent and 

impact the moments of security returns.  Given the higher exponent associated with the third and 

fourth moments, it is these moments that are impacted the most by the relatively large Compustat 

data errors.  In fact, they conclude the data errors increase the third moment (skewness) of returns 

by a factor of eleven and the fourth moment by a factor of 18.  However, they conclude that while 

some errors are present in the CRSP database, these errors have only a minimal impact on the 
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moments of returns, and find that overall the CRSP database is of unusually high quality.  Given 

that the majority of research on the distribution of returns utilizes the CRSP database, and also in 

light of the findings of Beedles and Simkowitz (1978), it is felt that data errors are of negligible 

importance in the current study. 

Beedles and Simkowitz (1980) continue their investigation into the normality of security 

returns using a sample of monthly stock returns from the CRSP database for the period of 1927 

through 1976.  The authors examine two distinct measures of skewness, the first being relative 

skewness, measured as the ratio of raw skewness (or simply the average third moment of returns) 

to the dispersion of returns (measured by the standard deviation) cubed.  The authors argue that 

this first measure allows for comparison on cross-sectional data with differing distributions, and 

also that this measure’s sampling properties are known, and thus normality testing can be 

conducted.   

The second measure of skewness utilized by Beedles and Simkowitz (1980) deals with 

the potential issue of the previously evidenced infinite variance characteristics of return 

distributions.  This infinite variance ultimately causes infinite values for moments of the 

distribution higher than the first.  To account for this, the authors measure the ratio of the 

difference between the number of extremely large and small observations to the sum of these 

values. 

A number of important results can be taken from the Beedles and Simkowitz (1980) 

study.  First, the authors conclude that the two measures of skewness employed produced 

consistent results, indicating that either measure is applicable to future studies.  In addition, the 

authors conclude from the cross-section of returns that not only are the majority of subsample 

periods characterized by positive skewness, with over twice as many securities being positively 

skewed versus negatively skewed, but this skewness is also consistently stationary.  Interestingly, 

however, the results do not hold for two subsamples characterized by heightened market 

volatility: (1) 1927 to 1931, a period which encompasses the 1929 market crash and (2) 1937 to 
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1941, a period which encompasses the attack on Pearl Harbor, the start of World War II, and the 

market crash beginning in March of 1938.  During these volatile periods, the majority of 

securities were negatively skewed, with less than one-third of the securities exhibiting positive 

skewness.   

The skewness of stock returns is further investigated by Singleton and Wingender (1986), 

who look at the time-series patterns of skewness for both individual stocks and portfolios of 

stocks.  While the authors confirm the findings of Beedles and Simkowitz (1980) in that the 

frequency of positive skewness in the cross-section of returns is relatively stable over the sample 

period investigated, Singleton and Wingender (1986) find different results for the times series 

behavior of return skewness.  Using monthly CRSP return data for 1961 to 1980, the authors 

investigate five- and ten-year subsample periods to determine skewness persistence.  They find 

that between 12 and 44 percent of the positively skewed stocks in one period are positively 

skewed in the following period.7  In addition, the persistence drops dramatically as additional 

periods are added.  To solidify their results, the authors find that there is nearly an equal 

likelihood that a positively skewed security in one period will be negatively or positively skewed 

in the following period.  The same holds for negatively skewed securities and their performance 

in subsequent periods. 

In looking at the persistence of skewness of portfolios, Singleton and Wingender (1986) 

create equally-weighted portfolios of five and twenty randomly selected stocks.  Given the 

skewness diversification identified by Beedles and Simkowitz (1980), Singleton and Wingender 

(1986) are investigating the persistence in systematic skewness, compared with the total skewness 

that was investigated for individual stocks.  However, the results of the portfolio testing were 

remarkably similar to those of the individual securities, with nearly no persistence of systematic 

skewness being evident.  In addition, the authors note that, as a result of the documented 

skewness diversification, positive skewness was far less frequent in portfolios compared with 
                                                 
7 Three different measures of returns are used in the study: monthly, semi-annual, and annual returns. 
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individual securities.  Overall, that authors argue that the lack of skewness persistence in 

individual securities and portfolios of securities casts doubt on investment strategies aimed at 

positive skewness, and also on the argument that skewness is a potential reason for under-

diversification by investors.   

The symmetry of returns for a variety of financial assets is again investigated in Alles and 

Kling (1994).  The authors look at the skewness values compared with both the asymptotic 

standard error of √ 6/  as well with a bootstrapped method that is independent of distributional 

assumptions.  In order to address the issue of autocorrelation in returns, the authors use the 

method of Lomnicki (1961), which takes into account the previously documented autocorrelation.  

While in the overall sample the authors find negative skewness for the assets considered, they 

also document significant variations in various subsample periods.  They find that the skewness 

of both American Stock Exchange (AMEX) and National Association of Securities Dealers 

Automated Quotations (NASDAQ) listed stocks is negative in nearly all sub-periods, while that 

of NYSE listed stocks is positive in four of the six sub-periods considered.  Overall, the authors 

conclude that the skewness of smaller market capitalized stocks is more negative than that of 

larger stocks. They also conclude that while the skewness may not be reduced as a result of 

autocorrelation in returns, the statistical significance of the test statistic does tend to be reduced.   

The main contribution of the Alles and Kling (1994) paper is the relationship they 

establish between skewness and both the overall business cycle and the stock market.  They 

define an economic contraction as a recessionary period, as defined by the National Bureau of 

Economic Research (NBER), and a stock market contraction as a decline in monthly total index 

return, as computed by Ibbotson and Sinquefield SBBI Yearbook, for three or more consecutive 

months.  In their sample period of 1962 to 1989, they classify 44 months as recessionary and 77 

months as bear months.  Using a bootstrapping technique, they find that the results under both 

measures of economic contraction are similar, with returns becoming more negative in both the 

expansionary phase of the business cycles as well as the bull market cycle.  Skewness of the 
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AMEX and NASDAQ returns is large and negative in bull markets, but also statistically negative, 

although at a lower value, in bear markets.  For NYSE returns, however, the skewness is actually 

positive in bear markets and negative in bull markets.  For all market returns considered, the 

skewness tends to be inversely related to both the business cycle and stock market movements, 

with skewness being most negative in favorable economic climates and less negative, and in the 

case of the NYSE positive, during poor economic conditions. 

Further investigation into the symmetry of individual stock returns is offered in the work 

of Peiró (2002), who considers 24 NYSE listed Dow Jones Industrial Average stocks as well as 

24 NYSE listed stocks with lower market capitalization.  To test the symmetry of the return 

distribution, the author compares the absolute value of the distribution of negative returns with 

that of positive returns.  Symmetry would imply that the two values are equal.  The author 

initially tests the equivalence of the mean and variance of the two tails of the distributions using t- 

and F-tests, but argues that distribution-free methods are preferred, as they require minimal 

assumptions about the underlying distribution and are not as dependent on extreme values.8 

Peiró (2002) considers three distribution-free tests to determine the symmetry of returns 

over daily, weekly, and monthly investment horizons.  The author concludes that daily returns 

present evidence of asymmetry in some instances, but this asymmetry is not a consistent feature 

of daily returns.  The returns for weekly periods are markedly different, with none of the t-tests 

and only one of the 72 distribution-free tests rejecting symmetry.  The results for monthly returns 

are similar to those of weekly returns, leading to the general conclusion that while asymmetry is 

present in some instances in daily returns, this is not the case at longer horizons.  While the 

frequency of asymmetry in daily returns is larger for lower capitalized stocks, as with their DJIA 

counterparts, symmetry again dominates the weekly and monthly return horizons. 

                                                 
8 The author’s main concern is with the F-test as opposed to the t-test results.  He argues that while the t-
test is relatively robust to distributional assumptions, the F-test is sensitive to these assumptions.  As such, 
he in essence uses the distribution-free tests to confirm the t-test results. 
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The returns used by Peiró (2002) are calculated as continually compounded returns, and 

as such represent an aggregation of the daily returns over five and 20 days for weekly and 

monthly returns, respectively.  Thus, longer horizon returns imply that, according to the Central 

Limit Theorem, if the returns are independent and identically distributed then they should 

converge to a normal distribution as the return horizon is lengthened.  Thus, the finding for the 

long horizon returns being symmetric is not surprising.  However, the author concludes from the 

findings that this symmetry sheds doubt on the argument that investors purchase stocks, and 

under-diversify their portfolios, in an attempt to capture positive skewness, an issue discussed in 

Section 3.4.   

Anomalies 

A number of interesting insights into the normality of security returns are gained in the 

work of Aggarwal and Aggarwal (1993).  The authors are the first to examine the normality of 

security returns on the NASDAQ exchange, and look at return distributions on a cross-section of 

the major American stock exchanges.  Looking at the NASDAQ, NYSE, and AMEX exchanges, 

the authors find deviations from normality in all three markets, with the largest deviations 

experienced in the NASDAQ.  In addition, the authors find that deviations from normality for 

individual securities are largest for daily returns for individual stocks, and that these deviations 

decrease as the investment horizon increases.  In terms of control variables, the authors find that 

the return distributions are not significantly impacted by the January effect or by trading volume, 

but that the skewness and kurtosis are both impacted by the size of the underlying firm, as 

measured by the natural log of the firm’s market capitalization.  Finally, the authors find that the 

skewness and excess kurtosis of individual securities are both reduced when securities are 

combined into portfolios, thus alluding to a diversification benefit for the third and fourth 

moments of security returns. 

In addition to the January effect, Aggarwal also relates the higher moments of security 

returns to another anomaly, the day of the week effect (Aggarwal and Schatzberg (1997)).  In 
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particular, the authors are the first to attempt to create a causal link between the higher moments 

of security returns to the day of the week anomaly. The authors argue that given the ease with 

which skewness can be diversified away, it is unlikely to be priced.  As such, it is argued that 

kurtosis is the predominant driver of the day of the week effect.  That is, low Monday returns are 

hypothesized to be driven by low levels of kurtosis while high Friday returns are hypothesized to 

be driven by high levels of kurtosis.   

Using a dataset consisting of NYSE and AMEX listed stocks from 1980 to 1993, 

Aggarwal and Schatzberg (1997) conclude that while the impact of skewness on the day of the 

week anomaly is ambiguous between two equal length sub-periods, the impact of kurtosis is 

consistent with their hypotheses.  That is, the cross-sectional mean kurtosis is below the overall 

average kurtosis on Mondays and above the overall average on Fridays.  In addition, support is 

also offered for the observation that the day of the week effect is more severe in smaller firms, as 

smaller firms show greater levels of kurtosis, along with the first three moments of the return 

distribution, than their larger counterparts.  The authors use a market model to establish a link 

between information releases, including dividend declarations and earnings announcements, and 

the non-normality of security returns, with the events being characterized by increased excess 

kurtosis.  However, the authors provide only limited support for the connotation that information 

releases are related to the day of the week patterns exhibited in daily returns. 

Multivariate Testing 

Much of the earlier work on the normality of stock return distributions utilized univariate 

tests of normality.  If a random variable is not univariate normally distributed, then it cannot have 

come from a multivariate normal distribution.  However, one aspect that most literature fails to 

deal with is the correlation between security returns and the market, resulting in contemporaneous 

correlation between stock returns.  If returns are contemporaneously correlated, then test statistics 

are not independent.  The higher the correlation of returns, the more severe this estimation issues 

would be.  The main contribution of Richardson and Smith (1993) is the development of a 
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multivariate test statistic, based on Hansen’s Generalized Method of Moments (GMM) approach, 

which takes into account the cross-sectional dependence of stock returns.   

The results of multivariate normality testing found in Richardson and Smith (1993) differ 

significantly from those of univariate testing.  Using a sample of the monthly returns on the 30 

Dow Jones Industrial Average firms over five year subsample periods covering the overall 

sample period of 1926 through 1990, the authors find that multivariate normality is strongly 

rejected in nine out of the 13 subsample periods.  However, the rejection rates for the univariate 

skewness, kurtosis, cross-skewness and cross-kurtosis tests are significantly lower in each of the 

13 sub-periods.  It is found that there is substantial evidence against multivariate normality at 

both the marginal and joint distributional level.  

International Evidence of Return Normality 

International evidence on the normality of returns has led to conclusions consistent with 

the non-normality found on American exchanges.  Using a sample of daily returns from 1987 

through 1992 for six exchanges, five of which are outside of the United States, Peiró (1994) 

concludes that in all markets the normal distribution of returns is overwhelmingly rejected.  This 

non-normality can be reasoned mainly through high excess kurtosis.  As discussed in more detail 

in Section 3.6 below, Peiró (1994) argues that the Student’s t-distribution is the dominant 

distribution in all six markets. 

Additional insight into the distribution of international security returns is found in 

Aggarwal et al. (1989).  The authors examine monthly equity returns for 488 stocks listed on the 

Tokyo Stock Exchange for the period of 1965 to 1984.  The authors conclude that both skewness 

and excess kurtosis are statistically different from the normal distribution values of zero.  They 

find, however, that skewness is diminished, and becomes statistically equivalent to zero, as more 

randomly selected securities are added to size based portfolios.  These results contradict early 

work by Blattberg and Gonedes (1974) who find that monthly returns are well modeled by the 

normal distribution.   
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As with prior studies in different markets, Aggarwal et al. (1989) conclude that the non-

normality of the security returns on the Tokyo Exchange is driven predominately by the positive 

excess kurtosis exhibited in the return distributions.  However, unlike the finding for skewness, 

the excess kurtosis cannot be diversified away.  In addition, while the skewness tends to persist 

across various sub-periods and portfolios of various numbers of securities, the excess kurtosis 

shows far less persistence, and is only evident for portfolios consisting of five securities or less.  

Their results hold even when adjusted for potential January effects.  However, the authors do 

conclude that there is a significant inverse relationship between the two higher distributional 

moments and firm size, as measured by average total assets.   

3.3 Importance of the Normal Assumption 

While much work had been done on the normality of security returns up to the late 1980s, 

the issue was thrust to the forefront of academic and industry research with the market crash of 

1987, and in particular the significant market deterioration experienced on Black Monday.9  In a 

well-cited and influential academic contribution on the subject, D’Ambrosio (1988) cites the 

assumptions made concerning the distribution of security returns as one of the major “sins of 

omission and commission” (p. 8) of the October, 1987 market crash.  He argues that, under the 

assumption of a normal distribution, a 508 point drop in the Dow Jones Industrial Average 

represented a roughly 18 standard deviation event, an event “not even considered admissible”  

(p.8) under the assumption that returns are normally distributed.  He argues that under the normal 

distribution, and the resulting convergence of the distribution tails to the horizontal axis, the first 

two moments are sufficient to not only describe, but also to analyze, the distribution.  However, 

given ‘fat-tails’, and the resulting failure of the distribution to converge to the horizontal axis, the 

distribution cannot easily be described or analyzed, and any deviation from the mean is 

admissible.  Nearly a decade after D’Ambrosio’s (1988) paper, the distribution of returns was still 

                                                 
9 Black Monday refers to the significant worldwide stock market declines experienced on Monday, October 
19th, 1987.  In a single day, the Dow Jones Industrial Average fell a staggering 508 points (or 22.6 percent).   
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a concern for market participants.  In 1997, Alan Greenspan, then Chairman of the Federal 

Reserve, argued that “the biggest problems we now have with the whole evaluation of risk is the 

‘fat-tail’ problem” (Greenspan (1997)).  In short, while the assumption of normality greatly 

simplifies the investigation of security performance and return anomalies, an unjustified 

assumption of normality can in the best case be analytically costly, and in the worst case be 

statistically disastrous.  

Statistical Issues and the Assumption of Normality 

One potential issue in assuming return normality, in light of evidence that suggests that 

returns are not normally distributed, is present in event study methodologies.  The issue of non-

normality is highlighted in these studies, for many such studies rely on daily returns which have 

been documented to be more non-normal than their long-horizon counterparts (e.g., Peiró (2002)).  

In a typical event study, the statistical significance of potentially abnormal returns is commonly 

measured using Student’s t-tests and F-tests, utilizing the estimated standard errors of the Least 

Squares regression under consideration.  Ford (2008) investigates the impact that assuming a 

normal distribution of returns has on one particular type of event study, namely one that employs 

the use of dummy variables.  Utilizing a randomly selected sample of 30 S&P 500 stocks over the 

calendar year 2002, the author estimates the daily market model inclusive of dummy variables for 

both the largest positive and largest negative abnormal stock returns for the year.  Confirming 

non-normality using, among others, the Shapiro-Wilk and Jarque-Berra tests, the author compares 

the results from the Least Squares regression with confidence intervals created by bootstrapping 

and Monte Carlo techniques, each based on 99,900 simulated regressions. 

Ford (2008) finds that the average critical values produced by Monte Carlo simulation 

(1.978) is compatible with that of the normal distribution asymptotic critical value under the 

appropriate degrees of freedom (1.97), and also that these critical values are symmetric (-1.977; 

1.978) and stable.  However, this is not found to be the case with bootstrapped critical values, 

which prove to be highly variable and typically depart nontrivially from their asymptotic values.  
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The author concludes that, on average, tests relying on asymptotic critical values over-reject the 

null hypothesis.  However, looking at the individual stocks, this is not always the case, with 

roughly one-third of the individual critical values falling below the asymptotic value, indicating 

that in roughly one-third of the cases, under-rejection of the null hypothesis is an issue.   

An empirical practicality of the assumption of normally distributed returns presents itself 

when one considers the common testing procedures used by finance academics.  Without 

question, the most popular type of analysis in finance is the Ordinary Least Squares (OLS) 

regression, which has the general form 

                                                          24  

Instances of such tests include, but are in no way limited to, the Capital Asset Pricing Model, the 

Fama and French (1993) three factor model, and other models used to investigate the presence of 

abnormal returns under various conditions.   

The issue of normality presents itself when investigating the statistical significance of 

both the intercept term and the various regression coefficients ( ).  Under the assumption that the 

error terms in the OLS regression are normally distributed, the estimated  coefficients are joint-

normally distributed.  This means that , , etc. are all interconnected through their covariance.  

Also, it implies that , for instance, is normally distributed with mean  and variance equal to 

the third diagonal element of the variance-covariance matrix of .10  The square root of is the 

standard deviation, which can be used in conjunction with the normal distribution table to 

undertake hypothesis testing. 

 

                                                 
10 While the above outlines the procedure for testing OLS coefficients, it implies a strong (and rarely 
fulfilled) assumption: that the variance-covariance matrix of  is known.  In order to circumvent this 
shortcoming, the standard error of the regression, , is used as an estimate of the coefficient variance, .  
From the square root of the standard error one can obtain an estimate of the standard deviation which, 
combined with the Student’s t-table, can be used for hypothesis testing.   
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Utility Functions and the Assumption of Normality 

An important contribution to, and summary of the importance of, the issue of return 

normality is provided by Scott and Horvath (1980).  If we assume that an investor’s utility, , is 

defined completely by her income, a random variable, and wealth, then .  Defining 

the rate of return as / , then .  Letting , taking the 

expectation of both sides of the utility function and expanding this expected utility by Taylor 

series expansion, one obtains 

2 !

∞

     25  

Given that , the value of the second term is zero.  Substituting in the conventional 

notation for variance, , we are left with 

2 !

∞

                                 26  

where  is the n-th derivative of  and  is the i-th central moment.  As argued by Scott and 

Horvath (1980), and others, the first and second moments can completely describe the expected 

utility, , for only certain distributions of returns, such as Normal, Uniform and Binomial 

distributions.  However, if the distribution of returns is asymmetric, or if the utility function of the 

investor is of higher order than quadratic, then the mean and variance alone will be insufficient in 

describing the expected utility, and the third and higher moments become pertinent. 

The two assumptions that allow for the investigation of securities under the first two 

moments of the return distribution, as outlined briefly above, are that utility functions are 

quadratic and/or the returns are normally distributed.  The importance of the quadratic utility 

function stems directly from the Taylor series expansion of the expected utility function.  

Quadratic utility implies that the value of the third and higher derivatives, that is , , … , ∞, 

will be zero.  This results in all values in the term ∑
!

∞  being equal to zero.  The 
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assumption of normality implies that the distribution of returns is symmetric.  Therefore, the third 

moment and higher will be zero, and the corresponding term in the Taylor series expansion will 

also be zero.  A final argument can be made in favor of using only mean and variance as portfolio 

selection criteria.  Jean (1971) argues that, for terms above the third moment, “without a specific 

form of the utility function, we cannot consider the adequacy of estimation” (p. 506) of the higher 

order terms in the Taylor expansion.  As such, the ambiguity associated with the estimation of 

higher moments precludes their use as portfolio selection criteria. 

3.4 Normality and Investors 

In light of the plethora of research indicating the non-normal distribution of security 

returns, much attention has been focused on investor preferences for moments higher than the 

first and second.  Clearly, under the mean-variance portfolio investment framework of Markowitz 

(1952), investors have a positive preference for the first (mean) moment and a negative 

preference for the second (variance or standard deviation) moment.  While the predominant focus 

in portfolio management and investment choice has been on the first and second moments of 

security returns, the two moments beyond the first and second, namely the third (skewness) and 

fourth (kurtosis) have also received some attention in literature. 

Early works investigating the impact of skewness on investor preference indicates that 

investors value moments higher than the first two in decision making.  Coombs and Pruitt (1960) 

find that there is an interaction between the second and third moments of the distribution.  

Specifically, they find that investors have a preference for variance when skewness is held 

constant and prefer skewness when variance is held constant.  While the latter conclusion may 

seem intuitive, the former is not.  The authors argue that when investors are faced with a decision 

that offers a satisfactory level of skewness, they prefer higher variance on such bets or 

investments.   

Alderfer and Bierman, Jr. (1970) examine the impact that skewness has on investment 

choice.  Using a sample of subjects that consists mainly of graduate students, the authors find that 
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even with no chance of a financial loss, three-quarters of the participants prefer high positive 

skewness.  In fact, participants are willing to sacrifice some expected value to obtain this high 

positive skewness.  Participants are also found to favor alternatives with positive skewness, even 

if these alternatives are compared to those with a not only higher mean but also a lower variance.  

Given the choice between two otherwise identical alternatives, no student participant selects the 

one with the large, negative skewness.  The general conclusions drawn from the Alderfer and 

Bierman, Jr. (1970) study is that participants use more information than presented in the first two 

moments of the distribution in the decision making process, and that they strongly dislike the 

probability of a financial loss.  In fact, they are willing to sacrifice expected return and take on 

addition risk, in the form of variance, to avoid the probability of such a financial loss. 

Additional insight into the investor preference for higher moments of returns has also 

been gained from literature concerning security issuance.  Stoll and Curley (1970) investigate the 

equity gap for small firms by examining the risk and return of small versus large firm equity 

issuances.11  Looking at a sample of 205 small firm equity offerings for the calendar years 1957, 

1959, and 1963, the authors find no evidence of an equity gap relative to the Standard & Poor’s 

Industrial Average, but do conclude that the distribution of returns for the sample of small firms 

is positively skewed.  They conclude that investors are actually willing to sacrifice expected 

return in smaller firms in exchange for a chance at a very large profit, which may be deemed 

unlikely in a larger company.  In short, Stoll and Curley (1970) conclude that investors appear 

willing to “pay a premium for skewness” (p. 319).   

The findings of Stoll and Curley (1970) are echoed in the work of Shaw (1971).  Shaw 

(1971) argues that the use of performance relatives potentially creates positive skewness in return 

distributions, as the lower bound on security prices restricts return relatives to values greater than 

                                                 
11 The authors note that there are two instances in which an equity gap can be observed.  The first, which is 
not examined in their study, is the case when small firms are unable to invest to the point where the 
marginal rate of investment is equal to the marginal cost of funds.  The second instance, which is examined 
in their article, is the case when it is more costly for small firms to raise funds than it is for large firms, 
given similar levels of risk. 
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or equal to zero.  Using a sample of Canadian firms for the period of 1956 to 1963, the author 

examines return performance for both initial and seasoned equity offerings relative to the 

Dominion Bureau of Statistics (DBS) weekly index.  Shaw (1971) concludes that the return 

distribution for seasoned equity offerings is fairly well approximated by the normal distribution 

for up to five years following the offering.  However, the skewness measure in years two through 

five is found to be negative.   

For initial public offerings five years after issuance, however, Shaw (1971) finds there to 

be excessive positive skewness and concludes that the distribution is better approximated by an 

exponential, rather than normal, distribution.  For the period of years one through five, the author 

concludes that the distribution gradually shifts from being approximately normal in year one to 

that of the approximate exponential distribution found in year five.   This issuance is generally 

found to be positively skewed, with approximately ten percent of the new issues exhibiting a 

performance relative of at least two.  Similar to Stoll and Curley (1970), Shaw (1971) concludes 

that the inferior performance of initial offerings, coupled with their exhibited positive skewness, 

suggests that investors are willing to accept a lower than expected return in exchange for a higher 

probability of an extreme (positive) return outcome.   

The main contribution of the work of Scott and Horvath (1980) is to show that investors, 

those both strictly and not strictly consistent in preference direction, have a positive (negative) 

preference for positive (negative) values of odd central moments and a negative (positive) 

preference for positive (negative) values of even central moments. More generally, investors 

prefer positive mean and skewness but are averse to positive variance and kurtosis.   

While Scott and Horvath (1980) argue for investor preference for all even and odd central 

moments, a large selection of literature exclusively examines investor preference in relation to the 

third moment.  An influential and well cited examination of skewness as a priced risk factor is 

presented in Arditti (1967).  In this work, the author examines two distinct sets of variables in 

relation to the required return on a security.  He first examines those risk variables associated 
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with the distribution of returns, including the variance and skewness of returns as well as the 

correlation coefficient between the individual security and the market portfolio.  The author 

ignores the fourth and higher moments, arguing that, as found by Kaplansky (1945), they provide 

“little, if any, information about the distribution’s physical features” (p. 20).  The second group of 

risk factors examined by Arditti (1967) focuses on the financial position of the firm, and includes 

the dividend-to-earnings ratio and the debt-to-equity ratio.   

Under the assumption that actual and required rates of return have historically been one 

and the same, Arditti (1967) uses a sample of Standard and Poor’s Composite Index listed stocks 

for the sample period of 1946 through 1963 to investigate the coefficient sign and significance for 

required return regressed on the two groupings of risk factors listed above.  Overall, he concludes 

that the second and third moments of the probability distribution are reasonable measures of risk, 

with each exhibiting statistically significant coefficients with the theoretically correct sign.   

A second influential piece of work was undertaken by Arditti in relation to mutual fund 

performance and higher moments of returns (Arditti (1971)).  In this article, the author examines 

the performance of mutual funds in relation to not simply a return-variability ratio, as in Sharpe 

(1966), but rather in light of the first three moments of the return distribution.  Using a sample 

period of 1954 to 1963, Arditti (1971) first shows that the third moment represents a significant, 

and negative, component of mean mutual fund returns.  Consistent with theoretic assumptions, 

this skewness coefficient value indicates that investors in mutual funds are willing to sacrifice a 

portion of return for a higher third moment, given that the dispersion of returns is held constant.   

While Sharpe (1966) concludes that the average fund performance, viewed in light of the 

first and second distribution moments only, is inferior to that of the Dow Jones Industrial Average 

stocks, when examining the first three moments of the return distribution, Arditti (1971) reaches a 

different conclusion.  He concludes that while the funds do underperform on a return-variability 

basis, they actually outperform Dow Jones Industrial Average stocks on a skewness-variability 

ratio.  Thus, Arditti (1971) argues that fund managers are willing to sacrifice expected return 
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and/or accept a higher level of return dispersion in exchange for a greater chance at a larger 

annual return, as measured by the skewness of the return distribution.  Overall, the author 

concludes that the underperformance of mutual funds is no longer present in light of the first three 

moments of the return distribution.   

A critique of both Arditti (1967) and Arditti (1971) is offered by Francis (1975).  In 

examining the significant negative coefficient found for the skewness variable in these studies by 

Arditti (1967; 1971), Francis (1975) argues that the use of annual data in both studies results in 

small samples, which are known to be associated with large sampling errors.  As a result of these 

sampling errors, small samples are particularly sensitive to measurement and analysis of higher 

moments, including the third.  In order to address this potential small sample issue, Francis 

(1975) uses quarterly returns on a selection of 113 large mutual funds for a period of nine 

consecutive years, starting in 1960.  Using average returns as the dependent variable, Francis 

(1975) shows that in both a univariate regression and a multivariate regression, which also 

includes standard deviation as an independent variable, the coefficient on the skewness variable is 

statistically positive in value, contradicting not only both of Arditti’s prior findings but also the 

theoretical argument for a negative skewness coefficient.  Francis (1975) confirmed his results 

with both monthly and annual return data, finding that the monthly coefficient of skewness is 

statistically positive and that of the annual data is positive but not statistically significant at 

conventional levels.  He concludes from the low explanatory values of each of the regressions, as 

measured by the adjusted coefficient of determination (R2), that investors do not weigh skewness 

heavily in making investment decisions.   

In a reply to Francis (1975), Arditti (1975) points to numerous prior literature that 

examines different data periods and which confirms his results of a negative coefficient value for 

the skewness variable.  Arditti (1975) also points out that, in contraction to numerous other 

studies which investigate the skewness of monthly return distributions (e.g., Blume (1970), 

Friend and Blume (1970), and Fama and MacBeth (1973)) Francis (1975) finds that monthly 
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returns are asymmetric.  However, in the end, Arditti (1975) concludes that the results of all 

linear regressions, including both Francis’s (1975) work and that of his own prior works, should 

be ignored, for testing should first be shown to be the outcome of a stock market equilibrium 

model.  “Without a model of how skewness precisely enters the market pricing of common 

stocks, our regressions have been testing a relationship that may well not exist” (p. 175). 

While Arditti (1967; 1971) provides an empirical relationship between stock returns and 

the third moment of the return distribution, the first attempt to formally build on the mean-

variance parameter analysis to the extension of three or more moments of the return distribution 

is offered by Jean (1971).  Using a similar framework to that of Sharpe (1964) and Litner (1965), 

Jean (1971) attempts to show an equilibrium relationship between expected return and the third 

and higher moments of the return distribution.  Though his mathematical calculations were 

correct, Arditti and Levy (1972) describe Jean’s (1971) result as making “no economic sense” (p. 

1429) and relying on “economically unacceptable assumptions” (p. 1431).  One of the main 

arguments against Jean’s (1971) model was the resultant positive value found for the third 

moment coefficient, indicating that as the skewness of returns increase, the expected return would 

also increase.  Arditti and Levy (1972) attribute this erroneous parameter value to the fact that 

Jean (1971) investigates the return-skewness relationship in isolation, without considering the 

relationship between return and other risk parameters, in particular the other moments of the 

distribution.  This partial equilibrium model investigated by Jean (1971) is unjustified in ignoring 

the second, fourth and potentially higher moments.  Alternatively, the Sharpe (1964) and Litner 

(1965) model presents a complete equilibrium model under the assumptions of which the third 

and higher moments can be legitimately ignored.  Under Jean’s (1971) model, the slope of 

indifference curves would be negative, indicating not only that it is optimal for the investor to 

borrow an infinite amount of funds for investment but also that there exists no unique unlevered 

portfolio (i.e. market portfolio).  

41 
 



Samuelson (1970) provides what he refers to as the “most weighty defense yet given” (p. 

537) for mean-variance analysis as a portfolio selection criteria.  He argues that mean-variance 

analysis is sufficient in cases when risk is limited and that under these common situations of 

limited risk, the quadratic utility sufficiently approximates the true investor’s utility function.  

Along similar lines, Kane (1982) investigates the effect that skewness has on investor portfolio 

preferences.  Kane (1982) argues that when prices follow a continuous-time Markov process with 

continuous portfolio rebalancing, then a simple mean-variance framework is optimal.  In addition, 

the CAPM would provide efficient portfolio selection criteria.  When rebalancing is not 

continuous, however, moments of higher order than the second may become relevant in portfolio 

choice decisions.   

Kane (1982), however, sheds doubt on the potential importance of skewness in asset 

pricing.  He argues that the stylized utility functions commonly used for risk-averse investors 

create upper and lower restrictions on skewness values.12  As the level of skewness approaches 

the lower bound, the three moment utility function converges to that of the two moment, that is 

the mean-variance, utility function.  Conversely, as the skewness approaches the upper bound of 

positive values, the three moment utility function will be inferior to the mean-variance utility 

function.  Kane’s (1982) work also indicates that there is a negative effect of diversification on 

the skewness of portfolio returns.  In light of the work by Beedles and Simkowitz (1978), Kane 

(1982) argues that this negative relation between diversification and portfolio skewness is a 

potential explanation for the observed under-diversification of investors. 

3.5 Causes of Return Non-Normality 

The majority of the empirical research on the distribution of security returns prior to the 

mid-1980s focused on the importance and potential normality of returns.  However, focusing on 

                                                 
12 Stylized utility functions are characterized by constant or decreasing absolute risk aversion and constant 
or increasing relative risk aversion. 
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these two issues alone leaves unanswered a potentially crucial question concerning the 

distribution of returns.  Specifically, why are security returns not normally distributed? 

Information Structure 

One of the first articles to attempt to explain the potential impact that firm-level 

characteristics may have on the return distribution is Barry and Brown (1984).  At the most basic 

level of the information structure argument, Barry and Brown (1984) investigate the amount of 

information available concerning a firm, and the impact that this has on the distribution of 

returns.  While the authors do not directly examine the higher moments of the distribution, they 

do conclude that the mean and variance of returns are associated with the amount of available 

information concerning a firm.  Investigating in particular the relationship between firm level 

information, estimated by the period of time the security is listed on an exchange, and the small 

firm effect, Barry and Brown (1984) conclude that the quantity of information can help in 

explaining the small firm effect, even after controlling for the known January effect.  The authors 

conclude that this differential information effect is independent of firm size and conventional 

levels of firm risk.  They also conclude that firms with the shortest (longest) NYSE listing period 

produce significantly positive (negative) abnormal returns.   

In a more general follow-up to their earlier work, Barry and Brown (1985) present a 

theoretical framework in which differences in the amount of available firm-level information 

impacts market equilibrium asset prices.  Examining a number of information proxies, including 

the divergence in analyst opinion, the authors conclude that firms that are characterized by little 

information have relatively higher systematic risk when compared with their high-information 

counterparts.  Their theoretical results are supported by the empirical work of Arbel and Streibel 

(1982), who find that average returns are higher for neglected firms than for those followed by 

analysts.  Under Barry and Brown’s (1985) model, this result is both justified and expected.   

In two related papers, Damodaran (1985; 1987) distinguishes between two distinct 

processes in the evolution of security prices: the natural event structure and the information 
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structure.13  The author argues that the market responds not to the natural events that affect the 

true but unobservable value of the firm, but rather to the information that is available concerning 

these natural events.  In a world with costless, perfect, and instantaneous information, changes in 

the market value will fully reflect changes in the true value of the firm.  However, should 

information be delayed or erroneous, then the two values will diverge.   

Damodaran (1985; 1987) defines two categories of firms.  The first are referred to as 

information rich.  These firms report accurate information concerning natural events as soon as 

they happen.  The second type of firms are information poor firms, which delay the release of 

information or release erroneous information.  First examining the frequency of information 

release, Damodaran (1985; 1987) argues that the return generating process of information rich 

firms will mirror that of the true natural process.  In this case, not only will the market value and 

the true value be equal, but the distribution of returns for both will also be equal.  However, in 

information poor firms, information is released infrequently and mainly by firm management, and 

as such the return generating process will differ from that of the true natural process.  Damodaran 

(1985; 1987) argues that kurtosis increases as the time between the release of firm-level 

information is increased, and that kurtosis is determined jointly by the frequency of information 

release and the natural event structure.  In fact, Damodaran (1985; 1987) argues that so long as 

the interval of information release does not equal the interval of return measurement, then the 

distribution will exhibit an upward bias in the level of kurtosis empirically observed.   

Damodaran (1985; 1987) also argues that skewness is determined jointly by the natural 

event structure and the bias in information structure, with a greater propensity to release good 

news introducing a positive bias in the observed skewness level even when the true return 

distribution is symmetric.  Finally, Damodaran (1985; 1987) argues that the return and variance 

are determined jointly by the natural event structure and the accuracy of the information structure.  

                                                 
13 Natural events are defined by Damodaran (1985) as any event, decision, or occurrence that changes the 
true value of the firm.  Information events are defined as all happenings, news releases, or occurrences that 
change the market value of the firm, but which have no impact on the firm’s true value. 
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However, errors made by information processors, including the assessment of probabilities of 

natural events, are argued to have no impact on the return distribution, while errors made in 

assessing the impact of natural events do impact the distribution.  Also, should the errors be non-

systematic, then moments higher than the second will also be impacted.  

Firm-level information has also been proposed as a potential empirical explanation for 

the skewness exhibited in security returns.  McNichols (1988) examines the level of return 

skewness around earnings announcement dates compared with non-earnings announcement dates. 

Building on the work of Beaver (1968), who documents that the variance of returns is higher in 

weeks of earnings announcements compared with non-announcement weeks, McNichols (1988) 

uses daily data to find that returns are less positively skewed during announcement periods as 

compared with non-announcement periods.  The author argues that the resulting change in return 

skewness is a function of the type of information disclosed at announcement versus non-

announcement dates.  McNichols (1988) postulates that during non-announcement periods, 

management releases discretionary information, which tends to be more positive in nature.  

However, during announcement periods, management is forced to release non-discretionary 

information, which tends to be less favorable in nature.  This argument is supported by Chambers 

and Penman (1984), among others, who find that management tend to report positive earnings 

information earlier than they report bad news.  Interesting to the current study, McNichols (1988) 

finds that the differential skewness level is present in only large and medium sized firms, with no 

such effect exhibited in the small firm subsample.  This suggests that analysts, who tend to follow 

medium and large firms, potentially play a role in the changing skewness levels of returns 

documented by McNichols (1988).  

Aggarwal and Rao (1990) hypothesize that, in accordance with prior research, firms will 

have different information structures as a result of differing levels of institutional ownership.  

They argue that this differing information structure will have an impact on the distribution of the 

underlying security returns.  Using a sample of randomly selected stocks from the Standard & 
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Poor’s Stock Guide, the authors measure institutional ownership as both the portion of 

outstanding stock held by institutions and the number of institutions holding stock.  Using weekly 

returns, the stocks are arranged into fifteen groupings formed first as institutional ownership 

quintiles, within each of which three size (as measured by market capitalization) subgroups are 

formed.  Both measures of institutional ownership produced similar results, namely an inverse 

relationship between the level of institutional ownership and the variance, skewness and kurtosis 

of returns.  It is important to note that the results hold even after the authors control for potential 

size effects.  Overall, the results of Aggarwal and Rao’s (1990) study show that as the level of 

institutional ownership increases, returns are more closely approximated by the normal 

distribution.  In addition, an increase in institutional ownership results in returns characterized by 

less dispersion, as measured by the second moment of the return distribution.  

Liquidity and the Return Distribution 

Firm-level information has not been the only explanation offered in literature for return 

distributions diverging from that of normality.  Authors have also proposed that liquidity plays a 

role in the distribution of security returns.  

Using NYSE listed firms for the period of 1963 through 2003, Banerjee et al. (2004) 

show that the kurtosis of both individual security and size-based portfolio returns are negatively 

related, at the five percent level or better, to a variety of liquidity measures, including the relative 

bid-ask spread.  Kurtosis and liquidity are found to be time-varying, with kurtosis more than 

doubling from its low in 1963 to its high in 2001.  The authors show that, when controlling for 

size, kurtosis is increasing in liquidity costs, and conclude that these liquidity costs dominate both 

size and price in explaining excess kurtosis.   

In addition, the authors extend their findings by examining the impact that stock splits, an 

event associated with a decrease in liquidity, have on the excess kurtosis of returns.  They find 

that the larger the stock split-induced liquidity change, the larger the increase in excess kurtosis. 

Consistent with Bekaert and Harvey (1997), Banerjee et al. (2004) also show that excess kurtosis 
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is higher in emerging markets than developed ones.  They conclude that liquidity accounts for 

between 12.442 percent and 27.283 percent of the cross-sectional variation in excess kurtosis, 

depending on the liquidity measure employed.   

Subordinate Distributions 

While Banerjee et al. (2004) examine the direct impact of liquidity on the return 

distribution, others have proposed that liquidity and trading volume impact the distribution of 

returns as a result of being a directing process which guides the underlying subordinate 

distribution of security returns.14 

Clark (1973) investigates the relationship between return distribution and transaction 

volume for cotton futures prices.  The author examines the distribution of price changes as a 

subordinate to the normal distribution, and compares this to that of the stable Paretian 

distributions of Mandelbrot (1963).  Clark (1973) argues that security prices evolve at different 

rates over identical time intervals of various trading days, with prices evolving slowly over low 

information days and quickly over high information days.  The proxy for speed of evolution, or 

directing process, used by the author is the daily trading volume.  Assuming a lognormal 

distribution on the directing process and a normal distribution on the subordinated stochastic 

process, Clark (1973) concludes that this model outperforms the stable Paretian distribution of 

Mandelbrot (1963) for cotton futures prices, and argues that the observed leptokurticity of the raw 

distribution is the result of the data being recorded in traditional ‘clock’ time as opposed to in 

light of the underlying directing process, or ‘operational’ time.  
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14 A subordinated stochastic process, as outlined by Clark (1973), is as follows: A traditional discrete 
stochastic process is indexed by discrete variables, usually time, and represented as 1 , 2 , … , .  
However, instead of being indexed by discrete variables, the stochastic process could be indexed by a 
variable that in itself is a stochastic set of numbers , , … , .  So, if  is itself a positive stochastic 
process, a new stochastic process  can be formed.  This process is said to be subordinate to .  

 is said to be the directing process or ‘clock’ measuring the speed of evolution of price changes.  The 
distribution of ∆  is said to be subordinate to the distribution of ∆ , the individual effects in the 
evolution of the price process.  So long as the directing process  has a finite mean, then ∆  will 
have a finite variance (unless ∆  does not have a finite variance). 



The work of Clark (1973) is extended by Ané and Geman (2000).  Building on the work 

of Jones et al. (1994), who find that it is the number of trades as opposed to the size of trades that 

determines volatility, Ané and Geman (2000) propose that it is the number of trades, not the daily 

volume as assumed by Clark (1973), that impacts return normality.  Examining high-frequency 

data for two large technology stocks, namely Cisco Systems, Inc. and Intel Corporation, the 

authors conclude that it is a clock made up of the number of trades, as opposed to both the daily 

share volume and the traditional ‘clock’ time, that produces a near-perfect normal distribution in 

returns.  

Mandelbrot and Taylor (1967) also examine the subordinate distribution of returns.  They 

argue that while price changes over a fixed number of market transactions may be normally 

distributed, this result is not mutually exclusive from the price changes belonging to the stable 

Paretian class of distributions for fixed time intervals.  However, while the subordinate 

distribution is normal, the distribution of the directing, or subordinator, process is an infinite 

mean and infinite variance non-normal, but stable, discontinuous function characterized by 

positive jumps.  The authors also argue that while the subordinate distribution may be normal 

under the number of transactions directing process, this is of little use to investors and other 

market participants as a ‘transaction clock’ does not exist.   

Epps and Epps (1976) present a model that relates the transaction volume with the 

distribution of price changes from transaction to transaction.  Building on the work of Clark 

(1973), the authors provide theoretical and empirical support for the argument that the conditional 

variance of log price changes from one transaction to the next is a function of the volume of that 

transaction.  The authors conclude that the kurtosis of the sample distribution, on average, is 

within the range acceptable for the assumption of normality, and also they find no evidence that 

the kurtosis value increases with sample size, as would be expected if 2 in the stable Paretian 

model of Mandelbrot (1963).  Epps and Epps (1976) conclude that there is no clear evidence that 

their sample distributions follow mixtures of stable Paretian distributions.   
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Tauchen and Pitts (1983) relate the distribution of returns to changes in the number of 

participants in the market.  Building on the works of Clark (1973) and Epps and Epps (1976), the 

authors argue that trading volume increases as more participants become aware of the security 

market in general.  This increase in traders, and resultant volume increase, leads to a reduction of 

return volatility.  In addition, the model of Tauchen and Pitts (1983) predicts that, if the number 

of market participants is fixed, as in a mature market, then the volatility of returns is positively 

related to daily trading volume and the return distribution is leptokurtic, even if the daily price 

change and trading volume distributions are originally mixtures of independent normal 

distributions.  The authors use a sample of price and volume data for the 90-day T-bill futures 

market to empirically prove that the volatility of daily returns decreases as the number of traders 

in the market increases. 

3.6 Alternative Distributions 

While it is beyond the scope of the current work to investigate all asset return 

distributions that have been investigated in the literature, it is important to note that distribution 

models have not been limited to the normal and the stable Paretian class of distributions.  For 

each alternative explanation of stock return distribution, differing theoretical and empirical 

support has been offered.   

Mixture of Normal Distributions 

An extension to the argument of return normality is provided by Teichmoeller (1971), 

who investigates stock return distributions as potentially being explained by a simple discrete 

mixture of normal distributions.  The author investigates this operationally attractive alternative 

using daily return data for 30 stocks listed in the NYSE from July 1962 to June 1967.  

Teichmoeller (1971) concludes that the distribution of returns is consistent with a mixture of 

normal distributions.   
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The underlying theory behind the mixture of normal distributions is that, for the case of a 

mixture of two normal distributions, with probability , the returns are drawn from one normal 



distribution, but with probability 1  the returns are drawn from a second normal distribution 

with different first and second parameter values.  Formally, as outlined in Peiro (1994),  

  ~ ,                                                27

~ ,    1                                          28  

This mixture of normal distributions re i  sults n an expectation of

1                                                     29  

and a variance of  

1                  30  

It is theoretically argued that the mixture of normal distributions can represent different 

information environments for returns.  For instance, on non-information days, the returns may be 

distributed with parameters as in the first distribution, and on days when information pertinent to 

the firm (e.g., quarterly results) is released, the returns may be distributed as in the second 

distribution.   

An extension to the mixture of normal distributions is offered by Press (1967).  In his 

model, Press (1967) assumes that returns are distributed as a non-stable distribution comprised of 

a Poisson mixture of normal distributions, in that a normal distribution is used to capture ‘usual’ 

changes in price, whereas a Poisson process is used to capture the ‘unusually’ large price 

movements exhibited in markets.  The author presents empirical evidence for his proposed model 

using a sample of Dow Jones Industrial Average stocks.   

Kon (1984) looks specifically at comparing a discrete mixture of normal distributions 

with a symmetric Student’s t-model.  The author examines the distribution of daily returns on the 

30 stocks of the Dow Jones Industrial Average as well as the returns on three indices: namely, the 

Standard and Poor’s Composite Index, the CRSP value-weighted index, and the CRSP equal-

weighted index.  Considering a mixture of up to five normal distributions, allowing for the 

parameter values, mean and variance, to change between distributions, Kon (1984) concludes that 
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the number of normal distributions required to produce a properly specified model for index 

returns is three, while the number required for a portfolio of securities varies inversely with the 

number of securities in the portfolio.  That is, a mixture of four distributions is required for a 

seven stock portfolio and only two distributions are required for a twelve stock portfolio.  In all 

cases, however, the author concludes that the discrete mixture of normal distributions produces a 

better specified model than the symmetric Student’s t-model.   

Student’s t-Distribution 

There have been numerous empirical attempts at classifying the distribution of security 

returns using non-normal distributions.  One particularly promising distribution that has been 

examined is that of the Student’s t-distribution.  Peiró (1994) examines the distribution of daily 

returns on six different markets for the period of December 1987 through the end of 1992.  

Considering a number of distributions, including normal, logistic, Student’s t, discrete mixture of 

two normal distributions, and others, Peiró (1994) concludes that the normal distribution of the 

daily index returns on all six markets is overwhelmingly rejected in favor of any of the other five 

distributions considered.  Using Pearson’s goodness-of-fit statistic, it is found that the Student’s t-

distribution cannot be rejected in any market at the one percent significance level, with the 

exception of Tokyo, which is only rejected below the five percent level.  Overall, Peiró (1994) 

concludes that, of the six distributions considered, the Student’s t-distribution is by far the best fit 

for the market data considered.   

Egan (2007) tests three distinct distributions for daily returns on the S&P 500 Index: the 

normal distribution, the lognormal distribution, and the Student’s t-distribution.  Using Index data 

from 1950 to 2005, the author concludes that while the first two distributions provide a poor fit 

for daily returns, the Student’s t-distribution provides an excellent fit, particularly when location 

(mean) and scale (standard deviation) parameters are adjusted to fit the data.  These results 

confirm those of Blattberg and Gonedes (1974) who find that daily returns on the 30 Dow Jones 
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Industrial Average stocks are better modeled with a Student’s t-distribution than with a stable 

symmetric distribution.   

While this section presents only a few of the many proposed models of return 

distributions15, it is clear that there is no consensus as to which distribution of returns is 

empirically best for modeling real world return data.  One underlying trend, however, is that, 

despite its shortcomings, the normal distribution is relied on heavily in empirical work, and is 

also a main source of potential extensions of return distributions which are being investigated so 

as to better match real world market data. 

3.7 Distribution of Security Returns: Conclusion 

Despite the overwhelming evidence to the contrary, normally distributed stock returns is 

the typical assumption made by researchers and market practitioners alike.  A large body of 

research has attempted to explain the non-normality of security returns, with a large focus on the 

information structure of organizations.  However, no research to date has investigated the effects 

that analysts have on the distribution of returns.  There is potentially a relationship between 

analyst coverage and higher moments of return distributions through either the information 

structure of the firm or through a change in liquidity, which has also been documented to impact 

return non-normality (e.g., Banerjee et al. (2004)).  

 
  

                                                 
15 Additional distribution models can be found in: Smith (1981) who models returns as a logistic 
distribution; Gray and French (1990) who model returns as an exponential power distribution; Mandelbrot 
and Taylor (1967) who argue in favor of a combination of normal and stable Paretian distributions. 
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Chapter 4 
 

Literature Review: Security Analysts 
 

 
 

The body of literature on security analysts is vast and extends well beyond the scope of 

the current study.  This chapter therefore intends only to introduce that literature most pertinent to 

the objective at hand.  In particular, the role and independence of security analysts, the 

relationship that analyst coverage has with the moments of the return distribution as well as the 

information structure of firms, and the herding behavior of analysts are all reviewed. 

4.1 The Role of Security Analysts 

The role of sell-side security analysts in the marketplace has been a topic of much 

discussion in recent years.  From an investor’s (and general public’s) point of view, security 

analysts provide information concerning companies and their trends, estimates in relation to 

earnings and price forecasts, as well as advice in terms of buy/hold/sell recommendations.  

However, as many authors have suggested, and found in their empirical testing, the role of 

security analysts is not as clear cut as once thoughts. 

The independence of sell-side analysts, and therefore the autonomy of the information 

they provide, is found to be skewed by factors both within and outside their main role.  Darlin 

(1983), among others, argues that while analysts generate no revenue directly from their roles in 

the marketplace, they are often motivated by their brokerage house to generate trading volume, 

and therefore commissions, in issuing recommendations.  Buy recommendations are favored to 

sell recommendations in the generation of commissions as the body of investors for potential 

purchases is represented by the entire investment community, while the population for potential 

sales is limited to only those investors currently holding the security.   
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Lin and McNichols (1997) find that analysts are motivated to generate investment 

banking business for the brokerage houses for which they work.16  The authors find that analysts 

employed at firms with an investment banking division are significantly more likely to issue 

favorable ratings than analysts at brokerage houses which are not associated with an investment 

banking division.  Given this motivation, it is argued that it is less likely that analysts will issue 

negative news concerning a security, and will therefore tend to bias their recommendations and 

analysis towards positive results in order to gain favor with potential investment banking clients.   

In addition to the above two factors, Francis and Philbrick (1993) argue that analysts are 

often discouraged from issuing negative news or ratings on a firm for fear of being denied 

information access from the firm’s management in the future.  It can often be a competitive 

advantage for analysts to gain access to management information that competitors might not 

have.  By issuing negative ratings on a company, it is argued that analysts run the risk of losing 

this competitive advantage. 

The work of McNichols and O’Brien (1997) adds to the literature on analyst motivation 

by examining the factors that lead an analyst to add (remove) a firm to (from) coverage.  

Consistent with the external pressures documented above, the authors find that analysts tend to 

add firms that they view favorably.  In addition, analysts are found to drop coverage of firms that 

they view negatively, rather than downgrade or issue negative reports on these firms.  For 

analysts that issue downgrades rather than drop coverage of a firm, the authors find that there is a 

significant delay in the issuance of the downgrade compared with the issuance of an upgrade.  All 

of these factors lend support to the suggestion that analyst reports and recommendations are 

influenced by factors outside their role, and that these releases may not fully reflect the 

information that the analyst has gathered on a firm. 

 

                                                 
16 Darlin (1983) also notes that analysts are motivated to generate investment banking business in addition 
to trading commissions. 
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4.2 Analyst Coverage and the First Moment of the Return Distribution 

Analysts are, in theory, experts on a particular company.  They devote more time and 

energy to examining firms that they follow than the typical investor would be able to devote.  In 

addition, analysts tend to concentrate on specific industries, and therefore gain valuable 

information not only about industry trends, but also about competitive activity and positioning.  

They are also often privy to information from management that the investing public might not 

have access to, or at least not in as timely a manner.  It is for these reasons that it is hypothesized 

that following the investment advice of analysts may result in abnormal returns for investors.  

Accordingly, the vast majority of research on analyst following, in relation to return distribution, 

has focused on the first moment (or mean) of returns. 

A significant amount of research has been conducted on whether security analysts can 

generate abnormal returns.  Dating back to the early 1930’s, Cowle (1933) finds that analysts, for 

the most part, fail to add value as measured by the ability to generate abnormal returns.  In his 

study using 36 organizations that attempt to predict ‘superior’ securities, the author examines 

7,500 security recommendations made by analysts.  The author finds that less than 40 percent of 

the recommendations achieved abnormal returns over the sample period of 1928 to 1931. 

In more recent literature, Stickel (1995) examines a sample of buy and sell 

recommendations covering 1,179 firms over the period of 1988 to 1991.  The author concludes 

that permanent price movements are a function of firm size, the strength of the analyst’s 

recommendation (e.g., strong sell vs. sell), and the earnings forecast revision, in terms of EPS, 

made by the analyst.  On the other hand, broker size, analyst reputation and the magnitude of 

change in the recommendation are all found to have price impacts that disappear over time.  

Stickel (1995) finds that, on average, stock upgrades are associated with an abnormal return of 

1.16 percent while downgrades exhibit an abnormal return of -1.28 percent.  

In a similar study to that of Stickel (1995), Womack (1996) examines changes in analyst 

opinion to and from extreme recommendations (that is, buy or sell recommendations) over the 
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sample period of 1989 to 1991.  He concludes that there is a same-day abnormal return associated 

with a change in analyst recommendations, and that the return is persistent in future months.   

Womack (1996) also concludes that there is post-announcement drift for both favorable 

and unfavorable analyst recommendations.  The drift for buy recommendations is +2.4 percent, 

and the market appears to absorb all of the information in the first month.  However, the reaction 

to a sell recommendation is much larger (-9.4 percent) and takes much longer to accumulate, 

accruing over a six month period.  Womack (1996) concludes from his results that analysts 

display some market timing and stock picking abilities.   

While Stickel (1995) and Womack (1996) examined both buy and sell recommendations, 

Schadler and Eakins (2001) examine only strong buy recommendations of analysts.  The authors 

look at the performance of firms on Merrill Lynch’s focus stock list from 1990 through 1998.  

The focus list indicates that the brokerage house rates the security as ‘strong buy’ and 

recommends an initial holding period of one year.  One stock is added to the focus list weekly.   

Schadler and Eakins (2001) find that there is a positive abnormal return on the first 

trading day after it is announced that the stock is added to the focus list (significant at the one 

percent level).17  Unlike Womack (1996), however, the authors conclude that there is no post-

announcement drift, resulting in abnormal returns, subsequent to the announcement date.  

Therefore, they conclude that the average investor would be unable to profit from the inclusion of 

a security on the focus list into their portfolio, as the investor would have to own the security 

prior to, or immediately following, its inclusion on the focus list.   

Unlike previous literature which utilizes an event-time perspective focusing on changes 

in recommendations, Barber et al. (2001) use a time-series approach to address the question of 

abnormal returns based on analyst recommendations.  The authors use a sample period of 1985 to 

1996 and are able to confirm the short-run abnormal returns associated with changes in analyst 

                                                 
17 The authors also find a positive abnormal return in the days prior to a security’s inclusion on the focus 
list, suggesting information leakage within the brokerage house. 
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recommendations, as demonstrated in Stickel (1995) and Womack (1996).  Barber et al. (2001) 

go on to show that buying (short selling) stocks with the most (least) favorable analyst consensus 

recommendations generates abnormal returns in the four percent range.  While the results are 

diminished as the assumptions of daily rebalancing and immediate action by investors to 

recommendation changes are relaxed, the results continue to hold for the least favorably rated 

stocks.  However, when the zero trading cost assumptions are relaxed, the abnormal returns are 

shown to be statistically equivalent to zero, driven by high turnover in the portfolio.   

Building on the work of Stickel (1995) and Womack (1996), Jegadeesh et al. (2004) find 

that analysts fail to take into consideration various stock characteristics associated with predicting 

returns, and that the bias exhibited in relation to these omissions is in line with the economic 

pressures that analysts face in relation to generating investment banking business for their 

brokerage house.  The authors also find that while analysts appear to be able to generate abnormal 

returns, when the returns are controlled for the return predictability of other signals (e.g., lower 

trading volume, higher EP ratio, etc.), the abnormal returns of the analysts’ recommendations 

become insignificant.  The main reasons for this are analysts’ reluctance and slow reaction to 

stock downgrades, consistent again with potential outside pressures faced by analysts.  The 

authors also find that analysts tend to follow firms that are most likely to generate investment 

banking business (e.g., high growth stocks with glamour characteristics).  This selection bias, 

coupled with the inherent bias towards favorable recommendations, results in analysts’ attention 

and recommendations being in favor of growth and high momentum stocks, even if this is not in 

the interest of the investing public. 

4.3 Analyst Coverage and the Second and Higher Moments of the Return Distribution 

While a large body of literature has been developed investigating the relationship 

between security analyst coverage and abnormal mean returns, the body of literature examining 

the relationship between analysts and the second and higher moments of the return distribution is 

far less developed.   
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Schutte and Unlu (2009) investigate the relationship between analyst coverage and the 

volatility of market model residuals.  The authors argue, in accordance with Arnott (2005), that 

the volatility in market model residuals is the result of firm-level news and random market 

variations in price, and while a certain level of volatility is inevitable in the price discovery 

process, excess volatility reduces price stability and has negative implications for various market 

participants.  Using a system of three simultaneous equations to control for any potential 

endogeneity among the dependent variables, which include residual volatility, noise, and intensity 

of analyst coverage, the authors conclude from Two-Stage Least Squares regressions that the 

volatility of market model residuals is reduced after the initiation of analyst coverage.  In 

addition, they find that the reduction in residual volatility is positively related to the intensity of 

analyst coverage, as measured by the natural log of one plus the number of analyst 

estimates/revisions on the stock.  The authors also conclude that the level of noise in market 

model residuals, as measured by the first-order autocorrelation coefficient, is also reduced 

through the initiation of analyst coverage.  Overall, Schutte and Unlu (2009) conclude that 

“analyst coverage helps investors gauge the information content of company-specific news and 

reduce the proportion of noise-motivated trades.” (p. 13). 

Insight into the relationship between return volatility and analyst following is also offered 

by Bhushan (1989).  The overall objective of the author’s work is to investigate the determinants 

of the number of analysts following a stock.  Using analyst data for NYSE and AMEX listed 

firms from Nelson’s Directory of Wall Street Research (1986), the author investigates a number 

of various determinants of analyst following, including ownership structure, firm size, co-

movement of returns with those of the market, and the number of business lines in which the firm 

operates.  The relationship of interest found by Bhushan (1989) is between the number of analysts 

and the return variability of the stock, as measured by both the total return variance and also the 

variance of market model residuals.  The author argues that as the return variability increases, the 

chances of a large variation in returns, conditional on public and private information, increases 
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relative to the returns conditional on only public information.  As such, the expected trading 

profit increases, as does the value of private information, which increases the aggregate demand 

for analyst services.   

There is an extensive body of literature concerning the relationship that analysts have 

with the first moment of the return distribution.  In addition, there is a limited body of literature 

concerning analysts and the second moment of the return distribution.  However, there is little to 

no research dedicated to the relationship between analyst coverage and the third and higher 

moments of the return distribution.   

4.4 Analyst Coverage and Information 

While it is often argued that analysts add value to the firms that they follow, for they are 

both a source and interpreter of firm-specific information, empirical research does not fully 

support this claim.  Piotroski and Roulstone (2004) investigate the relationship between analyst 

coverage and stock price reaction to various levels of information.  It has long been argued that 

share prices reflect firm-specific, industry- and market-level information (e.g., King (1966) and 

Roll (1988)).  Investigating the stock return synchronicity exhibited in weekly returns, Piotroski 

and Roulstone (2004) find that analyst coverage increases the synchronization of stock returns, 

and argue that analyst coverage “increases the amount of industry-level information in prices 

through intra-industry information transfers” (p. 1119).18  This result contradicts the argument of 

Roll (1988), who finds that the majority of the variation in stock returns is the result of firm-

specific information, and is not attributable to market- or industry-specific information.  The 

synchronicity is inversely related to insider trading, suggesting that the trades of insiders convey 

firm-specific information, while the relationship between synchronicity and institutional 

ownership is unclear.  In addition, it is found that analyst coverage accelerates the incorporation 

of both industry- and firm-level future earnings news, compared with both insiders and 

                                                 
18 Stock return synchronicity is the degree to which industry and market returns explain the variation in 
individual stock returns.  It is measured as the log of the coefficient of determination (R2) of a modified 
market model inclusive of both explanatory return types.   
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institutional ownership, which is found to only accelerate the impoundment of the firm-specific 

component of earnings news.   

Consistent with the findings of Piotroski and Roulstone (2004), Chan and Hameed (2006) 

find that coverage by analysts actually increases the amount of market-wide information found in 

security prices for 25 emerging markets, as determined by an increase in synchronicity for 

followed firms compared with their neglected counterparts.  In addition, it is found that the R2 of 

the market model is an increasing function of the number of analysts following the stock.  The 

authors also find that the returns of highly-followed firms lead those with a lesser analyst 

following, indicating that the speed with which information is incorporated into security prices is 

an increasing function of the number of analysts following the security.  Finally, to solidify their 

point, Chan and Hameed (2006) investigate the difference in earnings forecasts for firms with a 

high- versus low-following.  They find that the change in aggregate earnings forecasts for highly-

followed firms impacts both the highly-followed and less-followed portfolios, while a change in 

the aggregate earnings forecast for less-followed firms only impacts the latter portfolio. 

While the results of both the Piotroski and Roulstone (2004) and Chan and Hameed 

(2006) studies speak directly to the incorporation of various levels of information into security 

prices, they also indirectly address the question of the relationship between analysts and security 

volatility.  Both studies find that the market model, of one form or another, becomes better fitted 

to security returns, as measured by the adjusted R2, as the number of security analysts following a 

security increases.  This is an indication that the volatility in the market model residuals is a 

decreasing function of the number of analysts following the firm.  As such, the authors provide 

indirect support for the claim that analysts reduce the volatility in stock returns. 

4.5 Herding of Security Analysts 

Herding refers to the tendency of analysts to issue forecast estimates that are not 

significantly different than those of other analysts.  There are two common models to explain the 

herding behavior of analysts.  Scharfstein and Stein (1990) find that managers’ concern about 
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their reputation can often lead them to issue forecasts that are in-line with other managers, even if 

their private information contradicts this estimate.  Their model postulates that if an analyst finds 

information that contradicts the consensus, the analyst fears that their information is incorrect, 

and will herd with the consensus in order to avoid appearing to have low ability relative to their 

peers.  Zwiebel (1995) presents an ex-post model that examines herding as a source of 

termination.   Under this model, an analyst that is far from the consensus, and wrong, is more 

likely to be fired than an analyst that is wrong, but close to the estimates of other analysts.  

Hong et al. (2000) confirm that career concerns are a motivator in analysts’ propensity to 

herd.  The authors use a sample of earnings forecasts between 1983 and 1996 to conclude that 

career attributes impact the herding behavior of analysts.  They find that younger, less 

experienced analysts are more likely to herd than older, more seasoned analysts.  In addition, they 

find that younger analysts are punished more severely, not only for poor performance, but also for 

forecast boldness.  The authors find that older analysts, perhaps as a result of these career 

concerns, are more likely to issue timely forecasts compared with younger analysts. 

Trueman (1994) confirms the herding behavior of analysts.  In addition, he finds that 

analysts not only have a propensity to herd with other analysts, but they also tend to issue 

forecasts that are too close to their own prior earnings forecasts given the information that they 

have available. 

Olsen (1996) attributes the herding of analysts to a combination of incomplete 

knowledge, incompetence, and/or misrepresentation.  The author examines a sample of 520 

stocks over the sample period of 1985 to 1987 and observes that the herding behavior of analysts 

results in a positive bias in earnings estimates.  Herding also results in reduced dispersion in 

earnings forecasts, which investors misinterpret as reduced risk. 

Jegadeesh and Kim (2007) develop a model to specifically examine if herding behavior is 

driven by the desire to imitate the estimates and recommendations of other analysts.  Using a 

sample period from November 1993 to December 2005, the authors conclude that herding is 
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exhibited for both stock upgrades and downgrades, with the herding tendencies being stronger for 

the latter than the former.  They also conclude that the market reaction to changes in 

recommendations is stronger when the recommendation is away from the consensus compared 

with a change in recommendation that moves towards the consensus.  The authors conclude from 

this that the market is cognizant of the herding behavior of analysts and incorporate this bias into 

pricing decisions. 

4.6 Security Analysts: Conclusion 

 Surprisingly little research has been dedicated to the study of analyst coverage and 

moments higher than the first in the return distribution.  Results found for the relationship 

between analyst coverage and the first moment are, at best, mixed.  However, the potential for 

analyst coverage to be related to the moments higher than the first appears obvious.  Analysts 

undoubtedly change the information structure of the firms they follow.  In addition, the inherent 

positive bias in analyst news releases has the potential to change the higher moments of the return 

distribution.  The third moment is potentially impacted by the release of positive information, bias 

or otherwise, as such releases will tend to skew the distribution in favor of positive returns.  In 

addition, the distribution is potentially susceptible to extreme large return outcomes, or excess 

kurtosis, as firms fail to live up to the information in these positively biased reports.  The herding 

behavior of analysts suggests a diminishing marginal benefit of analyst coverage and, as such, the 

relationship between moments of the distribution and number of security analysts following a 

firm may not be linear. 
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Chapter 5 
 

Theoretic Priors 
 
 
 

The current study attempts to shed light on two areas surrounding the distribution of 

security returns.  First, the study attempts to investigate the time-varying nature of the moments 

of the return distribution, looking in particular at any ex-ante or ex-post forecasting ability that 

may be gained from these moments.  Second, it attempts to distinguish between the two main 

arguments for the causes of return non-normality, namely stock liquidity and firm information 

structure, by examining the relationship between the four moments of the return distribution and 

security analyst coverage.  

5.1 Theoretical Priors: Higher Moments and Abnormal Performance 

 The first conjecture of the current study is that there exists a relationship between the 

higher moments of the return distribution and forecasting ability, in relation to abnormal returns, 

as measured with conventional asset pricing models. 

 Traditional asset pricing models, including the CAPM and Fama and French (1993) three 

factor model, control for the first two moments of the return distribution only.  However, research 

has suggested that investors value moments of the return distribution beyond the first and second 

(e.g., Stoll and Curley (1970), Scott and Horvath (1980)).  This suggests that traditional asset 

pricing models are incomplete depictions of real world asset pricing, with the exclusion of the 

investor valued higher moments creating the opportunity for abnormal return forecasting ability.19 

 Scott and Horvath (1980) contend that investors value positive skewness, for it represents 

a greater chance at an above average return in future periods.  This leads directly to the first 

prediction in relation to return moments and forecast ability.  The current study postulates that 

                                                 
19 The current study refers to abnormal returns under the parameters of traditional asset pricing models, 
while being cognizant of the fact that a fully specified model, inclusive of all moments of the return 
distribution, would eliminate any potential forecasting ability of the higher return moments.   
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more positively skewed securities in one period will outperform their less skewed counterparts in 

subsequent periods, regardless of economic conditions.   

 In addition to the ex-ante forecast ability of the third moment of the return distribution, 

the current study also proposes that the fourth moment can be used to generate abnormal returns, 

as measured by conventional asset pricing model.  Highly kurtotic securities, by definition, 

exhibit a higher probability of extreme return outcomes.  As such, the current study proposes that 

highly kurtotic securities will perform differently when compared with their less kurtotic 

counterparts.  However, one important qualifier is required for this prediction to be complete. 

 While the ex-ante predictive ability of skewness is not conditioned on market 

performance, the same cannot be said for kurtosis.  It is believed that, when the overall market is 

performing particularly well (poor), more kurtotic securities will over-perform (underperform) 

their less kurtotic counterparts.  This prediction is driven by the belief that, in bull (bear) markets, 

the returns of more highly kurtotic securities are more likely to be driven to the positive 

(negative) tail of the return distribution.  However, with highly skewed securities, the prediction 

is simply that there is more probability of an above-average return, which would suggest over-

performance during both bull and bear markets.  

5.2 Theoretical Priors: Analyst Coverage and Return Distribution 

 The first objective of the current study is to establish a link between the higher moments 

of the return distribution and the realization of abnormal returns.  The second objective is to 

establish a relationship between these higher moments and sell-side security analyst coverage, a 

relationship which will help greatly in broadening our understanding of the true role that analysts 

play in the marketplace. 

 Prior empirical research has demonstrated that the information structure surrounding a 

firm potentially impacts the distribution of returns (e.g., Damodaran (1985; 1987)).  The current 

study postulates that the relationship that analysts have with the information structure of the 
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securities that they follow potentially has two contradictory results for the higher moments of the 

return distribution.   

 Theoretical and empirical evidence suggests that one of the fundamental objectives of 

sell-side security analysts when following a firm is to generate trading volume for the 

organization for which they are employed (e.g., Darlin (1983)).  This increased trading volume 

results in an increased number of daily trade observations for securities that experience either an 

initial analyst following or an increase in the number of analysts following the security.  In 

addition to the direct selling efforts of security analysts, the nature of their work results, in theory, 

in less informational asymmetries between various market participants.  This could also 

reasonably be expected to increase trading volume.  This resulting increase in trading volume 

associated with analyst coverage can be coupled with the Central Limit Theorem, which proposes 

that so long as random variables are independent and identically distributed, their distribution will 

approach a normal one as the sample size increases.  As such, the increase in trading volume can 

reasonably be expected to cause the distribution of security returns to approach normality, a result 

similar to the findings of Clarke (1973) and Ané and Geman (2000).   

 While it can be reasoned that analyst coverage can be related to firm’s distribution of 

returns approaching normality, the current study proposes that analyst coverage actually produces 

the opposite result, with returns diverging from normality more severely with an initiation of, or 

increase in, analyst coverage.  The reasoning for this hypothesis relates directly to the nature of 

the information that analysts release about the securities they follow, and the implications this has 

for each of the individual higher moments of the return distribution.   

 A large body of literature, both empirical and theoretic, has proposed that analyst 

recommendations and forecasts do not truly reflect the information available to them (e.g., 

Francis and Philbrick (1993), McNichols and O’Brien (1997)).  Driven largely by factors 

associated with the nature of their employment, analysts are found to positively bias 

recommendations and forecasts towards favorable performance by the security.  The current 
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study proposes that this bias impacts each of the two higher moments of the return distribution, 

accentuating the non-normality exhibited in security returns. 

 The current study proposes that the bias in analyst forecasts and informational releases 

tends to introduce, or accentuate, positive skewness in the return distribution.  As such, the first 

prediction of the current study is that the initiation (discontinuation) of analyst coverage or an 

increase (decrease) in number of analysts following a firm is associated with an increase 

(decrease) in skewness found in the return distribution.  This conjecture is supported by the 

theoretical arguments of Damodaran (1985; 1987). 

 In terms of return kurtosis, the predicted outcomes of the current testing are again 

dependent on the bias in analyst’s forecasts and/or informational releases.  It is hypothesized that 

this informational bias leads to greater price corrections, and resulting returns, upon the eventual 

release of non-discretionary information by firm management (e.g., quarterly or annual financial 

statements).  This magnified price correction results in larger return observations and, as such, a 

larger portion of the return probabilities appear in the tails of the distribution.  This results in 

increased kurtosis in the distribution of security returns of followed firms.  This conjecture 

directly contradicts the theoretical arguments of Damodaran (1985; 1987), who proposes that the 

level of kurtosis in the distribution will decrease as the frequency of firm-specific information 

releases increases, regardless of informational bias in these releases. 

 In short, the theoretical arguments of the current study contend that, in contrast to the 

predictions of the CLT, an increase in trading volume associated with the initiation or increased 

magnitude of analyst coverage does not produce a return distribution that is more normal.  In fact, 

it is argued that the nature of the information released by analysts, in particular the prior 

evidenced informational bias (e.g., Francis and Philbrock (1993)) in analyst reports and/or 

forecasts, cause the return distribution to become more non-normal.  This increase in non-

normality is the result of an increase in both the third and fourth moments of the return 

distribution. 

66 
 



5.3 Theoretical Priors: Conclusion 

 The current paper is broken into two related streams of study.  The first part of the paper 

attempts to establish a relationship between the higher moments of the return distribution and the 

identification of abnormal returns.  This is accomplished by examining both the time-varying 

nature of return premiums associated with these higher moments, as well as examining any 

forecasting ability that may be gained through the use of these moments as stock selection 

criteria.  The second half of the paper relates the two main arguments for return non-normality, 

namely security liquidity and information structure, as proxied by analyst coverage, to these 

higher moments.  As such, the current study attempts to create a link between these two sources 

of non-normality, focusing mainly on analyst coverage as a proxy for information structure, and 

any premium associated with the higher moments of the return distribution.  Overall, the study 

hypothesizes that the level of non-normality in security returns translates into some degree of ex-

ante forecasting ability using the higher moments as selection criteria, and that securities with a 

high level of analyst coverage exhibit a higher degree of non-normality than those of neglected 

firms. 
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Chapter 6 
 

Data and Methodology 
 

 
 

The current study investigates two questions relating to the distribution of security 

returns.  The first question links the level of return non-normality with abnormal return 

performance by investigating the ability of higher moments, as well as the overall level of non-

normality as measured by the Jarque-Berra statistic, to predict abnormal returns in future periods. 

The second related question looks at the relationship between security analysts and the 

distribution of returns.  In particular, the focus is on whether being a followed firm results in 

more or less normally distributed security returns when compared with those of neglected firms.  

In this chapter, I review the data sources employed and discuss the methodology used for testing 

both of these research questions. 

6.1 Data and Summary Statistics 

 This section outlines the data used throughout this study.  Summary statistics of the data 

are also presented. 

Data 

The current study addresses the question of whether sell-side security analyst is related to 

the distribution of the returns of the securities which they follow.  In order to examine questions 

related to security return normality, daily data on security returns is obtained from the Center for 

Research in Security Prices (CRSP). 

Specifically, the returns examined throughout this study are defined as the daily returns 

on a security, inclusive of dividends (CRSP variable RET).   Only securities classified by CRSP 

as ordinary common shares (CRSP share codes 10 and 11), as well as only securities listed on US 

stock exchanges, are considered.  In addition, all shares for which daily price or return data is 

available for less than 50 days in a calendar year are dropped from the sample.  As well as the 
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daily return, closing bid and ask prices, daily share volume, closing price, and shares outstanding 

are also obtained from CRSP for each security in the sample. 

Analyst data is obtained from the Institutional Brokers Estimate System (IBES) summary 

files.  The summary statistics represent the summary of analyst estimates for individual securities 

for the month prior to the release of the IBES summary report.  The summary statistics are 

released on the Thursday before the third Friday of every month. 

One potential explanation for findings of non-normality in security returns is that of a 

small firm effect (e.g., Banz (1981)).  In order to eliminate size as a potential explanation of any 

findings, two size-related control variables are used.  The first size variable, as prevalent in prior 

literature, is the natural log of the average annual market capitalization of the firm’s common 

shares.  In addition, a second size control variable, namely the natural log of total assets, obtained 

from Compustat (Balance Sheet Item AT - “Assets - Total”), is used in the regression results.  

Given the nature of the variables of interest, that is the first through fourth moments of security 

return distributions, it is felt that total assets is potentially a more suitable size control variable 

than market capitalization, for use of the latter creates a potential endogeneity issue.  This 

potential endogeneity is derived from the fact that both the dependent variables, the moments of 

the return distribution, and the size control variable, the natural log of market capitalization, 

would be a function of security prices.  For example, if a firm recently experienced a significant 

increase (decrease) in share price, then the returns would tend to be positively (negatively) 

skewed and leptokurtotic.  As such, the moments of the distribution are impacted by the changing 

size of the firm.  In order to eliminate this potential relationship with the dependant variable, it is 

felt that total assets is a suitable complimentary size control variable.  For completeness, 

regression results are presented for both the natural log of the average annual market 

capitalization as well as the natural log of total assets.  Finally, only firms that are common to 

both the CRSP and Compustat databases are retained in the sample.   
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There are two related time periods considered in this study.  The first, from 2003 through 

2006, is defined as a period of relative market calm.  The start date is chosen so as to avoid the 

market instability of the first part of the 21st century, while the end date of 2006 is chosen so as to 

avoid the most recent market volatility.  Driven by the global economic uncertainty beginning in 

2007, the period of 2007 through 2008 is used as a test of the relationship between analyst 

coverage and return distribution during periods of heightened market volatility, as clearly 

documented in Figure 2.   

Figure 2: Equity Market Volatility  

The diagram below represents the rolling 90 day standard deviation of CRSP value-weighted 
returns for the period of 1998 through 2008.   
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Moments of the Return Distribution 

The current study investigates the first four moments of the distribution of security 

returns.  The first moment, or mean of the distribution, is calculated simply as the average daily 

unadjusted return over the calendar year time in er al.  The first moment is therefore calculated as t v

1
r ,                                                                     31  

where  represents the number of trading days in the year and r ,  represents the return on security 

 on day , inclusive of distributions. 

The second moment of returns, or variance, is measured in the typical fashion, which is 

the dispersion of returns relative to their average value.  Specifically, the average annual 

dispersion is  

1
1

r , r                                                         32  

In accordance with Aggarwal and Rao (1990), among others, the third and fourth 

moments are calculated as advocated by Rao (1965).  As such, skewness is measured as the third 

central moment normalized by the standard deviation cub d o ecifically,  e .  M re sp

1 2
r , r

                                        33  

The final moment, kurtosis, is measured as  

1
1 2 3

r , r 3 n 1
n 2 n 3

        34  

It is worth noting that the second term in the kurtosis equation factors out the standard 

normal kurtosis value of three.  As such, this measure is viewed as the excess kurtosis, rather than 

the nominal kurtosis.  Given that the standard skewness value under the normal distribution is 

zero, no such adjustment is required in the skewness calculation.   
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In addition to examining each of the individual moments of the return distribution in 

isolation, also considered is the overall level of normality of the distribution.  Specifically, the 

goodness-of-fit measure for distributions relative to the normal distribution, known as the Jarque-

Berra statistic, is calculated.  This statistic, when used in the Jarque-Berra test of normality, is 

chi-squared distributed with two degrees of freedom, an c d as d is cal ulate

6
3

4
                                       35  

where KURT represents the nominal, rather than excess, kurtosis in the distribution.   

Summary Statistics 

Summary statistics for the sample are presented in Table 1 below, from which a number 

of interesting observations can be drawn.  First, it is interesting to note that the average market 

capitalization of the firms increases monotonically in all years except 2008, when it experiences a 

significant decline.  However, both the average number of analysts covering a firm and the 

percentage of firms being covered increases monotonically in all years, seemingly regardless of 

overall market volatility.  A similar pattern is observed with the average daily return, which 

decreases monotonically in all years, becoming negative during the periods of heightened market 

volatility. 

The second through fourth moments exhibit relatively similar patterns to one another.  

Both the variance and excess skewness decrease near monotonically from 2003 through 2007, 

while the excess kurtosis increases near monotonically over the same period.  However, in the 

final, most volatile two years of the study, these trends reverse.  Variance increases slightly in 

2007, compared with 2006, and subsequently increases dramatically year-over-year in 2008.  The 

decreasing trend in skewness is also reversed in the more volatile years, in particular the final 

year of the study, when the skewness level reaches the second highest value in the entire study 

sample period.  The monotonic relationship for the fourth moment is weaker than that for the first 

three moments, but a general trend emerges.  Kurtosis increases during the period of the study  



Table 1: Summary Statistics by Year 

This table represents the summary statistics by calendar year.  Average daily return represents the daily return, inclusive of distributions, as 
defined by CRSP, while variance is calculated as per convention.  Excess skewness is calculated as ∑ ,  while 

excess kurtosis is calculated as ∑ , .  The Jarque-Berra Statistic is calculated as 

 and is a measure of the overall level of non-normality in the distribution.  Average number of analysts is calculated from 
IBES summary files and represents the average of the maximum number of analysts following a firm in a given year.  Average values are 
weighted based on number of firms in each year, while the calculation of relative bid-ask spread is   ∑ , ,

, , /
.  Market 

capitalization and total assets are in millions of dollars while daily trading volume is in thousands of shares. 
 

 
 

2003 2004 2005 2006 2007 2008 Average
Number of Firms 3,882 3,950 4,046 4,108 4,154 3,471 3,935
Average Daily Return (%) 0.244 0.102 0.036 0.072 -0.010 -0.135 0.054
Variance of Returns 0.0014 0.0010 0.0009 0.0008 0.0010 0.0032 0.0013
Excess Skewness 0.0023 0.0019 0.0018 0.0018 0.0015 0.0020 0.0019
Excess Kurtosis 6.97 7.62 8.76 8.22 8.66 7.09 7.92
Average Number of Analysts 5.07 5.62 6.03 6.15 6.26 6.61 5.95
Percent Analyst Coverage 69.1 73.0 75.5 76.4 78.7 83.0 75.9
Average Daily Trading Volume 678 696 719 842 1,007 1,501 895
Average Market Capitalization 2,541 3,011 3,223 3,499 3,861 3,574 3,287
Average Total Assets 5,818 6,424 6,712 7,257 7,875 8,705 7,109
Relative Bid-Ask Spread 0.0133 0.0084 0.0072 0.0059 0.0067 0.0145 0.0092
Jarque-Berra Statistic 2,289 2,853 3,160 3,067 3,496 1,995 2,837
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characterized by low equity market volatility.  However, in the two years of market uncertainty, 

the kurtosis increases sharply year-over-year.   

It is also interesting to note that while the market capitalization reverses dramatically 

during the last year of the sample, the same cannot be said for the average total assets, which 

increases year-over-year in all six years of the study.  The same can be seen for average daily 

trading volume, which more than doubles during the sample period, and appears to increase most 

dramatically during the periods of heightened market activity. However, while the volume of 

shares traded continues to increase during the periods of market volatility, the decreasing trend of 

relative bid-ask spread exhibited during the calm period is quickly reversed during the two years 

of market turmoil, and increases to above its 2003 value.  For completeness, the relative bid-ask 

spread is measured as 

 
1 , ,

, , /2
                                        36  

where ,  and ,  are the closing daily bid and ask prices, respectively, as obtained from 

CRSP.  

Coupled with the decrease in number of firms during the volatile years, one potential 

explanation for the increase in average trading volume is the de-listing of smaller firms, through 

bankruptcy or some other means.  This would also explain the dramatic increase in average total 

firm assets.  However, the failure of smaller firms, ceteris paribus, would be expected to result in 

a reduction in the relative bid-ask spread, and also an increase in average market capitalization, 

rather than the opposite trends found in the table.   

Table 2 presents the summary statistics based on asset-based size deciles.  As can be seen 

from the table, there is a strong relationship between both size and the moments of the return 

distribution, as well as analyst coverage.  The first four moments of the return distribution 

decrease nearly monotonically as the total asset size increases, a similar pattern of which is 

observed for the relative bid-ask spread.  It is not surprising, given the trends in the third and  
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Table 2: Summary Statistics by Size (Total Asset) Deciles 

This table represents the summary statistics sorted into size deciles based on average annual total assets, as defined by Compustat.  Decile one 
contains the smallest firms while decile ten contains the largest firms. Average daily return represents the daily return, inclusive of distributions, as 
defined by CRSP, while variance is calculated as per convention.  Excess skewness is calculated as ∑ ,  while 

excess kurtosis is calculated as ∑ , .  The Jarque-Berra Statistic is calculated as 

 and is a measure of the overall level of non-normality in the distribution.  Average number of analysts is calculated from 
IBES summary files and represents the average of the maximum number of analysts following a firm in a given year.  Average values are 
weighted based on number of firms in each year, while the calculation of relative bid-ask spread is   ∑ , ,

, , /
.  Market 

capitalization and total assets are in millions of dollars while daily trading volume is in thousands of shares. 
 

 

One Two Three Four Five Six Seven Eight Nine Ten Average
Number of Firms 2,362 2,361 2,361 2,361 2,361 2,361 2,361 2,361 2,361 2,361 2,361
Average Daily Return (%) 0.109 0.077 0.065 0.056 0.053 0.046 0.041 0.036 0.033 0.027 0.054
Variance of Returns 0.0033 0.0020 0.0016 0.0013 0.0011 0.0010 0.0009 0.0008 0.0008 0.0007 0.0013
Excess Skewness 0.0054 0.0032 0.0019 0.0016 0.0014 0.0013 0.0011 0.0010 0.0011 0.0007 0.0019
Excess Kurtosis 12.53 10.35 8.97 8.26 7.64 7.30 7.10 6.09 5.56 5.34 7.92
Average Number of Analysts 0.64 1.97 3.16 4.28 4.77 5.47 6.24 8.01 10.43 14.53 5.95
Percent Analyst Coverage 29.4 58.6 71.9 77.0 76.0 78.9 85.9 91.4 94.2 95.3 75.9
Average Daily Trading Volume 113 154 188 266 307 374 525 996 1,304 4,728 895
Average Market Capitalization 61 111 205 326 444 665 1,035 1,878 3,849 24,300 3,287
Average Total Assets 19 58 120 224 390 642 1,047 1,933 4,407 62,257 7,110
Relative Bid-Ask Spread 0.0272 0.0163 0.0103 0.0084 0.0088 0.0079 0.0056 0.0032 0.0022 0.0017 0.0092
Jarque-Berra Statistic 6,851 4,323 3,507 2,907 2,501 2,118 2,246 1,314 1,239 1,362 2,837

Decile
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fourth moments of the return distribution observed in Table 2, that the Jarque-Berra statistic also 

decreases near monotonically with firm size.  This indicates that larger firms are less non-

normally distributed than their smaller counterparts. 

As expected, Table 2 indicates that market capitalization is directly related to asset size, 

as is trading volume.  Finally, and perhaps most important to the objective of the current study, 

the average number of analysts following a firm, as well as the percentage of firms with analyst 

coverage, increases monotonically with firm size.  Less than one-third of the smallest decile firms 

have an analyst following, compared with nearly all of the largest decile firms having analyst 

coverage. 

The relationship between analyst following and firm size is reinforced in Table 3, which 

highlights the correlation coefficients between the various variables of interest.  It is observed that 

the correlation coefficient between the number of analysts following a firm and firm size, as 

measured as the natural log of both market capitalization and total firm assets, is strong and above 

0.600 for both size measures.  Also from the correlation matrix, it can be seen that there is a 

strong, but not perfect, relationship between the natural log of market capitalization and the 

natural log of total firm assets, with a correlation coefficient of 0.714.  As such, the use of assets 

as a second size control variable appears reasonable.   

It is also interesting to note some relationships that are not overly strong in the correlation 

matrix of Table 3.  The first is the weak correlation between volume and the four moments of the 

return distribution, with the strongest correlation being below 0.050.  This is interesting in light of 

the much stronger correlation exhibited between the relative bid-ask spread and the four 

moments.  This table presents the first evidence in the current study to suggest that perhaps the 

relative bid-ask spread is a better liquidity measure in examining the moments of the return 

distribution than is the trading volume.  It is also worth noting that while the number of analysts 

are highly correlated with both liquidity measures and both size measures, the correlation 

between the number of analysts and the four moments of the return is much weaker, but negative,  
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Table 3: Correlation Matrix 

This matrix below represents the correlation coefficients between each pair of variables.  The total number of observations in the sample is 23,611.  
For example, the correlation coefficient between variance and volume is 0.004 or 0.4%.  Volume represents the average daily trading volume, 
while market capitalization is the average annual market capitalization.  Assets is the fiscal year-end total assets, as reported in Compustat, while # 
analysts is the maximum number of analysts following a firm in a given calendar year.   
 

 

ln(Market 
Cap) ln(Assets) Volume Relative Bid-

Ask Spread
Avg Daily 

Return Variance Excess 
Skewness

Excess 
Kurtosis

Jarque-Berra 
Statistic # Analysts

ln(Market Cap) 1
ln(Assets) 0.714 1
Volume 0.348 0.348 1
Relative Bid-Ask Spread -0.660 -0.435 -0.125 1
Avg Daily Return -0.045 -0.097 -0.048 0.066 1
Variance -0.215 -0.256 0.004 0.408 0.108 1
Excess Skewness -0.154 -0.165 -0.032 0.179 0.315 0.362 1
Excess Kurtosis -0.061 -0.140 -0.021 0.074 0.083 0.356 0.419 1
Jarque-Berra Statistic -0.065 -0.080 -0.012 0.046 0.106 0.356 0.413 0.863 1
# Analysts 0.687 0.602 0.422 -0.407 -0.073 -0.139 -0.140 -0.061 -0.039 1
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in all instances.  This indicates that an increase in analyst following is related to a reduction in the 

moment values towards those of a normal distribution, the first such evidence documented in 

research literature.  This finding is reinforced with the weak, but negative, correlation found 

between the number of analysts and the Jarque-Berra statistic. 

6.2 Methodology: Moments of the Return Distribution and Stock Performance 

The first part of the methodology of the current study focuses on establishing a 

relationship between the moments of the return distribution and abnormal performance.  As such, 

this section outlines the calculation of abnormal returns as well as the forecasting techniques 

considered throughout the paper. 

Measure of Abnormal Performance 

In order to investigate the performance of securities in light of the potentially non-normal 

higher moments of returns, the daily Fama and French (1993) three factor regression is performed 

for ea  stch ock in the sample.  In particular 

, , , , , , , , , , ,     37  , ,

where ’s represent the regression coefficients, and ,  and ,  represent the daily return on the 

market and risk free portfolio, as defined in Fama and French (1993).  , , , , , , and ,  

represent the daily return on the Fama and French (1993) defined small, big, high book-to-

market, and low book-to-market portfolios, respectively.20  Of particular interest are the two 

remaining terms: the intercept term, , , and the error term, , . 

An intercept value in the Fama and French (1993) three factor model is an indication of 

abnormal performance.  A statistically positive value indicates over-performance, given the risk 

factors considered in the model, and a negative value indicates underperformance.  As such, the 

intercept term offers a vehicle through which one can explore the abnormal performance of 

                                                 
20 Appreciation is extended to Kenneth French for providing the daily returns for the Fama and French  
(1993) regression model on his website, as can be found at:  
Hhttp://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.htmlH  
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securities, or portfolios of securities.  In order to accomplish this, the first step is to calculate the 

average annual  value for each security, such that  

1
,                                                           38  

which provides the average daily abnormal return for each security over the period of  days.  

Once the average abnormal performance, , is known then statistical testing can be 

implemented. 

Statistical Testing of Abnormal Performance 

There are two main testing procedures used in this section. The first is the unpaired 

Student’s t-test.  However, this testing procedure assumes that the variables are normally 

distributed, the main line of interest in this body of research.  Therefore, in addition to the 

Student’s t-test, the nonparametric unmatched-pairs Wilcoxon Rank-Sum test, which makes no 

such assumptions as to the distribution of the variables, is also performed.  Each is used to 

determine the relative performance of equally weighted portfolios formed on the basis of higher 

moment, and size, deciles.  Portfolio formation, as well as unmatched pairs testing, is required as 

there is no natural complement to each observation.  That is, with the initiation and 

discontinuation of analyst coverage considered below, the moment values before the change in 

coverage are compared with those after the change in coverage for the same stock, and hence, 

paired testing is utilized.  However, in looking at the abnormal performance, there is no such 

pairing of observations, hence the use of equally weighted portfolio average values and unpaired 

testing procedures.  

Higher Moments and Forecasting Abnormal Returns 

The above procedure is not only beneficial in determining relative performance of 

securities of various attributes, but it also allows one to determine the performance of highly non-

normal securities under differing market conditions.  In order to accomplish this, portfolios are 

first formed into deciles based on a single sort of size and higher moments, as well as the Jarque-

79 
 



Berra statistic.  In addition, a double sort of securities is performed, with deciles first formed 

based on firm size.  Within each of these size deciles, the securities are then further divided into 

deciles based on each of the individual higher moments, as well as the Jarque-Berra statistic.  

This double sort is offered as an additional control for any size related abnormal performance that 

may impact the results (e.g., the small firm effect of Banz (1981)).  The performance of these 

equally weighted portfolios in the year following portfolio formation provides an indication of the 

importance of the higher moments of the return distribution and the Jarque-Berra statistic as 

potential sources for predicting abnormal returns in future periods.   

6.3 Methodology: Analyst Following and the Moments of the Return Distribution 

The second objective of the current study is to determine whether there exists a 

relationship between analyst following and the first four moments of the return distribution, as 

well as the overall level of normality of this distribution.  These relationships are investigated in a 

number of ways including OLS regressions using the number of analysts as an explanatory 

variable.  In addition, the change in the moment values and normality of the return distribution 

during both the initiation and discontinuation of analyst coverage of securities is also 

investigated.21  

Analyst Following as an Explanatory Variable 

In order to address the question of a relationship between analyst following and the 

distribution of returns, the following OLS regression is run for the entire sample period  

ln #      39  

where  represents the first four moments of the return distribution as well as the 

Jarque-Berra statistic, as defined above.   represents the interaction term between analyst 

coverage and size, or more specifically 
                                                 
21 The main testing techniques in this section implicitly assume that analyst coverage is homogeneous.  
While it is recognized that not all analysts are of equal ability, this assumption is necessary given the 
available information concerning sell-side security analysts. 
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ln #                                       40  

while  represents two liquidity variables of interest: (1) the average annual daily 

trading volume of security  and (2) the relative bid-ask spread, as defined above.  #  

refers to the maximum number of analysts following a firm in the calendar year.  Finally,  

represents a year dummy variable equal to one for each of the calendar years 2004 through 2008, 

with the dummy for 2003 deleted to avoid multicollinearity.  The other variables of the regression 

are as defined above.     

Equation (39) is performed as a normal OLS regression.  However, in order to gain 

additional insight into the importance of each of the explanatory variables in determining the 

various moments, and Jarque-Berra statistic, of the distribution, Equation (39) is also performed 

as a stepwise regression.  First, the model is performed under the parameters of a Forward 

Stepwise Regression.  This model begins with an ‘empty’ regression and adds explanatory 

variables, which meet the threshold statistical cutoff value, one at a time until either the original 

model is attained, or no additional variables meet the cutoff threshold.  In addition to the Forward 

Stepwise Regression, Equation (39) is also performed as a Backward Stepwise Regression.  In 

this type of stepwise regression, the model begins inclusive of all independent variables, and 

removes them one at a time, subject to a statistical cutoff threshold, until no further explanatory 

variables can be removed, or until no explanatory variables remain in the model.  It is argued that 

when the independent variables in the regression are not randomly chosen, but are rather selected 

based on sound theoretical reasoning, then the Backward Stepwise Regression is more 

informative than its Forward counterpart.  As we will see, however, both produce consistent 

results in the current study. 

The Initiation and Discontinuation of Analyst Coverage 

The relationship between analyst coverage and that distribution of returns is examined by 

additional testing to the above regressions.  First, if an analyst following is truly related to the 
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distribution of returns, then there should be a statistical change in the various moments of the 

return distribution upon the security being covered by an analyst for the first time.  As such, the 

moments of the distribution, as well as the Jarque-Berra statistic, for the twelve month period 

prior to the initiation of analyst coverage are compared with the corresponding moments, and 

Jarque-Berra statistic, during the twelve months following the initiation of analyst coverage.  The 

sample period used for testing the relationship  of the initiation of analyst coverage and moments 

of the return distribution, as well as for the discontinuation of analyst coverage discussed below, 

is 2003 through 2007.22  In addition, firms must have at least 50 return observations for both the 

twelve month pre- and the twelve month post-initiation periods to be included in the sample.   

Testing of the pre- versus post-coverage variables is performed in a number of ways.  The 

most straightforward way to test the values in the two sample periods is to perform the paired 

Student’s t-test.  However, as discussed above, this testing procedure assumes that the variables 

are normally distributed.  Therefore, in addition to the Student’s t-test, the nonparametric 

Wilcoxon Signed-Rank test, which makes no distributional assumptions, is also utilized.   

The final test of the relationship between the initiation of analyst coverage and the return 

distribution utilizes the  O r following LS egression 

ln                     41  

where  equals one for all post-coverage observations. The other variables in the 

regression are as defined above.  The regression differs significantly from Equation (39) in that it 

excludes reference to both the number of analysts following the firm as well as the interaction 

factor between analyst coverage and firm size.  The reason for these exclusions is simply that in 

each of the pre-coverage periods, these variables would take on a value of zero, and would 

therefore behave similarly to a dummy variable equal to zero during pre-coverage periods and 

some other positive value, but not necessarily equal to one, in all post-coverage periods. 
                                                 
22 Note that the sample period is changed from ending in 2008 to ending in 2007.  This is the result of the 
fact that CRSP data is, at present, only available until the end of 2008, and as such, initiations of coverage 
which begin in late 2008 would have insufficient data to perform the outlined testing procedures.   
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In addition to testing the relationship between the initiation of analyst coverage and the 

return distribution, additional insight is gained by looking at the effects on the return distribution 

given the termination of all analyst coverage of a security.  This line of testing is performed in the 

same manner as with the initiation of analyst following, utilizing both the Student’s t-test and the 

nonparametric Wilcoxon Signed-Rank test.  A regression similar to Equation (41) is also 

performed, namely   

ln                       42  

with the lone difference being the dummy variable, , which now equals one for all 

post-analyst following dates, and zero otherwise. 

6.4 Methodology: The Use of OLS Regressions 

 It is necessary to discuss the potential issues with using Ordinary Least Squares 

regressions throughout the current study.  As discussed in Chapter 2, the use of OLS regressions 

in conjunction with variables that are non-normally distributed produces misleading regression 

coefficients.  However, it is felt that the use of OLS regressions is appropriate in the current 

research study for a number of reasons.   

First, while it is generally well documented that returns are non-normally distributed, the 

current study is concerned less with the first moment of the return distribution then it is with the 

higher moments.  However, no evidence is found, either theoretical or empirical, to suggest that 

these higher moments, while random variables in and of themselves, are not normally distributed.   

Second, it is important to point out that for the area of the current research paper that 

relies most heavily on the OLS regressions, namely the one that investigates the relationship 

between analyst following and the moments of the return distribution, the results of which are 

found in Chapter 8, additional extensive testing, both parametric and nonparametric, is also 

undertaken to support the findings of the OLS regressions.  This additional testing helps minimize 

the impact of any bias in the coefficient values.   
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Finally, the current study relies heavily on the quantification of abnormal returns.  The 

most prevalent calculation for these returns in recent literature is the three factor model of Fama 

and French (1993), which itself is an Ordinary Least Squares regression.  As such, while 

additional testing and subsequent changes to the methodology can be undertaken to address issues 

in the investigation of the relationship between analyst coverage and the moments of the return 

distribution, the other main area of the current study relies nontrivially on an OLS regression, and 

its inherent shortcomings, an issue with no readily apparent solution. 

6.5 Data and Methodology: Conclusion 

This chapter outlines the data and testing procedures used throughout the current study.  

The objective of this study is to establish a link between the higher moments of the return 

distribution and the identification of abnormal performance.  Once this link is established, the 

objective is then to extend this finding by establishing a relationship between these higher 

moments and analyst coverage.   

The first main area of testing in the current study centers on the relationship between the 

higher moments of the return distribution and abnormal returns.  Abnormal returns are first 

defined for each security in the sample as the intercept value in the Fama and French (1993) three 

factor model.  Securities are then grouped into portfolios based on a single sort of the higher 

moments of the return distribution, along with other attributes, as well a double sort based on size 

and these higher moments.  The returns of the portfolios with higher values of the various 

moments of the return distribution are then compared with their lower valued counterparts for the 

year following portfolio formation. 

In investigating the relationship between analyst following and the moments of the return 

distribution, a number of testing techniques are used, including OLS regressions utilizing the 

moments of the return distribution as dependent variables and the number of analysts as one of 

the independent variables.  In addition, the change in moment values before and after both the 
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initiation and the discontinuation of analyst coverage are investigated using both parametric and 

nonparametric testing techniques.   
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Chapter 7 
 

Results: Higher Moments, Abnormal Returns, and Market Volatility 
 

 
 
 Two questions are addressed in the current study, and as such the results section is 

divided accordingly.  The current chapter presents the results concerning the question of whether 

the higher moments of the return distribution can be of help in identifying abnormal returns, as 

defined by conventional asset pricing models.  Chapter 8 presents the results for the relationship 

between analyst following and the moments of the return distribution. 

7.1 Higher Moments and Abnormal Returns 

 The research question in this half of the current study centers around the performance of 

firms in relation to the moments of their distribution.  This question is addressed by examining 

the one year abnormal performance, as measured by the average intercept term in the Fama and 

French (1993) three factor model, of portfolios formed from both moment and size deciles in the 

year prior to performance measurement. 

Higher Moments and Abnormal Returns: Single Sort Portfolios 

Table 4 presents the results of a single sort of the sample firms, which results in deciles 

formed for each of the variables listed.  It can be seen from the table that the most highly skewed 

securities, found in decile ten, outperform the least skewed securities by a statistically significant 

average abnormal return of 0.26 percent per day.  In addition, the highest valued decile formed on 

both kurtosis and the Jarque-Berra statistic also outperform the corresponding lowest valued 

decile by an abnormal return in the 0.035 percent per day range.  All three results are statistically 

significant at the five percent level or better as measured by both the parametric and 

nonparametric tests. 

 While the results of Table 4 appear to provide solid evidence to support the claim that 

more non-normal securities outperform their more normal counterparts on an ex-post basis, Table  



Table 4: Single Sort Portfolios – Entire Sample Period 

In this table, firms are first grouped into deciles based on the attributes in the far left column.  Decile one average α is the average α term for all 
firms in the smallest decile of that particular attribute, while decile ten average α is the average α for the firms with the highest decile of that 
particular attribute. For example, for kurtosis, the decile of firms with the smallest level of kurtosis have an average α of 0.0224 while those in the 
decile with the highest level of kurtosis have an average α of 0.0581.  α is calculated as the intercept term of the Fama and French (1993) three 
factor model , , , , , , , , , , , , ,  run for daily data for each firm.  Difference is 
the average α value in decile ten less the average α in decile one.  The two remaining columns present the p-values associated with the Student’s t-
test and Wilcoxon Rank-Sum test, respectively.  There are 2,361 firms per decile. 
 

 

Decile One 
Average α

Decile Ten    
Average α Difference

p-Value:           
(Student's t)

p-Value:   
(Wilcoxon)

Skewness -0.0876 0.17557 0.2632 (0.0000) (0.0000)
Kurtosis 0.0224 0.0581 0.0358 (0.0000) (0.0061)
JB Statistic 0.0258 0.0593 0.0335 (0.0000) (0.0164)
Market Capilatilzation 0.0870 0.0314 -0.0556 (0.0000) (0.0000)
Total Assets 0.0838 0.0223 -0.0614 (0.0000) (0.0000)
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4 also provides one potential explanation for this finding.  That is, the performance of size-based 

portfolios also vary, with the portfolio formed from the largest securities underperforming those 

formed from the smallest securities by 0.056 to 0.061 percent per day, for the market 

capitalization and total assets size measurements, respectively.  While this result is expected, 

coupled with the relatively strong correlations between size and the moments of the return 

distribution found in Table 3, it greatly weakens the abnormal performance argument based on 

the higher moments of the return distribution made above. 

Higher Moments and Abnormal Returns: Double Sort Portfolios 

 Clearly the relationship between firm size and the third and fourth moments of the return 

distribution is a complicating factor in the results of Table 4.  However, one can easily control for 

this relationship by performing a double sort on the size and moments attributes.  Table 5 presents 

the results of such a double sort, with the securities of the sample first divided into size deciles, 

formed on either market capitalization (Panel A) and total assets (Panel B).  Within each of these 

size deciles, the securities are further divided into deciles based on either the third or fourth 

moment of the return distribution or the Jarque-Berra statistic.  The average intercept from the 

Fama and French (1993) three factor model is then calculated for each portfolio in the sample.23  

Higher Moments and Abnormal Returns: Double Sort Portfolios – Size & Skewness 

 A number of observations can be made concerning Table 5.  First, the average abnormal 

return of the two extreme skewness deciles decreases near monotonically as firm size increases, 

as is expected if the double sort is properly controlling for firm size.  It can also easily be seen 

that the average abnormal performance of each of the least skewed deciles, within all twenty of 

the size deciles covering both Panels A and B of Table 5, is negative, while that of the most 

skewed deciles is positive.  In addition, and more important to the question at hand, is the fact  

                                                 
23 One may argue that this methodology is actually doubly controlling for firm size, as the Fama and French 
(1993) three factor regression, from which the measure of abnormal performance is drawn, in itself controls 
for the firm size risk component.  However, given the correlation between firm size and analyst following, 
as well as the conventional wisdom surrounding this relationship, it is felt that extra caution is the preferred 
course of action. 
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Table 5: Size and Skewness Sorted Portfolios – Entire Sample Period 

Firms are first grouped in deciles based on size, with size decile one (ten) containing the smallest (largest) firms.  Panel A (B) utilizes market 
capitalization (total assets) in the creation of the size deciles.  All firms within each size decile are further sorted into deciles based on skewness of 
returns.  For example, within the largest decile of firms based on market capitalization, the least skewed securities have an average α of -0.0380 
while those with the most skewed returns have an average α of 0.0977.  α is calculated as the intercept term of the Fama and French (1993) three 
factor model , , , , , , , , , , , , ,  run for daily data for each firm.  Difference is 
the average α value in moment decile ten less the average α in moment decile one.  The two remaining columns present the p-values associated 
with the Student’s t-test and Wilcoxon Rank-Sum test, respectively.  There are 236 firms per decile.   
 

 

Panel A
Moment Decile One 

Average α
Moment Decile Ten    

Average α Difference
p-Value:               

(Student's t)
p-Value:             

(Wilcoxon)
Size Decile One -0.0871 0.3090 0.3961 (0.0000) (0.0000)
Size Decile Two -0.1488 0.2165 0.3654 (0.0000) (0.0000)
Size Decile Three -0.1360 0.1801 0.3161 (0.0000) (0.0000)
Size Decile Four -0.1215 0.1096 0.2311 (0.0000) (0.0000)
Size Decile Five -0.0840 0.1780 0.2620 (0.0000) (0.0000)
Size Decile Six -0.0949 0.1533 0.2482 (0.0000) (0.0000)
Size Decile Seven -0.0878 0.1369 0.2247 (0.0000) (0.0000)
Size Decile Eight -0.0668 0.1191 0.1859 (0.0000) (0.0000)
Size Decile Nine -0.0451 0.0999 0.1450 (0.0000) (0.0000)
Size Decile Ten -0.0380 0.0977 0.1357 (0.0000) (0.0000)

Panel B
Moment Decile One 

Average α
Moment Decile Ten    

Average α Difference
p-Value:               

(Student's t)
p-Value:             

(Wilcoxon)
Size Decile One -0.1371 0.3621 0.4992 (0.0000) (0.0000)
Size Decile Two -0.1531 0.2713 0.4244 (0.0000) (0.0000)
Size Decile Three -0.1194 0.2070 0.3264 (0.0000) (0.0000)
Size Decile Four -0.0908 0.1429 0.2337 (0.0000) (0.0000)
Size Decile Five -0.0937 0.1240 0.2178 (0.0000) (0.0000)
Size Decile Six -0.0783 0.1052 0.1836 (0.0000) (0.0000)
Size Decile Seven -0.0533 0.0894 0.1427 (0.0000) (0.0000)
Size Decile Eight -0.0703 0.0867 0.1570 (0.0000) (0.0000)
Size Decile Nine -0.0513 0.0860 0.1373 (0.0000) (0.0000)
Size Decile Ten -0.0518 0.0779 0.1297 (0.0000) (0.0000)
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that within all twenty of the size-based deciles, the abnormal return of the most skewed portfolio 

of securities statistically outperforms that of the least skewed portfolio.  This statistical 

significance is evident at the one percent level or better in both the unpaired Student’s t-test and 

Wilcoxon Rank-Sum test results.  In addition, in both panels the magnitude of the difference in 

abnormal performance between the most and least skewed securities decreases near 

monotonically as firm size increases.  As such, Table 5 provides strong evidence for the fact that, 

even after controlling for size, more skewed securities have higher abnormal returns than less 

skewed securities.   

The relationship exhibited in Table 5, namely the fact the more skewed securities 

outperform their less skewed counterparts, is unexpected.  In light of the arguments concerning 

investor preference towards higher moments of the distribution made by Scott and Horvath 

(1980), one would expect that investors would be willing to sacrifice expected return in favor of 

additional skewness in the return distribution.  Under this framework, more skewed securities 

would be anticipated to underperform there less skewed counterparts, as investors in the latter 

securities would require additional compensation for sacrificing utility-increasing skewness.   

Higher Moments and Abnormal Returns: Double Sort Portfolios – Size & Kurtosis 

While Table 5 provides conclusive evidence for the fact that more skewed securities 

outperform their less skewed counterparts, the same cannot be said for kurtosis. Looking at the 

double sort results of Table 6, it can be seen that in the vast majority of cases, there is no 

statistically significant difference between the abnormal performance of the most kurtotic 

securities compared with that of the least kurtotic ones after controlling for firm size.    

Interestingly, however, one apparent trend emerges from the data.  That is, within the two 

smallest size deciles in each panel, the most kurtotic decile of securities outperforms those in the 

least kurtotic decile by a statistically and economically significant amount ranging from 0.079 to  
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Table 6: Size and Kurtosis Sorted Portfolios – Entire Sample Period 

Firms are first grouped into deciles based on size, with size decile one (ten) containing the smallest (largest) firms.  Panel A (B) utilizes market 
capitalization (total assets) in the creation of the size deciles.  All firms within each size decile are further sorted into deciles based on the level of 
kurtosis of returns.  For example, within the largest decile of firms based on market capitalization, the least kurtotic securities have an average α of 
0.0127 while those with the most kurtotic returns have an average α of 0.0101.  α is calculated as the intercept term of the Fama and French (1993) 
three factor model , , , , , , , , , , , , ,  run for daily data for each firm.  
Difference is the average α value in moment decile ten less the average α in Moment Decile One.  The two remaining columns present the p-
values associated with the Student’s t-test and Wilcoxon Rank-Sum test, respectively.  There are 236 firms per decile.   
 

Panel A
Moment Decile One 

Average α
Moment Decile Ten    

Average α Difference
p-Value:                 

(Student's t)
p-Value:                 

(Wilcoxon)
Decile One 0.0566 0.2637 0.2071 (0.0000) (0.0000)
Decile Two 0.0188 0.1478 0.1290 (0.0000) (0.0000)
Decile Three 0.0100 0.0240 0.0141 (0.5984) (0.9903)
Decile Four 0.0229 -0.0224 -0.0453 (0.0546) (0.0023)
Decile Five 0.0078 0.0141 0.0064 (0.7265) (0.7796)
Decile Six 0.0328 0.0074 -0.0253 (0.1476) (0.0343)
Decile Seven 0.0050 0.0117 0.0067 (0.6314) (0.9705)
Decile Eight 0.0281 0.0093 -0.0187 (0.2054) (0.0976)
Decile Nine 0.0174 0.0312 0.0138 (0.2457) (0.5816)
Decile Ten 0.0127 0.0101 -0.0026 (0.8056) (0.4762)

Panel B
Moment Decile One 

Average α
Moment Decile Ten    

Average α Difference
p-Value:                 

(Student's t)
p-Value:                 

(Wilcoxon)
Decile One 0.0530 0.2507 0.1976 (0.0000) (0.0000)
Decile Two 0.0341 0.1129 0.0788 (0.0065) (0.0236)
Decile Three 0.0663 0.0422 -0.0242 (0.3568) (0.0535)
Decile Four 0.0353 0.0296 -0.0058 (0.7625) (0.5670)
Decile Five 0.0169 0.0005 -0.0164 (0.3023) (0.2009)
Decile Six 0.0120 0.0225 0.0105 (0.4203) (0.3148)
Decile Seven 0.0285 0.0151 -0.0134 (0.3356) (0.1208)
Decile Eight 0.0083 0.0044 -0.0039 (0.7582) (0.5775)
Decile Nine 0.0054 0.0048 -0.0007 (0.9560) (0.6731)
Decile Ten 0.0141 -0.0058 -0.0199 (0.1947) (0.0750)
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0.207 percent per day.24  These results are consistent using both the parametric and nonparametric 

test statistics.   

Higher Moments and Abnormal Returns: Double Sort Portfolios – Size & Jarque-Berra Statistic 

 Not surprisingly, given that the Jarque-Berra statistic is a non-linear combination of the 

third and fourth moments of the distribution, the results for the double sort of size and Jarque-

Berra statistic produce results, found in Table 7, that are generally consistent with the kurtosis 

results found in Table 6.  Namely, in deciles three through ten of each panel in Table 7, there is 

no statistical difference between the abnormal return for the least non-normal and most non-

normal securities.  Potential exceptions include deciles four, six, and eight of Panel A and deciles 

seven and ten of Panel B.  Each of these is found to be statistically significant, at conventional 

levels, under the parameters of the Wilcoxon Rank-Sum test.  However, the Student’s t-test 

shows that all five are statistically insignificant, and as such it can be argued that there is only 

weak support for their statistical significance.  However, both tests show that, for the two smallest 

size deciles in each panel, the securities with the highest Jarque-Berra value statistically 

outperform those with the lowest Jarque-Berra value.   

Higher Moments and Abnormal Returns: Conclusion 

 This section demonstrates that there is a clear relationship between the higher moments 

of the return distribution and the ex-post generation of abnormal returns, as measured by the 

intercept term in the Fama and French (1993) three factor model.  However, after controlling for 

the relationship between the moments of the return distribution and firm size, the ability to 

forecast abnormal returns through the use of the higher moments of the return distribution is 

diminished greatly.  For both kurtosis and the overall level of non-normality, as measured by the 

Jarque-Berra statistic, there is little evidence to suggest that the firms with the highest decile 

values outperform those with the lowest decile values.  The one exception in both cases is for the  

                                                 
24 Decile four, in Panel A, also shows that the most kurtotic stocks statistically outperform their least 
kurtotic counterparts, but the same result is not found in decile four of Panel B.   
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Table 7: Size and Jarque-Berra Statistic Sorted Portfolios – Entire Sample Period 

Firms are first grouped in deciles based on size, with size decile one (ten) containing the smallest (largest) firms.  Panel A (B) utilizes market 
capitalization (total assets) in the creation of the size deciles.  All firms within each size decile are further sorted into deciles based on their Jarque-
Berra (JB) Statistic value.  For example, within the largest decile of firms based on market capitalization, the lowest JB value firms have an 
average α of 0.0128 while those with the highest JB value have an average α of 0.0100.  α is calculated as the intercept term of the Fama and 
French (1993) three factor model , , , , , , , , , , , , ,  run for daily data for each 
firm.  Difference is the average α value in moment decile ten less the average α in moment decile one.  The two remaining columns present the p-
values associated with the Student’s t-test and Wilcoxon Rank-Sum test, respectively.  There are 236 firms per decile.   
 

 

Panel A
Moment Decile One 

Average α
Moment Decile Ten    

Average α Difference
p-Value:                 

(Student's t)
p-Value:                 

(Wilcoxon)
Decile One 0.0486 0.2733 0.2247 (0.0000) (0.0000)
Decile Two 0.0034 0.1516 0.1482 (0.0000) (0.0000)
Decile Three 0.0186 0.0196 0.0010 (0.9713) (0.5826)
Decile Four 0.0369 -0.0243 -0.0612 (0.0159) (0.0008)
Decile Five 0.0227 0.0147 -0.0080 (0.6836) (0.5136)
Decile Six 0.0293 0.0048 -0.0245 (0.1769) (0.0269)
Decile Seven 0.0053 0.0071 0.0018 (0.8883) (0.9614)
Decile Eight 0.0295 0.0092 -0.0203 (0.1665) (0.0815)
Decile Nine 0.0205 0.0320 0.0115 (0.3357) (0.7054)
Decile Ten 0.0128 0.0100 -0.0028 (0.7930) (0.4597)

Panel B
Moment Decile One 

Average α
Moment Decile Ten    

Average α Difference
p-Value:                 

(Student's t)
p-Value:                 

(Wilcoxon)
Decile One 0.0603 0.2493 0.1890 (0.0000) (0.0000)
Decile Two 0.0399 0.1182 0.0783 (0.0094) (0.0166)
Decile Three 0.0539 0.0412 -0.0127 (0.6278) (0.1687)
Decile Four 0.0324 0.0238 -0.0086 (0.6524) (0.4753)
Decile Five 0.0220 0.0005 -0.0216 (0.2130) (0.1705)
Decile Six 0.0133 0.0230 0.0096 (0.4621) (0.3947)
Decile Seven 0.0292 0.0129 -0.0163 (0.2451) (0.0807)
Decile Eight 0.0112 0.0044 -0.0068 (0.6061) (0.5373)
Decile Nine 0.0063 0.0094 0.0031 (0.7946) (0.6420)
Decile Ten 0.0138 -0.0055 -0.0193 (0.2082) (0.0890)
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two smallest deciles of firms, as measured by both the average annual market capitalization and 

the total firm assets.  More convincingly, significant support is offered for the abnormal 

performance of securities based on the third moment of the return distribution.  For all ten size 

deciles in both panels of Table 5, the portfolio of the most skewed securities statistically and 

economically outperforms those of the least skewed portfolio, suggesting a market premium for 

skewness, even after controlling for firm size and the other risk factors considered in the Fama 

and French (1993) three factor model. 

7.2 Higher Moments and Performance During Market Volatility 

 By definition, the more leptokurtotic a security is, the higher the probability of an 

extreme return outcome.  In addition, the more positively (negatively) skewed a security is, the 

more likely it is to have a positive (negative) return value.  Both of these points raise an 

interesting research question concerning the return of securities during periods of heightened 

market volatility.  Specifically, this part of the current study focuses on whether more kurtotic 

and/or negative skewed securities underperform their less kurtotic and/or positively skewed 

counterparts during differing market conditions.   

Abnormal Performance: Single Sort Portfolios 

The recent market volatility experienced throughout the world presents an ideal 

environment to test this research question.  Securities are formed into size and/or higher moment 

deciles, as determined in a base year, and the abnormal performance of these securities is 

calculated in the subsequent calendar year.  Looking at the calendar time approach allows for the 

clear determination of any potentially differing effects that may be exhibited in periods of relative 

market calm (2003 through 2006) compared with periods of heightened market volatility (2007 

and 2008). 

Table 8 presents the annual results for deciles formed on a single sort of both size 

measures, each of the moments of the return distribution, and the Jarque-Berra statistic.  Looking 

first at the period of relative market calm, it can be seen that firm size plays an important factor in  
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Table 8: Single Sort Portfolios – By Year 

Firms are sorted into deciles, based on the attributes in the far-left column, in the base year.  Performance is measured as the difference in the 
average α for the highest and lowest valued deciles in the subsequent year.  For example, for base year 2003 and the skewness attribute, firms are 
grouped into deciles based on the level of skewness in their return distribution in 2003.  Performance of the most and least skewed deciles of 
securities is measured in the subsequent year, 2004.  Difference indicates that, in the year following the formation of the portfolios based on, in 
this case, skewness levels, the decile formed from the most skewed securities have a higher average α than that of the least skewed securities, with 
the difference being 0.0667.  α is calculated as the intercept term of the Fama and French (1993) three factor model r , r , α ,
β , r , r , β , r , r , β , r , r , ε ,  run for daily data for each firm.  The two remaining columns for each base year 
present the p-values associated with the Student’s t-test and Wilcoxon Rank-Sum test, respectively.  For the base years 2003 through 2007, the 
number of observations in each decile is as follows: 362, 371, 377, 378, and 327, respectively. 
 

 
 

Difference
p-Value:           

(Student's t)
p-Value:   

(Wilcoxon) Difference
p-Value:           

(Student's t)
p-Value:   

(Wilcoxon)
Skewness 0.06669 (0.0000) (0.0003) -0.01959 (0.1994) (0.0362)
Kurtosis 0.04708 (0.0001) (0.0033) 0.01077 (0.4107) (0.2462)
JB Statistic 0.04498 (0.0002) (0.0065) 0.00938 (0.4696) (0.2981)
Market Capilatilzation -0.17808 (0.0000) (0.0000) -0.05315 (0.0000) (0.0015)
Total Assets -0.11125 (0.0000) (0.0000) -0.04027 (0.0042) (0.3286)

Base Year
2003 2004
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Table 8: Single Sort Portfolios – By Year (continued) 

 
  

Decile Sort Difference
p-Value:           

(Student's t)
p-Value:   

(Wilcoxon) Difference
p-Value:           

(Student's t)
p-Value:   

(Wilcoxon)
Skewness -0.00067 (0.9606) (0.7285) 0.00002 (0.6035) (0.9553)
Kurtosis 0.05406 (0.0000) (0.0000) -0.03294 (0.0168) (0.0056)
JB Statistic 0.05194 (0.0000) (0.0000) -0.03444 (0.0128) (0.0047)
Market Capilatilzation -0.06113 (0.0000) (0.0001) 0.00797 (0.5567) (0.0429)
Total Assets -0.03408 (0.0176) (0.2364) 0.01523 (0.3351) (0.1235)

Base Year
2005 2006
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Decile Sort Difference
p-Value:                              

(Student's t)
p-Value:                              

(Wilcoxon)
Skewness -0.03743 (0.0668) (0.0434)
Kurtosis -0.09188 (0.0000) (0.0000)
JB Statistic -0.07940 (0.0000) (0.0000)
Market Capilatilzation 0.09444 (0.0000) (0.0000)
Total Assets 0.11081 (0.0000) (0.0000)

Base Year
2007

Table 8: Single Sort Portfolios – By Year (continued) 
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the determination of abnormal returns, with each of the two size variables showing that the largest 

decile of firms underperforms the decile of the smallest firms by a statistically significant value, 

as per the Student’s t-test, in each of the three years.25  During this period, however, there is 

limited support for the abnormal performance of the most highly skewed securities, compared 

with their least skewed counterparts, as evidenced for the full sample period in Tables 4 and 5.  

The portfolios formed from the highest decile of skewed stocks are found to outperform the 

lowest skewed portfolio in base year 2003.  However, the results are mixed for base year 2004, 

with the nonparametric Wilcoxon Rank-Sum test showing an underperformance of the highest 

skewness portfolio and the parametric Student’s t-test showing no statistical difference.  In 

addition, there is no statistical difference in abnormal returns evident in base year 2005.  The 

evidence for the over-performance of the most kurtotic securities, as well as those with the 

highest Jarque-Berra statistic, is slightly more convincing than found for skewness during the 

period of relative calm, with two of the three years, namely base years 2003 and 2005, showing 

statistical over-performance for both testing procedures at conventional levels.  However, no 

significant difference in performance is found for either kurtosis or Jarque-Berra statistic deciles 

during base year 2004.   

 While the investigation into the abnormal performance during periods of relative market 

calm, presented above, offers interesting insights into the time-varying relationship of the higher 

moments of the return distribution to firm performance, the more interesting results center around 

the performance of securities during periods of severe market downturns.  Looking at the returns 

of portfolios formed in the last year of relative market calm, base year 2006, for which the 

abnormal performance is measured during the first year of market volatility, 2007, a number of 

interesting observations can be made.  First, while each of the size measures were statistically 

significant in each of the three years of relative market calm, as well as for the overall sample 

                                                 
25 The Wilcoxon Rank-Sum test indicates statistical significance, at conventional levels, for base year 2003 
for both size measures, but only indicates statistical significance for the market capitalization size variable 
in the remaining two years of the period of relative market calm. 
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period as documented in Table 4, size plays a limited, if any, role in the first year of the market 

downturn.  This is evident by the fact that Student’s t-test fails to accept the statistical 

significance of each of the size measures, while the Wilcoxon Rank-Sum test shows that only one 

of the two measures, market capitalization, is significant at the ten percent level or better.  In 

addition, while the results of the parametric and nonparametric tests are mixed, if one believes 

that there is a statistical difference between the abnormal return on the largest and smallest 

deciles of firms, then it is paramount to note the sign of the difference value.  In each of the three 

years characterized by periods of relative market calm, as well as for the overall sample period, 

the sign on the difference for both size measures is negative, indicating that larger firms 

underperform smaller ones.  However, this is no longer the case during the first year of market 

volatility, with the differences for each size measure showing a positive value, with the difference 

in abnormal returns for the market capitalization portfolio being statistically significant at the five 

percent level under the conditions of the nonparametric test.  This indicates that, during the first 

year of market volatility, large firms, based on prior year’s market capitalization, statistically 

outperform small firms in terms of abnormal returns.  This result is reinforced, and strengthened, 

during base year 2007, the second and more volatile year of the subsample.  In this year, the 

difference in the performance of portfolios created from both market capitalization and total 

assets is statistically positive at the one percent level under both the Student’s t-test and the 

Wilcoxon Rank-Sum test.  This result again reinforces that, during periods of market volatility, 

larger firms outperform their smaller counterparts, which is the opposite of what is observed 

during periods of relative market calm and also in prior literature (e.g., Banz (1981)). 

 Turning to the third and fourth moments of the return distribution, as well as the Jarque-

Berra statistic, again there is seen to be a dramatic change in the performance of high valued and 

low valued portfolios.  Looking first at the third moment, it can be seen that, relatively consistent 

with the results during the periods of market calm, the abnormal return difference is statistically 

insignificant at conventional levels during the first year of market volatility.  However, during the 
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second year of the volatile period, the difference is found to be statistically negative, under both 

the Student’s t-test and the Wilcoxon Rank-Sum test, at the ten percent level or better.  What is 

interesting is that the value is statistically negative, indicating that more skewed securities 

underperform their less skewed counterparts.  As outlined above, this in itself is an interesting 

result and contradicts that found for the ex-post results for the entire sample period in Table 5.  It 

also contradicts the most significant value found for the first period of the sample, base year 

2003, which indicated that more skewed securities outperform their less skewed counterparts.  It 

is believed that performance in the early years of the sample is potentially driving the skewness 

results for the entire sample period, thus explaining the abnormal return differences evidenced for 

both the single sort on skewness and the double sort on size and skewness for the entire sample 

period, found in Tables 4 and 5, respectively.   

 For the fourth moment of the distribution we see an immediate reversal in the relative 

performance of the most and least kurtotic securities during the volatile periods.  During each of 

the three years classified as the relative calm period, the more kurtotic securities are found to 

outperform their less kurtotic counterparts.  However, during both years of the volatile period, the 

more kurtotic securities statistically underperform less kurtotic ones at the five percent level or 

better.  The magnitude of this underperformance is large, with the underperformance in the final 

year being nearly twice as large as the over-performance in any of the years of the calm period.  

These findings confirm the generally anticipated results for the fourth moment.  That is, the 

securities that have a higher percentage of their distribution associated with extreme return 

outcomes, and are thus more kurtotic, should perform better (worse), compared with less kurtotic 

securities, when overall market performance is good (bad).  These general results may help 

explain why only a limited pattern of abnormal performance for a double sort of size and kurtosis 

is found in Table 6 for the entire sample period.  Table 8 suggests that more kurtotic securities 

over-perform in periods of market calm but underperform, and at a larger magnitude than the 

over-performance, during periods of market volatility.  These two results could potentially be 
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counteracting one another and producing an insignificant result over the entire sample period.  

This issue is investigated in Table 10 below. 

 Finally, the results in Table 8 associated with the Jarque-Berra statistic closely follow 

those found for kurtosis.  In short, more non-normal securities outperform less non-normal 

securities during periods of relative market calm.  However, during periods of heightened market 

volatility, the return fortunes reverse, with more non-normal securities underperforming their less 

non-normal counterparts.   

Abnormal Returns: Double Sort Portfolios – Size & Skewness  

While Table 8 presents a number of interesting results concerning the performance of 

securities under varying market conditions, like Table 4 it suffers from the correlation between 

size and return moments.  In order to distinguish the true effect that the higher moments of the 

return distribution may have on return predictability, a more complete control for firm size is 

required.  As such, a double sort on size and return moments, along with size and the Jarque-

Berra statistic, is performed.  

 Looking first at the double sort on size and skewness, the results of which are found in 

Table 9, it appears that, when controlling for size and year, the predictive ability of skewness as 

an abnormal return generating trading strategy is limited.  Only 15 of the 100 decile year 

portfolios show statistical significance, at the ten percent level or better, under the conditions of 

one of the two testing techniques employed.  And while seven of these 15 significant values are 

found during the most volatile year, no discernable pattern is present within the size deciles.  As 

such, the overall conclusion from Table 9 is that, after controlling for size, skewness has little to 

no ex-ante abnormal return predictive power and if anything suggests underperformance of the 

most skewed securities relative to their least skewed counterparts.   

Abnormal Returns: Double Sort Portfolios – Size & Kurtosis 

 The results of Table 10, for the double sort of size and kurtosis, appear more encouraging 

than those for the double sort of size and skewness.  While there are only two instances, out of a  



Table 9: Size and Skewness Sorted Portfolios – By Year  

In each base year, firms are first grouped in deciles based on size, with size decile one (ten) containing the smallest (largest) firms.  Panel A (B) 
utilizes market capitalization (total assets) in the creation of the size deciles.  All firms within each size decile are further sorted into deciles based 
on their level of return skewness.  Performance is measured within each size decile as the difference in the average α for the highest and lowest 
valued skewness deciles in the subsequent year.  For example, for base year 2003, firms are grouped within each size decile into skewness deciles, 
based on the level of skewness in their return distribution in 2003.  Performance of the most and least skewed deciles of securities is measured in 
the subsequent year, 2004.  Difference is measured as the average α for the decile of most skewed securities minus the average α for the decile of 
the least skewed securities.  α is calculated as the intercept term of the Fama and French (1993) three factor model r , r , α ,
β , r , r , β , r , r , β , r , r , ε ,  run for daily data for each firm.  The two remaining columns for each base year 
present the p-values associated with the Student’s t-test and Wilcoxon Rank-Sum test, respectively.  For the base years 2003 through 2007, the 
number of observations in each decile is as follows: 37, 38, 38, 38, and 33, respectively. 
 

 
  

Panel A Difference
p-Value:           

(Student's t)
p-Value:   

(Wilcoxon) Difference
p-Value:           

(Student's t)
p-Value:   

(Wilcoxon)
Size Decile One 0.08421 (0.1230) (0.1747) 0.11078 (0.0636) (0.2311)
Size Decile Two 0.05958 (0.2115) (0.6352) -0.11742 (0.0130) (0.0487)
Size Decile Three 0.01917 (0.7354) (0.5736) -0.06193 (0.0835) (0.0750)
Size Decile Four -0.03631 (0.3210) (0.5887) -0.04713 (0.5260) (0.6184)
Size Decile Five 0.04939 (0.2225) (0.2845) -0.01279 (0.8016) (0.6184)
Size Decile Six -0.08506 (0.0098) (0.0224) -0.01523 (0.6752) (0.4582)
Size Decile Seven 0.01007 (0.7205) (0.7158) -0.01221 (0.7177) (0.7505)
Size Decile Eight 0.00007 (0.9758) (0.9648) -0.01701 (0.5465) (0.7028)
Size Decile Nine 0.03592 (0.1454) (0.2895) 0.00370 (0.8895) (0.9072)
Size Decile Ten -0.00368 (0.8434) (0.8859) -0.01109 (0.6005) (0.2750)

Base Year
2003 2004
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Table 9: Size and Skewness Sorted Portfolios – By Year (continued) 

 
  

Panel A Difference
p-Value:           

(Student's t)
p-Value:   

(Wilcoxon) Difference
p-Value:           

(Student's t)
p-Value:   

(Wilcoxon)
Size Decile One 0.00923 (0.8726) (0.5600) 0.07999 (0.1365) (0.3677)
Size Decile Two -0.06294 (0.1910) (0.5112) 0.08488 (0.2125) (0.1049)
Size Decile Three -0.02048 (0.6264) (0.9409) 0.07151 (0.2070) (0.4518)
Size Decile Four 0.06406 (0.1529) (0.0578) 0.00552 (0.9143) (0.9324)
Size Decile Five -0.04088 (0.3124) (0.3456) 0.06871 (0.1818) (0.1587)
Size Decile Six -0.00480 (0.8656) (0.9577) -0.05030 (0.2416) (0.1651)
Size Decile Seven -0.05090 (0.1277) (0.1244) 0.02985 (0.5013) (0.4206)
Size Decile Eight -0.01481 (0.5669) (0.6036) -0.01668 (0.6058) (0.4392)
Size Decile Nine -0.02043 (0.4109) (0.1324) 0.00780 (0.7994) (0.9240)
Size Decile Ten -0.02300 (0.2516) (0.1818) -0.02820 (0.2040) (0.2613)

Base Year
2005 2006
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Table 9: Size and Skewness Sorted Portfolios – By Year (continued) 

 
  

Panel A Difference
p-Value:                              

(Student's t)
p-Value:                              

(Wilcoxon)
Size Decile One -0.00274 (0.9652) (0.2591)
Size Decile Two -0.15529 (0.0323) (0.0266)
Size Decile Three -0.12391 (0.1655) (0.2325)
Size Decile Four 0.06756 (0.3179) (0.3653)
Size Decile Five 0.05463 (0.3850) (0.3793)
Size Decile Six -0.06728 (0.2880) (0.0490)
Size Decile Seven -0.08947 (0.0713) (0.0930)
Size Decile Eight 0.06139 (0.2083) (0.2591)
Size Decile Nine 0.00000 (0.9975) (0.5374)
Size Decile Ten 0.06435 (0.0920) (0.0810)

Base Year
2007
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Table 9: Size and Skewness Sorted Portfolios – By Year (continued) 

 
  

Panel B Difference
p-Value:           

(Student's t)
p-Value:   

(Wilcoxon) Difference
p-Value:           

(Student's t)
p-Value:   

(Wilcoxon)
Size Decile One 0.14068 (0.0462) (0.0794) 0.04892 (0.4156) (0.8737)
Size Decile Two -0.06038 (0.2049) (0.1678) 0.04142 (0.4172) (0.8570)
Size Decile Three 0.11415 (0.0543) (0.1146) -0.12948 (0.0743) (0.1556)
Size Decile Four -0.01628 (0.7164) (0.3715) 0.04502 (0.3247) (0.5249)
Size Decile Five 0.00120 (0.9698) (0.8772) -0.02754 (0.5475) (0.8487)
Size Decile Six 0.05507 (0.1219) (0.3427) -0.02238 (0.4519) (0.2750)
Size Decile Seven 0.02264 (0.3760) (0.6040) 0.04341 (0.1330) (0.1853)
Size Decile Eight 0.02299 (0.4129) (0.1929) -0.04514 (0.1782) (0.1924)
Size Decile Nine -0.01606 (0.5517) (0.6040) 0.00646 (0.8400) (0.6563)
Size Decile Ten -0.02098 (0.2278) (0.2422) 0.00110 (0.9557) (0.5816)

2003 2004
Base Year
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Table 9: Size and Skewness Sorted Portfolios – By Year (continued) 

 
  

Panel B Difference
p-Value:           

(Student's t)
p-Value:   

(Wilcoxon) Difference
p-Value:           

(Student's t)
p-Value:   

(Wilcoxon)
Size Decile One -0.08209 (0.2378) (0.4085) -0.05181 (0.4349) (0.1525)
Size Decile Two 0.00601 (0.9215) (0.6639) -0.01945 (0.7157) (0.7505)
Size Decile Three 0.03999 (0.2891) (0.5318) 0.06526 (0.2710) (0.5388)
Size Decile Four -0.04568 (0.2037) (0.1525) -0.00719 (0.8841) (0.9662)
Size Decile Five 0.00660 (0.8495) (0.9577) 0.02748 (0.5035) (0.6110)
Size Decile Six -0.01211 (0.6691) (0.7425) 0.00838 (0.8136) (0.9156)
Size Decile Seven -0.02111 (0.4409) (0.5112) 0.05211 (0.1858) (0.2941)
Size Decile Eight -0.01425 (0.5756) (0.2704) -0.00957 (0.7499) (0.9072)
Size Decile Nine -0.00756 (0.6977) (1.0000) 0.00709 (0.8356) (0.6026)
Size Decile Ten 0.00978 (0.6360) (0.1750) 0.02699 (0.1683) (0.1683)

2005 2006
Base Year
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Panel B Difference
p-Value:                              

(Student's t)
p-Value:                              

(Wilcoxon)
Size Decile One -0.08648 (0.2504) (0.0506)
Size Decile Two 0.01646 (0.8554) (0.6180)
Size Decile Three 0.03922 (0.5698) (0.6461)
Size Decile Four -0.08065 (0.1643) (0.1643)
Size Decile Five -0.05799 (0.3982) (0.5997)
Size Decile Six -0.01583 (0.7629) (0.5816)
Size Decile Seven -0.10345 (0.0420) (0.1381)
Size Decile Eight -0.05101 (0.3432) (0.2536)
Size Decile Nine 0.00364 (0.9370) (0.9372)
Size Decile Ten 0.10524 (0.0206) (0.0382)

2007
Base Year

Table 9: Size and Skewness Sorted Portfolios – By Year (continued) 
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possible 20, of a statistically significant difference in abnormal returns between the most and least 

kurtotic deciles for the first two years of the sample, in each of the remaining years at least half of 

the return difference tests produce significant values for one or both of the Student’s t-test or the 

Wilcoxon Rank-Sum test.  In each of the two size panels in the final year of performance 

measurement in the period characterized as relatively calm, base year 2005, it is found that one-

half of the ten potential return differences are statistically significant.  Furthermore, each of these 

is statistically positive, indicating that in the final year of the period characterized by relative 

market calm, the more kurtotic securities outperform their less kurtotic counterparts, even after 

controlling for size.  This result is consistent with the single sort on kurtosis found in Table 8.  In 

addition, as documented in Table 8, the abnormal performance of the highly kurtotic versus less 

kurtotic securities reverses during periods of market volatility.  Looking first at Panel B, it can be 

seen that eleven of the 20 tests return results that are statistically significant under one or both of 

the testing procedures.  However, of these statistically significant values, over one-third are 

positive and the remaining two thirds are negative, indicating that the results are at best mixed.  

The results using market capitalization, found in Panel A, are more encouraging than those found 

for total assets in Panel B.  Of the 20 tests performed in Panel A for the two years of market 

volatility, one-half in each year are statistically significant.  Even more encouraging is the fact 

that, of the ten statistically significant values, nine are statistically negative, indicating that more 

kurtotic securities underperform less kurtotic securities during periods of market volatility.  This 

is a clear reversal of the results for the last year of the period of market calm, which showed that 

more kurtotic securities outperformed their less kurtotic counterparts.  These results are highly 

consistent with the single sort on kurtosis found in Table 8. 

Abnormal Returns: Double Sort Portfolios – Size & Jarque-Berra Statistic 

 The results of the double sort on size and Jarque-Berra statistic are fairly consistent with 

those found for the double sort of size and kurtosis.  Looking at Table 11, it can be seen that there 

is little evidence of a statistically different abnormal return between extreme deciles of Jarque- 
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Table 10: Size and Kurtosis Sorted Portfolios – By Year 

In each base year, firms are first grouped in deciles based on size, with size decile one (ten) containing the smallest (largest) firms.  Panel A (B) 
utilizes market capitalization (total assets) in the creation of the size deciles.  All firms within each size decile are further sorted into deciles based 
on their level of return kurtosis.  Performance is measured within each size decile as the difference in the average α for the highest and lowest 
valued kurtosis deciles in the subsequent year.  For example, for base year 2003, firms are grouped within each size decile into kurtosis deciles, 
based on the level of kurtosis in their return distribution in 2003.  Performance of the most and least kurtotic deciles of securities is measured in 
the subsequent year, 2004.  Difference is measured as the average α for the decile of most kurtotic securities minus the average α for the decile of 
the least kurtotic securities.  α is calculated as the intercept term of the Fama and French (1993) three factor model r , r , α ,
β , r , r , β , r , r , β , r , r , ε ,  run for daily data for each firm.  The two remaining columns for each base year 
present the p-values associated with the Student’s t-test and Wilcoxon Rank-Sum test, respectively.  For the base years 2003 through 2007, the 
number of observations in each decile is as follows: 37, 38, 38, 38, and 33, respectively. 
 

 
  

Panel A Difference
p-Value:           

(Student's t)
p-Value:   

(Wilcoxon) Difference
p-Value:           

(Student's t)
p-Value:   

(Wilcoxon)
Size Decile One 0.05504 (0.3283) (0.7912) 0.04375 (0.4551) (0.7992)
Size Decile Two 0.00665 (0.8885) (0.5812) -0.07328 (0.1046) (0.2990)
Size Decile Three -0.01475 (0.7346) (0.4017) -0.03280 (0.3461) (0.4711)
Size Decile Four -0.01947 (0.6268) (0.7240) -0.02623 (0.7073) (0.6036)
Size Decile Five -0.03968 (0.3030) (0.3153) 0.02808 (0.5225) (0.9746)
Size Decile Six 0.03199 (0.3126) (0.2604) -0.03374 (0.3213) (0.5744)
Size Decile Seven -0.01640 (0.5478) (0.3894) 0.05544 (0.0895) (0.0161)
Size Decile Eight 0.00547 (0.7994) (0.5887) 0.00148 (0.9524) (0.7748)
Size Decile Nine 0.02388 (0.2468) (0.3955) -0.00115 (0.9620) (0.9240)
Size Decile Ten 0.00673 (0.7512) (0.8512) 0.00232 (0.8701) (0.9324)

Base Year
20042003
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Table 10: Size and Kurtosis Sorted Portfolios – By Year (continued) 

 
  

Panel A Difference
p-Value:           

(Student's t)
p-Value:   

(Wilcoxon) Difference
p-Value:           

(Student's t)
p-Value:   

(Wilcoxon)
Size Decile One 0.09463 (0.0676) (0.4711) 0.01837 (0.6339) (0.8074)
Size Decile Two -0.01562 (0.7128) (0.7266) 0.05023 (0.3936) (0.4976)
Size Decile Three 0.04477 (0.1869) (0.1716) -0.03570 (0.4893) (0.8239)
Size Decile Four 0.04108 (0.3753) (0.2311) -0.08188 (0.1154) (0.0408)
Size Decile Five -0.04761 (0.1909) (0.2750) -0.09460 (0.0618) (0.0716)
Size Decile Six 0.02977 (0.1922) (0.3511) -0.03591 (0.3612) (0.8821)
Size Decile Seven 0.05768 (0.0455) (0.1168) -0.00361 (0.9332) (0.7586)
Size Decile Eight 0.06408 (0.0119) (0.0071) -0.05566 (0.0959) (0.1244)
Size Decile Nine 0.08972 (0.0009) (0.0032) -0.08348 (0.0010) (0.0032)
Size Decile Ten 0.07706 (0.0024) (0.0036) -0.08236 (0.0031) (0.0025)

Base Year
2005 2006
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Table 10: Size and Kurtosis Sorted Portfolios – By Year (continued) 

 
  

Panel A Difference
p-Value:                              

(Student's t)
p-Value:                              

(Wilcoxon)
Size Decile One 0.03730 (0.5303) (0.8235)
Size Decile Two 0.10246 (0.1504) (0.2591)
Size Decile Three 0.23883 (0.0094) (0.0169)
Size Decile Four -0.17011 (0.0133) (0.0090)
Size Decile Five -0.08964 (0.1273) (0.1417)
Size Decile Six -0.00421 (0.9369) (0.6555)
Size Decile Seven -0.14741 (0.0047) (0.0141)
Size Decile Eight -0.03120 (0.5457) (0.9895)
Size Decile Nine -0.19571 (0.0002) (0.0001)
Size Decile Ten -0.06557 (0.0642) (0.0588)

Base Year
2007
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Table 10: Size and Kurtosis Sorted Portfolios – By Year (continued) 

 
  

Panel B Difference
p-Value:           

(Student's t)
p-Value:   

(Wilcoxon) Difference
p-Value:           

(Student's t)
p-Value:   

(Wilcoxon)
Size Decile One 0.06875 (0.2497) (0.2466) -0.01023 (0.8597) (0.2990)
Size Decile Two -0.03747 (0.4104) (0.2651) 0.01834 (0.7469) (0.5744)
Size Decile Three 0.05549 (0.3064) (0.2945) -0.00564 (0.8926) (0.7911)
Size Decile Four 0.01745 (0.6662) (0.8426) 0.01183 (0.7838) (0.8239)
Size Decile Five 0.00707 (0.8470) (0.9209) -0.03899 (0.3278) (0.5249)
Size Decile Six 0.04511 (0.1802) (0.2747) 0.01040 (0.7277) (0.2941)
Size Decile Seven 0.00000 (0.9958) (0.6590) 0.01219 (0.6027) (0.5529)
Size Decile Eight -0.00230 (0.9184) (0.4531) 0.04240 (0.1578) (0.3621)
Size Decile Nine 0.03190 (0.2294) (0.4465) 0.05750 (0.0256) (0.0057)
Size Decile Ten 0.00224 (0.8979) (0.9912) 0.00389 (0.8187) (0.9831)

2003 2004
Base Year
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Table 10: Size and Kurtosis Sorted Portfolios – By Year (continued) 

 
  

Panel B Difference
p-Value:           

(Student's t)
p-Value:   

(Wilcoxon) Difference
p-Value:           

(Student's t)
p-Value:   

(Wilcoxon)
Size Decile One 0.03251 (0.6002) (0.6794) -0.04802 (0.3894) (0.3734)
Size Decile Two 0.05303 (0.3085) (0.3734) -0.04257 (0.4288) (0.1818)
Size Decile Three -0.03141 (0.3993) (0.7345) -0.01994 (0.6790) (0.7028)
Size Decile Four 0.01844 (0.5908) (0.6950) -0.14354 (0.0070) (0.0007)
Size Decile Five 0.06856 (0.0320) (0.1683) 0.00189 (0.9643) (0.7028)
Size Decile Six 0.00760 (0.7951) (0.7667) 0.06447 (0.0815) (0.0215)
Size Decile Seven 0.09301 (0.0022) (0.0139) 0.01836 (0.6391) (0.3966)
Size Decile Eight 0.06322 (0.0143) (0.0161) -0.07280 (0.0139) (0.0298)
Size Decile Nine 0.09779 (0.0003) (0.0004) -0.08853 (0.0090) (0.0103)
Size Decile Ten 0.03949 (0.0360) (0.0941) -0.07810 (0.0018) (0.0015)

2005 2006
Base Year
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Panel B Difference
p-Value:                              

(Student's t)
p-Value:                              

(Wilcoxon)
Size Decile One -0.08648 (0.2504) (0.3865)
Size Decile Two 0.01646 (0.8554) (0.7528)
Size Decile Three 0.03922 (0.5698) (0.0232)
Size Decile Four -0.08065 (0.1643) (0.2078)
Size Decile Five -0.05799 (0.3982) (0.2325)
Size Decile Six -0.01583 (0.7629) (0.5288)
Size Decile Seven -0.10345 (0.0420) (0.2761)
Size Decile Eight -0.05101 (0.3432) (0.0275)
Size Decile Nine 0.00364 (0.9370) (0.0743)
Size Decile Ten 0.10524 (0.0206) (0.0127)

2007
Base Year

Table 10: Size and Kurtosis Sorted Portfolios – By Year (continued) 
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Berra values.  However, in the final year of the period of market calm, one-half of the return 

differences are found to be statistically significant in each panel of Table 11.  In addition, all of 

these difference values are found to be statistically positive, indicating that more non-normal 

securities outperform securities that are less non-normal. During each of the two years of 

heightened market volatility, however, one-half of each of the ten tests per panel show a 

statistically significant difference in returns, with the exception of Panel B in base year 2007, 

which shows four of the ten tests producing a statistically significant value, as determined by one 

or both of the tests used.  However, the results supporting a reversal of fortunes for highly non-

normal versus less non-normal securities are stronger than those found in Table 10 for kurtosis.  

While in Table 10 there was a relatively high percentage of statistical values in Panel B 

containing both positive and negative signs, the same is not found in Table 11 for the Jarque-

Berra statistic.  In fact, over both panels for both years of the volatile period, only two of the 19 

statistically significant values are found to have positive coefficients, a strong indication that 

more non-normal securities underperform their less non-normal counterparts in periods of 

heightened market volatility. 

Higher Moments and Abnormal Returns: Conclusion 

 A number of interesting conclusions can be drawn from this section.  In particular, it is 

evidenced that while the small firm effect is exhibited during the period of relative market calm, 

the same cannot be said for periods characterized by market volatility.  In fact, during these later 

periods, large firms are found to have a statistically greater abnormal return than their smaller 

counterparts.  In addition, the performance of highly kurtotic and highly non-normal securities, 

compared with their less kurtotic and more normal counterparts, is also found to be dramatically 

impacted by market conditions.  While the more kurtotic and more non-normal securities are 

found to outperform their less kurtotic and less non-normal counterparts during periods of relative 

market calm, the trend reverses during volatile periods.  These time-varying trends are evident 

even when controlling directly for firm size. 
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Table 11: Size and Jarque-Berra Statistic Sorted Portfolios – By Year 

In each base year, firms are first grouped in deciles based on size, with size decile one (ten) containing the smallest (largest) firms.  Panel A (B) 
utilizes market capitalization (total assets) in the creation of the size deciles.  All firms within each size decile are further sorted into deciles based 
on their level of return non-normality, as measured by the Jarque-Berra (JB) statistic.  Performance is measured within each size decile as the 
difference in the average α for the highest and lowest valued JB statistic deciles in the subsequent year.  For example, for base year 2003, firms are 
grouped within each size decile into deciles based on their JB statistic value, based on their returns in 2003.  Performance of the highest and lowest 
JB statistic valued deciles of securities is measured in the subsequent year, 2004.  Difference is measured as the average α for the decile of the 
highest JB statistic securities minus the average α for the decile of the lowest JB statistic securities.  α is calculated as the intercept term of the 
Fama and French (1993) three factor model r , r , α , β , r , r , β , r , r , β , r , r , ε ,  run for daily data 
for each firm.  The two remaining columns for each base year present the p-values associated with the Student’s t-test and Wilcoxon Rank-Sum 
test, respectively.  For the base years 2003 through 2007, the number of observations in each decile is as follows: 37, 38, 38, 38, and 33, 
respectively. 
 

 
  

Panel A Difference
p-Value:           

(Student's t)
p-Value:   

(Wilcoxon) Difference
p-Value:           

(Student's t)
p-Value:   

(Wilcoxon)
Size Decile One 0.03534 (0.5271) (0.7827) 0.03512 (0.5458) (0.6184)
Size Decile Two 0.02263 (0.6353) (0.8253) -0.07935 (0.0838) (0.2524)
Size Decile Three -0.01705 (0.6928) (0.3261) -0.01993 (0.5644) (0.5600)
Size Decile Four -0.03497 (0.3566) (0.5366) -0.06246 (0.3753) (0.8904)
Size Decile Five -0.05126 (0.1629) (0.2207) 0.02234 (0.6099) (0.8487)
Size Decile Six 0.03935 (0.2069) (0.1645) -0.03715 (0.2756) (0.4976)
Size Decile Seven -0.01847 (0.5004) (0.3483) 0.04676 (0.1638) (0.0268)
Size Decile Eight 0.00445 (0.8369) (0.5736) 0.00148 (0.9524) (0.7748)
Size Decile Nine 0.02388 (0.2468) (0.3955) -0.00115 (0.9620) (0.9240)
Size Decile Ten 0.00827 (0.6967) (0.7323) 0.00232 (0.8701) (0.9324)

Base Year
2003 2004
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Table 11: Size and Jarque-Berra Statistic Sorted Portfolios – By Year (continued) 

 
  

Panel A Difference
p-Value:           

(Student's t)
p-Value:   

(Wilcoxon) Difference
p-Value:           

(Student's t)
p-Value:   

(Wilcoxon)
Size Decile One 0.09700 (0.0611) (0.4206) 0.01837 (0.6339) (0.8074)
Size Decile Two 0.00001 (0.9849) (0.6794) 0.07010 (0.2453) (0.3192)
Size Decile Three 0.04167 (0.2289) (0.1818) -0.03109 (0.5413) (0.8654)
Size Decile Four 0.01673 (0.7130) (0.5112) -0.07956 (0.1393) (0.0487)
Size Decile Five -0.03513 (0.3243) (0.4267) -0.09895 (0.0497) (0.0622)
Size Decile Six -0.02447 (0.1606) (0.2704) -0.03051 (0.4245) (0.9493)
Size Decile Seven 0.06361 (0.0318) (0.0841) -0.00001 (0.9867) (0.7107)
Size Decile Eight 0.05799 (0.0228) (0.0152) -0.05566 (0.0959) (0.1244)
Size Decile Nine 0.08972 (0.0009) (0.0032) -0.08602 (0.0006) (0.0027)
Size Decile Ten 0.07431 (0.0036) (0.0071) -0.07894 (0.0053) (0.0042)

Base Year
2005 2006
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Table 11: Size and Jarque-Berra Statistic Sorted Portfolios – By Year (continued) 

 
  

Panel A Difference
p-Value:                              

(Student's t)
p-Value:                              

(Wilcoxon)
Size Decile One 0.03681 (0.5392) (0.8440)
Size Decile Two 0.08735 (0.2177) (0.4235)
Size Decile Three 0.21224 (0.0206) (0.0506)
Size Decile Four -0.16741 (0.0153) (0.0122)
Size Decile Five -0.08311 (0.1657) (0.1526)
Size Decile Six 0.00000 (0.9932) (0.5549)
Size Decile Seven -0.14320 (0.0061) (0.0232)
Size Decile Eight -0.03424 (0.5106) (0.9060)
Size Decile Nine -0.18941 (0.0004) (0.0001)
Size Decile Ten -0.06336 (0.0746) (0.0810)

Base Year
2007
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Table 11: Size and Jarque-Berra Statistic Sorted Portfolios – By Year (continued) 

 
  

Panel B Difference
p-Value:           

(Student's t)
p-Value:   

(Wilcoxon) Difference
p-Value:           

(Student's t)
p-Value:   

(Wilcoxon)
Size Decile One 0.07357 (0.2190) (0.1929) -0.01383 (0.8108) (0.2613)
Size Decile Two -0.03694 (0.4061) (0.2249) 0.02967 (0.6137) (0.4329)
Size Decile Three 0.05505 (0.3103) (0.3101) -0.00807 (0.8465) (0.6639)
Size Decile Four 0.01524 (0.7093) (0.9297) 0.00873 (0.8395) (0.9493)
Size Decile Five 0.00726 (0.8431) (0.9384) -0.06003 (0.1325) (0.2190)
Size Decile Six 0.05801 (0.0836) (0.1453) 0.01981 (0.5159) (0.1495)
Size Decile Seven 0.00001 (0.9794) (0.6118) 0.01761 (0.4629) (0.4145)
Size Decile Eight 0.00306 (0.8928) (0.6040) 0.04240 (0.1578) (0.3621)
Size Decile Nine 0.03190 (0.2294) (0.4465) 0.05315 (0.0385) (0.0124)
Size Decile Ten 0.00527 (0.7625) (0.7658) 0.00389 (0.8187) (0.9831)

2003 2004
Base Year
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Table 11: Size and Jarque-Berra Statistic Sorted Portfolios – By Year (continued) 

 
  

Panel B Difference
p-Value:           

(Student's t)
p-Value:   

(Wilcoxon) Difference
p-Value:           

(Student's t)
p-Value:   

(Wilcoxon)
Size Decile One 0.03251 (0.6002) (0.5318) -0.03942 (0.4875) (0.4267)
Size Decile Two 0.05303 (0.3085) (0.4329) -0.04516 (0.3821) (0.1961)
Size Decile Three -0.03141 (0.3993) (0.4085) -0.02039 (0.6634) (0.6335)
Size Decile Four 0.01844 (0.5908) (0.6410) -0.13836 (0.0097) (0.0015)
Size Decile Five 0.06856 (0.0320) (0.2704) -0.00335 (0.9364) (0.8487)
Size Decile Six 0.00760 (0.7951) (0.7667) 0.04592 (0.2168) (0.0920)
Size Decile Seven 0.09301 (0.0022) (0.0350) 0.01802 (0.6453) (0.4085)
Size Decile Eight 0.06322 (0.0143) (0.0181) -0.06683 (0.0236) (0.0512)
Size Decile Nine 0.09779 (0.0003) (0.0012) -0.08976 (0.0082) (0.0089)
Size Decile Ten 0.03949 (0.0360) (0.1005) -0.07810 (0.0018) (0.0015)

Base Year
2005 2006
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Panel B Difference
p-Value:                              

(Student's t)
p-Value:                              

(Wilcoxon)
Size Decile One 0.11895 (0.1328) (0.4010)
Size Decile Two 0.03458 (0.6696) (0.9060)
Size Decile Three -0.10799 (0.1076) (0.0169)
Size Decile Four -0.05229 (0.3105) (0.3315)
Size Decile Five -0.08125 (0.1444) (0.3315)
Size Decile Six -0.04610 (0.3859) (0.5997)
Size Decile Seven 0.04115 (0.4507) (0.2591)
Size Decile Eight -0.14998 (0.0146) (0.0152)
Size Decile Nine -0.10546 (0.0298) (0.0743)
Size Decile Ten -0.11920 (0.0090) (0.0175)

2007
Base Year

Table 11: Size and Jarque-Berra Statistic Sorted Portfolios – By Year (continued) 
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7.3 Higher Moments, Abnormal Returns, and Market Volatility: Conclusion 

 Perhaps the most interesting conclusion from the current chapter is the documented time-

varying behavior of firm performance in relation to the higher moments of the return distribution.  

For the entire sample period, a single sort on the moments of the return distribution produces 

results to suggest that securities with a higher value of the third and fourth moment, as well as 

those with a higher level of overall non-normality, outperform their lower valued counterparts.  

However, after controlling for the correlation between the moments of the return distribution and 

firm size, through the creation of double sort portfolios, the documented results of over-

performance for higher valued third and fourth moments, and Jarque-Berra statistic, securities is 

diminished.  Even after this control for size, more skewed securities are found to outperform their 

less skewed counterparts for the entire sample period.  In contrast, however, only for the two 

smallest firm size deciles is over-performance documented for the most kurtotic and most non-

normal securities. 

 Looking at the sample period by year, it is clearly evident that the relationship between 

the moments of the return distribution and abnormal performance is time-varying.  This fact is 

particularly evident for highly kurtotic and overall non-normal securities, which are found to 

over-perform their respective less kurtotic and more normal counterparts during the final year of 

the sample characterized by relatively calm market conditions.  However, this over-performance 

is quickly and decisively reversed during the volatile market conditions, with the more kurtotic 

and non-normal securities clearly underperforming their less kurtotic and more normal 

counterparts.  
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Chapter 8 
 

Results: Analyst Coverage and the Distribution of Returns 
 

 
 

Chapter 7 presented evidence to suggest a relationship between the higher moments of 

the return distribution and abnormal returns, particularly on an ex-post basis.  This chapter 

presents results to extend these findings by investigating the relationship between analyst 

coverage and the moments of the return distribution. 

8.1 Analysts and the Distribution of Returns: Regression Results 

 In order to empirically test the second objective of the current research paper, that is the 

relationship between analyst following and distribution of returns, three particular sets of tests are 

performed.  The first test examines regression results which utilize the moments of the return 

distribution, as well as the Jarque-Berra statistic, as dependent variables and the number of 

analysts following a firm as a potential explanatory variable.  These regression results are 

obtained through typical OLS regressions as well as two variations on the stepwise regression 

technique.  In addition, the change in the moments of the distribution of security returns for 

periods before and after both the initiation and discontinuation of analyst coverage are examined.  

This section examines the regression results, while the following two sections examine the 

initiation and discontinuation of analyst coverage, respectively. 

Regression Results: Ordinary Least Squares 

In first examining the analyst coverage and return distribution relationship, the OLS 

regression for the individual moments of the security return distribution, along with the Jarque-

Berra statistic, presented in Equation (39), is performed for each security in the sample.  The 

results are presented in Table 12. 

 Looking first at Panel A of Table 12, which represents the natural log of the average 

annual market capitalization of the firm as the size control variable, a number of conclusions can  



Table 12: Analyst and Moments – Multivariate Regression Results 

This table represents the regression results for ln # ∑ , run for 
the sample period of 2003 through 2008.   is the interaction term for firm size and analyst coverage, as measured as ln
# .  Panel A contains the results using market capitalization as the size control variable while Panel B contains the results using total 

assets as the size control variable.  Each return moment in each panel is subject to two regressions, the first of which uses volume as the liquidity 
control variable and the second of which uses relative bid-ask spread as the liquidity control variable, with the grayed out section representing the 
missing liquidity variable in each corresponding regression.  Within each of the regression results, coefficient values are found on the top line and 
p-values are found in brackets beneath the corresponding coefficient values. Total number of observations in each regression is 23,611.   
 

 
  

Panel A α ln(Market Cap) # Analysts Factor Volume Relative Spread
0.0022418 0.000029 -0.0001505 0.00000839 -0.0000181

(0.000) (0.000) (0.000) (0.000) (0.000)
0.0008747 0.0001191 -0.0000435 0.00000109 0.0182244

(0.000) (0.000) (0.008) (0.300) (0.000)
0.0044168 -0.0002427 0.000043 -0.00000351 0.0000617

(0.000) (0.000) (0.034) (0.008) (0.000)
-0.0014672 0.000149 0.000300 -0.000020 0.0787563

(0.000) (0.000) (0.000) (0.000) (0.000)
0.0074166 -0.0003691 -0.0006992 0.0000406 -0.00000181

(0.000) (0.000) (0.000) (0.000) (0.910)
0.0033018 -0.0000967 -0.0004538 0.0000242 0.0549726

(0.000) (0.004) (0.000) (0.000) (0.000)
16.14801 -0.7765912 0.2986645 -0.0170073 0.1032823
(0.000) (0.000) (0.014) (0.032) (0.003)

14.14315 -0.641006 0.266309 -0.014036 27.02295
(0.000) (0.000) (0.024) (0.062) (0.003)
9737.0 -618.1 -62.5 5.6 52.0
(0.000) (0.000) (0.691) (0.581) (0.242)
8631.0 -543.4 -73.1 6.7 14896.6
(0.000) (0.000) (0.631) (0.487) (0.209)

Average Daily               
Return

Variance

Skewness

Kurtosis

JB Statistic
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Table 12: Analyst and Moments – Multivariate Regression Results (continued) 

  

Panel A Dummy '04 Dummy '05 Dummy '06 Dummy '07 Dummy '08 Adjusted R2

-0.001421 -0.002065 -0.001710 -0.002522 -0.003745 0.2337
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.001362 -0.001999 -0.001631 -0.002467 -0.003840 0.2398
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.0002947 -0.000429 -0.0004468 -0.0003005 0.0018169 0.1396
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.0000561 -0.0001596 -0.0001103 -0.0000432 0.0015093 0.2321
(0.279) (0.002) (0.033) (0.400) (0.000)

-0.0001934 -0.0002495 -0.0002186 -0.000499 0.0000828 0.0327
(0.203) (0.099) (0.147) (0.001) (0.601)

-0.000022 -0.000056 0.000018 -0.000325 -0.000166 0.0396
(0.884) (0.710) (0.908) (0.031) (0.294)

0.9377658 2.167542 1.699919 2.163889 0.4122019 0.0146
(0.004) (0.000) (0.000) (0.000) (0.228)

1.011114 2.250701 1.81293 2.263311 0.3688065 0.0146
(0.002) (0.000) (0.000) (0.000) (0.282)

792.6439 1179.442 1147.056 1602.856 7.761533 0.0051
(0.061) (0.005) (0.006) (0.000) (0.986)

833.5911 1225.841 1209.501 1656.995 -19.89535 0.0051
(0.050) (0.004) (0.004) (0.000) (0.964)

Average Daily               
Return

Variance

Skewness

Kurtosis

JB Statistic
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Table 12: Analyst and Moments – Multivariate Regression Results (continued) 

 
  

Panel B α ln(Assets) # Analysts Factor Volume Relative Spread
0.0029995 -0.0000919 -0.0000427 0.00000537 -0.0000041

(0.000) (0.000) (0.000) (0.000) (0.380)
0.0027126 -0.0000633 -0.0000193 0.00000275 0.0071523

(0.000) (0.000) (0.023) (0.007) (0.000)
0.0042165 -0.000466 -0.0001412 0.0000186 0.0000357

(0.000) (0.000) (0.000) (0.000) (0.000)
0.0021065 -0.000262 0.000004 0.000004 0.0544062

(0.000) (0.000) (0.679) (0.000) (0.000)
0.0069216 -0.0007037 -0.0004955 0.0000552 -0.00000242

(0.000) (0.000) (0.000) (0.000) (0.874)
0.0052779 -0.0005421 -0.00037 0.0000418 0.0415571

(0.000) (0.000) (0.000) (0.000) (0.000)
13.99372 -1.230365 -0.0426151 0.0134582 0.085509
(0.000) (0.000) (0.464) (0.067) (0.010)

12.85307 -1.126552 0.008524 0.010891 31.22289
(0.000) (0.000) (0.888) (0.131) (0.000)
7822.6 -946.4 -196.7 29.0 37.4
(0.000) (0.000) (0.009) (0.002) (0.383)
6975.9 -866.8 -148.0 25.1 22462.9
(0.000) (0.000) (0.058) (0.007) (0.024)

Variance

Skewness

Kurtosis

JB Statistic

Average Daily Return
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Panel B Dummy '04 Dummy '05 Dummy '06 Dummy '07 Dummy '08 Adjusted R2

-0.0014082 -0.0020501 -0.0016894 -0.0025019 -0.003735 0.2342
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.0013784 -0.0020163 -0.0016487 -0.0024694 -0.0037673 0.2356
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.0003458 -0.0004738 -0.0004912 -0.0003343 0.0019347 0.1786
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.0001214 -0.0002199 -0.0001783 -0.0000731 0.0017337 0.2420
(0.018) (0.000) (0.001) (0.152) (0.000)

-0.0002466 -0.000302 -0.0002689 -0.0005441 0.0001626 0.0431
(0.103) (0.045) (0.073) (0.000) (0.301)

-0.0000742 -0.0001064 -0.0000315 -0.0003509 -0.0000107 0.0486
(0.624) (0.481) (0.834) (0.019) (0.946)

0.7440876 1.973509 1.489593 1.96388 0.6342894 0.0232
(0.023) (0.000) (0.000) (0.000) (0.062)

0.8706755 2.115822 1.67253 2.12779 0.5622178 0.0236
(0.008) (0.000) (0.000) (0.000) (0.099)

652.9315 1037.862 993.584 1456.37 154.2032 0.0074
(0.122) (0.014) (0.018) (0.000) (0.726)

744.8263 1141.525 1123.934 1569.096 86.28452 0.0075
(0.079) (0.007) (0.008) (0.000) (0.845)

Average Daily Return

Variance

Skewness

Kurtosis

JB Statistic

Table 12: Analyst and Moments – Multivariate Regression Results (continued) 
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be drawn.  First, size is a statistically significant component, at the one percent level or better, for 

each of the individual moments, as well as the Jarque-Berra statistic.  Surprisingly, the size 

coefficient has a positive value for the first moment, average daily returns, indicating that larger 

firms have higher returns than smaller firms.  This is an unexpected observation given prior 

literature on the small firm effect (e.g., Banz (1981)).   The market capitalization is negatively 

related to the higher moments of the return distribution, namely the third and fourth moments, 

indicating the returns of larger firms are more normally distributed than those of smaller firms.  

This observation is confirmed in the regressions which use the Jarque-Berra statistic as the 

dependent variable, as the results of these regressions again show a statistically negative value for 

each of the market capitalization coefficients.  Finally, the size coefficient is found to show no 

consistent sign for the second moment of the return distribution, with the regression using volume 

as the liquidity control variable returning a negative size coefficient and the one using relative 

bid-ask spread returning a positive size coefficient. 

 It is also evident from Table 12, Panel A, that there is a relationship between the 

individual moments of the return distribution and the two liquidity measures considered.  Looking 

first at the volume liquidity measure, it can be seen that it is a statistically significant component, 

at conventional levels, in three of the four moment regressions, with the insignificant volume 

coefficient found in the skewness regression.  Results show that as average daily volume 

increases, daily returns decrease and the variance rises.  In addition, an increase in volume is 

associated with an increase in excess kurtosis, indicating that more actively traded stocks are 

more leptokurtotic.  This increase, coupled with the fact that volume is found to be an 

insignificant determinant in the third moment of the distribution, leads to the conclusion that 

more actively traded stocks have returns that more non-normally distributed compared with 

stocks that are less actively traded.  This observation is unexpected in light of the Central Limit 

Theorem, which would argue that the increase in return observations associated with more trading 
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volume would tend to cause the return distribution to approach normality, rather than diverge 

from it.   

 The second liquidity control variable, relative bid-ask spread, is found to be significant 

and positively related to each of the four moments of the return distribution.  This indicates that, 

as the relative bid-ask spread increases, or equivalently the liquidity of the stock decreases, the 

average daily return and the dispersion of returns increase, and the distribution becomes more 

non-normal.  This non-normality is the result of increases in both the skewness and excess 

kurtosis of the return distribution.  It should be noted, however, that both liquidity measures are 

statistically insignificant in the regression with the Jarque-Berra statistic as the dependent 

variable.   

 Of particular interest to the current research question surrounding the relationship 

between analyst following and moments of the return distribution is the #  and  

variables in Regression (39).  Looking first at the  coefficients, which measure the 

interaction between firm size and analyst following, it is found that the coefficient has a 

statistically significant value, at the ten percent level or better, for seven of the eight regressions 

associated with the four individual moments of the return distribution.  This result suggests that, 

at a minimum, there exists an indirect relationship between analyst coverage and the moments of 

the return distribution.  However, as with the liquidity variables discussed above,  is 

statistically insignificant in the regression with the Jarque-Berra statistic as the dependent 

variable. 

The strongest evidence offered for a relationship between analyst following and the 

moments of the return distribution is found with the #  variable.  This explanatory 

variable is found to have a statistically significant coefficient value, at the five percent level or 

better, in all eight of the regressions which utilize the specific moments of the distribution as the 

dependent variable.  Looking at the coefficient values, it is found that, ceteris paribus, an increase 

in the number of analysts covering a firm results in a decrease in the average daily return of the 

129 
 



security, as well as an increase in the security’s risk, as conventionally measured by the standard 

deviation of returns.  In light of the arguments of Scott and Horvath (1980), who contend that 

investors favor odd moments of the return distribution and dislike even moments, the reduction in 

return associated with an increase in analyst following can potentially be explained by the 

negative coefficient values found for the #  variables in both of the skewness 

regressions in Panel A.  However, potentially counteracting the justification for a lower average 

daily return offered by the reduction in skewness is the positive coefficient found on the kurtosis 

variable which, ceteris paribus, would indicate an increase in return as the number of analysts 

increases.  One potential explanation for these seemingly contradictory results is that investors 

value the reduction in skewness more than they value the negative impact associated with 

increases in both variance and kurtosis, thus leading to the reduction in average daily returns.  

A number of closing observations can be made concerning Panel A of Table 12.  First, in 

the vast majority of cases, the annual dummy variables are statistically significant at the five 

percent level or better.  The main exceptions are the skewness regressions, particularly that which 

utilizes the relative bid-ask spread as the liquidity control variable.  In these regressions, it 

appears that calendar year plays little to no role in determining the level of skewness in stock 

returns.  Also from the table it appears that the relative bid-ask spread is a better liquidity measure 

than volume in the regressions, as in all cases the adjusted coefficient of determination (R2) is at 

least as high, and in most cases higher, for regressions that use spread compared to the 

corresponding regressions which utilize volume as the liquidity control variable.  Finally, it is 

clear that the model does a reasonable job of describing the moments of the return distribution, in 

particular the first two moments, which have an adjusted R2 value of over 23 percent in three of 

the four regressions.  However, the adjusted R2s quickly diminish for the third and fourth 

moments of the return distribution, and are less than one percent for the regressions which use the 

Jarque-Berra statistic as the dependent variable.   
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Turning to Panel B of Table 12, which presents the regression results of Equation (39) 

with the natural log of annual total assets as the size control variable, it can be seen that the 

results are relatively consistent with those of Panel A.  However, there are a number of interesting 

differences between the two panels. 

While the statistically significant negative size coefficient on the second through fourth 

moments of the distribution that is exhibited in Panel A is also found in Panel B, the sign of the 

size coefficient is different for the first moment.  The statistically negative coefficient on the size 

variable in the average daily return regression of Panel B indicates that, in line with conventional 

theory and prior empirical findings, ceteris paribus, as size increases the average daily stock 

return decreases.   

The general results for the liquidity variables found in Panel B are consistent with those 

found in Panel A.  However, Panel B presents weaker evidence of the relationship between 

volume and the moments of the return distribution, as the volume coefficient is only statistically 

significant for the even moment regressions.  The positive coefficient found for the even 

moments indicates that an increase in trading volume is associated with an increase in the value 

of the moments which are unfavored by investors.  As with Panel A, Panel B shows that the 

relative spread is positively, and statistically, related to all four moments of the return 

distribution. 

The relationship between analyst following and the first three moments of the return 

distribution is confirmed in Panel B of Table 12.  Looking first at the  variable, it is found 

to be statistically positive in all six regressions involving the first three moments of the return 

distribution.  However, while in Panel A the even (odd) moments were accompanied by negative 

(positive)  coefficients, all  coefficients for the four moments of the return 

distribution in Panel B are positive.  In addition, the  coefficient value for the kurtosis 

regression which utilizes relative bid-ask spread as a liquidity control variable is statistically 

insignificant at the ten percent level or better in Panel B, with a p-value of 0.131.  Finally, the 
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 variable for the regressions with the Jarque-Berra statistic as the dependent variable is 

again found to be positive, but in contrast with Panel A, the values in Panel B are statistically 

significant at the one percent level in each of the two regressions. 

The #  coefficent is found to be statistically significant in five of the six 

regressions involving the first three moments of the distribution, with the signs of the coefficients 

generally aligning with those found in Panel A.  However, both of the kurtosis regressions 

produce statistically insignificant #  coefficient values, suggesting that the relationship 

between kurtosis and the number of analysts following a firm is perhaps less predominant than 

the relationship found for the first three moments of the distribution.  However, given the 

statistically significant relationship found in Panel A, it would be premature to dismiss the 

relationship between analyst following and kurtosis outright.  In addition, in contrast to Panel A, 

the #  variable is found to be statistically significant, and negative, in both regressions 

using the Jarque-Berra statistic as the dependent variable, indicating that firms with a larger 

analyst following have returns that are better approximated by the normal distribution.   

 Consistent with Panel A, the annual year dummies are found to be generally statistically 

significant in all moment regressions, along with the Jarque-Berra regression, with the exception 

of the skewness regressions, which again produces predominately insignificant dummy variables.  

In addition, in looking at the model fit, it can be seen that the adjusted R2 value for each 

regression in Panel B is greater than the adjusted R2 value for the corresponding regression in 

Panel A, suggesting that the natural log of total assets is potentially a better size control variable 

than the natural log of average annual market capitalization.   

Regression Results: Forward Stepwise Regression 

 In addition to the standard OLS regression, Equation (39) is run as a stepwise regression, 

utilizing both the Forward and Backward variation on the stepwise regression technique.  The 

results of the Forward variation of the stepwise regressions are found in Table 13.  Looking first 

at the regression utilizing the natural log of average annual market capitalization as the size  



Table 13: Analyst and Moments – Forward Stepwise Regression Results  

This table represents the regression results for ln # ∑ , run for 
the sample period of 2003 through 2008 under the parameters of a Forward Stepwise Regression.  The Forward Stepwise Regression begins with 
an ‘empty’ regression (i.e., no independent variables) and adds explanatory variables, which meet the threshold statistical cutoff value (p-value of 
0.10), one at a time until either the original model is attained, or no additional variables meet the cutoff threshold.  Panel A contains the results 
using market capitalization as the size control variable while Panel B contains the results using total assets as the size control variable.  Each return 
moment in each panel is subject to two regressions, the first of which uses volume as the liquidity control variable and the second of which uses 
relative bid-ask spread as the liquidity control variable, with the grayed out section representing the missing liquidity variable in each 
corresponding regression.  Within each regression result, coefficient values are found on the top line and p-values are found in brackets beneath 
the corresponding coefficient values. The horizontal dashed lines, ‘---‘, indicate that the variable has been dropped from the Forward Stepwise 
Regression as a result of not meeting the cutoff threshold p-value of 0.10. Total number of observations in each regression is 23,611.   
 

 

Panel A α ln(Market Cap) # Analysts Factor Volume Relative Spread
0.0020913 --- -0.0000234 --- ---

(0.000) --- (0.000) --- ---
0.0053 0.0001424 0.0000151 -0.000005 0.020963
(0.000) (0.000) (0.050) (0.000) (0.000)

0.0044168 -0.0002427 0.000043 -0.00000351 0.0000617
(0.000) (0.000) (0.034) (0.008) (0.000)

-0.0015049 0.000149 0.000301 -0.000020 0.0789167
(0.000) (0.000) (0.000) (0.000) (0.000)

0.0072898 -0.0003724 -0.0006986 0.0000406 ---
(0.000) (0.000) (0.000) (0.000) ---

0.0033502 -0.0001026 -0.0004627 0.0000247 0.053848
(0.000) (0.002) (0.000) (0.000) (0.000)

16.29574 -0.7735776 0.311854 -0.0178562 0.1064642
(0.000) (0.000) (0.010) (0.024) (0.002)

14.18547 -0.632382 0.279124 -0.014841 28.21458
(0.000) (0.000) (0.018) (0.048) (0.002)
9865.0 -558.2 --- --- 69.8
(0.000) (0.000) --- --- (0.066)
9471.3 -523.0 --- --- ---
(0.000) (0.000) --- --- ---

Average Daily               
Return

Variance

Skewness

Kurtosis

JB Statistic
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Table 13: Analyst and Moments – Forward Stepwise Regression Results (continued) 

 
  

Panel A Dummy '04 Dummy '05 Dummy '06 Dummy '07 Dummy '08 Adjusted R2

-0.001422 -0.002069 -0.001718 -0.002533 -0.003777 0.2319
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.001361 -0.001999 -0.001630 -0.002471 -0.003863 0.2408
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.0002947 -0.000429 -0.0004468 -0.0003005 0.0018169 0.1396
(0.000) (0.000) (0.000) (0.000) (0.000)

--- -0.0001259 -0.0000764 --- 0.0015418 0.2321
--- (0.002) (0.065) --- (0.000)
--- --- --- -0.0003313 0.0002492 0.0328
--- --- --- (0.005) (0.048)
--- --- --- -0.000285 --- 0.0397
--- --- --- (0.013) ---

0.744994 1.973914 1.505689 1.968774 --- 0.0146
(0.009) (0.000) (0.000) (0.000) ---

0.8435591 2.082835 1.645703 2.094412 --- 0.0146
(0.004) (0.000) (0.000) (0.000) ---

--- --- --- 802.2038 -796.2638 0.0048
--- --- --- (0.014) (0.023)
--- --- --- 810.2708 -749.8104 0.0047
--- --- --- (0.013) (0.032)

Average Daily               
Return

Variance

Skewness

Kurtosis

JB Statistic
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Table 13: Analyst and Moments – Forward Stepwise Regression Results (continued) 

 
  

Panel B α ln(Assets) # Analysts Factor Volume Relative Spread
0.0028453 -0.0000681 --- --- ---

(0.000) (0.000) --- --- ---
0.0027126 -0.0000633 -0.0000193 0.00000275 0.007152

(0.000) (0.000) (0.023) (0.007) (0.000)
0.0042165 -0.000466 -0.0001412 0.0000186 0.0000357

(0.000) (0.000) (0.000) (0.000) (0.000)
0.0020828 -0.000264 --- 0.00000483 0.0544092

(0.000) (0.000) --- (0.000) (0.000)
0.0067259 -0.0007047 -0.0004968 0.0000553 ---

(0.000) (0.000) (0.000) (0.000) ---
0.0052124 -0.0005398 -0.0003687 0.0000417 0.042033

(0.000) (0.000) (0.000) (0.000) (0.000)
14.29479 -1.21062 --- 0.0084131 0.0931196
(0.000) (0.000) --- (0.000) (0.003)

12.89126 -1.131018 --- 0.0118581 30.80698
(0.000) (0.000) --- (0.000) (0.000)
8150.8 -955.3 -214.3 32.2 ---
(0.000) (0.000) (0.003) (0.000) ---
7001.2 -865.0 -146.5 24.9 22645.9
(0.000) (0.000) (0.060) (0.007) (0.023)

Variance

Skewness

Kurtosis

JB Statistic

Average Daily               
Return

135 
 



 

Panel B Dummy '04 Dummy '05 Dummy '06 Dummy '07 Dummy '08 Adjusted R2

-0.0014127 -0.0020579 -0.0016897 -0.0025135 -0.0037529 0.2333
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.0013784 -0.0020163 -0.0016487 -0.0024694 -0.0037673 0.2356
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.0003458 -0.0004738 -0.0004912 -0.0003343 0.0019347 0.1786
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.000837 -0.0001819 -0.0001401 --- 0.001725 0.2420
(0.058) (0.000) (0.001) --- (0.000)

--- --- --- -0.0003375 0.0003686 0.0431
--- --- --- (0.004) (0.003)
--- --- --- -0.0003041 --- 0.0488
--- --- --- (0.008) ---
--- 1.518102 1.032167 1.503408 --- 0.0230
--- (0.000) (0.000) (0.000) ---

0.8699081 2.115499 1.671699 2.12768 0.5667245 0.0236
(0.008) (0.000) (0.000) (0.000) (0.095)

--- 752.973 712.6506 1181.521 --- 0.0073
--- (0.028) (0.036) (0.000) ---

705.3844 1102.019 1084.539 1529.434 --- 0.0076
(0.059) (0.003) (0.004) (0.000) ---

Average Daily Return

Variance

Skewness

Kurtosis

JB Statistic

Table 13: Analyst and Moments – Forward Stepwise Regression Results (continued) 
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control variable, the results of which are found in Panel A of Table 13, it can be seen that size is 

one of the main components of nearly all regressions, including all four moments of the 

distribution as well as the Jarque-Berra statistic, as indicated by its inclusion in the stepwise 

regression results.  In addition, while liquidity as measured by the relative bid-ask spread is found 

to be significant in each of the four moment regressions, volume is found to be a significant 

component in only the even moment regressions.  Confirming the results of Table 12, the annual 

dummy variables are found to be important components of the regressions for the first, second 

and fourth moments of the return distribution, while for the third moment the annual dummies 

are, in most cases, dropp  regr   ed from the ession. 

 Looking at the #  and  variables, they are again found to be significant 

in nearly all of the regressions involving the moments of the return distribution.  The one 

exception is the  variable in the regression with average daily return as the dependent 

variable and volume as the liquidity control variable.  With this one exception, however, it is 

evident that both the number of analysts following a firm, as well as the interaction between firm 

size and the number of analysts, both play an important role in determining the individual 

moments of the return distribution.  Finally, in relation to the Jarque-Berra statistic, the stepwise 

regression drops both the #  and the  variables in both of the regressions of Panel 

A. 

137 
 

 Panel B of Table 13 represents the Forward Stepwise Regression of Equation (39), 

utilizing the natural log of total assets as the size control variable.  Unlike the corresponding OLS 

regressions in Panel B of Table 12, the Forward Stepwise Regression determines that both the 

#  and the  variables are statistically insignificant in the return regression which 

includes volume as the liquidity control variable.  In addition, Panel B of Table 13 differs from 

that of Table 12 in terms of the output of the regression with kurtosis as the dependent variable.  

In the general OLS regression results of Table 12, the #  coefficients were determined 

to be statistically insignificant at conventional levels, and only one of the  coefficients was 
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significant at the ten percent level or better.  However, the stepwise regression eliminates the 

#  variable in each regression, a result which causes the  component to become 

statistically significant at the one percent level or better for each of the two regressions with 

differing liquidity control variables.  As such, the results of the general OLS regression in Table 

12, coupled with the stepwise regression results of Table 13, suggest that, in looking at the 

regressions with total assets as the size control variable, the number of analysts may not directly 

play a role in establishing the kurtosis of the return distribution, but there is little doubt that the 

number of analysts plays an indirect role through their interaction with firm size, as indicated by 

the significant  coefficients exhibited in Tables 12 and 13.   

Regression Results: Backward Stepwise Regression 

 The results of the Backward Stepwise Regressions, presented in Table 14, are consistent 

with those of the Forward Stepwise Regressions of Table 13.  Of particular interest, the 

#  coefficient is significant in nearly all of the regressions using the individual moments 

of the distribution as dependent variables.  Consistent with Table 13, the stepwise regression 

drops the #  variable in the regressions with kurtosis as the dependent variable and total 

assets as the size variable.  However, the  coefficient is again found to be statistically 

significant at the one percent level, indicating an indirect relationship between analyst following 

and the fourth moment of the return distribution. 

Regression Results: Conclusion 

 The results of the OLS regressions and both stepwise regressions performed for Equation 

(39) show that there is a clear relationship between the number of analysts following a firm and 

the first four moments of the return distribution, even after controlling for firm size, liquidity, and 

calendar year.  The results of Tables 12 through 14 suggest that the relationship between analyst 

coverage and the first three moments of the return distribution is a direct one, even after 

controlling for the interaction between analyst following and firm size.  However, the direct 

relationship between the number of analysts and the fourth moment of the return distribution is  



Table 14: Analyst and Moments – Backward Stepwise Regression Results 

This table represents the regression results for ln # ∑ , run for 
the sample period of 2003 through 2008 under the parameters of a Backward Stepwise Regression.  The Backward Stepwise Regression begins 
with a model inclusive of all explanatory variables, and removes those which do not meet the threshold statistical cutoff value (p-value of 0.10) 
one at a time until either there are no remaining explanatory variables or no additional variables fail to meet the cutoff value.  Panel A contains the 
results using market capitalization as the size control variable while Panel B contains the results using total assets as the size control variable.  
Each return moment in each panel is subject to two regressions, the first of which uses volume as the liquidity control variable and the second of 
which uses relative bid-ask spread as the liquidity control variable, with the grayed out section representing the missing liquidity variable in each 
corresponding regression.  Within each regression result, coefficient values are found on the top line and p-values are found in brackets beneath 
the corresponding coefficient values. The horizontal dashed lines, ‘---‘, indicate that the variable has been dropped from the Backward Stepwise 
Regression as a result of not meeting the cutoff threshold p-value of 0.10. Total number of observations in each regression is 23,611. 
 

 

Panel A α ln(Market Cap) # Analysts Factor Volume Relative Spread
0.0020913 0.0000378 -0.000023 --- ---

(0.000) (0.000) (0.000) --- ---
0.00053 0.0001424 0.0000151 -0.00000507 0.020963
(0.000) (0.000) (0.050) (0.000) (0.000)

0.0044168 -0.0002427 0.000043 -0.00000351 0.0000617
(0.000) (0.000) (0.034) (0.008) (0.000)

-0.0015049 0.000149 0.000301 -0.000020 0.0789167
(0.000) (0.000) (0.000) (0.000) (0.000)

0.0074458 -0.0003685 -0.006949 0.0000403 ---
(0.000) (0.000) (0.000) (0.000) ---

0.0033502 -0.0001026 -0.0004627 0.0000247 0.053848
(0.000) (0.002) (0.000) (0.000) (0.000)

16.29574 -0.7735776 0.311854 -0.0178562 0.1064642
(0.000) (0.000) (0.010) (0.024) (0.002)

16.18547 -0.632382 0.279124 -0.014841 28.21458
(0.000) (0.000) (0.018) (0.048) (0.002)
9264.7 -573.3 --- --- 72.3
(0.000) (0.000) --- --- (0.057)
7634.8 -458.0 --- --- 18786.8
(0.000) (0.000) --- --- (0.087)

Skewness

Kurtosis

JB Statistic

Average Daily               
Return

Variance
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Table 14: Analyst and Moments – Backward Stepwise Regression Results (continued) 
 

 
  

Panel A Dummy '04 Dummy '05 Dummy '06 Dummy '07 Dummy '08 Adjusted R2

-0.001422 -0.002069 -0.001716 -0.002533 -0.003777 0.2319
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.001361 -0.001999 -0.001630 -0.002471 -0.003863 0.2408
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.0002947 -0.000429 -0.0004468 -0.0003005 0.0018169 0.1396
(0.000) (0.000) (0.000) (0.000) (0.000)

--- -0.0001259 -0.0000764 --- 0.0015418 0.2321
--- (0.002) (0.065) --- (0.000)

-0.0002316 -0.0002878 -0.0002572 -0.0005379 --- 0.0328
(0.081) (0.029) (0.050) (0.000) ---

--- --- --- -0.000285 --- 0.0397
--- --- --- (0.013) ---

0.744994 1.973914 1.505689 1.968774 --- 0.0146
(0.009) (0.000) (0.000) (0.000) ---

0.8435591 2.082835 1.645703 2.094412 --- 0.0146
(0.004) (0.000) (0.000) (0.000) ---

793.6071 1181.22 1145.099 1596.61 --- 0.0051
(0.032) (0.001) (0.002) (0.000) ---

857.0165 1251.444 1235.206 1676.78 --- 0.0051
(0.022) (0.001) (0.001) (0.000) ---

Average Daily               
Return

Variance

Skewness

Kurtosis

JB Statistic
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Table 14: Analyst and Moments – Backward Stepwise Regression Results (continued) 

 
  

Panel B α ln(Assets) # Analysts Factor Volume Relative Spread
0.0029951 -0.000091 -0.0000406 0.00000502 ---

(0.000) (0.000) (0.000) (0.000) ---
0.0027126 -0.0000633 -0.0000193 0.00000275 0.0071523

(0.000) (0.000) (0.023) (0.007) (0.000)
0.0042165 -0.000466 -0.0001412 0.0000186 0.0000357

(0.000) (0.000) (0.000) (0.000) (0.000)
0.0020828 -0.000264 --- 0.00000483 0.0544092

(0.000) (0.000) --- (0.000) (0.000)
0.0069802 -0.0007011 -0.0004926 0.0000548 ---

(0.000) (0.000) (0.000) (0.000) ---
0.0052124 -0.0005398 -0.0003687 0.0000417 0.0420332

(0.000) (0.000) (0.000) (0.000) (0.000)
13.869 -1.21361 --- 0.0083674 0.0923442
(0.000) (0.000) --- (0.000) (0.004)

12.89126 -1.131018 --- 0.0118581 30.80698
(0.000) (0.000) --- (0.000) (0.000)
8150.8 -955.3 -214.3 32.2 ---
(0.000) (0.000) (0.003) (0.000) ---
7001.2 -865.0 -146.5 24.9 22645.9
(0.000) (0.000) (0.060) (0.007) (0.023)

Kurtosis

JB Statistic

Average Daily               
Return

Variance

Skewness
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Panel B Dummy '04 Dummy '05 Dummy '06 Dummy '07 Dummy '08 Adjusted R2

-0.0014081 -0.0020499 -0.0016896 -0.0025027 -0.0037377 0.2342
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.0013784 -0.0020163 -0.0016487 -0.0024694 -0.0037673 0.2356
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.0003458 -0.0004738 -0.0004912 -0.0003343 0.0019347 0.1786
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.0000837 -0.0001817 -0.0001401 --- 0.0017725 0.2420
(0.058) (0.000) (0.001) --- (0.000)

-0.0003222 -0.0003778 -0.0003452 -0.0006209 --- 0.0432
(0.015) (0.004) (0.008) (0.000) ---

--- --- --- -0.0003041 --- 0.0488
--- --- --- (0.008) ---

0.7391591 1.965072 1.479466 1.951002 0.6147108 0.0232
(0.024) (0.000) (0.000) (0.000) (0.070)

0.8699081 2.115499 1.671966 2.1217968 0.5667245 0.0236
(0.008) (0.000) (0.000) (0.000) (0.095)

--- 752.973 712.6506 1181.521 --- 0.0073
--- (0.028) (0.036) (0.000) ---

705.3844 1102.019 1084.539 1529.434 --- 0.0076
(0.059) (0.003) (0.004) (0.000) ---

Average Daily               
Return

Variance

Skewness

Kurtosis

JB Statistic

Table 14: Analyst and Moments – Backward Stepwise Regression Results (continued) 
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generally not supported by the results associated with Equation (39).  That being said, the number 

of analysts appears to have an indirect relationship with the kurtosis of security returns through 

the size-coverage interaction term.  The relationship between analyst coverage and the overall 

level of normality, as measured by the Jarque-Berra statistic, is less concrete than that found for 

the individual moments.  A statistically significant relationship is found in all regressions 

involving total assets as the size control variable, but overall no relationship is evidenced with 

market capitalization as the size control variable.  This indicates that results to support the 

relationship between analyst following and the Jarque-Berra statistic are at best mixed.  

8.2 Analysts and the Distribution of Returns: Initiation of Analyst Coverage 

 The second procedure used to test the relationship between analyst coverage and the 

moments of the return distribution looks directly at the impact on the distribution of security 

returns before, compared with after, the initiation of analyst following.  This testing is done by 

two methods, with the first being the comparison of average and median values of various 

variables of interest for pre- and post-analyst initiation periods.  The second method utilizes the 

regression represented by Equation (41), which is inclusive of an initiation of coverage dummy 

variable to capture the change that the initiation of coverage has on variables of interest.   

Initiation of Analyst Coverage: Pre- versus Post-Initiation Values 

The first testing procedure looks directly for changes in the values of various variables of 

interest for the two periods characterized as before and after the initiation of security analysts’ 

following of a firm.  The results of this testing are shown in Table 15. 

 Looking first at the results of the matched pairs Student’s t-test, it can be seen that there 

is a statistically significant increase, at the ten percent level or better, in both size measures 

following the initiation of analyst following.  In terms of the liquidity measures, the relative bid-

ask spread is found to decrease after the initiation of analyst coverage, indicating that shares are 

more liquid with an analyst following.  However, the Student’s t-test suggests that there is no 

statistical change in the volume for pre- versus post-analyst following periods.  While the results  
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Table 15: Pre- and Post-Initiation - Value Comparison 

The table below represents the mean values for the various variables of interest, found in the far-left column, associated with pre- and post-
initiation of analyst coverage periods.  The pre-coverage period is defined as the 12 months prior to the initiation of analyst coverage, while the 
post-coverage period represents the 12 months following the initiation of analyst coverage.  To be included in the sample, there must be at least 50 
observations in each of the pre- and post-coverage periods.  Difference is the post-coverage value less the pre-coverage value.  The values in 
brackets represent the p-value for each of the corresponding test statistics, namely the paired Student’s t-test and the Wilcoxon Signed-Rank test, 
respectively.  These values are obtained by comparing the pre-coverage value with the post-coverage value for each firm in the sample, resulting 
in paired test statistics.  Sample size is 1,577 observations and the variables are as defined in the Data and Methodology section. 
 

Pre-Coverage 
Average

Post-Coverage 
Average Difference

p-Value:         
(Student's t)

p-Value:   
(Wilcoxon)

Average Daily Return (%) 0.15351 0.05695 -0.09656 (0.0000) (0.0000)
Variance 0.001243 0.001177 -0.000066 (0.3313) (0.2788)
Skewness 0.003709 0.001859 -0.001850 (0.0000) (0.0000)
Kurtosis 5.9202 7.5743 1.6541 (0.0004) (0.0000)
Jarque-Berra Statistic 1,541 2,768 1,227 (0.0351) (0.0000)
Volume 399 380 -19 (0.7214) (0.0000)
Relative Spread 0.009398 0.007105 -0.002293 (0.0000) (0.0000)
Market Capitalization 897 1,014 116 (0.0057) (0.0000)
Total Assets 5,215 5,957 742 (0.0435) (0.0000)
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of the nonparametric Wilcoxon Signed-Rank test support the results of the Student’s t-test for 

changes in both the size and the spread variables, the nonparametric test suggests that there is a 

statistically significant decline, at the one percent level, in volume following the initiation of 

analyst coverage.  This result is inconsistent with theoretical arguments surrounding the 

motivation for analyst coverage in relation to trading volume (e.g., Darlin (1983)). 

 Looking at the individual moments of the return distribution, it can be seen that both the 

parametric Student’s t-test and the nonparametric Wilcoxon Signed-Rank test provide consistent 

results.  Namely, the average daily return on stocks decreases after the initiation of analyst 

coverage.  This reduction in return, however, is unsupported by the other moments of the 

distribution, as the third moment also decreases and the fourth moment increases.  Under the 

conventional assumptions of investor preference for the higher moments of the return 

distribution, both findings for the third and fourth moment would support an increase in return 

rather than the observed decrease.  The reduction in return, however, is supported by the 

increased liquidity associated with an analyst following, as evidenced by the reduction in relative 

bid-ask spread.  In addition, the reader is reminded of the relationship between return and total 

versus systematic risk.  While Sharpe (1964) and Litner (1965) focus on the market’s reward for 

systematic rather than total variance, similar work has been done for the higher moments of the 

return distribution (e.g., Smith (2007)).  As such, while the change in the total values of the third 

and fourth moments do not support the change observed in average daily return, a breakdown of 

these higher moment values into their systematic and idiosyncratic components, while outside of 

the scope of the current study, may offer justification for the reduction in average daily return 

exhibited upon the initiation of analyst coverage. 

Also noteworthy from Table 15 is the fact that the often analyzed dispersion of the 

distribution, or variance, is unchanged after the initiation of analyst coverage under the 

parameters of both the parametric and nonparametric tests.  In addition, the Jarque-Berra statistic 

increases by a statistically significant amount, at the five percent level or better.  In fact, the 

145 
 



146 
 

                                                

average Jarque-Berra statistic nearly doubles after the initiation of analyst coverage, indicating 

that the return distribution becomes exceedingly more non-normal with the initiation of analyst 

coverage. 

Initiation of Analyst Coverage: Regression Results 

 The general result of Table 15, that analyst coverage is related to most of the individual 

moments of the stock return distribution along with the overall level of normality, is confirmed by 

the results of Regression (41), which are presented in Table 16.  Looking at Panel A of Table 16, 

which presents Regression (41) utilizing the natural log of market capitalization as the size 

control variables, it can be seen that the analyst coverage initiation dummy variable, , is 

statistically significant, at the one percent level or better, for three of the first four moments of the 

return distribution, along with the Jarque-Berra statistic, for regressions utilizing both liquidity 

control variables.26  The results confirm those of Table 15 in that, following the initiation of 

analyst coverage, the average daily return on a stock decreases along with the level of skewness 

exhibited in the return distribution, while the degree of leptokurtosis increases.  The Jarque-Berra 

statistic is also shown to increase statistically following the initiation of analyst coverage.  

However, as in Table 15, there is no evidence of a statistical change, either increase or decrease, 

in the dispersion of returns upon the initiation of analyst coverage.   

 An example of the change in the return distribution upon the initiation of analyst 

coverage is presented in Figure 3.  The probability density function (pdf) shows a drastic change 

in the shape of the return distribution for Transmeta Corporation upon the initiation of analyst 

coverage.  Perhaps the most drastic change in the distribution is the increase in the height, or 

peak, of the distribution, offering support for the increase in return kurtosis documented in Table 

16.  This finding, however, is countered by the ‘fatter’ distributional tails found for the period 

 
26 The results of Panel B of Table 16, which utilize the natural log of total assets as the size control 
variable, mirror those of Panel A, and for the sake of brevity are not discussed in detail. 



Table 16: Pre- and Post-Initiation – Regression Results 

This table represents the results for the regression ln  run for the sample period of 2003 
through 2008.   equals one for all post-initiation of analyst coverage dates and zero otherwise.  The pre-coverage period is defined as 
the 12 months prior to the initiation of analyst coverage, while the post-coverage period represents the 12 months following the initiation of 
analyst coverage.  To be included in the sample, there must be at least 50 observations in each of the pre- and post-coverage periods.  Panel A 
contains the results using market capitalization as the size control variable while Panel B contains the results using total assets as the size control 
variable.  Each return moment in each panel is subject to two regressions, the first of which uses volume as the liquidity control variable and the 
second of which uses relative bid-ask spread as the liquidity control variable, with the grayed out section representing the missing liquidity 
variable in each corresponding regression.  Within each regression result, coefficient values are found on the top line and p-values are found in 
brackets beneath the corresponding coefficient values. Sample size is 3,154 observations and the variables are as defined in the Data and 
Methodology section. 
 

 

Panel A α ln(Market Cap) Volume Relative Spread dummy Adjusted R2

0.001951 -0.000033 -0.000024 -0.000958 0.0268
(0.000) (0.346) (0.386) (0.000)

0.002472 -0.000071 -0.007464 -0.000966 0.0270
(0.000) (0.102) (0.271) (0.000)

0.004934 -0.000306 0.000145 0.000008 0.0480
(0.000) (0.000) (0.000) (0.918)

0.001076 -0.000030 0.057256 0.000072 0.0725
(0.009) (0.329) (0.000) (0.332)

0.010129 -0.000523 -0.000019 -0.001729 0.0166
(0.000) (0.000) (0.828) (0.000)

0.004750 -0.000157 0.094448 -0.001597 0.0227
(0.009) (0.249) (0.000) (0.000)
17.6516 -0.963153 0.203210 1.8821 0.0143
(0.000) (0.000) (0.099) (0.000)
16.0551 -0.837250 14.1930 1.8815 0.0135
(0.000) (0.000) (0.645) (0.000)
6729.8 -425.7 79.1 1327.8 0.0019
(0.006) (0.032) (0.605) (0.023)
2759.3 -148.1 63548.6 1407.5 0.0027
(0.395) (0.543) (0.096) (0.016)

Average Daily               
Return

Variance

Skewness

Kurtosis

JB Statistic
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Panel B α ln(Assets) Volume Relative Spread dummy Adjusted R2

0.001754 -0.000040 -0.000023 -0.000961 0.0271
(0.000) (0.195) (0.385) (0.000)

0.001857 -0.000050 -0.004101 -0.000968 0.0270
(0.000) (0.096) (0.474) (0.000)

0.003138 -0.000344 0.000148 -0.000014 0.0881
(0.000) (0.000) (0.000) (0.846)

0.002111 -0.000226 0.044350 0.000068 0.1047
(0.000) (0.000) (0.000) (0.354)

0.006434 -0.000477 -0.000034 -0.001783 0.0185
(0.000) (0.000) (0.691) (0.000)

0.004684 -0.000316 0.087546 -0.001605 0.0257
(0.000) (0.001) (0.000) (0.000)
11.6405 -1.0201 0.202996 1.803571 0.0224
(0.000) (0.000) (0.093) (0.000)
10.8340 -0.915689 31.2363 1.85460 0.0220
(0.000) (0.000) (0.228) (0.000)
4503.7 -527.6 93.8 1304.4 0.0039
(0.000) (0.001) (0.533) (0.025)
3429.7 -413.1 48959.4 1398.5 0.0045
(0.004) (0.014) (0.129) (0.017)

Average Daily               
Return

Variance

Skewness

Kurtosis

JB Statistic

Table 16: Pre- and Post-Initiation – Regression Results (continued) 
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Figure 3: Change in Return Distribution 
An Example 

 
The diagram below illustrates the change in the distribution of returns for the common stock of 
Transmeta Corporation following the initiation of analyst coverage of the security.  The solid line 
represents the probability density function (pdf) of the return distribution for the 12 month period 
prior to the initiation of analyst coverage of the firm.  The dashed line represents the pdf of the 
return distribution during the 12 months following the initiation of analyst coverage.  The 
horizontal axis is comprised of the daily return values (in decimal form) while the vertical axis is 
comprised of the probability of the corresponding return value.   
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preceding the initiation of analyst coverage of the Transmeta security.  The diagram also suggests 

that the skewness of the distribution is reduced following the initiation of coverage, as this 

distribution appears to be more symmetric about the peak compared with the pdf for the pre-

coverage period.  Again, this finding is supported by the results of Table 16.  One observation 

pertaining to Figure 3 that is not supported by the results of Table 16 concerns the second 

moment of the return distribution.  It appears obvious from Figure 3 that, for Transmeta 
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Corporation, the return distribution has less dispersion following the initiation of analyst coverage 

than was present prior to the initiation of coverage.  The results of Tables 15 and 16 suggest that 

there is no statistical change in return dispersion upon the initiation of analyst coverage.  The 

reader is reminded, however, that Figure 3 represents the change in distribution for just one of the 

1,577 firms that make up the statistical results of Tables 15 and 16, and that Figure 3 should be 

viewed as an illustrative example only. 

Initiation of Analyst Coverage: Conclusion 

 The results of the regressions represented by Equation (41), as well as the general results 

of the investigation that examines directly the relationship of the initiation of analyst coverage 

with the return moments, provide relatively conclusive evidence that the initiation of analyst 

coverage is associated with a change in the moments of the return distribution.  The initiation of 

coverage is found to be related to changes in three of the first four moments of the return 

distribution, and the overall level of normality as measured by the Jarque-Berra statistic.  There 

results hold even when controlling for firm size and stock liquidity. 

8.3 Analysts and the Distribution of Returns: Discontinuation of Analyst Coverage 

The results of the testing on the initiation of analyst coverage and its relationship with the 

return distribution are relatively conclusive.  A final way in which this relationship can be 

explored is to investigate the relationship that the discontinuation of analyst coverage has with the 

return distribution. 

Discontinuation of Analyst Coverage: Pre- versus Post-Discontinuation Values 

Table 17 directly examines the change in the moments of the return distribution, as well 

as other variables of interest, upon the discontinuation of an analyst following of the underlying 

security.  Looking first at the liquidity measures, it can be found that there is a statistically 

significant increase in average daily volume, subsequent to the discontinuation of analyst 

coverage.  While the direction of the change in volume is surprising in light of theoretical 

arguments on analyst motivation for the initiation of coverage (e.g., Darlin (1983)), the general  



Table 17: Pre- and Post-Discontinuation – Value Comparison 

The table below represents the mean values for the various variables of interest, found in the far-left column, associated with pre- and post-
discontinuation of analyst coverage periods.  The pre-discontinuation period is defined as the 12 months prior to the discontinuation of analyst 
coverage, while post-discontinuation period represents the 12 months following the discontinuation of analyst coverage.  To be included in the 
sample, there must be at least 50 observations in each of the pre- and post-discontinuation periods.  The difference is the post-discontinuation 
value less the pre-discontinuation value.  The values in brackets represent the p-value for each of the corresponding test statistics, namely the 
paired Student’s t-test and the Wilcoxon Signed-Rank test, respectively.  These values are obtained by comparing the pre-discontinuation value 
with the post-discontinuation value for each firm in the sample, resulting in paired test statistics.  Sample size is 502 observations and the variables 
are as defined in the Data and Methodology section. 
 

Pre-Omission 
Average

Post-Omission 
Average Difference

p-Value:           
(Student's t)

p-Value:   
(Wilcoxon)

Average Daily Return (%) 0.06352 0.00573 -0.05779 (0.0020) (0.0001)
Variance 0.001278 0.0015658 0.000288 (0.1501) (0.0879)
Skewness 0.001984 0.003187 0.001203 (0.0842) (0.1088)
Kurtosis 8.6033 9.832350 1.229037 (0.2510) (0.0524)
Jarque-Berra Statistic 3,388 4,316 928 (0.5590) (0.0828)
Volume 301 351 50 (0.0322) (0.0863)
Relative Spread 0.010570 0.011656 0.001086 (0.0320) (0.8942)
Market Capitalization 1,010 926 -84 (0.2682) (0.7258)
Total Assets 10,018 10,793 775 (0.2979) (0.0000)
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result is supported by the decrease in volume subsequent to the initiation of coverage observed in 

Table 15.  More in line with expectations, there is some evidence to suggest that the relative bid-

ask spread increases following the discontinuation of coverage, with the Student’s t-test showing 

statistical support for a decrease in liquidity.  However, the Wilcoxon Signed-Rank test rejects the 

statistical significance of this change.   

 Unlike the change in liquidity, there is little evidence to support a change in firm size 

following the discontinuation of analyst coverage.  The market capitalization decreases by 

roughly eight percent, but both the parametric and nonparametric tests show that this change is 

statistically insignificant.  With total assets, however, the change is found to be insignificant 

under the parametric Student’s t-test, but significant, and positive, at the one percent level for the 

nonparametric Wilcoxon Signed-Rank test.  As a result, the evidence presented for a statistical 

change in firm size following the termination of analyst coverage is at best mixed. 

 The Student’s t-test, in relation to the four moments of the return distribution, along with 

the Jarque-Berra statistic, provides mixed support for the relationship the distribution has with the 

discontinuation of analyst coverage.  Changes in the first and third moments are found to be 

significant, at conventional levels, with the average daily return decreasing and the skewness 

increasing in the post-analyst period relative to the period with analyst coverage.  However, the 

even moments, along with the Jarque-Berra statistic, are found to be statistically unchanged.  

Unlike the parametric Student’s t-test, however, the nonparametric Wilcoxon Signed-Rank test 

provides evidence of a statistical change at the ten percent level or better in three of the four 

moments, with the one change that is not significant at the ten percent level, the change in 

skewness, having a p-value of 0.1088.  In addition, the Wilcoxon test shows that there is a 

statistical change in the Jarque-Berra statistic, which increases by nearly 30 percent. 

Comparing the Initiation and Discontinuation of Coverage Results 

 A comparison of the results of the change in moments surrounding the initiation of 

analyst coverage, presented in Table 15, and the changes associated with the discontinuation of 
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analyst coverage, presented in Table 17, at first appears troubling.  One may expect, if the 

initiation of analyst coverage has the opposite effect on the return distribution as does the 

discontinuation of coverage, that the changes in the coefficient values would have opposite signs.  

However, this is not what is observed, with the first moment being negative in both tables, the 

fourth moment being positive in both tables, and the second moment being insignificant for the 

initiation of coverage and statistically positive, as per the Wilcoxon test, for the discontinuation of 

coverage.  However, potential explanations can be offered for a number of these apparent 

contradictions.   

 As discussed in the prior section, the reduction in average daily returns associated with 

the initiation of analyst coverage is unsupported by the change in the higher moments also 

associated with this initiation in coverage.  This is potentially explained by the change in liquidity 

or the potential change in systematic values of the higher moments.  The negative change in 

average daily return in Table 17 can be potentially justified by the termination of an analyst 

following in and of itself.  It has been found that analysts are far more likely to discontinue 

coverage than to downgrade a security (e.g., McNichols and O’Brien (1997)), and, as such, the 

market could reasonably believe that the discontinuation of coverage is a bad signal for the 

current or future prospects of the firm.  These negative prospects, in turn, result in a reduction in 

average daily returns as compared with periods associated with analyst coverage.  In addition, the 

increase in skewness associated with the discontinuation of coverage offers further reasoning for 

the reduction in average daily return. 

 The sign of the change in the fourth moment in both Table 15 and Table 17 is positive, 

but this relates simply to the nature of the kurtosis variable.  An increase in the kurtosis simply 

signifies that there is a higher proportion of the distribution lying in the tails.  However, the 

variable says nothing as to in which tail the excess distribution lies.  As such, the initiation of 

coverage could, hypothetically, increase the probability found in the right tail of the distribution, 

while the discontinuation of coverage could, again hypothetically, increase the probability of the 
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distribution found in the left tail.  While the initiation of coverage, in this hypothetical example, 

would result in a larger probability of an extreme positive return, and the discontinuation would 

result in a larger probability of an extreme negative return, both would be associated with an 

increase in the level of excess kurtosis.  Thus, the fact that the change in the kurtosis value for the 

initiation and termination of analyst coverage is positive is not necessarily a contradiction. 

Discontinuation of Analyst Coverage: Regression Results 

 Not surprisingly, the results of Regression (42), which are found in Table 18, confirm the 

Student’s t-test results of Table 17.  In particular, the dummy variable equal to one for all post-

discontinuation of coverage dates is statistically insignificant for the even moments of the 

distribution.  In addition, it is statistically negative for the first moment and statistically positive 

for the third moment.  These results are consistent across Panel A and Panel B of Table 18. 

Discontinuation of Analyst Coverage: Time Lapse 

 One potential explanation for the surprising results found in Table 17 concerning the 

change in return moments and firm size surrounding the discontinuation of analyst coverage is 

that while analysts no longer follow the firm, the benefit of their prior following is still realized 

by the market.  For instance, by the very nature of their task, sell-side security analysts create 

awareness among market participates of the securities they follow.  As such, this awareness does 

not simply evaporate immediately following the discontinuation of analyst coverage of a security.  

Rather, once the security has been brought into the public mindset, only time will eventually 

diminish its presence in investors’ minds.  However, even over time, while the predominance of 

the security in the market as a whole may diminish, it may remain at the forefront of investing 

decisions for those investors with prior knowledge of it, particularly if the security has preformed 

favorably for them in the past.  This predominance is potentially heightened with institutional 

investors, who may rely to an extent on sell-side analysts to create initial awareness of a security,  



Table 18: Pre- and Post-Discontinuation – Regression Results 

This table represents the results for the regression ln  run for the sample period of 2003 
through 2008.   equals one for all post-discontinuation of analyst coverage dates and zero otherwise.  The pre-discontinuation period 
is defined as the 12 months prior to the discontinuation of analyst coverage, while post-discontinuation period represents the 12 months following 
the discontinuation of analyst coverage.  To be included in the sample, there must be at least 50 observations in each of the pre- and post-
discontinuation periods.  Panel A contains the results using market capitalization as the size control variable while Panel B contains the results 
using total assets as the size control variable.  Each return moment in each panel is subject to two regressions, the first of which uses volume as the 
liquidity control variable and the second of which uses relative bid-ask spread as the liquidity control variable, with the grayed out section 
representing the missing liquidity variable in each corresponding regression.  Within each regression result, coefficient values are found on the top 
line and p-values are found in brackets beneath the corresponding coefficient values. Sample size is 1,004 observations and the variables are as 
defined in the Data and Methodology section. 
 

 

Panel A α ln(Market Cap) Volume Relative Spread dummy Adjusted R2

0.000168 0.000041 -0.000045 -0.000575 0.0108
(0.766) (0.393) (0.592) (0.000)

-0.000678 0.000097 0.015549 -0.000593 0.0141
(0.352) (0.083) (0.057) (0.000)

0.005998 -0.000409 0.000413 0.000261 0.0434
(0.000) (0.000) (0.00) (0.204)

-0.001158 0.000114 0.102666 0.000178 0.1202
(0.200) (0.101) (0.000) (0.367)

0.012898 -0.000923 0.000041 0.001188 0.0226
(0.000) (0.000) (0.910) (0.084)

0.010787 -0.000773 0.033244 0.001156 0.0234
(0.001) (0.001) (0.346) (0.093)
19.7452 -0.987371 1.836104 1.123023 0.0119
(0.000) (0.003) (0.002) (0.309)
20.8828 -0.960301 -85.6426 1.3081 0.0043
(0.000) (0.014) (0.132) (0.238)
7102.0 -355.2 1638.6 840.6 0.0012
(0.209) (0.455) (0.050) (0.598)
6553.7 -222.0 -50708.7 979.5 -0.0023
(0.369) (0.692) (0.535) (0.540)

Average Daily               
Return

Variance

Skewness

Kurtosis

JB Statistic
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Panel B α ln(Assets) Volume Relative Spread dummy Adjusted R2

0.000271 0.000068 -0.000052 -0.000580 0.0131
(0.262) (0.083) (0.512) (0.000)

-0.000008 0.000091 0.012775 -0.000595 0.0160
(0.979) (0.027) (0.066) (0.000)

0.003506 -0.000419 0.000354 0.000286 0.0661
(0.000) (0.000) (0.001) (0.160)

0.001507 -0.000193 0.079816 0.000208 0.1303
(0.000) (0.000) (0.000) (0.288)

0.005577 -0.000631 -0.000248 0.001240 0.0163
(0.000) (0.000) (0.474) (0.073)

0.004031 -0.000501 0.070117 0.001146 0.0212
(0.001) (0.005) (0.020) (0.096)
15.3623 -1.312744 1.848093 1.186023 0.0261
(0.000) (0.000) (0.001) (0.279)

16.60142 -1.278296 -82.73837 1.3669 0.0180
(0.000) (0.000) (0.085) (0.215)
7933.3 -916.5 1867.3 868.7 0.0061
(0.001) (0.020) (0.020) (0.585)
9316.1 -894.6 -89192.4 1058.1 0.0023
(0.001) (0.030) (0.200) (0.507)

Average Daily               
Return

Variance

Skewness

Kurtosis

JB Statistic

Table 18: Pre- and Post-Discontinuation – Regression Results (continued) 
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but who themselves have the resources to continue to monitor such securities even after the 

discontinuation of coverage by sell-side analysts.  This potential time issue would be less likely to 

be present under conditions of the initiation of analyst coverage, for in these circumstances it is 

far more likely that securities are brought from a standing of relative obscurity into the market 

spotlight in a short period of time.  Under the conditions of market efficiency, there should be no 

delay in transmission of this information to the market, and no delay in the market’s reaction to it.  

As such, while an investigation into the potential time delay following the omission of analyst 

coverage is undertaken below, no such investigation is warranted for the initiation of initial 

analyst coverage of a security.    

 In order to investigate the potential time delay associated with the discontinuation of 

analyst following, and the subsequent effects this discontinuation may have on the moments of 

the return distribution, the tests undertaken above, and summarized in Tables 17 and 18, are again 

performed.  Under the parameters of this second testing procedure, however, the return 

distribution and size variables for the one year prior to discontinuation of coverage are compared 

not with the first year following the discontinuation, but rather with the second year following the 

discontinuation of coverage.  As such, all observations for the one year period following the 

discontinuation of coverage are dropped from the sample.27  The results of this analysis are found 

in Tables 19 and 20. 

 Looking first at the direct comparison of moments between pre- and post-discontinuation 

periods, the results of which are found in Table 19, it can be seen that even with the one year 

delay in the post-coverage period, there is little impact to the statistical significance of the change 

in values.  Looking first at the size variables, Table 19 demonstrates that, during the second year 

after the discontinuation of analyst coverage, there are mixed findings which suggest that firm  

                                                 
27 The sample sizes differ from those of Tables 17 and 18 as a result of the continued condition that firms 
only be kept in the sample should there be 50 observations or more in both the pre- and post-
discontinuation periods. 
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Table 19: Pre- and Post-Discontinuation – Value Comparison – One Year Delay 

The table below represents the mean values for the various variables of interest, found in the far-left column, associated with pre- and post-
discontinuation of analyst coverage periods.  The pre-discontinuation period is defined as the 12 months prior to the discontinuation of analyst 
coverage, while the post-discontinuation period represents the 12 month period comprising the second year following the discontinuation of 
analyst coverage (i.e., months 13 through 24 following discontinuation of analyst coverage).  To be included in the sample, there must be at least 
50 observations in each of the pre- and post-discontinuation periods.  The difference is the post-discontinuation value less the pre-discontinuation 
value.  The values in brackets represent the p-value for each of the corresponding test statistics, namely the paired Student’s t-test and the 
Wilcoxon Signed-Rank test, respectively.  These values are obtained by comparing the pre-discontinuation value with the post-discontinuation 
value for each firm in the sample, resulting in paired test statistics.  Sample size is 376 observations and the variables are as defined in the Data 
and Methodology section. 
 

 

Pre-Omission 
Average

Post-Omission 
Average Difference

p-Value:           
(Student's t)

p-Value:   
(Wilcoxon)

Average Daily Return (%) 0.08607 0.01113 -0.07494 (0.0000) (0.0000)
Variance 0.001305 0.0017171 0.0004124 (0.0292) (0.0499)
Skewness 0.0018007 0.0027257 0.000925 (0.1020) (0.0185)
Kurtosis 7.3957 8.497899 1.102167 (0.3207) (0.1355)
Jarque-Berra Statistic 2,991 3,046 55 (0.9721) (0.0799)
Volume 308 324 17 (0.5901) (0.0144)
Relative Spread 0.010695 0.013430 0.002734 (0.0044) (0.6344)
Market Capitalization 733 809 76 (0.2534) (0.0006)
Total Assets 12,331 14,923 2,592 (0.2647) (0.0000)

158 
 



size actually increased compared with that during the period in which the firm had an analyst 

following.   This can be seen for both the market capitalization and total assets size measures, 

which are found to be statistically significant at the one percent level under the conditions of the 

Wilcoxon Signed-Rank test.  This result does not diverge significantly from that found in Table 

17, which showed that, during the first year after the discontinuation of coverage, total assets 

increased under the parameters of the Wilcoxon Signed-Rank test, and market capitalization did 

not statistically change.  The one potential issue in examining both of the size measures is that 

both could change as a result of elements well outside of the control or influence of an analyst 

following.  For instance, a generally strong economy which coincides with the period of post-

analyst coverage would tend to increase both size measures, regardless of whether there is a 

change in analyst coverage.  However, given the nature of the sample period used, namely that it 

covers both strong and weak economic periods, and the fact that there is no discernable pattern in 

the timing of the level of analyst coverage, as evidenced in Table 1, it is felt that this issue is 

mitigated in Tables 17 and 19.   

 Turning to the moments of the distribution, consistent with Table 17 the average daily 

return is found to decrease during the post-analyst coverage period.  The magnitude of the 

reduction in return, however, is found to be 30 percent larger in Table 19.  In addition, the 

variance is again found to increase, but in this case the change is statistically significant under 

both tests, thus providing stronger results than those found in Table 17.  The results which 

suggest an increase in the skewness of returns during the post-coverage period are again mixed, 

with one test showing statistical significance at the ten percent level or better, and the second test 

suggesting a statistically insignificant value, but with a p-value of 0.1020.  Most troubling to the 

argument that analyst coverage is related to the return distribution are the results found for 

kurtosis, which, as in Table 17, are found to be statistically the same as the pre-analyst 

discontinuation period.  These results suggest that the discontinuation of analyst following has 

little to no impact on the level of kurtosis exhibited in returns for up to two years following this 
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discontinuation.  This result contradicts that found in Table 15 concerning the initiation of analyst 

coverage, which suggests that the level of kurtosis increases following the initiation of coverage.  

Finally, for completeness, it should be noted that, consistent with Table 17, there is mixed 

evidence concerning the change in the Jarque-Berra statistic during the post-discontinuation of 

coverage period, with the Wilcoxon Signed-Rank test suggesting a statistical increase and the 

Student’s t-test suggesting no statistical change.   

 The regression results of Table 20 can also be compared with those of Table 18.  On the 

whole the results are fairly consistent, with two exceptions.  Table 20 provides some evidence for 

a statistically significant dummy variable in both variance regressions that use volume as the 

liquidity control variable, thus providing some support for a change in variance during pre- versus 

post-discontinuation of coverage periods.  However, the results of Table 20 suggest that the 

dummy variable for the skewness regression is statistically significant under both size control 

variables, but only those which use volume as a liquidity control variable.  In Table 18, the 

dummy variable is statistically significant at conventional levels in all four of the regressions 

which had skewness as the dependent variable.  This suggests that while the evidence for a 

statistical change in variance is stronger for the sample which ignores the return observations in 

the year immediately following the discontinuation of coverage, the evidence for a change in 

skewness is weaker compared with Table 18.  In both tables, the dummies in the return regression 

are statistically negative in all cases, while those in the kurtosis and Jarque-Berra regressions are 

statistically insignificant in all cases.   

Discontinuation of Analyst Coverage: Analyst’s Motivation 

 The current study does not investigate the motivation analysts may have for discontinuing 

the coverage of a security.  While Chapter 4 offers prior literature to suggest that analysts are 

more likely to discontinue coverage than downgrade a security (McNichols and O’Brien (1997)), 

the testing methodology employed throughout the current study does not address the issue 

directly.  There are many reasons for this omission. 



Table 20: Pre- and Post-Discontinuation – Regression Results – One Year Delay 

This table represents the results for the regression ln  run for the sample period of 2003 
through 2008.   equals one for all post-discontinuation of analyst coverage dates and zero otherwise.  The pre-discontinuation period 
is defined as the 12 months prior to the discontinuation of analyst coverage, while the post-discontinuation period represents the 12 month period 
comprising the second year following the discontinuation of analyst coverage (i.e., months 13 through 24 following discontinuation of analyst 
coverage).  To be included in the sample, there must be at least 50 observations in each of the pre- and post-discontinuation periods.  Panel A 
contains the results using market capitalization as the size control variable while Panel B contains the results using total assets as the size control 
variable.  Each return moment in each panel is subject to two regressions, the first of which uses volume as the liquidity control variable and the 
second of which uses relative bid-ask spread as the liquidity control variable, with the grayed out section representing the missing liquidity 
variable in each corresponding regression.  Within each regression result, coefficient values are found on the top line and p-values are found in 
brackets beneath the corresponding coefficient values. Sample size is 752 observations and the variables are as defined in the Data and 
Methodology section. 
 

 

Panel A α ln(Market Cap) Volume Relative Spread dummy Adjusted R2

-0.000460 0.0000776 -0.000049 -0.0007521 0.0218
(0.945) (0.164) (0.611) (0.000)

0.0008387 0.0000111 -0.010227 -0.0007219 0.0241
(0.315) (0.865) (0.163) (0.000)

0.0072511 -0.0005124 0.000460 0.0004279 0.0841
(0.000) (0.000) (0.00) (0.033)

-0.0010948 0.0001152 0.096429 0.0001434 0.2277
(0.207) (0.089) (0.000) (0.440)

0.0134263 -0.0009895 0.000428 0.0009628 0.0425
(0.000) (0.000) (0.148) (0.080)

0.0063107 -0.0004526 0.081099 0.000724 0.0562
(0.014) (0.024) (0.000) (0.188)
24.0412 -1.435334 1.330030 1.145125 0.0205
(0.000) (0.000) (0.025) (0.299)

28.06119 -1.654350 -94.29706 1.4353 0.0195
(0.000) (0.000) (0.039) (0.197)
15507.2 -1100.1 1803.2 74.9 0.0053
(0.008) (0.025) (0.032) (0.962)
17991.3 -1182.8 -88532.1 351.0 0.0017
(0.014) (0.039) (0.170) (0.823)

Average Daily               
Return

Variance

Skewness

Kurtosis

JB Statistic
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Panel B α ln(Assets) Volume Relative Spread dummy Adjusted R2

0.000800 0.0000111 -0.000004 -0.000750 0.0194
(0.003) (0.795) (0.963) (0.000)

0.001114 -0.000022 -0.012148 -0.0007144 0.0243
(0.000) (0.622) (0.052) (0.000)

0.0034494 -0.0004015 0.000348 0.0004392 0.0874
(0.000) (0.000) (0.001) (0.029)

0.00123342 -0.0001419 0.081019 0.0002024 0.2344
(0.000) (0.002) (0.000) (0.273)

0.005665 -0.0006983 0.000169 0.000979 0.0360
(0.000) (0.000) (0.552) (0.076)

0.0033067 -0.0004385 0.089143 0.000717 0.0627
(0.001) (0.001) (0.000) (0.190)
15.5864 -1.528362 1.237715 1.206031 0.0431
(0.000) (0.000) (0.028) (0.269)

16.72112 -1.544907 -61.8292 1.3972 0.0384
(0.000) (0.000) (0.109) (0.204)
9762.0 -1306.5 1806.9 131.3 0.0147
(0.000) (0.001) (0.024) (0.933)
11027.9 -1289.9 -75090.8 365.6 0.0104
(0.000) (0.001) (0.170) (0.815)

Variance

Skewness

Kurtosis

JB Statistic

Average Daily               
Return

Table 20: Pre- and Post-Discontinuation – Regression Results – One Year Delay (continued) 
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 First, data to support the motivation behind a discontinuation of coverage does not exist.  

As such, without extensive survey evidence, it is virtually impossible to eliminate the many 

potential motives that an individual analyst (e.g., job promotion/termination, coverage changed to 

a different industry, etc.) or brokerage house (e.g., changed industry focus, brokerage firm 

purchased/bankrupt, etc.) may have to discontinue coverage of a particular firm.  One potential 

explanation for the discontinuation of coverage, however, is eliminated through the testing 

technique employed in this study.  That is, by requiring 50 trading days of data for firms to be 

included in the discontinuation subsample, the current study has effectively eliminated those 

firms whose coverage was discontinued as a result of imminent and immediate bankruptcy or 

exchange delisting.  This screening technique is even stronger for the subsample that compares 

performance with the second year following the discontinuation of coverage, for these firms 

remain solvent and trading on an exchange for over a year after the discontinuation of the analyst 

following. 

 It is also interesting to note that the motivation for the discontinuation of analyst coverage 

is often highlighted in academic research as a potential explanation for any findings relating to 

this event.  However, research appears to focus far less on the impact that the motivation of the 

initiation of coverage may have on firm performance.  It can easily be argued that if the reader is 

concerned with the motivation for the discontinuation of coverage, she should be equally 

concerned with the impact that the underlying reason for the initiation of coverage has on firm 

performance.  However, as with the discontinuation of coverage, no clear data exists that lists or 

quantifies the motivation for the initiation of analyst coverage, an area of research which in and 

of itself is extensive.   

Discontinuation of Analyst Coverage: Conclusion 

 Overall the results of this section provide evidence of a statistical change in some of the 

moment values of the return distribution upon the discontinuation of analyst coverage.  

Comparing the year prior to the discontinuation with both the first year and the second year 

163 
 



following the discontinuation suggests that the termination of coverage is associated with both a 

reduction in average daily return and an increase in return skewness.  However, the level of 

kurtosis of returns is found to show no statistical change for up to two years following the 

discontinuation of analyst coverage.  Finally, there is mixed evidence to support an increase in 

both the return dispersion and the overall level of non-normality in both the first and second year 

following the termination of analyst coverage.   

8.4 Analyst Coverage and the Distribution of Returns: Conclusion 

Overall, the results of this chapter provide clear evidence that there exists a relationship 

between analyst following and the moments of the return distribution.  This relationship is 

exhibited not only in regressions utilizing the moments as dependent variables, but also in 

directly examining the change in moment values associated with both the initiation and 

discontinuation of analyst coverage.  The initiation of analyst following is found to have a direct 

relationship with three of the four return distribution moments, with the lone exception being the 

dispersion of returns.  In addition, the termination of analyst coverage is also found to be related 

to three of the four moments, with the one exception in this case being the level of kurtosis of 

returns.  Finally, there is evidence to suggest that the overall level of non-normality increases 

upon both the initiation and discontinuation of analyst coverage.   
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Chapter 9 
 

Robustness Testing 
 
 
 
 The results of Chapter 8 provide relatively conclusive evidence to suggest that there 

exists a relationship between the higher moments of the return distribution and analyst coverage.  

The bulk of the additional testing provided in this chapter helps to strengthen those earlier results 

by providing additional controls for the relationship between analyst coverage and both firm size 

and calendar year.  In addition, testing is provided to determine what relationship the dispersion 

of analyst forecasts may have with the individual moments of the return distribution.  To start, 

however, an examination of the returns used throughout the study is offered.  

9.1 Distribution of Market Model Residuals 

One potential criticism of the results found in prior sections, particularly those focusing 

on the relationship between higher moments and analyst following, is the level of control used for 

overall market conditions.  In results presented previously, the gross daily returns are used to 

calculate the four moments of the return distribution.  However, one potential argument against 

the relationships found between the moments of the distribution and analyst coverage is that the 

return distribution is impacted by overall market trends.  While the investigation into the 

relationship between abnormal returns and higher moments controls for overall market risk 

through the elements of the Fama and French (1993) three factor model, the same cannot be said 

for the use of gross daily returns in later parts of this study.  As such, it is felt that additional 

investigation into the moments of the return is warranted.   

 In following with Officer (1972), the normality of the residuals of the market model or, 

more specifically, the residual values from the daily Fama and French (1993) three factor model 

regression of Equation (37), , , are examined for each year of the study.  Examining the model 

residuals allows one to examine the impact of firm-specific information and events on security 
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returns, while controlling for market as well as size and book-to-market risk factors.28  This 

control is particularly insightful in the current study as one of the main functions of analysts is to 

release firm-specific information, for which the model residuals allow direct examination.  As 

such, this line of testing offers additional insight into the normality of returns over varying 

periods of market volatility while controlling for the dependence between security returns and the 

returns on the market.  As discussed above, so long as the security returns are generated from the 

same stable process, then the property of stability assures that the distribution of the residuals will 

be the same as the distribution of the security returns. 

 The distribution of the Fama and French (1993) three factor model residuals is found in 

Table 21.  Overall, the distribution of the residuals is remarkably similar to the distribution of the 

gross returns found in Table 1.  Unlike Table 1, the first moment value in Table 21 displays no 

discernable pattern.  However, given the nature the data, that is comparing gross returns with 

OLS regression residuals, this result is not surprising, and if anything is expected.  The variance 

of the residuals displays a similar pattern to that of the gross returns.  There is a clear reduction in 

value during the first four years of the sample, followed by an increase in the final two years, with 

the final year showing a significant jump to a value higher than in any of the prior years.  In 

addition, the variance values in both tables are similar in magnitude.   

 Looking at the higher moments, again it can be seen that the distribution of the residuals 

is similar to that of the unadjusted gross daily returns.  Skewness shows a decreasing value in 

most years, similar to that found in the summary statistics for the daily returns.  The one 

exception is that the skewness of the daily returns increases in the final year of the sample, while 

the skewness of the Fama and French (1993) three factor model residuals continues to decrease in 

the final year of the sample.  Finally, the level of kurtosis is similar for the daily returns and the  

 
28 While it is conventionally argued that analysts provide greater levels of firm-specific information, this 
has not always been support in empirical work.  For instance, Chan and Hameed (2006) find that firms in 
emerging market that are covered by more analysts actually produce less firm-specific information and 
more market-wide information.  This result is also supported for the US market, as documented by 
Piotroski and Roulstone (2004). 



Table 21: Summary Statistics by Year – Market Model Residuals 

This table represents the distributional moments for the market model residuals, as defined by ,  in Fama and French (1993) three factor model 
, , , , , , , , , , , , ,  run for daily data for each firm in the sample.  Average 

residual value represents the average ,  for each firm in each corresponding calendar year, with variance calculated as per convention.  Excess 

skewness is calculated as ∑ ,  while excess kurtosis is calculation as ∑ ,

.  The Jarque-Berra Statistic is calculated as  as is a measure of the overall level of non-normality 
in the distribution. 
 

 

2003 2004 2005 2006 2007 2008 Average
Number of Firms 3,882 3,950 4,046 4,108 4,154 3,471 3,935
Average Residual Value -0.00136 -0.00005 -0.00029 -0.00129 -0.00060 -0.00046 -0.00068
Variance of Residuals 0.0013 0.0009 0.0008 0.0007 0.0008 0.0023 0.0011
Excess Skewness of Residuals 0.0023 0.0021 0.0020 0.0019 0.0019 0.0016 0.0020
Excess Kurtosis of Residuals 8.15 9.02 10.27 9.95 10.41 8.43 9.41
Jarque-Berra Statistic of Residuals 2,731 3,318 3,720 3,774 4,192 2,511 3,405
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residuals.  Neither data source shows a recognizable time-series pattern for kurtosis, but both 

show that kurtosis is at its lowest level in the first year of the study, and peaks in calendar years 

2005 and 2007.  As with variance, the numerical values associated with the levels for skewness 

and kurtosis for the residuals are highly similar to those evidenced for the gross daily returns in 

Table 1. 

 The examination of the daily Fama and French (1993) three factor residuals above shows 

that the distribution of the residuals is highly congruent with that of the gross daily returns.  As 

such, it is felt that controlling for overall market risk, along with size and value risk, adds no 

econometric or economic value to the objectives of the current study.  Therefore, it is believed 

that the use of unadjusted gross daily returns is sufficient for the current study, even under the 

drastically changing market conditions characterizing the current sample period. 

9.2 Firm Size and Analyst Coverage 

 The summary statistics presented in Table 2, along with the correlation matrix of Table 3, 

indicate that there is a relationship between firm size and analyst coverage.  The testing 

procedures represented by Equation (39) attempt to control for size with the inclusion of two size 

control variables, namely the natural log of the firm’s average annual market capitalization and 

the natural log of total assets.  However, in order to completely distinguish between the 

relationship that firm size and analyst coverage have with the moments of the return distribution, 

additional testing is warranted.   

Firm Size and Analyst Coverage: Multivariate Robustness Testing 

A multivariate approach is first undertaken to more clearly distinguish between the 

relationship that firm size and analyst coverage have on the moments of the return distribution.  

This robustness test involves first grouping firms into size deciles based on market capitalization 

and total assets.  Subsequently, within each of these size deciles, the regression represented by 

Equation (39) is again performed under the parameters of the Forward Stepwise Regression.  The 

results of this robustness testing are found in Tables 22 through 26.   

168 
 



Table 22: Multivariate Forward Stepwise Regression by Size Decile - Return 

This table represents the regression results for ln # ∑ , run for 
the sample period of 2003 through 2008 under the parameters of a Forward Stepwise Regression.  In this instance,  is the return on 
security i, inclusive of distributions.  The Forward Stepwise Regression begins with an ‘empty’ regression (i.e., no independent variables) and adds 
explanatory variables, which meet the threshold statistical cutoff value (p-value of 0.10), one at a time until either the original model is attained, or 
no additional variables meet the cutoff threshold.  Prior to running the regressions, firms are first grouped into deciles based on size, with firms 
grouped on market capitalization found in Panel A and total assets found in Panel B.  Panel A contains the results using market capitalization as 
the size control variable while Panel B contains the results using total assets as the size control variable within the regression.  Each return moment 
in each decile is subject to two regressions, the first of which uses volume as the liquidity control variable and the second which uses relative bid-
ask spread as the liquidity control variable, with the grayed out section representing the missing liquidity variable in each corresponding 
regression.  Within each regression result, coefficient values are found on the top line and p-values are found in brackets beneath the 
corresponding coefficient values. The horizontal dashed lines, ‘---‘, indicate that the variable has been dropped from the Forward Stepwise 
Regression as a result of not meeting the cutoff threshold p-value of 0.10. Total number of observations per decile is 2,361.   
 

 
 

Panel A α ln(Market Cap) # Analysts Factor Volume Relative Spread
0.0027819 0.000041 -0.000536 --- 0.002709

(0.000) (0.042) (0.000) --- (0.000)
0.009104 0.000118 -0.000381 --- 0.030586
(0.000) (0.000) (0.002) --- (0.000)

0.003004 --- -0.000257 --- 0.000933
(0.000) --- (0.000) --- (0.000)
0.00278 --- -0.000223 --- 0.014752
(0.000) --- (0.000) --- (0.003)

-0.002871 .000551 --- -0.000035 0.000262
(0.362) (0.045) --- (0.000) (0.024)

-0.004944 0.000711 --- -0.000308 0.018616
(0.126) (0.011) --- (0.000) (0.006)

-0.007136 0.000846 --- -0.000027 ---
(0.043) (0.004) --- (0.000) ---

-0.00966 0.001032 --- -0.000025 0.030277
(0.008) (0.001) --- (0.000) (0.002)

Size Decile One

Size Decile Two

Size Decile Three

Size Decile Four
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Table 22: Multivariate Forward Stepwise Regression by Size Decile – Return (continued) 

 
  

Panel A Dummy '04 Dummy '05 Dummy '06 Dummy '07 Dummy '08 Adjusted R2

-0.001678 -0.002773 -0.00264 -0.003539 -0.00412 0.2409
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.001398 -0.002389 -0.002149 -0.003234 -0.005105 0.279
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.001756 -0.00283 -0.002422 -0.003425 -0.004875 0.2733
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.001735 -0.002798 -0.002374 -0.003424 -0.005198 0.2686
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.002188 -0.003133 -0.002623 -0.003535 -0.005295 0.3256
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.002155 -0.003095 -0.002572 -0.00349 -0.005462 0.3263
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.001915 -0.00246 -0.002066 -0.003093 -0.003905 0.2681
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.001869 -0.002393 -0.001982 -0.00304 -0.003946 0.2707
(0.000) (0.000) (0.000) (0.000) (0.000)

Size Decile One

Size Decile Two

Size Decile Three

Size Decile Four
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Table 22: Multivariate Forward Stepwise Regression by Size Decile – Return (continued) 

Panel A α ln(Market Cap) # Analysts Factor Volume Relative Spread
-0.00603 0.000699 0.000117 -0.000033 ---
(0.105) (0.019) (0.008) (0.000) ---

-0.00603 0.000699 0.000117 -0.000033 ---
(0.105) (0.019) (0.008) (0.000) ---

0.002434 --- 0.000206 -0.000041 -0.00033
(0.000) --- (0.000) (0.000) (0.000)

0.002381 --- 0.000192 -0.000040 ---
(0.000) (0.000) (0.000) (0.000) ---

0.002178 --- 0.00016 -0.00003 ---
(0.000) --- (0.000) --- ---

0.002177 --- 0.000160 -0.000030 ---
(0.000) --- (0.000) (0.000) ---

-0.003641 0.000411 0.000116 -0.000021 ---
(0.129) (0.016) (0.000) (0.000) ---

-0.003641 0.000411 0.000116 -0.000021 ---
(0.129) (0.016) (0.000) (0.000) ---

0.001978 --- 0.000069 -0.000011 -0.000016
(0.000) --- (0.000) (0.000) (0.097)
0.00197 --- 0.000070 -0.000011 ---
(0.000) --- (0.000) (0.000) ---

0.001383 --- --- --- ---
(0.000) --- --- --- ---

-0.000048 0.000101 0.000060 -0.000007 -0.078026
(0.942) (0.011) (0.000) (0.000) (0.051)

Size Decile Five

Size Decile Ten

Size Decile Six

Size Decile Seven

Size Decile Eight

Size Decile Nine
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Table 22: Multivariate Forward Stepwise Regression by Size Decile – Return (continued) 

 
  

Panel A Dummy '04 Dummy '05 Dummy '06 Dummy '07 Dummy '08 Adjusted R2

-0.00154 -0.002097 -0.001506 -0.002561 -0.003399 0.2207
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.00154 -0.002097 -0.001506 -0.002561 -0.003399 0.2207
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.001134 -0.001694 -0.001222 -0.002244 -0.00284 0.2135
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.001123 -0.001686 -0.001209 -0.002238 -0.002865 0.2077
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.000808 -0.001343 -0.001078 -0.002022 -0.002904 0.2383
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.000808 -0.001343 -0.001078 -0.002022 -0.002904 0.2383
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.001008 -0.001479 -0.001109 -0.001683 -0.002903 0.2405
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.001008 -0.001479 -0.001109 -0.001683 -0.002903 0.2405
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.000828 -0.001176 -0.001012 -0.001473 -0.0029446 0.3056
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.000826 -0.001172 -0.001011 -0.001475 -0.00296 0.3051
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.000629 -0.000825 -0.000639 -0.000904 -0.002562 0.3198
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.000746 -0.000944 -0.000776 -0.001026 -0.002679 0.3255
(0.000) (0.000) (0.000) (0.000) (0.000)

Size Decile Five

Size Decile Ten

Size Decile Six

Size Decile Seven

Size Decile Eight

Size Decile Nine
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Table 22: Multivariate Forward Stepwise Regression by Size Decile – Return (continued) 

 
 

Panel B α ln(Assets) # Analysts Factor Volume Relative Spread
0.003911 -0.000204 -0.000456 --- 0.002360
(0.000) (0.000) (0.000) --- (0.000)

0.002842 -0.000190 -0.000282 --- 0.025325
(0.000) (0.000) (0.020) -- (0.000)

0.003809 -0.000176 -0.000637 0.000085 0.000844
(0.000) (0.000) (0.000) (0.000) (0.000)

0.003693 -0.000205 -0.000622 0.000089 0.015554
(0.000) (0.000) (0.000) (0.010) (0.002)

0.004470 -0.000207 -0.000252 0.000020 ---
(0.000) (0.000) (0.015) (0.328) ---

0.004246 -0.000208 -0.000238 0.000021 0.015641
(0.000) (0.000) (0.021) (0.319) (0.018)

0.004564 -0.000277 -0.000248 0.00002 ---
(0.000) (0.000) (0.004) (0.197) ---

0.004331 -0.000280 -0.000240 0.000021 0.024454
(0.000) (0.000) (0.000) (0.177) (0.012)

0.004053 -0.000233 -0.000120 -0.000008 ---
(0.000) (0.000) (0.098) (0.508) ---

0.004053 -0.000232 -0.000112 0.000008 ---
(0.000) (0.000) (0.098) (0.508) ---

Size Decile One

Size Decile Five

Size Decile Two

Size Decile Three

Size Decile Four
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Table 22: Multivariate Forward Stepwise Regression by Size Decile – Return (continued) 

 
  

Panel B Dummy '04 Dummy '05 Dummy '06 Dummy '07 Dummy '08 Adjusted R2

-0.001662 -0.002735 -0.002605 -0.003505 -0.004016 0.2500
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.001428 -0.002400 -0.002188 -0.003240 -0.004841 0.2776
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.001788 -0.002871 -0.002442 -0.003446 -0.004862 0.2777
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.001770 -0.002842 -0.002390 -0.003443 -0.005189 0.2747
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.002203 -0.003146 -0.002764 -0.003559 -0.005313 0.3283
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.002168 -0.003107 -0.002623 -0.003516 -0.004427 0.3296
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.001955 -0.002470 -0.002107 -0.003143 -0.003905 0.2735
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.001919 -0.002413 -0.002041 -0.003103 -0.003940 0.2752
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.001518 -0.002077 -0.001465 -0.002534 -0.003385 0.2251
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.001518 -0.002077 -0.001465 -0.002534 -0.003385 0.2251
(0.000) (0.000) (0.000) (0.000) (0.000)

Size Decile One

Size Decile Five

Size Decile Two

Size Decile Three

Size Decile Four
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Table 22: Multivariate Forward Stepwise Regression by Size Decile – Return (continued) 

 
  

Panel B α ln(Assets) # Analysts Factor Volume Relative Spread
0.002434 --- 0.000206 -0.000041 -0.000330
(0.000) --- (0.000) (0.000) (0.000)

0.002381 --- 0.000192 -0.000040 ---
(0.000) --- (0.000) (0.000) ---

0.004123 -0.000281 -0.000044 --- ---
(0.000) (0.000) (0.000) --- ---

0.004123 -0.000281 -0.000044 --- ---
(0.000) (0.000) (0.000) --- ---

0.003843 -0.000228 -0.000034 --- ---
(0.000) (0.000) (0.000) --- ---

0.003843 -0.000228 -0.000034 --- ---
(0.000) (0.000) (0.000) --- ---

0.002928 -0.000117 --- -0.000002 -0.000016
(0.000) (0.000) --- (0.000) (0.082)

0.002924 -0.000118 --- -0.000003 ---
(0.000) (0.000) --- (0.000) ---

0.002208 -0.000086 --- --- -0.000009
(0.000) (0.000) --- --- (0.001)

0.002518 -0.000101 --- --- -0.102577
(0.000) (0.000) --- --- (0.006)

Size Decile Nine

Size Decile Ten

Size Decile Six

Size Decile Seven

Size Decile Eight
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Panel B Dummy '04 Dummy '05 Dummy '06 Dummy '07 Dummy '08 Adjusted R2

-0.001134 -0.001694 -0.001222 -0.002244 -0.001840 0.2135
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.001123 -0.001686 -0.001209 -0.002238 -0.002865 0.2077
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.000825 -0.001365 -0.001103 -0.002054 -0.002913 0.2439
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.000825 -0.001365 -0.001103 -0.002054 -0.002913 0.2439
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.001011 -0.001492 -0.001123 -0.001704 -0.002920 0.2443
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.001011 -0.001492 -0.001123 -0.001704 -0.002920 0.2443
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.000824 -0.001171 -0.001011 -0.001471 -0.002940 0.3096
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.000823 -0.001167 -0.001011 -0.001473 -0.002955 0.3063
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.000637 -0.000838 -0.000653 -0.000921 -0.002576 0.3265
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.000780 -0.000975 -0.000802 -0.001038 -0.002678 0.3258
(0.000) (0.000) (0.000) (0.000) (0.000)

Size Decile Nine

Size Decile Ten

Size Decile Six

Size Decile Seven

Size Decile Eight

Table 22: Multivariate Forward Stepwise Regression by Size Decile – Return (continued) 
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Looking first at Table 22, which represents the above testing procedure utilizing the first 

moment of the return distribution as the dependent variable, it can be seen that, despite the 

additional controls on firm size, there remains a relationship between analyst following and return 

for nearly all size deciles in Panel A and Panel B.  The one exception is for the largest decile of 

firms, with the regression utilizing volume as the liquidity control variable in Panel A and both 

regressions in Panel B dropping both the #  and  variables from the output.  

Looking at the direct relationship between analyst following and the first moment of the return 

distribution, represented by the #  term, it can be seen that, in Panel A, the coefficient is 

negative for the two smallest firm deciles and, with one exception, positive for all regressions in 

deciles five through ten.  This indicates that, for firms with a relatively small (large) market 

capitalization, a larger analyst following reduces (increases) the average daily return.  For deciles 

formed on total assets, however, the coefficient is negative in 16 of the 18 cases in which it is 

significant, indicating that a larger analyst following reduces daily return, except for the largest of 

firms, in which there is no directly relationship between firm size and analyst following.  These 

results support the multivariate results presented in Tables 12 through 14 which suggest that there 

is, in general, both a direct and indirect relationship between analyst following and the first 

moment of the return distribution, even after controlling for firm size.  In terms of model fit, the 

average adjusted R2 is higher for the regressions run within each of the size deciles compared 

with those run for the overall sample, indicating that the regression performed in the robustness 

section represents a better fitted model than those of Table 13.   

Table 23 presents the results of the multivariate robustness testing using variance as the 

dependent variable.  As with the first moment of the return distribution, the results again suggest 

that, for the majority of the size deciles, there exists a relationship, either direct or indirect, 

between analyst coverage and the second moment of the return distribution.  In Panel A of Table 

23, eleven of the 20 regressions indicate a direct relationship between analyst following and 

variance of returns, with all eleven coefficients exhibiting a positive sign, indicating that, after  
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Table 23: Multivariate Forward Stepwise Regression by Size Decile - Variance 

This table represents the regression results for ln # ∑ , run for 
the sample period of 2003 through 2008 under the parameters of a Forward Stepwise Regression.  In this instance,  is the variance of 
returns for security i, as conventionally defined.  The Forward Stepwise Regression begins with an ‘empty’ regression (i.e., no independent 
variables) and adds explanatory variables, which meet the threshold statistical cutoff value (p-value of 0.10), one at a time until either the original 
model is attained, or no additional variables meet the cutoff threshold.  Prior to running the regressions, firms are first grouped into deciles based 
on size, with firms grouped on market capitalization found in Panel A and total assets found in Panel B.  Panel A contains the results using market 
capitalization as the size control variable while Panel B contains the results using total assets as the size control variable within the regression.  
Each return moment in each decile is subject to two regressions, the first of which uses volume as the liquidity control variable and the second 
which uses relative bid-ask spread as the liquidity control variable, with the grayed out section representing the missing liquidity variable in each 
corresponding regression.  Within each regression result, coefficient values are found on the top line and p-values are found in brackets beneath 
the corresponding coefficient values. The horizontal dashed lines, ‘---‘, indicate that the variable has been dropped from the Forward Stepwise 
Regression as a result of not meeting the cutoff threshold p-value of 0.10. Total number of observations per decile is 2,361.   
 

 
 

Panel A α ln(Market Cap) # Analysts Factor Volume Relative Spread
0.002147 0.000078 --- --- 0.011614
(0.000) (0.013) --- --- (0.000)

-0.003613 0.000341 --- --- 0.094708
(0.000) (0.000) --- --- (0.000)

0.009555 -0.000773 0.007512 -0.000680 0.005096
(0.008) (0.021) (0.016) (0.018) (0.000)

-0.000110 --- 0.000276 --- ---
(0.008) --- (0.000) --- ---

0.000867 --- 0.007398 -0.000633 0.001968
(0.000) --- (0.000) (0.000) (0.000)

0.000344 --- 0.005478 -0.000458 0.054189
(0.000) --- (0.006) (0.007) (0.000)

0.000928 --- 0.000028 --- 0.001622
(0.000) --- (0.026) --- (0.000)

-0.004354 0.000402 --- 0.000001 0.066941
(0.108) (0.073) --- (0.000) (0.000)

Size Decile One

Size Decile Two

Size Decile Three

Size Decile Four
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Table 23: Multivariate Forward Stepwise Regression by Size Decile - Variance (continued) 

 
  

Panel A Dummy '04 Dummy '05 Dummy '06 Dummy '07 Dummy '08 Adjusted R2

-0.000768 -0.001046 -0.001425 -0.001262 0.003038 0.1578
(0.004) (0.000) (0.000) (0.000) (0.000)

--- --- --- -0.000422 --- 0.2937
--- --- --- (0.081) ---
--- --- --- --- 0.001970 0.1682
--- --- --- --- (0.000)
--- --- --- --- --- 0.0983
--- --- --- --- ---
--- --- --- --- 0.002530 0.1140
--- --- --- --- (0.000)
--- --- --- --- 0.001931 0.0789
--- --- --- --- (0.000)
--- -0.000340 -0.000267 -0.000236 0.002455 0.3573
--- (0.000) (0.000) (0.000) (0.000)
--- -0.000168 --- --- 0.002409 0.2868
--- (0.066) --- --- (0.000)

Size Decile One

Size Decile Two

Size Decile Three

Size Decile Four
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Table 23: Multivariate Forward Stepwise Regression by Size Decile - Variance (continued) 

 
  

Panel A α ln(Market Cap) # Analysts Factor Volume Relative Spread
0.009421 -0.000673 --- --- 0.000728
(0.000) (0.000) --- --- (0.000)

0.000472 --- 0.001270 -0.000098 0.076748
(0.000) --- (0.005) (0.006) (0.000)
0.01029 -0.000771 --- --- 0.000948
(0.000) (0.000) --- --- (0.000)

0.000250 --- 0.001232 -0.000091 0.099076
(0.000) --- (0.000) (0.000) (0.000)

0.005422 -0.000372 --- --- 0.000650
(0.000) (0.000) --- --- (0.000)

-0.000001 --- 0.000034 --- 0.153026
(0.912) --- (0.000) --- (0.000)

0.004082 -0.000266 --- 0.000001 0.000188
(0.000) (0.001) --- (0.002) (0.000)

0.000000 --- 0.000027 --- 0.150975
(0.994) --- (0.000) --- (0.000)

0.004837 -0.000306 --- 0.000001 0.000086
(0.000) (0.000) --- (0.000) (0.000)

0.002769 -0.000182 0.000018 --- 0.102497
(0.001) (0.001) (0.000) --- (0.000)

0.004101 -0.000237 --- --- 0.000029
(0.000) (0.000) --- --- (0.000)

0.000429 -0.000070 0.000015 --- 0.410036
(0.214) (0.001) (0.000) --- (0.000)

Size Decile Five

Size Decile Six

Size Decile Seven

Size Decile Eight

Size Decile Nine

Size Decile Ten
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Table 23: Multivariate Forward Stepwise Regression by Size Decile – Variance (continued) 

 
  

Panel A Dummy '04 Dummy '05 Dummy '06 Dummy '07 Dummy '08 Adjusted R2

-0.000128 -0.000259 -0.000296 --- 0.002008 0.3336
(0.076) (0.000) (0.000) --- (0.000)

--- --- --- 0.000158 0.002106 0.3008
--- --- --- (0.020) (0.000)
--- -0.000160 -0.000147 0.000097 0.001820 0.4453
--- (0.007) (0.013) (0.092) (0.000)
--- --- --- 0.000230 0.001937 0.3385
--- --- --- (0.000) (0.000)
--- -0.000083 --- 0.000079 0.001662 0.5531
--- (0.058) --- (0.073) (0.000)

0.000096 --- 0.000130 0.000291 0.001868 0.3726
(0.086) --- (0.023) (0.000) (0.000)

--- --- --- 0.000117 0.001554 0.4739
--- --- --- (0.002) (0.000)

0.000100 --- 0.000110 0.000193 0.001606 0.4086
(0.036) --- (0.015) (0.000) (0.000)

-0.000085 -0.000146 -0.000105 --- 0.001397 0.4733
(0.047) (0.000) (0.009) --- (0.000)

--- --- --- 0.000111 0.001523 0.4158
--- --- --- (0.003) (0.000)
--- --- --- --- 0.001491 0.3723
--- --- --- --- (0.000)

0.000478 0.000450 0.000515 0.000461 0.001830 0.3858
(0.000) (0.000) (0.000) (0.000) (0.000)

Size Decile Five

Size Decile Six

Size Decile Seven

Size Decile Eight

Size Decile Nine

Size Decile Ten
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Table 23: Multivariate Forward Stepwise Regression by Size Decile – Variance (continued) 

 
  

Panel B α ln(Assets) # Analysts Factor Volume Relative Spread
0.005815 -0.007648 --- --- 0.010111
(0.000) (0.000) --- --- (0.000)

0.002615 -0.000750 0.000552 --- 0.079534
(0.000) (0.000) (0.002) --- (0.000)

0.003047 -0.000380 --- --- 0.004828
(0.000) (0.000) --- --- (0.000)

0.002329 -0.000573 --- 0.000065 0.098038
(0.000) (0.000) --- (0.000) (0.000)

0.003106 -0.000458 --- 0.000019 0.001792
(0.000) (0.000) --- (0.016) (0.000)

0.002952 -0.000553 --- 0.000041 0.058986
(0.000) (0.000) --- (0.000) (0.000)

0.002526 -0.0002893 -0.000173 0.000036 0.001495
(0.000) (0.000) (0.004) (0.001) (0.000)

0.002632 -0.000394 -0.000185 0.000047 0.064739
(0.000) (0.000) (0.003) (0.000) (0.000)

0.002119 -0.000194 --- --- 0.000653
(0.000) (0.000) --- --- (0.000)

0.002276 -0.000312 -0.000101 0.000023 0.081152
(0.000) (0.000) (0.014) (0.001) (0.000)

Size Decile One

Size Decile Two

Size Decile Three

Size Decile Four

Size Decile Five

182 
 



Table 23: Multivariate Forward Stepwise Regression by Size Decile – Variance (continued) 

 
  

Panel B Dummy '04 Dummy '05 Dummy '06 Dummy '07 Dummy '08 Adjusted R2

-0.000722 -0.000933 -0.001312 -0.001158 0.003464 0.2206
(0.005) (0.000) (0.000) (0.000) (0.000)

--- --- --- --- 0.000882 0.3177
--- --- --- --- (0.001)
--- -0.000386 --- --- 0.002229 0.1791
--- (0.054) --- --- (0.000)
--- --- --- --- --- 0.1346
--- --- --- --- ---
--- --- --- --- 0.002711 0.1300
--- --- --- --- (0.000)
--- --- --- --- 0.002062 0.1056
--- --- --- --- (0.000)
--- -0.000348 -0.000293 -0.000257 0.002511 0.3738
--- (0.000) (0.000) (0.000) (0.000)
--- -0.000155 --- --- 0.002505 0.3188
--- (0.082) --- --- (0.000)

-0.000174 -0.000284 -0.000330 --- 0.002058 0.3523
(0.015) (0.000) (0.000) --- (0.000)

--- --- --- 0.000175 0.002181 0.3342
--- --- --- (0.000) (0.000)

Size Decile One

Size Decile Two

Size Decile Three

Size Decile Four

Size Decile Five
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Table 23: Multivariate Forward Stepwise Regression by Size Decile – Variance (continued) 

 
 

Panel B α ln(Assets) # Analysts Factor Volume Relative Spread
0.001105 -0.000082 --- --- 0.000916
(0.000) (0.000) --- --- (0.000)

0.001010 -0.000121 0.000040 --- 0.106959
(0.000) (0.000) (0.000) --- (0.000)

0.000837 -0.000049 -0.000007 --- 0.000650
(0.000) (0.002) (0.052) --- (0.000)

0.000756 -0.000111 -0.000023 -0.000008 0.157672
(0.003) (0.003) (0.437) (0.060) (0.000)

0.001638 -0.000179 -0.000113 0.000017 0.000185
(0.000) (0.000) (0.000) (0.000) (0.000)

0.001816 -0.000252 -0.000137 0.000023 0.162856
(0.000) (0.000) (0.000) (0.000) (0.000)
0.00297 --- -0.000007 --- 0.000083
(0.000) --- (0.002) --- (0.000)

0.000059 --- 0.000017 --- 0.105966
(0.136) --- (0.000) --- (0.000)

0.000310 --- --- -0.000006 0.000020
(0.000) --- --- (0.032) (0.000)

-0.000708 --- 0.000012 --- 0.428588
(0.000) --- (0.000) --- (0.000)

Size Decile Nine

Size Decile Ten

Size Decile Six

Size Decile Seven

Size Decile Eight
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Panel B Dummy '04 Dummy '05 Dummy '06 Dummy '07 Dummy '08 Adjusted R2

--- -0.000165 -0.00016 0.000095 0.001834 0.4423
--- (0.006) (0.007) (0.102) (0.000)
--- --- --- 0.000229 0.001964 0.3436
--- --- --- (0.000) (0.000)

-0.000094 -0.000163 -0.000118 --- 0.001598 0.5531
(0.045) (0.000) (0.013) --- (0.000)

0.000097 --- 0.000128 0.000284 0.001875 0.3750
(0.084) --- (0.025) (0.000) (0.000)

--- --- --- 0.000114 0.001560 0.4800
--- --- --- (0.002) (0.000)

0.000104 --- 0.000113 0.000188 0.001603 0.4252
(0.027) --- (0.011) (0.000) (0.000)

-0.000079 -0.000149 -0.000107 --- 0.001400 0.4663
(0.066) (0.000) (0.008) --- (0.000)

--- --- --- 0.000105 0.001520 0.4134
--- --- --- (0.005) (0.000)
--- --- --- --- 0.001518 0.3414
--- --- --- --- (0.000)

0.000505 0.000474 0.000536 0.000470 0.001832 0.3831
(0.000) (0.000) (0.000) (0.000) (0.000)

Size Decile Nine

Size Decile Ten

Size Decile Six

Size Decile Seven

Size Decile Eight

Table 23: Multivariate Forward Stepwise Regression by Size Decile – Variance (continued) 
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controlling for the other variables in the multivariate model, an increase in analyst following is 

associated with an increase in return dispersion.  The results in Panel B are similar to those of 

Panel A, with the exception that the #  coefficient is more likely to exhibit a negative 

sign in the latter panel than the former.  However, the  variable is more likely to be 

positive than in Panel A, indicating that a change in the size control variable impacts not only the 

direct relationship between analyst following and the second moment of the return distribution 

but also the indirect relationship.  As in Table 22, the model fit appears superior under the 

parameters of the robustness tests, as the average adjusted R2 is larger than for the corresponding 

regressions in Table 13.   

Support was offered in each of Tables 12 through 14 to suggest that there exists a 

relationship between analyst coverage and the third moment of the return distribution.  The 

multivariate regression results presented in Table 24 support the existence of this relationship.  

Looking first at the regressions which utilize the natural log of market capitalization as the size 

control variable, the results of which are found in Panel A of Table 24, it can be seen that in eight 

of the ten size deciles, analyst coverage is either directly or indirectly related to skewness.  In all 

instances where there is a statistically significant direct relationship between the number of 

analysts following a firm and the third moment of the distribution, the coefficient value is found 

to be negative, indicating that, ceteris paribus, an increase in analyst coverage results in a 

reduction in return skewness.  This result is also found in Panel B of Table 24, as is evidenced by 

a negative coefficient value on all statistically significant #  variables.  As in Panel A, it 

can be seen in Panel B that eight of the ten deciles show evidence of a statistically significant 

#  coefficient and/or  coefficient.  Unlike with the multivariate robustness 

testing for the first two moments of the return distribution performed above, the model fit, as per 

the adjusted R2, shows that the model using the full sample period is superior to that of the one 

that performs the regression of Equation (39) within the various size deciles.  This indicates that 

while the results for the relationship between the third moment of the distribution and analyst  
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Table 24: Multivariate Forward Stepwise Regression by Size Decile - Skewness 

This table represents the regression results for ln # ∑ , run for 
the sample period of 2003 through 2008 under the parameters of a Forward Stepwise Regression.  In this instance,  is the skewness of 
returns for security i, as calculated as ∑ , .  The Forward Stepwise Regression begins with an ‘empty’ regression 

(i.e., no independent variables) and adds explanatory variables, which meet the threshold statistical cutoff value (p-value of 0.10), one at a time 
until either the original model is attained, or no additional variables meet the cutoff threshold.  Prior to running the regressions, firms are first 
grouped into deciles based on size, with firms grouped on market capitalization found in Panel A and total assets found in Panel B.  Panel A 
contains the results using market capitalization as the size control variable while Panel B contains the results using total assets as the size control 
variable within the regression.  Each return moment in each decile is subject to two regressions, the first of which uses volume as the liquidity 
control variable and the second which uses relative bid-ask spread as the liquidity control variable, with the grayed out section representing the 
missing liquidity variable in each corresponding regression.  Within each regression result, coefficient values are found on the top line and p-
values are found in brackets beneath the corresponding coefficient values. The horizontal dashed lines, ‘---‘, indicate that the variable has been 
dropped from the Forward Stepwise Regression as a result of not meeting the cutoff threshold p-value of 0.10. Total number of observations per 
decile is 2,361.   
 

 
  

Panel A α ln(Market Cap) # Analysts Factor Volume Relative Spread
0.003227 0.000202 --- --- 0.011779
(0.000) (0.001) --- --- (0.000)

0.001183 0.000330 --- --- 0.035174
(0.097) (0.000) --- --- (0.000)

0.015497 -0.001097 --- -0.000042 0.005345
(0.019) (0.076) --- (0.001) (0.000)

0.003095 --- --- -0.000027 0.070921
(0.000) --- --- (0.038) (0.000)

0.003504 --- --- -0.000031 0.002285
(0.000) --- --- (0.000) (0.000)

0.002896 --- --- -0.000022 0.054007
(0.000) --- --- (0.001) (0.002)

0.002096 --- --- -0.000023 0.001222
(0.000) --- --- (0.000) (0.000)

0.001261 --- -0.000199 --- 0.122747
(0.000) --- (0.000) --- (0.000)

Size Decile One

Size Decile Two

Size Decile Three

Size Decile Four
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Table 24: Multivariate Forward Stepwise Regression by Size Decile – Skewness (continued) 

 
  

Panel A Dummy '04 Dummy '05 Dummy '06 Dummy '07 Dummy '08 Adjusted R2

0.000908 --- -0.000966 -0.002094 --- 0.0363
(0.055) --- (0.065) (0.000) ---

0.001037 --- --- -0.001993 -0.001768 0.0228
(0.029) --- --- (0.000) (0.004)

--- -0.000716 --- --- --- 0.0432
--- (0.088) --- --- ---
--- -0.000937 --- -0.000817 -0.002433 0.0162
--- (0.035) --- (0.066) (0.000)
--- -0.001218 -0.001094 -0.001201 0.0002450 0.0313
--- (0.003) (0.009) (0.003) (0.576)
--- -0.001082 -0.000980 -0.001086 --- 0.0165
--- (0.007) (0.017) (0.006) ---
--- --- --- --- 0.001430 0.0204
--- --- --- --- (0.000)
--- --- --- --- 0.001071 0.0239
--- --- --- --- (0.003)

Size Decile One

Size Decile Two

Size Decile Three

Size Decile Four
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Table 24: Multivariate Forward Stepwise Regression by Size Decile – Skewness (continued) 

 
 

Panel A α ln(Market Cap) # Analysts Factor Volume Relative Spread
0.002084 --- --- -0.000016 0.000595
(0.000) --- -- (0.000) (0.076)

0.002116 --- --- -0.000015 ---
(0.000) --- --- (0.000) ---

0.000853 --- --- --- ---
(0.000) --- --- --- ---

0.000853 --- --- --- ---
(0.000) --- --- --- ---

0.001323 --- -0.000075 --- ---
(0.000) --- (0.009) --- ---

0.001323 --- -0.000075 --- ---
(0.000) --- (0.009) --- ---

0.001305 --- -0.001621 0.000109 ---
(0.000) --- (0.058) (0.070) ---

0.000862 --- -0.001654 0.000112 0.171762
(0.007) --- (0.053) (0.062) (0.030)

0.001612 --- -0.000061 --- ---
(0.000) --- (0.003) --- ---

0.001612 --- -0.000061 --- ---
(0.000) --- (0.003) --- ---

0.001171 --- --- -0.000005 ---
(0.000) --- --- (0.040) ---

0.001171 --- --- -0.000002 ---
(0.000) --- --- (0.040) ---

Size Decile Five

Size Decile Six

Size Decile Seven

Size Decile Eight

Size Decile Nine

Size Decile Ten
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Table 24: Multivariate Forward Stepwise Regression by Size Decile – Skewness (continued) 

 
  

Panel A Dummy '04 Dummy '05 Dummy '06 Dummy '07 Dummy '08 Adjusted R2

--- --- --- --- --- 0.0067
--- --- --- --- ---
--- --- --- --- --- 0.0058
--- --- --- --- ---
--- --- --- --- --- 0.0000
--- --- --- --- ---
--- --- --- --- --- 0.0000
--- --- --- --- ---
--- --- --- --- --- 0.0025
--- --- --- --- ---
--- --- --- --- --- 0.0025
--- --- --- --- ---
--- --- 0.000516 0.000732 --- 0.0070
--- --- (0.081) (0.016) ---
--- --- 0.000658 0.000810 --- 0.0085
--- --- (0.030) (0.008) ---

-0.000603 0.000605 0.001027 --- --- 0.0102
(0.089) (0.079) (0.002) --- ---

-0.000603 0.000605 0.001027 --- --- 0.0102
(0.089) (0.079) (0.002) --- ---

--- --- --- -0.000619 0.000740 0.0078
--- --- --- (0.013) (0.007)
--- --- --- -0.000619 0.000740 0.0078
--- --- --- (0.013) (0.007)

Size Decile Five

Size Decile Six

Size Decile Seven

Size Decile Eight

Size Decile Nine

Size Decile Ten
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Table 24: Multivariate Forward Stepwise Regression by Size Decile – Skewness (continued) 

 
  

Panel B α ln(Assets) # Analysts Factor Volume Relative Spread
0.003227 0.000202 --- --- 0.011779
(0.000) (0.001) --- --- (0.000)

0.001183 0.000330 --- --- 0.035174
(0.097) (0.000) --- --- (0.000)

0.015497 -0.001097 --- -0.000042 0.005345
(0.019) (0.076) --- (0.001) (0.000)

0.003095 --- --- -0.000027 0.070921
(0.000) --- --- (0.038) (0.000)

0.003504 --- --- -0.000031 0.002285
(0.000) --- --- (0.000) (0.000)

0.002896 --- --- -0.000022 0.054007
(0.000) --- --- (0.001) (0.002)

0.002096 --- --- -0.000023 0.001222
(0.000) --- --- (0.000) (0.000)

0.001261 --- -0.000199 --- 0.122747
(0.000) --- (0.000) --- (0.000)

0.002028 --- --- -0.000016 ---
(0.000) --- --- (0.000) ---

0.002116 --- --- -0.000015 ---
(0.000) --- --- (0.000) ---

Size Decile One

Size Decile Two

Size Decile Three

Size Decile Four

Size Decile Five
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Table 24: Multivariate Forward Stepwise Regression by Size Decile – Skewness (continued) 

 
  

Panel B Dummy '04 Dummy '05 Dummy '06 Dummy '07 Dummy '08 Adjusted R2

0.000908 --- -0.000966 -0.002094 --- 0.0363
(0.055) --- (0.065) (0.000) ---

0.001037 --- --- -0.0019932 -0.001768 0.0228
(0.029) --- --- (0.000) (0.004)

--- -0.000716 --- --- --- 0.0432
--- (0.088) --- --- ---
--- -0.000937 --- -0.000817 -0.002433 0.0162
--- (0.035) --- (0.066) (0.000)
--- -0.001218 -0.001094 -0.001201 0.000250 0.0313
--- (0.003) (0.009) (0.003) (0.000)
--- -0.001082 -0.000980 -0.001086 --- 0.0165
--- (0.007) (0.017) (0.006) ---
--- --- --- --- 0.001530 0.0204
--- --- --- --- (0.000)
--- --- --- --- --- 0.0239
--- --- --- --- ---
--- --- --- --- --- 0.0067
--- --- --- --- ---
--- --- --- --- --- 0.0058
--- --- --- --- ---

Size Decile One

Size Decile Two

Size Decile Three

Size Decile Four

Size Decile Five
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Table 24: Multivariate Forward Stepwise Regression by Size Decile – Skewness (continued) 

 
  

Panel B α ln(Assets) # Analysts Factor Volume Relative Spread
0.000853 --- --- --- ---
(0.000) --- --- --- ---

0.000853 --- --- --- ---
(0.000) --- --- --- ---

0.001323 --- -0.000075 --- ---
(0.000) --- (0.000) --- ---

0.001323 --- -0.000075 --- ---
(0.000) --- (0.000) --- ---

0.001305 --- -0.001612 0.000109 ---
(0.000) --- (0.058) (0.070) ---

0.000862 --- -0.001654 0.000112 0.171762
(0.007) --- (0.053) (0.062) (0.030)

0.001612 --- -0.000061 --- ---
(0.000) --- (0.003) --- ---

0.001612 --- -0.000061 --- ---
(0.000) --- (0.003) --- ---

0.001171 --- --- -0.000002 ---
(0.000) --- --- (0.040) ---

0.001171 --- --- -0.000002 ---
(0.000) --- --- (0.040) ---

Size Decile Nine

Size Decile Ten

Size Decile Six

Size Decile Seven

Size Decile Eight

193 
 



Panel B Dummy '04 Dummy '05 Dummy '06 Dummy '07 Dummy '08 Adjusted R2

--- --- --- --- --- 0.0000
--- --- --- --- ---
--- --- --- --- --- 0.0000
--- --- --- --- ---
--- --- --- --- --- 0.0025
--- --- --- --- ---
--- --- --- --- --- 0.0025
--- --- --- --- ---
--- --- 0.000516 0.000732 --- 0.0070
--- --- (0.081) (0.016) ---
--- --- 0.000658 0.000810 --- 0.0085
--- --- (0.030) (0.008) ---

-0.006027 0.000605 0.001027 --- --- 0.0102
(0.089) (0.079) (0.002) --- ---

-0.000603 0.000605 0.001027 --- --- 0.0103
(0.089) (0.079) (0.002) --- ---

--- --- --- -0.00619 0.000740 0.0078
--- --- --- (0.013) (0.000)
--- --- --- -0.000619 0.000740 0.0078
--- --- --- (0.013) (0.007)

Size Decile Nine

Size Decile Ten

Size Decile Six

Size Decile Seven

Size Decile Eight

Table 24: Multivariate Forward Stepwise Regression by Size Decile – Skewness (continued) 
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coverage are supported by the robustness testing offered in this section, the original model 

performed on the full sample is a more accurate model of the relationship.  

It is also observed from Table 24 that there is no evidence of a relationship between 

analyst following and return skewness for the smallest decile of firms, as measured by both 

market capitalization and total assets.  This result is not surprising.  A look at the summary 

statistics by size decile, presented in Table 2, indicates that the smallest decile of firms has, on 

average, an analyst following of 0.64 analysts.  As such, these small firms have little analyst 

coverage, making the argument for a relationship between the distribution of returns and such 

coverage difficult to make.   

Consistent with the results of Chapter 8, there is some evidence to suggest that there 

exists a relationship between analyst coverage and the fourth moment of the return distribution, 

but this evidence is not conclusive.  Looking first at Panel A of Table 25, it can be seen that only 

six of the 20 regressions produce significant coefficients associated with analyst coverage, 

namely #  and .   Panel B shows that seven of the 20 regressions produce 

statistically significant coefficients on one or both of the analyst coverage variables.  As with the 

skewness regression of Table 24, there is no statistical relationship found between return kurtosis 

and analyst coverage for smaller firms in the sample.  In fact, for kurtosis there is no relationship 

observed for the three smallest deciles under both size measures.  Unlike the skewness regression, 

however, the results of Table 25 outperform those presented in Table 13 in terms of model fit, 

with the former having a higher average adjusted R2 per table panel compared with those found in 

Table 13. 

A number of interesting observations can be drawn from Table 25.  First, it appears that 

the prior evidenced relationships between analyst coverage and return kurtosis is driven by 

medium sized firms, found mainly within deciles four through seven.  With only a single 

exception, all twelve regressions performed for deciles one through three and eight through ten  
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Table 25: Multivariate Forward Stepwise Regression by Size Decile - Kurtosis 

This table represents the regression results for ln # ∑ , run for 
the sample period of 2003 through 2008 under the parameters of a Forward Stepwise Regression.  In this instance,  is the excess 
kurtosis of returns for security i, as calculated as ∑ , .  The Forward Stepwise Regression begins 

with an ‘empty’ regression (i.e., no independent variables) and adds explanatory variables, which meet the threshold statistical cutoff value (p-
value of 0.10), one at a time until either the original model is attained, or no additional variables meet the cutoff threshold.  Prior to running the 
regressions, firms are first grouped into deciles based on size, with firms grouped on market capitalization found in Panel A and total assets found 
in Panel B.  Panel A contains the results using market capitalization as the size control variable while Panel B contains the results using total assets 
as the size control variable within the regression.  Each return moment in each decile is subject to two regressions, the first of which uses volume 
as the liquidity control variable and the second which uses relative bid-ask spread as the liquidity control variable, with the grayed out section 
representing the missing liquidity variable in each corresponding regression.  Within each regression result, coefficient values are found on the top 
line and p-values are found in brackets beneath the corresponding coefficient values. The horizontal dashed lines, ‘---‘, indicate that the variable 
has been dropped from the Forward Stepwise Regression as a result of not meeting the cutoff threshold p-value of 0.10. Total number of 
observations per decile is 2,361.   
 

 
  

Panel A α ln(Market Cap) # Analysts Factor Volume Relative Spread
10.71671 --- --- --- 22.72014
(0.000) --- --- --- (0.000)

11.32782 --- --- --- ---
(0.000) --- --- --- ---
9.00468 --- --- --- 8.56438
(0.000) --- --- --- (0.000)

9.952780 --- --- --- ---
(0.000) --- --- --- ---

43.99034 -3.23010 --- --- 6.18320
(0.030) (0.068) --- --- (0.000)
7.62013 --- --- --- ---
(0.000) --- --- --- ---

42.46579 -3.05325 0.384716 --- 4.013764
(0.046) (0.083) (0.000) --- (0.000)
6.15447 --- 0.410904 --- ---
(0.000) --- (0.000) --- ---

Size Decile Four

Size Decile One

Size Decile Two

Size Decile Three
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Table 25: Multivariate Forward Stepwise Regression by Size Decile – Kurtosis (continued) 

 
  

Panel A Dummy '04 Dummy '05 Dummy '06 Dummy '07 Dummy '08 Adjusted R2

3.12970 3.06076 --- --- --- 0.0142
(0.012) (0.018) --- --- ---
3.07857 3.18945 --- --- --- 0.0034
(0.014) (0.015) --- --- ---

--- --- --- 1.72355 --- 0.0179
--- --- --- (0.081) ---
--- --- --- --- --- 0.0000
--- --- --- --- ---
--- --- --- 2.92457 2.24464 0.0327
--- --- --- (0.000) (0.015)
--- --- --- 2.88167 2.23928 0.0054
--- --- --- (0.001) (0.017)
--- --- --- 2.003424 --- 0.0213
--- --- --- (0.006) ---
--- --- --- 2.04773 --- 0.0092
--- --- --- (0.006) ---

Size Decile Four

Size Decile One

Size Decile Two

Size Decile Three
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Table 25: Multivariate Forward Stepwise Regression by Size Decile – Kurtosis (continued) 

 
 

Panel A α ln(Market Cap) # Analysts Factor Volume Relative Spread
49.35644 -3.48771 --- --- 3.58874
(0.043) (0.072) --- --- (0.000)

61.19525 -4.2451 --- --- -267.44760
(0.014) (0.032) --- --- (0.002)

-86.73429 6.92922 16.57933 -1.25302 2.78000
(0.024) (0.019) (0.003) (0.004) (0.000)

-81.568800 6.69026 16.02835 -1.20868 -349.02500
(0.035) (0.024) (0.004) (0.005) (0.004)
4.05066 --- 0.232322 --- 0.611309
(0.000) --- (0.000) --- (0.042)
6.88639 --- 0.206231 --- -465.12920
(0.000) --- (0.001) --- (0.003)
4.81994 --- --- --- 0.331886
(0.000) --- --- --- (0.012)

7.437440 --- --- --- -364.86970
(0.000) --- --- --- (0.017)
4.19054 --- --- --- ---
(0.000) --- --- --- ---
5.34876 --- --- --- -247.644
(0.000) --- --- --- (0.291)

24.94811 -1.22807 --- --- 0.066103
(0.000) (0.000) --- --- (0.010)
19.9543 -0.903764 --- --- ---
(0.000) (0.000) --- --- ---

Size Decile Ten

Size Decile Seven

Size Decile Eight

Size Decile Nine

Size Decile Five

Size Decile Six
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Table 25: Multivariate Forward Stepwise Regression by Size Decile – Kurtosis (continued) 

 
  

Panel A Dummy '04 Dummy '05 Dummy '06 Dummy '07 Dummy '08 Adjusted R2

--- 2.81474 --- 1.51288 --- 0.0224
--- (0.000) --- (0.036) ---
--- 2.19439 --- --- --- 0.0090
--- (0.002) --- --- ---
--- 2.91455 1.26536 2.84581 -1.08932 0.0403
--- (0.000) (0.084) (0.000) (0.161)
--- 2.50589 --- 2.46893 --- 0.0262
--- (0.000) --- (0.000) ---
--- 1.89280 3.26003 1.67446 -1.08520 0.0198
--- (0.011) (0.000) (0.025) (0.175)

-1.43776 --- 1.60841 --- -2.04391 0.0198
(0.040) --- (0.024) --- (0.007)
2.25585 3.3654 2.36896 2.91711 -0.294443 0.0135
(0.008) (0.000) (0.004) (0.000) (0.735)

--- 1.52905 --- 1.12278 -1.70984 0.0101
--- (0.017) --- (0.074) (0.013)

2.12991 3.12418 3.61219 3.77115 --- 0.0156
(0.005) (0.000) (0.000) (0.000) ---
1.82297 2.84150 3.29122 3.54470 --- 0.0156
(0.025) (0.000) (0.000) (0.000) ---

--- 1.45796 1.23213 --- --- 0.0117
--- (0.008) (0.021) --- ---
--- 1.355450 1.158830 --- --- 0.0093
--- (0.014) (0.029) --- ---

Size Decile Five

Size Decile Six

Size Decile Seven

Size Decile Eight

Size Decile Nine

Size Decile Ten
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Table 25: Multivariate Forward Stepwise Regression by Size Decile – Kurtosis (continued) 

 
  

Panel B α ln(Assets) # Analysts Factor Volume Relative Spread
15.35198 -1.129080 --- --- 20.101000
(0.000) (0.000) --- --- (0.000)

18.44823 -1.464760 --- --- -45.86946
(0.000) (0.000) --- --- (0.021)

13.90118 -1.024260 --- --- 7.78921
(0.000) (0.000) --- --- (0.000)

15.43725 -1.23523 --- --- ---
(0.000) (0.000) --- --- ---

10.964220 -0.842931 --- --- 5.85248
(0.000) (0.001) --- --- (0.000)

12.60150 -1.04704 --- --- ---
(0.000) (0.000) --- --- ---
5.65129 --- 0.95829 -0.114356 3.83109
(0.000) --- (0.007) (0.081) (0.000)
6.19138 --- 1.16953 -0.146589 ---
(0.000) --- (0.001) (0.026) ---

12.73322 -1.22054 --- --- 3.13096
(0.000) (0.000) --- --- (0.000)

15.98241 -1.40033 --- --- -200.22240
(0.000) (0.000) --- --- (0.018)

Size Decile Three

Size Decile Four

Size Decile Five

Size Decile One

Size Decile Two
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Table 25: Multivariate Forward Stepwise Regression by Size Decile – Kurtosis (continued) 

 
  

Panel B Dummy '04 Dummy '05 Dummy '06 Dummy '07 Dummy '08 Adjusted R2

3.01680 3.02174 --- --- --- 0.0197
(0.015) (0.020) --- --- ---
3.23075 3.25542 --- --- 3.77950 0.0138
(0.011) (0.015) --- --- (0.020)

--- --- --- --- --- 0.0230
--- --- --- --- ---
--- --- --- --- --- 0.0089
--- --- --- --- ---
--- --- --- 2.92057 2.53281 0.0362
--- --- --- (0.000) (0.006)
--- --- --- 2.82501 2.59145 0.0125
--- --- --- (0.001) (0.006)
--- --- --- 2.00127 --- 0.0213
--- --- --- (0.006) ---
--- --- --- 2.00438 --- 0.0101
--- --- --- (0.007) ---
--- 2.69750 --- 1.45760 --- 0.0323
--- (0.000) --- (0.043) ---

-1.35863 1.84151 --- --- --- 0.0227
(0.057) (0.011) --- --- ---

Size Decile One

Size Decile Two

Size Decile Three

Size Decile Four

Size Decile Five
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Table 25: Multivariate Forward Stepwise Regression by Size Decile – Kurtosis (continued) 

 
  

Panel B α ln(Assets) # Analysts Factor Volume Relative Spread
2.28038 0.147364 1.68438 -0.246858 2.76358
(0.368) (0.703) (0.000) (0.000) (0.000)

5.847050 -0.007292 1.61342 -0.229592 -307.71860
(0.020) (0.985) (0.000) (0.000) (0.010)
2.68045 0.205254 1.52138 -0.199684 0.649532
(0.432) (0.674) (0.000) (0.001) (0.029)
3.17088 0.306712 1.54021 -0.20316 -297.69430
(0.353) (0.532) (0.000) (0.001) (0.062)

19.13628 -1.73740 --- --- 0.349553
(0.000) (0.000) --- --- (0.007)

19.28493 -1.717070 --- --- ---
(0.000) (0.000) --- --- ---

11.95643 -0.877683 --- --- ---
(0.000) (0.000) --- --- ---

11.95643 -0.877683 --- --- ---
(0.000) (0.000) --- --- ---

12.70357 -0.728569 -0.055345 --- ---
(0.000) (0.000) (0.067) --- ---

10.75322 -0.66436 --- --- 586.00010
(0.000) (0.000) --- --- (0.033)

Size Decile Nine

Size Decile Ten

Size Decile Six

Size Decile Seven

Size Decile Eight
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Panel B Dummy '04 Dummy '05 Dummy '06 Dummy '07 Dummy '08 Adjusted R2

1.27941 3.56729 1.88130 3.44834 --- 0.0497
(0.092) (0.000) (0.010) (0.000) ---

--- 2.44153 --- 2.34927 --- 0.0385
--- (0.000) --- (0.000) ---
--- 2.05618 3.40952 1.73798 --- 0.0326
--- (0.003) (0.000) (0.013) ---
--- 1.73318 3.02250 1.53198 --- 0.0321
--- (0.014) (0.000) (0.032) ---
--- 1.58899 --- 1.08687 -1.66292 0.0331
--- (0.012) --- (0.080) (0.015)
--- 1.55341 --- 1.06461 -1.53730 0.0305
--- (0.014) --- (0.087) (0.024)

2.00926 3.07678 3.52308 3.64298 --- 0.0208
(0.008) (0.000) (0.000) (0.000) ---
2.00926 3.07678 3.52308 3.64298 --- 0.0208
(0.008) (0.000) (0.000) (0.000) ---

--- 1.43270 1.15424 --- --- 0.0128
--- (0.009) (0.030) --- ---
--- 1.612220 1.43929 --- --- 0.0125
--- (0.004) (0.010) --- ---

Size Decile Nine

Size Decile Ten

Size Decile Six

Size Decile Seven

Size Decile Eight

Table 25: Multivariate Forward Stepwise Regression by Size Decile – Kurtosis (continued) 
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produce no evidence of either a direct or indirect relationship between analyst coverage and 

return kurtosis.  

A second interesting observation from Table 25 is that, contrary to Table 13, Panel B 

suggests that there is both a direct and indirect relationship between analyst coverage and the 

fourth moment of the return distribution.  Panel B of Table 13 presented evidence to suggest that 

this relationship was only of an indirect nature.  As in Panel A, Panel B of Table 25 suggests that 

the relationship between analyst coverage and return kurtosis is a direct one, indicating that 

ceteris paribus, an increase in analyst coverage results in an increase in return kurtosis.  As 

mentioned above, however, this relationship is confined to medium sized firms.   

Table 26 presents the decile based regressions utilizing the Jarque-Berra statistic as the 

dependent variable of interest.  As with prior findings, the results of regressions using this 

dependent variable are similar to those which utilize return kurtosis as the dependent variable.  

Namely, in Table 26, the findings suggest that any relationship which exists between analyst 

coverage and the Jarque-Berra statistic of return normality are concentrated in medium sized 

firms and suggest that, ceteris paribus, an increase in analyst coverage increases the degree of 

return non-normality.   

Firm Size and Analyst Coverage: Univariate Robustness Testing 

In addition to the above multivariate tests, the potential issue of the correlation between 

firm size and analyst coverage, and the implications that this may have for the results found in 

Chapter 8, is addressed through univariate testing.  In particular, a double sort of securities is 

undertaken, first based on firm size and subsequently, within each size decile, firms are grouped 

into deciles based on the number of analysts following a firm.  Within each size decile, the 

moment value within the highest analyst following decile is compared with that in the lowest 

analyst following decile under the parameters of both the parametric Student’s t-test and the non-

parametric Wilcoxon Rank-Sum.  

204 
 



Table 26: Multivariate Forward Stepwise Regression by Size Decile – Jarque-Berra Statistic 

This table represents the regression results for ln # ∑ , run for 
the sample period of 2003 through 2008 under the parameters of a Forward Stepwise Regression.  In this instance,  is the Jarque-Berra 
Statistic for security i, as calculated as .  The Forward Stepwise Regression begins with an ‘empty’ 
regression (i.e., no independent variables) and adds explanatory variables, which meet the threshold statistical cutoff value (p-value of 0.10), one 
at a time until either the original model is attained, or no additional variables meet the cutoff threshold.  Prior to running the regressions, firms are 
first grouped into deciles based on size, with firms grouped on market capitalization found in Panel A and total assets found in Panel B.  Panel A 
contains the results using market capitalization as the size control variable while Panel B contains the results using total assets as the size control 
variable within the regression.  Each return moment in each decile is subject to two regressions, the first of which uses volume as the liquidity 
control variable and the second which uses relative bid-ask spread as the liquidity control variable, with the grayed out section representing the 
missing liquidity variable in each corresponding regression.  Within each regression result, coefficient values are found on the top line and p-
values are found in brackets beneath the corresponding coefficient values. The horizontal dashed lines, ‘---‘, indicate that the variable has been 
dropped from the Forward Stepwise Regression as a result of not meeting the cutoff threshold p-value of 0.10. Total number of observations per 
decile is 2,361.   
 

 
  

Panel A α ln(Market Cap) # Analysts Factor Volume Relative Spread
4656.761 --- --- --- 25353.170
(0.000) --- --- --- (0.000)

5337.979 --- --- --- ---
(0.000) --- --- --- ---

3889.072 --- --- --- 6306.698
(0.000) --- --- --- (0.001)

4374.362 --- --- --- ---
(0.000) --- --- --- ---

1368.891 --- --- --- 7968.963
(0.025) --- --- --- (0.000)

2276.067 --- --- --- ---
(0.000) --- --- --- ---
725.108 --- --- 25.42343 2753.679
(0.000) --- --- (0.014) (0.002)

1107.268 --- --- 28.07519 ---
(0.027) --- --- (0.006) ---

Size Decile One

Size Decile Two

Size Decile Three

Size Decile Four
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Table 26: Multivariate Forward Stepwise Regression by Size Decile – Jarque-Berra Statistic (continued) 

 
  

Panel A Dummy '04 Dummy '05 Dummy '06 Dummy '07 Dummy '08 Adjusted R2

4802.575 4407.575 --- --- --- 0.0098
(0.008) (0.020) --- --- ---

4745.526 4550.897 --- --- --- 0.0036
(0.009) (0.017) --- --- ---

--- --- --- --- --- 0.0045
--- --- --- --- ---
--- --- --- --- --- 0.0000
--- --- --- --- ---
--- --- --- 3321.181 2862.01700 0.0215
--- --- --- (0.010) (0.044)
--- --- --- 3206.098 2848.392 0.0027
--- --- --- (0.014) (0.047)
--- --- --- 1899.281 --- 0.0082
--- --- --- (0.029) ---
--- --- --- 1908.360 --- 0.0046
--- --- --- (0.029) ---

Size Decile One

Size Decile Two

Size Decile Three

Size Decile Four
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Table 26: Multivariate Forward Stepwise Regression by Size Decile – Jarque-Berra Statistic (continued) 

 
  

Panel A α ln(Market Cap) # Analysts Factor Volume Relative Spread
2400.394 --- --- --- 2011.291
(0.000) --- --- --- (0.007)

2820.398 --- --- --- ---
(0.000) --- --- --- ---
362.130 --- 6455.282 -477.695 1945.327
(0.445) --- (0.057) (0.065) (0.000)
631.974 --- 6105.189 -445.885 ---
(0.179) --- (0.072) (0.086) ---
778.112 --- --- 10.13297 ---
(0.127) --- --- (0.021) ---
778.112 --- --- 10.13296 ---
(0.127) --- --- (0.021) ---

2031.906 --- --- --- ---
(0.000) --- --- --- ---

2031.906 --- --- --- ---
(0.000) --- --- --- ---

1680.667 --- --- --- ---
(0.000) --- --- --- ---

1680.667 --- --- --- ---
(0.000) --- --- --- ---

7858.458 -395.761 --- --- ---
(0.015) (0.042) --- --- ---

7858.458 -395.761 --- --- ---
(0.015) (0.042) --- --- ---

Size Decile Five

Size Decile Six

Size Decile Seven

Size Decile Eight

Size Decile Nine

Size Decile Ten
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Table 26: Multivariate Forward Stepwise Regression by Size Decile – Jarque-Berra Statistic (continued) 

 
  

Panel A Dummy '04 Dummy '05 Dummy '06 Dummy '07 Dummy '08 Adjusted R2

-1863.055 --- --- --- -1966.691 0.0044
(0.043) --- --- --- (0.054)

-1834.019 --- --- --- -1827.269 0.0017
(0.046) --- --- --- (0.074)

--- --- --- --- -2038.850 0.0143
--- --- --- --- (0.005)
--- --- --- --- -1847.822 0.0090
--- --- --- --- (0.011)
--- --- 2056.842 --- --- 0.0050
--- --- (0.003) --- ---
--- --- 2056.842 --- --- 0.0050
--- --- (0.003) --- ---
--- --- --- --- -1489.928 0.0018
--- --- --- --- (0.022)
--- --- --- --- -1489.928 0.0018
--- --- --- --- (0.022)
--- --- --- 1284.912 --- 0.0016
--- --- --- (0.030) ---
--- --- --- 1284.912 --- 0.0016
--- --- --- (0.030) ---
--- --- --- --- --- 0.0036
--- --- --- --- ---
--- --- --- --- --- 0.0013
--- --- --- --- ---

Size Decile Ten

Size Decile Seven

Size Decile Eight

Size Decile Nine

Size Decile Five

Size Decile Six
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Table 26: Multivariate Forward Stepwise Regression by Size Decile – Jarque-Berra Statistic (continued) 

 
  

Panel B α ln(Assets) # Analysts Factor Volume Relative Spread
9021.154 -1063.101 --- --- 22895.54
(0.000) (0.015) --- --- (0.000)

12421.360 -1340.081 --- --- -39193.250
(0.000) (0.002) --- --- (0.128)

6974.330 -686.721 --- --- 5836.439
(0.000) (0.064) --- --- (0.002)

8125.304 -844.799 --- --- ---
(0.000) (0.022) --- --- ---

1368.891 --- --- --- 7968.963
(0.025) --- --- --- (0.000)

5727.948 -725.551 --- --- ---
(0.003) (0.057) --- --- ---
732.465 --- 304.154 --- 2756.029
(0.156) --- (0.015) --- (0.002)

1115.159 --- 336.113 --- ---
(0.026) --- (0.007) --- ---

2400.394 --- --- --- 2011.291
(0.000) --- --- --- (0.007)

6155.498 -630.939 --- --- ---
(0.001) (0.036) --- --- ---

Size Decile One

Size Decile Two

Size Decile Three

Size Decile Four

Size Decile Five
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Table 26: Multivariate Forward Stepwise Regression by Size Decile – Jarque-Berra Statistic (continued) 

 
  

Panel B Dummy '04 Dummy '05 Dummy '06 Dummy '07 Dummy '08 Adjusted R2

4696.26900 4370.555 --- --- --- 0.0118
(0.009) (0.021) --- --- ---

4226.248 3962.131 --- --- --- 0.0076
(0.021) (0.040) --- --- ---

--- --- --- --- --- 0.0055
--- --- --- --- ---
--- --- --- --- --- 0.0018
--- --- --- --- ---
--- --- --- 3321.181 2862.017 0.0215
--- --- --- (0.010) (0.044)
--- --- --- 3166.834 3092.435 0.0038
--- --- --- (0.015) (0.032)
--- --- --- 1900.013 --- 0.0082
--- --- --- (0.029) ---
--- --- --- 1909.109 --- 0.0045
--- --- --- (0.028) ---

-1863.055 --- --- --- -1966.691 0.0044
(0.043) --- --- --- (0.054)

-1619.054 --- --- --- --- 0.0022
(0.074) --- --- --- ---

Size Decile One

Size Decile Two

Size Decile Three

Size Decile Four

Size Decile Five
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Table 26: Multivariate Forward Stepwise Regression by Size Decile – Jarque-Berra Statistic (continued) 

 
  

Panel B α ln(Assets) # Analysts Factor Volume Relative Spread
625.402 --- 1133.747 -156.891 1869.653
(0.186) --- (0.000) (0.000) (0.000)
882.333 --- 1213.962 -159.767 ---
(0.060) --- (0.000) (0.000) ---

-1918.666 418.906 1155.962 -155.952 ---
(0.588) (0.412) (0.006) (0.012) ---

-1918.666 418.906 1155.962 -155.952 ---
(0.588) (0.412) (0.006) (0.012) ---

8230.504 -855.026 --- --- ---
(0.000) (0.000) --- --- ---

8230.504 -855.026 --- --- ---
(0.000) (0.000) --- --- ---

5652.936 -490.177 --- --- ---
(0.003) (0.034) --- --- ---

5652.936 -490.177 --- --- ---
(0.003) (0.034) --- --- ---

4201.208 -298.692 --- --- ---
(0.001) (0.017) --- --- ---

3649.797 -315.295 --- --- 572556.700
(0.003) (0.012) --- --- (0.000)

Size Decile Nine

Size Decile Ten

Size Decile Six

Size Decile Seven

Size Decile Eight
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Table 26: Multivariate Forward Stepwise Regression by Size Decile – Jarque-Berra Statistic (continued) 

  

Panel B Dummy '04 Dummy '05 Dummy '06 Dummy '07 Dummy '08 Adjusted R2

--- --- --- --- -1818.309 0.0195
--- --- --- --- (0.013)
--- --- --- --- -1634.506 0.0147
--- --- --- --- (0.025)
--- --- 2005.535 --- --- 0.0096
--- --- (0.004) --- ---
--- --- 2005.535 --- --- 0.0096
--- --- (0.004) --- ---
--- --- --- --- -1305.901 0.0071
--- --- --- --- (0.045)
--- --- --- --- -1305.901 0.0071
--- --- --- --- (0.045)
--- --- --- 1243.141 --- 0.0031
--- --- --- (0.035) ---
--- --- --- 1243.141 --- 0.0031
--- --- --- (0.035) ---
--- --- --- --- --- 0.0020
--- --- --- --- ---
--- --- --- --- 0.0043
--- --- (0.000) --- ---

Size Decile Nine

Size Decile Ten

Size Decile Six

Size Decile Seven

Size Decile Eight



Table 27 presents the results of the double sort value comparison for the first moment of 

the return distribution.  Looking first at Panel A, in which the first sort of data is done using 

market capitalization, it can be seen that in all size deciles except size decile ten firms with a low 

analyst following, found in analyst decile one, have a statistically higher average daily return than 

their counterparts with a large analyst following, found in analyst decile ten.  This statistical 

significance is present under the conditions of both the parametric and non-parametric tests.  For 

the largest firms in the sample, found in size decile ten, the average daily return is statistically 

equivalent between both extreme analyst following deciles.   

Panel B of Table 27 again confirms that firms with a low analyst following have a larger 

average daily return than those with a high analyst following.   However, unlike those results 

found in Panel A, the results of Panel B are less universal, and are found for firms only within 

size deciles one through four.29  The results of Panels A and B confirm the general results of 

Chapter 8, which suggested that an increase in analyst coverage is associated with a reduction in 

average daily return.   

Table 28 presents the results of the univariate testing concerning the variance of returns.  

Looking first at Panel A, it is found that in all instances, firms in the highest decile of analyst 

following have a statistically higher variance than those in the lowest decile of analyst following 

under the parametric and/or non-parametric tests.  In Panel B it is also observed that there is a 

statistically significant difference in return variance between the two extreme analyst following 

deciles for all ten size deciles.  However, unlike in Panel A, the sign of the difference is not 

consistent for all firm sizes.  From Panel B it appears that for small and large firms, based on total 

firm assets, a high analyst following is associated with reduced variance compared with their low  

                                                 
29 The lone exception is found in size decile eight.  Within this decile, firms with a low analyst following 
are found to have a statistically higher average daily return than those with a high analyst following under 
the parameters of the Wilcoxon Rank-Sum test.  However, the parametric Student’s t-test indicates that the 
two return values are statistically equivalent. 
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Table 27: Double Sort Portfolios - Size and Analyst Coverage – Return Difference 

Firms are first grouped into size deciles based on either market capitalization (Panel A) or total assets (Pane B).  Within each size decile, firms are 
further divided into deciles based on the number of analysts following the firm, with analyst decile one corresponding to the decile of firms with 
the lowest analyst coverage and analyst decile ten corresponding to the decile of firms with the highest analyst coverage.  For each of these analyst 
deciles, the average return of the firms is calculated.  Difference represents the average return for analyst decile ten less the average return for 
analyst decile one.  The two remaining columns present the p-values associated with the Student’s t-test and Wilcoxon Rank-Sum test, 
respectively.   
 

Panel A
Analyst Decile One 

Average
Analyst Decile Ten 

Average Difference
p-Value:               

(Student's t)
p-Value:             

(Wilcoxon)
Size Decile One 0.001119 -0.000479 -0.001598 (0.0020) (0.0040)
Size Decile Two 0.000737 -0.001064 -0.001801 (0.0000) (0.0000)
Size Decile Three 0.000713 -0.000878 -0.001591 (0.0000) (0.0000)
Size Decile Four 0.000785 -0.000941 -0.001726 (0.0000) (0.0000)
Size Decile Five 0.000865 -0.000062 -0.000927 (0.0000) (0.0001)
Size Decile Six 0.000739 -0.000079 -0.000818 (0.0000) (0.0000)
Size Decile Seven 0.000720 0.000017 -0.000703 (0.0000) (0.0000)
Size Decile Eight 0.000801 0.000145 -0.000656 (0.0000) (0.0002)
Size Decile Nine 0.000622 0.000257 -0.000365 (0.0141) (0.0032)
Size Decile Ten 0.000411 0.000547 0.000136 (0.2765) (0.5150)

Panel B
Analyst Decile One 

Average
Analyst Decile Ten 

Average Difference
p-Value:               

(Student's t)
p-Value:             

(Wilcoxon)
Size Decile One 0.001369 0.000224 -0.001145 (0.0000) (0.0000)
Size Decile Two 0.001010 -0.000056 -0.001066 (0.0000) (0.0000)
Size Decile Three 0.000876 0.000238 -0.000638 (0.0038) (0.0017)
Size Decile Four 0.000531 0.000150 -0.000381 (0.0274) (0.0045)
Size Decile Five 0.000528 0.000494 -0.000034 (0.8386) (0.9872)
Size Decile Six 0.000407 0.000363 -0.000044 (0.7664) (0.7644)
Size Decile Seven 0.000282 0.000333 0.000051 (0.7450) (0.4984)
Size Decile Eight 0.000547 0.000325 -0.000222 (0.1545) (0.0608)
Size Decile Nine 0.000685 0.000488 -0.000197 (0.2207) (0.1235)
Size Decile Ten 0.000411 0.000440 0.000029 (0.8719) (0.6598)
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Table 28: Double Sort Portfolios – Size and Analyst Coverage – Variance Difference 

Firms are first grouped into size deciles based on either market capitalization (Panel A) or total assets (Pane B).  Within each size decile, firms are 
further divided into deciles based on the number of analysts following the firm, with analyst decile one corresponding to the decile of firms with 
the lowest analyst coverage and analyst decile ten corresponding to the decile of firms with the highest analyst coverage.  For each of these analyst 
deciles, the average variance of returns is calculated.  Difference represents the average variance for analyst decile ten less the average variance for 
analyst decile one.  The two remaining columns present the p-values associated with the Student’s t-test and Wilcoxon Rank-Sum test, 
respectively.   
 

 

Panel A
Analyst Decile One 

Average
Analyst Decile Ten 

Average Difference
p-Value:               

(Student's t)
p-Value:             

(Wilcoxon)
Size Decile One 0.002861 0.003917 0.001056 (0.1224) (0.0159)
Size Decile Two 0.001854 0.002990 0.001136 (0.0000) (0.0000)
Size Decile Three 0.001430 0.002947 0.001517 (0.0286) (0.0000)
Size Decile Four 0.001439 0.002295 0.000856 (0.0000) (0.0000)
Size Decile Five 0.001289 0.001613 0.000324 (0.0125) (0.0000)
Size Decile Six 0.001054 0.001342 0.000288 (0.0112) (0.0000)
Size Decile Seven 0.000870 0.001105 0.000235 (0.0170) (0.0000)
Size Decile Eight 0.000770 0.001072 0.000302 (0.0115) (0.0000)
Size Decile Nine 0.000558 0.000749 0.000191 (0.0052) (0.0000)
Size Decile Ten 0.000466 0.000540 0.000074 (0.1896) (0.0000)

Panel B
Analyst Decile One 

Average
Analyst Decile Ten 

Average Difference
p-Value:               

(Student's t)
p-Value:             

(Wilcoxon)
Size Decile One 0.003518 0.002815 -0.000703 (0.0045) (0.4121)
Size Decile Two 0.002160 0.001902 -0.000258 (0.0596) (0.1460)
Size Decile Three 0.001599 0.001708 0.000109 (0.3982) (0.0000)
Size Decile Four 0.001077 0.001420 0.000343 (0.0018) (0.0000)
Size Decile Five 0.001048 0.001125 0.000077 (0.6138) (0.0000)
Size Decile Six 0.000748 0.000938 0.000190 (0.0086) (0.0000)
Size Decile Seven 0.000874 0.000815 -0.000059 (0.5376) (0.0000)
Size Decile Eight 0.000930 0.000782 -0.000148 (0.2021) (0.0684)
Size Decile Nine 0.001015 0.000662 -0.000353 (0.0036) (0.6953)
Size Decile Ten 0.000910 0.000504 -0.000406 (0.0013) (0.6764)
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analyst following counterparts.  However, within each of size decile three through six, analyst 

decile ten has a statistically higher variance than analyst decile one.  These results are again 

consistent with the main results of Chapter 8.  For instance, in Table 12, both regressions in Panel 

A produce statistically positive coefficients on the #  variable, consistent with the 

univariate testing of Table 28.  Panel B of Table 12 produced inconsistent signs on the 

#  coefficient, with one regression producing a statistically negative coefficient and the 

second producing a coefficient which is statistically equivalent to zero.  This result is again fairly 

consistent with the univariate results found in Panel B of Table 28. 

Turning to the higher moments of the return distribution, the univariate robustness testing 

is again consistent with the results of Chapter 8.  Looking first at the skewness results found in 

Table 29, it can be seen that in 16 of the 20 univariate tests found in Panels A and B, either the 

parametric and/or the non-parametric tests produce a statistically significant difference between 

the highest and lowest deciles of analyst following.  Also, it can be seen that all statistically 

significant values have a negative sign, indicating that the return skewness is larger for firms with 

the lowest decile of analyst following, analyst decile one, compared with those with the highest 

decile of analyst following, analyst decile ten.  These results transcend nearly all size deciles 

within Table 29.  These results are highly consistent with those found in Chapter 8, which 

suggests that an increase in the number, or initiation, of analyst following is associated with a 

reduction in return skewness.   

Table 30 reveals that the univariate results are consistent with both the multivariate tests 

of Table 25 as well as the overall kurtosis result of Chapter 8.  Looking first at Panel A of Table 

30, it can be seen that just over one-half of the tests, six out of ten,  produce statistically 

significant difference values for the two extreme analyst deciles, at the ten percent level or better, 

under the parameters of either the parametric or non-parametric tests.  Five of the six statistically 

significant test results are found in size deciles four through eight.  Panel B also offers some  
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Table 29: Double Sort Portfolios – Size and Analyst Coverage – Skewness Difference 

Firms are first grouped into size deciles based on either market capitalization (Panel A) or total assets (Pane B).  Within each size decile, firms are 
further divided into deciles based on the number of analysts following the firm, with analyst decile one corresponding to the decile of firms with 
the lowest analyst coverage and analyst decile ten corresponding to the decile of firms with the highest analyst coverage.  For each of these analyst 
deciles, the excess skewness of returns is calculated as ∑ , .  Difference represents the average skewness for analyst 

decile ten less the average skewness for analyst decile one.  The two remaining columns present the p-values associated with the Student’s t-test 
and Wilcoxon Rank-Sum test, respectively.   
 

 
  

Panel A
Analyst Decile One 

Average
Analyst Decile Ten 

Average Difference
p-Value:               

(Student's t)
p-Value:             

(Wilcoxon)
Size Decile One 0.005020 0.005177 0.000157 (0.8819) (0.5289)
Size Decile Two 0.004001 0.002172 -0.001829 (0.0012) (0.0393)
Size Decile Three 0.003203 0.001381 -0.001822 (0.0043) (0.0011)
Size Decile Four 0.002539 0.000752 -0.001787 (0.0020) (0.0030)
Size Decile Five 0.002524 -0.000060 -0.002584 (0.0011) (0.0001)
Size Decile Six 0.000572 0.000502 -0.000070 (0.9176) (0.1011)
Size Decile Seven 0.001037 0.000281 -0.000756 (0.1679) (0.6638)
Size Decile Eight 0.001924 0.000717 -0.001207 (0.0118) (0.2040)
Size Decile Nine 0.001639 0.000322 -0.001317 (0.0089) (0.0172)
Size Decile Ten 0.001361 0.000468 -0.000893 (0.1054) (0.0733)

Panel B
Analyst Decile One 

Average
Analyst Decile Ten 

Average Difference
p-Value:               

(Student's t)
p-Value:             

(Wilcoxon)
Size Decile One 0.005892 0.003134 -0.002758 (0.0001) (0.0000)
Size Decile Two 0.004318 0.001089 -0.003229 (0.0000) (0.0000)
Size Decile Three 0.003285 0.000671 -0.002614 (0.0001) (0.0000)
Size Decile Four 0.002745 -0.000545 -0.003290 (0.0000) (0.0000)
Size Decile Five 0.002334 0.001011 -0.001323 (0.0321) (0.0003)
Size Decile Six 0.001836 0.000844 -0.000992 (0.0438) (0.2492)
Size Decile Seven 0.002053 0.000604 -0.001449 (0.0065) (0.0307)
Size Decile Eight 0.001519 0.001067 -0.000452 (0.3846) (0.2355)
Size Decile Nine 0.002620 0.000281 -0.002339 (0.0006) (0.0000)
Size Decile Ten 0.001288 0.000329 -0.000959 (0.1160) (0.0075)
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Firms are first grouped into size deciles based on either market capitalization (Panel A) or total assets (Pane B).  Within each size decile, firms are 
further divided into deciles based on the number of analysts following the firm, with analyst decile one corresponding to the decile of firms with 
the lowest analyst coverage and analyst decile ten corresponding to the decile of firms with the highest analyst coverage.  For each of these analyst 
deciles, the excess kurtosis of returns is calculated as ∑ , .  Difference represents the average 

kurtosis for analyst decile ten less the average kurtosis for analyst decile one.  The two remaining columns present the p-values associated with the 
Student’s t-test and Wilcoxon Rank-Sum test, respectively.   
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Table 30: Double Sort Portfolios – Size and Analyst Coverage - Kurtosis Difference 

 

 

Panel A
Analyst Decile One 

Average
Analyst Decile Ten 

Average Difference
p-Value:               

(Student's t)
p-Value:             

(Wilcoxon)
Size Decile One 12.3464 11.9758 -0.3705 (0.9124) (0.9380)
Size Decile Two 10.4545 10.0792 -0.3752 (0.7815) (0.3510)
Size Decile Three 9.1311 10.9645 1.8334 (0.2693) (0.2490)
Size Decile Four 7.2031 9.8058 2.6027 (0.0651) (0.0097)
Size Decile Five 8.3729 8.5805 0.2076 (0.8657) (0.0727)
Size Decile Six 6.2165 8.7603 2.5438 (0.0600) (0.0191)
Size Decile Seven 5.3159 9.6958 4.3799 (0.0010) (0.0000)
Size Decile Eight 6.6062 7.2250 0.6188 (0.4546) (0.0044)
Size Decile Nine 5.4666 6.4380 0.9715 (0.2499) (0.8902)
Size Decile Ten 6.8211 5.4490 -1.3721 (0.2496) (0.0185)

Panel B
Analyst Decile One 

Average
Analyst Decile Ten 

Average Difference
p-Value:               

(Student's t)
p-Value:             

(Wilcoxon)
Size Decile One 13.3968 10.6369 -2.7599 (0.0267) (0.4969)
Size Decile Two 11.2696 11.4722 0.2026 (0.8801) (0.8728)
Size Decile Three 9.7904 11.3487 1.5583 (0.3301) (0.8814)
Size Decile Four 8.5675 9.3401 0.7726 (0.5264) (0.5701)
Size Decile Five 7.6054 9.3256 1.7202 (0.1866) (0.3461)
Size Decile Six 7.0246 7.8718 0.8472 (0.3933) (0.2899)
Size Decile Seven 6.7712 8.4065 1.6353 (0.1199) (0.0013)
Size Decile Eight 6.9138 7.1045 0.1907 (0.8428) (0.9396)
Size Decile Nine 5.6638 5.4075 -0.2563 (0.7631) (0.2644)
Size Decile Ten 6.5442 5.5865 -0.9577 (0.4042) (0.0010)



support for a relationship between analyst following and return kurtosis, but in this set of tests 

only three of the ten size deciles show evidence of such a relationship.  Overall, the results of the 

univariate testing with kurtosis as the dependent variable produce results consistent with those 

found in Chapter 8.  Namely, the results show that there is potentially a weak direct relationship 

between return kurtosis and analyst coverage, with the relationship stronger for models that 

include market capitalization as the size control variable.  One of the main conclusions from 

Chapter 8 is that there exists an indirect relationship between return kurtosis and analyst 

coverage.  While this result is not tested directly through the univariate testing in this section, 

these results are confirmed from the multivariate robustness tests performed above.    

Table 31 provides the univariate testing performed for the Jarque-Berra statistic.  The 

results are highly consistent with those found above for the univariate kurtosis testing, and for the 

sake of brevity, will not be discussed in detail.   

Firm Size and Analyst Coverage: Conclusion 

 This section offers robustness testing to address potential concerns related to the impact 

that the relationship between firm size and analyst following may have on the results of Chapter 

8.  Using both multivariate and univariate testing procedures, the results of Chapter 8 are 

confirmed, and the conclusion that there exists a relationship between the moments of the return 

distribution and analyst coverage is strengthened.   

9.3 Time-Series Behavior of Analyst Coverage 

 In addition to the relationship between analyst coverage and firm size, there also appears 

to be a relationship between coverage and calendar year.  For instance, the summary statistics of 

Table 1 indicate that in each year of the study both the number of analysts following a firm and 

the percentage of firms with an analyst following increase relative to the year prior.  This section 

provides additional testing to alleviate any concerns that may exist as to the impact that calendar 

year may have on prior results.   
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Table 31: Double Sort Portfolios – Size and Analyst Coverage - Jarque-Berra Statistic Difference 

Firms are first grouped into size deciles based on either market capitalization (Panel A) or total assets (Pane B).  Within each size decile, firms are 
further divided into deciles based on the number of analysts following the firm, with analyst decile one corresponding to the decile of firms with 
the lowest analyst coverage and analyst decile ten corresponding to the decile of firms with the highest analyst coverage.  For each of these analyst 
deciles, the Jarque-Berra (JB) Statistic is calculated as .  Difference represents the average JB Statistic for 
analyst decile ten less the average JB Statistic for analyst decile one.  The two remaining columns present the p-values associated with the 
Student’s t-test and Wilcoxon Rank-Sum test, respectively.   
 

 

Panel A
Analyst Decile One 

Average
Analyst Decile Ten 

Average Difference
p-Value:               

(Student's t)
p-Value:             

(Wilcoxon)
Size Decile One 6832 6125 -708 (0.8700) (0.9484)
Size Decile Two 4993 3924 -1068 (0.4883) (0.2606)
Size Decile Three 3547 6565 3019 (0.3025) (0.1429)
Size Decile Four 1985 4667 2682 (0.2356) (0.0031)
Size Decile Five 3441 2167 -1274 (0.3586) (0.0264)
Size Decile Six 1132 3753 2620 (0.1337) (0.0074)
Size Decile Seven 1181 3976 2794 (0.1062) (0.0000)
Size Decile Eight 1677 1181 -496 (0.3509) (0.0020)
Size Decile Nine 688 1679 991 (0.1720) (0.7114)
Size Decile Ten 2537 1667 -870 (0.4698) (0.0347)

Panel B
Analyst Decile One 

Average
Analyst Decile Ten 

Average Difference
p-Value:               

(Student's t)
p-Value:             

(Wilcoxon)
Size Decile One 8038 3310 -4727 (0.002) (0.4812)
Size Decile Two 4835 4803 -32 (0.9826) (0.8307)
Size Decile Three 3769 6295 2525 (0.2753) (0.9478)
Size Decile Four 3609 2949 -660 (0.6365) (0.4020)
Size Decile Five 2284 4260 1977 (0.3126) (0.1985)
Size Decile Six 2741 1837 -904 (0.3372) (0.1621)
Size Decile Seven 2690 1816 -874 (0.4889) (0.0004)
Size Decile Eight 1572 1619 46 (0.9327) (0.9162)
Size Decile Nine 1357 939 -418 (0.4817) (0.3937)
Size Decile Ten 1639 1854 215 (0.8319) (0.0028)
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In order to more clearly distinguish between the effects that analyst coverage and 

calendar year have on the results of Chapter 8, the regressions represented by Equation (39) are 

again performed under the parameters of the Forward Stepwise Regression.  However, in this 

robustness section, these regressions are run for each calendar year, rather than for the whole 

sample period.  As such, the calendar year dummy variables found in Equation (39) are removed 

from the regression.  Specifically, the equation representing the regressions in this robustness 

section is presented below. 

ln #               43  

The results of this additional testing are found in Tables 32 through 36. 

 Looking first at the results of the return regression, found in Table 32, it is found that the 

#  coefficient is statistically significant at the ten percent level or better in 17 of the 20 

regressions performed in Panels A and B of Table 32.  The interaction term between analyst 

coverage and firm size, , is also found to be statistically significant in 13 of the 20 

regressions.  Consistent with the Forward Stepwise Regression results for the entire sample 

period found in Table 13, the sign of the #  term is not consistent between regressions.  

Twelve of the 17 significant coefficients in Table 32 have a negative coefficient, while in Table 

13 two of the three significant coefficients are found to be negative.   Overall, both tables show 

that there exists a relationship between average daily return and analyst coverage, but that the 

nature of this relationship is sensitive to variables used to represent both firm size and share 

liquidity. 

 Table 33 presents the results of Equation (43) with variance of returns as the dependent 

variable.  As in Chapter 8, the results show a relationship between the return variance and analyst 

coverage, as evidenced by eight of twelve statistically significant #  coefficients in both 

Panel A and Panel B of Table 33.  In addition, the interaction term is found to be significant in 

five of the twelve regressions in Panel A and all but one of the regressions in Panel B.  One 

observation that can be made about Table 33 and the preceding Table 32, however, is the model  
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Table 32: Analyst Coverage and Return Moments - Regressions by Year – Return 

This table represents the regression results for ln #  run by year for each year in 
the sample period of 2003 through 2008 under the parameters of a Forward Stepwise Regression.  In this instance,  is the return on 
security i, inclusive of distributions.  The Forward Stepwise Regression begins with an ‘empty’ regression (i.e., no independent variables) and adds 
explanatory variables, which meet the threshold statistical cutoff value (p-value of 0.10), one at a time until either the original model is attained, or 
no additional variables meet the cutoff threshold.  Panel A (B) contains the results using market capitalization (total assets) as the size control 
variable.  Each regression in each year is subject to two regressions, the first of which uses volume as the liquidity control variable and the second 
which uses relative bid-ask spread as the liquidity control variable, with the grayed out section representing the missing liquidity variable in each 
corresponding regression.  Within each regression result, coefficient values are found on the top line and p-values are found in brackets beneath 
the corresponding coefficient values. The horizontal dashed lines, ‘---‘, indicate that the variable has been dropped from the Forward Stepwise 
Regression as a result of not meeting the cutoff threshold p-value of 0.10.  
 

 

Panel A α ln(Market Cap) # Analysts Factor Volume Relative Spread Adjusted R2

0.0037981 -0.000010 0.000064 -0.000014 0.000118 0.0486
(0.000) (0.000) (0.006) (0.000) (0.000)

-0.001026 0.000228 0.000144 -0.000023 0.060667 0.1317
(0.001) (0.000) (0.000) (0.000) (0.000)

0.001189 --- -0.000031 --- --- 0.0115
(0.000) --- (0.000) --- ---

-0.000720 0.000132 -0.000008 0.000132 0.030822 0.0262
(0.020) (0.000) (0.652) (0.000) (0.000)

-0.000300 0.000054 --- --- -0.000030 0.0038
(0.083) (0.000) --- --- (0.000)

-0.001022 0.000102 0.000036 -0.000005 0.012179 0.0045
(0.001) (0.000) (0.031) (0.009) (0.004)

-0.000545 0.000118 -0.000043 --- --- 0.0151
(0.004) (0.000) (0.000) --- ---

-0.000545 0.000118 -0.000043 --- --- 0.0151
(0.004) (0.000) (0.000) --- ---

-0.002240 0.000172 0.000035 -0.000006 --- 0.0211
(0.000) (0.000) (0.039) (0.001) ---

-0.002732 0.000206 0.000046 -0.000008 0.00815 0.0215
(0.000) (0.000) (0.012) (0.000) (0.090)

-0.001958 0.000064 -0.000134 0.000015 -0.000049 0.0126
(0.000) (0.008) (0.000) (0.000) (0.000)

-0.001968 0.000064 -0.000083 0.000007 --- 0.0052
(0.000) (0.009) (0.000) (0.005) ---

2003

2004

2005

2006

2007

2008
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Table 32: Analyst Coverage and Return Moments - Regressions by Year – Return (continued) 

 
  

Panel B α ln(Assets) # Analysts Factor Volume Relative Spread Adjusted R2

0.004888 -0.000420 --- --- 0.000101 0.1174
(0.000) (0.000) --- --- (0.000)

0.003725 -0.000305 0.000030 --- 0.029365 0.1404
(0.000) (0.000) (0.000) --- (0.000)

0.001776 -0.000106 -0.000076 0.000007 --- 0.0181
(0.000) (0.000) (0.000) (0.000) ---

0.001438 -0.000071 -0.000048 0.000005 0.010864 0.0207
(0.000) (0.002) (0.014) (0.050) (0.001)

0.0000466 -0.000030 0.000018 --- -0.000025 0.0021
(0.000) (0.082) (0.002) --- (0.033)

0.000489 -0.000033 0.0000137 --- --- 0.0012
(0.000) (0.056) (0.010) --- ---

0.000586 0.000043 -0.000022 --- --- 0.0042
(0.000) (0.007) (0.000) --- ---

0.000982 --- -0.000056 0.000004 -0.015132 0.0076
(0.000) --- (0.000) (0.018) (0.000)

-0.000057 -0.000035 0.000028 --- --- 0.0049
(0.591) (0.068) (0.000) --- ---

0.000470 -0.000088 --- 0.000003 -0.02131 0.0129
(0.001) (0.000) --- (0.000) (0.000)

-0.002076 0.000145 -0.000076 0.000007 -0.000044 0.0171
(0.000) (0.000) (0.004) (0.053) (0.000)

-0.002123 0.000152 -0.000034 --- --- 0.0115
(0.000) (0.000) (0.000) --- ---

2008

2005

2006

2007

2003

2004
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Table 33: Analyst Coverage and Return Moments - Regressions by Year – Variance 

This table represents the regression results for ln # ∑  run for 
each year in the sample period of 2003 through 2008 under the parameters of a Forward Stepwise Regression.  In this instance,  is the 
variance of returns for security i, as conventionally defined.  The Forward Stepwise Regression begins with an ‘empty’ regression (i.e., no 
independent variables) and adds explanatory variables, which meet the threshold statistical cutoff value (p-value of 0.10), one at a time until either 
the original model is attained, or no additional variables meet the cutoff threshold.  Panel A (B) contains the results using market capitalization 
(total assets) as the size control variable.  Each regression in each year is subject to two regressions, the first of which uses volume as the liquidity 
control variable and the second which uses relative bid-ask spread as the liquidity control variable, with the grayed out section representing the 
missing liquidity variable in each corresponding regression.  Within each regression result, coefficient values are found on the top line and p-
values are found in brackets beneath the corresponding coefficient values. The horizontal dashed lines, ‘---‘, indicate that the variable has been 
dropped from the Forward Stepwise Regression as a result of not meeting the cutoff threshold p-value of 0.10. 
 

 

Panel A α ln(Market Cap) # Analysts Factor Volume Relative Spread Adjusted R2

0.004942 -0.000280 -0.000028 --- 0.000112 0.0722
(0.000) (0.000) (0.004) --- (0.000)

-0.004825 0.000377 0.000429 -0.000030 0.122893 0.3321
(0.000) (0.000) (0.000) (0.000) (0.000)

0.003479 -0.000186 -0.000020 --- 0.000052 0.0638
(0.000) (0.000) (0.002) --- (0.000)

-0.001625 0.000158 0.000212 -0.000015 0.084314 0.1561
(0.000) (0.000) (0.000) (0.000) (0.000)

0.003220 -0.000179 -0.000014 --- 0.000046 0.0711
(0.000) (0.000) (0.009) --- (0.000)

0.000544 --- 0.000076 -0.000006 0.049896 0.1111
(0.000) --- (0.011) (0.002) (0.000)

0.003100 -0.000177 --- --- 0.000031 0.0299
(0.000) (0.000) --- --- (0.007)

0.000471 --- --- --- 0.061833 0.0633
(0.000) --- --- --- (0.000)

0.002873 -0.000142 0.000060 -0.000005 0.000039 0.0644
(0.000) (0.000) (0.044) (0.011) (0.000)

-0.000360 0.000080 0.000188 -0.000014 0.052794 0.1082
(0.193) (0.000) (0.000) (0.000) (0.000)

0.009557 -0.000507 --- --- 0.000083 0.0720
(0.000) (0.000) --- --- (0.000)

0.002341 --- --- --- 0.056306 0.1205
(0.000) --- --- --- (0.000)

2008

2003

2004

2005

2006

2007
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Panel B α ln(Assets) # Analysts Factor Volume Relative Spread Adjusted R2

0.004367 -0.000500 --- --- 0.000115 0.1163
(0.000) (0.000) --- --- (0.000)

0.000752 -0.000125 0.000123 -0.000009 0.087412 0.2996
(0.000) (0.000) (0.000) (0.004) (0.000)

0.003778 -0.000454 -0.000127 0.000017 0.000029 0.1475
(0.000) (0.000) (0.000) (0.000) (0.015)

0.002303 -0.000301 --- 0.000005 0.046914 0.1910
(0.000) (0.000) --- (0.000) (0.000)

0.003358 -0.000406 -0.000124 0.000017 0.000018 0.1612
(0.000) (0.000) (0.000) (0.000) (0.086)

0.002628 -0.000331 -0.000070 0.000012 0.026545 0.1775
(0.000) (0.000) (0.000) (0.000) (0.000)

0.003308 -0.000413 -0.000103 0.000016 --- 0.0875
(0.000) (0.000) (0.000) (0.000) ---

0.002241 -0.000299 --- 0.000005 0.040004 0.1003
(0.000) (0.000) --- (0.000) (0.000)

0.003075 -0.000340 -0.000079 0.000011 0.000019 0.1395
(0.000) (0.000) (0.000) (0.000) (0.022)

0.002413 -0.000272 -0.000040 0.000007 0.024403 0.1559
(0.000) (0.000) (0.015) (0.000) (0.000)

0.007531 -0.000651 -0.000271 0.000032 0.000053 0.0680
(0.000) (0.000) (0.000) (0.000) (0.001)

0.003985 -0.000294 --- 0.000007 0.052215 0.1305
(0.000) (0.000) --- (0.000) (0.000)

2007

2008

2003

2004

2005

2006

Table 33: Analyst Coverage and Return Moments - Regressions by Year – Variance (continued) 
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fit, as measured by the adjusted R2 value, is noticeably lower compared with that of the original 

regressions of Table 13.   

 The results of the skewness regressions are presented in Table 34.  These results provide 

additional support to the conclusions of Chapter 8 with regards to there being a relationship 

between the third moment of the return distribution and analyst coverage.  In Panel A, eleven of 

the twelve #  coefficients and ten of the twelve  coefficients are found to be 

significant under the parameters of the Forward Stepwise Regression.  Similarly in Panel B, for 

both variables, ten of the twelve regressions produce significant coefficients.  Across both panels 

the significant #  coefficients are found to be negative and of higher absolute value than 

the consistently positive  coefficients, indicating that, ceteris paribus, an increase in 

analyst following is associated with a reduction in return skewness.  This result is highly 

consistent with those results found for skewness of returns in Chapter 8.  Unlike Tables 32 and 33 

above, the model fit for the skewness regressions appears better for the regressions run by 

calendar year compared with those that use the entire sample, and calendar year dummy 

variables, as in Chapter 8.  This is evidenced by the higher average adjusted R2 value for each of 

Panel A and Panel B in Table 34 compared with the corresponding panel in Table 13. 

 As in Chapter 8, the results of the robustness testing for the relationship between analyst 

coverage and the fourth moment of the return distribution is less conclusive than that found for 

the three prior moments.  Looking first at Panel A of Table 35, it can be seen that only four of the 

twelve regressions indicate either #  or  to be a significant component in the 

kurtosis regression.  However, Panel B does provide some evidence of a relationship between 

analyst coverage and return kurtosis, with ten of the twelve regressions producing statistically 

significant #  coefficients.  This is an interesting observation, given that Panel B of 

Table 13 indicates that, for the entire sample period, the #  variable is not a significant 

factor in explaining return kurtosis.  One potential explanation for this apparent contradiction is  
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Table 34: Analyst Coverage and Return Moments - Regressions by Year – Skewness 

This table represents the regression results for ln # ∑  run for 
each year in the sample period of 2003 through 2008 under the parameters of a Forward Stepwise Regression.  In this instance,  is the 
skewness of returns for security i, as calculated as ∑ , .  The Forward Stepwise Regression begins with an ‘empty’ 

regression (i.e., no independent variables) and adds explanatory variables, which meet the threshold statistical cutoff value (p-value of 0.10), one 
at a time until either the original model is attained, or no additional variables meet the cutoff threshold.  Panel A (B) contains the results using 
market capitalization (total assets) as the size control variable.  Each regression in each year is subject to two regressions using two different 
liquidity control variables.  Within each regression result, coefficient values are found on the top line and p-values are found in brackets beneath 
the corresponding coefficient values. The horizontal dashed lines, ‘---‘, indicate that the variable has been dropped from the Forward Stepwise 
Regression as a result of not meeting the cutoff threshold p-value of 0.10.   
 

 

Panel A α ln(Market Cap) # Analysts Factor Volume Relative Spread Adjusted R2

0.009070 -0.000494 -0.000872 0.000051 --- 0.0724
(0.000) (0.000) (0.000) (0.000) ---

0.004290 -0.000173 -0.000589 0.000032 0.060006 0.0859
(0.000) (0.008) (0.000) (0.000) (0.000)

0.008648 -0.000468 -0.000849 0.000049 --- 0.0506
(0.000) (0.000) (0.000) (0.000) ---

0.001636 --- -0.000428 0.000021 0.117130 0.0662
(0.000) --- (0.002) (0.012) (0.000)

0.007316 -0.000432 --- --- --- 0.0169
(0.000) (0.000) --- --- ---

0.001566 --- -0.000390 0.000022 0.093950 0.0269
(0.000) --- (0.005) (0.011) (0.000)

0.004460 -0.000135 -0.000761 0.000042 --- 0.0175
(0.000) (0.071) (0.000) (0.000) ---

-0.001382 0.000259 -0.000411 0.000018 0.117718 0.0245
(0.316) (0.012) (0.007) (0.057) (0.000)

0.004267 -0.000168 -0.000328 0.000016 --- 0.0129
(0.000) (0.018) (0.009) (0.051) ---

0.001587 --- -0.000080 --- 0.055320 0.0165
(0.000) --- (0.000) --- (0.000)

0.007401 -0.000386 -0.000514 0.000031 0.000033 0.0443
(0.000) (0.000) (0.000) (0.000) (0.085)

0.001790 --- -0.000217 0.000011 0.040909 0.0611
(0.000) --- (0.018) (0.053) (0.000)

2008

2003

2004

2005

2006

2007
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Table 34: Analyst Coverage and Return Moments - Regressions by Year – Skewness (continued) 
 

 
  

Panel B α ln(Assets) # Analysts Factor Volume Relative Spread Adjusted R2

0.007969 -0.000854 -0.000592 0.000064 --- 0.0857
(0.000) (0.000) (0.000) (0.000) ---

0.005620 -0.000595 -0.000407 0.000044 0.048777 0.0972
(0.000) (0.000) (0.000) (0.000) (0.000)

0.007865 -0.000883 -0.000562 0.000062 --- 0.0658
(0.000) (0.000) (0.000) (0.000) ---

0.003744 -0.000441 --- --- 0.106772 0.0723
(0.000) (0.000) --- --- (0.000)

0.005107 -0.000535 --- --- --- 0.0214
(0.000) (0.000) --- --- ---

0.005252 -0.000610 -0.000337 0.000043 0.055205 0.0361
(0.000) (0.000) (0.000) (0.000) (0.000)

0.005900 -0.000579 -0.000477 0.000052 --- 0.0254
(0.000) (0.000) (0.000) (0.000) ---

0.004736 -0.000455 -0.000384 0.000042 0.047168 0.02770
(0.000) (0.000) (0.000) (0.000) (0.006)

0.005019 -0.000508 -0.000294 0.000031 --- 0.0207
(0.000) (0.000) (0.000) (0.000) ---

0.004243 -0.000426 -0.000231 0.000024 0.027357 0.0214
(0.000) (0.000) (0.001) (0.004) (0.040)

0.006062 -0.000530 -0.000535 0.000058 --- 0.0504
(0.000) (0.000) (0.000) (0.000) ---

0.003786 -0.000299 -0.000335 0.000038 0.033031 0.0688
(0.000) (0.000) (0.000) (0.000) (0.000)

2007

2008

2003

2004

2005

2006
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Table 35: Analyst Coverage and Return Moments - Regressions by Year – Kurtosis 

This table represents the regression results for ln # ∑  run for 
each year in the sample period of 2003 through 2008 under the parameters of a Forward Stepwise Regression.  In this instance,  is the 
excess kurtosis of returns for security i, as calculated as ∑ , .  The Forward Stepwise Regression 

begins with an ‘empty’ regression (i.e., no independent variables) and adds explanatory variables, which meet the threshold statistical cutoff value 
(p-value of 0.10), one at a time until either the original model is attained, or no additional variables meet the cutoff threshold.  Panel A (B) 
contains the results using market capitalization (total assets) as the size control variable.  Each regression in each year is subject to two regressions 
using two different liquidity control variables.  Within each regression result, coefficient values are found on the top line and p-values are found in 
brackets beneath the corresponding coefficient values. The horizontal dashed lines, ‘---‘, indicate that the variable has been dropped from the 
Forward Stepwise Regression as a result of not meeting the cutoff threshold p-value of 0.10.   
 

 

Panel A α ln(Market Cap) # Analysts Factor Volume Relative Spread Adjusted R2

16.78641 -0.800870 --- --- --- 0.0240
(0.000) (0.000) --- --- ---

16.78641 -0.800870 --- --- --- 0.0240
(0.000) (0.000) --- --- ---

17.17358 -0.764146 --- --- 0.163837 0.0135
(0.000) (0.000) --- --- (0.057)

13.778750 -0.520148 --- --- 50.28346 0.0133
(0.000) (0.000) --- --- (0.083)

20.04400 -0.947521 0.139690 --- --- 0.0112
(0.000) (0.000) (0.004) --- ---

20.04400 -0.947521 0.139690 --- --- 0.0112
(0.000) (0.000) (0.004) --- ---

14.54826 -0.567142 0.875328 -0.048910 --- 0.0060
(0.000) (0.000) (0.002) (0.006) ---

9.794944 -0.246928 1.160193 -0.067863 95.77443 0.0070
(0.001) (0.241) (0.000) (0.001) (0.028)

16.84500 -0.631037 --- --- --- 0.0073
(0.000) (0.000) --- --- ---

20.13802 -0.850386 --- --- -66.52070 0.0079
(0.000) (0.000) --- --- (0.000)

19.44195 -0.973351 --- --- 0.108982 0.0309
(0.000) (0.000) --- --- (0.007)

12.782370 -0.499272 --- --- 50.15255 0.0345
(0.000) (0.000) --- --- (0.000)

2008

2003

2004

2005

2006

2007
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Panel B α ln(Assets) # Analysts Factor Volume Relative Spread Adjusted R2

12.92643 -0.895508 -0.531860 0.054754 --- 0.0225
(0.000) (0.000) (0.000) (0.000) ---

12.92643 -0.895508 -0.5318596 0.0547544 --- 0.0225
(0.000) (0.000) (0.000) (0.000) ---

16.12957 -1.458475 -0.263367 0.043998 --- 0.0259
(0.000) (0.000) (0.056) (0.008) ---

14.225490 -1.253925 --- 0.015035 48.81464 0.0262
(0.000) (0.000) --- (0.004) (0.031)

16.48912 -1.420815 0.178877 --- --- 0.0243
(0.000) (0.000) (0.000) --- ---

16.48912 -1.420815 0.178877 --- --- 0.0243
(0.000) (0.000) (0.000) --- ---

16.28351 -1.53818 0.254806 --- --- 0.0267
(0.000) (0.000) (0.000) --- ---

16.28351 -1.53818 0.254806 --- --- 0.0267
(0.000) (0.000) (0.000) --- ---

15.85763 -1.240475 0.099353 --- --- 0.0184
(0.000) (0.000) (0.048) --- ---

15.85763 -1.240475 0.099353 --- --- 0.0184
(0.000) (0.000) (0.048) --- ---

14.84451 -1.080756 -0.641647 0.070606 --- 0.0262
(0.000) (0.000) (0.000) (0.000) ---

9.121849 -0.457425 --- --- 66.66957 0.0346
(0.000) (0.000) --- --- (0.000)

2007

2008

2003

2004

2005

2006

Table 35: Analyst Coverage and Return Moments - Regressions by Year – Kurtosis (continued) 
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the fact that, in Table 35, four of the ten significant #  coefficient values are negative 

and the other six are positive, thus potentially resulting in a cancelation effect when considered 

for the entire sample period.  In terms of model fit, the kurtosis of returns appears to be better 

modeled as an annual regression, with the average adjusted R2 higher for each panel of Table 35 

as compared to the corresponding panel of Table 13.   

 Table 36 presents the results for Regression (43) using the Jarque-Berra statistic as the 

dependent variable.  As can be seen, there is little evidence of a relationship between analyst 

coverage and the Jarque-Berra statistic.  Only two of the 24 regressions spanning Panels A and B 

show a significant #  coefficient, while only six of the 24 regressions indicate a 

significant  coefficient.   

Time-Series Behavior of Analyst Coverage: Conclusion 

 Overall, the results of this section indicate that, while there is an obvious time-series 

patterns in analyst coverage, this has little implication for the results of this paper.  In fact, the 

robustness testing of this section indicates that the results for the relationship between the third 

and fourth moments of the return distribution and analyst coverage can actually be strengthened 

by performing the regressions by calendar year rather than the inclusion of dummy variables in 

the full sample period regressions.   

9.4 Dispersion of Analyst Forecasts 

 In addition to the consideration of intensity of analyst coverage, the information structure 

surrounding a firm can reasonably be believed to be impacted by the level of agreement among 

analysts following the firm.  In order to address the potential impact that analyst agreement may 

have on the return distribution, Equation (39) is again performed under the parameters of the 

Forward Stepwise Regression.  However, in this testing, the #  coefficient is replaced 

with d , measured as the standard deviation of analyst Earnings Per Share (EPS) 

estimates, as defined by IBES.  Specifically,  
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Table 36: Analyst Coverage and Return Moments - Regressions by Year – Jarque-Berra Statistic 

This table represents the regression results for ln # ∑  run for 
the sample period of 2003 through 2008 under the parameters of a Forward Stepwise Regression.  In this instance,  is the Jarque-Berra 
Statistic for security i, as calculated as .  The Forward Stepwise Regression begins with an ‘empty’ 
regression (i.e., no independent variables) and adds explanatory variables, which meet the threshold statistical cutoff value (p-value of 0.10), one 
at a time until either the original model is attained, or no additional variables meet the cutoff threshold.  Panel A (B) contain the results using 
market capitalization (total assets) as the size control variable.  Each regression in each year is subject to two regressions using two different 
liquidity control variables.  Within each regression result, coefficient values are found on the top line and p-values are found in brackets beneath 
the corresponding coefficient values. The horizontal dashed lines, ‘---‘, indicate that the variable has been dropped from the Forward Stepwise 
Regression as a result of not meeting the cutoff threshold p-value of 0.10.     
 

 

Panel A α ln(Market Cap) # Analysts Factor Volume Relative Spread Adjusted R2

7855.1 -454.0 --- --- --- 0.0058
(0.000) (0.000) --- --- ---
10758.4 -647.7 --- --- -39783.6 0.0067
(0.000) (0.000) --- --- (0.031)
11026.2 -645.9 --- --- --- 0.0064
(0.000) (0.000) --- --- ---
6901.8 -369.7 --- --- 75150.2 0.0071
(0.009) (0.048) --- --- (0.045)
13904.2 -887.5 --- 7.0 --- 0.0074
(0.000) (0.000) --- (0.052) ---
13904.2 -887.5 --- 7.0 --- 0.0074
(0.000) (0.000) --- (0.052) ---
9338.8 -485.7 --- --- --- 0.0028
(0.000) (0.000) --- --- ---
2114.5 --- --- --- 160643.6 0.0049
(0.000) --- --- --- (0.000)
9294.1 -446.9 --- --- --- 0.0015
(0.000) (0.006) --- --- ---
9294.1 -446.9 --- --- --- 0.0015
(0.000) (0.006) --- --- ---
8999.9 -544.7 --- --- --- 0.0069
(0.000) (0.000) --- --- ---
4999.0 -274.3 --- --- 36144.8 0.0084
(0.019) (0.072) --- --- (0.011)

2008

2003

2004

2005

2006

2007
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Panel B α ln(Assets) # Analysts Factor Volume Relative Spread Adjusted R2

3005.7 --- -141.5 --- --- 0.0034
(0.000) --- (0.000) --- ---
3005.7 --- -141.5 --- --- 0.0034
(0.000) --- (0.000) --- ---
7873.9 -882.1 --- --- --- 0.0078
(0.000) (0.000) --- --- ---
5866.2 -599.9 --- --- 77686.6 0.0094
(0.000) (0.000) --- --- (0.008)
8886.7 -1008.0 --- 11.4 --- 0.0084
(0.000) (0.000) --- (0.066) ---
7414.7 -862.7 --- 12.9 69734.2 0.0094
(0.000) (0.000) --- (0.039) (0.000)
10456.7 -1330.9 --- 20.2 --- 0.0110
(0.000) (0.000) --- (0.005) ---
9000.8 -1184.3 --- 21.6 80169.1 0.0113
(0.000) (0.000) --- (0.003) (0.049)
8611.9 -811.4 --- --- --- 0.0048
(0.000) (0.000) --- --- ---
8611.9 -811.4 --- --- --- 0.0048
(0.000) (0.000) --- --- ---
5883.7 -593.0 --- --- --- 0.0061
(0.000) (0.000) --- --- ---
3868.3 -375.9 --- --- 40831.0 0.0096
(0.000) (0.007) --- --- (0.000)

2007

2008

2003

2004

2005

2006

Table 36: Analyst Coverage and Return Moments - Regressions by Year - Jarque-Berra Statistic (cont’d) 
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ln      44  

where 

ln                                       45  

The results for Regression (44) are pr able esented in T 37. 

 Focusing exclusively on the  and  coefficients in Table 37, a number 

of interesting results are found.  First, across both Panels A and B of the table, the two 

coefficients are found to be statistically related to the first and second moments of the return 

distribution, with each being statistically significant in seven of the eight regressions involving 

the first two moments.  In addition, the signs on the coefficients indicate that an increase in 

analysts’ EPS dispersion is related to a decrease in average daily return and an increase in return 

variance.   

 In contrast to the strong relationship exhibited between dispersion and the first two 

moments of the return distribution, however, the results of Table 37 suggest that there is little 

relationship between dispersion of analyst forecasts and the shape of the return distribution.  Of 

the eight regressions involving the third and fourth moments, only three are found to have a 

statistically significant relationship with the direct and/or indirect dispersion coefficients.  In 

addition, the adjusted R2 is higher in each of the corresponding regressions in Table 13. 

 The results of Table 37 are compelling.  They suggest that the dispersion of analyst 

coverage is related to only the parameters of the return distribution, and not the shape.  

Additional, un-presented results further strengthen this conclusion.  The Forward Stepwise 

Regression of Equation (44) was again performed, with the inclusion of both the  and 

#  variables, along with related  variables.  In the vast majority of cases, the 

#  and related  coefficient were dropped from the first and second moment 

regressions in favor of the  and related  coefficient.  However, for the two  
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Table 37: Multivariate Regression Results - Dispersion of Analyst Forecasts 

This table represents the regression results for ln ∑  run for 
the sample period of 2003 through 2008 under the parameters of a Forward Stepwise Regression.   is the standard deviation of analyst 
earnings per share estimates, as defined by IBES, and ln .  Panel A contains the results using market 
capitalization as the size control variable while Panel B contains the results using total assets as the size control variable.  Each return moment in 
each panel is subject to two regressions, the first of which uses volume as the liquidity control variable and the second which uses relative bid-ask 
spread as the liquidity control variable, with the grayed out section representing the missing liquidity variable in each corresponding regression.  
Within each regression results, coefficient values are found on the top line and p-values are found in brackets beneath the corresponding 
coefficient values. The horizontal dashed lines, ‘---‘, indicate that the variable has been dropped from the Forward Stepwise Regression as a result 
of not meeting the cutoff threshold p-value of 0.10.  Total number of observations in each regression is 23,611.   
 

 
  

Panel A α ln(Market Cap) Dispersion Factor Volume Relative Spread
0.0024632 --- -0.0103142 0.0006642 -0.0000138

(0.000) --- (0.000) (0.000) (0.001)
0.0014247 0.0000652 -0.0066781 0.0004085 0.017099

(0.000) (0.000) (0.000) (0.000) (0.000)
0.0047902 -0.0002781 --- 0.0003659 0.000043

(0.000) (0.000) --- (0.000) (0.000)
-0.0000702 0.000039 0.003498 --- 0.0702651

(0.553) (0.000) (0.000) --- (0.000)
0.0078791 -0.0004696 --- --- 0.0000489

(0.000) (0.000) --- --- (0.000)
0.0036508 -0.0001771 --- --- 0.062991

(0.000) (0.000) --- --- (0.000)
15.99498 -0.7225478 --- --- 0.0868591
(0.000) (0.000) --- --- (0.003)

13.97682 -0.580206 --- --- 23.47553
(0.000) (0.000) --- --- (0.006)

9808.277 -561.1556 19400.84 -2058.477 87.13485
(0.000) (0.000) (0.002) (0.000) (0.025)

9385.535 -522.881 16885.04 -1694.061 ---
(0.000) (0.000) (0.007) (0.025) ---

Average Daily               
Return

Variance

Skewness

Kurtosis

JB Statistic
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Table 37: Multivariate Regression Results - Dispersion of Analyst Forecasts (continued) 

 
  

Panel A Dummy '04 Dummy '05 Dummy '06 Dummy '07 Dummy '08 Adjusted R2

-0.001419 -0.002068 -0.001710 -0.002521 -0.003755 0.2317
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.001360 -0.001999 -0.001627 -0.002458 -0.003826 0.2379
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.0002923 -0.0004364 -0.0004605 -0.0003232 0.0017594 0.1438
(0.000) (0.000) (0.000) (0.000) (0.000)

--- -0.0001289 -0.0001289 --- 0.0015612 0.2287
--- (0.000) (0.002) --- (0.000)
--- --- --- -0.0003771 --- 0.0247
--- --- --- (0.001) ---
--- --- --- -0.000318 -0.0003002 0.0347
--- --- --- (0.007) (0.019)

0.7057762 1.949001 1.478743 1.949731 --- 0.0143
(0.014) (0.000) (0.000) (0.000) ---

0.7864858 2.038403 1.592766 2.050871 --- 0.0143
(0.007) (0.000) (0.000) (0.000) ---

--- --- --- 762.9406 -859.1556 0.0051
--- --- --- (0.020) (0.015)
--- --- --- 771.6839 -812.4555 0.0050
--- --- --- (0.018) (0.022)

Average Daily               
Return

Variance

Skewness

Kurtosis

JB Statistic
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Table 37: Multivariate Regression Results - Dispersion of Analyst Forecasts (continued) 

 
  

Panel B α ln(Assets) Dispersion Factor Volume Relative Spread
0.0029294 -0.0000799 -0.0137187 0.0009392 ---

(0.000) (0.000) (0.000) (0.000) ---
0.0026898 -0.0000563 -0.012809 0.0008809 0.0072214

(0.000) (0.000) (0.000) (0.000) (0.000)
0.0037649 -0.0004017 0.0035319 0.00000827 0.0000629

(0.000) (0.000) (0.057) (0.950) (0.000)
0.0017569 -0.0001962 0.0045751 --- 0.0545797

(0.000) (0.000) (0.000) --- (0.000)
0.005709 -0.0005761 --- --- 0.0000563
(0.000) (0.000) --- --- (0.000)

0.003773 -0.0003873 -0.0171357 0.0013204 0.0584947
(0.000) (0.000) (0.001) (0.000) (0.000)

13.63067 -1.092602 --- 0.268269 0.117003
(0.000) (0.000) --- (0.015) (0.000)

12.32443 -0.9302488 --- 0.3321722 29.29608
(0.000) (0.000) --- (0.003) (0.000)

7621.888 -801.6615 --- 348.9725 89.44313
(0.000) (0.000) --- (0.015) (0.019)

6689.331 -675.8804 --- 399.3392 24585.82
(0.000) (0.000) --- (0.005) (0.007)

Average Daily               
Return

JB Statistic

Variance

Skewness

Kurtosis
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Panel B Dummy '04 Dummy '05 Dummy '06 Dummy '07 Dummy '08 Adjusted R2

-0.0014125 -0.0020577 -0.0016985 -0.0025101 -0.0037356 0.2358
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.0013794 -0.0020186 -0.0016518 -0.0024706 -0.0037595 0.2375
(0.000) (0.000) (0.000) (0.000) (0.000)

-0.0003643 -0.0005137 -0.0005498 -0.0004198 0.0017805 0.1774
(0.000) (0.000) (0.000) (0.000) (0.000)

--- -0.0001459 -0.0001206 --- 0.0017075 0.2469
--- (0.000) (0.000) --- (0.000)

-0.0002851 -0.0003865 -0.0003705 -0.0006745 --- 0.0290
(0.032) (0.003) (0.005) (0.000) ---

--- --- --- -0.0003074 --- 0.0422
--- --- --- (0.007) ---

0.5100917 1.733787 1.229358 1.677453 --- 0.0228
(0.074) (0.000) (0.000) (0.000) ---

0.6573808 1.89938 1.434937 1.870228 --- 0.0227
(0.023) (0.000) (0.000) (0.000) ---

--- --- --- 699.7252 -705.5156 0.0070
--- --- --- (0.032) (0.046)
--- --- --- 743.9061 -848.5228 0.0071
--- --- --- (0.023) (0.018)

Average Daily               
Return

JB Statistic

Variance

Skewness

Kurtosis

Table 37: Multivariate Regression Results - Dispersion of Analyst Forecasts (continued) 
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higher moments, the opposite is observed, with the intensity of analyst coverage variables kept in 

the regression and the forecast dispersion variables dropped. 

9.5 Abnormal Returns and Momentum 

 One criticism of the Fama and French (1993) three factor methodology, as conceded by 

Fama and French (1996) themselves, is that the model fails to explain momentum, or the 

continuation of returns in the short-term, as documented by Jegadeesh and Titman (1993).  This 

concern is valid in the current study, as abnormal returns are measured over a one-year time 

period, the timeframe in which the effects of momentum are the greatest.   

In order to address this potential issue with the Fama and French (1993) model, Carhart 

(1997) suggests the inclusion of a momentum term in addition to the three factors of the Fama 

and French (1993) model.  The momentum term of Carhart (1997) is calculated by taking the 

equal-weight average returns of firms with the highest 30 percent eleven month returns, lagged 

one month, minus similarly measured returns for the lowest 30 percent of firms.  This robustness 

section uses the momentum factors provided by Kenneth French, which are calculated similarly 

to those of Carhart (1997). 

The regression r fa r  used for the fou cto model is shown in Equation (46) below: 

, , , , , , , , , , , 1      46  , ,

where 1  is the annual momentum factor at time t, as defined above.  All other terms are as 

in Equation (37) above. 

 Equation (46) is used to define the abnormal returns on a security, and returns with high 

skewness and kurtosis are compared with their corresponding low-valued counterparts in the year 

following portfolio formation.30  This testing is similar to what is presented in Table 8 above, 

with the underlying difference being the inclusion of the momentum term in the calculation of 

abnormal returns.  The results of this testing are presented in Table 38. 
                                                 
30 In the interest of brevity, only the results for the single-sort portfolios are presented.  However, the 
portfolios formed on a double-sort of size and return moment produce results consistent those found in 
Tables 9 and 10. 
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Table 38: Single Sort Portfolios – by Year – Four Factor Model 

Firms are sorted into deciles, based on the attributes in the far-left column, in the base year.  Performance is measured as the difference in the 
average α for the highest and lowest valued deciles in the subsequent year.  For example, for base year 2003 and the skewness attribute, firms are 
grouped into deciles based on the level of skewness in their return distribution in 2003.  Performance of the most and least skewed deciles of 
securities is measured in the subsequent year, 2004.  Difference indicates that, in the year following the formation of the portfolios based on, in 
this case, skewness levels, the decile formed from the most skewed securities have a higher average α than that of the least skewed securities, with 
the difference being 0.07265.  α is calculated as the intercept term of the Carhart (1997) four factor model , , , , , ,

, , , , , , , 1  run for daily data for each firm.  The two remaining columns for each base year present the 
p-values associated with the Student’s t-test and Wilcoxon Rank-Sum test, respectively.  For the base years 2003 through 2007, the number of 
observations in each decile is as follows: 362, 371, 377, 378, and 327, respectively. 
 

 
 

Difference
p-Value:           

(Student's t)
p-Value:   

(Wilcoxon) Difference
p-Value:           

(Student's t)
p-Value:   

(Wilcoxon)
Skewness 0.07265 (0.0000) (0.0000) -0.02301 (0.1290) (0.0150)
Kurtosis 0.05591 (0.0000) (0.0002) 0.01206 (0.3497) (0.1260)

Base Year
2003 2004
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Table 38: Single Sort Portfolios – by Year – Four Factor Model - (continued) 

 
  

Decile Sort Difference
p-Value:           

(Student's t)
p-Value:   

(Wilcoxon) Difference
p-Value:           

(Student's t)
p-Value:   

(Wilcoxon)
Skewness 0.03053 (0.0314) (0.0715) 0.00264 (0.8630) (0.7170)
Kurtosis 0.05531 (0.0000) (0.0000) -0.03669 (0.0049) (0.0014)

Base Year
2005 2006
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Decile Sort Difference
p-Value:                              

(Student's t)
p-Value:                              

(Wilcoxon)
Skewness -0.04122 (0.0414) (0.0418)
Kurtosis -0.07932 (0.0000) (0.0000)

Base Year
2007

Table 38: Single Sort Portfolios – by Year – Four Factor Model - (continued) 
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 A comparison of Table 38 with Table 8 shows that the results in Table 8 are confirmed 

when abnormal returns are classified under the four factor model of Carhart (1997).  In fact, 

looking at the p-values indicates that, if anything, the difference between the high and low valued 

moment portfolios is strengthened under the four factor model.  This conclusion is drawn from 

the fact that, with only one exception, the p-value is lower in Table 38 compared with the 

corresponding p-value in Table 8.  As such, the conclusions drawn in the Results section are 

invariant to the inclusion of momentum in the asset pricing model. 

9.6 Bull versus Bear Market 

 Tables 9 and 10 analyze the performance of double-sort portfolios in the year following 

portfolio formation.  From these tables the conclusion that there is a reversal of return fortunes, in 

particular for size and kurtosis sorted portfolios, as a result of different market conditions in 

made.  In order to more fully investigate this conclusion, testing similar to that presented in 

Tables 9 and 10 is again performed.  However, in this subsequent testing, rather than measuring 

performance during each calendar year, performance is measured over two distinct periods.  The 

first period is the bull market of 2003 through 2006 and the second is the bear market of 2007 and 

2008.  The results of this testing are found in Tables 39 and 40.   

 The most striking result of this robustness testing is found in Table 39 for the double-

sorted size and skewness portfolios.  In nearly all instances, the most skewed securities 

outperform their least skewed counterparts.  This result strongly contradicts the result found in 

Table 9, which showed that, when examining the returns by calendar year, there was only weak 

support for differing performance for the most and least skewed securities.  It is also interesting to 

note that the results of Table 39 suggest that the most skewed securities outperform their least 

skewed counterparts regardless of the underlying economic conditions present in the market. 

 The results of Table 40 generally align with the corresponding results found in Table 10.  

They present weak evidence of the most kurtotic securities over-performing their least kurtotic 

counterparts during good economic conditions.  In addition, the results of both tables show that  
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Table 39: Size and Skewness Sorted Portfolios – by Economic Conditions 

In each year of the sample, firms are first grouped in deciles based on size, with size decile one (ten) containing the smallest (largest) firms.  Panel 
A utilizes market capitalization in the creation of the size deciles, while the results of Panel B have been suppressed.  All firms within each size 
decile are further sorted into deciles based on their level of return skewness.  Performance is measured within each size decile as the difference in 
the average α for the highest and lowest valued skewness deciles in the year after portfolio formation, with the results for the bull market 
corresponding to 2003 to 2006 and the bear market corresponding to 2007 and 2008.  Difference is measured as the average α for the decile of 
most skewed securities minus the average α for the decile of the least skewed securities.  α is calculated as the intercept term of the Fama and 
French (1993) three factor model r , r , α , β , r , r , β , r , r , β , r , r , ε ,  run for daily data for each 
firm.  The two remaining columns for each period present the p-values associated with the Student’s t-test and Wilcoxon Rank-Sum test, 
respectively.  For the bull period the number of observations in each decile is 223 while for the bear period the number of observations per decile 
is 140. 
 

 
  

Panel A Difference
p-Value:           

(Student's t)
p-Value:   

(Wilcoxon) Difference
p-Value:           

(Student's t)
p-Value:   

(Wilcoxon)
Size Decile One 0.22178 (0.0000) (0.0000) 0.22500 (0.0000) (0.0000)
Size Decile Two 0.18559 (0.0000) (0.0000) 0.06190 (0.0914) (0.0739)
Size Decile Three 0.15036 (0.0000) (0.0000) 0.07467 (0.0256) (0.0029)
Size Decile Four 0.14664 (0.0000) (0.0000) 0.15664 (0.0000) (0.0000)
Size Decile Five 0.16285 (0.0000) (0.0000) 0.14725 (0.0000) (0.0000)
Size Decile Six 0.12001 (0.0000) (0.0000) 0.08584 (0.0009) (0.0002)
Size Decile Seven 0.09827 (0.0000) (0.0000) 0.08485 (0.0003) (0.0000)
Size Decile Eight 0.07428 (0.0000) (0.0000) 0.10928 (0.0000) (0.0000)
Size Decile Nine 0.09258 (0.0000) (0.0000) 0.07313 (0.0001) (0.0000)
Size Decile Ten 0.05472 (0.0000) (0.0000) 0.07322 (0.0000) (0.0000)

Market Conditions
Bull Bear
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In each year of the sample, firms are first grouped in deciles based on size, with size decile one (ten) containing the smallest (largest) firms.  Panel 
A utilizes market capitalization in the creation of the size deciles, while the results of Panel B have been suppressed.  All firms within each size 
decile are further sorted into deciles based on their level of return kurtosis.  Performance is measured within each size decile as the difference in 
the average α for the highest and lowest valued kurtosis deciles in the year after portfolio formation, with the results for the bull market 
corresponding to 2003 to 2006 and the bear market corresponding to 2007 and 2008.  Difference is measured as the average α for the decile of 
most kurtotic securities minus the average α for the decile of the least kurtotic securities.  α is calculated as the intercept term of the Fama and 
French (1993) three factor model r , r , α , β , r , r , β , r , r , β , r , r , ε ,  run for daily data for each 
firm.  The two remaining columns for each period present the p-values associated with the Student’s t-test and Wilcoxon Rank-Sum test, 
respectively.  For the bull period the number of observations in each decile is 223 while for the bear period the number of observations per decile 
is 140. 
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Table 40: Size and Kurtosis Sorted Portfolios – by Economic Conditions 

 

 

Panel A Difference
p-Value:           

(Student's t)
p-Value:   

(Wilcoxon) Difference
p-Value:           

(Student's t)
p-Value:   

(Wilcoxon)
Size Decile One 0.15823 (0.0000) (0.0000) 0.14968 (0.0001) (0.0061)
Size Decile Two 0.07813 (0.0010) (0.0101) 0.08633 (0.0078) (0.1213)
Size Decile Three 0.00001 (0.9628) (0.9859) 0.01907 (0.5281) (0.9976)
Size Decile Four 0.01360 (0.5887) (0.9186) -0.09028 (0.0015) (0.0001)
Size Decile Five 0.01080 (0.5677) (0.5195) -0.07874 (0.0026) (0.0033)
Size Decile Six -0.00437 (0.7596) (0.6382) -0.05742 (0.0097) (0.0210)
Size Decile Seven 0.01657 (0.1796) (0.2368) -0.04138 (0.0540) (0.1256)
Size Decile Eight 0.00458 (0.6755) (0.6577) -0.01455 (0.4989) (0.6967)
Size Decile Nine 0.01636 (0.1206) (0.5991) -0.07642 (0.0001) (0.0000)
Size Decile Ten 0.01155 (0.1611) (0.3630) -0.03345 (0.0475) (0.0036)

Market Conditions
Bull Bear



this return fortune reverses during economic downturns, as is evidenced by the underperformance 

of the most kurtotic securities found in Table 40 during the period characterized as the bear 

market. 

9.7 Robustness Testing: Conclusion 

This chapter provides evidence concerning the robustness of the results found in Chapters 

7 and 8.  In particular, the results of these earlier chapters are found not to be impacted by 

additional controls for both firm size and calendar year.  In addition, there appears to be little 

impact in using market model residuals as opposed to raw return data in establishing the 

relationships of prior chapters.  Finally, the current chapter suggests that while the dispersion of 

analyst forecasts adds explanatory power to models of the first two moments of the return 

distribution, it does little to affect the modeling of the third and fourth moments.  In fact, the 

intensity of analyst coverage, as measured by the number of analysts following a firm, is strongly 

favored over the dispersion of forecast estimates in modeling the third and fourth moments of the 

return distribution, offering further support for the findings of prior chapters. 
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Chapter 10 
 

Conclusion 
 

 
 
 The current study adds to the body of literature on the distribution of security returns by 

providing a comprehensive investigation into the relationship between sell-side security analysts 

and the higher moments of this distribution.  The study focuses on two main lines of 

investigation: the first being the ability to forecast abnormal returns using the third and fourth 

moments of the distribution as stock selection criteria, and the second being the relationship 

between analyst coverage and the moments of the return distribution. 

Conclusion: Higher Moments, Abnormal Returns, and Market Volatility 

 Chapter 7 presents evidence concerning the use of the higher moments of the return 

distribution as potential stock selection criteria.  Defining abnormal returns as the intercept value 

from the Fama and French (1993) three factor model, and forming equally weighted portfolios 

based on deciles of moment values, it is found that highly skewed and highly kurtotic stocks 

statistically and economically outperform their less skewed and less kurtotic counterparts.  One 

complicating factor in this compelling result, however, is the documented correlation between 

moment values and firm size, as evidenced in the summary statistics of Chapter 6.  In order to 

control for this correlation, securities are formed into portfolios based on a double sort of size and 

moments of the distribution.  However, even within these double sort portfolios, there remains 

clear and consistent evidence to support the fact that highly skewed securities outperform their 

less skewed counterparts on an ex-post basis.  For all ten size deciles within both panels of Table 

5, the portfolio formed from the decile of the most highly skewed securities outperforms the 

portfolio formed from the securities with the lowest skewness by both a statistically and 

economically significant amount.  While the result is compelling, it is unexpected based on 

investor preference for skewness in the return distribution.  The results to support an over-
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performance by highly kurtotic securities, relative to their less kurtotic counterparts, are, 

however, less conclusive.  Interestingly, for the two smallest size deciles in each panel of Table 6, 

the portfolio formed from the most kurtotic decile of stocks outperforms the portfolio formed 

from the least kurtotic decile of stocks by a statistically and economically significant amount.  

However, there is no clear evidence of a difference in performance between the two extreme 

kurtosis portfolios for the remaining eight size deciles in each panel. 

 The second part of Chapter 7 investigates the time-varying nature of abnormal return 

premiums associated with higher moments of the return distribution.  Portfolios formed from a 

single sort of the higher moments of the return distribution present evidence to suggest that the 

market reward offered in relation to such portfolios is time-varying and strongly dependent on 

overall market conditions.  While the evidence for the single sort skewness portfolios is generally 

mixed, there is a clear reversal of abnormal return fortunes for the portfolios formed from a single 

sort of kurtosis as well as those formed based on the overall level of normality.  In particular, high 

values of these portfolios clearly outperform their lower valued counterparts during periods of 

relative market calm.  However, in periods of heightened market volatility and overall market 

downturn, these portfolios significantly and economically underperform their lower valued 

counterparts.  In fact, the underperformance is so severe, that in the most volatile year of the 

study the most highly kurtotic portfolio underperforms its least kurtotic counterpart by a 

magnitude that is nearly as large as the combined over-performance documented in the three 

years of relative market calm.  The general results for the third and fourth moments, as well as the 

overall level of non-normality, remains relatively the same when double-sort portfolios, which are 

inclusive of size, are used. 

 The main contribution of Chapter 7 is to highlight the drastic difference in performance 

when looking at the entire sample period, which encompasses periods of both market volatility 

and relative market calm, versus looking at the individual years of the sample period in isolation.  

An investor examining the entire sample period for ex-post forecasting ability would generally 

248 
 



conclude that, for firms of all sizes, portfolios of highly skewed securities statistically and 

economically outperform their least skewed counterparts.  Also, the conclusion can be drawn that, 

for the two smallest size deciles of firms, the most kurtotic securities outperform their least 

kurtotic counterparts.  However, when the relative performance is more closely analyzed to focus 

on ex-ante forecasting ability, a strong time-varying trend is documented, particularly for the 

fourth moment of the return distribution.  As such, while the ability to identify abnormal returns 

using the higher moments of the return distribution at first appears encouraging, the more detailed 

ex-ante analysis suggests that there is significant risk in such an investment strategy, as the 

reversal of return fortunes tends to be quick and brutal.  

 This time-varying nature of the premium associated with the higher moments of the 

return distribution helps shed some light on a number of prior contradictory findings in literature.  

The ability of security analysts to generate abnormal returns through their recommendations has 

been a long-studied topic with results that generally suggest an inability to accomplish the 

generation of abnormal returns.  The current study adds to this body of literature, for it suggests 

that analyst coverage is clearly related to the higher moments of the return distribution, but the 

premium associated with these higher moments is time-varying and strongly dependent on overall 

market conditions.  As such, further investigation into the performance of security analysts must 

not only strongly consider the overall market conditions, but must also expand the definition of 

risk to moments of the return distribution higher than the second.  In addition, the current study 

directly addresses the contradictory results found by Arditti (1967; 1971) and Francis (1975), who 

document a negative and positive skewness coefficient associated with security returns, 

respectively.  The current study suggests that the time-varying nature of the market premium 

associated with skewness is a potential explanation for this apparent contradiction.  

Conclusion: Analyst Coverage and the Distribution of Stock Returns 

 Chapter 8 provides clear and consistent evidence of a relationship between analyst 

coverage and the individual moments of the return distribution.  Regression results show that as 
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the number of analysts following a firm increases, the overall distribution of returns is impacted, 

with the level of skewness being reduced and the level of kurtosis being increased.  In addition, 

the two parameters of the distribution are also impacted, with average daily returns decreasing 

and the variance of returns increasing.  These results hold even after controlling for firm size and 

stock liquidity.  In addition, calendar year and, more importantly, underlying market conditions 

impact the level of three of the four moments of the return distribution, with the lone exception 

being the skewness of returns.   

 Testing is also performed to determine the relationship between both the initiation and 

discontinuation of analyst coverage with the moments of the return distribution.  Again, clear and 

consistent evidence is found to support the existence of a relationship between analyst coverage 

and the individual moments of the return distribution.  In particular, the initiation of analyst 

coverage is found to be associated with a reduction in both the average daily return and the level 

of skewness in the distribution.  At the same time, kurtosis is found to increase with the initiation 

of coverage, while the level of dispersion in the distribution is found to be unchanged.  The 

discontinuation of analyst coverage is associated with a reduction in average daily return, but a 

general increase in the remaining moments of the return distribution is found, with the evidence 

presented for the even moments being mixed.  These results hold for up to two years following 

the discontinuation of analyst coverage. 

 The results presented in Chapter 8 offer interesting insight into the relationship between 

analyst coverage and the stocks that they follow.  Two competing hypotheses as to the underlying 

causes of non-normal security returns are differing information structure concerning a firm and 

differing liquidity of the security in question.  The current study offers testing methodology to 

investigate these two hypotheses and suggests that, rather than being competing theories, both 

have merit.  A change in analyst coverage, in particular the initiation or discontinuation of 

coverage, undoubtedly impacts the information structure of a firm, as well as the liquidity of the 

securities of the firm.  However, even after controlling for liquidity as both trading volume and 
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relative bid-ask spread, the number of analysts following a firm, as well as the initiation and 

discontinuation of coverage, is related to nearly all moments of the return distribution.  This 

suggests that information structure and liquidity both impact the return distribution.  

Conclusion: Analyst Coverage and Investor Preferences 

 While the results of the first part of Chapter 7 are interesting in their own right, they are 

particularly intriguing in light of the results of Chapter 8.  In Chapter 8 there was evidence 

presented to suggest that the initiation of analyst coverage and an increase in the number of 

analysts following a firm both lower the skewness of the return distribution for that security.  In 

light of the evidence of Chapter 7, which suggests that more skewed securities outperform their 

less skewed counterparts in terms of abnormal return on an ex-post basis, even after controlling 

for size, these two results combined would potentially suggest that investors seeking a premium 

from the third moment of the return distribution would tend to prefer neglected firms over those 

followed by security analysts.  This result is reinforced when looking at the relationship between 

the discontinuation of analyst coverage and skewness of returns, an event associated with an 

increase in return skewness.   

In looking at the fourth moment of the return distribution, it was found that the initiation 

of coverage and an increase in the number of analysts is generally associated with an increase in 

the level of kurtosis in the distribution.  However, in light of the evidence presented in Chapter 7, 

namely that the market only rewards excess kurtosis among the smallest of stocks on an ex-post 

basis, and the arguments of Scott and Horvath (1980) who suggest that investors dislike even 

moments of the return distribution, there are again implications for investor preference for 

followed versus neglected firms.  In particular, the results of Chapters 7 and 8 suggest that being 

a followed firm increases kurtosis in the return distribution, but that the market does not, in 

general, reward, in the form of abnormal return, this increased kurtosis.  This again suggests that 

investors targeting higher moments of the return distribution within their investment strategy 
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would potentially favor neglected firms over those with an analyst following, for with followed 

firms investors would be taking on utility-reducing kurtosis with no associated increase in return.   

Conclusion: Final Thoughts and Future Research 

 The current study offers an interesting first-look at the relationship between security 

analyst coverage and the higher moments of the return distribution.  While the clearly 

documented relationship between analyst coverage and the moments of the return distribution, as 

well as the documented time-varying nature of the premium associated with these higher 

moments, is in itself a solid contribution to the current literature on return normality, it also opens 

the door for a number of additional research topics.  In particular, in light of a seemingly growing 

body of literature for asset models that are inclusive of the higher moments of the return 

distribution, an interesting extension to the current study would examine the relationship that 

liquidity and information structure, as proxied by analyst coverage, have with the systematic 

versus idiosyncratic components of return skewness and kurtosis.  In addition, as in the current 

study, this line of research could also produce important insights into the time-varying nature of 

the systematic component of the higher moments of the return distribution.  It is my intention to 

undertake this line of research at a future date. 
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Appendix 
 

Formal Statement of the Central Limit Theorem 
 
 
 

As per Bean (2009):  Let , , …,  represent a sequence of independent and identically 

distributed random variables with ~ .  Let  and .  For each , let 

.  Then the distribution of / √  tends to a standard normal 

distribution as ∞.  That is, for each , 

 

Pr
√

 

 
as 
 

∞ 
 
where ·  is the distribution function of a standard normal random variable. 
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