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ABSTRACT

Nassim Nicholas Taleb introduced the notion of the Black Swan in his best-selling book,
“The Black Swan: The Impact of the Highly Improbable” in 2007. A Black Swan is an event
that is characterized as being extremely rare, having an extreme impact, and being explainable
after the fact. Taleb points out that the predictive models used in many statistical fields do not
account for the probability of these events, including the financial world. This thesis breaks
down the issues with the use of a traditional Gaussian, or normal distribution and the measure of
volatility with stock returns. Using the third and fourth moments of a distribution, skewness and
kurtosis respectively, | compute market and 9 sectors’ daily and monthly returns over the sample
period from 1990-2009. Using Fisher’s cumulant test for normality, I investigate whether
sectors follow the patterns of a normal distribution. | find that there is little evidence that all

stock returns are negatively skewed, while I find substantial kurtosis across all sectors.
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Section 1: INTRODUCTION

The world in which we live in is a complex one. Advancements in technology and science have
left the current generation with opportunities that were never possible before. This includes
receiving a heart transplant to extend the life of an ailing individual, or connecting over the
internet with friends across the globe within seconds. Not only were such opportunities unlikely
in the past, many were unimaginable. The introduction of such inventions altered the course of
history, or at the very least shocked any conceivable predictions that were made by prior
generations. These events would be characterized as Black Swans by Nassim Nicholas Taleb,

famous author, scholar, and statistician.

Taleb explained the theory of the Black Swan in his book published in 2007, “The Black
Swan: The Impact of the Highly Improbable”, which spent seventeen weeks on the New York
Times best-seller list and has been translated into twenty seven languages (Baker-Said). This
book was named by the Sunday Times, a reputable weekly newspaper in the United Kingdom, as
one of the twelve most influential books of the past sixty years by critic Bryan Appleyard
(Appleyard). Taleb has spent much of his career studying probability and uncertainty and
presented the concept of a Black Swan through various historical examples. His ideas are
centered around the concept of the high impact, highly improbable events that change the course
of thought leading up to that point. In the field of finance, stock returns, in his opinion, given the
recent impact that the financial crisis of 2007, are affected greatly by these events. While he
provides evidence of these high impact events in all corners of our lives ranging from
technological examples such as the internet, the terrorist attacks of September 11" 2001, and
social phenomena like J.K. Rowling’s Harry Potter book sales, the power of predictive models

used in finance exposes a great threat of Black Swans.



These financial models are largely based on the assumptions that asset returns are
Gaussian, and that their behavior can be described by a Gaussian distribution, often called the
Bell curve due to is symmetric shape. The simplified Gaussian Bell curve states that on average
positive and negative returns are equally likely, and the probability of witnessing returns further
from the mean decreases exponentially. Using these assumptions, classical financial theory

focuses on only two parameters: average return and variance.

Taleb’s extension is based on his dismissal of the traditional Gaussian bell curve used in
many statistical analyses and predictive models today and focuses on the tails of the distribution,
realizations that are far from the average or center of the Gaussian distribution, that are likely to
be “fatter” than a Gaussian view of distributions would allow. As it is highly improbable to
witness these events, they are referred to by Taleb as Black Swans. The high impact of these
events has made it important to understand them in making predictions about the future. It is the
study of these Black Swan events, Taleb believes, that allows us to gain an appreciation that we
do not know everything we need to know to build accurate predictive models using empirical

and historical data.

This thesis aims to expand on the notions of the Black Swan in the financial markets, including
the period during the financial crisis of 2007, the statistical implications of variance, skewness,
kurtosis, and their implications on financial modeling through the use of the Gaussian
distribution and the assumptions made by some in the finance profession. In particular, |
consider daily and monthly returns for 9 stock sectors and the market over a 20-year period, both
year-by-year and cumulatively, to analyze the properties of their distribution. Whether equity

markets follow an assumed normal distribution or not is a question worth being answered. In



addition, | provide a comparison of higher moment statistics with the markets and across
industries. Over this period, there appears to be is little evidence that all stock returns are

negatively skewed, while | find substantial kurtosis across all sectors.

1.1 Definition of a Black Swan

Taleb defines a Black Swan with three distinct characteristics: it is unpredictable, an outlier; it
has massive consequences; and subsequently after an event takes place, an explanation is formed
that makes it seem less random, and more predictable than it was. In short, these characteristics
can be summarized by rarity, having an extreme impact, and retrospective predictability. These
shocks need not be negative, and in many instances are positive to society. Taleb argues that too
much time is spent looking at the past when the future itself is unpredictable (Taleb, 2007, page
18).  In arather juvenile metaphor, Taleb uses an example of the life of a turkey (as perceived
by the turkey) to demonstrate the problem of induction. Figure 1 illustrates his point. It is
misleading to look at the first 1000 days and derive conclusions solely from past data for
predictions of the future: one may be unprepared for the event that happens on the day “1001”,
such as the slaughtering of the turkey for a Thanksgiving feast. Various variables ranging from

book sales, a given stock, or fan attendance at a sporting event could also be used as an example.

Figure 2 shows a real life example of the problem with induction, as seen by the fate of
IndyMac bank in 2007 as well by other financial institutions such as Bear Stearns and Lehman
Brothers. The banking system, which has bet against rare events, lost over $1 trillion dollars,

more than it has ever been earned in the history of banking prior (Taleb 2008).



Representative of retrospective predictability, Taleb embellishes on the narrative fallacy
where people legitimize these Black Swan events after the fact. It is human nature to simplify
the dimension of matters, summarize, and create stories to explain the unexplainable. As we
tend to summarize information that has a great degree of dimensionality, we insert a level of
order, and remove randomness. This has a two-fold effect: first, it allows for a narrative
justification of causality for a Black Swan; and second, it perpetuates the lack of awareness for
future Black Swans as we perceive the world to be less random than it is in reality (Taleb, 2007,

page 69).

1.2 Black Swans and the Statistical Implications

Taleb breaks down two types of probability domains, Mediocristan and Extremistan. They
represent very differing consequences and schools of thought as to how predictive models and

statistics can be used in each domain.

1.2.1 Mediocristan

The Mediocristan world is one that is very straightforward. A “yes” or “no” answer, “true” or
“false” would suffice, and magnitude is a non-issue. These are usually testable and measurable,
such as height or weight. Taleb describes these as having mild randomness. To demonstrate,
assume that 5,000 Penn State students are at a women’s volleyball match. In addition, we add
the tallest person imaginable, for example standing 24 ft tall, more than four times the average.
He will only represent such a small fraction of the students in attendance, for example .08

percent of the population. Even with one extreme observation, the impact in the overall total will



not be great. This randomness is diversified by having a large sample (Mandelbrot and Taleb,

2006).

The Mediocristan application is typically studied and used throughout many professions
that deal with statistics. The “Bell curve”, the normal distribution, or Gaussian model, named
after the 19™ century mathematician Carl Friedrich Gauss, is used throughout the fields of
statistics, economics, and finance. The Gaussian model has various “cousins” that attempt to
modify the initial representations of variance and distributions including Student’s t distribution,
+* distribution, and Poisson distribution, which are often used by fund managers to measure risk
or exposure to it. Taleb discusses in great depth that volatility, variance, correlation, and the bell
curve cannot account for drastic jumps or discontinuities. The metaphor used by Taleb is “like
focusing on the grass and missing out on the gigantic trees.” Traditionally, these “trees” are
treated as outliers, because the occurrence of these large deviations has a very small probability

in a traditional Bell curve (Mandelbrot and Taleb 2006).

However, it is these tails where the outliers exist, that can ultimately have a cumulative
impact in the long term. Its impact is so consequential that it cannot be ignored. Looking at
these exceptions is critical in instances of Extremistan. Variables that follow mild randomness
can be described by the Bell curve or Gaussian models. However in the cases of Extremistan, or
wild randomness, a fractal scale is necessary. Figure 3 shows the typical bell “curve” which

represents a probability distribution of a random normal variable.

1.2.3 Extremistan



The Extremistan world is very complex. Not only does frequency carry consequences, but also
the magnitude or some function of the magnitude of the event matters. Both frequency and
magnitude depend on additional moments of the distribution. Taleb describes these situations as
having wild randomness, where a single outcome can drastically impact the total. The
aforementioned Bell curve has “thin tails,” because the likelihood of outliers is so low by
definition. In the Extremistan case (representing a “fat tail” distribution) there is a higher
probability of outliers which will have a large impact on the aggregate, as shown in Figure 4.
These scenarios are much more prevalent in realms of life related to income, stock returns, or

terrorist attacks (Mandelbrot and Taleb 2006).

For example, let’s add to the previously mentioned volleyball match crowd Bill Gates,
the second wealthiest person in the world. Gates’ assumed net worth is about $53 billion
(Forbes). The share of total wealth that is represented by Gates himself will be roughly 99.9%.
The other spectators combined would merely represent only a small fraction of any variation in
Gates’ portfolio over the course of that day. These man-made variables make up what Taleb
includes as wild randomness. This wild uncertainty can be seen in economics. For example,
around the 1920s the German mark was first trading for 50 to a dollar and then for more than 4
billion to the dollar in only a matter of years due to extreme hyper inflation (The Economist,
December 23, 1999). Figure 5 displays the four quadrants that variables can be categorized
according to Taleb. It is the critical fourth quadrant where exposure to Black Swans is greatest.
The first and second quadrants fall in the Mediocristan world, where variables tend to be in a
defined range. They differ with respect to their simple payoffs that follow patterns of only a few

outcomes, or complex where variables follow patterns of continuous outcomes. The third and



fourth quadrants fall in the Extremistan world, where large deviations are likely to occur. The

greatest risk is found in the fourth quadrant as payoffs are complex and carry real consequences.

Figure 6 shows the varying disciplines in which complex payoffs in the real world need
special attention. This exposure is real and the reason for Taleb’s focus on studying the issues

that fall into this category.

It is clear that high impact events have been present in the financial markets. According
to Taleb, only 10 trading days represent 63% of the returns in the stock market for the 50 years
preceding 2006 (Mandelbrot and Taleb 2006). Figure 7 shows how drastically different the
stock returns would be without these one-day jumps. They should not be treated as “exceptions”
as a traditional bell curve might imply, as their consequences, those of variables in the fourth
quadrant, have large implications. Academic research has recently made a tremendous progress
including jumps into financial models. These modeling innovations substantially improve the

inferences and predictions made by these models.

Section 2: ASTATISICAL APPROACH

2.1 Basis for use of Normal Distribution for Random Walk and Central Limit Theorem
The normal distribution has been used to fit statistical and economic data for years.
Representative of the concepts of efficient markets and random walks, famous economist Eugene
Fama, determined that changes in stock prices were immediately reflective by changes in
expectations as well as determined to follow a “random walk,” a movement independent with

respect to the past movements (Fama 1965). The Central Limit Theorem states conditions under



which the mean of a sufficiently large number of independent random variables, each with finite
mean and variance, will be approximately normally distributed (Feller 1968).

Since these theories are accepted by many traders, analysts, and bankers, the Gaussian
assumption for the distribution of returns is widely used in theoretical finance because of the
simplifications it provides in analytical calculation (Gopikrishnan et all 1999). Taleb admits that
distributions with “thin-tails” do allow for robust forecasting and tractability. It is the “thick-
tailed” distributions which provide difficulty in forecasting. Taleb cites that nearly 1,000
financial institutions have shut down in 2007 and 2008 and lost nearly $3.6 trillion. Taleb
suggests that they would have used a different risk profile had they been fully aware of the

unpredictability in the forecasting models (Taleb 2009).

2.2 Fractals and Scalability

Sigma or standard deviation of a data set is the square root of its variance. Standard deviation is
a widely used measure of the variability. It is called volatility when applied to financial markets.
It indicates variation from the mean: a low standard deviation indicates that data points are close
to the mean, while a higher sigma indicates that the data is spread out over a larger range away
from the mean. As you move more sigmas from the mean, the probability of observing extreme
outcomes lowers, under the assumptions of a Gaussian distribution. In a Gaussian distribution,
the frequencies of outcomes as you move more sigmas away from the mean drop very rapidly, in
an accelerating way. However, certain variables that follow a Mandelbrotian pattern do not
decrease in likelihood in the same manner. In “A focus on the exceptions that prove the rule”,

Taleb and Mandelbrot show the “fractal” or “scalable” distributions whose probabilities decrease


http://en.wikipedia.org/wiki/Statistical_independence
http://en.wikipedia.org/wiki/Random_variables
http://en.wikipedia.org/wiki/Normal_distribution

with increased sigmas but at a constant rate compared to a normal distribution. The “fractal”
distribution in this example represents instances of wealth. These are shown in Figure 8.

This distribution makes sense for variables not in the “fourth quadrant”, such as weight.
However for stock returns, where a level exceeding 20 sigmas had occurred during the market
crash of 1987 and interest rates in 1992, it fails to capture the probabilities represented in the tails
of the distribution. In the normal category, frequency dropped rapidly at an accelerating rate.
For variables such as income or wealth that follow a fractal or scalable distribution, the drop in
frequency occurs at a constant rate. The above example follows the fractal law with an “alpha”
or “tail exponent” of two. This means that when a number is doubled, the probability of
occurrence goes down by the square of that number. An “alpha” of one would provide tails that
are even fatter. Taleb and Mandelbrot believe that the stock market follows this “fractal” scale
(Mandelbrot and Taleb 2006).

“Alpha” is used for stress testing of portfolios. Changing “alpha”, for instance
decreasing “alpha” will result in the probabilities of large deviations to increase. Moving into
these areas of the distribution of returns we observe the shortcoming of the Bell curve, even
though it continues to be widely accepted as a reasonable approximation.

As it currently stands, the scalable view is the most robust manner for decision-making in
an uncertain world according to Taleb, even when it cannot yet produce a theory of absolutes or
exacts itself.

Taleb considers the “fractal” or Mandelbrotian distribution, named after the great Polish
mathematician known as the father of fractals, Benoit Mandelbrot, a more accurate depiction of
variables that follow “random jumps,” rather than random walks (Encyclopedia Britannica). A

study published by The American Physical Society, “Scaling of the distribution of fluctuations of
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financial market indices,” confirms this. It was found that for time intervals less than 4 days for
stock index returns, the distributions are consistent with a power-law asymptotic behavior.
However, for time scales longer than 4 days, there is a slow convergence to Gaussian behavior

(Gopikrishnan et all 1999).

2.3 Misuse of Gaussian Distributions and Variance
Modifications of the Gaussian distribution and its variance are used in many models today in the
financial industry. However, the fractal property is clearly present in stock returns. As Taleb
notes in Black Swans and the domains of Statistics in “Finiteness of Variance is Irrelevant in the
Practice of Quantitative Finance”, if X represents monthly stock return and P given probability,
there is no reason for P[X > 20%] / P[X > 10%] to be different from P[X > 15%] / P[X > 7.5%]
(Taleb 2008). This echoes the sentiment about the fractal property in fat-tailed distributions such
as stock returns. The Poisson model, based on a scale-invariant approach, constructs a thin-
tailed distribution at a known value of x. Taleb states that this point is not measurable or known
in reality. Calculating a Poisson jump, prior to the crash of 1987, which saw a 23% drop, it
would have only incorporated the largest previous drop of 10%. Taleb argues that a
Mandelbrotian model would, even without having seen such deviations in the past, be a much
stronger predictor. A fat-tailed distribution should be standard, even in the sample data where no
large deviations have occurred.

In further commentary about standard financial theory, Taleb is critical of the Black-
Sholes-Merton option pricing formula (Taleb 2008). A closer look finds assumptions amongst
the requirements for dynamic hedging, which Taleb argues differ from reality. These include a

market with no transaction cost, no consequence of prices based on order volume, high sampling

10



error, a Gaussian distribution, and no scalable jumps. An altered approach has allowed for jumps
but solely of the Poisson type; having a finite limit to the variance. The Black-Sholes-Merton

b

framework does not allow for use of the “power laws.” Eliminating an option’s risk through
continuous dynamic hedging, as the Black-Sholes-Merton equation proposes, is not compatible
with variables that follow fractal patterns (Mandelbrot and Taleb 2006).

Perhaps the starkest misuse of variance was decsribed in a study by Goldstein and Taleb,
“We Don’t Quite Know What We Are Talking About Volatility.” It is shown that while
volatility is typically expressed as the root-mean-square deviations from the mean, or standard
deviation, it is often incorrectly substituted as mean deviation by professionals and students in
the financial field, e.g., traders, quantitative analysts, vy League graduate students in financial
engineering, and portfolio managers who misinterpreted mean absolute deviation from standard
deviation. After having the chance to debrief, all respondents were able to distinguish the
differences and sloppiness was attributed to the reason for this mistake. Taleb and Goldstein

charge the field of finance to adopt a stricter metric than standard deviation, where intuition is

removed from the equation (Goldstein and Taleb 2007).

2.4 Skewness and Kurtosis

In an attempt to examine distributions and their normality, the third and fourth moments of a
distribution, skewness and kurtosis, respectively, are used. These measurements focus on the
behavior of the “tails” of the distribution and provide evidence beyond the second moment of

variance.

In the sample of n data points (X1, Xz, ...xn) Which have the average of X, skewness is

calculated as follows:
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For a normal distribution, skewness = 0. If skewness is positive, a distribution is said to
be skewed to the right. If skewness is negative, a distribution is said to be skewed to the left. In
Figure 9, three distributions are shown with varying levels of skewness. In terms of financial
asset returns, this means that we observe more positive (negative) returns when skewness is

positive (negative).

In the sample of n data points (X1, X, ...xn) Which have the average of X, and the sample

standard deviation of s, kurtosis is calculated as follows

- ulr+1) X CX : _M
Kurtosis = {EM—IE(M—E)(H‘3)Z[ = J} (=23 —3)

This formula shows what is known as “excess” kurtosis, or the “coefficient of kurtosis”
(Kim and White 2004). A data set following a normal distribution has excess kurtosis = 0.
Positive kurtosis indicates a "peaked" distribution and negative kurtosis indicates a "flat"
distribution (National Institute of Standards and Technology 2010). The positive kurtosis and
peakedness is also marked by heavier or thicker tails than a normal distribution would have.
Negative excess kurtosis has a flatter distribution with lighter tails (D'Agostino et all 1990).
Positive kurtosis distributions are said to be leptokurtic, and negative kurtosis distributions are

said to be platykurtic. A mesokurtic distribution measures kurtosis close to 0 and follows the
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shape of the normal distribution (Balada and MacGillivray 1988). In Figure 10, three

distributions are shown with varying degrees of kurtosis.

The importance of these statistical measures in finance has becoming increasingly
important.  Often stock market returns do not agree with a frequently assumed normal
distribution that many models use as a framework. It has become an assumed fact in the
academia of finance that stock market returns have negative skewness and positive kurtosis as
has been shown in previous empirical studies (Kim and White 2004). A simple measure of daily
returns from 1960 through 2009 of the value-weighted equity index that excludes dividends
provides cumulative measures for skewness of -.584 and kurtosis of 20.45 indicating negatively
skewed returns and severe excess kurtosis. The final chapter of this thesis investigates the
properties of stock returns on a year-by-year basis. | show not only market returns, but also the
skewness and kurtosis correlation with and behavior of stock sector returns during the past 21

years.

The importance of these higher moment measures is increasing as it becomes clearer that
the traditional measures of risk (mean and variance) have failed to capture fully the “true risk” of
stock market returns. For example, if investors would prefer a right-skewed portfolio, then more
reward should be given to investors willing to invest in left-skewed portfolios, while both
portfolios could well have the same standard deviation measure. It is proposed that “true risk”
may be a multi-dimensional concept and these higher moments can be useful in obtaining a

better description of that world (Kim and White 2004).
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As a result, in finance and the statistical world we try to discover if we are becoming
more susceptible to greater dangers through Black Swan events. The remaining of this thesis
focuses on Taleb’s theories and their impact on current financial markets and various sectors in
the US economy. In particular, I look at measures of skewness and kurtosis in stock market and

sector returns and provide comparison.

Section 3: IMPLICATIONS OF TALEB’S HYPOTHESIS IN THE CURRENT
FINANCIAL LANDSCAPE
3.1 History of Markets
In what is provided as a brief history according to IBIS World of the Dow Jones Industrial
Average (DJIA), a U.S. price-weighted stock market index, has been subject to many high
impact events which have shaped the course of business in the United States. The Great
Depression was fueled by a 12.8% daily loss on October 29, 1929 and continued for more than a
decade. During the 1970’s, the DJIA saw relative stability but with negative effects related to
the OPEC oil embargo and increasing global inflation among others. After reaching record highs
in the mid-to-late 1980’s, the highest single day percentage drop in history, 22.6%, occurred on
October 19, 1987. This was a result of the introduction of an automated trading software that
produced sell orders when stocks fell below certain limits which had led to continual sell orders.
However, the market had recovered in the coming years.

In the early 1900s, with instability surrounding the Persian Gulf War the DJIA dropped
20% in a three-month period. During the technology boom in the financial markets, there were
107 consecutive months of positive economic growth between 1995 and 1999. When the bubble

burst in 2000, a market cooling and slowdown occurred in 2001, when the 9/11 terrorist attacks
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shook the markets again. In the early 2000s, corporate scandals such as Enron, a Houston-based
utilities company, led to further uncertainty and a lack of confidence in the markets (IBIS World).

It is clear that the history of the DJIA has been shaped by these Black Swan events. They
fit the criteria of unpredictability, having a huge impact, and being explainable after the fact.
Perhaps more so than any of the previous events that shaped the history of the financial
landscape, the recent recession in the US economy and its impact on global financial markets fits

the mold of a Black Swan.

3.2 Taleb and the 2007 Financial Crisis

Taleb, who was writing “The Black Swan” from 2003 — 2006, believes that the world is

becoming ever more random and creating opportunities for more and more Black Swan moments.

In particular, Taleb writes:
Globalization creates interlocking fragility, while reducing volatility and giving the
appearance of stability. In other words it creates devastating Black Swans. We have
never lived before under the threat of a global collapse. Financial Institutions have been
merging into a smaller number of very large banks. Almost all banks are interrelated. So
the financial ecology is swelling into gigantic, incestuous, bureaucratic banks — when one
fails, they all fall. The increased concentration among banks seems to have the effect of
making financial crises less likely, but when they happen they are more global in scale
and hit us very hard. We have moved from a diversified ecology of small banks, with
varied lending policies, to a more homogeneous framework of firms that all resemble one
another. True, we now have fewer failures, but when they occur ....I shiver at the thought.

| rephrase here: we will have fewer but more severe crises (Black Swan, page 225).
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The events that would follow in the market during the coming years show striking
resemblance to the warnings that Taleb gave. In 2007, a recession lowered business and
consumer confidence. The risk that the global financial system could collapse became a real
threat to investors who were experiencing the worst recession since 1930. Major financial
institutions came close to collapsing and it was only the efforts of the US government that
created stimulus packages, loosened monetary policies, increased money supply, and offered
bail-outs to ailing banks that eventually lead to stabilization in 2010 (Cadieux and Conklin 2010).

Consolidation of banks contributed to the widening negative effects on the global
economy since 2007. There was great fear about a domino effect sweeping across U.S banks
after the failure and subsequent emergency assistance to global investment firm Bear Sterns

(Anderson and Bajaj 2008).

Section 4: RESULTS

4.1 Objective

Taleb shows that the measures of skewness and kurtosis are becoming increasingly important.
Looking into the “fourth quadrant” and the higher moments of a distribution, there is reason to
believe that there are fractal/scalable patterns to the tails of the distribution for stock returns.
The impact of the highly improbable, whether it is on an individual investor or a corporate level,
is crucial to understand. | show substantial differences in historical sector performance with
regards to skewness and kurtosis, and discuss whether specific sectors could be identified as
vulnerable to the risks of a Black Swan event. In addition, | investigate whether returns follow a

Gaussian distribution over the sample period.

16



This includes a look at the notion of increasing skewness or kurtosis over time, as Taleb
suggests that we are becoming more and more prone to Black Swan events. To date, one of the
best ways to measures the behavior of the tails of a distribution is through the calculation and
comparison of skewness and kurtosis. The analysis of historical data exposed in this study could
be used for further study of sector and market returns with regards to measures of skewness and
kurtosis. One example of practical use for this data would be to achieve asset allocation
objectives within the mean-variance-skewness-kurtosis efficient portfolio framework that is used

by many hedge funds (Jurczenko et all 2006).

4.2 Related Empirical Findings

There is a varying domain of research with regards to measures of skewness and kurtosis in the
stock market. Singleton and Wingender (1986) find positive skewness in stocks and portfolios in
1960-1986 and show that positive skewness in one period does not lead to the same skewness in
the next period. They report skewness in 1960-1986 equal to 0.135 but negative skewness of -
1.506 in the period of 1960-1987. Thus, skewness has changed drastically due to the market
crash of 1987.

Kim and White (2004) argue that there is a tremendous impact of outliers on the
calculations of skewness and kurtosis. They challenge the conventional measures used in
empirical studies as the sample mean is very sensitive to outliers and subsequently used in
skewness and kurtosis calculations. They propose additional three robust measures for each
statistic using variations such as the use of median, quartiles, and scaling. Their findings about

the S&P500 from 1982 — 2001 indicate that the acceptance of negative skewness and severe
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excess kurtosis in financial markets may have been too readily accepted when compared with
their more complex and robust calculations.

Other research focuses not only on the S&P500, but also on the major indexes of
emerging markets. Adcock and Shutes (2005) study the skewness in the markets of Czech
Republic, Kenya, and Poland and the hypothesis that skewness is a particular feature of returns
in emerging markets. When returns are daily, the majority of stocks in all three markets exhibited
a significant degree of skewness, however over the length of the study, the number of such
stocks has remained more or less the same leaving little evidence to support the view that
skewness is an artifact of emerging or evolving markets. They find that increases (decreases) in
mean return and volatility imply that there will be a decrease (increase) in skewness in the next

month.

Chen, Hong, and Stein (2000) look further at the causes of change in skewness in the
daily returns of individual stocks and aggregate stock market. They find that negative skewness
is the largest in stocks that had experienced an increase in trading volume relative to a prior 6-
month period, and had positive returns over the prior 36-month period. Citing differences of
opinions among investors as an explanation for the increased trading volume, this resulted in
subsequent negative symmetry of returns. They explain that negative skewness was observed

after periods of 36 month positive returns is a result of stock-price bubbles.

An application of the tests for skewness and kurtosis in this thesis renders possible sector-
based investment through exchange-traded-funds (ETFs) has become increasingly easy for an
average investor. ETF investment has seen tremendous growth. In the 10-year period from 1994

to 2004, the number of American Stock Exchange ETFs grew from 1 to 138, while the value of
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the ETF market grew from $419M to $167.0B, representing a nearly 400% growth (Schaeffers
Research). | provide further statistical analysis of empirical data that can expose the risks of
Black Swans and determines its potential departure from Gaussian behavior in this investment

strategy for both the market and individual sectors.

4.3 Data and Empirical Method

| calculate daily and monthly returns of the value-weighted market index level that excludes
dividends. Market data is from WRDS, run by the University of Pennsylvania (University of
Pennsylvania 2010). Using these returns, | conduct a year-by-year comparison between market
skewness and kurtosis and SPDRs, exchange-traded funds, that track nine different sector returns.
| obtained the sector returns from Bloomberg for a twenty year period from 1990-2009 and
analyzed them in Microsoft Excel and MiniTab.

I use Fisher’s cumulant test for normality of a distribution which investigates the
significance of the difference between a frequency distribution based on a given sample and a
normal frequency distribution with the same mean and the same variance (Kanji 1993). This test
is a simple method to determine if a distribution follows a normal distribution. The null
hypothesis is that the stock returns follow a normal distribution®. Test statistics are calculated for
both skewness, pi, and kurtosis, Ho. They are assumed to be normally distributed as well. Test

statistics for skewness and kurtosis are given by the following formulae:

! Fisher’s cumulant test is one of many used to test normality of a distribution with regards to skewness and kurtosis.
Others includes D’ Agostino Test, Boot-strap approach, and Hansen’s GARCH model
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Using a 95% confidence interval and a standard normal distribution, critical values of
1.96 and -1.96 (P-values < .0025) are used to reject the null hypothesis. With this, it is
determined which years showed evidence of having a set of returns that had statistically
significant levels of positive or negative skewness, and which years showed evidence of positive
or negative kurtosis. | also calculate annualized real average return and standard deviation was
for comparison reported in the respective tables. Returns are deflated using CPI Index (Bureau
of Labor Statistics).
4.4 Results
Market
Table 1 shows the breakdown of the tests for daily returns of the stock market during the period
1990-2009 on a year-by-year basis. It may be surprising to note that less than half of the years (9
of the 20) showed evidence of negative skewness. Only 5 years show that a skewness is

significantly different from zero, including 2002, which showed significant positive skewness.
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The year of 2007, the beginning of the recent financial crisis, shows negative skewness, while
the measures for 2008 and 2009 indicate positive right-tailed skewness as the crisis recover sets
in. The cumulative measure for skewness is statistically insignificant and near 0.

There seems to be strong evidence of fat tails nearly each year. There are only 4 years of
returns that could not be confirmed as being a part of a non-Gaussian distribution. 3 of those
years are the only years that negative kurtosis was present. The highest level of kurtosis is not
2008 where the market did experience tremendously unusual returns, but rather 1997 and 1998
during a time of positive market growth. Cumulatively, returns appear to have severe excess
kurtosis®. Table 2 shows the behavior of cumulative daily returns for the 20 year period. Figures

11 — 14 show select years and the graphical representation of their distribution.

Consumer Discretionary Sector

The first sector analyzed is Consumer Discretionary, SPDR.XLY, which includes industries such
as automobiles and components, consumer durables, apparel, hotels, restaurants, leisure, media,
and retailing are primarily represented in this group. The index includes McDonald's, Walt
Disney Co., and Comcast (Select Sector SPDRs). The estimated weight of the index components
in the S&P 500 is 10.11% as of April 1, 2010.

Table 3 shows four moments of the distribution for daily returns of the sector during the
period on a year-by-year basis in the sample period. Results indicate that negative skewness was
apparent 10 years of 20, showing significance in only 4 years. 3 of the statistically significant
years demonstrated negative skewness. Cumulatively, negative skewness is present but
insignificant. | find positive kurtosis for all 20 years, which is statistically significant in 17 years.

As with all other sectors, kurtosis is cumulatively positive and significant.

? 1 use terms “kurtosis” and “excess kurtosis” interchangeably. I report excess kurtosis in all the tables in my study.
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Consumer Spending Sector

Consumer Spending Sector, SPDR.XLP, includes companies that are mainly involved in the
development and production of consumer products that cover food and drug retailing, beverages,
food products, tobacco, household products, and personal products. Some stocks that comprise
this sector include Wal-Mart, Proctor & Gamble, Philip Morris International, and Coca-Cola
(Select Sector SPDRs). The estimated weight of the index components in the S&P 500 is

11.23% as of April 1, 2010.

Table 4 reports descriptive statistics and normality tests for daily returns of the sector
during the period 1990-2009 on a year-by-year basis. 6 years indicate significant skewness; 4 -
negative and 2 - positive. Cumulatively, negative skewness was measured with no significance.
Kurtosis is positive in all 20 years with 17 years statistically rejecting the patterns of a normal

distribution. Cumulatively, excess kurtosis is significant.

Energy Sector

Energy Sector, SPDR.XLE, is comprised of companies who primarily develop and produce
crude oil and natural gas, and provide drilling and other energy-related services. Some of the
largest companies include ExxonMobil Corp., Chevron Corp, and ConocoPhillips (Select Sector
SPDRs). The estimated weight of the index components in the S&P 500 is 10.98% as of April 1,

2010.

Table 5 shows the breakdown of the tests for daily returns of the sector during the period
1990-2009 on a year-by-year basis. Skewness is negative for 9 consecutive years from 2001-

2009, with 2 years during that period showing significance. For the period for 1990-2000, 9 of
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the 11 years measured positive skewness, including 5 years of significant positive skewness.
Over the whole sample period, Energy sector has positive and statistically significant skewness.
Kurtosis is negative in only 3 years (all insignificant). Significant positive kurtosis was occurs in
13 out of the 20 years. Cumulatively, excess kurtosis and the patterns of a non-normal

distribution persist in the Energy sector.

Financials Sector

Financials Sector, SPDR.XLF, includes a number of diversified financial service firms who
provide services ranging from investment management to commercial and investment banking.
Among the companies included in the index are JPMorgan Chase, Wells Fargo, and
BankAmerica Corp. The estimated weight of the index components in the S&P 500 is 16.54% as

of April 1, 2010 (Select Sector SPDRs).

Table 6 shows the breakdown of the tests for daily returns of the sector during the period
1990-2009 on a year-by-year basis. Skewness is significantly positive in 4 years and
significantly negative in 3. Overall, Financials sector has negative skewness, albeit insignificant.
Kurtosis is positive in 19 of the 20 years, and significant in 16 of them. Based on this statistic, |

conclude that the distribution of daily returns followed a non-Gaussian distribution.

Health Care Sector

Health Care Sector, SPDR.XLYV, previously known as the Consumer Services Select Sector until
2002, includes companies that produce healthcare equipment and supplies, health care providers
and services, biotechnology, and pharmaceuticals industries. Pfizer Inc., Johnson & Johnson,
and Abbott Labs are some of the noted stocks in this sector. The estimated weight of the index

components in the S&P 500 is 12.13% as of April 1, 2010 (Select Sector SPDRS).
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Table 7 shows the breakdown of the tests for daily returns of the sector during the period
1990-2009 on a year-by-year basis. 7 years show significant departure from a normal
distribution, 5 out of 7 show negative skewness. Health Care sector also shows significant
negative skewness over the sample period. Kurtosis is positive in all 20 years, and significant in

18. Cumulatively, this sector exhibits positive and significant kurotis in the sample.

Industrials Sector

Industrials Sector, SPDR.XLI, previously known as the Basic Industries Select Sector until 2002,
includes industries such as aerospace and defense, building products, construction and
engineering, electrical equipment, conglomerates, machinery, commercial services and supplies,
air freight and logistics, airlines, marine, road and rail, and transportation infrastructure
companies. Some of the largest components by market capitalization in this sector are General
Electric Co., Minnesota Mining & Manufacturing Co., and United Parcel. The estimated weight

of the index components in the S&P 500 is 10.50% as of April 1, 2010 (Select Sector SPDRs).

Table 8 shows the breakdown of the tests for daily returns of the sector during the period
1990-2009 on a year-by-year basis. Skewness is statistically significant in 7 of the 20 years, with
5 of the 7 years negative. Overall, skewness is negative and significant in this sector. | find
significant and positive kurtosis in 14 of the 21 years, all showing positive kurtosis. It is also

positive and statistically significant in the whole sample.

Materials Sector

Materials Sector, SPDR.XLB, is mainly comprised of companies involved in such industries as
chemicals, construction materials, containers and packaging, metals and mining, and paper and

forest products. Some of the largest companies are Monsanto, E.l. DuPont de Nemours & Co.,
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and Dow Chemical. The estimated weight of the index components in the S&P 500 is 3.51% as

of April 1, 2010 (Select Sector SPDRs).

Table 9 shows the breakdown of the tests for daily returns of the sector during the period
1990-2009 on a year-by-year basis. Skewness is negative each year from 2003 to 2009. A total
of 9 years present evidence of significant deviation from a normal distribution with 5 negative
and 4 positive skewness. In the sample, the distribution is significantly non-normal and
negatively skewed. Kurtosis is positive in all 20 years, showing significance in all but 2 years.

Cumulatively, excess kurtosis is positive and significant.

Technology Sector
Technology Sector, SPDR.XLK, is comprised of stocks that range from products developed by

internet software and service companies, IT consulting services, semiconductor equipment and
products, computers and peripherals, diversified telecommunication services and wireless
telecommunication services. Microsoft Corp., Apple Inc., International Business Machines
Corp., and AT&T are some of the component stocks. The estimated weight of the index

components in the S&P 500 is 21.60% as of April 1, 2010 (Select Sector SPDRS).

Table 10 shows the breakdown of the tests for daily returns of the sector during the
period 1990-2009 on a year-by-year basis. 7 years demonstrate significantly skewed returns; 4
of them are negative and 3 are positive. Overall, Technology sector has positive significant
skewness in the sample. Kurtosis is positive in 19 out of 20 years showing and significance in 14

years. Cumulatively, kurtosis is also significantly positive.
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Utilities Sector

Utilities Sector, SPDR.XLU, is comprised of companies involved in water and electrical power,
in addition to natural gas distribution. A sample of larger holdings includes Excelon Corp.,
Southern Co., and Dominion Resources Inc. The estimated weight of the index components in

the S&P 500 is 3.46% as of April 1, 2010 (Select Sector SPDRS).

Table 11 shows the breakdown of the tests for daily returns of the sector during the
period 1990-2009 on a year-by-year basis. Skewness is statistically significant and negative in 7
years. Cumulatively, however, skewness is positive but not significant. Kurtosis is positively

significant in 15 of the 20 years. Cumulatively, it is found to be significant and positive.

4.5 Comparison of Results Among Sectors

As shown in Tables 2 and 12, the results show substantial differences amongst sectors. The
rankings indicate the necessary distinction. Only 4 of the 10 categories were significantly
negatively skewed, contrary to what most finance literature would believe. However, when
considering skewness in an empirical sense, my findings are limited because returns of 1987 are
not included in this study, as the market crash of 1987 would likely severely alter these results.
For example, Industrials sector has the lowest skewness equal to -.298. Technology sector has
the highest skewness equal to 0.164. The latter is the only sector with significant positive
skewness. In contrast, it also has the lowest measure of kurtosis. The Technology sector also
offers the second highest average annualized real return. This shows that using such methods as
a mean-variance-skewness-kurtosis efficient frontier, noteworthy distinctions amongst ETF
sectors are viable. All sectors except Technology and Utilities are more negatively skewed than
the market itself. In terms of kurtosis there are 3 sectors, Financials, Energy, and Utilities, that
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have greater fat tails of the distribution than the market. Financials has the highest deviations
from the mean in the tails of its distribution. There was not a single significant year that
demonstrated negative kurtosis for any sector. Almost every year across all sectors showed
positive kurtosis indication a non-Guassian “fat-tailed” distribution as Taleb suggests. Overall,
the market is ranked third (among all sectors including market) with the skewness of -0.001, in

fact, the closest number to zero among all sectors.

Table 13 shows the differences in correlation of skewness and kurtotis of each sector with
the market. Consumer discretionary is clearly the most correlated while Energy is the least. For
the most part, the rankings roughly correspond to both skewness and kurtosis. Table 14 shows a
simple linear regression or slope calculation of skewness and kurtosis. Slope was calculated

using the following formula, with respect to x, time, and y, skewness and kurtosis respectively.

DGt G )
Z (x—x}:

While this test is not robust and only uses a linear model to evaluate changes in skewness
(kurtosis) over time, interesting results emerge. Taleb argues that the market is becoming prone
to more negative Black Swan events, implying that skewness would be decreasing and kurtosis
increasing. For the market and most sectors, the opposite is true. The skewness measures over
the past 20 years are trending positively, while kurtosis is trending downward. Figures 15 and 16
show the trend of skewness for the market over the period 1960-2009 and 1990-2009,
respectively. Figures 17 and 18 show the trend of kurtosis for the market over the period 1960-

2009 and 1990-2009, respectively. This suggests, based on my sample, that market recognizes
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and to some extent, can predict, extreme outcomes more efficiently. Additional research and

testing is needed to obtain statistically significant conclusions.

Lastly, Table 15 presents descriptive statistics of monthly returns for each sector and for
the market over the same period. It is interesting to note that monthly returns for most sectors
are more heavily skewed negatively then daily returns compared with the results in Table 2. It is
not surprising given the fact that daily data usually contain a lot of noise and the prices observed
every day might be significantly cluttered by microstructure effects, such as changing liquidity,
trading volume, etc. These imperfections wash out when we consider monthly returns. Only
Health Care and Energy sectors do not have significant skewness. The most drastic difference
between monthly and daily returns is the drastically reduced calculation for kurtosis. For daily
returns, kurtosis is within a range of 4.388 (Technology) to 16.682 (Financials) and for monthly
returns, kurtosis is much lower across all sectors ranging in values from 0.272 (Health Care) to
3.793 (Financials). All sectors, except for Health Care, significantly differ from a normal
distribution demonstrating “fat-tailed” distribution, however it is less pronounced than it is in

daily returns.

From Table 15 and comparison with Table 2, I conclude that kurtosis is a far more robust
statistical feature of the market and sector returns. It is present both in daily and monthly data,
albeit to a lower extent. On the other side, skewness phenomenon is not robust. Given daily data,
we often see that the sample is split roughly half-and-half between positive and negative
skewness and often it is not significant. But in the case of monthly data, we obtain robust
negative skewness, which is statistically significant for all sectors but two. Lastly, | conclude that

the frequency of the data used by econometrician is very important for inference, thus, every
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study should motivate carefully the use of high-frequency vs. low-frequency data or investigate

the question using several frequencies as | did in my study.

Section 5: CONCLUSION

The world is uncertain, so the use of predictive models can provide a framework to plan around
expected outcomes. Some variables fit the patterns of a normal distribution better than others,
and some — worse. It is in the “fourth quadrant” that caution must be used because we don’t

know what we don’t know.

The results obtained in this thesis do not strongly support the theory of Taleb. While he
urges that the world of finance is becoming more prone to a black swan, empirical evidence does
not show an increase or decrease is the measures of the third and fourth moments of the
distributions of returns in recent years. There appears to be little evidence of skewed

distributions. However, there are leptokurtic distributions of returns across all sectors.

Understanding that there is a non-Gaussian component to returns and a “fat-tailed” or
negatively skewed distribution to certain stock sector returns can help us cope with the fact that
there are serious limitations to the power given to the traditional bell curve. These results can
help to handle more efficiently modern portfolio management, come up with adequate portfolio
choice, construct better measures of risk exposure, and construct better models predicting future

stock market path.
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Figure 1: Anatomy of a blowup, illustrating the misuse of past data to predict the future.
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Source: Errors, Robustness, and the Fourth Quadrant

The graph shows the unexpected ending for the life of a turkey as seen by its demise on what
would be his last day. This exemplifies the problem with induction.
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Figure 2: IndyMac’s unforeseen and unfortunate demise
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Source: The Fourth Quadrant — A Map of the Limits of Statistics

Shown in Figure 2 is an outcome that no person or forecasting model had the capacity to predict
for IndyMac and similar banks, especially when looking at historical profits during the financial

crisis of 2007. Unprecedented results came to fruition.
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Figure 3: Bell Curve with a mean of 0 and standard deviation of 1
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This is a normal distribution with a mean, u, and standard deviation, sigma. 99.73% of

observations are expected to fall within +- 3 sigmas (o) of the mean, p.
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Figure 4: Comparison of fat-tailed distribution and normal distribution
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With a fat-tailed distribution, the likelihood of events distant from the mean is greater when

compared to a normal distribution as illustrated by the area under the curves in Figure 4.
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Figure 5: The four quadrants of talebistan

The Four Quadrants of Talebistan
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Source: Coping with the Black Swan
A variable may fall into the Mediocristan world which would follow the normal distribution and

Gaussian ways, or Extremistan world which leaves statistical models vulnerable to Black Swans,
referred to as the fourth quadrant.
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Figure 6: Taleb’s division of the world and it’s payoffs
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Complex payoffs, those seen in Finance and Economics, demand special attention when
determining the predictive usefulness of empirical data for the future as demonstrated in the chart
provided by Taleb.
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Figure 7: The difference ten days make in stock returns over a fifty year period
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Just ten days have shocked the course of financial markets in the past 50 years in an alarming
fashion.
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Figure 8: Taleb’s demonstration in “A focus of the exceptions that prove the rule” of the

fractal/scalable property of certain variables
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Probability of exceeding:

Odds:

0 sigmas: 1 in 2 times

Richer than 1 million: 1 in 62.5

1 sigma: 1 in 6.3 times

Richer than 2 million: 1 in 250

2 sigmas: 1 in 44 times

Richer than 4 million: 1 in 1,000

3 sigmas: 1 in 740 times

Richer than 8 million: 1 in 4,000

4 sigmas: 1 in 32,000 times

Richer than 16 million: 1 in 16,000

5 sigmas: 1 in 3,500,000 times

Richer than 32 million: 1 in 64,000

10 sigmas: 1 in 130,000,000,000,000,000,000, 000
times

Richer than 320 million: 1 in
6,400,000

Source: A Focus on the Exceptions that Prove the Rule

There are clear distinctions amongst the probability of outliers in these distributions.

Taleb

breaks them down into a normal distribution, following patterns of a Gaussian distribution, and

fractal/scalable where power-law is in effect.
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Figure 9: A comparison of three distributions with varying skewness

A 8 5

Source: A Suggestion for Using Powerful and Informative Tests of Normality

In Figure 10, the distribution of A has a positive or right-tailed skewness, B has a skewness of 0,
and C has negative or left-tailed skewness.
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Figure 10: A comparison of three distributions with varying kurtosis

Source: A Suggestion for Using Powerful and Informative Tests of Normality

Distribution A has a kurtosis of 0 representing the normal distribution, B has negative kurtosis
(platykurtic), and C has positive kurtosis (leptokurtic).
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Figure 11: Distribution of daily returns for stock market in 1987
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The year of 1987 suffered from a severe market crash. This year has the greatest negative
skewness (-3.78) and most excess kurtosis (39.85) over the period of 1960 — 2009. It is clear that
the tail is skewed to the left and that the presence of the outlier returns demonstrates a “fat-tail”.
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Figure 12: Distribution of daily returns for stock market in 1975

Histogram of 1975
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There are very few years during the period of 1960 — 2009 that have daily returns that follow a
normal distribution. 1975 is one of them with skewness = .19 and kurtosis = -.01. The

distribution appears to be closely shaped to a Gaussian curve.
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Figure 13: Distribution of daily returns for stock market in 1963
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The distribution of returns for 1963 is a great example of excess kurtosis. The curve is said to be

leptokurtic, having more acute peakedness than a normal distribution.
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Figure 14: Distribution of daily returns for stock market in 2002
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The distribution of daily returns for 2002 shows significant positive skewness and excess

kurtosis. The tail is visibly skewed to the right, indicating positive right-tailed skewness.
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Figure 15: Measured yearly skewness of daily returns of the stock market from 1960-2009
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Source: Microsoft Excel
While there is no strong relationship found between time and skewness, a linear trend line

indicates decreasing skewness, or a move toward a more left-tailed (negatively skewed)
distribution of daily stock returns over this time period.
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Figure 16: Measured yearly skewness of daily returns of the stock market from 1990-2009
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Source: Microsoft Excel
While there is no strong relationship found between time and skewness, a linear trend line

indicates increasing skewness, or a move toward a more right-tailed (positively skewed)
distribution of daily stock returns over this time period.
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Figure 17: Measured yearly kurtosis of daily returns of the stock market from 1960-2009
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While there is no strong relationship found between time and kurtosis, a linear trend line

indicates decreasing excess kurtosis, or a move toward a “thinner-tailed” or normal distribution
of daily stock returns over this time period.
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Figure 18: Measured yearly kurtosis of daily returns of the stock market from 1990-2009
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While there is no strong relationship found between time and kurtosis, a linear trend line

indicates decreasing kurtosis, or a move toward a “thinner-tailed” or normal distribution of daily
stock returns over this time period.
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Table 1: Decomposition of stock market returns year-by-year for 1990-2009

Test for Test for

Avqg Return Skewness (P Kurtosis (P
% Std Dev (%) Skewness Kurtosis pl Value) u2 Value)
1990 -5.32 15.94 -0.15 0.71 -0.97786 0.1641 2.3231918 0.0101
1991 23.48 14.22 0.23 2 1.499393 0.0669 6.5442022 0.0000
1992 4.73 9.59 0.05 0.28 0.325955 0.3722 0.9161883 0.1798
1993 6.65 8.52 -0.21 2.64 -1.36901 0.0855 8.638347 0.0000
1994 -0.96 9.77 -0.29 1.45 -1.89054 0.0293 4.7445466 0.0000
1995 28.88 7.73 -0.05 1.13 -0.32595 0.3722 3.6974743 0.0001
1996 18.64 11.66 -0.57 1.68 -3.71589 0.0001 5.4971299 0.0000
1997 27.95 17.93 -0.56 5.73 -3.6507 0.0001 18.749139 0.0000
1998 25.65 20.22 -0.52 4.51 -3.38993 0.0003 14.757176 0.0000
1999 18.93 18.00 0.09 -0.1 0.586719 0.2787 -0.32721 0.3718
2000 -7.57 22.44 0.08 1.37 0.521528 0.3010 4.4827785 0.0000
2001 -11.47 21.57 0.1 1.52 0.646776 0.2589 4.9347243 0.0000
2002 -22.88 26.03 0.49 0.8 3.194359 0.0007 2.6176809 0.0044
2003 24.32 17.00 0.1 0.81 0.65191 0.2572 2.6504019 0.0040
2004 8.74 11.03 -0.09 -0.11 -0.58672 0.2787 -0.359931 0.3594
2005 3.56 10.25 0 -0.15 0 0.5000 -0.490815 0.3118
2006 12.78 10.01 0.13 1.21 0.845819 0.1988 3.9515296 0.0000
2007 4.81 15.91 -0.44 1.46 -2.86277 0.0021 4.7679613 0.0000
2008 -38.11 40.67 0.2 4 1.30382 0.0961 13.088404 0.0000
2009 24.75 26.89 0.04 1.99 0.260764 0.3971 6.5114812 0.0000
Cumulative 4.87 18.54 -0.001 9.199 -0.020 0.4921 133.413 0.0000

This table reports the annualized real return, standard deviation, skewness, excess kurtosis, and respective test statistics for daily stock returns.
The highlighted yellow years indicate a rejection of the null hypothesis based on skewness (using a 95% confidence interval). Null
hypothesis states that the returns follow a normal distribution. The highlighted orange years indicate null hypothesis rejection for years based
on presence of kurtosis and a normal distribution. Sample period is 1990 — 2009, daily data.
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Table 2: Decomposition of cumulative returns for stock market and sectors for 1990-2009

Avg Test for
Return Std Dev SkewnessH- Test for Kurtosis
Sector % % Skewness| Kurtosis pl Value) u2 (P-Value)

Market 4.87 18.54 -0.001 9.199 -0.020 0.4921 133.413 0.0000
Consumer Discretionary  3.74 21.50 -0.048 7.228 -1.381 0.0836 104.613 0.0000
Consumer Staples 4.84 16.02 -0.064 7.382 -1.857 0.0316 106.843 0.0000
Energy 4.82 24.25 -0.255 12.750 -7.368 0.0000 184.547 0.0000
Financials 3.20 29.73 -0.056 16.682 -1.613 0.0534 241.457 0.0000
Health Care 5.24 19.81 -0.086 5.340 -2.484 0.0065 77.294 0.0000
Industrials 3.87 20.10 -0.298 6.560 -8.639 0.0000 94.950 0.0000
Materials 2.82 22.82 -0.212 7.965 -6.122 0.0000 115.291 0.0000
Technology 5.23 29.36 0.164 4.388 4.749 0.0000 63.510 0.0000
Utilities 1.43 18.11 0.014 11.331 0.404 0.3430 164.009 0.0000

Provided in the graph above is the annualized real return, standard deviation, skewness, kurtosis, and respective test statistics for daily returns
based on each sector. The highlighted yellow sectors indicate a rejection, based on skewness, of the null hypothesis (using a 95% confidence
interval), which states that the returns follow a normal distribution. The highlighted orange sectors indicate the same for years based on
presence of kurtosis and a normal distribution. Sample period is 1990 — 2009, daily data.
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Table 3: Decomposition of consumer discretionary sector returns year-by-year for 1990-2009

Test for Test for
Avg Return Skewness (P Kurtosis (P

% Std Dev (%) Skewness Kurtosis pl Value) u2 Value)

1990 -18.14 19.79 -0.0967 0.9462 -0.630 0.2642 3.096 0.0010
1991 31.59 18.21 0.2075 2.0722 1.353 0.0881 6.781 0.0000
1992 14.79 12.69 -0.1591 0.3421 -1.040 0.1493 1.122 0.1310
1993 11.99 12.47 -0.1896 1.3750 -1.236 0.1083 4.499 0.0000
1994 -9.73 12.70 0.1609 1.4085 1.047 0.1476 4.600 0.0000
1995 16.66 9.42 0.1412 0.8964 0.919 0.1792 2.927 0.0017
1996 8.24 13.58 -0.2320 1.8780 -1.515 0.0648 6.157 0.0000
1997 27.92 15.73 -0.6916 9.4304 -4.509 0.0000 30.857 0.0000
1998 33.22 23.30 -0.7262 5.8061 -4.725 0.0000 18.961 0.0000
1999 21.80 20.21 0.1405 0.0057 0.914 0.1804 0.019 0.4925
2000 -19.96 27.34 -0.2174 1.0760 -1.415 0.0786 3.514 0.0002
2001 3.08 29.10 -0.1170 5.9635 -0.755 0.2251 19.322 0.0000
2002 -27.51 28.38 0.4070 0.7125 2.648 0.0040 2.327 0.0100
2003 26.84 20.16 0.0438 1.4097 0.285 0.3879 4.604 0.0000
2004 12.00 12.86 -0.0500 0.1621 -0.325 0.3725 0.529 0.2983
2005 -6.91 12.85 0.0269 0.1756 0.175 0.4304 0.573 0.2832
2006 14.57 11.71 0.2921 0.3517 1.897 0.0289 1.146 0.1258
2007 -15.46 16.73 -0.4109 1.4053 -2.668 0.0038 4.580 0.0000
2008 -39.08 44,75 0.1495 2.5649 0.974 0.1649 8.393 0.0000
2009 28.41 31.34 0.1337 1.1962 0.870 0.1922 3.906 0.0000
Cumulative 3.74 21.50 -0.048 7.228 -1.381 0.0836 104.613 0.0000

This table reports the annualized real return, standard deviation, skewness, excess kurtosis, and respective test statistics for daily consumer
discretionary sector returns. The highlighted yellow years indicate a rejection of the null hypothesis based on skewness (using a 95%
confidence interval). Null hypothesis states that the returns follow a normal distribution. The highlighted orange years indicate null
hypothesis rejection for years based on presence of kurtosis and a normal distribution. Sample period is 1990 — 2009, daily data.
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Table 4: Decomposition of consumer staples sector returns year-by-year for 1990-2009

Test for Test for

Avg Return Skewness (P Kurtosis(P-
% Std Dev (%) Skewness Kurtosis pl Value) u2 Value)
1990 10.29 19.11 0.0224 1.3022 0.146 0.4421 4261 0.0000
1991 33.04 15.78 0.4042 1.9651 2.635 0.0042 6.430 0.0000
1992 3.14 11.70 -0.2050 0.6719 -1.339 0.0903 2.203 0.0138
1993 -5.79 12.62 -0.6463 6.9957 -4.213 0.0000 22.891 0.0000
1994 6.20 10.45 0.0767 0.2429 0.499 0.3088 0.793 0.2139
1995 29.99 9.34 -0.0617 2.3322 -0.401 0.3441 7.616 0.0000
1996 19.29 12.74 -0.4662 1.4538 -3.045 0.0012 4.766 0.0000
1997 26.59 19.64 -0.0735 3.1275 -0.479 0.3159 10.234 0.0000
1998 12.47 19.84 -0.1997 3.5405 -1.300 0.0969 11.562 0.0000
1999 -17.02 16.33 0.1508 0.3904 0.981 0.1632 1.275 0.1012
2000 14.92 25.19 -0.2186 6.3454 -1.422 0.0775 20.722 0.0000
2001 -8.14 15.78 -0.8114 3.5914 -5.238 0.0000 11.636 0.0000
2002 -6.77 18.53 -0.2432 2.0271 -1.583 0.0568 6.620 0.0000
2003 6.79 13.09 -0.0183 0.7875 -0.119 0.4525 2.572 0.0051
2004 6.57 9.96 0.0856 1.1889 0.557 0.2888 3.883 0.0001
2005 1.45 9.18 0.0653 -0.0007 0.425 0.3356 -0.002 0.4991
2006 10.21 8.32 -0.1440 0.1529 -0.935 0.1749 0.498 0.3092
2007 10.22 11.47 -0.3909 2.6507 -2.538 0.0056 8.640 0.0000
2008 -17.40 27.29 0.4331 5.9501 2.824 0.0024 19.469 0.0000
2009 8.96 16.56 -0.2522 0.9416 -1.641 0.0504 3.075 0.0011
Cumulative 4.84 16.02 -0.064 7.382 -1.857 0.0316 106.843 0.0000

This table reports the annualized real return, standard deviation, skewness, excess kurtosis, and respective test statistics for daily consumer
staples sector returns. The highlighted yellow years indicate a rejection of the null hypothesis based on skewness (using a 95% confidence
interval). Null hypothesis states that the returns follow a normal distribution. The highlighted orange years indicate null hypothesis rejection
for years based on presence of kurtosis and a normal distribution. Sample period is 1990 — 2009, daily data.
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Table 5: Decomposition of energy sector returns year-by-year for 1990-2009

Test for Test for
Avg Return Skewness (P Kurtosis (P

% Std Dev (%) Skewness Kurtosis pl Value) u2 Value)

1990 -1.76 15.99 0.1698 0.7778 1.107 0.1341 2.545 0.0055
1991 3.35 14.43 0.5714 2.5622 3.725 0.0001 8.384 0.0000
1992 -2.74 14.94 0.8293 4.0620 5.417 0.0000 13.317 0.0000
1993 9.82 12.96 0.3387 3.0733 2.208 0.0136 10.056 0.0000
1994 -1.22 11.59 0.0760 1.1597 0.494 0.3106 3.787 0.0001
1995 22.24 10.90 0.1308 0.7178 0.851 0.1974 2.344 0.0095
1996 18.62 14.55 -0.1811 0.3144 -1.183 0.1184 1.031 0.1513
1997 19.07 20.95 -0.2177 3.6900 -1.419 0.0780 12.074 0.0000
1998 -2.61 24.61 0.1998 0.2854 1.300 0.0968 0.932 0.1757
1999 13.86 24.66 0.4251 -0.0143 2.766 0.0028 -0.047 0.4814
2000 14.91 28.14 0.4016 1.1416 2.613 0.0045 3.728 0.0001
2001 -14.74 24.19 -0.2048 0.7090 -1.322 0.0931 2.297 0.0108
2002 -14.00 28.91 -0.1820 2.4622 -1.184 0.1182 8.041 0.0000
2003 17.88 15.66 -0.1269 0.9617 -0.825 0.2046 3.141 0.0008
2004 25.27 16.60 -0.2800 -0.2713 -1.822 0.0342 -0.886 0.1878
2005 27.94 23.82 -0.4606 0.1495 -2.997 0.0014 0.488 0.3127
2006 15.29 22.08 -0.2715 -0.2353 -1.763 0.0390 -0.767 0.2216
2007 31.18 22.75 -0.5138 0.3564 -3.336 0.0004 1.161 0.1227
2008 -43.49 58.37 -0.1574 4.7086 -1.026 0.1524 15.407 0.0000
2009 6.50 32.42 -0.2195 1.0282 -1.428 0.0766 3.358 0.0004
Cumulative 4.82 24.25 -0.255 12.750 -7.368 0.0000 184.547 0.0000

This table reports the annualized real return, standard deviation, skewness, excess kurtosis, and respective test statistics for daily energy sector
returns. The highlighted yellow years indicate a rejection of the null hypothesis based on skewness (using a 95% confidence interval). Null
hypothesis states that the returns follow a normal distribution. The highlighted orange years indicate null hypothesis rejection for years based
on presence of kurtosis and a normal distribution. Sample period is 1990 — 2009, daily data.
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Table 6: Decomposition of financials sector returns year-by-year for 1990-2009

Test for Test for

Avg Return Skewness (P Kurtosis (P
% Std Dev (%) Skewness Kurtosis pl Value) u2 Value)
1990 -28.01 22.59 0.4559 1.4010 2.972 0.0015 4,584 0.0000
1991 36.27 19.16 0.4234 1.5803 2.760 0.0029 5.171 0.0000
1992 17.68 12.66 0.0179 0.5365 0.117 0.4534 1.759 0.0393
1993 7.43 14.30 -0.2899 1.4958 -1.890 0.0294 4.895 0.0000
1994 -5.72 12.82 -0.0223 0.8787 -0.145 0.4422 2.870 0.0021
1995 38.83 12.65 0.1387 0.3783 0.902 0.1835 1.235 0.1083
1996 26.34 16.56 -0.5681 1.9607 -3.711 0.0001 6.428 0.0000
1997 37.74 22.71 -0.5667 2.5952 -3.695 0.0001 8.492 0.0000
1998 8.88 29.26 0.0218 1.7768 0.142 0.4437 5.803 0.0000
1999 1.97 26.77 0.4586 0.4389 2.984 0.0014 1.433 0.0759
2000 24.92 32.79 0.1580 1.3357 1.028 0.1519 4.362 0.0000
2001 -8.25 24.26 -0.0293 1.4107 -0.189 0.4249 4.571 0.0000
2002 -17.42 30.54 0.4093 1.3063 2.663 0.0039 4.266 0.0000
2003 20.83 19.01 -0.0283 0.8609 -0.184 0.4269 2.812 0.0025
2004 8.25 12.16 -0.2523 0.7126 -1.641 0.0504 2.327 0.0100
2005 3.92 11.46 0.1594 -0.0357 1.037 0.1499 -0.116 0.4537
2006 13.02 11.29 0.1377 1.4506 0.894 0.1856 4,728 0.0000
2007 -23.18 23.55 -0.0945 2.3600 -0.614 0.2698 7.692 0.0000
2008 -78.79 72.72 -0.0999 2.5855 -0.652 0.2573 8.460 0.0000
2009 12.39 66.85 0.2186 3.5533 1.422 0.0775 11.604 0.0000
Cumulative 3.20 29.73 -0.056 16.682 -1.613 0.0534 241.457 0.0000

This table reports the annualized real return, standard deviation, skewness, excess kurtosis, and respective test statistics for daily financials
sector returns. The highlighted yellow years indicate a rejection of the null hypothesis based on skewness (using a 95% confidence interval).
Null hypothesis states that the returns follow a normal distribution. The highlighted orange years indicate null hypothesis rejection for years
based on presence of kurtosis and a normal distribution. Sample period is 1990 — 2009, daily data.
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Table 7: Decomposition of health care sector returns year-by-year for 1990-2009

Test fa Test for
Avg Return Skewness (P Kurtosis (P

% Std Dev (%) Skewness Kurtosis pl Value) u2 Value)

1990 11.16 19.04 -0.0210 1.1413 -0.137 0.4455 3.734 0.0001
1991 40.40 17.77 -0.0643 1.0928 -0.419 0.3376 3.576 0.0002
1992 -18.79 17.52 -0.3719 1.4362 -2.429 0.0076 4.709 0.0000
1993 -11.04 21.63 0.1229 1.3137 0.801 0.2116 4.299 0.0000
1994 9.45 12.78 0.1423 1.4257 0.926 0.1773 4.656 0.0000
1995 42.83 11.80 -0.2680 0.8817 -1.744 0.0406 2.879 0.0020
1996 17.79 15.96 -0.0711 1.5269 -0.464 0.3212 5.006 0.0000
1997 34.48 23.54 -0.4922 3.4679 -3.209 0.0007 11.347 0.0000
1998 34.55 23.72 -0.9287 6.0067 -6.042 0.0000 19.616 0.0000
1999 -11.37 24.50 -0.0259 0.4854 -0.169 0.4330 1.585 0.0565
2000 30.02 28.09 0.3565 2.2132 2.320 0.0102 7.228 0.0000
2001 -11.94 19.95 -0.3605 0.8590 -2.327 0.0100 2.783 0.0027
2002 -21.68 25.85 -0.0642 1.2584 -0.418 0.3381 4.110 0.0000
2003 9.50 17.05 -0.1038 0.5227 -0.675 0.2498 1.707 0.0439
2004 -0.21 12.90 0.1705 0.8438 1.109 0.1337 2.756 0.0029
2005 5.62 10.57 -0.0201 0.1266 -0.131 0.4479 0.413 0.3397
2006 4.23 10.07 -0.0499 1.6670 -0.324 0.3730 5.433 0.0000
2007 5.09 12.33 -0.4861 1.1386 -3.156 0.0008 3.711 0.0001
2008 -26.22 31.64 0.3681 6.8679 2.400 0.0082 22.472 0.0000
2009 13.69 20.12 -0.2933 2.7014 -1.909 0.0282 8.822 0.0000
Cumulative 5.24 19.81 -0.086 5.340 -2.484 0.0065 77.294 0.0000

This table reports the annualized real return, standard deviation, skewness, excess kurtosis, and respective test statistics for daily health care
sector returns. The highlighted yellow years indicate a rejection of the null hypothesis based on skewness (using a 95% confidence interval).
Null hypothesis states that the returns follow a normal distribution. The highlighted orange years indicate null hypothesis rejection for years
based on presence of kurtosis and a normal distribution. Sample period is 1990 — 2009, daily data.
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Table 8: Decomposition of industrials sector returns year-by-year for 1990-2009

Test for Test for

Avg Return Skewness (P Kurtosis (P
% Std Dev (%) Skewness Kurtosis pl Value) u2 Value)
1990 -12.50 17.42 -0.2319 1.3141 -1.512 0.0653 4.300 0.0000
1991 23.14 15.51 0.5645 1.9975 3.680 0.0001 6.536 0.0000
1992 6.79 11.19 0.2885 0.5550 1.884 0.0298 1.820 0.0344
1993 13.91 8.50 -0.3052 1.5512 -1.990 0.0233 5.076 0.0000
1994 -4.03 11.02 -0.3002 1.1091 -1.953 0.0254 3.622 0.0001
1995 29.88 9.71 0.0737 0.4238 0.480 0.3158 1.384 0.0832
1996 18.70 12.19 -0.3375 1.5522 -2.205 0.0137 5.089 0.0000
1997 22.89 18.31 -0.8563 6.7223 -5.582 0.0000 21.996 0.0000
1998 8.46 20.68 -0.3615 3.2629 -2.352 0.0093 10.656 0.0000
1999 18.45 17.81 0.0723 -0.1757 0.470 0.3191 -0.574 0.2830
2000 7.10 24.47 0.0113 0.5692 0.073 0.4708 1.859 0.0315
2001 -1.87 27.40 -0.4313 5.0679 -2.784 0.0027 16.421 0.0000
2002 -31.99 28.88 0.3198 0.5956 2.081 0.0187 1.945 0.0259
2003 22.41 17.40 0.0406 0.6992 0.264 0.3958 2.283 0.0112
2004 14.75 12.68 -0.0680 -0.1703 -0.442 0.3291 -0.556 0.2890
2005 1.04 11.52 0.0880 0.0454 0.572 0.2836 0.148 0.4410
2006 9.50 11.79 -0.0542 0.8649 -0.352 0.3624 2.819 0.0024
2007 8.65 16.14 -0.4122 1.0219 -2.677 0.0037 3.331 0.0004
2008 -49.99 40.06 -0.2638 2.1022 -1.720 0.0387 6.879 0.0000
2009 11.95 32.92 -0.0334 1.6708 -0.217 0.4141 5.456 0.0000
Cumulative 3.87 20.10 -0.298 6.560 -8.639 0.0000 94.950 0.0000

This table reports the annualized real return, standard deviation, skewness, excess kurtosis, and respective test statistics for daily industrials
sector returns. The highlighted yellow years indicate a rejection of the null hypothesis based on skewness (using a 95% confidence interval).
Null hypothesis states that the returns follow a normal distribution. The highlighted orange years indicate null hypothesis rejection for years
based on presence of kurtosis and a normal distribution. Sample period is 1990 — 2009, daily data.
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Table 9: Decomposition of materials sector returns year-by-year for 1990-2009

Test for Test for

Avg Return Skewness (P Kurtosis (P
% Std Dev (%) Skewness Kurtosis pl Value) u2 Value)
1990 -16.40 1591 -0.1864 1.3780 -1.215 0.1122 4.509 0.0000
1991 20.01 15.80 0.3535 1.4707 2.305 0.0106 4.812 0.0000
1992 6.88 13.43 0.3307 0.5435 2.160 0.0154 1.782 0.0374
1993 8.95 10.66 0.1788 2.3628 1.166 0.1218 7.731 0.0000
1994 2.51 12.37 -0.2820 1.2152 -1.835 0.0333 3.969 0.0000
1995 15.98 11.69 -0.0378 0.8126 -0.246 0.4029 2.654 0.0040
1996 10.06 11.30 0.1046 1.6080 0.683 0.2472 5.272 0.0000
1997 5.71 17.37 -1.4743 11.0409 -9.611 0.0000 36.127 0.0000
1998 -9.00 21.74 -0.2288 0.8854 -1.489 0.0683 2.891 0.0019
1999 19.72 21.88 0.4473 0.7642 2.910 0.0018 2.496 0.0063
2000 -17.28 30.27 0.7827 1.2651 5.092 0.0000 4.131 0.0000
2001 3.24 26.08 -0.3764 3.5922 -2.430 0.0076 11.639 0.0000
2002 -8.09 29.45 0.2916 0.8932 1.897 0.0289 2.917 0.0018
2003 27.00 18.74 -0.0290 0.7101 -0.189 0.4252 2.319 0.0102
2004 10.62 16.88 -0.3115 0.6306 -2.027 0.0213 2.059 0.0197
2005 3.12 15.61 -0.2176 0.3968 -1.415 0.0785 1.296 0.0975
2006 12.39 17.01 -0.1328 0.7621 -0.862 0.1943 2.484 0.0065
2007 18.31 22.25 -0.4678 0.8647 -3.037 0.0012 2.818 0.0024
2008 -60.43 51.11 -0.1115 2.6909 -0.727 0.2337 8.805 0.0000
2009 33.76 34.30 -0.4211 0.7289 -2.740 0.0031 2.380 0.0086
Cumulative 3.04 20.15 -0.405 1.984 -2.576 0.0050 6.338 0.0000

This table reports the annualized real return, standard deviation, skewness, excess kurtosis, and respective test statistics for daily materials
sector returns. The highlighted yellow years indicate a rejection of the null hypothesis based on skewness (using a 95% confidence interval).
Null hypothesis states that the returns follow a normal distribution. The highlighted orange years indicate null hypothesis rejection for years
based on presence of kurtosis and a normal distribution. Sample period is 1990 — 2009, daily data.
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Table 10: Decomposition of technology sector returns year-by-year for 1990-2009

Test for Test for

Avg Retun Skewness (P Kurtosis (P
% Std Dev (%) Skewness Kurtosis pl Value) u2 Value)
1990 -3.06 19.90 0.0368 1.0996 0.2402 0.4051 3.5980 0.0002
1991 6.41 20.39 -0.3717 2.4846 -2.4230 0.0077 8.1299 0.0000
1992 -0.58 17.98 -0.0672 0.2855 -0.4386 0.3305 0.9359 0.1747
1993 18.78 19.57 -0.0790 0.0447 -0.5150 0.3033 0.1463 0.4419
1994 17.54 19.89 0.0718 2.1216 0.4672 0.3202 6.9286 0.0000
1995 32.94 24.22 -0.2929 1.3719 -1.9058 0.0283 4.4801 0.0000
1996 35.16 24.90 -0.3084 0.8199 -2.0144 0.0220 2.6880 0.0036
1997 23.57 28.80 -0.1798 1.9566 -1.1724 0.1205 6.4022 0.0000
1998 54.25 31.71 -0.4840 2.8459 -3.1489 0.0008 9.2940 0.0000
1999 55.69 3241 -0.1906 -0.1575 -1.2400 0.1075 -0.5144 0.3035
2000 -53.76 47.72 0.3410 0.7181 2.2189 0.0132 2.3452 0.0095
2001 -23.05 52.14 0.5539 2.2695 3.5756 0.0002 7.3533 0.0000
2002 -49.42 44.47 0.5177 0.4441 3.3682 0.0004 1.4504 0.0735
2003 32.95 26.28 -0.0619 0.6391 -0.4030 0.3435 2.0872 0.0184
2004 2.07 18.93 -0.1187 -0.1023 -0.7725 0.2199 -0.3340 0.3692
2005 1.18 12.98 -0.0641 0.9327 -0.4168 0.3384 3.0459 0.0012
2006 5.28 15.13 -0.0455 0.3536 -0.2957 0.3837 1.1523 0.1246
2007 13.84 18.10 -0.4315 1.2443 -2.8020 0.0025 4.0554 0.0000
2008 -53.33 40.98 0.2407 3.1700 1.5691 0.0583 10.3727 0.0000
2009 43.10 27.57 0.0339 1.9228 0.2206 0.4127 6.2795 0.0000
Cumulative 5.64 27.48 -0.616 1.417 -3.922 0.0000 4,528 0.0000

This table reports the annualized real return, standard deviation, skewness, excess kurtosis, and respective test statistics for daily technology
sector returns. The highlighted yellow years indicate a rejection of the null hypothesis based on skewness (using a 95% confidence interval).
Null hypothesis states that the returns follow a normal distribution. The highlighted orange years indicate null hypothesis rejection for years
based on presence of kurtosis and a normal distribution. Sample period is 1990 — 2009, daily data.
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Table 11: Decomposition of utilities sector returns year-by-year for 1990-2009

Test for Test for

Avg Return Skewness (P Kurtosis (P
% Std Dev (%) Skewness Kutosis pl Value) u2 Value)
1990 -7.97 12.21 0.1040 0.8128 0.678 0.2489 2.660 0.0039
1991 15.11 10.39 0.1548 0.7155 1.009 0.1565 2.341 0.0096
1992 0.82 7.77 -0.0035 -0.0411 -0.023 0.4909 -0.135 0.4464
1993 7.14 9.56 -0.4321 4.1806 -2.817 0.0024 13.679 0.0000
1994 -17.73 13.02 -0.0638 1.0007 -0.415 0.3390 3.268 0.0005
1995 21.42 9.28 0.1267 0.6250 0.824 0.2049 2.041 0.0206
1996 -0.25 10.81 -0.3840 2.8769 -2.508 0.0061 9.432 0.0000
1997 17.34 11.69 -0.2672 1.7586 -1.742 0.0407 5.754 0.0000
1998 9.86 13.61 -0.2497 2.0367 -1.625 0.0521 6.651 0.0000
1999 -13.51 14.45 0.0024 -0.3138 0.015 0.4938 -1.025 0.1527
2000 42.99 22.76 -0.0108 0.0803 -0.070 0.4721 0.262 0.3965
2001 -35.35 26.01 -0.4995 0.9951 -3.224 0.0006 3.224 0.0006
2002 -40.85 32.93 -0.0966 3.9884 -0.628 0.2649 13.025 0.0000
2003 16.49 16.13 -0.0528 1.9424 -0.343 0.3656 6.343 0.0000
2004 17.54 11.47 -0.2595 0.7885 -1.688 0.0457 2.575 0.0050
2005 12.81 14.44 -0.5255 0.4749 -3.419 0.0003 1.551 0.0605
2006 13.33 11.22 -0.1394 0.0955 -0.905 0.1827 0.311 0.3778
2007 13.99 18.28 -0.5954 1.2714 -3.866 0.0001 4.144 0.0000
2008 -35.20 37.78 0.7843 5.7628 5.113 0.0000 18.856 0.0000
2009 4.37 21.24 -0.3285 0.8775 -2.137 0.0163 2.866 0.0021
Cumulative 1.36 15.79 -0.569 0.974 -3.624 0.0001 3.110 0.0009

This table reports the annualized real return, standard deviation, skewness, excess kurtosis, and respective test statistics for daily utilities
sector returns. The highlighted yellow years indicate a rejection of the null hypothesis based on skewness (using a 95% confidence interval).
Null hypothesis states that the returns follow a normal distribution. The highlighted orange years indicate null hypothesis rejection for years
based on presence of kurtosis and a normal distribution. Sample period is 1990 — 2009, daily data.
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Table 12: Comparison of skewness and kurtosis measures across sectors from 1990-2009

Test for Test for
Skewness (P | Cumulative Kurtosis (P Cumulative

Sector Value) Skewness | Rank Value) Kurtosis Rank
Market 0.4921 -0.001 3 0.0000 9.199 4
Consumer Discretionary 0.0836 -0.048 4 0.0000 7.228 7
Consumer Staples 0.0316 -0.064 6 0.0000 7.382 6
Energy 0.0000 -0.255 9 0.0000 12.750 2
Financials 0.0534 -0.056 5 0.0000 16.682 1
Health Care 0.0065 -0.086 7 0.0000 5.340 9
Industrials 0.0000 -0.298 10 0.0000 6.560 8
Materials 0.0000 -0.212 8 0.0000 7.965 5
Technology 0.0000 0.164 1 0.0000 4.388 10
Utilities 0.3430 0.014 2 0.0000 11.331 3

This table reports the average cumulative measures of skewness and excess kurtosis, respectively. They are ranked from highest to lowest
(note “high” value of skewness is positively skewed, “low” value of skewness is negatively skewed). Sample period is 1990 — 2009, daily
data.
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Table 13: Correlation of skewness and kurtosis measures for daily returns with market from 1990-2009

Test for Test for
Skewness (P | Skewness Kurtosis (P Kurtosis
Sector Value) Correl Rank Value) Correl Rank
Consumer

Discretionary 0.0836 0.801 1 0.0000 0.819 1
Consumer Staples 0.0316 0.269 8 0.0000 0.544 7
Energy 0.0000 0.162 9 0.0000 0.483 9
Financials 0.0534 0.667 3 0.0000 0.666 5
Health Care 0.0065 0.445 6 0.0000 0.789 3
Industrials 0.0000 0.742 2 0.0000 0.791 2
Materials 0.0000 0.523 5 0.0000 0.706 4
Technology 0.0000 0.603 4 0.0000 0.664 6
Utilities 0.3430 0.437 7 0.0000 0.491 8

This table shows the ranking of correlation between each sector’s respective cumulative skewness and excess kurtosis measure with the
overall pattern of the market.
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Table 14: Measures of slope for skewness and kurtosis from 1990-2009

Test for Test for
Skewness Kurtosis (P
(P-Value) Slope of Skewness Value) Slope of Kurtosis
Market 0.4921 0.0111 0.0000 -0.0072
Consumer
Discretionary 0.0836 0.0087 0.0000 -0.0374
Consumer Staples 0.0316 0.0002 0.0000 -0.0116
Energy 0.0000 -0.0437 0.0000 -0.0576
Financials 0.0534 -0.0021 0.0000 0.0476
Health Care 0.0065 0.0033 0.0000 0.0613
Industrials 0.0000 -0.0047 0.0000 -0.0307
Materials 0.0000 -0.0168 0.0000 -0.0501
Technology 0.0000 0.0107 0.0000 0.0073
Utilities 0.3430 -0.0066 0.0000 0.0385

Although no statistical conclusion can be made, it is interesting to note that most sectors (in terms of linear fit) are seemingly becoming more

positively skewed and showing less evidence of excess kurtosis.




Table 15: Decomposition of cumulative monthly returns for stock market and sectors for 1990-2009

Avg Test for
Return Std Dev Skewness (P Test for Kurtosis
Sector % % Skewness| Kurtosis pl Value) u2 (P-Value)

Market 3.71 15.14 -0.861 1.834 -5.481 0.0000 5.861 0.0000
Consumer Discretionary 3.86 18.42 -0.490 1.552 -3.116 0.0009 4.960 0.0000
Consumer Staples 4.79 13.92 -0.327 1.622 -2.081 0.0187 5.182 0.0000
Energy 5.00 17.93 -0.273 1.448 -1.735 0.0414 4.625 0.0000
Financials 3.02 23.44 -1.001 3.793 -6.373 0.0000 12.119 0.0000
Health Care 5.20 16.48 -0.294 0.272 -1.869 0.0308 0.870 0.1922
Industrials 3.79 17.80 -0.824 2.502 -5.241 0.0000 7.993 0.0000
Materials 3.04 20.15 -0.405 1.984 -2.576 0.0050 6.338 0.0000
Technology 5.64 27.48 -0.616 1.417 -3.922 0.0000 4.528 0.0000
Utilities 1.36 15.79 -0.569 0.974 -3.624 0.0001 3.110 0.0009

This table reports the annualized real return, standard deviation, skewness, excess kurtosis, and respective test statistics for monthly returns
based on each sector. The highlighted yellow sectors indicate a rejection, based on skewness, of the null hypothesis (using a 95% confidence
interval), which states that the returns follow a normal distribution. The highlighted orange sectors indicate the same for years based on
presence of kurtosis and a normal distribution. Sample period is 1990 — 2009, monthly returns.
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